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Abstract

Background Malignant digestive tract tumors are highly prevalent and fatal tumor types globally, often diagnosed
at advanced stages due to atypical early symptoms, causing patients to miss optimal treatment opportunities.
Traditional endoscopic and pathological diagnostic processes are highly dependent on expert experience, facing
problems such as high misdiagnosis rates and significant inter-observer variations. With the development of artificial
intelligence (Al) technologies such as deep learning, real-time lesion detection with endoscopic assistance and auto-
mated pathological image analysis have shown potential in improving diagnostic accuracy and efficiency. However,
relevant applications still face challenges including insufficient data standardization, inadequate interpretability,

and weak clinical validation.

Objective This study aims to systematically review the current applications of artificial intelligence in diagnosing
malignant digestive tract tumors, focusing on the progress and bottlenecks in two key areas: endoscopic examina-
tion and pathological diagnosis, and to provide feasible ideas and suggestions for subsequent research and clinical
translation.

Methods A systematic literature search strategy was adopted to screen relevant studies published between 2017
and 2024 from databases including PubMed, Web of Science, Scopus, and IEEE Xplore, supplemented with searches
of early classical literature. Inclusion criteria included studies on malignant digestive tract tumors such as esophageal
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cancer, gastric cancer, or colorectal cancer, involving the application of artificial intelligence technology in endoscopic
diagnosis or pathological analysis. The effects and main limitations of Al diagnosis were summarized through compre-
hensive analysis of research design, algorithmic methods, and experimental results from relevant literature.

Results In the field of endoscopy, multiple deep learning models have significantly improved detection rates

in real-time polyp detection, early gastric cancer, and esophageal cancer screening, with some commercialized
systems successfully entering clinical trials. However, the scale and quality of data across different studies vary widely,
and the generalizability of models to multi-center, multi-device environments remains to be verified. In pathological
analysis, using convolutional neural networks, multimodal pre-training models, etc., automatic tissue segmentation,
tumor grading, and assisted diagnosis can be achieved, showing good scalability in interactive question-answering.
Nevertheless, clinical implementation still faces obstacles such as non-uniform data standards, lack of large-scale
prospective validation, and insufficient model interpretability and continuous learning mechanisms.

Conclusion Artificial intelligence provides new technological opportunities for endoscopic and pathological diag-
nosis of malignant digestive tract tumors, achieving positive results in early lesion identification and assisted decision-
making. However, to achieve the transition from research to widespread clinical application, data standardization,
model reliability, and interpretability still need to be improved through multi-center joint research, and a complete
regulatory and ethical system needs to be established. In the future, artificial intelligence will play a more important
role in the standardization and precision management of diagnosis and treatment of digestive tract tumors.

Highlights

1. Early symptoms of malignant digestive tract tumors are often atypical, resulting in high misdiagnosis rates, which
urgently calls for more precise diagnostic methods; artificial intelligence has demonstrated significant application
potential in the two core areas of endoscopy and pathology.

2. Real-time endoscopic assisted detection systems driven by deep learning can significantly improve the detection
rate of early lesions, reducing the risk of missed diagnoses due to physician inexperience or fatigue.

3. Pathological Al technologies based on multimodal and vision-language pre-training models can achieve auto-
matic segmentation, grading, and interactive diagnosis of digital slides, providing objective quantitative basis
for individualized treatment decisions.

4. The main obstacles to current Al applications in endoscopy and pathology include insufficient data standardi-
zation, poor model interpretability, and lack of large-scale prospective validation; multi-center collaboration
and standardized regulation urgently need to be strengthened.

5. With the continued advancement of multidisciplinary integration and technological breakthroughs, artificial
intelligence is expected to further improve early diagnosis and precise management of digestive tract tumors,
enhancing patient prognosis and promoting the standardized development of diagnostic and treatment pro-
cesses.
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Graphical Abstract

Artificial intelligence (Al)

What is Al in Healthcare?

Artificial intelligence (Al) is a branch of computer
science that aims to study, develop theories,
methods, technologies, and application systems
capable of simulating, extending, and augmenting
human intelligence.
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Introduction

Epidemiology and current clinical status of malignant
digestive tract tumors

Malignant digestive tract tumors are among the malig-
nant tumors with high incidence and mortality rates
globally. According to the Global Cancer Observatory
(GLOBOCAN) 2020 estimates, new cases of malignant
digestive tract tumors (including esophageal cancer

(3.1%), gastric cancer (5.6%), and colorectal cancer (10%))
account for approximately 18.7% of all new malignant
tumor cases, with colorectal cancer and gastric can-
cer ranking third and fifth in incidence, respectively [1].
China is a high-incidence area for malignant digestive
tract tumors, with consistently high incidence and mor-
tality rates. Esophageal cancer, gastric cancer, and colo-
rectal cancer rank among the top six in incidence for
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both men and women, constituting a major public health
problem that seriously threatens population health and
life [2].

Currently, clinical diagnosis and treatment of malig-
nant digestive tract tumors cover multiple aspects,
including endoscopic examination, imaging examina-
tion, pathological diagnosis, surgical treatment, radio-
therapy and chemotherapy, molecular targeted therapy,
and immunotherapy. Despite rapid developments in
medical technology, clinical diagnosis and treatment still
face many challenges due to the inherent heterogeneity
and complexity of tumors: (1) Low early diagnosis rate:
Early symptoms of malignant digestive tract tumors are
atypical and easily overlooked by patients and doctors,
resulting in most patients being diagnosed at advanced
stages, missing the optimal treatment window. This high-
lights the importance and urgency of early screening and
diagnosis [3]; (2) Difficulties in precise diagnosis: Some
tumors lack specific manifestations under endoscopy,
and pathological diagnosis is highly dependent on phy-
sician experience, making the risk of misdiagnosis and
missed diagnosis non-negligible. Pathological diagnosis
of malignant tumors faces multiple challenges, including
morphological and functional heterogeneity, standardi-
zation of specimen collection and processing, and con-
sistency of diagnostic standards [4]; (3) Poor treatment
effects: Patients with advanced disease have poor prog-
nosis, and traditional single treatment modalities have
limited efficacy. There is an urgent need to explore new
treatment targets and strategies from aspects such as
molecular typing, immune microenvironment, and host
characteristics to improve efficacy and prolong survival
[5-7]; (4) Lack of standardized management: China still
lacks standardized guidelines and processes for diagno-
sis, treatment, and follow-up of digestive tract tumors.
The varied levels of diagnostic and treatment capabili-
ties, equipment configuration, and talent cultivation in
primary healthcare institutions affect patients’ long-term
management and quality of life.

