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Abstract

Background: Gastrointestinal (GI) cancers are characterized by high malignancy and poor prognosis. Tumors in different locations
exhibit both commonalities and differences. Although immunotherapy has made progress in some GI cancers, the specific immune-
related patterns in hepatobiliary tumors have not yet been fully elucidated.

Methods: Using our developed explainable gene ontology fingerprint (XGOF) method, a GI cancer GOF was established. By integrating
omics data from 20 hepatocellular carcinoma (HCC) and 15 intrahepatic cholangiocarcinoma (ICC) tissues in our clinic with public
databases, immune-related patterns specifically expressed in hepatobiliary tumors were identified via RNA, protein, methylation,
tumor microenvironment (TME) analysis, and experimental verification.

Results: XGOF showed that GI cancers are related to diverse immune functions, especially macrophage migration. Compared to others,
hepatobiliary tumors exhibit distinct patterns of gene expression, mutation, and methylation. Seven genes (APOA1, LBP, FGA, C9, APCS,
ARG1, and MBL2) were identified as immune-related genes specifically decreased in hepatobiliary cancer. The impact of APOA1 on
TME, prognosis, and genomic landscape in HCC was explored in prior research. In this work, the experiment confirmed the down-
regulation of six genes in cancerous tissues. Moreover, LBP promoter methylation was elevated in cholangiocarcinoma. Single-cell
analysis revealed downregulated immune genes in hepatocytes of HCC and cholangiocytes of ICC, enriched in humoral immunity
and complement pathways. Additionally, the macrophage migration inhibitory factor (MIF) pathway was identified as a key signal in
interactions between ICC tumor cells and microenvironmental cells.

Conclusion: This study identified immune-related gene patterns in hepatobiliary cancer, contributing to the discovery of novel im-
munotherapy targets and tumor biomarkers for future research.
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Introduction Due to the high malignancy, poor prognosis, and elevated mor-

Gastrointestinal (GI) cancer is a high-risk malignancy that ranks
second in global tumor incidence. Its overall incidence contin-
ues to rise steadily, with a noticeable trend toward younger pa-
tients in recent years [1]. GI cancers primarily include esophageal
cancer, stomach cancer, colorectal cancer, liver cancer, cholangio-
carcinoma, and pancreatic cancer. Among the six most prevalent
cancers in China, four are GI cancers. GI cancers have not yet
been fully investigated due to their complex pathogenesis, which
involves the interaction of various factors such as genetic infor-
mation changes [2, 3], lifestyle factors [4], and viral infections [5].

tality rates, early diagnosis and treatment of GI cancers have be-
come particularly important. While the early diagnosis of diges-
tive tract cancers in clinical practice primarily depends on tech-
niques like pathological biopsies, imaging scans, and serological
markers, with surgery as the cornerstone of treatment supported
by radiotherapy and chemotherapy [6], achieving a complete cure
becomes challenging once local recurrence or malignant metasta-
sis develops. Therefore, identifying new biomarkers and therapeu-
tic strategies for GI cancers remains an urgent clinical challenge
[7,8].

Received 17 April 2025; revised 17 June 2025; accepted 19 June 2025. published 24 June 2025

© The Author(s) 2025. Published by Oxford University Press on behalf of the West China School of Medicine & West China Hospital of Sichuan University. This
is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License
(https://creativecommons.org/licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original
work is properly cited. For commercial re-use, please contact reprints@oup.com for reprints and translation rights for reprints. All other permissions can be
obtained through our RightsLink service via the Permissions link on the article page on our site-for further information please contact

journals.permissions@oup.com

G0z 1snbny gz uo isenb Aq 6£52/ 18/ 1 0seqd/g/g/eonie/wod/woo dno-ojwapese//:sdiy woly peapeojumod


https://orcid.org/0009-0003-2739-5348
https://orcid.org/0000-0003-1562-0045
mailto:xyzhang@tongji.edu.cn
mailto:nadger_wang@139.com
mailto:james.crabbe@wolfson.ox.ac.uk
https://creativecommons.org/licenses/by-nc/4.0/
mailto:\protect \begingroup \def \MessageBreak {
            }\immediate \write \m@ne {LaTeX Info: Active space character found while output routine is active \MessageBreak This may be a bug in a package file you are using.}\endgroup  reprints@oup.com\protect \begingroup \def \MessageBreak {
            }\immediate \write \m@ne {LaTeX Info: Active space character found while output routine is active \MessageBreak This may be a bug in a package file you are using.}\endgroup  
mailto:journals.permissions@oup.com

2 | Huangetal.

