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ABSTRACT

Gastrointestinal (GI) diseases remain among the leading causes of global mortality, with early detection directly linked to sur-
vival outcomes. While previous reviews have focused on single imaging modalities, this systematic review uniquely examines
artificial intelligence applications across endoscopic, radiological, and histological approaches, reflecting actual clinical diag-
nostic pathways. This systematic review analyzes 76 high-quality studies (2016-2024) and provides the first comprehensive
assessment of how Al performs across different imaging techniques for GI abnormality detection. This multi-modal perspective
is particularly timely as healthcare systems move toward integrated diagnostic workflows. Our analysis reveals endoscopy as
the most widely used modality (n=44), particularly for Helicobacter pylori, colorectal polyps, and ulcerative colitis detection.
Histological analysis emerges as the second most common approach (n=25), especially for celiac disease and ulcerative coli-
tis, while CT imaging (n=10) primarily supports colorectal polyp detection. Deep learning methods significantly outnumber
traditional machine learning techniques (68 vs. 8 studies), consistently achieving 90%-99% diagnostic accuracy across multiple
disease categories. However, these systems face significant implementation barriers to clinical adoption. Most validation is still
conducted in controlled, single-center settings using curated datasets that poorly reflect clinical complexity. Future studies must
prioritize multicenter validation, standardized imaging protocols and preprocessing pipelines, and the integration of interpret-
able AI models capable of providing transparent diagnostic rationale. This review maps the current technical landscape while
highlighting critical translational challenges that must be addressed to enable real-world impact.
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1 | Introduction

Artificial intelligence (AI) has had a significant impact on the
medical industry in recent years, as seen by the large number of
papers on the subject (Dlamini et al. 2020; Trenfield et al. 2022).
Public health (Morley et al. 2020; Schwalbe and Wahl 2020), pa-
tient diagnosis (S. Huang et al. 2020; Uyanik et al. 2025), medica-
tion (Paul et al. 2021), clinician-patient communication (Brizio
et al. 2022), and telemedicine (Shaik et al. 2023) are just a few of
the many possible uses for AI in healthcare (Shuvo et al. 2025).
The impact of AI on gastrointestinal (GI) system analysis is the
main topic of this study. Many diseases impact the GI tract, and
increasing patient lifespan depends on early detection and treat-
ment (Horiuchi et al. 2020).

AT systems have the ability to analyze endoscopic images and
produce diagnostic ratings for diseases such as inflammatory
bowel disease (IBD) (Stidham and Takenaka 2022). Similar
applications are being developed for histopathological slides
and radiological scans, which are discussed in the following
section. Nonetheless, the interpretation of an exam might
fluctuate significantly among physicians and even within
the same physician over time. Consequently, samples are still
taken during endoscopies to confirm diagnosis by pathology
investigation (Takenaka et al. 2020). Thankfully, advances in
medical technology are leading to early detection through in-
creased public awareness, screening initiatives, and screening
programs. Every year, more GI cancer cases are identified at
an earlier stage.

TABLE1 | Imaging modalities for detecting GI diseases.

Types of images Diseases

Endoscopy Erosion; polyp; ulcer;
submucosal tumor;
xanthoma, lesions in
the proximal intestine
CT image Pancreatic cancer; gastric

cancer; inflammatory bowel

Histopathological image Gastric disease

Endoscopy

1.1 | Imaging Modalities

Three primary imaging modalities are used for diagnosing gas-
trointestinal diseases: endoscopy, computed tomography (CT),
and histopathological examination. Each modality provides
complementary information at different scales, from macro-
scopic visualization of organs to microscopic cellular details.

Endoscopy is the most common method for detecting GI dis-
eases. This method involves inserting a thin, flexible tube with
a tiny camera on the end into the GI tract. This allows doctors to
directly visualize the esophagus, stomach, and intestines to look
for ulcers, polyps, cancers, and other issues. White light endos-
copy (WLE) is the primary technique used to screen for early
gastric cancer. However, some studies showed that WLE misses
20%-40% of early gastric cancer cases, even though later stages
are easier to spot (Hwang et al. 2018; Sugano et al. 2015).

CT scanning provides three-dimensional visualization of the di-
gestive organs. This technique enables physicians to determine
the precise location of tumors, abscesses, inflammation, and
other anomalies, offering a macro-level perspective of the tis-
sues and their relationships to surrounding structures.

Histological examination provides a cellular perspective of GI
tissue at the microscale. The ability of pathologists to recognize
abnormal alterations in tissue structure aids in the diagnosis of
diseases such as inflammatory bowel disease, celiac disease,
and gastritis. Histopathology remains the gold standard for de-
finitive diagnosis of many gastrointestinal conditions, particu-
larly for confirming malignancies.

The imaging modalities used to diagnose GI disorders are sum-
marized in Table 1, which also highlights each modality's unique
functions and contributions to the field of CAD. Figure 1 shows an
illustrative example of each modality covered in this review.

1.2 | Role of Al in Gastrointestinal Diseases

The initial suggestions for GI analysis using computer-aided
diagnosis (CAD) date back to the 1990s. Early approaches
employed region-growing algorithms and pixel-based tech-
niques to segment the outlines of the large intestine lumen

FIGURE1 | Image modalities covered in this review. (a) Endoscopy of ulcers in the proximal intestine, (b) CT image of pancreatic cancer, and (c)

Histology of a gastric mucosa.
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FIGURE2 | Example of an Al-based framework for GI disease classification using endoscopic images. Common stages involve pre-processing of

endoscopic images, extraction of discriminative features, and classification of lesions.

and identify lower GI tract diseases (Alagappan et al. 2018).
By the late 1990s, most research concentrated on combining
intelligent pattern classification with texture, color, or hy-
brid analytical techniques (Alagappan et al. 2018). In the last
few years, several AI researchers have developed automated
CAD models to identify GI anomalies by blending hand-
crafted features and deep convolutional neural networks
(CNN) to recognize patterns in wireless capsule endoscopy
(WCE) images (Charfi and El Ansari 2017; Khan et al. 2019;
Naz et al. 2021; Saito et al. 2020). Various quantitative stud-
ies have utilized color features (Suman, Hussin, Malik, Ho,
et al. 2017; Suman, Hussin, Malik, Pogorelov, et al. 2017),
textures (Mohammad and Al-Razgan 2022), key point attri-
butes (Tuba et al. 2017), and histograms of oriented gradients
(Charfi and El Ansari 2017) to analyze GI disorders. Thanks
to recent advances in DL, some researchers have also applied
deep features for GI disease recognition. Figure 2 illustrates a
typical DL framework for GI disease classification.

