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Abstract 
Background: Early diagnosis of gastrointestinal (GI) cancers remains challenging because of the heterogeneity of 
imaging modalities and clinical manifestations and the absence of specific symptoms. Artificial intelligence (AI), 
deep learning, and radiomics can enhance image interpretation, automate tumor segmentation, and identify 
clinically relevant imaging biomarkers. 
Objectives: This narrative review aimed to summarize recent advances in AI- and radiomics-based imaging of 
colorectal, gastric, liver, and pancreatic cancers, focusing on tumor detection, segmentation, staging, histological 
classification, molecular biomarker prediction, and prognostic evaluation. 
Materials and Methods: A structured, topic-focused search of PubMed/MEDLINE and Google Scholar was 
conducted without a lower publication-date limit and was last updated on 30 July 2026. English-language human 
studies evaluating AI- or radiomics-based computed tomography (CT), magnetic resonance imaging, or positron 
emission tomography applications were considered. Studies with external validation, multicenter designs, or larger 
cohorts, as well as systematic reviews and meta-analyses, were prioritized, and methodological robustness was 
appraised qualitatively. 
Results: In colorectal cancer, AI-based methods have been developed for preoperative staging, prediction of Kirsten 
rat sarcoma viral oncogene homolog (KRAS) mutation and microsatellite instability, lesion segmentation, and 
survival estimation. In gastric cancer, deep learning and radiomics have been applied to cancer detection on 
noncontrast CT, cross-center three-dimensional tumor segmentation, and preoperative histological type prediction. 
Liver cancer studies have mostly focused on automated lesion segmentation and radiomics-based prediction of 
clinically relevant biomarkers such as vessels encapsulating tumor clusters. In pancreatic cancer, multimodal and 
attention-based models have been used for three-dimensional and small-tumor segmentation and for prediagnostic 
detection of pancreatic ductal adenocarcinoma. Although several models achieved high area-under-the-curve or 
Dice values, direct comparisons are limited by heterogeneity in populations, imaging protocols, model 
architectures, performance metrics, and validation strategies. Much of the evidence remains retrospective and is 
often based on single-center or selected datasets with limited external validation. 
Conclusions: AI and radiomics show potential as decision-support tools in GI cancer imaging. Before clinical 
application, prospective multicenter evaluation, standardized imaging and reporting practices, and improved 
accessibility and integration into routine radiology workflows are required. 
 

Keywords: Gastrointestinal Cancer; Artificial Intelligence; Radiomics; Deep Learning; Early Detection; Oncologic 
Imaging. 

1. Introduction 

Gastrointestinal (GI) cancers include 
malignancies of the esophagus, stomach, 
small intestine, colorectum, anus, liver, 
intrahepatic and extrahepatic bile ducts, 
gallbladder, and pancreas (1). GI cancers 

account for approximately 26% of global 
cancer incidence and 35% of all cancer-
related deaths (2). Each year, over 1.9 million 
new patients are diagnosed with colorectal 
cancer (CRC) worldwide, making it the third 
most common cancer and a major global 
cause of cancer-related mortality (3). In CRC, 
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metastatic disease is associated with 
substantially poorer survival and increased 
mortality  (4-6). Gastric cancer is the fourth 
leading cause of cancer death and the fifth 
most commonly diagnosed cancer worldwide 
(7) . Most gastric-cancer cases and deaths 
occur in Asia, with a particularly high burden 
in Eastern Asia (8, 9). As another important 
global health concern, liver cancer is the sixth 
most frequently diagnosed malignancy and 
the third most common cause of cancer 
mortality, after lung and colorectal 
malignancies (3). Hepatocellular carcinoma 
(HCC) and intrahepatic cholangiocarcinoma 
(ICC) are the most frequently occurring types 
of primary liver cancer (10). Chronic hepatitis 
B virus (HBV) infection is an important 
etiologic factor for HCC and may lead to 
cirrhosis or hepatocellular carcinoma (10-12). 
The Liver Imaging Reporting and Data System 
(LI-RADS) standardizes liver-imaging 
terminology and reporting for HCC 
surveillance, diagnosis, and treatment-
response assessment (13). In a selected 
cohort of 163 patients with mass-forming 
intrahepatic cholangiocarcinoma who 
underwent microscopically margin-negative 
(R0) resection and had accurate pathological 
nodal staging, median survival was 53 
months for American Joint Committee on 
Cancer (AJCC) seventh-edition stage II and 16 
months for stage III (14). Although 
gastrointestinal cancers encompass a broad 
group of malignancies, this review focuses on 
four major cancer types within the 
predefined imaging-based Artificial 
Intelligence (AI) and radiomics scope: 
colorectal, gastric, liver, and pancreatic 
cancers. 

