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Abstract

Background and aim Artificial intelligence (Al) networks offer significant potential for predicting immunotherapy
outcomes in gastrointestinal cancers by analyzing genetic mutation profiles. Their application in prognosis remains
underexplored.

This systematic review and meta-analysis aim to evaluate the effectiveness of Al-based models, which refers to sys-
tems utilizing artificial intelligence to analyze data and make predictions, in predicting immunotherapy responses
in gastrointestinal cancers using genetic mutation features.

Methods This study, adhering to PRISMA guidelines, aimed to evaluate Al networks for predicting gastrointestinal
cancer prognosis in response to immunotherapy using genetic mutation features. A search in PubMed, WOS, and Sco-
pus identified relevant studies. Data extraction and quality assessment were conducted, and statistical analysis
included pooled estimates for sensitivity, specificity, accuracy, and AUC. Regression models and imputation methods
addressed missing values, ensuring accurate and robust results. STATA version 18 was used to analyze the data.

Result A total of 45 studies, all published in 2024, involving 14,047 participants in training sets and 10,885 par-
ticipants in test sets, were included. The pooled results of Al model performance for gastrointestinal cancers

based on genetic mutation features were: AUC=0.86 (95% Cl: 0.86-0.87), Sensitivity =83% (95% Cl: 83%-84%),
Specificity =72% (95% Cl: 72%-73%), and Accuracy =82% (95% Cl: 82%-83%). Heterogeneity was low to moderate,
and no publication bias was detected. Subgroup analysis showed higher AUC for gastric cancer models (AUC: 0.87)
and lower for pancreatic cancer models (AUC: 0.52).
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Conclusion Al networks demonstrate promising potential in predicting immunotherapy outcomes for gastrointes-
tinal cancers based on genetic mutation features. This systematic review highlights their effectiveness in stratifying
patients and optimizing treatment decisions. However, further large-scale studies are needed to validate Al models
and integrate them into clinical practice for improved precision in cancer immunotherapy.
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Introduction
Gastrointestinal cancers (GICs) are a major global health
concern, accounting for 26% of all cancer diagnoses and
contributing to 35% of cancer-related deaths [1], making
them among the most common and deadly malignancies
worldwide [1].

According to the World Cancer Observatory estimates
in 2022, East Asia reported 1,469,225 new cases of gas-
trointestinal cancer, accounting for 43.1% of the global
incidence. Notably, gastrointestinal cancers were respon-
sible for 837,360 deaths in the region, constituting 41.7%
of all cancer-related mortality [2]. Immunotherapy, a new
therapeutic approach based on the principles of cancer
immunoediting, which highlights the significant impact
of immune evasion on tumor progression and develop-
ment, has initiated a transformative change in the land-
scape of cancer treatment [3]. Immunotherapy is known
as a therapeutic approach aimed at re-establishing the
normal immune response against tumors, thereby reac-
tivating the interaction between the immune system and
tumors and ultimately facilitating the eradication of can-
cer cells [4]. This category includes a variety of methods,
including immune checkpoint inhibitors (ICIs), cancer
vaccines, cell therapy, and oncolytic viruses (OVs) [2].
ICIs have been recognized as a promising therapeutic
approach for various types of cancer, especially gastroin-
testinal cancers. However, the efficacy of ICIs is limited,
with response rates ranging from 10 to 20% depending
on the specific tumor type. Therefore, the development
of biomarkers that can reliably identify patients most
likely to respond positively to ICI therapy is critical [5].
Currently, the most reliable prognostic biomarkers for
evaluating the efficacy of ICIs are the degree of micros-
atellite instability (MSI) and programmed death ligand
1 (PD-L1) expression levels [6]. Tumors with high MSI
have response rates over 50%, but they represent only 4%
of GICs, prompting increased interest in PD-L1 expres-
sion. The choice of antibodies in immunohistochemistry
affects the accuracy of tumor evaluations and therapy eli-
gibility. PD-L1 expression has a significant negative pre-
dictive value; its absence correlates with a 2—6% response
rate for ICI monotherapy. In contrast, a PD-L1 com-
bined positive score (CPS) of >1 is associated with a
15-16% response rate, while a CPS of >10 correlates
with a 24-25% response rate. Additionally, TMB shows

strong potential as a biomarker for ICI responses [7].
TMB has not yet been validated as a reliable biomarker
for GECs. The immunological impact of mutations var-
ies, with specific mutations in proteins such as PBRM1,
KEAPI, and STKI11. potentially affecting the efficacy of
ICI therapy in both beneficial and deleterious ways. Fur-
thermore, the predictive ability of TMB scoring systems
for ICIs appears to be limited, as they cannot account
for the unique consequences of these mutations. To deal
with this limitation, recent researches have proposed
modifying the TMB calculation method or creating gene
mutation-based signatures to improve the accuracy of
predicting ICI treatment outcomes [5]. Machine learn-
ing (ML) and deep learning (DL) represent significant
advancements in addressing intricate challenges within
the medical field, particularly through the utilization of
extensive clinical data sets [8]. These methodologies have
proven their effectiveness and success in various predic-
tive and clustering applications [9]. The implementation
of these innovative technologies enables a comprehensive
investigation into the mechanisms underlying therapy
resistance across multiple dimensions, including tran-
scriptional, epigenetic, and translational aspects, thereby
providing valuable insights to enhance the effectiveness
of ICIs [1]. The application of DL techniques in forecast-
ing responses to immunotherapy has not yet reached its
full potential, despite their increasing prevalence. This
is particularly pertinent for patients with GICs who are
receiving immune checkpoint blockade (ICB) therapy,
where the demand for effective predictive models is
intensifying. Central to these models are Artificial Neu-
ral Networks (ANNs), which provide the foundational
framework for predictions. By leveraging next-generation
sequencing data, our objective is to accurately anticipate
individual responses to therapeutic interventions [10].
In this topic, conflicting reports have emerged regard-
ing the performance of ANNs. The connector segment
of stratification through ANNs can exert a significant
influence. Given that the overall performance of ANNs
has not yet been comprehensively reported, it is essential
to address the inconsistencies and contradictions where
some studies deem them effective while others consider
them ineffective. Consequently, we conducted a system-
atic investigation to arrive at a conclusive understanding
of this matter.



