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Abstract

Background Intrahepatic cholangiocarcinoma (ICC) is a malignant tumor with a poor prognosis, predominantly
CA19-9 positive. High CA19-9 levels correlate with increased aggressiveness and worse outcomes. This study employs
multi-omics analysis to reveal molecular features and identify therapeutic targets of CA19-9 positive ICC, aiming

to support individualized treatment.

Methods Data from seven clinical cohorts, two whole-exome sequencing cohorts, six RNA sequencing/microarray
cohorts, one proteomic cohort, 20 single-cell RNA sequencing samples, and one spatial transcriptome sample were
analyzed. Key findings were validated on tissue microarrays from 52 ICC samples.

Results CA19-9 positive ICC exhibited poorer OS (median 24.1 v.s. 51.5 months) and RFS (median 11.7 vs.

28.2 months) compared to negative group (all P <0.05). Genomic analysis revealed a higher KRAS mutation frequency
in the positive group and a greater prevalence of IDH1/2 mutations in the negative group (all P <0.05). Transcriptomic
analysis indicated upregulated glycolysis pathways in CA19-9 positive ICC. Single-cell analysis identified specific
glycolysis-related cell subclusters associated with poor prognosis, including Epi_SLC2A1, CAF_VEGFA, and Mph_SPP1.
Higher hypoxia in the CA19-9 positive group led to metabolic reprogramming and promoted these cells' formation.
These cells formed interactive communities promoting epithelial-mesenchymal transition (EMT) and angiogenesis.
Drug sensitivity analysis identified six potential therapeutic drugs.

Conclusions This study systematically elucidated the clinical, genomic, transcriptomic, and immune features
of CA19-9 positive ICC. It reveals glycolysis-associated cellular communities and their cancer-promoting mechanisms,
enhancing our understanding of ICC and laying the groundwork for individualized therapeutic strategies.
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Background

Cancer, as a complex and diverse group of diseases, poses
a significant challenge to global health and profoundly
impacts human health and quality of life. According to
data from the World Health Organization, cancer is one
of the leading causes of death worldwide [1]. Despite sub-
stantial progress in cancer treatment in recent years, with
many promising drugs and therapies emerging, fully con-
quering cancer remains a long and challenging journey
[2-4].

Cholangiocarcinoma (CCA) is a category of malignant
tumors originating from intra- and extrahepatic biliary
epithelial cells exhibiting diverse biliary differentiation
patterns. The classification of CCA is based on its loca-
tion within the biliary tree and includes intrahepatic
cholangiocarcinoma (ICC), perihilar cholangiocarcinoma
(PCC), and distal cholangiocarcinoma (DCC) [5]. ICC
arises from secondary biliary epithelial cells in the liver
above the confluence of the right and left hepatic ducts. It
is the second most common liver malignancy after hepa-
tocellular carcinoma (HCC), accounting for 10%-15%
of primary liver cancers [6, 7]. A notable increase in the
incidence of ICC has been observed globally in recent
years, with exceptionally high rates in Asia surpassing
those in Europe and the United States [8]. ICC is linked
to a multitude of risk factors, such as bile duct stones,
viral hepatitis, cirrhosis, and liver fluke infection [9, 10].
The tumor’s heterogeneity, invasive nature, and the ten-
dency for slow onset and rapid progression often result
in a lack of early, distinctive symptoms. This character-
istic leads to a majority of patients being diagnosed at an
advanced stage, presenting limited treatment options and
generally unfavorable outcomes; for patients with early-
stage ICC, radical surgical resection remains the poten-
tially curative treatment. However, even with surgery, the
5-year survival rate hovers at a modest 25-40%, signifi-
cantly lower than that observed in HCC patients [11, 12].
In advanced ICC, treatments like chemotherapy are often
limited by side effects and drug resistance [13—15]. Cur-
rent research must unravel the molecular mechanisms of
ICC and its clinical prognosis while focusing on develop-
ing individualized treatments and “therapeutic-diagnos-
tic integration” strategies to improve patient outcomes
and quality of life [2, 3, 16].

Carbohydrate antigen 19-9 (CA19-9), also known as
the salivary acidified Lewis, a blood group antigen, is a
crucial tumor marker associated with the prognosis of
various adenocarcinomas, including biliary tract tumors,
gastrointestinal cancers, and pancreatic cancers [17].
CA19-9 expression depends on the Lewis antigen phe-
notype. About 5-10% of the Lewis (a-b-) population is
CA19-9 hyposecretory and virtually incapable of syn-
thesizing CA19-9 [18]. Elevated CA19-9 levels are seen
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in benign conditions like stone biliary obstruction and
primary sclerosing cholangitis [19, 20]. Despite these
limitations, CA19-9 remains the most commonly used
tumor marker in ICC studies and is considered a reliable
biomarker at all stages of ICC diagnosis and treatment.
High preoperative serum CA19-9 levels are significantly
associated with poorer survival in ICC patients and can
predict lymph node metastasis and postoperative prog-
nosis, according to the literature [21]. Studies show that
CA19-9-positive (>37 U/mL) ICC patients exhibit more
aggressive biological behavior and poorer clinical out-
comes than CA19-9-negative patients [22, 23]. However,
specialized and effective treatments for CA19-9-positive
ICC patients are lacking, with surgical resection being
the primary option. Therefore, it is urgent to reveal the
molecular features, signaling pathway activities, and gene
expression patterns of CA19-9-positive ICC through
multi-omics analysis, providing more in-depth infor-
mation for individualized treatment and prognostic
assessment.

Glycolysis is a critical pathway in tumor cell metabo-
lism that is upregulated to provide cancer cells with the
energy and metabolic intermediates necessary for rapid
proliferation. This metabolic reprogramming supports
tumor cell growth and correlates with anti-apoptotic
properties, further contributing to tumor invasiveness
and metastatic ability [24, 25]. Hypoxia is a prominent
feature of many solid tumors and a common cause of
tumor progression and poor treatment outcomes [26].
Several studies also suggest that CA19-9-positive ICC
may have a more hypoxic environment [27].

Existing literature still needs a comprehensive multi-
omics integrated analysis of the mechanisms underlying
poor prognosis in CA19-9 positive ICC patients, hinder-
ing deeper exploration of its mechanisms. In this study,
we integrated multi-omics data—including genom-
ics, transcriptomics, proteomics, and single-cell RNA
sequencing (scRNA-seq)—to systematically elucidate the
clinical, genomic, transcriptomic, and immune micro-
environment characteristics of CA19-9 positive ICC for
the first time, revealing its pro-cancer mechanisms. This
research bridges the gap in current studies and provides a
novel theoretical basis for individualized treatment strat-
egies for ICC.

Methods

Data collection

In this study, a patient sample was positive if the preop-
erative serum CA19-9 levels were greater than 37U/ml;
otherwise, it was considered negative. The clinical data
includes seven cohorts, all including serum CA19-9 lev-
els. Among these cohorts, the QL-ICC (n=137) [28],
WZ-ICC (n=120) [29], ZS-ICC (n=262) [30], MSK-ICC
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(n=311) [31], TCGA-ICC (n=28) [32], and GSE107943-
ICC (n=28) [33]cohorts were obtained from previous
studies. Ethical approval information can be found in
the original publication. In addition, we also collected a
PUPH-ICC cohort consisting of 176 ICC patients who
underwent surgical treatment at Peking University Peo-
ple’s Hospital from 2015 to 2024. The ethics committee
approved clinical data collection, and informed consent
was obtained from patients. The whole-exome sequenc-
ing (WES) data consists of two cohorts: the ZS-ICC
cohort (n=262) and the MSK-ICC cohort (n=311).
Transcriptomics data, including RNA sequencing (RNA
seq) and chip microarray data, consists of six cohorts,
namely ZS-ICC (n=253), TCGA-ICC (n=32/40, patient/
total sample), GSE107943-ICC (n=30/57), GSE76297-
ICC (n=92/185) [34], GSE32225-ICC (n=149/155) [35],
and GSE26566-ICC (n=104/169) [36] cohorts. The pro-
teomic data similarly comes from the ZS-ICC cohort
(n=216). The scRNA-seq data comes from a previous
study published by our team [37], and we finally selected
10 CA19-9 positive and 10 CA19-9 negative samples. In
addition, the spatial transcriptome data was obtained
from Wu et al’s study, which contained one ICC sample
[38]. The detailed description of these cohorts can be
found in Supplementary Table 1, 2, and 3.

