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ARTICLE INFO ABSTRACT
Keywords: Breast cancer stands as one of the most prevalent malignancies affecting women. Alterations in molecular
Single-cell RNA sequencing pathways in cancer cells represent key regulatory disruptions that drive malignancy, influencing cancer cell

Combinatorial therapeutic targets
Cholesterol biosynthesis
Breast cancer

survival, proliferation, and potentially modulating therapeutic responsiveness. Therefore, decoding the intricate
molecular mechanisms and identifying novel therapeutic targets through systematic computational approaches
are essential steps toward advancing effective breast cancer treatments. In this study, we developed an inte-
grative computational framework that combines single-cell RNA sequencing (scRNA-seq) and multi-omics ana-
lyses to delineate the functional characteristics of malignant cell subsets in breast cancer patients. Our analyses
revealed a significant correlation between cholesterol biosynthesis and HER2 expression in malignant breast
cancer cells, supported by proteomics data, gene expression profiles, drug treatment scores, and cell-surface
HER2 intensity measurements. Given previous evidence linking cholesterol biosynthesis to HER2 membrane
dynamics, we proposed a combinatorial strategy targeting both pathways. Experimental validation through
clonogenic and viability assays demonstrated that simultaneous inhibition of cholesterol biosynthesis (via sta-
tins) and HER2 (via Neratinib) synergistically reduced malignant breast cancer cells, even in HER2-negative
contexts. Through systematic analysis of scRNA-seq and multi-omics data, our study computationally identi-
fied and experimentally validated cholesterol biosynthesis and HER2 as novel combinatorial therapeutic targets
in breast cancer. This data-driven approach highlights the potential of leveraging multiple molecular profiling
techniques to uncover previously unexplored treatment strategies.

1. Introduction [1]. Clinically, breast cancer patients are categorized into several sub-
types based on the expression of hormone receptors (estrogen receptor

Breast cancer is the most prevalent malignancy among women and is and progesterone receptor), human epidermal growth factor receptor 2
generally curable in its early, non-metastatic stages; however, treatment (HER2), and other breast cancer-related genes [2]. These molecular
becomes challenging in advanced stages with distant organ metastases subtypes include Luminal A (LumA), Luminal B (LumB), HER2-enriched
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and triple-negative/basal-like [3], and this classification facilitates
treatment decisions and prognosis prediction for breast cancer patients
[4]. Current breast cancer therapies include a combination of surgery,
chemotherapy, radiation therapy, hormonal therapy, and targeted
therapy, tailored according to these subtypes [5,6]. While these treat-
ments have improved outcomes for many patients, the emergence of
drug resistance and adverse side effects underscores the need for novel
therapeutic options that offer improved efficacy and reduced toxicity.

Recently, single-cell RNA-sequencing (scRNA-seq) has emerged as a
powerful technology allowing gene expression profiling at single-cell
resolution, providing unprecedented insights into the heterogeneity
and complexity of tumor cell populations and underlying molecular
mechanisms [7,8]. Inspecting the gene expression profiles of individual
cells enables researchers to pinpoint differentially expressed genes and
pathways within malignant tumor cells, revealing the extent of tumor
heterogeneity. Such molecular characterization is invaluable for drug
discovery, as it facilitates the identification of potential therapeutic
agents capable of reversing the aberrant expression patterns, thereby
paving the way for more effective cancer treatments [9]. Furthermore,
combination therapies have been recognized as a promising approach to
cancer treatment, offering improved outcomes, reduced toxicity, and
delayed onset of resistance compared to single-agent therapies [10].
Consequently, leveraging scRNA-seq data in conjunction with combi-
nation therapies holds significant promise for advancing cancer treat-
ment strategies and improving patient prognosis and outcomes.

Here, we aim to identify novel combinatorial treatment targets by
specifically investigating differentially expressed pathways within ma-
lignant breast cancer cells. We analyze single-cell datasets from breast
cancer patients and utilize well-known models, including PAM50 and
Gene70, to classify cells according to subtype and malignancy, respec-
tively [11]. We observe that cholesterol biosynthesis-related pathways
are highly expressed in malignant cells. Elevated cholesterol biosyn-
thesis in breast cancer has been identified as a key characteristic asso-
ciated with increased tumor growth, invasion, stem cell propagation,
and poor prognosis [12,13]. Additionally, we analyze the proteomics
data from the Cancer Cell Line Encyclopedia (CCLE) to glean deeper
insights into the relationship between cholesterol biosynthesis and ERBB
family in breast cancer [14]. We discover a novel connection between
cholesterol biosynthesis and HER2 in malignant breast cancer. HER2 is a
well-studied protein in breast cancer that, when over-expressed, drives
tumor aggression and increases sensitivity to targeted therapies [15].
Finally, we collect gene expression profiles, drug treatment scores, and
cell-surface HER2 intensity data from breast cancer cell lines to reveal
the impact of cholesterol biosynthesis on HER2 signaling, highlighting
these interconnected pathways as potential novel combinatorial treat-
ment targets.

