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Abstract
BACKGROUND
[bookmark: OLE_LINK254][bookmark: OLE_LINK255][bookmark: OLE_LINK1][bookmark: OLE_LINK2][bookmark: OLE_LINK28][bookmark: OLE_LINK29][bookmark: OLE_LINK26][bookmark: OLE_LINK27]Artificial intelligence in colonoscopy is an emerging field, and its application may help colonoscopists improve inspection quality and reduce the rate of missed polyps and adenomas. Several deep learning-based computer-assisted detection (CADe) techniques were established from small single-center datasets, and unrepresentative learning materials might confine their application and generalization in wide practice. Although CADes have been reported to identify polyps in colonoscopic images and videos in real time, their diagnostic performance deserves to be further validated in clinical practice.

AIM
[bookmark: OLE_LINK256][bookmark: OLE_LINK257]To train and test a CADe based on multicenter high-quality images of polyps and preliminarily validate it in clinical colonoscopies.

METHODS
[bookmark: OLE_LINK258][bookmark: OLE_LINK259]With high-quality screening and labeling from 55 qualified colonoscopists, a dataset consisting of over 71000 images from 20 centers was used to train and test a deep learning-based CADe. In addition, the real-time diagnostic performance of CADe was tested frame by frame in 47 unaltered full-ranged videos that contained 86 histologically confirmed polyps. Finally, we conducted a self-controlled observational study to validate the diagnostic performance of CADe in real-world colonoscopy with the main outcome measure of polyps per colonoscopy in Changhai Hospital.

RESULTS
[bookmark: OLE_LINK260][bookmark: OLE_LINK261]The CADe was able to identify polyps in the test dataset with 95.0% sensitivity and 99.1% specificity. For colonoscopy videos, all 86 polyps were detected with 92.2% sensitivity and 93.6% specificity in frame-by-frame analysis. In the prospective validation, the sensitivity of CAD in identifying polyps was 98.4% (185/188). Folds, reflections of light and fecal fluid were the main causes of false positives in both the test dataset and clinical colonoscopies. Colonoscopists can detect more polyps (0.90 vs 0.82, P < 0.001) and adenomas (0.32 vs 0.30, P = 0.045) with the aid of CADe, particularly polyps < 5 mm and flat polyps (0.65 vs 0.57, P < 0.001; 0.74 vs 0.67, P = 0.001, respectively). However, high efficacy is not realized in colonoscopies with inadequate bowel preparation and withdrawal time (P = 0.32; P = 0.16, respectively).

CONCLUSION
[bookmark: OLE_LINK262][bookmark: OLE_LINK263]CADe is feasible in the clinical setting and might help endoscopists detect more polyps and adenomas, and further confirmation is warranted.
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[bookmark: OLE_LINK252][bookmark: OLE_LINK253]Core Tip: Our study indicated that the deep learning-based computer-assisted detection system trained from the dataset consisting of the largest number of polyps achieved high diagnostic performance on the test dataset of images, colonoscopy videos and clinical validation. This system might aid colonoscopists in finding more polyps and adenomas and deserves to be further validated in multicenter randomized trials.

INTRODUCTION
[bookmark: OLE_LINK264][bookmark: OLE_LINK265]Colorectal cancers (CRC) are the third most prevalent cancer and the second highest cause of cancer deaths worldwide[1]. Colonoscopy is considered to be the gold standard for CRC screening[2] but cannot detect all colonic neoplasms[3,4]. Colonoscopy has been reported to miss 17%-48% of adenomas, which are considered to represent the causes of 50%-60% of interval cancers[5-7].
To detect more polyps, a wealth of auxiliary devices and technology have been invented to improve adenoma detection rates (ADRs) and reduce adenoma miss rates (AMRs)[8,9]. However, these devices cannot overcome the limitations of colonoscopists themselves, who could overlook the polyps flashing across the video screen[10]. The ability of colonoscopists to detect adenoma is also influenced by alertness, fatigue and monitoring and varies greatly among individual colonoscopists[11,12]. In addition, even colonoscopists with a high ADR may still miss adenomas because they may become less vigilant about inspecting the remaining colon after detecting one adenoma (one and done effect)[13].
Over the last two decades, computer-assisted polyp detection has been increasingly explored to improve inspection quality and reduce AMR[4,14]. Recently, artificial intelligence has made remarkable breakthroughs in medical fields with deep learning and convolutional neural networks (CNNs)[15,16]. Deep learning automatically makes use of CNNs, which logically imitate the structure and activity of brain neurons, to learn detailed features of medical images[17]. With sufficient learning materials, CNNs can reach even greater real-time detection accuracy than human experts, which suggests that computer-assisted detection systems (CADes) might serve as real-time “experts” to improve the quality of colonoscopies[15,18-20]. However, despite promising findings, most current CADes were established using a limited number of colonoscopic images from a single center, which might limit the robustness and generalizability of findings in wide practice[18,21]. Therefore, we trained and tested the CNN-based CADe using colonoscopic images of multicenter datasets as well as tested and validated its diagnostic performance in real-time colonoscopy videos and real-world colonoscopy.