Norouzkhani et al. BMC Gastroenterology (2025) 25:310 Page 3 of 17
Table 1 Curated search strategies and result of the searching procedure
PubMed  (((((((((("Artificial intelligence network[Title/Abstract]) OR ("Artificial intelligence networks"[Title/Abstract])) OR ("Artificial 171

WOS

Scopus

intelligence"[Title/Abstract])) OR ("Machine Intelligence"[Title/Abstract])) OR ("Al"[Title/Abstract])) OR ("Machine learning"[Title/
Abstract])) OR ("ML"[Title/Abstract])) OR ("Deep learning"[Title/Abstract])) OR ("DL'[Title/Abstract])) OR ("convolutional neural
network"[Title/Abstract])) OR ("CNN"[Title/Abstract])) OR ("Artificial intelligence"[Mesh]) AND ((((CCCCCCCCCCCCcCCcccccccc((("Gastrointestinal
cancer"[Title/Abstract]) OR ("Gastrointestinal cancers"[Title/Abstract])) OR ("Gastrointestinal neoplasm"[Title/Abstract])) OR ("Gastro-
intestinal tumor"[Title/Abstract])) OR ("Gl cancer"[Title/Abstract])) OR ("Gl neoplasm"[Title/Abstract])) OR ("Gastrointestinal stromal
tumor"[Title/Abstract])) OR ("GIST"[Title/Abstract])) OR ('Digestive system neoplasm"[Title/Abstract])) OR ("Stomach Cancer"[Title/
Abstract])) OR ("Intestine Cancer"[Title/Abstract])) OR ("esophagus Cancer"[Title/Abstract])) OR ("colon cancer"[Title/Abstract]))

OR ("rectum Cancer"[Title/Abstract])) OR ("anus Cancer"[Title/Abstract])) OR ("colorectal cancer"[Title/Abstract])) OR ("pancreas
cancer"[Title/Abstract])) OR ("liver cancer"[Title/Abstract])) OR ("ileum cancer"[Title/Abstract])) OR ("Jejunal adenocarcinoma"[Title/
Abstract])) OR ("JA"[Title/Abstract])) OR ("Stomach neoplasm"[Title/Abstract])) OR ("Intestine neoplasm"[Title/Abstract])) OR ("esopha-
gus neoplasm"[Title/Abstract])) OR ("colon neoplasm"[Title/Abstract])) OR ("rectum neoplasm"[Title/Abstract])) OR ("anus
neoplasm"[Title/Abstract])) OR ("colorectal neoplasm"[Title/Abstract])) OR ("pancreas neoplasm"[Title/Abstract])) OR ("liver
neoplasm"[Title/Abstract]))) OR ("lleal Neoplasm"[Title/Abstract])) OR ("Jejunal Neoplasm"[Title/Abstract])) OR ("Gastrointestinal
Neoplasm"[Title/Abstract]) AND (((("lmmunotherapy"[Title/Abstract]) OR ("immuno-therapeutic"[Title/Abstract])) OR ("immune
system therapy"[Title/Abstract])) OR ("immune-based therapy"[Title/Abstract])) OR ("immune-targeted therapy"[Title/Abstract]))

OR ("immune-based treatment"[Title/Abstract])) OR ("sipuleucel-t"[Title/Abstract])) OR ("Immunotherapy"[Mesh])

(((C(CC(((Ts = ("Artificial intelligence network")) ORTS = ("Artificial intelligence networks")) OR TS = ("Artificial intelligence")) OR TS
=("Machine Intelligence")) ORTS =("Al")) OR TS = ("Machine learning")) ORTS =("ML")) ORTS =("Deep learning")) ORTS =("DL"))

ORTS =("convolutional neural network")) ORTS = ("CNN") AND ((CCCCCCCCcCccccceeeeeeee(ms =("qastrointestinal cancer")) ORTS = ("Gas-
trointestinal cancers")) OR TS =("Gastrointestinal neoplasm")) OR TS =("Gastrointestinal tumor")) ORTS = ("Gl cancer")) ORTS = ("Gl
neoplasm")) ORTS =("Gastrointestinal stromal tumor")) ORTS =("GIST")) ORTS =("Digestive system neoplasm")) ORTS =("Stomach
Cancer")) ORTS =("Intestine Cancer")) ORTS =("small bowel cancer")) ORTS =("esophagus Cancer")) ORTS =("colon cancer")) ORTS
=("rectum Cancer")) ORTS =("anus Cancer")) ORTS = ("colorectal cancer")) ORTS =("pancreas cancer")) ORTS =("liver cancer")) ORTS
=("ileum cancer")) ORTS =("Jejunal adenocarcinoma")) ORTS =("JA")) ORTS =("Stomach neoplasm")) ORTS =("Intestine neoplasm"))
ORTS =("small bowel neoplasm")) ORTS =("esophagus neoplasm")) ORTS =("colon neoplasm")) OR TS =("rectum neoplasm")) ORTS
=("anus neoplasm")) OR TS =("colorectal neoplasm")) OR TS =("pancreas neoplasm")) ORTS =("liver neoplasm")) OR TS =("lleum Neo-
plasm")) ORTS =("Jejunal Neoplasm") AND (TS = ("Immunotherapy")) OR TS = ("immuno-therapeutic")) OR TS = ("immune system
therapy")) ORTS =("immune-based therapy")) OR TS = ("immune-targeted therapy")) OR TS =("immune-based treatment")) OR TS
=("sipuleucel-t")) ORTS =("immune response therapy")) ORTS =("immune cell therapy")