2. Materials and methods
2.1. Data collection

Single-cell RNA sequencing read count data from 31 untreated breast
cancer patients were retrieved from http://biokey.lambrechtslab.org
and are also accessible from the European Genome-phenome Archive
(EGA) under accession number EGAS00001004809 (Supplementary
Fig. 1A) [16]. For external validation, we obtained single-cell RNA-se-
quencing read count data, integrated across 26 breast cancer patients,
from Gene Expression Omnibus (GEO) under accession number
GSE176078 (Supplementary Fig. 1B) [17]. The transcriptomics data of
65 breast cancer cell lines, proteomics data (reverse phase protein assay)
of 59 breast cancer cell lines, and drug score of Neratinib, an EGFR and
ERBB2 dual inhibitor, were downloaded from the CCLE and PRISM
databases via the DepMap public data portal (https://depmap.org/por
tal/) [14,18].
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2.2. scRNA-seq preprocessing and clustering

The single-cell gene expression matrices from 31 untreated patients
were subjected to quality control using the R package Scater (v1.22.0)
[19]. Following the pre-processing pipeline, we first calculated the
quality control matrix, specifically subsetting mitochondria-related
genes. Cells deviating more than three times the median absolute de-
viation (MAD) from the median were considered as outliers and
removed. Furthermore, we removed low-quality cells with a mito-
chondrial gene count ratio greater than 10 % or gene counts per cell
lower than 100. Genes expressed in fewer than 100 cells were also
filtered out. Subsequently, we utilized the R package Seurat (v4.0.3) for
normalization, cell clustering implementation, and further analysis
[20]. We first performed SCTransform with 2000 selected highly vari-
able genes (HVGs) and set the percentage of mitochondrial genes as the
variable to be regressed. To integrate single cells from different patients,
we conducted data integration using the R package Harmony (v0.1.0)
after principal component analysis (PCA) [21]. The 30 most informative
principal components (PCs) identified through Harmony integration
were used for two-dimensional visualization using Unified Manifold
Approximation And Projection (UMAP) [22]. Cell clustering was per-
formed by constructing a shared nearest neighbor graph, and clusters
were assigned to each cell using the Leiden algorithm implemented in
Seurat [23].

2.3. Cell type annotation and carcinoma cell identification

To identify the breast carcinoma cells, we followed the annotation
provided in the original publication and checked it against well-known
cell type markers in breast cancer, such as carcinoma cells (EPCAM,
KRT18 and KRT19), B cells (CD19, IGHGI1 and IGKC), T cells (CD3D,
CD3E and CD3G), myeloid cells (CD33, CD68 and ITGAX), fibroblasts
(COL1A2, DCN and FAP), endothelial cells (CD34, CLDN5 and
PECAM]1), plasmacytoid dendritic cells (CLEC4C, IRF7 and IRF8) and
mast cells (TPSAB1, TPSB2 and MS4A2). The carcinoma cells were
subsetted, normalized, re-integrated, re-clustered, and visualized on
UMAP based on the 20 most informative PCs, as described in the pre-
viously mentioned pipeline.

2.4. Copy number variation analysis

To validate the accuracy of our cancer cell clustering and cell type
annotation, we applied inferCNV, a computational tool designed to infer
large-scale chromosomal copy number variations (CNV) from single-cell
RNA sequencing data [24]. Using myeloid cells as the reference popu-
lation, we estimated relative CNV signals across the genome in each cell,
allowing us to distinguish malignant cancer cells from non-malignant
populations.

2.5. Breast cancer subtype classification using the PAM50 model

We categorized 24 carcinoma clusters into 5 distinct breast cancer
subtypes, including basal-like, HER2-enriched, LumA, LumB, and
normal-like, using the PAM50 model [25]. We calculated the average
expression level of each carcinoma cluster and utilized molecular.sub-
typing function in the R package genefu (v2.26.0) for breast cancer sub-
type classification [26]. In molecular.subtyping, we first calculated the
correlation coefficient of each sample for each breast cancer subtype:

re=3 (Tg—T)(Cog— cs)/\/z (T~ T)*Y (Cg — C)°

where r; is the correlation coefficient for subtype s, T, is the expression
of gene g in sample T, T is the mean expression across all genes in sample
T, C; is the centroid value for subtype s and gene g, and C; is the mean
centroid value for subtype s.
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Next, we performed subtype assignment based on the correlation
coefficient of each sample:

Predicted subtype = argmax(r;) 2)
where s € {Basal, LumA, LumB, HER2, Normal}.

We then mapped the cluster-based classification results back to the
carcinoma Seurat object and used the R package ComplexHeatmap
(v2.10.0) to draw a heatmap visualizing the z-score transformed
expression levels of PAM50 genes [27].

2.6. SCSubtype analysis

To ensure accurate molecular subtyping of breast cancer cells in our
single-cell dataset, we utilized SCSubtype, a method designed for sub-
typing scRNA-seq data [17]. Following the default parameters, we
applied SCSubtype to our datasets and scaled the SCSubtype scores
based on established gene expression signatures. The highest scoring
subtype was then assigned to each cell, ensuring accurate classification
of breast cancer subtypes at the single-cell level.

2.7. Cell-cell communication analysis

To reveal subtype-specific differences in cell-cell communication, we
performed analyses using the R package CellChat (v2.1.2) [28]. We
calculated the interactions and quantified the strength between each cell
type and breast cancer subtype using the Hill function:

LR"

Interaction strength = T LIR
h

3

where LR is the cross-product of ligand and receptor expression, K}, is the
half-maximal activation constant, and n is the Hill coefficient.

In the CellChat analysis, patterns refer to the global communication
trends observed between different cell populations and are categorized
into incoming and outgoing patterns. To determine the number of out-
going and incoming patterns, we calculated the Cophenetic and
Silhouette values:

4
(7(D ) 4 (D cophenetic ) ( )

Cophenetic coreelation coefficient =
where D is the distance matrix converted from the consensus matrix D
=1—C and Dcgphenesic is the cophenetic distances of hierarchical clus-
tering performed on D.

n

>

i=1

b(i) —

max(a(i),

Silhouette width = % 5)

where a(i) is the average distance and b(i) is the minimum distance
between i and all points in that cluster.

