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Lung adenocarcinoma (LUAD) is a leading cause of cancer-related death, and reliable biomarkers 
for prognosis and treatment guidance remain limited. Membrane proteins play key roles in tumor 
progression and therapeutic response, yet their clinical utility in LUAD remains underexplored. We 
integrated scRNA-seq, spatial transcriptomics, and bulk RNA-seq datasets from multiple LUAD 
cohorts to identify cancer-specific membrane proteins derived from epithelial subpopulations. Based 
on these results, we constructed a prognostic signature, LCaMPS, and evaluated its predictive 
performance using multiple datasets. The expression of model genes was confirmed at both the bulk 
RNA and protein levels. Associations with the tumor microenvironment (TME) and drug sensitivity 
were further analyzed. A distinct LUAD-enriched epithelial cluster (Epi_c0) exhibiting hypoxic and 
EMT signatures was identified. 35 cancer-specific membrane proteins were defined, several of 
which, including TSPAN8, BACE2, and COX16, showed strong spatial localization within the tumor 
regions. LCaMPS, a 9-membrane gene-based prognostic model, stratified patient prognosis and 
predicted 5- and 10-year survival rates with high accuracy. High LCaMPS scores were associated with 
increased infiltration of neutrophils, endothelial cells, and fibroblasts in the TME and predicted higher 
sensitivity to 66 chemotherapeutic agents, including Gemcitabine and Sorafenib. Low-risk patients 
were predicted to respond better to drugs, such as Cisplatin and Parthenolide. This study highlights 
the importance of membrane expression patterns in LUAD at single-cell and spatial resolution. 
The LCaMPS model provides a robust prognostic and therapeutic stratification tool with potential 
applications in personalized cancer management.
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Lung cancer remains the leading cause of cancer-related mortality worldwide1. Non-small cell lung cancer 
(NSCLC) constitutes the predominant pathological subtype, with lung adenocarcinoma (LUAD) accounting for 
approximately 40% of all lung cancer cases2,3. LUAD is characterized by a high incidence and mortality rate, and 
patients often present with advanced-stage disease, resulting in poor clinical outcomes4. However, the 5-year 
overall survival (OS) rate in patients with LUAD is less than 20%5. Therefore, it is necessary to develop novel 
prognostic biomarkers and individualized therapeutic strategies to improve patient outcomes.

Over the past decade, the advent of single-cell RNA sequencing (scRNA-seq) and emerging spatial 
transcriptomics technologies has enabled high-resolution dissection of LUAD tumorigenesis and progression 
at both the cellular and spatial levels6–9. scRNA-seq has revealed critical insights into LUAD cell differentiation 
trajectories, tumor microenvironment (TME) composition, and cellular reprogramming6–8.

Membranes play pivotal roles in cellular processes such as membrane transport, cell migration, programmed 
cell death, and autophagy10. Membrane dysregulation can lead to enhanced tumor cell proliferation, survival, 
invasion, and metastasis10. Notably, silencing specific membranes has been shown to suppress tumor invasion 
and metastasis11.

While scRNA-seq captures the transcriptional diversity of individual cell populations, spatial transcriptomics 
provides spatially resolved gene expression profiles within tumor tissue9,12. Despite these advances, there is still 
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a lack of LUAD prognostic models that integrate the cancer-relevant features of membranes derived from single-
cell and spatial transcriptomic data.

We hypothesized the existence of a distinct epithelial subpopulation in LUAD, characterized by the expression 
of cancer-specific membranes, which may serve as potential prognostic and therapeutic biomarkers. Here, we 
integrated scRNA-seq, spatial transcriptomics, and bulk RNA-seq data to identify LUAD-specific membranes 
and to construct a prognostic model, LCaMPS. We further validated the model and assessed its associations with 
TME and predicted drug response, aiming to provide insights into precision oncology for LUAD.

