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Abstract
Glutamine metabolism is pivotal in cancer biology, profoundly influencing tumor growth, proliferation, and resistance 
to therapies. Cancer cells often exhibit an elevated dependence on glutamine for essential functions such as energy pro-
duction, biosynthesis of macromolecules, and maintenance of redox balance. Moreover, altered glutamine metabolism 
can contribute to the formation of an immune-suppressive tumor microenvironment characterized by reduced immune 
cell infiltration and activity. In this study on lung adenocarcinoma, we employed consensus clustering and applied 101 
types of machine learning methods to systematically identify key genes associated with glutamine metabolism and 
develop a risk model. This comprehensive approach provided a clearer understanding of how glutamine metabolism 
associates with cancer progression and patient outcomes. Notably, we constructed a robust nomogram based on clinical 
information and patient risk scores, which achieved a stable area under the curve (AUC) greater than 0.8 for predicting 
patient survival across four datasets, demonstrating high predictive accuracy. This nomogram not only enhances our 
ability to stratify patient risk but also offers potential targets for therapeutic intervention aimed at disrupting glutamine 
metabolism and sensitizing tumors to existing treatments. Moreover, we identified ALDH18A1 as a prognostic hub gene 
of glutamine metabolism, characterized by high expression levels in glutamine cluster 3, which is associated with poor 
clinical outcomes and worse survival, and is included in the risk model. Such insights underscore the critical role of glu-
tamine metabolism in cancer and highlight avenues for personalized medicine in oncology research.

1 Introduction

Lung cancer is a significant global health concern, responsible for a substantial number of cancer-related deaths 
worldwide. Non-small cell lung cancer (NSCLC) constitutes the majority of cases, with lung adenocarcinoma (LUAD) 
being the most prevalent histological subtype. Epidemiologically, lung adenocarcinoma shows distinct trends, includ-
ing higher incidence rates among non-smokers and an increasing prevalence among women [1]. Geographical vari-
ations in incidence and mortality rates are influenced by factors such as tobacco consumption, industrial pollution, 
and genetic predisposition [2].

Supplementary Information The online version contains supplementary material available at https:// doi. org/ 10. 1007/ s12672- 024- 
01698-3.

 * Bin Zhang, drzhangbin@163.com | 1Nanjing University of Chinese Medicine, No. 138 Xianlin Avenue, Nanjing 210023, Jiangsu, 
China. 2Department of Cardiothoracic Surgery, Affiliated Hospital of Nanjing University of Chinese Medicine, No.155, Han-Zhong Road, 
Nanjing 210029, People’s Republic of China.

https://doi.org/10.1007/s12672-024-01698-3
https://doi.org/10.1007/s12672-024-01698-3


Vol:.(1234567890)

Analysis  
Discover Oncology            (2025) 16:1  | https://doi.org/10.1007/s12672-024-01698-3

Bioinformatics has significantly advanced our understanding of lung cancer by leveraging complex genomic, tran-
scriptomic, and clinical datasets. These computational tools are pivotal in elucidating molecular mechanisms underly-
ing lung tumorigenesis, progression, and therapeutic responses. Recent studies employing integrated multi-omics 
approaches have identified key driver mutations, oncogenic pathways, and actionable targets specific to different 
subtypes of lung cancer [3, 4]. Bioinformatics analyses also contribute to the development of predictive models for 
patient stratification and prognosis, as well as the discovery of novel biomarkers for early detection and personalized 
treatment strategies [5, 6]. Such advancements underscore the critical role of bioinformatics in advancing precision 
medicine and improving clinical outcomes in lung cancer.

Glutamine metabolism plays a crucial role in the metabolic reprogramming of lung adenocarcinoma, a prevalent 
subtype of NSCLC. Cancer cells, including those in lung adenocarcinoma, demonstrate heightened dependence on 
glutamine for sustaining rapid proliferation and survival under stressful tumor microenvironment conditions [7]. 
Glutamine serves as a critical substrate for energy production, nucleotide synthesis, and redox balance, significantly 
contributing to cancer cell survival and growth [8]. The dysregulation of glutamine metabolism in lung adenocarci-
noma involves alterations in enzymes such as glutaminase and glutamine transporters, which facilitate glutamine 
uptake and utilization within cancer cells [9]. Understanding these metabolic adaptations in lung adenocarcinoma 
is essential for developing targeted therapies aimed at disrupting glutamine metabolism and improving treatment 
outcomes.