Since Slaughter proposed the theory of field cancerization in
1953 [9], the scope of research has expanded the initial focus on
head and neck squamous cell carcinoma to GI cancers [10-14].
This theory suggests that prolonged exposure to specific carcino-
genic factors causes tissues in the affected area to experience ge-
netic mutations and epigenetic alterations, thereby increasing the
risk of cancer development in adjacent regions or even through-
out the entire system [10-14]. A large number of research results
based on this theory suggest that GI cancer may be a systemic
disease resulting from an overall imbalance in biological home-
ostasis, where localized lesions in a single organ actually reflect
the systemic pathological state of the body. For instance, Jung et
al. [15] conducted a meta-analysis of diagnostic markers identi-
fied in colorectal cancer and found that some of these markers
are also present in pancreatic cancer [16] and liver cancer [17].

On the other hand, tumor heterogeneity results in specific
molecular mechanisms during the development and progression
of GI cancers, whether originating from the same or different tis-
sues. The specific expression of immune-related genes may reg-
ulate the activity of various immune cells within the tumor mi-
croenvironment (TME) [18], influence the recognition and elim-
ination of tumor cells by immune cells, and affect interactions
among immune cells. For example, in pancreatic tumors, a re-
duction in MHC class I molecule levels impairs antigen presen-
tation, making it difficult for cytotoxic T cells to recognize tumor
cells and allowing those cells to evade the immune system [19].
Similarly, the high expression of CXCL12 in tumor-associated fi-
broblasts (CAFs) within the gastric cancer TME affects the com-
munication between CAFs and T cells, as well as between Tregs
and macrophages, contributing to an immunosuppressive TME
[20]. Therefore, studying and treating GI tumors from a system
perspective, and investigating the common and specific biologi-
cal functions and pathogenesis among different GI cancers will
help to change the research paradigm and diagnostic and thera-
peutic strategies. Furthermore, focusing on the study of immune
regulation-related genes can help enhance our understanding of
the complex mechanisms of the tumor immune microenviron-
ment in GI cancer.

In this study, we first utilized data from the Gastrointestinal
Cancer Knowledge Database (GIDB) [21], previously established
by our research group, to compare the commonality and speci-
ficity of molecular variation features in different types of GI can-
cers, which generated a landscape at three omics levels: gene mu-
tations, expression, and methylation patterns. Furthermore, by
combining omics and textual data, we analyzed the expression
patterns of immune regulation-related genes across six types of
GI cancers. We identified genes with specific expression in hepa-
tobiliary malignancies and further validated the alterations in ex-
pression at the RNA and protein levels, as well as the methylation
levels in the promoter regions of these key genes. Furthermore,
we explored cellular composition, immune-related gene expres-
sion, and intercellular communication in hepatobiliary cancers
by analyzing single-cell sequencing (scRNA-seq) data. This pro-
vides clues for future exploration of new targets for immunother-
apy and tumor biomarkers.

Materials and methods

Data sources

Sequencing data of 1874 GI cancer samples were obtained from
the TCGA database, including 185 cases of the TCGA-ESCA
project, 633 cases of the TCGA-COADREAD project, 377 cases

of the TCGA-LIHC project, 185 cases of the TCGA-PAAD project,
443 cases of the TCGA-STAD project, and 51 cases of the TCGA-
CHOL project. The data type included mutational, transcriptomic,
methylation and clinical data. Texts and multi-omics analysis re-
sults related to GI cancers in the GIDB database were obtained
for screening GI immune-related genes. GI cancers-related litera-
ture in the PubMed database was used to construct a GI cancers
explainable gene ontology fingerprint (XGOF) network [22].

