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Background

Lactylation, a novel post-translational modification, has emerged as a critical regulatory mechanism in various biological processes, including tumor progression. However, its role and associated gene signatures in lung adenocarcinoma (LUAD) remain unclear.





Methods

RNA sequencing data of LUAD patients were obtained from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. Unsupervised clustering was used to identify lactylation-related genes. A risk prognostic model was constructed using least absolute shrinkage and selection operator regression analysis and subsequently validated. A nomogram was then employed to optimize the clinical applicability of the risk score. Additionally, various algorithms were used to explore the relationship between the risk score and immune infiltration levels, with model genes analyzed based on single-cell sequencing. The effects of RCCD1 knockdown on LUAD cell proliferation and migration were evaluated through CCK8 and transwell assays.





Results

Higher risk scores were associated with poorer overall survival prognosis. Immune analysis revealed that the risk score may play a role in regulating the tumor microenvironment. Additionally, these risk scores were found to be associated with chemotherapy drug sensitivity. A series of experiments further demonstrated that RCCD1 promotes LUAD cell proliferation and migration in vitro.





Conclusion

This study highlights the critical role of lactylation-related gene signatures in LUAD and their association with immune cell infiltration, providing insights into potential therapeutic targets and biomarkers for clinical application.
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Introduction

Lung adenocarcinoma (LUAD) is the most common histological subtype of non-small cell lung cancer (NSCLC) (1, 2). Despite advancements in surgical techniques, targeted therapies, and immunotherapies, LUAD remains a leading cause of cancer-related mortality (3). Therefore, there is an urgent demand for the discovery of new biomarkers to enhance early detection and treatment outcomes in LUAD.

Post-translational modifications (PTM) are crucial regulators of protein function, stability, and interactions, playing essential roles in cellular processes and disease development (4–6). One such modification, lactylation, is a recently discovered PTM involving the addition of lactyl groups to lysine residues on histones and non-histone proteins (7–9). This modification is primarily associated with intracellular metabolic changes. Unlike acetylation and methylation, which are commonly linked to the regulation of gene expression and chromatin remodeling, lactylation is influenced by the cell’s metabolic state, particularly under conditions such as hypoxia or altered metabolic pathways. This modification regulates protein function by altering protein-protein interactions, stability, and cellular localization, thereby playing a crucial role in processes such as metabolic reprogramming, immune responses, and tumor progression. Although research on lactylation is still limited, as an emerging post-translational modification, its potential role in disease mechanisms, particularly in cancer and metabolic disorders, is receiving increasing attention (10–12). Recent studies have revealed the significant roles lactylation may play in these processes. For instance, lactylated Apolipoprotein C-II has been shown to induce resistance to immunotherapy by promoting extracellular lipolysis in NSCLC (13). Additionally, LKB1 has been found to induce cellular senescence and apoptosis in vitro and in vivo, with LKB1 inhibiting telomerase activity and promoting cellular senescence via histone lactylation in lung adenocarcinoma cells (14). Lactate-induced lactylation of IGF1R protein has also been shown to promote lung cancer cell proliferation and metabolic reprogramming (15). Furthermore, lactate enhances the stability of the IGF1R oncogene protein, thereby promoting glycolysis and lactate production, creating a positive feedback loop. Despite these promising findings, the functional roles and clinical significance of lactylation-related genes in LUAD remain poorly understood, highlighting the need for further investigation into their potential as therapeutic targets and prognostic markers in LUAD.

The tumor microenvironment (TME) plays a pivotal role in the progression of LUAD, influencing tumor growth, metastasis, and response to therapy (16, 17). Immune cell infiltration, particularly the recruitment and activity of subsets such as T cells, macrophages, and dendritic cells, is a critical determinant of antitumor immunity and the efficacy of immunotherapies (18). Recent studies have highlighted the impact of metabolic alterations in the TME, including lactate accumulation, on immune cell function and polarization (19, 20). For example, SLC2A1 has been identified as a prognostic biomarker in lung squamous cell carcinoma (21). Cancer-associated fibroblasts may reduce the effectiveness of PD-1/PD-L1 blockade in immunotherapy through glycolysis-induced lactate accumulation via LOX (22). However, the relationship between lactylation-related genes and the immune microenvironment in LUAD remains unclear. This warrants further investigation to explore how lactylation modulates immune cell dynamics and influences the TME, potentially offering new insights into LUAD treatment strategies.

In this study, we investigated the role of lactylation-related genes in LUAD and established a lactylation-related gene (LRG) model. The identification of lactylation-related gene signatures with prognostic and immunological significance may provide new avenues for personalized treatment in LUAD, ultimately improving patient outcomes and deepening our understanding of this complex disease.





Materials and methods




Data collection and processing

The relevant transcriptomic data, mutation data, and clinical data were sourced from platforms such as The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO), including datasets GSE31210 and GSE72094. Data preprocessing included quality control and normalization, after which the three datasets were merged. The clinical information of the patients is in Supplementary Table S1.





Identification of lactylation-related genes

Lactylation-related genes (LRGs) refer to those genes whose expression is either directly regulated by lactylation or involved in the cellular processes modulated by lactylation, based on findings from previous studies in the field. All LRGs in this study were collected from previously published studies. After removing duplicate genes, a total of 332 genes were identified, which are listed in Supplementary Table S2.





Consensus lustering analysis

We used consensus clustering analysis to identify different subgroups of LUAD patients based on the expression patterns of LRGs. The k-means clustering algorithm was applied to the expression matrix of lactylation-related genes.





Development of prognostic model

We performed a multivariate Cox regression analysis and split the LUAD patient cohort into two equal groups: a training set (n = 553) and a test set (n = 553). Key genes and their corresponding regression coefficients were selected using LASSO Cox regression. A risk score was calculated by applying the standardized expression values of the identified genes and their respective coefficients, following the formula: Risk Score = ∑ (Gene Expression × Coefficient). Based on the median risk score, patients were categorized into low-risk and high-risk groups. The performance of the model was assessed using receiver operating characteristic (ROC) curves.





