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Neutrophil Extracellular Trap Reprograms Cancer
Metabolism to Form a Metastatic Niche Promoting
Non-Small Cell Lung Cancer Brain Metastasis
Bo Chen, Karrie M. Kiang, Fangkun Liu, Chuntao Li, Xizhe Li, Chen Weiwei, Xin Fu,
Gelei Xiao, Jingyi Sun, Erhan Da, Junbo Liao, Hongshu Zhou, Li Meng, Li Zhou,
Tao Song,* Longbo Zhang,* Gilberto Ka-Kit Leung,* and Liyang Zhang*

Non-small cell lung cancer (NSCLC) is the leading cause of brain metastases
(BMs) and is characterized by a poor prognosis and limited response to
standard treatments. Multi-omics sequencings, integrating spatial
transcriptomics, metabolomics, single-cell RNA sequencing, bulk proteomics,
and metabolomics, are conducted to analyze tumor and blood specimens
from 34 patients with NSCLC with or without BMs from the Xiangya Hospital
NSCLC (XY-NSCLC) and Queen Mary Hospital NSCLC (QMH-NSCLC)
cohorts. This investigation identified LOX+ Malig-5 cells as
metastasis-initiating cells (MICs) that are significantly associated with poor
prognosis. MICs colocalize with specific neutrophil subtypes, which facilitate
the formation of neutrophil extracellular traps (NETs) within the metastatic
niche. Mechanistically, a NET-KRT10 signaling axis that mediates the
interaction between NET-releasing neutrophils and LOX+ Malig-5 cells is
discovered, thereby promoting epithelial–mesenchymal transition (EMT) and
metastasis. Furthermore, metabolic profiling reveals elevated palmitic acid
levels in the resulting metastatic niche, which emerges as a crucial metabolic
driver in BMs. Using an AI-driven prediction model and in vitro/in vivo
assays, fatty acid synthase inhibitor TVB-2640 is identified as a potential
therapeutic agent for disrupting metabolic vulnerability and suppressing
NSCLC BMs. These findings provide novel insights into NET-dependent
cellular interactions that sustain the pro-metastatic microenvironment
underlying NSCLC BMs, offering robust development of novel
metabolism-based therapeutic strategies to combat this lethal complication.
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1. Introduction

Brain metastases (BMs), a common com-
plication of non-small cell lung cancer
(NSCLC), occur in ≈40% of patients,
with 10%–15% exhibiting radiographic
evidence at initial diagnosis.[1–3] For-
mation of a metastatic niche requires
metastasis-initiating cells (MICs) to
undergo sequential changes, enabling
epithelial–mesenchymal transition (EMT)
and subsequent invasion. MICs are a
rare subset of cancer cells with stem-like
properties and metabolic reprogramming
that allows them to initiate and sustain
metastasis.[4,5] Their presence is linked
to metastatic recurrence and resistance
to therapy, contributing to poor patient
prognosis and increased mortality.[6] Re-
cent experimental studies have indicated
that MICs rely on fatty acid metabolism
and that sorting tumor cells based on lipid
storage is crucial for identifying MICs in
breast cancer.[7] Additionally, palmitic acid
supplementation enhances the metastatic
potential of MICs in oral cancer.[6]

Early insights into classical “seed and
soil” hypotheses underscore the impor-
tance of understanding MICs and their
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interactions with the tumor microenvironment.[8] Neutrophils
and their released extracellular structures, known as neutrophil
extracellular traps (NETs),[9,10] play crucial roles in metastatic
processes. NETs are comprised of granule-derived lytic cationic
antimicrobial peptides, proteases, and histones.[11] MICs in-
duce NET formation and facilitate metastasis through multiple
mechanisms, including damage to endothelial cells, induction
of angiogenesis, remodeling of the extracellular matrix, forma-
tion of physical scaffolds, regulation of vascular adhesion, al-
teration of the metabolic status, and promotion of EMT in tu-
mor cells.[12] Targeting NET formation to disrupt NET-tumor cell
niches has emerged as a potential treatment strategy to impede
key metastatic cascades, including tumor invasion, hematoge-
nous spread, and distant colonization.[13] How the tumor mi-
croenvironment shapes the pro-metastatic phenotype should be
elucidated to develop effective strategies to prevent cancer pro-
gression.
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This study aimed to define the specialized microenvi-
ronment formed by MICs and their interacting cells as a
metastatic niche. More importantly, the distinct metabolic fea-
tures of the metastatic niche that support tumor invasion and
metastasis were investigated. Alterations in cancer metabolism
have been implicated in driving tumor metastasis.[14,15] How-
ever, traditional omics techniques remain limited in capturing
the metabolic heterogeneity within tumors and fail to fully elu-
cidate the complex metabolic interactions between different cells
in the metastatic niche. In this study, we employed a comprehen-
sive multi-omics approach, integrating spatial transcriptomics,
metabolomics, single-cell transcriptomics, bulk transcriptomics,
proteomics, and metabolomics to characterize cellular interac-
tions and metabolic heterogeneity in primary NSCLC and BM
samples. Pseudotime analyses identified MICs and their colo-
calized NET-releasing neutrophils. Multiplex immunofluores-
cence and pull-down assays revealed direct MIC/NET interac-
tions, whereas computational analyses defined metastatic niches
based on MIC/NET abundance, uncovering potential metabolic
reprogramming. Finally, drug screening was conducted to iden-
tify the key metabolites that drive metastatic niche formation and
progression. This study elucidates themetastatic biology and pro-
motes the development of targetedmetabolic interventions, offer-
ing new therapeutic avenues for NSCLC and its aggressive BMs.

2. Results

2.1. Cellular and Molecular Characterization of Primary NSCLC
and BM Tissues Using Combined Single-Cell Transcriptomics,
Spatial Transcriptomics, and Metabolomics Analyses

To comprehensively characterize the cellular and metabolic pro-
files of NSCLC BMs, we utilized single-cell transcriptomics,
spatial transcriptomics, and spatial metabolomic sequencing
to profile four lung cancer primary (LCP) and five lung can-
cer BM (LBM) tissues from patients in the Xiangya Hospital
NSCLC (XY-NSCLC) cohort (Figure 1a, Table S1, Supporting
Information). Single-cell RNA sequencing (scRNA-seq) analy-
sis encompassed 94 383 cells categorized into 11 major cell
types (Figure 1b,c; Figure S1a–c, Supporting Information), with
immune cells comprising the largest proportion in both LCP
(78.5%) and LBM (46.8%) (Figure 1d,g). InferCNV analysis fur-
ther identified 21 396 malignant cells with high copy number
variation (CNV) levels in epithelial cells (Figure 1e,f).
Next, we performed BayesPrism deconvolution analysis of the

LCP scRNA-seq to the Cancer Genome Atlas (TCGA) NSCLC
bulk RNA-seq data (Figure 1a). High homogeneity, indicated by
a low Jensen–Shannon divergence (JSD) score, was observed in
the composition of certain immune cells (e.g., neutrophils, DCs,
and T cells) across specimens with the same metastasis status
(Figure 1h). The proportion of neutrophils and DCs increased,
whereas the abundance of T cells decreased in LCPs with metas-
tasis compared to those without metastasis (Figure 1g). Immune
cell subpopulation heterogeneity across the NSCLC metastasis
stages is depicted in Figure S2 (Supporting Information), further
highlighting the distinct cellular compositions of NSCLCs with
and without metastasis.
Spatial information is crucial for understanding the tumor

microenvironment. Accordingly, we performed Cell2location de-
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Figure 1. Cellular and molecular characterization of primary non-small cell lung cancer (NSCLC) and brain metastasis (BM) tissues using combined
single-cell transcriptomics, spatial transcriptomics, and metabolomics analyses. a) Schematic diagram of data acquisition, mechanism study, and ap-
plication exploration in this research. b) Uniform manifold approximation and projection (UMAP) plot showing the integrated single-cell map from 4
lung cancer primary (LCP) and 5 lung cancer BM (LBM) lesions. Cells are colored by clusters. c) Dot plot displaying canonical marker genes across cell
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convolution analysis to locate the cellular components on eight
spatial transcriptomic slides based on matched scRNA-seq data
(Figure 1i,j; Figure S1d, Supporting Information). Themalignant
cell distribution identified by the Cell2location closely matched
the high-CNV-score regions calculated using SPATA2 (Figure 1j),
confirming the accuracy of the deconvolution analysis. In addi-
tion, the distribution of malignant cells was related to the local-
ization of immune cells (Figure 1j).

2.2. Differentiation Trajectories of Malignant Cells Defined the
MIC Population

Transcriptional heterogeneity is increasingly recognized as a key
factor in tumor initiation, progression, and metastasis. To iden-
tify theMICs, 21 396malignant cells from the LCP and LBMwere
categorized into 17 subclusters, termed Malig_0 to Malig_16
(Figure 2a,b; Figure S3a, Supporting Information). Cell lineage
trajectories were investigated using five algorithms to identify
MICs. CytoTRACE identifiedMalig-1,Malig-2,Malig-11,Malig-5,
and Malig-3 as highly undifferentiated cells with high stemness
scores (Figure 2c). Monocle2 revealed that Malig-2, Malig-3, and
Malig-5 were differentiation-initiating cells in LBMs. OnlyMalig-
3 and Malig-5 were present in LCPs, with Malig-5 positioned at
the starting point and Malig-3 appearing in the middle of the
differentiation trajectories (Figure 2d,e). Trajectory analyses us-
ing three additional algorithms–the diffusion map, PyVIA, and
RNA velocity–validated these findings and further indicated that
Malig-5 differentiates intoMalig-2, which subsequently produces
Malig-3 in LBMs (Figure 2g; Figure S3b–d, Supporting Informa-
tion). Thus, Malig-5 may be an MIC for NSCLC BMs. We further
analyzed dynamic gene expression patterns along the differential
trajectories of malignant cells. Gene ontology (GO) enrichment
analysis showed that the terms related to antigen processing
and presentation in LCPs and cell–cell junctions in LBMs were
progressively activated along differential trajectories (Figure 2f;
Figure S3e, Supporting Information). Malig-5 cells may possess
immune evasion, invasion, and migration capabilities. Among
the 17 malignant cell subclusters, Malig-5 also exhibited signif-
icantly higher levels of EMT process (Malig-5 vs other subclus-
ters, p < 0.001), ranking fifth on average, and markedly elevated
hybrid-EMT status (Malig-5 vs other subclusters, p< 0.001), rank-
ing fourth on average (Figure 2h; Figure S3f,g, Supporting Infor-
mation).
Moreover, we investigated whether Malig-5 exhibited a

metastatic tendency and survival correlation in the TCGANSCLC
cohort. Bulk deconvolution data showed that NSCLC tumorswith
distant or lymph node metastases had a significantly higher pro-

portion ofMalig-5 than thosewithout (Figure 2i). NSCLCpatients
with high levels of Malig-5s displayed significantly worse prog-
noses, including disease-specific survival (DSS), overall survival
(OS), and progression-free interval (PFI) than those with low lev-
els (Figure 2j). Among the 17 malignant cell subclusters, Malig-
5 demonstrated the highest predictive capability for metastasis
and survival in patients with NSCLC, with an area under the
curve (AUC) of 0.629 for distantmetastasis, 0.589 for lymph node
metastasis, 0.688 for DSS, 0.643 for OS, and 0.581 for PFI (Figure
S3h,i, Supporting Information).
Using CellHint, we further annotated Malig-5 in the publicly

available scRNA-seq validation dataset, which comprised 11 LCP
and 10 LBM samples for a total of 74 209 cells (Figure S4a–c,
Supporting Information). Consistent with the XY-NSCLC data,
Malig-5 also exhibited high stemness, differentiation initiation
potential, and elevated EMT scores in the validation set (Figure
S4d–j, Supporting Information), supporting the hypothesis men-
tioned above that Malig-5 may represent one of the MICs in
NSCLC BMs.

