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Abstract

Introduction: Breast cancer (BC) is the most common malignancy among
women worldwide. Although observational studies have linked carnitine-re-
lated metabolites (CRMs) to BC, causal inference has been limited by con-
founding and reverse causality. This study used Mendelian randomization
(MR) analysis to investigate the potential causal link between CRMs and BC.
Material and methods: MR analysis was conducted using the Cancer Ge-
nome Atlas-BC and CRM-related datasets to explore the potential causal
relationship between CRMs and BC. Variants were screened based on cri-
teria encompassing genome-wide significance (p < 5x107%), independence
(r2 < 0.001, kb=10000), and sufficient strength (F-statistic > 10). Various MR
techniques, including inverse-variance weighted, MR-Egger, simple mode,
weighted mode, and weighted median approaches, were applied to assess
these potential causal associations. Single-cell RNA sequencing (scRNA-seq)
was employed to investigate the expression and biological functions of bio-
markers linked to metabolites.

Results: The MR analysis suggested that genetically predicted elevated
levels of octanoylcarnitine and decanoylcarnitine were associated with in-
creased risk of BC. Functional enrichment analysis identified 12 candidate
genes associated with these metabolites, which are involved in fatty acid
B-oxidation (FAO) pathways. SCRNA-seq analysis revealed eight distinct cell
subpopulations, with macrophages exhibiting the highest intercellular com-
munication. Six biomarkers were identified as potential contributors to BC
development: ACADM, FNIP2, RAPGEF2, RABGGTB, PPID, and ST6GALNAC3.
Conclusions: This study provides evidence supporting potential causal asso-
ciations between octanoylcarnitine and decanoylcarnitine and BC risk. Inte-
grative single-cell transcriptomics revealed six CRM-associated biomarkers
and their dynamic expression within tumor microenvironments. Additional
experimental and clinical studies are needed to validate these observations
and clarify their biological and translational relevance.
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Introduction

Breast cancer (BC) is the most common malig-
nancy among women worldwide [1]. In 2022, the
number of new BC cases globally approached 2.3
million and is projected to rise to approximately
3 million by 2050 [2, 3]. Advanced BC can lead to
multi-organ dysfunction due to distant metastasis,
directly threatening life [4, 5]. Age, genetics, envi-
ronment, and lifestyle factors are significant risk
factors for BC [6]. From a pathological perspec-
tive, BC is primarily classified into non-invasive
and invasive types. Rare subtypes such as muci-
nous carcinoma typically have a lower histological
grade and higher hormone receptor expression,
resulting in a relatively favorable prognosis [7].
Molecular subtyping further categorizes BC into
intrinsic subtypes with distinct biological behav-
iors and therapeutic targets, such as luminal A,
luminal B, HER2-positive, and triple-negative BC,
based on the expression of key biomarkers (ER,
PR, HER2, and Ki-67) [8]. In terms of treatment, the
development of novel drugs and the application of
comprehensive approaches including surgery, ra-
diotherapy, chemotherapy, endocrine therapy, and
targeted therapy have increased the 5-year surviv-
al rate for early-stage patients to nearly 90% [9].
However, significant challenges persist, including
the heterogeneity of triple-negative BC (TNBC) and
the development of treatment resistance across
subtypes [10, 11]. Therefore, enhancing early de-
tection and targeted anticancer therapy for BC is
crucial for further improving patient survival rates.

Metabolic reprogramming, established as one of
the core hallmarks of cancer, functions as a pivotal
mechanism driving tumorigenesis and progression
[12]. Itsintricate crosstalk with epigenetic regulation
is postulated to cooperatively facilitate the progres-
sion of BC [13, 14]. This reprogramming is primarily
characterized by enhanced glucose metabolism, in-
creased fatty acid synthesis, and an elevated rate
of glutamine metabolism [15], which collectively
enable cancer cells to flexibly adjust their energy
metabolism and biosynthetic pathways. These ad-
aptations provide indispensable support for rapid
proliferation, invasion, metastasis, and adaptation
to the complex tumor microenvironment (TME)
[16]. Among these alterations, dysregulated lipid
metabolism stands out as one of the most prom-
inent metabolic disturbances in cancer, significant-
ly influencing cell membrane architecture, diverse
energy processes, and intercellular communica-
tion [17]. Specifically, the catabolism of fatty acids
serves as a crucial energy source for ATP generation
within cancer cells [18]. Growing evidence indicates
that increased fatty acid synthesis and catabolism
synergistically support the migratory capacity of
metastatic BC cells [19]. Carnitine, specifically acyl-
carnitines, transports fatty acids into mitochondria