Recent research has highlighted the intricate interplay between glutamine metabolism and anti-tumor immunity, 
shedding light on its critical role in shaping the tumor microenvironment. Glutamine serves not only as a vital nutrient for 
cancer cell proliferation but also influences immune cell function within the tumor milieu. Glutamine metabolism impacts 
T cell differentiation, effector function, and cytokine production, thereby modulating immune responses against tumor 
[10]. Furthermore, glutamine-derived metabolites such as α-ketoglutarate and glutamate contribute to the stability of 
regulatory T cell (Treg) and myeloid-derived suppressor cell (MDSC) function, promoting immune evasion mechanisms 
employed by tumors [11, 12]. Understanding these metabolic interactions is crucial for developing strategies that harness 
glutamine metabolism to enhance anti-tumor immunity and improve therapeutic outcomes in cancer.

In this study, we systematically explored the glutamine metabolism (GM) related genes in LUAD, and established a 
GM risk model using machine learning algorithms. Further analyses identified ALDH18A1 as a hub gene in GM related 
to LUAD, which correlated with immune exclusion and shorter OS.

2  Method

2.1  Data acquisition

The RNA sequencing data for the consensus clustering and establishment of GM risk score was downloaded from the 
TCGA databases with the TPM data and clinical data. The validation data were collected from the GEO database with 
accession number GSE31210 [13], GSE37745 [14], GSE50081 [15]. And the processed single-cell RNA sequencing data 
were obtained in GSE131907 [16] with 11 LUAD samples. FPKM-format RNA sequencing data, proteomics data, and clini-
cal data from the CPTAC-LUAD cohort were obtained from the R package PCAS [17]. The glutamine metabolism related 
genes were summarized from REACTOME GLUTAMATE AND GLUTAMINE METABOLISM, GOBP GLUTAMINE METABOLIC 
PROCESS and GOBP GLUTAMINE TRANSPORT.

Fig. 1  The expression, clinical correlation and mutation landscape of glutamine metabolism related genes (GMRG). A The chromosomal 
locations of 44 GMRGs. B The hazard ratios of GMRGs compared between a given high and low GMRG groups with optimal survival cut-off. 
C The expression level of GMRGs compared between tumor and normal tissues. The Wilcoxon rank-sum test was used to assess statistical 
significance. D The mutational landscape and E copy number variation mutation landscape of GMRGs
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2.2  Identification of risky factors

To initially explore the clinical associations of glutamine metabolism-related genes, the TCGA-LUAD dataset was used. The 
optimal cut-off value for high and low gene expression groups was determined using the surv_cutpoint function from 
the survminer package. The survdiff method was employed to evaluate survival differences, and the hazard ratio (HR) 
was calculated by comparing the high expression subgroups to the low expression subgroups. Glutamine metabolism-
related genes with an HR greater than 1 and a p-value less than 0.05 were considered risky factors in LUAD.

2.3  Identification of differentially expressed genes (DEGs)

The Wilcox test was applied to compared the expression levels of glutamine metabolism-related genes between cluster 
C3, C1 and cluster C3, C2, and a p-value less than 0.05 was considered as significant.

The limma method was employed to evaluate DEGs between high and low-risk subgroups and high and low ALDH18A1 
expression groups using default parameters. We used lmFit to perform linear fitting on the expression data, then applied 
the contrast matrix with contrasts.fit, and finally conducted empirical Bayesian adjustment using eBayes. A p-value 
less than 0.05, FDR (False Discovery Rate) less than 0.05 and a log-fold change (logFC) greater than 1 were considered 
significant.

2.4  Consensus clustering

Consensus clustering using the k-means algorithm was conducted on a set of 44 genes associated with glutamine 
metabolism and CIBERSORTx results. This analysis utilized the ConsensusClusterPlus package in R [18], which assesses the 
stability and robustness of clusters by aggregating results from multiple clustering runs. Log transformation was applied 
to the expression matrix to group samples based on their gene expression patterns. The optimal number of clusters (k) 
was determined using the minimal proportion of ambiguous clustering (PCA) as criterion.