XGOF network construction for GI cancers

XGOF is an interpretable gene ontology (GO) fingerprint method
that quantitatively characterizes the association between genes
and ontologies. XGOF uses named-entity recognition technology
to extract genes and GO terms from domain literature, calculates
enrichment scores by quantifying their co-occurrence frequency,
and identifies significant associations based on adjusted P-values
to construct a gene-GO knowledge network. The detailed algo-
rithmic workflow is provided in supplementary pseudocode S1
(see online supplementary material). For GI cancers, the XGOF
network was constructed with an adjusted P-value threshold
of < 0.05. We screened GO-gene pairs related to immunity and
combined them with the expression data of GI cancers from
the TCGA database to calculate the correlation between immune
GO and cancers. Meanwhile, using annotations of cell types and
marker genes from the CellMarker [23] and Cell Taxonomy [24]
databases, we analyzed the enrichment of significant genes in the
XGOF network of GI cancers across immune cells, thereby cal-
culating the association between digestive-tract tumors and im-
mune cells. In addition, using the XGOF genes as target genes
and all genes annotated in the KEGG database as background
genes, we performed pathway enrichment analysis based on the
Fisher test to calculate the associations between different signal-
ing pathways and tumors.

Molecular analysis of specificity and
commonality among GI cancers

We performed principal component analysis (PCA) on gene ex-
pression and methylation sequencing data of GI cancers in TCGA
database. Subsequently, we integrated paired data from three
omics levels (mutation, expression, methylation) and conducted
clustering analysis using the R package “iClusterPlus” [25]. The
mutation data were represented by a binary matrix (1: muta-
tion, 0: no mutation). High-frequency mutations (>5%) and sig-
nificantly different genes were included in the integrated cluster
analysis. Parameter k was optimized through model adjustment,
employing parallel computation. We explored the range of k from
1 to 10 and selected the best combination sparse model with a
penalty parameter using the Bayesian information criterion (BIC).
The optimal parameter k was chosen by calculating the deviation
ratio, which represents the percentage of explained variation (EV)
and is output by the tune.iClusterPlus function. We selected the
lambda vector deviation ratio with the smallest BIC and deter-
mined the best clustering value k (k = K + 1) by plotting the clus-
tering number (K + 1)-EV percentage curve, identifying the point
where the percentage EV curve begins to decline as the optimal k
value.

Based on the integrated analysis results from the GIDB
database, we compared the commonality of genes of GI cancers.
Then we identified common feature genes and further analyzed
the molecular variations and literature counts of these genes.
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Screening of immune-related genes with specific
expression patterns in GI cancers

We utilized the GI cancer-associated genes from the GIDB
database, integrated with GO functional enrichment analysis and
manual curation, to identify immune regulation-related genes.
Then, we performed clustering analysis on the RNA-seq sequenc-
ing data of these genes to obtain immune regulation-related genes
exhibiting specific expression patterns.

RNA and protein level validation

Clinical samples, including 20 pairs of human hepatocellular car-
cinoma (HCC) and adjacent non-cancerous tissues, as well as 15
pairs of human intrahepatic cholangiocarcinoma (ICC) and ad-
jacent non-cancerous tissues, were provided by Shanghai East
Hepatobiliary Surgery Hospital. The system used for gPCR was
the 7900HT Fast Real Time PCR System. Primer Premier 6.0 soft-
ware was used for PCR primer design along with BLAST software
for homology comparison. The primer sequences are shown in
supplementary Table S1 (see online supplementary material).
Proteins were extracted using protein lysis solution (Beyotime
Biotechnology Co., Ltd., Beijing), quantified by bicinchoninic acid
(BCA) assay (Thermo Fisher, USA), and separated by 12% sodium
dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE).
After transfer to PVDF membranes (Millipore, USA), blots were
probed with primary antibodies (ab52945, Abcam, UK) overnight
at 4°C, followed by horseradish peroxidase (HRP)-conjugated sec-
ondary antibodies. Signals were detected by enhanced chemilu-
minescence (ECL) (Thermo Fisher, USA) and analyzed using Im-
age]. The relative expression level of genes was normalized by the
level of glyceraldehyde-3-phosphate dehydrogenase (GAPDH,).