Imaging plays a crucial role in evaluating 
GI cancers and determining appropriate 
treatment approaches. Pelvic magnetic 
resonance imaging (MRI) is recommended for 
the primary staging of rectal cancer and is 
used to guide clinical management (15). 

Although these imaging methods have 

advanced considerably, manual evaluation of 
imaging findings is time-consuming and 
subject to inter-observer variability that can 
affect diagnostic accuracy. The need for 
consistent, rapid, and automated techniques 
in medical imaging has thus resulted in a 
wide range of research on AI and deep 
learning (DL) (16, 17). DL approaches have 
been widely applied to medical image 
analysis, including image classification, object 
detection, and segmentation. For instance, 
Convolutional Neural Networks (CNNs) have 
been widely applied for medical image 
segmentation, including patch-based 
methods that classify each pixel based on 
information from its surrounding image areas 
(16). 

Radiomics is a rapidly developing field that 
extracts large amounts of quantitative data 
from medical images, making them suitable 
for analysis (18). Radiomic features may 
correlate with genomic characteristics and 
capture tumor heterogeneity across the 
entire tumor volume, thereby supporting 
prognostic modeling and patient 
stratification  (19). Radiomics models derived 
from CT and MRI have been investigated as 
non-invasive tools for preoperative 
prediction of microsatellite instability (MSI) 
status in CRC (20). MSI is now recognized as a 
key biomarker for immunotherapy and 
chemotherapy response and serves as a 
prognostic marker in CRC. Standard MSI 
assessment relies on polymerase chain 
reaction (PCR) or immunohistochemistry 
performed on tissue samples, which may be 
affected by sampling limitations and 
intratumor heterogeneity (20). 

Therefore, this review highlights key AI-
driven advances in radiological detection and 
diagnostic evaluation of major GI 
malignancies, discusses existing challenges in 
clinical application, and highlights future 
perspectives for integrating AI into routine 
oncologic imaging practice. (Figure 1). 
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Figure 1. General workflow of artificial intelligence (AI) and radiomics and their major clinical applications in 

gastrointestinal cancer imaging. Medical images from CT, MRI, and PET/CT are analyzed using AI- and radiomics-based 
workflows, including tumor segmentation, radiomic feature extraction, machine-learning and deep-learning 
analysis, and clinical prediction. Representative applications include tumor detection, segmentation, staging, 

molecular biomarker prediction, histological classification, prognostic assessment, and early cancer detection in 
colorectal, gastric, liver, and pancreatic cancers. The key challenges for clinical implementation and the main 

requirements for future clinical translation are demonstrated.  
Abbreviations: AI, artificial intelligence; CT, computed tomography; HCC, hepatocellular carcinoma; ICC, intrahepatic 

cholangiocarcinoma; KRAS, Kirsten rat sarcoma viral oncogene homolog; MRI, magnetic resonance imaging; MSI, 
microsatellite instability; PDAC, pancreatic ductal adenocarcinoma; PET/CT, positron emission tomography/computed 

tomography; TNM, tumor–node–metastasis; VETC, vessels encapsulating tumor clusters. 
 

2. Literature Search and Study Selection 

A structured, topic-focused search of 
PubMed/MEDLINE and Google Scholar was 
conducted without a lower publication-date 
limit and was last updated on 30 July 2026. 
The search covered colorectal, gastric, liver, 
and pancreatic cancers; computational 
approaches, including artificial intelligence, 
machine learning, deep learning, and 
radiomics; imaging modalities, including CT, 
MRI, and positron emission tomography 
(PET); and clinical applications, including 
detection, segmentation, staging, biomarker 
prediction, and prognosis. Terms were 
combined using the Boolean operators AND 

and OR. English-language human studies 
evaluating AI- or radiomics-based imaging 
applications were considered. Nonhuman 
studies, non-English publications, and articles 
unrelated to the predefined cancer types or 
imaging applications were excluded.  When 
available, studies with external validation, 
multicenter designs, larger cohorts, 
systematic reviews, and meta-analyses were 
prioritized because of their potential 
contribution to methodological robustness 
and clinical relevance. Relevant reference 
lists were also screened to identify additional 
studies. Because this review was narrative in 
nature, the search and selection process was 
not intended to provide quantitative 

http://razavijournal.com/


Hooshmand N et al. 

