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Abstract
Lung cancer remains one of the leading causes of cancer-related mortality, with non-small cell lung cancer (NSCLC) 
accounting for 85% of cases worldwide. NSCLC pathogenesis and progression are intricately linked to inflammatory stim-
uli, immune evasion, and metabolic reprogramming. In this study, the impact of inflammation, immunity, and metabolism 
on NSCLC was investigated by a Mendelian randomization analysis taking 91 inflammatory factors, 731 immune cells, 
and 1400 metabolites as exposures, and the FinnGen database NSCLC cohort (ncases = 5315, ncontrol = 314,193) was 
the outcome. A number of metabolites, inflammatory proteins, and immune cells were identified as potentially associ-
ated with NSCLC based on mendelian randomization analysis. Validation in the UK Biobank database lung cancer cohort 
(ncases = 2671, ncontrols = 372,016) further confirmed the inhibitory role of the metabolite N-acetyl-aspartyl-glutamate 
(NAAG) on lung cancer. Subsequently, single-cell and protein–protein interaction analyses identified inflammatory pro-
tein expression patterns in NSCLC, distribution ratios of immune cells in NSCLC. Subsequent multi-omics network analysis 
showed key interaction nodes between NAAG and inflammatory proteins. These findings enhance the understanding of 
the roles of inflammation, immunity, and metabolism in NSCLC occurrence and progression, offering potential targets 
and strategies for further research on its treatment and management.
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SNPs	� Single nucleotide polymorphisms
MAF	� Minor allele frequency
IVs	� Instrumental variables
IVW	� Inverse variance weighted
FDR	� False discovery rate
PLA	� Phenyllactate
CCL11	� Eotaxin
TSLP	� Thymic stromal lymphopoietin
ADA	� Adenosine deaminase
CD20 on IgD + CD38br	� CD20 on IgD + CD38 + B cell
EM CD4 + AC	� Effector memory CD4 + T cell absolute count
B cell AC	� B cell absolute count
TD CD4 + %CD4 + 	� Terminally differentiated CD4 + T cell %CD4 + T cell
CCR2 on myeloid DC	� CCR2 on myeloid dendritic cell
STAT1	� Signal transducer and activator of transcription 1
UBC	� Ubiquitin-conjugating enzyme E2 C
FoxO	� Forkhead box O
MMP-2	� Matrix metalloproteinase-2
ERK1/2	� Extracellular signal-regulated kinases 1 and 2
JNK	� C-Jun N-terminal kinases
ROS	� Reactive oxygen species
PI3K/AKT	� Phosphoinositide 3-kinase/protein kinase B
EMT	� Epithelial-mesenchymal transition

1  Introduction

Lung cancer is a leading cause of cancer-related deaths, with non-small cell lung cancer (NSCLC) accounting for nearly 
85% of all lung cancer cases globally [1]. In 2020, around 1.496 million deaths were estimated to be due to NSCLC, posing 
a significant threat to public health and imposing a substantial economic burden on the society [2].

The inflammatory stimuli, immune evasion, and metabolic reprogramming attributes in NSCLC progression are well-
established. The tumor microenvironment (TME) of NSCLC was characterized by a persistent inflammatory state, with 
cytokines secreted by inflammatory cells, such as interleukin-6 (IL-6), IL-8, and tumor necrosis factor-α (TNF-α), which 
can influence the proliferative, angiogenic, and metastatic behaviors of tumor cells [3, 4]. On the other hand, elevated 
levels of C-reactive protein in patients with NSCLC are associated with poor prognosis [5]. Anti-inflammatory therapies 
as adjuncts to the comprehensive management of NSCLC hold promise. The TME in NSCLC often exhibits an expan-
sion of immunosuppressive cells, such as regulatory T cells (Tregs) and M2 macrophages. This expansion is correlated 
with a concomitant suppression of both the quantity and activity of antitumor effector cells, including CD8 + cytotoxic 
T lymphocytes (CTLs) and natural killer (NK) cells. As a result, tumor cells are able to evade immune surveillance [6–8]. 
Tumor cell proliferation frequently accompanies metabolic reprogramming, including altered glucose [9] and lipid [10] 
metabolism, with over 150 metabolites found to be associated with metabolic changes in lung cancer [11]. Inflammation, 
immunity, and metabolism are intertwined in lung cancer, as enhanced inflammation (high proportions of cytotoxic and 
exhausted CD8 + T cells) can synergistically suppress immunity, leading to low muscle mass in patients with lung cancer 
[12]. Tumor-driven metabolic reprogramming can also induce changes in inflammation-associated proteins and immune 
cell levels, forming an “inflammation-immunity-metabolism” network.

Pathogenesis of NSCLC is complex, involving multiple aspects involving inflammation [13], immunity [14], and metabo-
lism [15]. Most current studies focus on a specific biological dimension, such as employing circulating tumor DNA in 
plasma to identify putative mutational targets for guiding targeted therapy [16], evaluating the role of immunohis-
tochemical markers in NSCLC [17], exploring the association between long non-coding RNAs and NSCLC treatment 
response [18], and investigating the relationship between different modes of cell death and lung cancer prognosis [19, 
20]. Nevertheless, focusing on a single dimension may overlook potentially crucial pathogenic mechanisms and lead to 
suboptimal therapeutic outcomes. To overcome this limitation, a multi-omics integrative analysis strategy was employed 
in this study for an in-depth investigation of the molecular mechanisms underlying NSCLC.
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To enhance the persuasiveness of the evidence, we utilized the large FinnGen dataset as the outcome and performed 
Mendelian randomization (MR) analyses in the inflammation, immune, and metabolic domains. We finally identified four 
inflammatory proteins, five immune cell types, and seven metabolites. Subsequently, we combined protein–protein 
interaction (PPI), and single-cell analyses to explore the roles of four identified inflammatory proteins and key immune 
cells (Effector Memory CD4 + T cells, B cells, etc.) in NSCLC. Based on the UK Biobank dataset, the metabolite NAAG was 
identified as the most relevant to NSCLC and metabolomic analysis was conducted at the single-cell level. Additionally, 
an “inflammation-metabolism” network was constructed by integrating multi-omics analyses, including proteomics, 
transcriptomics, and metabolomics.

Multiple inflammatory proteins and metabolites were subsequently identified in NSCLC, which could potentially serve 
as therapeutic targets and prognostic biomarkers. The “inflammation-metabolism” network highlighted key miRNA-
associated and protein-targeted pathways, as well as enriched signaling pathways related to NSCLC pathogenesis, laying 
the groundwork for subsequent epigenetic and functional analyses. Hence, these findings need to be validated through 
future translational and clinical practice.

