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Histone deacetylases comprise a family of 18 genes, and classical HDACs are a promising class of novel anticancer drug targets. However, to date, no systematic study has been comprehensive to reveal the potential significance of these 18 genes in lung adenocarcinoma (LUAD). Here, we used a systematic bioinformatics approach to comprehensively describe the biological characteristics of the HDACs in LUAD. Unsupervised consensus clustering was performed to identify LUAD molecular subtypes. The ssGSEA, CIBERSORT, MCP counter, and ESTIMATE algorithms were used to depict the tumor microenvironment (TME) landscape. The Cox proportional hazards model and LASSO regression analyses were used to construct the HDAC scoring system for evaluating the prognosis of individual tumors. In this study, three distinct HDAC-mediated molecular subtypes were determined, which were also related to different clinical outcomes and biological pathways. HDACsCluster-C subtype had lowest PD-L1/PD-1/CTLA4 expression and immune score. The constructed HDAC scoring system (HDACsScore) could be used as an independent predictor to assess patient prognosis and effectively identify patients with different prognosis. High- and low-HDACsScore groups presented distinct genetic features, immune infiltration, and biological processes. The high-HDACsScore group was more likely to benefit from immunotherapy, as well as from the application of common chemotherapeutic agents (cyclopamine, docetaxel, doxorubicin, gemcitabine, paclitaxel, and pyrimethamine). Overall, HDAC family genes play important roles in LUAD, and the three LUAD subtypes and the HDAC scoring system identified in this study would help enhance our perception of LUAD prognostic differences and provide important insights into the efficacy of immunotherapy and chemotherapy.
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INTRODUCTION
Histone acetylation is accomplished by histone acetyltransferases (HATs) and histone deacetylases (HDACs), controlling the transcription level of genes and playing a key role in structural modification of chromosomes and the regulation of gene expression (Kim et al., 2020; Weinberger et al., 2012; Xu et al., 2012). Of them, HDACs, as gene-silencing complexes, can inhibit gene expression through transcription factors such as E2F1 and can also eliminate the acetylation of nonhistones (Fang et al., 2020; Kim et al., 2019). At present, it has been found that there are four categories of HDACs, including 18 subtypes. Class I includes HDAC1, HDAC2, HDAC3, and HDAC8; class II includes HDAC4, HDAC5, HDAC6, HDAC7, HDAC9, and HDAC10; class III includes sirtuin (SIRT) 1, SIRT2, SIRT3, SIRT4, SIRT5, SIRT6, and SIRT7; and class IV includes HDAC11. HDAC overexpression promotes histone deacetylation, enhancing the interaction between histones and DNA, and thus inhibiting the transcriptional processes of related genes (Kim et al., 2016; Sanchez et al., 2020). HDACs are often overexpressed in tumor cells (Yang et al., 2014). Many studies (Li et al., 2020; Maiti et al., 2019; Torres-Adorno et al., 2017) have confirmed the involvement of HDACs in different stages of cancer. HDACs have become a popular target for antitumor drug development (Dokmanovic and Marks., 2005; Bolden et al., 2006; Li and Zhu, 2014).
Lung adenocarcinoma (LUAD), as one of the most common histological subtypes in non–small cell lung cancer (NSCLC), has complex heterogeneity (Raparia et al., 2013; Travis et al., 2005), posing great challenges for clinical treatment. Although the diagnosis and treatment of LUAD have made great progress in recent years, there is still room for great improvement in the long-term prognosis of patients. Previous studies (Li and Seto., 2016; Mithraprabhu et al., 2014) have shown that an increased expression of HDAC was observed in multiple solid tumors and was related to the poor prognosis of patients. Compared with normal lung cells, lung cancer cells have abnormal histone modification patterns (Li and Seto., 2016), which play a crucial role in lung carcinogenesis. The mechanisms by which HDAC regulates tumorigenesis and progression are complex and diverse, and it can regulate oncogenic cell signaling pathways both by inhibiting the expression levels of tumor suppressor genes and by modifying key molecules (Li and Seto., 2016). A full understanding of the important role of HDAC in lung cancer is of great significance for analyzing the mechanism of tumorigenesis, improving the possibility of clinical application of HDAC inhibitors and individualized treatment strategies for lung cancer. HDAC family genes are still poorly studied in LUAD. To date, no systematic study has been comprehensive to reveal the potential significance of these 18 HDACs in LUAD. Therefore, this study used a systematic bioinformatics approach to comprehensively describe the biological characteristics of the HDACs in the LUAD, performing unsupervised clustering based on HDACs to identify HDAC-mediated molecular subtypes, while constructing the HDAC scoring system to explore their regulatory relationship with the tumor.
MATERIALS AND METHODS
Data Collection and Preprocessing
First, we searched for appropriate gene microarray containing transcriptomic data and clinical information for LUAD from the GEO database as well as publicly published literature, excluding datasets with sample sizes of less than 30 cases and lacking HDAC family genes (HDAC 1-11 and SIRT 1-7), and we finally included a six-gene microarray [GSE29013 (Xie et al., 2011), GSE30219 (Rousseaux et al., 2013), GSE31210 (Okayama et al., 2012; Yamauchi et al., 2012), GSE37745 (Botling et al., 2013; Goldmann et al., 2021; Jabs et al., 2017; Lohr et al., 2015), GSE50081 (Der et al., 2014), and GSE72094 (Schabath et al., 2016)] in this study. In addition, we also downloaded data on LUAD transcriptomes, somatic mutations, and clinical information from TCGA GDC (https://portal.gdc.cancer.gov/). In Supplementary Table S1, we summarize the number of samples and platform names of patients with LUAD from the abovementioned datasets. The CNV data were obtained from the UCSC Xena (http://xena.ucsc.edu/). For genes with multiple probe sets of signals, we averaged them to generate single-expression values. For different gene microarrays, we used the “"ComBat” algorithm of the “sva” package in R to further integrate into a metacohort to reduce batch effects resulting from nonbiotechnological bias (Irizarry et al., 2003; Johnson et al., 2007). Expression data before and after the removal of batches were analyzed by PCA with the base function “prcomp” of R.
Unsupervised Consensus Clustering
By integrating into a metacohort from the abovementioned six-gene microarray, based on the expression of related genes, we applied unsupervised consensus clustering analysis to identify different molecular clusters and classify patients for further analysis. The “ConsensusClusterPlus” package in R (Wilkerson and Hayes., 2010) was used to perform the abovementioned steps and also perform 1,000 replicates to ensure stability of the classification.
Functional and Pathway Enrichment Analysis
To investigate the differences in biological processes between different subgroups, GSVA enrichment analysis was performed using the “GSVA” R package (Hanzelmann et al., 2013). The gene set “c2. cp.kegg.v7.2. symbols” was derived from the MSigDB (http://www.gsea-msigdb.org/gsea/msigdb). The adjusted p-value of less than 0.05 was considered statistically significant. GO and KEGG enrichment analyses were also used to explore the activation of biological processes between groups. The associated genes were functionally annotated using the “clusterProfiler” R package (Yu et al., 2012), with a cutoff value of FDR <0.05.
Characterization of the Tumor Microenvironment and Immune Landscape