(TITLE-ABS-KEY ("Artificial intelligence network") OR TITLE-ABS-KEY ("Artificial intelligence networks") OR TITLE-ABS-KEY ("Artificial intel-
ligence") ORTITLE-ABS-KEY ("Machine Intelligence") OR TITLE-ABS-KEY ("Al") OR TITLE-ABS-KEY ("Machine learning") OR TITLE-ABS-KEY
("ML") ORTITLE-ABS-KEY ("Deep learning") OR TITLE-ABS-KEY ("DL") OR TITLE-ABS-KEY ("convolutional neural network") OR TITLE-ABS-
KEY ("CNN") AND (TITLE-ABS-KEY ("Gastrointestinal cancer") OR TITLE-ABS-KEY ("Gastrointestinal cancers") OR TITLE-ABS-KEY ("Gastro-
intestinal neoplasm") OR TITLE-ABS-KEY ("Gastrointestinal tumor") OR TITLE-ABS-KEY ("Gl cancer") OR TITLE-ABS-KEY ("Gl neoplasm”)
ORTITLE-ABS-KEY ("Gastrointestinal stromal tumor") OR TITLE-ABS-KEY ("GIST") OR TITLE-ABS-KEY ("Digestive system neoplasm")
ORTITLE-ABS-KEY ("Stomach Cancer") OR TITLE-ABS-KEY ("Intestine Cancer") OR TITLE-ABS-KEY ("small bowel cancer") OR TITLE-ABS-
KEY ("esophagus Cancer") OR TITLE-ABS-KEY ("colon cancer") OR TITLE-ABS-KEY ("rectum Cancer") OR TITLE-ABS-KEY ("anus Cancer")
ORTITLE-ABS-KEY ("colorectal cancer") OR TITLE-ABS-KEY ("pancreas cancer") OR TITLE-ABS-KEY ("liver cancer") OR TITLE-ABS-KEY
("ileum cancer") OR TITLE-ABS-KEY (“Jejunal adenocarcinoma") OR TITLE-ABS-KEY ("JA") OR TITLE-ABS-KEY ("Stomach neoplasm")
ORTITLE-ABS-KEY ("Intestine neoplasm"”) OR TITLE-ABS-KEY ("small bowel neoplasm") OR TITLE-ABS-KEY ("esophagus neoplasm”)
ORTITLE-ABS-KEY ("colon neoplasm") OR TITLE-ABS-KEY ("rectum neoplasm") OR TITLE-ABS-KEY ("anus neoplasm") OR TITLE-ABS-KEY
("colorectal neoplasm") OR TITLE-ABS-KEY ("pancreas neoplasm") OR TITLE-ABS-KEY ("liver neoplasm") OR TITLE-ABS-KEY (“ileum Neo-
plasm") OR TITLE-ABS-KEY ("Jejunal Neoplasm")) AND (TITLE-ABS-KEY ("Immunotherapy") OR TITLE-ABS-KEY ("immuno-therapeutic”)
ORTITLE-ABS-KEY ("immune system therapy") OR TITLE-ABS-KEY ('immune-based therapy") OR TITLE-ABS-KEY ("immune-targeted
therapy") OR TITLE-ABS-KEY ("immune-based treatment") OR TITLE-ABS-KEY ("sipuleucel-t") OR TITLE-ABS-KEY ('immune response
therapy") OR TITLE-ABS-KEY (“immune cell therapy"))

294
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Methods

intelligence networks, gastrointestinal cancers, and

This systematic review and meta-analysis study adhered
to the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines [11]. The study
protocol was registered in the Open Science Framework
(OSF) and is accessible at the following https://doi.org/
10.17605/OSEIO/CBUSY..

Search strategy

A literature search was conducted in PubMed, Web of
Science (WOS), and Scopus up to August 31, 2024, by
an independent reviewer (NM). The search strategy
employed three primary conceptual groups: artificial

immunotherapy. Keywords within each group were com-
bined using’OR,and then these combined terms were
further combined usingAND’to form the final search
strategy. The search strategy was adjusted for query
options specific to each database. Additionally, refer-
ence lists of relevant systematic reviews were manually
searched to identify potential studies. The search strategy
is detailed in Table 1.

Eligibility criteria
This study aimed to utilize artificial intelligence net-
works to assess the prognosis of gastrointestinal cancers


https://doi.org/10.17605/OSF.IO/CBU8Y
https://doi.org/10.17605/OSF.IO/CBU8Y

Norouzkhani et al. BMC Gastroenterology (2025) 25:310

in response to immunotherapy based on genetic muta-
tion features. No restrictions were placed on publication
date or language. To enhance search specificity, keyword
searches were limited to article titles. Studies involv-
ing animal models, unrelated to the research objective,
or classified as review articles, abstracts, case reports,
case series, or other similar types were excluded during
the initial screening process. Duplicate studies were also
eliminated from the dataset.

Data extraction and study quality assessment

One independent reviewer (GN) utilized the RAYYAN
intelligent tool for systematic reviews to conduct a
blinded analysis and screening of titles and abstracts to
identify relevant studies. In case of discrepancies, a sec-
ond reviewer (MAA) was consulted to resolve the issue
through discussion. Additionally, two independent
reviewers (HZ and ZHM) extracted the data from the
included studies. Furthermore, one independent reviewer
(MAA) employed the critical appraisal tools developed
by the Joanna Briggs Institute (JBI) to assess the quality
and risk of bias of the included studies. The results of this
assessment are presented in Supplementary Table 2.

