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Multiomic and functional validation of ACSL3, @
a regulator of fatty acid metabolism, as

a lymph node metastasis-associated gene

in lung adenocarcinoma
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Abstract

Background This study investigates the role of fatty acid metabolism (FAM)-related genes in lymph node metastasis
(LNM) and prognosis of lung adenocarcinoma (LUAD) and elucidates the underlying mechanisms.

Methods Transcriptomic and single-cell RNA-seq data from TCGA and GEO were integrated to identify FAM-related
genes. Non-negative matrix factorization clustering and univariate Cox regression were applied to develop a FAM-
based prognostic risk model (FScore). Associations of FScore with gene mutations and tumor microenvironment
features were analyzed. Immunohistochemistry, and functional assays were performed to alidate the role of ACSL3 in
LUAD malignancy and lymphangiogenesis.

Results A five-gene FAM-related risk signature (ACSL3, MCAT, NDUFAB1, OLAH, ACSL4) was identified. The derived
FScore stratified patient prognosis across multiple independent cohorts, with high FScore linked to significantly
worse overall survival. FScore increased progressively with nodal stage (NO < N1 < N2) and correlated with an
immunosuppressive “cold”tumor microenvironment and specific mutation patterns (e.g., low FLG mutation). Single-
cell and spatial transcriptomics revealed cell-type—specific FAM activity, predominantly in epithelial, mast, and
myeloid cells. ACSL3 was overexpressed in LUAD tissues and served as an independent poor prognostic factor. ACSL3
overexpression elevated intracellular triglyceride and phospholipid levels, upregulated key FAM enzymes (FASN,
ACC, ACLY) and the c-Myc/VEGFC axis, promoted proliferation, migration, invasion, and lymphangiogenesis, while
suppressing apoptosis.

Conclusions The FScore serves as a robust predictor of LNM and poor prognosis in LUAD. ACSL3 drives lymphatic
metastasis via the c-Myc/VEGFC axis, positioning ACSL3 as a potential therapeutic target to suppress LNM in LUAD.
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Introduction

Lung adenocarcinoma (LUAD) is marked by high lymph
node metastasis (LNM) rates, contributing to disease
recurrence and reduced survival [1-4]. Emerging evi-
dence highlights metabolic reprogramming—particularly
fatty acid metabolism (FAM)—as a critical contributor to
LNM [5-7]. Tumor cells utilize FAM for energy produc-
tion, membrane biosynthesis, and prometastatic signal-
ing, yet the roles of FAM-related genes in LUAD LNM
are not well understood [8-10].

Previous studies revealed that FAM-related genes are
dysregulated in metastatic LUAD. Overexpression of
ATP citrate lyase (ACLY) is associated with advanced
stages, lower pathological grades, and poorer progno-
ses [11]. Mechanistically, FAM promotes LNM through
[-oxidation-driven ATP production to fuel invasive cell
migration and the secretion of lipid metabolites (e.g.,
prostaglandin E2) that upregulate VEGF-C in lymphatic
endothelial cells, thereby inducing lymphangiogenesis
[12-14]. Despite these advances, systematic analyses
linking FAM-related genes to LNM and prognosis pre-
diction of LUAD patients are lacking.

We combined transcriptomic and single-cell RNA
sequencing (scRNA-seq) data from the two public data-
bases to identify FAM-associated genes linked to LNM
and prognosis in LUAD patients. A FAM-based prog-
nostic model was developed, and its associations with
gene mutations and tumor microenvironment (TME)
characteristics were analyzed. Furthermore, we explored
the effects of ACSL3 through cellular assays and tissue
validation.

Materials and methods

Transcriptomic data acquisition and processing

We selected RNA expression profiles and corresponding
clinical data from the TCGA database for LUAD (n=513)
to construct the model. Datasets from the GEO data-
base with more than 50 samples, including GSE81089,
were used as RNAseq validation cohorts. LUAD datas-
ets from GEO datasets with over 50 samples, specifically
GSE13213, GSE14814, GSE26939, GSE30219, GSE31210,
GSE37745, GSE42127, GSE50081, GSE68465, and
GSE72094, were utilized as validation sets. Microarray
dataset normalization was conducted by ‘limma’ package.

