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Abstract. Colorectal cancer (CRC) has become a severe 
global health concern, with the third‑high incidence and 
second‑high mortality rate of all cancers. The burden of CRC 
is expected to surge to 60% by 2030. Fortunately, effective 
early evidence‑based screening could significantly reduce 
the incidence and mortality of CRC. Colonoscopy is the core 
screening method for CRC with high popularity and accu‑
racy. Yet, the accuracy of colonoscopy in CRC screening is 
related to the experience and state of operating physicians. 
It is challenging to maintain the high CRC diagnostic rate 
of colonoscopy. Artificial intelligence (AI)‑assisted colo‑
noscopy will compensate for the above shortcomings and 
improve the accuracy, efficiency, and quality of colonos‑
copy screening. The unique advantages of AI, such as the 
continuous advancement of high‑performance computing 
capabilities and innovative deep‑learning architectures, 
which hugely impact the control of colorectal cancer 
morbidity and mortality expectancy, highlight its role in 
colonoscopy screening.
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1. Introduction

Colorectal cancer (CRC) has become a worldwide public 
health problem with a high incidence and mortality (1). By 
2030, an extra 2.2 million new cases of CRC and 1.1 million 
cancer‑related deaths are expected, representing a 60% 
increased burden of CRC.

The early symptoms of CRC are not obvious. Notably, 
>85% of patients with CRC are diagnosed at an advanced 
stage. However, when the optimal treatment window is missed, 
the survival time and quality of life for patients with advanced 
CRC are significantly reduced, resulting in a 5‑year survival 
rate of <40%  (2). By contrast, the 5‑year survival rate of 
patients with CRC with early‑stage disease after treatment is 
as high as 95%. 

The prognosis of patients with CRC largely depends on 
the stage of the disease at first diagnosis. In most cases, CRC 
cases are sporadic and transform from adenomas  (3), and 
the transition from adenoma to CRC typically spans several 
years. Detecting and removing adenomas at an early stage can 
effectively impede their progression to CRC, thus reducing 
the incidence of the disease  (4,5). Moreover, accurate, 
evidence‑based screening could significantly decrease the 
morbidity and mortality of CRC. Furthermore, early screening 
can improve the clinical outcomes of patients, avoid treatment 
delays, and reduce CRC mortality (6).

The U.S. Preventive Services Task Force  (USPSTF) 
strongly advocates for CRC screening for precise diagnosis (7). 
Among the available methods, colonoscopy stands out as the 
primary screening approach due to its widespread use and high 
accuracy. In addition, the USPSTF recommends that colonos‑
copy be performed promptly, as colonoscopy can significantly 
reduce the incidence and mortality of CRC (8). However, it is 
imperative to acknowledge that colonoscopy does have certain 

Application of artificial intelligence in colorectal cancer 
screening by colonoscopy: Future prospects (Review)

MENGLU DING1*,  JUNBIN YAN1*,  GUANQUN CHAO2  and  SHUO ZHANG1

1The Second Affiliated Hospital of Zhejiang Chinese Medical University (The Xin Hua Hospital of Zhejiang Province); 
2Department of General Practice, Sir Run Run Shaw Hospital, Zhejiang University, Hangzhou, Zhejiang 310000, P.R. China

Received February 21, 2023;  Accepted July 7, 2023

DOI: 10.3892/or.2023.8636

Correspondence to: Dr Guanqun Chao, Department of General 
Practice, Sir Run Run Shaw Hospital, Zhejiang University, 3 East 
Qing Chun Road, Hangzhou, Zhejiang 310000, P.R. China
E‑mail: chaoguanqun@zju.edu.cn

Dr Shuo Zhang, The Second Affiliated Hospital of Zhejiang Chinese 
Medical University (The Xin Hua Hospital of Zhejiang Province), 
318 Chaowang Road, Hangzhou, Zhejiang 310000, P.R. China
E‑mail: zhangshuotcm@126.com

*Contributed equally

Abbreviations: CRC, colorectal cancer; USPSTF, U.S. Preventive 
Services Taskforce; AI, artificial intelligence; ADR, adenoma 
detection rate; ML, machine learning; DL, deep learning; CADe, 
computer‑aided detection

Key words: colorectal cancer, artificial intelligence, colonoscopy, 
CADe, CADx, prospect

https://www.spandidos-publications.com/10.3892/or.2023.8636


DING et al:  THE COMBINATION OF AI AND COLONOSCOPY2

limitations. One such limitation is the reliance on the skill 
level of the endoscopic physicians for diagnostic accuracy, 
which can vary among practitioners. Ensuring that each patient 
undergoes an examination by a highly skilled endoscopist can 
be challenging.

Artificial intelligence (AI) refers to the ability of machines 
to imitate human cognitive functions and perform tasks at or 
above the human level using a clever combination of computer 
science, algorithms, machine learning (ML), and data science. 
In recent years, advances in AI have permeated medicine, 
rapidly changing the way cancer research is conducted. 
Research has shown that AI‑aided colonoscopy can enhance 
screening accuracy, efficiency, and quality  (9). The avail‑
ability of high‑dimensional datasets, continuous advances 
in high‑performance computing power, and innovative 
deep‑learning architectures have all led to a rapidly emerging 
role for AI in CRC screening. 

