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A B S T R A C T

Purpose: Non-small cell lung carcinoma (NSCLC) is a leading cause of cancer-related mortality worldwide, 
highlighting the urgent need for early detection and targeted therapies. While lipopolysaccharide (LPS) meta
bolism and circadian rhythm disruption are emerging as important factors in cancer progression, their specific 
roles in NSCLC remain poorly understood.
Methods: We integrated multiple GEO datasets to identify NSCLC-associated differentially expressed genes 
(DEGs). Weighted gene co-expression network analysis (WGCNA) identified key gene modules, followed by 
functional enrichment analysis. A hybrid machine learning approach combining Lasso regression and random 
forest was used to identify hub genes. Immune infiltration analysis evaluated associations with the tumor 
microenvironment, and diagnostic performance was validated in an independent cohort. Functional roles of the 
candidate gene CACNA2D2 were assessed through gain- and loss-of-function experiments in A549 cells, evalu
ating viability, proliferation, migration, and invasion.
Results: We identified 889 significant DEGs enriched in inflammatory and immune-related pathways. WGCNA 
revealed the magenta module as highly associated with NSCLC, involved in angiogenesis and extracellular matrix 
organization. Machine learning identified nine hub genes (CACNA2D2, ASPA, LRRN3, ABCA6, TNFSF12, 
AHNAK, TACC1, ID4, TSLP) showing excellent diagnostic performance (AUC: 0.832–0.906). These genes 
correlated significantly with immune cell infiltration patterns. Functional validation established CACNA2D2 as a 
tumor suppressor, where its depletion enhanced malignant phenotypes while overexpression suppressed them.
Conclusion: This study identifies a novel gene signature linked to LPS metabolism and circadian disruption in 
NSCLC, with validated diagnostic utility and implications for tumor immune regulation. CACNA2D2 emerges as a 
key tumor suppressor, offering insights for early detection and targeted therapy development.

Introduction

With persistently high mortality and increasing incidence rates, lung 
cancer represents a critical global health burden among all malignancies 
[1,2]. Non-small cell lung carcinoma (NSCLC) accounts for roughly 85 % 
of all diagnosed lung malignancies, with the remaining 15 % comprising 
small cell lung cancer (SCLC). The majority NSCLC subtype carries a 
generally poor prognosis [3,4]. Despite advances in targeted therapies 
and immunotherapy, most NSCLC patients present with advanced-stage 

disease due to diagnostic challenges, leading to suboptimal treatment 
outcomes [5,6]. This demonstrates the pressing demand for new mo
lecular markers and personalized therapeutic interventions to boost 
survival.

Emerging evidence suggests that lipopolysaccharide (LPS)-related 
genes (LRGs) and circadian rhythm-related genes (CRGs) play critical 
roles in lung cancer pathogenesis and progression [7]. LPS metabolism 
not only regulates the immune response and tumor microenvironment, 
but also influences tumor immune escape and inflammatory responses, 
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thereby promoting cancer progression [8,9]. LPS enhances tumor cell 
invasiveness and metastasis by upregulating oncogenes and triggering 
local inflammation, particularly in NSCLC. In addition, LPS-related 
genes may further promote tumor growth and proliferation by 
inducing immune responses, altering cellular metabolism and regulating 
cytokine expression.

Emerging evidence suggests that the functional synergy between 
LPS-mediated inflammatory signaling and circadian pacing represents a 
critical 'two-hit' model in NSCLC development [10,11]. While LPS-TLR4 
activation is fundamental to pulmonary microenvironmental remodel
ing, its signaling intensity is strictly governed by the circadian clock’s 
transcriptional control over inflammatory effectors [12,13]. Physiolog
ical circadian gating ensures that inflammatory flares remain transient 
and localized. Conversely, circadian disruption in NSCLC patients 
eliminates this temporal oversight, shifting the balance toward a 
constitutive inflammatory state [14]. The convergence of dysregulated 
LPS metabolism and circadian desynchrony promotes a pro-tumorigenic 
environment characterized by persistent cytokine secretion, which fa
cilitates immune evasion and accelerates the malignant transition of 
lung epithelia.

Meanwhile, circadian rhythm disruption (CRD) has been strongly 
linked to the development of various cancers [15,16]. Dysregulation of 
circadian rhythms, that orchestrate essential cellular functions such as 
mitotic progression, DNA damage response, and RNA biosynthesis, may 
affect these mechanisms, thereby promoting tumor development [17,
18]. Abnormal circadian rhythms may alter the growth pattern, division 
rate, and immune escape ability of tumor cells, which in turn exacerbate 
the malignant progression of cancer [19]. Although preliminary studies 
have explored the roles of LPS metabolism and circadian rhythms in 
lung cancer, systematic studies are still insufficient, and the specific 
mechanisms of how these genes interact with each other and act on 
tumors have not been clarified. Thus, systematic exploration of LPS 
metabolic pathways and CRG functions in NSCLC promises to reveal 
fundamental oncogenic mechanisms, also provide new strategies for 
early diagnosis, prognostic assessment and personalized treatment. By 
identifying key biomarkers of lung cancer, more precise therapeutic 
targets can be provided to clinics, enhancing therapeutic efficacy and 
improving patient survival prognosis

To systematically investigate the roles of LPS metabolism and 
circadian rhythm disruption in NSCLC, this investigation combines 
computational biology and artificial intelligence approaches to pinpoint 
essential gene networks and central regulators associated with NSCLC 
advancement. We further elucidate the biological functions of these hub 
genes and assess their diagnostic potential. By characterizing the 
expression patterns of LPS- and circadian-related genes and their influ
ence on the tumor microenvironment, our findings provide novel in
sights for early detection and precision therapy in NSCLC.

Methods

1. Data Sourcing and Preprocessing

Gene expression data were extracted from multiple microarray 
datasets available in the Gene Expression Omnibus (GEO) repository. 
The search strategy utilized combinations of the following terms: "Non- 
small cell lung cancer," "NSCLC," "lung adenocarcinoma," and "lung 
squamous cell carcinoma," restricted to "Homo sapiens."

