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Abstract

Background: Gastric biopsy remains central to diagnosing Helicobacter pylori infection,
autoimmune gastritis, intestinal metaplasia, dysplasia, and gastric cancer. However,
morphology-based assessment is limited by interobserver variability, sampling constraints,
and an incomplete ability to capture molecular heterogeneity and predict progression.
Objective: This mini review summarizes how multi-omics technologies and artificial intel-
ligence (AI) are modernizing gastric biopsy diagnostics, enabling precision classification,
risk stratification, and workflow improvement. Methods: A narrative synthesis was under-
taken across key literature on gastric pathology, multi-omics (genomics, transcriptomics,
epigenomics, proteomics, lipidomics, metabolomics, microbiomics, and spatial approaches),
and AI in endoscopy and computational pathology. Results: Multi-omics profiling en-
hances mechanistic understanding and refines disease classification by capturing clonal
evolution, pathway dysregulation, immune–microenvironment interactions, and metabolic
remodeling, with potential for biomarker discovery and therapy prediction. AI applications
demonstrate strong performance across the gastric diagnostic pathway, including improved
lesion detection during endoscopy, reduced miss rates, lesion segmentation, classification
of precancerous conditions, H. pylori recognition, and near-expert histopathology classi-
fication. Evidence from systematic reviews supports robust diagnostic accuracy, while
prospective studies highlight real-time feasibility. Conclusions: Integrating AI with multi-
omics is shifting gastric biopsy from descriptive histology toward data-driven precision
gastroenterology. Key barriers include dataset quality, standardization, interpretability,
cost, and regulatory and ethical governance; addressing these will be essential for routine
clinical adoption.

Keywords: gastric biopsy; omics technologies; artificial intelligence; digital pathology;
precision gastroenterology; gastric malignancies

1. Introduction
Gastric biopsy is a cornerstone in the diagnosis and management of a wide spectrum

of gastrointestinal disorders, including Helicobacter pylori infection, autoimmune gastritis,
intestinal metaplasia, dysplasia, and diverse forms of gastric cancer [1–3]. Conventional di-
agnostic practice relies on histomorphology supported by immunohistochemistry to classify
disease entities, grade severity, and guide initial clinical decisions [4,5]. Despite its enduring
value, this paradigm provides an incomplete view of the biological complexity within the
gastric mucosa, where heterogeneous cellular states and dynamic microenvironmental
interactions influence disease behavior [6]. Overlapping morphologic features, sampling
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limitations, and inter- and intra-observer variability can contribute to diagnostic uncer-
tainty, particularly in subtle dysplasia, early neoplasia, and multifocal or heterogeneous
lesions, while also limiting prediction of progression and therapeutic responsiveness [7–16].

Recent advances in omics technologies offer powerful solutions to these challenges
by enabling high-resolution interrogation of gastric disease at genomic, transcriptomic,
epigenomic, proteomic, metabolomic, lipidomic, microbiomic, single-cell, and spatial lev-
els [17–21]. These approaches capture clonal evolution, pathway dysregulation, metabolic
remodeling, and immune–stromal interactions, thereby complementing and, in some con-
texts, refining traditional diagnostic categories [19–21]. In parallel, artificial intelligence
(AI) has emerged as a transformative tool across gastrointestinal diagnostics. Deep learning
can detect subtle morphologic patterns and quantify features objectively, while ma-chine
learning approaches integrate imaging, molecular data, and clinical variables to support
risk stratification and prognostication [22–30].

Together, AI and multi-omics are repositioning gastric biopsy from a predominantly
morphology-based test toward a comprehensive platform for precision gastroenterology
and oncology, with the potential to enhance diagnostic accuracy, personalize management,
and improve workflow efficiency [31–35]. Figure 1 provides an overview of how artificial
intelligence and multi-omics technologies integrate with gastric biopsy histology to enhance
diagnostic accuracy, prognostication, and clinical decision-making.

Figure 1. Integration of AI and multi-omics in gastric biopsy diagnostics.

2. Omics Technologies in Gastric Diagnosis
Multi-omics approaches have expanded gastric diagnostics beyond conventional

morphology by enabling integrated analysis of genomic, transcriptomic, epigenomic, pro-
teomic, lipidomic, metabolomic, and microbiomic features underlying disease development
and progression [36–39]. By combining these molecular layers, omics technologies refine
diagnostic classification, support risk stratification, enable detection of minimal resid-
ual disease, and identify therapeutic vulnerabilities, contributing to precision-oriented
gastric pathology [40,41].

Genomic profiling has been central to this shift, facilitating detection of recurrent
driver mutations (e.g., TP53, CDH1), inherited susceptibility variants, and molecular de-
terminants of treatment response [42–45]. Kamio et al. examined genomic differences
be-tween early-onset (≤39 years, n = 143) and late-onset (≥65 years, n = 1141) gastric
cancer using sequencing data from the Japanese C-CAT database (total n = 1284). The
authors compared mutation spectra and examined the impact of TP53 mutation sites on
time to treatment failure (TTF) with platinum-based chemotherapy, complementing cohort
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analyses with in vitro oxaliplatin sensitivity assays stratified by TP53 site. They report
distinct genomic profiles by age group, fewer neoantigen-associated alterations in early-
onset cases, and differing TP53 hotspot distributions (R175H enriched in early-onset; R273
enriched in late-onset). Notably, R175H-harboring tumors showed greater oxaliplatin sensi-
tivity in vitro, consistent with longer TTF among early-onset patients with TP53 mutations
(17.3 vs. 7.0 months; p = 0.013), an outcome suggesting TP53-site informed chemotherapy
stratification [44]. Both tissue-based sequencing and liquid biopsy approaches inform
molecular stratification, prognosis, and dynamic monitoring of treatment response, illus-
trating how genomics complements histopathology in gastrointestinal malignancies [46–53].
White et al. characterized circulating tumor DNA (ctDNA) in appendiceal adenocarcinoma
using a large commercial cohort (Guardant Health; n = 718) and an institutional series with
ctDNA profiling (n = 168), of whom 57 had matched tissue sequencing. The study mapped
the plasma mutational landscape, quantified shedding rates and variant allele frequencies,
assessed tissue–plasma concordance, and related ctDNA detectability to clinicopathologic
features and survival. Results show TP53 as the most frequently mutated gene in ctDNA
(46%), lower ctDNA shedding in appendiceal versus colorectal cancer (detectable in 38% of
metastatic cases; median VAF 0.4% vs. 1.3%), and associations between detectable ctDNA
and adverse histologic features and worse overall survival (HR 2.32). While disease-specific,
the paper provides methodological and translational lessons, sensitivity thresholds, con-
cordance challenges, and prognostic value of low-VAF ctDNA that are transferable to
gastrointestinal malignancies, including implications for incorporating liquid-biopsy omics
into dynamic monitoring and trial designs [47].

