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Deep learning‑aided optical biopsy achieves 
whole‑chain diagnosis of Correa cascade 
of gastric cancer: a prospective study
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Abstract 

Background  Biopsies are essential in differentiating benign from malignant lesions in routine gastroscopy. Neverthe-
less, redundant biopsies increase patients’ expenses and pathologists’ workload. Probe-based confocal laser endomi-
croscopy (pCLE) enables real-time in vivo histological evaluation for gastric neoplasms and precancerous conditions. 
However, endoscopists vary widely in skill, and the use of pCLE requires histopathology expertise, which limits its 
application in nonacademic settings. This study aimed to develop a pCLE computer-aided diagnosis system (CCADS) 
for real-time whole-chain diagnosis of Correa cascade of gastric cancer and evaluate it in a real clinical setting.

Methods  Gastric pCLE images and videos from 5771 examinations were retrospectively collected. CCADS was con-
structed using deep learning networks. It was developed using 47,462 pCLE images and 461 video segments 
and evaluated via multistep validation. A total of 11,439 images and 667 videos were identified for offline validation. 
Consecutive patients from October 2019 to September 2021 were enrolled in a prospective diagnostic study for real-
time validation, which included 951 patients in the statistics. Blinded expert endoscopists and CCADS independently 
performed real-time pCLE diagnosis of gastric mucosal lesions in routine examinations, with double-read histopathol-
ogy as the gold standard. The real-time diagnostic performance of CCADS was evaluated and compared with that of 
experts.

Results  CCADS achieved high diagnostic performance in image test, video test, and a prospective diagnostic study 
with a large sample size. Overall, 1254 lesions from 951 patients were included in the prospective test. The real-time 
diagnostic accuracies of CCADS for inflammation, atrophy, gastric intestinal metaplasia (GIM), low-grade intraepithe-
lial neoplasia (LGIN), and high-grade intraepithelial neoplasia and gastric cancer (HGIN/CA) were 91.71%–97.13%. 
CCADS achieved high sensitivity (98.44%) and specificity (97.06%) for HGIN/CA. Compared with experts, CCADS 
achieved similar accuracies in diagnosing atrophy, GIM, and LGIN and similar sensitivities in all five categories. Further, 
CCADS showed a significantly higher sensitivity (96.70% vs. 89.01%, p = 0.044) for gastric neoplasms (LGIN + HGIN/CA) 
and reduced the misdiagnosis of neoplasms.
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Background
Gastric cancer ranks fifth in incidence and third in can-
cer-related mortality worldwide [1]. Although early rec-
ognition is possible, most gastric cancers are diagnosed 
at advanced stages, resulting in high patient mortality 
and a heavy burden on healthcare systems [1]. In the 
Correa cascade, intestinal-type gastric adenocarcinoma 
is preceded by the inflammation–atrophy–metaplasia–
dysplasia–carcinoma sequence [2]. Early identification, 
appropriate surveillance, and management of precan-
cerous conditions (atrophic gastritis, gastric intestinal 
metaplasia (GIM)), precancerous lesions (low-grade 
intraepithelial neoplasia (LGIN), high-grade intraepithe-
lial neoplasia [HGIN]), and early gastric cancer are essen-
tial to improve patient prognoses [3].

Endoscopy is the most common and important method 
for detecting gastric lesions. Biopsies are essential in rou-
tine gastroscopy because gastropathy cannot be reliably 
distinguished from gastritis using white-light endoscopy 
(WLE) [4]. Although endoscopic techniques such as mag-
nifying endoscopy (ME), chromoendoscopy, and image-
enhanced endoscopy (IEE) have improved the detection 
rate and diagnostic accuracy of gastric mucosal lesions 
[5–8], biopsy and histopathological examination are still 
required for the final diagnosis. Further, the updated Syd-
ney system recommends performing at least five biopsies 
for the classification and grading of gastritis [9]. How-
ever, performing redundant biopsies increases the cost 
for patients and workload on pathologists in addition to 
augmenting the associated risks (such as bleeding). Inac-
curate biopsies cause misdiagnoses and threaten patient 
outcomes. Accordingly, precise in vivo histological imag-
ing is highly desirable.

Confocal laser endomicroscopy (CLE) enables real-
time in  vivo histological observation of gastrointestinal 
mucosa at the cellular level and realizes “optical biopsy.” It 
aims to overcome the inherent limitations of endoscopic 
biopsy and reduce the necessity for traditional physical 
biopsy via optical biopsy [10]. CLE systems can be endo-
scope-based (no longer commercially available) or probe-
based (pCLE). pCLE can pass through the biopsy channel 
of any standard endoscope and make contact with the 
mucosa, producing confocal microscopic images with 
magnification up to × 1000. Our previous studies have 
proven the high effectiveness of CLE in diagnosing GIM, 

GIN, and gastric cancer [11–14]. In addition, pCLE sig-
nificantly reduces the number of biopsies and increases 
the diagnostic yield of these lesions [14]. However, its 
image interpretation requires histopathological exper-
tise, and endoscopists vary widely in skill and experience, 
which affects its clinical applicability and generalizabil-
ity [15, 16]. Therefore, the application of pCLE has been 
restricted to some academic centers.

