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Single-cell and spatial transcriptomics
reveal lactylation-associated tumor cell
clusters and define a prognostic risk model
in glioblastoma
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Abstract

Background Glioblastoma (GBM) is the most aggressive adult brain tumor, marked by intratumoral heterogeneity
and therapy resistance. Metabolic reprogramming through histone lactylation has been linked to tumor progression
and immune suppression. However, the spatial and single-cell landscape of lactylation in GBM and its prognostic
significance remain poorly understood.

Methods We employed a multi-omics approach integrating bulk RNA sequencing, single-cell RNA sequencing
(scRNA-seq), and spatial transcriptomics to investigate lactylation-related signatures in GBM. Differential expression
and pathway analyses were performed using GEO and TCGA datasets. Cell clustering, SCENIC transcriptional network
inference, CellChat intercellular communication modeling, and pseudotime analysis were conducted. A prognostic
risk model was constructed using LASSO-Cox regression based on lactylation-associated genes. Experimental
validation was performed using western blotting, immunohistochemistry, and functional assays in GBM cell lines.

Results Lactylation-related genes were significantly upregulated in GBM and associated with poor prognosis

and immunosuppressive tumor microenvironments. Single-cell analysis revealed high-lactylation malignant
subpopulations enriched in hypoxic tumor cores, exhibiting metabolic reprogramming and enhanced immune
evasion. Spatial transcriptomics confirmed the localization of S100A6-high-lactylation GBM cells in aggressive tumor
regions. A nine-gene lactylation-based risk model stratified patients into high- and low-risk groups with significantly
different survival outcomes (AUC: 0.77-0.87). Experimental knockdown of ST00A6 reduced GBM cell proliferation,
migration, and invasion.

Conclusions Lactylation defines distinct tumor cell clusters in GBM that are spatially localized, metabolically
reprogrammed, and immunosuppressive. The ST00A6-associated lactylation signature serves as a robust prognostic
biomarker and potential therapeutic target in GBM.
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Introduction

Glioblastoma multiforme (GBM) is the most malig-
nant primary brain tumor in adults, characterized by a
median survival of only 15 months, even with aggressive
treatments that include surgery, radiation therapy, and
chemotherapy [1, 2]. The poor prognosis of GBM is pri-
marily due to its extensive heterogeneity, rapid cell pro-
liferation, and strong resistance to standard treatment
approaches [3]. The tumor microenvironment (TME),
marked by considerable cellular heterogeneity and meta-
bolic alterations, is crucial in driving tumor progression,
invasion, and immune evasion [4]. Understanding the
complex interactions between tumor cells and the TME
is essential for designing more effective therapy strategies
for GBM.

Recent studies have highlighted the pivotal role of met-
abolic reprogramming in GBM, with a particular focus
on how lactate and lactylation influence tumor progres-
sion and immune evasion [5-7]. Lactylation, a recently
identified post-translational modification derived from
lactate, has become a critical regulator of gene expres-
sion, especially in glycolysis-dependent tumors under
hypoxic conditions [7]. In GBM, lactate accumulation is
driven by the Warburg effect, in which tumor cells pref-
erentially use glycolysis even in the presence of oxygen.
This metabolic shift leads to enhanced lactate produc-
tion, creating an acidic TME that supports tumor growth
and immune modulation [8]. Increased lactylation lev-
els have been associated with improved proliferation,
immune suppression, and metabolic reprogramming in
various cancers, including GBM [9]. Nonetheless, the
role of lactylation in GBM’s heterogeneity and its influ-
ence on the TME remains poorly defined.

The spatial distribution of lactylation-enriched cells in
GBM is particularly significant, as these cells are primar-
ily located in the hypoxic core of the tumor, where meta-
bolic reprogramming fuels aggressive behavior [9-11].
These cells demonstrate several adaptations that allow
survival in harsh conditions, including enhanced gly-
colysis, altered amino acid metabolism, and resistance
to oxidative stress. The interplay between lactylation
and hypoxia helps the tumor evade immune surveillance
while supporting growth in hostile environments [12,
13]. The interactions between tumor and stromal cells
within the TME further help cancer progression [14].
These mechanisms are particularly pronounced in GBM,
where immune evasion and metabolic reprogramming
are essential for tumor growth and resistance to therapy.

This study aimed to comprehensively delineate the role
of lactylation in GBM through multi-omics approaches,
encompassing bulk transcriptomics, single-cell RNA
sequencing (scRNA-seq), and spatial transcriptomics.
Additionally, the expression patterns of lactylation-asso-
ciated genes in GBM and their correlation with tumor
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progression, prognosis, and immune cell infiltration
were analyzed. Specific GBM subpopulations related to
high lactylation were identified, and their metabolic and
regulatory characteristics were examined. We explored
cell-cell communication influenced by lactylation. Sin-
gle-cell and spatial transcriptomics were employed to
map the distribution of high-risk malignant cells, evalu-
ate their metabolic reprogramming, and analyze their
interactions with other TME components. These analy-
ses provide deeper insights into the role of lactylation in
GBM progression and patient prognosis. Experimental
validation confirmed that S100A6 promotes GBM cell
proliferation, migration and invasion, offering poten-
tial therapeutic targets to mitigate GBM progression.
Overall, our findings shed new light on lactylation’s role
in GBM heterogeneity, immune modulation, and meta-
bolic reprogramming, offering valuable insights into the
pathogenesis and potential therapies for GBM.

Materials and methods

Data preprocessing

In this study, datasets including GSE194319, GSE135045,
GSE162631 from GEO database, and TCGA-GBM cohort
form TCGA database, were analyzed. Summary char-
acteristics of these cohorts, including patient numbers,
profiling platforms, follow-up time, and survival events,
are presented in Table 1. Differentially expressed genes
(DEGs) between tumor and normal samples were iden-
tified with the limma package [15], setting an adjusted
p-value threshold of < 0.05.

Single-sample gene set enrichment analysis (ssGSEA) and
gene set enrichment analysis (GSEA)

The lactylation-related gene from previously published
studies [6, 16] was listed in supplementary Table 1. The
lactylation-related gene scores were calculated using
ssGSEA, as implemented in the GSVA (version GSVA)
R package. Additionally, GSEA was performed using the
ClusterProfiler R package [17] to identify lactylation-
associated pathways in GBM samples compared to nor-
mal tissues, with statistical significance defined as FDR <
0.05. To ensure reproducibility, all analysis codes (includ-
ing preprocessing, ssGSEA/GSEA scoring, scRNA-seq
workflows, and model construction) have been deposited
in a public Jianguoyun repository (https://www.jianguoy
un.com/p/DUNIqrgQquetDRjy6POFIAA) with detailed
documentation.