2.8. Characterization of carcinoma malignancy

To characterize the malignancy of carcinoma cell clusters, we uti-
lized the 70-gene signature from the Gene70 model, also known as
MammaPrint, from genefu [26]. Specifically, we focused on genes
associated with poor prognosis (average.good.prognosis.profile < 0)
and calculated the module score using the AddModuleScore function in
Seurat to quantify the malignancy of each single-cell cluster [11,29]. We
utilized the module score to measure the relative expression enrichment
of the poor prognosis gene signature in individual tumor cell clusters.
This score does not directly correspond to the MammaPrint risk classi-
fication, which integrates weighted gene expression patterns into a
prognostic model for patient stratification. Instead, our module score
serves as a quantitative measure of pathway activation, enabling the
identification of malignant clusters based on the expression of poor
prognosis genes.
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where M is a set of genes in the module, C is the control features
randomly selected from each bin, and Xj; is the expression level of gene j
in cell i.

2.9. Differential expression analysis

To identify the differentially expressed genes (DEGs) that are highly
expressed in malignant clusters, we performed the Wilcoxon rank-sum
test using the FindMarkers function in Seurat. This function selects
DEGs between two clusters or groups of cells based on their p-value
(p < 0.05) and fold change (FC > 1.5). In our study, we conducted the
differential expression analysis on malignant clusters, specifically clus-
ters 8 and 19, compared to the normal-like cluster.

2.10. Functional enrichment analysis

To identify enriched pathways at the single-cell level, we employed
the R package AUCell (v1.16.0) for pathway enrichment analysis [30].
AUCell quantifies the enrichment level of a gene set by calculating the
area under the curve (AUC) based on a ranked gene list. Gene sets were
obtained from the Molecular Signature Database using the getGeneSets
function in the R package escape (v1.4.0), which includes 186 curated
gene sets derived from the Kyoto Encyclopedia of Genes and Genomes
(KEGG) and 1615 gene sets from the Reactome pathway database
[31-33]. Genes were ranked based on the normalized count matrix, and
AUC scores for each gene set in each cell were calculated using the
AUCell calcAUC function with default parameters. These scores were
then visualized using violin and bubble plots to illustrate the fold
enrichment and statistical significance between the two groups.

2.11. Survival analysis

Performing survival analysis to assess the impact of specific genes on
patient prognostic outcomes, we utilized GEPIA, a tool that examines
gene expression profiles, and overall survival data of 1071 breast cancer
patients from The Cancer Genome Atlas (TCGA) database [34].
Furthermore, to combine the expression level of cholesterol
biosynthesis-related genes, including HMGCR, MVD, FDFT1, and SQLE,
we utilized the Kaplan-Meier plotter and compared the difference be-
tween breast cancer subtypes [35].

2.12. Proteomic analysis of breast cancer cell lines

We performed PCA on the proteomics data from 59 breast cancer cell
lines using the R package PCAtools (v2.6.0). The results were first
visualized on scatter plots depicting PC1 and PC2, where cell lines are
colored according to the expression level of estrogen and HER2. To
explore the similarities between cell lines and malignant clusters, we
extracted the basal (ER-, HER2-) and luminal breast cancer cell lines
(ER+, HER2-) and calculated the Pearson correlation to elucidate the
relationship between cholesterol biosynthesis-related proteins (HMDH,
KIME, MVD1, GGPPS, FDFT and ERG1) and ERBB family proteins
(EGFR, HER2, ERBB3 and ERBB4) in the two groups of breast cancer cell
lines, respectively.

2.13. Gene set variation analysis on CCLE transcriptomics data

To reveal the activation level of cholesterol biosynthesis level of each
HER2-negative breast cancer cell line, we first collected the gene
expression profiles of 26 HER2-negative breast cancer cell lines from the
CCLE database. Then, we used the Reactome and KEGG databases to
conduct gene set variation analysis (GSVA) using the R package GSVA
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(v1.42.0) on the cholesterol biosynthesis pathway and steroid pathway,
respectively [36].

2.14. Relationship between cholesterol biosynthesis and cell-surface
HER2

We collected the PRISM score for Neratinib, a dual inhibitor of EGFR
and ERBB2, via the DepMap portal and the cell-surface HER2 intensity
data on breast cancer cell lines from a published study [37]. We per-
formed regression analysis using linear model to examine the relation-
ship between cholesterol biosynthesis and cell-surface HER2 expression.

2.15. Cell culture

Our study primarily focused on Basal-like and Luminal A subtypes
due to their distinct reliance on cholesterol biosynthesis. To investigate
this, we utilized basal-like cell line MDA-MB-231 (HTB-26) and luminal
A cell line T-47D (HTB-133), both of which were obtained from the
American Type Culture Collection (ATCC, Manassas, VA, USA). All cell
lines tested negative for mycoplasma and were maintained in Dulbecco’s
Modified Eagle Medium (DMEM; Thermo Scientific, Waltham, MA,
USA) supplemented with 10 % fetal bovine serum (FBS; Thermo Sci-
entific, Waltham, MA, USA), at 37°C in a humidified incubator with 5 %
COa.