Given the increasing number of AI methods for GI disease detec-
tion and classification across various imaging modalities, a sys-
tematic review was conducted to comprehensively analyze and
compare the existing techniques. The significance of this review
lies in its broad examination of how Al is being applied across
the full spectrum of GI imaging modalities. This is particularly
timely, as healthcare systems worldwide are under increasing
pressure to improve early detection rates while managing rising
patient volumes. Understanding how AI can be effectively de-
ployed across different imaging techniques is crucial for several
reasons:

1. Itenables healthcare providers to optimize diagnostic path-
ways by identifying where AI can have the greatest impact.

2. It helps researchers uncover gaps and opportunities across
modalities, rather than focusing solely on individual
techniques

3. It lays the groundwork for developing truly integrated AI
systems that synthesize insights from multiple imaging
sources.

This multimodal perspective is especially relevant given the
ongoing innovation in medical imaging technologies, including
the emergence of hybrid modalities (e.g., hyperspectral imaging)
and the integration between different diagnostic tools.

1.3 | Related Review

In recent years, several reviews have been published on the ap-
plication of AT methods for GI diseases. However, most of the
previous works only focus on a single imaging modality or a spe-
cific pathology:

« Tziortziotis et al. (Tziortziotis et al. 2021) reviewed AI only
for capsule endoscopy.

o Christou et al. (Christou and Tsoulfas 2021) provided an
overview of the current applications of ML-based models in
gastroenterology and hepatology, highlighting the opportu-
nities they present.

« Gubatan et al. (Gubatan et al. 2021) summarized Al for as-
sessing and predicting only IBD.

« Jin et al. (Jin et al. 2022) surveyed DL methods employed
for gastroscopy images, covered only diseased and healthy
conditions of the gastric tissue.

« Jahmunah et al. (Jahmunah et al. 2023) reviewed methods
employed for detecting celiac disease across endoscopy,
capsule endoscopy, and biopsy.

o Lewis et al. (Lewis et al. 2024) discussed AI methods
used for GI disease, focusing specifically on endoscopic
procedures.

» Song et al. (Song et al. 2023) provided a review of computa-
tional pathology advances, focusing primarily on method-
ological developments in whole-slide image analysis across
multiple diseases.

« Bilal, Nimir, et al. (2023) presented an in-depth analysis of
AT applications in colorectal cancer immunotherapy, with
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particular emphasis on microsatellite instability prediction
from histopathology.

Our systematic review takes a distinctly different approach
by examining the integration of multiple imaging modali-
ties in GI disease diagnosis. We specifically considered stud-
ies on gastric cancer, peptic ulcer illness, ulcerative colitis,
Helicobacter pylori infection, colorectal cancer, esophageal
cancer, and celiac disease. This selection represents a co-
herent group of GI conditions where the diagnostic process
typically involves multiple imaging techniques. The studies
included employed computer-aided diagnostics to automate
the study of many imaging modalities, including CT scans,
GI tract x-rays, histology slides, capsule endoscopy, and endo-
scopic video and photographs. This reflects real-world clinical
workflows, where a comprehensive diagnosis often requires
the use of several imaging techniques. The comparison of our
proposed review paper with the previously published review
papers is shown in Table 2.

This review makes several key contributions compared to prior
work in this field. First, it provides a comprehensive overview
of how AI is applied across multiple imaging modalities such
as endoscopy, histopathology, and radiology. This multimodal
approach mirrors the actual clinical diagnostic pathway, where
different imaging techniques provide complementary infor-
mation crucial for accurate diagnosis and treatment planning.
Second, it examines the variety of AI approaches used, includ-
ing both ML techniques and DL architectures. Third, this re-
view addresses applications of classification and segmentation,
highlighting the significance of data preprocessing in AI for GI
illnesses. This demonstrates the various ways Al may support
diagnosis and offer insights at various phases of the diagnostic
process.

2 | Methods
2.1 | Literature Search Strategy

We conducted a systematic literature search on using AI for
GI disease diagnosis with different imaging modalities, fol-
lowing PRISMA guidelines. By analyzing the application of
AT techniques across different imaging modalities, our aim is
to study trends in research focus, which modalities are most
used for specific gastrointestinal diseases, and whether any
studies have begun to explore multimodal approaches. A total
of 1801 articles were gathered from PubMed, Google Scholar,
IEEE Explore, and Scopus. Boolean searches were performed
using terms like “endoscopic colorectal cancer,” “gastric can-
cer endoscopy,” “peptic ulcer,” “H. pylori,” “inflammatory
bowel disease,” “ulcerative colitis,” “celiac disease” along
with “artificial intelligence,” “machine learning,” and “deep
learning.”

» o«

Our search covered peer-reviewed publications from January
2016 to December 2024 relevant to gastroenterology. After re-
moving duplicates, we screened 919 unique studies. This search
yielded articles from both medical and technical perspectives.
By “medical,” we refer to articles that include case studies, med-
ical reviews, case reports, and clinical findings. Since our focus
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is on the role of AI in medical diagnosis, we excluded medical
studies that lacked an objective or quantitative analysis. In our
screening process, we also excluded reviews, letters, and confer-
ence abstracts. This left 114 eligible papers. To ensure the qual-
ity and rigor of the research, we further refined our selection by
only including articles in top-quartile journals (Q1) based on im-
pact factors. This ensured the quality and rigor of the research
we reviewed. After applying this threshold, 76 papers remained
for full-text review and data extraction.

Pubmed (468); Scopus (233);
Google Scholar (1130); IEEE (18)
Total: 1849

=
(=]
=
o
>
o=
S
o
=
=
L
e
—

Duplicated titles = 930

—_—
(Removed)

[ Unique titles: 919 }

Medical studies = 510
Irrelevant = 231

Non English = 36

Review and editorial = 28

&0
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o=
=
o
o
-
o
%]

Total: 805

eligibility assessment: 114

[ No. of studies for J

Non-Q1 papers = 38

. ——
(Removed)

No. of studies to be included
in the review study: 76

FIGURE3 | PRISMA flowchart used for the article selection.

