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Background: Lung adenocarcinoma (LUAD) is one of the most common tumors in terms of incidence 
and mortality worldwide. Posttranslational modifications, including crotonylation, play a crucial role in 
various biological processes and diseases. However, the role of crotonylation in LUAD remains unclear. Our 
research focuses on identifying key genes in LUAD that are linked to crotonylation and prognosis. We also 
aim to clarify their role in the LUAD microenvironment to advance clinical translation of related targets.
Methods: We used RNA-sequencing data from The Cancer Genome Atlas (TCGA) and the Genotype-
Tissue Expression (GTEx) database to identify differentially expressed genes (DEGs) related to crotonylation 
in LUAD. Weighted correlation network analysis (WGCNA) was applied to construct gene networks, and 
hub genes were identified using protein-protein interaction (PPI) analysis. The prognostic value of hub 
genes was assessed using Kaplan-Meier plots, and the correlation with immune infiltration was analyzed via 
Tumor Immune Estimation Resource (TIMER) and other algorithms. We then verified these genes through 
clinical samples and confirmed the role of MMACHC in LUAD.
Results: We identified GAPDH, SLC25A13, MMACHC, and HDAC1 as potential crotonylation-related 
biomarkers for LUAD. These genes were found to be overexpressed in LUAD and were associated with poor 
prognosis. They also showed significant correlations with immune cell infiltration and immune-inflammatory 
pathways. Functional experiments confirmed that MMACHC knockdown inhibited cell proliferation and 
migration, induced apoptosis, and enhanced the efficacy of immunotherapy in LUAD.
Conclusions: Our study suggests that crotonylation-related genes, particularly MMACHC, may serve as 
novel therapeutic targets and diagnostic markers for LUAD.
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Introduction

Lung cancer is  one of the most common cancers 
worldwide in terms of incidence and mortality, with lung 
adenocarcinoma (LUAD) being the most common subtype 
(1,2). The mortality rate among patients with LUAD is 
high, partly because many of these patients are already at 
an advanced stage at the time of diagnosis when treatment 
options are limited and the prognosis poor (3-5). Therefore, 
there is an urgent need to discover new diagnostic markers 
and therapeutic targets for LUAD treatment.

In 2011, Tan et al. (6)  were the first to identify 
crotonylation modification in the lysine residues of histones 
using a proteomic technique based on mass spectrometry. 
As research has progressed, histone and nonhistone 
crotonylation has been shown to play a significant role in 
human diseases such as cardiovascular disease (7), human 
immunodeficiency virus (HIV) infection (8) and malignant 
tumors such as cervical, prostate or colon cancer (9,10). 
Enhanced cellular crotonylation boosts transcription, 
more so than acetylation. The balance between histone 
crotonylation and acetylation impacts gene expression (11). 
Relevant experiments have proven that relative levels of 
acetylation and crotonylation are affected by concentrations 
of acetyl-CoA and crotonyl-CoA. Increasing crotonyl-CoA 
concentrations raise intracellular histone crotonylation 
and reduce acetylation. This shows acetylation and 
crotonylation have a competitive relationship (11). Xu et al.  
identified 2,696 lysine crotonylation sites in H1299 cells. 
Crotonylated non-histone proteins may be linked to 

multiple signaling pathways and cellular functions, such 
as ribosome biogenesis and Parkinson’s disease-related 
pathways (12).

DNA damage and repair have garnered considerable 
research interest in recent years, and a close relationship 
between crotonylation modification and DNA damage 
mechanisms has been demonstrated. Abu-Zhayia et al. 
found that upon treatment of human osteosarcoma cells 
with ionizing radiation, ultraviolet radiation, or the use of 
etoposide, there is a transient decrease in crotonylation 
modification levels on histone H3K9 (13). The progression 
of hepatocellular carcinoma (HCC) is closely associated 
with epigenetic regulatory mechanisms such as DNA 
methylation and posttranslational modifications. To 
investigate the role of crotonylation modification in HCC, 
Wan et al. knocked out HDAC1 and HDAC3 and treated 
Huh-7 with trichostatin A to increase the overall level 
of crotonylation modification (14). They confirmed that 
raising the modification level can inhibit the proliferation 
capabilities of HCC cells, indicating that crotonylation 
can serve as a suppressive factor to hinder the progression  
of HCC.

Interest ingly,  several  studies found that lysine 
crotonylation expression is down-regulated in liver, stomach 
and renal cancer and up-regulated in thyroid, esophagus 
and colon cancer suggesting that lysine crotonylation may 
play an ambivalent role by regulating different cancer-
related key proteins (14,15).