Acquisition and processing of scRNA-seq data

Single-cell seq datasets GSE189357 and GSE235782 were
obtained from the GEO database and processed with the
‘seurat’ package. Cells with mitochondrial content below
20% underwent quality control. Data preprocessing steps,

including normalization, variable feature identification,
and scaling, were performed using NormalizeData, Find-
VariableFeatures, and ScaleData functions, respectively.
Batch effect correction was achieved with the “harmony”
algorithm. Subsequently, dimensionality reduction and
clustering were implemented using UMAP, tSNE and
Louvain algorithm. To discover differentially expressed
genes (DEGs) across clusters or cell types, the FindAll-
Markers function was employed, applying the thresholds:
p-value <0.05, log, fold-change (log2FC) >0.25, and mini-
mum expression proportion>0.1.

Identification of genes associated with FAM

Genes related with FAM were sourced from the KEGG
database (https://www.genome.jp/brite/hsa00001).
This study identified 19 genes: ACAC family (ACAC A,
B), ACSF3, NDUFAB1, MCAT, FASN, OXSM, CBR4,
HSD17B8, HTD2, MECR, OLAH, ACSL family (ACSL1,
3,4,5,6,BG1, and BG2).

NMF cluster analysis

Nonnegative matrix factorization (NMF) was applied to
the 19 FAM reprogramming-related genes in the TCGA-
LUAD datasets, using the NMF function from the NMF
package with nrun=50 and default parameters for all
other settings.

Cell annotation analysis

We initially employed markers for various cell types:
epithelial cells (“EPCAM’, “KRT18’, “KRT19’, “CDH1”),
fibroblasts (“DCN’, “THY1’, “COL1A1, “COL1A2"),
endothelial cells (“PECAMI’, “CLDN5, “FLTT
“RAMP2”), T cells (“CD3D’, “CD3E’, “CD3G’, “TRAC”),
NK cells (“NKG7’, “GNLY’, “NCAM1’, “KLRD1”), B cells
(“CD79A’, “IGHM’, “IGHG3’, “IGHA2”), myeloid cells
(“LYZ", “MARCQO’, “CD68, “FCGR3A”), and mast cells
(“KIT”, “MS4A2", “GATA?2”). Visualizations were gener-
ated on the basis of these markers.

Calculation of the fatty acid metabolism-related gene
score and construction of the risk model (Fscore)

We performed a univariate Cox regression analysis on
nineteen genes related with the reprogramming of FAM
and found 5 genes linked to prognostic risk and 1 gene
with protective properties (P <0.05). The risk signature,
comprising five prognostic genes, was evaluated using the
Fscore calculated through ‘GSVA’ package, with param-
eters set to method = “ssgsea’; kedf = “Gaussian’, min.
sz=1, and ssgsea.norm=TRUE. In the TCGA dataset,
risk groups were divided using the median value, while in
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other validation datasets, the surv_cutpoint algorithm of
‘survminer’ package was applied.

Examination of immune and DNA damage attributes
Immune infiltration was evaluated using the “MCP-
counter” R package, which measures the abundance of
microenvironment cell populations (MCPs). The gene
expression profile (GEP) score and The Cytolytic activity
(CYT) score for each sample was calculated via the GEP
gene signatures by GSVA algorithm. Data on immune
checkpoint genes, T/B cell receptor richness, aneuploidy,
homologous recombination deficiency, and LOH_n_seg
were sourced from the publication [15]. Pathway scores
for cancer hallmarks were computed using the “IOBR”
package.

Spatial transcriptomics data analysis

Cell annotation was performed using the CellTrek pack-
age based on the cell type annotations derived from
single-cell data, following the tutorial and parameter
settings available at https://github.com/navinlabcode
/CellTrek. The Fscore was also calculated using the ssG
SEA algorithm with parameters kedf = “Gaussian’, min.
sz=1, and ssgsea.norm=TRUE. Visualization of spatial
transcriptomics data was carried out using the Seurat
package.

Tissues and immunohistochemistry (IHC)

Following ethical approval, 98 pairs of formalin-fixed
paraffin-embedded (FFPE) LUAD tumor tissues and nor-
mal tissues were collected from patients who underwent
resection at Cancer Hospital, Chinese Academy of Medi-
cal Sciences and Peking Union Medical College between
January 2019 and December 2020. Overall survival
(OS) was calculated from follow-up data up to August
2024, with clinical parameters extracted from hospital
records. ACSL3 expression was evaluated semiquantita-
tively through IHC using anti-ACSL3 (ab151959, 1:500,
Abcam) and an HRP-conjugated secondary antibody
(ab205718, 1:5000, Abcam), followed by DAB visualiza-
tion. Blinded observers independently scored staining
intensity (0-3) and positive cell proportion (0—4), with
composite scores categorized into low or high expres-
sion groups. Four sample pairs with staining failure were
excluded, yielding 94 pairs that could be used to evalu-
ate the correlation of ACSL3 expression with clinical
outcomes.

