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ABSTRACT 

Lung adenocarcinoma (LUAD) ranks among the deadliest cancers worldwide, with metastasis representing the 

primary cause of mortality. Despite advancements in diagnosis and treatment, the processes enabling LUAD cells 

to infiltrate the blood-brain barrier remain largely unknown. Although genomic profiling has provided insight into 

primary tumors, the genetic determinants and clinical significance of metastasis in LUAD are still poorly 

characterized. This study aims to delineate genomic differences between LUAD tumors that metastasize to the 

brain and those that do not, identify potential prognostic biomarkers, and investigate the modulatory effects of 

AH-6809 on molecular pathways governing metastasis, particularly focusing on post-translational modifications 

(PTMs). Data from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) were analyzed 

to detect differentially expressed genes (DEGs) between brain-metastatic and non-metastatic LUAD samples. 

Weighted Gene Co-expression Network Analysis (WGCNA) was applied to identify critical gene modules, and 

their prognostic value was assessed via Kaplan-Meier survival analysis. In vitro experiments, including CCK8 

proliferation assays and qRT-PCR, were conducted to evaluate the anti-tumor effects of AH-6809, while 

immunofluorescence assays measured apoptosis and inflammation-related markers. Analysis revealed distinct 

genomic profiles between brain-metastatic and non-metastatic LUAD, identifying NLRP7, FIBCD1, and ELF5 

as significant prognostic indicators. Treatment with AH-6809 suppressed LUAD cell proliferation, induced 

apoptosis, and altered epithelial-mesenchymal transition (EMT) marker expression. Knockdown of NLRP7 

diminished these effects, highlighting its critical role in metastasis regulation. Supporting evidence from the 

literature demonstrated that AH-6809 exerts tumor-suppressive effects, particularly in NLRP7-deficient cells, by 

inhibiting growth and promoting apoptosis. AH-6809 also modulated SUMO1-dependent PTMs and reduced 

expression of EMT markers such as VIM and CDH2, with partial reversal observed upon NLRP7 silencing. 

Immunofluorescence further confirmed enhanced apoptosis and inflammatory responses in LUAD cells treated 

with AH-6809, especially under NLRP7 knockdown conditions. These regulatory effects appear to involve 

SUMO1-mediated PTMs and NQO1, warranting further investigation to fully understand the mechanisms and 

therapeutic potential. The findings underscore the importance of NLRP7 and associated genes in LUAD 

metastasis and suggest that AH-6809 represents a promising candidate for targeted therapy against brain-

metastatic LUAD. 
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Introduction 

Lung adenocarcinoma (LUAD), the most prevalent subtype of non-small cell lung cancer (NSCLC), remains a 

major contributor to cancer-related mortality worldwide [1, 2]. Despite considerable progress in diagnostic 

techniques and treatment strategies, predicting LUAD progression, particularly metastasis, continues to be 

challenging due to limited understanding of the molecular processes that drive metastatic spread [3, 4]. Brain 

metastases develop in roughly 20%–40% of patients with advanced LUAD, establishing this cancer as a leading 

cause of secondary brain tumors among different cancer types [5, 6]. Metastasis is a complex, multi-step process 
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wherein malignant cells disseminate from the primary tumor to distant sites, representing the most lethal stage of 

tumor progression [7, 8]. LUAD cells gain invasive and metastatic potential via epithelial-mesenchymal transition 

(EMT), promote angiogenesis, remodel the brain microenvironment, and evade immune responses, collectively 

facilitating metastatic colonization [9, 10] 

Although large-scale genomic efforts, including The Cancer Genome Atlas (TCGA), have provided extensive 

insight into the molecular characteristics of primary LUAD tumors, the specific genetic and epigenetic 

mechanisms underlying brain metastasis remain poorly defined. Key alterations, such as EGFR mutations and 

ALK rearrangements, have been associated with increased risk of brain metastasis [4, 11]. Pan-cancer analyses 

offer opportunities to uncover common molecular drivers across multiple cancer types, thereby providing a 

broader understanding of tumor biology [7, 12]. Nevertheless, the heterogeneity and dynamic nature of metastatic 

LUAD complicate the identification of reliable biomarkers and therapeutic targets [13, 14]. Previous genomic 

studies have largely focused on primary tumors, with limited efforts to link specific genetic changes to metastatic 

potential [15]. 

While many genes have been implicated in primary LUAD tumors, their direct contributions to metastasis remain 

unclear [16, 17]. Genes such as ARRDC5 and ELF5 have been studied for their roles in cancer progression, yet 

their pan-cancer significance has not been fully explored [18, 19]. Additionally, L1CAM exhibits context-

dependent behavior: although it promotes invasion in several cancers, its downregulation in LUAD metastasis 

demonstrates the complexity of its function across tumor types [20, 21]. Current findings highlight the need for 

in-depth investigation into the prognostic potential of these genes and their roles in the metastatic cascade. While 

some therapeutic approaches targeting these pathways exist [22, 23], their effectiveness in brain-metastatic LUAD 

has yet to be fully determined. Accurate molecular markers capable of predicting metastasis and guiding therapy 

are critical to improving patient outcomes. Although the genomic landscape of LUAD is increasingly well 

characterized, metastatic disease has been understudied and often analyzed using small sample sizes [10, 24]. 

Analyses based on large public datasets offer comprehensive coverage but may lack detailed clinical information, 

highlighting the need for experimental validation to confirm the functional relevance of candidate genes [25-28]. 

The integration of bioinformatics and big data approaches has become essential for identifying clinically relevant 

biomarkers for diagnosis and prognosis in LUAD [29, 30]. Investigating protein-protein interaction networks, 

their regulatory mechanisms, and post-translational modifications provides key insights into cellular signaling and 

disease regulation [31, 32]. Transcriptomic analyses have further elucidated the role of the immune 

microenvironment in disease progression [33-36]. By employing advanced techniques such as machine learning, 

multi-omics integration, and high-throughput sequencing, researchers are developing precision medicine 

strategies and personalized therapeutic approaches [36-38]. 