Artificial intelligence (AI) provides an opportunity to 
address this issue. AI methods, particularly deep-learn-
ing algorithms, have been applied for identifying gastric 
mucosal lesions [17–29]; however, most AI algorithms 
can provide only dichotomous diagnoses such as detect-
ing whether a lesion is cancerous or non-cancerous. To 
date, no study has applied AI for the whole-chain diagno-
sis of Correa cascade in real clinical settings. In addition, 
no AI program has been developed for pCLE diagnosis 
of gastric mucosal lesions. In this study, we developed a 
pCLE computer-aided diagnostic system (CCADS) that 
can realize real-time whole-chain diagnosis of Correa 
cascade, and assessed it via multistep validation.

Methods
Study design
This diagnostic study was conducted at Qilu Hospital 
of Shandong University. CCADS was developed using 
deep learning networks. Retrospective pCLE images 
and videos were collected for the development, verifi-
cation, and testing of CCADS. The multistep validation 
phase included offline validation (image and video rec-
ognition test) and real-time validation (a prospective 
study). The prospective study was conducted to compare 
the real-time diagnostic performance of CCADS with 
that of pCLE experts in a clinical setting. This study was 
approved by the Ethics Committee of Qilu Hospital of 
Shandong University (No. 2018(129)) and conducted in 
accordance with the Declaration of Helsinki. It was regis-
tered at https://​clini​caltr​ials.​gov/ (NCT03784209).

Collection and preprocessing of images and offline videos
Gastric pCLE videos from February 1, 2015, to July 31, 
2017, were reviewed and transformed into single-frame 
images. Images with typical pCLE features of normal gas-
tric mucosa, inflammation (without atrophy), atrophy, 
GIM, LGIN, HGIN/CA, and unqualified images were 

Conclusions  CCADS achieved expert-level whole-chain diagnosis of Correa cascade. It could assist endoscopists 
in improved surveillance of gastric neoplasms and precancerous conditions, promote the application of pCLE, 
and reduce biopsies.

Trial registration  ClinicalTrials.gov Identifier: NCT03784209.
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selected and labeled. Gastric cancer and HGIN were con-
sidered under a single category because they are difficult 
to distinguish using pCLE and should be biopsied [13]. 
Unqualified images refer to pCLE images with invisible 
tissue structures, too dark or bright visuals, or artifacts. 
pCLE examinations may produce unqualified images 
because rapid probe movements or gastric peristalsis 
during imaging may create artifacts. Additionally, pro-
longed examination time causes decreased fluorescein in 
blood vessels and tissues, potentially resulting in images 
that are too dark to clearly observe tissue structures. 
These unqualified images may lead to misdiagnosis. 
Images were processed using deduplication software we 
developed to exclude highly similar frames. Videos from 
August 1, 2017, to December 31, 2017, were selected and 
edited into video segments; each short video contained 
images from the time the probe touched the mucosa 
until the time it was removed. Videos from January 1, 
2018, to May 31, 2018, were selected and marked for the 
offline video recognition test. The most severe histologi-
cal abnormality in each video was used as the diagnosis. 
All images and videos were selected and marked accord-
ing to the diagnostic criteria of pCLE [16] by two experi-
enced endoscopists who had performed over 1000 pCLE 
procedures; they were verified by another senior expert 
endoscopist. Histologic diagnosis was the gold standard 
for labeling. Disagreements in diagnoses were resolved 
through discussion, failing which the related images or 
videos were discarded.

Overall, 5771 pCLE examinations were retrospectively 
collected. A total of 58,901 images from 5139 patients 
were obtained after deduplication and selection. Finally, 
41,743 images were used as the training set, 5719 as the 
validation set, and 11,439 as the test set. In addition, 461 
video segments from 74 patients were collected to train 
the video recognition ability, and videos of 667 lesions 
from 558 patients were used for off-line video test-
ing. The characteristics of these images and videos are 
shown in Additional file  1: Table  S1. Images or videos 
in the training and test sets were selected from different 
patients.