Functional annotation analyses

In this study, we used of clusterProfiler R package (v4.6.2)
[39] to perform the functional annotation of the inter-
ested genes in this study. Hallmark gene sets, gene ontol-
ogy (GO), and the Kyoto encyclopedia of genes and
genomes (KEGG) were used to assess the relevant func-
tional categories.

Gene set enrichment analysis (GSEA)

GSEA was performed using the clusterProfiler pack-
age (v4.6.2). The alteration in gene expression between
groups was calculated, and a gene list was generated
based on the fold change values. The GSEA () function
determined the normalized enrichment score (NES) and
P-value of Hallmark pathway gene sets.

ScRNA-seq analysis

In this study, raw scRNA-seq data were preprocessed
using the CellRanger software (v 3.1) to generate an
expression matrix, which was subsequently processed
by the Seurat R package (v 4.4.0) [40]. The cell filtration
process mainly follows the method of Xue et al. [37],
but at the mitochondrial gene expression threshold, we
set the upper limit to 20%. After filtering, we employed
the DoubletFinder R package (version 2.0.3) with default
parameters to exclude doublet cells. We then used
the NormalizeData() function to normalize the data,
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followed by the ScaleData() function using pre-selected
3000 highly variable genes (HVGs). Subsequently, the
batch effects across different samples were removed by
Harmony R package (version 0.1.1) [41]. We performed
principal component analysis (PCA) using the Run-
PCA() function for dimensionality reduction. Finally, we
employed the RunUMAP() function, in conjunction with
the first 30 Harmony-corrected components, to generate
two-dimensional UMARP plots that visually represent the
intercellular relationships.

Cell clustering and annotation

In the present study, we employed a two-step approach
for cell annotation. Initially, cell clustering was per-
formed using the FindClusters() function from the Seu-
rat package, with the resolution parameter set to 0.1,
and the Louvain algorithm was utilized to execute pre-
liminary clustering. Subsequently, based on established
cellular markers, cells were categorized into eight major
cell types, which include Epithelial cells (marked by
EPCAM, KRT19), Stromal cells (COL1A1, DCN), T/NK
cells (CD3D, CD3E), Endothelial cells (VWF, PECAM1),
Macrophages/Dendritic cells (Mph/DC, CD68, C1QA),
Neutrophils (S100A9, FCGR3B), B/Plasma cells (CD79A,
MS4A1), and Mast cells (KIT, TPSAB1). We applied dis-
tinct resolution parameters within each major cell type
in the second clustering round for further subclassifica-
tion. For epithelial cells, the resolution parameter was
adjusted to 0.25, facilitating the identification of seven
epithelial cell clusters. The resolution for stromal cells
was set to 0.3, and eight stromal cell clusters were identi-
fied. The resolution parameter for Mph/DC cells was set
to 0.5, and nine Mph/DC clusters were identified. The
resolution for endothelial cells was set to 0.2, and seven
endothelial cell clusters were identified. Finally, the clus-
ter marker genes were identified by FindMarkers() or Fin-
dAllMarkers() functions, while the signature scores were
calculated by the AddModuleScore() function.

Quantitative analysis of cell cluster enrichment

To assess the differential enrichment of various cell clus-
ters between CA19-9 positive and negative groups, this
study adopted the methodology from a previous study
[42]. Specifically, we estimated the expected occurrence
counts for the cell cluster using the chi-square (x2) test.
After that, we calculated the ratio of the actual observed
cell counts to the expected counts, also known as the
Ro/e score, defined by the formula: Ro/e=Observed /
Expected. Briefly, Ro/e>1 indicates enrichment of the
cell cluster in the CA19-9 positive group, while<1 signi-
fies enrichment in the negative group.
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Copy number variation (CNV) analysis

In this study, we utilized the infercnv R package (version
v1.14.2) [43] to analyze copy number variations in epi-
thelial cells. Initially, we employed the InfercnvObject()
function, inputting the count’s matrix of epithelial cells
extracted from the Seurat object to create an inferCNV
analysis object. A reference sample was constituted by
randomly selecting 5,000 non-epithelial microenviron-
mental cells, which were used to estimate the copy num-
ber status of epithelial cells. Finally, we executed the run()
function with a cutoff value 0.1 to calculate the CNV val-
ues for each epithelial cell.

Single-cell metabolism analysis

In this study, we employed the scMetabolism R package
(version v 0.2.1) developed by Wu et al. [44] to analyze
metabolic activities at the single-cell level. By utilizing
the sc.metabolism.Seurat() function, we computed the
activity of individual cells across various metabolic path-
ways. While executing of this function, we specified the
method parameter as “AUCell” and set the metabolism.
type parameter to “KEGG”

Cell development trajectory analysis

In this study, we inferred cell development trajectories
using Monocle2 R package (version v2.26.0) [45]. A cor-
responding CellDataSet object was generated from the
Seurat object using the newCellDataSet() function. We
selected 3000 HVGs for trajectory inference. Subse-
quently, data dimension reduction was performed using
the DDRTree algorithm within the reduceDimension()
function, and cells were ordered along the trajectory
based on the dimension reduction results.

Cell-cell communication analysis

This study employed the CellChat R package (version
1.6.1) [46] and its integrated ligand-receptor interaction
database to perform inferential analysis on cell-cell com-
munication. The CellChatDB.human database covers
various communication categories, including “Secreted
Signaling,” “ECM-Receptor; and “Cell-Cell Contact’
Using the createCellChat() function, we constructed a
CellChat object and assessed intercellular communica-
tion with default parameters. Furthermore, we employed
functions such as netVisual_heatmap(), netVisual_cir-
cle(), and netVisual_bubble() to visualize the detailed
interactions and communication probabilities between
cellular clusters.

The R package NicheNet (v2.0.4) [47] was used to
infer interaction mechanisms in Epi_SLC2A1, CAF_
VEGFA, and Mph_SPP1. For ligand and receptor
interactions, the genes expressed in more than 10% of
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the cells of the clusters were considered. The top 200
upregulated genes in Epi_SLC2A1 and the top 400 in
CAF_VEGFA and Mph_SPP1 were extracted for paired
ligand-receptor activity analysis. The make_heatmap_
ggplot () function was used to display the regulatory
pattern.

Glycolysis-related cellular communities (GRCC) signature
We identified GRCC signature through scRNA-seq data.
Initially, we employed the FindMarkers() function to cal-
culate DEGs within the Epi_SLC2A1, CAF_VEGFA, and
Mph_SPP1 cell clusters, respectively. Subsequently, the
top 50 genes from each cell cluster were selected and
merged. During the merging process, duplicate genes
were retained only once.

Spatial transcriptome data analysis

This study employed the Seurat R package (version v4.4.0)
to process the gene expression matrix generated from
spatial transcriptome data. Initially, each spot was nor-
malized using the SCTransform() function to ensure the
data’s comparability. Subsequently, we used RunPCA()
for dimensionality reduction and set the resolution to 0.1
to define clusters. Using the AddModuleScore() function,
we calculated the cellular signature scores for each spot.
The SpatialFeaturePlot() function was used to generate
the spatial feature plot.

Drug sensitivity analysis

Drug sensitivity analysis was conducted using the onco-
Predict R package (version v0.4). The input data com-
prised gene expression profiles of human cancer cell lines
(CCL) sourced from the Cancer Cell Line Encyclopedia
(CCLE) (https://depmap.org/portal/). In contrast, cor-
responding drug sensitivity data were obtained from the
Cancer Therapeutics Response Portal (CTRP) v2 (https://
portals.broadinstitute.org/ctrp.v2.1/) [48]. Using the cal-
cPhenotype() function, we estimated each drug’s area
under the curve (AUC), where lower AUC values indi-
cate higher drug sensitivity. Subsequently, we utilized the
limma R package (version v3.54.2) to analyze differences
in drug response between GRCC and other cell types.
Potential candidate drugs targeting GRCC were identified
by reducing AUC values (log2FC<— 0.10 and P<0.05).
Additionally, within the ZS-ICC cohort, we selected can-
didate drugs with significantly reduced AUC in CA19-9
positive patients that showed a significant negative cor-
relation with GRCC signature scores (correlation coef-
ficient r<— 0.3 and P <0.05). Finally, the intersection of
these analyses yielded the final candidate drugs.
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Immunohistochemical (IHC) and multiplexed
immunofluorescence (mlIF) staining

The tissue microarray (TMA) containing 52 ICC tis-
sue samples was used for IHC and mIF. The tissues were
derived from the surgical resection specimens of Peking
University People’s Hospital from 2021 to 2024 with
informed consent and ethical approval from the eth-
ics committees. The clinical information for the TMA
patients is shown in Supplementary Table 4.

