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Introduction: The altered expression of genes encoding histone
acetyltransferases (HATs) and histone deacetylases (HDACs) has been
implicated in the tumorigenesis and progression of various solid tumors.
However, systematic characterization of the transcriptomic landscape and
clinical relevance of HATs and HDACs in pan-cancer contexts remains lacking.

Methods: Transcriptome and clinical data of 9,483 patients across 31 tumor
types from The Cancer Genome Atlas were collected for systematic pan-cancer
analysis. Additional glioma-specific datasets (Chinese Glioma Genome Atlas,
GlioVis, GSE43378, and GSE182109) were also collected to validate the
transcriptional characteristics of HATs and HDACs in gliomas. Consensus
clustering analysis was applied to identify distinct expression patterns of HATs
and HDACs.

Results: Based on the transcriptomic data of 25 genes encoding 9 HATs and 16
HDACSs, we identified five major subtypes across 31 cancer types (AC-I to AC-V).
Notably, the AC-V subtype comprised over 95% of glioma patients, suggesting
glioma patients exhibited distinct expression patterns of histone acetylation-
modifying enzymes compared to patients with other solid tumors. Therefore, we
re-conducted the consensus clustering analysis specifically within the context of
gliomas and identified five subtypes, denoted "AC-GI" to "AC-GV", which were
characterized by differences in HATs/HDACs expression patterns, biological and
immune status, genetic alterations, and clinical outcomes. The AC-Gl| patients
exhibited the best prognosis and were sensitive to temozolomide, while AC-GV
patients had the poorest prognosis and the lowest sensitivity to temozolomide
among all subtypes. Moreover, based on the Connectivity Map database analysis
and experimental verification, we identified several pan-HDAC inhibitors that
could serve as sensitizers for temozolomide therapy in AC-GV patients, such as
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panobinostat and scriptaid. Considering the distinctive clinical characteristics of
patients with AC-Gll and AC-GV, we constructed the "“ACG score” model capable
of effectively recognizing patients with these subtypes and predicting
patient prognosis.

Conclusion: Herein, we established novel biologically and clinically relevant
molecular classifications for pan-solid tumors and gliomas based on
transcriptional expression profiles of HATs and HDACs. Moreover, the ACG
score model, calculated by the transcriptional expression of 29 genes, was not
only an independent prognostic factor for glioma patients, but can also provide

valuable references for promoting more effective therapeutic strategies.

histone acetylation, molecular classification, pan-cancer, glioma, prognosis

1 Introduction

As a primary epigenetic mechanism influencing oncogenesis,
the acetylation of histone lysine residues, modulated by the
opposing activities of histone acetyltransferases (HATs) and
histone deacetylases (HDACs), can markedly affect chromatin
compaction, further impacting transcription factors accessing the
promoter region and the transcriptional expression of genes (1-4).
Considering that HDACs are frequently dysregulated across various
tumors and inhibiting their activity could effectively disrupt tumor
cell viability, HDACs have emerged as promising therapeutic
targets for multiple tumor types (5, 6). However, although in vitro
and in vivo studies have shown promising results (7, 8), clinical
trials for HDAC inhibitors (HDACis) in solid tumors have been
unsatisfactory, possibly owing to the lack of patient stratification,
with existing inhibitors targeting multiple HDACs, potentially
eliciting unwanted side effects (9-11). Therefore, elucidating the
expression features of histone acetylation-modifying enzymes at the
pan-cancer level could provide a more comprehensive view of the
acetylation-deacetylation balance, which may help unravel both the
commonalities and heterogeneity of various human malignancies,
offering insights for screening patients suitable for HDACis therapy.

Recently, the mRNA expression of histone acetylation-modifying
enzymes has been used to define molecular subtypes with substantial
prognostic differences in patients with gastric and colon cancer (12,
13). However, systematic efforts to characterize the transcriptomic
landscape and clinical relevance of HATs and HDACs in pan-cancer
backgrounds are lacking. In this study, we first conducted a pan-
cancer analysis of the transcriptomic expression of 9 HATs and 16
HDACs to provide a preliminary overview of mRNA expression
patterns of histone acetylation-modifying enzymes across various
tumor types. More importantly, given our findings suggested that
glioma displayed unique expression patterns of HATs and HDACs
compared to other solid tumors, we specifically performed consensus
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clustering analysis on specimens of patients with glioma to identify
molecular subtypes with distinct biological features, tumor
microenvironment (TME) and clinical outcome.

2 Materials and methods
2.1 Data retrieval

The cancer-associated datasets, including mRNA sequencing
(n = 10,079), clinical (n = 9,483), single nucleotide variation
(SNV) (n = 10,234), copy number variation (CNV) (n =
10,878), microRNA data (n=10,818), and proteomic data
(n=8,657) were gathered from the “TCGA pan-cancer” section
of University of California Santa Cruz (UCSC) Xena database
(https://xenabrowser.net). A total of 31 types of solid tumors were
included in our pan cancer analysis (Supplementary Table SI).
Particularly, we also collected the transcriptomic data of gliomas in
Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/),
GlioVis (http://gliovis.bioinfo.cnio.es/), and GEO (http://
www.ncbi.nlm.nih.gov/geo, GSE43378 and GSE182109) databases
for exploring and validating our findings in glioma (Supplementary
Table S2).

2.2 Consensus clustering analysis based on
transcriptomic profiles of HATs and HDACs

We conducted an unsupervised clustering (K-means) analysis
based on transcriptomic profiles of HATs and HDAC:s to delineate
different acetylation regulator modification patterns.
ConsensusClusterPlus (14) was applied to choose the optimal
clustering number and assess clustering stability. To ensure both
robustness and computational feasibility of the results, the
parameters were chosen as follows: maxK (the maximum number
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of clusters) = 10, reps (the number of resampling iterations) = 1,000,
pltem (the proportion of data points randomly sampled for each
iteration) = 0.95, pFeature (the proportion of features considered in
each iteration) = 1.

2.3 Prediction of molecular subtype by a
combination of prediction analysis for
microarray and nearest template
prediction algorithms

To map the classification obtained from consensus clustering
analysis on independent datasets, we first employed the prediction of
molecular subtype by a combination of prediction analysis for
microarray (PAM) algorithm to identify gene markers whose
expression best discriminates each subtype based on the whole
transcriptome (15). Then, the filtered gene sets were subsequently
used as template features for nearest template prediction (NTP) (16),
which is a correlation-based method specifically constructed to
provide robust class predictions for high-dimensional and noisy
gene expression data (17).

2.4 Biological process, metabolic activation
and immune infiltration analysis

To analyze biological processes, we implemented gene set
variation analysis (GSVA) (18) against a collection of 50 hallmark
biological pathways and 186 Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways as previously described (19, 20). The
activation of metabolic gene signatures and immune cell signatures
in each sample were analyzed using the “IOBR” R package (21). A
total of 6 algorithms for estimating immune cell infiltration
including quantTIseq, TIMER, EPIC, MCP-counter, ESTIMATE,
and xCell were embedded in “IOBR”.

2.5 Trajectory analysis

The pseudotime analysis was conducted using the ‘monocle’ R
package (22). Firstly, a monocle object was established utilizing the
‘newCellDataSet’ function. Following this, genes with a minimum
expression level of 0.1 and expressed in at least 0.5% of samples
were selected. Moreover, the ‘differentialGeneTest’ function was
utilized for identifying genes for trajectory sequencing. Next, the
‘reduceDimension’ function was adopted for dimension reduction,
applying the parameter ‘reduction_method = DDRTree’. Lastly, the
samples were organized in a pseudotime sequence using the
‘orderCells’ function and visualization was implemented by the
‘plot_cell_trajectory’ function.

2.6 Somatic genetic mutation and miRNA
enrichment analysis

For somatic genetic mutation analysis, the genetic mutation file
was acquired using the TCGAbiolinks package (23), and the
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identification of significant cancer mutated genes (SMGs) was
performed through the application of MutSigCV algorithm (24).
Subsequently, we selected the top 100 SMGs based on their total
mutation frequency and conducted a chi-square test to analyze the
distribution of effective mutations among different groups as
previously described (25, 26). As for the miRNA enrichment
analysis, the pathway enrichment analysis based on miRNAs was
conducted by using the miRNA Enrichment Analysis and
Annotation Tool (https://ccb-compute2.cs.uni-saarland.de/mieaa2/).

2.7 ldentify potential therapeutic drugs by
Cancer Therapeutics Response Portal
database analysis and Connectivity

Map analysis

To identify potential therapeutic drugs for each subtype, we
utilized pRRophetic package (27), which employs a ridge regression
model based on the Cancer Therapeutics Response Portal (CTRP)
database, to predict the single agent drug sensitivity of each sample.
Drug sensitivity quantification was determined based on the area
under the dose-response curve (AUC), where higher AUC values
corresponded to diminished sensitivity. Moreover, to discover
compounds that may improve chemosensitivity in subtypes
resistant to chemotherapy, we performed Connectivity Map
(CMap) analysis utilizing the online tool (https://clue.io/). We
selected 300 differentially expressed genes (DEGs) with the most
significant fold changes between samples in the targeted subtype
and those in the control group (150 upregulated and 150
downregulated). These DEGs were input into the CMap database
according to the website’s instructions. Compounds with
enrichment scores below —90 were identified as potentially
effective drugs.

