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Integrative multi-omics analysis reveals i

the role of tumor-associated endothelial cells
and their signature in prognosis of intrahepatic
cholangiocarcinoma
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Abstract

This study aims to investigate the interplay between tumor-associated endothelial cells (TECs) and immune cells
within the tumor microenvironment (TME) and its impact on tumor prognosis. We conducted single-cell RNA
sequencing (scRNA-seq) of tumor, normal, and lymph node tissues obtained from intrahepatic cholangiocarcinoma
(ICQ) patients to reveal the role of TECs in tumor angiogenesis and their significant heterogeneity. Meanwhile, we
identified genes highly expressed in TECs and constructed TEC signatures (TEC.Sig). Next, we calculated TEC scores
of samples based on TEC Sig. Patients with higher TEC scores exhibited a higher frequency of KRAS mutations, which
was associated with increased infiltration of neutrophils and immature dendritic cells (iDCs), and decreased num-
bers of natural killer (NK), CD4+T, and CD8+T effector memory (Tem) cells, indicating an inflammation-dominated
immunosuppressive phenotype. In contrast, BAP1 mutations and CXCL12 overexpression showed a contrasting
trend. Spatial transcriptomics analysis and histological experiments further confirmed that TECs interacted with vari-
ous tumor-killing immune cells through the CXCL12/CXCR4 axis. Multiple tumor immunotherapy datasets confirmed
that the TEC.Sig could predict patient responses to immunotherapy. The TEC score is a promising and reliable bio-
marker for predicting genetic mutations and prognosis in ICC patients. Enhancing the regulation of the CXCL12/
CXCR4 signaling pathway may represent a potential novel therapeutic target for ICC treatment.
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Introduction

Intrahepatic cholangiocarcinoma (ICC) is the second
most common malignant liver tumor after hepatocel-
lular carcinoma (HCC) [1, 2]. Currently, radical surgical
resection (RO resection) remains the only potential cura-
tive treatment for ICC [3]. However, due to the occult
onset of ICC, most patients miss the optimal timing for
RO resection at diagnosis. Even after undergoing radical
hepatectomy, the five-year survival rate of ICC patients
is only approximately 30%, with a high recurrence rate
of 60-70% [4, 5]. Therefore, an in-depth exploration of
prognostic factors that facilitate patient risk stratification
and clinical decision-making is particularly important.

The TME encompasses both the internal and external
environments crucial for tumor development and pro-
gression, influencing aspects such as immune evasion
and treatment resistance [6]. Histologically, ICC is char-
acterized by a dense fibro-inflammatory stroma com-
posed of fibroblasts, infiltrating immune cells, endothelial
cells, and extracellular matrix components supporting
tumor progression [7, 8]. TECs are pivotal cells within
the tumor stroma that can promote tumor cell immune
escape, proliferation, and metastasis [9]. TECs participate
in TME matrix formation and angiogenesis, while also
regulating interactions between tumor cells and immune
cells through the secretion of cytokines, chemokines, and
growth factors [10, 11]. In recent years, the development
of novel anti-cancer strategies, such as immunother-
apy and anti-angiogenic drugs, which show promising
effects against multiple tumor types, has mainly focused
on the targeting of the tumor stroma [12-15]. However,
the response and survival benefits associated with these
treatment modalities are limited to only a few patients
due to the heterogeneity and complexity of the TME
[16]. Therefore, a deep understanding of the interactions
within the ICC immune microenvironment and the iden-
tification of potential therapeutic targets are crucial for
predicting immunotherapy responses, evaluating efficacy,
discovering prognostic markers, and guiding individual-
ized treatment strategies.

Here, we performed the scRNA-seq analysis of tumor
and lymph node tissues obtained from an ICC patient
following surgical resection. We then integrated our data
with a published ICC scRNA-seq dataset (GSE89749),
including five tumor samples, three normal samples, and
one lymph node sample. We successfully identified TECs
and uncovered their significant functional heterogeneity.
Interestingly, we found that TECs can activate immune
cells through the CXCL12/CXCR4 axis, demonstrating
anti-tumor properties. Meanwhile, we extracted a gene
set specific to TECs and constructed the TEC score at
the bulk RNA level, for predicting ICC patient progno-
sis and stratification. Immunocyte infiltration analysis
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showed that ICC patients with high TEC scores had more
infiltrating neutrophils and iDCs in the TME. Thus, they
presented with an inflammation-dominant immunosup-
pressive phenotype. Further research found that hepatitis
B infections and BAP1 mutations were associated with an
immune-activated phenotype in the TME, thereby pro-
moting anti-tumor immune responses. Finally, we found
that the TEC.Sig could effectively predict the response
of cancer patients to immunotherapy, helping identify
non-responders. Overall, our findings could help stratify
ICC patients based on long-term survival prospects and
identify individuals who benefit from immunotherapy;,
thereby avoiding unnecessary adverse drug reactions in
patients not benefiting from immunotherapy.

Materials and methods

Data and clinical samples

An ICC patient diagnosed histologically was enrolled
in this study. The patient underwent tumor and lymph
node resection at the First Medical Center of the Peo-
ple’s Liberation Army General Hospital, and scRNA-seq
of the resected specimens was performed. Informed
consent was obtained from the patient, allowing the col-
lection of samples for research and genomic analysis. To
increase sample size, we downloaded scRNA-seq data
(GSE138709) from five ICC patients, including three
adjacent normal tissues and four tumor tissues, and inte-
grated it with our data using the Harmony algorithm.
Additionally, gene expression data and complete clinical
information were obtained from 244 ICC patients par-
ticipating in the study by Dong et al. [17]. In the valida-
tion set, we collected clinical data from 155 ICC patients
who underwent surgical resection at the Henan Cancer
Hospital Department of Hepatobiliary and Pancreatic
Surgery from February 2013 to October 2019, and were
pathologically diagnosed after surgery. Furthermore,
transcriptomic data and related clinicopathological data
of 83 ICC patients were obtained from the Gene Expres-
sion Omnibus (GEO) database (accession number:
GSE89749). Additionally, we collected high-resolution
spatial transcriptomic data from the study by Rui Wu
et al. [http://lifeome.net/supp/livercancer-st/data.htm)].

Tissue isolation and cell purification

Fresh tissue samples were cut into approximately 1
cubic millimeter pieces on ice and transferred to 1.5 mL
tubes containing Dulbecco’s Modified Eagle Medium.
Subsequently, the tissue samples were minced further
and rinsed with 1XxPBS. Minced tumor tissues were
immediately transferred to a 15 mL tube and dissoci-
ated using a tissue dissociation kit. The suspension was
filtered through a 70-micron cell strainer and centri-
fuged at 400 g for 5 min, after which the supernatant was
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removed. Next, the sample was treated with red blood
cell lysis buffer for 5 min, filtered through a 40-micron
cell strainer, and washed twice with 1XPBS. Finally, the
viability of cells in the tissue samples was assessed using
trypan blue staining. Single cells, reagents, and gel beads
containing cell barcodes were encapsulated into nano-
liter gel bead emulsions using the BMKMANU-DG1000
platform. The cDNA library was constructed using the
Chromium Single Cell 3" Library & Gel Bead Kit v3.
Qualitative analysis was conducted using high-sensitivity
DNA assays on the Agilent Bioanalyzer. The final library
was sequenced on the Illumina NovaSeq 6000 sequenc-
ing system.