Bisulfite amplicon sequencing

DNA methylation sequencing data for CHOL and LIHC projects
were obtained from TCGA as the basis for designing methylation
probes. According to the predictive results of gene expression and
methylation correlation analysis, specific probes were selected for
the promoter regions of the LBP gene at positions 68, 236, 271,
and 315; the APCS gene at positions 33, 39, 157, and 247; and the
ARG1 gene at positions 38, 53, 73, and 116. The methylation lev-
els of the genes were validated by bisulfite amplicon sequencing
(BSAS) in 9 pairs of ICC samples and 20 pairs of HCC samples. The
genes to be validated in the ICC samples were APCS and LBP while
APCS and ARG1 were used in the HCC samples. The raw gene data
were quality controlled by FastQC and aligned to the reference se-
quence using Bowtie2. The methylation of each CpG cytosine was
extracted by R's package methylKit, using default parameters, and
the cytosine methylation level was further calculated. The methy-
lation ratios of all CpG cytosines were calculated in the destina-
tion fragment of each sample.

Analysis of single-cell sequencing data

The ICC and HCC single-cell data were obtained from the
GSE189903 dataset. We first selected samples from core tumor
and normal tissues in this dataset and performed cell type an-
notation. Based on the annotation results, differential gene ex-
pression analysis was conducted to identify the expression pat-
terns of six immune-related genes across different cell types using
the FindMarkers function. Subsequently, functional enrichment
analysis was performed on these differentially expressed genes
to explore their potential immune-related biological functions us-
ing Metascape [26]. To further investigate the cellular interactions
within the TME, we analyzed the interaction and communication
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networks between different cell types using the CellChat pack-
age [27]. We systematically compared differences in signaling pat-
terns between tumor and adjacent non-tumor samples using the
RankNet approach.

Immunofluorescence

Tissue microarrays (TMAs) for HCC and ICC (Shanghai Outdo
Biotech, HLivH150CS06, HIBDA160PG01) were dewaxed in xylene
and rehydrated through a graded series of decreasing alcohol con-
centrations. Antigen retrieval was performed using EDTA-based
heat-induced epitope retrieval. After incubating the sections in
3% H,0, for 20 min, they were blocked with Beyotime Quick-
Block™ blocking buffer (P0260) for 30 min. Subsequently, the TMA
was incubated with the primary antibody (MIF, STARTER, SOB0858)
overnight at 4°C, followed by incubation with a Texas Red-X con-
jugated secondary antibody (Invitrogen, T-2767) for 1 h. Each step
was followed by three 5-min washes with PBS. Imaging was per-
formed using a Zeiss Tissue Gnostics tissue microscope. After ex-
cluding samples with tissue detachment, this study successfully
obtained 119 valid immunofluorescence datasets. The intensity
differences between tumor and adjacent normal tissues were an-
alyzed using the Wilcoxon rank-sum test.

Results

Overview of GI cancer GOF

There were 117 878 unique gene-GO terms pairs in the GI can-
cers XGOF network, in which the maximum pair number was
42531 (LIHC'’s GOF) (Fig. 1A). Macrophage migration (GO:1905517)
was strongly associated with most GI tumors. Additionally, com-
plement activation was highly associated with LIHC and CHOL
(Fig. 1B). According to the enrichment analysis based on the
Cell Taxonomy database, DC cells, NK cells, and helper T cells
show strong associations in all GI cancers (Fig. 1C). Accord-
ing to the CellMarker database, T cells were significantly corre-
lated immune cell types in liver cancer, colorectal cancer, pan-
creatic cancer, and gastric cancer (Fig. 1D). Pathways including
the TNF signaling pathway, PI3K-Akt signaling pathway, and fo-
cal adhesion were enriched to varying degrees in different types
of GI cancers (supplementary Fig. S1, see online supplementary
material).