2.8 In vitro and in vivo drug
sensitivity assays

GBM cell line U87 was routinely maintained in Dulbecco’s
Modified Eagle Medium (DMEM) supplemented with 10% fetal
bovine serum at 37 °C with 5% CO2. U87 cell line was authenticated
by the short tandem repeat profiling. As for the in vitro
experiments, we measured cell survival of U87 cells under
different treatment groups using CCKS, flow cytometry, and
clonogenic assays, as previously described (28, 29). As for in vivo
experiments, all animal experiments received approval from the
Nanfang Hospital Animal Care and Use Committee and were
conducted in accordance with the National Guidelines for Animal
Experimentation. Female BALB/C nude mice, aged six weeks, were
housed in a pathogen-free facility with unrestricted access to food
and water, and were maintained under a 12-hour alternating dark/
light cycle. The BALB/C nude mice received intracranial injections
of 1 x 10° cells, and tumor nodule volumes were monitored every
other day. In the drug treatment experiments, mice were allocated
to various treatment groups in a non-blinded manner once the
tumor volume reached approximately 50 mm®. On the 14" day, the
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mice were executed, and the transplanted tumors were removed for
photography and weighing. The weight of transplanted tumors at
the time of executing mice was used as an indicator to compare the
efficacy of different drug treatment groups.

2.9 Identification of marker genes used for
establishing signature scores

First, the TCGA/CGGA cohort was divided into the training set
and validation set according to the histological types by utilizing the
caret package (30). Then, we screened the candidate genes used for
establishing signature scores through the following methodology:
First, the limma package (31) was employed to identify DEGs
between samples in the targeted subtype and samples in the
control group. Only genes with |log,FC|>1.5 and adj p value <
0.05 were included in subsequent analysis. Afterwards, leave-one-
out cross-validation (LOOCV) framework, a specialized form of
cross-validation with each individual data point in the dataset is
used as a test set and the remaining data points serve as the training
set over each iteration, was employed to fit 105 prediction models
generated by 11 independent methods, including Boruta feature
selection (32), Random Survival Forest (33), Elastic Net,
Generalized Boosted Regression Modeling (GBRM), Stepwise
Cox, CoxBoost, Partial Least Squares Regression for Cox (34),
Supervised Principal Components (35), Survival Support Vector
Machine, Ridge, and Lasso (36), which were adopted to reduce the
dimensions of DEGs and select genes with high C-index in both
training and test cohort.

2.10 Single-cell RNA sequencing
data processing

The glioblastoma multiforme (GBM) single-cell RNA sequencing
(scRNA-seq) dataset GSE182109 (37) was analyzed utilizing the
workflow of Seurat package (38). The unqualified cells were filtered
out according to the following metrics: cells 1) expressing less than 300
genes; 2) with UMI counts < 500 or >200,000; 3) percentage of
mitochondrial genes >20%; 4) ribosomal transcripts > 50% were
filtered out. Genes expressed in fewer than three cells were also
removed. Potential doublets or multiplets were identified and
meticulously removed using Scrublet (39). After removing the low-
quality and doublet cells, library size normalization was performed by
adopting the LogNormalize method. Dimensionality reduction was
subsequently conducted through principal component analysis (PCA),
utilizing the matrix of the top 2,000 highly variable genes generated by
the FindVariableFeatures function. We utilized Harmony (40) to
correct batch effects. Then, the FindNeighbors and FindClusters
functions were used to construct the shared nearest neighbors and
major cell clusters, respectively. Dimensionality reduction and
visualization of the clusters were conducted using Uniform Manifold
Approximation and Projection. All cluster assignments underwent
manual verification to ensure the precise partitioning of cells.
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2.11 Statistical analysis

For the comparison between two groups of continuous
variables, the Student’s t-test was employed to assess the
disparities in parametrically distributed variables, while the
Mann-Whitney U test was used to evaluate the nonparametrically
distributed variables. When comparing more than two groups, we
utilized the Kruskal-Wallis and one-way ANOVA tests for
parametric and nonparametric variables, respectively. Analysis of
categorical variables involved the use of chi-square and Fisher’s
exact tests. Survival analyses were conducted utilizing Kaplan-Meier
analysis, supplemented by the log-rank test as needed. The optimal
threshold values for high- and low-score groups were determined
utilizing the Survminer package. Statistical significance was
established with a two-tailed p-value < 0.05. Version 4.3.3 of the
R software was applied to conduct all the statistical analyses.

3 Results

3.1 Expression profiles of 25 genes
encoding 9 HATs and 16 HDACs across 31
cancer types

Figure 1A illustrates the study workflow. We retrieved two
reviews on histone acetylation modification (1, 41), and 29
recognized histone acetylation modification regulators were
initially collected. After eliminating four HATs/HDACs genes
that were absent from TCGA-pan cancer cohort, a total of 25
genes encoding 9 HATs and 16 HDACs, were collected and defined
as histone acetylation regulator genes (ACRGs) for subsequent
analysis. Comparing expression levels of these ACRGs in tumor
and adjacent normal tissues, we found most ACRGs consistently
dysregulated across various tumors. Specifically, HDAC4, HDACS5,
KAT2B, NCOAL, SIRT1, and SIRT4 had lower expression in tumor
tissues across 14, 12, 18, 17, 16, and 12 cancer types, respectively.
Conversely, HDACI, HDACI10, KAT2A, SIRT6, and SIRT7 were
upregulated in 13, 16, 17, 14, and 12 cancer types (Figure 1B).
Although transcriptomic levels varied significantly between tumor
and normal tissues, methylation levels of most ACRGs did not,
except for CREBBP, which was consistently hypomethylated across
15 tumor types (Figure 1C). Regarding somatic mutations, out of
9,477 samples, 1,796 (18.95%) had at least one ACRG mutation
(defined as the total mutation rate), predominantly in CREBBP,
EP300, and HDAC9. The total mutation rate was the highest in skin
cutaneous melanoma (47.54%), followed by bladder urothelial
carcinoma (40.15%) and uterine corpus endometrial carcinoma
(35.59%) (Figure 1D, Supplementary Table S3). Moreover, most
genes underwent CNV amplification or deletion (Figure 1E), with
CNV significantly positively correlating with ACRG expression
levels in most cancers (Figure 1F). Additionally, Né6-
methyladenosine (m6A) modification signature (42) was
significantly associated with ACRG expression, suggesting a
synergistic regulatory effect between m6A modification and
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FIGURE 1

Landscape of histone acetylation regulator genes (ACRGs) in each cancer type of TCGA pan-cancer cohort. (A) Workflow of this study. (B, C) Dot
plot depicted the differential mMRNA expression level (B) and methylation level (C) of ACRGs between tumor and normal samples in each cancer type.
The yellow dots indicated high gene expression or high methylation level in tumors and the blue dots represented low gene expression or low
methylation level in tumors. (D) The mutation rate of each ACRG. The upper and right bar plot indicates the proportion of each variant type in
different cancer types and ACRGs. (E) Histogram showed the frequency of somatic copy number alterations for each ACRG in each cancer type. (F)
Dot plot depicted the correlation between somatic copy number alterations and mRNA expression of each ACRG in each cancer type. The yellow
dots indicated positive correlations and the blue dots represented negative correlations. (G) Dot plot depicted the correlation between the W-E
signature level and mRNA expression of each ACRG in each cancer type. The yellow dots indicated positive correlations and the blue dots
represented negative correlations. (H) Dot plot depicted the correlation between overall survival (OS) and mRNA expression of ACRGs. The yellow
and blue dots represented longer and shorter OS in the groups with higher mRNA levels of ACRGs, respectively.

histone acetylation modification in gene expression (Figure 1G). 3.2 Clustering analysis based on

Finally, considering the prognostic significance of ACRGs, we transcriptional expression of ACRGs across
found that ACRG expression levels were significant prognostic  pan-cancer samples

markers in several cancers, particularly kidney renal clear cell
carcinoma and lower-grade glioma, indicating their role in

To explore the expression pattern of ACRGs at the pan-cancer
malignant progression (Figure 1H).

level, we performed unsupervised clustering analysis in the TCGA
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pan-cancer cohort. As shown in Figures 2A, B, five major subtypes,
denoted “AC-I” to “AC-V”, were identified. The transcriptional
expression levels of 25 ACRGs among five AC subtypes are shown
in Supplementary Figure S1. In terms of the proportion of patients
with different cancer types in each AC subtype, we found that AC-V
comprised over 95% of patients with glioma (up to 98% of low-
grade glioma (LGG) and nearly 50% of GBM patients, Figures 2C,
D, Supplementary Table S4). Moreover, AC-V subtype also
exhibited the highest silhouette widths (Supplementary Table S5)
indicating a distinctive histone acetylation status for patients with
glioma, which could possibly be attributed to the unique biology of
brain tissue origin, distinct oncogenic mutations, and
microenvironmental pressures (43-45). Therefore, we performed
further consensus clustering analysis in the remaining solid tumors

10.3389/fimmu.2024.1523034

of the TCGA pan-cancer cohort after eliminating gliomas.
Consistent with the previous finding, four optimal clusters
(Figure 2E, subsequently referred to as “ACR subtype”, with “R”
standing for remaining tumors) were identified in this context. Each
cluster displayed the enrichment of partial regulators (Figure 2F),
contained various cancer types (Figures 2G, H, Supplementary
Table S6),
(Supplementary Table S5), suggesting a new classification model

and exhibited similar silhouette width levels

for solid tumors beyond the cell-of-origin context. Interestingly,
among pan-gastrointestinal tumors, the proportions of esophageal
squamous cell carcinoma (ESCA), stomach adenocarcinoma, colon
adenocarcinoma (COAD), and rectum adenocarcinoma classified
into the AC-RII subtype were 75.3%, 50.60%, 0.04%, and 0.05%,
respectively, while the proportions classified into the AC-RIV
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FIGURE 2

