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Abstract

Background: Lung adenocarcinoma (LUAD), the predominant his-
tological subtype of lung cancer, persists in presenting a dismally low 
5-year overall survival (OS) rate, notwithstanding advancements in 
treatment modalities. There exists a pressing necessity for the iden-
tification of innovative biomarkers that can enhance prognostic as-
sessments and facilitate individualized therapeutic strategies. The 
objective of this investigation was to clarify the involvement of 
genes associated with metabolic reprogramming in the progression of 
LUAD and to evaluate their viability as prognostic indicators.

Methods: An analysis of differential gene expression was performed 
utilizing The Cancer Genome Atlas (TCGA)-LUAD dataset, supple-
mented by a weighted gene co-expression network analysis (WGC-
NA). Through intersection analysis focusing on metabolic repro-
gramming genes (MRGs), pivotal differentially expressed metabolic 
reprogramming genes (hub DEMRGs) were identified. Consensus 
clustering categorized patients into subtypes based on these genes. 
Functional enrichment analysis and immune microenvironment char-
acterization were conducted, followed by Cox and least absolute 
shrinkage and selection operator (LASSO) regression analyses to 
construct a prognostic risk model.

Results: A total of 31 hub DEMRGs were identified. Patients were 
classified into two distinct subtypes (C1 and C2), with the C2 sub-
type exhibiting a markedly reduced OS rate. Functional enrichment 
revealed significant activation of nuclear division and cell cycle path-
ways in C2. Immune profiling demonstrated an immunosuppressive 
phenotype in C2, characterized by elevated M2 macrophage infiltra-
tion and reduced CD8+ T cells. The risk model based on five critical 
hub DEMRGs showed robust predictive performance (area under the 

curve (AUC): 0.68 - 0.71), and high-risk patients displayed unique 
immune cell infiltration patterns.

Conclusions: This research highlights the critical role of MRGs in 
LUAD prognosis and their potential for clinical application. The 
identified subtypes and risk model provide insights into tumor het-
erogeneity and immunosuppressive mechanisms, offering potential 
targets for individualized therapy.

Keywords: Lung adenocarcinoma; Metabolic reprogramming genes; 
Weighted gene co-expression network analysis; Consensus cluster-
ing; Prognostic model

Introduction

Lung adenocarcinoma (LUAD), recognized as the most com-
mon histological variant of non-small cell lung cancer (NSCLC) 
[1], represents a considerable public health concern. The World 
Health Organization (WHO) reported that in 2020, there were 
around 2.2 million newly diagnosed lung cancer cases and 1.8 
million fatalities worldwide, with an observable increase in 
LUAD cases particularly among non-smoking individuals in 
Asia [2]. In China, the age-adjusted incidence of LUAD con-
tinues to escalate; however, the 5-year survival rate remains 
alarmingly below 20%, especially among patients diagnosed at 
advanced stages [3]. This situation highlights the pressing ne-
cessity to elucidate the underlying molecular mechanisms of 
LUAD and to innovate effective therapeutic approaches.

The considerable variability observed in LUAD has cata-
lyzed progress in molecular subtyping. Classifications that 
rely on mutations in driver genes, such as epidermal growth 
factor receptor (EGFR), anaplastic lymphoma kinase (ALK)/
ROS proto-oncogene 1, receptor tyrosine kinase (ROS1), and 
Kirsten rat sarcoma viral oncogene homolog (KRAS), as well 
as transcriptomic characteristics have informed the develop-
ment of targeted and immunotherapeutic approaches [4]. The 
Cancer Genome Atlas (TCGA) further revealed metabolic re-
programming features in LUAD, including enhanced glycoly-
sis, glutamine addiction, and dysregulated lipid synthesis [5, 
6]. These molecular subtypes not only influence tumor biology 
but also determine responses to targeted and immune therapies 
[7]. For instance, EGFR-mutant tumors are sensitive to tyros-
ine kinase inhibitors (TKIs), while KRAS-mutant tumors with 

Manuscript submitted May 2, 2025, accepted June 11, 2025
Published online July 8, 2025

aDepartment of Pathology, Putuo Hospital, Shanghai University of Traditional 
Chinese Medicine, Shanghai 200062, China
bDepartment of Pathology, Zhenjiang Hospital of Chinese Traditional and 
Western Medicine, Zhenjiang, China
cCorresponding Author: Ping Ping Hu, Department of Pathology, Putuo Hos-
pital, Shanghai University of Traditional Chinese Medicine, Shanghai 200062, 
China. Email: pt10848@shutcm.edu.cn

doi: https://doi.org/10.14740/wjon2604

Metabolic Reprogramming-Related Genes in Lung 
Adenocarcinoma: Identification and Prognostic  