MATERIALS AND METHODS
[bookmark: OLE_LINK266][bookmark: OLE_LINK267]Overview of study design
[bookmark: OLE_LINK66]The colonoscopic records were retrospectively collected from 20 centers (Supplementary Table 1). Figure 1A illustrates the workflow of preprocessing images. Fifty-five qualified colonoscopists screened and labeled the images in a specific labeling system (Supplementary Video 1), and the labeled images were randomly divided into training and test datasets for the construction and testing of the CADe. The detailed preprocessing is illustrated in the Appendix A. To evaluate comprehensively ADe’s real-time diagnostic performance, 47 unaltered full-range colonoscopy videos of routine practice, including 86 histologically confirmed polyps, were collected (Supplementary Table 2, Appendix B), and a self-controlled observational study was conducted for clinical validation in the Changhai Endoscopy Center.

Construction of CADe
The CADe was built based on the You Only Look Once v2 deep learning framework. The training dataset was used to build the model, and the testing dataset was used to test the performances with the details illustrated in the Appendix C.

Validation of the CADe in clinical colonoscopy
Figure 1B shows the process of enrolling patients. Consecutive outpatients aged 18-75 years who were scheduled for screening, surveillance and diagnostic colonoscopies were invited to participate in the validation between November 1, 2018 and December 10, 2018. Exclusion criteria included declined consent, age < 18 or > 75 years, poor bowel preparation quality, failed cecal intubation, history of colonic resection, inflammatory bowel disease, antiplatelet or anticoagulant therapy during the past 1 wk, known coagulopathy and polyposis. Patients received 3 L polyethylene glycol as a split-dose bowel preparation and were either sedated with propofol or without. Twenty colonoscopists, including two trainees, with experience ranging from 100 to over 20000 procedures performed colonoscopies, and an additional colonoscopist served as the full-time observer. The ADRs of the included colonoscopists ranged from 14%-33% in a mixed-indications population. Water-based colonoscopy, antispasmodics, distal attachments, optical-enhanced imaging and image-guided devices were not used in the validation.
CADe was automatically initiated when the ileocecal valve was identified. When identifying any potential polyp, the CADe presented an alert rectangle surrounding polyps on a second monitor and sounded alert, which was audible to colonoscopists and the observer. However, colonoscopists only observed the regular monitor of colonoscopy and were unable to see directly the alert rectangle since the second monitor (showing CADe’s findings) was placed on their rear-right side. To view the findings identified by CADe, the colonoscopists had to turn back toward their right. When conducting withdrawal, the colonoscopists were required to offer immediately a verbal signal once they detected a potential polyp. The observer observed the two monitors, received alerts of CADe and signals from colonoscopists and finally determined the detection priority according to the following instructions.
Polyps identified in the study were finally confirmed by careful inspection of colonoscopists, biopsy and histologic examination, and the potential causes of false detection were determined by the discussion of colonoscopists and observers. Under the guidance of the observer, once hearing the alerts of the CADe, colonoscopists were required to recheck immediately all findings of the CADe, including observing the second monitor and carefully inspecting highlighted areas by the CADe. The duration of defining polyp-detection priority was confined to continuous withdrawal duration, and any process of observing the second monitor, seeking or unfolding polyps for rechecking, or performing biopsy and polypectomy was excluded. If the polyp was only identified by the CADe and colonoscopists could not localize the polyp before observing the second monitor, it was defined as type A (CADe only, missed by colonoscopists). If the polyp was reported by the colonoscopists and missed by the CADe before an unfolding or close view, it was defined as type B (colonoscopists only, missed by CADe). If the polyp was reported by both the colonoscopists and CADe during continuous withdrawal, it was defined as type C (colonoscopists and CADe). Therefore, types A + B + C included findings of the colonoscopists + CADe, whereas types B + C were classified as findings of the colonoscopists alone.

Outcome measures
For clinical validation, the main outcome measures were the mean polyps per colonoscopy and the sensitivity of CADe[22]. The mean adenomas per colonoscopy, false positives and negatives of CADe and potential causes were also analyzed. For the test dataset, the diagnostic performance was assessed based on the accuracy, sensitivity, specificity, positive predictive value (PPV) and negative predictive value (NPV) with definitions illustrated in the Appendix D.

Sample size and statistical analysis
The sample estimation was based on the number of polyps per colonoscopy using the comparison of paired quantitative data. In the pilot trial, we found that the CADe could help increase the identification of 0.1 polyps per colonoscopy with a standard derivation of 0.37 for the improvement and assumed a power of 0.9 with an α-error of 0.01 to determine the sample size. Therefore, 203 patients were at least required for clinical validation. Continuous data are presented as the means and standard deviations. The number of polyps identified by each detection method was compared using a Wilcoxon signed ranks test. A 2-sided McNemar test with a significance level of 0.05 was performed to compare the polyp detection rate (PDR), ADR and sensitivity between colonoscopists and colonoscopists + CADe. A 2-sided P value < 0.05 was considered statistically significant, whereas P values for multiple groups were compared with relevant levels after Bonferroni correction. All statistical analyses were performed using SPSS Statistics v21 (IBM, Armonk, NY, United States).