The TMA slides were baked at 65 °C overnight and then
were deparaffinized and rehydrated using Xylene, 100%
ethanol, and 95% ethanol. Next, these slides were boiled
in citrate buffer at 100 °C for 18 min to retrieve anti-
gen. Subsequently, endogenous peroxidase activity was
blocked by incubating the slides in 3% H,O, solution for
30 min. The BSA prevented nonspecific antibody binding
for 30 min at room temperature. Then, these slides were
incubated at four’C overnight with a Hypoxia-inducible
factor 1-alpha primary antibody (HIF1-a, Cat#ab51608,
Abcam). After three washes with TBST, the slides were
further incubated with an HRP-conjugated secondary
antibody for one hour at room temperature. Finally, the
slides were stained with DAB and then counterstained
with hematoxylin. The images of IHC were obtained
using an ICX41 microscope (SOPTOP) and analyzed
using Image] software (ImageJ-win64).

The TMA slides were deparaffinized, rehydrated, anti-
gen retrieved, and blocked following the IHC process.
Subsequently, the slides were incubated with primary
antibody and corresponding Horseradish peroxidase
(HRP)-conjugated secondary antibody. Repeat the above
steps until all markers have been stained. Finally, the
nuclei were stained with DAPI, and the slides were sealed
with an anti-fluorescence quenching agent. The pri-
mary antibodies used in this study included Cytokeratin
19 (CK19, Cat#10712-1-AP, Proteintech), Osteopontin
(Cat#25715-1-AP, Proteintech), Glucose Transport Pro-
tein 1 (GLUT1, Cat#21829-1-AP, Proteintech), Alpha-
Smooth Muscle Actin (aSMA, Cat#ab5694, Abcam),
CD68 (Cat#76437S, CST), and Vascular Endothelial
Growth Factor (VEGF, Cat#ET1604-28, HUABIO). The
images of mIF were recorded by a Pannoramic SCAN II
scanner (3D HISTECH) and were analyzed using Image]
software (ImageJ-win64).

Statistical analysis

In this study, the Student’s t-test and the Mann—Whitney
U-test were used to compare the means of two groups;
the Pearson or Spearman correlation test was used to test
the relation between numerical variables. For categorical
variables, the x2 test was employed. In the Kaplan—Meier
(KM) survival analysis, differences between the two
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groups were evaluated using the log-rank test. Variables
with P-values less than 0.1 in the univariate COX regres-
sion analysis were selected and included in the multi-
variate COX regression analysis. All statistical analyses
in this study were performed using R software (version
v4.2.2). Results with a two-tailed P-value less than 0.05
were considered statistically significant.

Results

The status of CA19-9 is associated with the aggressive
phenotype and poor prognosis of ICC patients.

To further evaluate the clinical significance of CA19-9 in
ICC, this study collected data from seven medical cent-
ers comprising 1062 ICC patients and conducted a ret-
rospective analysis on the relationship between CA19-9
status and clinical phenotypes. Preliminary analysis
revealed a specific association between CA19-9 lev-
els, aggressive phenotype and poor prognosis in ICC
patients across multiple clinical cohorts (Supplementary
Fig. 1A-AK). Although some cohorts did not achieve sta-
tistical significance due to limited sample sizes, the over-
all trend was evident. Subsequently, we merged all patient
data into a combined cohort for further analysis. The
results showed that the overall survival (OS) and recur-
rence-free survival (RFS) of CA19-9 positive patients
were significantly lower than those of negative patients
(Fig. 1A, B). Moreover, compared to CA19-9 negative
patients, the CA19-9 positive had significantly increased
proportions of perineural invasion, vascular invasion,
lymph node metastasis, and distal metastasis (Fig. 1C-F).
Multivariate COX analysis further confirmed that the
positive status of CA19-9 is an independent risk factor on
both OS and RFS (Fig. 1G, H, Supplementary Table 5, 6).
These findings support the notion that the positive status
of CA19-9 is closely related to the aggressive phenotype
and poorer prognosis in ICC patients.

The genomic characteristics between CA19-9 positive

and negative ICC patients.

We ffirst compared the top 50 mutated genes in the
ZS-ICC and MSK-ICC cohorts (Fig. 2A, Supplemen-
tary Fig. 2A). We found that only ten genes were shared
between the two cohorts (highlighted in red), suggesting
differences in the mutational landscape of different ICC
populations. In both datasets, the critical driver muta-
tion genes, including TP53, KRAS, IDH1/2, and BAPI,
showed high mutation frequencies in the rankings, fur-
ther confirming their essential role in ICC development.
When comparing the mutation frequencies of 10 genes
shared by two cohorts in the two groups, we observed
that IDH1/2, PBRM1, and BAP1 mutation frequencies
were generally higher in the CA19-9 negative group.
In contrast, the KRAS gene is generally higher in the
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CA19-9 positive group. The mutation frequency distri-
bution of the remaining six genes in the two cohorts is
inconsistent (Fig. 2B, Supplementary Fig. 2B).

Next, we compared the differences of all mutated genes
between the two groups and found that only KRAS and
IDH1/2 were significant in both cohorts (Fig. 2C, Sup-
plementary Fig. 2C). Furthermore, we investigated the
potential impact of KRAS and IDH1/2 mutations on OS
and RFS. The results indicate that KRAS mutations are
associated with poorer OS and RFS (Fig. 2D, Supple-
mentary Fig. 2E, F). ICC patients with IDH1/2 mutations
exhibit better OS and RFS trends (Fig. 2E, Supplementary
Fig. 2G,H). Considering that mutation burden is usually
associated with poor prognosis of tumors, we further
compared the tumor mutation burden (TMB) between
the two groups. However, the differences in TMB in both
cohorts were not statistically significant (Fig. 2F, Supple-
mentary Fig. 2I). Collectively, our findings suggest that
there are distribution differences of crucial driver genes
between CA19-9 positive and negative ICC patients, and
these phenomena may underlie the molecular basis for
the clinical prognostic differences.

Transcriptome and proteomic analysis unveiled

an enhanced glycolytic activity in CA19-9 positive patients
Through differential expression analysis, we identi-
fied 836, 343, and 710 significant DEGs (P<0.05 and
|logFC|>0.5) between the CA19-9 positive and nega-
tive groups in ZS-ICC, TCGA-ICC, and GSE107943-
ICC cohorts (Fig. 3A-C), respectively. Subsequently,
we used GSEA to reveal the differences in Hallmark
pathways between the two groups (Fig. 3D-F). An
intersection analysis was conducted to pinpoint robust
differentially activated pathways. The results indicated
that the Hallmark glycolysis, Hallmark P53, Hallmark
estrogen response late, and Hallmark allograft rejec-
tion pathways were significantly activated in all cohorts
(Fig. 3G, Supplementary Table 7). In contrast, no shared
downregulated pathways were obtained in the intersec-
tion analysis (Supplementary Fig. 3A). Of the four upreg-
ulated pathways, the Hallmark glycolysis pathway was
associated with poorer prognosis across all three cohorts
(Fig. 3H-J). In comparison, the prognostic impact of the
other three pathways was less consistent (Supplementary
Fig. 3B-D). Hallmark glycolysis scores were positively

(See figure on next page.)
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correlated with serum CA19-9 levels in all three cohorts
(Fig. 3K-M). Considering that the transcriptomic data
may not reflect the actual changes in protein level, we
further analyzed the proteomic data from the ZS-ICC
cohort. The enrichment analysis on the upregulated pro-
teins showed significant enrichment in multiple glycol-
ysis-related pathways (Fig. 3N, O), which confirmed the
upregulation of the glycolytic pathway in CA19-9 posi-
tive ICC patients. In the ZS-ICC cohort, the multivari-
ate COX analysis indicated that the Hallmark glycolysis
score was an independent prognostic risk factor (Sup-
plementary Fig. 3E, Supplementary Table 8). Further-
more, the Hallmark glycolysis scores showed a significant
tumor elevation compared to normal adjacent tissues in
five independent cohorts, confirming its association with
malignant characteristics (Supplementary Fig. 4A-E).
Notably, patients with KRAS mutations exhibited higher
Hallmark glycolysis scores (Supplementary Fig. 4F), sug-
gesting that glycolysis may serve as an intermediate fac-
tor in KRAS-mediated malignant phenotypes of ICC. In
conclusion, we confirm that the glycolytic pathway was
excessive activation in CA19-9 positive patients, which
may be responsible for their poorer prognosis.

