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Abstract
Artificial intelligence (AI) is being investigated across the gastric cancer care pathway, but the evidence 
required for clinical adoption extends beyond predictive accuracy. This narrative review critically exam-
ines AI applications in endoscopy, computed tomography, digital pathology, multimodal modeling, tumor 
microenvironment assessment, molecular profiling, and surgical assistance. Selected studies demonstrate 
substantial progress in lesion detection, staging, response prediction, and prognostic stratification. However, 
retrospective discrimination, prospective validation, and improved outcomes under AI-guided care represent 
distinct evidentiary achievements. A large randomized endoscopy trial illustrates this distinction: AI reduced 
examination blind spots but did not significantly improve the primary endpoint of gastric neoplasm detection 
after pathology review. Elsewhere, externally validated imaging and pathology models remain vulnerable to 
differences in acquisition protocols, patient selection, treatment context, and data availability. Associations 
between model scores and treatment outcomes cannot establish that a score identifies differential treatment 
benefit. Multimodal and molecular approaches introduce additional challenges related to missing inputs, as-
say reproducibility, and implementation costs. We propose a staged translational framework linking a clearly 
defined clinical decision to independent validation, prospective workflow evaluation, comparative impact 
assessment, and monitored deployment. Priorities include clinically appropriate reference standards, calibra-
tion and threshold-specific performance, subgroup evaluation, transparent reporting, human factors testing, 
and economic assessment. Clinical adoption should depend on reproducible incremental value within a spec-
ified care pathway, with safeguards proportionate to the consequences of error. These requirements provide a 
practical basis for converting promising gastric cancer AI models into reliable clinical tools.
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1 Introduction

Gastric cancer remains a major global health burden. GLOBOCAN 2022 estimated approximately 968,000 
new cases and 660,000 deaths worldwide, ranking gastric cancer fifth for both incidence and mortality [1]. Its 
molecular and histological heterogeneity, variation in stage at diagnosis, and differences in treatment response 
complicate individualized management. Artificial intelligence (AI) offers methods for extracting information 
from endoscopic images, computed tomography (CT), histopathological slides, and molecular measurements, 
and for integrating these data with clinical variables [2].

The resulting applications address different decisions. Endoscopic systems may help locate suspicious 
lesions or improve examination coverage. Imaging models may support staging and risk assessment, while 
pathology and multimodal models may estimate recurrence risk or response to a particular treatment. These 
tasks require different reference standards, validation strategies, and acceptable error rates. A model that dis-
tinguishes cancer from selected controls cannot be assumed to improve population screening, and a model 
that predicts response among treated patients does not necessarily identify the most effective treatment for an 
individual.

The central translational question is therefore whether using an AI system improves a specified clinical 
decision and its consequences. This distinction is illustrated by a large multicenter endoscopy trial in which 
improvements in examination quality did not translate into a significant improvement in the primary patholo-
gy-reviewed detection endpoint [3]. Progress also depends on reproducibility, integration with clinical work-
flows, access to required data, and the capacity to detect failure after deployment. This review examines these 
issues across seven areas of gastric cancer management and proposes an evidence pathway for clinically re-
sponsible adoption.

2 Scope and interpretive framework

This article is a narrative review organized around clinical decisions rather than algorithm families. Repre-
sentative gastric cancer studies are discussed to illustrate the relationship between reported performance and 
the evidence needed for implementation. Primary reports are prioritized for numerical results; methodological 
guidance informs the discussion of study design and reporting. The synthesis is selective and does not consti-
tute an exhaustive systematic review, quantitative meta-analysis, or formal grading of evidence certainty.

Four distinctions guide interpretation. First, retrospective model development is separated from inde-
pendent geographic or temporal validation. Second, prospective data collection is distinguished from an 
intervention in which model outputs actually influence care. Third, diagnostic or prognostic discrimination 
is separated from comparative evidence that AI improves clinical outcomes. Finally, the unit of analysis is 
specified where it affects interpretation: patients, CT examinations, slides, and tissue measurement sites are 
not interchangeable. TRIPOD+AI provides a framework for transparent prediction-model reporting, whereas 
PROBAST+AI addresses quality, risk of bias, and applicability; reporting compliance alone does not estab-
lish clinical utility [4,5].
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3 Applications across the gastric cancer care pathway

3.1 Endoscopic detection and characterization

Computer-aided detection and diagnosis serve related but distinct purposes. Detection systems flag po-
tentially abnormal areas, whereas diagnostic systems classify lesions or estimate invasion depth. Real-time 
development and validation work, including the clinical decision support system reported by Gong and col-
leagues, demonstrates technical feasibility. Such studies should be interpreted according to their actual vali-
dation design rather than treated as evidence from randomized deployment trials [6].