2.3. MIC Malig-5 is Characterized by a Unique Molecular Marker
of LOX

To provide a more detailed characterization of the MIC (Malig-
5), we investigated its molecular profile, biological pathways,
and metabolic traits within malignant cell subclusters. Differen-
tially expressed gene (DEG) analysis revealed that lysyl oxidase
(LOX) was uniquely and highly expressed in the Malig-5 sub-
cluster (avg_log2FC = 3.57, p < 0.001), ranking among the top
six marker genes (Figure 2k; Figure S5a, Supporting Informa-
tion). Correlation analysis revealed a strong positive association
between LOX expression, EMT, and hybrid-EMT status (Figure
S5b, Supporting Information). This was also supported by the
protein–protein interaction network, which showed a close inter-
action (interaction score > 0.2) between LOX and EMT proteins
(Figure S5c, Supporting Information). Accordingly, we renamed
the Malig-5 cell sub-cluster to provide more details and desig-
nated it LOX+ Malig-5. SCENIC analysis further revealed that
EMT-related transcription factors HOXA13,[16] ONECUT2,[17]

and TFF3[18] were highly expressed in LOX+ Malig-5 cells (Figure
S5d, Supporting Information). Functional enrichment analysis
of hallmark gene sets[19] showed that the hypoxia and glycol-
ysis pathways were significantly upregulated in LOX+ Malig-
5 (Figure 2l), which was further confirmed by the quantifi-
cation of metabolic pathway activity[20] indicating that glycoly-
sis/gluconeogenesis was a highly upregulated metabolic path-
way in LOX+ Malig-5 (Figure 2m). Additionally, LOX+ Malig-5

clusters. Dot size indicates the proportion of cells expressing the specific genes. Color intensity represents the average scaled expression level of specific
genes. d) Stacked bar plot showing the proportions of annotated cell types across LCP and LBM samples. e) Hierarchical heatmap showing large-scale
copy number variations (CNVs) of epithelial cells to identify malignant cells. f) Classification of malignant cells and normal epithelial cells based on CNV
levels and CNV correlation. g) Bar plots comparing cell type abundance between LCPs and LBMs based on our in-house single-cell RNA sequencing
(scRNA-seq) data (top), and comparing cell type abundance between LCPs without metastasis (M0) and LCPs with metastasis (M1) using deconvo-
luted bulk RNA-seq data from the TCGA NSCLC cohort (bottom). h) Bar plot showing the heterogeneity of cell types among different samples from the
TCGA NSCLC cohort based on Jensen–Shannon divergence (JSD) score. i) Schematic diagram illustrating spatial deconvolution using Cell2location and
the evaluation of deconvolution accuracy with SPATA2. j) The spatial distributions of SPATA2-calculated CNV scores (top), Cell2location-deconvoluted
malignant cells (middle), and immunocytes (bottom) across spatial transcriptomics slides from four LCPs and four LBMs. Schematic diagram (MIC,
metastasis-initiating cell; NET, neutrophil extracellular trap). Cell types (DC, dendritic cell; Endo, endothelial; Epith, epithelial cells; Fibro, fibroblast;
Macro, macrophage; Malig, malignant; NK, natural killer; Neuro, neuroglial; Neutro, neutrophil).
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Figure 2. Differentiation trajectories of malignant cells define theMIC LOX+ Malig-5. a) UMAP plot showing 17 subclusters of malignant cells from LCPs
and LBMs. Cells were colored by subclusters. b) Stacked bar plot showing the proportions of malignant cell subclusters across LCP and LBM samples.
c) T-distributed stochastic neighbor embedding (TSNE) plots (top) and bar plots (bottom) displaying differentiation states for each malignant cell
subcluster using CytoTRACE. d) Monocle pseudotime trajectory of malignant cell subclusters in LCPs (top) and LBMs (bottom), inferred by Monocle2.
Trajectories are colored by pseudotime (left), cell states (middle), and malignant cell subclusters (right). e) Cell density distribution of malignant cell
subclusters along with the pseudotime in LCPs (top) and LBMs (bottom). Arrows refer to LBM differentiation-initiating cells Malig-2, Malig-3, andMalig-
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cells exhibited a metabolically active state, featuring enhanced
lipid metabolism compared to other malignant cell subclusters
(Figure S5e, Supporting Information).

2.4. LOX+Malig-5s Colocalized with Neutrophils

The tumor immune microenvironment significantly influences
every stage of metastasis. Analysis of TCGA bulk deconvolution
showed that most immune co-stimulatory genes were downreg-
ulated in high LOX+ Malig-5 NSCLCs compared to low LOX+

Malig-5 NSCLCs, whereas the majority of immune co-inhibitors
were upregulated (Figure S6a, Supporting Information), suggest-
ing a potential immunosuppressive microenvironment in high
LOX+Malig-5NSCLCs. This interesting finding is also supported
by TCGA cancer immune cycle analysis, which showed that the
infiltration of immune cells into tumors (step 5) was significantly
downregulated in high LOX+ Malig-5 NSCLCs compared to that
in low LOX+ Malig-5 NSCLCs (Figure 3a).
Furthermore, we quantified LOX+ Malig-5 abundance in

NSCLC bulk tissues and mapped its distribution in tumor sec-
tions. The proportion of LOX+ Malig-5s was negatively correlated
with most immune cell proportions, but was positively associ-
ated with the neutrophil proportion in TCGA NSCLCs (Figure
S6b, Supporting Information). TCGA cancer immune cycle anal-
ysis also revealed that neutrophil recruitment (step 4) was sig-
nificantly increased in high LOX+ Malig-5 NSCLCs compared to
that in low LOX+ Malig-5 NSCLCs (Figure 3a). Analysis of spa-
tial transcriptomic data showed that neutrophils, among all im-
mune and stromal cells in LCPs, exhibited the strongest spatial
colocalization with LOX+ Malig-5 across multiple neighborhood
sizes (intra: within a spot, juxta: adjacent spot, and para: extended
to two spots) (Figure 3b,c; Figure S6c, Supporting Information).
In LBMs, LOX+ Malig-5s also showed a high colocalization level
with neutrophils (importance > 0.5) (Figure S6d,e, Supporting
Information). Given that previous studies have highlighted the
critical role of neutrophils in solid cancer metastases,[21] we se-
lected neutrophils as our research focus.

2.5. LOX+ Malig-5s Particularly Colocalize with the Neutrophil
Subclusters Neutro-0s and Neutro-3s

To further elucidate the detailed subclusters of neutrophils and
their roles in the metastasis of LOX+ Malig-5s, we classified
2540 neutrophils into 11 subclusters, ranging from Neutro-0

to Neutro-10 (Figure 3d; Figure S7a–c, Supporting Informa-
tion). Spatial colocalization analysis revealed that Neutro-0s and
Neutro-3s strongly colocalized with LOX+ Malig-5s in LCPs and
LBMs across multiple neighborhood sizes (intra, juxta, and para)
(importance > 0.5) (Figure 3e; Figure S7d,e, Supporting Infor-
mation). Bulk deconvolution analysis showed that NSCLCs with
distant or lymphatic metastasis had a significantly higher pro-
portion of Neutro-0s and Neutro-3 than those without metastasis
(Figure 3g), with themetastasis prediction ability of Neutro-0 and
Neutro-3 ranking at the top (1/11 for Neutro-3, 2/11, and 5/11 for
Neutro-0) (Figure 3f). Neutro-0s and Neutro-3s may promote the
metastasis of LOX+ Malig-5s in NSCLCs.
Next, we investigated the molecular, pathway, and evolution-

ary traits of Neutro-0s and Neutro-3s within the neutrophil sub-
clusters. DEG and SCENIC analyses identified genes PROK2 and
ZBTB20, along with the transcription factors STAT5B and RFX3,
as molecular markers for Neutro-0s and Neutro-3s (Figure S8a,b,
Supporting Information). Pseudo-time analyses revealed the dif-
ferentiation paths of neutrophils, ending with Neutro-0s and
Neutro-3s, which are highly differentiated cells with low stem-
ness (Figure 3h; Figure S8c–e, Supporting Information). Dur-
ing differentiation, the activation of leukocyte chemotaxis and
migration-related GO terms indicated robust chemotactic activ-
ity in both Neutro-0s and Neutro-3s (Figure 3i). Moreover, the
metabolic pathway activity analysis suggested that both Neutro-
0s and Neutro-3s were in a metabolically inactive state, except for
fatty acid biosynthesis (Figure S8f,g, Supporting Information).

2.6. Neutro-0s and Neutro-3s as Pro-Metastasis NET-Releasing
Neutrophils

NET release is a key characteristic of neutrophils and promotes
cancer metastasis. Immunofluorescence analysis showed that
NETs (H3cit+/MPO-DNA+) colocalized with malignant cells
(CK19+) in NSCLCs (Figure 3k). NET release was highest in
BM sites, followed by lymph nodes, and lowest in primary
lung sites (Figure 3l,m), suggesting the potential pro-metastatic
effect of NETs. Next, we quantified NET levels across neutrophil
subclusters based on a gene set derived from a previous study.[22]

Among them, Neutro-0s and Neutro-3s exhibited the highest
levels of NET release (Neutro-0s/Neutro-3s vs other sub-clusters,
p < 0.001), ranking first and second on average, respec-
tively (Figure 3j). Subsequently, we calculated the within-class
neighborhood[23] between theMalig-5s andNeutro-0s/Neutro-3s.
High-NET regions, along with high-EMT areas, were predom-

5. f) Heatmap displaying gene expression patterns of malignant cell subclusters and their gene ontology (GO) function enrichment along pseudotime
in LCPs (top) and LBMs (bottom). g) VIA pseudotime trajectory model of malignant cell subclusters in LCPs (top) and LBMs (bottom), inferred by
PyVIA. h) Violin plot showing epithelial-mesenchymal transition (EMT) (HALLMARK: M5930) scores, quantified by ssGSEA (top), AUCell (middle), and
singscore (bottom) for each malignant cell subcluster. The malignant cell subcluster circled in red boxes refers to the identified metastasis-initiating cell
(MIC), Malig-5. i) Comparison of the proportion of malignant cell subclusters between lung cancers with metastasis (distant metastasis or lymph node
metastasis) and without metastasis, as measured in the deconvoluted bulk RNA-seq data from the TCGA NSCLC cohort. Two-tailed Wilcoxon test. *
p < 0.05, ** p < 0.01. j) Kaplan–Meier survival curves showing disease-specific survival (DSS), overall survival (OS), and progression-free interval (PFI)
for the TCGA NSCLC cohort, stratified by the Malig-5 proportion. Log-rank test. k) Heatmap showing the expression of marker genes across malignant
cell subclusters. Marker genes of Malig-5 are highlighted within a red box. l) Heatmap displaying the distributions of significant hallmark gene sets
identified through irGSEA across malignant cell subclusters. Up or down in the legend indicates whether the enrichment level of the gene sets in the
subcluster is higher or lower compared to other subclusters. RRA, Robust rank aggregation. m) Heatmap visualizing Kyoto Encyclopedia of genes and
genomes (KEGG) metabolic pathway activities, inferred from scRNA-seq data, across malignant cell subclusters. Except where noted, LOX+ Malig-5 was
highlighted by red boxes.
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Figure 3. LOX+ Malig-5 colocalizes with the neutrophils, particularly with the subclusters Neutro-0 and Neutro-3. a) Comparisons of cancer immunity
cycle activities between high and low LOX+ Malig-5 NSCLCs, as measured in the deconvoluted bulk RNA-seq data from the TCGA cohort. Two-tailed
Wilcoxon test. * p < 0.05, ** p < 0.01, *** p < 0.001. b) The importance of cell colocalization across multiple neighborhood sizes (intra: within a
spot, juxta: adjacent spot, and para: extending to two spots), as measured in the LCP spatial transcriptomic data. The cells circled in red boxes are
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inantly localized within the neighborhood formed by Malig-5s
and Neutro-0s/Neutro-3s (Figure S9a, Supporting Information).
Spatial colocalization analysis also revealed strong colocalization
between Neutro-0s/Neutro-3 and NET release, as well as between
LOX+ Malig-5 and EMT, across multiple neighborhood sizes (in-
tra, juxta, and para) (importance > 0.5) (Figure S9b, Supporting
Information). Overall, Neutro-0s and Neutro-3s were confirmed
as pro-metastatic NET-releasing neutrophils in NSCLCs.