Transcriptomics further enhances molecular characterization by capturing tumor-intrinsic
programs, immune states, and microenvironmental interactions relevant to gastric carcino-
genesis and therapy response [54–56]. Pádua et al. synthesize current evidence on epitran-
scriptomic regulation in gastric cancer stem cells (GCSCs), focusing on N6-methyladenosine
(m6A) RNA modifications and the roles of writers (METTL3/METTL14/VIRMA), erasers
(FTO/ALKBH5), and readers (YTHDF/YTHDC/IGF2BP families). Drawing on transcriptome-
wide m6A profiling studies and functional perturbation experiments, the review highlights
how altered m6A dynamics regulate pluripotency factors, oncogenic transcripts and non-
coding RNAs to sustain stemness, therapy resistance, and metastatic behavior. The authors
discuss candidate m6A signatures as prognostic biomarkers and outline therapeutic strate-
gies targeting m6A machinery [56]. Transcriptome-based immune stratification, including
identification of immune “hot” and “cold” phenotypes and IFN-γ–associated signatures,
predicts response to immunotherapy, while pathway-level activation patterns refine prog-
nostic assessment [57–64]. Wang et al. used genetic ablation and immune phenotyping to
investigate cell-intrinsic PD-L1 functions in the tumor immune microenvironment and their
relevance to adoptive T-cell therapy. Through in vivo models and transcriptomic analyses,
the authors show that loss of intrinsic PD-L1 in tumor-infiltrating CD8+ T cells sustains ef-
fector T-cell states, enhances therapeutic T-cell expansion and function, and operates in part
via mTORC1 signaling and BATF3-dependent dendritic cell interactions. The mechanistic
findings identify molecular pathways linking intrinsic PD-L1 to T-cell dysfunction and
suggest that profiling tumor and immune cell PD-L1 biology (transcriptomic/proteomic
readouts) could inform immunotherapy responsiveness [58].

Epigenomic alterations provide additional insight into inflammation-driven carcino-
genesis and reversible regulatory mechanisms, with emerging evidence supporting their
integration with molecular and inflammatory biomarkers for improved risk stratifica-
tion [65–68]. Chigvinadze et al. evaluated circulating protein levels (APC, KRAS, TP53)
and inflammatory indices (MLR, PLR, NLR) in a cohort of 40 colorectal cancer patients,
integrating mutation analysis (KRAS G12V by real-time PCR) with ELISA-based protein
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measurements to explore associations with disease stage and prognosis. They observed
elevated inflammatory indices in advanced disease, increased plasma TP53 levels in pro-
gressive cancer, and an association of KRAS G12V with poorer prognosis and higher
PLR, suggesting that combined plasma protein and inflammatory profiling may offer
non-invasive insights into tumor biology [68].

Proteomics complements these data by directly profiling functional protein networks,
signaling pathways, and post-translational modifications associated with disease progres-
sion, resistance mechanisms, and therapeutic response [69–77].

Lipidomics and metabolomics capture metabolic reprogramming across the gastric
carcinogenesis spectrum, identifying lipid and metabolite signatures associated with early
lesions, progression, therapeutic resistance, and prognosis [78–91]. Advances in spatial
metabolomics further enable biopsy-level metabolic phenotyping linked to molecular
subtypes and treatment response [88,89]. Finally, microbiomics highlights the role of
gastric microbial dysbiosis in inflammation, immune modulation, and cancer progression,
with integrated microbiome–metabolome analyses supporting biomarker discovery and
mechanistic insight [92–94].

Collectively, these studies show that multi-omics approaches offer complementary
insights into gastric disease biology by integrating molecular, metabolic, and microbial
information. This integration improves disease classification, risk stratification, and under-
standing of tumor heterogeneity and treatment response, supporting translational re-search
and the future development of precision diagnostics in gastric and gastrointestinal diseases.

3. Biopsy-Feasible Versus Emerging Omics Approaches
To clarify translational readiness, we distinguish omics methods that are currently

feasible on routine gastric biopsy material from those that remain research-grade or fu-
ture prospects. Biopsy-feasible today: Targeted DNA sequencing panels (oncopanels)
and focused gene assays, immunohistochemistry and multiplex immunoassays for pro-
tein markers, targeted RNA panels (e.g., NanoString-type assays), and limited targeted
proteomics (selected mass spectrometry (MS) or immunoassay panels) can be applied to
FFPE biopsies using established workflows and clinically reasonable turnaround times
(days–weeks) [44,68]. These assays are suited to near-term clinical uses such as confir-
mation of driver mutations, detection of actionable alterations, and augmentation of
histologic grading [44].

Near-term emerging (translational): Targeted ctDNA assays (blood-based) and lim-
ited spatially resolved assays (targeted spatial transcriptomics or imaging mass cytometry
panels) are increasingly deployable but generally require specialized platforms, harmo-
nized pre-analytics, and cross-validation against tissue assays [47]. These methods enable
dynamic monitoring, detection of minimal residual disease, and spatially contextualized
biomarker readouts that can refine risk stratification and therapeutic targeting in the
short term [47].

Future/research-grade: Whole-exome or whole-genome sequencing, unbiased bulk
or single-cell multi-omics (single-cell RNA-seq, single-cell ATAC-seq), comprehensive
untargeted proteomics, high-resolution spatial transcriptomics/proteomics, and large-scale
metabolomics/lipidomics offer rich biological insight but currently demand high cost, spe-
cialized infrastructure, extensive bioinformatics, and larger tissue inputs [45,69–77,88,89].
Routine application on small diagnostic biopsies is therefore currently limited; technical
optimization, cost reduction and prospective clinical validation will be required before
broad clinical adoption [30].
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4. AI in Gastric Biopsy Diagnosis
AI has emerged as a transformative tool in gastric endoscopy and biopsy diagnos-

tics, enabling objective, reproducible, and scalable interpretation of complex visual and
histological data [95].

Early studies showed that convolutional neural networks (CNNs) can rapidly ana-
lyze endoscopic images with high sensitivity for gastric cancer detection, particularly for
invasive lesions, although false positives were observed in inflammatory conditions [96].
Subsequent comparative studies reported that CNNs achieved higher sensitivity than
endoscopists and substantially reduced interpretation time, supporting AI as a sensitivity-
enhancing diagnostic aid [97]. Strong real-world evidence was provided by a randomized
tandem trial showing that AI-assisted white-light endoscopy markedly reduced gastric
neoplasm miss rates during routine practice [98].