2 � Methods

The overall study design is presented in Fig. 1. Exposure data for 91 inflammatory proteins were obtained from Zhao 
et al.[21], while data for 731 immune cells were obtained from the study by Valeria Orrù et al. [22] and can be accessed in 
the Genome-Wide Association Studies Catalog (GCST0001391 to GCST0002121). Data related to 1,400 metabolites from 
Chen et al. were also included in the analysis [23]. Outcome data for NSCLC were obtained from the FinnGen database 
(ncases = 5315, ncontrol = 314,193), and validation data were acquired from the UK Biobank database for lung cancer 
(ncases = 2671, ncontrols = 372,016). These data were from populations of European ancestry. Genetic variants with 
strong associations with exposures/outcomes were selected as single nucleotide polymorphisms (SNPs). MR analyses 
for exposures (91 inflammatory proteins, 731 immune cells, and 1,400 metabolites) and outcomes (NSCLC) identified 
four inflammatory proteins, five immune cells, and seven metabolites potentially associated with NSCLC. After the MR 
analyses, PPI analysis, single-cell analysis, and multi-omics analysis were conducted: (1) PPI analysis of interactions for the 
relevant inflammatory proteins, with a focus on the four identified proteins, (2) single-cell analysis: the expression of the 
four inflammatory proteins, immune cells (effector memory CD4 + T cells and B cells), and metabolites (NAAG) in NSCLC, 
and (3) multi-omics analysis: Key nodes and enriched pathways in the “inflammation-metabolism” network in NSCLC.

2.1 � Mendelian randomization analysis

The study was conducted in adherence with the core assumptions of MR (Supplementary Fig. 1), and the criteria for 
screening SNPs associated with inflammatory proteins, immune cells, metabolites, NSCLC, or lung cancer were: (1) 
Selection of SNPs strongly associated with inflammatory proteins (p < 5 × 10–6), immune cells (p < 5 × 10–6), metabolites 
(p < 1 × 10–5), NSCLC and lung cancer (p < 5 × 10–8). If there were duplicate SNPs within the same exposure, the SNP with 
the lowest P-value was further analyzed. (2) To ensure independence among SNPs, linkage disequilibrium (LD) clustering 
was performed with a filtering criterion of r2 < 0.001 within a 10,000 kb window [24]. This step ensured that the selected 
SNPs were not in significant LD with each other. (3) SNPs with a minor allele frequency (MAF) < 0.01 were excluded due to 
their limited reliability [25]. SNPs with excessively low MAF may reduce the statistical power and increase false-positive 
results.

To address potential weak instrument bias, the F-statistic for each SNP was calculated, and SNPs with an F-statistic < 10 
were excluded, following established guidelines for instrument strength [26]. The F-statistic was calculated using the 
formula: R2 = 2 × EAF × (1–EAF) × beta2; F = R2 × (N–2)/(1–R2) [26]. In the formula, EAF is the effect allele frequency, beta 
represents the effect size of the SNP, and N means the sample size. This rigorous screening process ensured that all 
included instrumental variables (IVs) were sufficiently strong to minimize bias in the causal estimates. The final instru-
mental variables (IVs) used are listed in Supplementary Tables 1B, 2B, and 3B.

For MR analysis, we systematically tested for potential violations of MR assumptions. The Q-statistic was utilized to 
assess the heterogeneity of the IVs [27], which can indicate the presence of pleiotropy when significantly elevated. 
Additionally, the intercept term from the MR-Egger regression was employed to specifically assess horizontal pleiot-
ropy and its potential impact on the causal estimates [28]. Results with evidence of significant horizontal pleiotropy 
(MR-Egger intercept p < 0.05) were excluded to ensure the reliability of the MR estimates.
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The causal effect of SNPs on NSCLC was evaluated using multiple MR methods, including the simple mode, 
weighted mode, weighted median [29], MR-Egger, and inverse-variance weighted (IVW) method [30]. Among these, 
IVW weighs each estimate by its variance to reduce bias and is considered the primary and most robust method 
[31], particularly when no significant pleiotropy is detected. The consistency of results across different MR methods, 
which rely on different assumptions, further strengthened our confidence in the validity of the causal relationships 
identified.

The robustness of the results was assessed by performing leave-one-out sensitivity analyses. Each SNP was iteratively 
excluded, and the MR analysis was re-run to evaluate the impact of individual SNPs on the overall causal estimates, detect 

Fig. 1   Study workflow diagram. The diagram illustrates the research process (from top to bottom), including exposure and outcome-related 
information, criteria for SNP selection, and inflammatory proteins, immune factors, and metabolites associated with NSCLC identified 
through MR analysis. Based on these findings, PPI analysis, single-cell analysis, and multi-omics network analysis were performed. NAAG, 
N-acetyl-aspartyl-glutamate; NSCLC, non-small cell lung cancer; SNPs, single nucleotide polymorphisms; MR, Mendelian randomization; PPI, 
protein–protein interaction
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outliers, and acquire guidance for the selection of IVs [32]. This approach helps identify potentially pleiotropic SNPs and 
improves the reliability and robustness of the MR analysis. The type I error rate in multiple testing was controlled using 
false discovery rate (FDR) correction; an FDR < 0.05 was considered significant. All analyses were conducted in R software 
(version 4.2.3).

2.2 � Single‑cell analysis and protein–protein interaction analysis

The single-cell RNA-seq data of NSCLC tissues and adjacent normal tissues were obtained from the Gene Expression 
Omnibus (GEO) database (GSE198099). We initially preprocessed the single-cell RNA-seq data using the “Seurat” [33] 
package, retaining cells with mitochondrial genes < 10%, total gene count > 200, and expression between 200 and 4000. 
Thus, low-quality cells and genes were filtered out through this step, which ensured data quality. After preprocessing, the 
gene expression levels of single cells were normalized using “LogNormalize” for comparable expression levels between 
different cells. Variable genes were identified though “FindVariableFeatures”, while the influence of different gene expres-
sion levels was eliminated employing “ScaleData”. Batch effects in the single-cell data was removed using “Harmony”. For 
dimensionality reduction, RunPCA was conducted, and principal components were obtained. Unsupervised clustering 
analysis was performed using the “FindNeighbors” and “FindClusters” methods based on the co-occurrence clustering 
algorithm. These methods were selected to ensure accurate cell-type identification and robust downstream functional 
analysis of NAAG-related pathways in NSCLC.

