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ORIGINAL RESEARCH ARTICLE

Unsaturated fatty acid metabolism and FADS2
as candidate factors in triple-negative breast
cancer

Ying Chen?, Yu-Hui Ma‘>, Zhi-hui Hu2, Qi Liu‘®, Bin Song*”, and He Hao*

Cancer Center, Shanxi Bethune Hospital, Shanxi Academy of Medical Sciences, Third Hospital of
Shanxi Medical University, Tongji Shanxi Hospital, Taiyuan, Shanxi, China

Abstract

Triple-negative breast cancer (TNBC) is aggressive and lacks effective targeted
therapies. Using estrogen receptor (ER)-negative breast cancer as a proxy for TNBC,
we explored circulating metabolite associations and downstream candidate genes.
A two-sample Mendelian randomization (MR) analysis used large-scale metabolome
genome-wide association study data (~1,400 metabolites). Candidate metabolites
underwent Kyoto Encyclopedia of Genes and Genomes enrichment. Computationally
predicted targets were intersected with common differentially expressed genes
from three Gene Expression Omnibus datasets and Weighted Gene Co-expression
Network Analysis modules. Least absolute shrinkage and selection operator-Cox and
random survival forest prioritized genes in the Cancer Genome Atlas-TNBC. Single-
cell RNA-seq (GSE176078) explored heterogeneity and pathways. MR identified 38
candidate metabolites nominally associated with ER-negative breast cancer risk,
enriched in unsaturated fatty acid and arachidonic acid metabolism. Integration
yielded 39 candidate genes, and survival-based machine learning prioritized KRAS,
MGST3, FADS2, UGTS, IDO1, and SRC. Single-cell analysis showed higher FADS2 in a
presumed malignant epithelial subpopulation (log2FC = 2.53, false discovery rate
< 0.05), associated with cholesterol biosynthesis, sterol metabolism, and cell-cycle
programs. These exploratory findings nominate abnormal circulating unsaturated
fatty acid metabolism and FADS2 as candidate factors in ER-negative/TNBC biology.
FADS?2 is a candidate biomarker and potential target requiring TNBC-specific genetic,
patient-aware single-cell, prognostic, and experimental validation.

Keywords: Triple negative breast cancer; Estrogen receptor-negative breast cancer
proxy; Mendelian randomization; Unsaturated fatty acid metabolism; FADS2; Single cell
transcriptomics; Exploratory computational analysis

1. Introduction

Triplenegative breast cancer (TNBC) accounts for approximately 15%-20% of all breast
cancersandischaracterizedbytheabsenceofestrogenreceptor (ER), progesteronereceptor
(PR), and human epidermal growth factor receptor 2 (HER2).>* It is the most aggressive
subtype, with limited targeted therapies and poor prognosis.’ Metabolic reprogramming
is now recognized as a hallmark of cancer, and altered circulating metabolite levels
have been associated with the risk of various tumors.* In TNBC, both cancer-cell
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metaprograms and the tumor microenvironment (TME)
exhibit extensive reprogramming relative to normal breast
tissues, contributing to intra-tumoral heterogeneity.’
However, observational studies are prone to confounding
and reverse causation, and the potential association
between metabolites and ER-negative/TNBC biology
remains to be rigorously evaluated.

Mendelian randomization (MR) uses genetic variants
as instrumental variables (IVs), effectively reducing
confounding bias, and has been widely applied to explore
causal links between biomarkers and diseases.® Moreover,
metabolites often exert their effects on tumors through
downstream gene expression regulation’; therefore,
integrating metabolite, transcriptomic, and single-cell data
can help generate hypotheses about potential mechanisms.

The TME plays a critical role in cancer progression,
and metabolic crosstalk among cancer-associated
fibroblasts, immune cells, and tumor cells is increasingly
recognized.® Recent advances in single-cell and spatial
transcriptomics have revolutionized the understanding of
tumor heterogeneity.’ To our knowledge, few studies have
integrated circulating metabolite data with single-cell-level
candidate gene prioritization in TNBC.