Dong and colleagues randomized patients undergoing esophagogastroduodenoscopy at 24 Chinese hospi-
tals. Among 29,514 participants in the intention-to-treat analysis, gastric neoplasm detection after pathology 
review was 1.42% with AI assistance and 1.25% without it (risk ratio 1.13, 95% confidence interval 0.92–1.38; 
P = 0.25). Detection based on the original pathology reports was higher with AI (4.06% versus 3.57%; P = 
0.03). The mean number of blind spots decreased from 2.52 to 1.07, while procedure and inspection times 
increased [3]. The primary result does not establish equivalence, but it does not support a claim of improved 
pathology-reviewed detection. Reduced blind spots are a process outcome and cannot, by themselves, estab-
lish fewer missed cancers. Exploratory findings concerning operator experience or fatigue require confirma-
tion before they determine deployment policy.

Emerging approaches extend beyond conventional image recognition. Yan and colleagues combined sur-
face-enhanced Raman scattering with AI to map mucosal acidity. The work included 50 patient specimens 
and 1,516 measurement sites, with reported external-validation sensitivity of 87.79%, specificity of 85.04%, 
and accuracy of 86.89% [7]. Much of this evidence concerns analysis of excised specimens; it should not be 
described as a validated real-time clinical screening intervention. Multiple measurements from the same spec-
imen also require patient-level separation and appropriate handling of within-patient dependence. Watanabe 
and colleagues investigated AI-based endoscopy combined with miR148a methylation for lesions classified 
as indefinite for dysplasia, illustrating the potential and limitations of adding molecular information to mor-
phological assessment [8].

Future endoscopy trials should prespecify the reference pathology process, clinically consequential lesion 
categories, false-positive biopsies, examination time, and follow-up for missed disease. Endoscopist-plus-AI 
should be compared with endoscopist-alone performance in representative practice. Quality metrics can ex-
plain how an intervention works, but favorable secondary outcomes should not replace an unsuccessful pri-
mary endpoint after the results are known.

3.2 CT radiomics and deep learning

CT-based AI encompasses lesion detection, staging, prediction of residual nodal disease, and response or 
recurrence assessment. These applications operate at different points in care and should not be ranked by area 
under the receiver operating characteristic curve (AUC) alone. In the GANDA study, Chen and colleagues 
reported a study population of 4,606 patients and a separate real-world test dataset of 7,695 consecutive CT 
examinations. In the latter dataset, sensitivity and specificity for neoplasm detection were 83.2% and 93.1%, 
respectively [9]. These denominators describe different components of the investigation and should not be 
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combined or used interchangeably. Large-scale retrospective testing strengthens evidence of diagnostic valid-
ity but does not show that deploying the system improves referral or patient outcomes.

For preoperative T staging, Zheng and colleagues developed GTRNet using 1,792 patients, with reported 
AUCs of 0.86–0.95 and accuracies of 81%–85%. The method used the largest axial tumor slice, which lim-
its the anatomical information available to the model [10]. He and colleagues evaluated a 2.5-dimensional 
approach for identifying pathological T1N0 disease in 3,164 surgically treated patients [11]. Such prediction 
may inform risk assessment, but pathological T1N0 status is not synonymous with eligibility for endoscopic 
resection; lesion characteristics and established curative-resection criteria remain necessary.

Pretreatment response models provide another example of task specificity. A transformer-based network 
evaluated by Zheng and colleagues in 1,205 patients predicted lymph node metastasis after neoadjuvant che-
motherapy, with validation AUCs of 0.748–0.788 [12]. Cui and colleagues reported a CT-based deep learning 
radiomics nomogram in 719 patients, with AUCs of 0.829, 0.804, and 0.827 in the internal and two exter-
nal validation cohorts [13]. By contrast, Huang and colleagues studied 268 patients using CT information 
that included changes between pretreatment and post-treatment examinations [14]. A model incorporating 
post-treatment information can assess response at that later time point, but cannot be presented as a baseline 
treatment-selection tool.

