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1  Introduction

Hepatocellular carcinoma (HCC) remains one of the most 
lethal malignancies worldwide. In 2019, HCC accounted 
for approximately 747,000 new cases globally, reflecting a 
70% increase since 1990, with an estimated 480,000 deaths 
attributed to the disease [1]. Despite advances in surgical 
resection, and neo-adjuvant treatments such as immune 
checkpoint blockade (ICB), long-term survival rates remain 
dismal due to late diagnosis, tumor heterogeneity, and thera-
peutic resistance [2–4]. Therefore, a deeper understanding 
of the molecular mechanisms underlying HCC progression 
and treatment resistance is urgently needed.

Metabolic reprogramming is a hallmark of cancer and 
plays a central role in promoting tumor cell proliferation, 
immune evasion, and therapy resistance [5–7]. Among the 
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Abstract
Purpose  Dysregulated cholesterol metabolism has emerged as a crucial driver of hepatocellular carcinoma (HCC) pro-
gression and immunotherapy resistance. This study aimed to delineate the single-cell landscape of cholesterol metabolism 
in HCC and identify key molecular determinants linking metabolic reprogramming to tumor aggressiveness and immune 
evasion.
Methods  An integrative multi-omics approach combining bulk and single-cell RNA sequencing from multiple-center 
cohorts was employed. Metabolic activity scoring, high-dimensional weighted gene co-expression network analysis (hdW-
GCNA), and a five-model integrated machine learning strategy were applied to identify hub genes associated with choles-
terol metabolism. Functional assays, including genetic silencing, metabolic profiling, and orthotopic mouse models with 
anti-PD-1 and FDPS inhibitor (alendronic acid), were used to validate mechanistic and therapeutic relevance.
Results  Cholesterol metabolic activity was markedly elevated in HCC tumors and immune checkpoint blockade (ICB) 
non-responders, with pronounced intratumoral heterogeneity across malignant cell subpopulations. The enzyme Farnesyl 
Diphosphate Synthase (FDPS) emerged as a pivotal regulator, promoting tumor cell cholesterol metabolism and prolif-
eration. Further functional experiments demonstrated that targeting FDPS suppressed tumor growth, reduced intracellu-
lar cholesterol levels and significantly enhanced anti-PD-1 efficacy in vivo, accompanied by increased lymphoid immune 
infiltration.
Conclusion  Our findings establish FDPS-driven cholesterol metabolic reprogramming as a key mechanism of HCC malig-
nancy and immunotherapy resistance. Targeting FDPS offers a promising strategy to potentiate immune checkpoint therapy 
and reshape metabolic vulnerabilities in liver cancer.
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various metabolic alterations observed in cancer, dysregu-
lation of cholesterol metabolism has garnered increasing 
attention [8]. Cholesterol is not only a structural component 
of cellular membranes but also a precursor for steroid hor-
mones and signaling molecules [9–11]. Emerging evidence 
suggests that aberrant cholesterol biosynthesis and accumu-
lation may contribute to tumorigenesis, particularly in liver 
cancers where lipid metabolic processes are tightly regu-
lated [12]. Excessive dietary cholesterol contributes to the 
development of fatty liver associated liver cancer by alter-
ing the gut microbiota composition and associated metabo-
lites [13]. Additionally, transmembrane protein 147 has 
been shown to aggravate HCC development by disrupting 
cholesterol homeostasis, suppressing ferroptosis, and pro-
moting M2 polarization of tumor-associated macrophages 
(TAMs) [14]. However, the landscape of cholesterol meta-
bolic activity in HCC at the single-cell level, as well as its 
association with malignant phenotypes and immunotherapy 
response, remains poorly defined.

Single-cell RNA sequencing is a powerful tool for dis-
secting the transcriptional heterogeneity of tumor eco-
systems, enabling the identification of cell-type-specific 
metabolic programs [15, 16]. When combined with net-
work-based approaches and machine learning, scRNA-seq 
can uncover functionally relevant gene modules and pre-
dictive biomarkers. In this study, we leveraged large-scale 
multi-center bulk and scRNA-seq datasets to investigate 
the role of cholesterol metabolism in HCC. Using an inte-
grative strategy that combined metabolic activity scoring, 
high-dimensional weighted gene co-expression network 
analysis (hdWGCNA), and multi-model machine learning, 
we identified key gene signatures associated with elevated 
cholesterol metabolism in malignant cells [17–19]. Notably, 
Farnesyl Diphosphate Synthase (FDPS) emerged as a key 
gene driving cholesterol metabolic reprogramming in HCC, 
displaying overexpression in malignant cells, strong pre-
dictive power in all machine learning models, and serving 
as an independent indicator of poor prognosis. Knocking 
down FDPS significantly impaired cholesterol biosynthesis 
in HCC cells. Further functional and therapeutic investiga-
tions demonstrated that targeting FDPS not only suppressed 
tumor growth but also enhanced the efficacy of anti-PD-1 
immunotherapy.

Collectively, our study provides a comprehensive map of 
cholesterol metabolism in HCC and identifies FDPS as a 
key metabolic gene associated with tumor progression and 
resistance to immune checkpoint blockade. These findings 
support the potential of targeting cholesterol biosynthesis as 
a complementary strategy to enhance immunotherapy effi-
cacy in liver cancer.

2  Materials and methods

2.1  Data source

All datasets analyzed in this study are publicly accessible 
from reputable repositories. Raw single cell sequencing data 
was downloaded from the Genome Sequence Archive at 
the National Genomics Data Center (Beijing, China) under 
the BioProject ID PRJCA007744 [20]. Another processed 
scRNA-seq dataset, GSE149614, were downloaded from 
GEO data portal. Bulk RNA-seq datasets were retrieved 
from the TCGA-LIHC cohort via the UCSC Xena portal, the 
LIRI cohort from the ICGC data portal, the CHCC cohort 
from the NODE database, E-TABM-36 from EMBL’s Euro-
pean Bioinformatics Institute [21, 22], and GSE14520 [23], 
GSE76427 [24], GSE84005 [25] and GSE54236 [26] from 
the GEO database. Collectively, these datasets provide a 
comprehensive resource for investigating transcriptomic 
alterations associated with HCC (Supplementary Table S1).