and transcriptomic analysis

for B-oxidation [20]. Consequently, the levels and
functional status of carnitine-related metabolites
(CRMs) directly govern the flux of fatty acid oxida-
tion, thereby positioning CRMs as a critical nexus
linking lipid metabolic reprogramming to cellular
energy supply and the malignant phenotype in BC.
While epidemiological studies have identified asso-
ciations between circulating carnitine levels and BC
risk [21], inherent limitations in study design and
methodology have precluded deeper exploration of
causality and underlying mechanisms.
Therefore, this study is the first to systematically
integrate MR with multi-omics analysis, aiming to
overcome the limitations of previous correlational
research, clarify the potential causal relationship
between CRMs and BC, and characterize associ-
ated molecular pathways and cellular expression
patterns. MR, which uses genetic variants as in-
strumental variables (1V), can reduce susceptibility
to confounding and reverse causation, providing
a useful approach for assessing potential causal
relationships between exposures and outcomes
[22, 23]. Based on this, we utilized large-scale
genomic and transcriptomic data to investigate
potential causal associations between CRMs and
BC risk. Furthermore, by integrating single-cell
RNA sequencing (scRNA-seq), cell communication
analysis, and regulatory network construction, we
characterized the cellular expression patterns and
molecular features of CRM-associated genes with-
in the TME and identified candidate genes for fur-
ther investigation. This work provides genetic and
transcriptomic evidence supporting the involve-
ment of carnitine-related metabolic pathways
in BC and highlights candidate genes for further
mechanistic and translational investigation.

Material and methods
Data sources

Figure 1 presents the comprehensive study
framework. The primary data for MR analysis
were obtained from the Integrative Epidemiol-
ogy Unit (IEU) Open GWAS database (https://
gwas.mrcieu.ac.uk/), including the BC dataset

(ukb-b-12227) and CRM datasets (met-a-742,
met-a-618, met-a-615, met-a-463, met-a-479,
met-a-699, met-a-467, met-a-573, met-a-476,

and met-a-652). Single-cell datasets GSE176078
(26 BC) [24] and GSE42568 (BC: control = 104:17)
[25] were retrieved from the Gene Expression Om-
nibus (GEO) database (https://www.ncbi.nlm.nih.
gov/gds). The Cancer Genome Atlas (TCGA)-BC
(BC: control = 1,082:113) dataset was sourced
from the University of California Santa Cruz
(UCSC) Xena database (https://xenabrowser.net/
datapages/) [26]. The data were accessed on Sep-
tember 1st, 2023. The representative histopatho-
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Figure 1. Flowchart of the study design

IEU Open GWAS — Integrative Epidemiology Unit Open genome-wide association study, BC —breast cancer, GEO — Gene Expression
Omnibus, UCSC — University of California Santa Cruz, TCGA — The Cancer Genome Atlas, MR — Mendelian randomization, PCA —

principal component analysis.

logical slide images of breast cancer from the
TCGA are provided in Supplementary Figure S1.

MR analysis

To investigate the potential causal relationship
between carnitine metabolites and BC risk, this
study employed MR for analysis. The MR analy-
sis was based on three core assumptions: (1) the
IVs should be significantly correlated with CRM;
(2) the IVs must not be influenced by any other
confounding factors; and (3) BC must be affected
by CRM solely through the IVs [22]. The extract _in-
struments function was used to assess exposure
factors and screen IVs (p < 5 x 10%) [27]. IVs sig-
nificantly correlated with the exposure factors
were identified. The “clump” variable was em-

ployed to detect closely related IVs, which were
then assessed for linkage disequilibrium (LD) with
criteria of » = 0.001 and kb = 10,000. IVs for ex-
posure factors and outcomes were harmonized,
excluding SNPs with F-statistics < 10 (F = (sample-
size.exposure-2) x ((R?)/(1 — R?)). The extract_out-
come_data function was used to filter SNPs not
associated with BC. MR analysis was performed
using MR Egger regression [28], weighted medi-
an [29], inverse variance weighted (IVW) [30], and
simple mode and weighted mode methods [31].
P-values and odds ratios (OR) for the IVW meth-
od were used, with the IVW approach treating the
reciprocal of outcome variance (the square of SE)
as the weight (R? = (B?)/(B? + SE? x N)). The fol-
lowing thresholds were used: p < 0.05 indicated
a significant causal relationship between an expo-
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sure factor and patient outcome; OR > 1 indicated
risk factors; and OR < 1 indicated safety factors.
MR results were visually represented using scatter
plots, forest plots, and funnel plots.