Ethics and study registration
This study received approval from the ethics committee of Shanghai Changhai Hospital and registered at ClinicalTrials.gov (identifier, NCT03761771) and was performed in accordance with the Declaration of Helsinki. The use of retrospective data (images and historical reports) and the study protocol was approved or exempted by the ethics committee of every hospital. Informed and written consent was obtained from all patients during clinical validation, and patients had the right to withdraw at any time. All authors had access to the study data and approved the final manuscript.

RESULTS
[bookmark: OLE_LINK268][bookmark: OLE_LINK269]Polyp identification in the test dataset
Supplementary Table 3 shows the characteristics of the polyps in the test dataset. There were 285, 640 and 487 images of adenocarcinomas, adenomatous polyps and nonadenomatous polyps in the test datasets, respectively (Supplementary Table 3). Of the 285 adenocarcinomas, 17.2% (49/285) could not be classified by the Paris classification because advanced stages were suspected. A total of 99.2% (483/487) of the nonadenomatous polyps and 96.6% (618/640) of the adenomatous polyps were classified as sessile or flat type (Supplementary Table 3).
The mean time for polyp identification of CADe was 0.03 ± 0.01 s. The receiver operating characteristic curve (ROC) is presented in Figure 2. Based on the ROC curve, the optimal cutoff value of probability was determined to be 50%, which is indicated by the red dot in Figure 2. The CADe shows excellent diagnostic performance in identifying polyps with an area under the curve of 0.984. Overall, the CADe identified colorectal lesions with 95.0% sensitivity, 99.1% specificity, 93.7% PPV and 99.3% NPV (Table 1), and the highest sensitivity was noted for adenocarcinomas (97.2%, Table 1). Moreover, CADe exhibited the highest sensitivity for large polyps (96.7% for ≥ 10 mm) and the lowest sensitivity for diminutive polyps (94.1% for ≤ 5 mm, Table 1). Fecal fluid/bubble (24%), reflection of light (21%), difficult angle (19%) and shadow (11%) were considered to be the four most common causes of false negatives (Table 2, Supplementary Figure 1), whereas folds (19%), reflections of light (18%), fecal fluid/bubble (17%) and colonic/ileocecal valves (19%) were the most important causes of false positives (Table 2, Supplementary Figure 2).

Polyp identification in colonoscopy videos
The video dataset consisted of 56 adenomas and 30 nonneoplastic polyps, and 53, 27 and 6 polyps exhibited diameters of ≤ 5 mm, 6-9 mm and ≥ 10 mm, respectively (Supplementary Table 2). Most of the included polyps (71/86) exhibited flat or sessile morphology, and a small portion of polyps (13/86) were considered challenging to detect in routine practice (Supplementary Table 2).
[bookmark: OLE_LINK46][bookmark: OLE_LINK47]For frame-based tests, a dataset of 86 video clips of positive frames (65524 frames and 2732 s in total) and 47 clips of negative frames (493997 frames and 20883 s) were constructed for test. Although CADe identified all 86 polyps, regarding frame-based analysis, there was an overall sensitivity of 92.2% and specificity of 93.6% for overall polyps and a sensitivity of 66.2% and specificity of 97.9% for “challenging” polyps (Supplementary Table 4, Supplementary Video 2).

Validation of the CADe in clinical colonoscopy
In total, 240 patients were recruited for validation, and 31 were excluded due to refusal of informed consent (7), age (6), poor bowel preparation (5), failed cecal intubation (5) and others (8) (Figure 1B). The baseline characteristics are shown in Supplementary Table 3, and 188 polyps were identified in 101 patients (Figure 1B), resulting in a 48.3% PDR. The withdrawal time of 107 procedures (52.2%) was shorter than 6 min (Supplementary Table 5).
The number of polyps identified by colonoscopists only, CADe only and both were three, 17 and 168, respectively, revealing a sensitivity of 98.4% (185/188) for CADe (Supplementary Table 6). When assisted by the CADe, the number of identified polyps and adenomas significantly increased (0.82 vs 0.90, P < 0.001; 0.30 vs 0.32, P < 0.05, respectively), although the PDR and ADR did not increase (P = 0.06 and P = 0.13, respectively, Tables 3 and 4). The diagnostic sensitivity of the CADe was significantly greater than that of colonoscopists [98.4% (185/188) vs 91.0% (171/188), P = 0.03, Supplementary Table 6]. A total of 468 false positives occurred in 209 colonoscopy withdrawals (2.2 false positives per colonoscopy withdrawal); folds (59.0%), reflections of light (19.0%), fecal fluid/bubble (9.2%) and normal structures (9.8%) were considered to be the common causes of false positives (Table 2).
The diagnostic value of the CADe in polyps was observed in both age groups (P = 0.03 and P = 0.002, respectively), both sexes (P = 0.005 and P = 0.01, respectively), both hemi-colons (P = 0.01 and P = 0.003, respectively), all indications (all P = 0.03), inexperienced colonoscopists (< 1000 procedures) or general colonoscopists (1000-3000 procedures) (P = 0.003 and P = 0.03, respectively), and new generations of colonoscope (CF-290 and CF-260, P˂ 0.001 and P = 0.03, respectively), especially for diminutive (0.57 vs 0.65, P < 0.001) and flat polyps (0.67 vs 0.74, P = 0.001) (Table 3). Similarly, CADe also assisted colonoscopists in identifying more diminutive and flat adenomas (P = 0.025 and P = 0.045, respectively) in elderly (≥ 50 years, 0.43 vs 0.46, P = 0.045) and male patients (0.38 vs 0.41, P < 0.001), with the aid of a new-generation colonoscope (CF-290, P = 0.025) (Table 4). Notably, patients with adequate bowel preparation quality and withdrawal time showed a significantly increased number of polyps (P < 0.001 and P = 0.001) and adenomas (P = 0.025 and P = 0.045), whereas patients with < 6 Boston bowel preparation score and a < 6 min withdrawal time did not show any increase (Tables 3 and 4).