Given these clinical challenges, there is an urgent need
for innovative technologies and emerging methods to
enable precise diagnosis and treatment of malignant
digestive tract tumors and improve patient prognosis.
Artificial intelligence (AI) technology, with its power-
ful data analysis and massive information processing
capabilities, has the potential to solve clinical problems
from multiple dimensions: by using Al algorithms to
build efficient and accurate computer-aided diagnos-
tic systems to standardize endoscopic and pathological
diagnostic processes; combining liquid biopsy technol-
ogy to improve early diagnostic accuracy (Appendix 1);
integrating surgical robot technology to enhance surgical
precision and safety (Appendix 2); optimizing automated
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radiotherapy planning and quality control to reduce com-
plications (Appendix 3); and accelerating drug develop-
ment to promote precision medication (Appendix 4).
Additionally, AI demonstrates enormous potential in
prognosis prediction and management of malignant
digestive tract tumors. By analyzing large amounts of
clinical data, AI can more accurately identify risk fac-
tors and predict disease risk, providing early intervention
recommendations for high-risk populations (Appen-
dix 5). During treatment, Al-assisted molecular typing
can provide more precise individualized treatment plans
for patients (Appendix 6). Meanwhile, machine learning-
based prognosis and survival analysis models can pro-
vide more reliable evidence for clinical decision-making,
helping to improve long-term patient prognosis (Appen-
dix 7). Therefore, in-depth exploration of Al applications
throughout the diagnosis and treatment process of diges-
tive tract malignant tumors, including diagnosis, surgery,
radiotherapy, drug development, and prognosis manage-
ment, has important scientific significance and practi-
cal value for improving diagnostic efficiency, enhancing
prognosis, and promoting standardized management.

Overview of artificial intelligence technology development
Artificial Intelligence (Al) is an important branch of com-
puter science dedicated to researching and developing
theories, methods, technologies, and application systems
that can simulate, extend, and expand human intelligence
[8, 9]. Its core goal is to enable machines to perform per-
ception, cognition, decision-making, and task execu-
tion similar to humans. The prototype of this concept
can be traced back to 1950, when Alan Turing published
"Computing Machinery and Intelligence," proposing the
Turing test, which laid the foundation for Al research.
The term "artificial intelligence" was formally proposed
by John McCarthy and other scientists at the Dartmouth
Conference in 1956 [10] (Fig. 1, Appendix 8).

From the late twentieth century to the early twenty-
first century, Al research experienced multiple peaks and
valleys. The rise of expert systems in the 1980s marked
the first peak, but it fell into a trough due to knowledge
acquisition bottlenecks and robustness issues. Since
the twenty-first century, thanks to improved computa-
tional capabilities and the accumulation of massive data,
machine learning (ML) and deep learning (DL) have
driven the revival of Al In 2006, Hinton et al. proposed
deep belief networks, initiating a wave of deep learning
research. In 2012, marked by Krizhevsky et al’s break-
through in the ImageNet competition, deep convolu-
tional neural networks (CNN) demonstrated excellent
image classification performance through the AlexNet
model [11]. Deep learning algorithms extract high-level
features through multi-layer non-linear transformations.
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: timeline

1950 - Alan Turing publishes "Computing Machinery and Intelligence," introducing the Turing test and opening the door to Al research)
1951 - Marvin Minsky and Dean Edmonds develop the first artificial neural network, SNARC.
1956 - John McCarthy and others coin the term "artificial intelligence" at a workshop.

1958 - Frank Rosenblatt develops the perceptron, laying the foundation for modern neural networks.

1965 - Edward Feigenbaum and others develop Dendral, the first expert system.

1980 - Symbolics Lisp machines are commercialized, marking an Al renaissance.

1981 - Danny Hillis designs parallel computers for Al.

1985 - Judea Pearl duces Bayesian networks for causal analysis.
1989 - Yann LeCun and others demonstrate the use of convolutional neural networks (CNNs) in handwritten character recognition.
1997 - Sepp Hochreiter and Jirgen Schmidhuber propose Long Short-Term Memory (LSTM) networks.
2000 - University of Montreal researchers publish a paper on neural probabilistic language models.
2006 - Fei-Fei Li begins work on the ImageNet visual database.
2011 - Jirgen Schmidhuber and others develop the first CNN to achieve "superhuman" performance.
2012 - Geoffrey Hinton and others propose a deep CNN architecture, winning the ImageNet challenge.
DeepMind introduces deep reinforcement learning
2014 -lan G

hers invent generative adversarial networks (GANs).

2017 - Stanford researchers p

- Google researchers in ce the concept of transformers in a paper.

2 - OpenAl releases the GPT language model.

gu

OpenAl releases GPT-3 language model.

s AlphaFold system wins the protein structure pre on contest.

2021 - OpenAl introduces the multimodal Al system Dall-E.
2022 - OpenAl releases ChatGPT in November.
2023 - OpenAl announces the multimodal language model GPT-4.

Fig. 1 Timeline of major developments in artificial intelligence. This figure illustrates the historical timeline of artificial intelligence development
from 1950 to 2023, highlighting key milestones including the introduction of fundamental concepts, breakthrough technologies, and significant
achievements in Al research and applications. Notable events include the establishment of Al as a field in 1956, the development of neural
networks, the emergence of deep learning, and recent advances in large language models

This breakthrough greatly enhanced Al's performance in
perception and cognition, opening up new possibilities
for solving complex tasks [12-15].

In the field of computer vision, convolutional neural
networks (CNNs) have become a typical application of
deep learning (Appendix 8) [16—20]. CNNs effectively

capture image features using convolutional layers and
pooling layers by simulating the human visual system.
Their local connectivity and weight sharing character-
istics make them more efficient when processing large
numbers of images, significantly improving the accu-
racy of image recognition and classification. In recent
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years, other visual algorithms such as generative adver-
sarial networks (GAN) have also made progress in medi-
cal image synthesis and data augmentation. In the field
of natural language processing (NLP), the emergence of
large language models (LLMs) marks a breakthrough in
ATs language understanding and generation capabili-
ties (Appendix 8). These models (such as ChatGPT [21],
Claude [22], and the Llama series [23, 24]) learn rich
language and world knowledge through self-supervised
learning on massive text data, enabling them to under-
stand and generate natural language and perform tasks
such as question-answering, translation, and summariza-
tion. The emergence of LLMs has advanced the develop-
ment of natural language processing technology, bringing
new tools for medical text data analysis and clinical deci-
sion support.

In summary, these advances in artificial intelligence
technology have brought revolutionary changes to vari-
ous industries, particularly significant in the medical and
health fields. The accumulation of massive medical big
data has laid a solid foundation for the application of Al
technology in the medical field. Through deep learning
algorithms and large language models analyzing medical
data, Al can assist in the entire process of disease preven-
tion, diagnosis, treatment, and management. It has the
potential to break through the limitations of traditional
medical models and address challenges in current clini-
cal practice such as standardization, precision, and intel-
ligence [25-27].