2.7. Neutro-0s and Neutro-3s Interacted with LOX+ Malig-5s
through NET-KRT10

The spatial colocalization of Neutro-0s/Neutro-3s and LOX+

Malig-5 indicated their possible cell–cell interactions. Pull-down
assays and intercellular interaction analyses were performed to
identify these interactions. We collected neutrophils from the
blood of patients with NSCLC, induced NET release, and ex-
tracted tumor cell cytosol and membrane proteins from A549,
BM101, and BM104 cells. Cytosolic andmembrane proteins were
pulled down using biotin-labeled NET DNA, followed by pro-
teomic mass spectrometry (Figure 4a). Mass spectrometry se-
quencing analysis identified 12 top cytoplasmic proteins (emPAI-
value> 0.1, score> 65.3) and 13 topmembrane proteins (emPAI-
value > 1.1, score > 73) from tumor cells that bind to neutrophil
NET DNA (Figure 4a,b; Figure S10a, Supporting Information).
Functional enrichment analysis showed that these proteins were
significantly enriched in GO terms related to cell junction organi-
zation and humoral immune response (p< 0.05) (Figure 4c), con-
firming their role as NET-binding proteins in tumor cells. Fur-
ther functional quantification analysis using these proteins as a
signature revealed a significantly higher NET-binding capacity of
LOX+ Malig-5s (Malig-5 vs other subclusters, p < 0.001), ranking
top four among 17 malignant cell subclusters (Figure 4d; Figure
S10b, Supporting Information).
KRT10, a type I intermediate filament protein, ranked first

among both NET-binding cytoplasmic and membrane proteins
in NSCLC tumor cells (Figure 4b). Accordingly, we incorporated
NET–KRT10 into ligand–receptor databases for multiple cell–
cell interaction algorithms. CellChat analysis revealed that LOX+

Malig-5s could receive signals from Neutro-0s and Neutro-3s via
NET–KRT10 communication at the single-cell level (Figure 4e;
Figure S10c, Supporting Information). Moreover, stLearn and
COMMOT spatial interaction analyses, which illustrated that

NET–KRT10 hotspots were primarily colocalized within the re-
gions where Malig-5s and Neutro-0s/Neutro-3s overlapped and
that NET–KRT10 signals mainly flowed from Neutro-0/Neutro-
3s to Malig-5s (Figure 4f,g). We then examined KRT10’s role in
the invasion andmetastasis of NSCLC cells. Among the top NET-
binding proteins, scRNA-seq analysis showed that only KRT10
expression was strongly correlated with EMT scores and LOX ex-
pression in malignant cells (r > 0.2) (Figure 4h,i; Figure S10d,e,
Supporting Information). Transwell assays revealed significantly
decreased invasion and migration following KRT10 knockdown
in BM101, PC9, and A549 cells (Figure 4j). Furthermore, we
co-cultured BM101 cells with neutrophils in cerebral organoids
and observed that KRT10 knockdown inhibited the spread of
NSCLC cells in NET conditions (Figure 4k). We then investigated
cell–cell communication from LOX+ Malig-5s to Neutro-0s and
Neutro-3s using the same approach mentioned above. CellChat
interaction analysis showed that LOX+ Malig-5s could send sig-
nals to Neutro-0s and Neutro-3s, primarily via CXCL8–CXCR2
at the single-cell dimension (Figure S11a, Supporting Informa-
tion). stLearn and COMMOT spatial interaction analyses fur-
ther showed that CXCL8–CXCR2 hotspots were primarily colo-
calized within the regions whereMalig-5s and Neutro-0s/Neutro-
3s overlapped, and the CXCL8–CXCR2 signal mainly flowed
from Malig-5s to Neutro-0/Neutro-3s (Figure S11b, Supporting
Information). Overall, LOX+ Malig-5s could recruit Neutro-0s
and Neutro-3s via the CXCL8–CXCR2 pathway. Consequently,
Neutro-0s and Neutro-3s could release NETs that promote the
EMT and metastasis of LOX+ Malig-5s by binding to KRT10.

2.8. Neutro-0s, Neutro-3s, and LOX+ Malig-5s Form a
Metastatic Niche with Metabolic Reprogramming

Because Neutro-0, Neutro-3, and LOX+ Malig-5 exhibited strong
colocalization and interaction, we further investigated whether
these cells contributed to the formation of a specific microen-
vironment during metastasis. First, we used the proportion of
these cells to conduct niche division of spots in the spatial tran-
scriptomic data, following previously reported methods.[24] Eigh-
teen niches were identified, with niche-1, niche-8, niche-10, and
niche-14 exhibiting high expression of LOX+ Malig-5s, Neutro-
0s, and Neutro-3s (Figure 5a). Given the metastasis-promoting
roles of Neutro-0s, Neutro-3s, and LOX+ Malig-5s, we defined
niche-1, niche-8, niche-10, and niche-14 as metastatic niches
(Figure 5a,b), a concept proposed in previous studies.[25]

neutrophils that are highly colocalized with LOX+ Malig-5. c) Visualization of the spatial distribution of LOX+ Malig-5 and neutrophils on LCP spatial
transcriptomic slides using Cell2location. d) UMAP plot showing the single-cell map of neutrophils, categorized into 11 subclusters. Cells were colored
by neutrophil subclusters. e) Network community plots showing the colocalization relationship between LOX+ Malig-5 and neutrophil subclusters in
the para view of LCP and LBM spatial transcriptomics slides. The lines connecting cells represent strong colocalizations, with an importance of >0.5.
f) Ranking of neutrophil subclusters’ ability with area under the curve (AUC) values to predict distant or lymphatic metastasis in the TCGA NSCLC
cohort. The red triangle marks neutrophil subclusters Neutro-0 and Neutro-3 that show a strong correlation with metastasis and are highly colocalized
with LOX+ Malig-5. g) Comparison of the proportions of Neutro-0 and Neutro-3 between NSCLCs with metastasis (distant or lymph node metastases)
and without metastasis in the TCGA NSCLC cohort. Two-tailed Wilcoxon test. * p < 0.05, ** p < 0.01. h) Bar plots displaying differentiation states for
each neutrophil subcluster using CytoTRACE. i) Heatmap displaying dynamic gene expression patterns of neutrophil subclusters and their GO function
enrichment along pseudotime in LCPs (top) and LBMs (bottom). j) Violin plot showing neutrophil extracellular trap (NET) release scores (signatures
proposed by Xu et al.[22]), quantified by ssGSEA (top), AUCell (middle), and singscore (bottom) for each neutrophil subcluster in scRNA-seq data. k)
Multiplex immunofluorescence staining showing spatial locations of NETs (H3cit+ and MPO+), malignant cells (CK19+), and vascular endothelial cells
(CD31+) in NSCLC primary (left), metastatic lymph node (middle), and BM (right) specimens. Scale bars, 800 μm (leftmost) and 200 μm (right). l,m)
The bar plots show the quantification of NET expression (H3cit+, l; MPO+, m) between NSCLC primary, metastatic lymph node, and BM sites. Except
where noted, LOX+ Malig-5, Neutro-0, and Neutro-3 were highlighted by red boxes or triangles.
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Figure 4. Neutro-0 and Neutro-3 are pro-metastasis NETs releasing neutrophils, and interact with LOX+ Malig-5 through NET-KRT10. a) Workflow of
pull-down assays and subsequent proteomic mass spectrometry sequencing analysis to identify NET-binding proteins in NSCLC tumor cells. b) The
emPAI values and scores for the top 12 cytoplasmic proteins (CPs) and 13 membrane proteins (MPs) from NSCLC tumor cells that bind to neutrophil
NETs DNA. Among them, KRT10 (marked by a red triangle) ranked highest in both CPs and MPs. c) GO enrichment analysis of NET pull-down proteins
(including the top 12 CPs and 13 MPs) based on Metascape. d) Ranks of NET binding score (using the NET pull-down proteins as a signature) of
malignant cell subclusters in each quantification algorithm of AUCell, singscore, and ssGSEA. e) Cell–cell communication plots of NET-KRT10 between
neutrophil subclusters and malignant cell subclusters in the scRNA-seq data. f,g) Visualization of the spatial distribution of Neutro-0, Neutro-3, and
LOX+ Malig-5 using Cell2location (top), and signaling scores and direction of NET-KRT10 using stLearn and COMMOT separately (bottom) on LCP
(f) and LBM (g) spatial transcriptomics slides. h) Correlation between EMT ssGSEA scores and KRT10 expression in malignant cells from scRNA-seq
data. i) Correlation between LOX and KRT10 expression in malignant cells from scRNA-seq data. Spearman correlation. j) Representative images (top)
and quantification (bottom) of Transwell invasion (left) and migration (right) assays in BM101, PC9, and A549 cells with KRT10 siRNA or control siRNA
transfection. Data are represented as means ± SEM of three independent experiments. Two-tailed Wilcoxon test. * p < 0.05, ** p < 0.01, *** p < 0.001.
k) BM101 cells (green fluorescence) and neutrophil NETs (red fluorescence) were transplanted into cerebral organoids. Following 24- and 72-hour co-
culture periods, BM101 cells transfected with KRT10 siRNA or control siRNA exhibited distinct spreading rates within the fused organoids. Except where
noted, LOX+ Malig-5, Neutro-0, and Neutro-3were highlighted by red triangles. Expr, Expression; Lr, Ligand-receptor.

Adv. Sci. 2025, e08478 e08478 (9 of 19) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

 21983844, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/advs.202508478, W

iley O
nline L

ibrary on [09/12/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

Figure 5. Neutro-0, Neutro-3, and LOX+ Malig-5 form a metastatic niche with metabolic reprogramming. a) Scaled median cell-type compositions (left)
and spot proportion (right) for each niche. Asterisks indicate increased composition of a cell type in a niche compared with other niches (one-tailed
Wilcoxon test, p < 0.05). The dashed outline highlights the niches where the composition of LOX+ Malig-5s and Neutro-0s or Neutro-3s was simultane-
ously increased, identifying them as the metastatic niche. b) Visualization of the spatial distribution of 18 niches and their grouping (metastatic niche
and other region) on LCP and LBM spatial transcriptomic slides. c–e) OPLS-DA analysis of spatial metabolic profiles: c) score plot, d) validation plot
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Metabolic reprogramming is a hallmark of tumor cells that
supports growth, immune evasion, and metastasis. Analysis of
the scRNA-seq data revealed the unique metabolic characteris-
tics of Neutro-0, Neutro-3, and LOX+ Malig-5 (Figure 2m; Figure
S8g, Supporting Information). Herein, we compared the spa-
tial metabolism between metastatic niches and other regions us-
ing spatial metabolomic data from paired spatial transcriptomic
samples. Orthogonal partial least squares discriminant analysis
(OPLS-DA) demonstrated a distinct separation of spots between
metastatic niches and other regions (Figure 5c), and 186 differ-
entially expressed metabolites (variable importance of projection
[VIP] > 0.5, p < 0.05, Student’s t-test) (Figure 5e). The permu-
tation test indicated that the OPLS-DA model was reliable and
did not overfit (Figure 5d). Next, we imported these differentially
expressedmetabolites intoMetaboAnalyst 6.0 for small molecule
pathway database (SMPDB)metabolic pathway enrichment anal-
ysis, which identified 25 significantly enriched pathways, includ-
ing alpha-linolenic acid and linoleic acid metabolism, arachi-
donic acid metabolism, fatty acid biosynthesis, and fatty acid
metabolism (Figure 5f). Most metabolites, such as palmitic acid,
were significantly upregulated in metastatic niches compared
with other regions (Figure 5g). This finding is consistent with the
gene set variation analysis (GSVA) quantification analysis, which
showed that the levels of most pathways, including fatty acid
biosynthesis and beta oxidation of very-long-chain fatty acids,
were also significantly increased in metastatic niches relative to
other regions (Figure 5h). Among these, fatty acid biosynthe-
sis was positively associated with both the EMT and NET lev-
els (Figure 5i). To gain a more comprehensive understanding
of the NSCLC metastasis mechanism, we utilized MetaboAna-
lyst 6.0 to construct a gene-metabolite interaction network, based
on EMT and NET gene sets, metabolites in EMT/NET-correlated
pathways, and ligand–receptor pairs (Figure 5j). The spatial dis-
tribution of interacting metabolites was visualized across spatial
metabolomic slides (Figure 5k). Collectively, these results high-
light the metabolic reprogramming within the metastatic niche
formed by Neutro-0s, Neutro-3s, and LOX+ Malig-5s.

2.9. Palmitic Acid as a Key Metabolite of the Metastatic Niche in
NSCLCs

To identify the key metabolites driving metastatic niche forma-
tion and progression, we ranked the discriminative abilities of
metabolites between metastatic niches and other regions using
three machine learning algorithms: Boruta, Random Forest, and
XGBoost. Palmitic acid was the most discriminatory metabo-
lite between the two regions (Figure 6a). This was supported by
metabolic mass spectrometry data from the Queen Mary Hospi-
tal NSCLC (QMH-NSCLC) cohort, which revealed significantly
higher palmitic acid levels in the blood of NSCLC patients with

BMs than in those without BMs (Figure 6b). Subsequently, the
spatial metabolomic spots were categorized into high- and low-
palmitic acid regions based on the 50% median expression of
palmitic acid. High-palmitic acid regions showed significantly
higher levels of KRT10, NET, EMT, LOX+ Malig-5, Neutro-0s,
and Neutro-3s than the low-palmitic acid regions (Figure 6c;
Figure S12a, Supporting Information). The gene–metabolite net-
work revealed a close interaction between palmitic acid and the
EMT/NET process (Figure 5j). In vitro, palmitic acid exposure in-
duced EMT in NSCLC cells, as suggested by the upregulation
of fibronectin and downregulation of E-cadherin (Figure S12b,
Supporting Information). In addition, palmitic acid treatment
increased LOX expression and promoted actin cytoskeleton re-
modeling, including a transition from polygonal to spindle-like
morphology, invadopodia formation, and the appearance of con-
densed actin foci in NSCLC cells (Figure S12c, Supporting Infor-
mation). These findings indicate that palmitic acid is a key driver
of the metastatic niche in NSCLCs.
Next, we investigated the source of the elevated palmitic levels

in metastatic niches and their potential role in promoting metas-
tasis. Compared with LOX+ Malig-5 in the malignant cell sub-
clusters (ranking 12/17), Neutro-3 and Neutro-0 exhibited higher
activity for long-chain saturated fatty acid biosynthesis (ranking
4/11 and 6/11, respectively) (Figure S13, Supporting Informa-
tion), indicating that neutrophils, and not malignant cells, are
probably the main source of palmitic acid in metastatic niches,
with diet as another possible contributor. Moreover, owing to the
lack of metabolic data on pan-cancer metastasis, we used the core
regulatory network of palmitic acid to investigate its potential role
in driving metastasis across cancers. Based on the 4106 upregu-
lated genes (log2FC > 0, p < 0.05) identified in the high palmitic
acid regions (Figure 6d,e), we constructed a core palmitic acid
regulatory network usingMetaboAnalyst 6.0, containing 17 regu-
latory genes (Figure 6f). This network showed functional enrich-
ment for long-chain fatty acid transport and triglyceride biosyn-
thesis (Figure 6g). Palmitic acid regulatory scores were calculated
in the TCGA pan-cancer cohort using GSVA. Only lung ade-
nocarcinoma and lung squamous cell carcinoma exhibited sig-
nificantly higher palmitic acid regulatory scores in tumors with
distant or lymphatic metastasis, in comparison to those with-
out (Figure 6h), further confirming the metastasis-promoting
of palmitic acid in NSCLCs. Although palmitic acid promotes
metastasis in multiple cancers,[26,27] its mechanism of action in
NSCLCs may be unique.