Several sensitivity analyses were performed
to evaluate the validity and stability of the caus-
al relationships. Heterogeneity among IVs was
assessed using the mr_heterogeneity function,
with homogeneity indicated by p-values > 0.05.
Horizontal pleiotropy was tested using the mr_
pleiotropy_test function, where p-values > 0.05
suggested no directional pleiotropic effects. Ad-
ditionally, leave-one-out analysis was conducted
by systematically excluding individual SNPs to
assess their impact on overall causal effect esti-
mates. These analyses were implemented within
the “TwoSampleMR” package [32].

Enrichment analysis

Genes associated with Vs corresponding to
metabolites that showed evidence of associations
with BC risk in the MR analysis were retrieved
from the eQTLGen database and considered pu-
tative cis-eQTLs target genes. To investigate the
potential biological functions and pathways as-
sociated with these genes in BC, an enrichment
analysis was performed using the Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Ge-
nomes (KEGG) databases via the “clusterProfiler”
package [33] (p < 0.05).

Single-cell analysis

To characterize the cell-type-specific expres-
sion patterns and potential functional associa-
tions of CRM-related genes within the BC micro-
environment, this study performed single-cell
RNA sequencing analysis on BC tissues. Quality
control for the GSE176078 dataset was conducted
using the “Seurat” package [34], with criteria set
to exclude cells containing fewer than 200 genes,
genes detected in fewer than three cells, and cells
with mitochondrial gene proportions exceeding
5% [35]. Highly variable genes were identified
using the FindVariableFeatures function based
on mean-variance relationships. Data normaliza-
tion was performed using the ScaleData function.
Following principal component analysis (PCA),
uniform manifold approximation and projection
(UMAP) was applied for cell cluster identification
at a resolution of 0.25. Cell type annotation was
performed using the “singleR” package [36].

Cell communication, pathway analysis, and
single-cell trajectory in biological processes

To investigate the signaling interaction net-
works among different cell subpopulations within
the TME of BC, the “cellchat” software package was

and transcriptomic analysis

employed to analyze cell communication between
annotated cell types [37]. Cells exhibiting the high-
est number and intensity of intercellular interac-
tions were selected as key cells. The FindALLMark-
ers function was applied to perform differential
analysis on each sub-population, using the param-
eters only.pos = TRUE, min.pct = 0.2, and return.
thresh = 0.01, to obtain single-cell differentially
expressed genes (scDEGs). Subsequently, function-
al enrichment analyses of KEGG pathways and GO
biological processes were performed using the org.
Hs.eg.db and clusterProfiler packages (pvalueCut-
off = 1 and gvalueCutoff = 1). To identify candidate
biomarkers possessing both genetic association
and cell specificity, biomarkers were derived from
the intersection of SNP target genes and scDEGs.
Additionally, the “Monocle” package [38] was em-
ployed to visualize the developmental trajectories
of key cells and analyze changes in the expression
levels of biomarkers during cell differentiation.

Identification and expression analysis of
biomarkers

Chromosomal localization of biomarkers was
performed using the “RCircos” package [39], and
subcellular localization predictions were made
using the RNALocate database (http://rnalocate.
org) to investigate the expression distribution of
biomarkers in cells. Expression analysis was per-
formed using the TCGA-BC and GSE42568 data-
sets to compare the expression of biomarkers in
BC and control groups. UMAP clustering heatmaps
were generated to visualize the correlation be-
tween biomarkers and annotated cell types.

Molecular regulatory network and drug
prediction

Transcription factors (TFs) regulating biomark-
er expression were identified through the ENCODE
database chip-seq data via the NetworkAnalyst
online platform (https://www.networkanalyst.ca/).
The “multiMiR” package [40] was used to identify
overlapping target microRNAs (miRNAs) from miRDB
(https://www.mirdb.org/) and miRanda (http://
www.microrna.org/microrna’home.do) databases.
Overlapping miRNAs were considered as target miR-
NAs for further investigation. LncRNA analysis of
biomarkers was conducted using the starBase data-
base (http://starbase.sysu.edu.cn). To explore poten-
tial therapeutic targets for BC treatment, biomarkers
were queried against the DGIldb database (https://
www.dgidb.org) to identify candidate drugs.