This study aims to explore candidate associations
between circulating metabolites and ER-negative/TNBC
biology, identify candidate metabolic pathways, and
prioritize candidate genes potentially regulated by these
metabolites using multi-step bioinformatics analyses.
Specifically, we focus on dissecting the expression
heterogeneity and potential functions of key genes at
single-cell resolution. Through this multidimensional
analytical approach, our study generates hypotheses
about potential links between circulating metabolites and
ER-negative/TNBC biology and provides exploratory
insights into the gene regulatory mechanisms at the single-
cell level, potentially offering novel theoretical bases and
targets for the diagnosis and treatment of TNBC.

2. Materials and methods

2.1. Mendelian randomization analysis of
metabolites and estrogen receptor-negative breast
cancer (proxy for triple-negative breast cancer)

Genetic association data for circulating metabolites
were obtained from a large-scale plasma metabolome
genome-wide association study (GWAS) covering
approximately 1,400 metabolites. Independent genetic
variants significantly associated with metabolite levels
were selected as IVs using the following criteria: Genome-
wide significance (p < 5 x 107®), independence (r* < 0.001,
linkage disequilibrium clumping window of 10,000 kb).

The F-statistic was calculated, and variants with F > 10
were retained to avoid weak instrument bias. These IVs
were used for exploratory two-sample MR analysis.

Outcome data for ER-negative breast cancer were
derived from a GWAS of ER™ breast cancer. Considering
the limited availability of a dedicated large-scale GWAS
specifically for TNBC (defined as ER/PR/HER2"), we
utilized the largest publicly available GWAS of ER™ breast
cancer as a proxy outcome. Given that TNBC constitutes
a substantial proportion of clinically aggressive ER"
breast cancers, this proxy approach has been used in
previous two-sample MR studies; however, ER™ breast
cancer is not equivalent to TNBC because it includes
HER2* disease. We explicitly acknowledge the potential
outcome misclassification introduced by HER2* tumors.
The direction of this bias is not predictable, and we
interpret our findings with this caveat (Section 4). Allele
harmonization was performed using the TwoSampleMR
R package (v0.5.6). The inverse variance weighted (IVW)
method was used as the primary estimate, with the
weighted median method for sensitivity analysis and the
MR-Egger intercept test to evaluate horizontal pleiotropy.
The false discovery rate (FDR) was considered for multiple
testing correction. However, because the downstream
prioritization used nominal IVW p < 0.05, the MR
findings should be regarded as exploratory. A metabolite
was considered a candidate association when the IVW p <
0.05, the weighted median effect direction was consistent,
and the MR-Egger pleiotropy p > 0.05. No definitive causal
inference was made. Multivariable MR, colocalization,
and MR-Pleiotropy Residual Sum and Outlier were not
performed; these are important future directions.

2.2. Kyoto Encyclopedia of Genes and Genomes
pathway enrichment analysis

Candidate metabolites were mapped where possible to
Kyoto Encyclopedia of Genes and Genomes compound
IDs. Enrichment analysis was performed using the
clusterProfiler R package (v4.4.0) with all mappable
metabolites as background. The significance threshold
was set at adjusted p < 0.05. Candidate metabolites were
classified and visualized using bar plots, circular plots,
and forest plots. Enrichment results were considered
exploratory.

2.3. Computational target prediction for lipid-
related candidate metabolites

Based on the candidate metabolite associations from the
MR analysis, candidate metabolites in the unsaturated
fatty acid pathway (e.g., linoleic acid and arachidonic
acid) were selected, and their Simplified Molecular Input
Line Entry System or structural formulas were obtained.
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Protein targets were computationally predicted using the
SwissTargetPrediction and Similarity Ensemble Approach
databases. Pathway-related genes were retrieved from
GeneCards using the keywords “unsaturated fatty acid
metabolism” and “arachidonic acid metabolism” The
intersection of computationally predicted targets and
pathway genes was taken as the candidate target set (Gene
Set A). These predictions are hypothesis-generating and do
not establish metabolite-driven gene regulation.

2.4. Triple-negative breast cancer differential
expression analysis and weighted gene
co-expression network analysis

Three expression datasets (GSE38959: 30 TNBC vs. 13
controls; GSE45827: 41 TNBC vs. 11 controls; GSE65194:
41 TNBC vs. 11 controls) were downloaded from the Gene
Expression Omnibus (GEO) database. These datasets were
generated on different platforms and may differ in control
composition. Normalization and differential expression
analysis were performed using the limma package
(v3.52.0) with thresholds of adj.P.Val < 0.05 and [log2FC]|
> 0.585. This threshold was selected to capture moderate
but potentially biologically relevant expression changes.
Genes consistently differentially expressed across the
three datasets were defined as Gene Set B; this intersection
approach is exploratory and may be influenced by sample
size and platform differences.