Development of CCADS
CCADS was constructed using three sub-modules: qual-
ity judgment, image recognition, and video diagnosis 
network (Fig.  1). The quality judgment network was a 
two-layer convolutional neural network that could dis-
tinguish qualified images from unqualified ones. Several 
neural network modules were evaluated and compared 
for classifying the pCLE images (Additional file  1: 
Table  S2). Inception-ResNet V2 [30] demonstrated the 
best diagnostic ability and was selected for image rec-
ognition. The input of this network was a pCLE image, 
and the outputs were diagnostic result and probability. 
A four-layer fully connected neural network was used 
to implement the diagnosis of the video. The inputs 
were the AI diagnosis and diagnostic probability of 
each extracted image in a video, and the output was the 

Fig. 1  Workflow diagram for the development of CCADS
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diagnosis of the video. The video recognition procedure 
of CCADS is shown in Additional file 1: Fig. S1. During 
the pCLE examination, the real-time diagnoses of the 
present image and video were displayed on the screen 
(Fig. 2 and Additional file 2: Video S1).

Two practical AI-assisted functions were developed 
to improve the operability and efficiency of pCLE 
procedures: automatic image capture and AI-guided 

targeted biopsy. During the pCLE examination, CCADS 
automatically captured the pCLE images with high 
diagnostic probability and saved them in the worksta-
tion for further review. The corresponding WLE images 
were captured simultaneously and matched exactly 
with the pCLE images (Fig. 3). The endoscopists could 
determine the precise location to obtain the targeted 
biopsies by referring to the images.

Fig. 2  Whole-chain diagnosis of the Correa cascade by CCADS
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Offline validation of CCADS
Before the prospective study, offline tests, including 
image and video recognition, were performed to ensure 
the diagnostic reliability of CCADS. First, we evaluated 
the ability of CCADS to classify the pCLE images in the 
test set. Then, selected offline videos were played on the 
pCLE equipment to simulate the real-time examination 
and test video recognition. Based on the satisfactory 
results of these tests, a prospective study was conducted.

Real‑time validation of CCADS
Patients
Between October 2019 and September 2021, consecu-
tive patients undergoing upper gastrointestinal pCLE 
examination at Qilu Hospital of Shandong University 
were prospectively enrolled. Patients aged 18–80  years 
who provided written informed consent were included. 
Patients who were unsuitable for undergoing pCLE, such 
as those who were pregnant or breastfeeding or those 
with coagulopathy, impaired renal or hepatic function, 
known allergy to fluorescein sodium, inability to provide 
informed consent, no gastric mucosal lesion found in 
WLE, and lesion with pathologic diagnosis not included 
in non-atrophic gastritis, atrophic gastritis, GIM, LGIN, 
and HGIN/CA such as lymphoma were excluded.

Sample size calculation
The sample size was calculated using PASS15 (NCSS, 
LLC, Kaysville, USA). According to a previous study, 
gastric neoplasms can be diagnosed through CLE with a 
sensitivity of 84.0% and specificity of 92.1% [13]. CCADS 
could diagnose gastric neoplasms with a sensitivity of 

96.23% and specificity of 95.11% in our offline video 
recognition test. From a national multicenter survey, 
the prevalence of dysplasia found through endoscopy in 
China was 7.3% [31]. Based on these data, we assumed 
that at least 836 participants (including 61 participants 
with neoplasms) were required, with a statistical power 
of 0.90 and significance level of 0.05.

Endoscopic procedure
After routine preparation for anesthetic gastroscopy, 
patients underwent WLE examination, and all lesions 
were recorded. Fluorescein sodium (0.02  mL/kg, 10%) 
was administered intravenously. The probe was inserted 
through the biopsy channel of the endoscope, and pCLE 
was performed on all macroscopic lesions. Multi-point 
scanning was performed from the periphery to the center 
of the lesion. Although the specific number of observa-
tion points was not fixed, all areas of the lesion should be 
examined. At each observation point, the probe remained 
stationary for a short duration (typically several seconds) 
to acquire clear and stable video. The observation time 
for one lesion was not predetermined and depended 
primarily on the lesion size and the number of observa-
tion points. Each lesion was independently diagnosed 
by the endoscopists using CCADS, and the coordinator 
recorded these data accordingly. The diagnosis of CCADS 
was displayed on a separate screen visible only to the 
study coordinator. The most severe diagnosis obtained 
by CCADS was taken as the final AI diagnosis. The diag-
nosis by the endoscopists was based on pCLE and WLE. 
Since the aim of this study was to evaluate the diag-
nostic performance of CCADS for the real-time pCLE 

Fig. 3  AI-assisted functions of CCADS
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examination and compare that with expert endoscopists, 
the IEE function was not activated to avoid interfer-
ence with diagnosis. In addition, the endoscopists were 
blinded to the previous endoscopic and pathological 
findings of the patients until the diagnosis was recorded. 
Finally, targeted biopsy was taken from the site where the 
most severe histological abnormality was observed and 
sent for histological assessment. The endoscopic proce-
dures were performed by seven expert endoscopists with 
experience of more than 500 pCLE procedures. Endo-
scopic examinations were performed using the EG29-i10 
endoscope with the EPK-i7000 image processor (Pentax, 
Tokyo, Japan) or the GIF-HQ290 endoscope with the Evis 
Lucera Elite CV-290 system (Olympus, Tokyo, Japan); 
pCLE was performed using the Cellvizio pCLE system 
(Mauna Kea Technologies, Paris, France).