Statistical analysis

All bioinformatics analyses were conducted us-
ing R (v 4.2.2), with comparisons between groups
performed using the Wilcoxon test [41].
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Results

MR analysis suggested that
octanoylcarnitine and decanoylcarnitine are
potential risk factors for BC

The IVW analysis identified evidence supporting
potential causal associations between decanoyl!-
carnitine (OR = 1.0140, 95% Cl = 1.0003-1.0278,
p < 0.05), octanoylcarnitine (OR = 1.0131, 95% Cl
= 1.0015-1.0248, p < 0.05), and BC risk, suggest-
ing that higher genetically predicted levels of both
metabolites are associated with an increased risk
of BC (Table I). The scatter plot showed a positive
slope, further supporting their role as risk factors
(Figures 2 A, B). Additionally, forest plots corrob-
orated these findings, demonstrating an elevat-
ed BC risk linked to increased decanoylcarnitine
and octanoylcarnitine levels in the IVW analysis
(Figures 2 C, D). The funnel plot displayed approx-

imate symmetry of IVs on both sides of the IVW
line, suggesting that the MR analysis adhered to
randomness (Figures 2 E, F).

Sensitivity analyses supported the consistency
of the MR results. No evidence of significant het-
erogeneity or horizontal pleiotropy was detected
(p > 0.05) (Table Il). Leave-one-out analysis indi-
cated that no single SNP unduly influenced the
overall estimates (Figures 2 G, H). In summary,
the MR analysis suggested that higher genetically
predicted levels of octanoylcarnitine and deca-
noylcarnitine are associated with increased BC
risk. To explore shared instrumental variables be-
tween the two significant exposure factors, three
overlapping SNPs were identified. A total of 12
SNP target genes were identified as being cis-reg-
ulated, including ACADM, ETFDH, FNIP2, RAPGEF2,
RABGGTB, PPID, ABCC1l, MSH4, TMEM144,
ST6GALNAC3, CRYZ, and SLC44A5.

Table I. Mendelian randomization analysis of associations between carnitine metabolites and breast cancer risk

Outcome Exposure nSNP OR (95%Cl) P-value
ukb-b-12227 Succinylcarnitine 7 -0.001 0.9985 (0.9791-1.0183) 0.885
ukb-b-12227  Decanoylcarnitine 3 0.0139 1.0140 (1.0003-1.0278) 0.045
ukb-b-12227 Octanoylcarnitine 3 0.0130 1.0131 (1.0015-1.0248) 0.026
ukb-b-12227  Propionylcarnitine 4 0.0126 1.0127 (0.9847-1.0414) 0.378
ukb-b-12227  Isobutyrylcarnitine 3 -0.0029 0.9971 (0.9833-1.0110) 0.680
ukb-b-12227 Acetylcarnitine 2 -0.0088 0.9912 (0.9583-1.0252) 0.608
ukb-b-12227  Glutaroyl carnitine 8 -0.0069 0.9931 (0.9739-1.0127) 0.488
ukb-b-12227 Butyrylcarnitine 5 0.0004 1.0004 (0.9905-1.0104) 0.939
ukb-b-12227  Isovalerylcarnitine 3 -0.0162 0.9839 (0.9487-1.0204) 0.382
ukb-b-12227  Hexanoylcarnitine 4 0.0136 1.0137 (0.9984-1.0291) 0.079
SNP - single nucleotide polymorphisms.
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Figure 2. Scatter plots of the potential causal association between CRM and BC risk. A — decanoylcarnitine and BC

risk, B — octanoylcarnitine and BC risk

SNP - single nucleotide polymorphism, MR — Mendelian randomization, OR — odds ratio.
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Table Il. Results of sensitivity analysis

Exposure Outcome Heterogeneity test (IVW) Horizontal pleiotropy test (MR-Egger)

Q P-value I? Intercept SE P-value
Octanoylcarnitine BC 2.204126153  0.332 0 -0.001256772  0.000893921 0.393595639
Decanoylcarnitine BC 1.790034097  0.049 9.26 -0.000893961  0.000706888 0.425941195

IVW — inverse variance weighted, BC — breast cancer.