2.5  Integrated machine learning method

In this study, a comprehensive set of 101 machine learning methods was employed, including Random Survival Forest 
(RSF), Elastic Net (Enet), Stepwise Cox (StepCox), CoxBoost, Partial Least Squares Regression Cox (plsRCox), SuperPC, Gradi-
ent Boosting Machine (GBM), Survival SVM, LASSO, Ridge, and various combinations. The TCGA-LUAD dataset was used 
for variable selection and model construction, while the GSE31210, GSE37745, and GSE50081 datasets were utilized to 
validate the model performance. The scale() function in R was initially used to normalize gene expression across samples 
in each dataset. This process standardized the data by transforming each feature (gene expression) to have a mean of 0 
and a standard deviation of 1, thereby reducing biases from platform-specific differences in expression quantification. 
When combining algorithms, the first algorithm was used for variable selection, and the second algorithm utilized these 
selected variables to build predictive models.

Notably, for RSF, the optimal mtry value was determined through exhaustive search. Variable importance was assessed 
using the subsample command in the randomForestSRC R package.

Fig. 2  Consensus clustering with GMRGs and CIBERSORTx results. A The proportion of ambiguous clustering. B The consensus clustering 
results. C The KM plot of three GM clusters. The Log-rank Test was used to assess statistical significance. D The summary of clinical informa-
tion, GMRG expression and CIBERSORTx value among three GM clusters. E The comparison of proportion of clinical indicators among three 
GM clusters. The Chi-square test was used to assess statistical significance. F The differential expression of GMRGs and CIBERSORTx value of 
GM cluster 3 compared with cluster 1 and cluster 2. The Wilcoxon rank-sum test was used to assess statistical significance
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Fig. 3  Construction of the GM risk model. A Comparison of C-index among 101 machine learning models in 4 LUAD datasets. B The top 30 
important variables in the RSF model. C–G The cut-off risk score for each dataset (top). The KM analysis results of LUAD samples (bottom). 
The Log-rank Test was used to assess statistical significance
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2.6  Survival analysis

Kaplan–Meier (KM) analysis was performed using the survival package in R. The optimal cut-off value was determined 
using the survminer package. A log-rank p-value less than 0.05 was used to assess statistical significance.

2.7  Gene enrichment analysis

Gene Ontology (GO) analysis was performed on the DAVID database (https:// david bioin forma tics. nih. gov/). Additionally, 
gene set enrichment analysis (GSEA) was conducted using the GSEA command in R package clusterProfiler [19] with 
HALLMARK gene sets. Pathways with an FDR smaller than 0.1 were considered as statistically significant.

2.8  Evaluation of immune signatures

In this study, the CIBERSORTx results were obtained from CIBERSORTx online website, and the ESTIMATE score was 
obtained with IOBR R package[20].

2.9  Statistical analysis

All data processing, statistical analyses, and plotting were conducted using R version 4.3.1 software. Spearman’s corre-
lation analysis was utilized to examine correlations between continuous variables. The chi-squared test was employed 
for comparing categorical variables.

For survival analysis, both univariate and multivariate Cox regression analyses were performed using the survival 
package in R. Receiver Operating Characteristic (ROC) curves were generated using the timeROC package, and time-
dependent ROC curves with a 1-month interval were computed using the reportROC package.

All statistical tests were two-sided, and statistical significance was defined as a p-value less than 0.05.

3  Results

3.1  Summary of the glutamine metabolism related genes in LUAD

Figure 1A showed the chromosomal locations of a total of 44 glutamine metabolism related genes (GMRGs) from 
the REACTOME and GO databases. Based on their transcripts per million (TPM) values, their HRs were calculated 
between high and low expression groups as determined by optimal cut-off value (Fig. 1B). 24 of them (54.5%) 
were determined as risky factors. Compared with normal tissue in the TCGA-LUAD cohort, 26 out of 44 GMRGs had 
elevated expression level in tumor (Fig. 1C). Notably, the genetic alternations of GMRGs were observed in 184 out of 
234 (78.63%) LUAD cases in the TCGA-LUAD cohort, and CPS1 mutation, mainly missense mutation, occurred in 27 
per cent of all cases (Fig. 1D). Moreover, the CNV mutations of GMRGs were common, with most genes mutated with 
most genes mutated in nearly 50% of cases, and heterozygous amplification and deletion comprising the majority 
of the mutations (Fig. 1E).

https://davidbioinformatics.nih.gov/
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3.2  Consensus clustering with combination of GMRGs and CIBERSORTx results