Model Construction

Ling Zhi Liana, Fang Huanga, Jia Langa, Jing Fang Yuana, Ping Ping Hua, b, c

https://crossmark.crossref.org/dialog/?doi=10.14740/wjon2604&domain=pdf&date_stamp=2025-06-22
https://orcid.org/0000-0002-7637-7563


Articles © The authors   |   Journal compilation © World J Oncol and Elmer Press Inc™   |   https://wjon.elmerpub.com398

Metabolic Genes and Prognosis in LUAD World J Oncol. 2025;16(4):397-408

high programmed death ligand-1 (PD-L1) expression may 
benefit from immune checkpoint inhibitors [8].

Current LUAD treatment strategies rely on staging and 
molecular profiling. Early-stage patients undergo surgical re-
section with adjuvant chemotherapy or third-generation TKIs 
(e.g., osimertinib) [9], whereas advanced patients receive plat-
inum-based chemotherapy, immunotherapy (e.g., programmed 
death-1 (PD-1)/PD-L1 inhibitors), or targeted agents [10]. 
However, acquired resistance and tumor microenvironment 
(TME) heterogeneity lead to relapse or progression in approxi-
mately 70% of patients [11].

Metabolic reprogramming, a hallmark of cancer [12], re-
fers to the process by which tumor cells alter normal metabolic 
pathways and regulatory networks to reallocate energy and 
biosynthetic resources, thereby supporting rapid proliferation, 
invasion, metastasis, and treatment resistance. This phenom-
enon represents an adaptive response to microenvironmental 
stressors such as hypoxia and nutrient deprivation, involving 
the coordinated remodeling of glucose, lipid, amino acid, and 
nucleotide metabolism. Studies indicate that LUAD cells adapt 
to hypoxic and nutrient-poor microenvironments through the 
Warburg effect [13], mitochondrial metabolic remodeling, and 
metabolite-mediated epigenetic regulation, thereby promoting 

immune evasion and distant metastasis [14]. Key metabolic 
enzymes such as hexokinase 2 (HK2) and glutaminase (GLS1) 
have emerged as potential therapeutic targets [5, 15].

Despite progress in metabolic research, systematic inves-
tigations into the prognostic value of metabolic reprogram-
ming genes (MRGs) in LUAD remain limited. This study in-
tegrated multi-omics data to construct a metabolic gene-based 
risk model, aiming to uncover the metabolic heterogeneity of 
LUAD and its clinical implications, thereby providing a novel 
tool for personalized therapy.

Materials and Methods

Data collection and preprocessing

Figure 1 depicts the approach utilized in this study. Transcrip-
tomic datasets along with clinical information pertaining to 
LUAD and corresponding normal tissues were sourced from 
the National Cancer Institute (NCI) Genomic Data Commons 
(GDC). The analysis encompassed a total of 503 LUAD sam-
ples that possessed comprehensive survival data, in addition to 

Figure 1. Study workflow. Schematic overview of the analytical pipeline. The workflow encompasses differential expression 
analysis, WGCNA, MRG integration, consensus clustering, functional enrichment, immune microenvironment characterization, 
prognostic model construction, and validation. MRG: metabolic reprogramming gene; WGCNA: weighted gene co-expression 
network analysis.
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59 normal tissue samples. Genes associated with MRGs were 
extracted from the GeneCards database, resulting in the iden-
tification of 1,468 protein-coding genes. Publicly available 
datasets were utilized in accordance with data access policies; 
thus, ethical approval was not required.

Analysis of differential gene expression and identification 
of hub genes

Differentially expressed genes (DEGs) were discerned through 
the utilization of the DESeq2 package within RStudio (version 
4.3.3), with thresholds set at |log2 fold change| ≥ 3 and P < 
0.05. To perform weighted gene co-expression network analy-
sis (WGCNA), the “WGCNA” package was employed. A soft 
threshold of β = 9 was determined, corresponding to a scale-
free topology model fit of R2 = 0.9, to facilitate the construc-
tion of adjacency and topological overlap matrices (TOM). 
Hierarchical clustering identified nine modules, of which four 
(turquoise, blue, brown, and red) exhibited the highest corre-
lation with LUAD. An intersection analysis involving DEGs, 
MRGs, and pivotal module genes yielded 31 hub differentially 
expressed marker-related genes (DEMRGs).