Single-cell RNA sequencing analysis

For scRNA-seq analysis, the GSE135045 dataset was
utilized. Quality control was performed with the Seurat
package (v4.0.5). Cells with 200-6,000 detected genes,
< 10% mitochondrial content, and < 25,000 UMIs were
retained, while putative doublets were removed using
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Table 1 Characteristics of datasets included in this study.
Summary of bulk RNA-seq, single-cell RNA-seq, and Spatial
transcriptomics datasets analyzed. Patient/sample numbers,
platforms, follow-up times, and survival events are listed
where available. Survival information was available only for the
TCGA-GBM cohort. GEO datasets were used for tumor—normal
comparison (GSE16561), single-cell profiling (GSE135046), and
Spatial transcriptomics integration (GSE162631)

Dataset Platform Sample Pa- Median  Sur-
type tients/ follow-up vival
Sam- (months) events
ples (n) (n)
TCGA-GBM  RNA-seq Primary ~152 ~144 ~127
(Ilumina GBM tu- months
HiSeq) mors (with
clinical
survival
data)
GSE16561  Microarray ~ Normal 46 - -
(Affymetrix  brain
Human Ge-  (n=24) vs.
nome U133 GBM tumor
Plus 2.0) (n=22)
GSE135046  scRNA- Primary ~71,000 - -
seq (10x GBMcells  single
Genomics across 10 cells (10
Chromium)  patients tumors)
GSE162631  Spatial tran-  GBM tumor  ~55,000 - -
scriptomics  tissue spatial
(10x Visium)  sections spots
(patients
n=13)

DoubletFinder v2.0. Batch effects were corrected with
Harmony v1.0 (theta = 2, lambda = 1, 30 dimensions, set.
seed = 1234). Clustering was performed with the Lou-
vain algorithm (resolution = 0.6), and UMAP was used
for visualization. Cross-dataset label transfer employed
FindTransferAnchors (dims = 1:30, k.anchor = 5, k.filter
= 200) and MapQuery. Dimensionality reduction was
achieved via principal component analysis (PCA), and
cell clustering was performed using the Louvain algo-
rithm. Visualization of clusters was implemented through
t-distributed stochastic neighbor embedding (t-SNE). To
ensure reproducibility, random seeds were fixed across
all major steps. Cells with fewer than 15% mitochondrial
genes and between 200 and 3000 features were retained
for analysis, and the top 2000 highly variable genes were
selected for data scaling. Batch effects in GBM samples
were corrected using the Harmony v1.0 package, and cell
clusters were identified through the “FindClusters” and
“FindNeighbors” functions. Uniform manifold approxi-
mation and projection (UMAP) was employed for further
nonlinear dimensional reduction, using 20 major com-
ponents with a resolution of 0.8. Cell types were initially
annotated with the SingleR package [18] and manually
curated using marker genes from the CellMarker data-
base and previous studies [19]. Marker genes in each cell
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cluster were identified using the FindAllMarkers func-
tion, applying thresholds of logFC >0.35, min.pct >0.35,
and adjusted p-value < 0.05. To visualize top gene expres-
sion levels across GBM clusters, the Dotplot tool was
utilized. InferCNV analysis was performed to infer chro-
mosomal copy number variations and identify malignant
cell populations [20].

Functional enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analyses,
facilitated by the ClusterProfiler (version v4.0.5,) pack-
age, were performed to explore biological processes asso-
ciated with identified cell subpopulations, particularly
those related to lactylation, such as glycolysis, immune
evasion, and cell cycle regulation. GSEA and Hallmark
pathway enrichment analyses further assessed functional
differences between high-lactylation and low-lactylation
subpopulations, as well as between high-risk and low-
risk GBM groups. Pathways with an adjusted p-value
(FDR) <0.05 were considered significant; Nominal p-val-
ues are reported only when multiple testing correction
was not supported by the analytical framework. Potential
pathways associated with the risk model were identified
through ssGSEA, computing GSVA scores for 50 key
pathways, while ¢5.go.v7.5.1.symbols.gmt was employed
for GSEA enrichment analysis.

SCENIC analysis

To explore the transcriptional regulatory landscape
within various GBM subpopulations, Single-Cell Regula-
tory Network Inference and Clustering (SCENIC) analy-
sis was carried out using pySCENIC (version v0.11.2)
[21]. The resulting data were analyzed to identify tran-
scription factor enrichment across distinct GBM cell
clusters. Patterns of transcription factor activity were
visualized through t-SNE and UMAP, revealing key tran-
scription factors that shape the regulatory network in
high-lactylation GBM cells, shedding light on underlying
mechanisms of metabolic reprogramming and immune
modulation. All SCENIC analyses were performed with
Python 3.7, utilizing relevant libraries such as arboreto
and pySCENIC, executed on a Linux-based server capa-
ble of managing large scRNA-seq datasets.

CellChat analysis

Intercellular communication was analyzed using Cell-
Chat v1.1.3 with 1,000 permutations and an edge weight
threshold of 0.05 [22]. The CellChatDB.human ligand—
receptor database was applied to scRNA-seq clusters to
identify key signaling inputs and outputs across GBM
populations. Cell-cell communication networks were
then constructed between target clusters and the broader
GBM microenvironment. Significant ligand-receptor
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interactions were visualized using the netVisual.bubble
function. Communication strength between high- and
low-lactylation malignant cells and other microenviron-
mental cell types was quantified, highlighting pathways
implicated in immune evasion, angiogenesis, and inva-
sion. Statistical significance was assessed using CellChat’s
permutation-based framework (FDR < 0.05); results
supported only by nominal p-values were reported as
exploratory.

Spatial transcriptomics analysis

Spatial transcriptomics analysis was conducted using
the GSE162631 dataset. Clustering and dimensionality
reduction techniques were applied to the spatial tran-
scriptomic data, revealing spatial patterns among dif-
ferent GBM subpopulations. To integrate scRNA-seq
and ST data, we employed the Seurat v4 anchor-based
integration framework [23]. Using the FindTransfer-
Anchors and MapQuery functions, cell type annota-
tions from scRNA-seq were projected onto ST spots,
enabling robust identification of high-lactylation and
low-lactylation cell populations in their spatial context
while accounting for cross-platform differences. Mapping
was then performed to identify the localization of high-
lactylation and low-lactylation cells within the tumor tis-
sue. In addition, specific metabolic pathway activity and
ligand-receptor interactions were analyzed to investigate
the spatial heterogeneity of tumor cells. Ligand-receptor
interactions between high-lactylation and low-lactylation
GBM cells and other cell types were further examined to
elucidate spatial dynamics.