Specific and common genes among different GI
cancers

PCA analysis showed that ESCA, COADREAD, STAD, and PAAD had
similar expression patterns at the genome-wide level, whereas
LIHC and CHOL differed from them with specific expression pat-
terns. PCA at the methylation level also demonstrated that some
of the LIHC samples had specific methylation patterns (Fig. 2A).

The iClusterPlus analysis identified k = 2 as the optimal num-
ber of clusters, based on the point where the percentage of ex-
plained variation began to decline (Fig. 2B). The clustering analy-
sis revealed that samples in Cluster 1 exhibited mixed cancer type
clustering, failing to segregate distinctly by cancer type. In con-
trast, most of the LIHC samples were clustered in Cluster 2, indi-
cating distinct gene mutation patterns specific to LIHC (Fig. 2C). It
was also found that COADREAD had a high mutation frequency at
the mutation level, while in LIHC the mutation rate of genes was
generally lower than in other GI cancers. In addition, the anno-
tation of clinical characteristics showed that the high prevalence
of tumors in Asian populations was mainly concentrated in LIHC,
STAD, and ESAC.
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Figure 1. XGOF network construction for GI cancers. (A) The number of GO term pairs for six types of GI cancers. (B) Top 20 immune-related GO terms
for GI cancers. The fan area represents the correlation between the term and cancer. GO:1905 517, macrophage migration; GO:0006956, complement
activation; GO:0006955, immune response. (C) Heat map of immune cell-tumor correlation based on Cell Taxonomy database annotation. (D) Heat
map of immune cell-tumor correlation based on CellMarker database annotation.

The commonality between the molecular features of cancers
may suggest a common mechanism in the tumorigenic process.
A total of 122 feature genes shared by GI cancers was identified
through common molecular analysis (supplementary Fig. S2, see
online supplementary material). The clustering results of these
genes are shown in Fig. 2D. At the mutation level, we found that
some genes were mutated with high frequency (mutation fre-
quency > 5%) in all GI cancers, e.g. MUC16 and TP53. Some of
the common genes had the same molecular variants at multiple
histological levels, including hypermethylated/hypo-expressed or
hypomethylated/highly expressed genes, such as MMP1, SFRP1,
COL14A1, CSF2, TAC1, MUC16, and FAT4. We also found several
genes that were highly expressed but showed no differences at the
methylation level, including AURKA, BRCA2, and DNMT3B. The
ABCBI1 gene, on the other hand, showed molecular variants oppo-
site to these genes, with high-frequency mutations detected and
significantly low expression level, while no difference was found
at the methylation level. In addition, a number of genes were iden-
tified as high-frequency mutations in all GI cancers, but no dif-

ferences were detected at the expression and methylation levels,
such as in APC, ATM, CTNND1, DICER1, IGF2R, KRAS, NF1, PIK3CA,
RB1CC1, ROCK1, SMAD4, and SUCO. By calculating the overall
variation proportions of 122 common genes across three omics
levels, we found that the top-ranked ADAM12 gene has been stud-
ied in all GI cancers, although the number of related publications
remains limited. Multi-omics analysis of this gene revealed intri-
cate molecular alterations in GI cancers, indicating that ADAM12
may play an important role in the occurrence and development
of these cancers.