Weighted gene co-expression network analysis
(WGCNA; WGCNA package v1.72) was performed on
the GSE65194 dataset. The soft threshold was set to 4
(ensuring R* > 0.9 and high mean connectivity), and
a weighted co-expression network was constructed to
identify modules most positively correlated with the TNBC
phenotype in this dataset (Gene Set C). The intersection
of Gene Set B and Gene Set C yielded candidate TNBC-
related genes (Gene Set D). The intersection of Gene Set
A and Gene Set D gave the candidate gene set (Gene Set
E). The large overlap between Gene Set B and Gene Set
C may reflect module size and thresholding and requires
independent validation.

2.5. Gene functional enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes pathway enrichment analyses were performed
using clusterProfiler, with significance defined as p < 0.05
and g < 0.05. These enrichment results are exploratory
and do not establish causal regulation. Visualization was
performed using ggplot2 (v3.3.6).

2.6. Machine learning to prioritize candidate genes

RNA-sequencing expression data and corresponding
clinical information for TNBC samples were downloaded

from The Cancer Genome Atlas (TCGA) database. A
total of 113 TNBC samples were included. The number
of survival events and follow-up distribution were not
sufficient for external validation. The expression matrix
was matched with Gene Set E.

First, least absolute shrinkage and selection operator
(LASSO) Cox regression (glmnet package v4.1) was
used for candidate feature selection, with the optimal A
determined by ten-fold cross-validation. Subsequently, a
random survival forest (RSF) model (randomForestSRC
package v3.1) was used to evaluate variable importance.
The intersection of non-zero coeflicient genes from LASSO
and the top 20 important genes from RSF was defined as
the final candidate genes. Because both algorithms were
applied to the same cohort without external validation,
these genes should not be considered a validated prognostic
signature.

2.7. Single-cell exploration of candidate gene
expression heterogeneity

The TNBC single-cell dataset GSE176078 (eight tumor
samples) was obtained from the GEO database. The
number of cells per patient and patient-level clinical
characteristics were not fully modeled. Quality control
was performed using Seurat (v4.1.1): Cells with 200-7,000
detected genes and a mitochondrial gene proportion
below 20% were retained. Principal component analysis
dimensionality reduction (top 20 principal components),
Louvain clustering (resolution 0.5), and Uniform Manifold
Approximation and Projection (UMAP) visualization were
performed. Cell types were annotated based on canonical
marker genes: epithelial cells (EPCAM, KRTS), T cells
(CD3D), and myeloid cells (CD68). Epithelial cells were
annotated using canonical markers and are referred to
as presumed malignant epithelial cells; malignant status
was not confirmed by copy-number variation inference,
and the remaining cells were defined as non-malignant
cells. Expression differences of candidate genes between
presumed malignant and non-malignant cells were
compared using the Wilcoxon rank-sum test with FDR
correction. These cell-level tests do not account for patient-
level effects and may overstate significance.

2.8. Transcriptional-state comparison of FADS2-
detected and FADS2-undetected epithelial cells

Within the epithelial cell population, cells were divided
into FADS2-detected (expression count > 0) and FADS2-
undetected (expression count = 0) groups. Differentially
expressed genes between the two groups were identified
using the FindMarkers function in Seurat (Wilcoxon rank-
sum test, FDR < 0.05). This is an observational comparison
and not a gene knockout. Zero counts may reflect dropout
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or limited sequencing depth. This was followed by GO
biological process enrichment analysis using clusterProfiler.
These differences may also be influenced by library size,
cell cycle, patient effects, and malignant subclone.

2.9. Statistical analysis

All analyses were exploratory. Continuous variables
were compared using the Mann-Whitney U test, and
categorical variables were compared using the x* test.
Survival analysis was performed using the Kaplan-Meier
method with the log-rank test. All statistical analyses
were performed with R software (v4.0.5, R Foundation for
Statistical Computing, Austria), and two-sided p < 0.05
was considered statistically significant. No correction for
patient-level pseudoreplication in single-cell comparisons
was applied.