Drug sensitivity analysis

The “pRRophetic” R package was employed to calculate the half-maximal inhibitory concentration (IC50) values for drugs in LUAD (23).





Exploration of the tumor immune microenvironment

The ESTIMATE scores were calculated using the “estimate” R package. Single-sample gene set enrichment analysis (ssGSEA) was conducted to quantify the proportion of immune cells within each sample.





Establishment of prognostic scoring system

Based on the model scores, we developed a LRGs prognostic model, and combined it with clinical parameters (such as age, stage, and gender) to create a nomogram scoring system. The predictive accuracy of the scoring system was evaluated using calibration plots.





Single-cell RNA sequencing analysis

Single-cell RNA sequencing data from 11 LUAD samples were obtained from the GSE131907 dataset. To analyze the cell populations, we performed clustering using the Seurat R package. Prior to clustering, batch effects were corrected to ensure reliable results. Cells were filtered based on specific criteria: those with fewer than 500 or more than 6000 unique feature counts, as well as cells with more than 20% mitochondrial gene expression, were excluded. After normalizing the data, we conducted non-linear dimensionality reduction using t-SNE with the default settings. Subsequently, cluster-specific biomarkers were identified.





Cell culture and transfection

The NSCLC cell lines A549 and PC9 were obtained from the American Type Culture Collection (ATCC, Manassas, USA) and cultured in DMEM (Biological Industries, USA) supplemented with 10% FBS (Gibco, USA). Lipid-based transfection reagents were used to transfect target genes or siRNA according to the manufacturer’s instructions. Cells were collected for subsequent functional assays. Transfection was performed with siRNA targeting RCCD1 or control siRNA (Ribobio, China) and Lipofectamine 2000 (Invitrogen, USA).





Quantitative reverse transcription polymerase chain reaction

Quantitative real-time PCR (qRT-PCR) was employed to assess the expression of RCCD1 in LUAD cell lines. qRT-PCR was carried out using SYBR Green PCR Master Mix, with GAPDH serving as the internal control for normalization of gene expression. Fold changes in gene expression were determined using the 2^−ΔΔCT method. The mRNA primer sequences used are shown as below: 5′-AGGGCCTAGTCATGGCTGAG -3′ and 5′-GGCTTCCCTTGCGACAGTC-3′ for RCCD1.





CCK8 cell viability assay, colony formation assay, and transwell migration assay

The CCK8 assay was used to evaluate cell viability. Cells were seeded in 96-well plates and treated with si-RCCD1 or si-control, with absorbance measured at 450 nm after 24, 48, and 72 hours. Colony formation assay, cells were seeded in 6-well plates and cultured for 14 days, followed by crystal violet staining and counting. The transwell experiment was performed without a matrigel coating, and cells were stained with crystal violet after 48 hours.






Results




Analysis of molecular subtypes related to LRGs

To investigate the molecular subtypes associated with LRGs, we conducted unsupervised clustering analysis using RNA-seq data from the TCGA and GEO databases. This approach enabled the identification of three distinct molecular subtypes in LUAD, with the optimal number of clusters determined as k = 3 based on the consensus cumulative distribution function curve (Figure 1A). These subtypes were labeled as clusters A, B, and C, reflecting differences in their underlying gene expression profiles. Principal component analysis was subsequently performed, highlighting the distinct molecular signatures driven by the expression of LRGs (Figure 1B). Notably, patients in cluster B exhibited significantly shorter overall survival (OS), (Figure 1C). In addition, we examined the expression levels of these LRGs in relation to the distribution of each molecular subtype and clinicopathological features, which are visually represented in Figure 1D. We found that some genes were significantly reduced in cluster C, which underscores the heterogeneous nature of LUAD and suggests that these molecular subtypes may reflect distinct tumor biological behaviors and patient outcomes. These findings provide important insights into how LRG expression may influence tumor progression and prognosis in LUAD.




Figure 1 | Unsupervised clustering was performed to identify lactylation-related genes. (A) LUAD patients were classified into three molecular clusters using a k = 3 approach. (B) Principal Component Analysis (PCA) revealed notable expression differences of lactylation-related genes across the three subtypes. (C) Kaplan-Meier survival curve demonstrated significant overall survival differences between the three clusters. (D) A heatmap displayed differences in lactylation-related genes expression and corresponding clinicopathological features across the three molecular clusters.







Tumor immune microenvironment analysis in different molecular subtype groups

The analysis of the tumor immune microenvironment across the molecular subtypes revealed significant differences in immune cell composition, which further highlights the complexity of LUAD. Notably, cluster C exhibited significantly highest levels of activated B cells, activated CD8+ T cells, and macrophages et al, which are often associated with an active immune response (Figure 2A). Additionally, patients in cluster C demonstrated markedly highest ESTIMATE scores, immune scores, and stromal scores, all of which are indicative of a more immunologically active tumor microenvironment and highest levels of stromal and immune cell infiltration (Figures 2B–D). These factors were positively correlated with a longest survival time, further supporting the notion that a more robust immune presence may enhance tumor control and improve prognosis. In contrast, the reduced immune infiltration and lowest ESTIMATE scores in cluster B were associated with the poorest survival outcomes, suggesting that immune evasion and lack of immune response may be key drivers of the aggressive nature of this subtype. These findings indicate that LRGs may play a pivotal role in shaping the immune landscape of LUAD.




Figure 2 | Comparison of tumor microenvironment properties across subgroups. (A) The proportion of immune infiltrating cell components across the three clusters. (B-D) Boxplots illustrating the differences in ESTIMATE score, immune score, and stromal score among the three clusters. ***P < 0.001, nsP ≥ 0.05 compared to the control group.