This study aims to address these gaps through a comprehensive genomic and bioinformatic investigation of LUAD 

metastasis, with a focus on brain metastases. While prior research has identified numerous genetic alterations in 

LUAD, few studies have specifically linked these changes to metastatic behavior, and their clinical significance 

remains largely unexplored. By integrating computational analyses with experimental validation, this work seeks 

to uncover prognostic biomarkers and therapeutic targets to improve understanding and management of brain-

metastatic LUAD. 

Materials and Methods  

GEO dataset retrieval and preprocessing 

Microarray datasets from LUAD brain metastasis samples were analyzed in this study. A total of 28 specimens 

were included, with 19 contributed by Marc Ladanyi’s group and nine by William L. Gerald’s team. The data 

were obtained from the Gene Expression Omnibus (GEO) under accession number GSE14108. To further 

investigate the tumor microenvironment in LUAD brain metastases, bulk RNA sequencing was performed on six 

patient-derived samples using the Illumina HiSeq X Ten platform; these sequencing datasets are available in GEO 

under accession number GSE141685. Differential gene expression analyses compared brain metastasis samples 

with primary LUAD tumors from TCGA, including 14 early-stage and 11 late-stage tumors. Multiple testing 

corrections were applied using the False Discovery Rate (FDR), and statistical significance was defined as p < 

0.05. Data were normalized, and the limma R package was applied, employing linear modeling and empirical 

Bayes methods to identify significantly altered genes. 
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Pan-cancer core gene expression profiling 

For comprehensive analysis, mRNA expression, DNA copy number variation (CNV), and 450K DNA methylation 

data were collected for 20 cancer types: BLCA, BRCA, CHOL, COAD, CESC, ESCA, GBM, HNSC, KICH, 

KIRC, KIRP, LIHC, LUAD, LUSC, PAAD, PRAD, READ, STAD, THCA, and UCEC. Tumor and normal tissue 

data were sourced from Firehose (http://gdac.broadinstitute.org), while mutation, miRNA, and clinical data were 

retrieved via the Xena Browser (https://xenabrowser.net/datapages/). Gene expression differences between tumor 

and normal samples were evaluated using the Wilcoxon rank-sum test, with α = 0.05. TPM-normalized expression 

values for tumors (TCGA) and normal tissues (GTEx) were obtained through UCSC Xena and standardized using 

z-scores to reduce dataset variability. Both heterozygous and homozygous CNV alterations were included, and 

Pearson correlation coefficients were calculated to quantify the relationship between gene expression and CNV 

segments. 

 

Promoter methylation analysis of core genes 

DNA methylation levels were examined for multiple promoter regions: TSS1500 (1,500 bp upstream of the 

transcription start site), TSS200 (within 200 bp of the TSS), the first exon, and the 5’ untranslated region (5’UTR). 

Median methylation values across these regions were computed to generate an overall methylation index for each 

sample. Associations between promoter methylation and gene expression were assessed using Spearman’s rank 

correlation, a non-parametric method suitable for evaluating monotonic relationships in non-normal distributions. 

Additionally, methylation differences between tumor and normal tissues were assessed using the Wilcoxon rank-

sum test to identify substantial shifts in DNA methylation patterns. 

 

ATAC-seq analysis of core genes 

ATAC-seq datasets were analyzed using the ChIPseeker package. Transcription start site (TSS) regions in gene 

promoters were annotated using the annotatePeak function, with the tssRegion parameter set to c(-3,000, 3,000) 

to cover 3 kb upstream and downstream of each TSS. This approach enabled detailed mapping of transcription 

factor binding sites and histone modification patterns. Genome-wide coverage plots were generated using the 

covplot function, displaying peak distribution across the genome and providing detailed information on gene 

names, chromosomal location, cancer types, and distances from TSSs. These visualizations allowed for both 

global assessment of open chromatin landscapes and focused examination of regulatory features around specific 

gene promoters. 

 

GSEA enrichment analysis in pan-cancer studies 

RNA-seq and microarray datasets for multiple cancer types were obtained from the TCGA database, including 

both tumor and corresponding normal (or paired) samples. All datasets underwent stringent quality control 

procedures to ensure sample integrity and probe accuracy. Standardization was applied to minimize technical 

biases across datasets. Differential gene expression was analyzed using the R packages limma and clusterProfiler, 

which perform background correction, normalization, and statistical testing to identify significantly altered genes. 

Genes were selected based on log2 fold change (log2FC), reflecting the magnitude of expression change, and p-

values, indicating statistical significance. Subsequently, the clusterProfiler package was used to perform pathway 

enrichment analyses via Gene Set Enrichment Analysis (GSEA) against KEGG, GO, and Reactome databases. 

The enrichment score (ES), ranging from 0 to 1, quantified the association between biological pathways and 

observed gene expression changes. Visualization of results, including bar charts, scatter plots, and heatmaps, was 

performed using the ggplot2 R package, providing clear and interpretable representations of the data. This 

analytical workflow enables systematic investigation of molecular mechanisms driving cancer-associated gene 

expression patterns. 

 

Molecular characterization of core genes in LUAD 

The diagnostic utility of the single-sample Gene Set Enrichment Analysis score (ssGSEA score) for distinguishing 

LUAD from normal tissues was assessed using receiver operating characteristic (ROC) curve analysis via the 

pROC R package. The analysis calculated the area under the curve (AUC) with 95% confidence intervals and 

produced smoothed ROC plots. ssGSEA scores were derived from TCGA RNA-seq data using the GSVA 

package’s “ssgsea” function. Expression data were obtained from PanCanAtlas 

(EBPlusPlusAdjustPANCAN_IlluminaHiSeq_RNASeqV2) processed through the Firehose pipeline with 
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MapSplice + RSEM and normalized to an upper quartile of 1,000. Comparisons of ssGSEA scores between tumor 

and normal tissues were conducted using the Wilcoxon rank-sum test, while paired tumor versus adjacent non-

tumor tissue differences were assessed using the Wilcoxon signed-rank test. Calibration curves evaluated the 

agreement between predicted and observed values, and goodness-of-fit tests examined model performance. 