Pseudotime analysis

Pseudotime analysis [24] was utilized to trace the devel-
opmental trajectories of high-lactylation GBM clusters.
CytoTRACE [25] assessed the differentiation potential
of these clusters, while Monocle was used to construct
pseudotime trajectories. Differential gene expression
along the pseudotime trajectory was analyzed to gain
insights into dynamic changes in gene expression during
tumor progression.

Prognostic model construction

A prognostic model based on lactylation-related genes
was constructed using LASSO-Cox regression analy-
sis via the glmnet package in R. Nine key Differentially
Expressed Genes (DEGs) from S100A6-high-lactylation
GBM cells were selected to calculate a risk score for each
patient in the TCGA cohort. Kaplan-Meier survival anal-
ysis was performed to compare overall survival between
high- and low-risk groups. The model’s predictive accu-
racy was evaluated by calculating the area under the ROC
curve (AUC) using the timeROC (version v0.4). R v4.1.2
package.
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Immune infiltration and ESTIMATE analysis

Immune infiltration was analyzed using the CIBERSORT
algorithm (1,000 permutations) to estimate relative pro-
portions of immune cell subsets in GBM samples. Tumor
purity was assessed using the ESTIMATE algorithm,
and ESTIMATE scores were included as covariates for
sensitivity adjustment in immune infiltration compari-
sons between high- and low-risk groups. Correlations
between lactylation-related risk genes and immune cell
types were quantified using Spearman’s correlation, and
effect sizes (correlation coefficients, standardized mean
differences) were reported alongside significance values.
Multiple-testing correction was applied using the Ben-
jamini—Hochberg method, with FDR<0.05 considered
significant.

For distance-based analyses, the Mantel test was
employed to evaluate associations between lactylation
scores and immune infiltration patterns. Analyses were
performed using Spearman distance matrices with 999
permutations to assess significance. Results were visu-
alized using heatmaps and correlation plots, with both
effect sizes and adjusted p-values reported.

Drug sensitivity analysis

Drug sensitivity analysis was conducted by comparing
the half-maximal inhibitory concentration (IC50) values
of various chemotherapeutic agents between high- and
low-risk groups using the pRRophetic package [26].

ScPagwas analysis

For scPagwas analysis, Single-cell Phenotype-Associated
Gene Weighted Analysis (scPagwas) [27] was employed.
The scRNA-seq data were sourced from GSE datasets
and processed using the Seurat package version (v4.0.5)
in R. Quality control steps involved filtering out low-
quality cells, doublets, and cells with high mitochon-
drial content. scPagwas was then used to associate gene
expression profiles with phenotypic data, such as GBM
survival, through linear regression models.

Western blotting analysis

Western blotting analysis was conducted to assess lacty-
lation modifications in normal human astrocytes (NHA)
and GBM cell lines (U87, U251, LN229). Cell lysates were
prepared using RIPA buffer, and the extracted proteins
were separated by SDS-PAGE, transferred onto PVDF
membranes, and probed with antibodies specific to pan-
lactylation and S100A6. Protein signals were visualized
using enhanced chemiluminescence (ECL).

Immunohistochemistry (IHC)

IHC was performed to evaluate S1I00A6 expression in
GBM tumor tissues and adjacent normal tissues. Forma-
lin-fixed, paraffin-embedded (FFPE) tissue sections were
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stained with anti-S100A6 antibody, and staining inten-
sity was analyzed to compare protein expression levels
between tumor and normal tissues.

Lentiviral-mediated knockdown

U87 cells were transduced with lentiviral vectors carrying
shRNAs targeting SI00A6. Western blotting analysis was
performed to confirm successful S100A6 knockdown.
Functional assays, including the EDU assay and wound
healing assay, were subsequently conducted to evaluate
the impact of S100A6 knockdown on cell proliferation
and migration, respectively.

Wound healing assay

To assess the migratory capacity of GBM cells follow-
ing S100A6 knockdown, a wound healing assay was
performed. U87 cells were seeded in 6-well plates and
grown to about 90% confluency. A uniform scratch was
introduced into the cell monolayer using a sterile 200 pL
pipette tip, and PBS was used to wash away any debris.
Images of the wound area were taken at 0 and 48 h using
an inverted microscope. Wound closure was quantified
by measuring the wound area at each time point using
Image] software, with results expressed as a percentage
of wound closure relative to the initial wound size.

EDU assay

The EDU (5-ethynyl-2’-deoxyuridine) assay was
employed to assess cell proliferation in U87 glioblas-
toma cells after S100A6 knockdown. Cells were seeded
in 24-well plates and transfected with either shRNA
targeting SI00A6 or a negative control. After 48 h, cells
were incubated with 10 pM EDU for 2 h at 37 °C. Cells
were subsequently fixed with 4% paraformaldehyde and
permeabilized with 0.5% Triton X-100. EDU incorpora-
tion was detected using the Click-iT EDU Imaging Kit
(Invitrogen) according to the manufacturer’s protocol.
Nuclei were counterstained with DAPI, and images were
acquired using a fluorescence microscope. The percent-
age of EDU-positive cells was calculated to determine the
proliferation rate, with data presented as the mean + stan-
dard deviation from three independent experiments.

Cell migration and invasion assay

Cell migration and invasion assays were performed
using Transwell chambers. For the migration assay, cells
(2x10% were seeded in the upper chamber with an
uncaoted membrane. For the invasion assay, the upper
chamber membrane was pre-coated with Matrigel before
seeding the cells. After 24 hours of incubation, cells that
had migrated or invaded to the bottom surface of the
membrane were fixed, stained with crystal violet and
counted for analysis.
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Statistical analysis

All statistical analyses were conducted using R software
(version v4.1.2) and Python (version v3.7). Data are pre-
sented as mean *standard deviation. All statistical tests
were two-sided by default. For comparisons between two
groups, Student’s ¢-test was used, while multiple-group
comparisons employed analysis of variance (ANOVA)
followed by appropriate post hoc tests. Where multiple
comparisons were performed, p-values were adjusted
using the FDR method. Results are reported with effect
sizes (e.g., hazard ratios with 95% confidence inter-
vals for Cox regression models, standardized mean dif-
ferences where appropriate) alongside nominal and
adjusted p-values. Statistical significance was defined as
FDR < 0.05 unless otherwise specified.