Consensus clustering based on mRNA expression of histone acetylation regulator genes (ACRGs) in the TCGA pan-cancer cohort. (A, B) Consensus
matrix (A) and heatmap (B) depicted the expression pattern of the 25 ACRGs identified by the unsupervised clustering analysis in the TCGA pan-
cancer cohort. Cohort details were illustrated as patient annotations. (C, D) Bar charts summarized the proportions of patients with different cancer
types within and across different AC subtypes (C) and the proportions of patients with different AC subtypes within and across different cancer types
(D). (E, F) Consensus matrix (E) and heatmap (F) depicted the expression pattern of the 25 ACRGs identified by the unsupervised clustering analysis.
Cohort details were illustrated as patient annotations. (G, H) Bar charts summarized the proportions of patients with different cancer types within
and across different ACR subtypes (G) and the proportions of patients with different ACR subtypes within and across different cancer types (H). (1)
Kaplan-Meier curves of overall survival (OS) according to ACR subtypes. (J) The forest plot showed the associations between ACR subtypes and OS
of patients in each cancer type. (K) Box plots exhibited predicted area under curve values of entinostat (left), panobinostat (middle), and vorinostat
(right) corresponding to patients with different ACR subtypes based on CTRP analysis. (L, M) Box plots showed the biological pathway activation
status (L) and tumor microenvironment landscape (M) among the ACR subtypes. (N) Sankey diagram of ACR subtypes in groups with different
molecular subtypes. ***p < 0.001; NA, not available.
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subtype were 24.7%, 46.02%, 90.91%, and 87.50%, respectively,
demonstrating a transition of histone acetylation modification
from upper to lower gastrointestinal tract (Supplementary Table
S6). In addition, over 50% of patients with pan-squamous cell
carcinoma, except those with ESCA, were classified into AC-RIV,
showing commonalities in histone acetylation among cancer types
with similar tissue origin. In terms of clinical relevance, the survival
analysis showed that AC-RIV subtype had the shortest overall
survival (OS, Figure 2I) and higher mortality risks in 16 of 23
cancer types (Figure 2J). Furthermore, the predicted AUC values for
three pan-HDACis indicated higher sensitivity in AC-RII and AC-
RIV (Figure 2K). In terms of biological and immune characteristics
(Figures 2L, M), we found that AC-RIV exhibited downregulated
angiogenesis and estimated infiltration scores of endothelial cells
but activated pathways related to cell cycle regulation (E2F, MYC,
MTORCI, G2 checkpoint signaling). Finally, the Sankey diagram
showed that AC-RIV patients tended to concentrate in the subtype
exhibiting immune-depleted characteristics, including wound
healing and IFN-gamma dominant, while AC-RIII patients were
enriched in the immune-inflamed subtype (Figure 2N) (46, 47).
Collectively, these findings suggested that the transcriptional
profiling of these 25 ACRGs could aid in establishing molecular
classifications transcending tissue-of-origin cancer types.

3.3 Clustering analysis based on the
transcriptomic expression of ACRGs in
patients with glioma

Given the distinctive ACRG expression pattern observed in
glioma patients, we integrated the transcriptome data from the
TCGA-GBMLGG (containing 529 LGG and 166 GBM patients),
CGGA-692 (containing 443 LGG and 249 GBM patients), and
CGGA-321 (containing 182 LGG and 139 GBM patients) datasets
and re-performed consensus clustering analysis. As a result, these
glioma patients were classified into five clusters (subsequently
referred to as “ACG subtype”, where “G” stands for gliomas),
which were referred to as “AC-GI” to “AC-GV” (Figures 3A, B).
Each cluster comprised varying proportions of LGG and GBM
patients, suggesting that the ACG subtype was a novel classification
scheme for glioma beyond histopathological features (Figure 3C).
Among these clusters (Figures 3D, E), AC-GI was characterized by
elevated expression of KAT2A, while HDAC4 emerged as the most
critical ACRG for distinguishing AC-GII patients, with its high
expression correlating with longer survival. For samples within AC-
GIII, the synergistic downregulation of KAT2A, HDACI10, and
SIRT7 mRNA expression can serve as a defining molecular
characteristic. As for AC-GIV, the ACRGs that were most
important for distinguishing patients within this subtype included
EP300, CREBBP, NCOA1, and CLOCK, all of which exhibit low
expression levels in AC-GIV. Finally, in terms of AC-GV, the
mRNA expression of HDACI1 was significantly reduced, while
that of HDAC1, HAT1, and HDAC?7, which are strongly associated
with poor prognosis, were significantly elevated in this subtype. We
further explored the prognostic significance of ACG subtype in
glioma patients. The results showed that, within the entire patient
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cohort, AC-GII subtype displayed markedly longer survival,
whereas the AC-GV corresponded to worst prognosis (Figure 3F).
Furthermore, the prognostic significance of ACG subtype was
preserved in subgroup analysis stratified by dataset used
(Supplementary Figures S2A, B) or treatment received by the
patient (Figures 3G-I). To clarify whether our proposed ACG
classification scheme is robust, we collected supplementary
transcriptomic data of glioma samples from the GlioVis database
and GEO database (GSE43378). Subsequently, we classified the
patients using the NTP algorithm based on the molecular
expression signatures obtained by PAM algorithm in the whole
transcriptome (48) (Supplementary Figures S2C-E). Similarly, we
identified five patient groups based on ACRG transcription
expression in both GlioVis and GSE databases, and the ACRG
expression characteristics (Figures 3], L, Supplementary Figures
S2F, G), histopathological features (Figure 3K) and prognostic
differences (Figure 3M, Supplementary Figure S2H) between each
group were generally consistent with the original ACG subtype.
Taken together, these results indicated that the transcriptional
expression of ACRGs represents a novel molecular marker with
significant clinical implications for the precise characterization and
classification of gliomas.

3.4 Association between ACG subtypes and
other genetic markers with
clinical significance

Currently, the clinical classification of glioma has been achieved
by integrating both histopathologic characteristics and molecular
markers, such as IDH mutation status, codeletion of chromosomal
arms 1p and 19q (1p/19q codeletion), and combined gain of
chromosome 7 and loss of chromosome 10 (7+/10-), etc (49).
Hence, we investigated the correlation between ACG classification
and molecular markers that are routinely assessed in clinical
practice. As shown in Figures 4A, B, we observed that the AC-GV
subtype was significantly enriched with molecular features linked to
high malignancy, such as IDH wild-type, 1p/19q non-codeletion,
EGFR amplification, 7+/10- mutations, and CDKN2A/B
homozygous deletion (HD) (Supplementary Table S7). In
addition, some genetic mutations that were frequently observed in
GBM, including PTEN and NF1, were more prevalent in AC-GV
compared to other ACG subtypes. Conversely, the AC-GII subtype
was concentrated in molecular characteristics such as IDH mutant,
1p/19q codeletion, non-EGFR amplification, and CDKN2A/B non-
HD. Notably, the CIC mutation, a genetic feature of
oligodendrogliomas, exhibited the highest incidence in the AC-
GII subtype. Furthermore, the frequency of MGMT promoter
methylation, a biomarker indicative of response to temozolomide,
was the highest in the AC-GII (85.4%), followed by AC-GIII,
whereas AC-GV showed the lowest incidence of MGMT
methylation. Consistently, the drug sensitivity analysis also
showed that the predicted AUC for temozolomide was the lowest
in AC-GII but significantly higher in AC-GIV and AC-GV
compared to other subtypes, suggesting that patients within AC-
GIV and AC-GV may have primary resistance to temozolomide
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(Figure 4C). Alterations in telomeres and telomerase have been
regarded as prognostic biomarkers for glioma patients (50). Our
findings revealed that the telomerase signature score and telomere
length was the highest in AC-GV subtype (Figures 4D, E). However,
aberrant telomere variant repeats and targeted telomere insertion
did not exhibit significant differences among the various ACG
subtypes (Supplementary Figure S3). Additionally, we also
evaluated the associations between ACG subtypes and genomic
instability. The findings indicated that genomic breakpoints,
aneuploidy scores, and chromosomal instability 25 scores were
significantly elevated in AC-GV patients compared to other
subtypes (Figures 4F-H). Correspondingly, the proteomic data
analysis also revealed increased expression of proteins involved in
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DNA damage repair, such as ATM, X53BP1, and MSH6, within the
AC-GV subtype (Figure 4I).
differentiation trajectory analysis showed that the AC-GV subtype

Finally, the transcriptional
was concentrated at the terminal point of the differentiation

trajectory, indicating that AC-GV represents the most aggressive
subgroup of glioma (Figure 4]).

3.5 Disparity in biological characteristics
and immune TME among ACG subtypes

The biological characteristic of each ACG subtype was assessed
using GSVA analysis (Figure 5A, Supplementary Figures S4A, B).
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different molecular subtypes in the TCGA-GBMLGG cohort. (B) Oncoprints depicted significantly mutated genes and different mutation types of
different ACG subtypes in the TCGA-GBMLGG cohort. (C) Box plot showed the predicted area under curve values of temozolomide based on the
CTRP database. (D-H) Violin plots displayed the telomere length (D), telomerase signature score (E), genomic breakpoints (F), aneuploidy score (G),
and CIN25 score (H) among different ACG subtypes in TCGA-GBMLGG cohort. (I) Heatmap exhibited the landscape of differentially expressed
proteins in different ACG subtypes in the TCGA-GBMLGG cohort. (J) Pseudotemporal analysis plot of TCGA-GBMLGG & CGGA cohort demonstrated
the potential development trajectory of different ACG subtypes. NA, not available.