To better characterize the tumor microenvironment (TME) and immune landscape in different subtypes, we used multiple algorithms, including ssGSEA (Barbie et al., 2009), CIBERSORT (Newman et al., 2015), and MCP counter (Becht et al., 2016), to quantify the abundance of each immune infiltrating cell. Meanwhile, the ESTIMATE algorithm (Becht et al., 2016) was used to impute the tumor purity, stromal score, and immune score.
Establishment of an Evaluation System Associated With the HDAC Phenotypes
Univariate Cox analysis was performed on HDACsCluster phenotype-related genes, and then the genes with p < 0.05 were included in Lasso regression analysis for further dimensionality reduction. The filtered genes were subjected to multivariate Cox analysis (stepwise regression) to construct a scoring system for assessing patient outcomes. The calculation formula for HDACsScore was as follows: HDACsScore = CoefG1*ExpressionG1 + CoefG2*ExpressionG2 + ... + CoefGn*ExpressionGn, where “ExpressionGn” is the expression of “genen”, and “CoefGn” presented the coefficient of “genen”.
Statistical Analysis
The “limma” package in R was used for gene differential expression analysis. The statistical difference between two groups was calculated using the Wilcoxon rank sum test. For comparisons of more than two groups, the Kruskal–Wallis test was used. Survival comparison between two or multiple groups was performed using the Kaplan–Meier method. We used the “pRRophetic” package in R (Geeleher et al., 2014) to impute the semi-inhibitory concentration (IC50) of the drugs to assess the sensitivity of patients to a given drug. A website named Tumor Immune Dysfunction and Exclusion (TIDE) (http://tide.dfci.harvard.edu) was applied to compute TIDE scores and assess patient sensitivity to immunotherapy (Jiang et al., 2018). The p < 0.05 was considered statistically significant. All data processing was carried out using R3.6.2 software.
RESULTS
Biological Characterization of the HDAC Family Genes
By consulting the relevant reports, we obtained a total of 18 HDAC family genes, and they are HDAC1, HDAC2, HDAC3–HDAC11, SIRT1, SIRT2, and SIRT3–SIRT7. Subsequently, we revealed the biological function of the family genes using metascape analysis, as shown in Figure 1A, which were primarily involved in PID HDAC Class-I pathway, histone H3 and H4 deacetylation, peptidyl-lysine deacetylation, peptidyl-lysine modification, etc. We summarized the incidence of CNVs and somatic mutations of the 18 HDAC family genes in LUAD. Among 561 samples, 85 experienced mutations of HDAC family genes, with a frequency of 15.15%. Of these genes, HDAC9 exhibited the highest mutation frequency (6%) followed by HDAC4 and HDAC6 (2%), while HDAC3, HDAC7, HDAC10, HDAC11, as well as SIRT1-6 did not show any mutations in LUAD samples (Figure 1B). Considering the relatively higher mutation frequency of HDAC9, we further investigated whether genetic variations in HDAC9 could affect the expression of other HDAC genes. The results of the abovementioned analysis showed that this HDAC9 low-frequency mutation would promote HDAC2 expression and did not appear to affect the expression of other HDACs (Supplementary Figure S1). Further analysis of the 18 HDAC family genes revealed that CNV mutations were prevalent. SIRT7, SIRT2, HDAC9, SIRT5, HDAC1, HDAC7, HDAC5, HDAC6, SIRT1, and HDAC8 showed widespread CNV amplification. In contrast, HDAC4, HDAC10, SIRT4, HDAC11, SIRT3, HADC3, HDAC2, and SIRT6 had prevalent CNV deletions (Figure 1C). The locations of CNV alterations of the 18 HDAC family genes on chromosomes are shown in Figure 1D. To ascertain whether the abovementioned copy number variants affected the expression of HDAC family genes in LUAD patients, we performed correlation exploration using the Kruskal–Wallis test (Supplementary Figure S2) and investigated the transcriptomic levels of HDAC family genes between lung normal and LUAD samples in the TCGA–LUAD cohort (Figure 1E). The results revealed that the alterations of CNV could be the prominent factors resulting in perturbations on the HDAC family gene expression. Copy number amplification of these genes, such as HDAC1, HDAC4, HDAC5, HDAC6, HDAC7, HDAC10, SIRT2, SIRT4, SIRT5, SIRT6, and SIRT7, upregulated the expression of the corresponding genes, while their copy number deletion downregulated gene expression. Copy number amplification of these genes, such as HDAC8, HDAC9, and SIRT1, upregulated the expression of the corresponding genes, while their copy number deletion did not affect the gene expression. HDAC2 and HDAC3 expressions did not appear to be affected by copy number variation. Moreover, differential expression analysis of the abovementioned genes uncovered that the expressions of HDAC8, HDAC2, SIRT7, SIRT6, HDAC10, and HDAC3 were upregulated in LUAD tissues and the expressions of SIRT1, HDAC4, HDAC7, HDAC6, SIRT2, HDAC5, and HDAC11 were upregulated in lung normal tissues. From these, we observed that the copy number alterations of these genes did not cause differences in their expression between tumor and normal tissues.
[image: Figure 1]FIGURE 1 | Biological characterization of the HDAC family genes. (A) Metascape analysis revealed the biological function of the 18 HDAC family genes. (B) Mutation frequency of 18 HDAC family genes in 561 LUAD patients from the TCGA−LUAD cohort. Each column represented individual patients. The upper barplot showed TMB, and the number on the right indicated the mutation frequency in each regulator. The right barplot showed the proportion of each variant type. The stacked barplot showed fraction of conversions in each sample. (C) CNV variation frequency of 18 HDAC family genes in the TCGA−LUAD cohort. The height of the column represented the alteration frequency. The deletion frequency, green dot; the amplification frequency, red dot. (D) Location of CNV alteration of 18 HDAC family genes on 23 chromosomes using the TCGA−LUAD cohort. (E) Expression of 18 HDAC family genes between lung normal tissues and LUAD tissues. The asterisks represented the statistical p-value (*p < 0.05; **p < 0.01; ***p < 0.001). (F) Univariate Cox analysis of 18 HDAC family genes in the TCGA−LUAD cohort. (G) Multivariate Cox analysis of 18 HDAC family genes in the TCGA−LUAD cohort.
Increasing evidence has reported a close link between HDAC family genes and cancer; however, there is not still a more systematic study to investigate the impact of these 18 family genes in the prognosis of LUAD. Univariate Cox regression analysis and Kaplan–Meier survival analysis were used to ascertain the relationship between these genes and the prognosis of LUAD patients. The results showed that whether in the univariate Cox regression analysis (Figure 1F) or in the Kaplan–Meier survival analysis (Supplementary Figure S3), HDAC3, HDAC4, HDAC11, SIRT1, SIRT3, and SIRT4 could be considered protective factors and were significantly associated with prolonged overall survival, while HDAC2 and SIRT6 were recognized as risk factors. Subsequent multivariate Cox analysis revealed that HDAC4, SIRT1, SIRT3, and SIRT4 were independent good prognostic factors for LUAD patients (Figure 1G). The correlation between the expression of HDAC family genes and immune cell infiltration remains poorly explored, and our study showed that the vast majority of HDAC genes were negatively correlated with the vast majority of immune cells, whereas HDAC3, HDAC9, and SIRT2 showed the opposite trend (Supplementary Figure S4). In addition, the vast majority of HDAC genes also showed slight positive correlations with each other (Supplementary Figure S4 and Figure 2A).