Specifically including: GSE103512 [20],GSE116959 [21], 
GSE140797 [22],GSE101929 [23],GSE40791 [24],GSE49644 [25], 
GSE54495 [26],GSE18842 [27]. The datasets were derived from mul
tiple experimental platforms, with detailed platform specifications 
provided in Table 1. The datasets of GSE103512, GSE116959, 
GSE140797, GSE101929, GSE40791, and GSE49644 were employed as 
the training set to identify hub genes associated with NSCLC; GSE54495 
and GSE18842 were used as the testing set to verify the differentiation 
ability of the hub genes.

To ensure data quality, genes with zero or negative expression values 
were removed during the preprocessing stage. Additionally, mean 
expression values were computed across duplicate probes for each gene 
to reduce technical variability. Subsequently, the gene expression 
matrices of all samples were normalized to reduce the impact of tech
nical errors on the analysis results. To evaluate sample distribution be
tween healthy controls and lung cancer groups while addressing inter- 
dataset variability, we applied the ComBat algorithm for batch effect 
correction. This approach minimized non-biological differences be
tween datasets, ensuring the reliability of subsequent analyses.

By collating the published literature, 6571 LRGs and 2091 CRGs 
(STable 1) were screened, which provided data for subsequent func
tional enrichment analysis and screening of key genes [28,29]. 

2. Identification of Differentially Expressed Genes (DEGs) in NSCLC

Following data normalization and batch effect correction, the iden
tification of differentially expressed genes within the training dataset 
was performed utilizing the limma (v3.50.0) and surrogate variable 
analysis (v3.44.0) packages. DEGs were selected according to thresholds 
of |log₂FC| > 1 and an adjusted P < 0.05. For visualization, we employed 
ggplot2 (v3.3.6) to generate volcano plots highlighting significant up-/ 
down-regulated genes, while pheatmap (v1.0.12) was used to construct 
clustered heatmaps displaying expression patterns across samples. 

3. Identifying of key modules based on WGCNA

To elucidate the co-expression networks and identify disease- 
relevant gene modules, Weighted Gene Co-expression Network Anal
ysis (WGCNA) was performed on the identified DEGs. Prior to network 
construction, a rigorous pre-filtering step was implemented to remove 
genes with low expression variance, ensuring the focus remained on 
biologically informative features. Sample quality was assessed using the 
goodSamplesGenes function. To ensure cohort homogeneity, hierarchi
cal clustering of samples was conducted, and an outlier threshold of h =
5 was applied to eliminate abnormal samples.We determined the 
optimal soft-thresholding power (β) using the pickSoftThreshold func
tion to satisfy the scale-free topology criterion. Based on a signed R2 

threshold of 0.8, a power of β = 14 was selected to construct the adja
cency matrix. This matrix was subsequently transformed into a Topo
logical Overlap Matrix (TOM) to quantify gene-gene co-expression 
proximity and mitigate technical noise.Module identification was per
formed using the cutreeDynamic algorithm with the following param
eters: a minimum module size (minModuleSize) of 10 and a tree-cutting 
sensitivity (deepSplit) of 2. To simplify the network and consolidate 
biologically redundant clusters, similar modules were merged using a 
height cutoff of 0.35, which corresponds to a correlation coefficient of 
0.65 between module eigengenes (MEs).

The association between identified modules and the NSCLC pheno
type was quantified by calculating the correlation between MEs and 
clinical traits. Key modules strongly associated with NSCLC were 
prioritized through a combined analysis of Module Membership (MM)- 
the correlation between individual genes and their respective Mes-and 
Gene Significance (GS)-the correlation between gene expression and 

Table 1 
Summary of datasets analyzed in this study.

Datasets Platform Control Disease

GSE103512 GPL13158 9 60 Training datasets
GSE116959 GPL17077 11 57
GSE140797 GPL13497 7 7
GSE101929 GPL570 / 66
GSE40791 GPL570 100 94
GSE49644 GPL570 9 9
GSE54495 GPL570 13 17 Test datasets
GSE18842 GPL570 45 46
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clinical status. Modules exhibiting the highest significance were selected 
for subsequent hub gene identification and functional enrichment 
analysis to uncover the molecular mechanisms driving NSCLC 
progression. 

4. Functional enrichment analysis

To systematically investigate the biological significance and mech
anistic contributions of key genes in NSCLC pathogenesis, we performed 
comprehensive functional enrichment analysis using clusterProfiler 
(v4.12.6). Gene Ontology (GO) analysis systematically characterized 
DEGs across three domains: Biological Proces (BP), Molecular Functions 
(MF), and Cellular Components (CC). Parallel KEGG pathway analysis 
identified significantly enriched signaling pathways, revealing their 
potential involvement in NSCLC pathogenesis.

To evaluate genome-wide expression profiles, we conducted Gene 
Set Enrichment Analysis (GSEA) using the Hallmark gene set collection 
(v2023.1) from the Molecular Signatures Database (MSigDB) as the 
reference. Furthermore, Gene Set Variation Analysis (GSVA) was 
employed to quantify pathway activity at the individual sample level, 
transforming the gene-level expression matrix into a gene-set-level 
enrichment matrix.Based on the GSVA (v1.44.2) package, we utilized 
the gsvaParam function with the following prioritized settings: the 
Gaussian cumulative distribution function (kcdf = "Gaussian") was 
applied for the kernel density estimation, suitable for normalized 
expression data. The extension parameter was set to 1, and the maxDiff 
parameter was set to TRUE to calculate the enrichment scores as the 
difference between the largest and smallest vertical distances in the 
random walk. Gene sets were filtered to include those with a minSize of 
1.

To identify significant functional pathways associated with NSCLC, 
the resulting GSVA score matrix was subjected to differential analysis 
using the limma package. A linear model was fitted to the scores, and 
empirical Bayes statistics were applied to determine the t-values and 
significance. Pathways with P < 0.05 and an absolute t-value threshold 
were considered significantly enriched, revealing the dynamic func
tional landscape across different pathological states. 

5. Machine learning analytics

To identify NSCLC-related hub genes and develop diagnostic models, 
our model architecture incorporated Lasso regression to enhance feature 
interpretability while minimizing overfitting. Random Forest (RF) and 
XGBoost for capturing non-linear relationships, and Support Vector 
Machine (SVM) for classification, all models were subjected to 10-fold 
cross-validation during both training and validation phases using the 
training dataset to ensure robustness and generalizability.