 

4                                                                                                                                                                                                    Razavi J Med. e1579. 

estimates of study flow; therefore, numerical 
counts of retrieved records, full-text 
evaluations, and included studies were not 
used as selection metrics. The identified 
studies were further evaluated based on 
their relevance to the objectives of this 
review, methodological contribution, clinical 
significance, and ability to represent key 
advances and challenges in AI- and 
radiomics-based gastrointestinal cancer 
imaging. Reference selection was performed 
through an iterative qualitative assessment 
rather than a quantitative screening process. 
Because this article was designed as a 
narrative rather than a systematic review, no 
formal systematic-review protocol, numerical 
risk-of-bias scoring, or quantitative meta-
analysis was performed. Given the 
methodological heterogeneity of the 
included evidence, which encompassed 
radiomics, machine learning, end-to-end 
deep learning, classification, segmentation, 
biomarker prediction, and multimodal 
imaging approaches, a single post hoc 
numerical quality score was not applied 
across studies. Instead, the methodological 
robustness of the principal benchmark 
studies was appraised qualitatively and 
comparatively, with emphasis on cohort size 
and setting, internal versus external testing, 
imaging and preprocessing heterogeneity, 
generalizability, and study-specific 
methodological limitations . For Table 1, 
external validation was defined as evaluation 
in an independent cohort not used for model 
development, preferably from a different 
institution. Cross-centre domain-adaptation 
testing, public-benchmark evaluation without 
a clearly independent test set, pooled meta-
analytic validation, and real-world 
operational evaluation were reported 
separately when independence was not 
established. 

2.1. Clinical Applications of AI in Colorectal 
Cancer Imaging 

Colorectal cancer (CRC) ranks among the 

most common malignancies globally (21). 
Compared to no endoscopic screening, 
screening colonoscopy was associated with a 
67% lower risk of death from any colorectal 
cancer (22). However, the current screening 
methods are not widely adopted due to 
multiple systemic and procedural barriers 
(23). CT colonography is a minimally invasive 
imaging method that has been evaluated 
against colonoscopy in prospective studies 
(24-28). In a 15-center study with complete 
data from 2,531 asymptomatic adults, the 
per-patient sensitivity of CT colonography 
was 0.78 for adenomas ≥6 mm and 0.90 for 
adenomas or cancers ≥10 mm (26). 
Computer-aided detection (CAD) systems 
have been developed to assist lesion 
detection in CT colonography (29, 30). 
Moreover, accurate determination of Kirsten 
rat sarcoma viral oncogene homolog (KRAS) 
mutation status is important for tumor 
prognosis and personalized treatment in 
patients with CRC (31). More broadly, 
colorectal tumorigenesis involves 
dysregulation of interconnected oncogenic 
signaling networks, including the 
PI3K/AKT/mTOR and Wnt/β-catenin 
pathways (32). 

Yang et al. showed that the CRCFound_CT 
model was evaluated across eight clinically 
relevant diagnostic and prognostic tasks, 
including tumor–node–metastasis (TNM) 
staging, which assesses local tumor invasion 
(T), lymph-node involvement (N), and distant 
metastasis (M). The model also showed good 
discrimination in predicting microsatellite 
instability. In the external test dataset, 
CRCFound_CT achieved average areas under 
the curve (AUCs) of 0.7623, 0.827, and 
0.7051 for T-, N-, and M-stage prediction, 
respectively. However, performance was 
lower for more complex cases, suggesting 
that additional refinement of the model is 
required (33). In contrast, the Patch 
Embedding Dual Residual Attention 
Mechanism–EfficientB0 (PEDRA-EFB0) model 
was designed for CT-based feature extraction 
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and survival prediction in colorectal cancer. 
Zhao et al. integrated patch embeddings and 
a dual residual attention mechanism to 
enhance feature extraction from CRC CT 
images, and the implementation code was 
made freely available (34).  

CRCFound was developed using data from 
6,332 patients, whereas PEDRA-EFB0 
included 801 patients; however, differences 
in study purpose, outcome definition, 
imaging protocol, and validation design 
preclude direct performance comparison 
between the two models (33, 34).  

AI has also been developed for KRAS 
mutation identification. Song et al. 
developed a multi-task, attention-based deep 
learning framework that uses T2-weighted 
MRI to identify it. The framework combines 
lesion images with segmentation results to 
extract additional features and uses an 
interlayer loss function to alleviate, to some 
extent, the overfitting associated with the 
small dataset. The mean accuracy for 
determining KRAS mutation status 
was 89.95±1.23%, the mean sensitivity 
was 89.29 ± 1.79%, the mean specificity 
was 90.53±2.45%, and the mean AUC 
was 95.73 ± 0.52%. For lesion segmentation, 
the mean Dice value was 88.11 ± 0.86%. The 
model was evaluated primarily using 15-fold 
cross-validation on a relatively small dataset 
comprising 382 images from 36 clinical cases 
(31). Therefore, its reported performance 
requires confirmation in larger independent 
cohorts. 