Results

Lactylation-related features identified through multi-omics
analyses

To investigate the role of lactylation in GBM, lactylation-
related gene expression was analyzed using datasets from
GSE16561, GSE135046, and TCGA-GBM. A heatmap
of DEGs revealed distinct expression patterns of lacty-
lation-related genes in GBM compared to normal brain
tissues (Fig. 1A). Additionally, ssGSEA was utilized to
assess lactylation activity, showing elevated lactylation
scores in tumor samples (Fig. 1A, right panel). GSEA fur-
ther demonstrated significant upregulation of lactylation
scores in GBM compared to normal controls, suggesting
a pivotal role of lactylation in GBM biology (FDR <0.05;
Fig. 1B). Validation using TCGA and single-cell datasets
revealed significantly higher lactylation scores in tumor
tissues compared to normal samples (p<0.001, Fig. 1C).
To further investigate lactylation’s influence on the TME,
correlations between lactylation scores and immune cell
infiltration were analyzed. The Mantel test revealed a
positive association between lactylation and immunosup-
pressive macrophages (M2), resting NK cells, and CD8
T cells, while a negative correlation was observed with
regulatory T cells (Tregs) and monocytes (all FDR <0.05;
Fig. 1D). These results suggest that lactylation may pro-
mote an immunosuppressive TME in GBM. Single-cell
transcriptomics data from GSE162631 were employed
to examine the distribution of lactylation-related genes
across cell types within GBM tissues. UMAP visualiza-
tion displayed distinct cell-specific patterns of lacty-
lation activity (Fig. 1E, F), with the core tumor regions
enriched for malignant cells exhibiting high lactylation
scores, while peri-tumoral regions showed lower activity
(Fig. 1G).

Single-cell characterization of GBM heterogeneity
To further investigate the impact of lactylation on dif-
ferent cell types within GBM tissue, scRNA-seq analysis
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was performed using the GSE135045 dataset. Unsuper-
vised clustering of the scRNA-seq data revealed multiple
cell subpopulations, including immune cells (e.g., T cells,
macrophages, microglia) and non-immune stromal cells,
such as astrocytes, oligodendrocytes, endothelial cells,
and pericytes (Fig. 2A, Supplementary Table 2). Each
subpopulation exhibited distinct gene expression profiles,
providing a comprehensive map of GBM cellular hetero-
geneity. The 21 cell clusters were annotated into nine dis-
tinct cell types, visualized through t-SNE plots (Figs. 2B,
C). To confirm the malignant identity of certain clusters,
inferCNV analysis was performed, revealing significant
chromosomal alterations in malignant cells compared to
non-malignant counterparts (Fig. 2D). Identified malig-
nant cells were displayed in a t-SNE plot (Fig. 2E). Func-
tional enrichment analysis was conducted to uncover the
biological processes and pathways associated with the
identified cell subpopulations. In the malignant clusters,

pathways regulating nervous system development were
notably enriched (FDR < 0.05; Fig. 2F).).

Lactylation scores were then computed for GBM malig-
nant cells, and cells were stratified into “high-lactylation”
and “low-lactylation” groups using the median ssGSEA
lactylation score as the cut-off (top 50% = high, bot-
tom 50% = low; Fig. 3A). A bar plot illustrated the pro-
portions of various cell types within each GBM sample
(Fig. 3B). To elucidate functional differences among the
identified GBM subpopulations, a comprehensive meta-
bolic pathway analysis was conducted. Substantial het-
erogeneity in metabolic pathway activity was observed
between high-lactylation malignant cells and other cell
populations (Fig. 3C). High-lactylation malignant cells
displayed enhanced activity in pathways related to gly-
colysis, glycine, and lipid metabolism, reflecting meta-
bolic reprogramming that facilitates rapid proliferation
and adaptation to the TME. Notably, these cells demon-
strated a significant increase in metabolites, including
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deoxyuridine, glucose-6-phosphate, glucuronic acid,
aspartate, and B-alanine (Fig. 3D), highlighting elevated
nucleotide biosynthesis, energy metabolism, and amino
acid synthesis essential for tumor growth and adaptation
to harsh conditions. Overall metabolic pathway scores
(Fig. 3E) were significantly higher in high-lactylation
malignant cells, underscoring the extensive metabolic
reprogramming in these cells. Inflammatory response
and immune modulation pathways were also examined
across different GBM subpopulations (Fig. 3F). Path-
way enrichment analysis, based on DEGs between high-
and low-lactylation malignant cells, revealed significant

enrichment in pathways related to DNA replication, cell
cycle progression, and immune evasion (DEGs defined as
|logFC| >0.25, FDR < 0.05; Figs. 3I-K).

Regulatory networks and cell-cell communication in GBM

To investigate the regulatory landscape of GBM sub-
populations, SCENIC analysis was conducted to identify
key transcription factors (TFs) and their regulatory tar-
gets across different cell types. This analysis uncovered
substantial heterogeneity in regulatory network activity
among GBM subpopulations, with distinct TFs driving
gene expression in high-lactylation and low-lactylation
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Fig. 3 Functional and metabolic analysis of GBM malignant cell subpopulations. A Clustering of high- and low-lactylation malignant cells based on lac-
tylation scores. B Bar plot illustrating the proportions of various cell types across GBM samples. C Metabolic pathway heterogeneity observed between
high-lactylation malignant cells and other cell populations. D Analysis of metabolite levels in high-lactylation malignant cells. E Comparison of overall
metabolic pathway activity scores between high- and low-lactylation malignant cells. F Enrichment of inflammatory response and immune modulation
pathways in high-lactylation malignant cells. G Volcano plot displaying DEGs between high- and low-lactylation malignant cells. (H, I Enrichment analysis
comparing biological pathways between high- and low-lactylation malignant cells. J, K GSEA results comparing functional pathways in high- and low-

lactylation malignant cells

malignant cells (Fig. 4A). Notably, malignant cells dem-
onstrated elevated regulatory activity of TFs such as
POU3F2, ILF2, and RFX4, all of which are linked to
tumor progression, metabolic adaptation, and immune
evasion. The top five TFs for each cell cluster are shown
in Fig. 4B. SCENIC analysis further identified SOX9 as
significantly enriched in high-lactylation malignant cells
(FDR<0.05; Fig. 4C). CellChat analysis was performed
(FDR<0.05 unless otherwise indicated; Fig. 4D). The
strength of these communication networks was visu-
alized through a signaling interaction network, which
highlighted key pathways and cell types involved in shap-
ing the GBM microenvironment (Fig. 4E). Notably, GRN
and EGF signaling were identified as incoming signals in
high-lactylation malignant cells compared to their low-
lactylation counterparts (FDR < 0.05; Fig. 4F). High-lacty-
lation malignant cells also secreted ligands such as MK
and PTN (Fig. 4G).