The role of crotonylation modification in LUAD has 
not yet been clarified. Therefore, our study primarily 
utilizes WGCNA and machine learning to identify key 
genes associated with crotonylation in LUAD and to 
analyze their impact on LUAD prognosis and the tumor 
immune microenvironment, thereby laying a foundation for 
subsequent research. We present this article in accordance 
with the MDAR reporting checklist (available at https://tlcr.
amegroups.com/article/view/10.21037/tlcr-2025-204/rc).

Methods

Data processing

The Cancer Genome Atlas (TCGA) provides RNA-
sequencing and corresponding clinical data for 33 cancer 
types, while the Genotype-Tissue Expression (GTEx) 
database provides expression data from normal tissues. 
The packages “ggord” and “DESeq2” in R (The R 
Foundation for Statistical Computing) were used to 
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identify the threshold for messenger RNA (mRNA) 
differential expression screening and investigate gene 
expression differences. Furthermore, by employing a 
relevance threshold above 4 for filtering, we successfully 
identified 211 genes related to lysine crotonylation from the 
GeneCards database.

Enrichment of function

Gene Ontology (GO) is a widely used approach for 
attributing functions to genes, including molecular 
functions (MF), biological pathways (BP), and cellular 
components (CC). Meanwhile, Kyoto Encyclopedia of 
Genes and Genomes (KEGG) analysis can be employed to 
analyze gene functions. Disease Ontology (DO) analysis is 
used to describe diseases and their characteristics.

Development of coexpression networks

Samples were clustered to identify any significant outliers 
according to a method described in the literature (16). 
High module connection and clinical importance were 
indicated by a module membership (MM) >0.8 and a gene 
significance (GS) >0.2, respectively. Gene information 
for the corresponding module was selected for further 
investigation (17,18).

Construction of a protein–protein interaction (PPI) 
network and the identification of hub genes

PPIs were retrieved using the Search Tool for the Retrieval 
of Interacting Genes (STRING) database and visualized 
with Cytoscape software. The Core module in the 
PPI network was extracted via the Molecular Complex 
Detection plug-in (19). Genes within the core module were 
considered potential hub genes.

Identification of feature genes

The potential hub genes were used to isolate the feature 
genes that were used to diagnose LUAD. Support vector 
machine–recursive feature elimination (SVM-RFE) is a 
machine learning method that trains on a subset of features 
across various categories, with the aim of reducing the 
feature set and identifying the most predictive features 
(20,21). The “glmnet” package in R was used to conduct 
least absolute shrinkage and selection operator (LASSO) 
regression for the selection and computation of linear 

models. Subsequently, binomial distribution variables were 
integrated into the LASSO classification (22). The model 
was constructed using the one-standard-error lambda value 
for the minimum criterion (1-SE criterion), which ensures 
good performance with only 10 cross-validation folds. 
The random forest algorithm was employed to rank the 
genes, with a relative importance value above 0.25 being 
considered as indicative of a typical random occurrence 
(21,23). The intersection of gene lists was subsequently used 
to identify the most significant feature genes in this study 
via LASSO regression, SVM-RFE, and random forest.

Kaplan-Meier curve

Kaplan-Meier plotter (24) was employed to evaluate the 
overall survival (OS) and progression-free interval (PFI) in 
LUAD for GAPDH, MMACHC, SLC25A13, and HDAC1 
and to estimate hazard ratios (HR) and P values.

Immune cell analyses and immune-related features

To determine the correlation between immune cells and 
genes, the “corrplot” package in R was used to calculate 
the correlation coefficient. To characterize the immune cell 
abundance in LUAD tissues, the tumor immune estimation 
resource (TIMER), cell-type identification by estimating 
relative subsets of RNA transcripts (CIBERSORT), 
estimation of stromal and immune cells in malignant 
tumor tissues using expression data (ESTIMATE), 
microenvironment cell populations counter (MCPcounter), 
and xCell algorithms, along with a deconvolution algorithm, 
were employed to evaluate the proportions of immune cell 
types (25-29).

Patient samples

Collection and analysis of tumor tissue sections were 
obtained from 7 patients with LUAD who underwent 
surgery between 2023 and 2024 at Jiangsu Cancer Hospital. 
This study was approved by the Ethics Committee of 
Jiangsu Cancer Hospital (No. KY-2024-073). This study 
was conducted in accordance with the Declaration of 
Helsinki (as revised in 2013). All patients provided informed 
consent.