Consensus clustering and subtype characterization

Patient stratification was performed using consensus cluster-
ing via the R package ConsensusClusterPlus, with 100 itera-
tions and Euclidean distance metrics. Cluster separation was 
validated through principal component analysis (PCA) and 
3D scatter plots. To characterize subtype-specific molecular 
features, we conducted differential gene expression analysis 
between clusters using DESeq2, considering genes with |log2 
fold change| ≥ 1.5 and adjusted P-value < 0.05 as significant. 
These DEGs were subsequently subjected to functional enrich-
ment analysis, including Gene Ontology (GO), Kyoto Ency-
clopedia of Genes and Genomes (KEGG), and gene set en-
richment analysis (GSEA), implemented in the clusterProfiler 
package with adjusted P-value thresholds of 0.05. Clinical rel-
evance was assessed through survival analysis using Kaplan-
Meier curves with log-rank tests and Cox proportional hazards 
models. Additionally, the TME was profiled using ESTIMATE 
algorithm-derived scores (stromal, immune, ESTIMATE, and 
tumor purity) and immune cell infiltration quantification via 
CIBERSORT, with inter-subtype comparisons performed us-
ing Wilcoxon rank-sum tests. Immune checkpoint and human 
leukocyte antigen (HLA)-related gene expression differences 
were similarly evaluated using Wilcoxon tests.

Prognostic model construction

Univariate Cox regression (P < 0.05) identified 19 prognosis-
related genes. Least absolute shrinkage and selection operator 
(LASSO) regression (10-fold cross-validation) further refined 
the gene set to six key DEMRGs (CAV1, FOXM1, FAM83A, 
PTGES, RECQL4, and SFTPC). Subsequently, using the LAS-

SO Cox regression method on the training subset (n = 252), 
a risk score model was developed with five genes (excluding 
PTGES). The coefficients for each gene in the risk score were 
derived from the LASSO Cox model at the optimal lambda 
value (lambda. min). The risk score was calculated as follows: 
Risk score = (0.1149 × CAV1 expression) + (0.1728 × FOXM1 
expression) + (0.1428 × FAM83A expression) - (0.1566 × 
RECQL4 expression) - (0.0285 × SFTPC expression). Patients 
were categorized into high-risk and low-risk groups according 
to the median risk score. Model performance was validated 
via Kaplan-Meier analysis, receiver operating characteristic 
(ROC) curves (area under the curve (AUC): 0.68 - 0.71), and 
independent testing sets (n = 251).

Immune infiltration and nomogram analysis

Single-sample gene set enrichment analysis (ssGSEA) evalu-
ated immune cell infiltration and pathway activity. A nomo-
gram integrating the five hub MRGs and clinical parameters 
was constructed using the “rms” package. Calibration curves 
assessed the nomogram’s accuracy in predicting 1-, 3-, and 
5-year survival probabilities.

Results

Analysis of differential expression and WGCNA

The differential expression analysis was conducted utilizing the 
TCGA-LUAD dataset. Compared with normal controls, LUAD 
tissues exhibited a distinct transcriptomic profile characterized 
by 1,952 upregulated genes and 206 downregulated genes (Fig. 
2a, b). In the context of WGCNA, a soft threshold of β = 9 was 
established, yielding a scale-free topology fit with an R2 value 
of 0.9 for the co-expression network construction (Supplemen-
tary Material 1, wjon.elmerpub.com). This analytical approach 
resulted in the identification of nine distinct modules, among 
which the turquoise, blue, brown, and red modules exhibited 
the strongest correlation with LUAD, thereby being classified 
as key modules (Fig. 3a). Furthermore, an intersection analysis 
combining genes derived from WGCNA, DEGs, and MRGs re-
vealed a total of 31 hub DEMRGs (Fig. 3b).