Clustered cells were annotated according to cell type using the “SingleR” package[34] based on the reference dataset 
(HumanPrimaryCellAtlasData), and10 cell subtypes (T cells, B cells, etc.) were identified. After annotation, the distribu-
tion of different cell types was visualized in the low-dimensional space using UMAP. The expression of Effector Memory 
CD4 + T cells in NSCLC was further investigated by annotating and subdividing T cell subgroups into nine cell subtypes. 
To explore the activation and expression of the core metabolite NAAG in NSCLC, the Kyoto Encyclopedia of Genes and 
Genomes (KEGG) website was searched for core signaling pathways related to NAAG metabolism (https://​www.​genome.​
jp/​kegg/) and gene sets associated with NAAG metabolism were retrieved from the MSIGDB website (https://​www.​
gsea-​msigdb.​org/). The aim of these analyses was to investigate how NAAG metabolic pathways are activated across 
different immune cell populations in the tumor microenvironment.Single-cell expression analysis of these gene sets in 
NSCLC revealed NAAG-related activation states, metabolic activity, and receptor expression across different cellular sub-
populations (Fig. 4A). Differentially expressed genes between high and low expressed-NAAG cell groups were identified 
using “FindMarkers” function in Seurat. Combined with GSEA, enrichment analysis was performed, and after multiple 
hypothesis correction, significantly enriched pathways with p-values < 0.25 were selected and represented by Fig. 4B.

We inferred high-confidence transcription factors associated with NAAG receptor expression by integrating the VIPER 
algorithm and the “DoRothEA” (Dysregulated Regulatory Element and Transcription Factor Activity) package and visual-
ized them using a heatmap (Fig. 4C).

The communication network between cells was inferred employing “CellChat” package, “CreateNichConObject” and 
“TransCommuProfile” functions [35]. The pathway enrichment and strength of communication between these commu-
nication pairs were visualized through bubble plots (Fig. 4D) and circular plots (Fig. 4E). The analyses were conducted 
in R software (version 4.2.3).

The interactions between the target inflammatory proteins [36] was investigated by performing PPI analysis on the 
website (https://​string-​db.​org/). The functions of the inflammatory proteins were explored by conducting protein func-
tion enrichment analysis using “genemania” (https://​genem​ania.​org/).

2.3 � Multi‑omics network analysis

Multi-omics analysis was performed using “OmicsNet2.0” (https://​www.​omics​net.​ca/) [37]. The input data comprised four 
inflammatory proteins and seven metabolites (some missing) associated with NSCLC, obtained from the MR analysis. 
The IDs for corresponding genes for the proteins were retrieved from the National Center for Biotechnology Information 
(NCBI) (https://​www.​ncbi.​nlm.​nih.​gov/), and the information related to the NAAG gene was obtained from (https://​www.​
genec​ards.​org/). The “protein–protein” relationships were established based on the “InnateDB” database. The “miRNA-
mRNA” relationships were established according to the “miRTarBase” database, and the “metabolite–protein” interac-
tions were established based on the KEGG database. Finally, the “transcription factor-target gene” relationships were 
established based on the “TRRUST” database. The individual sub-networks were combined to construct a multi-omics 
network, which finally included 13 transcription factors, 8 metabolites, 27 miRNAs, 55 mRNAs/proteins, and 145 edges. 

https://www.genome.jp/kegg/
https://www.genome.jp/kegg/
https://www.gsea-msigdb.org/
https://www.gsea-msigdb.org/
https://string-db.org/
https://genemania.org/
https://www.omicsnet.ca/
https://www.ncbi.nlm.nih.gov/
https://www.genecards.org/
https://www.genecards.org/


Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:847  | https://doi.org/10.1007/s12672-025-02692-z

The multi-omics network was visualized in 2D and 3D employing “OmicsNet2.0”. The focus was primarily on the interac-
tions between NAAG and the four inflammatory proteins in the multi-omics network analysis. The “Function Explorer” 
provided by “OmicsNet2.0” was used to assess the enriched signaling pathways in this network.

2.4 � Molecular docking

To explore the potential molecular interactions between key metabolites and inflammatory proteins identified in this 
study, molecular docking was performed as a predictive approach to assess binding affinity and interaction plausibility 
at the molecular level.

The 2D molecular structure of NAAG, a key metabolite identified in the MR analysis, was retrieved from the PubChem 
database (https://​pubch​em.​ncbi.​nlm.​nih.​gov/) in the SMILES format. The 3D structures of the target inflammatory protein 
were obtained from the UniProt database (https://​www.​unipr​ot.​org/) and the RCSB Protein Data Bank (PDB; https://​www.​
rcsb.​org/), ensuring high-resolution and biologically relevant conformations were selected.

Molecular docking was conducted using the CB-Dock2 online server (http://​clab.​labsh​are.​cn/​cb-​dock2/), which inte-
grates cavity detection and AutoDock Vina-based docking to predict optimal binding modes. CB-Dock2 was selected due 
to its ability to automatically detect potential binding pockets and generate reliable docking scores without requiring 
manual predefinition of binding sites, making it suitable for ligand–protein interaction screening in exploratory studies.

Docking results were evaluated based on predicted binding energy values (in kcal/mol). A binding energy ≤ –5.0 kcal/
mol is generally considered indicative of a strong binding affinity between the ligand and the receptor, suggesting a 
potentially meaningful interaction worthy of further investigation.

3 � Results

3.1 � Mendelian randomization analysis results

To enhance the interpretability of the results, we applied an evidence grading approach based on statistical thresholds 
and external validation: associations with FDR < 0.05 and replicated in an independent dataset were classified as Grade 
1, those with FDR < 0.3 and nominal P < 0.05 as Grade 2, and associations with nominal P < 0.05 as Grade 3.