Advances in lesion localization and segmentation further strengthened AI perfor-
mance. Deep learning architectures achieved high accuracy and F1-scores for early gastric
cancer detection and delineation, while prospective multicenter studies demonstrated
robust real-time lesion detection, classification, and invasion depth prediction during
endoscopy [99,100]. Zhang et al. developed an Improved Mask R-CNN (IMR-CNN) to
detect and segment early gastric cancer (EGC) lesions in gastroscopic images. Using a
curated dataset of 1120 EGC images for training and validation, the model incorporated
bidirectional feature fusion and feature-purification modules; reported performance metrics
versus baseline Mask R-CNN were precision 92.9%, recall 95.3%, accuracy 93.9%, speci-
ficity 92.5% and F1-Score 94.1%, outcomes that translate into improved real-time lesion
localization and endoscopic targeting [99].

AI systems have also shown expert-level performance in detecting premalignant gas-
tric conditions, including atrophy and intestinal metaplasia, outperforming non-expert
endoscopists and enabling early risk stratification [101]. Liu et al. applied a multi-model
deep learning approach (five GAM-EfficientNet models) to recognize gastroscopic mani-
festations defined by the Kyoto Gastritis Score across 29,013 annotated endoscopy images,
performing multi-label severity classification for atrophy, diffuse redness, enlarged folds,
intestinal metaplasia and nodularity. The ensemble achieved mean accuracy ~78.7%,
specificity ~91.9% and F1 ≈ 0.78, significantly outperforming both experienced and less-
experienced endoscopists in this retrospective comparison (p < 0.05). The work shows
deep learning’s potential as an adjunct for standardized endoscopic phenotyping and
risk stratification, though prospective validation and assessment of real-world workflow
integration remain necessary [102].

For Helicobacter pylori infection, CNN-based AI achieved pooled diagnostic perfor-
mance comparable to physicians, with improved standardization and reduced operator
dependence [103]. Systematic reviews confirmed high accuracy for gastric precancerous
lesions and moderate accuracy for H. pylori detection, while emphasizing heterogeneity and
the need for prospective validation [104]. Iizuka et al. trained convolutional and re-current
neural networks on whole-slide biopsy images to classify gastric and colonic epithelial
tumors (adenocarcinoma, adenoma, non-neoplastic). Evaluated on three independent test
sets, models achieved high AUCs (up to 0.97–0.99 across gastric and colonic tasks), indicat-
ing strong generalization across datasets [105]. Quantitative AI-based gland segmentation
further reduced inter-observer variability in tumor grading [106].

Population-level meta-analyses reinforced the robustness of AI-assisted gastric di-
agnostics, demonstrating high pooled sensitivity, specificity, and AUC for gastric cancer
and intestinal metaplasia detection, with performance comparable or superior to endo-
scopists [107,108]. Li et al. pooled 12 studies (11,173 patients) assessing AI-assisted en-
doscopy for detecting gastric intestinal metaplasia. Meta-analysis yielded pooled sensitivity
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94% (95% CI 0.92–0.96), specificity 93% (95% CI 0.89–0.95) and AUC 0.97, with AI outper-
forming endoscopists (sensitivity 95% vs. 79%) [108]. The key studies are summarized
thematically in Table 1, illustrating the progression of AI from proof-of-concept image anal-
ysis to clinically integrated decision-support systems across the gastric diagnostic pathway.

Table 1. Thematic roles of artificial intelligence across gastric endoscopy and biopsy diagnostics.

Theme Primary AI Role Study Design & Methodology Key Quantitative Findings Ref.

Automated gastric
cancer detection

Image-based cancer
detection

CNN (SSD architecture)
trained on 13,584 endoscopic

images; tested on 2296 images
from 69 patients with

77 gastric cancers

Sensitivity 92.2%; PPV 30.6%;
detected 98.6% of

lesions ≥ 6 mm and all invasive
cancers; analysis time 47 s

[96]

AI vs. endoscopist
performance

Human–AI diagnostic
comparison

CNN trained on 13,584 images;
compared with

67 endoscopists using
2940 images from 140 cases

CNN sensitivity 58.4% vs.
endoscopists 31.9% (∆ +26.5%);
diagnostic time 45 s vs. 173 min

[97]

Miss rate reduction Real-time second
observer

Single-center randomized
tandem RCT (n = 1812);
AI-assisted vs. routine
white-light endoscopy

Miss rate reduced from 27.3% to
6.1% (RR 0.224; p = 0.015);

no serious AI-related
adverse events

[98]

Lesion segmentation
and localization Boundary delineation

Improved Mask R-CNN
trained on 1120 early gastric

cancer images

Precision 92.9%; recall 95.3%;
accuracy 93.9%; F1-score 94.1% [99]

Real-time clinical
decision support

Detection, classification,
invasion depth

Deep learning CDSS;
randomized pilot

(2524 procedures) +
multicenter prospective
validation (3976 images)

Detection rate 95.6%; four-class
classification accuracy 81.5%;

invasion depth prediction
accuracy 86.4%

[100]

Precancerous
condition detection

Atrophy & intestinal
metaplasia recognition

Multicenter
retrospective + prospective

video study using CNN
(ENDOANGEL) on IEE

Accuracy for GA 0.90–0.88;
IM 0.91–0.90; AI comparable to

experts and superior to
non-experts

[101]

Gastritis risk
stratification

Automated Kyoto
Gastritis Score

Retrospective deep learning
study (29,013 images);
multi-label Efficient

Net models

AI accuracy 78.7% vs. experts
72.6% and non-experts 66.6%;
significantly higher F1-scores

(p < 0.05)

[102]

Helicobacter pylori
detection Infection diagnosis

Systematic review and
meta-analysis of CNN-based

endoscopy (five studies)

Pooled accuracy 87.1%;
sensitivity 86.3%; specificity

87.1%; performance comparable
to physicians

[103]

AI for gastric
precancerous lesions Evidence synthesis

Systematic review and
meta-analysis (4 GPL,

9 H. pylori studies)

Pooled accuracy: GPL 90.3%;
H. pylori 79.6%; high

heterogeneity (I2 > 90%)
[104]

Histopathology
tumor classification

Biopsy-based AI
diagnostics

CNN/RNN models trained on
gastric and colonic WSIs;

three independent test sets

AUC up to 0.99 for gastric
adenoma and 0.97 for

adenocarcinoma
[105]

Quantitative
histomorphometry

Objective tissue
grading

CNN gland
segmentation + shape metrics

(BAM) with SVM classifier

Accuracy 97% (normal vs.
cancer); 91% (normal/low/high
grade); reduced inter-observer

variability

[106]

Population-level
validation

Diagnostic accuracy
benchmarking

Systematic review and
meta-analysis (17 studies;

51,446 images)

Pooled sensitivity 89%;
specificity 93%; AUC 0.94;

performance comparable to
expert endoscopists

[107]
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Table 1. Cont.