Jiang and colleagues evaluated a multitask model in 2,320 patients. External-validation AUC for peritoneal 
recurrence was 0.843, whereas the external-validation concordance index for disease-free survival was 0.610 
[15]. Reporting both outcomes avoids implying that strong recurrence discrimination establishes equally 
strong survival prediction. Clinical-variable models have also been investigated for lymph node metastasis in 
early gastric cancer; these should be distinguished from imaging models and assessed for whether every pre-
dictor is available at the intended decision time [16].

Reproducibility remains a central requirement. A review of gastric cancer radiomics reported a median ra-
diomics quality score of 44.4% of the maximum, reflecting limitations in that reviewed literature rather than a 
score applicable to every subsequent study [17]. Acquisition protocols, segmentation, preprocessing, feature 
definitions, and software versions should be reported and tested. The Image Biomarker Standardization Initia-
tive provides standardized feature definitions and reference values that can support this process [18].

3.3 Digital pathology and pathomics

Whole-slide imaging permits computational analysis of tumor architecture, stromal composition, and im-
mune-cell patterns. Diagnostic models and quantitative biomarker scoring may support pathologists, while 
prognostic models attempt to extract information beyond conventional staging [19]. Huang and colleagues 
demonstrated multicenter diagnostic and prognostic modeling from digital pathological images, providing an 
early example of multiple-instance learning in gastric cancer [20]. The relevant comparator for adoption is 
the complete pathology workflow, including review time, missed lesions, and discordant interpretations.

Chen and colleagues developed the PSGC pathomics signature and reported associations with survival and 
adjuvant chemotherapy outcomes [21]. These findings support further evaluation of risk stratification. They 
do not justify withholding chemotherapy from a model-defined subgroup: treatment allocation in observation-
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al cohorts can be confounded, and statistical significance in one subgroup but not another does not establish 
a treatment-by-marker interaction. A claim of treatment selection requires appropriate comparative evidence 
and prospective testing of the proposed decision rule.

Ding and colleagues developed a recurrence model integrating histopathological features with clinical vari-
ables in a multicenter cohort of 1,763 patients, with reported validation AUCs of 0.843–0.887. Evaluation 
included an exploratory post hoc analysis of a prospective trial population [22]. This use of trial-derived data 
should be distinguished from a trial of AI-guided care. For immunotherapy response, Han and colleagues re-
ported AUCs of 0.985 in training, 0.921 in internal validation, and 0.914 and 0.927 in two external validation 
cohorts [23]. The training estimate should not be included in a range labeled as external-validation perfor-
mance.

Pathology models must remain reliable across staining protocols, scanners, specimen types, and tumor sam-
pling strategies. Patient-level and institution-level separation are essential to avoid leakage through related 
slides or shared processing patterns. Performance should be assessed on poor-quality and low-tumor-content 
material as well as selected high-quality slides. Explanatory overlays can help inspect model behavior, but 
cannot establish that the learned features are causal biological determinants. Clinical value also depends on 
the costs of slide digitization, storage, quality control, and specialist review.

3.4 Multimodal integration

Multimodal models combine complementary information, but their benefit depends on whether that infor-
mation is available and useful at the clinical decision point. Chen and colleagues developed MuMo using 
radiological, pathological, and clinical data from 429 patients with HER2-positive gastric cancer. Reported 
AUCs were 0.821 for anti-HER2 treatment response and 0.914 for response to anti-HER2 treatment com-
bined with immunotherapy [24]. These estimates arose from different treatment cohorts and do not show that 
the model can determine which regimen provides greater benefit to the same patient.

Gao and colleagues integrated pretreatment CT and hematoxylin-and-eosin-stained biopsy images in an in-
cremental supervised contrastive learning model. Development and testing used retrospective data from 2,387 
patients across 10 centers, followed by evaluation in 132 prospectively enrolled patients; AUCs across test 
cohorts were 0.846–0.876 [25]. The prospective component advances validation, but does not demonstrate 
that acting on model predictions improves outcomes. Related radiopathomics studies evaluated immunother-
apy-based combination treatment in 298 patients and prognosis or immunotherapy response in a multicohort 
series of 1,133 patients [26,27]. Their results require interpretation in relation to treatment regimen, predic-
tion horizon, and the availability of matched imaging and pathology.