In this regard, a systematic review 
identified 29 radiomic studies on KRAS 
mutation prediction in CRC, 19 of which were 
included in the meta-analysis. The training 
cohorts' pooled sensitivity, specificity, and 
AUC were 0.80 (95% confidence interval (CI), 
0.75–0.84), 0.80 (95% CI, 0.74–0.85), and 
0.87 (95% CI, 0.84–0.90), respectively. For 
the validation cohorts (13 studies), the 
pooled sensitivity, specificity, and AUC were 
0.78 (95% CI, 0.71–0.84), 0.84 (95% CI, 0.74–

0.90), and 0.86 (95% CI, 0.83–0.89), 
respectively. Consequently, radiomic models 
have the potential to differentiate KRAS 
status in colorectal cancer (CRC). However, 
they are still in the early stages and need 
higher methodological quality to 
demonstrate their feasibility and clinical 
applicability. Accordingly, radiomics models 
for KRAS prediction remain investigational 
and require further prospective and external 
validation before clinical implementation 
(35). Radiogenomic associations should be 
interpreted within a biological rather than 
purely statistical framework. Molecular 
alterations may first reshape tissue 
architecture and the tumor 
microenvironment, including 
vascular/perfusion and extracellular-matrix 
remodeling, and these changes may 
subsequently appear on imaging as 
differences in tumor morphology, intensity, 
and texture. However, such radiogenomic 
associations should not be interpreted as 
proof that an individual radiomic feature 
directly represents a specific molecular 
pathway (36). This distinction is particularly 
important in small cohorts because 
insufficient sample size may increase the risk 
of overfitting and overestimation of model 
performance (37). Accordingly, the findings 
of Song et al., based on only 36 clinical cases 
and primarily evaluated using 15-fold cross-
validation, require confirmation in larger 
independent cohorts (31). 

2.2. Clinical Applications of AI in Gastric 
Cancer Imaging 

Gastric cancer (GC) is one of the most 
common human malignancies worldwide (7). 
Several imaging techniques are used for GC 
diagnosis. Noncontrast CT examinations are 
widely performed for other clinical 
indications and may be leveraged for 
opportunistic gastric-cancer detection, 
including in settings with limited screening 
resources (38, 39). Endoscopic 
ultrasonography (EUS) is commonly used for 
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locoregional staging of gastric cancer but is 
operator-dependent and invasive (40). 
Contrast-enhanced CT plays an important 
role in gastric cancer staging, including 
assessment of the primary tumor, regional 
lymph nodes, and distant metastases (40)   .  

Nevertheless, for AI-based opportunistic 
screening on routine CT, results must still be 
shown to generalize across scan acquisition 
parameters, reconstruction settings, scanner 
vendors, and imaging centers before broader 
clinical adoption (39). Hu et al. proposed the 
Gastric Cancer Risk Assessment Procedure 
with AI (GRAPE), a deep learning-based 
approach that utilizes noncontrast CT scans 
to detect patients with gastric cancer. GRAPE 
outperformed earlier gastric cancer risk 
models based on clinical or serological data, 
including models with reported AUCs of 
0.757 and 0.79 (38, 41, 42). The GRAPE 
sensitivity in subgroup analysis was about 
50% for early gastric cancer and >90% for 
gastric cancer in stages T3 and T4. 
Prospective evaluation and further 
improvement in sensitivity for early gastric 
cancer are required before population-level 
screening implementation (38). 

In addition to cancer detection, AI has 
been developed for automated tumor 
segmentation. Yuan et al. proposed a cross-
center three-dimensional tumor 
segmentation model, Hierarchical Class-
Aware Domain-Adaptive Network (HCA-
DAN), to extract multi-scale features from 
anisotropic CT images and minimize the 
performance degradation induced by inter-
center domain shifts. The Anisotropic neural 
network and Transformer (AsTr) baseline 
achieved Dice similarity coefficients (DSCs) of 
59.26%, 55.97%, 48.83%, and 67.28% in four 
in-center tasks and 56.42%, 55.94%, 46.54%, 
and 60.62% in four cross-center tasks. HCA-
DAN improved the cross-center DSCs to 
58.36%, 56.72%, 49.25%, and 62.20%, 
respectively. The method requires access to 
target-domain images and center-specific 

adaptation, which may limit direct 
deployment in previously unseen clinical 
settings (43). Furthermore, Huang et 
al. developed a CT-based radiomics 
nomogram that integrates selected radiomics 
features with cancer antigen 125 (CA125) for 
the preoperative prediction of gastric cancer 
histological types. The AUC values of the CT-
based radiomics nomogram in the training, 
internal validation, and external validation 
groups were 0.777, 0.726, and 0.720, 
respectively, indicating its acceptable 
discriminative performance in preoperative 
histological classification of gastric cancer. 
However, their sample size was small, and 
radiomics feature extraction was limited to 
CT images in the portal vein phase, limiting 
the potential of their method (44).  

Consequently, AI-based approaches have 
shown potential for gastric-cancer detection 
and preoperative histological classification. 
Among the reviewed gastric cancer studies, 
GRAPE was evaluated in the largest 
population, including model development 
using data from two centers, independent 
external validation across 16 centers, and 
real-world evaluation in three hospitals. 
However, its approximately 50% sensitivity 
for early gastric cancer remains an important 
limitation for screening applications (38).  