Identification of immune-related genes with
specific expression patterns in GI cancers
Investigating the interactions between tumors and the host im-
mune system is crucial for identifying key molecular markers of
tumor prognosis, overcoming drug resistance, and developing in-
novative therapies. We found a total of 305 immune-related genes
associated with GI cancers. Clustering analysis of these genes
showed that samples in Cluster 3 included most of the LIHC and
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CHOL cases, while samples from ESCA, STAD, COADREAD, and
PAAD were dispersed between Cluster 1 and Cluster 2 (Fig. 3A).
This suggests that hepatobiliary malignancies have specific gene
expression patterns in immune regulation. Further analysis re-
vealed that there were significant differences in the expression
levels of seven key immune regulation genes (APOA1, FGA, C9,
ARG1, MBL2, APCS, and LBP) between hepatobiliary cancers and
other GI cancers. All seven genes were expressed at higher levels
in hepatobiliary malignancies compared to other GI cancers. Ad-
ditionally, the expression of these genes was significantly lower in
LIHC and CHOL tumor tissues compared to their adjacent normal
tissues (Fig. 3B-H). A detailed description of APOA1 has been pro-
vided in our previous research, therefore we will focus on the six
other genes in this work [22, 28].

RNA and protein expression level analysis

In HCC samples, gPCR analysis revealed that the expression levels
of LBP, FGA, MBL2, C9, ARG1, and APCS were significantly lower in
tumor tissues compared to adjacent normal tissues (P < 0.001),
confirming the downregulation of these genes (Fig. 4A). Similarly,
in ICC samples, the expression of LBP, FGA, MBL2, C9, and APCS
was significantly decreased (P < 0.05) (Fig. 4B). For the ARG1 gene
in ICC samples, a similar decrease in expression was observed in
some cases, but most samples had Ct values > 35 or were marked
as "undetermined", suggesting unreliable detection.

Western blot analysis revealed that in HCC, protein levels of
APCS, MBL2, and ARG1 were significantly reduced in tumor tis-
sues compared to adjacent non-tumor tissues, as confirmed by
Image] grayscale quantification (P < 0.01) (Fig. 4C). In ICC, only C9
exhibited significantly lower expression in tumor tissues (P < 0.05)
(Fig. 4D).

Methylation level of gene promoter regions

DNA methylation sequencing data and RNA-seq data of HCC and
ICC were obtained from TCGA. The methylation B-value and ex-
pression value of six genes were extracted for correlation calcu-
lation (Fig. 5A). We found that in gallbladder cancer, the methyla-
tion levels of LBP and APCS were negatively correlated with their
expression levels, while in liver cancer, the methylation levels of
ARG1 and APCS were negatively correlated with their expression
levels. Subsequently, the BSAS experiment revealed that a higher
methylation level was detected at position 236 of the promoter
region of the LBP gene in ICC. This may suggest that the reduced
expression of the LBP gene is associated with elevated methyla-
tion in its promoter region. No significant statistical differences
were found in the methylation ratios of the promoter regions
of the APCS gene in ICC and the two genes, ARG1 and APCS, in
HCC, between tumor and adjacent non-tumor tissues (P > 0.05)
(Fig. 5B). In nine paired cholangiocarcinoma samples, RNA expres-
sion and promoter methylation analyses revealed that LBP was
significantly downregulated in tumor tissues (P < 0.01), with its
promoter exhibiting hypermethylation (Fig. 5C). These findings
suggest that LBP suppression may be associated with elevated
promoter methylation.

Analysis of single-cell sequencing data

We manually annotated cell subpopulations in the GSE189903
dataset, noting that cluster 6 contained a mixture of hepatocytes
and cholangiocytes. To further distinguish this subpopulation, we
used specific cholangiocyte markers KRT7, KRT19, and ALB to
differentiate cell types in cluster 6 (supplementary Fig. S3A-B,
see online supplementary material). Cell annotation results were

shown in Fig. 6A. In HCC samples, ARG1, FGA, APCS, and C9
genes were significantly downregulated in hepatocytes, while in
ICC samples, these genes were downregulated in cholangiocytes
(Fig. 6C, supplementary Fig. S3D) (FDR < 0.05). However, these
genes exhibited no significant expression changes in other cell
types within the TME. Functional enrichment analysis indicated
these genes were significantly enriched in innate immune re-
sponse, humoral immune response, and complement activation
(Fig. 6D). Cell-cell interaction analysis further revealed signifi-
cantly enhanced MIF signaling in tumor samples (supplementary
Fig. S3E), with particularly strong MIF-mediated communication
observed from malignant cells to multiple immune cell popula-
tions, such as macrophages, B cells, and Tregs (Fig. 6B).