Theme Primary AI Role Study Design & Methodology Key Quantitative Findings Ref.

Gastric intestinal
metaplasia detection

Automated GIM
diagnosis

PRISMA-DTA meta-analysis
(12 studies; 11,173 patients)

Sensitivity 94%; specificity 93%;
AUC 0.97; AI sensitivity higher
than endoscopists (95% vs. 79%)

[108]

Multi-class lesion
classification

Clinical
decision-support

limitations

CNN models trained on
5017 images; prospective

validation

Five-class accuracy 84.6%;
inferior to top expert

endoscopists but comparable to
lowest performers

[109]

AI, artificial intelligence; AUC, area under the receiver operating characteristic curve; BAM, best alignment metric;
CDSS, clinical decision support system; CNN, convolutional neural network; ENDOANGEL, endoscopic artificial
intelligence system; F1-score, harmonic mean of precision and recall; GA, gastric atrophy; GIM, gastric intestinal
metaplasia; GPL, gastric precancerous lesions; IEE, image-enhanced endoscopy; IM, intestinal metaplasia; PPV,
positive predictive value; RCT, randomized controlled trial; RR, relative risk; SVM, support vector ma-chine; SSD,
single shot multibox detector; WSI, whole-slide image.

Despite these advances, AI remains primarily a clinical decision-support tool. Multi-
class CNN models achieve good overall accuracy but remain inferior to top experts in
prospective validation, reinforcing the need for human oversight [109]. Collectively, these
studies establish AI as a powerful enabler of precision gastric endoscopic and biopsy
di-agnostics by enhancing detection, standardization, risk stratification, and workflow
efficiency across the spectrum of gastric disease.

5. Integrated AI and Multi-Omics Approaches
Integrated AI and multi-omics approaches combine imaging, genomic, transcriptomic,

proteomic and/or circulating biomarker data with machine learning models to improve
classification and prognostication beyond single-modality analyses. For example, Lu et al.
introduced the Highly Trustworthy Multi-omics Learning (HTML) framework to enable
patient-centered, sample-adaptive multimodal modeling for personalized cancer diagnosis
and prognosis. HTML uses self-adaptive dynamic learning to tailor model architectures
and computational flows to each sample’s multi-omics profile, rather than applying a static
“one-size-fits-all” architecture. The authors evaluated HTML across a 33-type pan-cancer
dataset and 12 cancer-subtype datasets and reported superior performance versus static-
architecture baselines, with added benefits in model trustworthiness and interpretability
for sample-level decision support. While the study demonstrates the promise of dynamic,
uncertainty-aware multimodal models for improved discrimination and biological insight,
it is primarily pan-cancer in scope; targeted evaluation in gastric cancer cohorts and
prospective clinical validation are still needed before routine diagnostic deployment [110].

This review argues that inflammatory bowel disease (IBD)’s complexity (genetics,
immunity, microbiome, exposures) requires multi-omics (genomics, transcriptomics, pro-
teomics, metagenomics) integrated with systems-biology tools and AI to identify patient-
level signatures, predict disease trajectories, and support precision medicine. It emphasizes
the need for large, well-curated multimodal datasets, robust integration methods, inter-
pretability, and prospective validation, points directly relevant to applying integrated AI
and multi-omics approaches in gastric biopsy diagnostics [111]. Another review highlights
AI’s potential to transform IBD care by delivering accurate endoscopic and histologic
assessments, standardized scoring, outcome prediction, and by enabling an endo-histo-
omics paradigm that integrates endoscopy, histology and omics for precision medicine. It
notes persistent barriers, data quality/standardization, reproducibility, limited randomized
controlled trials, implementation, ethical/legal and regulatory issues, and calls for stan-
dardized guidelines and interdisciplinary collaboration to enable clinical translation [112].
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6. Clinical Endpoints and Translational Impact
While AUC, sensitivity and specificity are essential for initial model evaluation, clini-

cal adoption depends on demonstrable impact on patient-level and workflow outcomes.
Key endpoints include missed-lesion rate, time-to-diagnosis or time-to-report, interob-
server agreement, biopsy yield/targeting accuracy, downstream management changes
(e.g., altered surveillance intervals or therapy selection), and patient outcomes such as
stage at detection and recurrence; health-economic measures (cost per detected case, cost
per QALY) are also critical. Randomized and prospective studies demonstrating reduced
miss rates and workflow benefit [98], robust WSI/histopathology validation [105], and
meta-analytic evidence of diagnostic performance [108] illustrate diagnostic promise but do
not by themselves establish clinical utility. Similarly, circulating biomarker studies show-
ing prognostic associations [47] indicate potential for monitoring but require linkage to
actionable management changes. We therefore recommend that future AI and multi-omics
studies report at least one relevant clinical or workflow endpoint in addition to technical
metrics, pursue prospective or randomized designs where feasible, and include external
validation and health-economic analyses to inform real-world adoption.

7. Accelerating Diagnosis: Reducing Time to Result
A major, clinically tangible contribution of AI and deployable omics is shorter time to

diagnosis and reporting, which can reduce patient suffering and limit disease progression
while improving workflow in overstretched pathology and endoscopy services. AI applied
to endoscopic imaging and WSI can triage cases, pre-flag suspicious regions, and auto-mate
routine screening tasks, thereby reducing image review time and accelerating downstream
clinical decisions [99,105]. Comparative studies report reduced interpretation time for
CNN-assisted review versus human alone [97], and randomized tandem trials show AI
assistance lowers miss rates in real-time endoscopy with potential downstream reductions
in diagnostic delays [98]. Rapid molecular assays and targeted omics (targeted NGS panels,
focused RNA/protein assays, and ctDNA tests) offer faster turnaround than full discovery
workflows and can provide actionable results within clinically relevant windows to inform
treatment selection and monitoring [113,114]. Collectively, these modalities can shorten the
diagnostic timeline from sample acquisition to actionable result, but real-world time-saving
estimates will depend on local lab logistics, integration of AI into reporting workflows, and
prospective evaluation of impact on time-to-treatment and patient outcomes [108].

8. Limitations of AI and Omics in Gastric Biopsy Diagnostics
Although AI and omics technologies are transforming gastric biopsy diagnostics, sev-

eral interconnected limitations continue to hinder routine clinical adoption (Figure 2). AI
models require large, well-annotated datasets, which are difficult to obtain due to histologi-
cal heterogeneity, inter-observer variability, and labor-intensive expert annotation in gastric
pathology [115–118]. Variations in tissue processing, staining, and slide scanning reduce
model generalizability across institutions, while the “black-box” nature of many deep
learning systems limits interpretability and regulatory acceptance [119–122]. Rare lesions
and underrepresented morphological patterns may also be missed by AI systems [123].
Omics approaches are often costly, technically complex, and dependent on specialized
infrastructure and bioinformatics expertise [124,125]. Small gastric biopsy samples and
variable tissue quality can compromise molecular data integrity [126], and differences in
analytical pipelines reduce reproducibility [127–129].

https://doi.org/10.3390/biomedicines14020407

https://doi.org/10.3390/biomedicines14020407


Biomedicines 2026, 14, 407 9 of 16

Figure 2. Key limitations of artificial intelligence and multi-omics technologies in gastric biopsy
diagnostics.