System performance was holistically evaluated through receiver 
operating characteristic (ROC) curve analysis and area under the curve 
(AUC) metrics. The optimal algorithm (e.g., Elastic Net or XGBoost) 
demonstrating the highest AUC was selected to identify hub genes, 
which were subsequently validated in an external cohort datasets. To 
characterize the genomic distribution of these hub genes, we employed 
the circlize package to generate chromosomal location maps, visualizing 
their spatial organization across the genome.

To investigate the functional relevance of hub genes, we systemati
cally constructed a protein-protein interaction (PPI) network using 
GeneMANIA to parse the regulatory mechanisms of key genes and pro
vide potential biomarkers for NSCLC early diagnosis and targeted 
treatment. 

6. Consensus clustering analysis

For further exploration of the molecular heterogeneity of NSCLC, we 
used the ConsensusClusterPlus (V1.58.0) in this study for consensus 
clustering analysis (Consensus Clustering). Employing gene expression 

signatures of prioritized core genes, with the k-means clustering (k- 
means) method adopted, the similarity between samples was measured 
by Euclidean Distance. To ensure result stability, the maximum cluster 
number (maxK) was set to 9, and 80 % of the samples (pItem=0.8) were 
randomly selected, with the procedure iterated 1000 times.

The effect under different number of clusters was evaluated by 
consensus clustering heat map with Cumulative Distribution Function 
curve. The optimal clustering number, determined through the analysis, 
was used to classify distinct molecular subtypes of NSCLC. Box line plots 
were generated to examine the expression variations of key genes across 
these subtypes, uncovering potential molecular characteristics of 
NSCLC. 

7. XGBoost-based hub genes modeling and interpretive analysis

To evaluate the predictive importance of hub genes, we implemented 
an XGBoost model (v1.7.8.1) with SHAP analysis for interpretability. 
The data were randomly partitioned into training (70 %) and test sets 
(30 %). Model hyperparameters included: maximum tree depth (max_
depth = 3), learning rate (η = 0.2), and 100 boosting iterations (nrounds 
= 100). Model interpretability was achieved through SHAP value esti
mation, revealing the directional impact of individual genes on 
predictions.

To assess the model performance, we used ROC, calibration curves, 
and Decision Curve Analysis (DCA). Additionally, SHAP analysis was 
conducted to produce Beeswarm plots, illustrating the individual con
tributions of each core gene to classification prediction and their 
mechanisms of action. 

8. Immune infiltration analysis

Quantification of tumor-infiltrating immune cells was performed via 
CIBERSORT analysis, enabling proportional estimation of 22 immune 
cell phenotypes characteristic of the NSCLC microenvironment. Distri
butions of immune cell infiltration levels were statistically compared 
between NSCLC and control cohorts using boxplot representations. 
Additionally, we performed correlation analysis to assess associations 
between hub genes and immune cells, visualizing these relationships 
through heatmaps and network diagrams to characterize the NSCLC 
immune microenvironment. 

9. ROC analysis and core gene validation

In order to quantify the diagnostic accuracy of the prioritized hub 
genes in NSCLC, we performed ROC analysis using the pROC package 
(v1.18.0) in R. The AUC was calculated to quantify the predictive per
formance of each core gene. These findings were subsequently validated 
in independent datasets (GSE54495 and GSE18842).

To facilitate the clinical application of the hub genes' diagnostic 
performance in NSCLC, a nomogram model was developed based on 
their expression levels. This predictive model serves dual purposes: 
forecasting NSCLC risk in patients while quantifying each factor's 
diagnostic contribution. Furthermore, calibration curves were generated 
to evaluate the consistency between the predicted probabilities of 
NSCLC and the actual outcomes. 

10. Cell Culture

A549 cells were obtained from iCell Bioscience Inc. in Shanghai, 
China. Cell maintenance was performed using DMEM with 10 % FBS and 
1 % penicillin-streptomycin antibiotic cocktail, cultured at 37 ◦C under 5 
% CO₂ humidified atmosphere. 

11. Cell Transfection

Sh-lncRNA and its negative control (Sh-NC) were synthesized by 
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Ribobio (Guangdong, China). Cells in 6-well plates (70–80 % confluent) 
were transfected using Lipofectamine 2000 (Invitrogen, USA): plasmid/ 
siRNA was diluted in Opti-MEM (5 min), mixed with Lipofectamine 
2000 (20 min), then added to cells. Transfected cells were harvested 
after 48 h for experiments. 

12. Quantitative Real-Time PCR

Total RNA isolation was achieved with TRIzol (Invitrogen), reverse 
transcription carried out using Primescript RT Reagent (TaKaRa), and 
quantitative PCR performed on StepOne Plus (Applied Biosystems) with 
SYBR® Premix Ex Taq™ (TaKaRa). The amplification protocol 
comprised a 5-minute 95 ◦C hot start, then 40 cycles of three-step 
amplification (15 s at 95 ◦C, 30 s at 58 ◦C, and 30 s at 74 ◦C per 
cycle). Data were normalized to β-actin (ΔΔCt method). Primer 

Fig. 1. Differentially Expressed Genes (DEGs) in Non-Small Cell Lung Cancer (NSCLC). (A) Volcano plot showing the differential expression of genes between NSCLC 
samples (Disease) and healthy controls (Control), with genes identified by |log₂FoldChange| > 1 and P < 0.05. (B) Heatmap of the top 100 DEGs. (C) Gene Ontology 
(GO) enrichment analysis of DEGs. (E) GSVA of significant enrichment of NSCLC samples. (F) GSEA highlighting the most enriched pathways in NSCLC.
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sequences: (1) CACNA2D2: F 5′-CAGAAGTTGGTGGAGAAGGT-3′, R 5′- 
ATGTCAGGAGCTGCTTCAG-3′; (2) β-actin: F 5′-AGGAAGGACCTG
TATGCCAACA-3′, R 5′-GCGCGGTGATCTCTTTCTG-3′. 

13. Western Blot (WB)

Protein extraction was precisely executed employing RIPA lysis 
buffer. Proteins (50–80 μg) were separated by SDS-PAGE, transferred to 
nitrocellulose membranes (Absin, China), and probed with primary 
antibodies: anti-CACNA2D2 (1:2000, 22,145-1-AP) and anti-β-actin 
(1:1000, 66,009-1-Ig; loading control) for 2 h (RT) + overnight (4 ◦C). 
Membranes were blocked for 3 h in 5 % non-fat milk prior to incubation 
with secondary antibodies, with subsequent infrared imaging performed 
using an Odyssey scanner (LI-COR, USA). 

