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Abstract

Confocal laser endomicroscopy (CLE) has become an indispensable tool in the
diagnosis and detection of gastrointestinal (GI) diseases due to its high-resolution and
high-contrast imaging capabilities. However, the early-stage imaging changes of
gastrointestinal disorders are often subtle, and traditional medical image analysis
methods rely heavily on manual interpretation, which is time-consuming, subject to
observer variability, and inefficient for accurate lesion identification across large-scale
image datasets. With the introduction of artificial intelligence (AI) technologies, Al-
driven CLE image analysis systems can automatically extract pathological features and
have demonstrated significant clinical value in lesion recognition, classification
diagnosis, and malignancy prediction of GI diseases. These systems greatly enhance
diagnostic efficiency and early detection capabilities. This review summarizes the
applications of Al-assisted CLE in GI diseases, analyzes the limitations of current
technologies, and explores future research directions. It is expected that the deep
integration of Al and confocal imaging technologies will provide strong support for

precision diagnosis and personalized treatment in the field of gastrointestinal disorders.

INTRODUCTION

CLE, as a groundbreaking endoscopic imaging technology, has demonstrated unique

advantages in the diagnosis of GI diseases in recent years. By scanning samples point




by point using laser and employing optical sectioning technology combined with
photomultiplier tubes to convert signals, CLE enables high-resolution imaging of tissue
structures, allowing precise observation of micro-scale tissue layers[1]. This “optical
biopsy” capability has led to its clinical application in various fields such as Barrett's
esophagus surveillance and early screening of gastrointestinal cancers, especially
offering significant advantages in the early diagnosis of precancerous gastric lesions.
Gastric cancer is one of the most life-threatening malignancies globally, often diagnosed
at an advanced stage when the best treatment window has passed. According to 2022
statistics, ~969,000 new gastric cancer cases and around 660 000 deaths occurred
worldwide, ranking fifth among global cancer incidences and mortality[2]. Compared
to traditional white light endoscopy, which is limited in accurately distinguishing
normal tissue from early lesions in precancerous gastric conditions, CLE allows precise
identification of subtle pathological changes during the pathological progression of
gastric cancer by visualizing the gastric mucosal microstructure. These changes include
chronic atrophic gastritis (AG), gastric intestinal metaplasia (GIM), and gastric
intraepithelial neoplasia. Studies have shown that CLE can sensitively detect
pathological features such as reduced gland numbers and dilated glandular pits in the
diagnosis of AG by observing morphological changes in the gastric pits, with high
sensitivity (83.6%) and specificity (99.6%)[3]. Similarly, in diagnosing GIM, CLE can
identify characteristic structures such as goblet cells, columnar absorptive cells, and
brush borders, achieving a sensitivity of up to 98.13% and a specificity of 95.33%,
significantly outperforming conventional endoscopy (sensitivity 36.88%, specificity
91.59%). Moreover, it can distinguish between complete and incomplete GIM, with a
consistency of 0.67 (Kappa value) compared to pathological results, providing a new
approach for accurate in vivo assessment of precancerous gastric lesions[4].

However, CLE still faces several limitations in practical clinical application. First, CLE
remains insufficient in detecting tiny lesions, especially in the early stages of cancer,
where its resolution limitations may lead to missed diagnoses. Meanwhile, CLE image

quality can be affected by uneven lighting, changes in tissue structure, and other




external factors. Additionally, due to its limited field of view, CLE cannot cover the
entire esophageal or gastric cavity during actual use, which may result in incomplete
information about lesions. Furthermore, CLE cannot visualize nuclear structures, which
are critical for distinguishing the differentiation state of cancers. This lack of cellular-
level detail limits its application in cancer diagnosis and prognosis assessment.
Meanwhile, the high cost of CLE equipment, the demand for highly specialized
operator skills, and the lack of standardized operational protocols and physician
training systems pose significant obstacles to its widespread adoption in medical
institutions!>sl.