2.3. Clinical Applications of AI in Liver 
Cancer Imaging 

Atypical CT and MRI appearances of 
hepatocellular tumors can create diagnostic 
challenges and lead to misinterpretation (45). 
Accurate liver and tumor segmentation can 
support lesion assessment, treatment 
planning, and longitudinal evaluation (46). 
Manual segmentation of liver lesions is time-
consuming and subject to interobserver 
variability. Therefore, developing automated 
methods for liver tumor segmentation is 
important for supporting clinical image 
analysis. However, automatic liver tumor 
segmentation remains challenging because of 
large variations in tumor size and location 
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(47), and ambiguous boundaries between 
tumor and normal tissue (48). 

Xie et al. demonstrated that the 
performance of deep learning models for less 
frequent classes can be negatively impacted 
by an imbalance of liver cancer types in the 
training dataset. Their approach was trained 
on CT images and associated tumor 
segmentations from 591 patients with 
hepatocellular carcinoma, intrahepatic 
cholangiocarcinoma, or liver metastases. The 
authors proposed an adaptive balanced Dice 
loss to improve feature learning among 
tumor classes and combined it with a greedy 
parameter averaging strategy to allow 
optimization. On the test set, the model 
achieved a Dice-per-case of 0.819 (95% CI, 
0.798-0.841), volumetric overlap error of 
0.324 (95% CI, 0.268-0.380), and average 
symmetric surface distance of 4.69 (95% CI, 
3.10-6.27). However, the absence of benign 
lesions in the evaluated cohort may limit the 
generalizability of the model to more 
heterogeneous clinical datasets (49). 

Singh et al. proposed FasNet, a hybrid 
deep-learning framework based on VGG-16 
and ResNet-50 for liver tumor segmentation. 
VGG-16 was utilized to capture spatial fine 
details, and ResNet-50 was used to discover 
higher-level hierarchical features. Modules 
for channel and spatial attention were added 
to focus on the most informative features 
and spatial regions. On the LiTS17 dataset, 
FasNet obtained a Dice coefficient of 0.8766 
and a Jaccard index of 0.8487. Larger and 
more diverse datasets, including cohorts 
based on MRI, are required for further 
validation before clinical implementation 
(50). 

Furthermore, Wu et al. proposed MSA-
UNet, a CT-based segmentation model that 
combines U-Net architecture with multiscale 
feature extraction and an attention 
mechanism. On the test set, MSA-UNet 
achieved a DSC of 98.00 ± 0.38%, an 
intersection over union of 96.08 ± 0.74%, a 

precision of 97.17 ± 0.85%, and a recall of 
98.85 ± 0.70% for liver organ segmentation, 
outperforming U-Net, U-Net++, DeepLabv3+, 
and CE-Net across all four-evaluation metrics. 
However, further evaluation using larger 
datasets and development of a more 
lightweight network with fewer parameters 
are required (51). 

Among segmentation studies, Xie et al. 
(49) analyzed the most heterogeneous 
cohort, while the framework proposed by 
Wu et al. (51) demonstrated higher DSC than 
Singh et al. (50). However, those studies 
were evaluated with a different 
segmentation task. Generally, organ 
segmentation is an easier problem than 
lesion-level or multi-class tumor 
segmentation. Therefore, differences in the 
DSC values can be affected by the dataset 
differences, segmentation task, and the 
validation protocols. 

Besides tumor segmentation, AI has 
recently been employed in radiomics-based 
prediction of clinically relevant biomarkers in 
HCC. A systematic review and meta-analysis 
evaluated the diagnostic accuracy and 
prognosis of radiomics-based AI models for 
predicting Vessels Encapsulating Tumor 
Clusters (VETC) status in HCC. Contrast-
enhanced magnetic resonance imaging 
(CEMRI)-based AI models showed the highest 
sensitivity (0.84) and AUC (0.87) for 
predicting VETC in HCC, whereas the single 
CEUS-based study showed the highest 
specificity (0.81), according to a meta-
analysis of 15 studies. However, the 
generalizability of the findings was limited 
because 14 of the 15 included studies were 
conducted in China. Furthermore, most 
studies had small sample sizes (52). The 
biological plausibility of imaging-based VETC 
prediction is further supported by recent 
multicenter radiopathomics evidence 
showing that VETC represents a distinct 
vascularization pattern in HCC, histologically 
characterized by sinusoid-like CD34-positive 
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vessels encapsulating tumor clusters, and 
that deep radiomics models derived from 
gadoxetic acid–enhanced MRI predicted 
VETC in an external test set with AUCs of 
0.77–0.79 (53). Consequently, AI models 
have shown progress in liver and tumor 
segmentation and in imaging-based 
prediction of clinically relevant biomarkers. 
However, larger and more diverse cohorts, 
standardized validation, and external 
multicenter evaluation are required before 
clinical implementation. 