Immunofluorescence

To investigate the cell-cell communication features of cholangio-
carcinoma cells, we performed immunofluorescence experiments
on ICC and HCC tissue microarrays. The results demonstrated
that MIF expression was significantly higher in ICC tissues com-
pared to adjacent tissues (Fig. 6E, P = 0.043). Figure 6F shows repre-
sentative immunofluorescence staining images. However, in HCC,
our experiment did not reveal an increase in MIF signaling. These
findings suggest that within the ICC TME, cancer cells enhance
intercellular communication signals with other cells by upregu-
lating MIF expression.

Discussion

In this study, we compared the commonality and specificity of six
GI cancers at the three histological levels of expression, mutation,
and methylation. A comprehensive gene variation landscape of
common gene modules in GI cancers was constructed, providing
a multi-layered perspective to deepen the understanding of the
molecular mechanisms underlying these tumors. The study iden-
tified and experimentally verified a set of immune-related genes
with specific expression patterns in hepatobiliary tumors. In ad-
dition, we also explored the association between gene expression
and immune cell infiltration in the TME.

XGOF revealed a strong association between macrophage mi-
gration and most of the GI tumors, as well as the association of
GI tumors with different immune cells. Through a commonal-
ity analysis of GI tumors, we identified the expression profiles of
122 shared genes. This finding suggests that, despite differences
in anatomical location and tissue origin among GI cancers, they
may share certain key biological processes and exhibit conver-
gent mechanisms in core carcinogenesis. For example, the com-
mon genes are involved in critical aspects of cancer development,
including chronic inflammation (e.g. CSF225 [29] and SFRP126
[30]), cell cycle dysregulation and abnormal proliferation (e.g. AU-
RKA27 [31]), and signaling pathway disturbances (e.g. KRAS28 [32],
PIK3CA29 [33], and SMAD430 [34]). These genes may represent a
“core molecular program” in GI tumors. This convergence may
be linked to shared microenvironments or genetic susceptibilities
within the GI system, offering valuable insights into their com-
mon etiology and potential for developing broad-spectrum thera-
peutic strategies.

In addition, specificity analysis revealed that hepatobiliary can-
cer exhibits molecular patterns distinct from other GI cancers.
Further analysis focused on immune-related genes in hepato-
biliary cancer, identifying a set of key genes with specific ex-
pression profiles. Our research shows that APCS, ARG1, MBL2,
LBP, C9, and FGA were consistently downregulated in both liver
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Figure 3. Immune-related genes with specific expression patterns in GI cancers. (A) Seven immune-related genes with specific expression in
hepatobiliary malignancies. The clustering diagram shows the results of clustering the expression data of 305 immune-related genes associated with
six GI cancers. The lower part of the clustering plot demonstrates the seven genes with specific expression patterns in hepatobiliary malignancies.
(B-H) Boxplots of the differential expression profiles of seven genes in six GI cancers.

and gallbladder cancers, implying that these genes may act as
tumor suppressors in the onset or progression of hepatobiliary
cancer. Previous studies have demonstrated that ARG1 regulates
metabolic reprogramming in liver cancer cells by influencing the
“arginine-RBM39” signaling axis, thereby promoting the growth
and proliferation of these cells [35]. FGA, as a candidate coding
and non-coding driver gene, negatively regulates the YK2-STAT3—
IL6 signaling pathway, thereby affecting the malignant pheno-
type of various liver cancer cells [36]. APCS is a potential candi-
date biomarker for HCC development in HCV-infected cirrhotic
patients [37]. Low levels of MBL2 are associated with the prognosis
of HCC [38]. LBP plays a role in regulating inflammatory responses
by activating the JNK and NF-«B signaling pathways, leading to
a significant increase in the expression of inflammation-related
molecules [39]. Chronic inflammation can trigger hepatocyte car-
cinogenesis, thereby promoting cancer development and metas-
tasis [40]. Although the mechanisms of complement C9 in hepato-
biliary cancers has been less clearly described in other studies, Li
et al. found that in the hypoxic TME of non-small cell lung cancer,
the expression of C9 in tumor-associated macrophages was de-
creased, promoting the progression of non-small cell lung cancer
(41].