The introduction of Al provides new approaches to overcome these bottlenecks.
Given Al's enormous potential in gastrointestinal medical imaging, the wealth of
diagnostic information in radiology, endoscopic, and pathological images makes them
ideal for intelligent algorithm analysis[7]. In the diagnosis of Barrett's esophagus, the
integration of probe-based CLE (pCLE) with deep learning models significantly
improves the accuracy of diagnosing dysplasia and early cancer. Moreover, methods
such as confusion matrix and Gradient-weighted Class Activation Mapping have been
used to validate model performance, with results showing that Al systems can achieve
diagnostic precision comparable to that of human experts in detecting dysplasia[8]. To
address the issue of CLE image quality interference in complex environments, Zhou et
al[9] proposed a context-aware dynamic filtering network called U-CLENet to reduce
noise in CLE images. By developing context-aware kernel estimation and multi-scale
dynamic fusion modules, and decoupling them for better feature representation, they
effectively removed environmental noise, enhancing image clarity for subsequent
analysis. Thus, combining AI models with medical imaging, cyst fluid analysis, and
innovative diagnostic tools (such as needle-based CLE [nCLE]) can significantly
improve the prediction accuracy of high-risk lesions, reduce missed diagnoses and
overtreatment, and provide patients with more accurate and personalized treatment
plans[10]. Given the unique advantages of CLE in gastrointestinal disease diagnosis and

its current clinical challenges, along with the breakthrough progress of Al in medical




image analysis, this review aims to summarize the current status and future prospects
of Al-assisted CLE technology in the diagnosis and treatment of GI diseases such as
gastric cancer, Barrett's esophagus, and pancreatic cystic lesions. It is hoped that this
will provide a theoretical foundation for optimizing early diagnosis strategies
for Gl diseases and promote the clinical translation and widespread adoption of Al-

assisted CLE technologies.

ADVANCES IN THE GASTROINTESTINAL APPLICATIONS OF CONFOCAL
ENDOMICROSCOPY

Common imaging diagnostic methods
In the diagnosis and treatment of GI diseases, the selection of imaging modalities
requires comprehensive consideration of diagnostic needs, equipment characteristics,
d individual patient conditions. Common imaging techniques for GI diseases include
ultrasound, computed tomography (CT), magnetic resonance imaging (MRI), and
positron emission tomography-computed tomography (PET-CT), each possessing
distinct features and playing crucial roles in clinical practice. Ultrasound is widely used
for preliminary screening and bedside evaluation due to its noninvasive nature,
convenience, and lack of radiation exposure[11]. It is suitable for dynamically observing
lesion size, morphology, and blood flow; however, image quality can be affected by gas
interference and equipment limitations[12]. As a mature imaging modality, CT plays an
essential role in the diagnosis and assessment of GI diseases by clearly displaying GI
structures and lesion characteristics. For example, it can provide information on tumor
morphology and vascular distribution in the diagnosis of GI lymphomas[13]. Spectral
CT significantly enhances lesion contrast through multi-energy imaging and provides
various quantitative parameters, making it suitable for chronic disease patients
requiring repeated examinations[14]. MRI offers excellent soft-tissue resolution and
multiplanar imaging capabilities, enabling accurate evaluation of spatial relationships
between tumors and surrounding structures. It is particularly advantageous for

preoperative staging of colorectal cancer; however, the examination process is relatively




long, costly, and requires good patient tolerance('>'6l. PET-CT combines metabolic and
anatomical imaging, allowing comprehensive assessment of tumor metabolic activity
and anatomical localization. It plays a key role in tumor staging, treatment evaluation,
and recurrence monitoring, but it is expensive, involves radiation exposure, and has
limited sensitivity to low-metabolic lesions[17].Compared with the aforementioned
conventional imaging methods, CLE enables real-time, subcellular-level imaging within
living tissues. It offers noninvasive, high-resolution advantages and allows for
immediate visualization of microscopic tissue structures during endoscopic procedures.
This enhances early lesion detection, reduces reliance on traditional biopsies, and

effectively lowers the risk of complications such as bleeding and infection[18].