Differences in ssGSEA scores across early- and late-stage LUAD samples were assessed using the Wilcoxon 

rank-sum test, followed by Kruskal-Wallis rank-sum testing to determine the likelihood that observed differences 

arose by chance. These analyses provide robust statistical insights into the relationship between gene set 

expression and clinical features in LUAD. 

 

Survival prognosis analysis of core genes in LUAD 

Kaplan-Meier survival analysis was performed in R using the survival package to stratify patients into high- and 

low-ssGSEA score groups, with cut-off values optimized to ensure each group represented at least 30% of the 

cohort. Survival differences between groups were evaluated using the log-rank test through the survfit function, 

while univariate Cox regression analyses were combined via inverse variance meta-analysis to calculate hazard 

ratios as primary outcome measures. 

 

Connectivity map (cMAP) analysis 

To explore potential therapeutic compounds capable of counteracting tumor-promoting effects of specific genes, 

Connectivity Map (cMAP) analysis was performed using CMAP gene signatures. The dataset included gene 

expression profiles for 1,288 compounds. Gene signatures were constructed by selecting the 150 most 

significantly upregulated and 150 most significantly downregulated genes based on high versus low gene 

expression comparisons in tumors. The eXtreme Sum (XSum) algorithm was used to compare these signatures 

with cMAP reference profiles, generating similarity scores for all compounds. This analysis followed established 

methodologies described in previous studies [39, 40]. 

 

Cell Lines and clinical specimens 

The non-small cell lung cancer (NSCLC) cell line NCI-H1299 (ATCC® CRL-5803™) was acquired from the 

American Type Culture Collection (ATCC, USA). Cells were maintained in Dulbecco’s Modified Eagle Medium 

(DMEM) supplemented with 10% fetal bovine serum (FBS) under standard culture conditions. 

 

Lentiviral-mediated NLRP7 knockdown 

To investigate the functional role of NLRP7, gene silencing was performed using lentiviral vectors targeting 

NLRP7. Specific sequences for gene knockdown were obtained from Open Biosystems, and transduced cells were 

used for downstream functional assays. 

 

Immunofluorescence staining 

Cells were seeded in 24-well plates and allowed to adhere overnight. Fixation was carried out with 3.7% 

paraformaldehyde at room temperature for 15 minutes, followed by permeabilization in chilled methanol at −20°C 

for 15 minutes. Blocking was performed for 1 hour in PBS containing 5% normal goat serum and 0.5% Triton X-

100. Primary antibodies were applied and incubated overnight at 4°C. After three washes with PBS (10 minutes 

each), cells were treated with fluorophore-conjugated goat anti-rabbit secondary antibodies (1:500 dilution) at 

room temperature. Nuclei were counterstained with DAPI (Sigma, D9542) for 30 minutes prior to imaging. 

Fluorescence images were captured using a Nikon Eclipse E800 microscope. 

 

Quantitative real-time PCR (qRT-PCR) 

Total RNA was extracted using TRIzol reagent, and cDNA was synthesized with the PrimeScript™ RT Reagent 

Kit (TaKaRa, Japan) in combination with the FastStart Universal SYBR Green Master (ROX; Roche, 

Switzerland). qRT-PCR was performed on a Bio-Rad CFX96™ Real-Time System with a C1000™ Thermal 

Cycler to quantify gene expression. 

 

Cell proliferation assay (CCK-8) 

Cell proliferation was measured using the CCK-8 assay. Briefly, 2,000 cells were seeded per well in a 96-well 

plate and incubated at 37°C with 5% CO₂. Ten microliters of CCK-8 solution (Vazyme Biotech Co., Ltd.) were 
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added per well, followed by 2 hours of incubation at 37°C. Absorbance at 450 nm was measured using a microplate 

reader, and proliferation curves were constructed from three independent experiments. 

 

Colony formation assay 

Long-term proliferative capacity was assessed via a plate colony formation assay. LUAD cells were either 

transfected with shRNA targeting NLRP7 or treated with AH-6809. Cells (500 per well) were seeded into six-

well plates and cultured at 37°C under 5% CO₂, with medium refreshed every three days. After 10–14 days, visible 

colonies were fixed with 4% paraformaldehyde for 15 minutes and stained with 0.1% crystal violet for 30 minutes. 

Colonies containing more than 50 cells were counted under a microscope, and colony formation efficiency was 

calculated as the percentage of plated cells forming colonies. Experiments were conducted in triplicate, and 

statistical significance was determined using Student’s t-test. 

 

Statistical analyses 

Data are presented as mean ± standard deviation (SD). Statistical analyses were conducted using GraphPad Prism 

version 8. Comparisons between two groups were performed with a t-test, while one-way ANOVA was used for 

multi-group comparisons. Correlations were assessed with Pearson’s correlation coefficient, and p-values <0.05 

were considered statistically significant. 

Results and Discussion 

Differential expression analysis of LUAD brain metastasis 

To identify genes associated with brain metastasis in LUAD, GEO datasets were analyzed. Significant differences 

in gene expression were observed between primary LUAD tumors and brain metastasis samples. Principal 

component analysis (PCA) further highlighted the separation between primary and metastatic samples. The 

volcano plot (Figure 1a) revealed key upregulated genes in brain metastases, including SLC7A10, SFT2D3, 

KTI12, and MIR1244-1, as well as downregulated genes. Heatmap visualization of normalized expression values 

(Figure 1b) demonstrated clear clustering of primary versus metastatic samples, with metastatic samples showing 

distinct regulatory patterns (highlighted in cyan). These results pinpoint potential molecular targets for therapeutic 

intervention and underscore the importance of understanding the mechanisms underlying LUAD brain metastasis. 

 

 
 

a) b) 

Figure 1. Identification of Genes Linked to LUAD Brain Metastasis from GEO Data. (a) Volcano plot 

showing differential gene expression between primary lung adenocarcinoma (LUAD) and LUAD brain 

metastasis (LUAD_brain) samples. The x-axis represents the log2-transformed fold changes, and the y-axis 

shows -log10 of the p-values. Genes significantly elevated in brain metastases are colored red, downregulated 

genes in green, non-significant genes in black, and unchanged genes in blue. Highlighted genes include 
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SLC7A10, SFT2D3, KTI12, and MIR1244-1. (b) Heatmap illustrating the expression patterns of the top 

differentially expressed genes across LUAD and LUAD_brain samples. Normalized expression levels are 

indicated by a color gradient from blue (low) to red (high). Genes were clustered hierarchically based on their 

expression profiles, and sample groups are annotated at the top with LUAD in red and LUAD_brain in cyan. 