Statistical analysis

A meta-analysis was undertaken to derive pooled esti-
mates of sensitivity, specificity, accuracy, and the area
under the curve (AUC) for evaluating the performance
of artificial intelligence networks in predicting the prog-
nosis of gastrointestinal cancer immunotherapy based on
genetic mutation features. Heterogeneity among studies
was examined using the Chi-square test and quantified
using the I? statistic, which measures the proportion of
variability across studies due to heterogeneity rather than
random variation. The I* statistic was computed using
the formula 100% X (Q — df)/Q.Study weights were deter-
mined through the inverse variance method. A random-
effects model was applied to integrate data across studies,
minimizing the effects of heterogeneity. Statistical signifi-
cance was defined as P< 0.05. Data extracted from graph-
ical figures in the studies were digitized using WebPlot
Digitizer (Automeris LLC, Frisco, Texas).

In order to estimate the missing values of sensitiv-
ity, specificity, and accuracy in this meta-analysis, we
employed regression models and imputation methods.
These methods were used to handle the missing data in a
statistically robust manner, allowing for a more accurate
synthesis of study outcomes.

Regression models were utilized to predict the miss-
ing values based on the relationships between observed
data points, while imputation methods (e.g., multiple
imputation) were applied to replace missing values with
plausible estimates, accounting for the uncertainty in the
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imputation process. Specifically, multiple linear regres-
sion was used as the predictive model for estimating
missing performance values, followed by multiple impu-
tation using chained equations (MICE) to account for
uncertainty in the imputed data.These approaches were
chosen because they minimize bias and maximize the
accuracy of pooled estimates, ensuring that the results
of the meta-analysis reflect the most reliable representa-
tion of the underlying data. Additionally, these methods
help to preserve the statistical power of the analysis by
making use of all available data, rather than excluding
studies with missing values, which could introduce bias
or reduce generalizability. Further, methods like maxi-
mum likelihood estimation and Bayesian approaches
could also be considered for robust handling of missing
data in future analyses. Although regression models and
multiple imputation techniques were employed to man-
age missing values, it is important to recognize that these
methods rely on certain assumptions, such as data being
missing at random. Violation of these assumptions could
potentially introduce bias or lead to inaccuracies in the
pooled estimates, particularly in the context of clinical
data with high variability.

Result
Our search strategy yielded 168 articles. After removing
608 duplicate records the remaining papers underwent
screening by their title and abstract to be chosen accord-
ing to our eligibility criteria. After removing irrelevant
records that did not meet our criteria and papers that did
not have a full text available online finally 45 studies were
included in the synthesis of our analysis and investigation
(Fig. 1).

Summary characteristics of included studies are
brought in Supplementary Table 2.

Meta-analysis
A total of 45 studies published between 2020 and 2024
were included in this meta-analysis, comprising 14,047
participants in training sets and 10,885 participants in
test sets. Among the test set participants, 4,156 were
female (38.2%) and 5,079 were male (46.7%), with the
remaining 15.1% not reporting gender. In the training
sets, 3,608 participants were female (25.7%) and 3,853
were male (27.4%), while 46.9% of participants had unre-
ported or missing gender information. This missing data
reflects limitations in the original studies, many of which
did not comprehensively report gender breakdowns.The
mean age of all participants was 64.7 years (standard
deviation [SD]: 1.35 years), with a 95% confidence inter-
val (CI) of 62.06 to 67.5 years.

The included studies focused on 7 distinct types of
gastrointestinal cancers and analyzed the impact of
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‘ Identification of studies via databases and registers

Fig. 1 PRISMA flowchart of study selection procedure

mutations in 211 genes. The Al models utilized genetic
mutation features to predict prognosis and immunother-
apy response in these cancers. The performance metrics
of the models, including the area under the curve (AUC),
sensitivity, specificity, and accuracy, were pooled using a
random-effects model to account for variability among
studies (Figs. 2, 3, 4, 5).

Pooled performance metrics
The pooled estimates for the performance of the Al net-
work models were as follows:

— Area Under the Curve (AUC): 0.86 (95% CI: 0.86—
0.87).

— Sensitivity: 83% (95% CI: 83%—84%).

— Specificity: 72% (95% CI: 72%—73%).

— Accuracy: 82% (95% CI: 82%—83%).
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These results demonstrate the high potential of Al-
based networks in assessing prognosis and predicting
response to immunotherapy for gastrointestinal cancers
based on genetic mutation features.

Heterogeneity analysis

The Galbraith plot indicated low to moderate heteroge-
neity across studies. Subgroup analyses were conducted
to explore sources of heterogeneity, which revealed
variations in model performance based on cancer type,
genetic mutation features, and sample size (Figs. 6 and 7).

Publication bias

The funnel plot for publication bias appeared symmetri-
cal, suggesting a lack of publication bias. Egger’s test
further confirmed this with a statistically insignificant
result (p-value: 1.00), indicating that studies with smaller
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Fig. 2 Forest plot of pooled AUC estimates of ML models

sample sizes or less favorable outcomes were not under-
represented in the meta-analysis (Fig. 8).

Subgroup analyses

Subgroup analyses based on cancer type revealed dif-
ferences in model performance, with the highest AUC
observed in studies focusing on Gastric cancers (AUC:
0.87, 95% CI: 0.79-0.96) and lower AUC in studies on
pancreatic cancer (AUC: 0.52 95% CI: 0.19-0.86). Addi-
tionally, models incorporating comprehensive gene
panels tended to outperform those using fewer genetic
features (Fig. 6).