Materials and methods
Data collection
This study included 4 LUAD-related scRNA-seq cohorts: GSE1175708, GSE1319077, GSE164983, and 
GSE2749346 with a total of 37 samples (15 adjacent normal (ADJ) tissues and 22 LUAD tissues). The spatial 
transcriptomic data were obtained from the HTAN cohort with 3 LUAD slices. And bulk RNA-seq data were 
retrieved from the TCGA-LUAD cohort (n = 575), as well as from the GEO datasets GSE26939 (n = 115)13 and 
GSE72094 (n = 398)14. Detail sample information can be found in supplementary table S1 and S2.

Data quality control and processing
For bulk RNA-seq data, the downloaded LUAD expression matrix was converted from Ensemble IDs to gene 
symbols. In cases of duplicated gene symbols, the mean expression value was taken to obtain a standardized 
gene expression matrix for downstream analysis. For scRNA-seq data, the 4 cohorts were merged using Seurat15. 
Cells with nCount < 1000, nCount > 100,000, nFeature < 500, nFeature > 10,000, and mitochondrial percentage 
(pMT) > 10% were filtered out. Data normalization, dimensionality reduction, and clustering were then 
performed. Batch effects were removed using Harmony to generate a scRNA-seq atlas for downstream analysis16. 
For spatial transcriptomics, data normalization was carried out using spatialPreprocess from BayesSpace17. 
The appropriate number of clusters was selected using qTune, and spatial clustering was performed with 
spatialCluster. All analyses were conducted in R version 4.4.1.

Annotation of cellular populations
For the 18 clusters generated by Seurat from the scRNA-seq atlas, cell type annotation was based on CellMarker 
2.0 and marker genes reported in previous studies7,18. After removing doublet or undetermined clusters, a total 
of 162,193 cells were categorized into 8 major cell types. The major cell types were identified based on canonical 
markers, including PTPRC for immune cells; CD79A, MS4A1, and IGHA2 for B cells; CD3E, CD3D, CD3G, and 
TRAC for T cells; PECAM1, VWF, and CLDN5 for endothelial cells; EPCAM, KRT18, and KRT19 for epithelial 
cells; COL1A1, DCN, and COL1A2 for fibroblasts; CD68, MARCO, and LYZ for myeloid cells; CPA3 and KIT for 
mast cells; and NKG7, GNLY, and KLRD1 for natural killer (NK) cells.

And the spatial transcriptomics data, each of the 3 LUAD tissue sections was independently subjected to 
spatial clustering, resulting in 8 spatial clusters comprising a total of 6,315 spots.

Differential expression gene analysis
For the epithelial cell cluster in the scRNA-seq atlas, highly expressed genes were identified using Seurat’s 
FindAllMarkers function with the parameters test.use = “wilcox”, only.pos = TRUE, logfc.threshold = 0.25, 
and min.pct = 0.25. The results were visualized using pheatmap. Differential gene expression between LUAD 
and adjacent normal (ADJ) samples was analyzed using the FindMarkers function with parameters test.use = 
“wilcox”, only.pos = FALSE, and logfc.threshold = 0. The results were visualized using EnhancedVolcano.

For differential expression analysis between high- and low-risk LCaMPS groups, DESeq2 was used with 
default parameters, and the results were applied to downstream GSEA enrichment analysis.

Spatial relationship analysis
Spatial enhancement of spots was performed using spatialEnhance from BayesSpace. The enhanceFeatures 
function was applied to enhance the spatial expression of genes associated with tumor, cancer-specific membrane, 
and LCaMPS signatures. Detailed information on the signature genes can be found in supplementary table S3. 
Pearson correlation coefficients were used to evaluate spatial correlations between features, and the results were 
visualized using ggscatter.

Protein-protein interaction network analysis
The protein–protein interaction (PPI) network of the 37 cancer-specific membrane proteins was predicted using 
the STRING database with the species parameter set to Homo sapiens and other parameters left as default19. 
The PPI network was further refined and visualized in Cytoscape for better presentation. Functional pathway 
enrichment results derived from the PPI network were visualized using ggplot2.