The combination of AI technology and colonoscopy holds 
great promise for controlling the morbidity and mortality of 
CRC. Therefore, the aim of the present review was to examine 
the advantages and limitations of colonoscopy while focusing 
on the application of AI‑aided colonoscopy, providing a 
theoretical foundation for developing precise CRC screening.

2. Premalignant lesions of CRC and screening modalities

Colorectal polyps are protrusions occurring in the colorectal 
lumen, which can be divided into neoplastic and non‑neoplastic 
polyps (Table I). Pathologically, neoplastic polyps can be clas‑
sified as adenomatous and serrated polyps, and non‑neoplastic 
polyps include inflammatory‑associated polyps, hamartoma‑
tous polyps and hyperplastic polyps  (10,11). Adenomatous 
polyps include three histological types: Tubular, tubulovillous, 
and villous (11). Conversely, serrated class lesions are a hetero‑
geneous group of lesions that can be further classified into 
three categories: Hyperplastic polyps (HPs), sessile serrated 
lesions (SSPs), and traditional serrated adenomas (TSAs) 
(Table I). The carcinogenesis process of CRC involves four 
pathways: Adenoma‑carcinoma, serrated neoplastic, inflam‑
matory, and de novo (12,13). The first two pathways account 
for the vast majority of cases and arise from colorectal polyps. 
The conventional adenoma‑carcinoma pathway leads to 70% 
of sporadic CRC cases (14), whereas the serrated neoplastic 
pathway accounts for 15‑30% of CRC cases. 

High‑sensitivity Guaiac fecal occult blood test, fecal immu‑
nochemical test, multi‑target fecal DNA, computed tomography 
colonography (CTC), colonoscopy, and other methods are 
currently the CRC screening methods recommended by the 
USPSTF (7,8,15). The diagnostic accuracy and effectiveness 
of visual screening (CTC, flexible sigmoidoscopy, and colo‑
noscopy) are far higher than those of stool‑based screening 
due to their ability to directly observe lesions  (6,16‑25). 
Compared to stool‑based CRC screening, a colonoscopy 
may have lower in‑patient compliance and frequency, yet it 
remains significantly more accurate in detecting colorectal 
lesions (26). This procedure allows for direct detection, biopsy, 
and removal of polyps during visual assessment of the entire 
colon. Colonoscopy has several benefits, including high sensi‑
tivity and specificity, and enables direct biopsy or excision of 
suspected polyps. As a result, the USPSTF has indicated that 

colonoscopy has the highest validity and popularity among 
CRC screening methods (8). 

3. Colonoscopy in CRC screening 

Colonoscopy is the most reliable form of CRC screening. 
According to a large, prospective observational study that 
included nearly 89,000 nurses and other health profes‑
sionals, the CRC mortality rate was lower in people who 
self‑reported at least one screening colonoscopy than in those 
who had never undergone a colonoscopy (27). Furthermore, 
the USPSTF included four studies (n=4,821) evaluating the 
accuracy of colonoscopy in 2021, demonstrating that for 
adenomas ≥10 mm, colonoscopy had a sensitivity of 89‑95% 
and a specificity of 89%. Additionally, for adenomas ≥6 mm, 
colonoscopy had a sensitivity of 75‑93% and a specificity of 
94% (8). These results further support the high accuracy and 
specificity of colonoscopy.

Although colonoscopy is considered the ‘gold standard’ 
screening test, it does have its limitations (28). The challenge 
of endoscopic procedures lies in the real‑time interpretation 
of endoscopic imagery, which is complex and sensitive to 
human error. Consequently, subtle, and early premalignant 
lesions in the colon and rectum can easily be missed by 
endoscopists. A systematic review (29) showed that the rate 
of missed adenomas on colonoscopy was 26%, and this 
was 9% for advanced adenomas and up to 27% for serrated 
polyps. A prospective study of individuals who underwent 
screening colonoscopy within a National Colorectal Cancer 
Screening Program associated an increased adenoma detec‑
tion rate (ADR) with a reduced risk of post‑colonoscopy 
colorectal cancer and colorectal cancer death. Notably, ADRs 
are negatively associated with CRC incidence, with each 1% 
increase in ADR associated with a 3‑6% reduction in the risk 
of colorectal cancer (30). By contrast, a higher rate of missed 
adenoma detection inevitably increases the risk of colorectal 
cancer. 

It is important to acknowledge that colonoscopy does not 
always detect colorectal cancer, and some patients may develop 
CRC even after receiving a negative examination result. When 
this occurs before the next recommended screening or surveil‑
lance examination, it is called interval cancer. However, the 
term ‘interval cancer’ is considered too restrictive to encom‑
pass all aspects necessary for colonoscopy quality assurance 
purposes. To address this, Rabeneck and Paszat introduced 
the term ‘post‑colonoscopy colorectal cancer’ (PCCRC) 
in 2010  (31), defined as colorectal cancer not detected by 
screening or surveillance examinations and occurring before 
the recommended next examination date (32). 