 

Functional enrichment analysis of LUAD brain metastasis-related genes 

To investigate the biological significance of genes linked to LUAD brain metastasis, we performed enrichment 

analyses. GO term analysis identified the top 10 terms within Biological Process (BP), Cellular Component (CC), 

and Molecular Function (MF) categories. Enriched BP terms included processes such as bile acid biosynthesis, 

metabolism of organic hydroxy compounds, and sperm plasma membrane organization. CC terms involved 

mitochondria and synaptic membranes, while MF terms highlighted activities like bile acid transmembrane 

transport, organic hydroxy compound transport, and mRNA 3′-end processing (Figure 2a). KEGG pathway 

analysis further revealed significant enrichment in neuroactive ligand-receptor interactions, microRNAs in cancer, 

fat digestion and absorption, and olfactory transduction pathways (Figure 2b). Chord diagrams (Figures 2c and 

2d) mapped the relationships between enriched GO terms or KEGG pathways and their associated genes, 

highlighting overlapping and unique gene sets across functional categories. Collectively, these analyses provide 

a comprehensive view of the molecular mechanisms and pathways potentially driving LUAD brain metastasis, 

offering a foundation for identifying therapeutic targets and understanding disease progression. 

 

 

a) 

 
b) 
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c) d) 

Figure 2. Functional Enrichment and Pathway Analysis of LUAD Brain Metastasis Genes from GEO Data. 

(a) The bar chart highlights the ten most significantly enriched Gene Ontology (GO) terms identified in genes 

implicated in lung adenocarcinoma (LUAD) brain metastasis, classified into Biological Process (BP), 

Cellular Component (CC), and Molecular Function (MF) categories. The y-axis lists GO terms, while the x-

axis indicates the number of genes contributing to each term. BP terms included processes such as bile acid 

biosynthesis, hydroxy compound metabolism, and sperm plasma membrane organization. CC terms were 

predominantly linked to mitochondria and synaptic membranes, whereas MF terms involved bile acid 

transport activity, transmembrane hydroxy compound transport, and mRNA 3′-end processing. Significance 

was calculated using adjusted p-values from GEO-derived data. (b) KEGG pathway enrichment for LUAD 

brain metastasis-related genes is illustrated in a dot plot. Pathways are listed on the y-axis, with the x-axis 

representing the enrichment ratio (rich factor). Dot size corresponds to the number of mapped genes, and dot 

color indicates statistical significance. Prominent pathways include neuroactive ligand-receptor interaction, 

microRNAs in cancer, fat digestion and absorption, and olfactory transduction. (c) A chord diagram depicts 

connections between enriched GO terms and their associated genes, revealing both shared and unique gene-

function relationships to provide insight into biological roles in brain metastasis. (d) Another chord diagram 

demonstrates relationships between KEGG pathways and their associated genes, highlighting complex 

interconnections and unique gene contributions across pathways. 

 

Identification of L1CAM-associated prognostic genes in LUAD brain metastasis 

Weighted Gene Co-Expression Network Analysis (WGCNA) was conducted to uncover L1CAM-related 

prognostic genes. Hierarchical clustering of LUAD and brain metastasis samples was used to identify outliers and 

examine sample groupings. Network topology assessments confirmed scale-free properties, as shown by scale 

independence and mean connectivity plots. Analysis of node connectivity highlighted key hub genes exerting 

central regulatory influence. Module eigengene clustering identified highly correlated gene modules, elucidating 

co-expression patterns across primary and metastatic LUAD samples. Correlation analysis between modules and 

clinical traits showed weak negative associations in the turquoise module and stronger negative associations in 

the grey module (Figure 3a). The dendrogram of genes with module color assignments is presented in Figure 3b. 

Scatterplots and correlation matrices confirmed robust associations between module eigengenes, with correlation 

coefficients reaching 0.99 (Figure 3c). Integration of WGCNA modules with differentially expressed genes 

revealed 534 overlapping genes (Figure 3d). From these, six key prognostic genes associated with L1CAM were 

identified (L1CAM, ARRDC5, NLRP7, ELF5, LINC00494, FIBCD1) (Figure 3e). Network analysis illustrated 

strong interactions among these genes (Figure 3f), suggesting a collaborative role in promoting LUAD brain 

metastasis. 
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a) b) 

 

 

c) d) 

 

 
e) f) 

Figure 3. WGCNA identifies five L1CAM-associated prognostic genes in lung cancer brain metastasis. (a) 

The heatmap displays correlations between WGCNA-identified modules and the clinical trait (group). The 

turquoise module exhibits a weak negative correlation (−0.13, p = 0.5), while the grey module shows a 

stronger negative correlation (−0.65, p < 0.001), indicating a meaningful association. (b) Hierarchical 

clustering dendrogram of genes, with each color representing a distinct co-expression module as determined 

by WGCNA, reflecting highly interconnected gene clusters. (c) Correlation matrices and scatter plots of 

module eigengenes highlight strong co-expression patterns, with correlation values reaching up to 0.99. (d) A 

comparison between WGCNA-identified genes (left circle) and DEGs (right circle) reveals 534 overlapping 

genes, suggesting their potential relevance to the trait under study. (e) Venn diagram showing overlaps 

among WGCNA genes (blue), DEGs (pink), and L1CAM-related genes (green). The central intersection 

identifies five common genes, likely key prognostic markers for brain metastasis in lung cancer. (f) 

Interaction network of the five selected L1CAM-related prognostic genes (L1CAM, ARRDC5, NLRP7, 

ELF5, LINC00494, FIBCD1) illustrates strong connections (green edges), indicating cooperative roles in 

metastasis. 
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Pan-cancer expression profiling of core genes 

We analyzed the expression landscape of seven core genes (ARRDC5, ELF5, FIBCD1, LINC00494, NLRP7, 

L1CAM) across multiple cancer types, using both unpaired and paired sample datasets from TCGA-GTEx. The 

heatmap of unpaired samples (Figure 4a) revealed pronounced differences in expression across cancers. For 

example, L1CAM was significantly overexpressed in lung squamous cell carcinoma (LUSC), while ARRDC5 

showed elevated levels in breast invasive carcinoma (BRCA), suggesting their involvement in tumorigenesis. 