3. Results

3.1. Candidate metabolite associations with
estrogen receptor-negative breast cancer risk
identified with Mendelian randomization

Using the ER™ breast cancer GWAS as a proxy for TNBC
risk, 42 metabolites were initially identified via IVW
analysis as being nominally associated with ER™ breast
cancer risk, used as a proxy for TNBC (p < 0.05). After
requiring consistency of effect direction with the weighted
median method and excluding metabolites with horizontal
pleiotropy (MR-Egger p > 0.05), 38 candidate metabolites
were retained (Figure 1A). These are exploratory,
nominal associations and should not be interpreted
as definitive causal effects. These metabolites included
lipids, amino acid-related metabolites, and energy-
related molecules. Polyunsaturated fatty acid metabolites
(e.g., docosapentaenoate, docosatrienoate, and various
arachidonoyl-containing phospholipids) accounted for
33% of the candidate metabolites. The effect sizes and

confidence intervals of the top 20 metabolites are shown
in a forest plot (Figure 1B), and scatter plots were further
drawn for the top five metabolites (Figure 1C) to show
the relationship between the genetic IV effect and the MR
fitting results.

3.2. Unsaturated fatty acid and arachidonic acid
metabolism highlighted in pathway enrichment of
candidate metabolites

After classifying the 38 candidate metabolites obtained
through final screening, it was found that they were
mainly distributed in lipid metabolism categories such
as polyunsaturated fatty acids/unsaturated fatty acids,
arachidonic acid-related lipids, glycerophospholipids,
sphingolipids, and acylcarnitines/fatty acid oxidation,
as well as some tryptophan metabolism, amino acids/
peptides, bile acids, carbohydrate metabolism, and
microbial population/externally derived metabolism-
related metabolites (Figure 2A, B). Overall, lipid
metabolism-related molecules accounted for a relatively
high proportion in the candidate metabolites, suggesting
that abnormal lipid metabolism may be one feature of
metabolic changes in this context. Further analysis from
the perspective of functional modules revealed that these
candidate metabolites mainly clustered in modules such
as unsaturated fatty acid remodeling, arachidonic acid
signal transduction, sphingolipid signaling pathways, and
fatty acid p-oxidation. These modules are all closely related
to membrane lipid remodeling, inflammatory signal
regulation, cell proliferation, and energy supply, suggesting
that lipid metabolism reprogramming may be relevant
in this context. At the same time, different metabolites
in terms of effect directions include both risk-related
molecules and protective-related molecules, indicating
that the metabolic networks regulation of tumor risk
may have bidirectionality and complexity (Figure 2C).
From representative metabolites, docosapentaenoate,

Figure 1. Results of MR analysis. (A) Volcano plot showing the effect size (odds ratio) and significance (-log10 p) for all metabolites. Red dots: Metabolites
with inverse-variance-weighted p < 0.05 and consistent direction with the weighted median. These are nominal, exploratory associations. (B) Forest plot

of the top 20 candidate metabolites. (C) Scatter plots of the top five metabolites.

Abbreviations: CI: Confidence interval; ER: Estrogen receptor; MR: Mendelian randomization; SNP: Single-nucleotide polymorphism.

Volume X Issue X (2026)

doi: 10.36922/CP026340053


https://doi.org/10.36922/CP026340053

Cancer Plus

FADS2 and unsaturated FAin TNBC

docosatrienoate, and various arachidonoyl- or linoleoyl-
related lipid molecules were all classified into the core
category of lipid metabolism, further highlighting
unsaturated fatty acid metabolism and arachidonic acid
metabolism among the candidate metabolites. Overall,
this analysis provided hypothesis-generating functional
context for the candidate metabolites obtained through
MR screening and helped guide subsequent candidate
gene prioritization.

3.3. Computational prioritization of candidate
targets associated with unsaturated fatty acids

Combining computational target prediction
(SwissTargetPrediction ~ and  Similarity =~ Ensemble
Approach) with pathway gene retrieval (GeneCards)
yielded 282 computationally predicted candidate targets
(Gene Set A) highly relevant to unsaturated fatty acid
metabolism, including key lipid metabolic enzymes, fatty
acid transporters, and signaling molecules (Figure 3).