Multimodal virtual biopsy has also been studied for predicting positive peritoneal lavage cytology. Ding 
and colleagues reported an AUC of 0.835 in a prospective validation cohort of 152 patients [28]. This sup-
ports further evaluation as a risk-assessment tool; it does not establish that staging laparoscopy or cytological 
confirmation can be omitted.

A practical limitation is missing or unusable input data. Requiring complete CT, digital pathology, and mo-
lecular information may exclude the patients or hospitals in which decision support is most needed. Validation 
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should report the proportion of eligible patients who can actually receive a prediction, performance for each 
available modality combination, and the behavior of the system when an input is absent or corrupted. Modal-
ity dropout and alternative single-modality pathways are candidate solutions, but need testing under realistic 
missingness patterns. Any incremental accuracy should be weighed against acquisition costs, processing time, 
and delays in treatment decisions.

3.5 Tumor microenvironment assessment and immunotherapy response

Imaging-based models have been developed to estimate immune and stromal features that usually require 
tissue assessment. Jiang and colleagues proposed biology-guided deep learning that links CT-derived rep-
resentations with tumor microenvironment states and treatment outcomes. The study also identified mod-
el-defined heterogeneity among mismatch repair-deficient tumors receiving immunotherapy [29]. This is an 
exploratory stratification finding rather than a reason to deny an otherwise indicated treatment. A related deep 
learning radiomics study evaluated noninvasive microenvironment assessment and its association with prog-
nosis and treatment response [30].

Sun and colleagues evaluated lymphoid and myeloid radiomic signatures in a study encompassing 2,600 
patients. Among immunotherapy recipients, the objective response rate was 53.3% in the high-lymphoid, 
low-myeloid imaging subtype and 10.2% in the low-lymphoid, high-myeloid subtype [31]. These treat-
ment-cohort results should not be interpreted as response rates for all 2,600 participants. Li and colleagues re-
ported CT radiomics AUCs of 0.835 and 0.879 for microsatellite instability classification in two external test 
sets [32]. Classification of an established biomarker, association with treatment response, and improvement in 
treatment selection are separate claims requiring separate validation.

Spatial and single-cell analyses may help interpret these associations. Wang and colleagues identified 
macrophage–fibroblast–tumor co-infiltration patterns and developed a framework for prognostic assessment, 
while other integrative studies linked fibroblast-associated metabolic signatures with survival [33,34]. Such 
work supplies hypotheses about the biological context of model predictions, but does not establish that an im-
aging feature directly measures a specific immune-cell population.

CT-derived immune estimates remain indirect measurements of macroscopic tissue characteristics. Their 
relationship with tissue assays may vary with sampling location, treatment, inflammation, or necrosis. Reli-
able longitudinal use therefore requires paired imaging and tissue assessment at relevant time points, together 
with evaluation of prediction errors and uncertainty. Models should be tested for incremental value over clini-
cally available biomarkers within the same patients and treatment setting.

3.6 Molecular profiling and liquid biopsy

Machine learning can combine molecular measurements into diagnostic or prognostic signatures. Chen and 
colleagues analyzed 702 plasma samples and developed a 10-metabolite diagnostic model, reporting sensitiv-
ity of 0.905 in an external test set compared with less than 0.40 for conventional protein-marker approaches 
in that study [35]. Cai and colleagues analyzed serum lipidomics from three cohorts totaling 944 participants 
and developed diagnostic and prognostic signatures [36]. These studies support analytical and clinical inves-
tigation, but their results do not by themselves establish the effectiveness of screening an asymptomatic popu-
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lation.

Case–control discrimination can be inflated by differences between selected cancer cases and healthy con-
trols. Screening evaluation requires representative participants, prespecified thresholds, stage-specific sen-
sitivity, specificity, predictive values at the intended prevalence, and follow-up of negative results. Dietary 
patterns, comorbidities, medication use, sample handling, and laboratory platforms can alter molecular mea-
surements. Cross-platform assay reproducibility and the effect of these variables should be established before 
clinical implementation.