Functional analysis of 12 candidate genes 12 SNP target genes. GO analysis revealed that

these genes are associated with fatty acid p-ox-

To explore their potential biological functions,
idation (FAO) (Figure 3 A), while KEGG analysis

an enrichment analysis was performed on these
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Figure 3. Functional enrichment analysis of 12 candidate genes. A — Results of Gene Ontology (GO) analysis.
B — Bubble plot for Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis
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indicated involvement in pathways such as glyco-
sphingolipid biosynthesis-ganglio series, among
others (Figure 3 B).

Eight cell subpopulations were identified
and annotated

Quality control outcomes are shown in Supple-
mentary Figure S2. Following standard preprocess-
ing, 2000 genes with high variability were identi-
fied (Figure 4 A). PCA was performed, and the first
30 principal components were selected for further
analysis (Figures 4 B-D). UMAP clustering analysis

and transcriptomic analysis

revealed 32 distinct cell clusters (Figure 4 E). Eight
cell subpopulations were annotated, including
epithelial cells, fibroblasts, and CD8+ T-cells (Fig-
ure 4 F). Cellular communication analysis showed
enhanced communication between macrophages
and macrophages and between macrophages and
epithelial cells (Figures 4 G, H).

Expression and signaling pathways
involving biomarkers in scRNA-seq

Macrophages exhibited the highest number
and intensity of interactions with other annotated

1GKVL-9 IGKY3-20 75
\IQMGKVJ-II
60 IGHV3-21 IoKVEGIEVES
<, 16214
., ~IGHV6-1 A
L IGHVL-46
g - . 50
2 40 L
g - N
b1 . [}
17} a
N
=
<
T 20 =
<
&
o1 * 0
le-04 le-02 1e+00 le+02
Average expression
« Non-variable count: 25719 « Variable count: 2000
0 20 40 60
C PC_1
» CID3586 @ CID4461
0.3 ©» CID3838 @ CID4463
© CID3921 @ CID4465
» CID3941 ® CID4471
© CID3946 ® CID4495
» CID3948 ® CID44971
® CID3963 @ CID44991
© CID4040 = CID4513
® CID4066 @ CID4515
® CID4067 » CID45171
® CID4290A » CID4523
— 0.2 ®# CID4398 ® CID4530N
S ® CID44041 = CID4535
S
=
=
‘s
c
2
©
=
=
<
1<)
£ PC: p-value
= 0.1 - TP
- + PC1:0 + PC18:2.24e-309 + PC 35:5.04e-195
= ¢ PC2:222e-315 =« PC19:5.45e-296 + PC 36:1.85e-177
" + PC3:143e-310 + PC20:7.47e-248 « PC37:1.59e-123
=T PC4: 0 + PC21:7.64e-274 » PC 38:6.68e-201
P PC5:1.69e-292 =+ PC22:2.98e-268 + PC 39:2.79%-137
- PC 6:1.19e-221 = PC23:1.02e-178 « PC 40: 8.78e-128
-7 © PC7:114e-322 + PC24:6.68e-201 + PC4l:7.94e-157
o PC8: 0 + PC25:6.64e-283 + PC42:1.18e-132
P PC9:1.89%-263 =+ PC26:2.49e-232 + PC43:1.36e-170
e PC 10: 1.86e-172 + PC27:9.24e-226 + PC 44:3.23e-153
P PC 11:3.12e-257 =« PC28:1.41e-175 + PC 45:2.35e-169
7 ¢ PC12:1.41le-314 » PC29:3.32e-203 + PC 46:2.55e-155
0q.=" + PC13:3.27e-295 + PC 30:2.48e-239 + PC47:3.42e-85
+ PC14:2.14e-317 = PC31:2.52e-196 -« PC48:1.91e-98
+ PC15:1.27e-268 + PC 32:2.38e-195 + PC 49:4.09e-115
0 0.025 0.050 0.075 0.100 ¢ PC16:5.69e-311 + PC 33:2.25e-194 + PC 50:2.47e-149
. « PC17:0 * PC 34:2.75e-187
Empirical

Figure 4. Single-cell RNA-seq of BC tissues. A — Results of screening highly variable genes. B — Dimension reduction
by principal component analysis (PCA). C — Scatter plot of principal components