Figure 2. KEGG enrichment and classification of positive metabolites. (A) Bar plot of KEGG pathways enriched by candidate metabolites. (B) Circular plot

of candidate metabolite categories. (C) Summary of core lipid metabolites.

Abbreviations: CI: Confidence interval; KEGG: Kyoto Encyclopedia of Genes and Genomes.

Figure 3. Metabolite-target network. Circles represent metabolites, diamonds represent predicted targets. Edge thickness indicates confidence score.

Targets are computationally predicted and do not demonstrate regulation.
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3.4. Identification of candidate triple-negative
breast cancer-related modules using transcriptomic
profiling and WGCNA

To explore the role of unsaturated fatty acid metabolism
in TNBC, we conducted differential expression analysis
using the limma package on three microarray datasets

(GSE38959, GSE45827, and GSE65194). We then generated
the volcano plots and heatmaps for visualization (Figure
4A). We further extracted the common differentially
expressed genes from these three datasets to obtain 1,578
common differentially expressed genes, defined as Gene
Set B (Figure 4B).

Figure 4. Differential expression analysis. (A) Volcano plot and heatmaps of three Gene Expression Omnibus datasets (GSE38959, GSE45827, and
GSE65194). (B) Venn diagram of the intersection of differentially expressed genes.
Abbreviations: DEG: Differentially expressed gene; NS: Not significant; TNBC: Triple-negative breast cancer.

Volume X Issue X (2026)

doi: 10.36922/CP026340053


https://doi.org/10.36922/CP026340053

Cancer Plus

FADS2 and unsaturated FAin TNBC

To further clarify the potential mechanisms and gene
modules in TNBC, we performed batch normalization
on the disease samples of dataset GSE65194. When R* >
0.9 and the average connectivity was high, we set the soft
threshold to 4. After clustering with a high limit of 0.25
to merge strongly correlated modules, the initialized
and merged modules were finally displayed under the
clustering tree. WGCNA identified a module (MEblue)
most positively correlated with TNBC (Figure 5A-C).
The intersection of this module (Gene Set C) with Gene
Set B gave candidate TNBC-related targets (Gene Set D,
n = 1,204). The intersection of Gene Set A (n = 282) and
Gene Set D (n = 1,204) yielded 39 candidate genes (Gene
Set E). Functional enrichment of Gene Set E showed
enrichment in mammary gland development, epithelial
morphogenesis, PI3K-Akt, and p53 signaling pathways
(Figure 5D). These results are exploratory and do not
establish causal regulation.

3.5.Six candidate genes prioritized in machine
learning

In the TCGA-TNBC cohort (113 samples), LASSO Cox
regression selected 9 non-zero coefficient genes at the
optimal A.min = 0.0222 (Figure 6A, B). RSF variable
importance ranking placed FADS2, MGST3, and KRAS
among the top 20 (Figure 6C). The intersection of LASSO-
selected genes (9 genes) and the top 20 RSF genes yielded
six candidate genes: KRAS, MGST3, FADS2, UGTS, IDO1,
and SRC (Figure 6D). These genes were selected in the
same cohort without external validation and should not be
considered a validated prognostic signature.

3.6. Heterogeneous FADS2 expression in presumed
malignant epithelial cells

After quality control, 99,086 high-quality single cells were
obtained. UMAP clustering identified major cell types
including epithelial cells (26,022 cells), T/natural killer cells,
myeloid cells, and fibroblasts (Figure 7A, B). Epithelial cells
were annotated using canonical markers and are referred
to as presumed malignant epithelial cells; malignant status
was not confirmed by copy-number variation inference.
Comparison of candidate gene expression between
presumed malignant and non-malignant cells showed that
FADS2 and MGST3 expression was higher in malignant
cells, with FADS2 showing a log2FC of 2.53 (FDR <
0.05, Figure 7C). Feature plots revealed heterogeneous
expression of FADS2 in tumor cells.