Cell culture, RNA interference, and cell transfection

Human LUAD cell lines A549 and H1299 were purchased 
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from American Type Culture Collection (ATCC; 
Manassas, VI, USA). The A549 and H1299 LUAD cell 
lines were cultured in RPMI-1640 supplemented with 
10% fetal bovine serum (FBS; Invigentech, USA) at 
37 ℃ in a humidified incubator with 5% CO2. All cell 
lines underwent authentication through short tandem 
repeat (STR) profiling and were consistently screened 
for mycoplasma contamination. The negative control 
(NC) small interfering RNA (siRNA) and siRNAs 
targeting MMACHC were transfected into the cells using 
Lipofectamine 2000 (Invitrogen, USA). The sequences of 
siRNAs targeting MMACHC were as follows: MMACHC-
si sense, 5'-GCAUAUCAGGUGUGUGCAUTT-3'; and 
MMACHC-si antisense, 5'-AUGCACACACCUGAUAUG 
CTT-3'. For transfection, the cells were seeded for 24 hours  
and then exposed to siRNA fragments and control siRNAs 
for 48 hours.

Cell viability assay

Cells were seeded at a density of 5,000 cells per well in 96-
well plates. After addition of Cell Counting Kit-8 (CCK8; 
KeyGEN BioTECH, China), the plates were incubated at 
37 ℃ for 100 min. Absorbance values were measured with a 
microplate reader (BioTek, USA) at a wavelength of 450 nm.  
Cell viability was determined using a colony formation 
assay, and 1×103 cells were plated in six-well plates and 
allowed to grow for 12 days before being stained with 
crystal violet.

Transwell assay

Cells were plated in the upper compartment of a Transwell 
insert, with and without Matrigel (BD Biosciences, Franklin 
Lakes, NJ, USA) coating. The lower compartment was 
filled with medium supplemented with 10% FBS. Following 
a 24-hour incubation period, cells that had migrated to 
the other side of the membrane were fixed using 4% 
paraformaldehyde and then stained with crystal violet.

Real-time quantitative polymerase chain reaction

RNA was isolated using TRIzol reagent (Invitrogen), 
and reverse transcription was performed with the RT 
SuperMix (cat. No. 11151ES60; Yeasen, Shanghai, 
China). The quantitative real-time polymerase chain 
reaction (qRT-PCR) was conducted with SYBR green 
assay. The primers were as follows: ACTIN forward, 

5'-GGGAAATCGTGCGTGACATTAAGG-3'; ACTIN 
reverse, 5'-CAGGAAGGAAGGCTGGAAGAGTG-3'. 
GAPDH forward, 5'-GGAGCGAGATCCCTCCAAA 
AT-3'; GAPDH reverse, 5'-GGCTGTTGTCATACTTCT 
CATGG-3'. HDAC1 forward, 5'-TGACCAAGTACCACA 
GCGATGAC-3'; HDAC1 reverse, 5'-TTGCCACAGAAC 
CACCAGTAGAC-3'. MMACHC forward, 5'-ACTGGCG 
TGATTGGACTTACCG-3' ;  MMACHC  reverse , 
5'-AATCGTTGGGCAGGTGGAGTG-3'; SLC25A13 
forward, 5'-GGTCTGGGTTCTGTTGCTGGAG-3'; 
and SLC25A13 reverse, 5'-AGTTGATCGTTGGTTCTG 
CATTCG-3'.

Apoptosis assay

A total of 100,000 cells were seeded in each well of a six-
well plate. Apoptotic cells were detected using an Annexin 
V-Fluorescein Isothiocyanate (FITC) and propidium iodide 
(PI) staining kit, followed by analysis with a flow cytometer 
according to the manufacturer’s protocol (KeyGen 
BioTECH, Nanjing, China).

T cell-mediated tumor cell-killing assays

Peripheral blood mononuclear cells (PBMCs) were isolated 
from heparinized venous blood of healthy volunteers via 
density gradient centrifugation. PBMCs were stimulated 
for 48 hours using CD3 antibody (HIT3a, 300302; 
BioLegend, San Diego, CA, USA) and CD28 antibody 
(CD28.2, 302902; BioLegend, USA), after which the cells 
were cultured in a serum-free medium supplemented with 
20 ng/mL IL-2 protein (Sino Biological, Beijing, China). 
Following this, the collected PBMCs were cocultured 
with LUAD cells at a ratio of 8:1 for 48 hours to evaluate 
immune responses and induce tumor cell apoptosis. Tumor 
cells were washed with phosphate-buffered saline (PBS) 
and then with crystal violet. Finally a microplate reader was 
used to detect the optical density at a wavelength of 570 nm.  
PBMCs were washed twice with PBS, resuspended in 200 µL  
of staining buffer, and then stained with antibodies 
specific for CD3-PerCP-cyanine5.5 (OKT3, 45-0037-42;  
Invitrogen)  and CD8a-PE (RPA-T8,12-0088-42; 
Invitrogen).