Arch Med Sci 3, June / 2026

1695




Feifeng Ran, Lilin Que, Lan Luo, Mei Gan, Rensheng Wang, Leifeng Liang

D E

8 . 154
L]
. 10
S 6
B .
o
]
T 4% N
Il g 04
[} ey
.... =
. no..“”." ;
Sang =27
O.t..“’.‘..n.'.“.g..
0 10 20 30 40 50
PC 107
F Celltype
_15-
5 =15 -10 -5 0 5 10
UMAP_1
104 *0 # 17
s
3 e
5 HE
.8 23
*7T =24
~ s
& ® 10 » 27
E 0' : 1 : 8
2 - E - :
® 14 @& 31
& 15 & 32
_5_ . 16
~104
=15
-15 -10 -5 0 5 10
UMAP_1
o B-cells
o CD4+ T-cells
® CD8+ T-cells
@ Endothelial cells
e Epithelial cells
® Fibroblasts
® Macrophages
® Monocytes
G Ia CD8+ T-cells

CcDa+ T‘“,é“!
\/

CD4+ T-cells
Endothelial cells

CD4+ T-cells

Fibroblasts

Macrophagas Macrophages

Figure 4. Cont. E — Uniform manifold approximation and projection (UMAP) cluster analysis. F — Single-cell anno-
tations. G — Cellular communication

1696 Arch Med Sci 3, June / 2026



Evaluating the potential causal relationship between carnitine-related metabolites and breast cancer: a Mendelian randomization
and transcriptomic analysis

H Number of interactions

W= 8____ B_

Interaction strength

B-cells .

CD4+ T-cells
CD8+ T-cells
Endothelial cells

Epithelial cells .

Sources (Sender)

Fibroblasts
Macrophages

Monocytes

|
|

]

|
=
1
O
Icmmn

0dS
=
IS

B-cells

CD4+ T-cells
CD8+ T-cells
Endothelial cells
Epithelial cells
Fibroblasts
Macrophages
Monocytes
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cells during cell communication, thus designating
them as key cells. A total of 7,890 scDEGs across
various cell clusters were identified (Figure 5 A).
KEGG pathway and GO biological process analy-
ses of annotated cell subpopulations revealed that
macrophages were primarily enriched in processes
such as antigen processing and presentation of
exogenous peptide antigens, vesicle organization,
vacuole organization, and macroautophagy. In con-
trast, epithelial cells were predominantly enriched
in aerobic respiration, mitochondrial ATP synthesis
coupled with electron transport, ribonucleoprotein
complex biogenesis, and cytoplasmic translation
(Figure 5 B). The overlap between the 7,890 scDEGs
and the 12 SNP target genes identified six bio-
markers: ACADM, FNIP2, RAPGEF2, RABGGTB, PPID,
and ST6GALNAC3 (Figure 5 C). Following biomarker
identification, their pseudo-temporal trajectories
in macrophages were prioritized for further study.
As shown in Figures 5 D, E, macrophage differenti-
ation proceeded in three directions. Notably, state
7 differentiated earlier, while state 1 differentiated
later. The expression levels of ACADM, RAPGEF2,
and FNIP2 exhibited smooth changes, gradually
decreasing throughout macrophage development.
PPID expression remained stable throughout dif-
ferentiation. In contrast, RABGGTB expression re-
mained stable initially and then increased, while
ST6GALNAC3 expression remained consistently
low during macrophage development (Figure 5 F).

Localization information and expression
levels of biomarkers

The chromosomal locations of the biomarkers
in human DNA are shown in Figure 6 A. Specifical-
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ly, ACADM, RABGGTB, and ST6GALNAC3 are locat-
ed on chromosome 1, while FNIP2, RAPGEF2, and
PPID are located on chromosome 4. Subcellular
localization analysis revealed that the biomark-
ers were primarily distributed in the cytoplasm,
ribosomes, endoplasmic reticulum, ribosome-free
cytoplasm, and nucleus, with the majority of the
proteins localized in the cytoplasm (Figure 6 B). Ex-
pression analysis of the TCGA-BC and GSE42568
datasets demonstrated significant downregu-
lation of ACADM, RAPGEF2, and ST6GALNAC3
in BC samples (Figures 6 C, D). As presented in
Figure 6 E, ACADM was among the highly variable
genes in epithelial cells, whereas RAPGEF2 and
ST6GALNAC3 were associated with highly variable
genes in endothelial cells, and RAPGEF2 was also
linked to highly variable genes in macrophages.

Results of molecular regulatory network
and drug prediction for biomarkers

For ACADM, 21 TFs were predicted; for
RABGGTB, 20 TFs; and for PPID, 6 TFs. No corre-
sponding TF data were predicted for the remaining
three biomarkers. These TFs were used to establish
a TF-mRNA network, with the TF TAF7 co-targeting
and regulating three biomarkers (Figure 7 A).