Glutamine metabolism has been shown to predominantly affect immunity, by serving as an essential nutrient for the 
proliferation of lymphocytes. As a result, we combined the expression GMRGs and the CIBERSORTx results in absolute 
mode, representing the absolute infiltration status of immune cells, to cluster the LUAD samples. The optimal k value of 3 
was determined by the least proportion of ambiguous clustering (PAC) (Fig. 2A), and the clustering result was presented 
in Fig. 2B. There were significant survival differences among three clusters, and cluster 3 suffered from worst survival 
compared with the other two groups (all p value < 0.01) respectively (Fig. 2C). The summary of the clustering results, along 
with clinical information of patients was illustrated in Fig. 2D. Of note, cluster 1 and cluster 3 showed more activated 
glutamine metabolism, but with more infiltrated immune cells. With further analysis of clinical status distribution, there 
were larger proportion of patients with advanced stages (p = 0.084), T stages (p = 0.065), N stages (p = 0.032) in cluster 1 
and cluster 3, and cluster 3 had more male patients (p = 0.001) (Fig. 2E). Given the worst survival in cluster 3, we filtered 
the elevated genes and immune cell infiltration in cluster 3. And a total of 11 GMRGs were upregulated in cluster 3 as 
compared with cluster 1 and cluster 2, of which 8 were risky factors (Fig. 2F, 1B).

3.3  Establishment of the glutamine metabolism risk score

There were 42 GMRGs also detected by the GPL570 platform (excluding ARHGAP11B and GLYATL1B), which were then 
fitted into 101 machine learning algorithms (see Supplementary materials). The random survival forest model (RSF) 
demonstrated peak performances with highest average C-index (average C-index = 0.689) among datasets (Fig. 3A). And 
Fig. 3B showed the top 30 important variables in the RSF. In the integrated meta-LUAD cohort containing 1106 samples, 
the KM analysis indicated worse overall survival (OS) in the high-risk group using the median risk score as the cut-off point 
(Fig. 3C). Also with medium cut-off value, high-risk group had significantly worse OS in the TCGA-LUAD and GSE31210 
cohort independently (Fig. 3D, E). And with optimal cut-off value, the high-risk group had significantly shorter OS (Fig. 3F, 
G). These results indicated that a RSF model built with GMRGs could predict effectively the OS of LUAD patients.

3.4  Construction of a GMRG risk score‑based nomogram and verification of its performance

Through univariable Cox regression analysis, the GMRG risk score, male gender, advanced stages, patient age and history 
of smoking were risky factors (Fig. 4A). In the subsequent multivariable Cox regression analysis, the risk score, advanced 
stages, age and smoking history were independent risky factors (Fig. 4B). Considering all these risky factors,1 we estab-
lished a survival nomogram (Fig. 4C). To build the nomogram with our clustering results, we evaluated the distribution 
of nomogram score in different GM clusters, and discovered that patients in the cluster 3 had higher nomogram score, 
indicating greater risk (Fig. 4D). Moreover, the calibration curve demonstrated that the survival nomogram score had 
high consistency between predicted OS and actual OS (Fig. 4E). The predictive performance of 1-, 3- and 5-year survival 
were evaluated using ROC curves, and the nomogram’s prediction of OS had an area under the curve (AUC) of 0.874 at 
1 year, 0.855 at 3 year and 0.806 at 5-year survival (Fig. 4F). And the time-dependent AUC value indicated a risk score-
based GM nomogram had stable predicting value over time (Fig. 4G). The decision curve analysis (DCA) result showed 
that nomogram had more benefit for clinical decision compared with other indicators (Fig. 4H).

Fig. 4  Validation of the efficiency of GM risk model and construction of GM risk score-based nomogram. A The univariable Cox regression 
and B multivariable Cox regression analyses of GM risk score together with other clinical indicators. C Construction of GM risk score-based 
nomogram. D The distribution of nomogram score in the TCGA-LUAD cohort in different GM clusters. E Calibration curve showed the corre-
lation between nomogram predicted OS and actual OS at 1-, 3-, and 5-year OS. F The ROC results of nomogram in the meta-LUAD cohort. G 
The time-dependent AUC value of nomogram score. H The DCA results of nomogram compared with other indicators
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3.5  Cluster 3 LUAD patients had higher risk scores and aberrant cell proliferative activity

Among three GM clusters, cluster 3 exhibited the highest average risk scores, demonstrating a consistent relationship 
between GM molecular clusters and GM risk score (Fig. 5A). Glutamine metabolism was essential in the activation and 
maintenance of anti-tumor immunity. As was illustrated in Fig. 5B, samples in the cluster 3 were mainly risk high and 