Original Image

(a)

(b)

Figure 3 shows the PRISMA flowchart followed for the system-
atic screening process, including the number of articles identi-
fied, included, and excluded at each stage.

3 | Results

Artificial intelligence is showing promising applications in
modeling and predicting GI diseases. Two main techniques are
being used: machine learning and deep learning.

3.1 | Pre-Processing

Image preprocessing is an important first step when applying
ML and DL to medical images. It can enhance image quality and
improve the performance of subsequent analysis algorithms. For
instance, endoscopy images can suffer from issues like air bub-
bles, uneven exposure, or opaque fluids that can obscure early
signs of gastrointestinal diseases. Accuracy is also affected by the
physician's skill and experience. To address this, common pre-
processing techniques in AI pipelines include adjusting bright-
ness and contrast at the pixel level, geometric transformations,
and filtering to restore image details (Jahmunah et al. 2023). The
goal is to optimize the visibility of anatomical structures and
gastrointestinal features to enable more precise and reliable dis-
ease assessment. In another work, Cogan et al. (2019) developed
a framework called MAPGI that provides preprocessing tools
like cropping, sharpening edges, and boosting contrast through
color mapping, scaling, and filtering. Figure 4a shows original
and contrast-enhanced endoscopy images using MAPGI—the
original pylorus image has very low pixel values, which contrast
enhancement corrects. MAPGI then applies filters like low-pass,
high-pass, and band-pass specifically to the luminance channel
of images to reduce noise while preserving color information
(Figure 4b).

In the context of histological images, pre-processing ad-
dresses different challenges than those in endoscopy. Since

Cropping

FIGURE4 | Pre-processing: Effect of the MAGPI filter on endoscopy images. Comparison between the original image (left), cropped image (cen-

ter), and image with improved contrast (right).
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Original Image

Normalized image

FIGURE 5 | Pre-processing: Effect of stain normalization of histological images. The normalized version (right) demonstrates how such tech-
niques reduce variability, allowing AI models to focus on relevant histological patterns rather than technical artifacts.

histopathology slides are typically stained to highlight cel-
lular components, variations in staining techniques can
significantly impact image characteristics and subsequent
analysis. Pre-processing tools for histological images are es-
sential for standardizing these variations, thereby improving
the consistency of AI tools across different laboratories and
institutions. For example, stain normalization techniques
(Salvi et al. 2023) are often used to adjust for color variations
in histological samples, which can arise due to differences in
staining protocols, sample preparation methods, or scanner
settings. These normalization approaches ensure that AT algo-
rithms focus on genuine pathological differences rather than
technical variations in sample preparation. An example of
stain normalization in H&E-stained gastric mucosa is shown
in Figure 5, where original slides with distinct color profiles
are normalized to a common template, demonstrating the im-
pact of this preprocessing step on visual consistency.

For CT imaging, pre-processing techniques focus primarily on
enhancing tissue contrast and reducing noise to improve diag-
nostic accuracy. Other researchers, such as Chen et al. (2019)
have developed techniques to rescale soft tissue intensities in CT
images, thereby enhancing contrast to reveal more diagnostic
organ details. By optimizing the visibility of anatomical struc-
tures, preprocessing facilitates the accurate evaluation and di-
agnosis of gastrointestinal diseases.

3.2 | Traditional Machine Learning Approaches

ML is a crucial field within AI that draws from computer sci-
ence, statistics, and biology. The main goal of ML is to uncover
patterns in data to gain insights and enable algorithms to learn
from experience to improve performance. For GI diseases, ML can
identify patterns and risk factors associated with digestive condi-
tions in large datasets. For example, decision trees can determine
which symptoms predict specific diseases such as Crohn's or ul-
cerative colitis. Regression models can also provide personalized
risk scores based on individual characteristics and lifestyle, aiding
early detection and treatment planning.

This section summarizes common ML approaches for GI dis-
eases. Studies have shown ML can effectively diagnose various
GI diseases through endoscopy, CT, and histology images, as
outlined in Table Al. The choice of algorithm depends on the
data type and objective, as each application requires specific
techniques.

3.2.1 | Feature Extraction and Classification

Feature extraction is the most important step in ML pipelines.
It transforms raw data into meaningful numerical features that
preserve the underlying structure. The goal is to identify and

6 of 27
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extract the most salient features from complex datasets, simpli-
fying subsequent analysis and classification.

In GI imaging, feature extraction is vital for quantifying the vi-
sual signs of diseases such as H. pylori infection from endoscopy
images. Important endoscopic features associated with H. pylori
include gastric atrophy, metaplasia, nodularity, redness, edema,
enlarged folds, and sticky mucus (Alhajlah 2022; Glover et al. 2021;
Kato 2016). Conversely, features like red streaks, hematin, polyps,
and regular vessel patterns indicate the absence of infection. By
extracting these visual patterns as numerical features, feature ex-
traction enables objective quantification of disease characteristics.

For example, Zhang et al. (2023) used a gradient boosting tree
model for feature extraction and classification of H. pylori in-
fection. Thanks to the identification of mucosal features, their
model achieved an accuracy of 91.9% in distinguishing infection
status while remaining interpretable—important factors for cli-
nician acceptance. With an AUC of 0.96, the proposed model
demonstrated high sensitivity (90.3%) and high specificity
(93.6%), ensuring accurate identification of H. pylori infection
while minimizing misdiagnosis and unnecessary treatment.
This demonstrates the value of feature extraction in developing
effective ML models for GI diagnosis.

In recent years, several authors have focused their studies on
celiac disease. This pathology has been increasingly addressed
using Al-based techniques, particularly with the analysis of bi-
opsy images. Celiac disease is characterized by the sign of villous
atrophy. An automated approach for analyzing biopsy images
was introduced by Koh et al. (2021). Their research employed
ML techniques to automatically detect and categorize villous
atrophy, utilizing a modified version of the Marsh classification
system. The authors achieved an accuracy of 88.89%, a sensitivity
of 89.7%, and a specificity of 86.7% in classifying two-class villous
abnormalities using Hematoxylin and Eosin (H&E) stained bi-
opsy images, demonstrating the potential for automating biopsy
image interpretation with AI. Faust et al. (2023) investigated
whether ML models could assist in distinguishing normal, celiac
disease, and non-celiac duodenitis based on the characteristics of
the small intestinal lamina propria. Their SVM model achieved
an accuracy of 98.53% in differentiating normal controls from ce-
liac disease, and 98.55% in distinguishing normal controls from
non-celiac duodenitis. The proposed model, while maintaining
excellent sensitivity (97.7%), also achieved an excellent speci-
ficity value (99%). Similarly, but using video capsule endoscopy
images, Stoleru et al. (2022) employed an SVM algorithm for
automated detection of celiac disease, achieving an accuracy of
94.1%, a sensitivity of 96%, and a precision of 94%.