2.16. Clonogenic assay

Cells (3000 cells per well for the MDA-MB-231 cell line and 6000
cells per well for the T-47D cell line) were seeded in 6-well plates and
treated with two drug combination: either NB-598 (HY-16343C; MCE,
Princeton, NJ, USA), an inhibitor of SQLE, and Neratinib (HY-32721;
MCE, Princeton, NJ, USA) or Atorvastatin (HY-17379; MCE, Princeton,
NJ, USA), an inhibitor of HMGCR, and Neratinib. The MDA-MB-231 and
T-47D cell lines underwent clonogenic assay for 9 and 12 days,
respectively. The culture media (with or without drugs) were refreshed
every 3 days. Colonies were fixed with 100 % methanol and stained with
1 % crystal violet (Sigma-Aldrich, Burlington, MA, USA) in 30 % MeOH
for 10 minutes. Each well was then washed three times with ddH20 to
remove excess crystal violet. A digital scanner was used to record the
colony formations. Colonies were extracted with 10 % acetic acid, and
the optical density (OD) values were measured by a Model 680 Micro-
plate Reader (BIO-RAD, Hercules, CA, USA) at 590 nm. Relative growth
rate was calculated as the OD value of each treatment relative to the
control (DMSO). Growth inhibition was calculated as one minus the
relative growth. Technical replicates were performed for each of the two
independent biological replicates.

2.17. Analysis of drug synergy

Drug synergy refers to the phenomenon where the combined effect of
two or more drugs is greater than the sum of their individual effects. To
verify the combinatorial effect of two drugs, we calculated the synergy
scores using the ZIP function in the R package synergyfinder (v3.2.10),
following the zero interaction potency (ZIP) as described below [38]:

E;
(1 100)) x 100

where Pred; is the predicted response for drug i at a given combination of
doses, E; is the predicted response of drug i at a given dose, determined
by fitting a dose-response curve for each single drug, and n is the number
of drugs in the combination.

n

II

i=1

1 n
ZPoynery = > Pred; - (1 - %)
i=1

2.18. Statistical analysis

We employed the two-tailed Wilcoxon rank-sum test to assess the
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significance of differences between clusters in terms of malignant scores,
gene expressions, and pathways. The Wilcoxon rank-sum test was con-
ducted using the FindMarkers function in Seurat. Additionally, survival
outcomes and the prognostic value of marker genes were determined
using the Kaplan-Meier method and the corresponding log-rank test.
Regression analysis was performed using the geom smooth function with
a linear model in the R package ggplot2 (v3.3.5).

3. Results
3.1. scRNA-seq profiling of breast cancer patient samples

Single-cell sequencing offers a powerful approach to profile molec-
ular characteristics at single-cell resolution, providing valuable insights
into cellular identity and functionality. In this study, we focused on
breast cancer, a prevalent malignancy affecting millions of individuals
globally. To uncover the mechanisms underlying malignant breast
cancer cells and inform prognosis-guided therapeutic approaches, we
analyzed the scRNA-seq profiles of tumor tissues from 31 treatment-
naive breast cancer patients [16]. After rigorous quality control and
normalization, we clustered the cells into 27 distinct clusters, visualized
through two-dimensional UMAP. The top three differentially expressed
genes in each cluster were identified, further revealing key molecular
signatures associated with each cell population (Fig. 1A, Supplementary
Table 1). We manually selected well-known cell type markers, including
carcinoma markers (EPCAM, KRT18, and KRT19), and visualized their
expression levels on UMAP (Fig. 1B, C). Cells were then categorized into
8 cell types (Fig. 1D). Moreover, we revealed distinct compositions of
each cell type among patients, underscoring differences that merited
deeper exploration through single-cell analysis (Fig. 1E). To distinguish
cancer cells from normal cell populations, we utilized inferCNV to infer
large-scale DNA copy number variations at the single-cell level. Our
analysis revealed that cancer cells exhibited higher levels of CNVs
compared to non-malignant cell types, especially in regions on chro-
mosomes 8 and 15, confirming the accuracy of our clustering and cell
type annotation results (Supplementary Fig. 2).