Fig. 5  GM cluster 3 samples had highest average risk score and aberrant proliferating activity. A Comparison of GM risk score among three 
GM clusters. The Wilcoxon rank-sum test was used to assess statistical significance. (***: p < 0.001) B Sankey plot showed the connection of 
GM clusters, GM risk score and Immune score by ESTIMATE. C The differentially expressed genes (DEGs) of GM cluster 3. D, E The gene ontol-
ogy (GO) results of biological process (BP) and cellular component (CC) of cluster 3 DEGs. F The GSEA results of DEGs
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immune cold, which may contribute to the poorest OS (Fig. 5B). When comparing cluster 3 samples with the other two 
clusters, a total of 131 up-regulated and 102 down-regulated genes were obtained using limma (Fig. 5C). These down-
regulated genes were correlated with Gene ontology (GO) biological processes (BP) including positive regulation of T 
cell mediated cytotoxicity and antigen processing and presentation, highlighting the immune cold landscape in cluster 
3 (Fig. 5D). While these up-regulated genes were enriched in cell proliferation related GO BPs, including cell division, 
mitotic cell cycle, mitotic spindle assembly checkpoint, indicating aberrant proliferative activity, and was located in the 
centrosome, nucleoplasm, cytosol and nucleus (Fig. 5E). In addition, the GSEA results showed that the top variable genes 
were enriched in Hallmark G2M checkpoint, E2F targets and mitotic spindle, further validating the GO results (Fig. 5F).

3.6  Single‑cell RNA sequencing data determined 4 GMRGs as hub genes in LUAD

Based our previous identification of genes that were risky factors, up-regulated in cluster 3 and were included in the 
establishment of RSF, a total of 7 overlapping genes were finally filtered (Fig. 6A). To validate the expression level of them 
in cancer cells, a single-cell RNA sequencing data including 11 samples (Fig. 6B). According to canonical cell markers, 
these cells were annotated into 8 major cell types (Fig. 6C, D). And compared with the annotation by Kim N et al., the 
annotated epithelial cells were highly consistent[16] (Fig. 6E). In each patient, the relative expression level of PYCR1, 
ALDH18A1, SLC38A2 and RIMKLB was relatively abundant (Fig. 6F). And the umap plot illustrated the absolute expres-
sion of 4 GMRGs among cell types (Fig. 6G).

3.7  ALDH18A1 exhibited the strongest correlation with patient overall survival

ALDH18A1 exhibited an AUC value greater than 0.55 across all four LUAD datasets for both 1-year and 3-year sur-
vival (Fig. 7A, B). In the external CPTAC-LUAD database with FPKM-format RNA sequencing data, higher expression of 
ALDH18A1, SLC38A2, and RIMKLB correlated with shorter overall survival (OS) (Fig. 7C). Based on the results presented 
above, ALDH18A1 exhibited the strongest correlation with OS in LUAD patients. The expression level of ALDH18A1 
was significantly higher in stage II compared to stage I, in advanced T stages compared to T1, and in N2 compared to 
N0 (Fig. 7D). At the protein level, ALDH18A1 was higher in tumor tissue compared to normal tissue (Fig. 7E). The aver-
age protein level increased with advanced stages and was significantly higher in stage III compared to stage I (Fig. 7F). 
Furthermore, higher protein levels of ALDH18A1 were associated with shorter OS in the CPTAC-LUAD cohort (Fig. 7G).

3.8  The up‑regulated expression of ALDH18A1 was correlated with cell proliferation and immune exclusion

A total of 76 upregulated genes were filtered in the high ALDH18A1 expression group (Fig. 8A), and genes were enriched 
in pathways involved in the formation of the extracellular environment, such as BPs like blood coagulation, fibrin clot 
formation, and cell–matrix adhesion; CCs including the fibrinogen complex and platelet alpha granules; and MFs such as 
extracellular matrix structural constituent (Fig. 8B). Moreover, levels of T cells CD8, T cells follicular helper, Macrophages 
M1 and M2 were significantly higher in the low ALDH18A1 subgroup, as well as higher stromal score, immune score and 
ESTIMATE score (Fig. 8C, D). And the expression of ALDH18A1 were tightly negatively correlated with immune score, 
and numerous immune cells (Fig. 8E). The results suggested that ALDH18A1 may contribute to the establishment of 
an immune-excluded extracellular environment, which finally led to an immune-cold tumor microenvironment and 
ultimately resulted in shorter OS.
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4  Discussion

Lung adenocarcinoma, a prominent subtype of NSCLC, presents with a heterogeneous spectrum of biomarkers that are 
integral to its diagnosis and therapeutic management. Key biomarkers, including EGFR mutations and ALK rearrange-
ments, play pivotal roles in directing targeted therapies, significantly enhancing treatment efficacy and patient survival 
outcomes [21, 22]. These biomarkers not only facilitate precise molecular profiling of tumors but also inform personalized 
therapeutic strategies tailored to individual patient profiles [22]. The characterization and utilization of these biomark-
ers are essential for advancing precision oncology and improving clinical outcomes in lung adenocarcinoma patients.