Cell culture and transfection

A549 and PC-9 LUAD cells (National Collection of
Authenticated Cell Cultures, Shanghai) were cultured
in RPMI-1640 with 10% FBS (Gibco), while human lym-
phatic endothelial cells (HLECs; ScienCell) were main-
tained in endothelial cell medium (ScienCell), both
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under 5% CO, at 37 °C. For transfection, cells seeded in
6-well plates (5x10° cells/well, ~80% confluence) were
transfected with ACSL3-shRNA (sh-ACSL3) or ACSL3-
overexpressing plasmids (OE-ACSL3) (GenePharma)
via Lipofectamine 3000 (Life Technologies). Forty-eight
hours after transfection, the medium was refreshed with
complete medium.

Western blot

Cells were lysed in RIPA buffer (Beyotime) supplemented
with protease inhibitors and PMSF, and protein concen-
trations were determined using a BCA assay (Beyotime)
prior to SDS-PAGE separation and PVDF membrane
transfer. Membranes were blocked with Western BLoT
buffer (Takara) and incubated at 4 °C with primary anti-
bodies for about 10 h: ACSL3 (ab151959, 1:500, Abcam),
FASN (ab128870, 1:10000, Abcam), ACC (ab109368,
1:5000, Abcam), ACLY (ab126129, 1:5000, Abcam),
VEGE-C (22601-1-AP, 1:1000, Proteintech), c-Myc
(ab32072, 1:1000, Abcam), GAPDH (ab9485, 1:2500,
Abcam), and B-actin (ab115777, 1:500, Abcam). Protein
bands were visualized using enhanced chemilumines-
cence (ECL) reagents (Thermo Fisher) after incubation
with an HRP-conjugated secondary antibody (ab205718,
1:5000, Abcam) for 2 h at room temperature.

Cellular functional assays

In scratch wound healing assays, confluent monolayers
of transfected cells were linearly scratched using sterile
pipette tips, washed with PBS, and cultured in 1% FBS/
RPMI-1640 to limit proliferation. Migration was moni-
tored via inverted microscopy (Nikon) at 0 and 24 h, and
scratch closure was quantified via ImageJ (National Insti-
tutes of Health, USA).

Transwell invasion assays utilized Matrigel-coated
chambers (BD Biosciences) containing 2x10* serum-
starved A549 or PC-9 cells in the chambers, with 10%
EBS/RPMI-1640 serving as the chemoattractant. After
24 h of incubation, membranes were fixed with 4% PFA,
stained with 0.1% crystal violet, and invading cells were
counted in five 200x fields.

Cellular proliferation was assessed via a CCK-8 assay
(Dojindo). Cells (5x10° per well) in 96-well plates were
incubated with CCK-8 for 2 h at intervals of 0, 24, 48, and
72 h, followed by absorbance measurement at 450 nm
using a Bio-Rad microplate reader.

Apoptosis was assessed using Annexin V-FITC/propid-
ium iodide (PI) staining (BD Biosciences) and subsequent
flow cytometry. The transfected cells were resuspended
in binding buffer, dual-stained, and analyzed within 1 h.

Endothelial cell tube formation assays
The serum-free medium obtained from the tumor cells
was concentrated 10-fold via ultrafiltration centrifugal
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devices (Millipore, Billerica, MA, USA). HLECs were
subsequently seeded into Matrigel-precoated 6-well
plates and cultured with concentrated medium for
6 h. Lymphatic capillary structures were visualized via
inverted microscopy, and the lengths of the tubular struc-
tures were quantitatively analyzed via Image] software.

Triglyceride and phospholipid quantification

Cellular triglycerides and phospholipids were measured
in various groups using the EnzyChrom™ Triglyceride
and Phospholipid Assay Kits (BioAssay Systems). The
working reagent (90 pL per well) was dispensed into a
96-well plate containing processed samples. The plates
were gently tapped for mixing and incubated for half
hour at room temperature, shielded from light. Finally,
absorbance was recorded at 570 nm.

Statistical analysis

Computational processing, quantitative analyses, and
graphical representations were conducted with R (v4.1.3)
and GraphPad Prism 9.5. The associations for metric
data were evaluated through Pearson correlation analy-
sis. Groupwise comparisons employed x* testing for cat-
egorical data, while Wilcoxon rank-sum tests or t-tests
addressed continuous variables. Optimal thresholds were
established using the ‘survminer’ package. Survival out-
comes were evaluated via proportional hazards regres-
sion and Kaplan-Meier methods.