Integrating multi-omics data remains challenging due to biological complexity and
lack of standardized interpretation frameworks [130], while the clinical significance of
some molecular alterations remains uncertain [131]. Ethical and regulatory challenges
further complicate implementation [132,133]. Large-scale molecular and imaging data
raise concerns regarding privacy, consent, and data governance, while unequal access may
exacerbate healthcare disparities. Regulatory approval of adaptive AI models and high-
dimensional omics assays is complex, and accountability for AI-assisted decisions remains
unclear [134]. Addressing algorithmic bias, ensuring transparency, and implementing
rigorous external validation and post-deployment monitoring are essential for safe and
equitable clinical translation [135].

9. Future Directions
The future of gastric biopsy diagnostics lies in the integrated application of omics

technologies and AI, enabling a shift from descriptive morphology toward data-driven,
precision gastroenterology and oncology [31,136]. Multi-omics profiling will increasingly be
applied directly to gastric biopsy specimens to capture the complex molecular architecture
of gastric diseases and their microenvironment [137]. These approaches will support
refined disease classification, early detection of precursor lesions (e.g., early dysplasia,
subtle metaplasia), minimal residual disease monitoring, and improved prediction of
therapeutic response, especially for targeted therapies in gastric cancer [39]. AI will play a
central role in integrating and interpreting high-dimensional omics data alongside digital
histopathology [138]. Deep learning models will increasingly link morphologic patterns
in whole-slide images with underlying molecular signatures, enabling virtual molecular
profiling from routine H&E or immunohistochemistry [139]. Importantly, future studies
should incorporate formal health-economic and cost-effectiveness evaluations alongside
diagnostic accuracy and clinical utility to determine the feasibility and value of integrating
AI-assisted multi-omics into routine gastroscopic and biopsy workflows.

Spatially resolved omics combined with AI-driven image analysis will allow precise
mapping of genetic and proteomic alterations within specific gastric niches, improving
understanding of tumor–stroma interactions, immune dysregulation, and treatment resis-
tance [140]. Future workflows are expected to adopt end-to-end computational pathology
pipelines, in which AI automates slide quality control, region selection, cell segmenta-
tion, and feature extraction, while multi-omics data provide complementary biological
context [141,142]. Federated learning and multicenter model training will enhance general-
izability, address data-sharing constraints, and support regulatory approval. Additionally,
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explainable AI approaches will improve transparency, enabling pathologists to understand
how morphologic and molecular features drive algorithmic predictions [143,144]. Clini-
cally, these advances will support personalized risk stratification and treatment planning,
particularly in complex entities such as high-risk gastritis, advanced intestinal metapla-
sia, dysplasia, and gastric cancer [145]. As costs decline and standardization improves,
AI-integrated multi-omics gastric analysis is expected to transition from a research tool to a
routine component of diagnostic and prognostic assessment, positioning the gastric biopsy
as a central hub for precision gastroenterology and oncology [146,147].

10. Conclusions
Gastric biopsy diagnostics are being transformed by the integration of multi-omics

technologies and AI, extending evaluation beyond morphology to capture molecular alter-
ations, cellular heterogeneity, and microenvironmental interactions. AI enhances detection,
standardization, and efficiency across endoscopic and histopathological workflows, while
omics profiling refines disease classification, risk stratification, and therapeutic insight.
Despite these advances, routine clinical adoption remains limited by technical complexity,
cost, data integration, interpretability, and the need for robust prospective validation and
regulatory oversight. As standardization improves and multidisciplinary frameworks
mature, combining AI-driven analytics with multi-omics data is expected to shift gastric
biopsy toward a dynamic platform for precision gastroenterology. This evolution has
the potential to improve diagnostic accuracy, prognostication, and individualized patient
management, redefining the role of gastric biopsy in modern gastrointestinal care.
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Skonieczna-Żydecka, K.; Kalinowski, L. Untargeted metabolomics in gastric and colorectal cancer patients—Preliminary results.
Front. Cell. Infect. Microbiol. 2024, 14, 1394038. [CrossRef]

95. Ali, H.; Muzammil, M.A.; Dahiya, D.S.; Ali, F.; Yasin, S.; Hanif, W.; Gangwani, M.K.; Aziz, M.; Khalaf, M.; Basuli, D.; et al.
Artificial intelligence in gastrointestinal endoscopy: A comprehensive review. Ann. Gastroenterol. 2024, 37, 133–141. [CrossRef]

96. Hirasawa, T.; Aoyama, K.; Tanimoto, T.; Ishihara, S.; Shichijo, S.; Ozawa, T.; Ohnishi, T.; Fujishiro, M.; Matsuo, K.; Fujisaki, J.;
et al. Application of artificial intelligence using a convolutional neural network for detecting gastric cancer in endoscopic images.
Gastric Cancer 2018, 21, 653–660. [CrossRef] [PubMed]

97. Ikenoyama, Y.; Hirasawa, T.; Ishioka, M.; Namikawa, K.; Yoshimizu, S.; Horiuchi, Y.; Ishiyama, A.; Yoshio, T.; Tsuchida, T.;
Takeuchi, Y.; et al. Detecting early gastric cancer: Comparison between the diagnostic ability of convolutional neural networks
and endoscopists. Dig. Endosc. 2021, 33, 141–150. [CrossRef]

98. Wu, L.; Shang, R.; Sharma, P.; Zhou, W.; Liu, J.; Yao, L.; Dong, Z.; Yuan, J.; Zeng, Z.; Yu, Y.; et al. Effect of a deep learning-based
system on the miss rate of gastric neoplasms during upper gastrointestinal endoscopy: A single-centre, tandem, randomised
controlled trial. Lancet Gastroenterol. Hepatol. 2021, 6, 700–708. [CrossRef] [PubMed]

99. Zhang, K.; Wang, H.; Cheng, Y.; Liu, H.; Gong, Q.; Zeng, Q.; Zhang, T.; Wei, G.; Wei, Z.; Chen, D. Early gastric cancer detection
and lesion segmentation based on deep learning and gastroscopic images. Sci. Rep. 2024, 14, 7847. Erratum in Sci. Rep. 2024,
14, 9025. https://doi.org/10.1038/s41598-024-59794-x. [CrossRef] [PubMed]