[image: Figure 2]FIGURE 2 | Three distinct LUAD subtypes and biological characteristics of each subtype. (A) Interaction between 18 HDAC family genes in LUAD. The circle size represented the effect of each regulator on the prognosis, and the range of values calculated by the log-rank test was p < 0.0001, p < 0.001, p < 0.01, p < 0.05, and p < 1, respectively. Left half of the circle: purple represents prognostic risk factors, and green represents prognostic favorable factors. Right half of the circle: the types of 18 HDAC family genes. The lines linking regulators showed their interactions, and thickness showed the correlation strength between regulators. Negative correlation was marked with blue and positive correlation with pink. (B) Kaplan−Meier survival analyses for the three distinct LUAD subtypes based on 972 patients from six GEO cohorts (GSE29013, GSE30219, GSE31210, GSE37745, GSE50081, and GSE72094) including 317 cases in HDACsCluster-A, 387 cases in HDACsCluster-B, and 268 cases in HDACsCluster-C. (C–D) GSVA enrichment analysis showing the activation states of biological pathways in distinct LUAD subtypes. The heat map was used to visualize these biological processes, and red represented activated pathways and blue represented inhibited pathways. The LUAD cohorts were used as sample annotations. (C) HDACsCluster-A vs HDACsCluster-B; (D) HDACsCluster-C vs HDACsCluster-A.
The abovementioned analyses characterized the biological characteristics of HDAC family genes in LUAD from biological function, transcriptome expression pattern, genomic alteration, prognosis, and immune cell infiltration, and these results indicated the important roles of HDAC family genes in LUAD.
Three Distinct LUAD Subtypes Were Identified Based on the Unsupervised Consensus Clustering of 18 HDAC Family Genes
Many studies (Raparia et al., 2013; Travis et al., 2005) have confirmed there is significant heterogeneity in LUAD, which also brings great challenges to the prognostic judgment and treatment decisions in LUAD patients. It is necessary to further determine the tumor subtypes with different characteristics to adopt precise strategies. Given the important roles of HDAC family genes in LUAD, we believed that they probably played critical roles in the formation of different tumor subtypes and were implicated in cancer pathogenesis and progression. Based on these hypotheses, we used the “ConsensusClusterPlus” package in R to classify patients with qualitatively different HDAC modification patterns based on the expression of 18 HDAC family genes, and three distinct tumor subtypes were eventually identified using unsupervised clustering (Supplementary Figure S5A), including 317 cases in subtype A, 387 cases in subtype B, and 268 cases in subtype C. We termed these subtypes as HDACsCluster A−C, among which HDACsCluster-C exhibited a prominent survival advantage, whereas HDACsCluster-B had the worst prognosis (Figure 2B). Additionally, we also noticed significant differences in the expression of HDAC family genes between distinct tumor subtypes. HDAC1, HDAC2, SIRT6, and SIRT7 were significantly elevated in the HDACsCluster-B subtype. HDAC9 and SIRT2 were markedly increased in the HDACsCluster-A subtype. Also, HDAC3, HDAC5, HDAC6, HDAC8, HDAC10, HDAC11, SIRT1, SIRT3, SIRT4, and SIRT5 were evidently increased in the HDACsCluster-C subtype (Supplementary Figure S5B). We could conclude that a vast number of HDAC family genes were upregulated in the HDACsCluster-C subtype and that most of these genes were prognostic-friendly genes (Supplementary Figure S3), which could explain why HDACsCluster-C subtype presented a best prognosis.
The Biologic Pathways and TME Landscape in Distinct Tumor Subtypes
To explore the biological behaviors across these different subtypes, we performed GSVA enrichment analyses in the meta-GEO cohort. Supplementary Figure S6 reflects the PCA plots before and after the batch effect removal. As shown in Figures 2C,D; Supplementary Figure S5C, HDACsCluster-A presented the activation of important signals and pathways including leukocyte transendothelial migration, B cell receptor signaling pathway, and glycosphingolipid biosynthesis ganglio series. HDACsCluster-B was markedly enriched in aminoacyl tRNA biosynthesis, DNA replication, mismatch repair, homologous recombination, base excision repair etc, while HDACsCluster-C was prominently related to body material metabolism including butanoate metabolism; propanoate metabolism; valine, leucine, and isoleucine degradation; and aminoacyl tRNA biosynthesis. These results suggested significant differences in pathway activation across the three tumor subtypes. Subsequently, in the analysis of tumor immune cell infiltration, to our surprise, there were 19 immune cells (both immunosuppressive cells and immune-activated cells) with the highest infiltration levels in HDACsCluster-A (Supplementary Figure S5D). Consistent with this finding, ESTIMATE analysis also revealed HDACsCluster-A presented a highest immune score and lowest tumor purity (Figures 3A,B). Given that the expression of the immune checkpoints could somewhat reflect the therapeutic efficacy of patients against PD-1/L1 treatment, we also compared the expression levels of PD-L1, PD-1, and CTLA4 in three different clusters. We observed that compared with HDACsCluster-A and -B, HDACsCluster-C had lowest immune checkpoint expression (Figures 3C–E). This might somehow imply a poor response of HDACsCluster-C subtype to immunotherapy.
[image: Figure 3]FIGURE 3 | Immune landscapes among the three distinct molecular subtypes and HDAC phenotype–related reclustering. (A) Immune score, (B) tumor purity, (C) PD-L1 expression, (D) PDCD1 expression, and (E) CTLA-4 expression differences in three distinct molecular subtypes. (F) 764 HDAC phenotype–related differentially expressed genes (DEGs) between three distinct molecular subtypes were shown in the Venn diagram. (G) Functional annotation for phenotype-related DEGs associated with the prognosis using KEGG enrichment analysis. (H) Unsupervised clustering of the HDAC phenotype–related genes and consensus matrices for k = 3. (I) Survival curves of the HDAC phenotype–related gene signatures were estimated by the Kaplan−Meier plotter. (J) Unsupervised clustering of HDAC phenotype–related DEGs. The geneCluster, HDACsCluster, project, age, sex, stage, smoking status, and survival status were used as patient annotations. Red represented high expression of regulators and green represented low expression.
HDACsCluster Phenotype-Related DEGs and Characteristics in LUAD
Although the consensus clustering algorithm based on HDAC family gene expression classified LUAD patients into three HDACsCluster phenotypes, the underlying molecular features and expression perturbations within these phenotypes were not well known. Thus, we further examined the potential HDAC-related transcriptional expression change across three subtypes in LUAD. The empirical Bayesian approach was applied to determine overlapping differentially expressed genes (DEGs) among the three subtypes. We determined 764 HDACsCluster phenotype-related DEGs using the limma package in R (Figure 3F). GO and KEGG enrichment analyses of these DEGs revealed that these genes were mainly involved in some vital biological processes and pathways, such as PI3K/Akt signaling pathway, focal adhesion, regulation of actin cytoskeleton, extracellular matrix organization, and collagen−containing extracellular matrix (Figure 3G; Supplementary Figure S7A). Subsequently, based on these genes, we once again performed the unsupervised clustering analysis and obtained three stable transcriptomic phenotypes (Figure 3H). These stratifications divided patients into three distinct subgroups (geneCluster-A, geneCluster-B, and geneCluster-C). Kaplan−Meier survival analysis revealed the patients in geneCluster-A showed the longest overall survival compared to the others (Figure 3I). The relationship between these three new clusters, HDACsCluster, clinical parameters, and the gene expression distribution was visualized as a heat map in Figure 3J, where we found the vast majority of the samples in HDACsCluster-C were corresponding to the geneCluster-A, the vast majority of the samples in HDACsCluster-B were corresponding to the geneCluster-C, and the vast majority of the samples in HDACsCluster-A were corresponding to the geneCluster-B. This relationship also corresponded one by one to their respective prognostic differences (Figure 2B, Figure 3I). The heat map in Figure 3J revealed that the vast majority of 764 HDACsClusters phenotype-related DEGs were also highly expressed in the geneCluster-B. Moreover, HDAC8, HDAC11, SIRT1, SIRT3, and SIRT4 were obviously highly expressed in geneCluster-A than in geneCluster-C/B, while HDAC1, HDAC2, HDAC10, SIRT6, and SIRT7 had the highest expression value in the geneCluster-C (Supplementary Figure S7B). While our results (Supplementary Figure S3) indicate that HDAC8, HDAC11, SIRT1, SIRT3, and SIRT4 were good prognostic factors and HDAC1, HDAC2, SIRT6, and SIRT7 were unfavorable prognostic factors, this could also explain why geneCluster-A had the best prognosis, while geneCluster-C presented a poor prognosis (Figure 3I), suggesting that HDAC family genes did play an important role in LUAD prognosis and that the three subtypes identified in this study had good risk stratification performance.