2.2  scRNA-seq data pre-processing and quality 
control

Single-cell RNA-seq data were aligned and quantified using 
the CellRanger toolkit (v3.1) against the GRCh38 refer-
ence genomes. Low-quality empty droplets were removed 
using the emptyDrops function of the dropletUtils R pack-
age (v1.10.3), which assesses whether the RNA content 
associated with a barcode is significantly different from the 
ambient background RNA in each library. Cells with a Ben-
jamini-Hochberg-corrected false discovery rate (FDR) < 
0.01 were retained for further analysis. Cells were retained 
if they contained fewer than 20% mitochondrial gene con-
tent, expressed more than 200 genes, and had between 200 
and 6000 detected genes, appearing in at least three cells. 
After quality control, 360,046 cells were retained [20].

2.3  Cell clustering and annotation

We utilized Seurat R package (v4.4.0) and followed its pipe-
line for downstream analyses. The filtered scRNA-seq data 
were normalized and scaled using a linear regression model 
with the “Log-normalization” method. The top 2000 highly 
variable genes were identified through the “FindVariable-
Features” function. We then applied the “Harmony” pack-
age to correct for batch effects between samples and reduced 
dimensionality using Principal Component Analysis (PCA). 
Clustering of cells was performed with the “FindClusters” 
function, setting the resolution at 0.6. The dimensionality of 
each dataset was reduced using UMAP. Cell type identifi-
cation was performed using the Signature-based Cell Type 
Annotation (SCTA) method, following the Hierarchical Cell 
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Annotation pipeline developed by Yang et al. [4]. This novel 
approach integrates cells’ characteristic expression patterns 
with established canonical marker genes to achieve accu-
rate and hierarchical classification of major and minor cell 
populations.

2.4  Consensus non-negative matrix factorization 
(cNMF)

GeneNMF R package (v0.9.1, ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​c​​a​r​m​​o​n​a​​l​
a​b​/​G​e​n​e​N​M​F) was used to infer gene expression programs 
from scRNA-seq data. The K-value was set as 6 to 10. The 
represented genes of distinct programs were subjected to an 
enrichment analysis using the “fgsea” R package (v1.30.0). 
Based on the enrichment results, six metaprograms (MPs) 
were identified and the remaining one was defined as a 
mixed program [27–30].

2.5  Metabolic activity analysis

Comparative analyses of metabolic activity across different 
groups were performed using the MetabolismExplorer R 
package (v0.1.0) for bulk RNA-seq datasets and the scMe-
tabolism R package (v0.2.1) for single-cell RNA-seq data-
sets, respectively [31]. We followed the detailed instruction 
of the aforementioned R packages on github (scMetabolism: ​
h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​w​​u​-​y​​c​/​s​​c​M​e​t​a​b​o​l​i​s​m, MetabolismEx-
plorer: ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​S​​t​e​v​​e​n​J​​i​a​j​​u​n​l​​i​/​M​e​​t​a​​b​o​l​i​s​m​E​x​p​l​o​
r​e​r, Supplementary Table S2).

2.6  Calculation of gene signature scores

For bulk RNA-seq data, the activity of each metabolic path-
way was evaluated via GSVA R package (v1.46.0) using the 
Z-score transformation, defined as the mean expression of 
all genes in a given pathway normalized by their standard 
deviation across samples [32]. In terms of scRNA-seq data, 
individual cells were scored using the AddModuleScore 
function, which calculated the average expression levels of 
selected genes at the single-cell level and subtracted by the 
aggregated expression of control feature sets [33].

2.7  Empirical cumulative distribution analysis

Empirical cumulative distribution curves (eCDFs) were 
generated using the “stat_ecdf” function from the ggplot2 
package in R. Distributions were plotted by group, with 
stepwise curves representing the cumulative fraction of 
values.

2.8  Differential analysis

For bulk RNA-seq data, differential expression analysis 
was performed using the limma R package (v3.54.2). Genes 
with a FDR < 0.05 and an absolute log2fold change > 1 were 
considered significantly differentially expressed. While for 
scRNA-seq data, differential expression analysis was con-
ducted using the Seurat R package (v4.4.0). Cells were 
grouped by defined biological conditions, and differentially 
expressed genes (DEGs) between groups were identified 
using the likelihood-ratio test implemented in the “Find-
Markers” function. The analysis was parallelized using 
the future R package (v1.31.0) to improve computational 
efficiency. Genes expressed in at least 25% of cells within 
either group, exhibiting a FDR < 0.05 and absolute log2fold 
change > 0.5 were considered significant.

2.9  High dimensional WGCNA (hdWGCNA)

We used hdWGCNA R package (v0.2.14) to identify HCC 
specific cholesterol metabolism related signatures. We fol-
lowed the official pipeline released by Morabito et al., the 
hdWGCNA package designers, which is available on github 
repository (​h​t​t​p​​s​:​/​​/​s​m​o​​r​a​​b​i​t​​.​g​i​t​​h​u​b​​.​i​o​​/​h​d​W​G​C​N​A​/) [18].

2.10  Screening of core genes involved in 
cholesterol metabolic reprogramming of HCC

A three-step pipeline was built for screening optimal genes 
involved in cholesterol metabolic reprogramming of HCC. 
Details of the three steps are as follows:

2.10.1  Step1: Collecting genes that are associated with 
cholesterol metabolic reprogramming

We first stratified malignant cells into three subgroups based 
on their cholesterol scores: LCholesterol (Score < − 0.09676, 
bottom 25%), DTCholesterol (− 0.09676 ≤ Score ≤ 0.14087, 
25% to 75%), and HCholesterol (Score > 0.14087, top 25%). 
Then, we used single cell differential analysis (HCholesterol 
versus LCholesterol) and hdWGCNA to identify genes that 
was up-regulated and associated with HCholesterol sub-
group, respectively. Subsequently, overlapping genes iden-
tified in the two analyses were collected and subjected to 
further screening.