2.4. Clinical Applications of AI in Pancreatic 
Cancer Imaging  

Pancreatic cancer (PC) is one of the most 
life-threatening cancers (54). Early clinical 
manifestations of pancreatic cancer are often 
nonspecific, and no individual initial 
symptom reliably distinguishes pancreatic 
cancer from non-cancer conditions. However, 
subsequent symptoms such as jaundice, 
fatigue, changes in bowel habits, weight loss, 
and decreased appetite may signal the 
disease (55). Therefore, earlier diagnosis 
remains important for improving the 
opportunity for potentially curative 
treatment (56, 57). AI-assisted methods are 
increasingly being investigated for 
pancreatic-cancer imaging (58). 

A hierarchical multimodal hybrid encoding 
framework called Language-Infused UNETR 
(LUNETR) was developed for 3D medical 
image segmentation by integrating visual and 
textual information through a hybrid CNN-
Transformer architecture and cross-
attention. The multimodal pancreatic dataset 
comprised CT images from 80 patients with 
pancreatic cancer at Zhuzhou Central 
Hospital and 55 CT image groups from the 
public Medical Segmentation Decathlon 
(MSD) dataset, resulting in a total of 135 
pancreatic cancer cases with corresponding 
pathology text data. Incorporation of the 
semantic encoder improved the Dice score 
for pancreatic tumor segmentation by 2.23 
percentage points. A 70%/10%/20% split was 

used for training, validation, and testing, 
respectively. The authors also noted the 
model’s dependence on large-scale 
annotated datasets and the need for 
strategies to improve generalization (59).  

In another study, Du et al. demonstrated a 
Multi-Scale Channel Attention Unet (MSCA-
Unet) architecture. They replaced the first 
convolutional layer of each multi-scale 
convolutional block of both the encoder and 
decoder with multiscale convolution.  MSCA-
Unet achieved a Dice index of 68.03% on a 
private dataset (Task-01) without data pre-
processing and 80.12% on the public Medical 
Segmentation Decathlon dataset (Task-02) 
with data pre-processing. The architecture 
was specifically designed to improve 
segmentation of small and irregular 
pancreatic tumors (60). 

Furthermore, Mukherjee et al. designed 
machine learning models to detect the 
imaging signature of pancreatic ductal 
adenocarcinoma (PDAC) using first-order 
intensity and second-order texture features 
obtained from volumetrically segmented 
normal pancreas tissue. They demonstrated 
an AUC of 0.98 (CI, 0.94–0.98) by categorizing 
the pancreas as normal versus prediagnostic 
for PDAC. However, the study's reliability and 
generalizability are compromised by the 
retrospective design, potential selection bias, 
and the small and comparatively younger 
validation cohorts (61).  

Recent developments show AI's potential 
for PC, including 3D medical image 
segmentation, small-tumor segmentation, 
and prediagnostic PDAC detection. However, 
further investigation with larger sample sizes 
and broader analysis is required. 

Methodological Robustness of the Current 
Evidence 

The methodological strength of the 
reviewed studies differed considerably, 
particularly with respect to cohort size and 
external validation. For example, the KRAS-
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prediction model reported by Song et al. was 
evaluated on 36 clinical cases and relied 
primarily on 15-fold cross-validation (31), 
whereas the GRAPE model was developed 
using data from two centers and 
subsequently evaluated in an independent 
external cohort across 16 centers (38). Cross-
center generalizability also remains 
challenging: although HCA-DAN was 
specifically designed to reduce domain-
related performance degradation, its 
application requires access to target-domain 
images and center-specific adaptation (43). 
Similarly, the CT-based radiomics nomogram 
of Huang et al. included external validation, 
but the external cohort comprised only 28 

patients (44). These differences in cohort 
composition and validation strategy should 
be considered when interpreting apparently 
high model-performance estimates across 
studies. These considerations are consistent 
with contemporary reporting guidance for 
medical-imaging AI, which emphasizes 
transparent reporting of study design, image 
acquisition, data partitioning, internal and 
external testing, performance evaluation, 
and reproducibility (62). A structured 
comparison of the reviewed studies is 
presented in Table 1, while the principal 
methodological and translational bottlenecks 
affecting reproducibility and clinical 
translation are summarized in Table 2.