2.10. Identifying Therapeutic Drugs That Target Palmitic Acid to
Inhibit Metastasis

Palmitic acidmay play a crucial role inmetastatic niches. Palmitic
acid, the end product of fatty acid biosynthesis, is primarily

(permutation test), and e) S-plot comparing metastatic niche and other regions. f) Bar plot of enriched SMPDB metabolic pathways for differential
metabolites between the metastatic niche and other regions, analyzed using MetaboAnalyst. g) Comparison of metabolite expression in enriched path-
ways between the metastatic niche and other regions. h) Comparison of enriched pathway scores, quantified by GSVA, between the metastatic niche
and other regions. Two-tailed Wilcoxon test. * p < 0.05, *** p < 0.001. i) Spearman correlation between NET/EMT scores and enriched pathway scores.
j) Gene–metabolite interaction network based on EMT/NET gene sets, metabolites in EMT/NET-correlated pathways, and ligand–receptor pairs, con-
structed using MetaboAnalyst. k) Spatial distribution of metabolites in the interaction network, along with the metastatic niche region, visualized across
LCP and LBM spatial metabolomics slides. AMP, adenosine monophosphate; Cys, cysteine; dGMP, 2′-deoxyguanosine 5′-monophosphate; FA, fatty
acid; 𝛾-aminobutyric acid, GABA; GSH, glutathione; L-4-HGSA, L-4-hydroxyglutamate semialdehyde.
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Figure 6. Palmitic acid is a potential key driver of the metastatic niche, and identifying therapeutic drugs that target palmitic acid to inhibit metastasis. a)
Ranks ofmetabolites’ abilities to distinguishmetastatic niche and other regions using Boruta, RandomForest, and XGBoostmachine learning algorithms.
Palmitic acid is themost discriminatorymetabolite between these two regions. b) Palmitic acid levels in the blood of patients withNSCLCswith or without
BMs from the metabolic mass spectrometry data of the QMH validation cohort. c) Comparison of KRT10 expression, NET score, and EMT scores
between high and low palmitic acid regions in the LCP and LBM spatial sequencing slides. Two-tailed Wilcoxon test. *** p < 0.001. d) Volcano plot
showing differentially expressed genes (DEGs) between high and low palmitic acid regions. e) GO enrichment analysis of DEGs between high and low
palmitic acid regions, analyzed using Metascape. f) Core regulatory network of palmitic acid constructed using DEGs from high and low palmitic acid
regions, analyzed with MetaboAnalyst. g) GO enrichment analysis of palmitic acid core regulatory genes, analyzed using Metascape. h) Comparison
of palmitic acid regulatory scores, quantified by GSVA using core regulatory genes, between primary cancers with and without metastasis (distant,
top, or lymph node, bottom) in the TCGA pan-cancer cohort. Two-tailed Wilcoxon test. * p < 0.05, ** p < 0.01. i) Map of the palmitic acid synthesis
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synthesized via the action of the fatty acid synthase enoyl reduc-
tase domain (FASN-ERD) (Figure 6i). Previous studies have iden-
tified fatty acid synthase (FASN) as a classical oncology target and
developed FASN-targeting pharmacological agents.[28] However,
themost effective drugs remain unclear. Therefore, we systemati-
cally selected 13 FASN inhibitors from previous studies[28,29] and
conducted virtual drug screening, including molecular docking
and sensitivity analyses (Figure 6j). Molecular docking analysis
revealed that TVB-2640 had the lowest binding score for FASN-
ERD, indicating the highest affinity and potential for inhibiting
FASN-ERD function (Figure 6k). Both experimental and clini-
cal (phase 1/2 trials) evidence[30–32] has reported the anticancer
effects of TVB-2640, whereas all other FASN inhibitors remain
in preclinical research (Figure 6k). The docking pockets and in-
teractive forces between TVB-2640 and FASN-ERD were visual-
ized using PyMol and MOE (Figure 6l). In addition, since there
are currently no available drug sensitivity data for TVB-2640,
we used the other FASN inhibitors, Cerulenin and Orlistat, to
perform beyond-cell drug sensitivity analysis in the spatial data
of NSCLCs. Regions with high palmitic acid levels were more
sensitive to Cerulenin and Orlistat than were regions with low
palmitic acid levels (Figure 6m), indicating the inhibitory effects
of FASN inhibitors on NSCLC metastasis. In laboratory stud-
ies, TVB-2640 treatment reduced LOX expression and actin cy-
toskeleton remodeling (encompassing polygonal-to-spindle mor-
phology transformation, invadopodia formation, and condensed
spot emergence) in NSCLC cells, whereas palmitic acid expo-
sure reversed these suppressive effects (Figure S12d, Supporting
Information). Similar results were observed in the tail vein in-
jection metastasis model, where TVB-2640 suppressed NSCLC
growth and prolonged animal survival, while palmitic acid en-
hanced NSCLC metastasis (Figure S14a–d, Supporting Informa-
tion). Overall, our findings identified FASN inhibitors, such as
TVB-2640, as potential treatments for NSCLC BMs by inhibiting
palmitic acid synthesis.

3. Discussion

Metabolic reprogramming has been implicated in driving tu-
mor metastasis; however, traditional omics techniques remain
limited in capturing metabolic heterogeneity within tumors and
fail to fully elucidate the complex metabolic interactions be-
tween different cells in the metastatic niche. In this study, we
utilized spatial, single-cell, and bulk multi-omics sequencing
technologies to explore cellular interactions and metabolic het-
erogeneity within NSCLC BMs. LOX+ Malig-5 represented the
MICs and formed a metastatic niche in conjunction with NET-
releasing neutrophil subtypes, interacting mainly through the
NET–KRT10 axis. The metastatic niche is involved in metabolic
reprogramming, with palmitic acid serving as the key metabo-
lite. FASN inhibitors may be promising therapeutic agents

that target palmitic acid to inhibit the BM in NSCLCs (Figure
7).
MICs are a rare subset of cancer cells with the unique abil-

ity to initiate and sustain metastasis.[4] Several biomarkers have
been identified that mark MICs, including CD44,[33] CXCR3,[34]

CD36,[6] LMO2,[35] and PDX1[36] in various tumors. In this study,
we screened LOX+ Malig-5 as the MICs for NSCLC BMs through
comprehensive analyses, including pseudotime, deconvolution,
and functional enrichment. LOX+ Malig-5 cells exhibited high
stemness and hybrid EMT status, consistent with previously re-
ported features of MICs.[37] LOX, a cell marker of Malig-5, is a
copper-dependent enzyme that oxidizes lysine residues in col-
lagen and elastin, promoting extracellular matrix remodeling
through covalent cross-linking.[38] LOX facilitates breast cancer
metastasis to the lungs and bones by remodeling the extracel-
lular matrix within the metastatic niche.[39,40] Additionally, LOX
induces EMT in hepatocellular carcinoma metastasis,[41] which
is consistent with our findings.
Neutrophils are key players in the metastatic microenviron-

ment, involved in each stage of metastasis, and exhibit hetero-
geneity in multiple cancers.[42,43] Previous studies have classi-
fied neutrophils into immature and mature,[12] as well as N1
(antitumor) and N2 (protumor).[44] In our study, we observed
strong spatial colocalization between LOX+ Malig-5s and NET-
releasing neutrophils, which could predict NSCLC metastasis.
NETs are web-like extracellular structures released by activated
neutrophils.[45] Sprenkeler et al. have reported that NET forma-
tion depends on cytoskeletal rearrangements in neutrophils.[46]

Interestingly, NETs bind to tumor cells via keratin, a cytoskeletal
component. Specifically, pull-down assays and mass spectrome-
try demonstrated a strong NET-binding capacity of LOX+ Malig-
5s, with KRT10 emerging as the pivotal tumor protein that me-
diates LOX+ Malig-5 and NET interactions. KRT10 (Keratin 10)
is a type I intermediate filament protein that provides structural
support to epithelial cells.[47] Our study revealed a positive cor-
relation between KRT10 expression and EMT scores in NSCLC
cells, which is consistent with the report by Zhang et al. on
KRT10 upregulation during EMT.[48] Moreover, KRT10 knock-
down significantly reduced NSCLC cell invasion and metas-
tasis in the NET microenvironment, consistent with previous
findings in laryngeal cancer.[47] Based on these results, we pro-
pose that neutrophil-mediated metastasis occurs through NETs–
KRT10 binding, which promotes EMT in LOX+ Malig-5 cells, un-
derscoring the immunoregulatory function.[49]

Interacting cells are often highly colocalized, enabling them
to form specialized microenvironments, known as niches.[50] In
this study, we identified themetastatic niche formed byMICs and
their interacting NET-releasing neutrophils using niche cluster-
ing analysis. Metabolic reprogramming of metastatic niches has
been reported, including neutral lipid accumulation, glucose en-
richment, and oxalate increase, all of which can facilitate tumor

process, drawn based on the SMPDB fatty acid biosynthesis pathway. The solid red arrow represents metabolites that are significantly upregulated in the
metastatic niche, compared to other regions. The solid black arrow represents a direct transformation process, while the dashed black arrow represents
a process where some steps are omitted. j) Workflow of virtual drug screening targeting palmitic acid. k) Identification of promising therapeutic drugs
targeting palmitic acid based on FASN-ERD binding affinity calculations (Vina and Autodock) and anti-cancer evidence search. l) Visualization of docking
pockets (top) and interactive forces (bottom) between FASN-ERD and TVB-2640, using PyMol and MOE, separately. m) Comparison of FASN inhibitor
response assessed by Beyondcell between high and low palmitic acid regions. ACC1, Acetyl-CoA carboxylase 1.
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Figure 7. Summary of this study. A LOX+-expressing malignant cell subcluster (Malig-5) is MICs during NSCLC BMs. These cells contribute to the
formation ofmetastatic niches alongside neutrophil subtypes (Neutro-0 andNeutro-3) that are predisposed to releasingNETs. TheNET–KRT10 signaling
axis mediates the interaction between NET-releasing neutrophils and LOX+-NSCLC cells, thereby promoting EMT and metastatic dissemination. The
elevation of palmitic acid levels in the resulting metastatic niche emerges as a crucial metabolic driver of BMs. Inhibition of palmitic acid using FASN
inhibitors (e.g., TVB-2640) can become a potential therapeutic approach to disrupt this metabolic vulnerability and suppress NSCLC BMs. Created with
BioRender.com.

cell metastasis.[51–53] In our study, spatial metabolomic analysis
revealed metabolic reprogramming within the metastatic niche,
with a particular focus on palmitic acid upregulation. Palmitic
acid, one of the most abundant saturated fatty acids in the hu-
man body, plays a crucial role in cell membrane construction,
fat metabolism, and energy production, as it promotes tumor
cell growth and metastasis.[54] Pascual et al. have reported that
dietary palmitic acid induces long-lasting prometastatic mem-
ory in cancer cells through Schwann cell activation.[26] Manzano
et al. have reported that a palmitate-rich environment enhanced
metastatic growth through p65 acetylation.[55] Our study further
showed that high palmitic acid regions had elevated levels of NET
and EMT, with the gene–metabolite network revealing a close in-
teraction between palmitic acid and NET/EMT, which is consis-
tent with previous findings on the role of palmitic acid in induc-
ing EMT in epithelial cells and NET release in neutrophils.[56,57]