2.10.2  Step2: Screening of core genes

With an intention to screen core genes involved, an integra-
tive machine learning approach composed of five individual 
algorithms including LASSO, Boruta, GBM, RandomForest 
and XGBoost was utilized [34]. The malignant cells from 
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2.10.3  Step3: External validation

We examined whether the expression levels of selected 
genes varied according to the cholesterol metabolic state of 
the malignant cells through eCDF analysis using an external 
single cell cohort (GSE149614, HCholesterol versus LCho-
lesterol malignant cells).

2.11  Survival analysis

Survival analysis was performed to evaluate the prognos-
tic significance of candidate genes. Patients were strati-
fied into high- and low-expression groups according to the 
median value of the corresponding gene or signature score. 
Kaplan Meier (KM) survival curves were generated using 
the survival (v3.7-0) and survminer (v0.4.9) R packages, 
and the hazard ratio (HR) and 95% confidence interval (CI) 
were calculated using univariate Cox proportional hazards 
regression.

2.12  Cell culture and establishment of stable 
knockdown cells

Murine hepatocellular carcinoma cell lines Hepa1-6 and 
Hep53.4 cells were descried in previous publication [4]. 
Cells were cultured in Dulbecco’s modified Eagle’s medium 
(DMEM, Gibco) supplemented with 10% fetal bovine 
serum (FBS, Gibco) and 1% penicillin–streptomycin at 
37 °C in a humidified incubator with 5% CO₂. For genetic 
silencing, lentiviral vectors carrying FDPS-targeting short 
hairpin RNA (shFDPS) or a non-targeting control (shCtrl) 
were obtained from GeneChem (Shanghai, China). FDPS 
knockdown was achieved using lentiviral particles encoding 
shRNA sequences targeting mouse or human FDPS mRNA. 
After 48 h, successfully transduced cells were selected with 
2 µg/mL puromycin for 5–7 days. Knockdown efficiency 
was verified by quantitative RT–PCR and immunoblotting 
before downstream assays.

2.13  Western blot analysis

Hepatocellular carcinoma cells were transduced with len-
tiviral vectors expressing shCtrl or three independent shR-
NAs targeting FDPS (shFDPS #1, shFDPS #2, and shFDPS 
#3). After selection with puromycin, cells were harvested 
for protein extraction.

Cells were lysed in RIPA buffer supplemented with pro-
tease inhibitor cocktail on ice for 30 min, followed by cen-
trifugation at 12,000 × g for 10 min at 4 °C. The supernatants 
were collected, and protein concentrations were determined 
using a BCA assay.

Zhang et al.’s single cell atlas were used to screen the optimal 
genes involved in cholesterol metabolic reprogramming.

The glmnet R package (v4.1-8) was used to perform 
LASSO regression, which introduces an L1 regularization 
term to penalize model complexity and shrink less infor-
mative feature coefficients toward zero, thereby selecting 
the most predictive genes. A binomial model was applied 
with the regularization parameter α set to 1, corresponding 
to LASSO penalization. Model tuning was conducted using 
10-fold cross-validation to determine the optimal regular-
ization parameter (λ). The value of λ that minimized the 
cross-validation error (λ_min) was selected, and the final 
model was refitted using this optimal λ. Genes with non-
zero regression coefficients in the final LASSO model were 
considered as selected features for subsequent analyses.

A random forest model was constructed using the ran-
domForest R package (v4.7-1.2) with 1,000 trees to ensure 
stable estimation. Model reproducibility was ensured by 
setting a fixed random seed. Variable importance was evalu-
ated using the mean decrease in Gini index, and genes were 
ranked according to their importance scores. The top 20 
genes were considered as key contributors to cholesterol 
metabolism-associated phenotypes and were used for down-
stream analyses.

The xgboost R package (v1.7.8.1) was used to imple-
ment the XGBoost algorithm, a gradient boosting frame-
work capable of iteratively optimizing residual errors from 
previous trees while incorporating regularization to prevent 
overfitting. Key hyperparameters included a maximum 
tree depth of 3, a learning rate (eta) of 0.1, and 50 boosting 
rounds.

The gbm R package (v2.2.2) was applied to train GBM 
models, which build additive learners in a forward stage-
wise manner to sequentially correct residuals and refine fea-
ture importance rankings. Model parameters included 500 
trees, an interaction depth of 3, and a learning rate (shrink-
age) of 0.01. Five-fold cross-validation was applied to 
determine the optimal number of boosting iterations. Vari-
able importance was assessed based on the relative influ-
ence of each gene, and genes were ranked accordingly. The 
top 20 genes identified by the GBM model were considered 
as important features and retained for subsequent analyses.

Finally, the Boruta R package (v8.0.0) was applied to 
identify all relevant features by iteratively comparing the 
importance of actual genes with their randomized “shadow” 
counterparts, thereby eliminating non-informative vari-
ables. The algorithm was run with 50 iterations, and genes 
confirmed or tentative by Boruta were retained as important 
features. These selected genes were subsequently used for 
downstream integrative analyses.
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(lACUC). Six- to eight-week-old male C57BL/6 mice (pur-
chased from Vital River Laboratory Animal Technology 
Co., Ltd.) were housed under specific pathogen–free condi-
tions with a 12-hour light/dark cycle and ad libitum access to 
food and water. Hepa1-6 murine hepatocellular carcinoma 
cells (2 × 10⁶ cells in 200 µL PBS) were injected orthotopi-
cally into liver. When tumors reached 80–100 mm³, mice 
were randomized into four groups (n = 6–8 per group): (1) 
Saline control (vehicle, intraperitoneal injection), (2) αPD-1 
(10 mg/kg, i.p., every three days), (3) Alendronic acid (1 mg/
kg, i.p., every three days), (4) Combination therapy (αPD-1 
plus alendronic acid, same dosing schedule). Tumor-bear-
ing mice were anesthetized with 1.5% isoflurane and tumor 
volumes were measured every 4 days through high-resolu-
tion ultrasound imaging, which were calculated as (length 
× width²)/2. And the body weight of mice was recorded 
concurrently.