Statistical analysis

All statistical analyses were conducted using R software 
version 4.2.1, with visualization of the results performed 
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through the “ggplot2” package. The Student’s t-test was 
employed to ascertain the significance of differences 
between groups. 

Results

Weighted gene coexpression network construction

For sample clustering, the TCGA-LUAD dataset was 
obtained and comprised 59 normal samples and 539 LUAD 
samples (Figure 1A). We determined the soft threshold 
as 7 based on the condition that R2 exceeded 0.9, and 
the connectivity was sufficiently high (Figure 1B). After 
combining the highly correlated modules using a clustering 
threshold of 0.25 (Figure 1C), we delineated a number of 
distinct modules for further analysis. These primed and 
consolidated PI modules were eventually displayed beneath 
the dendrogram (Figure 1D). Following this, an assessment of 
the correlations among the modules was conducted, with no 
significant correlations among them being found (Figure 1E).  
The reliability of module identification was confirmed 
through intramodular transcription correlation analysis, 
which indicated no significant intermodular connectivity. 
Correlations between module eigengenes (MEs) and clinical 
traits were then examined to clarify the modules’ relationship 
with clinical manifestations. Notably, the brown module 
showed a strong positive correlation with normal tissue 
(r=0.89; P<0.001) and a corresponding negative correlation 
with LUAD (r=–0.89; P<0.001) (Figure 1F). The blue and 
dark turquoise modules demonstrated a negative association 
with normal tissue (r<−0.5; P<0.001) and a positive 
correlation with LUAD (r>0.5; P<0.001) (Figure 1G,1H).  
Additionally, we explored the interactions among the 
elucidated modules by assessing their connectivity degree 
(Figure 1I).

DEGs and functional analysis of hub genes

Data from 539 LUAD and 59 control samples from 
TCGA-LUAD were retrospectively analyzed in this 
study. A total of 9,485 DEGs were discovered (log |fold 
change| ≥0.5 and adjusted P value <0.05) (Figure S1). Upon 
intersecting the genes from critical modules, crotonylation, 
and DEGs using a Venn diagram, we identified 17 DEGs 
(Figure 2A). We conducted functional analyses to gain 
insights into the biological roles of the DEGs within the 
modules. The results of GO enrichment analysis revealed 
that these DEGs were linked to purine ribonucleotide 

metabolic process, ribonucleotide metabolic process, purine 
nucleotide metabolic process, purine-containing compound 
metabolic process, and nucleotide metabolic process, 
among others (Figure 2B). KEGG analysis was associated 
with the biosynthesis of amino acids, notch signaling 
pathway, peroxisome proliferator-activated receptor (PPAR) 
signaling pathway, and hypoxia-inducible factor-1 (HIF-1)  
signaling pathway (Figure 2C,2D). The results of DO 
enrichment revealed that these DEGs were linked to 
acute kidney failure, amino acid metabolic disorder, and 
diabetic retinopathy, among others (Figure 2E). As shown in  
Figure 2F, DEGs participate in regulating the notch 
signaling pathway.

PPI network

PPI analysis was performed with the 17 DEGs via the 
STRING database (Figure S2A). The relationships among 
the key genes across the entire network were ascertained 
(Figure S2B).

Selection of feature genes

We employed three machine learning algorithms to identify 
feature genes: the SVM-RFE algorithm identified 7 genes 
(Figure 3A,3B), LASSO regression identified 11 genes from 
statistically significant univariate variables (Figure 3C), and 
random forest in conjunction with feature selection clarified 
the relationship between the error rate and the number 
of classification trees (Figure 3D,3E) and the 6 genes with 
relative importance. Via Venn diagram, we identified 
GAPDH, SLC25A13, MMACHC, and HDAC1 as the genes 
that overlapped after the above-mentioned procedures were 
completed (Figure 3F).