3.2. Identification of malignant breast cancer clusters

Focusing specifically on the malignant breast carcinomas, we sub-
setted, re-clustered, and mapped the cancer cells onto UMAP (Fig. 2A).
Each cancer cell cluster consisted of cells from multiple patients,
demonstrating that the clustering was driven by shared transcriptional
features rather than patient-specific effects, thereby capturing common
molecular characteristics of malignant breast cancer (Supplementary
Fig. 3A). Additionally, we identified the top three differentially
expressed genes in each cluster, further highlighting key molecular
signatures associated with distinct cancer cell populations
(Supplementary Table 2). We then utilized the PAM50 model for breast
cancer subtype prediction. The PAM50 method efficiently classifies
breast cancer subtypes, including basal, HER2-enriched, LumA, LumB,
and normal-like, based on gene expression profiles, and is widely used in
research and clinical practice. We conducted cluster-based breast cancer
subtyping, and the expression levels of 50 signatures were visualized in a
heatmap, showing that cluster 8 (basal-like) exhibited elevated expres-
sion of numerous PAM50 genes. Subtype prediction results were map-
ped and visualized on UMAP (Fig. 2B, C). To validate the accuracy of our
breast cancer subtyping, we additionally performed SCSubtype analysis,
a method specifically designed for scRNA-seq data. The results were
consistent with our initial PAM50 classification, confirming that cluster
8 remained predominantly composed of basal-like cells, while cluster 19
was primarily luminal A cells (Supplementary Fig. 3B). Furthermore, we
performed CellChat analysis to investigate cell-cell communication. We
discovered that LumA and basal breast cancer subtypes exhibited
significantly stronger intercellular interactions compared to other sub-
types, as illustrated by circle plots showing the interaction numbers and
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Fig. 1. ScRNA-seq profiling of breast cancer cells from 31 untreated patients. (A) UMAP visualization shows 27 distinct clusters from the single-cell data of 31 breast
cancer patients. (B) Cells were colored by the expression level of three well-known breast cancer cell markers, EPCAM, KRT18, and KRT19. (C) Well-known cell type
markers, including B cells, T cells, and fibroblasts, were manually selected and mapped onto UMAP. (D) UMAP unveils the annotation results of each cell type in the
single-cell dataset. (E) Bar plot shows the cell type composition of each patient.
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Fig. 2. Annotation of breast cancer subtype and identification of malignant breast cancer clusters. (A) Cancer cells were re-clustered through the Leiden algorithm
and projected onto UMAP. (B) We applied the PAMS50 model to classify single-cell clusters into 5 breast cancer subtypes: basal, HER2, LumA, LumB, and normal. (C)
Cancer cells were recolored based on the results of subtype annotation and projected on UMAP. (D) The circle plot reveals the number and strength of interactions
between each cell type and breast cancer subtype. (E) The river plot shows the outgoing communication patterns of secreting cells (number of patterns = 3). (F) The
river plot displays the incoming communication patterns of target cells (number of patterns = 7).

strengths (Fig. 2D, Supplementary Fig. 4A). A two-dimensional plot of
cell types and subtypes based on outgoing and incoming strength also
corroborated these pronounced interactions (Supplementary Fig. 4B).
Cophenetic and silhouette values were calculated to determine outgoing
and incoming communication patterns (Supplementary Fig. 4C). We
observed that LumA and basal malignant subtypes displayed a unique
incoming communication pattern of target cells (Fig. 2E, F). Notably, we
did not detect any communication in HER2-positive breast cancer cells.
Together, these findings provided a comprehensive characterization of
intercellular communication networks across breast cancer subtypes,
highlighting distinctive communication patterns of each subtype.

3.3. Characterization of malignant breast cancer clusters
To further assess the malignant status of breast cancer clusters, we

used the 70-gene signature test Gene70, also known as MammaPrint,
which comprises 70 genes predictive of clinical prognosis in breast
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cancer, to quantify malignancy and predict clinical outcome. The
expression levels of each gene associated with poor prognosis were
quantified and treated as modules. The calculated module scores
showed significant differences between cluster 8 (basal), cluster 19
(LumA), and cluster 1 (normal-like), confirming two malignant clusters:
cluster 8 and 19 (Fig. 3A, Supplementary Fig. 5A-C). We also examined
the gene expression levels of clinically assessed markers, including
ESR1, PGR, ERBBQ, CDH1, and MKI67 (Supplementary Fig. 5D). Cluster
8 exhibited high MKI67 expression, indicative of a highly proliferative
phenotype. To further support its malignant nature beyond prolifera-
tion, we also evaluated other cell cycle-related genes such as PCNA and
MCM6, which were likewise highly expressed in cluster 8
(Supplementary Fig. 5E). While high MKI67 levels could suggest a
proliferative cluster, the consistent expression of multiple proliferation-
associated genes, combined with poor-prognosis markers, indicated that
cluster 8 represented a malignant population rather than a general cell
cycle-related cluster. In contrast, cluster 19 showed elevated levels of
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Fig. 3. Cholesterol-related pathways are highly expressed in malignant single-cell clusters. (A) We calculated the module score based on the poor prognosis genes
from Gene70 and identified two malignant clusters, clusters 8 and 19. (B) Volcano plots reveal the DEGs of clusters 8 and 19 compared with the only normal-like
cluster, cluster 1. (C) Venn diagrams show several activated pathways in both clusters 8 and 19 from KEGG and Reactome databases, where cholesterol-related
pathways were found to be highly enriched in these malignant single-cell clusters. (D) Violin plots indicate that the expression levels of KEGG steroid biosyn-
thesis and Reactome cholesterol biosynthesis are higher in malignant cells. (E) We conducted hypothesis testing on two cholesterol-related pathways of clusters 8 and
19 compared to cluster 1, and demonstrated significant activation of these pathways in malignant cells.

luminal-related markers, reinforcing its malignant nature. Given that
both malignant clusters (clusters 8 and 19) identified in our analysis
predominantly fall within HER2-negative subtypes, our study focused
on targeting these populations rather than HER2-positive cancers. We
further conducted differential expression analysis to identify the top
three DEGs between the two malignant clusters (clusters 8 and 19) and
the normal-like cluster (cluster 1) (Fig. 3A and Supplementary
Tables 3-6). STMN1 and TUBA1B, both playing key roles in regulating
microtubule dynamics and associated with aggressive phenotypes in
breast cancer, were highly expressed in cluster 8 [39,40]. On the other
hand, TFF1 and TFF3, two members of the trefoil factor family known to
promote metastasis in breast cancer, were highly expressed in cluster 19
[41,42]. We then performed pathway enrichment analysis using KEGG
and Reactome databases. The number of significantly activated
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pathways shared between clusters 8 and 19 was visualized using a Venn
diagram (Fig. 3B). The analysis revealed 17 and 137 significantly acti-
vated pathways in clusters 8 and 19, respectively (Supplementary Ta-
bles 7 and 8). Through manual comparison, we identified the cholesterol
biosynthesis-related pathways, including steroid biosynthesis and
cholesterol biosynthesis, were the only correlated pathways between
KEGG and Reactome databases that were significantly activated in both
clusters 8 and 19 (Fig. 3C). Both steroid and cholesterol biosynthesis
commence with the conversion of acetyl-CoA and HMG-CoA to choles-
terol through a series of enzymatic reactions known as the mevalonate
pathway [43]. Violin and bubble plots (Fig. 3D, E) demonstrated the
significant differences and differential expression levels between cluster
8 (basal), cluster 19 (LumA), and cluster 1 (normal-like). Additionally,
our results indicated that Basal and Luminal A tumor cells exhibit higher
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cholesterol biosynthesis levels to other