2.18  Flow cytometry

Tumors were excised from mice, minced into small frag-
ments, and enzymatically digested in RPMI-1640 containing 
collagenase and DNase I at 37 °C with gentle agitation. The 
resulting cell suspension was filtered through a 70 μm cell 
strainer to obtain single-cell suspensions. Red blood cells 
were lysed using ACK lysis buffer when necessary. Cells 
were washed with DPBS and resuspended in staining buffer 
(DPBS supplemented with 1% FBS). For surface staining, 
cells were incubated with the appropriate antibodies at room 
temperature for 30 min, followed by a wash with DPBS. A 
fixable viability dye (FVD780-eFluor™ 780, eBioscience, 
65-0865-14) was used to exclude dead cells. For intracel-
lular staining, cells were fixed and permeabilized using the 
Fixation/Permeabilization Kit (BD Biosciences, 554714) 
according to the manufacturer’s instructions, followed by 
antibody staining in permeabilization buffer. The follow-
ing anti-mouse antibodies were used: CD45-BUV395 (BD 
Biosciences, 564279), CD3-AF488 (BioLegend, 152322), 
CD4-PE/Cyanine5 (BioLegend, 100410), CD8a-BV650 
(BioLegend, 100742), CD8a-BV785 (BioLegend, 100750), 
CD11b-BV510 (BioLegend, 101263), Ly6C-BV605 (Bio-
Legend, 128035), F4/80-BV605 (BioLegend, 743281), 
Ly6G-AF700 (BD Biosciences, 561236), CD19-APC (Bio-
Legend, 152409), NK1.1-PE (BioLegend, 108707), and 
CD11c-PE/Cyanine7 (BioLegend, 117317). Flow cytome-
try data were acquired on a BD LSRFortessa cytometer and 
analyzed using FlowJo software (BD). Immune cell popula-
tions were gated on live singlets and CD45⁺ leukocytes prior 
to lineage-specific marker analysis.

Equal amounts of protein were resolved by SDS–PAGE 
and transferred onto PVDF membranes. Membranes were 
blocked with 5% non-fat milk in TBST for 1 h at room tem-
perature and incubated overnight at 4  °C with a primary 
antibody against FDPS (abcam, ab153805) and GAPDH 
(proteintech, 60004-1-Ig). After washing, membranes were 
incubated with HRP-conjugated secondary antibodies for 
1  h at room temperature. Protein bands were visualized 
using enhanced chemiluminescence (ECL), and images 
were captured using a digital imaging system.

2.14  RNA extraction and quantitative RT–PCR

Total RNA was extracted using TRIzol reagent (Invitrogen) 
according to the manufacturer’s instructions. cDNA was 
synthesized with the PrimeScript RT reagent kit (Takara), 
and quantitative PCR was performed using SYBR Green 
Master Mix (Bio-Rad) on a QuantStudio 5 Real-Time PCR 
System (Applied Biosystems). The relative expression of 
target genes was normalized to β-actin using the 2⁻ΔΔCt 
method. Primers for FDPS, SREBF2, HMGCR, MVK, 
IDI1, LDLR, INSIG1, ABCG1, CCND1, MYC, CDKN1A 
(p21), BCL2, and BAX were designed using Primer-BLAST 
and validated for specificity.

2.15  Cell proliferation assay

Proliferation dynamics were measured using the xCEL-
Ligence E-Plate 16 system. Cells (5 × 10³ per well) were 
seeded and monitored for up to 72 h under standard culture 
conditions. The impedance-based cell index was normal-
ized at the time of seeding. Growth curves were generated 
automatically, and proliferation rates were calculated from 
the slope of the exponential phase. Each experiment was 
performed in triplicate and repeated independently at least 
three times.

2.16  Cell migration assay

Real-time migration assays were performed using the 
xCELLigence RTCA DP system (Agilent Technologies). 
Briefly, 3 × 10⁴ cells were seeded in serum-free medium in 
the upper chamber of CIM-Plate 16 wells, while the lower 
chamber contained medium with 10% FBS as chemoattrac-
tant. Cell index values were automatically recorded every 
15 min for up to 30 h, and migration kinetics were analyzed 
using RTCA software.

2.17  Animal model construction and treatment

All animal experiments were performed in accordance with 
and approved Institutional Animal Careand Use Committee 
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3.2  Altered cholesterol metabolism is associated 
with tumor malignancy and ICB resistance

MetabolismExplorer was utilized to investigate metabolic 
reprogramming in bulk RNA-seq cohorts and it defined 
that cholesterol metabolic activity was upregulated in HCC 
samples versus normal samples and in samples of ICB non-
responders (NR) versus responders’ (R). As depicted in 
Fig. 2A, analysis across five independent datasets including 
HCC and corresponding normal samples (CHCC, TCGA, 
GSE14520, GSE76427 and GSE84005) consistently dem-
onstrated significantly elevated cholesterol metabolism 
scores in tumor tissues (T) compared to matched normal 
tissues (N). More importantly, in the 2023 Nanjing cohort, 
ICB non-responders exhibited markedly higher cholesterol 
metabolism activity compared to responders, suggesting a 
potential link between cholesterol metabolic rewiring and 
immunotherapy resistance.

To characterize the cell-type-specific patterns of choles-
terol metabolism, single-cell transcriptomic analysis was 
performed. Malignant cells exhibited substantially higher 
cholesterol metabolism scores than non-malignant immune 
and stromal cell types (Fig. 2B-D). As the scRNA-seq NMF 
analysis shown significant inter- and intra-tumoral hetero-
geneity between and within HCC samples, we further inves-
tigated the heterogeneous cholesterol metabolic activity in 
HCC. Based on the distribution of cholesterol metabolism 
scores in malignant cells, we classified HCC into three 
subgroups: High Cholesterol Metabolism (HCholesterol, 
Score > 0.14087, top 25%), Low Cholesterol Metabolism 
(LCholesterol, Score < -0.09676, bottom 25%), and an 
intermediate group (Dynamic Transitioning Cholesterol 
Metabolism, DTCholesterol). This stratification reflects the 
metabolic heterogeneity of tumor cells and enables down-
stream analysis of their molecular and functional differ-
ences (Fig. 2E and F).