Immunological infiltration in LUAD

The results  showed that the enrichment of G2M 
checkpoint, E2F targets, glycolysis, and DNA repair 
pathways in the LUAD group was higher than that in the 
control group (Figure 4A). We recognized that the four hub 
genes were linked to the G2M checkpoint, E2F targets, 
MYC targets, mammalian target of rapamycin complex-1 
(mTORC1) signaling, and DNA repair pathways, and 
we used the “corrplot” package to calculate the positive 
correlation among the signature genes (Figure 4B). The 
four hub genes were found likely to regulate the immune 
response during the progression of LUAD.

https://cdn.amegroups.cn/static/public/TLCR-2025-204-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TLCR-2025-204-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TLCR-2025-204-Supplementary.pdf
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Figure 3 Feature gene selection. (A,B) Biomarker signature gene expression validation via SVM-RFE algorithm selection. (C) Adjustment 
of feature selection in the LASSO model. (D) Random forest error rate versus the number of classification trees. (E) The top 6 relatively 
important genes. (F) Three algorithmic Venn diagram screening genes. CV, cross-validation; LASSO, least absolute shrinkage and selection 
operator; SVM-RFE, support vector machine–recursive feature elimination.
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Expression status and prognostic value in pancancer

GAPDH, SLC25A13, MMACHC, and HDAC1 were found 
to be highly expressed in bladder urothelial carcinoma 
(BLCA), cervical squamous cell carcinoma and endocervical 
adenocarcinoma (CESC), LUAD, lung squamous cell 
carcinoma (LUSC), and uterine corpus endometrial 

carcinoma (UCEC) in TCGA (Figure 5A-5D). Next, the 
prognostic effect of GAPDH, MMACHC, SLC25A13, and 
HDAC1 for pancancer was further evaluated. Misregulation 
of GAPDH, MMACHC, SLC25A13, and HDAC1 were 
significantly associated with a poor prognosis. In LUAD, 
BLCA, CESC, and other cancers, a high level of GAPDH, 

Figure 4 Correlation between LUAD and immunity. (A) Comparison of ssGSEA scores of immune cells and immune pathways between the 
LUAD group and healthy control group. (B) Correlation between characteristic gene and immunity. *, P<0.05; **, P<0.01; ***, P<0.001; ns, 
not significant. C, control; P, patient; ssGSEA, single sample gene set enrichment analysis.
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Figure 5 The expression and prognosis of DEGs. Pancancer expression levels of (A) GAPDH, (B) SLC25A13, (C) MMACHC, and  
(D) HDAC1 in TCGA dataset. (E-H) The survival analysis of GAPDH, SLC25A13, MMACHC, and HDAC1 expression and overall survival 
in several tumors. (I-L) The survival analysis of GAPDH, SLC25A13, MMACHC, and HDAC1 expression and progression-free interval 
in several tumors. *, P<0.05; **, P<0.01; ***, P<0.001; ns, not significant. DEGs, differentially expressed genes; HR, hazard ratio; TPM, 
transcripts per million.
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MMACHC, SLC25A13, and HDAC1 was associated with 
a worse OS or PFI (Figure 5E-5L). These results indicate 
that GAPDH, MMACHC, SLC25A13, and HDAC1 are 
important factors that affect cancer prognosis.

Analysis of immune infiltration

The association between the expression of GAPDH, 
SLC25A13 ,  MMACHC ,  and HDAC1  and immune 
cell infiltration was determined using the TIMER, 
CIBERSORT, ESTIMATE, MCPcounter, and xCell 
algorithms. According to the results, the CIBERSORT 
algorithm revealed that CD8+ T cells in 10 tumors, CD4+ T 
cells in 4 tumors, neutrophils in 10 tumors, macrophages in 
14 tumors, eosinophils in 6 tumors, and B cells in 28 tumors 
exhibited a strong correlation with GAPDH (Figure 6A).  
The MCPcounter algorithm indicated that CD8+ T cells 
in 20 tumors, neutrophils in 18 tumors, natural killer (NK) 
cells in 26 tumors, endothelial cells in 13 tumors, and 
native B cells in 15 malignancies had a strong association 
with SLC25A13 (Figure 6B). CD8+ T cells in 17 tumors, 
neutrophils in 20 tumors, dendritic cells (DCs) in 23 tumors,  
and B cells in 11 tumors were found to have a strong 
correlation with MMACHC, as indicated by the TIMER 
algorithm (Figure 6C). CD8+ T cells in 12 tumors, 
neutrophils in 6 tumors, DCs in 21 tumors, and B cells in 
11 tumors were found to have a strong correlation with 
HDAC1, as revealed by the xCell algorithm (Figure 6D). 
The results of the ESTIMATE analysis indicate that in 
multiple tumors, including LUAD, the immune score and 
stromal score are significantly correlated with the expression 
levels of GAPDH, SLC25A13, MMACHC, and HDAC1 
(Figure 6A-6D).