An overview of the development and application advances of CLE in GI diseases

Confocal microscopy technology was first introduced by Marvin Minsky in 1957.
However, in its early stages, due to the large size of the equipment and the relatively
slow imaging speed, it was difficult to meet the requirements of real-time clinical
diagnosis. With the miniaturization of imaging systems and their integration with
endoscopic technologies, CLE has gradually emerged as a key method for performing in
vivo “optical biopsies.” In 2004, Kiesslich et al[19] first applied a confocal laser
endomicroscopy system for in vivo diagnosis of colorectal cancer. Using fluorescein
sodium as a contrast agent during colonoscopy, high-resolution images of the colonic
mucosa were obtained and compared with traditional histopathological results. The
findings showed that CLE exhibited extremely high sensitivity (97.4%) and specificity
(99.4%) in detecting intestinal epithelial neoplasia, establishing for the first time the
clinical potential of CLE in diagnosing early intestinal lesions.Building on this
foundation, in 2006, Kiesslich et al[20] further expanded the application of CLE to the in
vivo identification of Barrett's esophagus and its associated neoplasia. By establishing
the “Barrett's classification system” and performing CLE on 63 patients with the aid of
fluorescein sodium, the study reported a high diagnostic accuracy of 97.4% for Barrett's

esophagus and related lesions. Additionally, the study evaluated interobserver (x =




0.843) and intraobserver (x = 0.892) agreement, demonstrating that the method was not
only highly accurate but also highly reproducible.In the same year, Kitabatake et al[21]
applied CLE to the clinical identification of gastric cancer. In a study of 27 patients with
early gastric cancer, fluorescein sodium was used to successfully obtain high-quality
images of cancerous areas. These images were blindly evaluated by two pathologists,
achieving diagnostic accuracies of 94.2% and 96.2%, respectively, thereby confirming
the clinical value of CLE in the integrated diagnosis of gastric cancer by combining real-
time imaging and histology.To meet the demands of different clinical scenarios, CLE
systems have evolved into multiple forms. Based on their structural design and
application features, CLE systems are classified into two main types: Integrated systems
and probe-based systems. Integrated systems incorporate the laser emission and signal
detection modules directly into the distal end of the endoscope, offering significant
advantages in imaging quality and depth of penetration. Probe-based systems adopt a
miniaturized design and use flexible probes to allow more maneuverable operation,
performing better in terms of scanning speed and application versatility. The latter can
be further divided into standard probe-type and ultra-thin needle-type variants to meet
the microscopic observation needs of different anatomical regions, collectively
promoting the widespread clinical application of confocal endomicroscopy
technologies|[22].

In recent years, with advances in probe miniaturization and optimization of contrast
agents, the operability of CLE in narrow lumens has significantly improved,
demonstrating unique advantages in areas such as the respiratory system[23], bladder
cancer diagnosis[24], assessment of ulcerative colitis (UC), and detection of pancreatic
cystic lesions. In evaluating UC, CLE effectively detects crypt architecture alterations
associated with disease severity. Especially in patients with endoscopically normal
mucosa, CLE can reveal potential pathological activity by identifying microvascular
abnormalities and fluorescein leakage, further validating its crucial role in detecting
subtle lesions[25].Simultaneously, combining probe-based CLE (pCLE) with

magnifying chromoendoscopy and narrow-band imaging has been proven effective in




distinguishing UC-associated dysplasia, isolated adenomas, and non-neoplastic
regenerative lesions. By observing back-to-back crypt arrangements and dark trabecular
structures, this method achieved 100% sensitivity, 83% specificity, and 92% overall
accuracy in distinguishing cancer or dysplasia[26]. These findings further support the
significant clinical value of CLE in evaluating UC-related pathological changes and
early tumor diagnosis.In detecting pancreatic cystic lesions such as intraductal papillary
mucinous neoplasms (IPMNs), the combination of CLE and endoscopic
ultrasonography (EUS) has led to the development of EUS-guided needle-based
confocal laser endomicroscopy (EUS-nCLE). This technique effectively distinguishes
different types of pancreatic cystic lesions and identifies high-risk lesions, offering new
possibilities for the early detection of pancreatic cancer[27]. In another similar study,
EUS-nCLE was performed on patients with pancreatic cystic tumors larger than 2 cm.
The results showed a 90% success rate in image acquisition and accurate differentiation
between mucinous and non-mucinous cysts. For the diagnosis of mucinous cysts, EUS-
nCLE achieved an accuracy of 80% with no adverse events observed, confirming the
feasibility and safety of this technique in identifying types of pancreatic cystic lesions
and detecting high-risk changes[28].