Recent progress of Al applications in the medical field

With powerful data processing and analytical capabili-
ties, Al shows enormous application potential in vari-
ous aspects of healthcare and is expected to drive the
transformation of medical practice toward precision
medicine. Currently, the main applications of Al in the
medical field include: (1) Medical image analysis: Deep
learning-based image segmentation, classification, and
detection algorithms can automatically identify organs
and pathological structures in medical images, assisting
in diagnosis and efficacy evaluation. In radiology, Al can
be used for screening and diagnosing diseases such as
nodules and tumors; in pathology, Al can achieve auto-
matic analysis and diagnosis of tissue pathology slides.
(2) Clinical decision support: Machine learning algo-
rithms can extract features from massive clinical data
such as electronic medical records, physician orders,
and laboratory reports to establish disease diagnosis and
prognosis prediction models, assisting clinical decision-
making. For example, based on NLP technology, Al can
automatically structure medical record information and
intelligently recommend examination and medication
plans [28-30]. (3) Drug development: AI can be applied
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to drug molecule screening, virtual drug screening, drug
repositioning, etc., accelerating the new drug develop-
ment process. For example, deep learning algorithms
can screen lead compounds with activity from massive
molecular libraries; Al can predict drug toxicity, reducing
the risk of clinical trial failure [31-35]. (4) Individualized
treatment: Machine learning based on multi-omics data
can perform molecular typing of patients, predict specific
treatment responses, and optimize individualized plans
[36—40]. For example, in tumor treatment, Al integrates
multi-omics data such as genomics, transcriptomics, and
proteomics to construct prognosis and efficacy predic-
tion models, guiding precision therapy [41, 42]. (5) Intel-
ligent health management: Wearable devices and mobile
healthcare generate large amounts of health data, and Al
can assess individual health status, enabling early disease
warning and health management. For example, intelli-
gent wearable ECG monitoring devices analyze ECG data
in real-time, providing early warning of cardiovascular
diseases such as arrhythmia [43, 44].

Although medical Al has made significant progress, its
application in clinical practice still faces many challenges,
including data standardization and sharing, algorithm
interpretability and robustness, ethics, and legal issues.
Future research and application of medical Al requires
integration of multiple disciplines such as medicine,
information, and management, establishment of industry
standards and application specifications, and the estab-
lishment of a sound clinical validation and evaluation
system to ensure that Al technology benefits patients
safely and effectively.

Applications of artificial intelligence

in the diagnosis and treatment of malignant
digestive tract tumors

Al-assisted endoscopic diagnosis

Endoscopic examination is an important method for
diagnosing malignant digestive tract tumors, but the
identification of early lesions under endoscopy requires
doctors to have high experience and technical expertise,
with a miss rate as high as 10-20%. In recent years, artifi-
cial intelligence technology represented by deep learning
has been widely applied in the field of endoscopy, which
is expected to overcome the limitations of human eye
recognition and improve the detection rate and diagnos-
tic accuracy of digestive tract tumors.

Upper Digestive Tract Tumors: Upper digestive tract
tumors mainly include esophageal cancer and gastric
cancer. Under traditional endoscopy, these early lesions
present atypically and are easily overlooked. Al-assisted
diagnostic systems based on endoscopic images and
videos can achieve automated, real-time detection and
recognition of lesions, compensating for the deficiency
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of insufficient physician experience. Horie Y et al. devel-
oped a deep learning-based esophageal cancer screening
system that automatically detects esophageal squamous
cell carcinoma and adenocarcinoma by intelligently ana-
lyzing endoscopic images, with a sensitivity as high as
98% [45]. Additionally, Tang D et al. constructed an in-
situ diagnostic model for early esophageal squamous cell
carcinoma based on real-time deep convolutional neural
networks, which can accurately classify lesions under

Al and Malignant Digestive Tract Tumors
Computer-Aided Detection (CADe)
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endoscopy with an accuracy of 95.4% [46]. For gastric
cancer, Horiuchi Y et al. developed an AI detection sys-
tem for early gastric cancer and atrophic gastritis, which
can determine the presence of lesions within 0.02 s by
analyzing each frame of gastroscopy videos, with diag-
nostic accuracy and sensitivity of 85.3% and 95.4%,
respectively [47]. Besides detecting early lesions, Al can
also assist in determining the invasion depth of gastric
cancer, providing references for surgical planning. Nagao

Network meta-analysis comparing the effectiveness of CADe with other techniques

CADe compared with other techniques

OR 1.54 [95% ClI 1.22-1.94]

Chromoendoscopy

CADe vs increased mucosal visualisation systems
CADe vs chromoendoscopy

OR 1.45 [95% ClI 1.14-1.85]

CADe ranked highest for sessile serrated lesi
but without statistical significance

: Lancet Gastroenterol Hepatol. 2021 Oct;6(10):793-802. doi: 10.1016/52468-1253(21)00215-6. (Spadaccini M, Repici A)

1. Less operator bias
2. CADe use according to endoscopist preferences
3. Closer to real clinical settings

4. Allows for long-term observations

1. Reduces bias, balances known and unknown confounding factors
2. More reliable establishment of causal relationships
3. High internal validity

4. Standardized procedures, reducing operational bias

5. Relatively simple statistical analysis

5. Easier to recruit large numbers of patients

6. Suitable for evaluating new technologies or treatments

7. Results more easily accepted by regulatory authorities

1. High risk of selection bias

2. Difficult to control confounding factors
3. Challenging to infer causal relationships
4. Results may lack generalizability

5. Relatively complex statistical analysis

1. Uncertain internal validity (inability to blind endoscopists)
2. Uncertain external validity (highly controlled settings)
3. May not fully reflect actual clinical use

4. High cost and difficult to implement

Fig. 2 Network meta-analysis comparing the effectiveness of computer-aided detection (CADe) with other endoscopic techniques. Results
from a systematic review including 50 randomized controlled trials with 34,445 participants. The analysis demonstrates CADe’s superior
performance in adenoma detection rate (7.4% higher than HD white-light endoscopy), large adenoma detection (OR 1.69), and serrated
lesion detection. Comparative analysis shows CADe significantly outperforming both increased mucosal visualization systems (OR 1.54)

and chromoendoscopy (OR 1.45)
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et al. used convolutional neural networks combined
with transfer learning to train on endoscopic images and
developed a diagnostic model for gastric cancer invasion
depth, achieving accuracy and sensitivity of 94.5% and
84.4%, respectively [48].

Lower Digestive Tract Tumors: Lower digestive tract
tumors are mainly colorectal cancer. Colonoscopy is
the gold standard for screening and diagnosing colorec-
tal cancer, but due to factors such as multiple colonic
mucosal folds and narrow lumen, the miss rate can be
as high as 22%. Al technology can fully utilize the infor-
mation from each frame of colonoscopy videos, scan
the intestine from all angles, identify small lesions easily
overlooked by the human eye, and reduce missed diagno-
ses. Wallace MB et al. applied deep learning to construct
a computer-aided diagnostic system for colonoscopy,
showing that Al can reduce the miss rate of colorectal
tumors by approximately twofold [49]. To achieve real-
time prompting of lesions, Misawa M et al. developed a
real-time detection system for colorectal polyps that can
automatically mark suspicious polyp areas by analyzing
colonoscopy video images, with a sensitivity of 90.0%
[50]. Urban G et al. used convolutional neural networks
for computer-aided analysis of colonoscopy images, con-
firming that Al can significantly improve adenoma detec-
tion rates with a detection accuracy as high as 96.4%
[51]. Furthermore, Al can be combined with new endo-
scopic technologies to achieve more precise diagnosis.
The AI model EndoBRAIN developed by Kudo SE et al.
efficiently distinguishes between neoplastic and non-
neoplastic colorectal lesions by analyzing endoscopic
cytological staining images and Narrow-Band Imaging
(NBI) images, with an accuracy of [52], providing a new
approach for "optical biopsy."