Other studies have used techniques like random forests
(Sucipto et al. 2023) and support vector machines (Mesejo
et al. 2016) for feature-based classification of diseases like ul-
cerative colitis, polyps, and other GI abnormalities from en-
doscopy images.

3.3 | Deep Learning Approaches

DL has now become the standard paradigm for medical image
analysis, and this trend is equally evident in the field of GI

imaging. Initially, Convolutional Neural Networks (CNNs) gained
widespread adoption thanks to their strong performance across a
variety of image-based tasks. More recently, however, the land-
scape has expanded to include a broader range of architectures and
training approaches, each offering specific advantages for GI dis-
ease analysis. In the following subsections, we will focus on three
key DL applications in GI imaging: training approaches, classifica-
tion methodologies, and segmentation strategies. The complete list
of papers reported in this section is provided in Table A2.

3.3.1 | Training Approaches

Deep learning models require large training datasets, which
presents a particular challenge in medical imaging where an-
notated data is often scarce. Transfer Learning has become a
fundamental strategy, leveraging models pre-trained on large
datasets from other domains and then fine-tuning them with
limited target data. This approach has proven particularly effec-
tive in GI imaging applications. Many studies have successfully
used transfer learning techniques, such as GastroNet (Yasmin
et al. 2023) and other models pre-trained on GI images or general
datasets like ImageNet (Recht et al. 2019). This approach has
enabled accurate, efficient disease detection models despite lim-
ited training data (Caires Silveira et al. 2022; Khan et al. 2022;
Zhang et al. 2017).

Foundation models represent the latest advancement in this
field. Works by Vorontsov et al. (2024), Wang, Zhao, et al. (2024),
and Xu et al. (2024) have demonstrated the potential of large-
scale pre-trained models to generalize across multiple cancer
types, including colorectal and gastric cancers. These models,
typically based on Vision Transformer architectures, show
promise in capturing complex tissue patterns and providing
more robust diagnostic predictions.

A key driver behind the success of foundation models is self-
supervised learning (SSL), which allows models to learn robust
visual features from large collections of unlabeled data that can
later be fine-tuned on limited labeled examples (Sanderson and
Matuszewski 2024). In digital pathology, Vision Transformers
pre-trained with SSL techniques (e.g., DINO and MAE) have
shown strong performance in histology tasks such as tissue
classification and gland segmentation (Chen, Ding, et al. 2024;
Yang et al. 2025). Similar trends are emerging in endoscopy,
where self-supervised models trained directly on endoscopic
video frames have demonstrated improved generalization and
reduced reliance on manual annotation (Guo et al. 2024; Liu and
Zuo 2023; Nezhad et al. 2025).

3.3.2 | Classification

Deep learning classification approaches have been applied
across various GI diseases (Guo et al. 2024), with each pathology
benefiting from analysis of different imaging modalities (Horie
et al. 2019; Misawa et al. 2021).

In colorectal diseases, polyp detection and classification have seen
significant advances across different imaging modalities (Bilal,
Tsang, et al. 2023; Huang et al. 2023). In endoscopic analysis,
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FIGURE 6 | An outline of the weighted-average ensemble classifier for polyp classification in endoscopic images.

Korbar et al. (2017) achieved 93% accuracy using transfer learn-
ing with NBI lighting, while (Rahman et al. 2021) reached 98.5%
accuracy using a stacking ensemble of Xception, ResNet-101, and
VGG-19. Similar approaches by Younas et al. (2023) and Zachariah
et al. (2020) consistently exceeded 85%-90% accuracy. For histo-
pathological analysis, Yu et al. (2021) achieved an AUC of 0.972
using Inception V3 on 13,111 whole slide images, while Graham
et al. (2023) demonstrated exceptional performance using graph
neural networks with an AUC of 0.98. In CT-based detection,
Ghosal et al. (2024) achieved an accuracy of 95.83% and AUC of
0.956 using CNN-based approaches, demonstrating the poten-
tial of deep learning across all imaging modalities for colorectal
disease assessment. Figure 6 illustrates how integrating transfer
learning, ensemble modeling, and augmented training examples
contributed to improved polyp classification.

In gastric cancer, detection has been significantly improved
through the application of DL across different diagnostic mo-
dalities. In endoscopic evaluation, Ikenoyama et al. (2021) and
Zhou et al. (2023) developed CNN-based systems achieving ac-
curacy rates from 79.5% to 88.3%, demonstrating faster detection
times than human endoscopists while maintaining comparable
diagnostic accuracy. For histological analysis, (Iwaya et al. 2023)
achieved 96.7% accuracy using ResNet-based architectures.
Recent multimodal approaches by Chen, Ding, et al. (2024) and
Gao et al. (2024) have shown improved prediction by integrating
features from both CT and histological images, achieving AUC
values ranging from 0.821 to 0.846.

Endoscopic assessment of ulcerative colitis has seen significant
advances through works by Fan et al. (2023), Wang et al. (2023),
Stidham and Takenaka (2022), and Takabayashi et al. (2024),
with accuracy rates typically exceeding 85%. Notably, Qi
et al. (2023) introduced UC-former, a Vision Transformer-based
model achieving 90.8% accuracy in predicting Mayo endoscopic
scores, outperforming senior endoscopists. In histological evalu-
ation, Iacucci et al. (2023) and Kohli et al. (2024) developed mod-
els for assessing disease activity from biopsy samples, achieving
accuracy rates up to 79% with high AUC values (0.972). For
Crohn's disease, Poudel et al. (2020) demonstrated high perfor-
mance using CNNs, achieving a sensitivity of 92.2% and preci-
sion of 86.8%.

Detection of H. pylori has primarily focused on endoscopic
and histological imaging. Recent endoscopic approaches have

demonstrated robust performance, with accuracy rates rang-
ing from 87% to 92% (Ibrahim et al. 2024; Lin, Hsu, et al. 2023;
Seo et al. 2023). While Shichijo et al. (2019) achieved a slightly
lower accuracy of 81.6%, their study provided important insights
into model generalization. In histological analysis, Lin, Chen,
et al. (2023) achieved excellent results with a sensitivity of 93.3%
and specificity of 90.1% (AUC: 0.97) using a two-tiered deep
learning approach.

