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Single-cell analyses unravel ecosystem dynamics and
intercellular crosstalk during gallbladder cancer malignant
transformation
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Abstract

Background: Gallbladder cancer (GBC) is a rare but aggressive malig-

nancy, often detected late due to early asymptomatic stages. Understanding

cellular and molecular changes from normal tissue to high-grade intra-

epithelial neoplasia (HGIN) and invasive GBC is vital for identifying early

biomarkers and therapeutic targets.

Methods: We performed single-cell RNA sequencing on 98,113 cells

derived from 2 normal adjacent tissues (NAT), 2 HGIN, and 6 GBC samples.

The cellular diversity and heterogeneity, particularly within epithelial and

immune cell populations in NAT–HGIN–GBC, were investigated utilizing

single-cell RNA sequencing, bulk RNA sequencing (bulk RNA-seq), and 10

machine learning methodologies. Furthermore, the intercellular crosstalk

between epithelial cells and tumor immune microenvironment cells was

examined and validated through multiplex immunofluorescence staining.

Results: The constructed cell atlas elucidated alterations in the immune

landscape across various states of NAT–HGIN–GBC, highlighting a more

pronounced inhibitory immune microenvironment in GBC. The epithelial

subtype TOP2A+ Epi is markedly elevated in GBC and is correlated with a

poor prognosis. Key genes associated with this subtype may include GMNN,

CYTOR, KLK6, and BIRC5. Similarly, immunosuppressive macrophages,

identified as TOP2A+ Macro, also increase along the NAT–HGIN–GBC

sequence and are linked to reduced patient survival. Furthermore, TOP2A+
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Macro and CD8+ exhausted T cells (CD8+ Tex) engage in intercellular

communication with epithelial TOP2A+Epi cells via the TWEAK/FN14 sig-

naling pathway, thereby promoting tumor progression and immune evasion

in GBC. The findings were further corroborated through multiplex immuno-

fluorescence staining conducted on specimens from patients.

Conclusions: This study elucidates significant alteration in the cellular

ecosystems and intercellular signaling within the tumor immune micro-

environment across the NAT–HGIN–GBC sequence. It identifies TOP2A,

TWEAK, and FN14 as potential biomarkers and therapeutic targets for GBC.

Keywords: intercellular communication, single-cell RNA sequencing,
TOP2A, tumor immune microenvironment, TWEAK/FN14 signaling

INTRODUCTION

Gallbladder cancer (GBC) is an uncommon yet highly
aggressive malignancy within the biliary tract cancers.[1]

Despite its low incidence, GBC poses significant
challenges due to its asymptomatic nature in early
stages and its rapid progression, often resulting in late
diagnosis and a 5-year survival rate of <20%.[2] GBC
develops through 2 distinct primary pathways. The more
prevalent pathway is linked to cholecystitis induced by
cholelithiasis, predominantly affecting elderly individuals,
particularly women.[3] The second pathway, associated
with anomalous pancreaticobiliary duct junction
(APBDJ), predominantly occurs in young patients in
Japan, exhibiting less female predominance and lower
rates of cholelithiasis.[4,5] At the molecular level, GBC
related to APBDJ frequently involves mutations in KRAS
followed by TP53, whereas GBC-associated cholelithia-
sis typically presents with early TP53 mutations and
infrequent KRAS involvement. This distinction suggests
the need for tailored diagnostic approaches.[6,7] However,
both pathways converge during their progression through
high-grade intraepithelial neoplasia (HGIN), also referred
to as severe dysplasia, and carcinoma in situ, ultimately
culminating in invasive carcinoma.[8,9] At present,
research on the mechanisms driving the transition from
HGIN to GBC remains insufficient.

The tumor immune microenvironment (TIME) is
pivotal in cancer progression, as it modulates immune
responses and fosters an immunosuppressivemilieu that
facilitates tumor growth, invasion, and metastasis.[10] The
majority of GBCs are characterized by an immune-
suppressed microenvironment, which results in a low
objective response rate to immune checkpoint inhibitor
therapy.[11] Single-cell RNA sequencing (scRNA-seq)
has markedly enhanced our comprehension of the TIME
by facilitating high-resolution characterization of the
diverse immune cell populations and their functional
states within tumors. This technology elucidates the