Establishment and verification of risk model based on differentially expressed genes

To investigate the potential biological behaviors of the LRG subtypes, we first identified subtype-specific differentially expressed genes (DEGs) using the limma package in R. Based on the DEGs identified across clusters A, B, and C, a risk prognostic model was developed. The patient cohort was randomly split into two groups at a 1:1 ratio, creating a training set and a validation set. The LASSO regression method was applied to build the model (Figures 3A, B). we developed a risk model in the training set, which demonstrated significant prognostic value. This model consists of 25 genes, with Figure 3C illustrating the expression levels of these 25 genes in the high- and low-risk groups. Higher risk scores were associated with poorer OS in LUAD patients (Figures 3D–F). Moreover, ROC curve analysis further confirmed the strong prognostic value of the model, highlighting its potential utility for clinical prognostic prediction (Figure 3G). To further validate the robustness of our model, we performed validation using the validation set, which yielded consistent and promising results (Supplementary Figure S1A-E). The model’s ability to stratify patients into distinct prognostic groups remained effective, with higher risk scores still correlating with poorer OS. Moreover, we extended the validation to the entire dataset, including both the training and validation sets combined. The results from the entire dataset were similarly consistent with those observed in the training and validation sets (Supplementary Figure S1F-J), demonstrating that the model performs well across different subsets of LUAD patients. Patients with higher risk scores exhibited poorer prognoses across various subgroups, including age, gender, and T grade (Supplementary Figure S2A-F). Notably, significant differences in risk scores were observed between these subgroups, with males and patients in stages T3–4 showing markedly higher risk scores (Supplementary Figure S2G-I).




Figure 3 | Construction of a lactylation-related prognostic model. (A, B) Determining the optimal number of factors using LASSO regression analysis. (C) Heatmap illustrating the 25 genes included in the model alongside clinical features. (D, E) Distribution of the risk score based on survival status and survival time in training cohort. (F) Kaplan-Meier survival curves showing overall survival for patients categorized into different risk groups. (G) ROC curves assessing the sensitivity and specificity for 1-, 2-, and 3-year survival predictions in the training cohort.







Assessing immune infiltration

We further investigated the relationship between LRGs score and TME features. Our analysis showed that the low LRGs score group had significantly higher immune cell infiltration compared to the high score group, except for Th2 cells, where no substantial difference was observed (Figure 4A). The increased immune cell infiltration in the low LRGs score group suggests a more active immune environment, potentially indicating a stronger anti-tumor immune response. Moreover, immune-related pathways were notably enriched in the low LRGs score group, although no significant differences were found in pathways such as APC co-inhibition, MHC class I, and Parainflammation (Figure 4B), pointing to a more complex involvement of these immune mechanisms in LUAD progression. Additionally, patients in the low LRGs score group showed significantly elevated ESTIMATE scores, immune scores, and stromal scores (Figures 4C–E). Together, these results suggest a strong association between the LRGs score and the TME in LUAD.




Figure 4 | Analysis of TME and immune scores. (A) Distribution of infiltration of 16 immune cell types between two risk groups. (B) Distribution of 13 immune-related pathways between two risk groups. (C-E) Box plots showing the differences in Estimate score, Immune score, and Stromal score between the risk groups. *P < 0.05, ***P < 0.001, nsP ≥ 0.05 compared to the control group.







Independent prognostic value of the LRGs score and development of a nomogram

To assess the independent prognostic value of the LRGs score in LUAD, we performed univariate and multivariate Cox regression analyses. The univariate analysis revealed that the LRGs score, along with other clinicopathological factors such as age and tumor stage involvement, were significantly associated with OS in the training set (Figure 5A). Further, multivariate Cox regression analysis confirmed that the LRGs score remained an independent prognostic factor, even after adjusting for other clinical variables in the training set (Figure 5B). Importantly, these results were consistent across the validation set and the entire dataset (Figures 5C–F). To enhance the clinical applicability of the LRGs score, we constructed a prognostic nomogram by integrating the LRGs score with other significant prognostic factors identified in the multivariate analysis. It is important to note that we also assessed the association between these clinical characteristics and patient prognosis to ensure that the LRGs in the model are independently associated with the outcome. Integrating these factors together allows for a more accurate prediction of patient prognosis (Figure 5G). The nomogram provides a quantitative tool for estimating the 1-, 3-, and 5-year OS of LUAD patients. The calibration curves for the nomogram demonstrated good agreement between the predicted and actual survival outcomes (Figure 5H). These findings underscore the value of the LRGs score as an independent prognostic factor and highlight the potential of the nomogram as a practical clinical tool for personalized patient management in LUAD.




Figure 5 | The clinical value of a nomogram for LUAD patients. (A, B) Forest plots presenting univariate and multivariable Cox regression analyses of clinical characteristics and risk score in the training cohort. (C, D) Forest plots presenting univariate and multivariable Cox regression analyses of clinical characteristics and risk score in the test cohort. (E, F) Forest plots presenting univariate and multivariable Cox regression analyses of clinical characteristics and risk score in the entire cohort. (G) Nomogram for predicting overall survival of patients based on risk score and clinicopathological factors. (H) Calibration plot of the nomogram showing the survival probability over time.







Mutation analysis of risk model and its predictive effect on chemotherapy drug sensitivity

The mutation analysis of the risk model revealed distinct mutational landscapes between high- and low-risk LUAD patients. The high-risk group exhibited a higher mutation burden, as shown in Figure 6A. However, we found an interesting decrease in OS in patients with low tumor mutation burden (TMB) (Figure 6B). Survival analysis combining risk scores and TMB scores indicated that the high TMB and low-risk group had the best survival outcomes (Figure 6C). Next, we compared the genomic mutations between the two groups. The top five mutations in both the high- and low-risk score subgroups were similar; however, the mutation rates were generally higher in the high-risk group (Figures 6D, E).