To explore the molecular characteristics of these sub-
groups, differential expression analysis was performed by 
integrating single-cell and bulk RNA sequencing data (Sup-
plementary Table S3, S4). HCholesterol malignant cells 
were enriched for genes involved in cholesterol biosynthesis 
and transport, including SQLE, HMGCS1, FDPS, SCD, and 
APOA2, while LCholesterol cells expressed epithelial dif-
ferentiation markers such as KRT19, SPINK1, and metallo-
thioneins (MT1X, MT1G) (Fig.  2G). Correlation analysis 
revealed that cholesterol metabolism was positively asso-
ciated with KRAS-upregulated gene signatures (R = 0.302, 
P < 0.001). Notably, cholesterol homeostasis showed weaker 
or inverse associations with these oncogenic programs, indi-
cating the specific role of metabolic activation rather than 
balance in supporting tumor progression (Fig. 2H).

2.19  Statistical analysis

Statistical analyses were performed using GraphPad Prism 
(v12.0) for experimental data and R (v4.2.1) for sequenc-
ing data and associated clinical variables. Comparisons 
between categorical variables were conducted using the χ² 
test or Fisher’s exact test, while comparisons of continuous 
variables were performed using Student’s t-test, Wilcoxon 
rank-sum test, or one-way ANOVA, as appropriate. Paired 
t-tests were used for paired comparisons. Survival analy-
ses were performed using the log-rank test. A P value < 0.05 
was considered statistically significant. Unless otherwise 
specified, all experiments were independently repeated at 
least three times.

3  Results

3.1  Single cell landscape of hepatocellular 
carcinoma

After applying the Harmony algorithm, the cellular dis-
tribution within each sample remained largely consistent, 
making them suitable for downstream analysis. A total of 
16 distinct cell clusters were identified using a resolution 
parameter of 0.6 (Fig. 1A). Based on classical marker genes 
and hierarchical cell annotation pipeline, we successfully 
classified various cell populations, including malignant 
cells, endothelial cells, fibroblasts, neutrophil, mast cells, 
CD4+ T cells, CD8+ T cells, regulatory T cells (Tregs), NK 
cells, Plasma cells, B cells, dendritic cells (DCs), mono-
cytes and macrophages (Fig. 1B and C). As expected, the 
tumor environment exhibited marked heterogeneity in cel-
lular composition across samples (Fig. 1D).

We then applied a consensus non-negative matrix fac-
torization algorithm to decipher transcriptional programs 
underlying tumor cell-intrinsic heterogeneity from 82 HCC 
samples (Fig. 1E). This analysis yielded ten gene signatures, 
which were subjected to hierarchical clustering, revealing 
five metaprograms (MPs) with discrete biological func-
tions. MP1 was enriched for genes involved in proliferation 
(CCNB1, TOP2A, STMN1, TUBB). MP2 was character-
ized by drug metabolism and resistance genes (GSTA1, 
GSTA2, CYP2E1, CYP2C9). MP3 showed enrichment of 
antigen presentation and IFN-response (HLA-DRA, HLA-
DRB1, ISG15, IFITM3), whereas MP4 was associated with 
hepatic metabolism (SERPINA4/5/6, FGA/B/G, APOE). 
MP5 comprised stress response related genes (HSPA1A, 
JUNB, DNAJB1), and MP6 was correlated with cellular 
senescence, charactered by ATF3 and CXCL2. These find-
ings systematically delineate the cellular composition and 
tumor cell-intrinsic functional heterogeneity in HCC.
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Fig. 1  Single-cell transcriptomic landscape of HCC. (A) UMAP visu-
alization of 82 HCC samples from 79 patients revealed 16 major cell 
clusters, hierarchically annotated into malignant, immune, and stro-
mal lineages. (B) Dot plot showing the expression and proportion 
of canonical marker genes across major cell types. (C) Feature plots 

displaying representative markers confirming cell-type identities. (D) 
Distribution of cell types across patients and clinical features, includ-
ing age, gender, stage, differentiation, venous invasion, and etiology. 
(E) Identification of six malignant cell metaprograms (MPs) capturing 
distinct functional states 

 

1 3

Page 7 of 16     47 



X. Yang et al.

HCholesterol-related signatures, with an intention to figure 
out core drivers of cholesterol metabolic reprogramming in 
HCC (Fig. 3A).

To construct a reliable co-expression network within 
the HCholesterol cell subset, an optimal soft-thresholding 
power was determined using scale-free topology criteria 

3.3  HdWGCNA and differential analysis reveals 
HCholesterol-related genes

A combination of hdWGCNA and multiple machine learn-
ing models, including LASSO, RandomForest, Boruta, 
GBM, and XGBoost, was applied to collect and refine 
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algorithm. A total of 13 shared genes were selected by the 
five algorithms, namely SERPINC1, ALB, PLG, TM7SF2, 
APOC3, APOA1, CYP2E1, HP, SQLE, FDPS, IDI1, 
DHCR7, HMGCS1 (Fig.  4A, Supplementary Figure S1). 
The results of the ECDF analysis comparing the expression 
levels of these 13 genes between HCholesterol and LCho-
lesterol malignant cells in an independent scRNA-seq cohort 
(GSE149614) are shown in Supplementary Figure S2.

Among the top-ranked genes, FDPS (Farnesyl diphos-
phate synthase) emerged as a particularly robust candidate. It 
was strongly associated with cholesterol metabolism scores 
across multiple RNA-seq cohorts, consistently selected 
by all five machine learning algorithms, and significantly 
upregulated in malignant cells compared with normal tis-
sues across several HCC cohorts, including TCGA, CHCC, 
LIRI, GSE14520, GSE76427, and GSE84005 (Fig. 4B and 
Supplementary Fig. S3). Survival analyses further con-
firmed that FDPS was an independent prognostic factor, 
underscoring the clinical relevance of FDPS activation in 
HCC (Fig. 4C).