Analysis pipeline

Cell Ranger v3.1 was used to align and quantify scRNA-
seq data with the human reference genome GRCh38,
generating a gene expression matrix. Raw output data
were processed using the R package Seurat (v4.1.2),
which filtered out cells with fewer than 200 detected
genes or more than 10% mitochondrial gene content. The
R package “Harmony” was used to integrate single-cell
data, using default parameters for cell clustering analysis.
The Seurat object was processed with SCTransform, and
dimensionality reduction was performed using Principal
Component Analysis (PCA). The first 30 principal com-
ponents were used for subsequent cell clustering analysis.
Major cell clusters were determined using the FindNeigh-
bors and FindClusters functions. t-Distributed Stochastic
Neighbor Embedding (t-SNE) was used to reduce dimen-
sionality and visualize clustering results. Finally, we col-
lected signature genes for T cells, NK cells, epithelial
cells, myeloid cells, B cells, fibroblasts, circulating cells,
and endothelial cells from the Azimuth database (https://
azimuth.hubmapconsortium.org/references/). Using
these genes, we precisely annotated the cell clusters by
analyzing their differential expression across the clusters.

Identification of endothelial cell subpopulations

To identify endothelial cell subpopulations, we extracted
UMI counts from 1634 endothelial cells. To mitigate
batch effects and reduce patient-specific biases, we
applied the Harmony algorithm. For dimensionality
reduction and subtype identification, we selected the top
2000 highly variable genes using the FindVariableFea-
tures function and normalized the data. We then per-
formed PCA based on these variable genes. Using the
FindNeighbors function, we constructed a nearest-neigh-
bor graph based on the top 30 principal components,
followed by clustering with the FindClusters function
(resolution=0.1). The clusters were visualized using
t-SNE, and the FindAllMarkers function was employed to
identify marker genes specific to each cluster.
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Identification of TEC.Sig and construction of TEC scores
The FindAllMarkers function from the Seurat pack-
age was utilized to screen for genes overexpressed in
TECs. By applying the criteria of avg _log2FC>1 and
p_val_adj<0.05, genes highly expressed in TECs were
identified and defined as TEC.Sig. Subsequently, Cox
univariate regression analysis was conducted to screen
genes impacting the prognosis of ICC patients. LASSO
regression analysis, using the R package “glmnet,” was
employed to pinpoint the genes most closely associ-
ated with overall survival (OS) in ICC samples. Ulti-
mately, Cox multivariate analysis was performed to
identify independent risk genes for ICC patient prog-
nosis (P<0.05) and to construct a prognostic model.
The formula for constructing the TEC-related gene
risk score is as follows: TEC scores=(gene 1 expres-
sion X corresponding coefficient) + ... + (gene n expres-
sion X corresponding coefficient). The rfsrc function
from the R package randomForestSRC was utilized to
rank the importance of variables. The 244 ICC patients
were then stratified into high TEC score and low TEC
score groups based on the median TEC scores. Finally,
survival differences between the two groups were com-
pared using the R packages "survival” and “survminer”.

Functional and gene enrichment analyses

To explore the functional and pathway enrichment
associated with TEC scores, we performed Gene Set
Enrichment Analysis (GSEA) using the GSEA software.
Based on the “c2.cp.kegg.v7.4.symbols” gene set from
the MSigDB database and HALLMARK gene set, dif-
ferences in pathways and molecular mechanisms were
assessed between the high and low TEC score groups.
Subsequently, the R package “clusterProfiler” was
used for gene ontology (GO) analysis of differentially
expressed genes, with a p-value threshold of 0.05.

Immunocyte infiltration analysis

To evaluate the differences in the immune and stromal
cell infiltration between the high and low TEC score
groups, we used xCell (https://comphealth.ucsf.edu/
app/xcell) to calculate the proportion of these cells in
each ICC sample.

Somatic mutation analysis

We used the read.maf function from the maftools pack-
age in R to read mutation information for 244 ICC
patients in MAF format. The top 20 mutated genes
were acquired and presented in a waterfall plot using
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the maftools package (v2.12.0) in R, which is usually
applied to visualize and summarize mutated genes.

Prediction of response to immunotherapy

Tumor Immune Dysfunction and Exclusion (TIDE)
analysis was used to explore the response to immuno-
therapy during cancer treatment. TIDE (http://tide.dfci.
harvard.edu/) was also used to predict the immuno-
therapy response based on two major tumor immune
escape mechanisms: T cell dysfunction and reduced T
cell infiltration. We collected mRNA expression data
and corresponding clinical information from 17 HCC
patients receiving anti-PD1 treatment (N=17, respond-
ers vs non-responders=8 vs 9) from the GEO database
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE202069). Additionally, we collected data from 103
melanoma patients receiving immunotherapy (N=103,
responders vs non-responders=46 vs 57), from a study
conducted by Liu et al. [5]. Similarly, data for 298 blad-
der cancer patients receiving immunotherapy (N =298,
responders vs non-responders =68 vs 230) were obtained
from the IMvigor210 dataset [18]. To validate the abil-
ity of TEC.Sig to predict the immunotherapy response,
we calculated the Z-scores of tumor patients receiving
immunotherapy using the R package cancerclass. Subse-
quently, we assessed the predictive performance of these
Z-scores on immunotherapy outcomes by employing
receiver operating characteristic (ROC) curves.

Ligand-receptor expression and cell interactions

Cell-cell communication was determined by assessing
the expression of ligand—receptor pairs in cell popula-
tions. We used the R package CellChat to study interac-
tions between different cell types, with a gene expression
threshold of 0.2 as the cutoft.

Multicolor immunofluorescence

Formalin-fixed, paraffin-embedded tissue Sects. (4 pm
thick) were mounted on glass slides and baked at 65 °C
for 2 h. Sections were deparaffinized in xylene and rehy-
drated through graded ethanol. Antigen retrieval was
performed in citrate buffer (pH 6.0) using microwave
treatment. Endogenous peroxidase activity was quenched
with 3% hydrogen peroxide for 15 min at room tempera-
ture, and non-specific binding was blocked with goat
serum for 30 min.