The results suggested that the majority of biological pathways
cataloged in Hallmark and KEGG databases showed high
activation levels in AC-GV subtype. Specifically, biological
processes related to angiogenesis, epithelial-mesenchymal
transition, unfolded protein response, MTOR signaling, cell cycle
regulation, DNA damage repair, and apoptosis had the highest
activation levels in AC-GV compared to other subtypes. Similarly,
pathway enrichment analysis based on differential miRNAs also
indicated that miRNAs related to epithelial-mesenchymal transition
and cell cycle regulation were significantly upregulated in patients
with AC-GV compared with others (Figure 5B). The most
significantly elevated pathways in the AC-GIV subtype were the
ROS pathway, oxidative phosphorylation, and myogenesis,
indicating a higher degree of oxidative stress in the tumor tissues
of AC-GIV. Interestingly, the activation levels of the above three
biological processes were found to be significantly inhibited in AC-
GII subtype. The enrichment of metabolism-related pathways in
each ACG subtype is shown in Figure 5C, Supplementary Figure
S4C. Notably, AC-GV was characterized by the highest activation
levels of glycolysis, indicating that targeting glucose metabolism
could also be a potential therapeutic strategy for these patients.
To explore the immune heterogeneity among different ACG
subtypes, we estimated the immune infiltration score of each sample
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utilizing six transcriptomic-based immune cell infiltration
algorithms embedded in the IOBR package (21) (Figure 6A,
Supplementary Figure S5A). The analysis revealed that AC-GV
patients, despite having the poorest prognosis, exhibited the highest
estimated enrichment score of TME cells, especially CD4" T cells,
MI1 macrophages, activated dendritic cells, and cancer-associated
fibroblasts (CAFs). In particular, CAFs exhibit a highly infiltrated
pattern that was specific in AC-GV. Consistent with findings
generated from immune cell infiltration analysis, patients within
AC-GV also exhibited the highest levels of TMB (Figure 6B),
neoantigens (Figure 6C), and intratumoral heterogeneity
(Figure 6D), along with the lowest levels of tumor purity
(Figure 6E). Additionally, the activation levels of immune
regulatory pathway genes (e.g., antigen presentation, chemokine,
and immune checkpoint, etc) were also the highest in AC-GV
(Figure 6F, Supplementary Figure S5B). On the contrary, for
patients within AC-GI and AC-GII subtypes, both the estimated
infiltration abundance of most immune cells and the expression
levels of immune-related genes were observed to be at low levels,
suggesting that the TME of these two subtypes presents an
“immune desert” phenotype. In brief, the results mentioned above
identified an extensive immune infiltration disparity among five
ACG subtypes within gliomas.
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3.6 Screening of potential therapeutic
agent by CTRP and CMap database analysis

To explore the potential therapeutic agents that could be used
for treating glioma patients within different ACG subtypes, we
calculated the AUC value of 354 drugs documented in CTRP
database among TCGA-GBM and CGGA patients (Figures 7A,
B). We discovered that in addition to temozolomide mentioned
earlier, some pan-HDACis (vorinostat and pandacostat) also
showed the lowest mean AUC values in AC-GII subtype, while
the average AUC values were significantly increased in AC-GV,
suggesting that patients within AC-GII rather than AC-GV subtype
may benefit from pan-HDAC inhibitor treatment. Interestingly,
certain statins (e.g., fluvastatin and lovastatin), which have
demonstrated anti-tumor efficacy in both in vivo and in vitro
studies (51), showed significantly lower mean AUC values in AC-
GV patients compared to patients with other ACG subtypes,
suggesting that AC-GV patients may be suitable for statin therapy.

Since patients in the AC-GII subtype tended to be more sensitive
to temozolomide, we used the CMap bioinformatic tool to identify
drug candidates that can improve the efficacy of temozolomide based
on the differential transcriptome characteristics between AC-GV and
AC-GII subtypes. As shown in Figure 7C, we identified 12 compounds
whose CMap scores were lower than -90 in at least two glioma
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cohorts. Further investigation of the activity and gene targets of these
compounds revealed that four compounds were inhibitors of the
HDAC family (Figures 7D, E). Among them, belinostat, panobinostat,
and scriptaid were pan-HDACis, while ISOX is capable of specifically
inhibiting the activity of HDAC6. Since our previous findings have
demonstrated the lowest sensitivity of pan-HDACis and
temozolomide in AC-GV type patients (Figure 7B), we hypothesized
whether the combination of pan-HDACis and temozolomide could
exhibit synergistic antitumor effect. As panobinostat and scriptaid
exhibited lower enrichment scores compared to the other identified
pan-HDAC:s, we selected panobinostat and scriptaid for subsequent
empirical validation through wet lab experiments. By conducting in
vitro experiment, we validated that panobinostat or scriptaid could
enhance the inhibitory effects of temozolomide on U87 cell
proliferation (Figure 7F) and colony formation (Figure 7G), as well
as potentiate the temozolomide induced cell apoptosis (Figures 7H, I).
The xenotransplantation experiments further indicated that
temozolomide combined with panobinostat therapy limited the
capacity of U87 cells to form tumors in vivo (Figure 7]). To
conclude, these findings suggested that panobinostat or scriptaid
could serve as chemosensitizers for AC-GV subtype. The
combination of pan-HDACis with temozolomide represents a
promising novel therapeutic strategy for patients with AC-
GV subtype.
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3.7 Construction and validation of an ACG
subtype-related scoring model to discern
AC-GlIl and AC-GV

Since AC-GII and AC-GV were characterized by possessing
contrasting clinical characteristics, with AC-GII patients having
improved prognosis and higher temozolomide sensitivity, while
AC-GV displayed the opposite features, it would be beneficial to
establish an effective scoring scheme capable of accurately
identifying AC-GII and AC-GV patients. To provide a more
comprehensive view of the acetylation landscape without
overlooking important genes that are not directly involved in
enzymatic process, we screened the candidate genes from the
whole transcriptome. To reduce the dimensions of DEGs in AC-
GII (Figure 8A, Supplementary Table S8) and AC-GV (Figure 8B,
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Supplementary Table S9), we employed LOOCV framework to fit
105 prediction models and computed the c-index for each within
the TCGA/CGGA cohort. The GBRM algorithm was selected for
AC-GII subtype discrimination, while the combination of StepCox
and RSF was chosen to identify the AC-GV subtype. Subsequently,
by combing the results of these two prediction models, we
constructed a scoring scheme composed of 29 genes
(Supplementary Table S10), termed the “ACG score”, which was
defined as (the average value of up-regulated genes in AC-GV) -
(the average value of up-regulated genes in AC-GII). Among these
genes, SMC4, CAS2L3, DEPDCI, IGF3BP3, ANXAI, IGFBP2, and
PLAT were significantly upregulated in the AC-GV subtype and
associated with higher survival risks, while the remaining 22 genes
were upregulated in the AC-GII subtype and linked to improved
prognosis (Figures 8C, D). To examine the distribution of 29
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Screening of potential therapeutic agent by CTRP and CMAP database analysis. (A) Heatmap depicted the predicted area under curve values of 30
drugs with the most significant difference among different ACG subtypes based on the CTRP database. (B) Box plot showed the predicted area
under curve values of entinostat (left), panobinostat (middle), and vorinostat (right) in different ACG subtypes based on the CTRP database. (C)
Heatmaps showing the enrichment score of each compound based on the Connectivity Map analysis in the TCGA-GBMLGG, CGGA, and GlioVis

cohorts. (D, E) Heatmap showing the mechanisms of the action (D) and gene targets of each compound (E). (F) U87 cells were treated with vehicle
control + Temozolomide, Panobinostat (12 nM) + Temozolomide, and Scriptaid (3.2 uM) + Temozolomide for 48h or 72h. Cell viability was detected
by cell counting kit-8 (CCK8). (G) U87 cells were treated with vehicle control, Panobinostat(12nM), Scriptaid(3.2uM), Temozolomide(800uM),
Panobinostat(12nM) and Temozolomide(800uM), or Scriptaid(3.2uM) and Temozolomide(800uM) for 48h, and cultured up to 2 weeks in drug-free
DMEM complete media. Colonies were fixed with paraformaldehyde and stained with crystal violet, then analyzed by ImageJ. Representative images
of colony formation assay and mean percent difference in colony formation in different drug treatment groups from three independent experiments.
(H) Representative Annexin V and PI staining of vehicle control, Panobinostat, Scriptaid, Temozolomide, Panobinostat + Temozolomide, and
Scriptaid + Temozolomide treated U87 cells. Quantification (percentage of) early and late apoptotic cells. (I) U87 cells were incubated with the drugs
mentioned above for 48h, and lysates were subjected to Western blot to identify the levels of apoptotic proteins, cleaved PARP, Bcl2 and cleaved

caspase-3. (J) U87 cells (1X1076 cells in 100ul of DMEM) were intracranially injected into 6 week-old female BALC/c nu/nu mice. After one week,
measured tumor growth, and mice were randomized into 4 groups and treated with vehicle control, Panobinostat(5mg/kg), Temozolomide(25mg/
kg), Panobinostat(5mg/kg) + Temozolomide(25mg/kg) for 5 days a week. On the 14th day, images of tumors in both groups of mice were obtained.
Histogram comparison of tumor weights among different treatment groups in mice with tumors. *p < 0.05, **p < 0.01, ***p < 0.001. ns,

not significant.