Construction of the HDACsScore System
From the analysis mentioned above, we have identified 764 genes differentially expressed in three HDACsClusters. Based on these, univariate Cox analysis was performed, and 371 genes affecting prognosis were identified (Supplementary Table S2). The Lasso regression analysis was subsequently performed to avoid overfitting (Figures 4A,B). Filtered genes were included in the multivariate Cox regression analysis (stepwise regression) (Figure 4C), and we finally constructed a prognostic scoring system (we called HDACsScore), where a total of five genes (CRYM, GJB3, SLC2A1, STC1, and TUBB3) were included according to their risk coefficients (Figure 4D). Each patient was scored based on the following formula: HDACsScore = ExpressionCRYM * (−0.06596) + ExpressionGJB3 * (0.122546) + ExpressionSLC2A1 * (0.17376) + ExpressionSTC1 * (0.09823) + ExpressionTUBB3 * (0.14429). Based on the median HDACsScore, we divided patients into high- and low-HDACsScore groups. Survival analysis suggested a worse prognosis in patients in the high-HDACsScore group (Figure 4E; Supplementary Figure S7C). Figure 4F and Supplementary Figures S7D–E also visually showed high HDACsScore linking a poor prognosis. Subsequently, we explored the correlation between HDACsCluster and HDACsScore, and this result showed that HDACsCluster-B had the highest HDACsScore, followed by HDACsCluster-A (Figure 4G). From Figure 2B, we identified HDACsCluster-B had the worst prognosis, followed by HDACsCluster-A. This further supported the good performance of HDACsScore in patient prognostic stratification. We also applied an alluvial diagram including HDACsCluster, geneCluster, HDACsScore, and status to visualize the attribute changes of individual patients (Figure 4H). Further testing was performed to determine whether HDACsScore could independently predict patient outcome, and the results also confirmed that HDACsScore could be used as an independent predictor to assess patient prognosis (Figure 4I). Overall, this HDACsScore system could effectively identify patients with different prognoses and was expected to be extended to clinical practice.
[image: Figure 4]FIGURE 4 | Construction and validation of the HDAC scoring system. (A−B) LASSO regression analysis of 371 prognosis-related DEGs to avoid the model overfitting. (C) Multivariate Cox analysis (stepwise regression) of the filtered genes in the meta-GEO cohort. (D) Correlation coefficient of the model genes. (E) Survival analyses for low- (486 cases) and high-(486 cases) HDACsScore groups using Kaplan−Meier curves. (F) HDACsScore and OS status distribution of the model in the meta-GEO cohort. (G) Correlations between HDACsScore and HDAC-mediated molecular subtypes (HDACsCluster). (H) Alluvial diagram showing the changes of HDACsClusters, geneCluster, HDACsScore, and OS status. (I) Univariate and multivariate Cox analysis of clinical parameters and HDACsScore.
Genetic Features, Immune Infiltration, and Biological Processes of High- and Low-HDACsScore Groups
The abovementioned analyses suggested significant differences in prognosis between high- and low-HDACsScore groups. In order to probe deeper into the potential genomic alterations, we then compared the somatic mutation landscapes in the two groups based on TCGA data. The high-HDACsScore group presented more extensive genetic mutation than the low-HDACsScore group (Figures 5A,B). Of the 20 genes with the highest mutation frequency, these genes all had higher mutation frequencies in the high-HDACsScore group of tumors than the low-HDACsScore group. In the high-HDACsScore group, TP53 presented a mutation frequency of up to 54% and tops the list. In the low-HDACsScore group, TIN had the highest frequency of mutations at 35%. Figure 5C depicted the immune infiltration landscapes with clear differences in high- and low-HDACsScore groups. To explore the biological behaviors between these two groups, we performed GSVA enrichment analysis. As shown in Figure 5D, the low-HDACsScore group was markedly enriched in body material metabolism processes, including fatty acid metabolism; valine, leucine, and isoleucine degradation; limonene and pinene degradation; propanoate metabolism; and butanoate metabolism, while the high-HDACsScore group highly enriched in homologous recombination, cell cycle, DNA replication etc. To sum up, these data enabled us to depict the impact of HDACsScore classification (high and low) on genomic variation, immune landscape, and biological pathways more comprehensively, where we found significant differences between high- and low-HDACsScore groups, which might be the intrinsic mechanism for the significantly different clinical outcomes between the two groups. Also, further investigation was still necessary.
[image: Figure 5]FIGURE 5 | Genetic alteration landscape, immune infiltration, and biological characteristics in different HDACsScore subgroups. (A–B) Waterfall plot of tumor somatic mutation established in high- (A) and low- (B) HDACsScore groups. Each column represented individual patients. The upper barplot showed TMB, and the number on the right indicated the mutation frequency in each gene. The right barplot showed the proportion of each variant type. (C) Comparison of tumor immune infiltrating cells based on ssGSEA, CIBERSORT, and MCP counter algorithms in the high- and low-HDACsScore groups. Red indicated the high infiltrating levels of immune cells and blue indicated the low infiltrating levels. ESTIMATE score, stromal score, immune score, tumor purity, and subtype are also shown below the annotation. (D) GSVA enrichment analysis showing the activation states of biological pathways in high- and low-HDACsScore groups. The Wilcoxon rank sum test revealed significant difference on TMB (E), expression of PD-L1 (F), PDCD1 (G), CTLA4 (H), and TIDE score (I) between high- and low-HDACsScore groups.
The Potential of HDACsScore in Predicting Immunotherapeutic and Chemotherapy Benefits
Accumulated evidence (Chan et al., 2019; Cristescu et al., 2018; Gong et al., 2018; Patel and Kurzrock, 2015) demonstrated patients with high-TMB status and high-immune checkpoint expression presented a durable clinical response to anti–PD-1/PD-L1 immunotherapy. In this study, the TMB quantification analyses confirmed that the high-HDACsScore group was markedly correlated with a higher TMB (Figure 5E), which was also able to be conjectured from Figures 5A,B. The Wilcoxon rank sum test revealed significant differences on expression of the immune checkpoints (PD-L1, PDCD1, and CTLA4) between low- and high-HDACsScore groups, and the high-HDACsScore group showed the higher immune checkpoint expression (Figures 5F–H). Based on the abovementioned findings, our preliminary inference was that the high-HDACsScore group might benefit more from immunotherapy. To further confirm this conjecture, we also compared the TIDE scores in the two groups. A lower TIDE score represented a higher response rate against both PD-1 and anti-CTLA-4 drugs. This result revealed that the TIDE score was remarkably decreased in the high-HDACsScore group (Figure 5I). This further suggested a higher sensitivity to immunotherapy in the high-HDACsScore group.