Immune checkpoints analysis

We first analyzed the correlation between GAPDH and 
42 immune checkpoints, which indicated a significant 
correlation between GAPDH and most immune checkpoints 
in pancancer. In LUAD, GAPDH was positively correlated 
with cytotoxic T lymphocyte-associated antigen-4 (CTLA4) 
and programmed cell death protein-1 (PD-1) but and 
negatively correlated with programmed cell death ligand 1  
(PD-L1) (Figure 7A). We then analyzed the correlations 
between SLC25A13, MMACHC, and HDAC1 and 42 
immune checkpoints, identifying significant correlations 
between SLC25A13, MMACHC, and HDAC1 and most 
immune checkpoints in pancancer (Figure 7B-7D).

Immune inflammatory response pathway

We then analyzed the correlation between these four 
genes and immunoinflammatory response pathway in 
pancancer. The results indicated that these four genes 
exhibited significant correlations with nearly all immune-
inflammatory pathways, suggesting that they may play 
a pivotal role in the immune-inflammatory response 
pathways associated with LUAD (Figure 8A-8D). HDAC1 
is significantly negatively correlated with a variety of 
immunoinflammatory pathways in LUAD, including B-cell 
receptor signaling pathway, chemokine signaling pathway, 
FC epsilon RI signaling pathway, natural killer (NK) cell-
mediated cytotoxicity, T-cell receptor signaling pathway, 
and toll-like receptor signaling pathway (Figure 8D). We 
observed similar results to in GAPDH, SLC25A13, and 
MMACHC, with a significant negative correlation with 
immunoinflammatory pathways (Figure 8A-8C). These 
results suggest that GAPDH, SLC25A13, MMACHC, 
and HDAC1 play a critical role in regulating immune-
inflammatory pathways and influencing the occurrence and 
development of LUAD.

MMACHC knockdown inhibited proliferation 
and migration, induced apoptosis, and enhanced 
immunotherapy in LUAD 

The findings indicated a substantial increase in HDAC1, 
GAPDH, MMACHC, and SLC25A13 mRNA expression 
levels in LUAD compared to paired normal tissues, which 
was consistent with the bioinformatics analysis outcomes 
mentioned above in this article (clinical sample size, n=7) 
(Figure 9A). MMACHC is considered a clinical marker that 
can be used to predict early prognosis for patients with 
esophageal squamous cell carcinoma (30). In our study, we 
examined MMACHC to validate its roles in LUAD cells. The 
expression level of MMACHC was significantly suppressed 
when transfected with siRNA-MMACHC (Figure 9B). 
Through CCK8 assay, it was observed that si-MMACHC 
had a remarkable inhibitory effect on the proliferation of 
LUAD (Figure 9C). Subsequently, colony formation assays 
were performed, which indicated a significant decrease in 
viability and colony-forming ability in cells with MMACHC 
knockdown (Figure 9D). Transwell experiments confirmed 
that the downregulation of MMACHC significantly reduced 
the migration and invasion rate of A549 and H1299 cells 
(Figure 9E). Apoptosis assays, complemented by flow 
cytometry, demonstrated that cells with the downregulation 
of MMACHC had significantly increased cell apoptosis as 
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compared to control cells (Figure 9F). Ultimately, a T cell-
mediated tumor cell-killing assay was conducted to evaluate 
the impact of MMACHC in modulating the effectiveness 
of immunotherapy (Figure 10A,10B). It indicated that 

MMACHC knockdown substantially enhanced the efficacy 
of immunotherapy. In comparison to that in NCs, the 
abundance of CD8+ T cells significantly increased following 
co-culture with si-MMACHC tumor cells (Figure 10C). 

Figure 7 Correlation between (A) GAPDH, (B) SLC25A13, (C) MMACHC, and (D) HDAC1 and 42 immune checkpoints. *, P<0.05; **, 
P<0.01; ***, P<0.001. 
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All experiments were conducted independently in the 
laboratory three times. In the T cell-mediated tumor cell-
killing assay, we performed biological replicates, while for 
the other experiments, we conducted technical replicates.