DISCUSSION
[bookmark: OLE_LINK270][bookmark: OLE_LINK271]This CADe was developed and tested using over 70000 well-labeled colonoscopic images from 20 endoscopy centers, representing the dataset with the largest number of polyps. Notably, CADe did not merely perform well on the image tests of multicenter datasets and greater than 550 thousand frames of colonoscopy videos but also aided colonoscopists in identifying more polyps and adenomas in colonoscopy practice.
One of the first CADes systems validated in real-time colonoscopy was reported to identify polyps with 96% accuracy in the tests of labeled images[19], and consistently, the current CADe also reached a sensitivity of 95.0% for localizing polyps within a 30 ms constraint[23]. Notably, our findings further demonstrated that CADe assisted colonoscopists in detecting more adenomas in clinical practice but not merely in selected colonoscopy videos[19]. Compared with Yamada’s CADe[24], the current CADe also realized a high sensitivity in the dataset mainly consisting of nonpolypoid lesions in contrast to Yamada’s dataset, which was mainly based on polypoid lesions. However, the performance of the CADe seemed to decline in video tests (92.2% sensitivity and 93.6% specificity), which is consistent with previously reported CADes[20,24]. Further improvements in terms of process capability and colonoscopy video materials are warranted for CADes given that a great abundance and variety of random artifacts from the quick movement of videos with higher running speeds are indispensable to optimize further CADes in avoiding false positives and reducing time delays[19].
For clinical validation, several CADe systems in colonoscopy have been validated and are mainly focused on adenoma identification and quality control[25-31]. Wang et al[25,26,31] first conducted randomized controlled trials (RCTs) in an open-label or double-blind setting, most of which shared a large number of patients (both ~1000), rigorously illustrating that CADe effectively increased the ADR and adenomas per colonoscopy by identifying additional diminutive adenomas, including easy-to-miss adenomas for experienced colonoscopists and significantly reduced AMR[31]. Despite the demonstrated improvement of ADR and lower AMR in well-designed RCTs[25-31], our preliminary validation limited by the smaller sample size and observational design could not detect the difference in PDR or ADR and might calm our excessive excitement for AI. However, the observational and pragmatic design might reflect the realistic situation of colonoscopy practice and be beneficial for the real-world application of CADe. For example, in contrast to Wang’s studies, which filtered out alerts of CADe when the lumen was not inflated, the colonoscopists in our validation directly received all alerts from CADe and could better evaluate the real-world feasibility of CADe and the level of colonoscopists’ acceptance. We also analyzed all false positives rather than filtering out flashing-alert false positives given that the majority of the flashing alerts [folds (59.0%) and reflections of light (19.0%)] were clinically relevant to remind colonoscopists to inflate the lumen and carefully inspect the location of possibly missed polyps. Given that the exploration and application of CADe in colonoscopy is an emerging area and most studies were conducted in a single center, it is indispensable to explore prudently CADe’s feasibility and endoscopists’ acceptance in colonoscopy practice[32]. Presumably, the CADe should be further developed to identify different false positives to assess the bowel preparation quality and inspecting techniques as well as to remind the colonoscopist in real time to deal with the folds and residual fecal fluid, which may finally help to optimize high-quality colonoscopy.
Consistent with current work, Klare et al[29] also conducted an observational validation of their CADe with 55 clinical colonoscopies, indicating that their low-delay CADe might be feasible for real-time colonoscopy. However, their CADe detected no polyps before colonoscopists with a relatively greater false-positive frequency. Presumably, the construction of non-CNN algorithms and the design in which colonoscopists finally determine the criterion standard for polyp detection without rechecking the false positives of the CADe might lead to limitations[29]. Notably, our findings indicated that the diagnostic capability of CADe tended to be susceptible to inadequate withdrawal time or inadequate bowel preparation quality (P = 0.32 and P = 0.16) given that CADe could only detect polyps appearing in view during the colonoscopy but was unable to identify polyps covered by fecal fluid or hidden between the folds. Therefore, the bowel preparation and withdrawal time should also be considered even if the CADe is established to monitor colonoscopy withdrawal. The combination of an AI-assisted quality control system (monitoring withdrawal speed and bowel preparation quality) and CADe could provide more remarkable benefits in adenoma detection, even for large adenomas[28]. However, the additional detection of most CADes, including our current system, is confined to nonadenomatous polyps and diminutive adenomas, of which clinical significance was undetermined for interval cancers and cost-effectiveness analysis. Although promising preliminary findings seemed to appear, the CADes should be further validated in multicenter settings and community practices as well as optimized for satisfactory integration into clinical practice.