ScRNA-seq successfully identified three cell clusters
associated with enhanced glycolytic activity in CA19-9
positive ICC patients

We turned to single-cell analysis to investigate the critical
cell subpopulations responsible for the rise in glycolytic
activity. After strict quality control, we obtained 97,768
high-quality cells from 20 ICC samples (Fig. 4A, Supple-
mentary Fig. 5A, B). All cells were further divided into
nine major cell clusters (Fig. 4A, B), and each cluster was
defined by marker genes described in our methods sec-
tion (Supplementary Fig. 5C, Supplementary Table 9). By
evaluating the glycolytic score of single cells, we found
that epithelial cells, stromal cells, and Mph/DC are the
main clusters of glycolytic active cells (Fig. 4D, E). The
scMetabolism analysis also indicated that these three cell
types exhibited the highest glycolytic metabolic activity
(Supplementary Fig. 5D, E). In terms of cell count, these
three cell types were also numerically abundant, further
supporting their significant impact on overall glycolytic
activity (Fig. 4C). Notably, we observed an increase in
both the number and strength of interactions between

Fig. 1 Survival analysis and aggressive characteristics of CA19-9 positive ICC patients in combined cohort. A, B The KM curves show that patients
in the CA19-9 positive group exhibit poorer OS (A) and RFS (B) in the combined ICC cohort. C-F The bar plots show the proportion differences

of perineural invasion (C), vascular invasion (D), lymph node metastasis (E), and distal metastasis (F) between CA19-9 positive and negative groups
in the combined ICC cohort. G, H The forest plots display the multivariate Cox regression result for OS (G) and RFS (H) in the combined ICC cohort.
P-values were calculated using the Log-rank test in (A, B), the Chi-square test in (C-F), and the multivariate COX regression analysis in (G, H)
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these three cell types and epithelial cells in the CA19-9
positive ICC (Fig. 4F, Supplementary Fig. 5F). Given
the pivotal role of epithelial cells in tumor invasion and
prognostic impact, these cell types with predominant
glycolytic activities may play a vital role in the malignant
progression of tumors.

Based on the above findings, we conducted a more
in-depth analysis of these three cell types. Specifically,
we subdivided the epithelial cells into seven subclus-
ters, designated as Epi_SLC2A1, Epi_APOE, Epi_IGS15,
Epi_RPS27, Epi_FOS, Epi FCER1G, and Epi_Cycling
(Fig. 4G, H, Supplementary Table 10). The distribution
of these subclusters varies between CA19-9 positive and
negative ICC patients, with the Epi_SLC2A1, Epi_IGS15,
Epi FCER1G, and Epi Cycling being more prevalent
in CA19-9 positive ICC patients (Fig. 41, J). Through
InferCNV analysis, we identified a high level of CNV in
these seven clusters, supporting their identity as malig-
nant cells (Supplementary Fig. 5G, H). Furthermore, by
calculating the glycolytic pathway score and scMetabo-
lism analysis, we noted that the Epi_SLC2A1 exhibits the
highest glycolytic activity compared to all other epithelial
cell subclusters (Fig. 4K, L). Additionally, GSEA analysis
revealed marked upregulation of the Hallmark glycolytic
pathway in the Epi SLC2A1 (Fig. 4M). Critically, key
enzymes in the glycolytic pathway, such as LDHA, HK?2,
and PKM, were also expressed at significantly higher
levels in the Epi_SLC2A1 compared to other epithelial
subclusters (Fig. 4N), further confirming its role as the
primary executor of glycolytic activity among epithelial
cells. In the ZS-ICC cohort, we observed that the Epi_
SLC2A1 top 50 gene signature scores were significantly
higher in the CA19-9 positive group compared to the
negative group. Furthermore, groups with higher Epi_
SLC2A1 signature scores were correlated with poorer
OS. Additionally, we found a positive correlation between
the Epi_SLC2A1 signature scores, the Hallmark glycolysis
scores, and the serum CA19-9 levels (Fig. 40).

We conducted a more in-depth analysis of these three
cell types based on the above findings. The stromal cells
were categorized into eight subclusters (Supplementary
Fig. 6A, B, Supplementary Table 11), Mph/DC cells were
further divided into seven macrophage subclusters and

(See figure on next page.)
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two DC subclusters (Supplementary Fig. 6H, I, Supple-
mentary Table 12). Through Ro/e analysis, we observed
differences in the distribution of these cell subclusters
among different groups (Supplementary Fig. 6C, J). Using
glycolytic pathway scores and scMetabolism analysis, we
screened the CAF_VEGFA and Mph-SPP1 subgroups,
which exhibited significant glycolytic activity in their
respective cell populations (Supplementary Fig. 6D, E,
K, L), and these two clusters were more likely to be dis-
tributed in CA19-9 positive ICC patients. The results
of the GSEA analysis further confirmed the significant
upregulation of glycolytic pathways in these two clus-
ters (Supplementary Fig. 6F, M). In addition, both cell
clusters highly express critical genes involved in glyco-
lysis, including HK2, PKM, and SLC2A1 (Supplementary
Fig. 6G, N). In the ZS-ICC cohort, the top 50 gene signa-
ture scores for these two cell clusters were significantly
higher in CA19-9 positive patients, and the group with
high signature scores was significantly associated with
poorer prognosis. We also found a positive correlation
between the signature scores of the two clusters, glyco-
lysis pathway scores, and serum CA19-9 levels (Supple-
mentary Fig. 60, P).

We performed mIF on 26 ICC samples collected at
our center to validate our analytical findings. The stain-
ing results indicated a higher cellular density of the Epi_
SLC2A1, CAF_VEGFA, and Mph_SPP1 cell subclusters
in the CA19-9 positive patient group (Fig. 5A—C). Statis-
tical analysis further confirmed that the positive group’s
cell count per unit area was significantly increased com-
pared to the negative group (Fig. 5D), which is consist-
ent with the in silico results. Collectively, we successfully
identified cell subgroups with enhanced glycolytic activ-
ity in epithelial cells, stromal cells, and Mph/DC cells.
These subgroups are more prevalent in CA19-9 positive
ICC patients and are associated with poorer prognosis.

Glycolysis-related cellular communities are associated

with the aggressive phenotype and adverse prognosis

in CA19-9 positive ICC

We utilized spatial transcriptome technology to explore
the spatial distribution and interactions of the three cell
subclusters within the tumor microenvironment. Firstly,

Fig. 2 Gene mutation pattern and tumor mutation burden of CA19-9 positive patients in the ZS-ICC cohort. A The waterfall plot shows the top

50 mutated genes in the ZS-ICC cohort. The genes marked in red are common to both cohorts. B The bar plot shows the mutation frequency
differences of the ten shared high-ranked genes between CA19-9 positive and negative groups in the ZS-ICC cohort. ns: no significance. *P < 0.05.
CThe bar plot shows the genes with significant mutation frequency among all genes between CA19-9 positive and negative groups in the ZS-ICC
cohort. Red represents a higher frequency in the positive group, while blue represents a higher frequency in the negative group. D, E The KM curves
of OS between patients with and without KRAS (D) and IDH1/2 (E) mutations in the ZS-ICC cohort. F The violin plot shows the difference in tumor
mutation burden between the CA19-9 positive and negative groups in the ZS-ICC cohort. P-values were calculated Using the Chi-square test in (B,