Sections were incubated overnight at 4 °C with primary
antibodies (100 pL each): SOF1 (1:1000, 17402-1-AP),
CD79 (1:1000, AF20163), CD8 (1:1000, AF20211), and
VWE (1:2000, ET1701-87). The next day, sections were
incubated with HRP-conjugated secondary antibodies for
30 min at room temperature.
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Subsequently, sections were labeled with TSA fluores-
cent dyes (TYR-570, TYR-520, TYR-620, TYR-690) in
separate reactions, each for 3—10 min, followed by wash-
ing with PBST. These steps were repeated for each anti-
body. Nuclei were counterstained with DAPI for 10 min,
washed with PBS, and mounted with anti-fade medium.
Slides were imaged using a multi-channel fluorescence
scanner. ImageJ] was used to quantify the relative fluo-
rescence intensity of each marker, followed by correla-
tion analysis between CXCL12 and CD8A+T cells and
CD79A + B cells using GraphPad Prism.

Spatial transcriptomics analysis

The gene-spot matrices generated from ST and Visium
samples were processed using the Seurat package (v4.1.2)
in R. Spots with fewer than 200 detected genes were fil-
tered out, and genes with fewer than 10 read counts or
expression in fewer than three spots were excluded.
Normalization across spots was performed using the
LogNormalize function. Dimensionality reduction and
clustering were conducted using principal component
analysis based on the first 30 principal components. To
enhance the visualization of spatial expression patterns,
the spots were refined using the “spatialEnhance” func-
tion from the BayesSpace package (v1.6.0), and expression
features were further enhanced with the “enhanceFea-
tures” function. Additionally, signature scores derived
from the scRNA-seq dataset were incorporated into the
metadata of the ST dataset using the “AddModuleScore”
function with default settings in Seurat.

Statistical analysis

All statistical analyses were performed using R software
(v4.1.2) and GraphPad Prism 9. Differences in survival
between the two groups were assessed using Kaplan—
Meier curves and log-rank tests. Univariate and mul-
tivariate Cox regression analyses were used to identify
factors affecting prognosis. Pearson’s correlation coeffi-
cient was used for normally distributed data in correla-
tion analysis, while Spearman’s correlation coefficient
was used for non-normally distributed data. Differences
between two groups were compared using the unpaired
Student’s t-test or Wilcoxon rank-sum test. The R pack-
age “pROC” was used to plot ROC curves to verify the
validity of the TEC score and determine the area under
the curve (AUC). The Benjamini—Hochberg method was
utilized to adjust p-values, with P <0.05 indicating statis-
tical significance.

Results

Landscape of the TME in ICC

To elucidate the cellular composition of the TME and
abdominal lymph nodes in ICC, we obtained tumor and
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abdominal lymph node samples from a patient. Fresh tis-
sues were rapidly processed into single-cell suspensions
and subjected to scRNA-seq. Given the limited sample
size, we integrated our data with previously published
scRNA-seq datasets on ICC to gain deeper insights into
the TME. This analysis ultimately included five tumor
samples, three normal samples, and one lymph node
sample. To eliminate batch effects between samples,
we used the Harmony package in R to integrate data
from different samples. To remove low-quality cells and

B
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doublets (droplets containing two cells), we filtered out
cells with fewer than 200 unique molecular identifiers
(UMIs) or those with fewer than 200 or more than 8000
expressed genes per cell. We also excluded cells with over
10% mitochondrial gene UMI content to eliminate dead
or dying cells. This process yielded scRNA-seq data for
79,797 high-quality cells (Figures SIA—C). Unsupervised
clustering identified multiple cell clusters (Fig. 1A) with-
out significant batch effects across samples (Fig. 1B).
These clusters were classified into T cells, NK cells,
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Fig. 1 Immunological infiltration landscape within the TME of ICC. A t-SNE dimensionality reduction plot depicting the distribution of distinct cell
populations after integrating tumor, normal, and lymph node samples from ICC patients. B t-SNE plot illustrating the distribution of cell populations
within normal tissue, tumor tissue, and lymph node samples. C Heatmap showing the expression of canonical marker genes specific to each cell
type. D Odds ratio (OR) heatmap comparing the abundance of each cell type across normal tissue, tumor tissue, and lymph node samples. E
Proportional distribution of cell types in normal tissue, tumor tissue, and lymph node samples. F Bar graphs illustrating the proportions of each cell

type within normal tissue, tumor tissue, and lymph node samples
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epithelial cells, myeloid cells, B cells, fibroblasts, circulat-
ing cells, and endothelial cells based on canonical marker
gene expression (Fig. 1C, S1D). Notably, the distribution
of these eight cell types varied significantly across sam-
ples: NK and epithelial cells were predominantly found
in tumor tissues, while B and plasma cells were mainly
in lymph nodes (Figs. 1D—F). We observed a significant
increase in NK cells and fibroblasts in ICC tumor tis-
sues compared to normal tissues, potentially linked to
cytokine recruitment within the TME. Endothelial cells
were more enriched in normal tissues than in tumor tis-
sues, but their numbers are limited in both. Given the
lack of research on ICC endothelial cells, we explored
their potential role in the TME.

Heterogeneity of TECs in the TME of ICC

In ICC tumor tissues, there is abundant blood supply,
characterized by a high number of blood vessels with
complex structures, affecting the metabolic and immuno-
logical status of the TME [19-21]. These tissues exhibit
elevated levels of pro-angiogenic factors that activate
TECs, thereby playing a pivotal role in the TME [22-24].
Therefore, we analyzed the role of TECs in the TME.

A total of 1643 TECs with significant heterogene-
ity were identified. Through clustering analysis, all
TECs were categorized into five distinct cell clus-
ters: MGP+Endo, NPIPB4+Endo, FCGR2B+Endo,
IGLC3+Endo, and PDPN+Endo (Fig. 2A). ROGUE
was used to precisely quantify the purity of the identi-
fied endothelial cell subpopulations, ensuring a robust
and sensitive assessment of their homogeneity (Figure
S1E). The distribution of endothelial cell subpopula-
tions showed significant variation across tissues (Fig. 2B).
MGP+Endo and FCGR2B+Endo were predominantly
enriched in normal tissues, while NPIPB4+Endo and
IGLC3 +Endo were primarily enriched in lymphatic tis-
sues. PDPN+Endo and a subset of NPIPB4+Endo were
mainly found in tumor tissues.