Construction and validation of the prognostic model
The prognostic value of the 37 LUAD cancer-specific membrane genes for OS in LUAD patients was assessed using 
univariate Cox regression analysis based on the TCGA-LUAD cohort. Membrane genes with a p-value < 0.05 and 
hazard ratio (HR) > 1 were selected as input features for least absolute shrinkage and selection operator (LASSO) 
regression. The optimal set of prognostic features was identified using LASSO with 10-fold cross-validation, and 
non-zero coefficients were extracted for each selected gene. A LUAD cancer-associated membrane prognosis 
signature (LCaMPS) was then constructed based on the expression levels of these genes and their corresponding 
risk coefficients (supplementary table S4). Patients were stratified into high-risk and low-risk groups according 
to the median risk score. The formula for calculating the LCaMPS risk score is as follows:

Scientific Reports |        (2025) 15:25482 2| https://doi.org/10.1038/s41598-025-11105-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


	
LCaMP S =

∑
k
i=1mRNA expression (i) ∗ risk coefficient (i)

To evaluate the prognostic performance of LCaMPS, statistical significance was determined using the log-rank 
test, and Kaplan–Meier survival curves were generated. The R package timeROC was used to calculate the area 
under the curve (AUC), and ggplot2 was applied to visualize the receiver operating characteristic (ROC) results. 
The predictive power of the model was further validated by AUC and Kaplan–Meier analyses in two independent 
external cohorts, GSE26939 and GSE72094.

Functional analysis
Enrichment analysis of the 7 epithelial cell clusters was performed using the hallmark gene sets from the 
molecular signatures database (MSigDB)20. Gene set variation analysis (GSVA) with the method set to “ssgsea” 
was used to compute the single-sample gene set enrichment analysis (ssGSEA) scores for all 50 Hallmark 
pathways across the 7 epithelial clusters. The results were visualized using pheatmap. For functional enrichment 
analysis of the LCaMPS model, the fgsea package was applied to assess kyoto encyclopedia of genes and genomes 
(KEGG)21,22 pathway gene sets from MSigDB, and the results were visualized using ggplot2.

Tumor microenvironment and infiltration analysis
To evaluate the impact of the LCaMPS score on stromal and immune cell infiltration in the tumor 
microenvironment (TME), we applied ESTIMATE, MCP-counter23and CIBERSORT24 to calculate infiltration 
scores for different cell types. Patients were stratified into high- and low-risk groups based on the median 
LCaMPS score. The Wilcoxon test was used to assess the statistical significance of differences between groups. 
The results from ESTIMATE, MCP-counter, and CIBERSORT were visualized separately using ggplot2.

Protein expression of LCaMPS signatures
Immunohistochemistry (IHC) data for the 8 LCaMPS signature proteins were retrieved from The Human Protein 
Atlas (THPA) online database25. IHC images of LUAD tissues and corresponding normal lung tissues for each 
of the 8 signatures were selected, integrated, and visualized. As THPA does not provide protein expression data 
for PMEPA1, only 8 out of the 9 LCaMPS signature proteins were visualized in this study. The staining intensity 
was categorized by the THPA into four levels: not detected, low, medium, and high. IHC staining information 
for all analyzed genes in both LUAD and normal lung tissues can be accessed directly from the THPA database.

Anti-tumor drug therapeutic response analysis
To assess whether there are differences in the predicted treatment response to different drugs between LCaMPS 
high-risk and low-risk groups, the R package pRRophetic v0.5 was used to predict drug sensitivity based on 
mRNA expression matrices of tumor samples from the TCGA-LUAD dataset26. The function pRRopheticPredict 
was used with the parameters set as follows: tissueType = “all”, dataset = “cgp2014”. A total of 138 drugs were 
evaluated, and the results were visualized using ggpubr. Detailed significant results of the drug sensitivity analysis 
can be found in supplementary table S5.