Histological evaluation
All specimens were sent for histopathological examina-
tion and evaluated by experienced pathologists (with 
more than 5  years of experience). Each specimen was 
independently reviewed by two pathologists. Disagree-
ments were resolved through discussion. Inflammation, 
atrophy, and GIM were diagnosed based on the updated 
Sydney system [9], and neoplasms were diagnosed 
according to the Vienna classification [32]. If the patient 
subsequently underwent surgery or endoscopic resection 
at our hospital, the postoperative pathology was taken as 
the final histological diagnosis.

Outcomes
The primary outcome was the real-time performance of 
CCADS in classifying gastric mucosal lesions in the pro-
spective study, including accuracy, sensitivity, specificity, 
positive predictive value (PPV), and negative predictive 
value (NPV), with histopathology as the gold standard. 
The secondary outcome measure was the comparison of 
diagnostic performance between CCADS and the expert 
endoscopists in the prospective study.

Statistical analysis
Statistical analysis was performed using NCSS12 (NCSS, 
LLC, Kaysville, USA). The calculation of accuracy, sen-
sitivity, specificity, PPV, and NPV is based on the com-
parison of two-category data with the gold standard. 
Therefore, when we calculated these metrics for one 
category, such as HGIN/CA, the other diagnoses were 
taken as one category (non-HGIN/CA). The second-
ary outcome measure, namely the comparison of diag-
nostic measurements between CCADS and expert 
endoscopists, was performed using the chi-square test. 
Matplotlib [33] was used to obtain the receiver operat-
ing characteristic curve. A two-sided P-value of < 0.05 

was considered statistically significant. All authors have 
access to the study data and have reviewed and approved 
the final manuscript.

Results
Overall, 11,439 images and 667 videos were recognized 
in the off-line test. Between October 2019 and Septem-
ber 2021, 2314 consecutive patients who underwent 
upper gastrointestinal pCLE examination were invited 
to participate in the prospective study, of whom 951 
patients were enrolled according to the inclusion and 
exclusion criteria. 1254 lesions (including 443 inflamma-
tion, 91 atrophy, 629 GIM, 27 LGIN, and 64 HGIN/CA) 
were detected. All lesions were analyzable by CCADS. 
The median total procedure time was 17  min (range 
7–45  min), and the median time for pCLE observation 
was 2.7 min (range 1–11 min). No adverse event (includ-
ing adverse reaction to intravenous fluorescein sodium 
administration) was reported. The characteristics of the 
patients and lesions are presented in Table 1. The valida-
tion workflow of CCADS is shown in Fig. 4.

The diagnostic accuracies of CCADS in recognizing 
images of inflammation, atrophy, GIM, LGIN, and HGIN/
CA were 95.05%–99.61% (Additional file 1: Table S3). The 
area-under-the-curve values of the receiver operating 
characteristic curve were high (0.9857–0.9998), as shown 
in Additional file  1: Fig. S2. The accuracies of offline 
video recognition were 92.80%–98.95% (Additional 
file  1: Table  S4). The real-time diagnostic performances 
of CCADS and the expert endoscopists are presented in 
Table  2. The confusion matrices are included in Addi-
tional file  1: Table  S5–S7. In the prospective study, 
the accuracies of CCADS for the five categories were 
91.71%–97.13%. CCADS achieved a high accuracy of 
97.13% (95%CI, 96.05%–97.98%), sensitivity of 98.44% 
(95%CI, 91.60%–99.96%), and specificity of 97.06% 
(95%CI, 95.93%–97.94%) in diagnosing HGIN/CA. The 
sensitivity and NPV of CCADS for HGIN/CA were 
not significantly different (p = 0.171 and 0.188, respec-
tively) compared with those of experts, but its diagnos-
tic accuracy, specificity, and PPV of CCADS were lower 
(p = 0.003, < 0.001, and 0.004, respectively). For LGIN and 
atrophy, CCADS showed no significant differences in 
accuracy, sensitivity, specificity, PPV, or NPV compared 
with the experts. CCADS achieved significantly higher 
specificity and PPV (p = 0.004 and 0.006, respectively) for 
GIM, while maintaining similar accuracy, sensitivity, and 
NPV.