Pathway enrichment analysis revealed that genes
overexpressed in these cells were primarily associated
with angiogenesis and extracellular matrix remodeling

(See figure on next page.)
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(Fig. 2C). Each endothelial cell cluster exhibited a distinct
gene expression pattern (Fig. 2D-E): The MGP+Endo
cluster is characterized by the upregulation of genes
involved in immune cell interactions (SELE, SELP,
VCAM]1), collagen production (COL4A1l, COL4A2),
and angiogenesis (INSR, SPARC), and is enriched in
the “positive regulation of cell adhesion” pathway. The
FCGR2B+Endo cluster shows increased expression of
genes associated with the inflammatory response (IL1B,
IL1R1, CCL3, CCL4), indicating its role in inflammation.
The NPIPB4+Endo and IGLC3+Endo clusters overex-
press genes linked to lymphocyte activation (CXCR4,
IKZF3, PTPRC, TNFAIP3) and collagen (COL4Al,
COL4A?2), with enrichment in pathways regulating and
activating immune responses, suggesting these lymph
node-derived endothelial cells play a significant role in
immune regulation. The PDPN+Endo cluster, predomi-
nantly found in tumor tissue, upregulates genes involved
in extracellular matrix interactions (ITGB1, LGALS1)
and angiogenesis (ANGPT2, FLT4), highlighting its
involvement in these processes.

Establishment and validation of a three-gene prognostic
signature based on TEC marker genes

Characteristic gene expression-related alterations in
TECs within the TME precisely regulate their prolifera-
tion, migration, and vascular structural stability [25-29].
The aberrant expression of these genes can promote
abnormal angiogenesis and potentially lead to tumor pro-
gression and poor prognosis [30, 31]. To investigate the
impact of TEC-specific genes on prognosis, we selected
206 genes that were highly expressed in TECs based
on the following criteria: avg log2FC>1 and P_val_
adj <0.05. Through Cox univariate regression analysis, we
further identified 79 genes that significantly influenced
ICC patient prognosis (P <0.05, Supplementary Table 1).
Subsequently, we employed LASSO regression analysis to
determine the key variables most associated with OS. To
enhance the accuracy of the model, we set the number of
iterations for the algorithm to 1000. In addition, we uti-
lized the cv.glmnet function for tenfold cross-validation,

Fig. 2 Characterization and functional analysis of endothelial cell populations. A t-SNE dimensionality reduction plot depicting the distribution

of endothelial cells after integrating tumor, normal, and lymph node samples from ICC patients. B OR heatmap comparing the abundance

of endothelial cells across normal tissue, tumor tissue, and lymph node samples. C Enrichment analysis of highly expressed genes in endothelial
cells. D Expression patterns of functionally relevant genes across different endothelial cell subpopulations, demonstrating their characteristics

in various functional pathways. E GO functional enrichment analysis results of characteristic genes in endothelial cell subpopulations, presented

as dot plots. F-G Distribution plots of the partial likelihood deviation and coefficient of LASSO regression. H Forest plot from Cox multivariate
regression analysis, identifying three independent prognostic-related genes by analyzing the relationship between each gene and the HR with a Cl
of 95%. I Heatmap illustrating the correlation between TEC scores and survival time. J Bar graph showing the importance ranking of gene variables
in the random forest model. K Kaplan—-Meier survival curves comparing high and low TEC score groups, indicating a poorer prognosis for the high

TEC score group
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to reduce the risk of model overfitting. Ultimately, at a
lambda.min value of 0.0351, we selected 19 variables with
non-zero coefficients (Figs. 2F-G). Through Cox mul-
tivariate regression analysis of these 19 variables, three
genes were identified as independent prognostic factors
for ICC patients (P <0.05, Fig. 2H).

The genes TCF7L2, CLIC4, and SYNPO are highly
expressed in endothelial cells and show a certain level of
specificity (Figure S1F-G). The TEC score indicated the
expression levels of these three genes, and was calculated
as follows: 0.6872 x TCF7L2 expression +0.9846 x CLIC4
expression —0.5397 X SYNPO expression.

We discovered that the prognosis of ICC patients wors-
ened with an increase in the TEC scores (Figs. 2I and
S2A). The results of random forest survival analysis indi-
cated that the CLIC4 expression level was the most sig-
nificant variable contributing to the TEC score (Fig. 2J).
Using the median TEC score value, we classified 244 ICC
patients into high and low TEC score groups. Kaplan—
Meier curve analysis confirmed the poorer prognosis in
the high TEC score group compared to the low TEC score
group (hazard ratio [HR]=3.11, 95% confidence interval
[CI]: 2.03-4.78, P=4.8e-08, Fig. 2K). Time-dependent
ROC analysis showed AUC values of 0.754 and 0.785
for predicting OS at 1 and 3 years, respectively, and was
used to assess the predictive ability of TEC scores (Figure
S2B). In the GSE89749 validation set, ICC patients in the
high TEC score group also exhibited a poorer prognosis
(Figure S2C), confirming the robustness of the TEC score
for predicting ICC patient prognosis. Time-dependent
ROC curves further validated the predictive efficacy of
the TEC score for long-term survival in ICC patients
(Figure S2D).

TEC scores and Intrahepatic metastasis were identified
as reliable factors for predicting ICC patient prognosis
To thoroughly examine the association between the TEC
score and the clinical features of ICC patients, we per-
formed a comprehensive correlation analysis. The results
indicated that the TEC score was not associated with

(See figure on next page.)
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patient age, sex, tumor diameter, history of gallstones,
or hepatitis B surface antigen (HBsAg) status (Fig. 3A).
However, it was significantly correlated with vascular
invasion, perineural invasion, distant metastasis, intra-
hepatic metastasis, and TNM staging (Fig. 3B). Further-
more, the TEC score was significantly and positively
correlated with tumor markers, including elevated levels
of carbohydrate antigen 19-9 (CA19-9) and carcinoem-
bryonic antigen (CEA) (Figure S2E-F). These findings
suggest that the TEC score may be related to tumor
invasiveness.

Univariate Cox regression analysis indicated that sev-
eral factors significantly impacted ICC patient prognosis.
These factors included intrahepatic metastasis; tumor
size; microvascular invasion; regional lymph node metas-
tasis; distant metastasis; perineural invasion; CA19-9,
CEA, alanine aminotransferase (ALT), and gamma-glu-
tamyltransferase (y-GT) levels; TNM staging; and TEC
scores (all with P <0.05, Fig. 3C). Cox multivariate regres-
sion analysis further confirmed that intrahepatic metas-
tasis, regional lymph node metastasis, ALT levels, and
TEC scores were independent risk factors affecting ICC
patient prognosis (HR > 1, P<0.05, Fig. 3D).

Notably, there may be a correlation between the TEC
score and the occurrence of intrahepatic metastasis, with
ICC patients positive for intrahepatic metastasis show-
ing a poorer prognosis (HR=2.43, 95% CI1.63-3.61,
P =5.9¢-06, Fig. 3E). This suggests that both TEC scores
and intrahepatic metastasis are important prognostic
indicators for predicting ICC patient outcomes. To fur-
ther validate this finding, we obtained clinical data from
155 ICC patients. Survival analysis revealed that patients
with ICC and intrahepatic metastasis had a poorer prog-
nosis (HR=2.03, 95% CI1.36-3.02, P=0.00038, Fig. 3F).
Moreover, within this dataset, intrahepatic metastasis
emerged as an independent risk factor influencing the
prognosis of ICC patients (Figure S2G—H), which is con-
sistent with previous analytical results.