The specific mechanisms underlying the downregulation of
these genes remain to be clarified. In this study, we found methy-
lation in the promoter region of the LBP gene in gallbladder can-
cer, which may represent a key epigenetic mechanism driving the
downregulation of its expression. However, no significant differ-

ences were seen for the genes APCS and ARG1, which may sug-
gest that the down-regulated expression of ARG1 and APCS genes
is not caused by CpG methylation of the genes. We analyzed TCGA
data on hepatobiliary cancers and found that APCS in cholan-
glocarcinoma was significantly negatively correlated with the ex-
pression of the M6A-associated gene METTL3 (supplementary Fig.
S4, see online supplementary material).

Analysis of single-cell sequencing data revealed that multiple
immune-related genes were significantly downregulated in hepa-
tocytes (HCC) and cholangiocytes (ICC), with enrichment in innate
immune response, humoral immune response, and complement
activation. This further suggests that the suppression of these
genes may weaken immune surveillance in the TME, thereby pro-
moting immune escape. The MIF pathway serves as a key signal
for intercellular communication in both HCC and ICC. In HCC,
hepatocytes interact with immune cells such as macrophages and
B cells via MIF, while in ICC, cholangiocytes similarly rely on MIF
for communication with immune cells. As a key pro-inflammatory
factor, MIF has been widely demonstrated to regulate immuno-
suppressive microenvironments in various cancers [42].

These findings not only reveal the potential mechanisms of
dysregulated expression of six immune-related genes in hepa-
tobiliary cancer but also provide new insights for clinical diag-
nosis and treatment. For diagnosis, ARG1 and APCS can be de-
tected via ELISA, combined with AFP, to establish a highly sensitive
early screening panel. Additionally, liquid biopsy-based detection
of MBL2, LBP, and C9 expression further enhances the accuracy
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Figure 6. Single-cell analysis based on the GSE189903 dataset. (A) Single-cell analysis of ICC, including UMAP plots of tumor and adjacent normal
tissues, unsupervised clustering cell grouping plot (Cluster 0-14), and cell-type annotation plot. (B) Bubble plot of cell-cell communication between
cholangiocytes and other cell types in ICC. (C) Differentially expressed genes in cholangiocyte between normal and ICC tumor tissues (red,
upregulated; blue, downregulated; [log2FC|>0.25, FDR < 0.05). (D) Functional enrichment analysis of differentially expressed genes. (E) Differences of
MIF intensity between ICC cancer tissue and adjacent tissue. (F) Immunostaining of the ICC tissue TMA for MIF. *P < 0.05.

of non-invasive diagnostics. Therapeutically, small-molecule in-
hibitors of MIF, such as ISO-1 [43], or anti-MIF/CD74 antibodies
could inhibit tumor-promoting interactions between tumor cells
and macrophages, providing promising strategies for combination
immunotherapy. For prognosis, low expression of MBL2 and FGA,
associated with immune microenvironment dysregulation and fi-
brosis progression, may serve as risk-stratification markers. Fu-
ture multicenter clinical studies are needed to validate the sen-
sitivity and specificity of these potential biomarkers and to pro-
mote standardized detection methods and targeted drug develop-
ment, ultimately advancing precision medicine for hepatobiliary
cancers.

Conclusion

In summary, this study provides a comprehensive understand-
ing of the specificity and commonality of six GI cancers in terms
of gene expression, mutation, and methylation levels. Addition-
ally, we identified a group of immune-related genes specifically
expressed in hepatobiliary tumors, and experimentally validated
their expression characteristics and methylation patterns in hep-
atobiliary tumor tissues. Furthermore, we explored cellular com-
position, immune-related gene expression, and intercellular com-
munication in hepatobiliary cancers.
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