With the emergence of the above AI technology
achievements, some Al systems have begun to enter
clinical practice in the field of endoscopy. For example,
GI Genius is the first real-time Al-assisted detection
device approved by regulators for colonoscopy, which
has proven to improve the detection rate of colorectal
polyps in actual applications [53]. Spadaccini et al. con-
ducted a network meta-analysis to evaluate the rela-
tive effectiveness of computer-aided detection (CADe)
compared to other advanced endoscopic technologies
in colorectal tumor detection [54]. The study included
50 randomized controlled trials involving 34,445 partici-
pants, using a frequentist framework and random effects
model for systematic review (Fig. 2). The results showed
that CADe significantly outperformed other technologies
in adenoma detection rate and large adenoma (>10 mm)
identification: compared to high-definition white-light
endoscopy, the adenoma detection rate increased by
7.4%, and was also significantly better than enhanced
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mucosal visualization (such as NBI) systems and chro-
moendoscopy. In the detection of serrated lesions,
although CADe showed a trend of superiority over other
strategies, the advantage did not reach statistical sig-
nificance. This study is the first systematic review that
directly compares the effectiveness of CADe with other
advanced endoscopic technologies through network
meta-analysis, providing strong empirical support for the
application of CADe in clinical practice.

The core algorithms currently used for Al-assisted
endoscopic diagnosis are mostly based on convolutional
neural networks (CNN), such as ResNet, VGG, YOLO,
or Faster R-CNN. These models are typically pre-trained
on large endoscopic image datasets and then undergo
transfer learning for specific lesions (such as colorectal
polyps, early gastric cancer). In feature engineering, early
methods relied on manually extracting image features
such as texture and edges, while the current mainstream
approach is to adopt end-to-end automatic feature
extraction through deep learning, using multiple convo-
lutional kernels to refine information on lesion patterns,
mucosal textures, and color differences. In real-time
detection scenarios, models often adopt lightweight net-
works combined with attention mechanisms (Attention
Module) or real-time object detection frameworks such
as SSD/YOLO to ensure a balance between inference
speed and recognition accuracy.

Endoscopic AI models commonly use metrics such as
Sensitivity, Specificity, Positive Predictive Value (PPV),
Negative Predictive Value (NPV), and Area Under the
ROC Curve (AUC) to quantify performance. In actual
screening, more attention is paid to changes in miss rates
and Adenoma Detection Rate (ADR). To improve clinical
feasibility, some studies additionally monitor false posi-
tive prompt rates to evaluate the operational burden on
physicians. Although positive results have been achieved
in single-center or small-scale multi-center studies, the
cross-institutional generalizability of algorithms still
needs further validation through large-scale, multi-geo-
graphic region clinical trials. Additionally, data bias and
algorithmic inequality issues have gradually received
attention, and validation across multi-center multi-ethnic
populations will help reduce inconsistent algorithm per-
formance across different populations.

We note that there is currently a lack of specific data
on adverse consequences caused by errors or failures of
Al endoscopy systems in the diagnosis and treatment
of digestive tract tumors (Appendix 9). Understand-
ing the potential risks of Al systems is crucial for their
safe and effective application. Despite limited direct data
on adverse impacts, some research results are incon-
sistent with the mainstream view that "Al is definitely
beneficial." The latest meta-analysis by Patel HK et al.
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Al and Malignant Digestive Tract Tumors

The benefits and harms of using Computer-Aided Detection ( CADe)

in real-world colonoscopy practice

Benefits

No difference in ADR RR 1.11 [95%Cl 0.97 — 1.28]

No difference in ADR
(Retrospective studies)

increase in ADR
(Prospective studies)

RR 0.97 [95%CI 0.86 — 1.09]
RR 1.29 [95%C! 1.11 — 1.49]
No difference in AADR RR 0.84 [95%Cl 0.59 — 1.20]

No difference in APC MD 0.14 [95%CI -0.04 — 0.32]
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\
Al-gcs\si%a

L

No difference in inspection time m MD 0.86 minutes [95% Cl -0.18 — 1.90]

No difference in NNLPC MD 0.14 [95% CI -0.07 — 0.34]

AADR = advanced adenoma detection rate;

ADR = adenoma detection rate;

APC = Mean adenoma per colonoscopy;

NNLPC = non-neoplastic lesion per colonoscopy

Source: Clin Gastroenterol Hepatol. 2024 May;22(5):971-980.e15. doi: 10.1016/j.cgh.2023.11.029. (Patel HK, Sharma P.)

The study included 8 research projects, involving a total of 9,782 patients,

of whom 4,569 underwent colonoscopy

Non-randomized Studies:

Advantages:

1. Less operator bias

2. CADe use according to endoscopist preferences
3. Closer to real clinical settings

4. Allows for long-term observations

5. Easier to recruit large numbers of patients

Disadvantages:
1. High risk of selection bias

2. Difficult to control confounding factors
3. Challenging to infer causal relationships
4. Results may lack generalizability

5. Relatively complex statistical analysis

Computer-Aided Detection (CADe) and 5,213

Randomized Trials:
Advantages:

1. Reduces bias, balances known and unknown confounding factors
2. More reliable establishment of causal relationships

3. High internal validity

4. Standardized procedures, reducing operational bias

5. Relatively simple statistical analysis

6. Suitable for evaluating new technologies or treatments

7. Results more easily accepted by regulatory authorities

Disadvantages:

1. Uncertain internal validity (inability to blind endoscopists)
2. Uncertain external validity (highly controlled settings)

3. May not fully reflect actual clinical use

4. High cost and difficult to implement

Fig. 3 Comparative analysis of CADe effectiveness in non-randomized studies. Meta-analysis results from 8 non-randomized controlled studies
involving 9,782 patients, comparing outcomes between CADe-assisted (n=4,569) and standard colonoscopy (n=5,213). The analysis found

no significant differences in adenoma detection rate (ADR), advanced adenoma detection rate (AADR), mean adenomas per colonoscopy (APC),
inspection time, and non-neoplastic lesions per colonoscopy (NNLPC) in retrospective studies

(Fig. 3) included 8 non-randomized controlled studies
(9,782 patients in total), comparing the CADe-assisted
group (n=4569) with the standard colonoscopy group
(n=5213). The results showed that in retrospective stud-
ies, the use of CADe did not significantly improve the
detection rate of colorectal tumors, nor did it increase
the burden of colonoscopy operation. There was no sta-
tistically significant difference between the two groups
in indicators such as Adenoma Detection Rate (ADR),
Advanced Adenoma Detection Rate (AADR), Adenomas

Per Colonoscopy (APC), examination time, and Non-
Neoplastic Lesions Per Colonoscopy (NNLPC) [55].
However, this conclusion may be too conservative. The
analysis has limitations such as limited sample size and
uneven technical levels. Meanwhile, the learning curve
effect of CADe, its potential advantages in high-risk
populations, and its contribution to improving diag-
nostic consistency and reducing human errors have
not been fully evaluated. It should be emphasized that
CADe should be viewed as a supplement to physicians’
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expertise, and its performance is expected to continu-
ously improve with data accumulation and algorithm
optimization.