Consensus clustering and subtype characterization

Consensus clustering based on hub DEMRGs expression di-
vided patients into two subtypes: C1 (n = 242) and C2 (n = 
261). The determination of the optimal number of clusters (k 
= 2) was achieved through a comprehensive analysis of con-
sensus matrices alongside cumulative distribution function 
(CDF) plots, as illustrated in Supplementary Material 2 (wjon.
elmerpub.com). PCA confirmed robust intergroup separation 
between C1 and C2 (Fig. 4a). Subsequent differential analy-
sis identified 1,921 DEGs between subtypes. GO enrichment 
analysis indicated that these DEGs were significantly impli-
cated in processes such as nuclear division, organelle fission, 
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condensed chromosome organization, and hormone activity 
pathways, as shown in Figure 4b. Additionally, KEGG path-
way analysis underscored their involvement in neuroactive li-
gand-receptor interactions and the regulation of the cell cycle, 
as presented in Figure 4c. GSEA further revealed that subtype 
C2 exhibited enrichment in pathways associated with cell cy-
cle progression, DNA replication licensing, outer kinetochore 

organization, the unwinding of origins, and the formation of 
the pre-initiation complex (pre-IC), with a significance thresh-
old of P < 0.05, as depicted in Figure 4d.

Survival analysis demonstrated that individuals catego-
rized within the C2 subtype experienced a markedly reduced 
overall survival (OS) in comparison to those in the C1 subtype 
(Fig. 4e). TME assessment revealed lower ESTIMATE scores, 

Figure 2. Identification of DEGs in LUAD. (a) Volcano plot illustrating 1,952 upregulated (red) and 206 downregulated (blue) 
genes in LUAD tissues compared to normal controls (|log2FC| > 3, FDR < 0.05). (b) Heatmap displaying the expression pat-
terns of top 50 DEGs across LUAD and normal samples. The color scale represents Z-scores of normalized RNA expression 
levels (blue = low, red = high). DEGs: differentially expressed genes; FC: fold change; FDR: false discovery rate; LUAD: lung 
adenocarcinoma.

Figure 3. WGCNA and hub gene identification. (a) Module-trait correlation heatmap highlighting the turquoise, blue, brown, 
and red modules with the strongest associations to LUAD. (b) Venn diagram intersecting WGCNA-derived modules, DEGs, and 
MRGs to identify 31 hub DEMRGs. DEGs: differentially expressed genes; DEMRGs: differentially expressed metabolic repro-
gramming genes; LUAD: lung adenocarcinoma; MRG: metabolic reprogramming gene; WGCNA: weighted gene co-expression 
network analysis.
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immune scores, and stromal scores in C2, alongside higher tu-
mor purity (Fig. 4f-i).

Immune landscape analysis

CIBERSORT analysis of immune cell infiltration demon-
strated significant differences between clusters. In comparison 
to cluster 1 (C1), cluster 2 (C2) demonstrated a higher pres-
ence of T-follicular helper cells, M1 macrophages, M2 mac-
rophages, and activated dendritic cells. Conversely, there was 
a decline in the levels of CD8+ T cells and regulatory T cells 
(Tregs) observed in C2 (Fig. 5a). Immune checkpoint analysis 
showed elevated expression of LAG3 and PDCD1LG2 (PD-
L2) in C2, while HAVCR2 was downregulated (Fig. 5b). Addi-
tionally, a significant downregulation of most genes associated 
with HLA was noted in C2 (Fig. 5c). Despite increased M1 
macrophage and dendritic cell infiltration, the coexistence of 
CD8+ T cell exhaustion (high LAG3, low HLA expression) and 
M2 macrophages suggested an overall immunosuppressive 
microenvironment in C2.

Prognostic gene identification and risk model development

Univariate Cox regression analysis of 31 hub DEMRGs identi-
fied 19 genes significantly associated with prognosis (Fig. 6a). 
LASSO regression further refined these to six key DEMRGs: 
CAV1, FOXM1, FAM83A, PTGES, RECQL4, and SFTPC 
(Supplementary Material 3, wjon.elmerpub.com). Compared 
to controls, FOXM1, FAM83A, PTGES, and RECQL4 were 
upregulated in LUAD, whereas CAV1 and SFTPC were down-
regulated (Fig. 6b-g).