Statistical analysis
Where appropriate, differences between groups were calculated using either student t-tests or Wilcoxon tests, 
depending on the data distributions. Survival analysis was conducted using the log-rank test. A p-value < 0.05 
was considered statistically significant. *p < 0.05, **p < 0.01, and ***p < 0.001.

Results
Single-cell and spatial transcriptomic landscape of LUAD
This study integrated multiple transcriptomic datasets of different types to identify a class of LUAD cancer-
specific membranes and to construct a predictive signature for prognosis and therapeutic response evaluation 
(Fig.  1A). We first integrated and performed quality control on four scRNA-seq datasets comprising a total 
of 37 samples (15 ADJ and 22 LUAD tissues) (Figure S1A). Based on clustering and classical marker gene 
expression, 17 clusters were initially annotated. After removing undetermined cell types, eight major cell types 
were retained, encompassing 162,139 cells (Fig. 1B, S1B, and S1C). We compared the cell type proportions and 
densities between LUAD and ADJ tissues. Myeloid and NK cells were enriched in ADJ tissues, whereas T cells, B/
plasma cells, and epithelial cells were more abundant in LUAD tissues. No significant differences were observed 
in fibroblasts or mast cells (Fig. 1C and D). Marker gene expression showed clear specificity across cell types, for 
instance, EPCAM and KRT8 were specifically expressed in epithelial cells, whereas all immune cells expressed 
PTPRC (CD45+) (Fig. 1E). Furthermore, spatial transcriptomic profiling of the 3 LUAD tumor tissues identified 
8 spatial clusters covering a total of 6,315 spots (Fig. 1F). Thus, these datasets constitute a comprehensive scRNA-
seq atlas and spatial transcriptomic map that serve as a foundation for subsequent analyses.

Identification of LUAD tumor-specific epithelial cluster
To investigate epithelial cell specificity in LUAD, epithelial cells were subsetted and cells expressing non-
epithelial markers were removed. After re-clustering and dimensionality reduction, 7 epithelial cell clusters 
comprising 12,287 cells, were identified (Fig. 2A). Compared to ADJ tissues, the epi_c0 cluster exhibited a higher 
proportion and cell count in LUAD samples (Fig. 2A and B). Notably, epi_c0 was consistently present in 17 of 22 
LUAD samples (Figure S2A). Differential gene expression analysis revealed that TCIM, TENT5A, CAMK2N1, 
and HP were highly expressed in the epi_c0 cluster (Fig. 2C). This cluster was enriched in apoptosis, epithelial-
mesenchymal transition (EMT), hypoxia, and the p53 signaling pathway (Fig. 2D). Genes such as TCIM and 
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Fig. 1.  Workflow and landscape of this study. (A) Workflow of this study. (1) Data were downloaded from 
public databases, including GEO, TCGA, HTPA, HTAN, and CellMarker 2.0. (2) Cancer-associated membrane 
genes were identified through single-cell RNA sequencing and spatial transcriptomics analysis. (3) The 
prognostic model was constructed based on the TCGA-LUAD cohort and evaluated using independent 
external datasets. (4) Functional analysis of the model was performed. (5) Verification of model signature 
genes. (6) Analysis of therapeutic drug sensitivity. (B) UMAP plot showing 8 major cell types, with different 
colors distinguishing cell types. (C) UMAP plot illustrating the density distribution of cell types in adjacent 
(ADJ) and LUAD tissues. The color gradient from dark to bright represents increasing density. (D) Box plot 
showing the proportion of different cell types in ADJ and LUAD tissues. Colors are consistent with (B). (E) 
Bubble plot displaying the expression levels of marker genes across the 8 cell types. (F) Spatial plot showing the 
spatial clustering of three LUAD tissue samples, with 8 clusters identified by BayesSpace.
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Fig. 2.  Identification of tumor-specific epithelial cell clusters in LUAD. (A) UMAP plot illustrating 7 epithelial 
cell clusters in ADJ and LUAD tissues. (B) Barplot depicting the proportions of 7 epithelial cell clusters in ADJ 
(n = 15) and LUAD (n = 22) tissues. (C) Heatmap illustrating the expression of the top 5 genes in 7 epithelial 
cell clusters. (D) Heatmap showing the ssGSEA score of 50 hallmark pathways across 7 epithelial cell clusters. 
(E) Volcano plot of DEGs in epithelial cells between LUAD and ADJ tissues. (F) Venn plot illustrating the 
intersection of highly expressed genes in LUAD and those highly expressed in epithelial cell cluster c0.
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CCN1, which were highly expressed in epi_c0, also showed elevated expression in the LUAD tissues (Fig. 2E). 
Furthermore, 164 genes overlapped between those that were highly expressed in LUAD tissues and epi_c0 cells 
(Fig.  2F). Taken together, these results identified a LUAD-specific epithelial cell cluster characterized by the 
expression of tumor-associated genes and enriched in cancer-relevant functional pathways.