DL-based methods for celiac disease have shown high perfor-
mance across different imaging modalities (Syed et al. 2019),
(Scheppach et al. 2023). For example, recent work by Wang,
Shi, et al. (2024) achieved outstanding results using a hybrid
approach combining CNNs and Transformers, reaching an ac-
curacy of 98.38% with high specificity (99.04%) and precision
(99.38%) on endoscopic images. For histological analysis, Wei
et al. (2019) and Kowsari et al. (2020) demonstrated accuracy
rates exceeding 87% using various CNN architectures.

Similarly, the classification of esophageal cancer has greatly
benefited from DL architectures. Kumagai et al. (2022) reported
strong performance (AUC: 0.92) using Vision Transformers on
8097 histological images, while Horie et al. (2019) achieved 82%
accuracy using CNNs on endoscopic images, demonstrating
the potential of different architectural approaches in capturing
complex tissue patterns.

Recent developments in foundation models have further ad-
vanced classification capabilities across all these pathologies.
Work by Vorontsov et al. (2024) achieved impressive results
across multiple cancer types using a Vision Transformer-based
architecture trained on 89,417 whole slide images. Similar ad-
vances by Wang, Zhao, et al. (2024) and Xu et al. (2024) have
demonstrated the potential of large-scale pre-trained models
to generalize across multiple diseases and imaging modalities,
suggesting a promising direction for future developments in GI
disease classification.

3.3.3 | Segmentation

One important application of deep learning in GI imaging is tis-
sue segmentation, which involves separating an image into dis-
tinct regions based on their visual characteristics. Deep learning
segmentation models have achieved human-level performance
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on various tasks (Inamdar et al. 2023; Salvi et al. 2020), with ap-
proaches varying in complexity based on specific clinical needs
and imaging modalities (Tang et al. 2023).

At the most basic level, object detection approaches focus on
identifying and localizing discrete abnormalities using bounding
boxes. Although it lacks pixel-level precision, it enables real-time
assistance during endoscopic procedures, particularly for detect-
ing small lesions (< 5mm) that may otherwise be missed. Models
such as GastroNet (Yasmin et al. 2023) have demonstrated strong
performance in detecting polyps and other mucosal abnormali-
ties. Gong et al. (2022) showed its value in differentiating early
versus advanced gastric cancer using magnifying endoscopy with
narrow-band imaging. Similarly, Barash et al. (2021) applied CNN-
assisted analysis in capsule endoscopy for Crohn's disease moni-
toring, achieving a sensitivity of 66.2% and a specificity of 84.6%.

Moving to higher granularity, semantic segmentation assigns
a class label to each pixel in the image, enabling precise delin-
eation of tissue types without distinguishing between multiple
instances of the same category. Khan et al. (2022) demonstrated
this approach by adapting the Mask-RCNN architecture to seg-
ment ulcerative lesions. Their model, trained on both private
and clinical datasets including images of ulceration, bleeding,
polyps, and normal mucosa, effectively delineated pathological
tissue regions. In histological analysis, Jiang, Ding, et al. (2023)
achieved a Dice score of 78.77% for gastric cancer segmentation
using Vision Transformers, demonstrating the potential of newer
architectures in this domain.

Instance segmentation advances beyond semantic segmenta-
tion by not only classifying each pixel but also distinguishing
between different instances of the same class. This capability is
particularly valuable in histopathology, where multiple patho-
logical features may coexist in the same tissue section. Lin, Chen,
et al. (2023) applied this approach to localize H. pylori gastritis in
histological slides, achieving an average precision of 57.96%. For
colorectal polyp detection, studies by Younas et al. (2023) have
demonstrated the effectiveness of instance segmentation in dis-
tinguishing between multiple polyps in the same image.

At the highest level of complexity, panoptic segmentation inte-
grates the strengths of semantic and instance segmentation to
offer a comprehensive representation that includes both pixel-
level classification and instance differentiation. This unified
approach is especially advantageous in complex histological
analyses, where both the global tissue architecture and indi-
vidual cellular components have diagnostic relevance. Najdawi
et al. (2023) applied this approach to colorectal biopsy slides to
identify histological features of ulcerative colitis. Their models
achieved strong agreement with expert pathologists, reaching
an average accuracy of 97%.

Recent work by Sanderson and Matuszewski (2024) has demon-
strated the potential of combining multiple segmentation ap-
proaches in a single framework. Their study on self-supervised
learning achieved impressive results across different segmenta-
tion tasks, with Dice scores ranging from 89.6% to 92.7% and IoU
values of 84.4% to 86.7%. This multi-task approach suggests that
future segmentation solutions might benefit from combining
different levels of granularity within unified frameworks.

The development of robust, automated segmentation solutions
through DL continues to be an active area of research, with the
potential to standardize disease assessment when validated on
large clinical datasets.

4 | Discussion

Research on GI illnesses has substantially advanced in re-
cent years thanks to AI approaches (Gubatan et al. 2021; Jin
et al. 2022). Texture, shape, color, and intensity are among the
imaging properties that are analyzed in CT, histology, and en-
doscopy. While other imaging modalities such as MRI show
promise for specialized applications, particularly in inflam-
matory bowel disease evaluation, this review focused on these
three primary diagnostic techniques that represent the current
standard of care in routine clinical practice. To help clinicians
during procedures, quantitative approaches such as texture
analysis, shape analysis, and color/intensity analysis can be used
to derive significant patterns from in vivo images. Personalized
screening, diagnosis, and therapy selection for common gastro-
intestinal disorders such as IBD, irritable bowel syndrome (IBS),
and colon cancer have been demonstrated to be possible with
the use of both ML and DL. The ML and DL techniques used to
analyze GI pictures are summarized in Tables A1 and A2.

4.1 | Summary of Main Findings

Figure 7 provides insights into annual publication trends for pa-
pers reviewed in this study based on their use of ML or DL. DL
applications have grown substantially in recent years, peaking
in 2023. Most articles with ML approaches were published be-
tween 2023 and 2024.