(Supplementary Fig. 6).

compared subtypes

3.4. Cross-dataset validation of cholesterol biosynthesis in malignant
breast cancer

To validate our findings regarding cholesterol biosynthesis activa-
tion in malignant breast cancer, we analyzed an independent single-cell
RNA-seq dataset from 26 breast cancer patients. This external dataset
underwent similar preprocessing, including quality control, normaliza-
tion, and dimensionality reduction, followed by clustering and cell type
annotation based on known lineage markers (Supplementary Fig. 7). We
further re-clustered the cancer cells and assigned molecular subtypes to
malignant clusters, using the PAM50 classification model and SCSub-
type (Supplementary Fig. 8A-D). We then applied the Gene70 poor
prognostic signatures and identified malignant basal-like cluster 9
(Supplementary Fig. 8E). To assess the activation of cholesterol
biosynthesis in malignant cancer cells, we conducted pathway enrich-
ment analysis using KEGG and Reactome databases. Consistent with our
initial dataset, we observed significant upregulation of cholesterol
biosynthesis-related pathways in malignant breast cancer cells
(Supplementary Fig. 8F, G).

3.5. Targeting cholesterol biosynthesis in breast cancer

We focused on the shared mevalonate pathway between KEGG ste-
roid biosynthesis and Reactome cholesterol biosynthesis activated in
malignant clusters (Fig. 4A). De novo cholesterol biosynthesis serves as a
critical step for cancer development through a cascade of enzymatic
reactions such as 3-hydroxy-3-methylglutaryl-CoA (HMG-CoA) reduc-
tase (HMGCR) and squalene epoxidase (SQLE), both acting as rate-
limiting enzymes that control the pathway’s reaction rate [44]. To
target cholesterol biosynthesis, we identified four significantly
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differential expressed genes, including HMGCR, MVD, FDFT1 and SQLE,
in cholesterol biosynthesis between malignant clusters and the
normal-like cluster (Fig. 4B-E, Supplementary Fig. 9). We also con-
ducted survival analysis on breast cancer patients from TCGA, demon-
strating that patients with high expression levels of these genes have
significantly worse clinical outcomes (Fig. 4F-I). By analyzing the
combined expression levels of these four key cholesterol biosynthesis
genes, we found that elevated expression of these genes is associated
with poor prognosis, particularly in HER2-negative breast cancer pa-
tients (Supplementary Fig. 10). Collectively, these findings suggest that
cholesterol biosynthesis serves as an important therapeutic target in
breast cancer treatment.

3.6. Discovery of combinatorial treatment targets

Combinatorial therapies in cancer treatment have shown superior
efficacy and fewer adverse effects than single-drug administration,
prompting significant interest for researchers and scientists [45]. Our
comprehensive single-cell analysis revealed compelling insights into
cholesterol signaling in malignant breast cancer, while CellChat analysis
demonstrated activated outgoing communication patterns, with
cholesterol signaling prominently featured in luminal A breast cancer
(Fig. 2E). Further investigation using Gene70 scoring focused on ma-
lignant clusters 8 and 19 (basal and luminal A subtypes) also indicated
the significant activation of cholesterol biosynthesis pathways. Given
the strong activation of cholesterol signaling in HER2-negative breast
cancer subtypes, we posited an underlying relationship between
cholesterol metabolism and HER2 receptor dynamics, which presents a
unique opportunity to investigate how cholesterol pathway modulation
might interact with or potentially influence HER2 receptor availability
and signaling, thus opening new avenues for combinatorial treatment
strategies in these challenging breast cancer subtypes. Previous studies
have implicated cholesterol and caveolin-1 (CAV1) in the regulation of
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HER2 cell membrane dynamics, particularly in the context of HER2
endocytosis [46-48]. Meanwhile, statins have been reported to inhibit
cholesterol biosynthesis and enhance the availability of HER2 on the cell
surface, thereby improving the efficacy of trastuzumab therapy, which
specifically targets HER2 in gastric cancer [49]. Our motivation for
exploring this connection stemmed from the observation that choles-
terol biosynthesis was highly activated in malignant breast cancer cells,
and this metabolic alteration may influence HER2 activity and signaling
dynamics in ways not strictly limited to HER2-positive cancers.
Motivated by these insights, we proposed a combinatorial treatment
strategy that combines the inhibition of cholesterol biosynthesis with
targeting cell-surface HER2 in breast cancer (Fig. 5A). Our findings
suggested that inhibiting cholesterol biosynthesis may enhance HER2
expression levels, potentially creating an opportunity to eliminate ma-
lignant breast cancer cells more effectively. This combinatorial
approach offers a promising strategy to improve treatment outcomes for
breast cancer patients by targeting both biological and therapeutic
mechanisms. To validate the potential of this set of combination therapy
targets, we analyzed proteomics data of 59 breast cancer cell lines in the
CCLE database. First, PCA was performed and cell lines were visualized
based on the top two PCs (Fig. 5B). We focused on basal and luminal
breast cancer subtypes to mimic the malignant clusters 8 and 19,
respectively. The HER2-positive subtype was not the main focus of this
analysis, as our study primarily centered on luminal A and basal-like
subtypes due to their differential reliance on cholesterol biosynthesis,
which is central to our previous investigation. In luminal breast cancer
cell lines, we calculated the Spearman correlation between proteins
involved in the cholesterol biosynthesis pathway and the ERBB family.
The analysis revealed a negative correlation between cholesterol
biosynthesis proteins and HER2 expression in luminal breast cancer cell
lines, suggesting that inhibiting cholesterol biosynthesis increased HER2
availability (Fig. 5C). Notably, 3-hydroxy-3-methylglutaryl-CoA reduc-
tase (HMDH, gene symbol: HMGCR) exhibited the strongest negative
correlation with HER2 in luminal breast cancer cell lines (Fig. 5D). A
similar negative correlation was observed in basal breast cancer cell
lines, with the top two proteins showing the lowest correlation
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highlighted in scatter plots but not in HER2-positive breast cancer cell
lines (Fig. 5E-G, Supplementary Fig. 11). These findings suggest that our
proposed combinatorial treatment strategy, which targets cholesterol
biosynthesis and HER2, may be effective across multiple breast cancer
subtypes, underscoring its broader applicability in clinical settings.