To determine how FDPS regulates proliferative transcrip-
tional networks in tumor cells, we profiled the expression of 
key genes involved in the cell-cycle control following FDPS 
knockdown (shFDPS). To validate FDPS knockdown effi-
ciency, western blot analysis using three independent shR-
NAs demonstrated that shFDPS #1 and shFDPS #2 achieved 
the most efficient and consistent suppression of FDPS pro-
tein expression, and were therefore selected for all subse-
quent experiment (Fig. 4D). Quantitative RT-PCR analysis 
revealed a broad metabolic reprogramming in shFDPS cells 
relative to wild-type controls. FDPS loss profoundly affected 
genes governing cell proliferation and apoptosis (Fig. 4E). 
Cyclin D1 (CCND1) expression was significantly reduced, 
whereas the cyclin-dependent kinase inhibitor CDKN1A 
(p21) and the pro-apoptotic effector BAX were robustly 
up-regulated. In contrast, expression of MYC and BCL2 
remained largely unchanged, suggesting that FDPS knock-
down selectively impacts prenylation-dependent signaling 
rather than global transcriptional programs. In addition, 
FDPS knockdown resulted in a significant reduction in total 
cellular cholesterol content (Fig. 4F). To further evaluate the 
functional consequences of FDPS knockdown, we assessed 
tumor cell migration and proliferation in two murine hepa-
tocellular carcinoma cell lines. The result showed FDPS 
knockdown significantly suppressed tumor cell growth and 
migratory capacity over time in both cell lines compared 
with wild-type controls (Fig. 4G). Together, these findings 
establish that FDPS is aberrantly activated in HCC, drives 
oncogenic metabolism, and promotes aggressive cellular 
behavior, implicating FDPS as a potential therapeutic target 
in liver cancer.

(Soft Power Threshold = 7, Fig.  3B). The resulting hdW-
GCNA dendrogram revealed multiple distinct gene mod-
ules, each assigned a unique color (Fig. 3C). These modules 
were mapped onto the UMAP embedding of malignant cells, 
showing clear spatial heterogeneity in module activation 
patterns (Fig.  3D). Key representative genes within each 
module, referred to as “Cho_states” (e.g., Cho_state-M1 to 
M9), were prioritized based on their Mean Absolute Error 
(MAE) scores from machine learning models (Fig.  3E). 
Modules Cho_state-M1, Cho_state-M7 and Cho_state-
M9 were particularly enriched in the HCholesterol group, 
as demonstrated by the module-trait correlation matrix 
(Fig. 3F), indicating a strong association with elevated cho-
lesterol metabolism.

We then conducted functional enrichment analysis to 
further investigate the biological relevance of genes in both 
HCholesterol-specific co-expression modules and genes 
upregulated in HCholesterol versus LCholesterol malignant 
cells (n = 178, Supplementary Table S5). Protein-protein 
interaction (PPI) network analysis highlighted dense con-
nectivity among the intersected genes (Fig.  3G), while 
pathway enrichment revealed significant involvement in 
metabolic processes such as steroid metabolism, small mol-
ecule catabolic processes, and PPAR signaling (Fig. 3G).

3.4  FDPS is aberrantly upregulated in 
hepatocellular carcinoma and predicts unfavorable 
patient outcomes

The 178 genes identified by hdWGCNA and single-cell dif-
ferential analysis were prioritized according to their selec-
tion frequency across the five aforementioned machine 
learning algorithms applied to comparisons between HCho-
lesterol and LCholesterol malignant cells. 154 genes with 
non-zero regression coefficients were included in the final 
LASSO model while 155 genes were selected by Boruta 

Fig. 2  Altered cholesterol metabolism is associated with tumor malig-
nancy and immunotherapy resistance. (A) Cholesterol metabolism 
activity was significantly elevated in tumor tissues compared with 
adjacent normal tissues across multiple HCC cohorts. (B, C) Dis-
tribution of cholesterol metabolism scores across major cell types, 
with malignant cells showing the highest enrichment. (D) Malignant 
cells with elevated cholesterol metabolism activity. (E) Density plot 
defining malignant cell subgroups with low (LCholesterol) and high 
(HCholesterol) cholesterol metabolism. (F) UMAP heatmaps illustrat-
ing spatial distribution of LCholesterol and HCholesterol malignant 
populations. (G) Correlation between cholesterol-related metabolic 
differences in scRNA-seq (HCholesterol vs. LCholesterol) and bulk 
RNA-seq (HCC vs. normal) datasets, highlighting shared metabolic 
genes. (H) Correlation matrix showing relationships between choles-
terol metabolism, cholesterol homeostasis, KRAS upregulation, and 
apoptosis signatures across malignant subpopulations. P-values were 
determined by Wilcoxon rank-sum test in (A). Simple linear regression 
was applied for P-value and correlation analyze the Spearman r in (H). 
*, p < 0.05; **, p < 0.01; ***, p < 0.001
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Fig. 3  Identification of HCC-specific cholesterol metabolism-related 
gene modules. (A) Workflow for identifying HCC-specific cholesterol 
metabolic signatures using high dimension WGCNA (hdWGCNA), 
differential analysis and integrated machine learning. (B) Selection of 
the soft-thresholding power for network construction. (C) hdWGCNA 
dendrogram showing gene co-expression modules in HCholesterol 
malignant cells. (D) UMAP visualization of module eigengene expres-

sion across malignant subpopulations. (E) Top hub genes within each 
cholesterol metabolic module. (F) Correlation of each module with 
LCholesterol, DTCholesterol, and HCholesterol malignant states. (G) 
Protein-protein interaction (PPI) network and enrichment analysis of 
the shared genes between module genes and up-regulated genes in 
HCholesterol versus LCholesterol malignant cells
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Fig. 4  FDPS is a crucial gene involved in cholesterol metabolic repro-
gramming in HCC. (A) Screening of core genes involved in choles-
terol metabolic reprogramming in HCC. (B) FDPS expression levels 
were up-regulated in HCC samples versus normal samples. (C) Higher 
FDPS expression levels were associated with worse prognosis. (D) 
Validation of FDPS knockdown at the protein level. (E) FDPS knock-
ing down significantly influenced the expression levels of transcription 

factors. (F) FDPS knockdown reduces intracellular cholesterol levels 
in HCC cells. (G) FDPS knocking down inhibited cell migration and 
proliferation. P-values were determined by Wilcoxon rank-sum test 
in (B), Log-rank test was applied in (C), one-way Anova in (F) and 
two-tailed unpaired Student’s t-test (D, G). ns, p > 0.05; *, p < 0.05; **, 
p < 0.01; ***, p < 0.001. HR, hazard ratio. WT, wild type
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longitudinally monitored by ultrasound imaging until 
tumors volume of mice in any treatment group reached the 
ethical limit. Once tumors reached approximately 100 mm³, 
mice were randomly assigned to four treatment groups: 
saline control, anti-PD-1 antibody (αPD-1), alendronic acid 
(FDPS inhibitor), or their combination. The result showed 
tumor growth progressed rapidly in saline-treated controls, 
whereas both αPD-1 and alendronic acid monotherapies 