Figure 8 illustrates this trend, showing the distribution of ML
and DL studies and imaging modalities across various GI dis-
eases. DL techniques have been more frequently applied in most
disease categories, particularly for colorectal polyps, ulcerative
colitis, H. pylori, and gastric cancer, where DL studies signifi-
cantly outnumber ML approaches. Several factors contribute to
this shift. First, DL architectures are often preferable for image
tasks due to their ability to automatically learn features directly
from pixels. Second, recent advances in DL models and larger
healthcare datasets have accelerated progress across many do-
mains, including GI disease analysis, as evidenced by publi-
cation trends. Figure 8 confirms the dominance of endoscopy
across most conditions, particularly for H. pylori detection,
colorectal polyps, and ulcerative colitis. Histological imaging
emerges as the second most common modality, with significant
usage in celiac disease and ulcerative colitis. CT imaging, while
less frequent, shows notable application in colorectal polyps' de-
tection. Our analysis reveals not only which modalities are most
commonly used for each condition, but also how they comple-
ment each other. Endoscopy is widely used in real-time detec-
tion tasks (e.g., colorectal polyps or ulcerative colitis), whereas
histological imaging plays a crucial role in confirming diagno-
ses for conditions such as celiac disease and gastric cancer. This
multimodal perspective offers practical guidance for research-
ers and clinicians in selecting appropriate imaging strategies for
specific GI conditions.
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Figure 9 shows the number of studies on AI for GI disease
diagnosis from 2016 to 2024, categorized by imaging modal-
ity. The graph reveals an increase in publications over time,
indicating a growing interest in applying AI techniques in
this domain. Endoscopy-based studies (n =44) constitute the
majority, highlighting the prominence of this imaging modal-
ity for GI analysis. Histology (n=25) and radiology (n=10)
contribute as well, though to a lesser extent compared to
endoscopy.

4.2 | Development of ML Methods for GI Disease

Based on the reviewed literature, ML techniques are fre-
quently used for GI disease feature extraction and clas-
sification. Typical feature extraction procedures involve
examining texture, shape, and color patterns from medical
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FIGURE 9 | Number of studies conducted on GI from 2016 to 2024,

according to imaging technique.
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images such as radiology scans, histology slides, or endos-
copy (Koh et al. 2021; Mesejo et al. 2016; Mohammad and
Al-Razgan 2022).

For instance, texture analysis makes use of ML algorithms to
identify distinctive visual patterns in pictures that could in-
dicate diseases like cancer, polyps, or ulcers, as they exhibit
certain textural anomalies. Because tumors can have uneven
shapes, shape analysis measures the geometry of lesions or
regions of interest. Shape analysis quantifies the geometry of
lesions or regions of interest since irregular shapes can cor-
relate with tumors. Color and intensity analysis examines
variations in hue, brightness, contrast, and other factors,
which can reveal areas of inflammation, bleeding, or abnor-
mal tissue growth. To perform diagnosis predictions or prog-
nostic classifications, the identified patterns are fed into ML
classifiers such as random forests, SVMs, or KNN after feature
extraction.

Figure 10 summarizes the distribution of ML classifiers applied
in the reviewed GI disease studies. SVM emerged as the most
used approach, followed by XGBoost and random forests.

4.3 | Development of DL Methods for GI Disease

The analysis of papers included in this review reveals an evolv-
ing landscape in DL architectures for GI disease diagnosis
(Figure 11). While CNNs remain the most widely used approach,
there is a clear trend toward architectural diversification, partic-
ularly with the emergence of Transformers and Graph Neural
Networks (GNNs). Generic CNN architectures continue to pro-
vide a strong baseline for GI imaging analysis across radiolog-
ical, histopathological, and endoscopic modalities, as outlined
in Table A2. ResNet variants have shown particular success,
with their residual connections enabling deeper networks and
more robust feature extraction. For instance, Iwaya et al. (2023)
achieved 96.7% accuracy in gastric cancer detection using
ResNet-based architectures.

However, recent years have seen significant advances in alter-
native architectures. Vision Transformers have demonstrated
impressive capabilities, particularly in capturing long-range
dependencies in complex medical images. Notable examples in-
clude UC-former achieving 90.8% accuracy in ulcerative colitis
evaluation Qi et al. (2023) and Kumagai et al. (2022) reporting
strong performance (AUC: 0.92) using Vision Transformers for
esophageal cancer diagnosis. Hybrid approaches combining
CNNs and Transformers have shown exceptional promise, as
demonstrated by Wang, Shi, et al. (2024) reaching 98.38% accu-
racy in celiac disease diagnosis.

Graph Neural Networks represent another emerging trend, par-
ticularly effective in analyzing structural relationships in histo-
pathological images. Graham et al. (2023) achieved an AUC of
0.98 in colorectal cancer detection using GNNs, demonstrating
their potential for capturing complex tissue architectures. This
architectural diversity, combined with advances in foundation
models (Vorontsov et al. 2024), suggests a shift toward more so-
phisticated approaches that can better handle the complexity of
GI disease diagnosis.

ML methods

FIGURE 10 | ML methods used for the analysis of GI diseases.

DL methods

GNN —
VGG—f

FIGURE 11 | DL methods used for the analysis of GI diseases. CNN
refers to where custom or modified architectures were used without
naming a standard model. Studies that explicitly mention well-known
architectures, such as VGG or ResNet, are listed separately.

Several GI image datasets are now openly accessible to aid in
the evaluation and development of DL models for tasks involv-
ing classification, segmentation, and diagnosis. All the pub-
licly available datasets used by the reviewed papers, along with
the disease classes they cover and their sources, are analyzed
and compiled in Table 3. All of them consist of endoscopic im-
ages, except for one, which consists of histological images (Hu
et al. 2022). They include a variety of conditions, including
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bleeding throughout the gastrointestinal tract from the esoph-
agus to the colon, polyps, ulcers, and inflammatory bowel dis-
ease (Bernal et al. 2015; Borgli et al. 2020; Pogorelov, Randel,
De Lange, et al. 2017; Pogorelov, Randel, and Griwodz 2017;
Smedsrud et al. 2021). HyperKvasir (Borgli et al. 2020) and
Kvasir (Pogorelov, Randel, and Griwodz 2017), two of the
most extensive collections, offer multi-class GI images from
Norwegian hospitals. Some datasets, such as those on inflam-
matory bowel disease (Nerthus) (Pogorelov, Randel, De Lange,
et al. 2017) and capsule endoscopy (Kvasir-Capsule) (Smedsrud
et al. 2021), concentrate on specific applications. GasHisSDB
(Hu et al. 2022) is a publicly available dataset designed to sup-
port the automated diagnosis of gastric cancer. The emergence
of such resources has begun enabling robust DL approaches for
advanced GI disease diagnosis.