Subsequently, the introduction of artificial intelligence-assisted diagnostic systems
has significantly improved the efficiency and accuracy of image analysis. Meanwhile,
the development of molecular imaging probes offers new methods for tumor-targeted
identification and margin delineation. These technological advancements are
collectively transforming CLE from a purely diagnostic tool into a multifunctional

platform integrating diagnosis, therapy, and prognostic evaluation.

RESEARCH ADVANCES AND APPLICATIONS OF DEEP LEARNING IN
MEDICAL IMAGING ANALYSIS

The rapid development of deep learning technology has propelled medical image
analysis from traditional machine learning methods to end-to-end automatic feature

learning. Early medical image analysis mainly relied on traditional machine learning




methods such as random forests[29], which required complex manual feature extraction
processes. The successful application of convolutional neural networks (CNNs) in
image processing ushered medical image analysis into a new stage of development.
AlexNet[30], as a landmark network architecture, not only demonstrated the feasibility
of large-scale deep learning models but also pioneered a new paradigm for medical
image classification through GPU-accelerated training. Subsequently, ResNet[31]
addressed the challenges of training deep networks by introducing residual
connections, significantly enhancing model performance and laying an important
foundation for subsequent medical image analysis.

In practical applications of medical image analysis, different tasks require different
technical approaches. For image classification tasks, Vision Transformer[32] has
surpassed traditional CNNs in performance on multiple medical image classification
benchmarks by segmenting images and applying self-attention mechanisms. Object
detection tasks focus more on precise localization of lesions; algorithms like Faster R-
CNN][33] and YOLOI[34] have optimized detection processes to achieve real-time
detection capabilities while maintaining accuracy. In the most challenging field of
image segmentation, U-Net[35], with its unique encoder-decoder structure, has become
the foundational architecture for medical image segmentation. Subsequent models like
DeepLab[36] have further improved segmentation accuracy by introducing atrous
convolution and multi-scale pooling, promoting the trend of diversification in medical
image analysis.

In recent years, medical image analysis technology has exhibited a clear trend
towards cross-modality and generalization. Given the diversity of medical image
modalities and the high cost of annotations, researchers have developed a series of
innovative solutions. SAM-Med3D[37] has significantly enhanced the model's
generalization ability across anatomical structures and modalities by constructing a
large-scale dataset containing 140 000 cases and employing a two-stage training
strategy. Diffusion models[38], with their unique progressive denoising process and

powerful generative capabilities, have shown significant advantages in medical image




analysis. In specific applications of diffusion models, DiffMIC[39] innovatively
integrates multi-granularity information through a dual-conditioning guidance strategy
in tasks such as placental maturity grading, skin lesion classification, and diabetic
retinopathy grading; the DCE-diff model[40] has made a breakthrough by combining
non-contrast structural MRI sequences with apparent diffusion coefficient maps to
synthesize dynamic contrast-enhanced MRI images, laying the foundation for further
applications of diffusion models in medical image analysis.