Results

Relationships between prognosis and FAM-related genes
in LUAD

We obtained 19 FAM-related genes from the KEGG data-
base to investigate their role in LUAD. The expression
correlation of these genes is shown in Supplementary
Figs. 1A-B. We conducted NMF clustering analysis (Sup-
plementary Figs. 1C-D) and found that the best clustering
effect was achieved with k=4. LUAD patients were cat-
egorized into four groups, and a heatmap of the 19 gene
expression levels was generated. The analysis showed that
OLAH genes were predominantly expressed in Cluster
3, while ACSBG1 genes were more highly expressed in
Cluster 2 (Fig. 1A). Further prognostic analysis of Clus-
ters 1-4 revealed significant differences in outcomes,
with the best prognosis in Cluster 2 and the worst in
Cluster 3 (Fig. 1C). Univariate Cox regression analysis on
19 LUAD-related genes identified 6 genes significantly
affecting overall survival (OS) in LUAD patients. Five of
these, ACSL3, MCAT, NDUFABI1, OLAH, and ACSL4,
were risk factors and all associated with FAM activation
(Fig. 1B). Thus, we identified these genes as a signature
gene set indicative of FAM activity and prognostic pre-
diction and further analyzed the expression correlation of
these five risk genes (Supplementary Fig. 1E).
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Using the ssGSEA algorithm, we developed a FScore
on the basis of the five identified risk genes. The FScore
exhibited significant inter-cluster variation, with Cluster
2 showing the lowest and Cluster 3 the highest values
(Fig. 1C-D). In the TCGA cohort, patients with an Fscore
above the median exhibited significantly poorer prog-
nosis, a trend consistently confirmed in three indepen-
dent GEO datasets (GSE13213, GSE26939, GSE37745).
Multivariate Cox analysis validated the Fscore as an
independent prognostic biomarker, underscoring its
robustness in stratifying LUAD outcomes (Supplemen-
tary Fig. 2A-D).

Relationships between the FAM and LNM in LUAD

To investigate the association of FAM with LNM in
LUAD, we analyzed TCGA lymph node-negative (NO)
versus positive (N1/N2) cohorts and identified the dif-
ferential expression of 19 FAM-related genes (e.g., NDU-
FABI and MCAT were downregulated at NO; ACACB and
ACSFE3 were upregulated at NO; Fig. 2A-B). Consistently,
FScore was lowest in NO, and it progressively increased
with nodal stage (NO<N1<N2; Fig. 2C-D). Notably, a
high FScore predicted a poor prognosis in both the NO
subgroup and the N+ subgroup (Fig. 2E-F), indicating
that FAM activation not only correlates with poor out-
comes but also may directly drive lymphatic dissemina-
tion. Further, DEGs analysis was performed between
the high-FScore and low-FScore groups (Fig. 2G), fol-
lowed by overrepresentation analysis (ORA) based on
the GO and KEGG databases. The results showed that
the DEGs were primarily enriched in metabolic path-
ways and extracellular matrix-related pathways (Fig. 2H-
I). Subsequently, GSEA was conducted on the gene sets
of the two groups, revealing that the high-score group
exhibited significant enrichment in four pathways:
HALLMARK_OXIDATIVE_PHOSPHORYLATION,
HALLMARK_MTORC1_SIGNALING, HALLMARK_
MYC_TARGETS_V1, and HALLMARK_ADIPOGEN-
ESIS (Fig. 2]). Notably, the mTORC1 and Myc pathways
are classic oncogenic pathways, which partially explains
the poor prognosis observed in the high-FScore group.

Relationships between the FScore and gene mutations in
LUAD

The mutation burden of LUAD includes actionable driver
mutations (e.g., EGFR, KRAS) and immunotherapy-pre-
dictive alterations, which has a significant impact on the
TME and the response to immunotherapy [16, 17]. We
investigated the interplay of FAM with these mutations
and observed distinct patterns: FLG, LRP1B, USH2A,
and STK11 mutations were enriched in low-FScore
patients, whereas targetable EGFR/KRAS mutations
were not associated with FScore (Figs. 3A-B; Supplemen-
tary Figs. 3 A-S). Notably, LRP1B/STK11—established
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Fig. 1 Analysis of FAM-related genes’' prognostic significance in LUAD. A Expression profiles of 19 FAM-related genes in different NMF clusters of the
TCGA-LUAD cohort; red and blue tones correspond to increased and reduced levels of expression, sequentially. A The x-axis denotes patients, while the
y-axis indicates genes. B Univariate Cox analysis is conducted on 19 FAM-related genes. C Survival analysis is performed on four groups identified by the
NMF algorithm. D Differences in FScore value distribution are examined across the four clusters. E Survival analysis compares the high-FScore group to
the low-FScore group. F-H. Survival analyses based on different FScore groupings in three public GEO datasets (GSE13213, GSE26939, and GSE37745)
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Fig. 2 Correlations between FAM and LNM. A Analysis of 19 FAM-related gene expressions in lymph node (-) and lymph node (+) groups within the TCGA
cohort. B Expression profiles of 19 FAM-related genes in TCGA patients are shown with corresponding N stage, where red and blue tones correspond
to increased and reduced levels of expression, sequentially. The x-axis denotes patients while the y-axis indicates genes; C. FScore distribution in lymph
node (-) versus lymph node (+) groups; D. FScore distribution across stages NO, N1, N2, and N3; E-F. Survival analysis of varying FScore risk groups within
lymph node-negative and lymph node-positive categories; G. analysis of DEGs between two risk groups; H. ORA analysis in elevated DEGs; I. ORA analysis