Although artificial intelligence has shown significant
potential in endoscopic diagnosis of malignant diges-
tive tract tumors, its true value in clinical practice still
needs further validation. Current limitations are mainly
reflected in: (1) Most studies are still retrospective analy-
ses, and data from single centers limit the generalizability
of models; (2) There is a lack of prospective large-scale
study evidence, and the effectiveness and safety of Al
diagnostic models need to be further validated through
multi-center randomized controlled trials; (3) The lack of
unified standards for endoscopic image acquisition and
processing affects the accuracy and reproducibility of Al
diagnosis. To fully leverage the role of Al in improving
colorectal cancer screening and diagnosis while mini-
mizing potential risks, future research should focus on:
(1) Conducting more large-scale, long-term randomized
controlled trials to comprehensively evaluate the effec-
tiveness and safety of CADe in real clinical environments;
(2) Establishing industry standards for endoscopic image
acquisition and use, constructing a medical endoscopic
image knowledge base to provide high-quality data sup-
port for Al algorithm development; (3) Formulating qual-
ity control standards and ethical regulatory frameworks
for endoscopic Al products, clarifying the responsibil-
ity boundaries between endoscopists and Al systems,
ensuring the reliability of Al-assisted diagnosis and trust
between doctors and patients.

Al-assisted pathological diagnosis

Pathological examination, as the gold standard for diag-
nosing malignant digestive tract tumors, has long played
a crucial role in clinical practice. However, traditional
pathological diagnosis is highly dependent on the sub-
jective experience of pathologists, inevitably leading to
problems such as low diagnostic efficiency, poor accu-
racy, and large inter-observer variations, which are not
conducive to timely and accurate identification of malig-
nant tumors. With the rapid development of artificial
intelligence (AI) technology, its application in the field of
pathological diagnosis has provided new possibilities for
solving these problems. Through objective quantitative
analysis of pathological images, Al technology can not
only assist in pathological diagnosis, improving diagnos-
tic efficiency and accuracy, but also significantly reduce
doctors’ workload.

The development of Al-assisted pathological diagnosis
for digestive tract tumors has evolved from basic image
analysis to vision-language fusion, and then to multi-
modal interaction. Basic Image Analysis Stage: Research
mainly focused on classification, segmentation, and
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grading tasks of pathological images. lizuka et al. devel-
oped an Al diagnostic system for colorectal cancer path-
ological images that can automatically identify normal
tissue, adenoma, and adenocarcinoma, providing a pow-
erful tool for rapid screening of suspicious cases [56]. The
automated feature global delivery connection network
(FGDC-net) proposed by Shi P et al. achieved significant
results in the nuclear segmentation task of H&E stained
images, providing a basis for nuclear atypia analysis [57].
The Al classification and grading method for colorectal
cancer developed by Awan R et al. uses deep convolu-
tional neural networks and achieved 97% binary classifi-
cation accuracy (normal tissue vs. cancer tissue) and 91%
three-category classification accuracy (normal, low-grade
neoplasia, high-grade neoplasia) in histological grading
tasks, providing an important basis for precision treat-
ment [58].

Vision-Language Fusion Stage: As research deepened,
large-scale vision-language pre-trained foundation mod-
els gradually became a new direction for pathological
Al The emergence of the CONCH (CONrtrastive learn-
ing from Captions for Histopathology) model marked
the entry of pathological Al into a new stage of vision-
language fusion (Fig. 4) [59]. This model obtained rich
visual-language representations through contrastive
learning pre-training on more than 1.17 million pairs
of pathological image-text pairs, enabling better under-
standing and utilization of language information in
pathology reports. CONCH performed excellently in
various downstream tasks, including zero-shot classifica-
tion (classifying unseen categories of pathological images
without additional training), cross-modal retrieval (using
text to search for related images or images to search for
descriptive text), image segmentation, and image descrip-
tion. Especially in the diagnosis of rare diseases, CONCH
combined with weakly supervised learning showed sig-
nificant potential, providing new ideas for addressing dis-
eases with scarce data.

Multimodal Interaction Stage: The latest research
progress has introduced more advanced multimodal
generative Al pathology assistants, such as PathChat
(Fig. 5) [60]. These systems not only analyze pathological
images but also understand and generate relevant natu-
ral language, answering pathological diagnostic questions
conversationally, achieving truly interactive diagnostic
assistance. PathChat was constructed by combining a
specially trained pathological image visual encoder [61]
with a pre-trained large language model (such as Llama
2), and fine-tuned on over 450,000 diverse image-text
instructions (containing 999,202 rounds of Q&A). Evalu-
ations showed that PathChat performed excellently com-
pared to other multimodal models: in multiple-choice
diagnostic tasks with pathological images, PathChat
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Al and Malignant Digestive Tract Tumors

CONCH (CONtrastive learning from Captions for Histopathology)

Data Sources:
« Educational resources (EDU)
» PubMed Central Open Access Dataset (PMC OA)
+ Other unlabeled sources
Processing Steps:
* Object Detector: Trained to detect histopathology images

* Caption Splitter: Trained to split captions referring to multiple images
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Dataset Characteristics

. Gastrointestinal tract
Bones, joints & soft-tissue tumors

Liver & biliary tract
Hematopathology

Central nervous system

Female genital tract

Breast

. Kidney
Peripheral nerve & skeletal muscle
Hea neck

Male genital tract

* Matcher: Matches detected images with their corresponding captions Heart

Dataset Scale:

+ Unfiltered dataset: Approximately 1.79 million image-text pairs

Blood vessels
Endocrine system

. Pancreas

Lower urinary tract

* Human-only dataset (CONCH): excluding non-human related image-text pairs ve

N\

0 25000 50000 75000 100000 125000

IHC and special staining

457,373 pairs 713,595 pairs

Approximately 1.17 million image-text pairs

Source: Nat Med. 2024 Mar;30(3):863-874. doi: 10.1038/s41591-024-02856-4. (Lu MY, Mahmood F.)

Visual-language pretraining setup:

+ Consists of an iflage encoder, a and a multimodal text decode

- Trained using contrastive and generative objectives

- The contrastive objectives align the outputs of the image and text encoders

- The generative objective maximizes the likelihood of generating the correct text

Key performance:

« In zero-shot classification tasks, CONCH achieved over 90% accuracy on multiple datasets.

« It significantly outperformed baseline models in cross-modal retrieval tasks.

+ CONCH also demonstrated excellent performance in zero-shot segmentation tasks.

- In few-shot learning scenarios, it exhibited high label efficiency.