scoring genes among different TME cells, we obtained the glioma
scRNA-seq dataset GSE182109, in which 214,366 cells from 44
tumor tissues were categorized into seven major cell types,
including glioma cells, oligodendrocytes, myeloid cells, T cells, B
cells, endothelial cells, and pericytes (Supplementary Figures S6A,
B). The marker gene expression for different cell types was shown in
Supplementary Figure S6C. The violin plot demonstrated that
IGFBP2, SMC4, PLAT, and ANXAI, showed relatively higher
expression levels in pericytes and glioma cells compared to other
scoring genes (Supplementary Figure S6D). The ROC curves
demonstrated that the ACG score could accurately identify both
the AC-GII and AC-GV subtypes, with elevated ACG scores
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indicating AC-GV and reduced scores prompting AC-GII subtype
in TCGA-GBMLGG&CGGA (Figures 8E, F), GlioVis cohorts
(Figures 8G, H), and GSE43378 (Supplementary Figures S7A, B).
Subsequent survival analyses revealed that elevated ACG score was
linked to higher mortality risk in the univariate model (Figures 81, J,
Supplementary Figure S7C) and was validated as an independent
prognostic indicator by multivariate Cox regression (Figure 8K,
Supplementary Tables S11-13). Moreover, high ACG score
subgroup was associated with reduced temozolomide sensitivity
(Figure 8L, Supplementary Figure S7D). We also investigated the
correlation between ACG score and molecular markers that are
routinely assessed in clinical practice. As shown in Supplementary
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Construction and validation of ACG score in different glioma cohorts. (A, B) Bar plots displayed machine learning prediction models using
differentially expressed genes in AC-GlI (A) and AC-GV subtype (B) respectively via leave-one-out cross validation framework and further calculated
the C-index of each model across Train and Test datasets in TCGA-GBMLGG & CGGA cohort. (C) Heatmap exhibited the expression of genes
consisting of ACG score in different ACG subtypes in the TCGA-GBMLGG & CGGA cohort. (D) The forest plot showed the associations between the
expression of genes consisting of ACG score and OS of patients in the TCGA-GBMLGG & CGGA cohort. (E, F) The receiver operating characteristics
curve (E) and violin plots (F) showed the ability of ACG score to distinguish AC-GV (blue) and AC-GlI subtype (red) from other ACG subtypes in the
TCGA-GBMLGG & CGGA cohort. (G, H) The receiver operating characteristics curve (G) and violin plots (H) showed the ability of ACG score to
distinguish predicted AC-GV (blue) and predicted AC-GlI subtype (red) from other ACG subtypes in the TCGA-GBMLGG & CGGA cohort. (1, J)
Kaplan-Meier curves of OS in the TCGA-GBMLGG & CGGA cohort (I) and GlioVis cohorts (J) according to the ACG score. (K) The forest plot showed
the associations between the various factors and OS in a multivariate regression model in the TCGA-GBMLGG cohort. (L) Box plots exhibited
predicted area under curve values of temozolomide among different ACG score groups based on CTRP analysis in the TCGA-GBMLGG & CGGA

(left) and GlioVis (right) cohorts. NA, not available.

Figure S8, we observed that the high ACG score group was enriched
with molecular features linked to high malignancy, such as IDH
wild-type, 1p/19q non-codeletion, EGFR amplification, 7+/10-
mutations, and CDKN2A/B HD (Supplementary Table S14).
Meanwhile, the frequency of MGMT promoter methylation, a
biomarker indicative of response to temozolomide, was
significantly lower in the high ACG score group (82.1%). Taken
together, these findings confirmed the robustness and
reproducibility of the ACG subtypes and revealed that the ACG
score could be a reliable biomarker predicting survival outcomes
and therapeutic efficacy in glioma patients.

4 Discussion

Growing evidence has demonstrated that histone acetylation
plays a pivotal role in tumorigenesis and progression owing to its
indispensable function in dynamic transcriptional control and the
maintenance of genomic integrity (52). Therefore, enzymes
involved in the histone acetylation process, particularly members
of the HDAC family, are considered a promising class for drug
targets (53). Currently, most developed HDACis simultaneously
target multiple classes of enzymes, including classes I, II, and IV
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(54). Although these pan-HDACis were found to exert potent anti-
tumor eftects both in vivo and in vitro (55, 56), their clinical efficacy
was observed predominantly in patients with hematological tumors
(53), failing to meet expectations in the treatment of most solid
tumors (10, 57, 58). In this study, by performing a clustering
analysis based on transcriptional expression of ACRG in the pan-
cancer cohort, we found that compared to other tumor types, which
tend to cluster together due to similarity in ACRG transcriptional
expression patterns, the ACRG expression characteristics of glioma
patients have strong cancer species specificity; more than 90% of
patients in the AC-V subtype are diagnosed with glioma, while each
of the other four subtypes contains over 15 tumor types. Moreover,
each AC subtype was characterized by the distinct expression
pattern of histone acetylation-modifying enzymes. This finding
suggested that the mRNA expression characteristics of ACRG
were able to classify tumors beyond their anatomical origin.
Meanwhile, such heterogeneous distribution pattern implies that
clinical trials of HDACis based solely on the conventional
anatomical classification of cancer, as currently performed in pan-
HDACi clinical trials, may fail to effectively stratify patients who
may experience benefits, possibly resulting in suboptimal outcomes.
Particularly, we noticed that patients with COAD were
predominantly distributed to the AC-IV and AC-RIV subtypes
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(over 90%), indicating a homogeneous acetylation modification
profile within this population. Recently, Wang et al. reported the
significant therapeutic benefits of combining a PD-1 antibody, an
HDACI, and a VEGF antibody in treating patients with
microsatellite stable/proficient mismatch repair advanced
colorectal cancer (59). Given that most patients with COAD were
categorized into the AC-RIV subtype, the proposed triplet
combination therapy may also yield positive outcomes in non-
colorectal AC-RIV patients.

Another important finding of this study is that we proposed a
classification model for gliomas based on ACRG transcriptional
expression patterns. In recent years, the importance of molecular
alterations in achieving precise classification of gliomas has been
widely recognized. Some molecular markers, such as IDH, 1p/19q
codeletion, EGFR amplification, CDKN2A/B loss, and TERT
promoter mutation, etc. have been routinely tested in clinical
practice and cooperated with histopathological information to form
the classification scheme of glioma (49). However, the intra-subtype
heterogeneity still exists under the current categorizations of gliomas,
suggesting that more molecular markers need to be developed for
more detailed classification. To our knowledge, this is the first report
exploring the role of transcriptional expression of ACRGs in
classifying gliomas. Our study showed that differences exist in the
distribution of transcriptional expression of ACRG in glioma, and
this difference is independent of some classical glioma classification
indicators, such as IDH, etc. Among them, AC-GII patients, who
were characterized by high expression of HDAC4, EP300, and
CREBBP, had the best prognosis and were sensitive to
temozolomide and pan-HDACis. HDAC4 is a member of the Class
ITa HDAC family that is highly expressed in brain cells. Although
analysis of multiple bulk RNA-seq datasets of glioma patients showed
that higher mRNA expression of HDAC4 was significantly correlated
with lower tumor grade and prolonged OS (60), overexpression of
HDAC4 (especially its nuclear overexpression) promotes
proliferation, invasion, and drug resistance in glioma cells in
cellular experiments (61, 62). Therefore, we hypothesized that the
biological role of HDAC4 in vivo may be modulated by additional
genetic factors (e.g., gene mutations) rather than being independent.
Unlike HDAC4, EP300 and CREBBP are acyltransferases whose
activity is essential for promoting histone H2B hyperacetylation.
The role of histone H2B hyperacetylation in tumorigenesis and
development remains controversial (63, 64). In gliomas, the degree
of H2B acetylation has been reported to be associated with reduced
immune infiltration scores. Coincidentally, our results also indicated
that the estimated abundance of immune cell infiltration within the
TME of AC-GII patients is notably low. This observation implies that
the use of inhibitors targeting EP300 and CREBBP molecules may
help to heat the TME of AC-GII tumors and exert a synergistic effect
with anti-PD-1 therapy in patients belonging to this subtype.

In contrast to AC-GII, AC-GV patients, characterized by high
expression of HAT1 and HDACI combined with loss of HDACI1
expression, had the worst prognosis and the highest predicted AUC
values for temozolomide and pan-HDACIs, suggesting that these
patients may have primary resistance to these drugs. Meanwhile, AC-
GV subtype displayed enriched genomic instability features,
including genomic breakpoints, aneuploidy, and intratumor
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heterogeneity. In terms of estimated immune infiltration scores,
although the AC-GV tumors had a high enrichment of CD8T cells
maker gene expression, CAFs, which have been recognized as crucial
contributors to the physical obstruction of T-cell infiltration through
the formation of a dense extracellular matrix, also exhibited highly
estimated infiltration abundance specifically in this subtype (65).
Therefore, we hypothesized that the TME characteristics of AC-GV
could be cataloged into the “immune-excluded” phenotype, which
may account for the poor prognosis of AC-GV subtype. Interestingly,
through the CTRP database analysis, we found that these patients
were more sensitive to statins. Previous studies have reported that
statins suppressed glioma growth through various mechanisms in
vitro (66); however, clinical observational studies showed that the use
of statins only reduces the incidence rate of glioma but does not
prolong the survival of glioma patients (67). Our study suggested that
only patients within AC-GV subtype may benefit from statin therapy.
Therefore, it is necessary to screen enrolled patients for clinical
studies on statins. In addition, through CMap analysis based on
DEGs between AC-GV and AC-GII, we also uncovered four HDACis
as potential chemotherapy sensitizers. Among them, we further
validated that the pan-HDAC inhibition by either panobinostat or
scriptaid demonstrated the ability to enhance chemosensitivity to
temozolomide in GBM cells. The combination therapy was more
effective in suppressing cell proliferation and inducing apoptosis than
either treatment alone. Since the dysregulation of HDACs has been
implicated in tumor adaptation and resistance to genotoxic
chemotherapy (68, 69), the pairment of HDACis with DNA-
damaging chemotherapeutic agents in GBM treatment appears to
be a rational and promising treatment sensitizing option for AC-GV
patients, thus warrant further investigation of this combination
therapy in clinical trials. Moreover, the ACG scoring model was
composed of 29 genes, which is easy to be converted into a clinically
usable kit, making the generation and standardization of ACG score
simple and convenient. The ACG score was not only an independent
predictor of poor prognosis of glioma patients, but could
also effectively identify patients with temozolomide resistance,
guide the decision of the combination therapy of pan-HDACis
and temozolomide, and thus possess significant clinical
transformation values.