14. Transwell migration assay

Cells were trypsinized (0.05 % trypsin/0.02 % EDTA), resuspended 
in RPMI-10 % FBS (1 × 10⁵ cells/mL), and loaded into 96-well chemo
taxis chambers with collagen-coated (20 μg/mL, 6 h) 8-μm filters. After 
12 h migration (37 ◦C) toward RPMI-10 % FBS or test medium, non- 
migrated cells were removed by swabbing. Migrated cells on filter un
dersides were Hoechst 33,342-stained (10 μM) and counted (100×, 3 
fields/filter). 

15. Statistical analysis

Shapiro-Wilk test assessed data normality; non-normal data used 
nonparametric tests. Group comparisons employed t-test/Mann-Whit
ney U test (p < 0.05). Inter-group comparisons were performed using the 
Kruskal-Wallis nonparametric test followed by Dunn's multiple com
parison procedure.

Results

1. DEGs Identification and Functional Enrichment Analysi

Following batch effect correction, differential expression analysis 
between Disease and Control samples in the training set identified 889 
significant DEGs (|log₂FC| > 1, P < 0.05), including 271 genes showing 
increased expression and 618 genes with decreased expression. The 
heatmap clearly demonstrated the overall trend of gene expression in 
NSCLC samples (Fig. 1A), indicating that numerous genes displayed 
significant variations in expression levels in lung cancer tissues.

To characterize DEG expression patterns, the top 100 DEGs were 
selected for visualization in a volcano plot (Fig. 1B). Cluster analysis 
showed the top 100 DEGs clearly distinguished NSCLC from controls, 
confirming their significant differential expression. This result further 
validated the potential biological significance of DEGs in NSCLC.

To delineate the biological significance of DEGs, we conducted 
functional enrichment analysis to identify overrepresented pathways 
and molecular functions. GO term analysis identified the BP category as 
being markedly enriched for pathways such as epithelial cell prolifera
tion and mitotic nuclear division, indicating that these genes may be 
crucial for tumor cell proliferation and division (Fig. 1C). In terms of CC, 
DEGs were mainly distributed in structures such as collagen-containing 
extracellular matrix and condensed chromosome, reflecting the fact that 
these genes might play key roles in remodeling of extracellular matrix 
and regulation of chromosome structure. MF analysis demonstrated that 
DEGs were significantly associated with extracellular matrix structural 
components, cytokine binding, and integrin binding, suggesting their 
potential involvement in NSCLC progression through the regulation of 
immune responses, extracellular matrix interactions, and cell signaling. 
Additionally, KEGG pathway analysis further demonstrated significant 
enrichment of DEGs in key inflammatory pathways, particularly the IL- 
17, Wnt, and PI3K-Akt signaling pathways (Fig. 1D). These pathways 

were critically involved in mediating inflammatory responses, immune 
modulation, and tumor microenvironment remodeling, indicating their 
potential roles in NSCLC pathogenesis. The prominent enrichment of IL- 
17 and PI3K-Akt signaling pathways particularly highlighted their sig
nificance in NSCLC development.

GSVA validated DEG enrichment in FATTY_ACID_METABOLISM, 
BILE_ACID_METABOLISM, and IL2_STAT5_SIGNALING (Fig. 1E). GSEA 
further revealed top pathways: Cell Cycle, Regulation of Lipolysis Adi
pocytes, DNA Replication, Amino Acid Biosynthesis, and cAMP 
Signaling. (Fig. 1F). The pathway enrichment results underscored the 
pivotal involvement of inflammatory response and immune regulation 
in NSCLC pathogenesis, offering important mechanistic clues for further 
investigation. 

2. WGCNA analysis and key module enrichment analysis results

For further resolution of the potential regulatory networks of DEGs in 
NSCLC samples, WGCNA was adopted to construct and analyze modules 
on DEGs. Through sample clustering and soft threshold screening, β=14 
was determined to be the most appropriate soft threshold for generating 
a biologically meaningful weighted network where adheres to scale-free 
network properties (Fig. 2A, B). Based on the dynamic tree cutting 
method, multiple gene modules were finally identified and distin
guished by different colors (Fig. 2C).

Module-trait correlation analysis between modules and clinical 
characteristics revealed that the magenta module (MEmagenta, R =
0.71, P = 1e-65), on the other hand, had the strongest association with 
the Disease group (Fig. 2D). Furthermore, GS and MM analyses further 
suggested a significant correlation between genes in the MEbrown 
module and the clinical phenotype of tumor progression (R = 0.89, P =
2.6e-186) (Fig. 2E). The levels of expression genes within the MEm
agenta were illustrated by a heat map (Fig. 2F).

Enrichment analysis for the MEmagenta module's 542 genes identi
fied statistically significant biological process terms related to vascula
ture development regulation, angiogenesis, and positive regulation of 
vasculature development. CC analysis showed enrichment in collagen- 
containing extracellular matrix and actin filament bundles, while MF 
analysis identified actin binding, cytokine binding, and transmembrane 
receptor protein kinase activity (Fig. 2G). KEGG pathway analysis 
further demonstrated involvement in TGF-β signaling, cAMP signaling, 
and muscle cell cytoskeleton pathways (Fig. 2H), suggesting the MEm
agenta module's critical roles in NSCLC immune response, metastasis, 
and proliferation.

Through WGCNA analysis, several key gene modules related to the 
biological process of NSCLC, which provided an important basis for 
subsequent biomarker screening and therapeutic target development. 

3. Machine learning analysis and integration of LPS-related and 
circadian rhythm genes.

For further exploration on the potential roles of LRGs and CRGs in 
lung cancer development, the MEmagenta, which was closely associated 
with NSCLC progression, was first identified by WGCNA analysis, which 
was executed on intersection analysis with LPS and CRGs. The Venn 
diagram (Fig. 3A) revealed that 59 genes in the MEmagenta had sig
nificant intersection with LPS-related genes and circadian rhythm genes, 
indicating that these genes may jointly play key roles in immune regu
lation and tumor progression in NSCLC.