intercellular interactions that drive cancer progression
and informs the development of more effective cancer
immunotherapies.[12] However, the rarity of GBC and the
challenges associated with obtaining fresh tissue sam-
ples substantially impede comprehensive single-cell
analysis studies of this malignancy.[13] Zhang et al
demonstrated that elevated levels of midkine (MDK) in
GBC interact with its receptor, LDL receptor-related
protein 1 (LRP1), to facilitate the differentiation of
immunosuppressive macrophages. Furthermore, they
found that CXCL10 secreted by macrophages, and its
receptor CXCR3 engage in crosstalk with regulatory T
cells (Tregs) in GBC cases exhibiting ErbB pathway
mutations.[14] Wang et al[15] identified distinct cellular
reprogramming events in GBC, transitioning from inflam-
mation to malignancy, and pinpointed key markers for
early-stage carcinogenesis as well as potential thera-
peutic targets. Xie et al[16] explored immune alterations in
GBC liver metastasis following PD-1 blockade, under-
scoring potential biomarkers for predicting immuno-
therapy outcomes. Chen et al[17] employed scRNA-seq
to analyze samples from 5 patients, including primary
tumors, lymph node metastases, and adjacent normal
tissues, to investigate cellular heterogeneity and micro-
environmental dynamics in GBC. In a separate study, He
et al utilized both scRNA-seq and whole-genome
sequencing on a variety of gallbladder disease samples
to uncover a suppressive immune microenvironment in
GBC. They identified OLFM4 as a critical factor driving
GBC progression by promoting immune evasion through
mechanisms such as T-cell dysfunction, macrophage
infiltration, and PD-L1 expression via the MAPK–AP1
signaling axis.[18]

Despite significant advancements in the understand-
ing of GBC and its immune microenvironment, the
progression from normal adjacent tissue (NAT) through
HGIN to invasive GBC remains insufficiently explored.
This transformation entails critical alterations in cellular
composition and immune modulation, which are
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essential to understanding GBC pathogenesis. This
study seeks to address this research gap by using
scRNA-seq to analyze the dynamic changes across the
NAT–HGIN–GBC sequence. By revealing shifts within
the TIME and identifying key regulatory pathways and
intercellular ligand–receptor interactions, our research
aims to uncover potential biomarkers and therapeutic
targets critical for early intervention and improved
management of GBC.

METHODS

Patient enrollment and specimen collection

A total of 10 surgically resected fresh tissue samples
were collected, including 2 NAT (P1, P3), 2 HGIN (P2,
P4), and 6 GBC (P1, P3, P5–P8), from patients who had
not received any prior treatment, between November
2023 and March 2024. Detailed information on patient
characteristics and sample types is provided in Supple-
mental Table S1, http://links.lww.com/HC9/B963. Writ-
ten informed consent was obtained from each patient,
and the study was approved by the Institutional Review
Board of Qilu Hospital (registration number: KYLL-2024
(ZM)-685).

Single-cell capture and cDNA synthesis

Single-cell capture and cDNA synthesis were per-
formed using the Single Cell 3′ Library and Gel Bead
Kit V3.1 (10× Genomics, 1000121) and the Chromium
Single Cell G Chip Kit (10× Genomics, 1000120). The
cell suspension, containing 300–600 viable cells per
microliter as determined by Count Star, was loaded
onto the Chromium Single Cell Controller (10×
Genomics) to produce single-cell gel beads in emul-
sion (GEMs) according to the manufacturer’s protocol.
Briefly, single cells were suspended in PBS with
0.04% bovine serum albumin, and ~6000 cells were
added per channel, aiming to recover around 3000
cells. Captured cells were lysed, and RNA was
released and barcoded through reverse transcription
within individual GEMs. Reverse transcription was
performed using an S1000TM Touch Thermal Cycler
(Bio-Rad) at 53°C for 45 minutes, followed by 85°C for
5 minutes, and held at 4°C. The cDNA was then
generated and amplified, and its quality was assessed
using an Agilent 4200 system (performed by Capital-
Bio Technology).

scRNA-seq library preparation

Single-cell RNA-seq libraries were constructed using
the Single Cell 3′ Library and Gel Bead Kit

V3.1 according to the manufacturer’s instructions.
Sequencing was performed on an Illumina NovaSeq.
6000 sequencer, achieving a sequencing depth of at
least 100,000 reads per cell with a paired-end
150 bp (PE150) strategy (performed by CapitalBio
Technology).

scRNA-seq data processing

Raw gene expression matrices for each sample were
generated using the Cell Ranger pipeline with the
human reference genome version GRCh38.