Discussion

The performance of Al-based prognostic models in this
meta-analysis demonstrated promising but variable
results. The pooled AUC of 0.86 (95% CIL: 0.86-0.87)
indicates a strong discriminative ability of these models
in predicting immunotherapy outcomes in gastrointes-
tinal cancers. Furthermore, the sensitivity (83%; 95% CI:
83%-—84%) suggests that the models are generally capable
of correctly identifying a substantial proportion of true
responders to immunotherapy. However, the specificity

o

(72%; 95% CI: 72%-73%) indicates that approximately
28% of non-responders may be misclassified as likely
responders, which could have implications for clini-
cal decision-making. The accuracy of 82% further sup-
ports the overall robustness of these models. Despite
these promising figures, it is important to consider that
the variability across studies, as well as differences in Al
architectures and input features, may impact model per-
formance when applied to new or independent datasets.
Therefore, while AI models show clear potential, further
optimization and external validation are needed before
broad clinical implementation.

The recent development of AI has brought a wave of
optimism in the oncology field, significantly improving
diagnosis, prognosis, and treatment strategy in colorectal
cancer. Various studies have proposed Al and ML-based
prediction models in this arena and promise a bright
future for patient care and clinical decision-making.

Machine learning algorithms were applied by Suzhen
Bi et al. to study the involvement of the TAS2R gene
family in CRC [12]. Their finding has established that
high expression of TAS2R correlates with poor survival
and low immune cell infiltration, the process by which
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Fig. 3 Forest plot of pooled accuracy estimates of ML models

different immune cells migrate from the bloodstream
into a tumor [13], making it a potential biomarker for
prognosis. They, therefore, developed a TAS2R expres-
sion-based gradient boosting machine model that
would provide clinicians with a tool to guide them in
patient management.

Rui Cao’s team focused on predicting MSI, one of
the most important CRC prognostic factors, using an
Ensemble Patch Likelihood Aggregation model (EPLA)
[14]. The AUC values were 0.8848 and 0.8504 for the
TCGA-COAD and Asian-CRC datasets, respectively.
EPLA is a practical alternative to traditional MSI testing
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methods, which are usually invasive and expensive and
can be integrated into routine clinical workflows.

This integration of multi-omics data, which involves
combining various biological datasets such as genom-
ics, transcriptomics, and proteomics [15], with Al
promises an improved prognosis for CRC and is a major
step toward personalized therapy in CRC patients.
Jiamin Chen and colleagues identified a pyroptosis-
related long non-coding RNA signature that could be
used to personalize therapy for CRC patients, putting
the patient at the heart of these advancements [16].
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Fig. 4 Forest plot of pooled sensitivity estimates of ML models

Sen Lin’s single-cell multi-omics study has uncovered
how immune dysfunction drives liver metastasis in CRC
patients [17]. Further, this study indicates that tumor-
immune interaction will contribute significantly to fore-
casting metastasis and prognosis. On the other hand,
Zaoqu Liu found distinct tumor stemness clusters in
CRC, which may provide potential directions for targeted
therapy based on tumor characteristics [17].

Furthermore, Hou et al. built a gene signature using the
concept of the cancer-immunity cycle that might improve
the stratification of prognosis and predict immunother-
apy response in CRC patients [18]. These studies demon-
strate how AI, multi-omics data, and immune profiling

are increasingly integrated to further improve CRC treat-
ment strategies and form a basis for personalized thera-
peutic approaches.

Hepatocellular carcinoma (HCC)

Al has also shown transformative potential in hepato-
cellular carcinoma, one of the significant types of liver
cancer. Chen et al. developed a new classifier based on
cancer stem cell features using RNA sequencing data
from TCGA and ICGC datasets [19]. Their classifier uti-
lized a stemness index mRNA approach that stratified
patients into high and low-stemness subtypes. Accord-
ingly, the high-stemness tumors had lower immune
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Fig. 5 Forest plot of pooled specificity estimates of ML models

infiltrations and resisted immunotherapies, proving that
stemness has an important role in immune escape and
therapeutic resistance. The developed classifier showed a
high AUC of 0.953 in the training set, reflecting strong
predictive capability. AUC values range from 0 to 1, with
one being perfect and 0.5 representing a random predic-
tion; an AUC of 0.953 is considered high and thus indi-
cates a strong predictive model.

Further refining the approach, in a successive study,
Chen et al. widened their scope to include immune-
related gene signatures in developing a nine-gene signa-
ture that predicted one-year survival in HCC patients,
with an AUC of 0.8. This study indicated that high
mRNA scores reflect a more immunosuppressive tumor

microenvironment and predict poor responses to ICls,
marking a significant shift in predicting cancer prognosis
[20].

Cheng et al. integrated ERSRGs into the prognosis of
HCC, establishing an ANN model with an AUC of 0.979.
Their work not only demonstrated the predictive power
of Al in this setting but also described how ER stress con-
tributes to the advancement and immune regulation of
the tumor. With the incorporation of molecular data, this
model can give a more accurate prognosis and prediction
of therapy compared to the traditional approach based
on imaging [21].

Focusing on NK cell-related genes through single-
cell RNA sequencing, Feng et al. developed an 11-gene
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Fig. 7 Galbraith plot for heterogeneity assessment

prognostic signature for HCC [22]. This signature illus-
trates that low-risk groups benefit more from immune
therapies such as PD1 blockers and have better over-
all survival. The work further elucidates the integrated
immune-related genetic signature with Al in personaliz-
ing HCC therapy.

In another important study, Li et al. constructed lys-
osome-related gene-based prognostic models for HCC
[23]. Their research evidenced the role of Al-based mod-
els in immune response and drug sensitivity estimation,
with a major emphasis on genomic data regarding cancer
prognosis and treatment prediction.