Figure 6 | Differences in tumor mutational burden. (A) Distribution of TMB between the two groups. (B) Kaplan-Meier curves illustrating OS for patients in the high and low TMB groups. (C) Kaplan-Meier curves comparing OS between patients in the combined risk group and TMB groups. (D, E) Waterfall plot showing the top 20 mutated genes and their distribution variance between the two risk groups.



IC50 analysis results showed a significant correlation between risk scores and drug sensitivity (Figure 7A). Specifically, patients in the low-risk group exhibited higher IC50 values for BI.2536, MK8776, and 5-Fluorouracil. By contrast, the high-risk group showed higher IC50 values for Doramapimod, Ribociclib, and SB216763 (Figure 7B). These findings suggest that this signature may provide valuable insights into personalized treatment regimens for LUAD patients based on their molecular subtype.




Figure 7 | The role of prognostic models in predicting gene-drug associations and drug sensitivity. (A) The association between risk score, model genes, and drug sensitivity. (B) The boxplots illustrate the comparison of IC50 values between the two risk groups; *p < 0.05, **p < 0.01, ***p < 0.001.







RCCD1 promotes proliferation and migration of LUAD cells

To further investigate the role of lactylation-related genes in LUAD progression, we performed differential expression analysis of 25 core genes in both tumor and adjacent normal tissues, which was visualized through a volcano plot (Figure 8A). Following univariate prognostic analysis of the selected genes, RCCD1 and RGS13 were identified as potential prognostic genes (Figure 8B). We then obtained single-cell sequencing data for 11 samples from GSE131907. We identified 18 distinct cell clusters (Figure 8C). Cell subsets were annotated using specific tools (Figure 8D). To investigate the expression of RCCD1 and RGS13 in different cell types, we visualized their expression using t-SNE and violin plots. RGS13 is predominantly expressed in macrophages, while RCCD1 is expressed at low levels in various cell types within the tumor microenvironment (Figures 8E–H).




Figure 8 | Verification of keys genes through sc-RNA seq. (A) The volcano plot illustrates the differential expression analysis of the core genes between tumor and adjacent normal tissue. (B) The forest plot demonstrates the genes that are prognostically significant for LUAD patients. (C, D) tSNE plots of cells generated from LUAD tissue. The plots are colored by cell cluster, and the cells are clustered into 7 sub-clusters. (E, F) The expression of signature genes in LUAD visualized in tSNE. (G, H) Violin plots depicting the expression of signature genes in clusters of LUAD. The y axis shows the normalized read count.



The effectiveness of knockdown was confirmed by RT-qPCR (Figure 9A). Further experiments showed that knockdown of RCCD1 in LUAD cell lines (A549 and PC9) led to a significant reduction in cell proliferation and migration, as confirmed by CCK-8 assays (Figures 9B, C), colony formation assays (Figures 9D, E), and Transwell migration assays (Figures 9F, G). These findings suggest that RCCD1 promotes LUAD cell proliferation and migration, potentially through the modulation of lactylation-related pathways. Our results indicate that RCCD1 plays a crucial role in LUAD progression by enhancing cell proliferation and migration.




Figure 9 | Functional analysis of RCCD1 in LUAD cells. (A) RCCD1 knockdown efficiency in A549 and PC9 cells measured by qRT-PCR. (B, C) Impact of RCCD1 knockdown on LUAD cell viability assessed by CCK-8 assays. (D, E) Effect of RCCD1 knockdown on colony formation in LUAD cells assessed by colony-forming assay. (F, G) Effect of RCCD1 knockdown on cell migration in LUAD cells measured by transwell assay. **P < 0.01, ****P < 0.0001 compared to the control group.








Discussion

This study provides an integrative analysis of lactylation-related gene signatures in LUAD and their association with immune cell infiltration. By combining scRNA-seq and bulk RNA sequencing datasets, we identified key lactylation-related genes with significant dysregulation in LUAD and demonstrated their potential roles in tumor progression and immune modulation. Notably, we found that lactylation-related genes are closely associated with immune cell infiltration, suggesting that these genes may play important roles in the TME and immune responses. Additionally, survival analysis revealed that lactylation-related gene signatures serve as independent prognostic biomarkers for LUAD, with high expression levels correlating with poor OS, indicating their potential application in predicting clinical outcomes in LUAD patients. However, further experimental studies are needed to elucidate the precise molecular mechanisms underlying these observations, especially the immune regulatory roles and regulatory networks of lactylation-related genes in LUAD.

In our analysis, RCCD1 emerged as a core gene identified as a potential oncogene and closely associated with LUAD progression. RCCD1 participates in cellular stress responses and metabolic regulation, is highly expressed in LUAD tissues, and correlates with poor prognosis (24, 25). Functional studies revealed that knocking down RCCD1 in LUAD cell lines (A549 and PC9) significantly reduced cell proliferation and migration. These findings suggest that RCCD1 may promote LUAD cell proliferation by modulating lactylation-related pathways and metabolic reprogramming. Regarding immune regulation, the role of RCCD1 in immune cell infiltration and polarization warrants further investigation. Given involvement of RCCD1 in metabolic processes and its potential in regulating immune responses, it may serve as a promising therapeutic target for future interventions aimed at reprogramming the TME and enhancing antitumor immunity. Although this study relies on publicly available data and primarily focuses on correlation analysis, it provides critical insights into the potential of lactylation-related genes as novel diagnostic and therapeutic targets. Targeting these pathways could disrupt the metabolic and immunosuppressive mechanisms in the TME, and combining lactylation-targeted therapies with immune checkpoint inhibitors or metabolic modulators may enhance antitumor immunity and improve clinical outcomes for LUAD patients.

In conclusion, this study emphasizes the importance of lactylation-related genes, especially RCCD1, in LUAD progression. These findings lay the foundation for future research into the clinical and therapeutic applications of lactylation-related genes, advancing the development of personalized cancer treatment strategies.





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.