The filtered gene expression matrices were ana-
lyzed using R software with the Seurat package. In
brief, genes expressed in more than 0.1% of cells and
cells with over 200 detected genes were selected for
further analysis. Low-quality cells were excluded if
they met the following criteria: (1) fewer than 200
genes detected or (2) > 20% of UMIs (unique
molecular identifiers) derived from mitochondrial
genes. After filtering, the gene expression matrices
were normalized using the NormalizeData function,
and 2000 highly variable features were identified using
the FindVariableFeatures function. Principal compo-
nent analysis (PCA) was performed on scaled data
using the RunPCA function with default settings to
reduce dataset dimensionality. The ElbowPlot and
DimHeatmap functions were used to determine the
appropriate dimensionality for each dataset. Cell
clustering was conducted using the FindNeighbors
function (top 15 principal components) and the
FindClusters function (resolution= 0.5), followed by
nonlinear dimensional reduction using the RunUMAP
function with default parameters. Differentially
expressed genes (DEGs) for each cluster were
identified using the Wilcoxon test. Genes with signif-
icant differences in expression (adjusted p value
< 0.05 and log FC > 0.25) were considered marker
genes. Clusters were annotated based on these
marker genes to determine specific cell types. For
each major cell type, sub-clustering was performed by
extracting the relevant cells from the integrated data-
set and conducting clustering again using cell-type-
specific resolution.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was performed
to identify enriched biological processes and pathways
associated with the DEGs in each cluster. The DEGs
from each cluster were ranked by log fold change, and
GSEA was conducted using the clusterProfiler package
in R. We used the Molecular Signatures Database
(MSigDB) for pathway annotations, focusing on hall-
mark gene sets (H) and Gene Ontology (GO) terms.
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Enrichment scores and significance levels were calcu-
lated to determine the pathways that were significantly
associated with each cluster. Pathways with an
adjusted p value <0.05 were considered significantly
enriched. Visualization of enriched pathways was
carried out using the enrichplot and ggplot2 packages
in R to generate dot plots and enrichment plots,
highlighting key biological processes involved in the
different cell populations.

Single-cell trajectories analysis

Single-cell trajectories were constructed using the
monocle 2 R package, introducing the concept of
pseudotime to infer cell developmental progressions.
Genes were filtered based on the following criteria:
expressed in more than 10 cells, average expression
greater than 0.1, and a Q value below 0.01 across
different analyses.

CytoTRACE analysis

To estimate the differentiation potential of cells, we
employed the CytoTRACE algorithm, which predicts
differentiation states based on gene expression
profiles.[19] This analysis served as a validation of the
trajectory analysis, offering an independent perspective
on cellular differentiation.

Copy number variations analysis

We used the InferCNV R package to analyze copy
number variation (CNV) across epithelial cells in
different groups. CNVs were estimated by comparing
gene expression levels against a reference set of NAT
epithelial cells. The analysis was performed using
default parameters, including a window size of 101
genes and a smoothing function to reduce noise in the
data. To distinguish malignant cells, we established
baselines for nonmalignant epithelial clusters by ana-
lyzing moving-averaged expression profiles with a 100-
gene sliding window. Cells were quantified through
CNV scores (genome-wide mean squared values) and
Pearson correlation with malignant cell CNV profiles.[20]

Bulk RNA-seq datasets analysis

We obtained 2 public cholangiocarcinoma datasets
from the Gene Expression Omnibus (GEO) and The
Cancer Genome Atlas (TCGA), specifically GSE244807
and TCGA-CHOL. Data from both datasets were
preprocessed, normalized, and log-transformed to
ensure consistency.

Cell-type deconvolution of GEO samples

Cell-type deconvolution of GEO samples (GSE244807)
was performed to estimate the proportions of different
cell types in the bulk RNA-seq data. We used the
BayesPrism R package to deconvolute the bulk
expression profiles into cell type-specific proportions,
leveraging the scRNA-seq data as a reference.

Machine learning analysis with Mime

We used the Mime R package to identify key prognostic
features, a versatile machine-learning framework for
building and visualizing predictive models.[21] Mime
integrates various machine learning algorithms to
simplify model construction and feature selection,
enabling effective use of complex transcriptomic data-
sets. We applied the package to create prognostic
models based on RNA-seq data from our study, aiming
to identify gene signatures linked to patient outcomes.
Models were built using cross-validation, and their
performance was assessed with metrics such as the
concordance index (C-index) and the area under the
receiver operating characteristic (AUC) curve.

Cell-cell communication analysis with
CellChat

The CellChat R package was utilized to investigate
ligand–receptor interactions between epithelial and
TIME cells, as outlined in a previous study.[22] Recep-
tors and ligands expressed in over 10% of cells within a
specific cluster were selected for subsequent analysis.
The putative ligand–receptor pairs were visualized
using the ggplot2 package to illustrate interactions
between distinct cell subpopulations.

Multiplex immunofluorescence staining

Paraffin-embedded tissue sections were dewaxed, rehy-
drated, and subjected to antigen retrieval in pH 6.0 citrate
buffer. Endogenous peroxidase activity was blocked
using 3% hydrogen peroxide, followed by serum blocking
with 10% rabbit serum or 3% bovine serum albumin,
depending on the primary antibody source. Sequential
primary antibody incubations were performed at 4 °C
overnight, each followed by incubation with species-
specific HRP-conjugated secondary antibodies and
tyramide signal amplification for fluorescence detection.
After each tyramide signal amplification application,
slides underwent microwave treatment in citrate buffer
to remove the primary and secondary antibodies,
allowing for sequential rounds of staining. This cycle
was repeated for each marker, including TWEAK, FN14,

4 | HEPATOLOGY COMMUNICATIONS



TOP2A, and CD68. Finally, sections were counter-
stained with DAPI, quenched for autofluorescence, and
mounted with an antifade mounting medium. Images
were acquired with a high-resolution fluorescence
microscope, and co-localization and spatial relationships
of markers were analyzed digitally.