Gastric cancers

Several contemporary publications on gastric cancer
have demonstrated its potency in improving progno-
sis by personalizing the treatment approach. Chen et al.
investigated immune-related genomic alterations within
gastric cancer using deep learning algorithms and single-
cell sequencing [24]. Indeed, specific genomic changes
were associated with poorer survival, underlining the
relevance of immune escape mechanisms within gastric
cancer prognosis.

Deng et al. identified an immune cell infiltration- and
immune-related biomarker-centric degradome-based
prognostic signature [25]. Using ten machine learning
models, their model showed the AUC values as equally
fantastic: 0.976, 0.900, and 0.976 for mRNA expression,
CNV, and DNA methylation, respectively. Moreover,
high-risk scores associated with lower chemotherapy
sensitivity highlighted the possibility that immune mark-
ers might guide more effective therapy approaches.

Jiang et al. integrated radiological imaging with deep
learning to predict the TME status and responses to
immunotherapies in gastric cancer [26]. Their model was
superior to the traditional clinicopathologic variables for
noninvasive prediction of patient outcomes and person-
alized treatment approaches. This study, therefore, points
to the increasing potential of radionics in integrating
imaging data with genomic features.

Li et al. developed a machine learning-based pro-
grammed cell death-related signature; the AUC values
were 0.771, 0.751, and 0.827 for 1-year, 3-year, and 5-year
survival predictions, respectively. Their findings under-
lined the impact of immune responses on treatment
outcomes, opening a new direction for personalized
treatment approaches [27].

Liu et al. proposed a biologically informed graph neural
network model, PGLCN, for predicting tumor mutation
burden and immunotherapy response in gastric cancer.
This approach integrates multi-omics data of mRNA
expression, CNV, and DNA methylation with AUC values
of 0.948, 0.910, and 0.791 for STAD, COAD, and UCEC,
respectively. Compared with other traditional machine
learning models, their model performed much better and
found some important biomarkers of immune cell infil-
trations that would provide further scope in the personal-
ized treatment regime [27].

Other cancers

Besides colorectal, hepatocellular, and gastric cancers, an
increasing number of studies have investigated the use of
Al in both esophageal and pancreatic malignancies. For
instance, in esophageal cancer, Liu et al. developed the
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MRCRTR score to predict patients’prognosis and resist-
ance to chemoradiotherapy based on the expression of
mitochondria-related genes. MRCRTR score correlated
with immune escape and biological processes, including
angiogenesis [28].

Al-based models have integrated data in various other
types of cancer, too. Itgenomic, metabolic, and immune
data in pancreatic cancer have been integrated to predict
patient outcomes. Chen et al. found 425 super-enhancer-
associated genes critical for the development of cancer.
The SEMet classifier developed could predict responses
to immunotherapy [29]. Guo et al. developed a metabolic
biomarker signature (MBS) related to improved survival
outcomes in patients with high immune cell infiltration
[30]. These studies epitomize the personalized treat-
ment approach through Al integrated with multi-omics
data and, therefore, show the broad application of Al in
oncology.

The notably lower AUC observed for pancreatic cancer
models (AUC =0.52) compared to gastric cancer (AUC
=0.87) may be attributed to several well-known biologi-
cal factors. Pancreatic cancer is widely recognized as an
immunologically"cold"tumor, characterized by a pro-
foundly immunosuppressive tumor microenvironment,
including abundant regulatory T cells, myeloid-derived
suppressor cells, and tumor-associated fibroblasts, which
hinder effective immune activation. Additionally, pan-
creatic tumors typically exhibit a low tumor mutation
burden (TMB) and minimal PD-L1 expression, both of
which limit the ability of immune checkpoint inhibitors
to produce favorable responses [31]. These tumor-intrin-
sic features likely contributed to the reduced responsive-
ness to immunotherapy reported in the included studies

and may explain the poor performance of Al models
trained on pancreatic cancer data. Furthermore, the lim-
ited availability of high-quality, large-scale datasets for
pancreatic cancer may also have impaired model training
and generalization [32].

While TMB has emerged as a potential biomarker for
predicting immunotherapy responses, its clinical appli-
cability in gastrointestinal cancers (GICs) is not yet fully
validated. The predictive value of TMB varies consider-
ably across GIC subtypes, and the inconsistency of its
performance has been noted in several included studies.
Additionally, methodological differences in calculating
TMB and the absence of standardized cut-off points fur-
ther complicate its utility in clinical practice. Therefore,
despite its promise, TMB should be interpreted cau-
tiously when considered for immunotherapy decision-
making in GICs.

To enhance the generalizability of AI models for pre-
dicting immunotherapy outcomes in gastrointestinal
cancers, several methodological strategies should be
considered. First, employing rigorous cross-validation
techniques, such as k-fold cross-validation or nested
cross-validation, can provide more reliable estimates
of model performance and mitigate overfitting dur-
ing model development. Second, external validation
using independent datasets from different institutions
or populations is crucial for assessing model robust-
ness in diverse clinical settings. Third, transfer learning,
which allows models pre-trained on large datasets to be
fine-tuned on smaller, domain-specific datasets, could
improve performance, especially in cancers with lim-
ited sample sizes. Finally, the integration of multi-center
and multi-omics datasets, when available, could further
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enhance the model’s ability to generalize across heteroge-
neous patient populations. Implementing these strategies
will be critical for the development of Al systems capa-
ble of supporting clinical decision-making in real-world
settings.