Additionally, the mRNA-miRNA-IncRNA regula-
tory network revealed that 157 miRNAs (such as
hsa-miR-105-5p, hsa-miR-106b-5p, hsa-miR-1252-
5p, and hsa-miR-126-5p) and 68 IncRNAs (such as
NEAT1 and XIST) interacted with the biomarkers
(Supplementary Table SI, Figure 7 B). Drug pre-
diction analysis identified 31 targeted drugs for
ACADM (e.g., irbesartan, angiotensin A, and trv-
120027) and 3 drugs for PPID (SCY-635, rencofilstat,
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and cyclosporine) in BC (Figure 7 C, Supplementa-
ry Table SII). In summary, this integrative analysis
provides insights into potential molecular pathways
that may be associated with BC. The identification
of candidate drug targets offers directions for future
experimental and therapeutic investigation.

Discussion

BC exhibits significant diversity at both the cel-
lular and molecular levels, which greatly impacts
prognosis, particularly in subtypes such as TNBC.
TNBC accounts for 15% of all BC cases and is as-
sociated with a relatively poor prognosis due to its
high metastatic potential [42, 43]. A recent study
highlighted that patients with hormone recep-
tor-positive (HR+)/human epidermal growth fac-
tor receptor 2-negative (HER2-) BC exhibit distinct
biological and clinical characteristics, suggesting

A ?L-C -

the need for tailored therapeutic approaches for
this group [44]. Therefore, identifying new bio-
markers specific to these subtypes is critical.
CRM have been proposed as potential prognos-
tic biomarkers in multiple cancers [45, 46]. In the
present study, MR analyses suggested potential
associations between elevated levels of these
metabolites and increased BC risk, supporting the
need for further investigation of their potential
clinical and biological relevance.

This study identified octanoylcarnitine and
decanoylcarnitine as potential risk factors for BC.
Previous studies have shown that octanoylcarni-
tine levels vary across BC stages and hormone re-
ceptor subtypes, with lower levels observed in T3-
stage tumors and higher levels in ER/PR-positive
tumors [47]. We hypothesize that elevated octa-
noylcarnitine may be associated with metabolic
changes during BC development and progression.
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Figure 6. Localization information and expression levels of biomarkers. A — Location of biomarker genes on hu-
man chromosomes. B — Subcellular localization analysis. C, D — Expression analysis in TCGA-BRCA and GSE42568
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SNP — single nucleotide polymorphism, DEG — differentially expressed gene.

In advanced stages, its levels may be depleted
and decline, possibly due to metabolic reprogram-
ming, such as an enhanced Warburg effect, and
microenvironmental changes [15]. However, the
biological roles of these acylcarnitines display no-
table heterogeneity and context dependency. For
instance, elevated octanoylcarnitine is associat-
ed with increased risk of gastrointestinal cancer
[48], while it exhibits inhibitory effects in ovarian
cancer [49]. Similarly, decanoylcarnitine has been
reported to show a positive association with the
risk of most cancers [50], but in metastatic pan-

creatic cancer patients, its higher serum levels
are linked to favorable body composition char-
acteristics (e.g., greater subcutaneous fat) and
longer survival [51]. These findings suggest that
the biological effects of octanoylcarnitine and de-
canoylcarnitine are highly dependent on cancer
type, disease stage, molecular subtype, and the
local metabolic microenvironment. In summary,
the roles of these two metabolites in cancer are
complex and dynamic. Future work will involve
functional experiments and validation in clini-
cal cohorts to further characterize their dynamic
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changes and mechanisms of action across differ-
ent stages and subtypes of BC, and to evaluate
their potential as stage-specific biomarkers or
therapeutic targets.

The 12 SNP-targeted genes identified in this
study were significantly enriched in FAO and re-
lated metabolic pathways, which represent the
core processes through which carnitine regulates
fatty acid metabolism. Previous studies have
shown that modulating fatty acid metabolism via
the AKT/RYR2 signaling pathway promotes the
progression of TNBC [52]. Meanwhile, FAO can
enhance BC invasion and metastasis through the
miRNA-328-3p/CPT1A axis [53]. Furthermore, fat-
ty acid oxidation is a key metabolic pathway that
sustains the malignant mesenchymal phenotype
of tumor cells and drives metastasis. Disruption of
this pathway, through pharmacological (e.g., reti-
noic acid) or genetic intervention, can alter lipid
metabolic flux, influence epigenetic modifications,
and subsequently reverse the cellular state while
suppressing metastatic potential [54]. Collectively,
these findings suggest that carnitine-related met-
abolic pathways may contribute to metabolic al-
terations associated with BC progression. Further
research is needed to explore the mechanisms
linking carnitine-related metabolites to the devel-
opment and progression of BC.