We defined a true positive with intersection over union (IoU) > 0.3, which was also adopted in previous reports[33]. In addition, Horie et al[34] considered the detection of CADe correct when the CADe could recognize merely a part of the esophageal cancer and false when identifying wide noncancerous areas occupying greater than 80% of the frame, whose standard was significantly lower than the level of 0.3 in IoU. In addition, Paul et al[33] proposed to use > 0.3 IoU in training and > 0.1 IoU to distinguish pulmonary nodules with the explanation of respecting the clinical need for coarse localization. However, there was no uniform standard for IoU, and more studies are warranted to discuss the optimal IoU or define other potential indicators to ensure the quality and comparability between CADes. Given that colonoscopists in our study were aware that their examinations were being monitored and reminded by sound of the CADe, the result might be vulnerable to the Hawthorne effect, which may explain our study’s significantly higher PDR (45.9%) compared to our previous report (PDR: 32.0-39.8%). Presumably, a fair proportion of polyps first detected by CADe or detected simultaneously by CADe and colonoscopists, which might have been ignored in real clinical practice, were additionally identified by colonoscopists in the current study. Although this weakness in our design may have prevented the benefit of CADe from being completely realized, more polyps and adenomas, especially those that were diminutive (< 5 mm) and flat, were still identified with the aid of CADe in the current study.
Compared with previous studies, our study has several strengths. First, our study retrospectively collected the datasets of 20 endoscopy centers, carefully screened patients with one polyp as well as the corresponding histological results, and deliberately labeled the images with blinding and repetition, finally constructing a large and high-quality dataset of colonoscopic images for training and testing. As a result, the dataset could represent a wider population and be ensured of the higher reliability of the original material, which is beneficial to reduce the risk of overfitting. Second, through pilot validation in clinical colonoscopy, our study not only indicated that CADe could help colonoscopists identify more polyps and adenomas but also preliminarily indicated the significance of quality control of colonoscopy (withdrawal time and bowel preparation quality) in CADe. Third, we analyzed the performance of CADe in various clinical scenarios and identified the most important causes of false negatives and positives, which might provide directions to optimize further the clinical application of the CADe.
Our study had several limitations. First, the CADe was completely established on selected retrospective white-light images without making use of the temporal coherence of videos, which contain many unclear and unfocused frames of images that could be not or mistakenly detected by CADe. As a result, the performance of CADe might be suboptimal with lower sensitivity or specificity in colonoscopy videos. Consistent with the concerns, the CADe’s performance was influenced by the unclear frames (too distant, unfocused and partially appeared) of seven challenging videos, which led to a testing sensitivity of less than 80%. Further efforts should be made to train the CADe with more consecutive videos to take advantage of the temporal coherence and improve diagnostic accuracy in clinical colonoscopy. Second, we did not identify a significant difference in PDR and ADR due to a limited sample size despite the fact that the polyps and adenomas identified per colonoscopy significantly increased. This information might provide a potential remedy to missed adenomas and the one-and-done effect of colonoscopists, which was demonstrated in recent tandem RCTs[31]. Finally, we artificially defined and classified the detection of polyps into three types. The validity of this classification was uncertain and might be influenced by the investigator’s bias (i.e. the delay between the recording time and actual time of detection on the part of the colonoscopists) despite the independent determination of observer using the objective measurement of time. As a result, the current study might not be completely adequate to demonstrate the clinical implementation of CADe due to the single-center setting with a limited sample size, and future large RCTs are warranted.