3.7. Association between FADS2 expression and
sterol biosynthesis/cell-cycle programs

Within epithelial cells, FADS2-detected cells (5,775
cells) and FADS2-undetected cells (20,247 cells) were

Figure 5. Weighted gene co-expression network analysis and integration
with predicted targets. (A) Cluster dendrogram of genes with module
colors. (B) Module membership in the blue module. (C) Module-trait
correlations (red: positive correlation with triple-negative breast cancer
[TNBC]). (D) Gene Ontology (GO) enrichment and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment of Gene Set E.
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Figure 6. Machine learning for candidate gene prioritization. (A) Least absolute shrinkage and selection operator (LASSO) cross-validation curves (partial
likelihood deviance). (B) LASSO coefficient paths as A varies. (C) Random survival forest (RSF) variable importance plot. (D) Venn diagram of LASSO-

selected and RSF-top 20 genes. No external validation was performed.

well separated on UMAP (Figure 8A). Differential
expression analysis identified 1,203 upregulated and
845 downregulated genes in the FADS2-detected group
(FDR < 0.05, Figure 8B). GO enrichment showed that
genes associated with FADS2 expression were enriched
in cholesterol biosynthetic process, sterol metabolic
process, steroid biosynthetic process, and acyl-coenzyme
A metabolic process (Figure 8C). This is an observational
comparison and not a gene knockout; zero counts may
reflect dropout or limited sequencing depth. These
differences may also be influenced by library size, cell
cycle, patient effects, and malignant subclone. Additionally,
some genes were enriched in chromosome segregation and
nuclear division (cell cycle) processes.

4, Discussion

In this study, an integrative analysis of independent public
datasets starting from MR and progressing through target
prediction, differential expression, WGCNA, machine
learning, and single-cell exploration was used to explore
candidate associations between circulating metabolites and

ER"/TNBC biology. Unsaturated fatty acid metabolism was
identified as a candidate pathway. Six candidate genes were
prioritized, among which FADS2 expression was higher in
presumed malignant epithelial cells at the single-cell level
and was associated with lipid metabolic reprogramming.

The MR findings are consistent with emerging
evidence linking lipid metabolism to breast cancer risk.'
The enrichment of docosapentaenoate, docosatrienoate,
and arachidonoyl-containing phospholipids suggests a
potential role for long-chain polyunsaturated fatty acids
and their remodeling pathways in ER"/TNBC biology."
This is biologically plausible because these fatty acids
are precursors for bioactive lipids (e.g., eicosanoids)
that modulate inflammation, cell proliferation, and
angiogenesis.'

Although our machine learning pipeline prioritized
six candidate genes, we prioritized FADS2 (fatty acid
desaturase 2) for further computational exploration. Unlike
KRAS or SRC, which primarily transduce extracellular
signals, or IDOI, which modulates immune checkpoints,
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Figure 7. Single-cell landscape and candidate gene expression. (A) Uniform manifold approximation and projection plot of major cell types. (B)
Distribution of presumed malignant (epithelial) vs. non-malignant cells. (C) FeaturePlot of six key genes and violin plots comparing expression of six
candidate genes between presumed malignant and non-malignant cells.
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FADS2 encodes a rate-limiting enzyme, delta-6 desaturase,
which catalyzes the metabolism of unsaturated fatty acids."
Notably, these very fatty acids were identified as nominally
associated with ER— breast cancer risk, used as a proxy for
TNBC by our MR analysis. This raises the hypothesis that
FADS2 may link systemiclipid alterations to local malignant
transformation. FADS2 encodes a delta-6 desaturase that
catalyzes the rate-limiting step in the conversion of linoleic
acid and a-linolenic acid to longer chain polyunsaturated
fatty acids.’*** Overexpression of FADS2 has been reported
in several cancers and is linked to poor prognosis.'>*®
However, this does not establish a prognostic role in the
present cohort. The single-cell data showed that FADS2 is
not uniformly expressed in all presumed malignant cells
but rather marks a subset of epithelial cells with high
metabolic activity. This heterogeneity may reflect distinct
metabolic states within the tumor, similar to the cancer-
associated fibroblast heterogeneity described in gastric
cancer.” The enrichment of cholesterol biosynthesis and
sterol metabolism pathways in FADS2-expressing cells
raises the possibility that FADS2 may be associated with
fatty acid desaturation and sterol synthesis, both of which
are essential for membrane biogenesis and signaling in
rapidly proliferating cancer cells.'”***!