Finally, we constructed a nomogram for predict-
ing the prognosis of ICC patients based on intrahepatic

Fig. 3 Analysis of the relationship between TEC scores, clinical characteristics, and prognosis. A Comparison of TEC scores among various clinical
characteristics, presented as a bar graph showing the impact of factors such as age, sex, tumor diameter, history of bile duct stones, and HBsAg
status on TEC scores. B Bar graph showing the correlation between TEC scores and tumor invasion characteristics, including vascular invasion,
perineural invasion, distant metastasis, intrahepatic metastasis, and TNM staging. C Forest plot showing hazard ratios (HR) and p-values for various
clinical characteristics, derived from Cox univariate regression analysis identifying significant factors affecting ICC patient prognosis. D Cox
multivariate regression analysis identifying independent risk factors affecting long-term survival in ICC patients. E Kaplan-Meier curves illustrating
the relationship between intrahepatic metastasis and survival time, comparing patients with and without intrahepatic metastasis. F Kaplan-Meier
survival curve analysis for validation cohort 1, stratified by intrahepatic metastasis. G A nomogram for predicting ICC patient prognosis,
incorporating factors such as intrahepatic metastasis, regional lymph node metastasis, ALT levels, and TEC scores. H A calibration curve to verify
the predictive performance of the nomogram. I ROC curve assessing the predictive performance of the nomogram, with AUCs of 0.743 and 0.746

for 1-year and 3-year survival rates, respectively
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metastasis, regional lymph node metastasis, ALT levels,
and TEC scores (Fig. 3G). Both the ROC curve and cali-
bration curve confirmed the favorable performance of
the nomogram for predicting 1-year and 3-year survival
rates in ICC patients (Fig. 3H-I).

TEC scores reflect the degree of infiltration

of immunosuppressive cells in the TME

To explore the mechanisms underlying the predictive
capability of the TEC score, we examined its relationship
with immune cell infiltration. Gene expression data from
244 1CC patients were analyzed using the xCell plat-
form (https://comphealth.ucsf.edu/app/xcell) to assess
immune cell infiltration proportions. The study revealed
significant differences in immune cell infiltration
between the high and low TEC score groups. The TME in
the high TEC score group was predominantly infiltrated
by CD8+Tcm, DCs, MSCs, monocytes, neutrophils,
Th2 cells, and iDCs, whereas the low TEC score group
was mainly infiltrated by CD8 + Tem, mast cells, plasma
cells, and Th1 cells (Fig. 4A). High levels of infiltration
of neutrophils and Th2 cells reflected a robust inflam-
matory response state, suggesting that ICC patients in
the high TEC score group may exhibit higher levels of
inflammation.

The mRNA and protein levels of SI00A family mem-
bers (including S100A8/S100A11) were upregulated in
the high TEC score group (Fig. 4B), potentially associated
with oncogenic inflammation. GSEA enrichment analy-
sis revealed that the high TEC score group was primar-
ily enriched in inflammatory response, IL-6/JAK/STAT3
signaling, TGF-p signaling, and TNF-a/NF-kB signaling
pathways, indicating that these tumors might be driven
by underlying chronic overt or smoldering inflammation
(Figure S3A-D) [32-35]. Additionally, the numbers of
immunosuppressive neutrophils and iDCs were signifi-
cantly increased in the TME of the high TEC score group
(Fig. 4A), suggesting that ICC patients in this group may
have a potent immunosuppressive microenvironment.
Concurrently, increased mRNA levels of CD8A, GZMA,
and PRF1 in the low TEC score group confirmed the
upregulation of anti-tumor immune responses (Fig. 4C).

(See figure on next page.)
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Kaplan—Meier curve results showed that ICC patients
exhibiting high infiltration of neutrophils, Th2 cells,
and iDCs had a poorer prognosis, whereas those with
high infiltration of CD8+Tem exhibited a contrasting
outcome (Fig. 4D). In the ICC TME, high infiltration of
neutrophils and iDCs leads to an upregulation of immu-
nosuppressive genes (Figure S3E-F), further confirm-
ing that ICC patients in the high TEC score group may
exhibit an inflammation-dominated immunosuppressive
phenotype. ICC patients in the high TEC score group
showed a high overlap with the immune-suppressed sub-
group (IG1) reported by Lin et al. (Fig. 4E) [36].

HBYV infection is a known risk factor for ICC, but the
immunogenomic characteristics of HBV-associated ICC
are poorly understood. Immune infiltration analysis
revealed a significant increase in adaptive immune cells,
including B cells, CD4+T cells, CD4+ memory T cells,
CD8+ Tem, and NK cells in the TME of HBV-positive
ICC patients, with no significant difference in immu-
nosuppressive myeloid cells (Fig. 4F). This finding indi-
cates that HBV infection does not amplify the oncogenic
inflammatory response in ICC; instead, it enhances the
infiltration of cytotoxic immune cells.

Overexpression of CXCL12 and KRAS mutations affect TME
neutrophil and iDC infiltration

Studies have demonstrated that the chemokine
CXCL12 regulates directional leukocyte migration
through its interaction with receptors CXCR4 or
CXCR?7 [37]. Intriguingly, we observed significantly
higher CXCL12 expression levels in the low TEC score
group (Figs. 5A, S3G), contrasting with the excessive
infiltration of neutrophils and iDCs in the high TEC
score group (Fig. 4A). As expected, patients with higher
CXCL12 mRNA levels exhibited a more favorable prog-
nosis (HR=0.55, 95% CI 0.37-0.82, P=0.003) (Fig. 5B).
The levels of CXCL12 mRNA were negatively corre-
lated with oncogenic factors, including VEGF, IL1A,
IL1B, CXCL3, and IL-6, and positively correlated with
tumor suppressive factors, including CD8A, GZMA,
TBX21, and CCL5 (Fig. 5C). The CXCL12 mRNA lev-
els were negatively associated with the infiltration of
neutrophils and iDCs, and positively correlated with

Fig. 4 Analysis of the relationship between TEC scores and TME immune cell infiltration. A Bar graph comparing immune cell infiltration

between high and low TEC score groups, showing differences in the proportions of various immune cells. B Heatmap analysis of high and low