Paired sample analysis (Figure 4b) compared tumor and adjacent normal tissues to reduce inter-patient variability; 

notable downregulation of ELF5 in colon adenocarcinoma (COAD) implies a potential tumor-suppressive role, 

whereas NLRP7 and ARRDC5 remained consistently dysregulated, reinforcing their therapeutic relevance. 

Using TCGA-GTEx datasets for broader analysis, bar and dot plots (Figure 4c) summarized the number of cancers 

with significant up- or downregulation for each gene. ARRDC5 and NLRP7 were the most consistently 

dysregulated across multiple cancers, highlighting their central role in tumor biology. Copy number variation 

(CNV) analysis (Figure 4d) showed that ARRDC5 and L1CAM undergo frequent CNV alterations, likely 

contributing to their differential expression and oncogenic potential. Correlation analysis between CNV and 

expression (Figure 4e) indicated a positive relationship, exemplified by ARRDC5 in BRCA, supporting the role 

of genomic alterations in regulating gene activity. 

Functional enrichment analysis using GSEA revealed that these dysregulated genes are associated with key 

biological pathways, including apoptosis, immune response, and cell cycle regulation (Figure 4f). In particular, 

NLRP7 was linked to immune-related pathways, suggesting its influence on the tumor immune 

microenvironment. Tumor microbiome analysis across cancers (Figure 4g) highlighted potential interactions 

between microbial species and gene expression, with certain microbes more abundant in lung and gastrointestinal 

tumors, potentially modulating observed gene expression patterns. 

 

 
a) 

 
b) 

  

c) d) 
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e) f) 

 
g) 

Figure 4. Pan-cancer profiling of core gene expression, copy number alterations, and functional enrichment. 

(a) Heatmap depicting the differential expression of six core genes (ARRDC5, ELF5, FIBCD1, LINC00494, 

NLRP7, L1CAM) across multiple cancer types using unpaired samples. The log fold change (logFC) 

indicates expression differences between tumor and normal tissues, with red representing upregulation and 

blue showing downregulation. Significant differences are denoted by p < 0.05. (b) Heatmap showing 

differential expression of the same genes in paired tumor and adjacent normal tissues, aiming to minimize 

inter-patient variability, using the same color scheme as panel A. (c) Combined bar and dot plots 

summarizing TCGA-GTEx dataset analysis. The bar plot shows the number of cancer types with significant 

upregulation (red) or downregulation (blue) for each gene, while the dot plot illustrates logFC values across 

cancers; dot size reflects statistical significance (-log10(FDR)). (d) Boxplot representing copy number 

variation (CNV) rates of core genes across cancer types, highlighting genes with notable CNV alterations. (e) 

Bubble plot depicting correlations between CNV and gene expression; larger bubbles represent stronger 

correlations. (f) GSEA results for core genes, where dot size represents enrichment significance (-log10(p-

value)) and color indicates enrichment direction (red = positive, blue = negative). (g) Heatmap showing 

tumor-associated microbial species abundance across cancers, providing insights into potential interactions 

between the tumor microbiome and gene expression patterns. 
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Promoter methylation and correlation with gene expression 

This analysis revealed clear distinctions between LUAD primary tumors and brain metastasis samples, with 

significant clustering differences. The heatmap of promoter methylation levels demonstrated wide variability, 

with blue cells indicating low methylation and red cells representing high methylation. Notably, ARRDC5 and 

NLRP7 showed prominent differences between primary and metastatic tissues. Correlation analysis explored the 

association between mRNA expression and promoter methylation for the core genes, confirming that methylation 

levels influence gene expression. 

 

Detailed promoter methylation profiling of core genes 

Promoter regions of six core genes were analyzed to determine methylation patterns. For each gene, methylation 

peaks were mapped, and their distribution across genomic features was assessed. ARRDC5 exhibited 

hypermethylation in 60% of the promoter and hypomethylation in 20%, with peaks concentrated mainly in exons 

and promoter regions. ELF5 showed balanced methylation with distinct peaks in CpG islands and promoters. 

FIBCD1 displayed predominantly high methylation, with 70% hypermethylated and prominent promoter peaks. 

L1CAM had moderate methylation, with 60% hypermethylation and peaks in CpG-rich promoter regions. 

LINC00494 showed high hypermethylation (80%) concentrated in both promoter and gene body regions. NLRP7 

exhibited extensive hypermethylation (90%), with pronounced peaks within the promoter. These results highlight 

distinct promoter methylation landscapes across core genes, with hypermethylation being a common feature, 

suggesting a significant role in transcriptional regulation. 

 

Correlation of core gene expression with LUAD prognosis 

The association between ssGSEAscore levels and LUAD prognosis was examined. Calibration curves and 

goodness-of-fit assessments confirmed a reliable model for predicting tumor versus normal tissue groups, with 

the Hosmer-Lemeshow test showing p = 0.555. Differential expression analysis indicated that ssGSEAscore was 

significantly elevated in LUAD tumors compared to normal tissues, although paired analyses between tumor and 

adjacent normal samples showed no significant difference (p = 0.559). Expression patterns of ssGSEAscore across 

clinical stages I–IV were visualized with violin plots, demonstrating variability with disease progression. When 

early-stage (I–II) and late-stage (III–IV) groups were compared, ssGSEAscore differed significantly, suggesting 

its potential link to disease advancement. Median ssGSEAscore values plotted across stages revealed trends of 

expression with increasing disease severity. ROC curve analysis for distinguishing tumors from normal tissues 

yielded an AUC of 0.574 (95% CI: 0.506–0.640), reflecting moderate diagnostic performance. Collectively, these 

findings indicate ssGSEAscore as a potential biomarker for LUAD prognosis and highlight its variation across 

disease stages. 