Notably, CCADS identified gastric neoplasms 
(LGIN + HGIN/CA) with significantly higher sensitiv-
ity (96.70% (95%CI, 90.67%–99.31%) vs. 89.01% (95%CI, 
80.72%–94.60%); p = 0.044) than the experts, though 
their accuracies, specificities, PPVs, and NPVs did not 
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differ significantly. Additionally, CCADS misdiagnosed 
only three LGIN cases as non-neoplastic lesions, whereas 
the experts misdiagnosed nine LGIN cases and one 
HGIN case.

Discussion
In this study, we developed the first pCLE computer-
aided diagnostic system named CCADS for diagnosing 
the Correa cascade of gastric cancer and evaluated its 
effectiveness via multistep validation. CCADS achieved 
high diagnostic performance in the  image test, video 
test, and a prospective diagnostic study with the larg-
est sample size in the field of pCLE by far. To the best of 
our knowledge, CCADS is the first AI program that can 
implement a whole-chain diagnosis of the Correa cascade 
and realize in vivo histological evaluation for the stomach 
in a real clinical setting worldwide.

Endoscopists vary widely in skills and experience, 
which can lead to misdiagnoses and threaten patient out-
comes. Several effective AI programs have been applied 
to improve this situation. For instance, ENDOANGEL 
is an AI-powered system compatible with various endo-
scopic devices and has been proven effective through 
multiple studies and clinical applications. It can improve 
the quality of endoscopic examinations by reducing blind 
spots and implementing quality control [19]. Addition-
ally, this system can detect focal lesions and lower the 
miss rate of gastric neoplasms using WLE [20], as well 
as identify gastric precancerous conditions through IEE 
[21]. Furthermore, it can delineate the margins of early 
gastric cancer and predict invasion depth and differen-
tiation status using ME-IEE [22]. Evolving beyond con-
ventional AI, ENDOANGEL now integrates the feature 
extraction-based logical anthropomorphic diagnostic 
system [23], explainable AI incorporated with domain 
knowledge [24], and multi-modal data synthesis [25], 

Fig. 4  Workflow diagram for the validation of CCADS

Table 1  Baseline characteristics of patients and lesions

Patients, n 951

Sex

  Male, n (%) 562 (59.1%)

  Female, n (%) 389 (40.9%)

  Age, mean (range), years 55.57 (22–80)

  Macroscopic lesions, n 1254

  Lesion size, mean (range), cm 0.9 (0.2–6.0)

  Number of biopsies per patient, n 1.8

  Number of biopsies per lesion, mean (range), n 1.4, (1–7)

Histological diagnosis, n

  Inflammation 443

  Atrophy 91

  GIM 629

  LGIN 27

  HGIN/Ca 64

Locations, n

  Cardia 94

  Fundus 48

  Body 266

  Angle 206

  Antrum 612

  Pylorus 24

  Anastomotic stoma 4
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thereby advancing AI diagnosis into a multidimensional, 
interpretable area. Unlike the rapid advancement of AI 
in WLE and IEE, AI research in pCLE is still limited. 
An AI system named iCLE demonstrated high diagnos-
tic performance for esophageal squamous neoplasia in 
a prospective study and significantly improved accuracy 
and sensitivity for non-expert endoscopists [26]. Another 
deep learning model achieved human-level accuracy in 
diagnosing dysplasia in Barrett’s esophagus [27]. Addi-
tionally, an AI algorithm for pCLE images of colonic 
polyps showed comparable performance to expert 
endoscopists while outperforming junior endoscopists 
[28]. Beyond in  vivo applications, an AI-driven model 
successfully identified gastric cancer tissue in ex-vivo 
samples using confocal laser endomicroscopy and could 
be a complementary tool for pathologists [29]. How-
ever, prior to CCADS, no AI system had been developed 
for real-time in  vivo pCLE diagnosis of gastric mucosal 
lesions.

Compared with dichotomous diagnoses, whole-chain 
diagnosis of Correa cascade is more conducive to fully 
estimating the risk of gastric cancer, developing individu-
alized follow-up strategies, and achieving early detection 
of gastric neoplasms. To realize this aim and produce a 
fully automated algorithm, we used pCLE as the tar-
get for AI analysis. pCLE could present the microscopic 
structure of gastric pits, microvasculars, and epithelial 
cells, and enable in  vivo histological evaluation for gas-
trointestinal lesions. It could be used combined with 
other endoscopic equipments such as WLE or IEE. More-
over, its operation is convenient and feasible for general 
endoscopists. Endoscopists could perform an optical 
biopsy by touching the probe to the mucosa, similar to 
taking a conventional biopsy. However, interpretation of 
pCLE images requires histopathological knowledge and 
much experience, which restricts its application among 
general endoscopists. Subjective differences in diagnosis 
impact the reliability of optical biopsy. How to reduce 
the difficulty of pCLE image interpretation and provide 
objective referential diagnosis is the most necessary 
problem to be solved for CLE technology. CCADS fills 
this gap and innovatively provides a comprehensive diag-
nostic system, including lesion identification and opera-
tional assistance.