Additionally, DL has shown promise in identifying neoplas-
tic tissue in early-stage gastric cancer (Bang et al. 2021).
Additionally, during endoscopic examinations, clinicians can
receive real-time decision support and feedback from DL mod-
els. Anatomical landmark-identifying models are able to ana-
lyze images as they are taken, pointing out areas like polyps
that might need more examination or treatment. The objec-
tive of this real-time augmentation is to optimize procedural
workflows and concentrate endoscopists’ attention on import-
ant areas.

Nonetheless, the size and quality of the training data continue
to have a significant impact on how well DL techniques per-
form. If not appropriately addressed, variables such as image
resolution, variations in imaging devices, and irregularities in
the acquisition protocol can also affect the generalizability of
the model.

4.4 | Diagnosis Performance

The analysis of ML and DL models across various GI pathol-
ogies reveals significant variations in performance metrics,
including sensitivity, specificity, precision, and accuracy
(Table 4). While DL models often show high sensitivity and
accuracy, the wide ranges in metrics such as specificity and
precision highlight the challenges of achieving consistent
performance across studies. For instance, diseases like Celiac
Disease and Gastric Cancer exhibit substantial differences
between studies, suggesting that model performance may
be influenced by factors such as dataset size, disease charac-
teristics, and model architecture. These aspects underscore
the importance of considering the trade-offs between false
positives and false negatives in clinical practice, as they can
significantly impact treatment decisions. Furthermore, the
absence of certain metrics in some diseases, such as precision
for colorectal polyps, points to the need for more comprehen-
sive reporting in future studies.

4.5 | Clinical Implications and Open Challenges
The management of GI diseases may be greatly advanced by the

deployment of AI technology. Standardizing diagnosis with AI
may reduce variability among practitioners. Al can also improve

public health by optimizing screening through better resource
allocation and disease risk stratification. But effectively tack-
ling a few major obstacles is essential to incorporating Al into
healthcare workflows:

1. Limited public datasets: Developing robust AI models de-
mands large, high-quality annotated datasets. Yet, there
is a scarcity of public data, particularly in GI histology
and radiology. Endoscopic datasets are more common but
still lack comprehensive labeling and clinical context. To
accelerate progress, we recommend the creation of open-
access, curated datasets targeting specific GI diseases.
These should include diverse imaging types (e.g., white-
light, narrow-band, CT, and histopathology), patient demo-
graphics, and disease stages to promote generalizability.

2. Need for multicenter data: As highlighted in Table 3, most
existing public datasets are derived from a single de-
vice or organization, with the exception of EAD2019 (Ali
et al. 2019), which focuses on artifacts. This lack of varia-
bility, constrained by specific acquisition devices and local
protocols, limits the generalization of the model to different
real-world scenarios. For example, CT scans from different
vendors vary in contrast and resolution, while histology
slides may differ in staining quality. Collaborative multi-
center initiatives and standardized data collection frame-
works are crucial to enable model robustness and external
validation.

3. Image quality and standardization: As shown for other im-
aging modalities, digital image standardization could aid
in lowering data variability while enhancing the general-
ization of AI models (Seoni et al. 2024). Specifically, each
modality covered in this review presents its own open chal-
lenges related to data quality:

o Endoscopy: Image variability due to lighting, motion ar-
tifacts, and device differences can hinder model reliabil-
ity. AT algorithms trained on high-quality, ideal images
may fail in real-time clinical settings. Standardized im-
aging protocols and preprocessing pipelines (e.g., motion
compensation and color normalization) are essential.

o Histology: Variability in staining techniques, scanner
resolution, and section thickness across labs poses a
major challenge for histopathological AI. Domain adap-
tation and stain normalization methods should be inte-
grated into training pipelines to reduce these effects.

o CT Imaging: differences in acquisition protocols, slice
thickness, and contrast usage across centers can impair
model transferability. Harmonization approaches, such
as image resampling and protocol standardization, are
needed to enable broader applicability.

4. Interpretability and transparency in AI models: Ensuring
interpretability and transparency is essential for building
clinician trust and minimizing the risk of biased or un-
safe decisions (Loh et al. 2022). High-uncertainty cases
must be clearly identified and assessed using explainabil-
ity techniques (Seoni et al. 2023). To this end, we recom-
mend integrating established interpretability tools such as
LIME (Local Interpretable Model-Agnostic Explanations)
or SHAP (SHapley Additive exPlanations) to support more
transparent clinical decision-making.
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TABLE 4 | Range of values between the maximum and minimum of the diagnosis performance of ML and DL models for different diseases.

Disease Technique Sensitivity (%) Specificity (%) Precision (%) Accuracy (%)
Celiac disease ML (n=3) 89.7-97.7 86.7-99 94 88.9-98.5

DL (n=8) 87.3-100 76-100 88-99.4 84-98.4
Colorectal cancer ML (n=0) — — — —

DL (n=7) — — — 95.8
Colorectal polyps ML (n=1) 72.7 85.9 — 82.4

DL (n=13) 77.7-100 88-99.8 74-99 75.1-99.5
Crohn's disease ML (n=0) — — — —

DL (n=4) 66.2-92.2 84.6 71.2-86.8 77.1-95.7
Esophageal cancer ML (n=0) — — — —

DL (n=2) 83-84.8 82-93.9 — 82-91.2
Gastric cancer ML (n=1) 99 — 92.6 93.4

DL (n=10) 58.4-97.7 81.4-94.6 26-97.6 78.8-96.7
Gastritis ML (n=0) — — — —

DL (n=1) 94.5 94 — 94.2
GID ML (n=1) 99.4 — 99.8 99.8

DL (n=9) 59.6-99.3 76.2-99.42 16-99.3 77.1-99.4
H pylori ML (n=1) 90.3 93.6 0-0 91.9

DL (n=6) 65.7-100 81-90.7 52.9-90.7 81.6-90.2
Ulcerative colitis ML (n=1) — — — 86

DL (n=17) 82.3-98.9 85-99.8 83.2-98.9 64.8-99.5

Note: If the study addressed multiple gastrointestinal diseases, it was labeled as “GID” (gastrointestinal diseases).