This study has some limitations. First, previous studies have
reported that the ACRGs included in this study regulate many other
acylation modifications besides acetylation, including propionylation,
crotonylation, butyrylation, succinylation, glutarylation, 2-
hydroxyisobutyrylation, and B-hydroxybutyrylation (70-75).
Therefore, the connection between tumor classification system we
established based on the transcriptional expression of ACRGs and the
levels of histone acetylation modifications should be interpreted with
caution. Second, our study was solely based on a retrospective
analysis of public patient cohorts. Therefore, it is necessary to
collect multi-center patient cohorts to verify our findings. Further
validation in prospective cohorts using patient specimens can
significantly enhance the clinical applicability of ACG score. Third,
the cut-off values of the ACG score need to be standardized in future
prospective studies. Fourth, the analysis of drug sensitivities was
based exclusively on in silico results, thus, requiring further wet lab
experiment validation in the future. Last, other identified potential
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sensitizers for temozolomide combination treatment require further
experimental verification.

In conclusion, our study suggested that the transcriptional
expression characteristics of HATs and HDACs can yield novel
molecular classifications that transcend tissue-of-origin cancer types.
In particular, we identified five novel molecular subtypes (ACG subtype)
in the context of gliomas, unveiling differences in clinical, biological,
TME, and genomic alteration characteristics. These classification
patterns and the associated ACG score established in this study may
serve as key references for individualized treatment of gliomas.

Data availability statement

The data supporting the findings of this study are deposited in
“TCGA pan-cancer” section of University of California Santa Cruz
(UCSC) Xena database (https://xenabrowser.net), GEO (http://
www.ncbi.nlm.nih.gov/geo), CGGA database (http://www.cgga.
org.cn/), and GlioVis (http://gliovis.bioinfo.cnio.es/) database.

Ethics statement

The animal experiments were approved by the Nanfang
Hospital Animal Care and Use Committee and followed the
National Guidelines for Animal Experimentation. The multi omic
data were collected from public databases, ethical approval was not
required. The study was conducted in accordance with the local
legislation and institutional requirements.

Author contributions

JZ: Writing - original draft, Data curation, Formal Analysis,
Methodology, Visualization. LL: Writing - original draft, Data
curation, Formal Analysis, Visualization. AT: Writing — original draft,
Data curation, Formal Analysis. CW: Writing — review & editing,
Methodology, Validation. YW: Writing - review & editing,
Methodology, Validation. YH: Writing — review & editing, Validation.
GH: Writing - review & editing, Funding acquisition, Validation. WL:
Conceptualization, Supervision, Writing — review & editing, Funding
acquisition. RZ: Writing - review & editing, Conceptualization, Funding
acquisition, Supervision, Project administration.

References

1. Audia JE, Campbell RM. Histone modifications and cancer. Cold Spring Harb
Perspect Biol. (2016) 8:a019521. doi: 10.1101/cshperspect.a019521

2. Bannister AJ, Kouzarides T. Regulation of chromatin by histone modifications.
Cell Res. (2011) 21:381-95. doi: 10.1038/cr.2011.22

3. Kouzarides T. Chromatin modifications and their function. Cell. (2007) 128:693-
705. doi: 10.1016/j.cell.2007.02.005

4. Millan-Zambrano G, Burton A, Bannister AJ, Schneider R. Histone post-
translational modifications - cause and consequence of genome function. Nat Rev
Genet. (2022) 23:563-80. doi: 10.1038/s41576-022-00468-7

5. Moran B, Davern M, Reynolds JV, Donlon NE, Lysaght J. The impact of histone
deacetylase inhibitors on immune cells and implications for cancer therapy. Cancer
Lett. (2023) 559:216121. doi: 10.1016/j.canlet.2023.216121

Frontiers in Immunology

15

10.3389/fimmu.2024.1523034

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This work was
supported by the National Natural Science Foundation of China (No.
82102731 to RZ and No. 82272635 to WL), Natural Science
Foundation of Guangdong Province of China (2020A1515110686 to
RZ and 2022A1515012418 to RZ), Science and Technology Projects in
Guangzhou (2023A04J2331 to GH).

Acknowledgments

We would like to thank Editage for English language editing.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1523034/
full#supplementary-material

6. Parveen R, Harihar D, Chatterji BP. Recent histone deacetylase inhibitors in
cancer therapy. Cancer. (2023) 129:3372-80. doi: 10.1002/cncr.34974

7. Wang Z, Hu P, Tang F, Lian H, Chen X, Zhang Y, et al. HDAC6 promotes cell
proliferation and confers resistance to temozolomide in glioblastoma. Cancer Lett.
(2016) 379:134-42. doi: 10.1016/j.canlet.2016.06.001

8. Yin L, Liu Y, Peng Y, Peng Y, Yu X, Gao Y, et al. PARP inhibitor veliparib and
HDAC inhibitor SAHA synergistically co-target the UHRF1/BRCA1 DNA damage
repair complex in prostate cancer cells. ] Exp Clin Cancer Res. (2018) 37:153.
doi: 10.1186/s13046-018-0810-7

9. Yang T, Yang Y, Wang Y. Predictive biomarkers and potential drug combinations
of epi-drugs in cancer therapy. Clin Epigenetics. (2021) 13:113. doi: 10.1186/s13148-
021-01098-2

frontiersin.org


https://xenabrowser.net
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo
http://www.cgga.org.cn/
http://www.cgga.org.cn/
http://gliovis.bioinfo.cnio.es/
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1523034/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1523034/full#supplementary-material
https://doi.org/10.1101/cshperspect.a019521
https://doi.org/10.1038/cr.2011.22
https://doi.org/10.1016/j.cell.2007.02.005
https://doi.org/10.1038/s41576-022-00468-7
https://doi.org/10.1016/j.canlet.2023.216121
https://doi.org/10.1002/cncr.34974
https://doi.org/10.1016/j.canlet.2016.06.001
https://doi.org/10.1186/s13046-018-0810-7
https://doi.org/10.1186/s13148-021-01098-2
https://doi.org/10.1186/s13148-021-01098-2
https://doi.org/10.3389/fimmu.2024.1523034
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhang et al.

10. Hellmann MD, Jinne PA, Opyrchal M, Hafez N, Raez LE, Gabrilovich DI, et al.
Entinostat plus pembrolizumab in patients with metastatic NSCLC previously treated
with anti-PD-(L)1 therapy. Clin Cancer Res. (2021) 27:1019-28. doi: 10.1158/1078-
0432.Ccr-20-3305

11. Gray JE, Saltos A, Tanvetyanon T, Haura EB, Creelan B, Antonia SJ, et al. Phase
I/Tb study of pembrolizumab plus vorinostat in advanced/metastatic non-small cell
lung cancer. Clin Cancer Res. (2019) 25:6623-32. doi: 10.1158/1078-0432.Ccr-19-1305

12. Lin Y, Jing X, Chen Z, Pan X, Xu D, Yu X, et al. Histone deacetylase-mediated
tumor microenvironment characteristics and synergistic immunotherapy in gastric
cancer. Theranostics. (2023) 13:4574-600. doi: 10.7150/thno.86928

13. Zhou R, Xie F, Liu K, Zhou X, Chen X, Chen J, et al. Cross talk between
acetylation and methylation regulators reveals histone modifier expression patterns
posing prognostic and therapeutic implications on patients with colon cancer. Clin
Epigenetics. (2022) 14:70. doi: 10.1186/s13148-022-01290-y

14. Wilkerson MD, Hayes DN. ConsensusClusterPlus: a class discovery tool with
confidence assessments and item tracking. Bioinformatics. (2010) 26:1572-3.
doi: 10.1093/bioinformatics/btq170

15. Isella C, Terrasi A, Bellomo SE, Petti C, Galatola G, Muratore A, et al. Stromal
contribution to the colorectal cancer transcriptome. Nat Genet. (2015) 47:312-9.
doi: 10.1038/ng.3224

16. Hoshida Y. Nearest template prediction: a single-sample-based flexible class
prediction with confidence assessment. PLoS One. (2010) 5:e15543. doi: 10.1371/
journal.pone.0015543

17. Medico E, Russo M, Picco G, Cancelliere C, Valtorta E, Corti G, et al. The
molecular landscape of colorectal cancer cell lines unveils clinically actionable kinase
targets. Nat Commun. (2015) 6:7002. doi: 10.1038/ncomms8002

18. Hianzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinf. (2013) 14:7. doi: 10.1186/1471-2105-14-7

19. Liu G, Xie ], Lin B, Tian W, Wu Y, Xin S, et al. Pan-cancer single-cell and spatial-
resolved profiling reveals the immunosuppressive role of APOE+ Macrophages in
immune checkpoint inhibitor therapy. Adv Sci (Weinh). (2024) 11:¢2401061.
doi: 10.1002/advs.202401061

20. Tian B, Pang Y, Gao Y, Meng Q, Xin L, Sun C, et al. A pan-cancer analysis of the
oncogenic role of Golgi transport 1B in human tumors. | Transl Int Med. (2023)
11:433-48. doi: 10.2478/jtim-2023-0002

21. Zeng D, Ye Z, Shen R, Yu G, Wu J, Xiong Y, et al. IOBR: multi-omics immuno-
oncology biological research to decode tumor microenvironment and signatures. Front
Immunol. (2021) 12:687975. doi: 10.3389/fimmu.2021.687975

22. Trapnell C, Cacchiarelli D, Grimsby J, Pokharel P, Li S, Morse M, et al. The
dynamics and regulators of cell fate decisions are revealed by pseudotemporal ordering
of single cells. Nat Biotechnol. (2014) 32:381-6. doi: 10.1038/nbt.2859