Other molecular studies address disease biology rather than immediate diagnosis. Vo and colleagues used 
AI-guided analyses to characterize the gastric cancer continuum, providing a framework for studying pro-
gression and candidate intervention targets [37]. A molecular trajectory reconstructed from cross-sectional 
data should not be equated with a validated longitudinal prediction of an individual's progression. Likewise, 
fibroblast-associated signatures derived from public multiomics datasets require independent assay develop-
ment and prospective clinical evaluation before use as treatment-selection tests [34].

A plausible use for a blood-based test is triage before endoscopy, particularly where endoscopic capacity 
is constrained. This proposed pathway requires direct assessment of cancer yield, unnecessary procedures, 
missed disease, and cost. Endoscopy provides localization and tissue sampling, and may enable treatment of 
suitable early lesions; a circulating biomarker cannot be presumed to replace those functions. Comparative 
studies should evaluate a complete screening strategy rather than compare isolated sensitivity estimates from 
unrelated populations.

Selected studies of endoscopy, imaging, pathology, multimodal modeling, immune assessment, and mo-
lecular profiling are summarized in Table 1, with study design and analysis population distinguished from 
reported performance and clinical interpretation.

Table 1. Selected gastric cancer AI studies and implications for clinical translation

Study and 
application

Design and analysis pop-
ulation Selected reported finding Clinical interpretation

Dong et al. 
(2026) [3] 
Endoscopy

Multicenter randomized tri-
al; 29,514 participants in the 
intention-to-treat analysis.

Pathology-reviewed detec-
tion: 1.42% versus 1.25%; 
RR 1.13 (95% CI 0.92–1.38). 
Blind spots: 1.07 versus 2.52.

No statistically significant improvement in 
the primary endpoint. Better examination 
coverage does not establish fewer missed 
cancers.

Yan et al. 
(2025) [7] 
Mucosal acid-
ity

Translational specimen 
study; 50 patient specimens 
and 1,516 measurement 
sites.

Reported external-validation 
sensitivity 87.79%, speci-
ficity 85.04%, and accuracy 
86.89%.

Supports further technical evaluation. 
Specimen-based and site-level results are not 
evidence of patient-level screening effective-
ness.

Chen et al. 
(2026) [9] 
CT detection

Retrospective development/
testing population of 4,606 
patients; separate real-world 
test dataset of 7,695 CT 
examinations.

Real-world test sensitivity 
83.2% and specificity 93.1% 
for neoplasm detection.

Supports diagnostic validity across study 
settings. The different denominators should 
be distinguished; clinical impact remains to 
be tested.

Zheng et al. 
(2026) [10] 
CT T staging

Retrospective multicenter 
study; 1,792 patients; inde-
pendent external test cohorts.

Reported AUCs 0.86–0.95; 
accuracy 81%–85%.

Largest axial tumor slice used. Full anatom-
ical assessment and the consequences of 
staging errors require evaluation.
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Study and 
application

Design and analysis pop-
ulation Selected reported finding Clinical interpretation

Cui et al. 
(2022) [13] 
Chemothera-
py response

Retrospective four-center 
cohort; 719 patients.

AUC 0.829 internally; 0.804 
and 0.827 in two external val-
idation cohorts.

Predicts response within the studied context. 
Does not establish superiority of an AI-guid-
ed treatment-selection strategy.

Jiang et al. 
(2022) [15] 
Peritoneal 
recurrence

Retrospective multicenter 
study; 2,320 patients.

External AUC 0.843 for 
peritoneal recurrence; exter-
nal C-index 0.610 for dis-
ease-free survival.

Task-specific performance differs. Recur-
rence discrimination should not be presented 
as equivalent survival-prediction accuracy.

Ding et al. 
(2026) [22] 
Pathology and 
recurrence

Retrospective multicenter 
cohort; 1,763 patients; addi-
tional exploratory analysis 
of a prospective trial popula-
tion.

Validation AUCs 0.843–0.887 
for early recurrence.

Trial-derived validation is not a randomized 
evaluation of AI-guided follow-up or treat-
ment.

Han et al. 
(2024) [23] 
Pathology and 
immunothera-
py

Multicenter retrospective 
study; 584 patients.

AUC 0.921 internally; 0.914 
and 0.927 in two external val-
idation cohorts.

Training AUC 0.985 is excluded from the 
validation range. Independent intervention 
studies are needed before treatment selec-
tion.