The other five candidate genes (KRAS, MGST3,
UGTS, IDOI, SRC) also have plausible connections to
TNBC. KRAS mutations are acquired or selected under
endocrine therapy pressure in breast cancer, contributing
to resistance.”? In TNBC, mutant p53 protects tumor cells
from ferroptosis by upregulating Mgst3 via nuclear factor
erythroid 2-related factor 2. Mgst3 encodes a glutathione-
dependent peroxidase that detoxifies lipid peroxides,
thereby contributing to the survival of TNBC cells.”’
UGTS is a molecular marker of breast cancer malignancy
and lung metastases,” and its inhibition suppresses
basal-like breast cancer progression by attenuating
the sulfatide-aVP5 axis.®> IDOI promoter methylation

regulates IDOI expression in breast cancer, contributing
to the development of the TME.* SRC is a non-receptor
tyrosine kinase frequently activated in breast cancer.” It
has been demonstrated that the oncogenic overexpression
or activation of SRC plays critical roles in various aspects
of breast cancer progression, including tumor initiation,
growth, metastasis, drug resistance, and the regulation of
stemness.”® Their co-selection by both LASSO and RSF
suggests potential relevance, but independent validation is
required.

Our single-cell transcriptomic analysis further revealed
pronounced expression heterogeneity of FADS2 within
the presumed malignant epithelial cell compartment, a
finding that may provide hypothesis-generating insights
into TNBC heterogeneity. TNBC is renowned for its
extreme inter- and intra-tumor heterogeneity. According
to established molecular frameworks, such as the Fudan
Classification,” TNBC can be categorized into distinct
subtypes, among which the Luminal Androgen Receptor
(LAR) subtype is characterized by a prominent enrichment
of lipid and steroid metabolism pathways.*® The distinct
FADS2-high epithelial cell cluster identified in our single-
cell RNA sequencing analysis may resemble a lipid-driven
phenotype similar to the LAR subtype; this requires
formal androgen receptor (AR)/LAR-signature scoring,
which is defined by active AR signaling and steroid
metabolism addiction.” By utilizing FADS2 expression
to map metabolic subpopulations, our findings suggest a
hypothesis that targeting fatty acid desaturation could be
explored in future studies.

A compelling finding of our MR analysis is that systemic
alterations in circulating unsaturated fatty acids and
arachidonic acid metabolites may be associated with ER”/
TNBC susceptibility. Systemic metabolic predispositions
do not exist in isolation; instead, they maintain a profound
crosstalk with the local TME.* Elevated circulating lipids
may cross the endothelial barrier, serving as abundant raw

Figure 8. Transcriptional-state comparison of FADS2-detected and FADS2-undetected epithelial cells. (A) Uniform manifold approximation and projection
of FADS2-detected vs. FADS2-undetected cells within the epithelial population. (B) Volcano plot of differential expression between FADS2-detected and
FADS2-undetected cells. (C) Gene Ontology biological process enrichment of genes associated with FADS2 expression. This is not a gene knockout.
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materials that fuel the energy demands and membrane
synthesis of lipid-addicted malignant cells. This potential
systemic-to-local metabolic relationship may link patient-
level metabolic traits and intra-tumoral programming,®
offering a wider lens to understand how peripheral
metabolic health shapes breast cancer initiation. These
circulating lipids likely serve as the substrate pool
for upregulated FADS2 in presumed malignant cells,
providing the raw material for the downstream cholesterol/
sterol biosynthesis observed in our transcriptional-state
comparison.

FADS2-high presumed malignant cells show enhanced
cholesterol biosynthesis. Cholesterol is the essential
precursor for all steroid hormones, including androgens,*
which act as endogenous ligands for the AR. AR signaling
is the core driver of the LAR subtype of TNBC.*! Therefore,
increased sterol synthesis may potentially contribute to AR
activation through ligand availability. Beyond providing
precursors, steroidogenic enzymes directly modulate
AR function. For example, AKRIC2 and DHRSII are
upregulated in LAR tumors.*>* Both enzymes have been
shown to regulate AR protein expression and nuclear
localization. Cholesterol accumulation also remodels
membrane lipid rafts, which are critical for AR membrane
anchoring and efficient signal transduction.” This finding
raises the intriguing possibility that FADS2-high presumed
malignant cells, through enhanced cholesterol biosynthesis,
may create a permissive metabolic environment for
steroidogenesis, potentially relevant to the LAR subtype.
This hypothesis, however, requires direct experimental
validation. Nevertheless, we acknowledge that AR itself
is a well-established transcriptional regulator of lipid
metabolism. Thus, the hypothesized FADS2-sterol-AR
relationship may involve bidirectional interactions, and our
current computational framework cannot fully disentangle
cause from consequence.