3.5  Targeting FDPS sensitizes the efficacy of PD-1 
Blockade in hepatocellular carcinoma

To determine whether inhibition of the mevalonate pathway 
could potentiate immune checkpoint blockade, we estab-
lished an orthotopic hepatocellular carcinoma (HCC) model 
using murine Hepa1-6 cells in immunocompetent C57BL/6 
mice (Fig.  5A-B). The growth of orthotopic tumors was 

Fig. 5  FDPS inhibition enhanced immunotherapy efficacy. (A, B) 
Combined treatment with the FDPS inhibitor (alendronic acid) and 
anti-PD-1 antibody significantly reduced tumor volume. Scale bar 
= 6 mm. (C) Combined treatment caused minimal changes in mouse 

body weight. (D) FDPS inhibition reshapes the tumor immune micro-
environment and enhances lymphoid immune infiltration in combina-
tion with anti–PD-1 therapy. P-values were determined by one-way 
ANOVA test in (A) and (D). ns, p > 0.05; ***, p < 0.001
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glycolysis even under normoxic conditions, has been the 
most extensively studied metabolic alteration in cancer, 
recent studies have broadened our understanding of cancer 
metabolism to include lipid and cholesterol biosynthesis 
other important components of tumor metabolic plasticity 
[37, 38]. However, most existing studies have evaluated 
cholesterol metabolism either at the bulk transcriptomic 
level or by focusing on single pathways or enzymes, which 
limits our ability to capture the full complexity and hetero-
geneity of this metabolic program within tumors [8, 39]. 
These approaches often overlook the diverse metabolic 
states of individual cell populations and the potential inter-
actions between metabolic phenotypes and immunotherapy 
responses [9, 40].

In this study, we addressed these gaps by integrating sin-
gle-cell and bulk transcriptomic data to construct a high-res-
olution map of cholesterol metabolism in HCC. Our analysis 
revealed not only elevated cholesterol metabolic activity 
in tumor tissues and ICB non-responders but also striking 
intratumoral metabolic heterogeneity among malignant 
cells. This led to the identification of transcriptionally dis-
tinct subgroups, HCholesterol, LCholesterol, and DTCho-
lesterol, each exhibiting unique gene expression programs 
and potential associations with therapy resistance. These 
findings underscore the need to assess cancer metabolism 
at the single-cell level to better understand its clinical and 
immunological implications. To further dissect the molecu-
lar underpinnings of cholesterol metabolic heterogeneity 
in HCC, hdWGCNA to malignant cells with high choles-
terol activity, followed by an integrative machine learning 
approach comprising LASSO, Random Forest, Boruta, 
GBM, and XGBoost algorithms. This strategy enabled us 
to prioritize 178 HCholesterol-related genes with consistent 
differential expression patterns and prognostic relevance. 
Among them, FDPS emerged as a particularly robust can-
didate, being selected by all five models, significantly over-
expressed in tumor tissues across multiple independent 
cohorts, and strongly associated with poor patient survival.

Functionally, FDPS catalyzes the production of geranyl 
pyrophosphate and farnesyl pyrophosphate from isopente-
nyl pyrophosphate and dimethylallyl pyrophosphate. The 
resulting product, farnesyl pyrophosphate, is a key inter-
mediate in cholesterol and sterol biosynthesis, a substrate 
for protein farnesylation and geranylgeranylation, and a 
ligand or agonist for certain hormone receptors and growth 
receptors [41]. In our study, knocking down FDPS impaired 
cholesterol biosynthesis, suppressed tumor cell prolifera-
tion, enhanced T cell infiltration and sensitized tumors to 
anti-PD-1 immunotherapy. Also, the positive association 
between cholesterol metabolic potency and KRAS-upreg-
ulated gene signatures suggests that metabolic reprogram-
ming and oncogenic RAS signaling are mechanistically 

modestly delayed tumor expansion. In striking contrast, the 
combination treatment elicited a profound and sustained 
suppression of tumor growth throughout the observation 
period, resulting in the smallest mean tumor volume among 
all groups (Fig.  5A-B). This cooperative effect suggests 
that pharmacologic inhibition of FDPS markedly sensitizes 
tumors to αPD-1 immunotherapy. Importantly, longitudinal 
monitoring of body weight revealed no significant differ-
ence among groups (Fig. 5C), indicating that the combined 
treatment was well tolerated and did not induce overt sys-
temic toxicity.

Multicolor flow cytometry analysis of tumor-infiltrating 
immune cells revealed that combined treatment with alen-
dronic acid and anti–PD-1 antibody markedly reshaped the 
tumor immune microenvironment (Fig. S4A). Compared 
with saline or anti–PD-1 antibody groups, the combination 
treatment significantly increased the infiltration of CD8⁺ T 
cells and CD4⁺ T cells among CD45⁺ leukocytes (Fig. 5D). 
In parallel, NK cells and NKT cells were also significantly 
elevated in the combination group compared with the saline 
group, indicating enhanced innate and adaptive immune 
activation (Fig. 5D). By contrast, neutrophils were reduced 
following combination treatment, whereas the overall pro-
portion of macrophages was not significantly altered across 
groups (Fig. S4B). These results indicate that FDPS inhi-
bition preferentially promotes lymphoid immune infiltra-
tion and activation rather than broadly remodeling myeloid 
populations.

To assess potential off-target effects, major organs were 
harvested for histopathological analysis. Hematoxylin and 
eosin (H&E) staining of lung, heart, spleen, and kidney tis-
sues showed preserved architecture without inflammatory 
infiltrates, necrosis, or fibrotic lesions across all treatment 
groups (Fig. S4C). These data collectively demonstrate that 
concurrent blockade of PD-1 signaling and FDPS enzymatic 
activity achieves potent antitumor efficacy while maintain-
ing systemic safety.