Although many patients benefit from the rise of immunotherapy, there are still some patients who do not benefit from this advanced treatment. They had to return to traditional chemotherapy to prolong life. Effective identification of populations that may be sensitive to some type of chemotherapeutic agent is still being a matter of great significance. Therefore, we also used “pRRophetic” algorithms to compute the IC50 of some drugs in different patients to assess their sensitivity to a given drug. From the meta-GEO cohort (Figure 6A) and TCGA cohort data (Figure 6B), we found that the low-HDACsScore group had higher IC50 in six drugs (cyclopamine, docetaxel, doxorubicin, gemcitabine, paclitaxel, and pyrimethamine), indicating the patients in the high-HDACsScore group were more sensitive to these drugs. The abovementioned results initially illustrated the importance of HDACsScore in predicting the efficacy of immunotherapy and chemotherapy in LUAD. These results could provide more clues in determining the personalized treatment strategies for LUAD patients.
[image: Figure 6]FIGURE 6 | Drug sensitivity comparison between high- and low-HDACsScore groups. Distribution of the estimated IC50 of cyclopamine, docetaxel, doxorubicin, gemcitabine, paclitaxel, and pyrimethamine between high- and low-HDACsScore groups in the meta-GEO cohort (A) and TCGA cohort (B).
DISCUSSION
To our knowledge, this study is the only comprehensive analysis of HDAC family genes in LUAD. Herein, a systematic bioinformatics approach was used to comprehensively characterize the biological function, dysregulated expression, genomic mutations, immune infiltration, and prognostic relationships of HDAC genes in LUAD. Based on unsupervised clustering of HDACs, this study identified three different molecular subtypes mediated by HDACs, which presented different immune infiltration, prognoses, and transcriptome expression. The HDAC scoring system we constructed can effectively identify patients with different prognoses and make preliminary judgments on their response to chemotherapy and immunotherapy. High- and low-score groups represented different genomic landscapes, immune features, and signaling pathway activation states. This is of great significance for further exploring the prognostic heterogeneity as well as the potential targets of action in LUAD patients.
In this study, we observed mutations in the HDAC genes occurred in 15.15% of the LUAD samples, in which HDAC9 showed the highest mutation frequency (6%). Further investigation showed that this low-frequency mutation would promote HDAC2 expression and did not appear to affect the expression of other HDAC genes. HDAC9 was not differentially expressed in LUAD tumor tissues versus normal tissues; however, Kaplan−Meier analysis suggested that its overexpression was associated with better prognosis. A similar phenomenon was also observed in clear cell renal cell carcinoma (Fu et al., 2020) and retinoblastoma (Zhang et al., 2016). In other tumors, high expression of HDAC9 was usually associated with poor prognosis in patients, such as pancreatic cancer (Li et al., 2020), breast cancer (Huang et al., 2018), and oral squamous cancer (Rastogi et al., 2016). The abovementioned results indicated that HDAC9 had different prognostic implications in different tumors, and its influence on the tumor biological behavior may be influenced by the cancer context. Additionally, the correlation between the expression of HDAC family genes and immune cell infiltration remains poorly explored, and our study showed that most HDAC genes were positively correlated with each other, but negatively correlated with most immune cell infiltration. Among them, HDAC9 was negatively associated with all the other HDAC genes (such as HDAC10, HDAC11, SIRT2, SIRT3, SIRT4, SIRT5, and SIRT6), but positively correlated with most immune cell infiltration (activated B cell, activated CD4 T cell, activated CD8 T cell, activated dendritic cell, and NK cell). In the study of Ning et al. (2020), HDAC9 expression could modulate the tumor microenvironment, which in turn affected tumor biology behaviors. These results suggested that HDAC9 was closely related to tumor immunity, which could provide new horizons for in-depth relevant studies.
Significant heterogeneity brought great challenges to the prognostic judgment and treatment decisions in LUAD patients. Further identification of tumor subtypes with different characteristics facilitated the clinical adoption of precise strategies. The abovementioned analysis suggested the important roles of HDAC family genes in LUAD; hence, we believed that they probably played critical roles in the formation of different tumor subtypes and were implicated in cancer pathogenesis and progression. The three molecular subtypes identified in this study presented significantly different prognoses, and the expression of these 18 HDAC genes, biological pathway activation, and TME landscape across them also varied significantly. This may explain the internal mechanism of their different prognoses in the three molecular subtypes. We observed that compared with HDACsCluster-A and -B, HDACsCluster-C had the best survival but lowest immune checkpoint expression. This might somehow imply a poor response of HDACsCluster-C subtype to immunotherapy. To further explore the underlying molecular features and expression perturbations within these HDAC-mediated phenotypes, we performed a second unsupervised clustering and further determined that HDAC family genes indeed play an important role in LUAD prognosis, and the three subtypes identified in this study had good risk stratification performance. The construction of the HDAC prognostic scoring system aimed to eliminate prediction misjudgments caused by individual heterogeneity. Similar to previous prognostic systems (Li et al., 2021; Song et al., 2021; Zhang et al., 2020,2021), this HDAC prognostic scoring system accurately calculated the HDACsScore for each patient and then accurately predicts patient survival. We found that high HDACsScore was associated with poor prognosis, and HDACsScore could be used as an independent predictor to assess patient prognosis. In addition, we also observed that the high- and low-score groups were significantly different in somatic mutation characteristics, immune infiltration landscape, and biological pathway activation. Of the 20 genes with the highest mutation frequency, these genes changed more frequently in the high-HDACsScore group. In the high-HDACsScore group, TP53 mutation stated as high as 54%, topping the list. In the low-HDACsScore group, the TIN had the highest frequency of mutations at 35%. The material metabolic process was more active in the low-HDACsScore group, while the high-HDACsScore group was highly enriched in homologous recombination, cell cycle, and DNA replication. This seemed to explain why the high HDACsScore group presented a broader range of gene mutations.