Addressing challenges such as insufficient training samples, scarce annotated data,
and small sample sizes, the combination of self-supervised learning and generative
mechanisms has become a focal point of recent research. Graikos et al[41] proposed a
method that guides diffusion models through self-supervised learning, reducing the
need for manual annotations while improving the quality of generated images and the
accuracy of downstream tasks. In data augmentation, Mekala et al[42] utilized GAN to
synthesize high-quality skin lesion images, effectively alleviating the problem of scarce
medical image data and significantly enhancing the performance of classification
models. In coordinating the relationship between local fine structures and global
semantic information in medical image analysis, traditional methods often struggle
with issues such as blurred organ boundaries or lesion heterogeneity. Overemphasis on
local details can lead to segmentation results lacking anatomical consistency, while
focusing too much on global features may miss subtle lesions. To address this challenge,
LoG-VMambal43] has achieved groundbreaking progress in 2D and 3D medical image
segmentation tasks by explicitly maintaining spatial adjacency and global context
compression. LKM-UNet[44] innovatively combines large-kernel Mamba models with
U-Net structures to effectively model long-range dependencies at a relatively low
computational cost. These new architectures surpass the limitations of traditional CNNs
and Transformers, achieving a better balance between local and global features in
medical imaging tasks.

To enhance the practical value of Al-assisted diagnostic systems in real-world

medical scenarios, future developments in intelligent medical image model will exhibit




the following key trends: The generalization ability of models across modalities and
centers will become a research focus, with the development of adaptive feature
extraction and domain adaptation techniques to address the generalization bottleneck
caused by data distribution differences among different medical institutions; given the
high cost of medical data annotation, efficient learning paradigms based on self-
supervised and semi-supervised learning for small samples will be further explored;
improving the interpretability of model decision processes and optimizing deployment
efficiency will become crucial bridges connecting algorithm research and clinical

practical applications.

ADVANCES IN AI-ASSISTED CLE IN GI DISEASES

In recent years, the integration of AI technologies with CLE has provided new
approaches for the early diagnosis and therapeutic decision-making of gastrointestinal
diseases. In clinical practice, Al-assisted CLE systems have enabled real-time
assessment of lesions in the esophagus, stomach, and colorectal regions. This section
highlights recent advancements in the application of Al-enhanced CLE in the diagnosis
of pancreatic cystic lesion (PCL), Barrett's esophagus, gastric cancer, and colorectal
tumors.

In the domain of Al-assisted diagnosis of pancreatic cystic lesions, Machicado et al[45]
developed two CNN models based on EUS-nCLE images to support risk stratification
of IPMNs. By analyzing pre-processed video frames, they proposed a guided
segmentation model and a relatively independent global feature extraction model. The
results demonstrated high sensitivity and accuracy of these Al algorithms in identifying
high-grade dysplasia, outperforming current guideline-based standards and providing
essential reference for the real-time, automated diagnosis of IPMNs. In further efforts to
identify PCL subtypes, Lee et al[46] developed a CNN-based diagnostic system for
classifying and diagnosing PCL using nCLE video image datasets. The system achieved
high classification accuracy across five PCL subtypes, demonstrating that CNN-

enhanced computer-aided diagnostic systems not only improve diagnostic precision but




also significantly reduce expert interpretation time, showing promising potential for
clinical deployment.

In Al-assisted diagnosis of lower gastrointestinal diseases, Andre et al[47] designed an
Al-based automatic classification software capable of distinguishing benign fr
malignant polyps in pCLE videos. The results indicated that the software achieved an
accuracy of 89.6%, a sensitivity of 92.5%, and a specificity of 83.3% in diagnosing colonic
polyps—comparable to the offline assessments of two experienced endoscopists.
Moreover, the tool provided interpretable outputs, offering a novel approach to
enhance the precision of colonic polyp diagnosis. Subsequently, Gessert et al[48]
investigated peritoneal metastases from colorectal cancer using VGG-16, Inception-V3,
Densenet121, and SE-Resnext50, along with various transfer learning strategies
(retraining classifiers, partial freezing, fine-tuning, and training from scratch). Their
evaluation employed cross-validation and multiple metrics including AUC, ROC,
accuracy, sensitivity, specificity, and F1 score. The system achieved an AUC of 97.1 for
detecting peritoneal metastases and 73.1 for primary colorectal lesions, providing
robust support for real-time diagnosis and intraoperative decision-making.