Chen et al. 
(2024) [24] 
MuMo

Multimodal study; 429 
HER2-positive patients: 310 
receiving anti-HER2 therapy 
and 119 receiving combina-
tion immunotherapy.

AUC 0.821 for anti-HER2 re-
sponse and 0.914 for combi-
nation-treatment response.

Different treatment cohorts cannot establish 
which regimen benefits an individual patient 
more.

Gao et al. 
(2024) [25] 
Multimodal 
response

Retrospective data from 
2,387 patients at 10 centers; 
prospective evaluation in 
132 patients.

AUCs 0.846–0.876 across 
test cohorts.

Prospective discrimination strengthens valid-
ity but does not establish improved outcomes 
from acting on predictions.

Ding et al. 
(2025) [28] 
Peritoneal 
cytology

Multimodal model with 
prospective validation in 152 
patients.

Prospective-validation AUC 
0.835 for cytology positivity.

Potential risk-assessment support. Does not 
establish safe omission of staging laparosco-
py or cytological confirmation.

Sun et al. 
(2024) [31] 
Immune con-
text

Multicohort study encom-
passing 2,600 patients; 
response evaluated in immu-
notherapy cohorts.

Response rates of 53.3% and 
10.2% in selected contrasting 
imaging immune subtypes.

Response results apply to treated subsets. 
Imaging estimates are indirect and do not 
establish causal immune mechanisms.

Chen et al. 
(2024) [35] 
Plasma me-
tabolomics

Multicenter analysis of 702 
plasma samples with an 
external test set.

External sensitivity 0.905 for 
the 10-metabolite diagnostic 
model.

Screening performance requires specificity, 
predictive values at target prevalence, and 
follow-up of negative results.

Cai et al. 
(2024) [36] 
Serum lipid-
omics

Retrospective analysis of 
three cohorts totaling 944 
participants.

Diagnostic and prognostic 
lipid signatures reported.

Assay transferability and prospective path-
way-level value remain to be established.

Abbreviations: AI, artificial intelligence; AUC, area under the receiver operating characteristic curve; C-index, concor-
dance index; CI, confidence interval; CT, computed tomography; HER2, human epidermal growth factor receptor 2; RR, 
risk ratio.
For Dong et al., paired values denote AI-assisted versus unassisted endoscopy. Estimates are study-specific and are not 
directly comparable. Population sizes refer to the indicated dataset or study component and are not necessarily the de-
nominator for every reported endpoint. Study descriptions are not formal evidence-certainty ratings.
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3.7 Surgical assistance

AI applications in gastric cancer surgery include recognition of procedural phases, identification of anatom-
ical structures, video annotation, and assessment of technical performance. These functions differ substantial-
ly from autonomous instrument control. The review by Kinoshita and Komatsu describes the opportunities 
for surgical assistance and the limitations of translating technical demonstrations into operative practice [38].

Near-term evaluations should prioritize assistance under surgeon oversight. Relevant outcomes include rec-
ognition of critical anatomy, false or delayed alerts, operative interruptions, complications, and the learning 
curve. Models trained on curated video segments must be tested in the presence of bleeding, smoke, tissue 
deformation, anatomical variation, and incomplete views. Surgical-phase recognition accuracy is insufficient 
evidence of safer surgery. Equally, errors in diagnostic AI can cause serious downstream harm; risk should be 
judged by the clinical consequences of the intended use, rather than by a categorical assumption that diagno-
sis is readily reversible whereas surgery is not.

4 Why predictive performance does not ensure clinical benefit

4.1 Study design and the claim being tested

Model validation and clinical impact evaluation answer different questions. Geographic validation assesses 
transfer to another institution, temporal validation assesses performance in a later population, and prospective 
evaluation can test data availability and workflow feasibility. None necessarily demonstrates that model-guid-
ed management is superior to usual care. The use of a prospective or randomized source cohort does not con-
vert a post hoc prediction analysis into a randomized test of the AI intervention [39,40].

Treatment-response models require particular caution. A model trained among recipients of one treatment 
estimates outcomes under that observed treatment and case mix. Selecting between treatments requires evi-
dence concerning differential benefit, ideally from appropriately designed randomized data and a prespecified 
interaction analysis. Retrospective adjustment or propensity methods can address measured confounding but 
cannot eliminate unmeasured confounding. Apparent differences in subgroup P values are not sufficient ev-
idence of effect modification. These issues are directly relevant to claims that a pathology or imaging score 
can identify patients who should omit chemotherapy or receive an alternative immunotherapy regimen [21,29].