Discussion

As the predominant histological subtype of lung cancer 
globally, LUAD has exhibited a marked increase in 
incidence alongside a modest improvement in median 
survival rate in recent years, with its epidemiological 
characteristics demonstrating pronounced geographical 
heterogeneity (31,32) .  Geographical ly,  East  Asia 
(particularly China) displays a distinct epidemiological 
pattern characterized by an exceptionally high LUAD 
incidence among non-smokers, a predominant female 
patient population, and a progressive annual growth 
trend—strikingly contrasting with the smoking-associated 
LUAD predominance observed in Western populations (33).  
The advancement of precision medicine has further 
revealed molecular-level geographical disparities, notably 
the significantly higher epidermal growth factor receptor 
(EGFR) mutation rates in East Asian patients compared 
to Western cohorts, which has directly catalyzed the 
development of targeted therapies (34). Although recent 
improvements in LUAD survival rates can be partially 
attributed to rapid advancements in targeted therapies and 
immunotherapies, drug resistance and suboptimal response 

rates persist, maintaining LUAD as one of the leading 
causes of cancer-related mortality worldwide (35). There is 
an urgent need for novel biomarkers to improve the survival 
rates of patients with LUAD. In this study, we identified 
feature genes, including GAPDH, SLC25A13, MMACHC 
and HDAC1, as crotonylation-related diagnostic markers 
for LUAD and to analyze the relationship between immune 
microenvironmental status and these markers. 

There is a growing body of evidence supporting the 
potential of crotonylation modification to play an important 
role in the regulation of a variety of biological functions 
from gene expression to telomere function maintenance. 
High concentrations of crotonic acid in the gastrointestinal 
tract can regulate transcription levels and protein 
activity through crotonylation modification, affecting 
the progression of malignant tumors. This suggests that 
targeting crotonic acid and crotonylation modification may 
be viable therapeutic strategies for cancer. Furthermore, 
with the development of high-throughput detection 
technologies, it is believed that more crotonylation-
modifying enzymes will be identified and that the 
mechanism of action underlying crotonylation modification 
in several tumors will be revealed.

Through in vitro experiments, Liao et al. demonstrated 
that treatment with crotonic acid can suppress p53 activity 
and enhance the proliferation of colorectal cancer cells (36).  
Similar studies in prostate and cervical cancers have 
also demonstrated a correlation between crotonylation 

D HDAC1

P value Correlation
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Figure 8 Correlation between (A) GAPDH, (B) SLC25A13, (C) MMACHC, and (D) HDAC1 and immune inflammatory pathways.  
*, P<0.05; **, P<0.01; ***, P<0.001. 
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Figure 9 Analysis of MMACHC function in LUAD cells. (A) qRT-PCR results of HDAC1, GAPDH, MMACHC, and SLC25A13 in the 
clinical samples (n=7). (B) The knockdown efficiency of MMACHC was verified with qRT-PCR. (C) Cell proliferation analyses of A549 and 
H1299. (D) Representative images of colony formation and quantification of colony formation (crystal violet staining). (E) Representative 
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cells were analyzed with flow cytometry in the NC group and si-MMACHC group. *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001. FITC, 
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Figure 10 MMACHC enhances the in vitro killing efficacy of PBMCs against LUAD cells. (A) Representative images of LUAD cells after 
coculture with or without T cells (crystal violet staining, 50× magnification). (B) The relative OD value at 570 nm of LUAD cells after 
coculture with or without T cells. (C) CD8+ T cells were measured by flow cytometry after coculture in the NC group and si-MMACHC 
group. ****, P<0.0001. NC, negative control; OD, optical density; PBMCs, peripheral blood mononuclear cells.
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modification and the malignant phenotype of tumor  
cells (9,10).

More recently, Guo et al. study identified key changes 
in protein crotonylation under hypoxia, particularly 
in phosphoglycerate kinase 1 (PGK1), which affects 
glycolysis and mitochondrial metabolism in breast cancer 
and could serve as a diagnostic marker (37). Additionally, 
targeting general control non-depressible 5 (GCN5)-
mediated crotonylation has been found to be a promising 
therapeutic strategy for improving the outcome of cancer  
radiotherapy (38). Higher lysine crotonylation expression 
has been identified as a predictive marker for lymph node 
metastasis in thyroid cancer (39).