Colonoscopy, despite being a valuable screening tool, 
is not infallible and can potentially miss early or advanced 
non‑characteristic lesions, leading to the risk of PCCRC (32). 
Studies have indicated a prevalence of PCCRC ranging from 
3.7 to 8.6% following colonoscopy screening (33,34). However, 
failure to detect colorectal neoplasia remains the most relevant 
cause of PCCRC (35). It can be observed from research that 
an improvement in the ADR during screening colonoscopy, 
achieved through a comprehensive quality assurance program, 
translates into reduced risks of post‑colonoscopy colorectal 
cancer. Specifically, an ADR of a suboptimal endoscopist 
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has been associated with a substantial increase in the risk 
of post‑colonoscopy colorectal cancer incidence, whereas 
an ADR increase was effective in reversing this detrimental 
effect  (36). Undoubtedly, high‑quality colonoscopy will 
improve the diagnostic accuracy of adenoma and CRC lesions, 
which is crucial for re‑sectioning precancerous lesions and 
preventing CRC (37).

AI has the potential to identify colorectal polyps or CRC 
lesions that have gone undetected due to perceptual errors. 
A multicenter and multi‑county randomized crossover trial 
showed that AI resulted in an ~50% reduction in the miss rate 
of colorectal neoplasia. This finding highlights the potential of 
AI in mitigating perceptual errors associated with small and 
subtle lesions during standard colonoscopy (38). Consequently, 
combining colonoscopy and AI may be a potential future 
development direction.

4. Artificial intelligence applications in colonoscopy 
screening

AI is a generic term broadly referring to utilizing computers 
to model intelligent behavior with minimal human inter‑
vention  (39). ML is a subfield of AI that is capable of 
analyzing data through algorithms to take particular actions 
in response to specific inputs and improve (‘learn’) them‑
selves as more data becomes available, i.e., ‘train’  (40). 
Supervised, unsupervised, and reinforcement learning are 
three machine‑learning algorithm categories. Deep learning 
(DL) is an essential subfield of ML that ‘learns’ from large 
data sets of raw images, leading to higher accuracy and faster 
processing speeds when performing image recognition, as 
this process does not require ‘instructions’ to find specific 
image features (Fig.  1). Convolutional neural networks 
(CNNs), a classical branch of DL, are frequently employed 
in medical image analysis  (41). Thus far, these methods 
have gradually penetrated the medical field with substantial 
success (42).

Numerous studies combining clinical and DL have 
emerged in oncology screening in recent years. These studies 
have utilized detection images and videos of colonoscopies 

or pathological images of tumor tissues as input data to train 
models with the help of ML (43). The aim was to assist in the 
diagnosis and efficacy determination of clinical tumors with 
the assistance of models to achieve efficient precision medi‑
cine (Fig. 2) (44). The combination of colonoscopy and AI has 
also been realized using computer algorithms.

Colonoscopy has established itself as the preferred diag‑
nostic modality for CRC due to its promising clinical results 
and wide range. Unfortunately, due to challenges such as 
inter‑observer variability in lesion detection, time‑consuming 
biopsy protocols, and biopsy sampling errors (45), a substan‑
tial fluctuation in the ADR remains present (7‑53%) (46), and 
the adenoma miss rate may be as high as 26% (29). Numerous 
studies have indicated that endoscopists may achieve improved 
discrimination between premalignant lesions and hyperplastic 
polyps through a combination of AI and colonoscopy. The 
integration of both has contributed to an elevated ADR (9) 
and markedly reduced CRC morbidity and mortality (47‑50). 
Therefore, this review focuses on AI‑aided colonoscopy, 

Table I. Colorectal polyps.

Neoplastic polyps	 Adenomatous polyps	 Tubular adenoma
		  Tubulovillous adenoma
		  Villous adenoma
	 Serrated class lesions	 Hyperplastic polyp
		  Sessile serrated lesions
		  Traditional serrated adenomas 
Non‑neoplastic polyps	 Inflammatory‑associated polyps	 Inflammatory polyps
		  Lymphoid polyps
		  Schistosoma polyps
	 Hamartomatous polyp	 Juvenile polyps
		  Peutz‑Jeghers polyps
		  Cowden syndrome‑associated polyps
		  Canada‑Cronkhite syndrome‑associated polyps
	 Hyperplastic polyps	 N/A

Figure 1. Relationship between artificial intelligence, machine learning and 
deep learning and commonly used algorithms as examples. ML, machine 
learning.

https://www.spandidos-publications.com/10.3892/or.2023.8636
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the most promising and efficient CRC screening method in 
clinical settings.

Computer‑aided detection (CADe) model. The concept of 
a CADe model was established in 2003  (51). This system 
supports the diagnosis of CRC and detection of premalignant 
polyps by processing endoscopic images or video frame 
sequences obtained during colonoscopy (52‑58) (Table II). 
Karkanis et al (52) designed a CADe model based on color and 
texture analysis of the intestinal mucosal surface. This model 
had excellent sensitivity up to 99.3±0.3%, and specificity up 
to 93.6±0.8% in detecting abnormal colon regions associated 
with adenomas. However, the CADe model identifies polyps 
based on static colonoscopy images rather than real‑time 
analysis of each image frame in the colonoscopy video, 
limiting its clinical practicality. To address this, AI models 
for automatically detecting polyps using a series of different 
imaging feature quantities (such as edge detection, texture 
analysis, and energy mapping) have been under investiga‑
tion (52). Nevertheless, none of these methods have achieved 
a reliable detection rate of ≥90%, and real‑time diagnosis has 
been hindered by computational power limitations (59). It was 
not until the advent of neural networks (NNs) that significant 
improvements in this situation began to unfold.