For establishment of a diagnostic model related to NSCLC, it was 
adopted that in this study various machine learning algorithms for the 
analysis, including Lasso regression, RF, Extreme Gradient Boosting 
(XGBoost), Elasticity Networks (Enet), Partial Least Squares Regression 
(plsRglm), Generalized Augmented Regression Model, Naive Bayes, 
Stepwise Generalized Linear Model (Stepglm), Linear Discriminant 
Analysis (LDA), and SVM. The above algorithms were systematically 
analyzed under a ten-fold cross-validation framework using a total of 59 
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genes available in LRGs, CRGs, and MEturquoise in both the training and 
validation sets, and finally plsRglm was selected as the best diagnostic 
model based on the performance of the model (Fig. 3B). The selection of 
plsRglm over traditional models like RF or SVM was primarily due to its 
specialized capacity to handle the high multicollinearity inherent in 
transcriptomic datasets. While RF may lose structured co-expression 
information through random feature partitioning, and SVM is often 
sensitive to noise in high-dimensional spaces where the number of 
predictors vastly exceeds observations, plsRglm extracts orthogonal 
latent components that maximize the covariance between gene expres
sion and the NSCLC phenotype. This ensures both robust predictive 
stability and enhanced generalizability across heterogeneous cohorts.

For further identification of the hub genes in the optimal diagnostic 
model, twenty genes closely associated with NSCLC progression were 
first screened by Lasso regression analysis (Fig. 3C, D), with the 
importance of these genes in the model determined. The contribution of 
these genes was then further evaluated by an RF approach with the top 
20 genes selected according to IMPORTANCE (Fig. 3E, F). The inter
section results of the Lasso regression and RF analyses (Fig. 3G) iden
tified nine hub genes in the best diagnostic model. The expression 
differences of these 9 hub genes were also demonstrated using volcano 
plots, showing markedly lower expression levels in Disease compared to 
Control groups (Fig. 3H). Notably, our initial screening categorized the 
lead hub gene, CACNA2D2, as both an LRG and a CRG, suggesting its 

Fig. 2. WGCNA analysis and key module enrichment results. (A-B) Sample clustering and scale-free topology model fit analysis determined β = 14 as the optimal soft 
threshold. (C) Gene dendrogram and module colors, where different modules are marked with distinct colors. (D) Module-trait correlation analysis identified the 
MEmagenta as significantly associated with the Disease group (R = 0.71, P = 2e-67). (E) Gene significance (GS) and module membership (MM) analysis. (F) Heatmap 
illustrating the expression levels of genes within the MEmagenta. (G) GO enrichment analysis of MEmagenta genes. (H) KEGG pathway analysis of MEmagenta genes.
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dual role in metabolic and temporal regulation. The expression differ
ences of these 9 hub genes were also demonstrated using volcano plots, 
showing markedly lower expression levels in Disease compared to 
Control groups. 

4. Functional validation and characterization of hub genes

For further validation on the diagnostic value and biological func
tions of the nine hub genes screened in NSCLC, it was performed that 
receiver operating characterization (ROC) curve analysis, PPI network 
construction, gene correlation analysis, chromosomal localization, and 
GO BP enrichment analysis.

Firstly, the training set data were subjected to ROC analysis of nine 
hub genes, revealing their classification accuracy between NSCLC and 
normal populations (Fig. 4A). The results revealed that these genes’ AUC 

values ranged from 0.832 to 0.906, with ASPA and LRRN3 having the 
highest AUC (AUC=0.906), indicating their strong diagnostic value.

Secondly, the construction of PPI network revealed the interaction 
relationship among hub genes (Fig. 4B), which further supported their 
potential roles in the development of NSCLC. Additionally, significant 
co-expression patterns emerged from correlation analysis of the core 
gene set (Fig. 4C), and it was found that some of the genes exhibited 
significant co-expression patterns in the NSCLC samples, suggesting 
their potential involvement in the same signaling pathway or regulatory 
network. Meanwhile, these genes were distributed on multiple chro
mosomes, indicating that they might affect NSCLC progression through 
multiple different genetic mechanisms (Fig. 4D).

Finally, we performed GO enrichment analysis (Fig. 4E). The results 
displayed that these genes were primarily associated with BP such as 
GO:0044,291 (cell-cell contact zone) and GO:0042,975 (peroxisome 

Fig. 3. Machine learning analysis and integration of LPS-related and circadian rhythm genes. (A) Venn diagram showing the intersection of 59 genes among LPS- 
related genes (LRGs), circadian rhythm genes (CRGs), and the MEmagenta identified in WGCNA. (B) Performance comparison of multiple machine learning models 
for NSCLC diagnosis using ten-fold cross-validation. (C-D) Lasso regression analysis identified 20 key genes significantly associated with NSCLC progression. (E-F) 
Random forest analysis ranked gene importance and selected the top 20 genes. (G) Intersection analysis of Lasso regression and random forest results identified nine 
hub genes crucial for the diagnostic model. (H) Volcano plot showing differential expression of the nine hub genes.
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proliferator activated receptor binding). 

5. Consensus clustering and SHAP interpretability analysis.

Using expression profiles of the 9 hub genes (CACNA2D2, ASPA, 
LRRN3, ABCA6, TNFSF12, AHNAK, TACC1, ID4, TSLP), CC profiling 
was performed on all samples. The clustering results showed that the 
best cluster consistency of the sample groupings was achieved when the 
number of clusters was 2 (k = 2) (Fig. 5A). According to the clustering 
results, all samples were categorized into Group A and Group B, 
comparative analysis revealed marked expression variation of hub genes 
across clusters (P < 0.001) (Fig. 5B, C). Expression profiling showed 
divergent clustering behavior, with samples robustly separating into 
Group A and Group B cohorts. For assessment of the potential value of 
the 9 key genes in classification prediction, the XGBoost algorithm was 
used for modeling. Cross-validation results declared that the XGBoost 
model exhibited excellent prediction performance (AUC Train= 1.000, 
Test = 0.914) in both the training and test sets (Fig. 5D). Additionally, 
the clinical utility of the model was evaluated by DCA, which showed 
that the XGBoost model had a high net gain under different risk 
thresholds, further validating the reliability and clinical application 
potential of the model (Fig. 5E).