 

Survival prognosis analysis of core genes in LUAD 

The prognostic value of core gene expression in LUAD was assessed via Kaplan-Meier survival analyses and 

meta-analysis. Stratification by high versus low expression levels showed no statistically significant differences 

in Overall Survival (OS, p = 0.327) (Figure 5a), Disease-Specific Survival (DSS, p = 0.195) (Figure 5b), Disease-

Free Interval (DFI, p = 0.453), (Figure 5c), or Progression-Free Interval (PFI, p = 0.261), (Figure 5d). Validation 

in the GSE68465 cohort indicated a significant OS difference (p = 0.044), (Figure 5e), whereas the GSE72094 

cohort did not show significance (p = 0.383), (Figure 5f). A meta-analysis of univariate Cox regression across 

multiple datasets, including GSE68465-OS, GSE72094-OS, TCGA-LUAD-OS, TCGA-LUAD-DSS, TCGA-

LUAD-DFI, and TCGA-LUAD-PFI, yielded a combined hazard ratio (HR) of 1.17 (95% CI: 0.85–1.48) with no 

evidence of significant heterogeneity (Figure 5i). These results suggest that the prognostic relevance of core gene 

expression in LUAD may vary depending on the dataset, underscoring the importance of context-specific 

interpretation. Overall, the integration of Kaplan-Meier curves and meta-analytic data provides a comprehensive 

assessment of the core genes’ potential impact on LUAD patient outcomes. 
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a) b) c) 

   
d) e) f) 

   

g) h) i) 

Figure 5. Prognostic evaluation of core genes in LUAD. Kaplan-Meier survival analyses were conducted to 

assess the impact of core gene expression on multiple survival outcomes in LUAD, including Overall 

Survival (OS), Disease-Specific Survival (DSS), Progression-Free Interval (PFI), and Disease-Free Interval 

(DFI). Patients were stratified into high and low expression groups (red: high, blue: low), with sample sizes 

noted for each comparison. OS (a) showed no significant difference (p = 0.327, high n = 279, low n = 314), 

and similar non-significant trends were observed for DSS (b, p = 0.195, high n = 201, low n = 234), DFI (c, p 

= 0.453, high n = 363, low n = 378), and PFI (d, p = 0.261, high n = 353, low n = 388). Additional analyses 

using the GSE68465 (e, p = 0.044, high n = 177, low n = 222) and GSE72094 (f, p = 0.383, high n = 219, 

low n = 228) datasets further evaluated OS based on core gene levels, supported by Kaplan-Meier curves (g, 

h). A meta-analysis of univariate Cox models (I) combined multiple datasets (GSE68465-OS, GSE72094-OS, 

TCGA-LUAD-OS, DSS, DFI, and PFI) to calculate overall hazard ratios (HR) with 95% confidence 

intervals, while heterogeneity was assessed using I² and associated p-values. 

 

Pan-cancer GSVA enrichment of core genes 

To explore core gene activity across cancers, a pan-cancer GSVA enrichment was performed comparing tumors 

and normal tissues using four computational approaches: combined z-scores, GSVA z-scores, PLAGE, and 

ssGSEA. This analysis revealed significant dysregulation in multiple tumor types, including GBM, THCA, 

PRAD, KIRP, BRCA, KIRC, BLCA, and COAD, indicating either increased or decreased expression relative to 

normal tissues. For instance, combined z-scores highlighted pronounced differences in GBM (p = 6.1e-04) and 

PRAD (p = 2.6e-16). GSVA, PLAGE, and ssGSEA analyses corroborated these findings, showing notable 

alterations in GBM, THCA, and KIRC. Overall, these results underscore the variable expression of core genes 
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across cancers, suggesting their involvement in tumor biology and potential utility as biomarkers for diagnosis or 

therapeutic targeting. 

 

AH-6809 inhibits LUAD progression through modulation of apoptosis and EMT pathways 

This study focused on brain-metastatic LUAD and the role of NLRP7 to unravel the molecular mechanisms by 

which AH-6809 suppresses LUAD metastasis. Initial high-throughput screening of a chemical library identified 

AH-6809 as a compound capable of interfering with oncogenic signaling pathways, prompting further 

investigation (Figures 6a and 6b). The effect of AH-6809 on LUAD cell proliferation was evaluated using a 

CCK8 assay, which revealed a significant, time-dependent decrease in cell viability, most pronounced at 72 and 

96 hours post-treatment (Figure 6c). 

To explore the underlying molecular changes, qRT-PCR analysis was performed to examine apoptotic and 

epithelial-mesenchymal transition (EMT) markers. AH-6809 treatment led to robust upregulation of pro-apoptotic 

genes (BAX, Caspase-3) and inflammatory cytokine TNFα, along with a marked downregulation of EMT markers 

VIM and CDH2, compared to untreated controls (p < 0.001) (Figure 6d). The contribution of NLRP7 was further 

assessed through shRNA-mediated knockdown, which effectively reduced NLRP7 expression as confirmed by 

qRT-PCR (p < 0.001) (Figure 6e). Interestingly, the combination of NLRP7 knockdown and AH-6809 partially 

reversed the drug’s anti-proliferative effects, indicating a complex interplay between AH-6809 and NLRP7-

regulated pathways (Figure 6f). 

Colony formation assays demonstrated that NLRP7 knockdown enhanced the tumorigenic potential of LUAD 

cells, whereas AH-6809 treatment strongly suppressed colony formation. Notably, this inhibitory effect was 

partially alleviated when NLRP7 was silenced (Figure 6h). Immunofluorescence analysis revealed that AH-6809 

altered the expression of inflammatory marker NQO1 and anti-apoptotic protein SUMO1, with co-staining 

alongside DAPI showing increased apoptosis and inflammation, particularly in cells treated with both AH-6809 

and shNLRP7 (Figure 6i). 

Collectively, these results indicate that AH-6809 exerts substantial anti-tumor activity in LUAD by regulating 

apoptotic and EMT pathways. The drug appears to counteract the pro-tumorigenic effects associated with NLRP7 

dysregulation, promoting tumor-suppressive outcomes (Figure 7). These findings support the potential of 

targeting NLRP7 with AH-6809 as a therapeutic strategy for managing brain-metastatic LUAD. 