23. Colaprico A, Silva TC, Olsen C, Garofano L, Cava C, Garolini D, et al.
TCGAbiolinks: an R/Bioconductor package for integrative analysis of TCGA data.
Nucleic Acids Res. (2016) 44:e71. doi: 10.1093/nar/gkv1507

24. Lawrence MS, Stojanov P, Polak P, Kryukov GV, Cibulskis K, Sivachenko A,
et al. Mutational heterogeneity in cancer and the search for new cancer-associated
genes. Nature. (2013) 499:214-8. doi: 10.1038/nature12213

25. Lin A, Qiu Z, Zhang ], Luo P. Effect of NCOR1 mutations on immune
microenvironment and efficacy of immune checkpoint inhibitors in patient with
bladder cancer. Front Immunol. (2021) 12:630773. doi: 10.3389/fimmu.2021.630773

26. Lyu Q, Lin A, Cao M, Xu A, Luo P, Zhang J. Alterations in TP53 are a potential
biomarker of bladder cancer patients who benefit from immune checkpoint inhibition.
Cancer Control. (2020) 27:1073274820976665. doi: 10.1177/1073274820976665

27. Geeleher P, Cox N, Huang RS. pRRophetic: an R package for prediction of
clinical chemotherapeutic response from tumor gene expression levels. PLoS One.
(2014) 9:¢107468. doi: 10.1371/journal.pone.0107468

28. Sun H, Zhou R, Zheng Y, Wen Z, Zhang D, Zeng D, et al. CRIP1 cooperates with
BRCA2 to drive the nuclear enrichment of RAD51 and to facilitate homologous repair
upon DNA damage induced by chemotherapy. Oncogene. (2021) 40:5342-55.
doi: 10.1038/5s41388-021-01932-0

29. Xie ], Deng X, Xie Y, Zhu H, Liu P, Deng W, et al. Multi-omics analysis of
disulfidptosis regulators and therapeutic potential reveals glycogen synthase 1 as a
disulfidptosis triggering target for triple-negative breast cancer. MedComm (2020).
(2024) 5:¢502. doi: 10.1002/mc02.502

30. Kuhn M. Building predictive models in R using the caret package. ] Stat Software.
(2008) 28:1-26. doi: 10.18637/js5.v028.i05

31. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res. (2015) 43:47. doi: 10.1093/nar/gkv007

32. Kursa MB, Rudnicki WR. Feature selection with the boruta package. J Stat
Software. (2010) 36:1-13. doi: 10.18637/jss.v036.i11

33. Ishwaran H, Kogalur UB, Blackstone EH, Lauer MS. Random survival forests.
Ann Appl Statistics. (2008) 2:841-60, 20. doi: 10.1214/08-AOAS169

34. Bastien P, Bertrand F, Meyer N, Maumy-Bertrand M. Deviance residuals-based
sparse PLS and sparse kernel PLS regression for censored data. Bioinformatics. (2015)
31:397-404. doi: 10.1093/bioinformatics/btu660

Frontiers in Immunology

10.3389/fimmu.2024.1523034

35. Bair E, Hastie T, Paul D, Tibshirani R. Prediction by supervised principal
components. ] Am Stat Assoc. (2006) 101:119-37. doi: 10.1198/016214505000000628

36. Tay JK, Narasimhan B, Hastie T. Elastic net regularization paths for all
generalized linear models. J Stat Software. (2023) 106:1-31. doi: 10.18637/jss.v106.i01

37. Abdelfattah N, Kumar P, Wang C, Leu JS, Flynn WF, Gao R, et al. Single-cell
analysis of human glioma and immune cells identifies S100A4 as an immunotherapy
target. Nat Commun. (2022) 13:767. doi: 10.1038/s41467-022-28372-y

38. Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, Mauck WMII]J, et al.
Comprehensive integration of single-cell data. Cell. (2019) 177:1888-902.e21.
doi: 10.1016/j.cell.2019.05.031

39. Wolock SL, Lopez R, Klein AM. Scrublet: computational identification of cell
doublets in single-cell transcriptomic data. Cell Syst. (2019) 8:281-91.¢9. doi: 10.1016/
j.cels.2018.11.005

40. Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, et al. Fast,
sensitive and accurate integration of single-cell data with Harmony. Nat Methods.
(2019) 16:1289-96. doi: 10.1038/s41592-019-0619-0

41. Fang Z, Wang X, Sun X, Hu W, Miao QR. The role of histone protein acetylation
in regulating endothelial function. Front Cell Dev Biol. (2021) 9:672447. doi: 10.3389/
feell.2021.672447

42. Oh ], Hwa C, Jang D, Shin S, Lee SJ, Kim J, et al. Augmentation of the RNA m6A
reader signature is associated with poor survival by enhancing cell proliferation and EMT
across cancer types. Exp Mol Med. (2022) 54:906-21. doi: 10.1038/s12276-022-00795-z

43. Cho Y, Cavalli V. HDAC signaling in neuronal development and axon
regeneration. Curr Opin Neurobiol. (2014) 27:118-26. doi: 10.1016/j.conb.2014.03.008

44. Han S, Liu Y, Cai SJ, Qian M, Ding J, Larion M, et al. IDH mutation in glioma:
molecular mechanisms and potential therapeutic targets. Br ] Cancer. (2020) 122:1580—
9. doi: 10.1038/s41416-020-0814-x

45. Spallotta F, Illi B. The role of HDAC6 in glioblastoma multiforme: A new avenue
to therapeutic interventions? Biomedicines. (2024) 12(11):2631. doi: 10.3390/
biomedicines12112631

46. Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou Yang TH, et al. The
immune landscape of cancer. Immunity. (2018) 48:812-30.e14. doi: 10.1016/
jimmuni.2018.03.023

47. Bagaev A, Kotlov N, Nomie K, Svekolkin V, Gafurov A, Isaeva O, et al
Conserved pan-cancer microenvironment subtypes predict response to
immunotherapy. Cancer Cell. (2021) 39:845-65.e7. doi: 10.1016/j.ccell.2021.04.014

48. Isella C, Brundu F, Bellomo SE, Galimi F, Zanella E, Porporato R, et al. Selective
analysis of cancer-cell intrinsic transcriptional traits defines novel clinically relevant
subtypes of colorectal cancer. Nat Commun. (2017) 8:15107. doi: 10.1038/
ncomms15107

49. Louis DN, Perry A, Wesseling P, Brat DJ, Cree IA, Figarella-Branger D, et al. The
2021 WHO classification of tumors of the central nervous system: a summary. Neuro
Oncol. (2021) 23:1231-51. doi: 10.1093/neuonc/noab106

50. Waitkus MS, Erman EN, Reitman ZJ, Ashley DM. Mechanisms of telomere
maintenance and associated therapeutic vulnerabilities in Malignant gliomas. Neuro
Oncol. (2024) 26:1012-24. doi: 10.1093/neuonc/noae016

51. Longo J, van Leeuwen JE, Elbaz M, Branchard E, Penn LZ. Statins as anticancer
agents in the era of precision medicine. Clin Cancer Res. (2020) 26:5791-800.
doi: 10.1158/1078-0432.Ccr-20-1967

52. Lee KK, Workman JL. Histone acetyltransferase complexes: one size doesn’t fit
all. Nat Rev Mol Cell Biol. (2007) 8:284-95. doi: 10.1038/nrm2145

53. Suraweera A, O’Byrne KJ, Richard DJ. Combination therapy with histone
deacetylase inhibitors (HDACI) for the treatment of cancer: achieving the full
therapeutic potential of HDACi. Front Oncol. (2018) 8:92. doi: 10.3389/
fonc.2018.00092

54. Li G, Tian Y, Zhu WG. The roles of histone deacetylases and their inhibitors in
cancer therapy. Front Cell Dev Biol. (2020) 8:576946. doi: 10.3389/fcell.2020.576946

55. Anastas N, Zee BM, Kalin JH, Kim M, Guo R, Alexandrescu S, et al. Re-
programing chromatin with a bifunctional LSD1/HDAC inhibitor induces therapeutic
differentiation in DIPG. Cancer Cell. (2019) 36:528-44.e10. doi: 10.1016/
j.ccell.2019.09.005

56. Salmon JM, Todorovski I, Stanley KL, Bruedigam C, Kearney CJ, Martelotto LG,
et al. Epigenetic activation of plasmacytoid DCs drives IFNAR-dependent therapeutic
differentiation of AML. Cancer Discovery. (2022) 12:1560-79. doi: 10.1158/2159-
8290.Cd-20-1145

57. Baretti M, Murphy AG, Zahurak M, Gianino N, Parkinson R, Walker R, et al. A
study of using epigenetic modulators to enhance response to pembrolizumab (MK-
3475) in microsatellite stable advanced colorectal cancer. Clin Epigenetics. (2023) 15:74.
doi: 10.1186/s13148-023-01485-x

58. Saunders MP, Graham J, Cunningham D, Plummer R, Church D, Kerr R, et al.
CXD101 and nivolumab in patients with metastatic microsatellite-stable colorectal
cancer (CAROSELL): a multicentre, open-label, single-arm, phase II trial. ESMO Open.
(2022) 7:100594. doi: 10.1016/j.esmo0p.2022.100594