CCADS significantly improved the diagnostic sensitiv-
ity of gastric neoplasms, which is vital for the screening 
and treatment of early gastric cancer. CCADS effectively 
reduced the misdiagnoses of neoplasms. In the iden-
tification of HGIN/CA, it showed a higher sensitivity 
than experts, although the difference was not significant 
(p= 0.171). Further, although the diagnostic accuracy and 
specificity of CCADS were lower than those of experts, 
they were relatively high in the clinical setting. Moreover, 

it is the only reported AI program that can distinguish 
LGIN with a high accuracy of 94.18%. In addition, a pre-
vious study has demonstrated that pCLE can provide 
precise margin delineation of early gastric cancer for 
endoscopic submucosal dissection (ESD) [34], so CCADS 
may be helpful in determining the lateral margin of ESD, 
especially for flat lesions that are not well displayed using 
chromoendoscopy.

CCADS has also shown well diagnostic performance in 
identifying gastric precancerous conditions and is there-
fore expected to be suitable for evaluating gastritis stages. 
The updated Sydney system recommends at least five 
biopsies from standardized regions for histopathological 
staging of gastritis. The operative link for gastritis assess-
ment (OLGA) and the operative link on gastric intestinal 
metaplasia assessment (OLGIM) staging systems have 
been proposed for the staging of atrophy and GIM, and 
proven to be effective in risk estimation of gastric can-
cer [35]. Compared with standard biopsies according to 
the updated Sydney system, real-time pCLE combined 
with targeted biopsies by experts could improve the diag-
nostic yield while reducing biopsy sampling [14]. Since 
CCADS provides reliable real-time diagnosis, general 
endoscopists can perform efficient and comprehensive 
screening of the stomach. Automatic OLGA and OLGIM 
based on optical biopsy might be realized using CCADS, 
which would be evaluated in further study. With the 
assistance of CCADS, pCLE can be used as an effective 
and easy-to-use screening and surveillance modality for 
gastric neoplasms and precancerous conditions.

The innovative AI-assisted functions of CCADS had 
the potential to improve the objectivity of pCLE diag-
nosis and the precision of targeted biopsy. Because 
pCLE images move rapidly during the examination, 
endoscopists (even experts) may miss some images when 
performing endoscopy. Although they can watch video 
playback for remedies, it is time-consuming. CCADS can 
automatically capture pCLE images with high diagnostic 
probabilities and save them in the workstation for review, 
thereby reducing subjective diagnostic errors caused by 
missing images. Moreover, locating the exact biopsy site 
of a suspicious lesion recognized by pCLE is challenging 
when multiple lesions are present in the same scanned 
area. In some cases, it may be difficult to determine 
whether the biopsy sample was obtained from the most 
severe part of the lesion or from the adjacent mucosa. 
AI-guided targeted biopsy can capture and match the 
pCLE images and corresponding WLE images automati-
cally. The exact position of the lesion observed in pCLE 
could be located from the WLE image showing where the 
probe touched the mucosa. Endoscopists can identify the 
exact location for biopsy by referring to the images. Thus, 
a point-to-point targeted biopsy can be assured.
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Since CCADS can assist endoscopists in making accu-
rate real-time diagnoses and performing precisely tar-
geted biopsies, it helps minimize the need for biopsies. In 
traditional gastroscopy, redundant biopsies are collected 
from lesions that are subsequently proven to be non-
neoplastic, which increases the workload on pathologists 
and imposes higher costs on patients. Moreover, accurate 
biopsy is essential in selecting an appropriate resection 
method for neoplastic lesions; traditional non-targeted 
biopsy may misjudge the characteristics of the lesion, 
which can result in inappropriate management. General 
endoscopists often require multiple biopsies to ensure 
histopathological accuracy, which may cause submucosal 
fibrosis and complicate subsequent ESD. The deficien-
cies of traditional endoscopic biopsy could be overcome 
by using CCADS-assisted pCLE. As endoscopists were 
blinded to AI diagnoses in the study design, this study 
could not directly quantify the biopsy reduction attribut-
able to CCADS. Nevertheless, prior research has proved 
pCLE’s capacity to reduce biopsy needs. In a randomized 
controlled trial enrolling patients undergoing surveil-
lance for GIM, GIN, or EGC, the number of biopsy sam-
ples in the pCLE group (3.5) was significantly lower than 
that in the standard biopsy group (6.8), representing a 
45% reduction [14]. Our findings confirm that CCADS 
achieves high accuracy and reliability, and could pro-
vide trustworthy reference diagnoses for non-expert 
endoscopists. This system could lower the difficulty of 
pCLE utilization, enabling endoscopists of varying exper-
tise levels to effectively use it. Consequently, CCADS 
facilitates the transition from traditional physical biopsy 
to optical biopsy combined with targeted biopsy.