Predictive performance assessment of the clinical risk sig-
nature

The TCGA cohort was randomly allocated into a training set 
(n = 252) and an independent validation set (n = 251) for 
model construction and evaluation. Using LASSO Cox re-
gression with 10-fold cross-validation on the training set, we 
constructed a prognostic risk model. This model retained five 

Figure 4. Consensus clustering and subtype characterization. (a) PCA showing distinct separation between consensus clusters 
C1 (n = 242) and C2 (n = 261). (b) GO enrichment of subtype-specific DEGs, emphasizing nuclear division and chromosome 
organization. (c) KEGG pathway analysis showing enrichment in cell cycle and neuroactive ligand-receptor interaction. (d) GSEA 
plot revealing activation of DNA replication pathways in C2 (FDR < 0.05). (e) Kaplan-Meier survival curves showing poorer overall 
survival in C2 (log-rank P < 0.001). (f-i) Tumor microenvironment scores: (f) ESTIMATE, (g) immune, (h) stromal, and (i) tumor 
purity (P < 0.001). DEGs: differentially expressed genes; FDR: discovery rate; GO: Gene Ontology; GSEA: gene set enrichment 
analysis; KEGG: Kyoto Encyclopedia of Genes and Genomes; PCA: principal component analysis.
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genes (CAV1, FOXM1, FAM83A, RECQL4, and SFTPC) as 
PTGES was excluded due to its coefficient being shrunk to 
zero by the LASSO algorithm. The risk score for each pa-
tient was calculated using the following formula: Risk score 
= (0.1149 × CAV1 expression) + (0.1728 × FOXM1 expres-
sion) + (0.1428 × FAM83A expression) - (0.1566 × RECQL4 
expression) - (0.0285 × SFTPC expression) (Supplementary 
Material 4, wjon.elmerpub.com). Patients were categorized 
into high-risk and low-risk groups according to the median 
risk scores. The distribution of risk scores and survival dura-
tions across the training, testing, and overall TCGA cohorts 
is illustrated in Figure 6h-j. Kaplan-Meier survival analysis 
indicated that patients classified as high risk exhibited a sta-
tistically significant reduction in OS across all cohorts (P < 
0.05, as depicted in Fig. 6k-m). Additionally, time-dependent 
ROC curves evidenced the model’s strong predictive capabil-
ity, yielding 1-year AUC values of 0.715, 0.679, and 0.691 
for the training, testing, and complete cohorts, respectively 
(Fig. 6n-p).

Immune infiltration and nomogram analysis

ssGSEA identified distinct patterns of immune cell infiltra-
tion across different risk categories. Immunophenotypic 
analysis revealed predominant infiltration of activated CD4+ 

T lymphocytes, central memory CD4+/CD8+ T-cell subsets, 
γδ T lymphocytes, and memory B cells in high-risk patients, 
whereas activated B lymphocyte and mast cell populations 
were significantly expanded in low-risk individuals (Fig. 7a). 
Gene set variation analysis (GSVA) indicated enhanced activ-
ity of immunosuppressive pathways (e.g., antigen-presenting 
cell (APC) co-inhibition, chemokine receptors (CCR), mac-
rophages, major histocompatibility complex (MHC) class I, 
natural killer (NK) cells, inflammation-promoting) in high-
risk patients. Conversely, HLA pathways, immature dendritic 
cells (iDCs), and mast cell activity were more pronounced in 
low-risk patients, which suggests a more robust anti-tumor im-
mune response (Fig. 7b).

Furthermore, a nomogram that integrates five pivotal 
genes was constructed to estimate survival probabilities at 1, 
3, and 5 years (Fig. 7c). The model demonstrated moderate 
predictive accuracy (C-index: 0.623, 95% CI: 0.599 - 0.647). 
Calibration curves confirmed close alignment between pre-
dicted and observed survival outcomes (Fig. 7d), indicating 
high reliability.

Discussion

LUAD represents the predominant histological variant of lung 
cancer, exhibiting an increasing incidence worldwide, espe-