Author contributions

HZ: Data curation, Resources, Software, Writing – original draft, Writing – review & editing. YL: Data curation, Software, Writing – original draft, Writing – review & editing. XL: Software, Writing – original draft, Writing – review & editing. CD: Software, Writing – review & editing. CX: Methodology, Writing – review & editing. HH: Resources, Software, Writing – review & editing. HL: Funding acquisition, Writing – original draft, Writing – review & editing. JC: Funding acquisition, Writing – original draft, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by the National Natural Science Foundation of China (Grant No. 82072595, 82473191), the Natural Science Foundation of Tianjin (Grant No. 23JCZDJC00710), Tianjin Key Medical Discipline (Specialty) Construction Project (Grant No. TJYXZDXK-061B), and Tianjin Health Science and Technology Project (Grant No. TJWJ2022XK005). Beijing Science and Technology Innovation Medical Development Fund grant (KC2023-JX-0288-PZ78).





Conflict of interest

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





Generative AI statement

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2025.1549724/full#supplementary-material



Abbreviations

LUAD, lung adenocarcinoma; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus; NSCLC, non-small cell lung cancer; PTM, post-translational modifications; TME, tumor microenvironment; LRG, lactylation-related gene; ROC, receiver operating characteristic; IC50, half-maximal inhibitory concentration; ssGSEA, single-sample gene set enrichment analysis; qRT-PCR, quantitative Reverse Transcription Polymerase Chain Reaction; TMB, tumor mutation burden. DEG, differentially expressed gene.




References

1. Bray, F, Laversanne, M, Sung, H, Ferlay, J, Siegel, RL, Soerjomataram, I, et al. Global cancer statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin. (2024) 74:229–63. doi: 10.3322/caac.21834

2. Nasim, F, Sabath, BF, and Eapen, GA. Lung cancer. Med Clin North Am. (2019) 103:463–73. doi: 10.1016/j.mcna.2018.12.006

3. Jones, GS, and Baldwin, DR. Recent advances in the management of lung cancer. Clin Med (Lond). (2018) 18:s41–s6. doi: 10.7861/clinmedicine.18-2-s41

4. Lee, JM, Hammaren, HM, Savitski, MM, and Baek, SH. Control of protein stability by post-translational modifications. Nat Commun. (2023) 14:201. doi: 10.1038/s41467-023-35795-8

5. Geffen, Y, Anand, S, Akiyama, Y, Yaron, TM, Song, Y, Johnson, JL, et al. Pan-cancer analysis of post-translational modifications reveals shared patterns of protein regulation. Cell. (2023) 186:3945–67 e26. doi: 10.1016/j.cell.2023.07.013

6. Duan, Y, Li, J, Wang, F, Wei, J, Yang, Z, Sun, M, et al. Protein modifications throughout the lung cancer proteome unravel the cancer-specific regulation of glycolysis. Cell Rep. (2021) 37:110137. doi: 10.1016/j.celrep.2021.110137

7. Wu, H, Huang, H, and Zhao, Y. Interplay between metabolic reprogramming and post-translational modifications: from glycolysis to lactylation. Front Immunol. (2023) 14:1211221. doi: 10.3389/fimmu.2023.1211221

8. Zhang, C, Zhou, L, Zhang, M, Du, Y, Li, C, Ren, H, et al. H3K18 lactylation potentiates immune escape of non-small cell lung cancer. Cancer Res. (2024) 84:3589–601. doi: 10.1158/0008-5472.CAN-23-3513

9. Yan, F, Teng, Y, Li, X, Zhong, Y, Li, C, Yan, F, et al. Hypoxia promotes non-small cell lung cancer cell stemness, migration, and invasion via promoting glycolysis by lactylation of SOX9. Cancer Biol Ther. (2024) 25:2304161. doi: 10.1080/15384047.2024.2304161

10. Li, Y, Zhang, R, and Hei, H. Advances in post-translational modifications of proteins and cancer immunotherapy. Front Immunol. (2023) 14:1229397. doi: 10.3389/fimmu.2023.1229397

11. Liu, R, Wu, J, Guo, H, Yao, W, Li, S, Lu, Y, et al. Post-translational modifications of histones: Mechanisms, biological functions, and therapeutic targets. MedComm (2020). (2023) 4:e292. doi: 10.1002/mco2.292

12. Yang, Z, Zheng, Y, and Gao, Q. Lysine lactylation in the regulation of tumor biology. Trends Endocrinol Metab. (2024) 35:720–31. doi: 10.1016/j.tem.2024.01.011

13. Chen, J, Zhao, D, Wang, Y, Liu, M, Zhang, Y, Feng, T, et al. Lactylated apolipoprotein C-II induces immunotherapy resistance by promoting extracellular lipolysis. Adv Sci (Weinh). (2024) 11:e2406333. doi: 10.1002/advs.202406333

14. Liu, M, Gu, L, Zhang, Y, Li, Y, Zhang, L, Xin, Y, et al. LKB1 inhibits telomerase activity resulting in cellular senescence through histone lactylation in lung adenocarcinoma. Cancer Lett. (2024) 595:217025. doi: 10.1016/j.canlet.2024.217025

15. Zhang, R, Li, L, and Yu, J. Lactate-induced IGF1R protein lactylation promotes proliferation and metabolic reprogramming of lung cancer cells. Open Life Sci. (2024) 19:20220874. doi: 10.1515/biol-2022-0874

16. Wu, F, Fan, J, He, Y, Xiong, A, Yu, J, Li, Y, et al. Single-cell profiling of tumor heterogeneity and the microenvironment in advanced non-small cell lung cancer. Nat Commun. (2021) 12:2540. doi: 10.1038/s41467-021-22801-0

17. Cords, L, Engler, S, Haberecker, M, Ruschoff, JH, Moch, H, de Souza, N, et al. Cancer-associated fibroblast phenotypes are associated with patient outcome in non-small cell lung cancer. Cancer Cell. (2024) 42:396–412 e5. doi: 10.1016/j.ccell.2023.12.021