Statistical analysis

All statistical analyses were conducted using R language
(version 4.2.2) software. Kaplan–Meier survival analysis
was performed using the R packages “survminer” and
“survival.” Specifics regarding statistical tools, methods,
and significance thresholds are provided in the relevant
methods, results sections, and figure legends.

RESULTS

Altered subpopulation patterns of cells in
the NAT–HGIN–GBC progression)

We collected a total of 10 samples, including 2 NAT, 2
HGIN, and 6 GBC, to investigate tumor heterogeneity,
cellular diversity, and molecular characteristics along the
NAT–HGIN–GBC progression (Figure 1A). Following
rigorous quality control measures, we analyzed 98,113
cells and identified 10 distinct cell types using canonical
marker genes. These included epithelial cells (EPCAM
and KRT19), T and NK cells (CD3D, CD3E, NKG7, and
GNLY), B cells (MS4A1 and CD79A), plasma B cells
(IGHG1), neutrophils (CSF3R), macrophages (CD163
and CD68), mast cells (TPSAB1), fibroblasts (COL1A1
and ACTA2), stromal cell (IGHG1 and COL1A1), and
endothelial cells (PECAM1 and KRT19) (Figures 1B–E
and Supplemental Figures S1A, B, http://links.lww.com/
HC9/B964). The DEGs and marker genes corroborated
the precision cell type identification (Figure 1F and
Supplemental Figure S1C, http://links.lww.com/HC9/
B964). Notably, the populations of epithelial, macro-
phage, and neutrophil cells were more abundant in tumor
samples (HGIN and GBC), compared to benign controls
(NAT). Conversely, the populations of T, NK, and B cells
were more prominent in the control sample than in the
tumor samples (Figure 1G and Supplemental Figure
S1D, http://links.lww.com/HC9/B964). These observa-
tions indicate an increased malignancy in GBC, charac-
terized by a predominantly immunosuppressive tumor
microenvironment (TME).

Elevation of TOP2A+Epithelial drives the
NAT–HGIN–GBC progression

Initially, we analyzed chromosomal CNVs across all
epithelial cells, revealing a progressive increase in CNV

levels along the NAT–HGIN–GBC progression, which
reflects heightened genomic instability as cancer
progresses. Notably, epithelial cells from GBC showed
significantly more chromosomal amplifications and
deletions compared to those from NAT and HGIN
(Figure 2A). To further elucidate the heterogeneity of
epithelial cells, we performed an in-depth analysis of
epithelial subtypes. A total of 21,629 epithelial cells
were re-clustered into 6 distinct subpopulations (Epi0–
Epi5), each characterized by specific individual mark-
ers, including MUC16+Epi (Epi0), TM4SF4+Epi (Epi1),
SRGN+Epi (Epi2), TOP2A+Epi (Epi3), FGF3+Epi (Epi4),
and KRT6A+Epi (Epi5). FGF3+Epi and KRT6A+Epi cells
represent cancer-associated epithelial cells that are
uniquely present in GBC (Figure 2B and Supplemental
Figures S2A–C, http://links.lww.com/HC9/B964). Based
on CNV scores and correlation analyses, we extracted
malignant epithelial cells and performed a re-clustering.
Our findings revealed that, in addition to the cancer-
associated epithelial subtypes FGF3+Epi and KRT6A
+Epi, the TOP2A+Epi subgroup exhibited the highest
proportion of malignant cells (Figure 2C and Supple-
mental Figures S2D, E, http://links.lww.com/HC9/B964).
Our analysis revealed that the proportions of MUC16
+Epi and TOP2A+Epi cells, compared to other clusters,
consistently increased across the NAT–HGIN–GBC
sequence, with the TOP2A+ subtype showing a more
dramatic elevation specifically in GBC (Figure 2D and
Figure S2F, G, http://links.lww.com/HC9/B964). These
observations suggest that these subtypes may play a
significant role in facilitating tumor progression and
malignancy in GBC.