Specific signaling pathways, including EGF and MK,
were found to be particularly active in interactions
involving high-lactylation malignant cells (Figs. 4H, J).
EGFR was highly enriched in high-lactylation malig-
nant cells (FDR<0.05; Fig. 4I), positioning these cells as
key mediators of MK signaling, with high expression of
ITGA6 and ITGB1 (Fig. 4K). Additionally, PTN-NCL
signaling from high- and low-lactylation malignant cells
toward immune cells, including T cells, macrophages,
and monocytes (Figs. 4L, M).

Spatial transcriptomics analysis of GBM subpopulations

To elucidate the spatial localization of high-lactylation
and low-lactylation GBM subpopulations, spatial tran-
scriptomics analysis was conducted. Dimensionality
reduction and clustering of spatial transcriptomic data
revealed distinct spatial patterns across GBM tissue sec-
tions, identifying 10 clusters (Fig. 5A). To objectively
define the tumor core, we first calculated a hypoxia score
for each spatial spot based on the hallmark hypoxia gene
signature. Regions with the highest quartile of hypoxia
scores were designated as the ‘hypoxic core’ (Supplemen-
tary Fig. 2). Our analysis revealed that spatial spots with
high lactylation signature scores—as determined by ssG-
SEA—were significantly enriched in and predominantly
co-localized with this data-driven hypoxic core (Figs. 5B,
D, E, F). In contrast, oligodendrocytes were enriched in
the low-lactylation malignant regions. Metabolic path-
way activity among these cell subpopulations was also

analyzed (Fig. 5C). High-lactylation malignant cells
(mainly clusters 1, 2, 3, and 8) and low-lactylation malig-
nant cells (primarily clusters 0 and 9) displayed elevated
glycolysis, lipid metabolism, and nucleotide biosynthesis
compared to other cell types. Key ligand-receptor pairs
such as PTN-PTPRZ1, EGF-EGFR, and MDK-ITGA4/
ITGB1 were identified (Figs. 5G-I).

Clustering and functional analysis of high-lactylation GBM
cells

Dimensionality reduction and clustering of high-lacty-
lation malignant cells revealed eight distinct subpopula-
tions (GBM_0 to GBM_7), each characterized by unique
transcriptional profiles (Fig. 6A). These clusters cap-
ture the inherent heterogeneity within GBM samples
(Fig. 6B), suggesting that each high-lactylation cluster
plays a distinct role in GBM progression, potentially con-
tributing differently to tumor aggressiveness and resis-
tance to treatment. Pathway enrichment analysis based
on cluster-specific marker genes further elucidated the
biological functions of these subpopulations. The top
three marker genes of each high-lactylation subcluster
were identified, with GO and KEGG enrichment analy-
ses indicating significant functional diversity among
the clusters (FDR<0.05; Fig. 6C). HALLMARK enrich-
ment analysis showed that GBM_0, GBM_5, and GBM_6
were notably enriched in pathways linked to glycolysis,
hypoxia response, metabolic regulation, and cell cycle
activities (FDR <0.05; Fig. 6D).

To uncover the regulatory mechanisms driving the dis-
tinct behaviors of high-lactylation clusters, TF analysis
was performed (Fig. 6E). The top five TFs for each cluster
were identified (Fig. 6F), with t-SNE plots illustrating the
relative expression levels of key TFs (Fig. 6G). In Cluster
7, TFs such as SOX10, SP1, and NR2F1 were identified as
primary regulators, correlating with enhanced prolifera-
tion and glycolytic activity. In contrast, Cluster 5 showed
enrichment of TFs involved in differentiation, including
ZNF25 and FOXG1, highlighting divergent regulatory
programs within the high-lactylation population. Meta-
bolic pathway analysis revealed substantial variation in
metabolic activity across the clusters, with significant
pathways determined by FDR <0.05 (Fig. 6H).

Pseudotime analysis of high-lactylation GBM clusters
CytoTRACE inferred that clusters GBM_1 and GBM_7
were positioned at the early stages of the developmental
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Fig. 4 Regulatory networks and cell-cell communication in GBM. A SCENIC analysis identifying key transcription factors (TFs) in GBM subpopulations.
B Top five TFs enriched in each GBM cell cluster. C t-SNE plots of TFs in high-lactylation malignant cells. D CellChat analysis showing extensive com-
munication between malignant and immune cells. E Signaling interaction network highlighting communication pathways in GBM microenvironment.
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Han et al. BMC Cancer (2025) 25:1901

S— |

ep—
2500 5000 7500

10002000001

Page 11 of 24

Stach and surose metavoisn | © @ O @ © @
De
oo
oo
® o
Value
n.
ors
0
H | I
g 000
2 Value
3 .
2
® oz
@ os
® o
o

PTN-PTRZ1

BENE
BRI

MDK-ITGA4+ITGB1

Sender Receiver

H
i 0§03

Fig.5 Spatial transcriptomics analysis of GBM subpopulations. A Spatial clustering analysis revealing 10 distinct GBM clusters. B Spatial localization of cell
types. € Metabolism pathways of high-lactylation malignant subclusters. D-F Spatial localization of high- and low-lactylation malignant cells. G-I Spatial

ligand-receptor analysis

timeline (Fig. 7A, B). Pseudotime trajectory analysis
from Monocle indicated that these clusters represent
cells in the initial stages of tumor progression (Fig. 7C).
UMATP plots showed the starting point and developmen-
tal direction of GBM subclusters (FDR<0.05; Fig. 7D).
Clusters GBM_0 and GBM_7 likely consist of progenitor-
like or less differentiated tumor cells, which may play a
critical role in initiating tumor growth and establishing
the tumor microenvironment. The pseudotime trajec-
tory further outlined the progression of high-lactylation
malignant cells from early progenitor-like states (GBM_0
and GBM_7) to more differentiated stages (Fig. 7E-G).

To elucidate these functional shifts, key gene expres-
sion patterns across the developmental timeline were
examined (Fig. 7H, I). GFAP and EEF1A1l were upregu-
lated in later pseudotime states, highlighting their roles in
promoting tumor cell differentiation and maintaining cel-
lular functions. In contrast, early states displayed upregu-
lation of metabolic genes such as ACAT2 and CALD],
suggesting that metabolic reprogramming supports early
tumor cell survival. Pathway enrichment analysis along

the pseudotime trajectory revealed significant shifts in
key biological pathways (all FDR <0.05; Fig. 7], K).