For further discussion on the specific contribution of key genes to the 
model prediction results, an interpretive analysis of the XGBoost model 
was conducted using SHAP analysis. The results of SHAP values showed 

that TSLP, ID4, and TACC1 were the most important features affecting 
the model prediction (Fig. 5F). SHAP analysis further illustrated the 
relationship between hub gene expression levels and their contribution 
to model predictions, providing theoretical support for understanding 
the underlying molecular mechanisms of the disease. 

6. Immune infiltration analysis

Immune cell infiltration levels of the two groups were assessed by 
CIBERSORT algorithm (Fig. 6A). Comparative analysis uncovered sta
tistically significant disparities in immune cell frequencies among the 
groups. Significant immune cell redistribution was observed, with 
Macrophages M0/M1 and activated Dendritic cells demonstrating 
infiltration increases, while resting CD4+ memory T cells and resting 
mast cells displayed substantial depletion. These alterations indicate a 
pivotal role of immune cell infiltration in driving lung cancer develop
ment and advancement.

To assess hub gene-immune cell associations, we analyzed correla
tions between the 9 core genes' expression and immune infiltration 
levels (Fig. 6B). Immune correlation analysis revealed distinct patterns 
among hub genes (all P < 0.001): ABCA6 showed positive associations 
with CD4+ memory resting T cells, monocytes and resting mast cells, the 
associations are negative with plasma cells and M0/M1 macrophage 
phenotypes (Fig. 6C); TSLP positively correlated with monocytes and 
CD4+ memory T cells but negatively with Tregs and plasma cells 

Fig. 4. Functional validation and characterization of hub genes. (A) ROC curve analysis for the nine hub genes. (B) PPI network illustrating the interactions among 
the hub genes. (C) Correlation analysis of hub gene expression in NSCLC samples. (D) Chromosomal distribution of the hub genes. (E) GO enrichment analysis of 9 
hub genes.
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(Fig. 6D); AHNAK associated with monocytes and resting mast cells but 
inversely with plasma cells (Fig. 6E); LRRN3 expression displayed sig
nificant positive associations with monocytes, resting CD4+ memory T 
cells and resting mast cells, but inverse relationships with plasma cells 
and Tregs (Fig. 6F); ID4 related to monocytes and activated CD4+
memory T cells but opposed macrophages M1 (Fig. 6G); ASPA demon
strated co-expression patterns with monocytes and resting CD4+
memory T cell subsets in the immune microenvironment, whereas it 
exhibits negative associations with Tregs and plasma cells (Fig. 6H); 
TNFSF12 linked to resting CD4+ memory T cells, and macrophages M2 
but conflicted with activated CD4+ memory T cells (Fig. 6I); CACNA2D2 
associated with monocytes, resting CD4+ memory T cells and resting 
mast cells correlate positively, in contrast to the inverse correlations 
observed with macrophages M1 and activated CD4+ memory T cells 
(Fig. 6J); and TACC1 connected to monocytes and resting CD4+ mem
ory T cells while opposing plasma cells and Tregs (Fig. 6K). These 
findings demonstrate hub genes' intricate immunomodulatory roles in 
NSCLC, offering novel insights for tumor microenvironment regulation 
and precision therapy development. 

7. Expression validation of hub genes and type construction of 
nomogram models

Nine hub genes' expression patterns were validated in two inde
pendent cohorts (GSE54495 and GSE18842) (Fig. 7A, B). ROC curve 
evaluation demonstrated strong predictive performance for the majority 
of genes across both validation cohorts, among them CACNA2D2, 
TNFSF12, ID4, LRRN3, AHNAK and ABCA6 had AUC values close to or 

reaching 1.000, suggesting very high differentiation ability, while the 
AUC value of TSLP was relatively low, pointing that its predictive effi
cacy might be affected by other factors.

A nomogram was developed using eight consistently validated genes 
(CACNA2D2, ASPA, LRRN3, ABCA6, TNFSF12, AHNAK, TACC1, ID4) to 
predict patient disease risk (Fig. 7C). To evaluate the calibration of the 
model, a calibration plot was constructed (Fig. 7D). The curve demon
strates that the predicted probabilities align reasonably well with the 
actual outcomes, despite minor variations common in clinical cohorts. 
The results displayed that genes such as CACNA2D2, TNFSF12, and ID4 
contributed more, further validating their key role in disease prediction. 
The consistent downregulation of CACNA2D2 across multiple indepen
dent human tissue cohorts provided a high-confidence clinical basis for 
its identification as a tumor suppressor, warranting subsequent func
tional investigation in the NSCLC cell model. 

8. CACNA2D2 inhibits tumorigenesis and metastasis

Driven by its unique role at the intersection of LPS metabolism and 
circadian regulation, along with its superior stability in clinical datasets, 
we prioritized CACNA2D2 for experimental confirmation over other 
identified hub genes. As a master regulator of Ca2+ homeostasis, CAC
NA2D2 offers a direct mechanistic link to the conceptual framework of 
this study. CACNA2D2 has been demonstrated to be a tumor suppressor, 
and its downregulation promotes tumorigenesis. To investigate the role 
of CACNA2D2, we conducted experiments involving both over
expression and knockdown of this gene. WB analysis confirmed the 
successful establishment of both overexpression and knockdown 

Fig. 5. Consensus clustering and SHAP interpretability analysis based on hub genes. (A) Consensus clustering analysis based on the expression of hub genes, showing 
optimal clustering stability when k = 2. (B-C) Heatmap and boxplot demonstrating significant differences in hub gene expression between the two clusters (A and B) 
(P < 0.001). (D) ROC curves of the XGBoost classification model. (E) DCA evaluating the clinical utility of the XGBoost model. (F) SHAP analysis of 9 hub genes in the 
XGBoost model.
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constructs (Fig. 8A-C). Cell counting kit-8 (CCK-8) assay results indi
cated that cell viability increased following si-CACNA2D2 treatment, 
while it decreased after CACNA2D2-OE (Fig. 8D). Compared to the 
control group, live/dead staining results demonstrated that the number 
of viable cells increased after si-CACNA2D2 treatment, whereas it 
decreased following CACNA2D2-OE (Fig. 8E). To further elucidate the 
relationship between CACNA2D2 and tumor cell development and 
metastasis, we examined its association with clonogenicity, migration, 
and invasion. It was observed that si-CACNA2D2 treatment enhanced 
clonogenicity, migration, and invasion capabilities, while CACNA2D2- 
OE treatment resulted in a reduction of these abilities (Fig. 8F-K). 