18. Madeddu, C, Donisi, C, Liscia, N, Lai, E, Scartozzi, M, and Maccio, A. EGFR-mutated non-small cell lung cancer and resistance to immunotherapy: role of the tumor microenvironment. Int J Mol Sci. (2022) 23(12):6489. doi: 10.3390/ijms23126489

19. Lao, Y, Cui, X, Xu, Z, Yan, H, Zhang, Z, Zhang, Z, et al. Glutaryl-CoA dehydrogenase suppresses tumor progression and shapes an anti-tumor microenvironment in hepatocellular carcinoma. J Hepatol. (2024) 81:847–61. doi: 10.1016/j.jhep.2024.05.034

20. Zhu, L, Wu, J, Gao, H, Wang, T, Xiao, G, Hu, C, et al. Tumor immune microenvironment-modulated nanostrategy for the treatment of lung cancer metastasis. Chin Med J (Engl). (2023) 136:2787–801. doi: 10.1097/CM9.0000000000002525

21. Hao, B, Dong, H, Xiong, R, Song, C, Xu, C, Li, N, et al. Identification of SLC2A1 as a predictive biomarker for survival and response to immunotherapy in lung squamous cell carcinoma. Comput Biol Med. (2024) 171:108183. doi: 10.1016/j.compbiomed.2024.108183

22. Li, Z, Liang, P, Chen, Z, Chen, Z, Jin, T, He, F, et al. CAF-secreted LOX promotes PD-L1 expression via histone Lactylation and regulates tumor EMT through TGFbeta/IGF1 signaling in gastric Cancer. Cell Signal. (2024) 124:111462. doi: 10.1016/j.cellsig.2024.111462

23. Geeleher, P, Cox, N, and Huang, RS. pRRophetic: an R package for prediction of clinical chemotherapeutic response from tumor gene expression levels. PloS One. (2014) 9:e107468. doi: 10.1371/journal.pone.0107468

24. Wu, J, He, Z, Yang, XM, Li, KL, Wang, DL, and Sun, FL. RCCD1 depletion attenuates TGF-beta-induced EMT and cell migration by stabilizing cytoskeletal microtubules in NSCLC cells. Cancer Lett. (2017) 400:18–29. doi: 10.1016/j.canlet.2017.04.021

25. Cheng, Z, Hou, S, Wu, Y, Wang, X, Sun, Y, Liu, B, et al. LINC01419 promotes cell proliferation and metastasis in lung adenocarcinoma via sponging miR-519b-3p to up-regulate RCCD1. Biochem Biophys Res Commun. (2019) 520:107–14. doi: 10.1016/j.bbrc.2019.09.090




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.


Copyright © 2025 Zhang, Liu, Li, Ding, Xia, Huang, Liu and Chen. 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.


OEBPS/Images/fonc-15-1549724-g004.jpg
Risk E3 Low E3 High

x o[} ISy
i - [TF—e¢ o [ %,
%
* ] = [ S ea\wv
I_ _ _|o . 0, 7N
%
— T %y, 7%,
3 %, A, 2
¢ e —LTF— « [%, % ¥
= =— %, "%,
H %, & K/
; —ATF—- %, s <
" (T o g o
e 1 - %y, o
e
Ao ~ Yy %
[ « ea@o/ \@&\
— T+ o %
) — O 4 o, W
x l _ —|.' L] &\O.\QN
L =B % T,
<
P T T —— Y, %
Oro,/v
. .
; T e,
%, %
5 —I— & %
: —{[F—e o S 0
5 ce —{[}—= %
; e . "
Y
-—— T} — “
2 %, %
° ame |_ _ _| be :\.\\wv\wx &r/..v
T T T T “ A\\/ Y
e 2 3 8 %y F
- =] o (=] Q,
21008 %%
; b gl r%,
: i T S b2
. po L
2 P N
; . F %, <
£,
: e s s L
* - .
s S YT
" o— [T} ™
: o« —{TF— [ 0
, % iwwsiee Lo, 7 '«
H o oo omm . \\00/
. . K/
; - L R
x oo .
X ° °® I .mV\QO/ %A\
* oo 28
S e s, %
%o
I T o
H O, %
o %
n|_ I I [
—T T KON
¥ o wee aV\@&H%
* L] - .-
owv QO
I [ %
« - o o L] Q@

B High

‘ Low

Risk

B8 High

- Low

Risk

BS Low  BH High
<2.22¢-16

Risk

1000

o
o
[=]
N

-1000

2100GjBWONS
+ .

<2.22e-16

X3 .
T T
o o o o o
[=] [=] [=] =]
Q o =] =]
© N - 5
810ogaunwiw|

=) =} =} o =)

S IS) IS) IS)

=3 =} S S

© <+ « X
9J00§3 IVINILST





OEBPS/Images/fonc-15-1549724-g009.jpg
si-NC

si-RCCD1

B A549 C PC9
4 . 4 :

- si-NC - si-NC
s - siNC T = si-RCCD1 E = siRCCD1 .
] W si-RCCD1 g9 §° H
s n n *
X 10 * :
<3 52 e
Exos S g
2% Q1 Q1
£ © ©
s
© 0

0 1 2 3 0 1 2 3

Time (days) Time (days)

E F G

' = siNC A5y M si-NC
K3 ; iy _ A549 m= si-RCCD1
ST M., isikREEDY AR TR 300
sl ¢ 5
o SRR Y % 2 T ral 2
AR v o £ S TR e, 5 _—
ey \ | 3 ; o 2 200
% 2 s o E
IR A L % 2 100
M 0 P\ (&) =
5 W P a8 8
&y o3 y 5 [)
R 3 ! 4
- “ . s .. 3 7. 0
X A549
T et e





OEBPS/Images/fonc.2025.1549724_cover.jpg
& frontiers | Frontiers in Oncology

A novel lactylation-related gene signature to
predict prognosis and treatment response in
lung adenocarcinoma