Prognostic significance, spatial characteristics, and cell-cell
communication of high-lactylation GBM subclusters

Patients with higher scores for S100A6-high-lactylation
and S100A11-high-lactylation GBM clusters exhibited
significantly worse overall survival compared to those
with lower scores (Fig. 8A), with clear statistical sig-
nificance in survival outcomes (Fig. 8B). To investigate
the spatial distribution of these prognostic GBM cells
within the TME, gene expression profiles of the clus-
ters were deconvoluted onto spatial transcriptomic data
(Fig. 8C). The spatial analysis showed that both S100A6-
and S100A11-high-lactylation cells were predominantly
located in densely cellular tumor regions, with S100A6-
high-lactylation cells exhibiting a more widespread dis-
tribution. Cell-cell communication analysis revealed
significant ligand-receptor pairs mediating these inter-
actions (Fig. 8D), particularly those involving MK, PTN,
and EGF signaling pathways (Figs. 8E-G). The interaction
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networks illustrated that S100A6-high-lactylation and
S100A11-high-lactylation GBM cells actively engaged
with macrophages, endothelial cells, and T cells, thereby
fostering an immunosuppressive environment and pro-
moting angiogenesis (Figs. 8H-J). Further examination
identified specific ligand-receptor pairs, such as SPP1-
CD44, PTN-NCL, and MDK-ITGA4/ITGBI, as critical
modulators of the TME (Figs. 8K, L). Notably, PTN-NCL
signaling exhibited robust interaction strength with other
cell types, with PTN ligand-receptor pairs being signifi-
cantly enriched (Fig. 8N). Additionally, S100A6-high-
lactylation GBM cells demonstrated the highest levels
of both incoming and outgoing interaction strengths (all
FDR<0.05; Fig. 8M).

ScPagwas analysis and characterization of S100A6-high-
lactylation GBM cells

To further investigate the link between high-lactylation
subpopulations and GBM traits, scPagwas analysis was
conducted, revealing that S1I00A6-high-lactylation GBM
cells exhibited the strongest correlation with GBM-
related characteristics (Fig. 9A). S100A6-high-lactylation
GBM cells possess significantly lower immune and stro-
mal estimate scores than the low-expression group
(Fig. 9B), indicative of reduced immune cell infiltration.
Moreover, downregulation of several TNF-related cyto-
kines and receptors was observed in the high-lactylation
group (FDR<0.05; Fig. 9C, D), along with diminished
NK cell cytotoxicity gene expression (Fig. 9E), further
reinforcing the notion of an impaired immune response.
Immune therapy response analysis revealed that the low
S100A6-high-lactylation group exhibited higher TIDE
and dysfunction scores, as well as elevated CAF, CTL,
CD274, and IENG treatment scores. In contrast, the high
S100A6-high-lactylation group demonstrated increased
MDSC and TAM M2 treatment scores (Fig. 9F). Beyond
immune differences, drug sensitivity assessments based
on IC50 values for various chemotherapeutic agents (all
FDR <0.05; Fig. 9]).

Prognostic model based on S100A6-high-lactylation GBM
cells

To further examine the prognostic relevance of S100A6-
high-lactylation GBM cells, a prognostic model was con-
structed using characteristic genes identified through
LASSO-Cox regression analysis (Fig. 10A, B). This
analysis yielded nine risk-associated DEGs (FDR<0.05;
Fig. 10C, Supplementary Table 3), which were employed
to calculate a risk score for each GBM sample, facilitating
stratification into high- and low-risk groups (FDR <0.05;
Fig. 10D). Kaplan-Meier survival analysis revealed sig-
nificantly worse overall survival in the high-risk group
compared to the low-risk group (p<0.001, Fig. 10E).
Moreover, time-dependent ROC curves demonstrated

Page 15 of 24

the model's strong predictive performance, with
AUC values of 0.77, 0.87, and 0.87 at 1, 2, and 3 years,
respectively (Fig. 10F), indicating the risk score model’s
robustness in predicting GBM outcomes with high pre-
cision. Hallmark enrichment analysis was performed
(FDR<0.05; Fig. 10G). External validation analyse was
perform through CGGA cohort (Supplementary Fig. 1).
The high-risk group showed significant enrichment in
pathways linked to hypoxia, glycolysis, and immune
evasion, including p53, KRAS, and TNF-a signaling via
NF-«B, all of which are known to drive tumor aggressive-
ness. Conversely, the low-risk group exhibited enrich-
ment in pathways related to cell cycle regulation and
oxidative phosphorylation, suggesting a less aggressive
tumor phenotype (Fig. 10H). KEGG pathway analysis
revealed notable correlations between the risk score and
pathways involved in cell cycle control, hypoxia response,
and metabolic reprogramming (all FDR <0.05; Fig. 10I).

Characterization of high-risk and low-risk GBM groups

To further delineate the characteristics of the high-risk
and low-risk GBM groups identified by the prognos-
tic model, a comprehensive analysis of their associated
pathways, immune landscapes, and immunotherapy
responses was conducted. Enrichment analysis identi-
fied distinct pathways linked to the nine key risk genes
(Fig. 11A, B). Immune profiling comparisons revealed
notable differences in immune cell infiltration between
the groups (Fig. 11C), with the high-risk group showing
increased infiltration of activated CD8 T cells, regulatory
T cells, and NK cells. Correlation analysis pinpointed
specific relationships between risk genes and immune
cell populations (Fig. 11D). ESTIMATE analysis pro-
vided additional insight, indicating that LRRTM3, VGE,
ZNF22, and ZNF627 were negatively correlated with
the ESTIMATE score, while MXRAS8 showed a positive
correlation (Fig. 11E), suggesting these genes may influ-
ence tumor microenvironment dynamics and contribute
to immune evasion in high-risk GBM. Survival analyses
based on surrogate ICI response datasets suggested that
the low-risk group may experience improved outcomes
under immunotherapy(HR=0.52, 95% CI: 0.34-0.80,
p=Fig. 11G). Furthermore, Patients with lower risk
scores were more likely, according to these surrogate pre-
dictors, to be classified as potential responders (CR/PR)
compared to non-responders (SD/PD)(p <0.01; Fig. 11H),
underscoring that the low-risk group exhibited higher
responsiveness suggesting that the low-risk group may
have greater likelihood of immunotherapy benefit. A
greater proportion of low-risk patients were predicted to
fall into CR/PR categories in surrogate datasets, as illus-
trated by the bar plot (all FDR <0.05; Fig. 11I).
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Single-cell and spatial transcriptomics analysis of risk score
in GBM