Additionally, this study also investigated the potential of HDACsScore in predicting immunotherapeutic and chemotherapy benefits. It was shown that TMB status as well as immune checkpoint expression could suggest the tumor response to immunotherapy (Chan et al., 2019; Cristescu et al., 2018; Gong et al., 2018; Patel and Kurzrock., 2015). In our study, TMB quantification analyses confirmed that the high-HDACsScore group was markedly correlated with higher TMB. Also, the high-HDACsScore group also showed higher immune checkpoint expression. Furthermore, TIDE analysis also yielded consistent results. The abovementioned findings suggested a higher sensitivity to immunotherapy in the high-HDACsScore group. In addition, the IC50 of a given drug could reflect its sensitivity to the drug. This study found that the low-HDACsScore group had higher IC50 in cyclopamine, docetaxel, doxorubicin, gemcitabine, paclitaxel, and pyrimethamine, indicating patients in the high-HDACsScore group were more sensitive to these drugs. Overall, the abovementioned results initially illustrated the importance of HDACsScore in predicting the efficacy of immunotherapy and chemotherapy in LUAD. These results could provide more clues in determining the personalized treatment strategies for LUAD patients.
This study, based on a large LUAD cohort including seven independent datasets, revealed the potential significance of HDAC family genes in LUAD. However, there were still some limitations in this study. Although we used the “ComBat” algorithm of the “sva” package in R to further integrate into a metacohort, batch effects resulting from nonbiotechnological bias could not be completely eliminated. It was still difficult to avoid the bias imposed by the nature of the retrospective study. In addition, this study lacked extensive experimental validation with results derived from public database. Overall, the present study comprehensively evaluated the potential significance of HDAC family genes in over 1400 LUAD samples and described the multidimensional characterization of HDAC family genes in LUAD. More broadly, based on the HDAC genes, this study identified three LUAD subtypes with different genomic, transcriptome, immune infiltration, and metabolic pathway characteristics and constructed an HDAC scoring system for risk stratification and efficacy prediction, which would help enhance our perception of LUAD prognostic differences and provide important insights into the efficacy of immunotherapy and chemotherapy.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.
ETHICS STATEMENT
Ethical review and approval were not required for the study on human participants in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.
AUTHOR CONTRIBUTIONS
CS, WL, NL, and QG designed the study. WL and CS analyzed the data. QG prepared the manuscript. All authors read and approved the final manuscript.
FUNDING
This work was supported by grants from the National Natural Science Foundation of China (Nos. 81770095, 81700093, and 8210082163), the Fundamental Research Funds for the Central Universities (No. 2042021kf0081), and Science Fund for Creative Research Groups of the Natural Science Foundation of Hubei Province (No. 2020CFA027).
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.
ACKNOWLEDGMENTS
This work benefited from open databases. We are grateful for the efforts made by the resources and staff to expand and improve the databases.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.862977/full#supplementary-material
REFERENCES
 Barbie, D. A., Tamayo, P., Boehm, J. S., Kim, S. Y., Moody, S. E., Dunn, I. F., et al. (2009). Systematic RNA Interference Reveals that Oncogenic KRAS-Driven Cancers Require TBK1. Nature 462 (7269), 108–112. doi:10.1038/nature08460
 Becht, E., Giraldo, N. A., Lacroix, L., Buttard, B., Elarouci, N., Petitprez, F., et al. (2016). Estimating the Population Abundance of Tissue-Infiltrating Immune and Stromal Cell Populations Using Gene Expression. Genome Biol. 17 (1), 218. doi:10.1186/s13059-016-1070-5
 Bolden, J. E., Peart, M. J., and Johnstone, R. W. (2006). Anticancer Activities of Histone Deacetylase Inhibitors. Nat. Rev. Drug Discov. 5 (9), 769–784. doi:10.1038/nrd2133
 Botling, J., Edlund, K., Lohr, M., Hellwig, B., Holmberg, L., Lambe, M., et al. (2013). Biomarker Discovery in Non-small Cell Lung Cancer: Integrating Gene Expression Profiling, Meta-Analysis, and Tissue Microarray Validation. Clin. Cancer Res. 19 (1), 194–204. doi:10.1158/1078-0432.CCR-12-1139
 Chan, T. A., Yarchoan, M., Jaffee, E., Swanton, C., Quezada, S. A., Stenzinger, A., et al. (2019). Development of Tumor Mutation Burden as an Immunotherapy Biomarker: Utility for the Oncology Clinic. Ann. Oncol. 30 (1), 44–56. doi:10.1093/annonc/mdy495
 Cristescu, R., Mogg, R., Ayers, M., Albright, A., Murphy, E., Yearley, J., et al. (2018). Pan-tumor Genomic Biomarkers for PD-1 Checkpoint Blockade-Based Immunotherapy. Science 362 (6411), eaar3593. doi:10.1126/science.aar3593
 Der, S. D., Sykes, J., Pintilie, M., Zhu, C.-Q., Strumpf, D., Liu, N., et al. (2014). Validation of a Histology-independent Prognostic Gene Signature for Early-Stage, Non-small-cell Lung Cancer Including Stage IA Patients. J. Thorac. Oncol. 9 (1), 59–64. doi:10.1097/JTO.0000000000000042
 Dokmanovic, M., and Marks, P. A. (2005). Prospects: Histone Deacetylase Inhibitors. J. Cell. Biochem. 96 (2), 293–304. doi:10.1002/jcb.20532
 Fang, Z., Lin, M., Li, C., Liu, H., and Gong, C. (2020). A Comprehensive Review of the Roles of E2F1 in Colon Cancer. Am. J. Cancer Res. 10 (3), 757–768.
 Fu, Y., Piao, C., Zhang, Z., Zhu, Y., Sun, S., Bi, J., et al. (2020). Decreased Expression and Hypomethylation of HDAC9 Lead to Poor Prognosis and Inhibit Immune Cell Infiltration in Clear Cell Renal Cell Carcinoma. Urologic Oncol. Seminars Orig. Investigations 38 (9), e1–740. doi:10.1016/j.urolonc.2020.03.006
 Geeleher, P., Cox, N., and Huang, R. S. (2014). PRRophetic: An R Package for Prediction of Clinical Chemotherapeutic Response from Tumor Gene Expression Levels. PLoS One 9 (9), e107468. doi:10.1371/journal.pone.0107468
 Goldmann, T., Marwitz, S., Nitschkowski, D., Krupar, R., Backman, M., Elfving, H., et al. (2021). PD-L1 Amplification Is Associated with an Immune Cell Rich Phenotype in Squamous Cell Cancer of the Lung. Cancer Immunol. Immunother. 70 (9), 2577–2587. doi:10.1007/s00262-020-02825-z
 Gong, J., Chehrazi-Raffle, A., Reddi, S., and Salgia, R. (2018). Development of PD-1 and PD-L1 Inhibitors as a Form of Cancer Immunotherapy: A Comprehensive Review of Registration Trials and Future Considerations. J. Immunother. cancer 6 (1), 8. doi:10.1186/s40425-018-0316-z
 Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinforma. 14, 7. doi:10.1186/1471-2105-14-7
 Huang, Y., Jian, W., Zhao, J., and Wang, G. (2018). Overexpression of HDAC9 Is Associated with Poor Prognosis and Tumor Progression of Breast Cancer in Chinese Females. Ott Vol. 11, 2177–2184. doi:10.2147/OTT.S164583
 Irizarry, R. A., Hobbs, B., Collin, F., Beazer-Barclay, Y. D., Antonellis, K. J., Scherf, U., et al. (2003). Exploration, Normalization, and Summaries of High Density Oligonucleotide Array Probe Level Data. Biostatistics 4 (2), 249–264. doi:10.1093/biostatistics/4.2.249
 Jabs, V., Edlund, K., König, H., Grinberg, M., Madjar, K., Rahnenführer, J., et al. (2017). Integrative Analysis of Genome-wide Gene Copy Number Changes and Gene Expression in Non-small Cell Lung Cancer. PLoS One 12 (11), e0187246. doi:10.1371/journal.pone.0187246
 Jiang, P., Gu, S., Pan, D., Fu, J., Sahu, A., Hu, X., et al. (2018). Signatures of T Cell Dysfunction and Exclusion Predict Cancer Immunotherapy Response. Nat. Med. 24 (10), 1550–1558. doi:10.1038/s41591-018-0136-1
 Johnson, W. E., Li, C., and Rabinovic, A. (2007). Adjusting Batch Effects in Microarray Expression Data Using Empirical Bayes Methods. Biostatistics 8 (1), 118–127. doi:10.1093/biostatistics/kxj037
 Kim, J. H., Yoon, C. Y., Jun, Y., Lee, B. B., Lee, J. E., Ha, S. D., et al. (2020). NuA3 HAT Antagonizes the Rpd3S and Rpd3L HDACs to Optimize mRNA and lncRNA Expression Dynamics. Nucleic Acids Res. 48 (19), 10753–10767. doi:10.1093/nar/gkaa781
 Kim, S.-J., Baek, K. S., Park, H.-J., Jung, Y. H., and Lee, S.-M. (2016). Compound 9a, a Novel Synthetic Histone Deacetylase Inhibitor, Protects against Septic Injury in Mice by Suppressing MAPK Signalling. Br. J. Pharmacol. 173 (6), 1045–1057. doi:10.1111/bph.13414