Figure 5. Immune microenvironment and checkpoint analysis. (a) CIBERSORT-derived immune cell infiltration profiles between 
clusters (P < 0.001). (b) Differential expression of immune checkpoint genes (LAG3, PDCD1LG2, HAVCR2; P < 0.05). (c) Re-
duced HLA-related gene expression in C2 (P < 0.001). HLA: human leukocyte antigen.
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Figure 6. Prognostic gene screening and model validation. (a) Forest plot of univariate Cox regression for 19 hub DEMRGs with 
prognostic significance. (b-g) Expression validation of key DEMRGs (CAV1, FOXM1, FAM83A, PTGES, RECQL4, and SFTPC) 
in LUAD vs. normal tissues (P < 0.001). (h-j) Risk score distribution and survival status in training, testing, and entire TCGA co-
horts. (k-m) Kaplan-Meier survival curves stratified by risk groups (log-rank P < 0.05). (n-p) ROC curves for 1-year survival predic-
tion (AUC: 0.715 training, 0.679 testing, 0.691 overall). AUC: area under the curve; DEMRGs: differentially expressed metabolic 
reprogramming genes; LUAD: lung adenocarcinoma; ROC: receiver operating characteristic; TCGA: The Cancer Genome Atlas.
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cially among individuals who do not smoke. The clinical pres-
entation of LUAD is diverse, and the symptoms observed in 
the early stages are frequently nonspecific. This nonspecificity 
often contributes to delayed diagnosis, resulting in unfavorable 
prognoses in advanced stages of the disease. Although current 
therapeutic approaches, encompassing surgical intervention, 
chemotherapy, radiotherapy, and targeted treatment modali-
ties, have improved outcomes; however, the overall 5-year 
survival rate remains low [16]. This underscores the urgent 
need to identify novel biomarkers for optimizing prognostic 
assessment and personalized therapeutic strategies.

Recent advancements in cancer metabolism research have 
highlighted the pivotal role of metabolic reprogramming in 
tumorigenesis and progression. Tumor cells rewire metabolic 
pathways to meet biosynthetic and energetic demands dur-
ing rapid proliferation while adapting to microenvironmental 
stressors such as hypoxia and nutrient deprivation. Metabolic 
reprogramming not only fuels tumor growth but also facilitates 
immune evasion, invasion, and metastasis through remodeling 
the TME [17, 18].

This study systematically integrated multi-omics and 
clinical data to elucidate the prognostic significance of MRGs 
in LUAD. Five key DEMRGs (CAV1, FOXM1, FAM83A, 
RECQL4, and SFTPC) were identified, and a risk score model 
(AUC: 0.68 - 0.71) and nomogram (C-index: 0.623) were con-
structed, providing novel tools for clinical management.

Consensus clustering stratified LUAD patients into two 

subtypes: C1 (n = 242) and C2 (n = 261). Patients in the C2 
subtype exhibited significantly shorter OS (P < 0.05). Func-
tional enrichment analysis revealed that C2 was enriched in 
nuclear division, organelle fission, and condensed chromo-
some organization (Fig. 4e), with heightened activity in cell 
cycle and neuroactive ligand-receptor interaction pathways 
(Fig. 4f). GSEA further implicated C2 in DNA replication li-
censing and outer kinetochore organization (Fig. 4g). In con-
trast, C1 tumors were enriched in hormone activity pathways, 
potentially linked to steroid metabolism. These findings sug-
gest that C2 patients may benefit from cell cycle inhibitors 
(e.g., CDK4/6 inhibitors), while C1 patients could respond to 
hormone pathway modulators.

Immune microenvironment analysis demonstrated sig-
nificantly lower immune scores (ImmuneScore) and stromal 
scores (StromalScore) in C2 compared to C1 (Fig. 4i-l), in-
dicative of an immunosuppressive phenotype. Specifically, 
C2 showed reduced infiltration of CD8+ T cells and Tregs but 
increased M2 macrophages and activated dendritic cells (Fig. 
5a). M2 macrophages secreted interleukin (IL)-10 and trans-
forming growth factor-beta (TGF-β) to suppress anti-tumor 
immunity, while diminished Tregs suggested immune exhaus-
tion. Elevated expression of LAG3 and PDCD1LG2 (PD-L2) 
in C2 (Fig. 5b) correlated with T-cell dysfunction, and wide-
spread downregulation of HLA class I/II molecules (Fig. 5c) 
implied immune escape mechanisms. These findings highlight 
the “immune-cold” nature of C2, necessitating combinatorial 

Figure 7. Immune landscape and nomogram performance. (a) ssGSEA scores of immune cell subsets in high- versus low-risk 
groups (P < 0.05). (b) GSVA enrichment of immune-related pathways (APC co-inhibition, MHC class I, etc.). (c) Nomogram inte-
grating five hub MRGs for survival prediction (C-index = 0.623). (d) Calibration curves for 1-, 3-, and 5-year survival probability. 
APC: antigen-presenting cell; GSVA: gene set variation analysis; MHC: major histocompatibility complex; MRGs: metabolic 
reprogramming genes; ssGSEA: single-sample gene set enrichment analysis.
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strategies (e.g., PD-1 inhibitors with LAG3 blockers) to en-
hance immunogenicity. Conversely, the immunologically ac-
tive microenvironment of C1 may favor immune checkpoint 
inhibitor monotherapy.