9. Prognostic Significance of CACNA2D2 as a Key Hub Gene

To further explore the prognostic significance of the core hub gene 
beyond its diagnostic utility, we performed an overall survival (OS) 
analysis using the GEPIA2 database. In the TCGA-LUAD cohort, patients 
with low expression of CACNA2D2 exhibited significantly shorter sur
vival times compared to those with high expression (Log-rank P =
0.022) (Supplementary Figure 2). This prognostic validation in a large- 
scale clinical cohort underscores the critical role of CACNA2D2 in lung 
cancer progression and suggests its potential as a prognostic indicator 
for patient outcomes.

Fig. 6. Immune infiltration analysis and correlation with hub genes in Lung Cancer. (A) Immune cell infiltration levels in disease and control groups analyzed using 
the CIBERSORT algorithm. (B-K) Correlation analysis between the expression levels of nine hub genes and immune cell infiltration.
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Discussion

NSCLC is a malignancy with exceptionally high case fatality rates 
worldwide, and its high incidence and poor prognosis make it an urgent 
public health problem [30,31]. Despite some progress in targeted ther
apy and immunotherapy in recent years, the problems of difficult early 
diagnosis and limited therapeutic effects remain prominent. 

Consequently, identifying novel biomarkers is essential for improving 
early diagnosis and refining targeted therapy strategies. Through inte
grated bioinformatics and machine learning analysis of LPS metabolism 
and circadian rhythm pathways, we identified novel NSCLC-associated 
biomarkers, offering both mechanistic insights into lung cancer patho
genesis and potential diagnostic/therapeutic targets.

The significant enrichment of LRGs and CRGs in NSCLC suggested 

Fig. 7. Validation of hub gene expression and construction of a nomogram model. (A, B) Validation of the expression levels of nine hub genes in two independent 
datasets (GSE54495 and GSE18842).(C) A nomogram model constructed based on eight genes (CACNA2D2, ASPA, LRRN3, ABCA6, TNFSF12, AHNAK, TACC1, and 
ID4) that exhibit the same significant expression trend in the validation datasets. (D) Calibration curve of the nomogram model.
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Fig. 8. CACNA2D2 inhibits tumorigenesis and metastasis. (A, B) WB assay for CACNA2D2 expression. (C) PCR detection of CACNA2D2 expression. (D) CCK-8 results 
at different times. (E) Live/dead staining assessment of tumor cell viability. Green cells are stained with calcein AM, and red cells are stained with propidium iodide. 
(F, G) The colony formation test (using crystal violet staining) is used to detect the colony-forming ability of tumor cells. (H, I) The Transwell assay is used to evaluate 
the invasive ability of tumor cells. (J, K) Cell scratch assay. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.
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their potential role in tumor progression. It has been shown that LPS 
induces an inflammatory response through activation of Toll-like re
ceptors (TLRs), which promotes immune escape from the tumor 
microenvironment and tumor cell invasiveness [32,33]. The LRGs 
identified in this study were markedly overrepresented in the IL-17 and 
PI3K-Akt signaling pathways, further supporting the mechanism by 
which LPS promoted tumor progression by modulating inflammatory 
and immune responses in NSCLC. Previous studies have revealed that 
LPS advanced epithelial-mesenchymal transition and invasive capacity 
of NSCLC cells through transcriptional activation and functional 
enhancement of hypoxia-inducible factor 1α (HIF-1α), further revealing 
the role of LPS in NSCLC to promote tumor progression by regulating 
inflammation-related microenvironment and tumor hypoxia mecha
nisms [34].

Systematic reviews confirm circadian misalignment as a validated 
promoter of diverse cancer development, such effects promoted onco
genesis by dysregulating fundamental biological processes: cell cycle 
checkpoints, DNA repair fidelity, and metabolic homeostasis [30,31]. 
The significant enrichment of CRGs in this study suggested that circa
dian rhythm disruption might further exacerbate the malignant pro
gression of NSCLC by altering the growth pattern and immune escape 
ability of tumor cells. It has been declared that the expression profiles of 
CRGs were closely associated with the prognosis of NSCLC, and that they 
further reveal the critical role of circadian rhythm disruption in the 
immune microenvironment and tumor progression of NSCLC by dis
rupting the metabolism and cellular functions of the cancer cells, further 
mediated by impeding anti-tumor immune cell trafficking while facili
tating inflammatory cell infiltration [35].

Through machine learning methods, 9 hub genes screened in this 
study (CACNA2D2, ASPA, LRRN3, ABCA6, TNFSF12, AHNAK, TACC1, 
ID4, and TSLP), exhibited high predictive performance in NSCLC diag
nosis. Among them, CACNA2D2 and LRRN3 had the highest AUC values, 
suggesting that they might serve as potential diagnostic markers for 
NSCLC. The tumor suppressive function of CACNA2D2 has been vali
dated in diverse malignancies, and its low expression has been associ
ated with enhanced tumor aggressiveness and metastatic ability [36,
37]. LRRN3 plays a crucial role in immune regulation, with CACNA2D2 
expression levels demonstrating significant correlations with 
tumor-infiltrating immune cell populations [35,36]. These findings 
align with the immune infiltration analysis in this study, suggesting that 
hub genes may be key regulators of the tumor immune 
microenvironment.

Our computational and experimental findings collectively substan
tiate this integrated conceptual framework. The prioritized hub genes, 
most notably CACNA2D2 and TNFSF12, function as critical molecular 
nodes at the intersection of calcium-dependent signaling and immuno
regulatory cascades. For instance, CACNA2D2 is fundamental to cellular 
Ca2+ homeostasis—a physiological requirement for both the mainte
nance of circadian oscillations and the modulation of inflammatory 
activation following LPS exposure [38,39]. Consequently, the marked 
downregulation of CACNA2D2 identified in our cohorts likely signifies a 
dual regulatory failure: the collapse of circadian-mediated calcium 
rhythmicity and a compromised cellular capacity to buffer LPS-induced 
inflammatory stress. This synergistic disruption culminates in the 
aggressive malignant phenotypes observed in our A549 functional as
says, highlighting CACNA2D2 as a pivotal rheostat in the 
circadian-inflammation axis in NSCLC.