Palmitic acid levels were elevated not only in themetastatic niche
but also in the blood of patients with NSCLC with BMs, im-
plying its potential as a metastasis biomarker. Supporting this,
fatty acid metabolism-related metabolites and enzymes are in-
creasingly being recognized as biomarkers for cancer prediction
and prognosis.[58] Moreover, Rayes et al. observed higher circu-

lating NET levels in patients with advanced versus localized lung
cancer,[59] indicating that palmitic acid may induce NET forma-
tion in both the circulation and metastatic niches.
Next, we investigated the source of elevated palmitic acid lev-

els in the NSCLC BM and found that palmitic acid might be
generated from exogenous dietary and/or metastatic niches. We
recommend limiting the intake of palmitic acid-rich foods (e.g.,
palm oil, butter, and fattymeat) for NSCLC patients. Palmitic acid
biosynthesis was regulated in the metastatic niche; therefore, we
aimed to target FASN-ERD, a key enzyme involved in palmitic
acid biosynthesis, as a strategy to suppress NSCLC BMs. FASN
has been previously identified as a classical oncology target.[28]

Here, we analyzed 13 FASN inhibitors and observed that TVB-
2640 had the greatest potential to inhibit FASN-ERD function.
The anticancer effects of TVB-2640 have been demonstrated in
previous experimental assays and clinical trials involving mul-
tiple tumors, including NSCLCs, astrocytoma, ovarian cancer,
breast cancer, and others.[31,32,60] The efficacy of TVB-2640 in pa-
tients with astrocytoma indicates its potential blood–brain bar-
rier penetration.[31] In addition, TVB-2640 treatment reduced
LOX expression and actin cytoskeleton remodeling in NSCLC
cells, whereas palmitic acid exposure reversed these suppressive
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effects, supporting TVB-2640′s role in blocking NSCLC metasta-
sis. Cerulenin and Orlistat, the other two FASN inhibitors, exhib-
ited higher sensitivity to high palmitic acid regions, indicating the
potential inhibitory effects of FASN inhibitors on NSCLC BMs.
These findings are similar to those of previous studies reporting
that FASN inhibitors can effectively inhibit palmitic acid-driven
metastasis of breast and ovarian cancers to the lungs.[60] Collec-
tively, our findings demonstrate the potential of FASN inhibitors
for the prevention and treatment of NSCLC, underscoring the
urgent need for further experimental and clinical studies.
However, this study had some limitations. First, the relatively

small size of spatial multi-omics cohorts may limit the statistical
power and generalizability. Future studies should include larger
and more diverse populations to validate our conclusions. Sec-
ond, we observed a limited EMTmarker response in BM101 and
A549 cells upon palmitic acid exposure compared to PC9 cells.
These results may reflect cell line-specific differences in the basal
EMT status, with BM101 and A549 being mesenchymal-like and
PC9 being epithelial-like. Third, in the A549 tail vein injection
model, metastases were found only in the thoracic and abdom-
inal cavities after lung colonization, with no clear evidence of
brainmetastasis. As A549 cells lack inherent brainmetastatic po-
tential, they require longer times and show low brain coloniza-
tion efficiency. Future studies using BM101-based models are
needed to better assess brain metastasis.
In conclusion, our study provides a high-resolution spatial cel-

lular and molecular atlas of NSCLC BM. Through spatial, single-
cell, and bulk multi-omics analyses, we identified LOX+ Malig-
5 as the MICs for NSCLC BMs. MIC LOX+ Malig-5 and NET-
released neutrophils collaborated to form ametastatic niche with
metabolic reprogramming. Additionally, FASN inhibitor TVB-
2640 targeting palmitic acid could be a promising therapeutic
strategy for NSCLC BMs.

4. Experimental Section
Ethical Approval and Informed Consent: This multicenter study was

approved by the Medical Ethics Committee of Xiangya Hospital, Central
South University (No. 2 022 020 484) and the Institutional Review Board
(IRB) of the University of Hong Kong/Hospital Authority Hong Kong West
Cluster (HKU/HA HKWIRB, IRB Reference Number: UW07-273). All pa-
tients provided written informed consent for sample collection and data
analysis before surgery in accordance with the Declaration of Helsinki and
Good Clinical Practice guidelines. All animal experiments were performed
in compliance with the animal research: reporting of in vivo experiments
(ARRIVE) guidelines and the regulations of the Animal Welfare Committee
of Xiangya Hospital (Animal ethics approval number: 2 023 030 607).

Patient Cohorts and Sample Collection: Nine patients with NSCLC who
underwent surgical resection of primary tumors, adjacent lymph nodes,
and BMs at Xiangya Hospital were enrolled, and matched tumor and
blood biospecimens were collected. Spatial multiomics (transcriptomics
and metabolomics) sequencing was performed on four primary tumors
and four BMs, whereas paired single-cell RNA sequencing (scRNA-seq)
was conducted on five primary tumors and four BMs. Moreover, previ-
ously published in-house blood metabolomic data were supplemented
from25 patients withNSCLC (with/without BMs) atQueenMaryHospital,
which was published previously.[61] External scRNA-seq data from public
NSCLC cohorts were obtained from the Gene Expression Omnibus (https:
//www.ncbi.nlm.nih.gov/geo/, GSE131907), whereas bulk RNA sequenc-
ing (RNA-seq) data from NSCLC and pan-cancer cohorts were sourced
from the Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/).

BD Rhapsody scRNA-Seq and Data Pre-Processing: According to 10×
Genomics recommended experimental procedures (CG000147), freshly
collected tumor tissues were cut into 2–4 mm3 segments and lysed us-
ing mechanical dissociation with a gentleMACS Octo Dissociator (Cat
No. 130-096-427, Miltenyi Biotec, USA) and enzymatic digestion with
lyophilized enzymes A, B, and D. The lysate was filtered and centrifuged,
red blood cells were removed, and the cell number and viability were deter-
mined to produce a single-cell suspension. Subsequently, scRNA-seq was
performed using the BD Rhapsody platform (BD Biosciences, U.S.A.). Fol-
lowing the manufacturer’s recommendations, the single-cell suspension
was adjusted to the appropriate volume for loading and capture using the
BD Rhapsody Enhanced Cartridge Reagent Kit (Cat. No. 664 887) and BD
Rhapsody Cartridge Kit (Cat No. 633 733). Reverse transcription was per-
formed using the BD Rhapsody cDNA kit (Cat No. 633 773). BD Rhapsody
WTA amplification kit (CatNo. 633 801) was used for DNA library construc-
tion. High-throughput sequencing was performed in PE-150 mode.

Raw FASTQ data were processed using the BD WTA rhapsody analy-
sis pipeline (https://bitbucket.org/CRSwDev/cwl/src/master/) to gener-
ate cell-by-gene count matrices, which were subsequently imported into
the R package “Seurat” (v 5.0.1). Low-quality cells were excluded based on
the criteria nFeature_RNA > 100 and percentage mt < 20. Count matrices
were normalized and scaled using the “NormalizeData” and “ScaleData”
functions, and their dimensionality was reduced by principal component
analysis on the top 2000 highly variable genes. Subsequently, the batch ef-
fect between different tumor samples was removed using the R package
“harmony” (v 1.1.0), followed by further dimensional reduction of uniform
manifold approximation and projection (UMAP). Cells were clustered by
the “FindNeighbors” and “FindClusters” functions with the default set-
tings. Cell types of each cluster were automatically annotated using the
R package “scHCL” (v 0.1.1), and then manually corrected based on
the expression of canonical markers, which were collected from previous
studies.[62–64] Specifically, canonical markers include B cells (CD79A and
IGHG3), dendritic cells (DCs) (IL3RA and IRF7), endothelial cells (VMF
and PECAM), epithelial cells (CDH1 and EPCAM), fibroblasts (THY1 and
DCN), macrophages (MRC1 and CD163), mast cells (MS4A2 and KIT),
neuroglial cells (OLIG1 and OLIG2), neutrophils (S100A8 and S100A9),
natural killer (NK) cells (GNLY andNKG7), and T cells (CD3E and CD3D).

10× Visium CytAssist Spatial Transcriptomics Sequencing and Data Pre-
Processing: Freshly collected tumor tissues were divided into appropri-
ate sizes (6.5 mm × 6.5 mm) and embedded in optimal cutting tem-
perature compound and quickly frozen on dry ice. Tissue sections were
subjected to methanol fixation, hematoxylin–eosin staining, imaging, and
destaining following the 10× Genomics recommended experimental pro-
cedures (CG000614). According to the 10× Genomics experimental flow
(CG000495), probe hybridization, probe release, and transfer to the 10×
Visium CytAssist slide, and the library construction was performed using
the Visium CytAssist spatial gene expression for FFPE kit (Cat No. PN-
1 000 520, 10× Genomics, U.S.A.). The DNA libraries were subjected to
high-throughput sequencing in the PE-150 mode. Raw FASTQ data were
quality controlled and aligned to the reference genome GRCh38 using
Space Ranger (v 3.1.1) and STAR (v 2.7.11b) to produce spot-by-gene
count matrices. Next, normalization across spots was conducted using
the “SCTransform” function of the R package “Seurat” (v 5.0.1). Matrix
dimension was reduced by the “RunPCA” function, and the batch effect
between different slides was corrected through the R package “harmony”
(v 1.1.0).

Desorption Electrospray Ionization Mass Spectrometry Imaging (DESI-
MSI) and Spatial Metabolomics Data Pre-Processing: The embedded tu-
mor samples were stored at −80 °C before being sectioned. The samples
were cut into 10 consecutive sagittal slices, each ≈10 μm thick using a
cryostat microtome (Leica CM 1950, Leica Microsystem, Germany) and
were thaw-mounted on positive charge desorption plates (Thermo Scien-
tific, USA). Sections were stored at −80 °C before further analysis. They
were desiccated at −20 °C for 1 h and then at room temperature for 2 h
before mass spectrometry imaging (MSI) analysis. An adjacent slice was
stained with H&E.

The analyses were performed as previously reported.[65] Briefly, this ex-
periment was conducted using an AFADESI-MSI platform (Beijing Victor
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Technology Co., LTD, China) in tandem with a Q-Orbitrap mass spectrom-
eter (Q Exactive, Thermo Scientific, USA). The solvent formula was ace-
tonitrile (ACN)/H2O (8:2) at negative mode and ACN/H2O (8:2, 0.1%FA)
at positive mode and the solvent flow rate was 5 μL min−1, the transport-
ing gas flow rate was 45 L min−1, the spray voltage was set at 7 kV, and
the distance between the sample surface and sprayer was 3 mm as was
the distance from the sprayer to the ion transporting tube. The mass spec-
trometry resolution was set at 70 000, themass range was 70–1000 Da, the
automated gain control target was 2 × 106, the maximum injection time
was set to 200 ms, the S-lens voltage was 55 V, and the capillary tempera-
ture was 350 °C. The MSI experiment was performed with a constant rate
of 0.2 mm s−1, continuously scanning the surface of the sample section
in the x direction and a 50 μm vertical step in the y direction. Next, the col-
lected raw files were converted into imML format using imzML converter
and then imported into MSiReader (an open-source interface to view and
analyze high-resolution power mass spectrometry imaging files on the
MATLAB platform) for ion image reconstructions after background sub-
traction using the Cardinal software package. All mass spectrometry im-
ages were normalized using total ion count normalization for each pixel.

Cellular Pseudotime Trajectory and RNA Velocity Analyses: To predict
the cellular differentiation states of malignant cells and neutrophils, the
R package “CytoTRACE” (v 0.3.3) with the default parameter was em-
ployed. Higher CytoTRACE scores signified lower differentiation and vice
versa.[66] Next, the R package “Monocle” (v 2.30.0) was utilized to char-
acterize the cellular developmental pseudotime trajectory, with the ori-
gins identified from CytoTRACE results. Highly variable genes along pseu-
doprime were determined using the “DifferentialGeneTest” function, fol-
lowed by GO enrichment analysis (p < 0.05). The constructed pseudo-
time trajectories were validated using other pseudotime algorithms, in-
cluding diffusion map (R package “destiny,” v 3.16.0) and pyvia (python
package “pyvia,” v 0.1.77). The first component was extracted for the diffu-
sion map, and the coefficients of this component were displayed.[67] For
Pyvia, the default parameter settings were used, and differentiation ori-
gins were identified based on the CytoTRACE results. Subsequently, pseu-
dotime agreement was assessed by calculating the two-way random intr-
aclass correlation coefficient across the CytoTRACE, Monocle2, diffusion
map, and PyVIA results. To further validate these trajectories, the R pack-
age “velocyto.R” (version 1.16.0) was employed to calculate RNA veloc-
ity, based on the count matrices for spliced and unspliced reads extracted
from loom files. The velocity vector fields were visualized using the func-
tion “show.velocity.on.embedding.cor” to assess the direction of cellular
differentiation.