Histopathological examination is a costly procedure, 
and reducing biopsy samples may decrease patient 
expenses; however, pCLE systems also involve consid-
erable costs. According to the ASGE technology status 
evaluation report, the Cellvizio 100 Series equipment and 
GastroFlex UHD probe used in this study were priced at 
USD 175,000 and USD 9200, respectively [15]. The reus-
able probe is validated for 100 examination procedures 
(30  min per procedure). Cost-effectiveness depends on 
comparing histopathology costs with pCLE expenses, 
which vary regionally. Overall, the economic benefit is 
determined by the extent to which pCLE can reduce 
biopsy requirements. In high-risk populations for gas-
tric cancer (e.g., patients with atrophy), who typically 
require more biopsies for gastritis staging or lesions con-
firmation, pCLE may reduce overall costs by minimizing 
unnecessary biopsies through optical biopsy evaluation 
and targeted biopsy. Conversely, for non-high-risk pop-
ulations or patients not typically requiring biopsies, the 
economic benefit of pCLE is limited. Therefore, imple-
menting risk stratification to identify the patients most 

likely to benefit from pCLE could optimize its cost-effec-
tiveness. Moreover, reducing biopsies holds significance 
beyond cost savings. It decreases biopsy-related com-
plications and minimizes interference with subsequent 
endoscopic therapies.

Due to its high magnification (up to 1000 ×), pCLE has 
a limited field of view, making lesion detection primar-
ily dependent on WLE and IEE. Although pCLE based 
on WLE proved effective and IEE was not activated in 
this study to avoid interference with the diagnosis, the 
combination of IEE and CCADS-assisted pCLE could be 
practical in clinical settings. IEE can serve as a red-flag 
technique to identify suspicious lesions, while pCLE pro-
vides histological diagnosis for these lesions. Consider-
ing the high NPVs of CCADS, especially for neoplasm 
(99.72%), a diagnostic and biopsy strategy may be effec-
tive for general endoscopists. After observation with 
WLE and IEE (if available), pCLE is used to examine sus-
pected lesions and screen the five standardized gastric 
regions. If a lesion is diagnosed as LGIN or HGIN/CA 
by CCADS, a targeted biopsy should be performed with 
AI guidance. If atrophic gastritis or GIM is diagnosed, 
biopsy is not required unless the endoscopist shows con-
cerns. If only inflammation is present, biopsy is unneces-
sary. This strategy will be assessed in further study.

Magnifying endoscopy is a commonly used technique 
for optical diagnosis and obtaining targeted biopsies. ME 
demonstrates high sensitivity and specificity for gastric 
neoplasms and precancerous conditions. However, there 
is still a lack of large-sample studies comparing the clini-
cal application value of ME and pCLE. Only one study 
compared the diagnostic efficacy of ME-IEE alone ver-
sus ME-IEE combined with pCLE for intestinal metapla-
sia, proving that ME-IEE followed by pCLE had higher 
sensitivity and PPV [36]. The diagnostic interpretation 
and operation of ME present challenges for non-expert 
endoscopists. AI programs can effectively assist non-
expert endoscopists in diagnosis [22]. However, in terms 
of operation, the use of ME-IEE requires endoscopists to 
precisely adjust the focal length of the endoscope and the 
distance from the mucosa to obtain clear images, which 
demands high skill in endoscopic control. In contrast, 
the operation of pCLE is simpler. Endoscopists can per-
form optical biopsy by placing the probe on the mucosal 
surface, with a technical difficulty level similar to tak-
ing biopsies. Therefore, we speculate that experts would 
achieve excellent diagnostic performance with either ME 
or CCADS-aided pCLE, whereas for endoscopists with 
limited technical skills, the latter might be easier to use. 
Further research is needed to compare CCADS-aided 
pCLE with other equipment.

The time required for pCLE examination and AI identi-
fication is a crucial factor affecting the clinical application 
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of CCADS. The median total procedure time in this study 
is 17  min (range 7–45  min), consistent with a previ-
ous study (17 min; range 11–31 min) that proved pCLE 
examination did not significantly prolong the procedure 
duration compared with standard biopsies [14]. We did 
not directly assess whether CCADS would increase pro-
cedural duration because endoscopists were blinded to 
the AI diagnosis. However, as illustrated in Additional 
file  1: Fig. S1, CCADS generates a video diagnosis by 
extracting and evaluating 10 frames of pCLE video per 
second, enabling real-time diagnostic output within 1  s. 
In clinical practice, CCADS demonstrates rapid recog-
nition speed—once stable images are obtained, the AI 
delivers an immediate diagnosis, as shown in Additional 
file  2: Video S1. Thus, CCADS would not prolong the 
overall examination time and has good usability.