 

 

Table 1: Characteristics, performance, and main limitations of selected studies evaluating artificial intelligence and 
radiomics in the imaging of gastrointestinal cancer. 
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Abbreviations and footnotes : 
NR, not reported; NA, not applicable. Cross-centre/domain-adaptation testing was not counted as fully independent external validation when 
target-domain data were used for adaptation. For meta-analyses, reported counts refer to contributing studies or validation cohorts and do not 
represent one model’s external test set . 
AI, artificial intelligence; ASD, average symmetric surface distance; AUC, area under the curve; BD loss, balanced Dice loss; C-index, concordance 
index; CECT, contrast-enhanced computed tomography; CEMRI, contrast-enhanced magnetic resonance imaging; CEUS, contrast-enhanced 
ultrasound; CI, confidence interval; CNN, convolutional neural network; CRC, colorectal cancer; CT, computed tomography; DPC, Dice per case; DSC, 
Dice similarity coefficient; F1-score, harmonic mean of precision and recall; GC, gastric cancer; GPA, greedy parameter averaging; GRAPE, Gastric 
Cancer Risk Assessment Procedure with AI; HCA-DAN, Hierarchical Class-Aware Domain-Adaptive Network; HCC, hepatocellular carcinoma; ICC, 
intrahepatic cholangiocarcinoma; IoU, intersection over union; KRAS, Kirsten rat sarcoma viral oncogene homolog; LiTS17, Liver Tumor 
Segmentation Challenge 2017; LUNETR, Language-Infused UNETR; MCC, Matthews correlation coefficient; ML, machine learning; MRI, magnetic 
resonance imaging; MSI, microsatellite instability; NA, not applicable; NR, not reported; PC, pancreatic cancer; PDAC, pancreatic ductal 
adenocarcinoma; PET/CT, positron emission tomography/computed tomography; TNM, tumor–node–metastasis; VETC, vessels encapsulating 
tumor clusters. 
 

Table 2. Key methodological and translational bottlenecks in AI and radiomics for gastrointestinal cancer imaging 

 
Abbreviations: AI, artificial intelligence; CI, confidence interval; CT, computed tomography; DPC, Dice per case; Grad-CAM, gradient-weighted class 
activation mapping; IBSI, Image Biomarker Standardization Initiative; MRI, magnetic resonance imaging; SHAP, Shapley additive explanations; XAI, 
explainable artificial intelligence. 
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2.5. Multimodal Data Integration and 
Clinical Utility 

Clinical decision-making does not rely on 
imaging alone but integrates imaging findings 
with clinical, laboratory, and molecular 
information. Multimodal AI can combine 
heterogeneous inputs through early, 
joint/intermediate, or late fusion strategies; 
these approaches differ in whether 
information is integrated before, during, or 
after modality-specific learning (63). Cross-
attention provides a more interactive 
approach to multimodal integration; in a 
2024 study, a cross-attention architecture 
jointly incorporating CT imaging, gene-
expression data, and clinical variables 
improved survival modeling in patients with 
non-small cell lung cancer (64). Evidence 
from gastrointestinal cancer also supports 
the added value of multimodal modeling: a 
recent colorectal-cancer study combined CT 
radiomics with clinical variables, including 
CEA and CA19-9, and showed that the fusion 
model provided greater net clinical benefit 
on decision curve analysis than either the 
radiomics or clinical model alone (65). 
Similarly, the gastric-cancer nomogram 
discussed in this review combined CT 
radiomic features with CA125 and 
demonstrated clinical net benefit on decision 
curve analysis (44). Therefore, the 
incremental value of radiomics should be 
assessed against clinical-only models using 
calibration and decision curve analysis, rather 
than inferred from discrimination metrics 
such as AUC alone . 

2.6. Generalizability, Domain Shift, and 
Image Harmonization 

Variability in image acquisition and 
preprocessing can affect radiomic feature 
reproducibility, making standardized 
preprocessing and transparent reporting 
important for multicenter analyses (66). 
Intensity normalization and discretization 
should be considered where appropriate, 
while voxel-size resampling is particularly 

important when datasets contain 
heterogeneous voxel spacing or image 
resolution (66). For handcrafted radiomics, 
IBSI compliance should be verified against 
standardized reference images and feature 
values, as standardized feature extraction 
improves reproducibility across software 
implementations (67). Deep learning–based 
domain adaptation can reduce cross-center 
distribution shifts; in gastric CT, HCA-DAN 
improved cross-center segmentation, 
although its dependence on target-domain 
images may limit deployment in previously 
unseen centers (43). ComBat harmonization 
has also been shown to reduce 
manufacturer- and field-strength-related 
differences in radiomic features derived from 
multicenter abdominal MRI data (68). At the 
image level, CycleGAN-based harmonization 
improved inter-site radiomic-feature 
reproducibility and predictive performance in 
multicenter oncologic PET datasets (69).  