in downregulated DEGs; J. The results of GSEA analysis

immunotherapy response markers in NSCLC [18-20]—
were linked to a low Fscore, suggesting enhanced immu-
notherapeutic potential in this subgroup. Furthermore,
FLG-mutant LUAD patients exhibited both a reduced
FScore (Fig. 3C) and improved survival (P = 0.0081, Fig.
3D).

Relationships between the FScore and immune cell
infiltration

To explore the relationships between FScore and immune
cell infiltration, associations between the FScore and the
enrichment of 50 MSigDB hallmark gene sets were evalu-
ated. The FScore exhibited strong positive correlations
with lipid metabolic pathways (e.g., fatty acid oxidation
and oxidative phosphorylation) and negative associations
with apoptosis/DNA repair across the 12 LUAD cohorts
(Fig. 4A). Strikingly, high FScore tumors displayed
immunosuppressive features, including reduced T/B cell
infiltration (MCP-counter; Fig. 4B-C), downregulated
immune checkpoints (CXCL9, ICOS; Fig. 4D), and sup-
pressed cytolytic activity (CYT), T cell receptor (TCR/B)
clonality, and inflamed gene signatures (Fig. 4E-F). The
results indicate that FAM-driven metabolic changes
lead to an ‘immune-cold’ phenotype, while a low FScore
is associated with an immunogenic ‘hot’ microenviron-
ment, marked by enhanced antigen presentation and
effector immune activation, potentially offering a survival
benefit to patients with a low FScore.

Heterogeneity of FAM in the TME across multi-omics

Considering the relationships between FAM and TME,
we examined the FScore distribution across four TME
subtypes, which are key immunotherapy biomarkers in
various cancers: ‘Immune-exhausted’ (D), ‘Fibrotic’ (F),
‘Immune-enriched, non-fibrotic’ (IE), and ‘Immune-
enriched, fibrotic’ (IE/F). The results revealed that
D-TME tumors presented the highest FScore in the six
LUAD cohorts (Fig. 5A), which aligns with their clas-
sification as immunotherapy-resistant “cold” tumors.
Single-cell resolution analysis further demonstrated
cell type-specific FAM activity. The epithelial, mast,
and myeloid cells presented elevated FScore in both
the GSE189357 (Fig. 5B-C) and GSE235782 datas-
ets (Fig. 5D-E), with consistent expression patterns of
core FScore genes (ACSL3, MCAT, etc.; Supplementary
Fig. 4A-B). These findings highlight the functions of FAM

in sculpting the immunosuppressive TME and driving
metabolic reprogramming in discrete cellular niches.

Spatial transcriptomics mapped FAM heterogene-
ity across the TME landscape, overcoming scRNA-seq’s
spatial limitations. Fibroblasts and myeloid cells spatially
proximal to tumor niches presented elevated FScore
(Fig. 5F).Interestingly, FScore was highly enriched in epi-
thelial cells, mast cells, and myeloid cells, mirroring the
single-cell findings (Fig. 5H). Notably, core FAM genes
(ACSL3, MCAT, etc.)displayed cell type-specific spatial
expression patterns congruent with the FScore distribu-
tion (Supplementary Fig. 5), collectively underscoring
metabolic reprogramming as a spatially orchestrated pro-
cess across TME cellular compartments.