NN algorithms have emerged and been proven to detect 
and localize polyps automatically (60), thus improving the 
accuracy and sensitivity of the CADe model for diagnosing 
polyps and CRC lesions. In 2018, Misawa et al (53) developed 
a convolutional 3D NN algorithm based on the CADe model, 
reporting that the model had a sensitivity of 90.0% and a speci‑
ficity of 63.3% for screening polyps. In 2019, Yamada et al (54) 
developed a CADe model based on deep neural networks 
(DNNs) and validated it using 705 static images containing 
cancerous lesions and 4,135 static images of normal tissues 
from 752 patients with CRC. The results were highly prom‑
ising, with the CADe model exhibiting exceptional diagnostic 
accuracy for CRC, with a sensitivity of 97.3% and a specificity 
of 99.0%.

Previous prospective studies focusing on the real‑time 
performance of CADe models have been limited. However, 
in 2019, Wang et al conducted the first prospective unblinded 
randomized controlled trial to investigate the impact of 
DL‑based CADe models on the accuracy of colorectal 

screening for polyps and adenomas  (55). A statistically 
significant increase in the ADR was observed with the aid 
of CADe compared to colorectal screening alone (29.1 vs. 
20.3%; P<0.001). Furthermore, colonoscopy detected more 
diminutive adenomas using the CADe model than using 
colonoscopy alone (185 vs. 102; P<0.001). However, the study 
was unable to control the subjective bias of the operating 
physicians since they were not blinded to the CADe system. 
This could have influenced their vigilance or reliance on the 
CADe system, potentially overestimating or underestimating 
its effectiveness. To address this issue, Wang et al conducted 
a double‑blind, randomized controlled trial  (56) in 2020, 
using a ‘dummy system’ that completely mimicked the false 
alarm of the AI system without suggesting true polyps. The 
operating physicians were double‑blinded, allowing for a 
more rigorous assessment of the effectiveness of the CADe 
system in improving the detection rate of colonic adenomas 
and polyps. This study demonstrated a significant increase of 
23.4% in the ADR, from 27.6 to 34.1%, and a considerable 
increase in polyp detection rate (PDR) in the CADe group 
compared to the control group. The study also confirmed that 
a high‑performance, real‑time CADe model could effectively 
enhance the detection rate of adenomas and colorectal polyps, 
which may contribute to a lower prevalence of CRC. In addi‑
tion, the present study revealed a marked improvement in the 
number of hyperplastic polyps detected in the CADe group 
compared with the control group (114 vs. 52; P<0.001). This 
finding may contribute to clinically reducing unnecessary 
polyp removal, thus avoiding additional treatment risks such 
as perforation and massive bleeding (61). 

Negligence by endoscopists is responsible for a significant 
percentage (71‑86%) of interstitial colorectal cancers (7,62). 
One of the main contributing factors to this negligence is 
the challenge faced by physicians in maintaining a standard‑
ized withdrawal time during long procedures under high 
work pressure. In order to address this issue, Gong et al (57) 
developed a CADe system based on DNNs and perceptual 
hashing algorithms. By performing real‑time monitoring of 
the withdrawal speed, recording of the withdrawal time, and 
alerting when the colonoscope slips, the system provided 
normative feedback to the endoscopist. However, in contrast 
to other AI‑assisted systems, this system does not improve 
the ADR by automatically examining polyps; instead, its 
primary objective is to enhance technical elements of the 
procedure to achieve improvement. The results revealed that 
the CADe group had a prolonged mean negative withdrawal 
time (6.38 vs. 4.76 min) and an ~100% enhancement in the 
ADR (16.34 vs. 7.74%) compared to the colonoscopy‑only 
group. These findings surpass previous reports and indicate 
the practicality of improving the PDR and ADR by standard‑
izing endoscopist practices through the implementation of 
the CADe system. 

An AI‑aided polyp detection system has shown a signifi‑
cant increase in the detection rate of lesions, and the ability 
of AI to detect lesions is not significantly affected by factors 
such as size, location, and shape  (63). Real‑time AI‑aided 
colonoscopy has the potential to improved ADR even for 
experienced endoscopists (64). Therefore, high‑quality clinical 
data are urgently required to demonstrate the effectiveness and 
accuracy of AI‑assisted endoscopy.

Figure 2. AI‑aided CADx/e applications in a colonoscopy examination. AI, 
artificial intelligence; CADx/e, computer‑aided detection/diagnosis.