C), the Log-rank test in (D, E), and the Student’s t-test in (F)
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we divided the spots into two main clusters and classi-
fied them as tumor and pera-tumor regions based on the
expression patterns of KRT19 and ALB (Fig. 5E). We sep-
arately assessed the infiltration scores of three glycolysis-
related cell subclusters within the tumor region spots.
The result revealed a pattern of co-localization for these
subclusters within the tumor area (Fig. 5F). Further-
more, by analyzing the correlation of cell scores in each
spot, we observed significant positive correlations among
these cell subclusters (Fig. 5G). This finding suggests that
these subclusters may be co-recruited within the tumor
microenvironment and form an interactive cellular net-
work. To further validate the association of these cellu-
lar communities with tumor progression, we constructed
a GRCC signature by combining the top 50 genes from
each of the three cell subclusters. In the ZS-ICC cohort,
we found that the GRCC signature score was higher in
CA19-9 positive patients and was significantly correlated
with poorer prognosis. Additionally, the GRCC score
showed a significant positive correlation with glycolysis
pathway scores and serum CA19-9 levels (Fig. 5H). In
multivariate COX regression analysis, a high GRCC sig-
nature score was identified as an independent risk fac-
tor affecting OS (Fig. 5I). Encouragingly, we observed
broadly consistent results in both the TCGA-ICC cohort
and the GSE179423-1CC cohort, indicating that our find-
ings are reproducible and generalizable (Supplementary
Fig. 7A, B). In groups with high GRCC signature scores,
the incidence of aggressive phenotypes such as intra-
hepatic metastasis, neural invasion, vascular invasion,
lymph node metastasis, and distal metastasis was also
higher (Supplementary Fig. 7C), further emphasizing the
close link between these glycolytic cellular communities
and tumor aggressiveness. Finally, in five independent
cohorts, we confirmed that the GRCC signature score in
the tumor area was significantly higher than in the peri-
tumoral area (Supplementary Fig. 7D). In summary, our
results reveal that CA19-9 positive ICC patients tend to
form a greater abundance of glycolysis-related cellular
communities, which may lead to a more aggressive tumor
phenotype and a poorer prognosis.

(See figure on next page.)
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Hypoxia induces the formation of glycolysis-related
cellular communities by promoting metabolic
reprogramming

To investigate the origin and developmental trajectories
of these three glycolytic-related cell clusters, we con-
structed evolutionary trajectories in each major cell type
using the Monocle2 algorithm. In the epithelial cells, we
identified five different cell states that form two distinct
evolutionary branches (Lineagel and Lineage2, Supple-
mentary Fig. 8A). Similarly, we identified five and seven
cellular states in the stromal cells and macrophages,
forming three evolutionary branches (Lineagel, Lin-
eage2, and Lineage3, Supplementary Fig. 8B, C). We
observed that the three glycolysis-related cell clusters
were mainly located at the end of the pseudotime tra-
jectory. To further clarify the specific branches of these
three clusters during evolution, we assessed the propor-
tionate changes of each subcluster across different states.
In epithelial cells, the Epi_SLC2A1 showed an increasing
trend across both Lineagel and Lineage2 branches (Sup-
plementary Fig. 8D). In stromal cells, the CAF_VEGFA
exhibited an increasing trend only in Lineage3, while in
macrophages, the Mph_SPP1 showed an increasing trend
solely in Lineage2 (Supplementary Fig. 8E, F). These
results suggest that all two branches of epithelial cells
represent the evolutionary trajectories of Epi SLC2AIL,
while CAF_VEGFA and Mph_SPP1 need to follow spe-
cific evolutionary branches in their major cell types. We
further assessed the hallmark pathways along their evo-
lutionary trajectories. As expected, the glycolysis path-
way was significantly enriched in the terminal states of
all trajectories (Supplementary Fig. 9A-C). Concurrently,
the oxidative phosphorylation (OXPHOS) pathway was
more prevalent in the initial states, indicating a metabolic
shift from OXPHOS to glycolysis—a common feature
across these three cellular evolutionary trajectories. In
trajectory plots, we distinctly tracked a decreasing trend
in OXPHOS pathway scores and an increasing trend in
glycolytic pathway scores along the trajectories, exhib-
iting a markedly opposite trend (Fig. 6A-C). Correla-
tion analysis further confirmed significant associations

Fig. 3 The analysis of the transcriptome and proteome between CA19-9 positive and negative patients. A-C The volcano plots show

the significantly differentially expressed genes (logFC > 0.5 & P <0.05) between CA19-9 positive and negative groups in ZS-ICC (A), TCGA-ICC (B)
and GSE107943-ICC (C) cohorts. D-F The bar plots show the differences of GSEA on hallmark pathways between CA19-9 positive and negative
groups in ZS-ICC (D), TCGA-ICC (E), and GSE107943-ICC (F) cohorts. G The Venn diagram shows upregulated hallmark pathways overlapping
across different ICC cohorts. H-J The KM curves show that patients in the CA19-9 positive group exhibit poorer OS in ZS-ICC (H), TCGA-ICC

(1), and GSE107943-ICC (J) cohorts. K-M The scatter plots show the correlation between the serum CA19-9 levels and hypoxia glycolysis

scores in ZS-ICC (K), TCGA-ICC (L) and GSE107943-ICC (M) cohorts. N The volcano plots show the significantly differentially expressed proteins
(logFC>0.5 & P<0.05) between CA19-9 positive and negative groups in the ZS-ICC cohort. O The bubble plot shows the enrichment results

on glycolysis-related pathways of the upregulated proteins (logFC >0 & P <0.05) in the ZS-ICC cohort. P-values were calculated using the Log-rank

test in (H-J) and the Spearman correlation test in (K-M)
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between pseudotime and the signature scores of these
metabolic pathways, particularly pronounced in the
CA19-9 positive group (Fig. 6D—F). In GSEA conducted
across three cohorts, we similarly observed opposing
activation patterns between the OXPHOS and glycolysis
pathways (Supplementary Fig. 8G). Integrating the above
findings, our study reveals that these three glycolysis-
related cell clusters may have evolved through metabolic
reprogramming.

ICC is characterized by its scarcity of blood vessels,
which frequently results in hypoxic conditions within
the tumor microenvironment. In the previous section,
we observed an increasing trend of hypoxia signature in
all three trajectories (Supplementary Fig. 9A-C). Given
the close relationship between OXPHOS and glycolysis
pathways with hypoxia, we hypothesized that hypoxia
might be a potential factor driving metabolic shifts
and ultimately promoting the formation of glycolysis-
related cell clusters. To prove this hypothesis, we per-
formed a correlation analysis between hypoxia pathway
scores and pseudotime, showing a positive correlation
with three glycolysis-related cellular evolutionary tra-
jectories (Fig. 6@G). Furthermore, the sample’s hypoxia
score was positively correlated with the proportions of
Epi_SLC2A1, CAF_VEGFA, and Mph_SPP1 (Fig. 6H).
Notably, samples with higher hypoxia scores were more
common in the CA19-9 positive group, although this
difference did not reach statistical significance due to
the limited sample size (Supplementary Fig. 8H). In the
ZS-ICC cohort, we also observed a positive correlation
between hypoxia, glycolysis, and GRCC scores, and a
negative correlation with OXPHOS scores (Supplemen-
tary Fig. 8I-K). Additionally, we performed IHC staining
for the hypoxia marker HIF1a on tissue samples from 54
ICC patients. The results indicate that the CA19-9 posi-
tive group exhibits a higher fraction of HIFla staining,
and the difference was statistically significant (Fig. 61, ).
With increased HIFla staining fraction, Epi_SLC2A1,

(See figure on next page.)
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CAF_VEGFA, and Mph_SPP1 were also increased (Sup-
plementary Fig. 10A, B). Collectively, we observed a
more hypoxic tumor microenvironment in CA19-9 posi-
tive ICC patients, which triggered more active metabolic
reprogramming, leading to an increased accumulation of
glycolysis-related cell communities.