Clinical endpoints should follow the intended decision. For an endoscopic detection tool, pathology-con-
firmed clinically relevant lesions and follow-up for missed cancers may be more informative than frame-level 
accuracy. For a treatment-selection tool, outcomes can include survival, toxicity, or quality of life. Changes 
in management are intermediate outcomes: a changed decision may be appropriate or harmful. Composite 
endpoints should be used only when their components are clinically coherent and independently reported. 
Negative primary results should remain central to interpretation, with secondary and subgroup findings used 
to generate appropriately testable hypotheses.

4.2 Bias and transportability

Large datasets do not guarantee representative evidence. Many gastric cancer studies draw on special-
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ist-center cohorts, including substantial contributions from East Asia. Their findings may be relevant else-
where, but transportability must be demonstrated across healthcare systems, disease prevalence, histological 
subtypes, and treatment practices. A surgical cohort can also be a poor proxy for a population being assessed 
before any treatment, because selection for surgery changes the spectrum of disease [5,11].

Validation should separate patients before image patches, slides, or repeated scans are generated. Feature 
selection, imputation, harmonization, and threshold tuning must be confined to development data. Reusing 
public datasets across multiple publications can create apparent replication without independent evidence. 
External validation should evaluate calibration as well as discrimination, report clinically relevant operating 
thresholds, and include confidence intervals. Subgroup assessment should consider age, sex, histological sub-
type, anatomical site, stage, institution, and acquisition platform where sample sizes permit. Small subgroup 
samples require explicit uncertainty rather than claims of equivalent performance [4,5].

4.3 Interpretability and human factors

Feature attribution and saliency maps can reveal unexpected associations and assist error review. They do 
not prove that a prediction is biologically correct or that the model will remain reliable after a change in scan-
ner, stain, or patient population. The value of an explanation depends on its stability, fidelity, and usefulness 
to the clinical user. A visually plausible heatmap should not substitute for an error analysis or an independent 
validation study.

Clinical evaluation should measure how users respond to correct and incorrect predictions, whether alerts 
are ignored, and whether confidence in AI causes inappropriate overrides of other evidence. Latency, image 
acquisition failures, staff training, and downtime can change the effective intervention. Early live evaluations 
should document these features, including user learning curves and modifications to the system, in line with 
DECIDE-AI [39]. A technically accurate model may still fail if its output arrives too late or cannot be acted 
upon within the existing care pathway.

4.4 Regulation and economic value

Regulation of medical AI should be discussed in relation to a specific jurisdiction, intended use, and prod-
uct lifecycle. Existing frameworks should not be described as a universal regulatory vacuum. For example, 
the US Food and Drug Administration provides guidance on predetermined change control plans for AI-en-
abled device software functions [41]. A system should not be introduced into patient care under a quality-im-
provement label to avoid requirements applicable to its medical purpose. Research governance, authorization 
where required, cybersecurity, version control, and post-deployment surveillance need to be planned before 
implementation.

Economic value depends on the entire pathway. Relevant costs include hardware, licensing, integration, 
slide digitization, storage, assay performance, staff training, false-positive investigations, and maintenance. 
Benefits may include improved outcomes or more efficient use of specialist capacity, but these must be mea-
sured. Cost-effectiveness, budget impact, and affordability are related but distinct considerations. A small 
increase in AUC does not establish economic value, while a modest accuracy gain could still be useful if it 
safely reduces delays or workload. Access across hospitals with different resources should be assessed along-
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side average performance.

5 A practical translational pathway

5.1 Define the decision and validate the model

Development should begin with an intended-use statement specifying the patient population, clinical set-
ting, available inputs, time of prediction, user, and action supported by the output. A realistic comparator 
and the consequences of false-positive and false-negative results should determine performance targets. An 
endoscopy quality tool, a staging assistant, and a chemotherapy-selection model require different evidence 
plans. Technical objectives should be linked to a clinical objective before model training begins.