ONCOLOGY REPORTS  50:  199,  2023 5

Recently, a review highlighted the approval of the first 
AI‑guided polyp detection system by the U.S. Food and Drug 
Administration  (65). The GI Genius™ (Medtronic, Ltd.) 
system is a CADe system that integrates existing endoscopy 
systems and improves adenoma detection during colonoscopy. 
However, while the system shows promise in improving 
adenoma detection, it is essential to assess its actual impact 
on colorectal cancer prevention through large‑scale popula‑
tion‑based studies. A study called COLO‑DETECT will be 
the first multi‑center randomized controlled trial evaluting the 
GI Genius™ in real‑world colonoscopy practice and will be 
unique in evaluating its clinical and cost effectiveness (66). 
The results will significantly impact the future adoption of this 
novel technology.

Computer‑aided diagnosis (CADx) model. Recently, the 
European Society of Gastrointestinal Endoscopy (ESGE) 
published an official position statement aiming to define 
simple, safe, and easy‑to‑measure competence standards for 
endoscopists and AI systems performing optical diagnosis of 
diminutive colorectal polyps (67). In this regard, CADx has 
shown great potential in improving the accuracy of colorectal 
polyp characterization (61,68‑74) (Table III). CADx systems 
may improve the accuracy of colorectal polyp optical diag‑
nosis, leading to a reduction in the unnecessary removal of 
hyperplastic polyps. Moreover, CADx could help implement 

cost‑saving strategies in colonoscopy by reducing the burden 
of polypectomy and pathology. In other words, its application 
facilitates the implementation of resect‑and‑discard (when 
polyps are resected and discarded without histological evalu‑
ation) and ‘leave‑in‑situ’ (when non‑neoplastic lesions located 
in the rectum and sigmoid are left in situ without resection, 
as they have no malignant potential) strategies  (75,76). 
Furthermore, the study conducted by Hassan et al confirmed 
that a real‑time CADx system has the potential to reduce all 
polypectomies and related costs by 44.4% in the study popula‑
tion (77), highlighting the significant cost‑saving benefits of 
this technology. 

In contrast to CADe, in which only observation under 
normal white light is possible, CADx is available not only with 
white‑light endoscopy (77,78) but also in combination with a 
variety of other optical imaging techniques, including magni‑
fying narrow‑band imaging (NBI) (68), linked‑color imaging 
(LCI) (69), blue‑light imaging (BLI) (79), and autofluores‑
cence imaging (AFI) (70). Among these, studies on CADx 
and NBI are the most extensive. As an advanced endoscopic 
imaging method, NBI provides excellent visualization, can 
evaluate mucosal surfaces and microvascular structures, and 
is an excellent tool that can differentiate between neoplastic 
and non‑neoplastic lesions (80). In 2010, Tischendorf et al (71) 
developed a CADx model that applied NBI and was capable 
of aiding the classification of colorectal polyps based on three 

Table II. Summary of studies on colonoscopy combined with CADe.

Authors, year	 Study design	 CADe model	 Image type	 Conclusion	 (Refs.)

Karkanis et al, 2003	 Retrospective	 CADe model for color	 Static images 	 Sensitivity,	 (52)
	 study	 and texture analysis of		  99.3±0.3%
		  mucosal surfaces based
		  on CWC features		
Misawa et al, 2018 	 Retrospective	 CNN‑based CADe	 Colonoscopy	 Sensitivity,	 (53)
	 study	 model	 video	 90.0%
Urban et al, 2018 	 Retrospective	 CNN‑based CADe	 Colonoscopy	 Sensitivity,	 (58)
	 study	 model	 video	 93.0%
Yamada et al, 2019 	 Retrospective	 DNN‑based CADe	 Colonoscopy	 Sensitivity,	 (54)
	 study	 model	 video	 97.3%
Wang et al, 2019 	 Unblinded	 DL‑based CADe	 Colonoscopy	 ADR in CADe	 (55)
	 prospective	 model	 video	 group vs. standard
	 randomized			   colonoscopy group:
	 controlled trial			   29.1 vs. 20.3f
Wang et al, 2020 	 Double‑blind	 DL‑based CADe	 Colonoscopy	 ADR in CADe	 (56)
	 prospective	 model	 video	 group vs. control
	 randomized			   group:    34.1 vs. 28%
	 controlled trial	 ENDOANGEL system	 Colonoscopy	 ADR in ENDOANGEL	 (57)
Gong et al, 2020 	 Single‑blind	 based on DNN and	 video	 group vs. standard
	 prospective	 perceptual hash		  colonoscopy group:
	 randomized	 algorithm		  16.34 vs. 7.74%
	 controlled trial

CADe, computer‑assisted detection system; CWC, color wavelet covariance; CNN, convolutional neural network; DNN, deep learning neural 
network; DL, deep learning; ADR, adenoma detection rate.

https://www.spandidos-publications.com/10.3892/or.2023.8636
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vascular structural features: Mean vessel length, vessel circum‑
ference, and mean brightness as observed using NBI. However, 
the diagnostic accuracy of this model (85.3%) was markedly 
lower than that of endoscopic experts and barely meets the 
clinical needs of experts. In 2011, Gross et al (72) developed a 

CADx model to assist in classifying colorectal polyps through 
the analytical categorization of nine vessel characteristics 
(e.g., circumference and brightness). With this model, the 
sensitivity, specificity, and accuracy were 95, 90.3 and 93.1%, 
respectively. In addition, the diagnostic performance of this 

Table III. Summary of studies on colonoscopy combined with CADx.