Fig. 4 Overview of CONCH (CONtrastive learning from Captions for Histopathology). lllustration of the CONCH model architecture and dataset
composition, comprising approximately 1.17 million image-text pairs, including 457,373 H&E staining pairs and 713,595 IHC and special staining
pairs. The figure shows the data processing pipeline, including object detection, caption splitting, and image-text matching, along with key
performance metrics in zero-shot classification and cross-modal retrieval tasks

achieved an accuracy of 78.1%, significantly higher than
the comparative models LLaVA 1.5 (51.3%), LLaVA-Med
(55.3%), and ChatGPT-4 (24.3%); when both images and
clinical background information were provided, Path-
Chat’s accuracy increased to 89.5%, 39.0%, 60.9%, and
26.9% higher than the above models, respectively. In
open-ended Q&A tasks, PathChat’s answers were more
favored by pathologists, with an accuracy of 78.7%, about
48% higher than LLaVA1.5 and LLaVA-Med, and 26.4%
higher than ChatGPT-4. Particularly in "microscopic

examination"” and "diagnostic” type questions that require
careful examination of histological images, PathChat’s
performance was outstanding, with its answers consid-
ered more accurate and helpful by experts. This type of
multimodal interactive Al system provides strong techni-
cal support for the "Al+ pathologist" collaborative diag-
nostic model, allowing pathologists to engage in multiple
rounds of dialogue with Al, clarify doubts, obtain more
information, and ultimately make more accurate diagno-
ses. PathChat demonstrated high flexibility, effectively
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PathChat, a vision-language generalist Al assistant for human pathology
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UNI Visual-language pretraining
using 1.18 million pathology
image-caption pairs

sl

The complete MLLM architecture
(multimodal large language model)

a state-of-the-art (SOTA) vision-only encoder

i

pretrained on over 100 million histology image patches
from over 100 thousand slides using self-supervised learning

Capable of understanding
pathology images and text,
and responding to complex

pathology-related queries

PathChat

large language model
Transformer-based
autoregressive causal

finetuned

Source: Nature. 2024 Jun 12. doi: 10.1038/s41586-024-07618-3. (Lu MY,Mahmood F)

Multiple-choice diagnostic questions:

- Image-only input:

78.1% accuracy (52.4% higher than LLaVA 1.5, 63.8% higher than LLaVA-Med, 53.8% higher than ChatGPT-4)

- Image with clinical context input:

89.5% accuracy (39.0% higher than LLaVA 1.5, 60.9% higher than LLaVA-Med, 26.9% higher than ChatGPT-4)

Open-ended question answering:

More preferred by pathologists

(48.9% higher than LLaVA 1.5, 48.1% higher than LLaVA-Med, 26.4% higher than ChatGPT-4)

+ 78.7% accuracy on the subset with pathologist consensus evaluation

Flexibility:

- Effectively combines visual features and clinical background information to provide more accurate diagnoses

Interactive capability:

« Supports multi-turn dialogue, able to adjust diagnostic approach based on additional information

Fig. 5 Architecture and performance of PathChat, a multimodal Al pathology assistant. Detailed representation of PathChat's architecture,
combining a UNI visual-language pretrained model with Llama 2 LLM, fine-tuned on 456,916 instructions. The figure highlights PathChat's superior
performance in multiple-choice diagnostic questions (78.1-89.5% accuracy) and open-ended question answering (78.7% accuracy), significantly

outperforming other models like LLaVA 1.5, LLaVA-Med, and ChatGPT-4

combining visual features and clinical context informa-
tion to provide diagnostic advice, and supporting judg-
ment adjustments based on new information. In complex
diagnostic processes (for example, when facing tumors
of unknown primary origin requiring multiple rounds
of immunohistochemical testing), this interactive, multi-
round reasoning capability is particularly valuable.
Fine-grained Feature Extraction and Interpretabil-
ity: Pathological AI commonly uses architectures based
on fully convolutional networks (FCN), U-Net, or Swin

Transformer to extract slice-level or patch-level features
from digital slides. These models can extract fine-grained
features such as nuclear morphology, staining inten-
sity, and tissue structure patterns in stages, and output
specific diagnostic results in classification or segmenta-
tion heads. To enhance interpretability, some studies
introduce visualization attention maps or class activa-
tion mapping (CAM) within the model, directly marking
the areas of most concern to the model on pathological
images to help pathologists understand the basis of Al
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decisions. For example, in the diagnosis of submucosal
invasion of gastric cancer, the model can mark the loca-
tion of suspicious submucosal infiltration bands, indicat-
ing high-risk areas.

Validation Metrics and Evidence-based Medical Evi-
dence: The evaluation of pathological AI typically
includes multiple levels: in segmentation tasks, overlap
is quantified using the Dice coefficient and Intersec-
tion over Union (IoU); in classification or grading tasks,
diagnostic consistency is evaluated using metrics such
as accuracy, F1 score, and AUC. There are differences in
the setting of the "gold standard" across different stud-
ies, with some using the consensus of senior pathology
experts as a reference, while others refer to molecular
diagnosis or long-term prognosis. Most existing literature
is retrospective in design, lacking large-scale prospec-
tive, multi-center clinical trials. To provide pathological
Al with a more solid evidence-based medical foundation,
embedded validation in real clinical workflows is needed,
observing its impact on diagnostic efficiency, miss rates,
and clinical decision-making accuracy.

Although Al-assisted pathological diagnosis has made
significant technological progress, its clinical translation
and application still face many challenges. The primary
issue is data quality and standardization: the consistency
of pathological slice quality and staining directly affects
AT diagnostic accuracy, and differences in slice prepara-
tion and diagnostic standards between different hos-
pitals and regions require the inclusion of multi-center,
multi-source data when building AI models to improve
model generalizability. Secondly, model interpretability
still needs to be strengthened: clinical physicians need
to understand the basis of Al diagnoses to increase trust
and adoption. Next, knowledge update mechanisms:
medical knowledge and diagnostic standards are con-
stantly evolving, and AI models need to have the ability to
continuously learn and update to adapt to emerging diag-
nostic standards and treatment methods. Additionally,
clinical validation and quality control are also key: pro-
spective studies are needed to validate the actual benefits
of Al pathological diagnosis, and corresponding quality
control and responsibility tracing mechanisms need to be
established to ensure that Al systems are applied to clini-
cal practice in a long-term, safe, and reliable manner.

Looking to the future, Al-assisted pathological diagnos-
tic systems are expected to further integrate multimodal
data, including whole-slide digital pathological images,
multi-omics data such as genomics and transcriptomics,
and patient clinical information, achieving more compre-
hensive and precise diagnoses. The deep integration of Al
systems with clinical tools such as digital pathology slide
scanners and electronic medical record systems will pro-
vide pathologists with a seamless intelligent assistance
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experience. This integration will not only improve the
accuracy and efficiency of diagnosis but also promote the
development of personalized treatment plans, opening
new prospects for the precise diagnosis and treatment of
malignant digestive tract tumors.