CONCLUSION
[bookmark: OLE_LINK272][bookmark: OLE_LINK273]In summary, our study indicated that this deep learning-based CADe had been trained on the dataset consisting of the largest number of polyps from 20 centers and reached high diagnostic performance on the test dataset, colonoscopy videos and clinical validation with an acceptable frequency of false positives. This system might help colonoscopists identify more polyps and adenomas and deserves to be further validated in multicenter randomized trials.

ARTICLE HIGHLIGHTS
Research background
[bookmark: OLE_LINK274][bookmark: OLE_LINK275]Artificial intelligence is an emerging area in the research and applications of digestive endoscopy. Current deep learning-based computer-assisted detection (CADe) for colorectal polyps is mainly constructed from single-center and limited-sample learning images.

Research motivation
[bookmark: OLE_LINK276][bookmark: OLE_LINK277]Although several studies reported that CADes identified polyps in colonoscopic images, videos and exams in real time, the lack of large-sample and representative learning materials might limit the diagnostic performance in wide colonoscopy practice.

Research objectives
[bookmark: OLE_LINK278][bookmark: OLE_LINK279]We aimed to train and test a CADe based on a multicenter high-quality dataset of polyps and preliminarily validated it in clinical colonoscopies.

Research methods
[bookmark: OLE_LINK280][bookmark: OLE_LINK281]After retrospective collection and systematic screening and labeling, over 71000 images from 20 centers and 47 unaltered full-ranged videos were used to train and test a deep learning-based CADe. We also validated its diagnostic performance in real-world colonoscopy using a single-arm self-controlled observational study.

Research results
[bookmark: OLE_LINK282][bookmark: OLE_LINK283]Our CADe identified polyps of images with 95.0% sensitivity and 99.1% specificity. For colonoscopy videos, all 86 polyps were detected with 92.2% sensitivity and 93.6% specificity for frame-by-frame analysis. The sensitivity of CAD in identifying polyps was 98.4% (185/188) in the prospective validation. Colonoscopists could detect more polyps (0.90 vs 0.82, P < 0.001) and adenomas (0.32 vs 0.30, P = 0.045) with the aid of CADe, particularly polyps < 5 mm and flat polyps/adenomas.

Research conclusions
[bookmark: OLE_LINK284][bookmark: OLE_LINK285]A CADe based on multicenter high-quality colonoscopic images was constructed and might help endoscopists detect more polyps and adenomas.

Research perspectives
[bookmark: OLE_LINK286][bookmark: OLE_LINK287]CADe is feasible in the clinical setting, and further confirmation is warranted.
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[bookmark: OLE_LINK302][bookmark: OLE_LINK303][bookmark: OLE_LINK44][bookmark: OLE_LINK45]Figure 1 Flowchart of image preprocessing and validation in clinical trials. A: Image preprocessing; B: Validation in clinical trials.
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[bookmark: OLE_LINK304][bookmark: OLE_LINK305]Figure 2 Receiver operating characteristic curve for localization of polyps. AUC: Area under the curve.
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Table 1 Performance of lesion detection and localization
	
	Lesions
	Sensitivity, %
	Specificity, %
	PPV, %
	NPV, %

	Overall
	1412
	95.0 (93.7-96.0)
	99.1 (98.9-99.3)
	93.7 (92.3-94.9)
	99.3 (99.1-99.4)

	Pathology
	
	
	
	
	

	Non-adenomatous polyps
	487
	93.4 (90.8-95.4)
	99.1 (98.9-99.3)
	83.5 (80.0-86.5)
	99.7 (99.5-99.8)

	Adenomatous polyps
	640
	95.2 (93.1-96.6)
	99.1 (98.9-99.3)
	87.1 (84.4-89.5)
	99.7 (99.5-99.8)

	Adenocarcinomas
	285
	97.2 (94.3-98.7)
	99.1 (98.9-99.3)
	75.5 (70.7-79.7)
	99.9 (99.8-100.0)

	Size
	
	
	
	
	

	≤ 5 mm
	713
	94.1 (92.1-95.7)
	99.1 (98.9-99.3)
	88.2 (85.6-95.3)
	99.6 (99.4-99.7)

	6-9 mm
	396
	95.2 (92.5-97.0)
	99.1 (98.9-99.3)
	80.7 (76.8-84.1)
	99.8 (99.7-99.9)

	≥ 10 mm
	303
	96.7 (93.8-98.3)
	99.1 (98.9-99.3)
	76.5 (71.9-80.6)
	99.9 (99.8-99.9)

	Paris Classiﬁcation
	
	
	
	
	

	Ip
	180
	96.0 (91.8-98.3)
	99.1 (98.9-99.3)
	65.8 (59.7-71.4)
	99.9 (99.8-1.00)

	Is
	581
	96.1 (94.0-97.4)
	99.1 (98.9-99.3)
	86.1 (83.2-88.6)
	99.8 (99.6-99.8)

	IIa
	525
	92.6 (89.9-94.6)
	99.1 (98.9-99.3)
	84.4 (81.1-87.2)
	99.6 (99.5-99.7)

	IIb
	30
	100.0 (85.9-100.0)
	99.1 (98.9-99.3)
	25.0 (17.7-33.9)
	100.0 (99.9-100.0)

	IIc
	2
	100.0 (19.8-100.0)
	99.1 (98.9-99.3)
	2.2 (0.4-8.4)
	100.0 (99.9-100.0)

	III
	32
	96.9 (82.0-99.8)
	99.1 (98.9-99.3)
	25.6 (18.3-34.5)
	100.0 (99.9-100.0)

	Unclassified
	62
	96.8 (87.8-99.4)
	99.1 (98.9-99.3)
	40.0 (32.2-48.3)
	100.0 (99.9-100.0)


PPV: Positive predictive value; NPV: Negative predictive value.