5. Multi-scale and temporal coherence integration: Current ap-
proaches typically operate at a single scale or on isolated
acquisitions, overlooking the rich contextual information
available across different scales and temporal sequences.
Specifically:

o Endoscopy: Current classification approaches are pre-
dominantly trained and validated on individual frames,
failing to leverage the temporal continuity available in en-
doscopic videos. Integrating information across multiple
frames of the same video through techniques like tempo-
ral majority voting or attention-based frame aggregation
could significantly improve classification robustness. This
is particularly relevant in clinical scenarios where motion
artifacts, varying viewing angles, and temporary occlu-
sions in single frames could lead to misclassification.

o Histology: Most methods analyze individual tiles or
fixed-scale regions independently, without considering
the hierarchical nature of tissue organization. There is
a pressing need for multi-scale approaches that can ef-
fectively aggregate information from tile-level features to
whole-slide image scores, while preserving the biological
meaning of the hierarchical tissue structure. This could
involve developing new mechanisms that learn to weigh
the importance of different regions at different magnifi-
cation levels, or hierarchical architectures that explicitly
model the relationships between scales.

o CT imaging: Most approaches process 2D slices inde-

pendently or use simple 3D convolutions, without fully
exploiting the spatial coherence between consecutive
slices. There is a need for methods that can effectively
model the full 3D context while maintaining compu-
tational efficiency. This could involve developing ar-
chitectures that explicitly enforce spatial consistency
constraints or incorporating anatomical/prior knowl-
edge about the expected 3D structure of GI organs.

Multicenter evaluations offer a more realistic assessment of Al
tools in diverse clinical settings, as they allow for the comparison of
model performance across different environments. This is particu-
larly important for ensuring that AI models are not overly special-
ized to a specific institution, but rather generalize well to broader,
real-world clinical scenarios. In this context, data harmonization
techniques have proven to be powerful tools in mitigating the vari-
ability inherent in datasets that contain images acquired using dif-
ferent protocols and devices (Seoni et al. 2024). Techniques such as
the MAGPI filter (Cogan et al. 2019) for endoscopy, stain normal-
ization (Salvi et al. 2021) for histology, and grayscale normalization
for CT scans are just a few examples of how harmonization can
improve data consistency across multiple sites.

While most studies focus on single imaging modalities, recent
research has begun exploring multimodal approaches that
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combine different imaging techniques. Initial work by Jiang,
Luo, et al. (2023) applied separate CNNs to endoscopic and his-
tologic images for distinct tasks, demonstrating the feasibility of
cross-modal analysis. Building on this foundation, Chen, Chen,
et al. (2024) and Gao et al. (2024) achieved improved gastric can-
cer prediction by integrating features from both CT and histo-
logical images, with AUC values ranging from 0.821 to 0.846.
This multimodal perspective is particularly promising as it mir-
rors the clinical diagnostic process, where different imaging mo-
dalities provide complementary information.

However, effectively combining information across modal-
ities remains challenging, requiring specific architectural
designs and consideration of each modality's characteristics.
Future directions should focus on developing more integrated
multimodal approaches that can simultaneously process and
combine information from different imaging sources. Such
Al-based multimodality techniques may enhance diagnostic
robustness, reduce uncertainty, and offer more comprehen-
sive decision support to increase the clinical applicability of AI
models in GI diagnosis.

5 | Conclusion

This systematic review demonstrates the significant potential of
Al particularly DL approaches, in enhancing the analysis of GI
diseases across endoscopy, histology, and CT imaging modali-
ties. Our findings reveal that DL-based methods obtained the
highest diagnostic accuracies, with performance metrics fre-
quently exceeding 90% across multiple disease categories. The
integration of these technologies shows promise for improving
early detection of conditions like gastric cancer and colorectal
polyps, potentially transforming clinical practice through more
standardized, objective assessment tools. Pre-processing tech-
niques have proven crucial for optimizing model performance,
while classification and segmentation tasks have emerged as the
primary applications of AI in GI disease analysis. However, sig-
nificant challenges remain to be addressed before widespread
clinical implementation. These include the need for larger mul-
ticenter datasets, standardized image acquisition protocols, and
interpretable AI models that instill confidence in clinicians.
Future research should focus on creating transparent and ex-
plainable AT systems validated through rigorous multicenter tri-
als to establish real-world clinical utility.
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Appendix A

TABLE A1 | ML methods applied to gastrointestinal images.

References Diagnostic modality Detection task Data size Classifier Outcome/Results
Mesejo et al. (2016) CT images Colorectal polyps 76 videos ML: SVM, RF, Sensitivity: 72.7%
random subspace Specificity: 85.9%
Accuracy: 82.4%
Bang et al. (2021) CT images Gastric Cancer 2703 U-EGCs used ML: 18 classifier Sensitivity: 99%

Koh et al. (2021)

Mohammad and

Al-Razgan (2022)

Stoleru et al. (2022)

Faust et al. (2023)

Sucipto et al. (2023)

Zhang et al. (2023)

Histological images

WCE (endoscopic)

Capsule endoscopy

Histological images

Histological images

Endoscopic images

Celiac disease

GID

Celiac disease

Celiac disease

Ulcerative colitis

H pylori

models used for
curative prediction

for training

91 biopsy images ML: XGB
3000 images per ML: SVM
class

109 videos ML: SVM

284 whole slide ML: SVM
images

820 whole slide ML: RF
images

5106 endoscopic ML: XGB
images

Precision: 92.6%
Accuracy: 93.4%

Sensitivity: 89.7%
Specificity: 86.7%
Accuracy: 88.9%

Sensitivity: 99.4%
Precision: 99.8%
Accuracy: 99.8%

Sensitivity: 96%
Precision: 94%
Accuracy: 94.1%

Sensitivity: 97.7%
Specificity: 99%
Accuracy: 98.5%

Accuracy RF: 87%

Sensitivity: 90.3%

Specificity: 93.6%

Accuracy: 91.9%
AUC: 0.96

Abbreviations: AUC: area under the curve; BMFA: bidirectional marginal fisher analysis; CNN: convolutional neural network; CT: computer tomography; DL: deep
learning; GID: gastrointestinal disease; GNN: graph neural network; ML: machine learning; SCC: Spearman'’s correlation coefficient; RF: random forest; SVM: support
vector machine; ViT: vision transformer; WCE: wireless capsule endoscopy; XGB: extreme gradient boosting.
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