Mechanistically, the enhanced therapeutic effect of the 
combination likely reflects dual targeting of tumor-intrinsic 
and immune-mediated pathways: FDPS inhibition disrupts 
cholesterol metabolism and tumor proliferation, while PD-1 
blockade relieves T-cell exhaustion within the tumor micro-
environment. Together, these complementary mechanisms 
converge to produce robust tumor control in vivo.

4  Discussion

Metabolic reprogramming is an important hallmark of can-
cer that enables tumor cells to meet the demands of rapid 
proliferation, survival under stress, and immune evasion [35, 
36]. While the Warburg effect, characterized by enhanced 
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approaches present several drawbacks: (1) many included 
genes, except for well-characterized enzymes, may not be 
biologically relevant in a given disease, leading to poten-
tial false positives; (2) excessive reliance on existing gene 
sets limits the discovery of novel biomarkers that fall out-
side of canonical pathways; (3) these methods often lack 
a quantitative basis for assessing the relative contribution 
of individual genes to disease phenotypes, making it diffi-
cult to prioritize therapeutic targets [48]. However, in our 
study, the conventional cholesterol metabolism gene sets 
were used solely as a reference to stratify metabolic pheno-
types at the single-cell level, resulting in the classification of 
HCholesterol, DTCholesterol, and LCholesterol malignant 
subgroups. Rather than relying on these predefined gene 
sets for downstream biomarker discovery, we subsequently 
applied disease- and cell-type-specific strategies, including 
hdWGCNA and single-cell machine learning, to refine and 
prioritize key drivers of cholesterol metabolic reprogram-
ming. This approach effectively addresses the first two 
aforementioned limitations of traditional pathway-based 
analyses. Firstly, it circumvents the inclusion of biologically 
irrelevant genes that may appear in general databases but 
lack disease specificity, thereby reducing the risk of false 
positives. Secondly, it enables de novo identification of con-
text-specific markers beyond canonical annotations. More-
over, the frequency with which a gene is selected across 
multiple machine learning models or its importance within 
model parameters offers a semi-quantitative estimation of its 
contribution to the metabolic phenotype, providing a more 
nuanced and data-driven basis for functional prioritization.

Despite the valuable insights, several limitations should 
be acknowledged. First, although scMetabolism and Metab-
olismExplorer provide robust tools for metabolic profiling, 
the influence of cell cycle dynamics and technical con-
founders may introduce biases in the metabolic signatures 
observed in this study.

In addition, our analyses were based on treatment-naïve 
ICB samples due to the unavailability of suitable HCC 
cohorts with matched pre- and post-ICB transcriptomic 
data. This limitation prevented a direct evaluation of ther-
apy-induced metabolic reprogramming.

Apart from that, while FDPS inhibition is expected to 
impair protein prenylation of Ras and Rho family GTPases 
and thus attenuate downstream AKT/ERK signaling, we 
did not measure GTPase prenylation status or kinase phos-
phorylation in our experiments. Therefore, the proposed 
prenylation–AKT/ERK axis is inferred based on established 
mevalonate pathway biology and prior studies and requires 
further biochemical validation.

Moreover, FDPS functions at a critical metabolic branch 
point that controls both cholesterol biosynthesis and the 
production of isoprenoid intermediates essential for protein 

coupled rather than mutually exclusive. FDPS controls the 
generation of isoprenoid intermediates required for KRAS 
prenylation and activation, thereby linking sterol metabo-
lism to RAS/MEK/ERK signaling. In this context, FDPS-
driven metabolic reprogramming may promote immune 
evasion through both cholesterol-dependent membrane 
effects and prenylation-dependent oncogenic signaling, 
together shaping resistance to immune checkpoint blockade. 
Given the availability of clinically approved FDPS inhibi-
tors (e.g., Alendronic acid [42, 43]), our findings provide a 
strong rationale for repurposing these agents in combination 
with immunotherapy to overcome ICB resistance.

Our findings also reinforce and expand upon previous 
studies that have implicated cholesterol metabolism in cancer 
progression and immune regulation. First, our study identi-
fied a panel of key metabolic enzymes that potentially drive 
cholesterol biosynthetic reprogramming in HCC. Among 
the top-ranked genes enriched in HCholesterol malignant 
cells, we observed upregulation of several core enzymes in 
the cholesterol biosynthesis and transportation pathways, 
including FDPS, SQLE (Squalene Monooxygenase), SCD 
(Stearoyl-CoA Desaturase), HMGCS1 (3-Hydroxy-3-Meth-
ylglutaryl-CoA Synthase 1), and APOA2 (Apolipoprotein 
A2) [44]. Many of these genes have been independently 
implicated in hepatocarcinogenesis or lipid metabolic dys-
regulation in previous studies. For instance, SQLE and its 
metabolite, cholesterol, impaired CD8+ T cell activity by 
inducing mitochondrial dysfunction, which eventually led 
to ICB resistance [45]. Apart from that, Li et al. figured 
out that CSN6-SPOP-HMGCS1 axis promotes HCC pro-
gression via YAP1 activation [46]. Secondly, even though 
a wide range of cholesterol metabolism related genes have 
been studied in HCC, the role of FDPS in HCC remains 
largely uncharacterized and prior studies have lacked 
experimental investigation into its functional contribution 
and therapeutic relevance [47]. In this study, we conducted 
functional assays confirmed that FDPS knocking down dis-
rupted cholesterol biosynthesis, suppressed tumor growth, 
and enhanced the efficacy of anti-PD-1 therapy. These new 
findings established FDPS as a key mediator of metabolic 
reprogramming and immune resistance in HCC, and high-
lighted it as a promising target for combinatorial strategies 
integrating metabolic inhibition with immunotherapy.

Additionally, from a methodological perspective, our 
study also partly addressed the limitations of conventional 
bioinformatic biomarker discovery approaches and pro-
poses a more data-driven and disease-specific framework. 
Traditionally, pathway-based analyses rely on predefined 
gene sets derived from public databases such as GO, KEGG, 
and Reactome. While informative, these gene sets are typi-
cally curated based on general biochemical functions and 
not contextualized to specific diseases. As a result, such 
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