Intriguingly, the enrichment of cholesterol biosynthesis
in FADS2-high presumed malignant cells extends beyond
mere membrane biogenesis. In the context of TNBC,
dysregulated sterol metabolism is tightly linked to the
activation of the sterol regulatory element-binding protein
signaling pathway and the synthesis of steroid hormones,*?
particularly in the LAR subtype. This metabolic rewiring
not only supports rapid proliferation but may also confer
resistance to ferroptosis by altering membrane lipid
saturation status.’” This hypothesis requires experimental
validation, and it may be relevant to the poor prognosis
associated with FADS2 expression.

Compared to previous TNBC metabolomics studies,
this work has several strengths. First, MR was used
to explore genetically proxied associations, reducing

confounding and reverse causation—an approach similar
to recent studies that integrated MR with multi-omics.
Second, multi-omics data (metabolomics, transcriptomics,
single-cell) were integrated to build an integrative
hypothesis-generating  framework from metabolite
to pathway to candidate gene. Third, candidate gene
expression was explored at single-cell resolution, revealing
intratumoral heterogeneity, analogous to the detailed
metabolic molecular subtyping performed in nonalcoholic
fatty liver disease and hepatocellular carcinoma.

Several limitations must be acknowledged. First and
foremost, the MR estimates should be interpreted within the
context of outcome definition. In the absence of a TNBC-
specific GWAS, we relied on ER™ breast cancer GWAS as
a proxy. We recognize that ER™ tumors are biologically
heterogeneous and include HER2* subtypes, which may
not fully recapitulate the metabolic etiology of TNBC. The
direction of this misclassification bias is not predictable.
Nevertheless, dedicated TNBC GWAS are urgently needed
to validate our findings. Second, the direct regulatory
relationship between unsaturated fatty acid metabolites and
FADS?2 expression has not been experimentally validated.
Multivariable MR, colocalization, and comprehensive
pleiotropy analyses were not performed. Third, in the
single-cell analysis, epithelial cells were designated as
presumed malignant cells without additional evidence
such as copy number variation inference. Cell-level single-
cell tests may be affected by pseudoreplication; patient-
aware pseudobulk or mixed-effects models are needed.
Fourth, all conclusions are derived from computational
analyses and lack in vitro or in vivo functional support.
Fifth, the “virtual knockout” analysis is an observational
comparison, not a gene perturbation. Zero counts may
reflect dropout. Sixth, the LAR subtype hypothesis was not
tested by AR/LAR-signature scoring. Seventh, no external
validation of the candidate gene set was performed. More
broadly, circulating biomarkers do not always show
measurable associations with cancer risk; for example,
blood zinc levels were not significantly associated with
breast cancer incidence in a prospective cohort of BRCA1
mutation carriers.*

Future studies should employ summary-data-based
MR or expression quantitative trait locus colocalization
to further explore the potential relationship between
metabolites and FADS2. Functional experiments, such
as FADS2 knockdown or overexpression in TNBC cell
lines (e.g., MDA-MB-231 and BT-549), combined with
lipidomics and proliferation/migration assays, are needed
to elucidate the molecular mechanism. Additionally,
spatial transcriptomics could be used to map the spatial
distribution of FADS2-expressing cells within the TME
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and their interactions with cancer-associated fibroblasts
and immune cells, as performed in the gastric cancer study.

5. Conclusion

This exploratory integrative analysis nominates abnormal
unsaturated fatty acid metabolism and FADS?2 as candidate
factors in ER/TNBC biology. FADS2 expression was
higher in a subset of presumed malignant epithelial cells
and was associated with transcriptional programs related
to sterol metabolism and cell-cycle activity. These findings
identify FADS2 as a candidate biomarker and potential
target requiring TNBC-specific genetic analyses, patient-
aware single-cell validation, independent prognostic
cohorts, and experimental perturbation.
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