Deciphering the cellular interaction network

among glycolysis-related cellular communities

To further explore the interactions between glycolysis-
related cell clusters, we used the NicheNet algorithm
to analyze the ligand-receptor (LR) interaction net-
works between these cells. Intriguingly, the enrich-
ment analysis on the predicted targeted genes of the
three cell clusters all showed significant enrichment in
oxygen level responses and glycolysis (Fig. 6L, Supple-
mentary Fig. 11B, D). This discovery suggests that the
interactions between the three clusters play an essen-
tial role in their development and functional mainte-
nance. In the LR interaction between CAF_VEGFA
and Mph_SPP1 and Epi_SLC2A1, we found several
molecules among the high activity ranking ligands
with crucial roles in cell proliferation and migration,
such as TGFB1, CXCL12, FGF11, and GDF15 (Fig. 6K).
Additionally, the enrichment analysis on the predicted
targeted genes of Epi SLC2A1 focused on biological
processes like epithelial cell migration, cell growth, and
cell adhesion (Fig. 6L), indicating that the other two cell
clusters may regulate the EMT of Epi_ SLC2A1. Fur-
ther analysis showed that Epi_SLC2A1 has a marked
upregulation of the EMT pathway and a higher EMT
score compared to other epithelial cells (Fig. 7A, B),
and the EMT score of epithelial cells is also highest at
the end of the evolutionary trajectories, and is posi-
tively correlating with pseudotime (Fig. 7C). Using
the CellChat analysis, we observed an increase in the
number and intensity of communication between the
three glycolysis-related cell types in CA19-9 positive

Fig. 4 Single-cell analysis for all cells and epithelial cells. A The UMAP plot shows all cells colored by major cell types. B The dot plot shows

the expression of the canonical marker genes across the eight major cell types. C The bar plot shows the numbers of each major cell type. D The
UMAP feature plot shows the hallmark glycolysis scores in all cells. E The violin plot shows the difference in hallmark glycolysis scores in eight
major cell types. F The heatmap shows eight major cell types'interaction number differences between CA19-9 positive and negative groups. G The
UMAP plot shows epithelial cells colored by seven epithelial subclusters. H The dot plot shows the expression of the marker genes across the seven
epithelial subclusters. I, J The bar plot (I) and heatmap (J) show the proportion differences and Ro/e values of seven epithelial subclusters

between CA19-9 positive and negative groups. *: Ro/e > 1. KThe UMAP feature plots show the hallmark glycolysis scores (left) and glycolysis/
gluconeogenesis scores (right) in epithelial cells. L The violin plots compare hallmark glycolysis scores (left) and glycolysis/gluconeogenesis

scores (right) between Epi_SLC2AT and other epithelial cells. M The GSEA result of hallmark glycolysis pathway between Epi_SLC2A1 and other
epithelial cells. N The dot plot shows the expression of the LDHA, HK2, and PKM across the seven epithelial subclusters. O The violin plot shows

the differences in GRCC scores between the CA19-9 positive and negative groups in the ZS-ICC cohort (up left panel). The KM curves compare

the high and low GRCC score groups on OS in the ZS-ICC cohort (upright panel). The scatter plots show the correlation between GRCC scores,
hallmark glycolysis scores (bottom left panel), and serum CA19-9 levels (bottom left panel) in the ZS-ICC cohort. P-values were calculated using

the Student’s t-test in (L) and (O) (up left panel), the Log-rank test in (O) (upright panel), and the Spearman correlation test in (O) (bottom panel)
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ICC, and signaling pathways closely associated with
EMT, such as the TGFb, ncWNT, and EGF pathways,
exhibited significant upregulation (Fig. 7D, Supplemen-
tary Fig. 12A, B). Notably, when using Epi_SLC2A1 as
the receptor, the TGFB1 ligand signal was significantly
enhanced in the three cell types of the CA19-9 posi-
tive group (Fig. 7E). In addition, the activity of TGFB1
also ranks high in LR interaction analysis with CAF_
VEGFA and Mph-SPP1 (Supplementary Fig. 11A, C),
indicating that TGFB1 plays a crucial role in regulat-
ing the interaction network between glycolysis-related
cell clusters. For CAF_VEGFA, the predicted targeted
genes were mainly enriched in tissue remodeling, cell-
matrix adhesion, and mesenchymal cell differentiation
(Supplementary Fig. 11B), essential for tumor metas-
tasis [49-51]. For Mph_SPP1, the enriched terms were
related to lipid transport, lipid storage, and myeloid cell
activation (Supplementary Fig. 11D), which have been
implicated in M2 polarization of macrophages in previ-
ous studies [52—-54]. In summary, our findings indicate
that the crosstalk among the three glycolysis-related
cell clusters constitutes a vicious cycle that promotes
their own formation and maintenance plays a crucial
role in tumor metastasis and invasion.

Glycolysis-related cellular communities promote tumor
angiogenesis

The enrichment analysis on the predicted target genes of
the three glycolysis-related cell clusters all showed posi-
tive regulation on vascular development (Fig. 6L, Supple-
mentary Fig. 11B, D), suggesting that these cells may have
the function of promoting tumor angiogenesis. VEGFA, a
factor crucial for angiogenesis, activates endothelial cell
proliferation by binding to its receptors on the surface of
endothelial cells. In our data, we noted generally higher
expression levels of VEGFA in these glycolysis-related
cell clusters (Fig. 7F). In the ZS-ICC cohort, samples with
high GRCC scores exhibited higher VEGFA expression,

(See figure on next page.)
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with a significant positive correlation between the two
(Supplementary Fig. 12C). Moreover, CellChat analy-
sis demonstrated a significant increase in VEGFA ligand
signing between these three glycolysis-related cells and
endothelial cells compared to other cells (Supplemen-
tary Fig. 12D). As expected, the communication prob-
ability between these three cell clusters and endothelial
cells showed a general increase in the CA19-9 positive
ICC patients (Fig. 7G). Subsequently, we subclassified
endothelial cells into seven distinct subclusters (Fig. 6H,
Supplementary Fig. 11E, F, Supplementary Table 13). We
found that the EC_Tip_ESM1 had the closest interac-
tions in VEGFA signing with the three glycolysis-related
cells (Fig. 6]), suggesting it may be the critical subcluster
influenced by these cells. In three independent cohorts,
the top 50 signature score of the EC_Tip_ESM1 showed
a positive correlation with GRCC scores, and KM
analysis also indicated that the higher End Tip ESM1
score group tended to have poorer OS (Supplementary
Fig. 11G, H). In summary, we found that high expression
levels of VEGFA often accompany glycolysis-related cell
clusters. VEGFA promotes endothelial cell proliferation
and angiogenesis by activating receptors on endothelial
cells. This process provides more blood supply to the
tumor, which may enhance its invasiveness and meta-
static potential of the tumor.

Therapeutic drug screening for GRCC and CA19-9 positive
ICC patients

This study employed a two-stage strategy to screen thera-
peutic drugs for GRCC and CA19-9 positive ICC patients
(Fig. 7I). Through this method, we identified 28 CTRP-
derived drugs targeting GRCC and 12 drugs specifically
suitable for CA19-9 positive ICC patients. After intersec-
tion analysis, we selected six drugs that yielded signifi-
cantly lower AUC values in GRCC and CA19-9 positive
ICC patients and showed negative correlations with the
GRCC scores (Supplementary Fig. 13A-F). Among these