The complex TME of BC consists of tumor cells,
immune cells, fibroblasts, vascular cells, and the

Figure 7. Molecular regulatory network and
drug prediction for biomarkers. A — Pre-
diction of TFs for candidate biomarkers.
B — mRNA-miRNA-IncRNA regulatory net-
work. C — Results of drug prediction analysis

TFs — transcription factors.

extracellular matrix, all of which contribute to
tumor growth, progression, and metastasis [55].
Cellular communication analysis revealed that
macrophage-macrophage interactions and mac-
rophage-epithelial cell communications were up-
regulated. Macrophages, as immune effector cells,
play a critical role in the immune microenviron-
ment of BC. Numerous studies have established
the protumor effects of alternatively activated
(M2) tumor-associated macrophages (TAMs),
correlating their presence with poor prognosis in
BC and other cancers [56, 57]. TAMs contribute
to tumor progression by promoting angiogene-
sis, suppressing T cell-mediated immunity, and
modulating metabolic activities and associated
metabolites, thereby shaping the overall meta-
bolic landscape of the TME [58]. Moreover, this
study revealed that macrophage subpopulations
are predominantly enriched in macroautophagy.
As a central regulatory process governing cellu-
lar metabolism and homeostasis, the activation
of autophagy is closely associated with function-
al polarization, survival, and pro-tumor activity
of macrophages [59-61]. Targeting autophagic
processes in macrophages may thus represent
a promising therapeutic strategy to reverse their
pro-tumor functions.

To explore therapeutic targets related to CRM
in BC tumor cells, six biomarker genes were iden-
tified by overlapping DEGs and candidate genes:
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ACADM, FNIP2, RAPGEF2, RABGGTB, PPID, and
ST6GALNAC3 (Supplementary Table Slil). Notably,
ST6GALNAC3, ACADM, and RAPGEF2 were signifi-
cantly downregulated in the BC group, suggesting
their involvement in BC development and pro-
gression. The identified SNP target genes, includ-
ing ACADM, are integral to the carnitine shuttle
mechanism and are associated with promoting
FAQ, a pathway that supports cancer cell prolifer-
ation, migration, and invasion. These biomarkers
may hinder tumor development by inhibiting FAQ,
leading to energy deprivation and abnormal lip-
id accumulation [62-64]. The expression of these
genes correlates with tumor progression and me-
tastasis, indicating that targeting these metabolic
pathways could provide therapeutic strategies for
mitigating BC.

However, this study has several limitations.
First, the inclusion of participants of European an-
cestry may limit the applicability of the findings
to diverse global populations. Future research
should validate these results in more diverse co-
horts and further confirm the conclusions by inte-
grating clinical or epidemiological data. Moreover,
although the MR approach enhances the reliabil-
ity of causal inference and transcriptomic anal-
ysis provides mechanistic insights, the specific
biological functions of the identified biomarkers
and related metabolites in the development and
progression of BC remain incompletely under-
stood. These preliminary associations still require
validation through in vitro and in vivo functional
experiments to further assess their effects on cell
proliferation, invasion, and lipid metabolism.

In conclusion, this study provides evidence sup-
porting potential associations between elevated
levels of octanoylcarnitine and decanoylcarnitine
and increased risk of BC. The genes annotated by
the associated SNPs were enriched in FAO-relat-
ed pathways, suggesting a potential association
between carnitine-related metabolites and fatty
acid metabolic processes in BC. Further integra-
tion of single-cell transcriptomic analysis enabled
the identification of six CRM-related potential
biomarkers: ACADM, FNIP2, RAPGEF2, RABGGTHB,
PPID, and ST6GALNAC3. Notably, single-cell profil-
ing revealed dynamic expression patterns of these
biomarkers within macrophage subpopulations
in the TME, suggesting potential links between
CRM-related metabolic pathways and cellular
communication within the BC microenvironment.
These findings identify candidate genes and path-
ways that may contribute to future studies of
BC biology and metabolism-related therapeutic
strategies. However, further functional validation
and investigation in more diverse populations are
warranted to elucidate the molecular and cellular
processes through which these metabolites and

and transcriptomic analysis

their corresponding genes may influence BC pro-
gression.
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