Although previous research had shown a glutamine metabolism related genes-based risk model had predictive value 
in LUAD [23, 24], they did not adequately explore the actual distribution patterns of GMRGs in LUAD and neglected the 
essential crosstalk between GM and immune cells. By combining gene expression patterns with CIBERSORTx-estimated 
absolute immune cell infiltration, we clustered the patients into three GM clusters, where GM cluster 1 and 3 were immune 
cold, and there were also molecular differences between GM cluster 1 and 3, which contributed to their disparity in OS. 
Moreover, we applied integrated machine learning algorithms to select the optimal way of calculating risk score. The 
advantage of integrative procedures lied in their ability to achieve a model with robust prognostic performance for LUAD 
by leveraging a diverse array of machine learning algorithms and their combinations. These integrative approaches not 
only harnessed the strengths of individual algorithms but also synergistically enhanced predictive accuracy through 
ensemble strategies. Furthermore, algorithmic combinations effectively reduce variable dimensionality, simplifying the 
model while preserving its translational applicability. This streamlined approach not only improves computational effi-
ciency but also enhances the interpretability and clinical relevance of prognostic models in LUAD management.

Conventional methods for the diagnostic and classification could grade the severity of LUAD patients, but was anergy 
in predicting the OS. Our GM risk score was also an independent indicator for patient OS. Notably, our GM risk score-based 
nomogram had a steady prognostic value over a 5-year span. Also, we discovered that high glutamine metabolism was 
positively coupling with stronger proliferative activity, which was consistent with previous results [25].

Single-cell RNA sequencing is pivotal in cancer research, revealing intricate gene expression profiles across individual 
tumor cells. Based on the single-cell RNA sequencing data from previous research, we defined 4 GMRGs with steady 
expression among patients, and further prognostic assessment using ROC analysis determined that ALDH18A1 had set-
tled prognostic value. And at protein level, higher ALDH18A1 represented shorter OS.

Fig. 6  Single-cell RNA data validated the GM hub genes in LUAD cancer cells. A The overlap of risky factors, up-regulated genes in cluster 
3 and genes used in the RSF model. B Umap plot of the summary of the integration results of 11 LUAD samples. Boxplot showed the num-
ber of cells in each sample after quality control. (C) The expression patterns of canonical cell markers among cell clusters. D The annotated 
major cell types as referred to cluster markers. E Comparison of our annotation with the annotation by Kim N et al. F The relative expression 
of 7 GM hub genes among patients. G The expression level of 7 GM hub genes in different cell types
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ALDH18A1, also known as delta-1-pyrroline-5-carboxylate synthase (P5CS), is essential for proline biosynthesis, catalyz-
ing the conversion of glutamate-to-glutamate semialdehyde, bridging glutamine metabolism and proline metabolism, 
fueling tumor growth and progression. In our research, we discovered that ALDH18A1 was upregulated in LUAD, and 
had strong connection with immune exclusion, which was worthy of further investigation.

This study has its inherent limitations. The stability of the prognostic model requires more patient inclusion to enhance 
accuracy. Furthermore, the biological mechanism underlying the prognostic hub gene ALDH18A1 requires further experi-
mental studies to validate its precise involvement in this process.

Fig. 7  ALDH18A1 exhibited the strongest correlation with patient overall survival. A, B The ROC analysis results of four candidate hub genes 
at A 1-year OS and B 3-year OS in 4 LUAD datasets. C The KM analysis of ALDH18A1, PYCR1, SLC38A2 and RIMKLB at mRNA level in the 
CPTAC-LUAD cohort. D The correlation of ALDH18A1 with clinical stages, T, N and M. E The protein level of ALDH18A1 compared between 
tumor and normal tissues in the CPTAC cohort. F The correlation of ALDH18A1 protein level with clinical stages. The Wilcoxon rank-sum test 
was used to assess statistical significance. G The KM analysis of ALDH18A1 at protein level in the CPTAC-LUAD cohort. The Log-rank Test was 
used to assess statistical significance
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