 Kim, T. H., Yoo, J.-Y., Choi, K.-C., Shin, J.-H., Leach, R. E., Fazleabas, A. T., et al. (2019). Loss of HDAC3 Results in Nonreceptive Endometrium and Female Infertility. Sci. Transl. Med. 11 (474), eaaf7533. doi:10.1126/scitranslmed.aaf7533
 Li, H., Li, X., Lin, H., and Gong, J. (2020a). High HDAC9 Is Associated with Poor Prognosis and Promotes Malignant Progression in Pancreatic Ductal Adenocarcinoma. Mol. Med. Rep. 21 (2), 822–832. doi:10.3892/mmr.2019.10869
 Li, Y., Gu, J., Xu, F., Zhu, Q., Chen, Y., Ge, D., et al. (2021). Molecular Characterization, Biological Function, Tumor Microenvironment Association and Clinical Significance of m6A Regulators in Lung Adenocarcinoma. Brief. Bioinform. 22 (4), bbaa225. doi:10.1093/bib/bbaa225
 Li, Y., and Seto, E. (2016). HDACs and HDAC Inhibitors in Cancer Development and Therapy. Cold Spring Harb. Perspect. Med. 6 (10), a026831. doi:10.1101/cshperspect.a026831
 Li, Y., Zhang, X., Zhu, S., Dejene, E. A., Peng, W., Sepulveda, A., et al. (2020b). HDAC10 Regulates Cancer Stem-like Cell Properties in KRAS-Driven Lung Adenocarcinoma. Cancer Res. 80 (16), 3265–3278. doi:10.1158/0008-5472.CAN-19-3613
 Li, Z., and Zhu, W.-G. (2014). Targeting Histone Deacetylases for Cancer Therapy: From Molecular Mechanisms to Clinical Implications. Int. J. Biol. Sci. 10 (7), 757–770. doi:10.7150/ijbs.9067
 Lohr, M., Hellwig, B., Edlund, K., Mattsson, J. S. M., Botling, J., Schmidt, M., et al. (2015). Identification of Sample Annotation Errors in Gene Expression Datasets. Arch. Toxicol. 89 (12), 2265–2272. doi:10.1007/s00204-015-1632-4
 Maiti, A., Qi, Q., Peng, X., Yan, L., Takabe, K., and Hait, N. (2019). Class I Histone Deacetylase Inhibitor Suppresses Vasculogenic Mimicry by Enhancing the Expression of Tumor Suppressor and Anti-angiogenesis Genes in Aggressive Human TNBC Cells. Int. J. Oncol. 55 (1), 116–130. doi:10.3892/ijo.2019.4796
 Mithraprabhu, S., Kalff, A., Chow, A., Khong, T., and Spencer, A. (2014). Dysregulated Class I Histone Deacetylases Are Indicators of Poor Prognosis in Multiple Myeloma. Epigenetics 9 (11), 1511–1520. doi:10.4161/15592294.2014.983367
 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust Enumeration of Cell Subsets from Tissue Expression Profiles. Nat. Methods. 12 (5), 453–457. doi:10.1038/nmeth.3337
 Ning, Y., Ding, J., Sun, X., Xie, Y., Su, M., Ma, C., et al. (2020). HDAC9 Deficiency Promotes Tumor Progression by Decreasing the CD8+ Dendritic Cell Infiltration of the Tumor Microenvironment. J. Immunother. Cancer 8 (1), e000529. doi:10.1136/jitc-2020-000529
 Okayama, H., Kohno, T., Ishii, Y., Shimada, Y., Shiraishi, K., Iwakawa, R., et al. (2012). Identification of Genes Upregulated in ALK-Positive and EGFR/KRAS/ALK-negative Lung Adenocarcinomas. Cancer Res. 72 (1), 100–111. doi:10.1158/0008-5472.CAN-11-1403
 Patel, S. P., and Kurzrock, R. (2015). PD-L1 Expression as a Predictive Biomarker in Cancer Immunotherapy. Mol. Cancer Ther. 14 (4), 847–856. doi:10.1158/1535-7163.MCT-14-0983
 Raparia, K., Villa, C., DeCamp, M. M., Patel, J. D., and Mehta, M. P. (2013). Molecular Profiling in Non-small Cell Lung Cancer: A Step toward Personalized Medicine. Arch. Pathol. Lab. Med. 137 (4), 481–491. doi:10.5858/arpa.2012-0287-RA
 Rastogi, B., Raut, S. K., Panda, N. K., Rattan, V., Radotra, B. D., and Khullar, M. (2016). Overexpression of HDAC9 Promotes Oral Squamous Cell Carcinoma Growth, Regulates Cell Cycle Progression, and Inhibits Apoptosis. Mol. Cell. Biochem. 415 (1-2), 183–196. doi:10.1007/s11010-016-2690-5
 Rousseaux, S., Debernardi, A., Jacquiau, B., Vitte, A.-L., Vesin, A., Nagy-Mignotte, H., et al. (2013). Ectopic Activation of Germline and Placental Genes Identifies Aggressive Metastasis-Prone Lung Cancers. Sci. Transl. Med. 5 (186), 166r–186r. doi:10.1126/scitranslmed.3005723
 Sanchez, H. N., Moroney, J. B., Gan, H., Shen, T., Im, J. L., Li, T., et al. (2020). B Cell-Intrinsic Epigenetic Modulation of Antibody Responses by Dietary Fiber-Derived Short-Chain Fatty Acids. Nat. Commun. 11 (1), 60. doi:10.1038/s41467-019-13603-6
 Schabath, M. B., Welsh, E. A., Fulp, W. J., Chen, L., Teer, J. K., Thompson, Z. J., et al. (2016). Differential Association of STK11 and TP53 with KRAS Mutation-Associated Gene Expression, Proliferation and Immune Surveillance in Lung Adenocarcinoma. Oncogene 35 (24), 3209–3216. doi:10.1038/onc.2015.375
 Song, C., Wu, Z., Wang, Q., Wang, Y., Guo, Z., Li, S., et al. (2021). A Combined Two-mRNA Signature Associated with PD-L1 and Tumor Mutational Burden for Prognosis of Lung Adenocarcinoma. Front. Cell Dev. Biol. 9, 634697. doi:10.3389/fcell.2021.634697
 Torres-Adorno, A. M., Lee, J., Kogawa, T., Ordentlich, P., Tripathy, D., Lim, B., et al. (2017). Histone Deacetylase Inhibitor Enhances the Efficacy of MEK Inhibitor through NOXA-Mediated MCL1 Degradation in Triple-Negative and Inflammatory Breast Cancer. Clin. Cancer Res. 23 (16), 4780–4792. doi:10.1158/1078-0432.CCR-16-2622
 Travis, W. D., Garg, K., Franklin, W. A., Wistuba, I. I., Sabloff, B., Noguchi, M., et al. (2005). Evolving Concepts in the Pathology and Computed Tomography Imaging of Lung Adenocarcinoma and Bronchioloalveolar Carcinoma. Jco 23 (14), 3279–3287. doi:10.1200/JCO.2005.15.776
 Weinberger, L., Voichek, Y., Tirosh, I., Hornung, G., Amit, I., and Barkai, N. (2012). Expression Noise and Acetylation Profiles Distinguish HDAC Functions. Mol. Cell 47 (2), 193–202. doi:10.1016/j.molcel.2012.05.008
 Wilkerson, M. D., and Hayes, D. N. (2010). ConsensusClusterPlus: A Class Discovery Tool with Confidence Assessments and Item Tracking. Bioinformatics 26 (12), 1572–1573. doi:10.1093/bioinformatics/btq170
 Xie, Y., Xiao, G., Coombes, K. R., Behrens, C., Solis, L. M., Raso, G., et al. (2011). Robust Gene Expression Signature from Formalin-Fixed Paraffin-Embedded Samples Predicts Prognosis of Non-small-cell Lung Cancer Patients. Clin. Cancer Res. 17 (17), 5705–5714. doi:10.1158/1078-0432.CCR-11-0196
 Xu, Y., Liu, X., Zhang, X., Zhang, G., Zhang, R., Liu, T., et al. (2012). Histone Acetylation of the Htr3a Gene in the Prefrontal Cortex of Wistar Rats Regulates Ethanol-Seeking Behavior. Neural Regen. Res. 7 (13), 1021–1028. doi:10.3969/j.issn.1673-5374.2012.13.009
 Yamauchi, M., Yamaguchi, R., Nakata, A., Kohno, T., Nagasaki, M., Shimamura, T., et al. (2012). Epidermal Growth Factor Receptor Tyrosine Kinase Defines Critical Prognostic Genes of Stage I Lung Adenocarcinoma. PLoS One 7 (9), e43923. doi:10.1371/journal.pone.0043923
 Yang, H., Salz, T., Zajac‐Kaye, M., Liao, D., Huang, S., and Qiu, Y. (2014). Overexpression of Histone Deacetylases in Cancer Cells Is Controlled by Interplay of Transcription Factors and Epigenetic Modulators. FASEB J. 28 (10), 4265–4279. doi:10.1096/fj.14-250654
 Yu, G., Wang, L.-G., Han, Y., and He, Q.-Y. (2012). ClusterProfiler: An R Package for Comparing Biological Themes Among Gene Clusters. OMICS A J. Integr. Biol. 16 (5), 284–287. doi:10.1089/omi.2011.0118
 Zhang, B., Wu, Q., Li, B., Wang, D., Wang, L., and Zhou, Y. L. (2020). m6A Regulator-Mediated Methylation Modification Patterns and Tumor Microenvironment Infiltration Characterization in Gastric Cancer. Mol. Cancer. 19 (1), 53. doi:10.1186/s12943-020-01170-0
 Zhang, N., Zhang, H., Wang, Z., Dai, Z., Zhang, X., Cheng, Q., et al. (2021). Immune Infiltrating Cells-Derived Risk Signature Based on Large-Scale Analysis Defines Immune Landscape and Predicts Immunotherapy Responses in Glioma Tumor Microenvironment. Front. Immunol. 12, 691811. doi:10.3389/fimmu.2021.691811
 Zhang, Y., Wu, D., Xia, F., Xian, H., Zhu, X., Cui, H., et al. (2016). Downregulation of HDAC9 Inhibits Cell Proliferation and Tumor Formation by Inducing Cell Cycle Arrest in Retinoblastoma. Biochem. Biophysical Res. Commun. 473 (2), 600–606. doi:10.1016/j.bbrc.2016.03.129
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.
Copyright © 2022 Song, Lin, Meng, Li and Geng. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-13-862977-g005.gif