Cell Type Deconvolution in Bulk RNA-Seq, and Clinical Metastasis and
Prognosis Analyses: To assess which subtype abundance of malignant
cells and neutrophils could serve as a predictor of NSCLC metastasis,
the R package “BayesPrism” (v 2.1.2) was employed to estimate the frac-
tions of cell type in bulk RNA-seq data of TCGA-NSCLC tumors, with the
scRNA-seq data of the in-house primary NSCLC tumors as reference. Cell-
type annotation was used, except for malignant cells and neutrophils, for
which both cell types and subtypes were considered. Moreover, according
to the tutorial, ribosomal protein genes, mitochondrial genes, and genes
from chromosomes M, X, and Y were excluded, and only protein-coding
genes were considered, to mitigate batch effects and enhance computa-
tional efficiency. Subsequently, the proportion of each subpopulation of
malignant cells and neutrophils was compared between tumors with and
without metastasis in patients with TCGA-NSCLC. An AUC analysis was
also conducted to compare the ability of each subpopulation to predict
metastasis. Metastasis status was categorized according to TMN stag-
ing (N0, no lymph node metastasis; N1–3, lymph node metastasis; M0,
no distant metastasis; M1, distant metastasis). In addition, patients with
TCGA-NSCLC were stratified into two groups (high and low) using theme-
dian of each subpopulation proportion as a cutoff. Survival data were an-
alyzed, Kaplan–Meier survival curves were generated, and a log-rank test
was used to evaluate the differences between groups. An AUC analysis was
also performed to compare the predictive ability of each subpopulation in
determining patients with NSCLCs.

Cell Type Deconvolution in Spatial Transcriptomic Data: To spatially
locate the cell types on the spatial transcriptomics slides, the Python

package “Cell2location” (v 0.9.0) was utilized. scRNA-seq data from
paired patients with NSCLC were used as references. Cell type anno-
tation was used, except for malignant cells and neutrophils, for which
both cell type and subtype were considered. Moreover, according to
the tutorial, mitochondrial genes and lowly expressed genes (those ex-
pressed in fewer than five cells or with a mean expression lower than
log102) were excluded. Spatial deconvolution was conducted using the
“cell2location.models.Cell2location” and “mod.train” functions. The de-
fault parameters were used, except for N_cells_per_location, which was
set to 30, and max_epochs, which was set to 3000. Each spatial transcrip-
tomic section was analyzed separately. The results were visualized using
the Cell2location tutorial, with plots depicting the estimated abundance of
cell types or cell subtypes.

Spatial Colocalization Analyses: The R package “mistyR” (v 1.10.0) was
used to dissect the spatial colocalization relationships among each cell
type and subtype, based on the Cell2location deconvolution matrix. Cell
type annotation was used, except for malignant cells and neutrophils, for
which both cell types and subtypes were considered. The analysis was con-
ducted following the “mistyR” tutorial, using a multi-view model: 1) in-
trinsic view, which measured the relationships within a spot, 2) juxta view,
which evaluated the relationships of adjacent spots, 3) para view, which
characterized the relationships of more distant neighbors (effective radius
= three spots). The colocalization results across all slides were aggregated
for each view and were visualized through the “plot_interaction_heatmap”
and “plot_interaction_communities” functions.

Multiplex Immunofluorescence Staining Assay: For multiplex im-
munofluorescence staining, the paraffin sections were boiled in antigen
unmasking solution, blocked with 5% bovine serum albumin for 10 min,
and treated for 30 min at room temperature using the following pri-
mary antibodies: CK-19 (rabbit 1:500, GeneTex, #HL2878, China), CD31
(mouse 1:500, Cell Signaling, #3528, USA), H3Cit (rabbit, 1:500, Gene-
Tex, #GTX122148), and MPO (Myeloperoxidase, Rabbit, 1:500, Gene-
Tex, #GTX135126, China). The paraffin sections were rinsed three times
with phosphate-buffered saline (PBS) and incubated with horseradish
peroxidase-conjugated secondary antibodies for 10 min at room temper-
ature. After washing three times in PBS, the sections were incubated with
fluorochromes for 10 min at room temperature. Specimens were rinsed
three times with PBS and then treated with 10 mm sodium citrate in the
microwave at 100 °C for 3min, and naturally cooled down to room temper-
ature. Next, another round of blocking and a new set of primary antibody
staining were performed for marker detection. This process was repeated
successively to stain all three or four markers in one sample slice. 4′,6-
Diamidino-2-phenylindole (1:10 000, Beyotime, #C1002, China) was used
for 1 min at room temperature before multiple fluorescence scanning.

Patients’ Neutrophil Generation and Cell Culture: Neutrophils of pa-
tients coded “LBM620,” “LBM710,” “LBM705,” “LCP721,” “LCP901,” and
“LCP905” from the XYNS cohort, who were independently diagnosed
and confirmed by pathologists. Neutrophils were isolated from the whole
blood of the patients using the Percoll Gradient (Sigma-Aldrich, #P4937,
USA). Briefly, leukocytes were collected after centrifugation and rupture of
red blood cells. The following were prepared: 10× saline (NaCl: 90 g L−1),
diluted 9-parts Percoll in 1-part 10× saline tomake “100%Percoll” (900mL
Percoll + 100 mL 10× Saline), prepared 72% Percoll using red Hank’s bal-
anced salt solution, prepared 36% Percoll using Dulbecco’s phosphate-
buffered saline. Leukocytes were resuspended in 3 mL 72% Percoll, and
3 mL 26% Percoll was added to the leukocyte suspension. The cells were
centrifuged at 700 g for 20 min at room temperature, with no brake. The
neutrophils were flattened at the liquidus interface. Washing and collec-
tion were performed as described previously.

The human NSCLC cell lines A549 (RRID: CVCL_0023) and PC9
(CVCL_S750) were purchased from the American Type Culture Collection
and cultured in Gibco Dulbecco’s modified Eagle medium F12 medium
(Thermo, # 12 634 010, USA) with 10% fetal bovine serum (Gibco,
#A5669402, USA) in a humidified 5% CO2 incubator at 37 °C. NSCLC
patient-derived tumor cells coded “BM101” and “BM104”[68] were
maintained in Neurocult NSA basal medium and proliferation supple-
ment (Stemcell Technologies #0 5751, CAN), with 20 ng mL−1 EGF
(Life Technologies, # PHG0314, USA), and basic 20 ng mL−1 FGF
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(Peprotech, #100-19, USA). All the cells were free from mycoplasma
contamination.

NET DNA Isolation, Biotin-Label, Pull-Down Assay, and Protein Identifica-
tion: Neutrophils were allowed to settle in 6-well plates (5 × 105 well−1)
for 30 min and then stimulated with 0.2 nm phorbol 12-myristate 13-
acetate (PMA; Sigma-Aldrich, #p8129-5MG, USA) for 4 h. After PMA stim-
ulation, the cells were collected and treated with MNase (final Con. 1
U/5 μL, Sigma-Aldrich, #N3775, USA) according to protocol; then pro-
cessed DNA isolation according to BeyoMag blood genomic DNA isola-
tion kit with magnetic beads (Beyotime, #D0091S) manufacturer’s spec-
ifications. The instructions of the Biotin DNA Labeling Kit (#D3106; Bey-
otime, China) were followed to label neutrophil NET DNA.

A549, BM101, and BM104 tumor cells and cytosolic and membrane
proteins were extracted using the Membrane and Cytosolic Protein Ex-
traction Kit (Beyotime, #P0033, China) according to the manufacturer’s
instructions.

Biotin-labeled NET DNA was pulled down with A549, BM101, and
BM104 cell membrane or cytosol proteins according to the following sys-
tem: 100 μL of the cell membrane or cytosol protein, 40 μL of biotin-labeled
NET DNA, 60 μL of BeyoMag Anti-HA Magnetic Beads, 400 μL of IP lysis
(Beyotime, #P0013, China) at 4 °C overnight. Beads, cell membranes, or
cytosolic proteins were used as negative controls for the pull-down assay.
BM101 and BM104 membrane or cytosolic proteins were combined for
pull-down with biotin-labeled NET DNA.

Pull-down products were electrophoresed on an 8% sodium dodecyl
sulfate–polyacrylamide gel electrophoresis and labelled using a Protein Sil-
ver Stain Kit (CWBIO, #CW2012S, China). Significant bands were cut off
for proteomics mass spectrometry sequencing (BGI, China). The top NET
DNA pull-down proteins in NSCLC cells were identified based on emPAI
and proteomic mass spectrometry scores.

Single-Cell and Spatial Ligand–Receptor Interaction Analysis: Ligand–
receptor interaction analysis was conducted using both scRNA-seq and
spatial transcriptomics data. For the scRNA-seq data, the R package
“CellChat” (v 1.6.1) was employed. After labeling the cell type or sub-
type and identifying overexpressed genes, the intercellular communica-
tion probability was computed using the “computeCommunProb” func-
tion, and the communication at the signaling pathway level was inferred by
the “computeCommunProbPathway” function. Because NET DNA pulls
down KRT10 in NSCLC cells, the NET–KRT10 pair was added between
neutrophils and NSCLC cells to the default ligand–receptor database.
Graphs were generated using the R packages “circlize” (v 0.4.15) and “gg-
plot2” (v 3.4.4). For the spatial transcriptomics data, the Python packages
“stLearn” (v 0.4.9) and “COMMOT” (v 0.03) were utilized. Genes with
low expression (those expressing fewer than five spots) were excluded,
the count matrix was normalized, and highly variable genes (those with
dispersion > 0.5) were screened. Next, cell–cell interaction was estimated
using the “stlearn.tl.cci.run” and “commot.pl.plot_cell_communication”
functions, with default parameters. The ligand–receptor scores and signal
flow of the NET–KRT10 and other identified ligand–receptor pairs were
visualized in each slide using the “stlearn.pl.lr_result_plot” and “com-
mot.pl.plot_cell_communication” functions.

Definitions of Niche and Identification of Metastatic Niche: To iden-
tify groups of spots with similar compositions of Malig-5, Neutro-0, and
Neutro-3 across slides, the subtype proportions of malignant cells and
neutrophils were transformed into isometric log ratios using the “ilrBase”
function of the R package “compositions” (v 2.0.8), and clustered the
spots into different groups. These groups of spots were defined as niches,
which were consistent with previous studies.[24] Louvain clustering was
performed by constructing a shared nearest community graph with k= 50,
using the “buildSNNGraph” function of the R package “scran” (v 1.30.0).
Statistically overrepresented cell subtypes in each niche were identified
using Wilcoxon tests (false discovery rate < 0.05). Because Malig-5 and
Neutro-0/Neutro-3 exhibit metastasis-initiating features and high colocal-
ization, niches with simultaneously high proportions (scaled median cell-
subtype proportion larger than 0) of both Malig-5 and Neutro-0/Neutro-3
were referred to as metastatic niches.

Point-To-Point Matching for Spatial Transcriptomic and Metabolomic
Data: Point-to-point matching between the spatial transcriptomic

and metabolomic data was conducted using a patented method
(CN202211278620.2). Briefly, both the barcode spatial information of
the spatial transcriptome and pixel point information of the spatial
metabolome were transformed into unified spatial information identifiers.
The transformed pixel points of the spatial metabolomewere connected to
spots from the spatial transcriptome by performing a summation opera-
tion on the ion data of each pixel point corresponding to each spot. Finally,
reintegrated spatial metabolomic data matching the spatial transcriptome
were acquired.

Differential Metabolite and Pathway Enrichment Analyses of
Metastatic Niche: Spatial mass spectrometry profiles of the
metastatic niche were precisely extracted using point-to-point matching
between spatial transcriptomic and metabolomic data. Metabolites
discriminating between the metastatic niche and other regions were
screened using a supervised statistical analytical method called OPLS-
DA. The VIP values obtained from the OPLS-DA model were used to rank
the contribution of each variable to distinguish the metastatic niche from
other regions. Two-tailed Student’s t-test was used to verify whether the
differences in metabolite levels between the two groups were significant.
Next, differential metabolites were screened with VIP values > 0.5
and p < 0.05. The fold change in differential metabolites between the
two groups was computed as logFC = log2metastasis niche/other re-
gion. These metabolites were then imported into MetaboAnalyst 6.0
(https://www.metaboanalyst.ca/MetaboAnalyst/ModuleView.xhtml),
referenced with SMPDB for enrichment analysis. The level of the enriched
pathway was quantified using the GSVA method of the R package “GSVA”
(v 1.50.5). The spatial distribution correlation between the EMT/NET and
metabolic pathway levels was calculated using Spearman’s correlation
analysis.