100. Gong, E.J.; Bang, C.S.; Lee, J.J.; Baik, G.H.; Lim, H.; Jeong, J.H.; Choi, S.W.; Cho, J.; Kim, D.Y.; Bin Lee, K.; et al. Deep learning-based
clinical decision support system for gastric neoplasms in real-time endoscopy: Development and validation study. Endoscopy
2023, 55, 701–708. [CrossRef]

101. Xu, M.; Zhou, W.; Wu, L.; Zhang, J.; Wang, J.; Mu, G.; Huang, X.; Li, Y.; Yuan, J.; Zeng, Z.; et al. Artificial intelligence in
the diagnosis of gastric precancerous conditions by image-enhanced endoscopy: A multicenter, diagnostic study (with video).
Gastrointest. Endosc. 2021, 94, 540–548.e4. [CrossRef]

102. Liu, A.; Zhang, X.; Zhong, J.; Wang, Z.; Ge, Z.; Wang, Z.; Fan, X.; Zhang, J. A deep learning approach for gastroscopic manifestation
recognition based on Kyoto Gastritis Score. Ann. Med. 2024, 56, 2418963. [CrossRef] [PubMed]

103. Mohan, B.P.; Khan, S.R.; Kassab, L.L.; Ponnada, S.; Mohy-Ud-Din, N.; Chandan, S.; Dulai, P.S.; Kochhar, G.S. Convolutional neural
networks in the computer-aided diagnosis of Helicobacter pylori infection and non-causal comparison to physician endoscopists:
A systematic review with meta-analysis. Ann. Gastroenterol. 2021, 34, 20–25. [CrossRef]

https://doi.org/10.3390/biomedicines14020407

https://doi.org/10.1186/s12967-024-05055-4
https://doi.org/10.1038/s44321-025-00325-0
https://doi.org/10.1016/j.biopha.2023.116030
https://www.ncbi.nlm.nih.gov/pubmed/38128177
https://doi.org/10.1038/s41467-024-46043-y
https://doi.org/10.1016/j.aca.2022.340038
https://www.ncbi.nlm.nih.gov/pubmed/35868700
https://doi.org/10.1021/acs.analchem.3c01358
https://www.ncbi.nlm.nih.gov/pubmed/37458487
https://doi.org/10.1158/1078-0432.CCR-21-4383
https://doi.org/10.1002/smtd.202301644
https://doi.org/10.1038/s41388-023-02700-y
https://doi.org/10.1158/0008-5472.CAN-23-3169
https://doi.org/10.3389/fmicb.2025.1691080
https://doi.org/10.3389/fmicb.2025.1634410
https://doi.org/10.3389/fcimb.2024.1394038
https://doi.org/10.20524/aog.2024.0861
https://doi.org/10.1007/s10120-018-0793-2
https://www.ncbi.nlm.nih.gov/pubmed/29335825
https://doi.org/10.1111/den.13688
https://doi.org/10.1016/S2468-1253(21)00216-8
https://www.ncbi.nlm.nih.gov/pubmed/34297944
https://doi.org/10.1038/s41598-024-59794-x
https://doi.org/10.1038/s41598-024-58361-8
https://www.ncbi.nlm.nih.gov/pubmed/38570595
https://doi.org/10.1055/a-2031-0691
https://doi.org/10.1016/j.gie.2021.03.013
https://doi.org/10.1080/07853890.2024.2418963
https://www.ncbi.nlm.nih.gov/pubmed/39498518
https://doi.org/10.20524/aog.2020.0542
https://doi.org/10.3390/biomedicines14020407


Biomedicines 2026, 14, 407 15 of 16

104. Dilaghi, E.; Lahner, E.; Annibale, B.; Esposito, G. Systematic review and meta-analysis: Artificial intelligence for the diagnosis of
gastric precancerous lesions and Helicobacter pylori infection. Dig. Liver Dis. 2022, 54, 1630–1638. [CrossRef] [PubMed]

105. Iizuka, O.; Kanavati, F.; Kato, K.; Rambeau, M.; Arihiro, K.; Tsuneki, M. Deep learning models for histopathological classification
of gastric and colonic epithelial tumours. Sci. Rep. 2020, 10, 1504. [CrossRef]

106. Awan, R.; Sirinukunwattana, K.; Epstein, D.; Jefferyes, S.; Qidwai, U.; Aftab, Z.; Mujeeb, I.; Snead, D.; Rajpoot, N. Glandular
morphometrics for objective grading of colorectal adenocarcinoma histology images. Sci. Rep. 2017, 7, 16852. [CrossRef]

107. Xie, F.; Zhang, K.; Li, F.; Ma, G.; Ni, Y.; Zhang, W.; Wang, J.; Li, Y. Diagnostic accuracy of convolutional neural network-based
endoscopic image analysis in diagnosing gastric cancer and predicting its invasion depth: A systematic review and meta-analysis.
Gastrointest. Endosc. 2022, 95, 599–609.e7. [CrossRef]

108. Li, N.; Yang, J.; Li, X.; Shi, Y.; Wang, K. Accuracy of artificial intelligence-assisted endoscopy in the diagnosis of gastric intestinal
metaplasia: A systematic review and meta-analysis. PLoS ONE 2024, 19, e0303421. [CrossRef]

109. Cho, B.J.; Bang, C.S.; Park, S.W.; Yang, Y.J.; Seo, S.I.; Lim, H.; Shin, W.G.; Hong, J.T.; Yoo, Y.T.; Hong, S.H.; et al. Automated
classification of gastric neoplasms in endoscopic images using a convolutional neural network. Endoscopy 2019, 51, 1121–1129.
[CrossRef] [PubMed]

110. Lu, Y.; Peng, R.; Dong, L.; Xia, K.; Wu, R.; Xu, S.; Wang, J. Multiomics dynamic learning enables personalized diagnosis and
prognosis for pancancer and cancer subtypes. Brief. Bioinform. 2023, 24, bbad378. [CrossRef]

111. Cannarozzi, A.L.; Latiano, A.; Massimino, L.; Bossa, F.; Giuliani, F.; Riva, M.; Ungaro, F.; Guerra, M.; Di Brina, A.L.; Biscaglia, G.;
et al. Inflammatory bowel disease genomics, transcriptomics, proteomics and metagenomics meet artificial intelligence. United
Eur. Gastroenterol. J. 2024, 12, 1461–1480. [CrossRef]

112. Iacucci, M.; Santacroce, G.; Zammarchi, I.; Maeda, Y.; Del Amor, R.; Meseguer, P.; Kolawole, B.B.; Chaudhari, U.; Di Sabatino, A.;
Danese, S.; et al. Artificial intelligence and endo-histo-omics: New dimensions of precision endoscopy and histology in
inflammatory bowel disease. Lancet Gastroenterol. Hepatol. 2024, 9, 758–772. [CrossRef] [PubMed]