	 Study	 Research	 Imaging		  CADx model
Authors, year	 design	 objectives	 modality	 CADx model	 performance	 (Refs.)

Tischendorf et al,	 Prospective	 Differentiation of	 Magnifying	 SVM‑based	 CADx:	 (71)
2010	 pilot study	 neoplastic and	 NBI	 CADx	 Sensitivity, 90%;
		  non‑neoplastic			   Specificity, 70%;
		  colorectal polyps			   Accuracy, 85.3%
Gross et al, 2011 	 Prospective	 Differentiation	 Magnifying	 SVM‑based	 ‑CADx group:	 (72)
	 study	 between neoplastic	 NBI	 CADx	 Sensitivity, 93.4%;
		  and non‑neoplastic			   Specificity, 91.8%;
		  colorectal polyps			   Accuracy; 92.7%
		  (≤10 mm)			   ‑Expert panel:
					     Sensitivity, 93.8%;
					     Specificity, 85.7%;
					     Accuracy, 91.9%
					     ‑Non‑expert group:
					     Sensitivity, 86%;
					     Specificity, 87.8%;
					     Accuracy, 86.8%
Aihara et al, 2013 	 Prospective	 Differentiation of	 AFI	 CADx based	 Sensitivity, 83.3%;	 (70)
	 study	  neoplastic and		  on AFE	 Specificity, 70.1%;
		  non‑neoplastic		  numerical	 PPV, 78.4%;
		  colorectal polyps		  olor analysis	 NPV, 82.6%
Mori et al, 2018 	 Prospective	 Differentiation of	 Magnifying	 SVM‑based	 Sensitivity, 92.7%;	 (73)
	 study	 small (≤5 mm)	 NBI	 CADx	 Specificity, 89.8%;
		  neoplastic and			   PPV, 93.7%;
		  non‑neoplastic			   NPV, 88.3%
		  colorectal polyps
Chen et al, 2018 	 Prospective	 Differentiation of	 Magnifying	 DL‑based	 Sensitivity, 96.3%;	 (61)
	 study	 small (≤5 mm)	 NBI	 CADx	 Specificity, 78.1%;
		  neoplastic and			   Accuracy, 90.1%;
		  non‑neoplastic			   PPV, 89.6%;
		  colorectal polyps			   NPV, 91.5%
Min et al, 2019 	 Prospective	 Differentiation of	 LCI	 GMM‑based	 Sensitivity, 83.3%;	 (69)
	 study	 adenomatous and		  CADx	 Specificity, 70.1%;
		  non‑adenomatous			   Accuracy, 78.4%;
		  polyps			   PPV, 82.6%;
					     NPV, 71.2%
Byrne et al, 2019 	 Retrospective	 Differentiation of	 Magnifying	 DCNN‑based	 Sensitivity, 98%;	 (68)
	 study	 small (≤5 mm)	 NBI	 CADx	 Specificity, 83%;
		  neoplastic and			   Accuracy, 94%;
		  non‑neoplastic			   PPV, 90%;
		  colorectal polyps			   NPV, 97%

CADx, computer‑aided diagnosis; NBI, narrow‑band imaging; SVM, support vector machine; AFI, autofluorescence imaging; PPV, positive 
predictive value; NPV, negative predictive value; AFE, autofluorescence endoscope; LCI, linked‑color imaging; DL, deep learning; GMM, 
Gaussian mixture model; DCNN, deep learning convolutional neural network.
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model was comparable to that of an endoscopic expert panel 
(93.4, 91.8 and 92.7% for sensitivity, specificity, and accuracy, 
respectively) and significantly better than that of a non‑expert 
panel (86, 87.8 and 86.8% for sensitivity, specificity, and accu‑
racy, respectively). However, these models lacked real‑time 
diagnostic capabilities, highlighting the importance of incor‑
porating real‑time diagnosis into CADx technology for its 
practical application in clinical settings. 

By constructing the CADx algorithm using real‑time deci‑
sion outputs from a support vector machine (SVM), the CADx 
algorithm has made significant progress in achieving real‑time 
diagnosis capabilities (81‑83). In 2018, Mori et al (73) provided 
further evidence supporting the use of an SVM‑based CADx 
model for real‑time assisted diagnosis in the NBI mode of 
diminutive colorectal polyps. Low‑ and high‑grade adenomas 
are classified as neoplastic polyps; hyperplastic polyps, 
inflammatory polyps, juvenile polyps, and benign lymphoid 
polyps are considered non‑neoplastic polyps (11). Therefore, 
with a sensitivity of 92.7% and specificity of 89.8%, this CADx 
model has sufficient potential to help endoscopists differen‑
tiate between neoplastic and non‑neoplastic polyps during 
colonoscopy and to achieve the level of performance required 
for a ‘leave‑in‑situ’ strategy for patients with non‑neoplastic 
polyps.