OPS/images/fgene-13-862977-g006.gif





OPS/images/fgene-13-862977-g003.gif





OPS/images/fgene-13-862977-g004.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Integrated Analysis Reveals the Potential Significance of HDAC Family Genes in Lung Adenocarcinoma		Introduction

		Materials and Methods		Data Collection and Preprocessing

		Unsupervised Consensus Clustering

		Functional and Pathway Enrichment Analysis

		Characterization of the Tumor Microenvironment and Immune Landscape

		Establishment of an Evaluation System Associated With the HDAC Phenotypes

		Statistical Analysis





		Results		Biological Characterization of the HDAC Family Genes

		Three Distinct LUAD Subtypes Were Identified Based on the Unsupervised Consensus Clustering of 18 HDAC Family Genes

		The Biologic Pathways and TME Landscape in Distinct Tumor Subtypes

		HDACsCluster Phenotype-Related DEGs and Characteristics in LUAD

		Construction of the HDACsScore System

		Genetic Features, Immune Infiltration, and Biological Processes of High- and Low-HDACsScore Groups

		The Potential of HDACsScore in Predicting Immunotherapeutic and Chemotherapy Benefits





		Discussion

		Data Availability Statement

		Ethics Statement

		Author Contributions

		Funding

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-862977-g001.gif
EEERLER TR TN






OPS/images/fgene-13-862977-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