TEC score groups, illustrating the mRNA and protein expression levels of STOOA family members in both groups. € Heatmap showing differences

in markers that promote or inhibit cancer inflammation at the mRNA level between high and low TEC score groups. D Kaplan-Meier curves
illustrating the relationship between immune cell composition in the TME and survival time, highlighting the impact of different immune cell
infiltrates on patient survival. E Sankey diagram of TME cell composition between different risk groups, demonstrating the difference in immune cell
composition between the high and low TEC score groups. F Bar graph comparing TME cell compositions based on HBV infection status, illustrating
differences in immune cell proportions between HBV-positive and negative patients


https://comphealth.ucsf.edu/app/xcell

Jiang et al. Journal of Translational Medicine

>

(2024) 22:948 Page 11 of 19

TME Cell composition

Group B High_TECs—score Bl Low_TECs—score

1.2 [._.1
- 0.9
;8"0.6 il P a2 'n_s| [ P s ) .
& p M ope - — = I Mo .
3 a . iy Mo
ki : Wk
|_|
R “-I-L Hhkﬂ# e T D L -
0.0 S——
< & < «aoe o e\ S N 2 \© 2 © 2 OO O o O e
P «1!«': ¥ &/\,& e A < \~s~ EATE TN ﬂ-*‘di&e*‘&\\ AP ICICHT Sl S aw
o AT T T & oé‘“;«s‘” S &
S &06;! <& o < <R A “;gb"k‘g‘bé < =
xS O <
o& (&) <
B (&)
2 5 sk 2 RiskGroup
RatGroup | c;cur:“ ’ | | t:;}m
1
I | ll! I 2 ||[|| S
0
il | ‘n I For |'
HHIH |’||||\ IH o
|

Hlﬂl I\l“ll I ||||||

I'I’I’Hh I I‘II‘

II~ )I

111
\‘II \ |
AN

'u.» A

]

Survival probability
g

IIH\‘

y i ‘"*

I'I W Il
\‘(I |||IIH.” ll‘1llvl|lll|| |

’H“l '|I” Hl‘ HIIIIIIIIIII
| J |\|H|\ I| l

l} IHH |II \IIII l|||1||“
|

|| | |||
HII ”J w0 ﬁ” i
'” " f} |J|I||IM ||‘ }| '!m I:'|1

II’\I

MRNA level
Cancer promoting
inflammation

| \IH

4l

Cancer inhibitory
inflammation

W

Protein level

Th2cels == Hgh = Low
€08+ Tem == Hgn & Low

Survival probability
2

Survival probability

RiskGroup

Fig. 4 (Seelegend on previous page.)

Time Time Time ‘ :
F TME Cell composition
HBV M Negative Bl Positive
161

12 ns
=
209
8 H o0 $ ns
%06 ** S ns Ill? s rll? s
8 n ns I'I ﬂ ns ns r‘| P ?—? A e
5 ﬁ ¢ # oMb e
O

i uauuﬁh £ Ha b ikhub
&,}\‘3\@ A %5 ,\6‘\\" ) \i\ 02@ &\\‘9 e‘@\i«. N, \\‘° %00000 \\‘900 N
Q;’/\ X A /\’« X o 'b \
v o%%‘\*% o°0° ¢ 0 g & <‘° "’%\& @"M\ S
1% L& O (/, ‘?‘ & ¢
\(‘otx o‘b
¢ ¢
1G_subgroup 00



Jiang et al. Journal of Translational Medicine (2024) 22:948

the infiltration of NK, CD4+T, and CD8+ Tem cells
(Fig. 5D). These findings suggest that CXCL12 over-
expression might facilitate the infiltration of adaptive
immune cells (e.g., NK, CD4+T, and CD8 + Tem cells)
while reducing neutrophils and iDCs.

Tumor immune dysfunction and exclusion (TIDE) is a
predictor of the response to immune checkpoint inhibi-
tors (ICIs) in various cancers. The low TEC score group
had the lowest TIDE and dysfunction scores (Fig. 5E),
indicating that patients with lower TEC scores might
have less potential for immune escape and may respond
more effectively to IClIs.

We further investigated genomic alterations that
might be associated with immunological characteris-
tics. The primary mutated genes in the low TEC score
group were BAP1, TTN, and ARID1A, with an overall
mutation frequency of 69.75% (Fig. 5F). In contrast,
the primary mutated genes in the high TEC score
group were KRAS, TP53, and TTN, with an overall
mutation frequency of 84.87% (Fig. 5G). We hypoth-
esized that KRAS mutations might be attributable to
the poorer prognosis in ICC patients with high TEC
scores. Kaplan—Meier curve analysis confirmed that
patients with KRAS mutations had a worse prognosis
(HR=2.34, 95% CI 1.46-3.75, P=0.00026, Fig. 5H),
while patients with BAP1 mutations had a better prog-
nosis (HR=0.54, 95% CI 0.26-1.12, P=0.093, Fig-
ure S4A). Immune infiltration analysis revealed that
patients with KRAS mutations showed a significant
reduction in NK, B, CD4+T, and CD8+ Tem cells,
along with a marked increase in neutrophil and iDC
infiltration. Conversely, patients with BAP1 mutations
exhibited a contrasting trend (Fig. 5I). ICC patients
with KRAS mutations had higher TEC scores (Figure
S4B), and poorer prognoses (HR=3.19, 95% CI 1.36—
7.46, P=0.0048) (Fig. 5J). GSEA enrichment analysis
revealed that ICC patients with KRAS mutations were
predominantly enriched in pathways associated with
myeloid cell-driven inflammatory responses, includ-
ing neutrophil degranulation, inflammatory response,
and TNF-a signaling via NF-kB signaling pathways.

(See figure on next page.)
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In contrast, BAP1 mutations in ICC patients were
primarily enriched in the oxidative phosphorylation
(OXPHOS) signaling pathway (Figure S4C), which is
crucial for immune activation.

In summary, the TEC score can reflect the genomic
mutation status in ICC patients. KRAS mutations
may increase the infiltration of neutrophils and iDCs,
while decreasing the infiltration of NK, CD4+T, and
CD8+Tem cells. In contrast, BAP1 mutations and
CXCL12 overexpression have contrasting effects.

TECs interact with various immune cells

through the CXCL12/CXCR4 axis

To investigate the interactions between TECs and vari-
ous immune cells within the TME, the CellChat package
in R was used to perform a detailed analytical examina-
tion of cell-cell communication networks. The analy-
sis found significant interactions between TECs and
various immune cells in the TME (Fig. 6A). Further
analysis of the receptor—ligand pairs involved in interac-
tions between TECs and other cell types revealed that
CXCL12/CXCR4 is the primary signaling axis through
which TECs interact (Fig. 6B). TECs are the primary pro-
ducers of CXCL12 (Figure S5A), and ICC patients with
high CXCL12 expression levels have a better prognosis
(Fig. 5B).