Table 2 Potential causes of false negatives and false positives
	Causes of false negatives
	No. of images, n (%)
	Causes of false positives1 
	No. of images, n (%)

	Test dataset 

	Fecal fluid/bubble
	17 (24)
	Folds
	18 (19)

	Reflections of light
	15 (21)
	Reflections of light
	17 (18)

	Difficult angle
	13 (19)
	Fecal fluid/bubble
	16 (17)

	Shadow
	8 (11)
	Colonic valve
	11 (12)

	Fuzzy image
	6 (9)
	Ileocecal valve
	7 (7)

	Color of background
	2 (3)
	Fuzzy image
	5 (5)

	Far distance
	2 (3)
	Others2
	11 (12)

	Unclassified
	7 (10)
	Unclassified
	10 (11)

	Validation in clinical colonoscopy

	Shadow
	1 (33.3)
	Folds3
	276 (59.0)

	Difficult angle
	1 (33.3)
	Reflections of light
	89 (19.0)

	Depressed lesion
	1 (33.3)
	Fecal fluid/bubble
	43 (9.2)

	
	
	Normal structures4
	46 (9.8)

	
	
	Other lesions5
	14 (3.0)


1Twelve lesions were considered to be missed by senior colonoscopists on colonoscopy.
2Others included color change (3), anus (3), lesions under the mucous (2), melanosis coli (1), and bloodstain (1); 3Sixteen folds were caused by suction; 4Normal structures included vessels (20), ileocecal valve (12), anus (8), and lymphoid follicle (6); 5Other lesions included ulcers (7), cysts under the mucous (4), and diverticulum (3).
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Table 3 Polyp detection between colonoscopists and colonoscopists + computer-assisted detection
	[bookmark: _Hlk77233668]
	Colonoscopists
	Colonoscopists + CADe 
	P value

	PDR, %
	45.9
	48.3
	0.06

	SSR, %
	3.83
	4.78
	0.50

	CRSR, %
	9.09
	11.5
	0.06

	Number of polyps, mean ± SD
	[bookmark: OLE_LINK3][bookmark: OLE_LINK13][bookmark: OLE_LINK14]0.82 ± 1.20
	0.90 ± 1.25
	< 0.001

	Pathology
	
	
	
	
	

	Non-adenomatous
	0.52 ± 0.94
	0.58 ± 1.00
	0.01

	Adenomatous
	0.30 ± 0.62
	0.32 ± 0.64
	0.025

	Age
	
	
	
	
	

	< 50
	0.45 ± 0.70
	0.51 ± 0.77
	0.03

	≥ 50
	1.12 ± 1.42
	1.22 ± 1.47
	0.002

	Sex
	
	
	
	
	

	Male 
	0.96 ± 1.28
	1.05 ± 1.36
	0.005

	Female
	0.66 ± 1.07
	0.72 ± 1.11
	0.01

	Location
	
	
	
	
	

	Proximal 
	0.35 ± 0.69
	0.39 ± 0.76
	0.01

	Distal
	0.46 ± 0.89
	0.51 ± 0.90
	0.003

	Size 
	
	
	
	
	

	≥ 10 mm
	0.06 ± 0.28
	0.06 ± 0.28
	1

	6-9 mm
	0.18 ± 0.52
	0.19 ± 0.52
	0.32

	≤ 5 mm
	0.57 ± 0.95
	0.65 ± 1.00
	< 0.001

	Morphology 
	
	
	
	
	

	Flat
	0.67 ± 1.03
	0.74 ± 1.08
	0.001

	Subpedunculated
	0.11 ± 0.42
	0.12 ± 0.42
	0.16

	Pedunculated
	0.03 ± 0.21
	0.03 ± 0.21
	1

	Indications
	
	
	
	
	

	Screening
	0.76 ± 1.15
	0.85 ± 1.21
	0.03

	Surveillance
	1.19 ± 1.42
	1.33 ± 1.53
	0.03

	Diagnosis
	0.70 ± 1.10
	0.75 ± 1.13
	0.03

	Colonoscopes
	
	
	
	
	

	CF-Q290 
	0.78 ± 1.09
	0.87 ± 1.17
	< 0.001

	CF-Q260
	1.04 ± 1.58
	1.15 ± 1.56
	0.08

	CF-Q240 
	0.83 ± 1.64
	0.83 ± 1.64
	1

	Experience 
	
	
	
	
	

	> 3000
	[bookmark: OLE_LINK30][bookmark: OLE_LINK31]1.24 ± 1.48
	1.24 ± 1.48
	1

	1000-3000
	0.79 ± 1.16
	0.91 ± 1.26
	0.003

	< 1000
	0.54 ± 0.92
	0.62 ± 0.99
	0.03

	BBPS
	
	
	
	
	