We further performed GSEA and discovered that
distinct epithelial clusters and groups demonstrated
unique biological functions. The GBC group showed
significant engagement in various tumor-associated
signaling pathways, including Wnt, Hippo, and MAPK,
as well as pathways related to protein synthesis and
metabolism, such as Ribosome, Spliceosome, and
Proteasome. Conversely, the NAT and HGIN groups
were primarily enriched in immune-related pathways,
indicating a more immunologically active TME in
comparison to the GBC group. In particular, the
TOP2A+ Epi subtype within the tumor cohort exhibited
enrichment in DNA replication and cell cycle pathways,
underscoring its potential role in facilitating accelerated
cell proliferation and tumor progression (Figure 2E). To
elucidate the underlying evolution of cellular states
among epithelial cells, we employed trajectory analysis
using the Monocle 2 algorithm. The resultant inferred
state transition trajectory delineated 2 distinct lineages,
manifesting a bifurcated structure transitioning from a
progenitor state to a terminal differentiation state. By
integrating insights from clustering and pseudotime
analyses, TOP2A+ and MUC16+ Epi epithelial cells
were found to occupy intermediate to late differentiation
states (Figure 2F and Supplemental Figure S2H, http://
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F IGURE 1 scRNA-seq analysis of cellular heterogeneity across NAT, HGIN, and GBC samples. (A) Schematic showing sample collection and
analysis workflow. (B) UMAP clustering of cells with color-coded cell types. (C) UMAP plot of cells color-coded by sample group (NAT, HGIN, and
GBC). (D) UMAP plot of cells color-coded by individual sample origin. (E) Violin plots showing canonical marker gene expression levels across
identified cell types. (F) Heatmap depicting differentially expressed genes across cell clusters. (G) Stacked bar plot showing the relative pro-
portions of each cell type in NAT, HGIN, and GBC samples. Abbreviations: GBC, gallbladder cancer; HGIN, high-grade intraepithelial neoplasia;
NAT, normal adjacent tissue; scRNA-seq, single-cell RNA sequencing; UMAP, uniform manifold approximation and projection.
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and HGIN. (B) UMAP clustering of epithelial cells identifying specific subtypes. (C) UMAP clustering of malignant epithelial cells identified based
on CNV analysis. (D) Pie and line plots comparing the proportions of each epithelial subtype across different groups. (E) Dot plot showing enriched
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SINGLE-CELL INSIGHTS INTO GALLBLADDER CANCER PROGRESSION | 7



links.lww.com/HC9/B964). CytoTRACE scores were
calculated for each epithelial cell, revealing that
TOP2A+ and MUC16+ Epi cells were in intermediate
differentiation states, whereas FGF3+ Epi and KRT6A+
Epi cells were in late differentiation states (Supplemen-
tal Figure S2I, http://links.lww.com/HC9/B964). These
results imply that these subpopulations may be instru-
mental in promoting tumor aggressiveness and estab-
lishing terminally differentiated cancer phenotypes.
Furthermore, cell-type deconvolution using the
BayesPrism R package on RNA-seq data from the
GSE244807 cohort demonstrated an association be-
tween the TOP2A+ Epi subtype and poor patient
survival (Figure 2G). In summary, the findings suggest
that the TOP2A+ Epi subtype is instrumental in
advancing the progression of the NAT–HGIN–GBC
sequence.

To pinpoint key genes linked to TOP2A+ Epi, we
identified the top 300 DEGs from the TOP2A+ Epi
subtypes as potential candidates. For this purpose, we
employed the GSE244807 dataset for training and the
TCGA-CHOL cohort for validation. Using the Mime R
package, we developed 117 models by integrating ten
distinct machine learning algorithms. Among the eval-
uated models, the combined RSF + StepCox[both]
exhibited the highest mean C-index in both the training
and validation cohorts, with values of 0.71 and 0.61,
respectively, thereby indicating its superior performance
(Figure 3A). By employing the median risk score derived
from this selected model, we stratified patients into high-
risk and low-risk groups. Notably, patients classified
within the high-risk group exhibited significantly poorer
outcomes in the GSE244807 cohort (Figure 3B). The
discriminatory efficacy of the model was assessed using
ROC analysis, yielding AUC values of 0.820, 0.817, and
0.766 for the 1-year, 3-year, and 5-year outcomes in the
GSE244807 cohort, and 0.697, 0.638, and 0.582 for the
TCGA-CHOL cohort, respectively (Figure 3C and Sup-
plemental Figures S3A–F, http://links.lww.com/HC9/
B964). Additionally, we identified the top 20 core genes
associated with prognosis, including GMNN, CYTOR,
KLK6, and BIRC5 (Figures 3D–F). These genes were
found to play pivotal roles in cell cycle regulation,
proliferation, and apoptosis, underscoring their potential
as therapeutic targets.

TOP2A + Macro and CD8+ Tex involved in
immunosuppressive TME in GBC

To clarify the TIME throughout the progression of the
NAT–HGIN–GBC sequence, we conducted a compre-
hensive subtype analysis of macrophages and T/
NK cells.