Based on the synthesis of current evidence, several
recommendations can be made to enhance the devel-
opment and implementation of Al models in gastroin-
testinal cancer immunotherapy. First, future Al models
should prioritize multi-omics data integration (genom-
ics, transcriptomics, imaging, and immune profiling) to
capture the complexity of tumor biology more compre-
hensively. Second, Al systems should be developed and
validated using multicenter datasets to ensure robustness
and generalizability across diverse populations. Third,
incorporating external validation and prospective studies
will be essential to confirm model reliability and prevent
overfitting. From an ethical and practical perspective,
enhancing model transparency through explainable
Al approaches will be critical to ensure clinician trust
and patient safety. Finally, collaborations between Al
researchers, oncologists, geneticists, and ethicists should
be strengthened to create clinically viable AI-driven deci-
sion-support systems tailored to immunotherapy in gas-
trointestinal cancers.

Attributed to variations in cancer types, Al method-
ologies, and genetic input features. Gastric cancer mod-
els performed relatively better than other cancer types,
possibly due to the availability of richer datasets or more
homogeneous patient populations. Conversely, pancre-
atic cancer models showed lower performance, reflecting
the known challenges of imaging and genetic profiling
in pancreatic tumors. Additionally, models incorporat-
ing larger gene panels generally outperformed those with
fewer genetic features.

Notably, one of the challenges identified in this meta-
analysis is the inconsistency in the reported performance
of Artificial Neural Networks (ANNs) across different
studies. While several studies demonstrate high pre-
dictive accuracy for ANN-based models, others report
moderate to poor performance. These discrepancies may
stem from variations in sample sizes, cancer subtypes,
gene panel compositions, preprocessing strategies, or
ANN architectures. Furthermore, differences in report-
ing standards and the absence of external validation in
some studies may further contribute to these conflicting
results. Therefore, although the pooled estimates suggest
that ANNs have potential in predicting immunother-
apy outcomes, these results should be interpreted with
caution.

One of the limitations observed in this review is the
limited use of external validation across the included
studies. The majority of Al-based models were evaluated
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using internal validation techniques such as cross-vali-
dation or random data splits. However, without external
validation on independent cohorts or datasets, the gen-
eralizability of these models to other populations, health-
care settings, and imaging protocols remains uncertain.
This gap highlights the need for future research to prior-
itize external validation to enhance the robustness and
clinical applicability of AI models.

Limitations

A key limitation of this meta-analysis is the inconsistency
of findings regarding ANN performance across included
studies. The variability in model performance may under-
mine the generalizability of our results. Heterogeneity in
AI model design, training data, patient characteristics,
and genetic features used could explain these contradic-
tions. Future studies with standardized methodologies
and external validation are essential to resolve this incon-
sistency and enhance the reliability of ANN-based prog-
nostic models.

Another limitation of this review is the uncertain pre-
dictive value of TMB as a biomarker for immunotherapy
in GICs. Although widely studied, the lack of consensus
regarding its clinical validity and methodological incon-
sistencies limits its utility. Further research with stand-
ardized definitions and large-scale validation is essential
to determine its role in guiding immunotherapy in GIC
patients.

A further limitation concerns the handling of missing
data. Although we used regression-based imputation
methods to reduce bias and preserve statistical power,
these techniques inherently assume that missingness
is random or can be predicted based on available data.
However, clinical datasets often exhibit complex patterns
of missingness, and unmeasured confounders could have
influenced the imputed values. Therefore, the results
should be interpreted with caution, acknowledging the
potential for bias introduced by the imputation process.

Despite the subgroup analyses, a portion of hetero-
geneity remained unexplained, likely due to variations
in data quality, patient populations, or AI model imple-
mentation details not fully reported in the included stud-
ies [33]. Further studies with standardized reporting and
more detailed methodological descriptions are needed to
clarify these factors.

Data variability affects Al algorithms

AT algorithms for assessing the prognosis of gastrointes-
tinal cancers and their response to immunotherapy can
be influenced by data variability across diverse popula-
tions. Differences in genetic mutations, clinical features,
and tumor biology between populations can limit the
ability of AI models to generalize. For example, certain
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mutations may be more prevalent in one ethnic group,
and clinical characteristics like age, sex, and comorbidi-
ties may vary across populations. If Al models are trained
primarily on data from a specific population, they may
not perform well on others, leading to reduced accuracy
and biased predictions.

This variability can result in Al models that overes-
timate or underestimate the efficacy of treatments for
certain patient groups, particularly those from under-
represented populations. The lack of diversity in training
datasets can also amplify existing healthcare disparities,
where minority or rural populations may not benefit
from Al-driven predictions, despite potentially needing
them the most.

To address this, AI models should be trained on diverse
datasets that include a broad range of demographic and
clinical features. Stratifying models based on patient
characteristics, such as ethnicity or cancer subtype, can
also improve prediction accuracy for specific groups.
Additionally, continuous validation on multiple datasets
from diverse populations and incorporating multi-omics
data can help ensure that AI models generalize better and
provide more personalized treatment recommendations.
By addressing these challenges, Al can more reliably pre-
dict responses to immunotherapy and enhance treatment
outcomes across all patient populations.

Several drawbacks associated with using AI models in
gastrointestinal cancer are related to their broader appli-
cability in a clinical setting.

First, the quality and uniformity of the datasets used
in such studies pose serious challenges. Many Al models
rely on open-source datasets, like The Cancer Genome
Atlas and the International Cancer Genome Consortium,
which are usually incomplete and lack uniformity. This
will eventually limit their prediction accuracy. Besides,
multi-hospital or multi-population data bears inher-
ent variability, making generalization to diverse patient
cohorts difficult.

Another important area that needs improvement is
the imbalance in training data. Many Al algorithms per-
form well for the most frequent patient groups but fail
to predict the outcomes of rarer subpopulations, such
as patients with rare genetic mutations or those from
underrepresented demographics. This may lead to biased
predictions, especially in infrequent cancers with unique
patient attributes.