2.7. Limitations 

AI and radiomics have shown promising 
performance across multiple applications in 
gastrointestinal cancer imaging. However, 
there were some limitations in the reviewed 
studies. Most were retrospective, and based 
on single-center or geographically limited 
data sets, with limited generalizability of 
their findings. Validation was often limited or 
absent and a number of models were 
evaluated in relatively small or selected 
patient cohorts. Furthermore, the substantial 
variability in imaging protocols, AI 
architectures, clinical applications and 
performance evaluation metrics makes it 
difficult to directly compare the studies. 
Moreover, some studies reported lower 
model performance in challenging cases, 
early-stage disease, or small lesions, while 
certain approaches required extensive 
preprocessing, specialized datasets, or 
center-specific adaptation. Model 
interpretability remains an additional 
challenge for clinical translation. Post-hoc 

http://razavijournal.com/


Hooshmand N et al. 

 

12                                                                                                                                                                                                    Razavi J Med. e1579. 

approaches such as Grad-CAM and SHAP are 
widely used in cancer imaging, but their 
explanations are not consistently validated; 
therefore, visual or feature-attribution 
outputs should not automatically be 
interpreted as evidence of clinically 
meaningful model reasoning (70). Across the 
GI-cancer imaging literature reviewed here, 
no AI- or radiomics-based model has yet 
demonstrated improvement in a hard clinical 
endpoint, such as overall survival, disease-
free survival, cancer-specific mortality, 
progression, treatment-related morbidity, or 
quality of life, in a prospective controlled 
trial. Therefore, diagnostic, segmentation, 
biomarker-prediction, prognostic, and 
decision-curve performance should not be 
interpreted as demonstrated patient benefit. 
Regulatory clearance or authorization alone 
does not establish clinical effectiveness or 
improved patient outcomes in routine care 
(71-73). Clinical translation also requires 
compliance with the relevant regulatory 
pathway, including 510(k) or De Novo 
authorization in the United States and 
conformity assessment under the European 
Medical Device Regulation for AI-based 
medical software in Europe (72) . Taken 
together, these limitations emphasize that 
model performance should be interpreted 
alongside the strength of the underlying 
study design and validation strategy. 
Prospective multicenter evaluation, 
independent external testing across 
heterogeneous clinical and imaging 
environments, standardized and reproducible 
imaging workflows, and transparent 
reporting are required before AI and 
radiomics systems can be reliably 
incorporated into routine gastrointestinal 
cancer imaging. 

3. Conclusion 

AI and radiomics have shown potential 
across a range of applications in the imaging 
of colorectal, gastric, liver, and pancreatic 
cancers. Based on the studies reviewed, AI-

based methods showed potential in 
preoperative staging, tumor detection, 
automated segmentation, prediction of 
molecular biomarkers, histological 
classification, and prognostic assessment. 
Segmentation models showed variable 
performance across liver and pancreatic 
imaging studies, with higher Dice-based 
results reported in selected datasets. 
Radiomics and deep learning approaches 
showed potential for KRAS prediction, VETC 
assessment, gastric-cancer detection, and 
prediagnostic detection of pancreatic ductal 
adenocarcinoma. However, high 
performance in selected or internally 
validated datasets does not guarantee clinical 
application. Current evidence is limited by 
heterogeneity in study design, variation in 
validation strategies, limited diversity of 
datasets and lack of thorough evaluation in 
real-world settings. Therefore, AI and 
radiomics should be seen as decision support 
tools that complement but do not replace 
radiologists and multidisciplinary clinical 
assessment. The success of these systems in 
the future will depend on multicenter 
validation, reproducible data processing 
workflows, standardized reporting, improved 
model interpretability and evidence that such 
systems provide tangible benefits in terms of 
diagnostic efficiency, clinical decision making 
and patient outcomes. 

Abbreviation 

AI: artificial intelligence 
AJCC: American Joint Committee on Cancer 
AUC: area under the curve 
CAD: computer-aided detection 
CA125: cancer antigen 125 
CEMRI: contrast-enhanced magnetic 
resonance imaging 
CEUS: contrast-enhanced ultrasound 
CI: confidence interval 
CNN: convolutional neural network 
CRC: colorectal cancer 
CT: computed tomography 
DL: deep learning 
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DSC: Dice similarity coefficient 
EUS: endoscopic ultrasonography 
GC: gastric cancer  
GI: gastrointestinal 
HCC: hepatocellular carcinoma 
ICC: intrahepatic cholangiocarcinoma 
KRAS: Kirsten rat sarcoma viral oncogene 
homolog 
LI-RADS: Liver Imaging Reporting and Data 
System 
MRI: magnetic resonance imaging 
MSI: microsatellite instability 
PC: pancreatic cancer 
PCR: polymerase chain reaction 
PDAC: pancreatic ductal adenocarcinoma 
PET: positron emission tomography 
PET/CT: positron emission 
tomography/computed tomography 
R0: microscopically margin-negative 
resection 
TNM: tumor–node–metastasis 
VETC: vessels encapsulating tumor clusters. 
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