To elucidate the distribution and impact of the risk score
within GBM, single-cell and spatial transcriptomic anal-
yses were performed. Mapping the expression of risk
genes identified in the prognostic model across single-
cell data revealed their specific localization within dis-
tinct cell populations (Fig. 12A). The heatmap illustrates
the expression of the top risk genes across various cell
types (Fig. 12B), with BEX5, CNPY4, LRRTM3, SCGS5,
TIMP4, VGF, ZNF22, and ZNF627 notably enriched in

nF22 2NFe27 VGF
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malignant cells. The t-SNE plot visualizes the distribution
of high- and low-risk malignant cells within the single-
cell dataset (Fig. 12C). Spatial transcriptomic analysis
further highlighted the localization of these cells in GBM
tissues, with high-risk malignant cells predominantly
occupying the tumor core, suggesting an association with
hypoxic and proliferative regions, while low-risk cells
were more evenly dispersed, primarily located in tumor-
adjacent areas (Fig. 12D). To investigate the interactions
between high- and low-risk cells and the TME, ligand-
receptor analysis was conducted, focusing on specific
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Fig. 13 Experimental validation of lactylation and ST00A6 expression in GBM. A Western blot analysis showing elevated lactylation levels in GBM cell lines
compared to NHA. B IHC analysis demonstrating higher STOOA6 expression in GBM tissues compared to adjacent normal tissues. C, D Western blot valida-
tion showing higher STO0A6 levels in GBM cell lines compared to NHA. E-G Tissue microarray and survival analysis showing increased S100A6 expression
in high-grade glioma, and poorer survival outcomes. J, K Lentiviral-mediated knockdown of STO0A6 in U87 cells validated by western blot. L, M EDU assay
showing decreased proliferation ability after STO0A6 knockdown U87 cells. N, O Wound healing assay demonstrated downregulation of migration ability
in ST00A6 knockdown U87 cells. P, Q The Transwell migration and invasion assay

signaling pathways such as PTN and MDK (FDR <0.05;
Figs. 12E, F).

Experimental validation of lactylation and S100A6
expression in GBM

Western blotting analysis was employed to assess lacty-
lation modifications in normal human astrocytes (NHA)
and GBM cell lines (U87, U251, LN229), revealing signifi-
cantly elevated lactylation levels in the GBM cells com-
pared to NHA (p<0.01; Fig. 13A), indicating lactylation
upregulation in GBM. IHC further evaluated S100A6
expression in GBM tumor tissue and adjacent normal
tissue, showing a substantial increase in S100A6 levels
within GBM tissue (Fig. 13B), suggesting its involvement
in tumor progression. This was corroborated by West-
ern blotting analysis, which confirmed notably higher
S100A6 expression in U87, U251, and LN229 cells rela-
tive to NHA (p<0.01; Fig. 13C, D). Tissue microarray
analysis demonstrated a positive correlation between
S100A6 expression and advancing WHO GBM grades
(FDR<0.05;Figure 13E, F). High-grade gliomas (HGG)
exhibited a significantly larger proportion of cells with
elevated S100A6 compared to low-grade gliomas (LGQG)
(p<0.001;; Fig. 13G). Survival analysis further indi-
cated that patients with elevated S100A6 levels had sig-
nificantly worse overall survival (HR=1.78, 95% CI
1.22-2.59, p=0.003; Fig. 13H) and disease-free survival
(HR=1.65, 95% CI: 1.14—-2.41, p =0.008; Fig. 13I).

To further investigate S100A6’s functional role, lenti-
viral-mediated knockdown of S100A6 in U87 cells was
performed. Western blotting analysis confirmed efficient
knockdown using sh-S100A6-2 and sh-S100A6-3, result-
ing in markedly reduced S100A6 expression (Fig. 13],
K). Additionally, the EDU assay revealed a significant
reduction in cell proliferation following S100A6 knock-
down (p<0.01; Fig. 13N), and the wound healing assay
demonstrated diminished cell migration in the knock-
down group compared to the negative control (NC)
group (Fig. 130). To investigate the effect of S100A6
on GBM cell migration and invasion, Transwell assays
were performed (p<0.01; Fig. 13P, Q). In the migration
assay, U87 cells in the sh-S100A6 group showed signifi-
cantly reduced migration compared to the NC group
(fold change=0.45, p<0.001). The quantification of the
migrated cells indicated a relative fold change of 0.45
in the sh-S100A6 group, suggesting that S100A6 down-
regulation impairs cell migration ability. In the invasion

assay, cells from the sh-S100A6 group demonstrated a
marked reduction in invasiveness compared to the NC
group. The relative fold change in cell invasion was 0.35,
p<0.001, further supporting the role of SI00A6 in pro-
moting GBM cell invasion.

Discussion

This study employed an integrated approach combining
bulk RNA sequencing, scRNA-seq, and spatial transcrip-
tomics to comprehensively characterize the role of lac-
tylation in GBM. Our findings provide detailed insights
into how lactylation contributes to tumor aggressiveness,
immune evasion, and poor prognosis in GBM. The ele-
vated lactylation observed in GBM cells suggests that this
modification promotes an aggressive tumor phenotype
by facilitating metabolic adaptation and immune eva-
sion. Through the identification of lactylation-enriched
subpopulations, this study uncovered key mechanisms
driving GBM progression and heterogeneity, highlighting
promising therapeutic targets.

Our results indicate that high-lactylation GBM cells are
predominantly localized in the tumor core, where they
undergo significant metabolic reprogramming, including
upregulation of glycolysis, lipid metabolism, and amino
acid biosynthesis. These metabolic shifts enable high-
lactylation cells to survive and proliferate under harsh
microenvironmental conditions, thus promoting tumor
growth and resistance to therapy [28]. In line with pre-
vious studies, hypoxia-driven metabolic reprogramming
appears crucial for GBM cell survival [29, 30], and lac-
tate accumulation under such conditions enhances lacty-
lation, further driving tumor progression and metabolic
plasticity.

Our analysis showed reduced immune cell infiltra-
tion, decreased TNF signaling, and impaired NK cell
cytotoxicity in regions with high lactylation, underscor-
ing the role of these cells in immune evasion. The study
also sheds light on the intricate cell-cell communication
network within the GBM microenvironment. High-lacty-
lation cells engage in extensive cross-talk with immune,
stromal, and other tumor cells via ligand-receptor inter-
actions, particularly involving MK, PTN, and EGF sig-
naling pathways. Notably, ligand-receptor pairs such as
PTN-PTPRZ1 and MDK-ITGA4/ITGB1 were more prev-
alent in high-lactylation cells, suggesting their involve-
ment in promoting immune evasion and angiogenesis
[31, 32]. These observations align with previous reports
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on lactylation’s role in modulating immune cell behavior
and contributing to immune suppression within the TME
[33, 34]. Targeting these pathways could disrupt malig-
nant cell communication with the TME, potentially miti-
gating tumor aggressiveness and improving therapeutic
outcomes.