A CADx model has the capability to assist the endoscopist in 
differentiating between neoplastic and non‑neoplastic polyps, 
allowing for the implementation of a ‘leave‑in‑situ’ strategy 
for non‑neoplastic polyps. Additionally, it provides support in 
accurately grading neoplastic polyps for a ‘resect‑and‑discard’ 
approach. Min et al (68) designed a CADx model for predicting 
the pathological outcome (adenomatous vs. non‑adenomatous) 
of colorectal polyps based on the results of image color assess‑
ments performed using LCI. Subsequently, it assisted the 
endoscopist in the selective resection of neoplastic colorectal 
polyps. The model exhibited a sensitivity of 83.3%, specificity 
of 70.1%, and accuracy of 78.4% in efficiently differentiating 
adenomatous from non‑adenomatous polyps. These results are 
comparable to the accuracy achieved by endoscopic specialists 
(78.4 vs. 79.6%). 

As a result of their technical shortcomings, traditional ML 
methods (such as SVMs) perform poorly when converting 
endoscopic images and video features into numerical data, 
leading to severe limitations in the development of CADx. 
However, the advent of DL has simplified the numerical 
conversion process of these features and substantially reduced 
their developmental hindrance. In 2018, Chen et al (61) devel‑
oped a CADx model based on a DL algorithm that accurately 
classified small colorectal polyps (tumors or hyperplastic 
lesions). A total of 284 magnified NBI image samples of 
small colorectal polyps obtained from 193 patients were 
used to assess the diagnostic accuracy of this CADx model. 
The results showed that the model had a disease sensitivity 
of 96.3%, specificity of 78.1%, and accuracy of 90.1%. In 
addition, the algorithm enabled the discrimination between 
tumor and hyperplastic lesions in a shorter time than the time 
required by endoscopists and trainee endoscopists (0.45±0.07 
vs. 1.54±1.30 vs. 1.77±1.37 sec), demonstrating its feasibility 
in clinical practice.

The CADx companion diagnostic results offer standard‑
ized and objective assessments independent of the expertise 

and experience of the endoscopist, reducing variations between 
beginners and experts. By utilizing CADx, the endoscopist can 
more easily make a qualitative diagnosis of the lesion and assess 
disease activity while maintaining a higher level of accuracy. 
However, the available data for most commercially available 
AI tools for lesion characterization remain inconclusive rather 
than definitive. The performance of CADx systems should be 
further evaluated in prospective randomized controlled trials 
conducted among both expert endoscopists and trainees to 
establish reliable data and evidence (84). 

5. Future prospects

AI has garnered significant interest in healthcare, and its 
potential applications extend to various areas, including 
endoscopy. AI‑aided colonoscopy has demonstrated prom‑
ising accuracy in laboratory settings, and the performance of 
AI‑aided diagnostic systems has been validated in prospective 
randomized controlled trials conducted in diverse healthcare 
settings, involving endoscopists with varying levels of expe‑
rience (75,85). While the success of AI has been evident in 
small‑sample trials, the challenge lies in its widespread imple‑
mentation in clinical practice. Several issues need addressing 
before AI can be effectively integrated into daily practice. 

Although several computer‑aided colorectal polyp detec‑
tion and diagnosis systems have been proposed for clinical 
applications, numerous remain susceptible to interference 
problems such as low image clarity, unevenness, and low 
accuracy in the analysis of dynamic images. These drawbacks 
affect the robustness and practicality of these systems (86). In 
this regard, an intraprocedural AI alert system for colonos‑
copy examination has been proposed using feature extraction 
and classification alongside a CNN model (87). This system 
can identify blurred images, instances of inadequate bowel 
cleansing, and instances of insufficient air insufflation during 
colonoscopy. Nevertheless, further clinical trials are required 
to verify whether this system can improve the detection rate 
of colorectal adenomas. Considering that the data of the study 
only comes from a single medical center (87), a large‑scale 
prospective multicenter clinical trial is required to validate the 
efficacy of the proposed system in increasing the colon polyp 
detection rate.

In addition to the aforementioned challenges, the devel‑
opment, integration, and widespread implementation of AI 
models in clinical practice require significant investments 
in terms of time, resources, and expertise  (88,89). Future 
studies should carefully consider the potential effects of these 
factors. For instance, constructing AI models requires entering 
numerous training and validation samples. Nevertheless, 
high‑quality labeled samples are difficult to obtain in clinical 
settings, as these samples often contain numerous labeling 
errors, referred to as labeling noise or ‘noisy labels’ (90), which 
markedly decreases the accuracy of the model. In addition, AI 
training involves powerful computer configurations and long 
training times, and post‑maintenance can be cumbersome. 
Clinicians, who are mostly non‑specialists, can only assist 
in diagnosis based on predefined functions during clinical 
work. Therefore, it becomes difficult for doctors to update 
the database and algorithm when encountering new cases in 
clinics. These factors have greatly hindered the popularity and 
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optimization of AI systems. Fortunately, these restrictions are 
gradually being overcome as a result of advances in computing 
power, increases in the number of digitally‑stored medical 
images, and improvements in deep network (DPN) architec‑
ture. Future research should consider establishing an open 
data‑sharing platform across multiple institutions to overcome 
these barriers. Appropriate data sharing would not only reduce 
competition among agencies but also alleviate the difficulties 
and costs associated with data access while enhancing data 
quality (91).