We extracted the feature matrix from scRNA-seq
data and uploaded it to the CIBERSORTx online analy-
sis platform (https://cibersortx.stanford.edu/) to evalu-
ate the abundance of immune and stromal cells in each
ICC sample. The correlation heatmap depicted a robust
positive association between the prevalence of TECs and
the concurrent abundance of T cells and myeloid cells,
highlighting the interplay between these cells in the TME
(Figure S5B). Spatial transcriptomic deconvolution analy-
sis further confirmed the spatial co-localization of TECs
with T cells and B cells (Figs. 6C-E, S5C). Addition-
ally, TEC regions with high CXCL12 expression show a
marked tendency for co-localization with T cells and B
cells compared to regions with lower expression (Figure
S5D). This suggests that TECs may interact with immune

Fig. 5 Analysis of the relationship between CXCL12 expression levels, KRAS mutations, and TME immune cell infiltration. A Violin plot comparing
CXCL12 expression levels between high and low TEC score groups. B Kaplan—-Meier curves illustrating the relationship between CXCL12 mRNA
expression levels and patient prognosis. C Correlation bubble plot illustrating the relationship between CXCL12 and both oncogenes and tumor
suppressor genes. D Correlation bubble plot showing the relationship between CXCL12 and various cell infiltrates. E Comparison of TIDE scores
and Dysfunction scores in different TEC score groups. F Mutation waterfall plot showing the types and frequencies of gene mutations in the low
TEC score group among 119 ICC patients. G Mutation waterfall plot showing the types and frequencies of gene mutations in the high TEC score
group among 119 ICC patients. H Survival analysis under different gene mutation statuses, illustrated by Kaplan-Meier curves showing survival
differences between patients with mutated and wild-type KRAS. I Comparison of immune cell infiltration in the TME among patients with wild-type
genes, KRAS mutations, and BAP1 mutations. J Kaplan-Meier survival curve analysis comparing KRAS and BAP1 mutations with ICC patient

prognosis
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cells by secreting CXCL12, promoting immune activation
and exhibiting an anti-tumor effect. Multiplex immuno-
fluorescence staining experiments also confirmed the
chemotactic effect of TECs with high CXCL12 expres-
sion levels on both T and B cells (Fig. 6F, Figure S5E-F),
while those with low expression do not show this trend
(Fig. 6G).

TEC.Sig predicts the response to immunotherapy

To investigate the association between the TEC.Sig and
response to immunotherapy, we downloaded immu-
notherapy-related data from the GEO database for
primary HCC (GSE202069), melanoma (MGSP: Mela-
noma Genome Sequencing Project), and bladder cancer
(IMvigor210). The Cancerclass package in R software
was used to calculate the z-score based on the expres-
sion levels of TEC.Sig genes for each tumor patient, to
predict their responsiveness to immunotherapy. In the
GSE202069 dataset, we found that the TEC.Sig could
significantly predict immunotherapy outcomes in HCC
patients, with an AUC of 0.96 (95% CI 0.91-1, Fig. 7A).
Similarly, TEC.Sig also showed a high predictive value
in the MGSP and IMvigor210 datasets, with AUC val-
ues of 0.78 (95% CI 0.74—0.82) and 0.73 (95% CI 0.7-
0.76), respectively (Fig. 7B—C). Compared to previously
reported gene sets used for predicting immunotherapy
responses [38—41], TEC.Sig also exhibited larger AUC
values (Figs. 7D-F, S6A—-C). These results indicate that
TEC.Sig demonstrates a reliable level of accuracy for pre-
dicting the immunotherapy response.

Discussion

While exploring ICC pathogenesis and treatment strat-
egies, our study highlights the critical role of the TME,
particularly the heterogeneity and functional diversity of
TECs. ICC, a malignant tumor derived from secondary
bile duct epithelial cells, is predominantly an adenocar-
cinoma that can be classified into large duct and small
duct types [19, 20, 42]. ICC accounts for approximately
10-15% of primary liver cancers and 20% of cholangio-
carcinomas [43, 44]. Despite surgical resection being the
only potentially curative treatment for ICC, the high
recurrence rate (over 60%) severely impacts long-term

(See figure on next page.)
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patient survival, with a five-year survival rate of only
about 30% [45, 46]. This therapeutic limitation under-
scores the need for a deeper understanding of the ICC
TME, in order to develop more effective treatment
strategies.

Our study used single-cell sequencing technology to
reveal the functional heterogeneity of TECs within the
ICC TME, providing a novel perspective for elucidating
their involvement in angiogenesis, immune cell interac-
tions, tumor cell invasion and metastatic behavior, and
treatment resistance development [47-49]. In recent
years, the role of the TME in ICC growth and progres-
sion, particularly the genetic stability of TME compo-
nents (such as endothelial cells), has attracted increased
attention, which makes them potential therapeutic tar-
gets [50]. Biologic therapies such as bevacizumab that
target angiogenesis have shown positive effects in clinical
trials and preclinical models of various cancers. Changes
in the TEC phenotype and functional characteristics
reflect alterations at the transcriptional level, highlighting
their complex role in tumor development [51].

The TEC score, an innovative prognostic biomarker
based on TEC gene expression patterns, can predict
ICC patient prognosis and provide essential evidence for
clinical decision-making and risk stratification. The TEC
score is expected to become an effective tool for guiding
ICC treatment regimen selection and prognostic assess-
ment in the future. Additionally, the potential of the TEC.
Sig to predict the response to immunotherapy in ICC
patients offers new insights for optimizing immuno-
therapy regimens and reducing unnecessary side effects.
Future research should further validate the predictive
efficacy of TEC.Sig in larger sample populations and
explore its application in other cancer types.

Our study found a significant association between
KRAS and BAP1 mutations and the ICC immune
microenvironment. KRAS mutations may be associ-
ated with a pro-inflammatory and immunosuppressive
state of TECs, whereas BAP1 mutations may be linked
to immune activation and anti-tumor responses. KRAS
mutations are associated with the recruitment of myeloid
cells and MDSCs to the TME, driving immunosuppres-
sion [52]. TP53 and KRAS co-mutations might promote

Fig. 6 TECs interact with T cells and B cells. A Interaction network diagram depicting the relationships between TECs and other cell types. B Dot
plot illustrating the strength of interactions, with a focus on the CXCL12/CXCR4 signaling axis. C Histological image of ICC tumor samples. D Spatial
transcriptomic analysis showing the spatial distribution of endothelial cell signatures, B cell signatures, and T cell signatures within the ICC tissue.

E Spatial maps showcasing the signature expression of VWF and CLDN5 (endothelial markers), CD79A (B cell marker), and CD8A (T cell marker),
illustrate the spatial co-localization of these cells within the tissue. F Immunofluorescence staining experiments demonstrated that endothelial cells
in tumor tissues secrete higher levels of CXCL12, which is associated with increased infiltration of T cells and B cells around the endothelial cells. G
Immunofluorescence staining experiments showed that endothelial cells in tumor tissues secrete lower levels of CXCL12, accompanied by reduced

infiltration of T cells and B cells around the endothelial cells
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Fig. 7 Performance evaluation of the prediction model. A ROC curve of the prediction model using the GSE202069 dataset, with an AUC value
of 0.96. B ROC curve of the prediction model using the MGSP dataset, with an AUC value of 0.78. C ROC curve of the prediction model using
the IMvigor210 dataset, with an AUC value of 0.73. D Comparison of AUC values of the prediction model on the GSE202069 dataset using

radar charts, demonstrating the performance of the TEC.Sig compared to other models used for predicting the immunotherapeutic response.
E Comparison of AUC values of the prediction model on the MGSP dataset using radar charts, demonstrating the performance of the TEC.