Problems and challenges in clinical applications
Data quality and standardization

The introduction of artificial intelligence technology
into the diagnosis and treatment of malignant digestive
tract tumors requires high-quality data resources as a
foundation. However, there is currently a lack of unified
standards in the collection, storage, and annotation of
tumor big data, which seriously affects data quality and
constrains the development and application of intelligent
models.

First, data collection lacks standardization: information
systems across different medical institutions vary greatly,
with inconsistent data recording formats and terminol-
ogy. Non-structured data such as imaging and pathology
lack unified collection specifications, and data quality
obtained under different equipment and parameters var-
ies significantly. There is also a lack of mechanisms for
collecting long-term follow-up data on patients, result-
ing in short time spans and incomplete information. Sec-
ond, data annotation lacks standardization: medical data
annotation requires professional knowledge and experi-
ence, and the varying levels of different annotators can
easily lead to bias and errors. Especially for non-struc-
tured data, there is a lack of unified annotation guide-
lines and quality control processes, resulting in strong
subjectivity in annotation and difficulty in ensuring
consistency. The manual annotation of massive medical
data is labor-intensive and inefficient, becoming a bot-
tleneck for Al development. Additionally, the integration
of multi-omics data faces challenges such as complex
non-linear interactions, data imbalance, batch effects,
and dimensionality disaster [62, 63]. The lack of effective
standardization methods for omics data seriously affects
the development of Al models based on multi-omics big
data. Duan R et al. evaluated the accuracy, robustness,
and computational efficiency of ten integration meth-
ods in cancer molecular subtype classification based on
multi-omics data from nine cancers in the TCGA data-
base, and discussed the impact of different omics data
types and their combinations on classification results
[64]. Furthermore, the lack of data sharing platforms
between medical institutions makes cross-institutional
data aggregation difficult, with small sample sizes from
single centers limiting large-scale validation of AI mod-
els. The so-called "data silos" phenomenon seriously hin-
ders the research progress and translational application
of Al in the medical field. At the same time, medical data



Gao et al. Journal of Translational Medicine (2025) 23:412

involves patient privacy, and the lack of clear data privacy
protection policies and secure sharing mechanisms also
limits data circulation.

To address these issues, there is an urgent need to
establish a unified system of standards for the collection,
storage, and access of medical big data, standardizing the
acquisition processes and quality control measures for
medical records, imaging, pathology, omics, and other
data. Natural language processing and other technologies
should be integrated to establish efficient professional
annotation platforms and collaborative teams, improv-
ing the efficiency and quality of data annotation. Intel-
ligent omics data preprocessing and analysis workflows
should be developed to achieve standardized integration
and deep mining of omics data. National medical big data
sharing platforms should be built, promoting cross-insti-
tutional data sharing and cooperation under the premise
of ensuring patient privacy and data security, provid-
ing large-scale, high-quality data support for Al model
development.

Interpretability and reliability of algorithm models
The application of AI in the diagnosis and treatment
of malignant digestive tract tumors requires not only
that models have high-precision predictive capabilities
but also that clinicians can understand and trust their
decision-making basis [65, 66]. However, current Al
algorithms still face many challenges in terms of inter-
pretability and reliability. First, the model "black box"
problem is prominent [67]. Mainstream deep learning
models have complex structures and massive param-
eters, making their decision-making processes difficult
to explain in an intuitive way. This lack of transparency
makes it difficult for physicians to understand the diag-
noses and predictions given by Al, thereby affecting trust
and acceptance of Al systems [68—71]. Second, the gen-
eralization ability of models needs improvement. Most
Al models are trained on specific datasets with insuf-
ficient sample representativeness and diversity, limiting
the applicability of models to real-world data from dif-
ferent populations and different hospitals. How to ensure
that models can work reliably across different popula-
tions, regions, and time periods is an urgent problem to
be solved. In addition, insufficient model robustness is
also a challenge. Medical data often contains noise, anno-
tation errors, and missing values, and current Al mod-
els are relatively sensitive to these data problems, prone
to overfitting, and thus performing unstably in practi-
cal applications. The lack of model update and iteration
mechanisms is also a significant problem. Changes in dis-
ease spectra, new diagnostic guidelines, and new drugs
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all require AI models to continuously learn and update.
However, there is currently a lack of effective mecha-
nisms for continuous learning and updating of models,
making it difficult for Al to adapt to the rapid iteration of
medical knowledge; when attempting continuous learn-
ing, phenomena such as "catastrophic forgetting" and
"knowledge hallucination"” may be encountered [72, 73].
To improve the interpretability and reliability of Al
models, a multi-pronged approach is needed. First,
strengthen research on explainable AI technologies and
develop models that can provide explanations for deci-
sion-making bases. For example, use inherently inter-
pretable models (such as decision trees [74] or linear
models [75]), apply post-hoc explanation methods (such
as LIME or SHAP [76, 77]), introduce attention mecha-
nisms to highlight key areas of model focus [78], com-
bine multimodal data to provide richer explanations,
and distill knowledge from complex models into simpler
ones through knowledge distillation. Second, establish a
model quality management and evaluation system cover-
ing the entire process from data acquisition and preproc-
essing to model training, testing, and deployment, and
assess models from multiple dimensions such as statisti-
cal performance, clinical effectiveness, and ethical impact
to ensure that Al systems are safely and reliably applied
to patients. Third, fully utilize multi-center data and
advanced privacy-preserving learning technologies such
as federated learning [79] and transfer learning (Appen-
dix 8) [80] to achieve cross-center collaborative training
without directly sharing raw data, increasing training
data diversity and improving model generalization capa-
bilities. At the same time, combine active learning and
incremental learning strategies to establish mechanisms
for continuous learning and updating of models, timely
incorporation of new diagnostic and treatment knowl-
edge, and maintaining the advanced nature of model
predictions. Some algorithms that can effectively miti-
gate catastrophic forgetting (such as Elastic Weight Con-
solidation EWC [81] and experience replay [82, 83] can
be introduced to ensure that models do not forget old
knowledge while continuously learning new knowledge.
Taking pathology Al assistants like PathChat as exam-
ples, the following new methods can be adopted to
improve their interpretability: 1) Attention visualization
techniques that directly highlight model focus areas on
pathological images; 2) Concept extraction, mapping
features learned by the model to histological concepts
familiar to pathologists; 3) Counterfactual explanations,
exploring which changes in input would alter model out-
put [84, 85]; 4) Language-vision alignment techniques,
ensuring one-to-one correspondence between model
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visual features and professional medical terminology
[86]; 5) Knowledge graph integration, making model rea-
soning processes traceable to existing medical knowledge
systems [87, 88]; 6) Multimodal explanation generation,
simultaneously utilizing images, text, and other clinical
data to provide comprehensive diagnostic bases [89]; 7)
Interactive explanation systems, allowing users to engage
in multiple rounds of interaction with the model to
explore decision-making bases [90, 91]; 8) Case-compar-
ative learning, explaining model diagnoses by comparing
current cases with historical ones [92]; 9) Uncertainty
quantification, clearly indicating the confidence level of
model diagnoses and explaining sources of uncertainty
[93]; 10) Model distillation, transferring knowledge from
complex models to simple ones to improve interpret-
ability [94]; 11) Neural-symbolic fusion, combining the
representational capabilities of neural networks with
the interpretability of symbolic systems [95]. In sum-
mary, improving the interpretability and transparency
of Al models is a complex challenge requiring multidis-
ciplinary collaboration across algorithms, medicine, and
ethics. The development of these new technologies will
help enhance the interpretability of medical Al systems
and strengthen the trust of physicians and patients in Al-
assisted diagnosis.