Among the 1,400 metabolites, seven were identified as causally associated with non-small cell lung cancer (NSCLC) 
under the condition of a false discovery rate (FDR) of less than 0.05 (Fig. 2B), and thus were considered Grade 2 evi-
dence. Two metabolites were identified as protective factors for NSCLC, including N-acetyl-aspartyl-glutamate (NAAG; 
β = − 0.08, 95% CI = − 0.11 to − 0.05, P = 4.6 × 10⁻⁸, PFDR = 0.0001) and the ratio of oleoyl-linoleoyl-glycerol to linoleoyl-
arachidonoyl-glycerol (β = − 0.13, 95% CI = − 0.20 to − 0.07, P = 7.64 × 10⁻5, PFDR = 0.02). Five metabolites were identified 
as risk factors for NSCLC, including the ratio of arachidonate to pyruvate (β = 0.21, 95% CI = 0.10 to 0.32, P = 1.31 × 10⁻5, 
PFDR = 0.03), caffeine to paraxanthine ratio (β = 0.28, 95% CI = 0.14 to 0.93, P = 1.13 × 10⁻4, PFDR = 0.03), 1-(1-enyl-palmitoyl)-
2-arachidonoyl-glycerophosphocholine (GPC) levels (β = 0.12, 95% CI = 0.06 to 0.18, P = 6.15 × 10⁻5, PFDR = 0.02), 1-stearoyl-
2-arachidonoyl-GPC levels (β = 0.11, 95% CI = 0.06 to 0.19, P = 5.89 × 10⁻5, PFDR = 0.02), and phenyllactate (PLA) levels in 
elite athletes (β = 0.19, 95% CI = 0.10 to 0.29, P = 5.18 × 10⁻5, PFDR = 0.02) (Supplementary Table 3A). The F-statistic values 
for all instrumental variables (IVs) were > 10 (Supplementary Table 3B), and the MR-Egger intercept indicated no evidence 
of horizontal pleiotropy (Supplementary Table 3C). Results from simple mode, weighted mode, weighted median, and 
MR-Egger were all consistent with the inverse-variance weighted (IVW) method (Supplementary Fig. 2).

Among these metabolites, NAAG demonstrated a strong association with NSCLC in the UK Biobank validation dataset 
(ncase = 2,671, ncontrol = 372,016), with β = − 4.9 × 10⁻4, 95% CI = − 7.4 × 10⁻4 to –2.6 × 10⁻4, P = 5.5 × 10⁻5, and PFDR = 0.08 (Sup-
plementary Table 4), and was therefore classified as Grade 1 evidence. The molecular structure of NAAG was obtained 
from PubChem (https://​pubch​em.​ncbi.​nlm.​nih.​gov/) and is shown in Fig. 2A.

At the threshold of P < 0.05, four inflammatory proteins were identified as Grade 3 evidence possibly associated with 
NSCLC (Fig. 2C). Among them, one was identified as a risk factor, namely eotaxin (CCL11; β = 0.140, 95% CI = 0.016 to 0.26, 
P* = 0.027), and three were identified as protective factors, including thymic stromal lymphopoietin (TSLP; β = − 0.175, 
95% CI = − 0.337 to − 0.013, P = 0.034), adenosine deaminase (ADA; β = − 0.175, 95% CI = − 0.337 to − 0.013, P = 0.034), and 
interleukin-12B (IL-12B; β = –0.081, 95% CI = − 0.160 to − 0.003, P = 0.042) (Supplementary Table 1A). All MR methods pro-
duced consistent results (Supplementary Fig. 3), and F-statistics were > 10 with no horizontal pleiotropy (Supplementary 
Tables 1B and 1C).

https://pubchem.ncbi.nlm.nih.gov/
https://www.uniprot.org/
https://www.rcsb.org/
https://www.rcsb.org/
http://clab.labshare.cn/cb-dock2/
https://pubchem.ncbi.nlm.nih.gov/
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Under the threshold of FDR < 0.3 and P < 0.05, five immune cell types were identified as Grade 2 evidence possibly associ-
ated with NSCLC (Fig. 2D). Among them, three were protective factors, including CD20 on IgD+ CD38bright cells (β = − 0.128, 
95% CI = − 0.198 to − 0.058, P = 3.57 × 10⁻4, PFDR = 0.26), effector memory (EM) CD4+ AC (β = − 0.167, 95% CI = − 0.264 to − 0
.070, P = 0.001, PFDR = 0.27), and terminally differentiated (TD) CD4+ %CD4+ (β = − 0.139, 95% CI = − 0.225 to − 0.053, P = 0.
002, PFDR = 0.27). Two were identified as risk factors: B cell AC (β = 0.131, 95% CI = 0.048 to 0.213, P = 0.002, PFDR = 0.27) and 
CCR2 on myeloid dendritic cells (DC) (β = 0.118, 95% CI = 0.046 to 0.190, P = 0.001, PFDR = 0.27) (Supplementary Table 2A). 
The MR results were robust across multiple methods, including simple mode, weighted mode, weighted median, and 
MR-Egger (Supplementary Fig. 4). All IVs had F-statistics > 10 (Supplementary Table 2B), and no horizontal pleiotropy 
was observed (Supplementary Table 2C).

Leave-one-out analyses further demonstrated the robustness of the MR results for metabolites, inflammatory proteins, 
and immune cells in relation to NSCLC, reducing the risk of bias due to individual SNP outliers (Supplementary Figs. 5, 
6, and 7).

3.2 � Single‑cell analysis and protein–protein interaction analysis results

3.2.1 � Immune cells and non‑small cell lung cancer

The expression and mechanisms of inflammatory proteins, immune cells, and metabolites in NSCLC was further inves-
tigated using the dataset GSE198099 from the GEO database. The differential expression of B cells in NSCLC and normal 
tissues was explored by performing first-level cell classification; 10 cell subtypes were identified (B cells, NK cells, T cells, 
monocytes, macrophages, DCs, endothelial cells, smooth muscle cells, and neutrophils) (Fig. 3A). Simultaneously, the 

Fig. 2   The results of MR of inflammatory proteins, immune cells, and metabolites associated with NSCLC. A 2-dimensional (2D) and 3D 
chemical structure diagrams of NAAG. B MR analysis showing the effects (β estimates) of seven metabolites on NSCLC. C Volcano plot dis-
playing four immune proteins associated with NSCLC (p < 0.05) identified through MR analysis. Red text indicates risk factors, while green 
text represents protective factors. D Volcano plot presenting five immune cell types associated with NSCLC identified through MR analysis. 
Red text denotes risk factors, and green text signifies protective factors. NSCLC, non-small cell lung cancer; NAAG, N-acetyl-aspartyl-gluta-
mate; MR, Mendelian randomization
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proportions of these 10 cell types in NSCLC and normal tissues were calculated (Fig. 3B). B cells were in a higher propor-
tion in NSCLC tissues compared to normal tissues, consistent with the previous MR results indicating B cells as a risk 
factor for NSCLC. Building upon this, based on marker gene annotation, we subdivided the T cell subsets and identi-
fied nine T cell subtypes (effector memory CD4 + T cells, effector memory CD8 + T cells, naive CD4 + T cells, CD4 + Th17 
cells, exhausted CD8 + T cells, CD4 + central memory T cells, CD4 + Tregs, and follicular helper CD4 + T cells) (Fig. 3C). The 
proportions of these T cell subsets in NSCLC and normal tissues were also calculated (Fig. 3D). Interestingly, effector 
memory CD4 + T cells were present in a higher proportion in normal tissues compared to NSCLC tissues, consistent with 
the previous MR results suggesting the protective role of effector memory CD4 + T cells in NSCLC.