High expression of ACSL3 is an independent prognostic
risk factor related to advanced TNM stage

To investigate the mechanism linking Fscore and LUAD,
we focused on ACSL3, the gene with the most significant
prognostic impact on Fscore. According to the GEPIA2
online database, ACSL3 is overexpressed in LUAD and
correlates with poor prognosis (Fig. 6A). IHC revealed
markedly elevated ACSL3 expression in malignant versus
adjacent tissues (Fig. 6B). High ACSL3 expression was
associated with significantly reduced overall survival, and
ACSL3 was independently associated with worse progno-
sis in LUAD patients based on multivariate Cox regres-
sion (Fig. 6C). A greater proportion of patients with low
differentiation, high T stage and high N stage had high
expression of ACSL3 (Fig. 6D).

ACSL3 activates FAM and promotes HLEC tube formation
as well as malignant biological behaviors via the c-Myc
pathway

We overexpressed and knocked down ACSL3 in LUAD
cells and verified the efficiency of the intervention by
western blotting (Fig. 7A). To investigate ACSL3-medi-
ated lipid homeostasis, intracellular triacylglycerol (TAG)
and phospholipid (PL) levels were quantified. The over-
expression of ACSL3 in A549 cells increased intracellular
TAG and PL levels and upregulated key FAM enzymes
(FASN, ACC and ACLY), whereas the knockdown of
ACSL3 suppressed these effects (Fig. 7B and C). The
results indicate that ACSL3 is crucial for cellular FAM.
Furthermore, we found that the overexpression of ACSL3
enhanced malignant phenotypes, including cell migra-
tion, invasion, and proliferation (Fig. 7E-G), promoted
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HLEC tube formation (Fig. 7D), and reduced apoptosis
(Fig. 7H).

An integrated analysis of the TCGA database and
GSEA analysis indicated significant enrichment of ACSL3
high-expression phenotypes in fatty acid metabolism and
MYC signaling pathways (Fig. 7I). Prior evidence estab-
lished c-Myc as a transcriptional activator of VEGFC,
namely, a pivotal lymphangiogenic factor, through direct
E-box binding to the VEGFC promoter [21]. The west-
ern blot results revealed that overexpression of ACSL3
upregulated c-Myc and its downstream lymphangiogenic
factor VEGFC (Fig. 7]), establishing an ACSL3/c-Myc/
VEGEC axis that promotes lymphatic metastasis.

Discussion

This study systematically delineates the prognostic and
mechanistic roles of FAM reprogramming in LUAD, with
a focus on its interplay with LNM and TME remodeling.
We developed FScore as a reliable biomarker for progno-
sis and nodal dissemination by integrating multiomics data
from bulk, single-cell, and spatial transcriptomics. Further-
more, functional validation identified ACSL3 as a key gene
involved in FAM-mediated metabolic reprogramming and

lymphatic metastasis, revealing a novel ACSL3/c-Myc/
VEGEC regulatory axis. These findings advance our under-
standing of metabolic plasticity in LUAD progression and
offer actionable insights for therapeutic targeting.

Our identification of a 5-gene FAM-related signature
(ACSL3, MCAT, NDUFABI1, OLAH, ACSL4) highlights the
clinical relevance of FAM in LUAD, corroborating recent
studies identifying FAM as a conserved vulnerability in
malignancies [22]. The FScore model demonstrated consis-
tent prognostic power across 12 independent cohorts, and
FScore escalation was correlated with advanced nodal stage
(NO < N1 < N2; Fig. 2C-D), which implied the activation of
the FAM in LUAD patients with LNM. Choong-Kun Lee’s
study mechanistically supports this phenomenon by show-
ing that LNM necessitates a metabolic shift towards fatty
acid oxidation in tumor cells, as observed in preclinical
models [5].

Numerous studies have confirmed that tumor metabo-
lism has a significant impact on the “cold” or “hot” pheno-
type of the TME and is closely associated with antitumor
immune responses [23, 24]. The association of a high FScore
with the immunosuppressive TME features—reduced T/B
cell infiltration and downregulated checkpoints—aligns
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Fig. 4 FScore is related to immune cell infiltration. A Correlation of the Fscore with signaling pathways across 12 LUAD cohorts; B. Microenvironmental
cell population infiltration levels in various FScore groups of TCGA-LUAD patients; C. Correlation between FScore and immune cell infiltration; D. FScore
correlation with immune checkpoint gene expression across 12 LUAD cohorts; E. FScore correlation with TCR/BCR richness in TCGA-LUAD patients; F.
FScore correlation with cytotoxicity markers CYT and GEP
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Fig.5 Diversity of FAM within the TME at multiple transcriptomic resolutions. A FScore across various TME subtypes in six datasets; B and D. Dimensional-
ity and feature reduction of the FScore in two LUAD scRNA-seq datasets. Consistent colors represent matched cell types across datasets; C and E. FScore
among cell types. Identical color coding is applied to both cell types and their counterparts in the dimensionality reduction plots to the left. For the dot
plots, the legend’s blue to white to red gradient represents a low to high transition in the FScore, with the dot size indicating the expression proportion;
F. Cell type identification in spatial transcriptomics data. The entire tissue section is mapped for eight distinct cellular populations. Panel G displays the
FScore for each cell type in the spatial transcriptomics data. Panel H shows the FScore for various cell types, aligning with the results in Panels C and E.
The x-axis indicates the number of cell types, while the y-axis represents the FScore