The risk score model (AUC: 0.68 - 0.71) and nomogram 
(C-index: 0.623) demonstrated robust predictive accuracy, 
providing quantitative tools for personalized prognosis. Nota-
bly, the hub MRGs, i.e., CAV1, FOXM1, FAM83A, RECQL4, 
and SFTPC, exhibited distinct expression patterns in LUAD. 
FOXM1, FAM83A, and RECQL4 were upregulated, while 
CAV1 and SFTPC were downregulated compared to normal 
tissues.

FOXM1, a member of the Forkhead box (Fox) transcrip-
tion factor family, plays a crucial role in regulating cell cycle 
advancement, cellular proliferation, DNA repair mechanisms, 
and the maintenance of genomic integrity [19-22]. The el-
evated expression of FOXM1 has been associated with vari-
ous malignancies, including breast cancer [23, 24], colorectal 
cancer [25], gastric cancer [26], hepatocellular carcinoma [27], 
and ovarian cancer [28], where it contributes to tumor devel-
opment, metastasis, and unfavorable clinical outcomes. In the 
context of NSCLC, the overexpression of FOXM1 has been 
linked to increased tumor size and diminished survival rates 
[29], highlighting its potential significance as a therapeutic tar-
get across multiple cancer types.

FAM83A, a member of the FAM83 family, facilitates tu-
mor advancement through the activation of the Wnt/β-catenin 
signaling pathway, which triggers epithelial-mesenchymal 
transition (EMT) [30, 31]. It regulates mitochondrial function 
during adipocyte differentiation [32] and resistance to thera-
pies in lung, breast, head and neck, and pancreatic malignan-
cies [31, 33-36]. Despite its high expression in LUAD, the pre-
cise functional role of FAM83A remains unclear.

RECQL4, a RecQ helicase, is essential for nuclear DNA 
replication and genomic stability [37]. Cytoplasmic RECQL4 
localizes to mitochondria, repairing oxidative DNA damage 
and maintaining oxidative phosphorylation (OXPHOS) [38]. 
While RECQL4 deficiency causes Rothmund-Thomson syn-
drome (RTS), characterized by chromosomal instability [38, 
39], its overexpression promotes tumorigenesis in breast [40], 
prostate [41], and gastric cancers [42]. In LUAD, RECQL4 
likely supports metabolic flexibility by sustaining mitochon-
drial function [38, 43], though its role requires further inves-
tigation.

CAV1, a membrane-associated protein involved in choles-
terol transport and endocytosis, exhibits dual roles in cancer 
[44]. In the context of colorectal [45] and ovarian cancers [46], 
it functions as a tumor suppressor; however, in contrast, it fa-
cilitates the advancement of breast [47-49], bladder [50], en-
dometrial [51], liver [52], and pancreatic cancers [53], among 
others. This context-dependent behavior, influenced by cell 
type and cancer stage, complicates its therapeutic targeting 
[47-49, 54]. In NSCLC, CAV1 expression patterns and func-
tional impacts remain controversial [55-59], necessitating fur-
ther study.

SFTPC, a surfactant protein critical for alveolar function, 
mitigates pulmonary fibrosis by suppressing TGF-β signal-
ing [60-62]. Its downregulation in LUAD correlates with poor 
prognosis [63], highlighting its potential as a biomarker.

Limitations

This study lacks experimental validation of bioinformatics 
findings, limiting the clinical applicability of conclusions. Ad-
ditionally, reliance on TCGA-LUAD data, while minimizing 
heterogeneity, restricts generalizability due to the absence of 
multi-center validation. Our future studies will focus on ex-
perimental verification of key DEMRGs (CAV1, FOXM1, 
FAM83A, RECQL4, and SFTPC) using qPCR and immunohis-
tochemistry in our hospital’s LUAD tissue bank and mechanis-
tic investigation of how these genes regulate metabolic repro-
gramming pathways.

Conclusion

In summary, this study comprehensively delineates the mo-
lecular features and prognostic genes of LUAD through com-
prehensive bioinformatics analysis. The constructed risk score 
and nomogram models demonstrate robust predictive accuracy, 
providing quantitative tools to guide prognosis and precision 
medicine strategies. Future research should prioritize multi-
omics integration and experimental validation to enhance our 
mechanistic understanding of LUAD biology and to facilitate 
the development of targeted therapeutic interventions.
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