3.2.2 � Metabolites and non‑small cell lung cancer

The expression patterns of NAAG activation, steady-state, metabolism are displayed in bubble plot (Fig. 4A), and receptor-
related genes across different cell subpopulations in NSCLC are presented in Supplementary Table 5. The bubble plot 
reveals that NAAG is more readily activated in T cells and NK cells, while monocytes and macrophages presented with 
higher levels of NAAG-related metabolic activity. Thus, NAAG may play distinct roles in regulating immune cell functions 
versus metabolic processes in the TME.

In NSCLC, NAAG influences pathways of inflammation, immunity, and protein synthesis, such as the B cell receptor 
signaling pathway, acute inflammatory response to antigen stimulus pathway, and positive regulation of the pro-
tein oligomerization pathway (Fig. 4B). The potential role of NAAG in modulating B cell activation, antigen-induced 

Fig. 3   The results of single-cell analysis of immune cells in NSCLC. A Ten cell subtypes were identified in the first round of clustering, includ-
ing B cells, NK cells, T cells, monocytes, macrophages, DCs, endothelial cells, smooth muscle cells, and neutrophils. B The proportions of the 
10 cell subtypes in normal and NSCLC tissues. C The second round of clustering identified nine T cell subtype. D The proportions of the nine 
T cell subtypes in normal and NSCLC tissues. NSCLC, non-small cell lung cancer; NK cells, natural killer cells; DCs, dendritic cells; CD4_EM, 
effector memory CD4 + T cells; CD8_EM, effector memory CD8 + T cells; CD4_Naive, naive CD4 + T cells; Th17, CD4 + T helper type 17 cells; 
CD8_exhausted, exhausted CD8 + T cells; CD4_CM, CD4 + central memory T cells; CD4_REG, CD4 + regulatory T cells; CD4_FH, CD4 + T follicu-
lar helper cells
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inflammatory responses, and regulation of protein complexes is evidenced through the enrichment of these specific 
pathways.

The transcription factor activity heatmap (Fig. 4C) demonstrates the function of NAAG in upregulating the transcrip-
tional activity of the tumor suppressor gene TP73. TP73 can suppress uncontrolled cell proliferation by inducing a series 
of defense mechanisms, including DNA repair, apoptosis, and cell cycle regulation [38]. Notably, in NSCLC, mutations in 
TP53 correlate with poorer prognosis [39, 40]. Interestingly, the combination of Nutlin-3 (an MDM2 inhibitor activating 
p53) and cisplatin in NSCLC cells can induce p53-dependent apoptosis, thereby suppressing tumor progression [41]. 
NAAG expression is also associated with the downregulation of the inflammation-related transcription factor, signal 
transducer and activator of transcription 1 (STAT1), which is implicated in driving tumor invasion, progression [42], and 
in the reprogramming of glucose metabolism in lung adenocarcinoma (LUAD), contributing to LUAD progression [43].

The signaling pathway (Fig. 4D) reveals that different levels of NAAG expression can lead to variations in the expression 
of the Notch signaling pathway; higher levels of NAAG results in the downregulation of Notch signaling pathway. The 
Notch signaling pathway plays a pivotal role in the development of lung cancer, and interacts with various transcription 
factors such as Snail, Slug, and TGF-β to promote epithelial-mesenchymal transition (EMT), thereby driving the progres-
sion of NSCLC [44]. The Notch pathway is also involved in regulating cell proliferation, stemness, and drug resistance in 
NSCLC [45]. Notably, the Notch inhibitory ligand Delta-like protein 3 (DLL3) showed a significant efficacy and safety in 
the treatment of lung cancer [46], highlighting the potential of targeting the Notch pathway in NSCLC treatment.

The cell signaling pathway (Fig. 4E) demonstrates ligand-receptor interactions among endothelial cells, macrophages, 
smooth muscle cells, and DCs, respectively influencing angiogenesis, promoting tumor progression, regulating tumor 
vascularization, and modulating immune responses. Through these ligand-receptor signaling cascades, they exert cross-
talk effects within the TME, playing crucial roles in the progression of NSCLC.

Fig. 4   The expression of NAAG, enriched pathways, regulatory transcription factors, and cell communication in NSCLC. A Bubble plot show-
ing the expression of genes related to NAAG activation, homeostasis, metabolism, and receptors across cell subpopulations of NSCLC. B 
Heatmap illustrating the impact of NAAG on the expression of metabolic pathways in NSCLC. Purple represents upregulated pathways, 
while green represents downregulated pathways. C Heatmap depicting the influence of high and low NAAG receptor expression on the 
expression of transcription factors. D Comparative analysis of the impact of high and low expression of NAAG receptor on enriched path-
ways in different cell subpopulations. E Cell communication network in NSCLC cell subpopulations. The outer circle represents different cell 
types, with each color corresponding to a specific cell type. In the inner circle, ligands are presented in red and receptors in blue. The inner 
and outer circles are connected by lines, which represent cell–cell communication. NSCLC, non-small cell lung cancer; NAAG, N-acetyl-aspar-
tyl-glutamate
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3.2.3 � Inflammation proteins and non‑small cell lung cancer

To further investigate the relationship between inflammatory proteins and NSCLC, we selected 17 NSCLC-related proteins 
with the smallest to largest p-values in MR for analysis using the “string” tool. The PPI network analysis showed the loca-
tion of the key “CCL2-CCL11-CCL13” triangle at the core of the network, suggesting that the primary biological functions 
of CCL11 were cytokine receptor binding, cytokine binding, and cytokine migration (Fig. 5A). CCL11 binds mainly to the 
CCR3 receptor to regulate eosinophils and Th2 cell chemotaxis [47]. Particularly, both CCL11 and TSLP can mediate the 
influence of eosinophils on the TME, leading to pro-tumor or anti-tumor effects [48]. Chemokines, including CCL2 and 
CCL11 are expressed at elevated levels in the airways and participate in pathological processes such as airway inflam-
mation [49], remodeling, and hyperresponsiveness [50, 51].