The characteristics of pCLE images introduce unique-
ness and challenges for CCADS in image recognition 
compared to other computer aided diagnosis (CAD) 
systems. First, CCADS recognizes planar histological 
images, whereas other endoscopic CAD systems identify 
the overall morphology of lesions, which may be affected 
by distance, angle, and light intensity. Second, pCLE 
images are monochrome rather than in color, reducing 
the complexity of image recognition but also diminishing 
the identifiable lesion features. Third, the high magnifica-
tion of pCLE results in a narrower field of view per frame, 
which facilitates AI analysis. However, probe movement 
and gastric peristalsis may introduce artifacts that impact 
image quality. pCLE is more significantly affected by such 
artifacts compared to WLE or IEE, presenting challenges 
for AI recognition.

To address the distinctive characteristics of pCLE 
images and to improve the image recognition capabil-
ity, we implemented the following measures. First, this 
study utilizes a large-sample training set, which helps 
AI comprehensively learn the characteristics of pCLE 
images. The prospective evaluation involves the largest 
prospective trial in the field of pCLE to date and assures 
the system’s generalizability in real-world settings. Sec-
ond, innovative procedures, including the deduplication 
of images and recognition of unqualified images, were 
used to control the biases. We designed a software pro-
gram to recognize and discard highly similar images in 
the training set that might cause overfitting of the neural 
network or reduce its generalizability, which decreased 
the selection bias. Generally, researchers select typical 
and distinct images and exclude unqualified ones to min-
imize interference during AI identification. Neverthe-
less, if unqualified images cannot be identified, they may 
be incorrectly categorized, resulting in misdiagnosis in a 
real clinical setting. The quality judgment network was 
specially designed and trained using unqualified images. 

Therefore, it could effectively identify unqualified images 
in videos, reducing their impact on diagnosis as much as 
possible.

The Inception-ResNetV2 algorithm used in this study 
achieves outstanding performance in image classification 
by integrating the multi-scale feature extraction of Incep-
tion modules with the residual connections from ResNet. 
During CCADS development, Inception-ResNetV2 
exhibited superior diagnostic accuracy among all tested 
architectures. With recent advancements in deep learn-
ing, emerging algorithms could further improve the per-
formance of AI for pCLE. Vision Transformers (ViTs) and 
their derivatives leverage self-attention mechanisms to 
model long-range dependencies, enhancing their suitabil-
ity for dynamic endoscopic video analysis and potentially 
improving diagnostic sensitivity. Meanwhile, architec-
tures like EfficientNetV2 combine neural architecture 
search (NAS) with manual scaling to achieve superior 
computational efficiency. Hybrid approaches (e.g., Con-
vNeXt) and dynamic networks (e.g., DynamicViT) can 
handle diverse or complex images, making them effective 
for diagnosing pCLE images. Multimodal AI models can 
further improve accuracy by integrating WLE, IEE, and 
CLE features to analyze lesions across macroscopic and 
microscopic scales. Explainable AI techniques can inter-
pret histopathological features in pCLE images, thereby 
improving diagnostic reliability and endoscopist con-
fidence. Although implementing these algorithms may 
require adjustments to model architectures and preproc-
essing pipelines, they have the potential to improve the 
diagnostic accuracy and interpretability of pCLE images.

Limitations
This study has some limitations. First, all endoscopic 
procedures in this study were performed by experienced 
pCLE specialists. Experts can detect lesions more quickly 
and obtain high-quality pCLE images, which aids AI rec-
ognition. This ensured high accuracy of targeted biopsies 
and reduced the potential selection bias. However, in 
routine clinical practice, non-expert endoscopists’ lower 
operational stability may compromise image quality, 
potentially resulting in inferior diagnostic performance of 
CCADS. Additionally, non-experts may encounter chal-
lenges in achieving precise targeted biopsies. Although 
we have designed the AI-assisted targeted biopsy func-
tion to improve biopsy accuracy and performed special-
ized training to address unqualified images, the actual 
performance of CCADS when operated by non-experts 
requires further validation. Second, although the superior 
diagnostic performance of CCADS was demonstrated, its 
effectiveness as an assistive system for expert and non-
expert endoscopists was not evaluated. Third, compari-
sons between non-expert endoscopists and CCADS were 
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not performed in this study; as the diagnostic capability 
of CCADS is comparable to that of experts, its diagnos-
tic efficiency should be superior to that of non-expert 
endoscopists. Finally, this was a single-center study.

Conclusions
CCADS provides an innovative, comprehensive solu-
tion for the whole-chain optical diagnosis of Correa 
cascade of gastric cancer. It has the potential to assist 
endoscopists in the application of pCLE, optimize the 
surveillance of gastric neoplasms and precancerous 
conditions, and reduce unnecessary biopsies.
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