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A novel lactylation-related gene signature to predict prognosis and treatment response in lung adenocarcinoma

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data collection and processing

          



          		

            Identification of lactylation-related genes

          



          		

            Consensus lustering analysis

          



          		

            Development of prognostic model

          



          		

            Drug sensitivity analysis

          



          		

            Exploration of the tumor immune microenvironment

          



          		

            Establishment of prognostic scoring system

          



          		

            Single-cell RNA sequencing analysis

          



          		

            Cell culture and transfection

          



          		

            Quantitative reverse transcription polymerase chain reaction

          



          		

            CCK8 cell viability assay, colony formation assay, and transwell migration assay

          



        



        



        		

          Results

        

          		

            Analysis of molecular subtypes related to LRGs

          



          		

            Tumor immune microenvironment analysis in different molecular subtype groups

          



          		

            Establishment and verification of risk model based on differentially expressed genes

          



          		

            Assessing immune infiltration

          



          		

            Independent prognostic value of the LRGs score and development of a nomogram

          



          		

            Mutation analysis of risk model and its predictive effect on chemotherapy drug sensitivity

          



          		

            RCCD1 promotes proliferation and migration of LUAD cells

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-15-1549724-g006.jpg
Risk B Low BE High 100 00
1.6e-10 -SRI -
3 =k H-TMB+H-Risk score
e 075 075
304 * ) = . = H-TMB+L-Risk score
§ . . H H = L-TMB+H-Risk score
= H 3
3 ] go.su Eoso == L-TMB+L-Risk score
= ] = g
s 201 . 2 H
S . [ 3
5 . 3
ﬂi l 0.25-
5 0.25
RN p<0.001
0.00 000
0 o 3 6 9 12 15 18
1 . . 0 3 6 9 12 15 18 Time(years)
Low High Time(years)
1324 1197
o o
= £
0 127 0 79
5 No. of samples G No. of samples
|| TP53 39% N
| TTN 33%
= mucte 2%
] RYR2 25% |
= csmD3 26% .
| LRP1B 22%
j— ] ZFHX4 | 22% [—
] UsH2A [l II 11 24% |
] KRAS I | 19% [
] XIRP2 u'll | | Jill | 15% [l
- m FLG || | J II I FE L 18%
I sprat|l [FOLIN | LI 1% .
- n NAV3 ||| NI LMLIN [0 1e% -
ZNF536 L m ZNF536 || | | | I | 13%
FAT3 | | 20% ol FAT3 || | | I || || [ 14%
COL11A1 || (T | | 24% — COL11A1 | | | h | 12%
ANK2 T ' VI | | 20% [ ANK2 I [ | [13%
PeoHs I T A N PCDHIS | i T 4o
CSMD1 T 1 ' 'l 19% [l CSMD1 || | | | h Ll [ 130
KEAPT || L0 MR I || 121% - KEAP1 IIII TN | FEETI 11 .

= Missense_Mutation = Frame_Shift_Ins Riskscore
= Frame_Shift_Del = Translation_Start_Site = High
= Nonsense_Mutation = Multi_Hit = Low

~ In_Frame_Del

|

= Missense_Mutation  In_Frame_Del Riskscore
= Frame_Shift_Ins = Frame_Shift_Del = High
= Nonsense_Mutation ® Multi_Hit = Low





OEBPS/Images/fonc-15-1549724-g002.jpg
EAEBEC

Cluster

o
<
&

uoneJyiul sunwiw]|

Cluster B ClusterA B3 ClusterB B ClusterC Cluster B ClusterA E3 ClusterB B ClusterC

Cluster B Clustera B3 Clusters B ClusterC

<2.22e-16

15

1.4e-

<2.22e-16

ClusterC

ClusterB

<2.22e-16

3000
20004
1000

8.5e-14

<2.22e-16

21005jRWONS

ClusterB

ClusterA

<2.22e-16

p <2.22e-16

<2.22e-16

4000
2000

2100g8UNWIW|

ClusterC

ClusterB

6000
3000

810053 1VINILST

ClusterA

ClusterC

ClusterA





OEBPS/Images/fonc-15-1549724-g008.jpg
pvalue Hazard radio :
. )
= 5 RGS13 0.014 0.411(0.201-0.838) —— !
. 1
1
2 N SLC24A4 0.117 0.260(0.048-1.401) e E————y
|
3 . TSPAN7 0.145 0.989(0.975-1.004) -'
i ol |
B L RCCD1 <0.001 1.136(1.058— !
B . . i .136(1.058-1.220) -
|
" ABCA3 0.094 0.996(0.992-1.001) ]
|
1
: . C1orf105 0.237 1.487(0.770-2.873) —_———
|
¢ EPS8L3 0.122 1.011(0.997-1.024)
- 2y ) 7 T
ERrOIENE, 00 05 10 15 20 25

Hazard ratio

ez

RGS13
v >
= . seurat csters:
o o, 2
®
M r
e %
< & © Endothelial_cells
- o © Epitrclial_cells . ”
P © Macrophage o :
L34 & w
=S [ ® Monocyte & 2
© Smooth_muscle_cells & 3
: © © T_cells 0
o
o
ou
o -
ow 30
o
& E3 ] % E]
NEt
-5 35 ] % E)
) 1SNE_1
RCCD1
RGS13 RCCD
20
15
0
05
00
ot
Endobetialcels
Epihetalcats
Nacrophage
Nanooye
‘oot musce_cels
Tl
E] 7 % %
NE






OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-15-1549724-g001.jpg
consensus matrix k=3

[
-2 C
=3 104
1.00
e
20751
0 . Cluster 1';:
8 c 2 g
£ . B 5050
.c 2
2
3
~10 ® 0.25{
» 0.00
. 0123456 7 8 9 10111213 14 15 16 17 18 19 20
201 . Time(years)
20 BN 0 10 20

PC1

MR Stage

[ / NANAI Gender
I-Illllllllllllllllﬂllllllllll-l-llll T (I i Illlllll- IR D Age
R MDD Projece
— Cluster