3.7. Validation of cholesterol biosynthesis-HER2 combinatorial targets

We employed a comprehensive multi-omics approach to validate the
proposed combinatorial treatment strategy targeting cholesterol
biosynthesis and HER2 in breast cancer. Initially, we analyzed the
transcriptomics data of HER2-negative breast cancer cell lines from the
CCLE database, performing gene set variation analysis on cholesterol
biosynthesis pathways using Reactome and KEGG databases. We visu-
alized the results using a heatmap and ranked the cell lines based on
their GSVA scores (Fig. 6A). To further explore the potential of this
combinatorial approach, we investigated HER2 cell surface intensity
from previous study and found a negative correlation between HER2
membrane levels and cholesterol biosynthesis ranking (Fig. 6B) [37].
We selected Neratinib as an HER2 inhibitor since it has been widely used
in combinatorial treatment, e.g., the combination of neratinib with
capecitabine in NALA trial, with fulvestrant in MutHER trial, and with
trastuzumab [50-52]. Additionally, we leveraged the PRISM drug
screening database to investigate the efficacy of Neratinib, a HER2
tyrosine kinase inhibitor, on HER2-negative breast cancer cell lines. By
comparing the cholesterol biosynthesis pathway ranking with Neratinib
scores, we also discovered a negative correlation in HER2-negative cell
lines, suggesting that Neratinib’s efficacy is intimately linked to the
strength of cholesterol biosynthesis in HER2-negative breast cancer cell
lines (Fig. 6C). Integrating transcriptomics, proteomics, HER2 mem-
brane level and drug screening database, we provided a robust valida-
tion of cholesterol biosynthesis and HER2 as promising combinatorial
targets in breast cancer. Lastly, we conducted a clonogenic assay to
evaluate the efficiency of combining inhibitors of cholesterol biosyn-
thesis (Atorvastatin and NB-598) with a well-known dual inhibitor of
HER2 and EGFR (Neratinib) on two HER2-negative breast cancer cell
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Fig. 5. Cholesterol biosynthesis pathway negatively correlates with HER2 in breast cancer cell lines. (A) Combinatorial treatment strategy of targeting cholesterol-
related pathways and HER2. (B) Principal component analysis was performed on the proteomics profiles from breast cancer cell lines (n = 59). (C) Heatmap reveals
the Spearman correlation between proteins involved in the cholesterol biosynthesis pathway and the ERBB family in luminal breast cancer cell lines. (D) Negative
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Fig. 6. Computational and experimental validation of cholesterol-HER2 combinatorial targeting. (A) Heatmap shows the ranking of cholesterol biosynthesis strength
in HER2-negative breast cancer cell lines. (B) The scatter plot unveils the correlation between the ranked activity levels of cholesterol biosynthesis and HER2 cell
surface intensity. (C) The scatter plot reveals the correlation between the ranked activity levels of cholesterol biosynthesis and PRISM score of HER2 inhibitor
Neratinib. (D-E) Colony formation assays were conducted on T-47D (D) and MDA-MB-231 (E) cells treated with a combination of Neratinib and SQLE inhibitor (NB-
598) or HMGCR inhibitor (Atorvastatin) for 9-12 days. The emergence of synergistic effects prominently inhibited colony formation, achieving more effective cell
suppression. The drug synergistic effects were evaluated by the ZIP model (bottom).

lines, T-47D and MDA-MB-231 (Fig. 6D, E). In the clonogenic assay, we
noted augmented growth inhibition with combinatorial treatment
across both breast cancer cell lines and drug pairs. Additionally, we
employed the ZIP model to capture drug-interaction relationships,
comparing potency changes in dose-response curves between individual
drugs and combinations to determine the drug synergy [38]. The results
of synergy score calculation revealed that Atorvastatin (inhibitor of
HMGCR) or NB-598 (inhibitor of SQLE) both synergized with Neratinib
(an inhibitor of HER2 family) in the two breast cancer cell lines, sug-
gesting that the combinatorial strategy had synergistic anticancer effects
to inhibit cancer colony formation.