Sig compared to other models used for predicting the immunotherapy response. F Comparison of AUC values of the prediction model

on the IMvigor210 dataset using radar charts, demonstrating the performance of the TEC.Sig compared to other models used for predicting
the immunotherapy response

extrahepatic metastasis of ICC through the activation of  is directly related to tumorigenesis [54, 55]. We observed
the integrin-FAK-SRC signaling pathway [17, 53]. BAP1, that patients with BAP1 mutations had a better progno-
a tumor suppressor gene, expresses a deubiquitinating sis, which may be related to reduced monocytic cells and
enzyme and is mutated or deleted in various tumors, and  decreased chronic inflammation in tumors. Meanwhile,
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BAP1 mutations may lead to tumor cells producing more
immunogenic neoantigens, thereby initiating a stronger
anti-tumor immune response [56, 57].

Through methods such as single-cell sequencing, spa-
tial transcriptomic sequencing, and multiplex immu-
nofluorescence staining, we confirmed that in the ICC
TME, TECs with high CXCL12 expression exhibit chem-
otactic effects on T cells and B cells. These TECs inter-
act with immune cells by secreting CXCL12, promoting
immune cell activation and exhibiting a significant anti-
tumor immune effect. However, it should be noted that
the CXCL12/CXCR4 axis exhibits heterogeneity across
different cancer microenvironments and might play a
pro-tumor role in certain tumors [58]. For example, in
prostate cancer, the CXCL12/CXCR4 signaling axis has
been found to play a role in promoting tumor angiogen-
esis [58-60]. In gastrointestinal malignancies, CXCL12
binds to the CXCR4 receptor on the tumor cell surface,
activating anti-apoptotic signaling pathways, while pro-
moting epithelial-mesenchymal transitions, ultimately
leading to the resistance of tumor cells to the immune
system [61].

In conclusion, our study reveals the complex role of
TECs in the ICC TME and provides new biomarkers and
potential targets for ICC treatment. Several potential lim-
itations were identified, including the limited sample size
for both scRNA-seq and spatial transcriptomic sequenc-
ing. Additionally, this study did not address the specific
molecular mechanisms by which the downstream sign-
aling pathways of the CXCL12/CXCR4 axis activate
immune cells. Future studies can explore the interactions
between TECs and immune cells and assess the use of
TECs as biomarkers and targets for ICC treatment.
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Additional file 1: Figure S1. Distribution of different cell types in ICC.Quality
control metrics for scRNA-seq data across different cell types identified in
the ICC TME.t-SNE plot for classifying cell types based on the expression
levels of typical marker genes.Boxplot of ROGUE scores representing the
purity of different endothelial cell subpopulations.Dot plot showing the
expression of three key genesacross different cell types.The violin plot
illustrates a comparison of the combined expression levels of CXCL12,
TCF7L2, and SYNPO across different cell types. Figure S2. Relationship
between the TEC score, survival time, and clinical characteristics.Diagram
depicting the relationships between risk factors in the training set, includ-
ing ranked plot showing the high and low distribution of TEC scores,
scatter plots of the distribution of patient survival, and heatmaps showing
changes in gene expression levels with TEC scores.Time-dependent ROC
curve of TEC scores, with an AUC value of 0.75and 0.79.A comparison of
survival curves between high and low TEC score groups in the GSE89749
dataset, demonstrated using Kaplan-Meier curves showing a poorer
prognosis for the high TEC score group.Time-dependent ROC curve of
TEC scores in the GSE89749 dataset, with an AUC value of 0.57and 0.65.
Correlation between TEC scores and CEA levels, demonstrated using a
scatter plot showing the positive correlation between the two.Correlation
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between TEC scores and CA19-9 levels, demonstrated using a scatter

plot showing the positive correlation between the two.Forest plot of

the HR and p-value between different clinical characteristic groups, with
Cox univariate regression analysis demonstrating how significant clinical
factors affect ICC patient prognosis.Cox multivariate regression analysis
further confirmed the independent risk factors affecting ICC patient
prognosis. Figure S3. GSEA of the high TEC score group.Enrichment plot
demonstrating significant enrichment of the high TEC score group in the
inflammatory response pathway.Enrichment plot highlighting significant
enrichment of the high TEC score group in the IL6/JAK/STAT3 signaling
pathway.Enrichment plot demonstrating significant enrichment of the
high TEC score group in the TGF-f signaling pathway.Enrichment plot
revealing significant enrichment of the high TEC score group in the TNFa/
NF-kB signaling pathway.lt illustrates the relationship between neutrophil
infiltration and iDC infiltration with the expression levels of immuno-
suppressive genes in the TME of ICC.Correlation heatmap showing the
relationships between CXCL12 expression, TEC score, and the expression
of the three genes constituting TECSig. Figure S4. Impact of different gene
mutation statuses on the TEC score and patient prognosis.Impact of BAP1
mutations on the survival time, demonstrated using Kaplan-Meier curves
showing the differences in survival between patients with BAPT mutations
and wild-type genes.Comparison of TEC scores between patients with
BAP1 and KRAS mutations, presented as a bar graph showing significantly
higher TEC scores in patients with KRAS mutations, compared to those
with BAP1 mutations.GSEA enrichment analysis demonstrating differential
pathway enrichment in patients with KRAS and BAP1 mutations. Figure S5.
CXCL12 expression and spatial distribution in TECs.Violin plot demon-
strating high CXCL12 expression in endothelial cells compared to other
cell types.Correlation heatmap illustrating the associations between TEC
abundance and other cell types in the TME Spatial transcriptomics map
revealing the distribution of different cell types in tissue sections, with

all cells segregating into five clusters.Spatial expression map of CXCL12
within the TME.In the multiplex immunofluorescence staining experiment,
the analysis showed a positive correlation trend between CXCL12 and
CD8 expression.In the multiplex immunofluorescence staining experi-
ment, a significant positive correlation was observed between CXCL12
and CD79A expression. Figure S6. ROC curves of TEC.Sig for predicting
immunotherapy responses in different datasets.ROC curve of TEC.Sig in
the GSE202069 dataset, with an AUC value of 0.96.ROC curve of TEC.Sig in
the MGSP dataset, with an AUC value of 0.78.ROC curve of TEC.Sig in the
IMvigor210 dataset, with an AUC value of 0.73
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