Pulido et al[49] applied a deep learning framework to the diagnosis of Barrett's
esophagus and its precancerous lesions. By introducing two novel architectures—
AttentionPooling and Multi-Module AttentionPooling deep networks—they
significantly improved classification performance and enhanced model interpretability.
These developments are particularly valuable for optimizing current biopsy protocols,
especially in improving sensitivity to dysplasia. Tong et al[50] proposed a Convolutional
AutoEncoder based Semi-supervised Network (CAESNet) to improve multi-class
classification of endoscope-based CLE (eCLE) images, focusing on differentiating
various forms of Barrett's esophagus and associated dysplastic changes. By leveraging
both labeled and a large number of unlabeled images, CAESNet effectively extracted
features and improved classification performance, offering valuable support for real-

time clinical decision-making.




In the detection of gastric cancer and its precancerous conditions, Su et al[51]
addressed the issues of low segmentation accuracy and labor inefficiency in identifying
goblet cells (GCs) in CLE images. They constructed a GC segmentation dataset based on
GIM and proposed GCSCLE, an automatic GC segmentation method based on an
improved U-Net architecture. Experimental results showed that GCSCLE achieved an
IoU of 87.95% and a Dice score of 86.64% on their in-house dataset, outperforming
mainstream segmentation models and approaching the performance of manual
annotation. This demonstrated the potential of deep learning in assisting GIM diagnosis
and provided a novel technological pathway for early detection and treatment of gastric
cancer. Cho et al[52] further developed a real-time Al-based CLE image analysis system
for gastric cancer, capable of automatic tumor cell detection. The model exhibited
excellent performance in tumor detection and histological subtype classification,
offering an efficient and accurate solution for real-time gastric cancer diagnosis.

In summary, the synergistic innovation of Al and CLE has significantly enhanced the
diagnostic performance for gastrointestinal tumors and their precancerous lesions,
enabling comprehensive optimization from microscopic mucosal structure observation
to clinical decision support. Such intelligent diagnostic systems not only provide
objective and reproducible diagnostic evidence but also effectively shorten the
diagnostic window, gaining critical time for clinical interventions. The current
technological developments already encompass key aspects such as lesion detection,
risk stratification, and treatment planning, forming a complete intelligent diagnostic

and therapeutic workflow.

CONCLUSION

The combination of CLE with powerful Al feature extraction capabilities has overcome
the subjectivity and efficiency limitations of traditional manual interpretation, achieving
comprehensive optimization from microscopic mucosal structure observation to clinical
decision support. Current research has covered key areas including pancreatic cystic

lesions, Barrett's esophagus, gastric cancer, and colorectal tumors, demonstrating




accuracy comparable to experts in lesion detection, risk stratification, and classification
diagnosis, even surpassing conventional methods in certain scenarios.

In the future, the development of AI-CLE diagnostic systems is expected to follow
several important directions: In terms of technological integration, the deep fusion of
molecular imaging technologies with edge computing architectures will be key to
overcoming current technical bottlenecks. It will be especially important to develop
innovative deep learning models that enable the construction of intelligent diagnostic
frameworks with strong generalizability. A major research focus will be on building
feature learning spaces capable of adapting to the diverse characteristics of targeted
molecular probes, as well as designing high-sensitivity recognition algorithms for
specific biomarkers such as MUC2; At the level of clinical translation, optimizing edge-
intelligent deployment strategies will be critical. The core requirement for real-world
application lies in achieving real-time, reliable bedside diagnostics through the
coordinated design of lightweight network architectures and dynamic quality control
mechanisms; Meanwhile, advances in multimodal imaging fusion technologies will
significantly enhance diagnostic performance. Research into cross-scale feature
alignment methods will facilitate the effective integration of CLE's microscopic imaging
capabilities with the macroscopic structural information from other imaging modalities,
enabling the construction of comprehensive and clinically interpretable lesion
assessment systems. Key to achieving this will be solving the spatial registration
challenges posed by differing image resolutions and establishing robust feature
correlation models; Lastly, CLE's real-time imaging capability offers unique advantages
for dynamic pathological analysis. By continuously capturing and analyzing the
temporal evolution of mucosal microstructures, deep learning-based models for
predicting disease progression may serve as powerful dynamic assessment tools to

support precision medicine.
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