To advance our understanding of CACNA2D2′s involvement in tumor 
invasiveness and metastatic progression, we conducted a series of 
cellular experiments. As an auxiliary subunit of calcium channels, 
CACNA2D2 plays a crucial role in regulating cellular calcium signaling 
and cell cycle progression, reinforcing its classification as a validated 
tumor suppressor across various malignancies2. Our functional studies 
corroborate this paradigm: the loss of CACNA2D2 promotes oncogen
esis, as evidenced by increased cell viability, clonogenicity, migration, 
and invasion following si-CACNA2D2 treatment. Conversely, the 

CACNA2D2-OE suppresses malignant phenotypes, leading to reduced 
proliferation, survival, and metastatic potential. The expression of 
CACNA2D2 is linked to heightened tumor invasiveness. The concor
dance observed across various assays, including viability (CCK-8), sur
vival (live/dead), clonogenicity, migration, and invasion, demonstrates 
that CACNA2D2 serves to constrain fundamental hallmarks of cancer 
progression. Mechanistically, its tumor-suppressive function likely ari
ses from dysregulated calcium homeostasis and disrupted cell cycle 
control, which in turn affects critical oncogenic pathways. These find
ings reveal CACNA2D2′s dual role as a crucial controller of tumor 
aggressiveness and a prospective treatment target. While our in vitro 
assays focused on the A549 cell line, the profound biological effects 
observed upon both knockdown and restoration of CACNA2D2 expres
sion align with the marked downregulation observed in our high- 
throughput tissue analysis. This "gain-and-loss" approach effectively 
confirms CACNA2D2 as a functional tumor suppressor in NSCLC, 
consistent with previous reports comparing its basal expression in ma
lignant versus normal lung epithelial cell lines.

Importantly, the clinical relevance of our findings is reinforced by 
the survival analysis, which demonstrates that low CACNA2D2 expres
sion is a significant predictor of poor overall survival in LUAD patients. 
This prognostic association implies that the disruption of calcium- 
mediated homeostasis—likely linked to the LPS-circadian axis—has 
tangible consequences for patient longevity. By bridging bioinformatics- 
derived diagnostic potential with clinical survival data, our study pro
vides a more comprehensive perspective on the role of CACNA2D2 as a 
key tumor suppressor in the NSCLC landscape.

Immune profiling revealed significantly elevated infiltration of M1/ 
M0 macrophages and activated dendritic cells, coupled with reduced 
CD4+ resting memory T cells and mast cells, in NSCLC samples 
compared to controls. This suggested that there might be a significant 
immunosuppressive state in the immune microenvironment of NSCLC, 
which was consistent with the role of tumor-associated macrophages 
(TAMs) in promoting tumor growth and immune escape that has been 
reported in previous studies [40,41]. Hub gene expression profiles 
demonstrated significant correlations with immune infiltration patterns, 
suggesting their regulatory involvement in tumor-immune microenvi
ronment modulation. The expression pattern of ABCA6 revealed con
trasting immune interactions: positively coordinated with resting CD4+
memory T cell infiltration but inversely related to M1 macrophage 
abundance, suggesting that it might play a role in suppressing 
tumor-associated inflammatory responses [42,43]. Beyond ABCA6, 
other components of the 9-gene signature exhibit distinct yet synergistic 
roles in defining the immune landscape. LRRN3 and AHNAK are intri
cately involved in T-cell receptor (TCR) signaling and lymphocyte 
activation; their downregulation is consistent with the T-cell exhaustion 
and the observed reduction in CD4+ memory T cells [44,45]. TNFSF12 
(TWEAK) and TSLP serve as pivotal inflammatory rheostats; TNFSF12 
modulates macrophage recruitment and pro-inflammatory cytokine 
production, while TSLP bridges innate and adaptive immunity, often 
being dysregulated in the lung to promote pro-tumorigenic inflamma
tion [46,47]. Furthermore, metabolic-immune gatekeepers such as 
ASPA and ID4 link biochemical homeostasis to the TME, potentially 
influencing the energetic state of infiltrating leukocytes and the differ
entiation of regulatory T cells.

The results of this study align with established literature while also 
breaking new ground. For instance, the roles of LPS and CRGs in NSCLC 
have been partially reported [48], but this study systematically identi
fied potential biomarkers for these genes in NSCLC and revealed their 
interaction mechanisms by integrating multi-omics data and machine 
learning approaches. Moreover, this study linked LPS metabolism and 
circadian rhythm genes to the tumor immune microenvironment for the 
first time, providing a new perspective for understanding the immune 
escape mechanism in NSCLC.

Although this study provided valuable findings, there were still some 
limitations. Firstly, the data analysis was based on public datasets, 
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which might have batch effects and sample heterogeneity, and experi
mental validation was needed to further confirm the functions of the hub 
genes in the future. Secondly, this study mainly focused on the changes 
in gene expression levels without addressing the mechanisms at the 
levels of epigenetic regulation and protein modification, which can be 
analyzed more comprehensively in the future by combining multi-omics 
data. Future functional studies employing in vitro and in vivo ap
proaches will be essential to fully characterize the mechanistic roles of 
these hub genes in NSCLC progression.

Conclusion

In this study, the roles of LPS metabolism and CRGs in NSCLC were 
deeply explored. Several potential biomarkers, including the tumor 
suppressor CACNA2D2, were successfully screened by combining bio
informatics analysis and machine learning technology. Functional vali
dation experiments demonstrated the critical role ofCACNA2D2 in 
suppressing NSCLC malignancy, where its knockdown enhanced tumor 
cell proliferation, clonogenicity, migration, and invasion while its 
overexpression inhibited these oncogenic processes. This work provided 
a stronger theoretical foundation for further clinical applications. Hub 
gene characterization through both functional studies and immune 
landscape quantification clarified their pathogenic roles in shaping 
immunosuppressive microenvironments, offering new insights for early 
diagnosis and novel targeted therapy of NSCLC. Future studies will 
further validate the clinical utility of these biomarkers, with an emphasis 
on the therapeutic potential of CACNA2D2, thereby promoting ad
vancements in treatment strategies for NSCLC.
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