In addition, it has been reported that the deacetylase-
independent function of HDAC1 may be related to the 
expression of the cell cycle inhibitor protein p21 (40). 
Moreover, research has confirmed that the gene expression 
levels of HDAC1 are closely associated with the progression 
rate of lung cancer and that high expression of the HDAC1 
and HDAC3 genes often predicts poor prognosis in  
LUAD (41). GAPDH is a glycolytic enzyme expressed in 
almost all tissues. It is commonly used as a housekeeping 
gene in biological experiments, such as RNA extraction 
and Western blotting. However, under certain special 
conditions, such as hypoxia or cell division, GAPDH 
may consume an abnormally large amount of adenosine 
triphosphate (ATP), leading to changes in its expression 
levels (42). Therefore, GAPDH is not considered suitable 
for use as an internal reference gene for gene expression in 
tumor cells. Our result also suggests that in LUAD-related 
research, such as in RNA quantification assays, GAPDH is 
not suitable as an internal reference gene, as it may affect the 
accuracy of the results. Research indicates that hypoxia can 
regulate multiple key genes related to the Warburg effect, 
inducing a reprogramming of cellular energy metabolism 
and promoting a shift in glucose metabolism (43). GAPDH 
may be an important gene involved in the growth of lung 
cancer cells under hypoxic conditions. Recently, Guéant 
et al. proposed a mechanism that underlies methionine 
dependence in the MeWo LC1 cutaneous melanoma cell 
line, suggesting the involvement of MMACHC, which 
encodes a crucial protein in cobalamin (vitamin B12) 
metabolism and its inactivation (44). Our study indicated 
that MMACHC has a significant impact on the biological 
characteristics of LUAD. Knocking down MMACHC not 
only inhibited the proliferative, invasive, and migratory 
abilities of LUAD but also significantly promoted apoptosis 
in LUAD. More importantly, knockdown of MMACHC 

could enhance the efficacy of immunotherapy in LUAD, 
and thus MMACHC may be a productive research target for 
immunotherapy in LUAD. SLC25A13, a calcium-regulated 
mitochondrial inner membrane carrier protein, is highly 
expressed in most human tumors (45). Previous studies have 
found that inhibiting the expression levels of SLC25A12/13 
significantly suppresses the synthesis of aspartate in tumor 
cells, thereby inhibiting tumor proliferation, invasion, and 
migration (46,47).

CD8+ T lymphocytes kill cancer cells by releasing 
cytotoxic molecules and cytokines, and are major anti-
tumor effector cells (48). Currently, a study indicates that 
the number of tumor-infiltrating CD8+ T cells (TILs) 
in the tumor microenvironment is a critical prognostic 
biomarker for cancer (49). Similarly, a meta-analysis studied 
peripheral blood and CD8+ TILs in solid tumor patients 
on immunotherapy, and it showed that high-level CD8+ 
TILs are a good prognostic indicator for patients receiving 
immune checkpoint inhibitor (ICI) therapy (50). Recently, 
a study has found that glioblastoma stem cells undergo 
lysine metabolic reprogramming to produce crotonyl-
CoA, increasing the overall crotonylation level, affecting 
interferon signaling and CD8+ T-cell infiltration, and 
promoting tumor growth (51). This suggests crotonylation’s 
potential role in influencing tumor immune evasion and 
its implications for developing new immunotherapeutic 
strategies aimed at modulating crotonylation to enhance 
anti-tumor immunity and improve patient responses to 
immunotherapy.

We analyzed the expression and prognostic status of 
GAPDH, SLC25A13, MMACHC, and HDAC1 in pancancer 
and found that these four genes were significantly 
overexpressed in various tumors and associated with poor 
prognosis and a tumor microenvironment. Furthermore, 
we examined the relationship between the four genes 
and immune cell infiltration, immune-inflammatory 
pathways, and immune checkpoints in pancancer and found 
that all four genes were closely associated with multiple 
components of the immune microenvironment. Ultimately, 
our findings suggest that MMACHC plays a role in LUAD 
and is significantly associated with the malignant phenotype 
of LUAD and thus holds promise as a target for modulating 
the efficacy of immunotherapy in LUAD. Bioinformatics 
analyses have linked MMACHC to several immune cells and 
pathways. In our co-culture model, MMACHC knockdown 
was found to enhance CD8+ T-lymphocyte proliferation and 
immune-mediated tumor cell killing. This makes it a novel 
target for LUAD immunotherapy and further research.



Hu et al. Crotonylation-related biomarkers in lung adenocarcinoma960

© AME Publishing Company.   Transl Lung Cancer Res 2025;14(3):940-962 | https://dx.doi.org/10.21037/tlcr-2025-204

Despite these encouraging findings, our study had certain 
limitations. To begin, we did not verify the expression of the 
four genes in terms of protein level in LUAD and we did 
not conduct further mechanistic exploration of MMACHC. 
Moreover, we did not validate the role of MMACHC 
in LUAD in vivo. These issues will be addressed in our 
subsequent research.

Conclusions

Our study lays an essential foundation for future clinical 
treatment and immunotherapy research in LUAD. 
Crotonylation-related enzymes are expected to become 
novel targets for LUAD diagnosis and treatment. Moreover, 
MMACHC could potentially be a diagnostic and therapeutic 
marker for LUAD.
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