4. Discussion

HER2 has emerged as a crucial therapeutic target in breast cancer
treatment, profoundly transforming clinical management strategies.
HER2 + and HER2- breast cancers exhibit distinct clinical characteris-
tics and require different treatment approaches [53]. Historically,
HER2 + breast cancer has been considered more aggressive with a
poorer prognosis, characterized by rapid tumor growth and higher
metastasis risk; however, the advent of targeted therapies like
HER2-directed monoclonal antibodies and tyrosine kinase inhibitors has
dramatically improved outcomes [54]. Here, we elucidated the signifi-
cance of cholesterol biosynthesis in malignant breast cancer cells, cluster
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8 (basal) and cluster 19 (LumA), through comprehensive analyses of
patient scRNA-seq data. Our findings suggest that simultaneous target-
ing of cholesterol biosynthesis and HER2 could further optimize treat-
ment strategies, potentially improving prognosis and managing
HER2-negative breast cancer.

In cancer, alterations in biosynthesis and metabolism play a crucial
role in tumor malignancy, influencing various aspects of cancer pro-
gression, including cell proliferation, invasion, and metastasis [55,56].
Through pathway enrichment analysis, numerous pathways were also
identified as highly activated in the two malignant clusters
(Supplementary Tables 7 and 8). In addition to cholesterol biosynthesis
pathways, we discovered that folate biosynthesis, cysteine and methio-
nine metabolism, and glutathione metabolism were also highly acti-
vated in these malignant clusters. All these mechanisms have been
reported to promote cancer cell progression and survival, aligning with
our classification of malignant clusters [56-59]. Moreover, cysteine has
been linked to glutathione, a critical component of the glutathione
metabolism that plays a central role in cellular redox homeostasis,
making it a target for drug development in various cancers, including
colon, liver, lung, and breast cancer [60-62].

Cholesterol biosynthesis is gaining increasing attention in cancer
research due to its importance in cellular homeostasis and its potential
as a targetable pathway. Fluctuations in cellular and blood cholesterol
levels have been associated with tumor carcinogenesis, and their
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accumulation can enhance tumor aggressiveness and promote angio-
genesis [63]. Furthermore, accelerated cholesterol production can affect
cell division and membrane synthesis, which are essential for tumor
progression [12]. In cholesterol biosynthesis, HMGCR and SQLE serve as
rate-limiting enzymes that regulate the pathway’s reactions [44]. Prior
studies have shown that dysregulation of HMGCR contributes to
tumorigenesis, while dysregulation of SQLE has been significantly
correlated with progression in several types of cancer, such as prostate
cancer and hepatocellular carcinoma [64,65]. Additionally, a previous
retrospective cohort study showed that post-diagnosis statin use is
associated with improved cancer-specific survival, particularly in hor-
mone receptor-positive/HER2-negative breast cancer patients, suggest-
ing a potential therapeutic benefit that warrants further investigation
[66]. Therefore, targeting HMGCR and SQLE presents promising stra-
tegies in cancer treatment, offering potent combination drug candidates
to inhibit cholesterol accumulation.

In this study, we identified cholesterol biosynthesis pathways that
were highly activated in malignant clusters compared with a normal-like
cluster via single-cell analysis. We also comprehensively validated the
potential of targeting cholesterol biosynthesis and HER2 as combina-
torial targets in breast cancer through an integrative multi-omics strat-
egy combining transcriptomics, proteomics, membrane protein
intensity, and pharmacological screening. Statin-induced HER2 upre-
gulation offers a potential strategy to enhance HER2-targeted antibody-
drug conjugates (ADCs), such as T-Dxd, by improving drug delivery in
tumors with low or heterogeneous HER2 expression [67]. This approach
aligns with emerging strategies to optimize ADC performance through
biomarker modulation, supporting further investigation into combina-
torial treatments with cholesterol pathway inhibitors. In this study, we
demonstrated that Atorvastatin or NB-598 (inhibitors of cholesterol
biosynthesis) combined with Neratinib had synergistic effects on two
breast cancer cell lines, representing the two malignant clusters from
scRNA-seq data. Additionally, we utilized the ZIP model to rigorously
assess drug-interaction relationships, enabling continuous prediction of
synergistic effects by comparing potency changes in dose-response
curves between individual drugs and their combinations. Beyond
quantifying the synergistic interactions between cholesterol biosyn-
thesis inhibitors and Neratinib, this approach offers a robust computa-
tional framework for predicting potential combinatorial therapeutic
strategies in cancer treatment.

5. Conclusions

In this study, we leveraged scRNA-seq data to identify malignant
breast cancer subsets and proposed a combinatorial therapy strategy
targeting both cholesterol biosynthesis and HER2. Through rigorous
multi-omics analysis on breast cancer cell lines, including tran-
scriptomics, proteomics, membrane protein intensity, and drug
screening data, we uncovered a significant relationship between
cholesterol biosynthesis and HER2 expression in HER2-negative cell
lines. Our computational approach revealed a novel therapeutic strategy
that extends beyond conventional targeting methods. Also, experi-
mental validation through clonogenic assays revealed that simultaneous
inhibition of cholesterol biosynthesis and HER2 can effectively elimi-
nate malignant breast cancer cells, even in HER2-negative contexts.
Overall, the identification of combinatorial therapy from single-cell
analysis, targeting both cholesterol biosynthesis and HER2, demon-
strated promising synergistic effects in breast cancer treatment.
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