Single-cell analysis revealed greater abundance of IL12B in DCs, TSLP was more abundant in epithelial cells, and 
CCL11 was primarily distributed in smooth muscle cells. Smooth muscle cells in the lungs are mainly distributed in the 
bronchioles, alveolar ducts, and small blood vessels; their contraction and migration affect gas exchange and blood 
supply. CCL2 can mediate fibroblast migration in airway smooth muscle (ASM) and promote ASM proliferation, leading 
to bronchial wall thickening [52]. CCL11 is an effective chemoattractant for vascular smooth muscle and can influence 
its migration [53]. ADA was relatively high in various cell types (T cells, NK cells, B cells, epithelial cells, and monocytes) 
(Fig. 5B). Additionally, CCL11 expression levels were higher in NSCLC compared to normal tissues, confirming the previ-
ous MR finding (CCL11 is a risk factor for NSCLC). In contrast, IL12B expression was higher in normal tissues compared 
to NSCLC tissues, confirming the previous MR analysis result, that IL12B is a protective factor against NSCLC (Fig. 5C).

The study findings provide valuable insights into the intricate interplay between inflammatory proteins and NSCLC. 
The identification of the “CCL2-CCL11-CCL13” axis as a core component of the PPI network suggests the importance 

Fig. 5   Analysis of NSCLC-associated inflammatory proteins using PPI and single-cell analysis. A PPI network of 17 proteins. The upper panel 
shows the interactions between proteins, while the lower panel displays the interactions as well as biological functions of the proteins. Dif-
ferent colors of the lines represent different types of interactions between proteins (such as co-expression, physical interactions, etc.). Within 
each circle for a protein, different colors represent different biological functions such as cytokine receptor activity, immune receptor activ-
ity, etc. B Distribution of IL12B, TSLP, CCL11, and ADA across different NSCLC tissue subtypes (B cells, DCs, endothelial cells, epithelial cells, 
macrophages, monocytes, neutrophils, NK cells, smooth muscle cells, and T lymphocytes). C Comparison of the distribution of IL12B and 
CCL11 in normal and NSCLC tissues. The average IL12B expression was around 4.8-fold higher in normal tissues compared to NSCLC tissues. 
Conversely, the average CCL11 expression was approximately 1.2-fold higher in NSCLC tissues relative to normal tissues. NSCLC, non-small 
cell lung cancer; DCs, dendritic cells; NK cells, natural killer cells; PPI, protein–protein interaction; IL12B, interleukin 12B; TSLP, thymic stromal 
lymphopoietin; CCL11, C–C motif chemokine ligand 11; ADA, adenosine deaminase
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of these chemokines in NSCLC pathogenesis. The differential expression of CCL11 and IL12B in NSCLC and normal 
tissues further supports their respective roles as risk and protective factors. The involvement of CCL11 and CCL2 in 
airway remodeling and smooth muscle migration suggests potential mechanisms by which these chemokines may 
contribute to the development and progression of NSCLC.

However, TME is a complex and dynamic system, and the effects of inflammatory proteins may vary according to 
the context and stage of the disease. Further research is needed to elucidate the precise mechanisms through which 
these proteins influence NSCLC development and progression and explore their potential as therapeutic targets or 
biomarkers.

3.3 � Multi‑omics network analysis results

Based on metabolic network analysis results, RIMKLB was identified as a key node linking NAAG with inflammatory 
proteins (ADA and TSLP), while miRNAs MIMAT0027103 and MIMAT0016875 were key nodes connecting NAAG with 
TSLP. Ubiquitin-conjugating enzyme E2 C (UBC) emerged as a crucial node between NAAG and ADA. Furthermore, 
ADA was found to regulate four related metabolites (Fig. 6A). The 3D conformational structurers further elucidated 
the relationships across different metabolomic levels, underscoring the roles of RIMKLB, ADA, TSLP, CCL11, and IL-
12B at the nodes (Fig. 6B). KEGG pathway analysis identified the three most relevant pathways co-expressed across 
multiple nodes: (1) the Forkhead box O signaling pathway, which regulates cell cycle, metabolism, and cancer pro-
gression (involving 12 nodes); (2) the Th17 cell differentiation pathway, which regulates the differentiation of CD4 + T 
cells into Th17 cells (involving 10 nodes), and (3) the primary immunodeficiency pathway (involving seven nodes) 
(Supplementary Table 6).

Fig. 6   Multi-omics analysis revealing the “inflammation-metabolism” network in NSCLC. A The multi-omics network focused on the relation-
ships between NAAG and four inflammatory proteins. Gray nodes, mRNAs; blue nodes, miRNAs; yellow nodes, metabolites; red nodes, pro-
teins; green nodes, transcription factors. The network comprises 13 transcription factors, 8 metabolites, 27 miRNAs, 55 mRNAs/proteins, and 
a total of 145 edges showing the interactions between "transcription factor-miRNA-mRNA/protein-metabolite". B A 3-dimensional repre-
sentation of the multi-omics network, divided into four layers: the metabolome layer (yellow), the mRNA/proteome layer (gray and red), the 
miRNA layer (blue), and the transcriptome layer (green). This is a more intuitive representation of the crosstalk between different layers (e.g., 
metabolome, proteome) and their influence on other layers. NSCLC, non-small cell lung cancer; NAAG, N-acetyl-aspartyl-glutamate; mRNA, 
messenger RNA; miRNA, microRNA
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3.4 � Molecular docking results

The molecular docking analysis revealed that NAAG exhibited a binding energy of − 6.9 kcal/mol with adenosine deami-
nase (ADA), indicating a relatively strong binding affinity between the two molecules (Supplementary Fig. 8). This sug-
gests that NAAG may participate in inflammation regulation through direct interaction with ADA.