 

 

 
 

a) b) c) 

  
 

d) e) f) 
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h) 

 
i) 

Figure 6. AH-6809 modulates proliferation, apoptosis, and NLRP7-related pathways in LUAD cells. (a) 

High-throughput screening of a compound library identified AH-6809 as a candidate molecule affecting cell 

proliferation, apoptosis, and inflammatory signaling, leading to its selection for detailed investigation. (b) 

Chemical structure of AH-6809 (6-isopropoxy-8-oxosorban-2-carboxylic acid), illustrating the molecular 

configuration used in experimental assays. (c) CCK8 assay results showing the impact of AH-6809 on cell 

viability over 24, 48, 72, and 96 hours, revealing a significant time-dependent inhibition of proliferation (*p < 

0.05, **p < 0.01, ***p < 0.001). (d) qRT-PCR analysis of key apoptotic (BAX, Caspase-3) and 

EMT/inflammatory markers (VIM, CDH2, TNFα) after AH-6809 treatment, demonstrating significant 

upregulation of pro-apoptotic and inflammatory genes and downregulation of EMT markers (p < 0.001). (e) 

Validation of shNLRP7 knockdown efficiency, with qRT-PCR showing marked reduction of NLRP7 mRNA 

compared to non-targeting control (NC) (**p < 0.0001). (f) CCK8 proliferation assay evaluating the 

combined effects of shNLRP7 knockdown and AH-6809 treatment over 96 hours, indicating reduced 

proliferation, which was further suppressed by AH-6809 (*p < 0.001). (g) qRT-PCR measurement of 
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apoptotic and EMT marker expression under four conditions: control, AH-6809 alone, shNLRP7 alone, and 

AH-6809 + shNLRP7, showing amplified pro-apoptotic gene expression and pronounced EMT inhibition in 

the combined treatment group (p < 0.01, ***p < 0.001). (h) Colony formation assay displaying the inhibitory 

effects of AH-6809 and shNLRP7 on long-term cell proliferation, with the combination treatment markedly 

reducing colony numbers. (i) Immunofluorescence analysis of inflammatory (NQO1) and anti-apoptotic 

(SUMO1) markers, with DAPI nuclear staining, highlighting enhanced apoptosis and inflammatory signaling 

in cells exposed to AH-6809, shNLRP7, or their combination. 

 

 
Figure 7. Overview of genomic alterations, cellular behaviors, and therapeutic effects in LUAD metastasis. 

The figure summarizes key findings on the interplay between genetic differences and cellular phenotypes in 

LUAD, highlighting the potential impact of AH-6809 and NLRP7. Analysis of LUAD datasets (GSE14108) 

revealed distinct gene expression patterns between brain-metastatic and non-brain-metastatic tumors, 

identifying genes such as FIBCD1, ELF5, and NLRP7 as significantly dysregulated. Heatmaps and bar charts 

https://www.frontiersin.org/files/Articles/1486265/fphar-15-1486265-HTML-r1/image_m/fphar-15-1486265-g007.jpg
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depict these differentially expressed genes (DEGs). Functional experiments supported these bioinformatics 

observations, showing that AH-6809 treatment partially counteracted molecular changes induced by NLRP7 

knockdown, suggesting that the compound enhances NLRP7-mediated tumor-suppressive effects. The 

schematic illustrates the modulatory effects of AH-6809 and NLRP7 on cellular processes, including 

proliferation, apoptosis, reactive oxygen species (ROS) production, and expression of inflammatory 

cytokines. 

 

This study explored the complex gene network underlying LUAD metastasis, identifying six key regulators: 

ARRDC5, ELF5, FIBCD1, LINC00494, NLRP7, and L1CAM, all of which influence tumor cell migration [17, 

41]. A pan-cancer analysis further examined the expression patterns of these genes across multiple tumor types 

[18, 42], highlighting their potential utility as prognostic markers. 

In LUAD, the expression levels of these genes correlated significantly with metastatic propensity. Elevated 

ARRDC5, FIBCD1, or ELF5 expression was predictive of higher metastatic risk in both non-IMI and IMI cohorts, 

consistent with results from our prognostic model. Pan-cancer evaluation also suggested that the downstream 

functions of genes like CCDC6 and PTK2 influence cellular behavior broadly across cancers, supporting prior 

evidence of their role in tumor progression. ARRDC5 and ELF5 were consistently associated with poor prognosis 

across diverse cancer types, suggesting their potential as universal prognostic biomarkers [42, 43]. 

Interestingly, L1CAM displayed an inverse correlation in metastatic LUAD compared to other cancers, where it 

is typically linked to invasion and migration [21, 44], underscoring context-dependent roles of this gene. 

Although several of these genes—including ARRDC5, ELF5, FIBCD1, LINC00494, NLRP7, and L1CAM—

have been implicated in cancer progression and metastasis [45-47], their specific contributions to LUAD brain 

metastasis remain incompletely understood. Our findings highlight the central role of NLRP7 in regulating 

inflammation and tumor immunity [24] and clarify that the involvement of L1CAM in LUAD invasiveness is 

more nuanced and context-dependent [48]. 

NLRP7 displays multifaceted functions in cancer, particularly in the context of LUAD brain metastasis [10, 49]. 

Our experiments revealed that LUAD patients with brain metastases exhibited markedly lower NLRP7 expression 

than those without, implying an inverse relationship between NLRP7 levels and the ability of lung cancer cells to 

cross the blood-brain barrier. Gene silencing experiments further showed that AH-6809 significantly suppressed 

cell proliferation and triggered apoptosis; however, this effect was reversed in NLRP7-deficient cells, highlighting 

NLRP7 as a critical regulator of tumor cell growth and programmed cell death. These findings suggest that NLRP7 

may inhibit brain metastasis by modulating cell cycle progression and apoptotic pathways [50], and that AH-6809 

could exert anti-metastatic effects by activating NLRP7. Collectively, NLRP7 represents a central modulator of 

LUAD cell survival and migration, making it a promising therapeutic target for preventing brain metastases. 