Construction of Gene–Metabolite Interaction Network and Identifica-
tion of the Most Discriminatory Metabolite for Metastatic Niche: Marker
genes of Malig-5 and Neutro-0/Neutro-3 with fold change > 1 and
p < 0.05 were selected and then separately intersected to the above-
mentioned EMT and NET gene sets. Marker metabolites of enriched
pathways within metastatic niches were selected with a VIP value of
>0.5, p < 0.05, and a fold change of >0. These genes, metabo-
lites, and identified ligand–receptor pairs were uploaded to Metabo-
Analyst 6.0 to build a gene–metabolite interaction network that played
a role in driving metastasis. Subsequently, the discriminating abili-
ties of marker metabolites between metastatic niches and other re-
gions were evaluated and ranked through three machine learning algo-
rithms, including Boruta, Random Forest, and Xgboost based on the
R package of “Boruta” (v 8.0.0), “randomForest” (v 4.7.1.1), and “xg-
boost” (v 1.7.7.1). The most discriminatory metabolites were then iden-
tified.

Investigation of the Pro-Metastasis Role for Palmitic Acid in NSCLC and
Pan-Cancer: Palmitic acid exhibited the strongest ability to distinguish
metastatic niches from those in other regions. To investigate the role of
palmitic acid in metastasis, the levels of palmitic acid in the blood of
patients were first compared with NSCLCs with and without BMs using
metabolic mass spectrometry data from the QMH-NSCLC cohort. Next,
the spatial metabolomics and transcriptomics slides were divided into
high and low palmitic acid regions according to the 50% median palmitic
acid expression. DEGs between these two regions, with the low palmitic
acid region serving as a control group, were identified using the “Find-
AllMarkers” function under the criteria of min.pct > 0.25, logFC > 0.25,
and adjusted P < 0.05. The top 200 upregulated DEGs were imported
into Metascape (https://metascape.org/gp/index.html#/main/step1) for
GO enrichment analysis. Subsequently, palmitic acid and these DEGs
were uploaded to MetaboAnalyst 6.0 to construct a palmitic acid–gene
regulatory network. The palmitic acid regulatory scores were then calcu-
lated in the pan-cancer cohort using the GSVA method of the R package
“GSVA” (v 1.50.5), based on the palmitic acid regulatory genes identified
above. Regulatory scores for palmitic acid were compared between pa-
tients with and without metastases (including lymph node and distant
metastases).

Virtual Drug Screening, Molecular Docking Targeting, and Therapeutic Re-
sponse Analysis Targeting Palmitic Acid: The direct targeting of palmitic

Adv. Sci. 2025, e08478 e08478 (17 of 19) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

 21983844, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/advs.202508478, W

iley O
nline L

ibrary on [09/12/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advancedscience.com
https://www.metaboanalyst.ca/MetaboAnalyst/ModuleView.xhtml
https://metascape.org/gp/index.html#/main/step1


www.advancedsciencenews.com www.advancedscience.com

acid with drugs was challenging; however, some medications could in-
hibit fatty acid biosynthesis. Accordingly, 13 FASN inhibitors were se-
lected from previous studies[28,29,69] and downloaded the structural data
of these small-molecule drugs from the ZINC database (https://zinc20.
docking.org/) and DrugBank database (https://go.drugbank.com/), sep-
arately. FASN-ERD was a crucial protein domain responsible for palmitic
acid synthesis,[70] and its structural data were retrieved from the Pro-
tein Data Bank (https://www1.rcsb.org/). The interactions between small-
molecule drugs and FASN-ERD were analyzed using the PyRx software (v
0.8). Specifically, a receptor grid file was prepared using the AutoDockWiz-
ard module, ligand molecules were processed using the open Babel mod-
ule, and virtual screening was conducted using the Vina and AutoDock
Wizard modules to determine the lowest binding energy conformation
for each drug. The binding pocket was visualized in 3D using the PyMol
software (v 1.8), and intermolecular interactions were shown in 2D us-
ing the MOE software (v 2015). Moreover, experimental and clinical evi-
dence for the anticancer effects of these drugs was comprehensively ob-
tained from published studies and the ClinicalTrials.gov platform (https:
//clinicaltrials.gov/). The drug sensitivities of the high and low palmitic
acid regions were calculated and compared using the R package “Beyond-
cell” (v 2.2.0), an algorithm specifically designed to assess the heterogene-
ity of cancer therapeutic responses.

Statistical Analysis: Statistical analyses were performed using R (v.
4.3.1), Python (v. 3.11), GraphPad Prism (v. 8.0), and SPSS (v. 26.0). Un-
less specified otherwise, groups were compared using either the Wilcoxon
rank-sum test (for two groups) or the Kruskal–Wallis test (for three ormore
groups). Spearman’s rank correlation was used to assess variable rela-
tionships. All tests were two-sided, and statistical significance was set at
p < 0.05.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.

Acknowledgements
B. C., K. M. K., and F. L. are contributed equally to this work. This work
was supported by the National Natural Science Foundation of China (Nos.
82403157 to Karrie M. Kiang; Nos. 82171171 and 82371183 to Longbo
Zhang); and the Hunan Science Fund for Distinguished Young Scholars
(Nos. 2024JJ2091 to Longbo Zhang); and Jiangxi Ganpo “Innovation Lead-
ing Figure” Fund (Longbo Zhang); and the Natural Science Foundation
of Hunan Province (Nos. 2023JJ0897 to Chuntao Li; Nos. 2023JJ30972 to
Liyang Zhang); and Jiangxi Provincial Natural Science Foundation (Nos.
20252BAC240435 to Liyang Zhang, 2025BAC240442 to Tao Song); and
National Clinical Research Center for Geriatric Diseases Clinical Research
Fund (Nos. 2023LNJJ19 to Longbo Zhang. Moreover, the authors appre-
ciate the neurosurgery teams from both Xiangya Hospital and Xiangya
Jiangxi Hospital. The authors express gratitude to Professor Chen Chen
from the Second XiangyaHospital for his technical assistance. The authors
acknowledge the support received from Professor Zhixiong Liu and all col-
leagues from the Department of Neurosurgery, Xiangya Hospital; Profes-
sor Le Zhang and all colleagues from Xiangya(Jiangxi) Hospital; Professor
Pan Chen from the Experimental Animal Department of Hunan Cancer
Hospital, and Rongrong Zhou from Xiangya Lung Cancer Center, Xiangya
Hospital. The authors also thank ShanghaiOEBiotech Co., Ltd. (Shanghai,
China) for the AFADESI spatial-resolved metabolomics and transcriptome
sequencing used in this study, and acknowledge their Ruizhi Li, Zhenyu
Xu, and Yuxin Xu for their important suggestions and valuable technical
support.

Conflict of Interest
The authors declare no conflict of interest.

Author Contributions
L.Z., G.K.-K.L., L.Z., and T.S. conceived of, designed, and supervised the
study and surgery. B.C., K.M.K., F.L., J.S., E.D., H.Z., X.F., J.L., and L.Z.
developed and performed the experiments or collected data. B.C., L.Z.,
C.W., E.D., and J.L. designed and performed the computation and statisti-
cal analyses. C.L., X.L., G.X., T.S., and L.Z. performed surgical operations.
All authors have written, reviewed, and edited the manuscript.

Data Availability Statement
The data that support the findings of this study are available on re-
quest from the corresponding author. Codes used in this study are
available in the Google Drive (https://drive.google.com/drive/folders/
1yIeZ4a1BsBHl2CPrswVpKOhwuhJaTkFX?usp=drive_link).

Keywords
brain metastasis, metabolic reprogramming, metastasis-initiating cells,
neutrophil extracellular traps, non-small cell lung cancer

Received: May 12, 2025
Revised: October 22, 2025

Published online:

[1] N. D. Arvold, E. Q. Lee, M. P. Mehta, K. Margolin, B. M. Alexander,
N. U. Lin, C. K. Anders, R. Soffietti, D. R. Camidge, M. A. Vogelbaum,
I. F. Dunn, P. Y. Wen, Neuro—Oncol. 2016, 18, 1043.

[2] S. Y. Kim, J. S. Kim, H. S. Park, M. J. Cho, J. O. Kim, J. W. Kim, C. J.
Song, S. P. Lim, S. S. Jung, J. Korean Med. Sci. 2005, 20, 121.

[3] M. M. Hochstenbag, A. Twijnstra, P. Hofman, E. F. Wouters, G. P.
Velde, Lung Cancer 2003, 42, 189.

[4] J. Massagué, K. Ganesh, Cancer Discovery 2021, 11, 971.
[5] L. Dong, S. Hu, X. Li, S. Pei, L. Jin, L. Zhang, X. Chen, A. Min, M. Yin,

Adv. Sci. 2024, 11, 2400524.
[6] G. Pascual, A. Avgustinova, S. Mejetta, M. Martín, A. Castellanos, C.

S.-O. Attolini, A. Berenguer, N. Prats, A. Toll, J. A. Hueto, C. Bescós,
L. Di Croce, S. A. Benitah, Nature 2017, 541, 41.

[7] C. M. Young, L. Beziaud, P. Dessen, A. Madurga Alonso, A.
Santamaria-Martínez, J. Huelsken, Nat. Commun. 2023, 14, 7076.

[8] S. Paget, Cancer Metastasis Rev. 1889, 8, 98.
[9] N. Branzk, A. Lubojemska, S. E. Hardison, Q. Wang, M. G. Gutierrez,

G. D. Brown, V. Papayannopoulos, Nat. Immunol. 2014, 15, 1017.
[10] T. He, Z. Y. Wang, B. Xu, C. J. Zhong, L. N. Wang, H. C. Shi, Z. Y. Yang,

S. Q. Zhou, H. Li, B. Hu, Adv. Sci. 2025, 12, 2503009.
[11] U. Demkow, Cancers 2021, 13, 4495.
[12] J. M. Adrover, S. A. C. McDowell, X. Y. He, D. F. Quail, M. Egeblad,

Cancer Cell 2023, 41, 505.
[13] J. Kong, Y. Deng, Y. Xu, P. Zhang, L. Li, Y. Huang, ACS Nano 2024, 18,

15432.
[14] X. Luo, C. Cheng, Z. Tan, N. Li, M. Tang, L. Yang, Y. Cao,Mol. Cancer

2017, 16, 76.
[15] Z. Z. Li, Y. Liu, K. Zhou, L. M. Cao, G. R. Wang, J. Wu, Y. F. Yu, Y. Xiao,

B. Liu, Q. Wu, Adv. Sci. 2025, 12, 02154.
[16] L. Peng, Q. He, X. Li, L. Shuai, H. Chen, Y. Li, Z. Yi, Mol. Med. Rep.

2016, 14, 271.
[17] Y. Sun, S. Shen, X. Liu, H. Tang, Z. Wang, Z. Yu, X. Li, M. Wu, Mol.

Cell. Biochem. 2014, 390, 19.
[18] X. Lin, H. Zhang, J. Dai, W. Zhang, J. Zhang, G. Xue, J. Wu, J. Cancer

2018, 9, 4430.
[19] C. Fan, F. Chen, Y. Chen, L. Huang, M. Wang, Y. Liu, Y. Wang, H. Guo,

N. Zheng, Y. Liu, H. Wang, L. Ma, Briefings Bioinf. 2024, 25, bbae243.

Adv. Sci. 2025, e08478 e08478 (18 of 19) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

 21983844, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/advs.202508478, W

iley O
nline L

ibrary on [09/12/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advancedscience.com
https://zinc20.docking.org/
https://zinc20.docking.org/
https://go.drugbank.com/
https://www1.rcsb.org/
https://clinicaltrials.gov/
https://clinicaltrials.gov/
https://drive.google.com/drive/folders/1yIeZ4a1BsBHl2CPrswVpKOhwuhJaTkFX?usp=drive_link
https://drive.google.com/drive/folders/1yIeZ4a1BsBHl2CPrswVpKOhwuhJaTkFX?usp=drive_link


www.advancedsciencenews.com www.advancedscience.com

[20] Z. Xiao, Z. Dai, J. W. Locasale, Nat. Commun. 2019, 10, 3763.
[21] P. Li, M. Lu, J. Shi, L. Hua, Z. Gong, Q. Li, L. D. Shultz, G. Ren, Nat.

Commun. 2020, 11, 4387.
[22] J. Xu, Y. Cao, X. Wu, Y. Cheng, X. Zhang, J. Radiat. Res. Appl. Sci. 2023,

16, 100577.
[23] J. Bäckdahl, L. Franzén, L. Massier, Q. Li, J. Jalkanen, H. Gao, A.

Andersson, N. Bhalla, A. Thorell, M. Rydén, P. L. Ståhl, N. Mejhert,
Cell Metab. 2021, 33, 1866.