with the evidence that activated FAM impedes antitu-
mor immune responses [25, 26]. Our multiomics analy-
sis revealed unprecedented spatial and cellular specificity
of FAM activity. Spatial transcriptomics complemented
scRNA-seq to resolve FAM heterogeneity, revealing ele-
vated FScore in tumor-proximal fibroblasts/myeloid cells
and epithelial/mast/myeloid niches, with core FAM genes
(e.g, ACSL3 and MCAT) exhibiting cell type-specific spatial
patterns that underscore spatially orchestrated metabolic

reprogramming across TME compartments. This spatial
orchestration suggests that FAM-driven metabolic crosstalk
between malignant and stromal compartments is poten-
tially mediated by lipid metabolites that reprogram adjacent
cells [27]. This heterogeneity may explain why global FAM
inhibition has yielded limited clinical success, emphasizing
the need for cell type-specific targeting strategies.

Given the predominant impact of ACSL3 on the
FScore, ACSL3 was prioritized for further mechanistic
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Fig. 6 Relationships between ACSL3 expression and clinical characteristics. A The GEPIA2 online database was utilized to assess ACSL3 expression in
LUAD and normal tissues, as well as its prognostic impact. B Images of IHC and expression of ACSL3 in 94 pairs of LUAD and adjacent tissues (bar=100 um);
C. Effects of ACSL3 expression on prognosis evaluated by Kaplan—-Meier curves and multivariate Cox regression; D. Correlations between ACSL3 expres-
sion and T classification, N classification, TNM stage, gender, age and grade.
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Fig. 7 Effects of ACSL3 on the cellular functions of LUAD and its mechanism. A The efficiency validation of the intervention of ACSL3 by western blot; (B)
The TAGs and PLs levels in OE-ACSL3 group and sh-ACSL3 group; (C) The expressions of FAM enzymes in OE-ACSL3 group and sh-ACSL3 group; (D) The
HELCs tube formation in OE-ACSL3 group and sh-ACSL3 group (bar=100 um); (E) The CCK-8 assays in OE-ACSL3 group and sh-ACSL3 group; (F) The inva-
sion assays in OE-ACSL3 group and sh-ACSL3 group (bar=100 um); (G) The Wound Healing assays in OE-ACSL3 group and sh-ACSL3 group (bar=200 pm);
(H) The apoptosis assays in OE-ACSL3 group and sh-ACSL3 group; (I) The Gene Set Enrichment Analysis of ACSL3; (J) The expression of c-Myc and VEGF-C

in OE-ACSL3 group and sh-ACSL3 group

investigation. ACSL3 promotes tumor cell proliferation and
metastasis by enhancing resistance to lipid peroxidation and
ferroptosis through increasing monounsaturated fatty acid
(MUFA) levels or the uptake of oleic acid [28—33]. Mecha-
nistically, ACSL3 activates the PPAR«a signaling pathway
via 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine syn-
thesis, accelerating lipid catabolism and anabolism to fuel
cancer progression [34]. Furthermore, ACSL3 collaborates
with LPIAT1 to remodel phosphatidylinositol species, driv-
ing prostaglandin synthesis to promote tumor progression
and immune evasion [35]. In pancreatic ductal adenocar-
cinoma, ACSL3 upregulates plasminogen activator inhibi-
tor-1 (PAI-1) secretion, stimulating tumor and stromal cell
proliferation, amplifying immunosuppressive cell infiltra-
tion, and reducing cytotoxic T-cell recruitment [36]. In
NSCLC, ACSL3 promotes mitochondrial f-oxidation and
epithelial-mesenchymal transition (EMT) by activating
long-chain fatty acid metabolism, which enhances prolif-
eration, migration, and invasion [37]. Furthermore, a recent
study has reported the establishment of a lipid metabolism-
related prognostic signature and identified ACSL3 as a key
regulator of immunotherapy response and immune evasion
of LUAD ([38]. However, the role of ACSL3 in lymphatic
metastasis remains to be elucidated.