4 � Discussion

We performed MR analysis on two large cohorts and found a potential role of NAAG for NSCLC. NAAG is a neuronal 
metabolite, primarily in the context of the central nervous system. An increasing number of studies in recent years have 
reported the roles of NAAG in cancer, including its involvement in energy storage [54], metabolic cycling [55], and a 
potential therapeutic target [56, 57]. These mostly involved studies on ovarian cancer, glioma, prostate cancer, etc. [58, 59]. 
Currently, there is a lack of research on the role of NAAG in NSCLC. To our knowledge, this is the first study to examine the 
relationship between NAAG and NSCLC employing multi-omics approaches. To this effect, the present study illuminates 
following potential mechanisms by which NAAG exerts an inhibitory effect: (1) promoting the tumor suppressor TP53 
expression, thereby preventing excessive cellular proliferation; (2) suppressing STAT1 and the Notch signaling pathway 
expression, as STAT1-mediated glucose reprogramming and Notch-driven EMT and 2chemotherapeutic resistance are 
known to facilitate the progression of NSCLC [42] (Fig. 7). In addition, NAAG also plays a significant role in suppressing 

Fig.7   Mechanisms of action of NAAG (left) and CCL11 (right) in NSCLC/tumor-related processes. A NAAG upregulates TP53 expression, 
inhibiting cell proliferation. B NAAG inhibits the STAT1 pathway, suppressing glucose metabolic reprogramming and inhibiting LUAD; NAAG 
inhibits the Notch pathway, suppressing EMT, cell proliferation, and drug resistance in NSCLC. C CCL11 promotes eosinophil infiltration in 
the tumor microenvironment (TME). D CCL11 promotes vascular smooth muscle cell migration. E CCL11 activates ERK and AKT, promoting 
EMT in NSCLC. NAAG, N-acetyl-aspartyl-glutamate; CCL11, C–C motif chemokine ligand 11; NSCLC, non-small cell lung cancer; TP53, tumor 
protein p53; LUAD, lung adenocarcinoma; EMT, epithelial–mesenchymal transition; TME, tumor microenvironment; ERK, extracellular signal-
regulated kinase; AKT, protein kinase B
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inflammation, which may further contribute to its anti-tumor effects [60, 61]. Subsequent studies building upon these 
findings might further delineate the mechanisms through which NAAG modulates NSCLC pathogenesis, potentially 
unveiling novel therapeutic avenues.

Our multi-omics network analysis linked NAAG with four inflammatory proteins (Fig. 4). In the “inflammation-metabo-
lism” network, UBC was a key node linking NAAG and ADA; in fact, current studies also support that UBC may be a novel 
therapeutic target for lung cancer [62]. In NSCLC, UBC is involved in the regulation of apoptosis, tumor growth, and 
angiogenesis. UBC can regulate the phosphorylation levels of extracellular signal-regulated kinases 1 and 2 in NSCLC, 
thereby regulating apoptosis and increasing the expression levels of cell cycle protein D1 and matrix metalloproteinase-2 
[63, 64]. Additionally, the 12 nodes in the “inflammation-metabolism” network collectively point to the FOXO signaling 
pathway. FOXO1 is a member of the FOXO family that is present mainly in the cytoplasm of NSCLC cells. FOXO1 in NSCLC 
is regulated by multiple signaling pathways; numerous studies have reported the role of FOXO1 in NSCLC suppression. 
In lung adenocarcinoma cells, c-Jun N-terminal kinases positively regulates FOXO1, promoting its nuclear transloca-
tion. In response to repair DNA damage, nuclear FOXO1 can upregulate the expression of p27(Kip1), Bim, and GADD45 
genes [65]. ROS, including superoxide anion (O2−) and hydrogen peroxide (H2O2), can damage cellular nucleic acids and 
proteins, leading to cellular dysfunction. Excessive ROS accumulation can enhance FOXO1 expression by inhibiting the 
phosphoinositide 3-kinase/protein kinase B(PI3K/AKT) pathway, stimulating apoptosis and G2/M arrest in NSCLC cells 
[66]. Restored FOXO1 expression can also increase sensitivity to chemotherapy drugs, such as docetaxel, gefitinib, or 
cisplatin [67, 68].

The “metabolism-immune” module indicated that NAAG may interfere with the B cell receptor signaling pathway, sug-
gesting a potential downregulation of B cell activity (Fig. 4B), suggesting that NAAG could lead to the downregulation 
of B cells (Fig. 4B). MR analysis indicated absolute B cell count as a risk factor for NSCLC (Fig. 2D), and single-cell analysis 
showed a significantly higher proportion of B cells in NSCLC tissues than in normal tissues (Fig. 3B). Therefore, we hypoth-
esize that the inhibitory effect of NAAG on NSCLC may be achieved through downregulating B cells, although further 
experimental validation is needed to confirm this.To provide a comprehensive view of these cross-domain interactions, 
we have illustrated the metabolite–inflammation–immune interaction network in Supplementary Fig. 9.

Considering the inflammatory proteins, CCL11 was identified as a risk factor for NSCLC, while ADA, TSLP, and IL-12B 
emerged as protective factors (Fig. 2C). Further PPI analysis highlighted CCL11 as a key node (Fig. 5A), and this was cor-
roborated by single-cell analysis verifying its elevated expression in NSCLC relative to normal tissues (Fig. 5C). Previous 
research was predominantly focused on the relationship between CCL11 and other cancers. For instance, in head and 
neck tumors, cancer-associated fibroblasts promote EMT and tumor invasion through CCL11 secretion [69]. In liver cancer, 
CCL11 activation of the CCR3 receptor augments vascular endothelial growth factor expression, fostering angiogenesis 
[70]. However, investigations into the role of CCL11 in NSCLC remain limited. The study by Lin et al. [71] demonstrated 
that CCL11 activates the AKT and ERK signaling pathways, facilitating NSCLC metastasis through the EMT, and high CCL11 
expression is associated with lung cancer and poor prognosis, consistent with the current findings. CCL11 has been impli-
cated in promoting metastasis of various lung cancers. Bekaert S et al. [72] demonstrated that allergen-induced allergic 
inflammation can facilitate breast cancer metastasis to the lungs through the CCL11-CCR3 axis, highlighting the poten-
tial role of CCL11 in creating a favorable microenvironment for the colonization and growth of tumor cells in the lungs.

Furthermore, the impact of CCL11 on the TME should be carefully considered. CCL11 has been shown to induce the 
infiltration of eosinophils into the TME [48]. Eosinophils secrete various growth factors and cytokines that can promote 
tumor growth and angiogenesis. CCL11 has also been reported to mediate vascular smooth muscle cell migration, 
potentially contributing to tumor angiogenesis [53]. CCL11-mediated recruitment of eosinophils and the stimulation of 
vascular smooth muscle cell migration could create a supportive microenvironment for tumor growth and metastasis.

Evidence suggests that patients with lung cancer demonstrate reduced adenosine deaminase (ADA) activity in lym-
phocytes. This decrease may enhance the tumor-promoting effects of adenosine by elevating levels of interleukin-6 
(IL-6) and tumor necrosis factor-alpha (TNF-α) while concurrently decreasing serum levels of interleukin-17 (IL-17) and 
interferon-gamma (IFN-γ) [73], thereby corroborating the aforementioned findings. The role of TSLP in cancer promotion 
or inhibition remains debatable, as it exhibits a promoting role in some cancers (ovarian, pancreatic, or gastric) but an 
inhibitory role in others (colon, skin) [74]. In lung adenocarcinoma, TSLP exerts an inhibitory effect, and its overexpres-
sion arrests LUAD cells in the G2/M phase, thus reducing viability, promoting apoptosis, and inhibiting cell migration 
and invasion [75], aligning with the research conclusions.