[24] C. Kuppe, R. O. Ramirez Flores, Z. Li, S. Hayat, R. T. Levinson, X.
Liao, M. T. Hannani, J. Tanevski, F. Wünnemann, J. S. Nagai, M.
Halder, D. Schumacher, S.Menzel, G. Schäfer, K. Hoeft, M. Cheng, S.
Ziegler, X. Zhang, F. Peisker, N. Kaesler, T. Saritas, Y. Xu, A. Kassner, J.
Gummert, M.Morshuis, J. Amrute, R. J. A. Veltrop, P. Boor, K. Klingel,
L. W. Van Laake, et al., Nature 2022, 608, 766.

[25] T. Celià-Terrassa, Y. Kang, Nat. Cell Biol. 2018, 20, 868.
[26] G. Pascual, D. Domínguez, M. Elosúa-Bayes, F. Beckedorff, C.

Laudanna, C. Bigas, D. Douillet, C. Greco, A. Symeonidi, I.
Hernández, S. R. Gil, N. Prats, C. Bescós, R. Shiekhattar, M. Amit,
H. Heyn, A. Shilatifard, S. A. Benitah, Nature 2021, 599, 485.

[27] L. Z. Liu, B. Wang, R. Zhang, Z. Wu, Y. Huang, X. Zhang, J. Zhou, J.
Yi, J. Shen, M. Y. Li, M. Dong, Cell Death Dis. 2023, 14, 548.

[28] D. Buckley, G. Duke, T. S. Heuer, M. O’Farrell, A. S. Wagman, W.
McCulloch, G. Kemble, Pharmacol. Ther. 2017, 177, 23.

[29] C. W. Fhu, A. Ali,Molecules 2020, 25, 3935.
[30] H. A. Serhan, L. Bao, X. Cheng, Z. Qin, C. J. Liu, J. A. Heth, A. M.

Udager, M. B. Soellner, S. D. Merajver, A. Morikawa, N. M. Merrill,
npj Breast Cancer 2024, 10, 43.

[31] W. Kelly, A. E. Diaz Duque, J. Michalek, B. Konkel, L. Caflisch, Y.
Chen, S. C. Pathuri, V. Madhusudanannair-Kunnuparampil, J. Floyd,
A. Brenner, Clin. Cancer Res. 2023, 29, 2419.

[32] G. Falchook, J. Infante, H.-T. Arkenau, M. R. Patel, E. Dean, E.
Borazanci, A. Brenner, N. Cook, J. Lopez, S. Pant, A. Frankel, P.
Schmid, K. Moore, W. McCulloch, K. Grimmer, M. O’Farrell, G.
Kemble, H. Burris, EClinicalMedicine 2021, 34, 100797.

[33] C. N. Wong, Y. Zhang, B. Ru, S. Wang, H. Zhou, J. Lin, Y. Lyu, Y. Qin,
P. Jiang, V. H. Lee, X. Y. Guan, Adv. Sci. 2024, 11, 2401590.

[34] M. Pein, J. Insua-Rodríguez, T. Hongu, A. Riedel, J. Meier, L.
Wiedmann, K. Decker, M. A. G. Essers, H.-P. Sinn, S. Spaich, M.
Sütterlin, A. Schneeweiss, A. Trumpp, T. Oskarsson, Nat. Commun.
2020, 11, 1494.

[35] S. S. Sikandar, G. S. Gulati, J. Antony, I. Fetter, A. H. Kuo, W. H. D.
Ho, V. Haro-Acosta, S. Das, C. B. Steen, T. A. Pereira, D. Qian, P. A.
Beachy, F. M. Dirbas, K. Red-Horse, T. H. Rabbitts, J. P. Thiery, A. M.
Newman, M. F. Clarke, Sci. Adv. 2022, 8, abm3548.

[36] I. Ischenko, O. Petrenko, M. J. Hayman, Proc. Natl. Acad. Sci. U. S. A.
2014, 111, 3466.

[37] A. Hariri, M. Mirian, A. Khosravi, A. Zarepour, S. Iravani, A. Zarrabi,
Drug Resistance Updates 2024, 76, 101119.

[38] Q. Xiao, G. Ge, Cancer Microenviron. 2012, 5, 261.
[39] N. Erez, Nature 2015, 522, 41.
[40] P. Di Mauro, M. Croset, L. Bouazza, P. Clézardin, C. Reynaud, J. Bone

Oncol. 2024, 44, 100522.
[41] N. Umezaki, S. Nakagawa, Y.-I. Yamashita, Y. Kitano, K. Arima, T.

Miyata, Y. Hiyoshi, H. Okabe, H. Nitta, H. Hayashi, K. Imai, A.
Chikamoto, H. Baba, Cancer Sci. 2019, 110, 2033.

[42] X. Y. Wang, Y. Liao, R. Q. Wang, Y. T. Lu, Y. Z. Wang, Y. Q. Xin, D. M.
Kuang, X.M. Lao, J. Xu, Z. L. Zhou, K. Hu, Adv. Sci. 2025, 12, 2413682.

[43] L. Zhang, J. Pan, M. Wang, J. Yang, S. Zhu, L. Li, X. Hu, Z. Wang, L.
Pang, P. Li, Adv. Sci. 2025, 12, 2310266.

[44] Z. G. Fridlender, J. Sun, S. Kim, V. Kapoor, G. Cheng, L. Ling, G. S.
Worthen, S. M. Albelda, Cancer Cell 2009, 16, 183.

[45] J. Xu, J. Li, X. Guo, C. Huang, Y. Peng, H. Xu, Y. Li, J. Xu, J. Hu, Y. Liao,
Adv. Sci. 2025, 09073.

[46] E. G. G. Sprenkeler, A. T. J. Tool, S. S. V. Henriet, R. van Bruggen, T.
W. Kuijpers, Blood 2022, 139, 3166.

[47] E. K. Jung, S. A. Kim, S. M. A. Salam, K. H. Lee, T. M. Yoon, Anticancer
Res. 2025, 45, 1035.

[48] L. Zhang, J. Hu, B. I. Meshkat, K. W. Liechty, J. Xu, Int. J. Mol. Sci.
2021, 22, 1816.

[49] Y. Li, Y. Sun, K. Yu, Z. Li, H. Miao, W. Xiao, Int. J. Biol. Macromol. 2025,
307, 141752.

[50] V. Plaks, N. Kong, Z. Werb, Cell Stem Cell 2015, 16, 225.
[51] J. D. Schoenfeld, S. A. Vardhana, Cell Metab. 2022, 34, 1899.
[52] Y. Zhao, H. Yu, J. Li, J. Qian, M. Li, X. Zhang, M. Wang, Y. Wang, Y.

Dong, Y. You, Nat. Commun. 2025, 16, 1736.
[53] E. Pranzini, L. Ippolito, E. Pardella, E. Giannoni, P. Chiarugi, Trends

Endocrinol. Metab. 2025, 36, 205.
[54] A. Mancini, E. Imperlini, E. Nigro, C. Montagnese, A. Daniele, S.

Orrù, P. Buono,Molecules 2015, 20, 17339.
[55] P. Altea-Manzano, G. Doglioni, Y. Liu, A. M. Cuadros, E. Nolan, J.

Fernández-García, Q. Wu, M. Planque, K. J. Laue, F. Cidre-Aranaz,
X.-Z. Liu, O. Marin-Bejar, J. Van Elsen, I. Vermeire, D. Broekaert, S.
Demeyer, X. Spotbeen, J. Idkowiak, A. Montagne, M. Demicco, H. F.
Alkan, N. Rabas, C. Riera-Domingo, F. Richard, T. Geukens, M. De
Schepper, S. Leduc, S. Hatse, Y. Lambrechts, E. J. Kay, et al., Nat.
Cancer 2023, 4, 344.

[56] X. D. Han, X. G. Jiang, M. Yang, W. J. Chen, L. G. Li, Exp. Ther. Med.
2022, 24, 481.

[57] M. A. Khan, C. Pace-Asciak, J. M. Al-Hassan, M. Afzal, Y. F. Liu, S.
Oommen, B. M. Paul, D. Nair, N. Palaniyar, Biomolecules 2018, 8,
144.

[58] A. Du, Z. Wang, T. Huang, S. Xue, C. Jiang, G. Qiu, K. Yuan,
MedComm—Oncol. 2023, 2, 25.

[59] R. F. Rayes, J. G. Mouhanna, I. Nicolau, F. Bourdeau, B. Giannias, S.
Rousseau, D. Quail, L. Walsh, V. Sangwan, N. Bertos, JCI Insight 2019,
5, 128008.

[60] J. Wang, D. Shen, J. Jiang, L. Hu, K. Fang, C. Xie, N. Shen, Y. Zhou, Y.
Wang, S. Du, S. Meng, Adv. Sci. 2025, 12, 2409883.

[61] W.-W. Chen, L. Yang, V. H.-f. Lee, L. Xu, L. Ma, Z. Ye, W. Xu, C. Zhao,
D. Zheng, K. M.-Y. Kiang, J. Natl. Cancer Cent. 2024.

[62] N. Kim, H. K. Kim, K. Lee, Y. Hong, J. H. Cho, J. W. Choi, J. I. Lee, Y.
L. Suh, B. M. Ku, H. H. Eum, Nat. Commun. 2020, 11, 2285.

[63] H. F. Sun, L. D. Li, I. W. Lao, X. Li, B. J. Xu, Y. Q. Cao, W. Jin, Clin.
Transl. Med. 2022, 12, 1101.

[64] P. Chen, Y. Wang, J. Li, X. Bo, J. Wang, L. Nan, C. Wang, Q. Ba, H. Liu,
H. Wang, Clin. Transl. Med. 2021, 11, 462.

[65] Z. Luo, J. He, Y. Chen, J. He, T. Gong, F. Tang, X. Wang, R. Zhang, L.
Huang, L. Zhang, H. Lv, S. Ma, Z. Fu, X. Chen, S. Yu, Z. Abliz, Anal.
Chem. 2013, 85, 2977.

[66] G. S. Gulati, S. S. Sikandar, D. J. Wesche, A.Manjunath, A. Bharadwaj,
M. J. Berger, F. Ilagan, A. H. Kuo, R. W. Hsieh, S. Cai, M. Zabala, F. A.
Scheeren, N. A. Lobo, D. Qian, F. B. Yu, F. M. Dirbas, M. F. Clarke, A.
M. Newman, Science 2020, 367, 405.

[67] L. Zhou, Z. Zeng, A. M. Egloff, F. Zhang, F. Guo, K. M. Campbell, P.
Du, J. Fu, P. Zolkind, X. Ma, Z. Zhang, Y. Zhang, X. Wang, S. Gu, R.
Riley, Y. Nakahori, J. Keegan, R. Haddad, J. D. Schoenfeld, O. Griffith,
R. T. Manguso, J. A. Lederer, X. S. Liu, R. Uppaluri, J. Immunother.
Cancer 2022, 10, 004034.

[68] Y. Xie, L. Zhang, L. Wang, B. Chen, X. Guo, Y. Yang, W. Shi, A. Chen,
J. Yi, J. Tang, J. Xiang, Cancer Lett. 2024, 582, 216567.

[69] R. Bai, J. Cui, Chin. Med. J. 2024, 137, 1894.
[70] N. Borcherding, J. R. Brestoff, Nature 2023, 623, 283.

Adv. Sci. 2025, e08478 e08478 (19 of 19) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

 21983844, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/advs.202508478, W

iley O
nline L

ibrary on [09/12/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advancedscience.com

	Neutrophil Extracellular Trap Reprograms Cancer Metabolism to Form a Metastatic Niche Promoting Non-Small Cell Lung Cancer Brain Metastasis
	1. Introduction
	2. Results
	2.1. Cellular and Molecular Characterization of Primary NSCLC and BM Tissues Using Combined Single-Cell Transcriptomics, Spatial Transcriptomics, and Metabolomics Analyses
	2.2. Differentiation Trajectories of Malignant Cells Defined the MIC Population
	2.3. MIC Malig-5 is Characterized by a Unique Molecular Marker of LOX
	2.4. LOX80+ Malig-5s Colocalized with Neutrophils
	2.5. LOX80+ Malig-5s Particularly Colocalize with the Neutrophil Subclusters Neutro-0s and Neutro-3s
	2.6. Neutro-0s and Neutro-3s as Pro-Metastasis NET-Releasing Neutrophils
	2.7. Neutro-0s and Neutro-3s Interacted with LOX80+ Malig-5s through NET-KRT10
	2.8. Neutro-0s, Neutro-3s, and LOX80+ Malig-5s Form a MetastaticNiche with Metabolic Reprogramming
	2.9. Palmitic Acid as a Key Metabolite of the Metastatic&#x00A0;Niche in NSCLCs
	2.10. Identifying Therapeutic Drugs That Target Palmitic Acid to Inhibit Metastasis

	3. Discussion
	4. Experimental Section
	Supporting Information
	Acknowledgements
	Conflict of Interest
	Author Contributions
	Data Availability Statement

	Keywords