Ethics, safety, and regulations

In the process of promoting the clinical translation of
Al technology, ethical, safety, and regulatory factors are
equally crucial. The application of Al in healthcare may
raise ethical issues such as patient privacy breaches,
unfair healthcare due to algorithmic bias, and attribu-
tion of responsibility for Al decisions, which need to be
fully considered in technology development and applica-
tion. Clear patient privacy protection policies should be
established, using techniques such as data de-identifica-
tion and federated learning to reduce privacy risks, and
ensuring that algorithmic decisions do not systemati-
cally discriminate against certain groups due to training
data bias. In terms of safety, rigorous testing of Al sys-
tems’ ability to handle extreme situations is necessary to
prevent dangerous outputs under abnormal inputs, and
contingency plans for Al system failures should be for-
mulated. On the regulatory front, regulatory bodies in
various countries are gradually developing assessment
and approval guidelines for medical Al For instance,
the US. Food and Drug Administration (FDA) has
already approved the marketing of multiple AI diagnos-
tic software products, and China is also exploring tiered
management and admission standards for medical Al
products. Establishing clear regulatory frameworks and
industry standards helps regulate the development of Al
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medical products and promotes their safe and effective
entry into clinical use.

Algorithm bias and unfair healthcare

Although Al shows potential in assisting diagnosis and
treatment decisions, performance differences of AI mod-
els across different populations and environments have
been widely observed. This bias may stem from imbal-
anced training data, implicit human biases in the data,
and selection bias in the model development process.
If not corrected promptly, algorithmic bias will lead to
unfair treatment of certain patient groups, potentially
further exacerbating existing health inequality issues.
Taking pathology and endoscopy as examples, differ-
ent equipment, staining methods, and operational tech-
niques all introduce domain shift, making it difficult
for Al systems to adapt to samples outside the training
set. To ensure the fairness of Al clinical applications,
researchers recommend introducing debiasing algo-
rithms and strict bias detection mechanisms throughout
the model development process [96]. In the future, data
quality control and standardization processes should
be further improved, cross-institutional joint research
strengthened, diverse datasets collected, and bias issues
effectively mitigated through statistical correction meth-
ods and improved model interpretability, allowing Al
technology to benefit all patient groups more fairly.

Insufficient clinical applicability validation

Like traditional medical devices, AI models also need to
undergo thorough and rigorous clinical validation before
they can truly enter clinical pathways. At the current
stage, many Al studies achieve good results on retrospec-
tive datasets, but once transferred to real clinical scenar-
ios (such as intraoperative real-time detection, dynamic
pathological workflows), their performance often fluctu-
ates due to factors such as on-site environment, operating
habits, and individual patient differences. Most studies
also lack direct observation of patient endpoints (such as
survival time, complication rates), remaining only at the
level of diagnostic accuracy. To truly assess the impact
of AI on patient prognosis and medical resource alloca-
tion, longitudinal data needs to be collected through pro-
spective, multi-center clinical trials or real-world studies
(RWS) to test its robustness and generalizability in differ-
ent scenarios.

Clinical validation and evidence-based support

The true value of Al systems ultimately needs to be dem-
onstrated through clinical validation. Like traditional
drugs and devices, Al algorithms should undergo thor-
ough prospective validation before clinical application
to assess their actual impact on clinical decisions and
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patient outcomes. However, most Al research currently
remains at the stage of comparing technical performance
indicators, lacking assessment of key clinical endpoints
such as patient survival and quality of life, especially
with a serious deficiency of prospective randomized
controlled trials (RCTs), making it difficult to deter-
mine the effectiveness of Al algorithms in real clinical
environments. As of 2022, approximately 43% of medi-
cal AI devices approved by the FDA had not published
clinical validation data, and less than 5% had been vali-
dated through RCTs [97, 98], a situation that has drawn
attention from regulatory authorities. In the future, to
promote widespread clinical acceptance of Al technol-
ogy, embedded clinical trials should be actively designed
and conducted, incorporating Al-assisted diagnosis and
treatment into actual clinical pathways for comprehen-
sive assessment of its real efficacy. Meanwhile, data sci-
ence education for healthcare professionals should be
strengthened to enhance their understanding of the role
and limitations of Al patient communication should be
enhanced to clearly explain the advantages and potential
risks of Al technology, increasing patient acceptance and
trust. Additionally, medical journals and academic con-
ferences should encourage the publication of negative
research results to reduce publication bias, and regula-
tory authorities should consider making prospective clin-
ical validation of key AI algorithms a necessary condition
for approval or reimbursement. Only when the effective-
ness and safety of Al are fully proven by high-quality
clinical evidence can its widespread application in the
medical field truly be realized.

Research gaps

Reviewing current literature, the following systematic
research gaps still exist in Al for diagnosis and treatment
of malignant digestive tract tumors: First, there is a lack
of large-scale clinical trials to validate model generaliz-
ability across real-world multi-center, multi-ethnic data,
which is insufficient to support universally applicable
conclusions for populations in different regions; Second,
research on algorithmic interpretability mostly remains
at the technical level, lacking comprehensive assessment
of social factors such as actual application feedback from
clinical physicians, doctor-patient communication, and
responsibility determination; Third, research on multi-
modal Al based on multi-omics (genomics, transcrip-
tomics, proteomics, etc.) is still not systematic, making
it difficult to comprehensively explore the relationship
between molecular typing and treatment plan selection;
Fourth, standardized evaluation systems remain incom-
plete, particularly lacking longitudinal follow-up on
patients’ long-term survival outcomes, quality of life, and
cost-effectiveness analysis.
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In summary, although AI shows broad prospects in
the diagnosis and treatment of malignant digestive
tract tumors, to achieve the leap from research to clini-
cal practice, the above challenges must be recognized
and addressed.

It is worth noting that, according to the latest research
statistics, less than 2% of models in the medical Al field
actually surpass the prototype stage and enter routine
clinical use [99]. In other words, the vast majority of Al
systems still remain at the prototype development and
validation stage, with very few being able to be applied
in real clinical environments. In response to this situ-
ation, we have conducted Technology Readiness Level
(TRL) assessments for each of the AI applications dis-
cussed in Appendix 10, to quantify the translational
maturity of each technology and clarify its current
stage. This will help identify which technologies are
approaching clinical readiness (e.g., endoscopic Al has
reached the TRL 8-9 stage) and which are still in early
research and development (e.g., most prognostic pre-
diction models are around TRL 4-5), thus providing
reference for future research and resource investment.
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