Fig. 5 Glycolysis-related cell subclusters were verified using mIF and spatial transcriptomics analysis. A—-C The representative mIF images of Epi_
SLC2AT1 (A, blue: DAPI, green: GLUTT, red: CK19), CAF_VEGFA (B, blue: DAPI, green: VEGFA, red: aSMA), and Mph_SPP1 (C, blue: DAPI, green: SPP1,
red: CD68) in CA19-9 positive (bottom panel) and negative (up panel) groups. Scale bar=50um. D The box plots show the differences in counts/
unit area in Epi_SLC2A1 (left panel), CAF_VEGFA (mid panel), and Mph_SPP1 (right panel) between CA19-9 positive and negative groups (positive:
n=14, negative: n=12). E The UMAP (up left panel) and spatial (up right panel) plots show all spots colored by tissue types. The spatial feature
plots show the expression of KRT19 (bottom left panel) and ALB in all spots (bottom left panel). F The spatial feature plots show the Epi_SLC2A1
(left panel panel), CAF_VEGFA (mid panel panel), and Mph_SPP1 (right panel panel) signature scores in tumor region spots. G The correlation
analysis between the Epi_SLC2A1 and CAF_VEGFA signature scores, between the Epi_SLC2A1 and Mph_SPP1 signature scores, and between the
CAF_VEGFA and Mph_SPP1 signature scores in tumor region spots. H The violin plots show that the CA19-9 positive group has higher GRCC scores
in the ZS-ICC cohort (up left panel). The KM curves show that the high GRCC scores group has a poorer OS in ZS-ICC cohorts (upright panel). The
scatter plots show that the GRCC scores significantly correlate with hallmark glycolysis scores (bottom left panel) and serum CA19-9 levels (bottom
right panel) in the ZS-ICC cohort. I The forest plot shows the multivariate Cox regression result for OS in the ZS-ICC cohort. P-values were calculated
using the Mann-Whitney U test in (D), the Pearson correlation test in (G), the Student’s t-test in (H) (up left panel), the Log-rank test in (H) (upright

panel), and the Spearman correlation test in (H) (bottom panel).
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candidate drugs, Selumetinib and Trametinib were the
main components, with the remaining four drugs being
combined applications of these two agents. By querying
the CTRP database, we discovered that both are MEK
inhibitors. As a pivotal regulatory factor in the MAPK
signaling pathway, MEK plays a crucial role in controlling
essential biological processes such as cell proliferation,
differentiation, migration, and survival. Interestingly, we
observed a significant enrichment of the MAPK signal-
ing pathway in the enrichment analysis on the predicted
target genes of Epi_SLC2A1 (Fig. 6L). This result further
corroborates the potential application value of these can-
didate drugs.

Discussion

In recent years, the continuous updating of ICC diagnos-
tic and treatment methods has led to improved standards
and concepts. However, due to the lack of early symp-
toms, patients are often diagnosed at an advanced stage
with a poor prognosis. This is especially true for CA19-9
positive ICC patients, whose tumors are more invasive
and metastatic, significantly affecting long-term survival.
Studies have shown that ICC patients with persistently
elevated CA19-9 levels are more likely to develop tumor
recurrence and metastasis [55]. A study by Asaoka et al.
showed that the 5-year OS of ICC patients with nor-
mal and elevated CA19-9 was 79.9% and 38.7%, respec-
tively, indicating a poorer prognosis for CA19-9-positive
patients [21]. Our results showed that CA19-9-positive
ICC patients were likelier to have perineural invasion,
vascular invasion, lymph node metastasis, and distant
metastasis. Their OS and RFS were significantly lower
than those of CA19-9-negative patients, confirming
CA19-9 as an essential marker for the aggressive pheno-
type and poor prognosis of ICC. This study integrated
multi-omics data to systematically elucidate the aggres-
sive mechanisms and potential therapeutic strategies for
CA19-9-positive ICC. We observed an increased fre-
quency of KRAS mutations, significant upregulation of
glycolytic pathways, and, for the first time, characterized

(See figure on next page.)
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the role of specific cell subpopulations in the tumor
microenvironment. Compared to previous studies, our
research provides a novel elucidation of the association
between the tumor microenvironment and metabolic
reprogramming, offering a clinical basis for individual-
ized therapeutic strategies. These findings suggest new
avenues for developing targeted therapies against spe-
cific cell populations with significant potential for clinical
application.

Investigating the molecular mechanisms underlying
prognostic differences in ICC patients revealed a signifi-
cant association between serum CA19-9 levels and the
aberrant expression of related driver genes. Genomi-
cally, KRAS mutations were more common in CA19-
9-positive ICC patients than CA19-9-negative patients,
potentially explaining their increased invasiveness and
metastasis. The KRAS proto-oncogene encodes an onco-
genic protein involved in tumor growth and metastasis.
It is a member of the GTPase family involved in various
adenocarcinomas, including ICC, through critical signal-
ing pathways [56—58]. A large cohort study of 1024 ICC
patients by Zhou et al. reported a KRAS mutation rate
of 12.4% and detailed the distribution of KRAS variant
subtypes [59]. However, their study did not explore the
correlation between CA19-9 expression levels and KRAS
mutations. Our study also showed that KRAS mutations
were frequent in CA19-9 positive ICC patients and were
associated with increased aggressiveness and poorer
OS and RFS. In contrast, IDH1/2 mutations were more
prevalent in the CA19-9 negative group. These findings
suggest significant differences in the distribution of cru-
cial driver genes between CA19-9-positive and negative
ICC patients, potentially underlying the molecular basis
for their differing clinical prognoses. Our findings fur-
ther emphasize the need to understand the mechanisms
of driver genes like KRAS in ICC for developing more
effective individualized therapies, filling gaps in previous
research.

The glycolytic pathway, a critical metabolic feature, is
upregulated in CA19-9-positive ICC and is closely related

Fig. 6 The analysis of evolutionary trajectories and cellular interaction network. A-C. Trajectory plots of epithelial cells (A), stromal cells (B),

and macrophages (C) colored by hallmark OXPHOS (left panel) and glycolysis (right panel) scores. D-F The correlation analysis between pseudotime
and hallmark OXPHOS (left panel) and glycolysis (right panel) scores in epithelial cells (D), lineage 3 of stromal cells (E), and lineage 2

of macrophages (F). G The correlation analysis between pseudotime and hallmark hypoxia scores in epithelial cells (left panel), lineage 3 of stromal
cells (mid panel), and lineage 2 of macrophages (right panel). H The scatter plots show the correlation between the hallmark hypoxia scores of each
sample and the proportion of Epi_SLC2A1 (left panel), CAF_VEGFA (mid panel), and Mph_SPP1 (right panel). I The representative IHC images

of the HIF1astaining in CA19-9 positive (up panel) and negative group (bottom panel). Scale bar=100um. J The box plot shows the differences

in the fraction of HIF Tastaining between CA19-9 positive and negative groups (positive: n=31, negative: n=22). K The heatmaps of Nichenet
analysis show regulatory patterns between CAF_VEGFA to Epi_SLC2A1 (up panel) and Mph_ SPP1 to Epi_SLC2A1 (bottom panel). L The bar plots
show the GO and KEGG pathways enrichment results of the predicted target genes in Epi_SLC2A1. P-values were calculated using the Student’s

t-test in (J) and the Spearman correlation test in (D-H)
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to tumor cell behavior and patient prognosis. This study
showed that the glycolytic pathway was significantly
upregulated in CA19-9-positive ICC while the OXPHOS
pathway decreased. Additionally, we found that activa-
tion of the glycolytic pathway was closely associated with
KRAS mutations, which were significantly more frequent
in CA19-9-positive patients. These patients also had
higher glycolysis scores, suggesting that KRAS mutations
may drive tumor aggressiveness by promoting glyco-
lysis. Bartman et al. demonstrated that KRAS mutations
are strongly associated with the activation of glycolysis
in tumor cells by activating glycolysis and inhibiting the
tricarboxylic acid cycle (TCA cycle), causing tumor cells
to rely primarily on glycolysis for ATP production [60].
Despite the increased rate of glycolysis, its ATP produc-
tion is insufficient to fully compensate for the reduced
ATP from the TCA cycle, resulting in a low rate of total
ATP synthesis. To adapt to the low energy supply, tumor
cells reduce energy-intensive functions, such as protein
synthesis, to maintain rapid proliferation, thereby gain-
ing a growth advantage under energy-limited conditions.
This mechanism explains the metabolic characteristics of
KRAS mutant tumors and their growth advantage under
energy-limited conditions, echoing the results of the pre-
sent study.

The synergistic effect of KRAS mutation and HIF-1«
in ICC cells is crucial in regulating the glycolytic path-
way and enhancing invasive and metastatic poten-
tial. KRAS mutations upregulate essential glycolytic
genes such as GLUT1, HK2, and LDHA by activat-
ing the MAPK/ERK and PI3K/AKT pathways. This
enhances glucose uptake and metabolite accumulation
to meet the energy demands of rapid tumor prolifera-
tion, promoting ICC cell growth and survival [61, 62].
Under hypoxic conditions, HIF-1a is activated, further
enhancing tumor metabolic activity by upregulating
glycolytic enzymes and promoting lactate accumula-
tion [63, 64]. Lactate accumulation alters the acid—base

(See figure on next page.)
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balance in the tumor microenvironment, leading to
overexpression of matrix-degrading enzymes (e.g.,
MMPs), enhancing invasive and metastatic potential
while suppressing anti-tumor immune responses and
promoting tumor spread [65, 66]. Our study found
higher HIF-la expression in the CA19-9-positive
group, further supporting its critical role in the hyper-
glycolytic state. Targeting HIF-1a or blocking its down-
stream glycolytic enzymes (e.g., HK2 and LDHA) has
been proposed as an effective strategy to weaken tumor
adaptation in hypoxic environments. This provides a
theoretical basis for targeting KRAS and HIF-1a in ICC
therapy.