Tumor-associated macrophages (TAMs) play a piv-
otal role in modulating immune responses and facilitating
cancer progression.[15,23] Our analysis identified eight

distinct macrophage (Macro) subpopulations, which
were visualized using Uniform Manifold Approximation
and Projection (UMAP) embeddings. These subpopula-
tions were classified according to specific markers as
follows: Macro1 (TOP2A+ Macro), Macro2 (CCSER1+
Macro), Macro3 (EREG+ Macro), Macro4 (FMNL2+
Macro), Macro5 (FYN+ Macro), Macro6 (IGKC+ Macro),
and Macro7 (IGFBP7+ Macro) (Figures 4A, B and
Supplemental Figures S4A–C, http://links.lww.com/
HC9/B964). The analysis of cell proportions among
Macro subtypes demonstrated considerable inter-group
heterogeneity. Specifically, the proportion of TOP2A
+Macro cells increased progressively along the NAT–
HGIN–GBC sequence, exhibiting statistical significance.
These TOP2A+ Macro cells were identified as TAM cells
(Figures 4C, D and Supplemental Figure S4D, http://
links.lww.com/HC9/B964). GSEA further revealed dis-
tinct biological functions among the Macro subtypes.
Notably, the TOP2A+ Macro subtype showed specific
enrichment in pathways related to cell cycle regulation
and DNA replication, indicating its potential role in
facilitating tumor proliferation (Figure 4E). Pseudotime
trajectory analysis showed that the Macro subtypes
exhibited a bifurcated structure, with TOP2A+ Macro
subtypes predominantly situated at the terminal stages of
cellular differentiation (Figure 4F). This observation
implies their participation in the concluding phases of
macrophage maturation and their potential contribution
to tumor progression. Furthermore, BayesPrism decon-
volution analysis showed an association between the
TOP2A+ Macro subtype and reduced patient survival
(Figure 4G).

The identified T/NK cell populations encompass the
following subtypes: CD4+ regulatory T cells (CD4+ Treg),
CD4+ naïve T cells (CD4+ Tn), CD4+ memory T cells
(CD4+ Tm), CD4+ exhausted T cells (CD4+ Tex), CD8+
effector T cells (CD8+ Te(1) and Te(2)), CD8+ memory T
cells (CD8+ Tm(1) and Tm(2)), CD8+ exhausted T cells
(CD8+ Tex), double-positive T cells (CD8+CD4+ T), and
natural killer cells (NK) (Figures 5A, B and Supplemental
Figure S5A, B, http://links.lww.com/HC9/B964). Notably,
among these, only the proportion of CD8+ Tex cells
exhibited a significant increase throughout the NAT–
HGIN–GBC progression (Figures 5C, D and Supplemen-
tal Figure S5C, http://links.lww.com/HC9/B964). The
CD8+ Tex subtype was found to be enriched in pathways
associated with the regulation of immune responses and
the functional roles of immune cells (Figure 5E). Pseudo-
time trajectory analysis of CD8+ T cells indicated that
CD8+ Te cells act as the initial differentiated cells, CD8+
Tm cells represent an intermediate state, and these
ultimately differentiate into CD8+ Tex cells (Figure 5F).
Notably, the increased presence of CD8+ Tex cells was
significantly correlated with poor patient survival, suggest-
ing a potential role in the progression of GBC (Figure 5G).

Cell-type deconvolution of bulk RNA-seq data from the
GSE244807 cohort demonstrated a significant positive
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correlation between TOP2A+ Macro and CD8+ Tex, while
revealing a negative correlation with CD8+ Te, further
validating the immunosuppressive role of TOP2A+ Macro
(Figures 5H–J).

To explore the interactions between macrophages
and T cells, we employed the CellChat R package. Our
analysis revealed that TOP2A+ Macro exhibited robust
interactions with other cell types, both in terms of
frequency and intensity (Supplemental Figure S6A,
http://links.lww.com/HC9/B964). Importantly, we identi-
fied that the PD-L1 signaling pathway specifically
originates from TOP2A+ Macro and CD8+ Tex cells
(Supplemental Figures S6B, C, http://links.lww.com/
HC9/B964). The ligand–receptor pair involved in this
pathway is CD274–PDCD1, with CD274 predominantly
expressed in TOP2A+ Macro, while PDCD1 is exclu-
sively expressed in CD8+ Tex cells (Supplemental
Figure S6D, http://links.lww.com/HC9/B964).

In conclusion, relative to NAT and HGIN, GBC
displays a markedly more pronounced immuno-
suppressive TME, with TOP2A + Macro and CD8+
Tex identified as pivotal subtypes contributing to this
phenomenon.

TOP2A+ Epi interacts with TOP2A+ Macro
and CD8+ Tex via TWEAK/FN14 signals to
promote GBC

To explore the interactions between epithelial cells and
TIME cells, specifically TOP2A+ Macro and CD8+ Tex,
we conducted intercellular crosstalk analyses utilizing
ligand–receptor pair interactions.