Independent validation should then test a locked model with prespecified thresholds and transparent han-
dling of missing data. Reports should include calibration, uncertainty, subgroup performance, and comparison 
with feasible clinical alternatives. Multimodal systems should be assessed when inputs are missing or degrad-
ed. Radiomics pipelines should use reproducible processing and feature definitions, supported where appli-
cable by IBSI [18]. Multicenter collaboration can improve representation. Federated learning is one possible 
training approach, but it does not itself guarantee privacy, remove institutional bias, or replace independent 
evaluation.

5.2 Evaluate the complete clinical intervention

Prospective silent evaluation, in which predictions do not influence care, can test operational feasibility and 
reveal drift before an intervention study. Early live evaluation should then assess usability, safety, errors, and 
clinician interaction [39]. Depending on the clinical question, comparative evaluation may use individual or 
cluster randomization, an appropriate stepped-wedge design, or another rigorously justified design. Protocols 
and reports should specify the model version, user training, workflow, comparator, input failures, and han-
dling of disagreements; SPIRIT-AI and CONSORT-AI provide relevant reporting guidance [40,42].

Trials should evaluate the end-to-end pathway. For screening, this includes diagnostic confirmation and 
follow-up; for treatment selection, it includes the consequences of acting on the prediction. Clinical benefit, 
harms, workload, and economic outcomes should be evaluated together. For safety-critical decisions, the ev-
idence threshold should reflect the severity and reversibility of an error. Technical success should not be used 
to infer an unmeasured patient benefit. Figure 1 summarizes the clinical applications (panel A), the proposed 
evidence pathway (panel B), and the requirements that apply throughout the lifecycle (panel C).
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Figure 1. A framework for translating artificial intelligence into gastric cancer care

(A) Clinical applications considered in this review. (B) Five stages link a defined clinical decision to in-
dependent validation, prospective workflow evaluation, comparative impact assessment, and monitored 
deployment. Solid arrows indicate progression; the dashed feedback arrow indicates reassessment after ma-
terial changes to the model or clinical setting. Progression depends on the intended claim and accumulated 
evidence. (C) Requirements that apply throughout the lifecycle. This conceptual synthesis draws on predic-
tion-model reporting and appraisal guidance, radiomics standardization, clinical evaluation guidance, and 
regulatory principles [4,5,18,39–42]. It is not a validated scoring system or a set of regulatory phases. AI, 
artificial intelligence; CT, computed tomography.

5.3 Monitor performance after deployment

Implementation requires named clinical and technical responsibilities, an audit trail, and a defined response 
to failure. Monitoring should examine shifts in input distributions, missingness, calibration, subgroup perfor-
mance, and clinical outcomes when these become available. Changes to scanners, stains, assays, or treatment 
protocols can alter performance even if the software is unchanged. Model updates should be versioned, as-
sessed against prespecified criteria, and governed by the applicable regulatory pathway [41].

A fallback to usual clinical assessment is necessary when data quality is inadequate or the system is un-
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available. Periodic reassessment should determine whether the tool continues to add value and whether un-
equal access or performance is worsening disparities. Progression between stages depends on the intended 
claim and accumulated evidence; it is not equivalent to assigning drug-development phases to AI systems.

6 Limitations of the evidence synthesis

This narrative review emphasizes illustrative studies and cannot quantify the prevalence of bias or estab-
lish the comparative effectiveness of different algorithms. Reported AUCs concern different populations, 
outcomes, validation designs, and prediction times, and should not be pooled informally or used as a league 
table. Some studies may draw on overlapping institutional or public datasets, while model updates and imple-
mentation results may not be fully represented in publications. Formal risk-of-bias assessment and a repro-
ducible systematic search would be required for an exhaustive evidence appraisal. The proposed translational 
pathway is a synthesis of methodological principles and clinical considerations, rather than an empirically 
validated scoring system.

7 Conclusions

AI has demonstrated technical potential across gastric cancer detection, staging, pathological assessment, 
molecular characterization, and outcome prediction. Clinical adoption requires evidence that using a specific 
system improves a defined care pathway with acceptable harms and resource requirements. Retrospective 
performance, external validation, prospective observation, and randomized impact evaluation should be inter-
preted separately. Priorities are independent and representative validation, appropriate reference standards, re-
liable performance with imperfect inputs, and prospective assessment of the clinician–AI intervention. Treat-
ment-selection claims require evidence of differential benefit, and deployment requires ongoing monitoring 
and governance. These steps can align AI development with the clinical needs of patients with gastric cancer.
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