The TME of ICC is a highly complex and dynamic
system characterized by a rich fibrous stroma and
high reactivity that exhibits immunosuppressive and
pro-tumorigenic functions [67, 68]. CA19-9-positive
ICC patients exhibit higher levels of glycolytic activ-
ity because tumor cells promote glucose metabolism
reprogramming by upregulating key enzymes such as
hexokinase 2 (HK2), pyruvate kinase M2 (PKM2), and
lactate dehydrogenase A (LDHA) [69, 70]. This meta-
bolic reprogramming meets the demand for energy and
biosynthetic precursors for rapid tumor cell growth and
division but also alters the tumor microenvironment by
regulating lactate production and efflux, further promot-
ing tumor aggressiveness and resistance to therapy [71].
Additionally, glycolysis is closely related to tumor pro-
gression processes such as immune escape, angiogen-
esis, and EMT [72, 73]. Building on this, using single-cell
RNA sequencing, our study revealed high heterogeneity
in CA19-9-positive ICC patients. We identified specific
cellular subclusters enriched with glycolytic features,
including Epi_SLC2A1, CAF_VEGFA, and Mph_SPP1,
all strongly associated with poor ICC prognosis. Spatial
transcriptome analysis indicated that these cell subclus-
ters play a crucial role in forming a highly invasive TME
through forming highly interactive cellular communities.

Fig. 7 The effects of glycolysis-related cellular communities on EMT, angiogenesis, and drug screening strategy. A The GSEA result of hallmark
EMT pathway between Epi_SLC2A1 and other epithelial cells. B The UMAP feature (up panel) and violin (bottom panel) plots show the Epi_
SLC2AT1 has higher hallmark EMT scores compared to other epithelial cells. C The trajectory plot (up panel) shows the hallmark EMT scores

and the correlation analysis (bottom panel) between pseudotime and hallmark EMT scores in epithelial cells. D The circle plots show the differences
in the number (up panel) and intensity (bottom panel) of interactions within the three glycolysis-related cell subclusters between CA19-9 positive
and negative groups. Red represents increasing, and blue represents decreasing in the positive group. E The dot plot shows the differences in TGFB1
signaling interaction of three glycolysis-related cell subclusters to Epi_SLC2A1 between CA19-9 positive and negative groups. F The dot plots show
the expression of the VEGFA across the subclusters of stromal cells (left panel), epithelial cells (mid panel), and macrophages (right panel). G The
dot plot shows the differences in VEGFA signaling interaction of three glycolysis-related cell types to endothelial cells between CA19-9 positive

and negative groups. H The UMAP plot shows endothelial cells colored by seven endothelial subclusters. I The dot plot shows the differences

in VEGFA signaling interaction between the three glycolysis-related cell subclusters and seven endothelial subclusters between CA19-9 positive
and negative groups. J The overall workflow for screening candidate drugs targeting GRCC and CA19-9 positive ICC patients. P-values were
calculated using the Student’s t-test in (B) (bottom panel) and the Pearson correlation test in C (bottom panel)
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Fig. 7 (See legend on previous page.)

Enhanced communication of TGFP and Wnt signal-
ing pathways between these cell types promotes tumor
metastasis via EMT facilitates angiogenesis through high
VEGFA expression interacting with endothelial cells.

Additionally, our study found a more hypoxia environ-
ment in CA19-9-positive ICC patients. This condition
worsened the prognosis by promoting metabolic switch-
ing and accumulating glycolytic cellular communities.
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In conjunction with previous literature, hypoxia as a
stressor can cause tumor cells to acquire a more aggres-
sive phenotype by altering the expression of relevant
genes such as HIF1A and VEGFA. This includes genomic
instability, autophagy, metabolic remodeling, angiogen-
esis, migration, infiltration, extracellular matrix remod-
eling, EMT, stem cell maintenance, immune evasion, and
treatment resistance [74]. In response to hypoxic stress,
intercellular communication becomes more frequent and
complex, increasing the tumor’s ability to invade, prolif-
erate, and resist apoptosis, thereby promoting local and
distant metastasis and resistance to therapy [75, 76].

ICC, a highly malignant tumor with a poor prognosis,
has had limited success with conventional treatments.
In recent years, the development of targeted therapy
and immunotherapy based on molecular typing has pro-
vided new hope for treating such tumors, either alone or
in combination with other therapeutic modalities, and
progress continues to be made. However, due to the high
heterogeneity among patients, there are individual differ-
ences in efficacy, and only a tiny proportion of patients
achieve lasting benefits [77]. This study identified mul-
tiple potential therapeutic targets and drug candidates
through drug sensitivity analysis based on multi-omics
data, mainly including Selumetinib and Trametinib,
which are MEK inhibitors. Gao et al. found that high
p-ERK expression was closely associated with advanced
tumor TNM stage, increased lymphovascular invasion,
and poorer survival. AZD6244 (Selumetinib) regulated
VEGF via the p-ERK-c-Fos-HIF-la integrative signal-
ing pathway, inhibited the MAPK-ERK kinase signaling
pathway, thereby blocking angiogenesis and significantly
inhibited tumor growth [78]. Morelli et al. demonstrated
that combining the MEK inhibitor Selumetinib and the
HDAC inhibitor Vorinostat had synergistic antiprolifera-
tive activity against KRAS-mutant tumor cell lines. This
combination significantly inhibited cell proliferation and
sphere formation, promoted apoptosis and Gl-phase
cell-cycle arrest, and reduced cell migration and VEGF-A
secretion [79]. Additionally, a phase II multicenter clini-
cal trial showed that the combination of Trametinib and
Dabrafenib had better therapeutic prospects for patients
with biliary tract cancer carrying the BRAFV600E muta-
tion [80]. These studies are consistent with the present
study’s results and explain the possible mechanisms.
Taken together, targeted therapeutic strategies based on
multi-omics data provide a new pathway for individual-
ized treatment of ICC. Further study of these potential
targets and drug combinations will help improve thera-
peutic efficacy.

This study represents the first systematic integration
of multiple omics data to thoroughly explore the mecha-
nisms behind poor prognosis in CA19-9 positive ICC
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patients. Through comprehensive analysis, we identi-
fied specific cell subclusters linked to heightened tumor
invasiveness and poor prognosis. Additionally, we
uncovered how these subpopulations promote tumor
invasiveness and metastasis by forming highly interac-
tive cell communities. Nonetheless, our study has sev-
eral limitations, including a limited sample size, which
restricts the generalizability of our findings. More exten-
sive, multi-center studies are warranted to validate these
results more robustly. Additionally, while we utilized
multi-omics analysis, specific validation experiments
employed relatively simple approaches. Future studies
should incorporate multiple technical cross-validation
methodologies, enhancing result reliability. Furthermore,
although we identified several potential targets, in-depth
molecular and functional experiments are essential to
delineate their precise roles in cancer progression. Our
research provides new insights into the TME and glyco-
lytic activity in ICC and lays a foundation for developing
individualized therapeutic strategies targeting these spe-
cific cellular subclusters. Future research should focus
on expanding sample sizes, leveraging diverse valida-
tion techniques, and translating these findings through
clinical trials to validate therapeutic efficacy, ultimately
bridging the gap between laboratory findings and clinical
applications.

Conclusions

This study identified the glycolytic pathway upregula-
tion and hypoxia-driven cellular communities in CA19-
9-positive ICC, which are associated with increased
invasiveness and poor prognosis. Our findings suggest
the potential use of MEK inhibitors as a targeted therapy,
contributing to the advancement of personalized treat-
ment strategies in clinical practice. Further clinical vali-
dation is necessary to realize the full potential of these
therapeutic approaches.
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