Our study pinpointed ACSL3 as an effector of FAM and
lymphangiogenesis in LUAD, which has not been reported
before. ACSL3 overexpression amplified lipid pools (TAGs/
PLs) and upregulated the expression of FAM enzymes,
directly enhancing malignant phenotypes, including prolif-
eration, invasion, and lymphangiogenesis. The mechanism
by which ACSL3 influences LNM is undefined. How-
ever, research demonstrates that ACSL4, a paralog, sus-
tains c-Myc oncoprotein levels via ERK/FBW7-mediated
suppression of ubiquitin—proteasome degradation [39].
Elevated c-Myc activity augments SREBP1 transcription,
resulting in higher expression of lipogenic enzymes. This
cascade stimulates de novo lipid synthesis, including tri-
glyceride/cholesterol production and lipid droplet biogen-
esis, thereby accelerating tumor growth [40]. In our study,
we found that ACSL3 overexpression could upregulate the
expression of c-Myc and VEGEC. Therefore, we believe
that, mechanistically, ACSL3 activated c-Myc, a known
transcriptional amplifier of VEGFC [21], thereby bridging
metabolic reprogramming to lymphatic vessel formation.
In addition, as an upstream regulator of fatty acid metabo-
lism, ACSL3 promotes lymph node metastasis by enhanc-
ing lipid synthesis pathways (e.g., SREBP signaling) [41],

synergistically with the c-Myc/VEGFC axis. A substan-
tial body of evidence indicates that metastatic cancer cells
depend on fatty acids for energy, membrane biosynthesis,
and lipid signaling—all of which are essential for successful
colonization in distant organs, including lymph nodes [5, 42,
43]. Moreover, elevated free fatty acids activate NF-kB and
YAP signaling, upregulating the expression of factors such
as TWIST1, MMP-9, and VEGEFC, thereby inducing epithe-
lial-mesenchymal transition and lymphangiogenesis to pro-
mote lymph node metastasis [7, 44—46].

Moreover, recent studies demonstrate that fatty acid
metabolism influences invasiveness within dense matrices,
blood vessels, and lymphatic vessels by modulating mem-
brane fluidity, cell stiffness, and force generation [47-49].
Specifically, ACSL4 enhances membrane fluidity via poly-
unsaturated fatty acid synthesis to facilitate hematogenous
extravasation [47], while SCD1 and the TFEB-ERRa axis
promote membrane fluidity, pseudopodia formation, and
invasiveness, driving LNM and distant metastasis [48, 49].
The TME can also affect the invasive ability of tumor cells by
influencing their fatty acid metabolism. For example, can-
cer-associated fibroblasts secrete unsaturated phosphatidyl-
choline to increase membrane fluidity in colorectal cancer
cells [50], and matrix stiffness shifts cancer cell metabolism
toward fatty acid utilization [51] or triggers hepatic stellate
cell lipolysis to fuel fatty acid oxidation, enhancing tumor
cell survival and migration in dense stroma [52]. Collec-
tively, these findings position ACSL3 as a promising thera-
peutic target and underscore that fatty acid metabolism lies
at the intersection of intracellular signaling and microenvi-
ronmental cues in metastatic progression.

The FScore model offers a clinically tractable tool for
risk stratification. Its association with immunotherapy-
predictive mutations (e.g., LRP1B/STK11) further sug-
gests its utility in guiding therapies targeting immune
checkpoints. However, limitations include the retrospec-
tive nature of public cohorts and the need for prospective
validation of FScore. While our in vitro models estab-
lished the prometastatic role of ACSL3, future studies
using patient-derived organoids or in vivo models could
better recapitulate TME interactions. Furthermore, we
will employ lipidomics analysis as a key point in future
study, to examine the effects of ACSL3 on the change
of lipidomics and to explore how the change influences
functional phenotypes and signaling pathway activation.
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Conclusion

This study reveals that reprogramming of FAM is a key
metabolic hallmark driving LNM and poor prognosis in
LUAD. By developing and validating FScore, we establish a
clinically applicable stratification tool that effectively pre-
dicts patient survival and LNM risk. Mechanistically, we
identify ACSL3 as a core effector within the FAM pathway:
it activates the c-Myc/VEGEFC axis to promote lipid synthe-
sis, malignant phenotypes, and lymphangiogenesis, thereby
fueling lymphatic dissemination. Collectively, our findings
link FAM reprogramming to the immunosuppressive tumor
microenvironment and spatial metabolic heterogeneity in
LUAD, and propose the ACSL3/c-Myc/VEGEC axis as a
potential therapeutic target to suppress LNM, offering new
insights for metabolic subtyping and precision intervention
in LUAD.
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