113. Ghoreyshi, N.; Heidari, R.; Farhadi, A.; Chamanara, M.; Farahani, N.; Vahidi, M.; Behroozi, J. Next-generation sequencing in
cancer diagnosis and treatment: Clinical applications and future directions. Discov. Oncol. 2025, 16, 578. [CrossRef]

114. Isaic, A.; Motofelea, N.; Hoinoiu, T.; Motofelea, A.C.; Leancu, I.C.; Stan, E.; Gheorghe, S.R.; Dutu, A.G.; Crintea, A. Next-generation
sequencing: A review of its transformative impact on cancer diagnosis, treatment, and resistance management. Diagnostics 2025,
15, 2425. [CrossRef]

115. Tizhoosh, H.R.; Pantanowitz, L. Artificial Intelligence and digital pathology: Challenges and opportunities. J. Pathol. Inform. 2018,
9, 38. [CrossRef] [PubMed]

116. Bhinder, B.; Gilvary, C.; Madhukar, N.S.; Elemento, O. Artificial intelligence in cancer research and precision medicine. Cancer
Discov. 2021, 11, 900–915. [CrossRef]

117. Tizhoosh, H.R.; Diamandis, P.; Campbell, C.J.V.; Safarpoor, A.; Kalra, S.; Maleki, D.; Riasatian, A.; Babaie, M. Searching Images for
Consensus: Can AI Remove Observer Variability in Pathology? Am. J. Pathol. 2021, 191, 1702–1708. [CrossRef]

118. Zhou, S.; Xie, Y.; Feng, X.; Li, Y.; Shen, L.; Chen, Y. Artificial intelligence in gastrointestinal cancer research: Image learning
advances and applications. Cancer Lett. 2025, 614, 217555. [CrossRef] [PubMed]

119. Acs, B.; Rantalainen, M.; Hartman, J. Artificial intelligence as the next step towards precision pathology. J. Intern. Med. 2020,
288, 62–81. [CrossRef]

120. Shmatko, A.; Ghaffari Laleh, N.; Gerstung, M.; Kather, J.N. Artificial intelligence in histopathology: Enhancing cancer research
and clinical oncology. Nat. Cancer 2022, 3, 1026–1038. [CrossRef]

121. Komura, D.; Ochi, M.; Ishikawa, S. Machine learning methods for histopathological image analysis: Updates in 2024. Comput.
Struct. Biotechnol. J. 2024, 27, 383–400. [CrossRef]

122. Amann, J.; Vetter, D.; Blomberg, S.N.; Christensen, H.C.; Coffee, M.; Gerke, S.; Gilbert, T.K.; Hagendorff, T.; Holm, S.; Livne, M.;
et al. To explain or not to explain?—Artificial intelligence explainability in clinical decision support systems. PLoS Digit. Health
2022, 1, e0000016. [CrossRef]

123. Deng, Y.; Qin, H.Y.; Zhou, Y.Y.; Liu, H.H.; Jiang, Y.; Liu, J.P.; Bao, J. Artificial intelligence applications in pathological diagnosis of
gastric cancer. Heliyon 2022, 8, e12431. [CrossRef]

124. Karahalil, B. Overview of systems biology and omics technologies. Curr. Med. Chem. 2016, 23, 4221–4230. [CrossRef] [PubMed]
125. Magro, D.; Venezia, M.; Balistreri, C.R. The omics technologies and liquid biopsies: Advantages, limitations, applications. Med.

Omics 2024, 11, 100039. [CrossRef]
126. Janiesch, C.; Zschech, P.; Heinrich, K. Machine learning and deep learning. Electron. Mark. 2021, 31, 685–695. [CrossRef]
127. Subramanian, I.; Verma, S.; Kumar, S.; Jere, A.; Anamika, K. Multi-omics data integration, interpretation, and its application.

Bioinform. Biol. Insights 2020, 14, 1177932219899051. [CrossRef]
128. Vitorino, R. Transforming clinical research: The power of high-throughput omics integration. Proteomes 2024, 12, 25. [CrossRef]
129. Yetgin, A. Revolutionizing multi-omics analysis with artificial intelligence and data processing. Quant. Biol. 2025, 13, e70002.

[CrossRef]

https://doi.org/10.3390/biomedicines14020407

https://doi.org/10.1016/j.dld.2022.03.007
https://www.ncbi.nlm.nih.gov/pubmed/35382973
https://doi.org/10.1038/s41598-020-58467-9
https://doi.org/10.1038/s41598-017-16516-w
https://doi.org/10.1016/j.gie.2021.12.021
https://doi.org/10.1371/journal.pone.0303421
https://doi.org/10.1055/a-0981-6133
https://www.ncbi.nlm.nih.gov/pubmed/31443108
https://doi.org/10.1093/bib/bbad378
https://doi.org/10.1002/ueg2.12655
https://doi.org/10.1016/S2468-1253(24)00053-0
https://www.ncbi.nlm.nih.gov/pubmed/38759661
https://doi.org/10.1007/s12672-025-01816-9
https://doi.org/10.3390/diagnostics15192425
https://doi.org/10.4103/jpi.jpi_53_18
https://www.ncbi.nlm.nih.gov/pubmed/30607305
https://doi.org/10.1158/2159-8290.CD-21-0090
https://doi.org/10.1016/j.ajpath.2021.01.015
https://doi.org/10.1016/j.canlet.2025.217555
https://www.ncbi.nlm.nih.gov/pubmed/39952597
https://doi.org/10.1111/joim.13030
https://doi.org/10.1038/s43018-022-00436-4
https://doi.org/10.1016/j.csbj.2024.12.033
https://doi.org/10.1371/journal.pdig.0000016
https://doi.org/10.1016/j.heliyon.2022.e12431
https://doi.org/10.2174/0929867323666160926150617
https://www.ncbi.nlm.nih.gov/pubmed/27686657
https://doi.org/10.1016/j.meomic.2024.100039
https://doi.org/10.1007/s12525-021-00475-2
https://doi.org/10.1177/1177932219899051
https://doi.org/10.3390/proteomes12030025
https://doi.org/10.1002/qub2.70002
https://doi.org/10.3390/biomedicines14020407


Biomedicines 2026, 14, 407 16 of 16

130. Mohr, A.E.; Ortega-Santos, C.P.; Whisner, C.M.; Klein-Seetharaman, J.; Jasbi, P. Navigating challenges and opportunities in
multi-omics integration for personalized healthcare. Biomedicines 2024, 12, 1496. [CrossRef]