SCENIC analysis identified distinct regulatory net-
works governed by key TFs in GBM subpopulations.
High-lactylation malignant cells exhibited increased
activity of TFs linked to tumor progression, metabolic
adaptation, and immune evasion. TFs such as POU3F2,
ILF2, and RFX4, which may drive the gene expression
programs of high-lactylation GBM cells, were high-
lighted. These transcription factors are known to play
critical roles in tumor progression, metabolic shifts, and
immune modulation [35-37], underscoring the intricate
regulatory networks underlying lactylation-mediated
tumorigenesis.

Spatial transcriptomics analysis further clarified the
localization of high-lactylation GBM cells, predomi-
nantly situated in hypoxic tumor core regions. This
spatial distribution aligns with lactylation’s role in facili-
tating tumor cell survival and adaptation in low-oxygen
environments. High-lactylation GBM cells exhibited
metabolic reprogramming, characterized by increased
glycolysis and lipid metabolism, which likely meets the
elevated biosynthetic and energy demands essential for
tumor growth [38, 39]. These findings emphasize the crit-
ical role of lactylation in the spatial and functional het-
erogeneity of GBM, suggesting that targeting lactylation
could disrupt the metabolic adaptations of tumor cells
within hypoxic niches.

Our study highlights the significance of S100A6 not
only as a marker but also as a functional contributor to
the aggressive, high-lactylation phenotype in GBM. Ele-
vated S100A6 expression has been previously associated
with tumor aggressiveness, particularly concerning can-
cer cell survival, invasion, and immune evasion mecha-
nisms [40-42]. Consistent with our results, patients with
high S100A6-lactylation GBM cells exhibited worse sur-
vival outcomes. Crucially, our work provides a functional
connection between S100A6, cellular behavior, and meta-
bolic reprogramming [43]. Our experimental validation
confirms that S100A6 knockdown in GBM cells leads to
reduced proliferation, migration, and invasion, cementing
its role in driving the malignant phenotype. Furthermore,
our single-cell analysis directly links the S100A6-high
phenotype to a reprogrammed metabolic state character-
ized by enhanced glycolysis and lipid metabolism [44].
This suggests that SI00A6 is integral to the metabolic
adaptations that allow tumor cells to thrive, especially
within the hypoxic tumor core where we spatially located
these cells. While our study establishes this strong cor-
relation, the precise molecular mechanism by which
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S100A6 directly regulates histone lactylation or orches-
trates this broad metabolic shift requires further experi-
mental investigation. Importantly, while our analyses
revealed strong correlations between lactylation scores,
immune infiltration, and S1I00A6 expression, these find-
ings do not establish direct causality. The phenotypic
effects observed following S100A6 knockdown may arise
from a combination of lactylation-related mechanisms
and other established functions of S100A6. Previous
studies have shown that histone lactylation directly reg-
ulates transcriptional programs linked to immune sup-
pression and tumor progression [43, 44], Suggesting that
lactylation may contribute to the aggressive phenotype
we observed. However, SI00A6 is also known to func-
tion independently of histone modifications, particularly
through roles in cytoskeletal dynamics, integrin signaling,
and calcium-dependent regulation of migration and inva-
sion [45—47]. Thus, the phenotypic changes in prolifera-
tion, migration, and invasion upon S100A6 knockdown
may reflect both lactylation-dependent mechanisms and
broader S100A6-mediated pathways. Future mechanis-
tic experiments that selectively manipulate histone lac-
tylation, in parallel with S100A6 perturbation, will be
required to disentangle these overlapping contributions.
By acknowledging these limitations, our study provides
a foundation for future work while underscoring the
potential of lactylation and S100A6 as therapeutic targets
in GBM. Nevertheless, by positioning S100A6 as a key
player in the lactylation-associated aggressive state, our
findings underscore its potential as a valuable therapeu-
tic target. S100A6 is known to regulate several cancer-
related processes, including cell proliferation, migration,
and resistance to apoptosis, often through interactions
with integrins and p53 [47, 48]. Its involvement in cancer
stem cells [40], especially in invasive and resistant GBM
subtypes, suggests a role in enhancing the migratory and
invasive properties of tumor cells, which are essential for
the rapid progression and treatment resistance character-
istic of GBM. Furthermore, SI00A6 has been implicated
in promoting angiogenesis [48, 49], likely aiding GBM
adaptation within the hypoxic regions of the TME, con-
sistent with our spatial transcriptomics findings, which
showed S100A6-high cells clustering in core tumor areas.
Notably, the dual role of SI00A6 in both angiogenesis and
immune evasion positions it as a promising therapeutic
target. Therefore, targeting SI00A6 in GBM may repre-
sent a powerful strategy to disrupt not only cell prolifera-
tion and invasion but also the critical tumor-supportive
metabolic adaptations within the TME, potentially inhib-
iting overall tumor growth and progression.

To evaluate the clinical significance of lactylation in
GBM, a prognostic model was constructed based on
the characteristic genes of S100A6-high-lactylation
GBM cells. This model effectively stratified patients into
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high-risk and low-risk groups, with the high-risk cohort
exhibiting significantly poorer overall survival. The iden-
tification of specific signaling pathways enriched in the
high-risk group—such as hypoxia response, glycolysis,
and immune evasion—offers potential therapeutic tar-
gets for enhancing GBM treatment outcomes.

We focused on TCGA-GBM for its uniformly pro-
cessed transcriptomic and survival data, which ensured
methodological consistency across our multi-omics anal-
yses. Future studies will incorporate independent cohorts
to strengthen the model’s generalizability.

Experimental  validation revealed  significantly
increased lactylation and S100A6 expression in GBM
cell lines and patient tissues. SI00A6 knockdown in
GBM cells led to reduced proliferation and migration,
highlighting its crucial role in tumor growth and inva-
siveness. These findings suggest that S100A6 could be
a valuable therapeutic target for GBM. Future research
should focus on developing inhibitors targeting lacty-
lation or S100A6 and evaluating their efficacy in pre-
clinical GBM models. Given the spatial heterogeneity of
lactylation-associated features in GBM, it is crucial to
explore how different tumor regions respond to treat-
ment and whether targeting specific subpopulations can
improve patient outcomes. Another limitation is the
absence of in vivo validation (e.g., orthotopic xenograft
or spheroid models), as only in vitro assays were feasible
with our resources. Future work should incorporate in
vivo approaches to confirm the therapeutic potential of
S100A6 and lactylation targeting. We also acknowledge
the lack of site-specific biochemical assays (e.g., LC-MS/
MS or ChIP-qPCR); such methods will be essential to
directly anchor the transcript-derived lactylation score to
biochemical measurements.

Conclusions

Our findings highlight lactylation’s crucial role in shaping
the metabolic and proliferative landscape of GBM, driv-
ing its aggressiveness and therapy resistance. Targeting
lactylation and its pathways may offer novel therapeutic
strategies to improve GBM treatment outcomes.
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