59. WangF, Jin Y, Wang M, Luo HY, Fang W], Wang YN, et al. Combined anti-PD-
1, HDAC inhibitor and anti-VEGF for MSS/pMMR colorectal cancer: a randomized
phase 2 trial. Nat Med. (2024) 30:1035-43. doi: 10.1038/s41591-024-02813-1

frontiersin.org


https://doi.org/10.1158/1078-0432.Ccr-20-3305
https://doi.org/10.1158/1078-0432.Ccr-20-3305
https://doi.org/10.1158/1078-0432.Ccr-19-1305
https://doi.org/10.7150/thno.86928
https://doi.org/10.1186/s13148-022-01290-y
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1038/ng.3224
https://doi.org/10.1371/journal.pone.0015543
https://doi.org/10.1371/journal.pone.0015543
https://doi.org/10.1038/ncomms8002
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1002/advs.202401061
https://doi.org/10.2478/jtim-2023-0002
https://doi.org/10.3389/fimmu.2021.687975
https://doi.org/10.1038/nbt.2859
https://doi.org/10.1093/nar/gkv1507
https://doi.org/10.1038/nature12213
https://doi.org/10.3389/fimmu.2021.630773
https://doi.org/10.1177/1073274820976665
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1038/s41388-021-01932-0
https://doi.org/10.1002/mco2.502
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.18637/jss.v036.i11
https://doi.org/10.1214/08-AOAS169
https://doi.org/10.1093/bioinformatics/btu660
https://doi.org/10.1198/016214505000000628
https://doi.org/10.18637/jss.v106.i01
https://doi.org/10.1038/s41467-022-28372-y
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.1016/j.cels.2018.11.005
https://doi.org/10.1016/j.cels.2018.11.005
https://doi.org/10.1038/s41592-019-0619-0
https://doi.org/10.3389/fcell.2021.672447
https://doi.org/10.3389/fcell.2021.672447
https://doi.org/10.1038/s12276-022-00795-z
https://doi.org/10.1016/j.conb.2014.03.008
https://doi.org/10.1038/s41416-020-0814-x
https://doi.org/10.3390/biomedicines12112631
https://doi.org/10.3390/biomedicines12112631
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1016/j.ccell.2021.04.014
https://doi.org/10.1038/ncomms15107
https://doi.org/10.1038/ncomms15107
https://doi.org/10.1093/neuonc/noab106
https://doi.org/10.1093/neuonc/noae016
https://doi.org/10.1158/1078-0432.Ccr-20-1967
https://doi.org/10.1038/nrm2145
https://doi.org/10.3389/fonc.2018.00092
https://doi.org/10.3389/fonc.2018.00092
https://doi.org/10.3389/fcell.2020.576946
https://doi.org/10.1016/j.ccell.2019.09.005
https://doi.org/10.1016/j.ccell.2019.09.005
https://doi.org/10.1158/2159-8290.Cd-20-1145
https://doi.org/10.1158/2159-8290.Cd-20-1145
https://doi.org/10.1186/s13148-023-01485-x
https://doi.org/10.1016/j.esmoop.2022.100594
https://doi.org/10.1038/s41591-024-02813-1
https://doi.org/10.3389/fimmu.2024.1523034
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhang et al.

60. Cheng W, Li M, Cai J, Wang K, Zhang C, Bao Z, et al. HDAC4, a prognostic and
chromosomal instability marker, refines the predictive value of MGMT promoter
methylation. J Neurooncol. (2015) 122:303-12. doi: 10.1007/s11060-014-1709-6

61. Marampon F, Megiorni F, Camero S, Crescioli C, McDowell HP, Sferra R, et al.
HDAC4 and HDAC6 sustain DNA double strand break repair and stem-like
phenotype by promoting radioresistance in glioblastoma cells. Cancer Lett. (2017)
397:1-11. doi: 10.1016/j.canlet.2017.03.028

62. Wang Y, Xia Y, HuK, Zeng M, Zhi C, Lai M, et al. MKK?7 transcription positively
or negatively regulated by SP1 and KLF5 depends on HDAC4 activity in glioma. Int |
Cancer. (2019) 145:2496-508. doi: 10.1002/ijc.32321

63. Cang S, Xu X, Ma Y, Liu D, Chiao JW. Hypoacetylation, hypomethylation, and
dephosphorylation of H2B histones and excessive histone deacetylase activity in DU-
145 prostate cancer cells. ] Hematol Oncol. (2016) 9:3. doi: 10.1186/s13045-016-0233-x

64. Chen H, Ruiz PD, Novikov L, Casill AD, Park JW, Gamble MJ. MacroH2A1.1
and PARP-1 cooperate to regulate transcription by promoting CBP-mediated H2B
acetylation. Nat Struct Mol Biol. (2014) 21:981-9. doi: 10.1038/nsmb.2903

65. Broz MT, Ko EY, Ishaya K, Xiao ], De Simone M, Hoi XP, et al. Metabolic
targeting of cancer associated fibroblasts overcomes T-cell exclusion and
chemoresistance in soft-tissue sarcomas. Nat Commun. (2024) 15:2498. doi: 10.1038/
541467-024-46504-4

66. Oliveira KA, Dal-Cim T, Lopes FG, Ludka FK, Nedel CB, Tasca CI. Atorvastatin
promotes cytotoxicity and reduces migration and proliferation of human A172 glioma
cells. Mol Neurobiol. (2018) 55:1509-23. doi: 10.1007/s12035-017-0423-8

67. Alrosan AZ, Heilat GB, Al Subeh ZY, Alrosan K, Alrousan AF, Abu-Safieh AK,
et al. The effects of statin therapy on brain tumors, particularly glioma: a review.
Anticancer Drugs. (2023) 34:985-94. doi: 10.1097/cad.0000000000001533

Frontiers in Immunology

17

10.3389/fimmu.2024.1523034

68. Miller KM, Tjeertes JV, Coates J, Legube G, Polo SE, Britton S, et al. Human
HDAC1 and HDAC2 function in the DNA-damage response to promote DNA
nonhomologous end-joining. Nat Struct Mol Biol. (2010) 17:1144-51. doi: 10.1038/
nsmb.1899

69. Seo SK, Jin HO, Woo SH, Kim YS, An S, Lee JH, et al. Histone deacetylase
inhibitors sensitize human non-small cell lung cancer cells to ionizing radiation
through acetyl p53-mediated c-myc down-regulation. J Thorac Oncol. (2011) 6:1313—
9. doi: 10.1097/JTO.0b013e318220caff

70. Huang H, Tang S, Ji M, Tang Z, Shimada M, Liu X, et al. p300-mediated lysine 2-
hydroxyisobutyrylation regulates glycolysis. Mol Cell. (2018) 70:984. doi: 10.1016/
j.molcel.2018.05.035

71. Kaczmarska Z, Ortega E, Goudarzi A, Huang H, Kim S, Marquez JA, et al.
Structure of p300 in complex with acyl-CoA variants. Nat Chem Biol. (2017) 13:21-9.
doi: 10.1038/nchembio.2217

72. Kebede AF, Nieborak A, Shahidian LZ, Le Gras S, Richter F, Gomez DA, et al.
Histone propionylation is a mark of active chromatin. Nat Struct Mol Biol. (2017)
24:1048-56. doi: 10.1038/nsmb.3490

73. Sabari BR, Tang Z, Huang H, Yong-Gonzalez V, Molina H, Kong HE, et al.
Intracellular crotonyl-CoA stimulates transcription through p300-catalyzed histone
crotonylation. Mol Cell. (2015) 58:203-15. doi: 10.1016/j.molcel.2015.02.029

74. Tan M, Peng C, Anderson KA, Chhoy P, Xie Z, Dai L, et al. Lysine glutarylation
is a protein posttranslational modification regulated by SIRT5. Cell Metab. (2014)
19:605-17. doi: 10.1016/j.cmet.2014.03.014

75. Wang Y, Guo YR, Liu K, Yin Z, Liu R, Xia Y, et al. KAT2A coupled with the o-
KGDH complex acts as a histone H3 succinyltransferase. Nature. (2017) 552:273-7.
doi: 10.1038/nature25003

frontiersin.org


https://doi.org/10.1007/s11060-014-1709-6
https://doi.org/10.1016/j.canlet.2017.03.028
https://doi.org/10.1002/ijc.32321
https://doi.org/10.1186/s13045-016-0233-x
https://doi.org/10.1038/nsmb.2903
https://doi.org/10.1038/s41467-024-46504-4
https://doi.org/10.1038/s41467-024-46504-4
https://doi.org/10.1007/s12035-017-0423-8
https://doi.org/10.1097/cad.0000000000001533
https://doi.org/10.1038/nsmb.1899
https://doi.org/10.1038/nsmb.1899
https://doi.org/10.1097/JTO.0b013e318220caff
https://doi.org/10.1016/j.molcel.2018.05.035
https://doi.org/10.1016/j.molcel.2018.05.035
https://doi.org/10.1038/nchembio.2217
https://doi.org/10.1038/nsmb.3490
https://doi.org/10.1016/j.molcel.2015.02.029
https://doi.org/10.1016/j.cmet.2014.03.014
https://doi.org/10.1038/nature25003
https://doi.org/10.3389/fimmu.2024.1523034
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhang et al.

Glossary
ACRGs
AUC
CGGA
CMap
CNV
CTRP
COAD
DEGs
ESCA
GBM
GBRM
GSVA
HATSs
HD
HDACs

HDACis

histone acetylation regulator genes
area under the dose-response curve
Chinese Glioma Genome Atlas
Connectivity Map

copy number variation

Cancer Therapeutics Response Portal
colon adenocarcinoma

differentially expressed genes
esophageal squamous cell carcinoma
glioblastoma

Generalized Boosted Regression Modeling
gene set variation analysis

histone acetyltransferases
homozygous deletion

histone deacetylases

histone deacetylase inhibitors
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IDH
LGG
LOOCV
M6A
NTP

(oN)
PAM
PCA
ROC
scRNA-seq
SNV
ssGSEA
TCGA
TME
uUCsC
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isocitrate dehydrogenase
lower-grade glioma
leave-one-out cross-validation
N6-methyladenosine

nearest template prediction
overall survival

partition around medoids
Principal component analysis
receiver operating characteristic
single-cell RNA sequencing
single nucleotide variation
single-sample gene set enrichment analysis
The Cancer Genome Atlas
tumor microenvironment
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