T l'»ﬁ Fustat

Project

_10] GSE31210
GSE72094






OEBPS/Images/fonc-15-1549724-g007.jpg
25

0.0

| !
o N
o o

Predicted Drug Sensitivity

§_OE_SEEECCE W B8 0 EECEESEeEE BECEECenEd
e o = o - e

P e e e e e e e~ e
SEECEEREE EEE GEE e o o

] [ H B S = O R R |« [+ e [ e[ |
Hﬂﬂﬂ ﬂﬂﬂﬂﬂ
T EEE il CSEEEE CEETETEEETEE

A P R S PR TR pee
BB Hﬂ‘ -mn@.-- BE=E Eﬂﬂ &) EEEE

e e i e e e .+ Eﬂﬂﬂﬂﬂﬂﬁﬂiﬂiﬂ
mmwmﬂﬂnm O N R [ [ e
7 |
= & |+ [ B = B = E

]
e e R R R ﬂﬂﬂﬂ ﬂﬂﬂ R TR T ] ] ] ] i

ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂgﬂﬂﬂ ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ
T EEEE . EQE

- RGS13

BB NsFLic

UBXN11

| clorftos
[ reem

[ sicema

B ABCA3

AP1S3
IL27RA

ZSCAN18

5 erree2

ﬂ “2 cpaoLe

B EE  men § e = P
- EE EE . ol UHH [ ﬂ ﬂﬂﬂﬂ RAB3S
E B [ [ EPS8L3
EEEHNETEEEETEEEE TEE EETEEETEER SN EREEEEE W s
< > 0 N X T @ v m mM< T MmMm3TVTO m 3 > @ > T w W T << >»X2m
Hi NI T IRt I T I
28285333335 8:383:23:888n85832385%%258:22888:3533%8%:3
ggzg-icﬁgg,égéga §0m§§§wgg-g %ggg\,éggggséécm gmg
g gs 8 RN = s 8 8 ~
o
[
BI.2536 Doramapimod MK.8776
. . . 15 .
. H
6 . .
H
s 10 . :
:
|
4 5
:
3 b
. * . .
. : . 0
. [ 2 .
Ribociclib SB216763 5 X5.Fluorouracil
1
20
I
0

Low High Low High

risk

B Low
M High





OEBPS/Images/fonc-15-1549724-g005.jpg
( : E pvalue Hazard ratio

'
pvalue Hazard ratio ' pvalue Hazard ratio ! '
' '
. i :
1 ! 1
Age <0.001 0.486(0.348-0.678) [ Age 0005 0.615(0.439-0.862) - Aoe 001 DR0AN-0.00) -
| | |
1 ! 1
' '
1.278(1.019-1.601 -y
Gender  0.071 1341(0.975-1844) = Gender 0239 1214(0.879-1677) oo Gender  0.033 ( ) }
| | |
[ ! 1
' ' o
Stage <0.001 2.628(1.889-3.657) ' —— Stage <0.001 2.202(1.549-3.129) | — Stage <0.001 2.418(1.902-3.075) : —
' ' h
1 ! 1
' '
1.441(1.111-1.172) !
Risk score <0.001 1.098(1.055-1.144) " Risk score <0.001 1.484(1.378-1598) ' Risk score <0.001 ( ) r—|—|.—|—v—v—v
0.0 1.0 2.0 3.0 00 05 1.0 15 2.0 25 3.0 00 05510 .ol 25 @30
Hazard ratio D Hazard ratio F Hazard ratio
palue Hazard ratio ' pvalue Hazard ratio ' pvalue Hazard ratio '
| ' '
' ' '
' ' Age <0.001 0.446(0.349-0.571) [T
Age <0.001 0.406(0.287-0.575) - Age <0.001 0541(0.384-0.761) S '
' ' '
) J Gender 0.348 1.117(0.886-1.408) Ha—
' ' '
Stage  <0.001 2.507(1.778-3535) ! —_— Stage  <0.001 1957(1363-2.811) ' ——— .
: : Stage  <0.001 2250(1.748-2.894) : ——
' ' '
[ ' '
Risk score <0.001 1.093(1.047-1.140) ] Risk score <0.001 1465(1.358-1579) (=] Risk score <0.001 1.130(1.098-1.164) "
0.0 1.0 20 3.0 00 05 10 15 20 25 00 05 10 15 20 25
Hazard ratio Hazard ratio Hazard ratio
Points 10 20 30 40 50 760 0 80 90 0 H
Female
Gender
o —T T T .lrrm-l r| ||||| y
e
. Male %
ok T1-2
Stage
- T3-4
Fkk < :
Age |Z|

Risk score*** low

B )

Total points

Observed OS (%)

Pr( futime < 5) 0%

0.0 0.2 04 0.6 0.8 1.0

Pr( futime < 3) 0.5

Nomogram—predicted OS (%)
Pr( futime < 1)





OEBPS/Images/fonc-15-1549724-g003.jpg
Coefficients

O

Risk score

m

Survival time (years)

154

86

37 2 6

B

169 139 117 86 67 48

32 27 26 20 13 8 4 1

Partial Likelihood Deviance

10 15 20 25

5

15

10

-45 -40 -35 -30 -25
Log Lambda
0
® High risk
® Low risk

.o

400 600

Patients (increasing risk socre)

800

Patients (increasing risk socre)

800

1.00

o
oy,
o

Survival probability
o
13

0.25

0.00

C

Risk —+ Highrisk =+ Low risk

p<0.001

2

4

6

8 10 12
Time(years)

14

16

18 20

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

0.0

0.2

—— AUC at 1 years: 0.749
—— AUC at 2 years: 0.705
—— AUC at 3 years: 0.699

0.4 0.6

1-Specificity

i

|

|| uxn11

(LI gt o2

I

|"

‘h W |

0.8

DPAGT1
SDHAF2

1.0