Moreover, multi-omics data integration is still a techni-
cally challenging task, primarily due to the heterogeneity
of these datasets. Variability in scale, missing values, and
differing quality levels impede the development of robust
Al models. Overfitting is also a considerable concern.
While AI models may perform impressively within their
training environments, their generalization to clinical
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applications is often better due to the significant vari-
ability inherent in-patient data. In this sense, the ability
for such models to generalize into more practical applica-
tions is often insufficient, barring further validation and
refinement of the AI models.

A major challenge is the limited number of studies
focusing on this specific intersection. Many existing stud-
ies use small, institution-specific datasets, which limits
generalizability. The data is often heterogeneous, with
variations in patient demographics, cancer subtypes,
genetic panels, and treatment approaches. Furthermore,
proprietary datasets are commonly used in Al model
development, making external validation difficult. These
factors contribute to a fragmented body of evidence,
complicating systematic reviews or meta-analyses.

The variability and complexity of genetic data present
significant hurdles. Different studies may rely on distinct
sets of genetic mutations or genomic features, making
it hard to standardize the input data for Al algorithms.
Additionally, the quality and completeness of genetic data
vary widely across studies, and the multifactorial nature
of genetic interactions with immunotherapy outcomes is
often not fully captured in AI models. Key factors such as
the tumor microenvironment and immune system mark-
ers are frequently underrepresented.

Validation and Benchmarking External validation of Al
models is often lacking. Models are rarely tested across
diverse datasets or clinical settings, which reduces their
reliability in real-world scenarios [33, 34]. Additionally,
performance metrics such as sensitivity, specificity, and
accuracy are inconsistently reported, making it challeng-
ing to compare models or integrate findings. The absence
of longitudinal studies to assess long-term outcomes also
limits the robustness of existing research.

Clinical Integration and Applicability Integrating
Al-based prognostic tools into clinical practice poses
significant challenges. These include the need for sub-
stantial infrastructure, training for healthcare providers,
and adjustments to existing workflows. Regulatory bar-
riers further complicate the adoption of AI models, as
approval processes for Al tools, particularly those incor-
porating genetic data, are still evolving. Ethical consid-
erations, such as data privacy and the potential misuse of
genetic information, also need to be addressed [34, 35].

The rapid advancements in both AI and genomics add
another layer of complexity. As new methodologies and
findings emerge, synthesizing the latest data becomes
challenging. This evolving nature of the field makes it
difficult to establish a stable foundation for systematic
reviews or meta-analyses.

Addressing these limitations requires collaborative
efforts, larger and more diverse datasets, standardized
methodologies, and robust validation processes. Only
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through such advancements can the potential of Al in
personalizing GI cancer immunotherapy be fully realized.

Future aspects

Despite these challenges, artificial intelligence possesses
tremendous potential to improve the diagnosis and treat-
ment of cancers. One advantage is the high predictive
accuracy of Al models, especially those that incorporate
multi-omics data, which encompasses genetic, transcrip-
tomic, and immune profiling information. Such models
can enable more accurate predictions of survival rates
and therapeutic responses, laying the foundation for per-
sonalized medicine.

More interestingly, Al will be instrumental in early
detection and risk stratification of gastrointestinal cancer.
The models will aid in the early identification of high-risk
patients by analyzing both imaging data and biomarker
profiles, hence allowing timely interventions that will
improve clinical outcomes.

Another promising aspect of Al involves its use in
devising personalized treatment. Al algorithms can syn-
thesize multiple data sources into tumor or immune
profiles that correspond with drug responses or resist-
ance, enabling clinicians to offer therapy tailored to those
characteristics.

Future efforts should address the ethical and regula-
tory challenges of using Al in this context. This includes
Developing clear frameworks for the approval and over-
sight of Al models. Ensuring equitable access to Al tech-
nologies across different healthcare systems. Protecting
patient privacy when handling sensitive genetic and clini-
cal data.

The use of Al models in predicting immunotherapy
outcomes based on genetic data raises significant ethi-
cal considerations. Patient privacy and data security are
paramount, as genetic information is uniquely identifi-
able and potentially sensitive. Ensuring that data collec-
tion, sharing, and Al model training comply with ethical
and legal standards, such as obtaining informed consent
and adhering to data protection regulations (e.g., GDPR,
HIPAA), is essential. Additionally, algorithmic bias poses
a risk when Al models are trained on datasets that under-
represent certain populations, leading to unequal predic-
tive performance across demographic groups. This could
exacerbate existing healthcare disparities. Furthermore,
the"black-box"nature of many AI models, particularly
deep learning architectures, limits their transparency
and interpretability, which may hinder clinical accept-
ance. Improving the explainability of AI models and
incorporating fairness assessments should be prioritized
in future research to ensure that Al-driven clinical deci-
sion-support systems are both trustworthy and ethically
sound.
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Finally, Al-driven decision-support systems could
enhance clinical decision-making through evidence-
based recommendations. These systems support clini-
cians by navigating through complex datasets, identifying
potential complications, and predicting the response to
treatment, hence increasing the quality and efficiency of
the clinical decisions made within cancer treatment.

Future advancements will rely on strong collabora-
tion among Al researchers, oncologists, geneticists,
immunologists, and bioinformaticians. Multidisciplinary
teams can bridge the gap between technological innova-
tion and clinical application, ensuring that Al systems
are both scientifically rigorous and practical for patient
care. By addressing these future directions, Al networks
can become transformative tools in predicting GI cancer
prognosis and guiding immunotherapy decisions, ulti-
mately improving outcomes for patients and advancing
the field of precision oncology.
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