As a member of the NOD-like receptor family, NLRP7 exerts diverse effects across multiple tumor types [10], 

regulating inflammatory responses, tumor growth, apoptosis, and the immune microenvironment. In ovarian 

cancer, NLRP7 influences cell survival through apoptosis and autophagy regulation, with low expression 

associated with increased tumor aggressiveness [51]. It also appears to mediate stress responses and 

chemoresistance in ovarian cancer cells [51]. In gastric cancer, diminished NLRP7 expression correlates with 

poor prognosis and higher tumor grade [52], while in breast cancer, NLRP7 affects tumor progression and 

metastasis by modulating immune cell infiltration and inflammation [53, 54]. In pancreatic cancer, low NLRP7 

levels enhance anti-apoptotic capacity, further supporting its potential as a therapeutic target. 

In parallel, SUMO1—a key factor in post-translational modification through SUMOylation—plays a pivotal role 

in regulating protein stability, localization, and function [55]. SUMOylation critically governs cell proliferation 

and apoptosis in tumors [56]. Our data indicate that AH-6809 treatment elevates SUMO1 expression in LUAD 

cells, suggesting that the compound may inhibit tumor growth by modulating apoptosis via SUMOylation 

pathways [57]. This may involve sustained activation of nuclear signaling cascades such as NF-κB and STAT3, 

which orchestrate cell survival and apoptotic processes [58]. Furthermore, AH-6809 enhances antioxidant defense 

by upregulating NQO1, supporting cellular homeostasis under stress. Together, these mechanisms point to AH-

6809 as a promising therapeutic strategy in LUAD, warranting further preclinical and clinical investigation. 

The emergence of targeted therapies in recent years has opened avenues for improving treatment efficacy while 

minimizing toxicity, driving advances in precision medicine [59]. Systematic reviews and meta-analyses have 

become invaluable tools for integrating data across drug development, bioinformatics, and translational research 

[60]. Concurrently, computer-aided drug design has accelerated novel compound discovery and highlighted new 



Rahman et al., Regulation of Lung Adenocarcinoma Metastasis by AH-6809 via NLRP7 and Prognostic Evaluation of 

Critical Metastasis-Associated Genes 

 

 

158 

therapeutic targets [60]. Research into cell death and metabolic regulation has similarly identified actionable 

targets for cancer therapy [61], enabling the development of highly specific interventions targeting proteins or 

genetic pathways [62]. For example, natural compounds like kiwi root extract suppress gastric cancer progression 

via the Wnt/β-catenin pathway [63], and combining modern technologies with traditional Chinese medicine 

provides additional opportunities for drug discovery [64]. 

Advances in materials science, photothermal therapy, and nanoparticle-based drug delivery have enhanced 

treatment efficacy, microenvironment modulation, and inflammation control [65-67]. “Off-the-shelf” gene 

therapy nanoparticles have expanded applications in regenerative medicine, including orthopedic and soft tissue 

repair [68]. Improved drug delivery and nanotechnology approaches have increased therapeutic specificity and 

efficacy [69], demonstrating the value of interdisciplinary approaches in disease management. Integrated data 

analysis and multidimensional evaluation are increasingly essential in modern medicine [70, 71]. Additionally, 

social support plays a crucial role in cancer patient mental health, particularly in Chinese populations [72, 73]. 

Identifying genes that are critically involved in LUAD metastasis and exhibit prognostic value across various 

cancer types will facilitate the development of precision oncology [4, 74]. Molecular classification of metastatic 

potential and patient prognosis through gene expression profiling is essential for tailoring individualized treatment 

approaches [75, 76]. Our results offer novel mechanistic insights into how these genes influence tumor 

progression, particularly by modulating the tumor microenvironment and host immune responses, thereby opening 

new avenues for therapeutic investigation [66, 77]. 

Given that the present study is retrospective and relies on a relatively modest sample size, certain biases may be 

present in our conclusions [78, 79], Furthermore, although the use of publicly available datasets provides broad 

and valuable information, it may limit the granularity of the analysis [80, 81]. Potential confounding factors 

include heterogeneity in data acquisition protocols, differences in patient demographics, and variable data quality 

control. Consequently, additional experimental validation is required to definitively elucidate the functional 

contributions of these genes to LUAD metastasis [27, 82]. Larger, more diverse patient cohorts in future studies 

will be instrumental in confirming our observations and translating these genes into clinically actionable 

biomarkers or therapeutic targets [16 , 17]. 

Prospective research should therefore incorporate diverse populations, integrate independent datasets, and apply 

consistent analytical pipelines across cohorts to assess the robustness of our findings. Moreover, detailed in vitro 

functional assays and in vivo animal models represent critical next steps. 

In summary, our work illuminates complex gene regulatory networks underlying LUAD metastasis and extends 

these insights to a pan-cancer context. By integrating genomic, epigenomic, and transcriptomic data, we identified 

ARRDC5, ELF5, FIBCD1, LINC00494, NLRP7, and L1CAM as candidate prognostic markers applicable to 

multiple malignancies [83, 84]. These findings substantially enhance our understanding of cancer biology [85, 

86]. Despite the inherent limitations of our study, it lays a strong groundwork for subsequent investigations and 

holds promise for informing clinical decision-making, ultimately contributing to better patient outcomes [87, 88]. 

Further validation studies are essential to corroborate these results and explore their translational and therapeutic 

implications, paving the way toward more precise and effective cancer therapies [89, 90]. 

Conclusion 

In this research, NLRP7, ELF5, FIBCD1, ARRDC5, LINC00494, and L1CAM were recognized as pivotal 

prognostic biomarkers for LUAD metastasis, with a particular emphasis on brain dissemination, and NLRP7 was 

identified as a major driver of metastatic progression. AH-6809 demonstrated therapeutic promise by reducing 

LUAD cell growth, promoting apoptosis, and regulating critical pathways, including SUMO1-dependent post-

translational modifications and NQO1 activity. These observations suggest that interventions targeting NLRP7 

and its downstream mechanisms could represent novel strategies to curb LUAD metastasis, warranting further 

experimental validation and clinical exploration to substantiate their potential applications. 
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