131. Liang, A.; Kong, Y.; Chen, Z.; Qiu, Y.; Wu, Y.; Zhu, X.; Li, Z. Advancements and applications of single-cell multi-omics techniques
in cancer research: Unveiling heterogeneity and paving the way for precision therapeutics. Biochem. Biophys. Rep. 2023, 37, 101589.
[CrossRef]

132. Carter, S.M.; Rogers, W.; Win, K.T.; Frazer, H.; Richards, B.; Houssami, N. The ethical, legal and social implications of using
artificial intelligence systems in breast cancer care. Breast 2020, 49, 25–32. [CrossRef] [PubMed]

133. Farhud, D.D.; Zokaei, S. Ethical Issues of Artificial intelligence in medicine and healthcare. Iran. J. Public Health 2021, 50, i–v.
[CrossRef] [PubMed]

134. Serag, A.; Ion-Margineanu, A.; Qureshi, H.; McMillan, R.; Saint Martin, M.-J.; Diamond, J.; O’Reilly, P.; Hamilton, P. Translational
AI and deep learning in diagnostic pathology. Front. Med. 2019, 6, 185. [CrossRef] [PubMed]

135. van der Laak, J.; Litjens, G.; Ciompi, F. Deep learning in histopathology: The path to the clinic. Nat. Med. 2021, 27, 775–784.
[CrossRef]

136. Clement David-Olawade, A.; Aderinto, N.; Egbon, E.; Olatunji, G.D.; Kokori, E.; Olawade, D.B. Enhancing endoscopic precision:
The role of artificial intelligence in modern gastroenterology. J. Gastrointest. Surg. 2025, 29, 102195. [CrossRef]

137. Koo, T.H.; Lee, Y.L.; Leong, X.B.; Hayati, F.; Zakaria, M.H.; Zakaria, A.D. Multi-omics perspectives for gastrointestinal malignancy:
A systematic review. World J. Gastrointest. Surg. 2025, 17, 107110. [CrossRef]

138. Chen, H.; Shi, Y.; Yuan, M.; Li, H.; Liu, X. Integrating multi-omics and artificial intelligence fuels advanced target identification
and drug discovery. Biotechnol. Adv. 2025, 87, 108785. [CrossRef]

139. Dang, C.; Qi, Z.; Xu, T.; Gu, M.; Chen, J.; Wu, J.; Lin, Y.; Qi, X. Deep Learning-Powered Whole Slide Image Analysis in Cancer
Pathology. Lab. Investig. 2025, 105, 104186. [CrossRef]

140. Zhang, Y.; Yang, C.; Chen, X.; Wu, L.; Yuan, Z.; Zhang, F.; Qian, B. Cancer therapy resistance from a spatial-omics perspective.
Clin. Transl. Med. 2025, 15, e70396. [CrossRef]

141. Sweileh, M.W. AI-powered histopathology slide image interpretation in oncology: A comprehensive knowledge mapping and
bibliometric analysis. Digit. Health 2025, 11, 20552076251393286. [CrossRef]

142. Huo, T.; Wu, W.; Chen, X.; Xue, M.; Liu, P.; Zhang, J.; Xie, Y.; Wang, H.; Zhou, H.; Yan, Z.; et al. Deep learning–based multimodal
data fusion in bone tumor management: Advances in clinical decision support. Intell. Oncol. 2025, 1, 204–215. [CrossRef]

143. Abbas, S.R.; Abbas, Z.; Zahir, A.; Lee, S.W. Federated Learning in Smart Healthcare: A Comprehensive Review on Privacy,
Security, and Predictive Analytics with IoT Integration. Healthcare 2024, 12, 2587. [CrossRef]

144. Zheng, Y.; Li, H.; Wang, R.; Jiang, C.S.; Zhao, Y.T. Multi-model applications and cutting-edge advancements of artificial intelligence
in hepatology in the era of precision medicine. World J. Gastroenterol. 2025, 31, 111323. [CrossRef] [PubMed]

145. Vernygorodskyi, S.; Tonchev, A.B.; Bratoeva, K.Z. Gastric epithelial cell plasticity and molecular mechanisms of metaplastic
transformations in the stomach. J. Mol. Pathol. 2025, 6, 24. [CrossRef]

146. Liatsou, E.; Driva, T.S.; Vergadis, C.; Sakellariou, S.; Lykoudis, P.; Apostolou, K.G.; Tsapralis, D.; Schizas, D. Current role of
artificial intelligence in the management of gastric cancer. Biomedicines 2025, 13, 2939. [CrossRef]

147. Ma, D.; Fan, C.; Sano, T.; Kawabata, K.; Nishikubo, H.; Imanishi, D.; Sakuma, T.; Maruo, K.; Yamamoto, Y.; Matsuoka, T.; et al.
Beyond Biomarkers: Machine Learning-Driven Multiomics for Personalized Medicine in Gastric Cancer. J. Pers. Med. 2025,
15, 166. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/biomedicines14020407

https://doi.org/10.3390/biomedicines12071496
https://doi.org/10.1016/j.bbrep.2023.101589
https://doi.org/10.1016/j.breast.2019.10.001
https://www.ncbi.nlm.nih.gov/pubmed/31677530
https://doi.org/10.18502/ijph.v50i11.7600
https://www.ncbi.nlm.nih.gov/pubmed/35223619
https://doi.org/10.3389/fmed.2019.00185
https://www.ncbi.nlm.nih.gov/pubmed/31632973
https://doi.org/10.1038/s41591-021-01343-4
https://doi.org/10.1016/j.gassur.2025.102195
https://doi.org/10.4240/wjgs.v17.i7.107110
https://doi.org/10.1016/j.biotechadv.2025.108785
https://doi.org/10.1016/j.labinv.2025.104186
https://doi.org/10.1002/ctm2.70396
https://doi.org/10.1177/20552076251393286
https://doi.org/10.1016/j.intonc.2025.06.005
https://doi.org/10.3390/healthcare12242587
https://doi.org/10.3748/wjg.v31.i39.111323
https://www.ncbi.nlm.nih.gov/pubmed/41180782
https://doi.org/10.3390/jmp6030024
https://doi.org/10.3390/biomedicines13122939
https://doi.org/10.3390/jpm15050166
https://doi.org/10.3390/biomedicines14020407

	Introduction 
	Omics Technologies in Gastric Diagnosis 
	Biopsy-Feasible Versus Emerging Omics Approaches 
	AI in Gastric Biopsy Diagnosis 
	Integrated AI and Multi-Omics Approaches 
	Clinical Endpoints and Translational Impact 
	Accelerating Diagnosis: Reducing Time to Result 
	Limitations of AI and Omics in Gastric Biopsy Diagnostics 
	Future Directions 
	Conclusions 
	References