The current laws and regulations for newly developed AI tools 
by regulatory agencies are inadequate at this stage. Nonetheless, 
the situation is changing rapidly. In January 2021, the U.S. FDA 
released the first AI/ML‑Based Software as a Medical Device 
(SaMD) Action Plan of the agency, which details several guide‑
lines for AI implementation (92). However, refining the original 
legislation may not be sufficient to regulate AI in healthcare. It 
is crucial for lawmakers to engage in a collaborative process 
with computer scientists, clinicians, patients, professional 
associations, and health technology companies to establish a 
robust regulatory and legal framework for AI‑based tools. This 
collaborative effort aims to ensure that AI tools meet acceptable 
standards of quality and safety. 

From a clinical perspective, establishing trust in the 
clinical system is of utmost importance in AI‑assisted 
decision‑making (93). One crucial aspect in this regard is the 
stability of AI models. For clinical application, the AI model 
must withstand multiple fluctuations in the input data, such 
as operator‑operator and laboratory‑laboratory differences in 
data quality, resolution, intensity, and disease characteristics. 
However, most AI models have not demonstrated sufficient 
stability in the face of such fluctuations, which makes rigorous 
quality control necessary. Both the passage of time and changes 
in the patient population may lead to deviations in AI model 
performance; therefore, AI models applied in clinical settings 
must undergo regular quality monitoring and maintenance to 
maintain a stable clinical performance (88). The development 
of standards and guidelines for testing AI models could system‑
atically assess the performance of AI‑based tools and obtain 
precise and uniform measurements. This is the key component 
in future attempts to overcome distrust in the clinical system. 

The combination of AI and colonoscopy holds practical 
and feasible potential, offering promising prospects for the 
future (94). Genetic testing and immune typing, coupled with 
AI technologies such as DL, have shown promise in CRC 
research, providing insights into tumor pathogenesis at the 
molecular level and offering theoretical support for CRC diag‑
nosis and treatment. Numerous studies have supported that 
using AI to detect genetic mutations in CRC is a reliable method 
to offer a new treatment option for targeted therapy (94,95). 
Mutations in KRAS and BRAF genes are the main predic‑
tive biomarkers for the response to anti‑EGFR monoclonal 
antibody‑targeted therapy in metastatic colorectal cancer (96). 
Some scholars have used the DL method based on a residual 
NN and ML‑based CT texture analysis to achieve the nonin‑
vasive prediction of the KRAS mutation status in CRC (97,98), 
while others have used a random forest classifier  (RFC) 
model to predict the V600E mutation in the BRAF (97). This 
integration of AI with genetic testing and immune typing 
has the potential to enhance the accuracy and effectiveness 

of colonoscopy screening and diagnosis. However, relevant 
literature was reviewed and it was determined that there is no 
research currently on their use in colonoscopy.

To summarize, the combination of AI and colonoscopy is 
practical and feasible, and the future is bright; however, further 
exploration and innovation are still expected.

6. Conclusion 

CRC is one of the most common tumors worldwide, 
accounting for 10% of all tumors. It is estimated that 608,000 
people succumb to CRC annually (~8% of all cancer‑related 
deaths). In addition, CRC incidence and mortality rates among 
adults under 50 years of age have been consistently increasing 
at an annual rate of 1.5% (2014‑2018) and 1.2% (2005‑2019), 
in recent years. Moreover, the global CRC disease burden 
is continuously increasing, with a trend toward younger 
incidence (1,99).

Although colonoscopy is valuable in decreasing the 
mortality or morbidity of CRC, its diagnostic accuracy still 
falls short of clinical needs, particularly for premalignant 
lesions or early‑stage CRC. The introduction of AI in colonos‑
copy may potentially improve these deficiencies. For instance, 
various studies have shown that AI‑based high‑level auxiliary 
diagnostic systems can significantly improve the readability of 
medical images and help clinicians make accurate diagnostic 
and therapeutic decisions. In addition, CNNs can aid in the 
interpretation of histopathological tissue images, reducing 
inter‑observer variability among doctors. Furthermore, CADe 
systems can significantly improve polyp and ADRs during 
early colonoscopy screenings, enhancing the differential diag‑
nosis of non‑neoplastic vs. neoplastic polyps and adenomatous 
vs. non‑adenomatous polyps, thereby decreasing the possi‑
bility of mutating into CRC. Additionally, AI has the potential 
to contribute to cost‑saving strategies by minimizing the need 
for unnecessary polypectomies and pathology examinations. 
Overall, the key findings of this review are that AI‑aided 
colonoscopy could facilitate the efficiency and accuracy of 
CRC screening and diagnosis and ameliorate patient clinical 
outcomes and prognosis. 

Preliminary data on AI‑assisted systems are promising; 
however, the lack of high‑quality clinical studies prevents 
reliable conclusions. It is essential to conduct higher‑quality 
research using modern trial designs to improve the under‑
standing of this field. Special attention should be given to 
utilizing larger datasets and prospectively validating AI 
systems in clinical settings. Moreover, these systems must 
provide quality assurance within a robust ethical and legal 
framework before clinicians and patients fully embrace them.
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