The analysis revealed that TOP2A+ Epi cells engage
in the most extensive communication with other cell
types, both in terms of the quantity and intensity of
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interactions (Figure 6A). We identified 84 signaling
pathways across eight distinct cell groups, examining
their outgoing (sender) and incoming (receiver) com-
munication patterns to elucidate intercellular signaling
dynamics (Supplemental Figure S6E, http://links.lww.
com/HC9/B964). Notably, among these pathways,
the TWEAK signaling pathway was predominantly

derived from TOP2A+ Macro and TOP2A+ Epi cells
(Figures 6B, C). The ligand–receptor pair was TWEAK
(TNFSF12)–FN14 (TNFRSF12A), with TWEAK being
primarily expressed in TOP2A+ Macro cells, whereas
FN14 was predominantly expressed in TOP2A+ Epi
cells (Figures 6D–F). Given the elevated specific
expression of TOP2A in these two cell subtypes, we
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conducted a correlation analysis, that demonstrated a
significant proportional relationship between the sub-
types across various samples (Figure 6G). This finding
implies a close interaction between the two subtypes,
with TOP2A potentially serving a critical regulatory
function in this interaction. Furthermore, multiplex
immunofluorescence staining indicated that GBC exhib-
ited high expression levels of TWEAK, FN14, and
TOP2A. The spatial proximity of TWEAK and FN14
underscores their ligand–receptor interaction. A sub-
stantial overlap was identified between FN14 and
CD68, suggesting that FN14 originates from macro-
phages. Additionally, TOP2A exhibited overlap with
both TWEAK and FN14, indicating its expression in
both epithelial and macrophage cells (Figure 6H).

In the context of TOP2A+ Epi and CD8+ Tex, the
specific cellular crosstalk is mediated by the PVR
signaling pathway, with the PVR−TIGIT ligand-receptor
pair being of particular significance. PVR is primarily
expressed in TOP2A+ Epi cells, whereas TIGIT is
predominantly expressed in CD8+ Tex cells (Supple-
mental Figures S6F–H, http://links.lww.com/HC9/B964).

DISCUSSION

In this study, we used scRNA-seq to explore the
cellular dynamics and TIME throughout the progres-
sion from NAT to HGIN and invasive GBC. We
identified significant changes in cellular composition,
including the emergence of the TOP2A+ Epi subtype
and immunosuppressive cell populations, such as
TOP2A+ Macro and CD8+ Tex cells, which are linked
to poor outcomes. Crucial ligand–receptor interac-
tions, encompassing the TWEAK, PD-L1, and
TIGIT pathways, have been identified as mediators
of immunosuppressive communication between
epithelial and immune cells. This discovery under-
scores their potential as biomarkers and therapeutic
targets for early intervention and enhanced treatment
of GBC.

The progression of NAT–HGIN–GBC represents a
complex, multistage carcinogenic process. Within NAT,
gallbladder epithelial cells undergo genetic and epige-
netic alterations in response to prolonged stimuli, such
as chronic inflammation, leading to epithelial cell

proliferation and intraepithelial neoplasia, or further
progression to HGIN.[24] HGIN is considered a precursor
stage of GBC, wherein HGIN progresses to GBC
through the accumulation of additional genetic muta-
tions, leading to aggressive tumor growth.[25] By
categorizing samples into 3 distinct groups, NAT, HGIN,
and GBC, rather than the conventional binary classifi-
cation of NAT and GBC, this study facilitates a more
comprehensive molecular characterization of GBC
progression and enhances our understanding of its
pathogenesis.

The TOP2A gene, responsible for encoding topo-
isomerase II alpha, plays a critical role in cell division,
exhibiting high expression levels during mitosis. It is
essential for the proper condensation and segregation
of chromosomes throughout mitotic progression.[26–28]

Numerous studies have identified an association
between TOP2A and uncontrolled cell proliferation in
various cancers.[29–31] Nevertheless, research concern-
ing the biological function of TOP2A in GBC remains
sparse. It has been reported that TOP2A drives the
proliferation and metastasis of GBC by activating the
PI3K/AKT/mTOR signaling pathway.[32] Moreover,
TOP2A amplification has been identified in 17% of
GBC, a rate significantly higher than that observed in
other cancer types.[33] Consequently, the mechanisms
underlying TOP2A in GBC are insufficiently understood.
The TOP2A+ Epi subtype identified in this study is
crucial in the malignant progression of GBC. Currently,
ML algorithm is increasingly employed in medical
research to develop diagnostic and prognostic models
based on transcriptional data for various cancers.[34,35]

In this study, we utilized an integrated ML algorithm
approach to identify key genes from the DEGs of the
TOP2A+ Epi subtype. The genes identified, such as
GMNN, CYTOR, KLK6, and BIRC5, are promising
therapeutic targets in GBC due to their significant
involvement in cell cycle regulation, proliferation, and
apoptosis.[36–39]

TAMs, also known as immunosuppressive macro-
phages, play a pivotal role in cancer development and
progression, thereby representing important therapeutic
targets.[40] Several studies have explored the potential
mechanisms underlying the M2 polarization of TAMs in
GBC. For instance, DLGAP5 has been demonstrated
to enhance GBC cell migration and TAM M2