	< 6
	0.59 ± 1.19
	0.62 ± 1.19
	0.32

	≥ 6
	0.87 ± 1.19
	0.96 ± 1.26
	< 0.001

	Withdrawal time
	
	
	
	
	

	< 6 min
	0.52 ± 0.97
	0.54 ± 0.98
	0.16

	≥ 6 min
	[bookmark: OLE_LINK57][bookmark: OLE_LINK58][bookmark: OLE_LINK59][bookmark: OLE_LINK60]1.13 ± 1.33
	1.27 ± 1.39
	0.001


[bookmark: OLE_LINK63][bookmark: OLE_LINK64][bookmark: OLE_LINK65][bookmark: OLE_LINK48][bookmark: OLE_LINK49]CADe: Computer-assisted detection; BBPS: Boston bowel preparation score; PDR: Polyp detection rate; SSR: Sessile serrated adenoma/polyp detection rate; CRSR: Clinical serrated polyp detection rate.

Table 4 Adenoma detection between colonoscopists and colonoscopists + computer-assisted detection
	[bookmark: _Hlk68427409]
	Colonoscopists
	Colonoscopists + CADe 
	P value

	ADR, %
	22.0
	23.9
	0.13

	[bookmark: OLE_LINK61][bookmark: OLE_LINK62]Number of adenomas, mean ± SD
	
	
	
	
	

	
	0.30 ± 0.62
	0.32 ± 0.64
	0.025

	Age
	
	
	
	
	

	< 50
	0.14 ± 0.40
	0.15 ± 0.41
	0.32

	≥ 50
	0.43 ± 0.67
	0.46 ± 0.69
	0.045

	Sex
	
	
	
	
	

	Male 
	0.38 ± 0.70
	0.41 ± 0.73
	0.045

	Female
	0.21 ± 0.48
	0.22 ± 0.48
	0.32

	Location
	
	
	
	
	

	Proximal 
	0.12 ± 0.38
	0.13 ± 0.39
	0.16

	Distal
	0.17 ± 0.46
	0.19 ± 0.47
	0.08

	Size 
	
	
	
	
	

	≥ 10 mm
	0.06 ± 0.28
	0.06 ± 0.28
	1

	6-9 mm
	0.11 ± 0.36
	0.11 ± 0.36
	1

	≤ 5 mm
	0.12 ± 0.38
	0.15 ± 0.42
	0.025

	Morphology 
	
	
	
	
	

	Flat
	0.20 ± 0.47
	0.21 ± 0.50
	0.045

	Subpedunculated
	0.07 ± 0.27
	0.07 ± 0.28
	0.32

	Pedunculated
	0.03 ± 0.21
	0.03 ± 0.21
	1

	Indications
	
	
	
	
	

	Screening
	0.29 ± 0.65
	0.33 ± 0.66
	0.08

	Surveillance
	0.43 ± 0.67
	0.45 ± 0.67
	0.32

	Diagnosis
	0.25 ± 0.56
	0.26 ± 0.59
	0.32

	Colonoscopes
	
	
	
	
	

	CF-Q290 
	0.31 ± 0.63
	0.34 ± 0.65
	0.025

	CF-Q260
	0.23 ± 0.51
	0.23 ± 0.51
	1

	CF-Q240 
	0.25 ± 0.62
	0.25 ± 0.62
	1

	Experience 
	
	
	
	
	

	> 3000
	0.5 ± 0.72
	0.5 ± 0.72
	1

	1000-3000
	0.24 ± 0.59
	0.27 ± 0.60
	0.08

	< 1000
	0.23 ± 0.53
	0.26 ± 0.60
	0.16

	BBPS
	
	
	
	
	

	< 6
	0.19 ± 0.46
	0.19 ± 0.46
	1

	≥ 6
	0.32 ± 0.64
	0.35 ± 0.66
	0.025

	Withdrawal time
	
	
	
	
	

	< 6 min
	0.22 ± 0.57
	0.22 ± 0.60
	0.32

	≥ 6 min
	0.38 ± 0.65
	0.42 ± 0.65
	0.045


CADe: Computer-assisted detection; BBPS: Boston bowel preparation score; ADR: Adenoma detection rate.
image1.png
Datasets from 20 centers
3030566 images
(67836 patients)

!
Dataset for training Dataset for image testing Dataset for video testing
A: Normal A: Normal 7 unaltered full-range videos:
31152 images (3515 patients) | 9958 images (1038 patients) | x. g6 clips of positive frames.
polyps | | B: N polyps 65524 frames
ages (3153 polyps) 431 images (353 polyps) s coranls
polyps polyps " A
8737 images (3487 polyps) m images (365 polyps) B 47 clips of negative frames
D: Cancers D: Cancers 493997 frames.
6356 images (1378 lesions) 285 images (107 lesions) 20883 seconds

1

(patients = 240)

Enroliment
(patients = 209)

I
|
Simultaneously

(polyps = 168)

Colonoscopists
only (polyps = 3)

ADS only.

(polyps = 17)





image2.png
0.984

/

AUC

I

Ayanisuag

0.5
1-Specifici