Considering the immune cells, the study focused on two immune cell types associated with NSCLC. The effector 
memory CD4 + T cells emerged as a protective for NSCLC, while B cells were identified as a risk factor (Fig. 2D). Effec-
tor memory CD4 + T cells are associated with immune response activation occurring in peripheral lymphoid organs. 
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Currently, research investigating the relationship between effector memory CD4 + T cells and NSCLC is lacking. Osamu 
Wakabayashi et al. [76] found the association of higher levels of CD4 + T cells in the NSCLC stroma with prolonged 
survival in patients with NSCLC. Iwona Kwiecień et al. [77] demonstrated a higher abundance of effector memory 
CD4 + T cells in metastatic lymph nodes compared to non-metastatic lymph nodes in lung cancer. Nonetheless, nei-
ther study specifically addressed the relationship between effector memory CD4 + T cells and NSCLC, indicating a 
need for further exploration. The role of B cells in NSCLC remains to be studied more extensively. Mouse experiments 
suggest that B cell-mediated inflammation may be crucial in promoting invasive malignant tumor progression [78]. 
Some studies propose that plasma-like B cells promote cell growth in late-stage non-small cell lung cancer (NSCLC) 
[79], In contrast, the favorable prognostic role of CD20 + B cells in NSCLC is frequently emphasized [80], and the pres-
ence of peritumoral B lymphocytes is closely associated with improved survival rates [81]. Therefore, one needs to be 
cautious when interpreting the study’s findings regarding B cells, and further stratified research may be conducted 
to elucidate their relationship with NSCLC.

The strength of this study is the use of large-scale MR analysis to systematically assess the causal relationships between 
inflammation, immunity, and metabolism in NSCLC. The study design features a large sample size, wider coverage, and 
minimal bias. The research explored the role of inflammatory proteins, immune cells, and metabolites at the single-cell 
level in NSCLC. It analyzed their interactions and integrated multi-omics data to construct an “inflammation-immune-
metabolism” network, providing multi-faceted insights into the mechanisms underlying NSCLC development. The multi-
omics analysis conducted in this study demonstrated a protective role of NAAG and suggested a potential role of CCL11 
as a risk factor for NSCLC. NAAG could exert its NSCLC inhibitory effects by promoting TP53 expression to prevent 
excessive cell proliferation, downregulate STAT1 and Notch signaling to suppress glucose reprogramming, EMT, and 
chemoresistance (Fig. 7). Future studies should explore the feasibility of NAAG as a biomarker for early NSCLC diagnosis 
and enhance NAAG expression or administer exogenous analogues as adjuvant therapies. Conversely, elevated CCL11 
expression may correlate with poor prognosis. The prognostic value of CCL11 can be evaluated through analysis of 
the associations between CCL11 levels and clinicopathological features/survival, facilitating precise stratification and 
personalized treatment of NSCLC. Simultaneously, developing antagonists or inhibitors against the CCL11-CCR3 axis, 
in combination with anti-angiogenic therapies or immunomodulatory strategies, could be novel treatment options for 
patients with advanced or metastatic NSCLC. Furthermore, the influence of CCL11 on eosinophil infiltration in the ME 
and its role in tumor angiogenesis mediated by vascular smooth muscle cell migration need to be further investigated.

In summary, this study provides potential novel biomarkers and targets for NSCLC diagnosis, prognosis, and treat-
ment. However, further in-depth research and validation studies are required for translating these findings into clinical 
applications.

Our study also has several limitations. First, the current analysis is limited to European populations, necessitating 
large-scale, multi-center clinical trials across diverse ethnic groups and regions to validate the generalizability and effec-
tiveness of the findings. Although both the FinnGen and UK Biobank cohorts are composed predominantly of individu-
als of European descent, demographic and clinical heterogeneity between these cohorts may still influence the study 
outcomes. For instance, differences in smoking prevalence, environmental exposures, and the burden of comorbidities 
(such as chronic obstructive pulmonary disease or cardiovascular disease) could potentially confound the associations 
observed in MR analyses. While MR studies are generally less susceptible to confounding due to the random allocation 
of genetic variants at conception, residual confounding from unmeasured or cohort-specific factors cannot be entirely 
excluded. Moreover, differences in case definition or disease ascertainment between FinnGen and UK Biobank may 
also contribute to heterogeneity in effect estimates. To mitigate these issues, we limited our analyses to populations of 
European ancestry and used separate cohorts for discovery (FinnGen) and replication (UK Biobank), which enhances the 
robustness and reproducibility of our findings.

Second, in the immune cell analysis, evidence supporting the association between effector memory CD4 + T cells 
and NSCLC is lacking; the role of B cells may require further subtyping to examine the differential impacts of distinct B 
cell subpopulations. Although MR analysis in this study did not identify CCL2 as a risk factor for NSCLC, subsequent PPI 
analysis identified a strong interaction between CCL11 and CCL2; in fact, existing literature supports the role of CCL2 in 
promoting airway inflammation and remodeling, warranting further investigation into its contributory role in NSCLC 
progression. Moreover, mechanistically, the link between NAAG and NSCLC remains largely unexplored; while this study 
provides potential research directions, experimental validation remains crucial. Finally, due to limitations in the available 
databases, it was not possible to construct a comprehensive “inflammation–immune–metabolism” network. Conse-
quently, additional clinical studies are needed to investigate key nodes within this network and to develop a more com-
prehensive multi-omics model. Overall, although there are some limitations, this study could construct an NSCLC-related 
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“inflammation–immunity–metabolism” network, uncover key pathways and nodes, deepen the understanding of NSCLC-
associated pathogenic mechanisms, and provide valuable insights for discovering new therapeutic targets.

5 � Conclusions

In this study, several inflammatory proteins, immune cells, and metabolites associated with NSCLC risk were identified 
to provide novel insights into the etiology of NSCLC. We further uncovered key pathways and targets by constructing an 
“inflammation–immunity–metabolism” network related to NSCLC. These findings offer promising candidates to develop 
screening biomarkers and therapeutic targets for NSCLC. Nonetheless, further experimental and clinical investigations 
are warranted to evaluate and validate the utility and efficacy of these candidates.
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