F IGURE 5 Analysis of T/NK cell subtypes. (A) UMAP plot of T cell subtypes. (B) Dot plot displaying expression levels of key marker genes
across T cell subtypes. (C) Stacked bar plot of T cell subtype proportions showing the relative distribution of each subtype across groups. (D) Box
plots comparing the proportions of each T cell subtype across groups. (E) Pathway enrichment dot plot showing enriched signaling pathways and
biological processes in each T cell subtype. (F) Pseudotime trajectory analysis of CD8+T cell subtypes showing differentiation pathways.
(G) Kaplan–Meier survival curves for patients with high and low proportions of CD8+ Tex cells. (H–J) Correlation between TOP2A+ Macro and
CD8+ Tex, CD8+ Te(1), and CD8+ Te(2) based on cell-type deconvolution in the GSE244807 cohort. Abbreviations: NK, natural killer cell;
Te, effector T cell; Tex, exhausted T cell; Tm, memory T cell; Tn, naïve T cell; Treg, regulatory T cell; UMAP, uniform manifold approximation and
projection.
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polarization via activation of the cAMP signaling path-
way. Similarly, nicotinamide N-methyltransferase has
been shown to facilitate M2 polarization through IL-6
signaling.[41,42] Despite these findings, the intricate
crosstalk between TAMs and other cellular entities
remains inadequately understood, underscoring a crit-
ical gap in our comprehension of their role in the

progression of GBC. The tumor necrosis factor-like
weak inducer of apoptosis (TWEAK) engages with its
exclusive receptor, fibroblast growth factor-inducible 14
(Fn14), to initiate a variety of signaling pathways,
thereby contributing to multiple aspects of tumor
progression.[43] The TWEAK/Fn14 signaling axis facili-
tates cellular migration by activating TNF receptor-
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associated factors (such as TRAF) and members of the
Rho GTPase family (eg, Rac1 and Cdc42). Concur-
rently, it upregulates angiogenic mediators such as
VEGF, thereby promoting angiogenesis.[44,45] Further-
more, this pathway enhances the expression of pro-
inflammatory cytokines (eg, TNF-α and IL-8) by
activating NF-κB signaling, thereby intensifying tumor-
associated inflammation.[46] It also drives epithelial–
mesenchymal transition, which contributes to increased
tumor invasiveness.[47] Thus, the inhibition of the
TWEAK/Fn14 pathway is regarded as a potential
antitumor strategy, with pharmacological agents target-
ing this axis showing promising outcomes in both
preclinical and clinical studies.[48] The role of this
pathway in GBC has not yet been documented. Our
research identified that TOP2A+ Macro exhibits an
increased expression of TWEAK, which interacts with
its receptor FN14 on TOP2A+ Epi, thereby eliciting
tumor immune resistance in GBCs. Interestingly, both
cell subtypes exhibit specific high expression levels of
the TOP2A gene and display a strong correlation with
each other, suggesting that TOP2A may play a
regulatory role in the TWEAK–FN14 pathway.

TOP2A+ Macro also engages in communication with
CD8+ Tex cells via the PD-L1/PD-1 signaling pathway,
with CD274 (PD-1) expressed in TOP2A+ macrophages
and PDCD1 (PD-L1) in CD8+ exhausted T cells. The
inhibition of the PD-L1/PD-1 signaling pathway through
antibody blockade reactivates exhausted immune cells
within the TME, thereby promoting the elimination of
cancer cells.[49] To date, various monoclonal antibodies
have yielded promising results in cancer therapy. None-
theless, the response rates of anti-PD-L1 therapies have
been in several solid tumors.[50] The application of single-
cell technologies enables an in-depth exploration of the
mechanisms underlying the PD-L1/PD-1 signaling path-
way at a single-cell resolution, offering valuable insights
for the development of more precise cell-targeted
therapies.

Despite the comprehensive nature of our single-cell
analysis, this study has certain limitations. First, the
sample size is relatively limited, comprising only 10
patients, which may constrain the generalizability of our
findings. Moreover, the infrequency of GBC and the
challenges in obtaining high-quality fresh tissue sam-
ples restricted the diversity of clinical cases included in
the study. Furthermore, although scRNA-seq provides
valuable insights into cellular heterogeneity, it does not
adequately capture the spatial relationships and inter-
actions present within the native TME. Finally, while
machine learning models have been employed to
identify prognostic markers, validation in larger, inde-
pendent cohorts is essential to substantiate their clinical
utility. Future research should aim to overcome these
limitations by increasing sample sizes, incorporating
spatial transcriptomics, and undertaking additional
validation analyses.

CONCLUSIONS

This study elucidates significant alterations in cellular
ecosystems and intercellular signaling within the tumor
TIME across the NAT–HGIN–GBC sequence, identifying
TOP2A/TWEAK/FN14 as potential therapeutic targets for
early intervention and enhanced patient management.
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