Characterization of LUAD epithelial-specific membranes
Given the critical role of membrane proteins in tumor progression27we identified 98 membrane genes that 
were significantly upregulated in LUAD compared to that in ADJ tissues out of 923 candidates (Fig.  3A). 
Moreover, 35 of these LUAD-upregulated membrane genes overlapped with genes specifically overexpressed 
in the LUAD-specific epithelial cluster epi_c0 (Fig. 3B). These overlapping genes, including COX16, PLAUR, 
PLOD1, PLOD2, BACE2, SLC16A3, TSPAN8, IFITM1, and VIM, were referred to as cancer-specific membranes 
(Fig. 3B). Spatial transcriptomic analysis revealed that the expression and localization of these cancer-specific 
membranes were strongly associated with LUAD tumor regions (Pearson correlation coefficients R = 0.49 in the 
HTA1_332_5071604 sample, and R = 0.42 in HTA1_332_5071605, while it was below 0.1 in HTA1_339_1112604, 
p < 0.001) (Fig.  3C and S2B). Subsequently, a PPI network revealed direct or indirect interactions among 
15 genes, including TSPAN8, VIM, PLAUR, IER3, and IFITM1 (Fig.  3D). In particular, PLOD1 and PLOD2 
showed direct interaction (Fig. 3D). Functional enrichment of the PPI network indicated membrane-related 
functions and extracellular space components (Fig. 3E). Interestingly, glycoproteins were enriched within this 
PPI network, including BACE2, PLAUR, VIM, IER3, PLOD1, and PLOD2 (Fig.  3E and S2C). These findings 
suggest that membranes specifically expressed in LUAD epithelial clusters are closely associated with tumor 
spatial localization and extracellular functional roles, with a notable porportion classified as glycoproteins.

Construction and validation of the LCaMPS
To further investigate the prognostic potential of LUAD-specific epithelial membranes, we selected 35 candidate 
membrane genes and performed univariate Cox regression analysis in the TCGA-LUAD cohort. 13 membrane 
genes were significantly associated with poor OS (Fig. 4A). LASSO regression was then applied to determine the 
optimal predictive model (Fig. 4B). This process yielded a lung cancer-associated membrane prognosis signature 
(LCaMPS) consisting of 9 genes with nonzero coefficients (Table S4). The patients were stratified into high- 
and low-risk groups based on the median LCaMPS score. The expression levels of the 9 LCaMPS genes were 
consistently higher in the high-risk group than in the low-risk group (Fig. 4C). In the TCGA cohort, LCaMPS 
effectively stratified patient prognosis, with a log-rank p-value < 0.0001 (Fig. 4D). The AUC for 1-, 3-, 5-, and 
10-year survival were 0.640, 0.688, 0.644, and 0.684, respectively (Fig. 4E). The model was further validated 
using the external dataset GSE72094 (n = 398), which also exhibited strong prognostic discrimination (log-rank 
p < 0.0001). The corresponding AUC values for 1-, 3-, 5-, and 10-year survival were 0.700, 0.617, 0.713, and 
NA, respectively (data not available) (Fig. 4F and G). Similarly, in the GSE26939 cohort (n = 115), the LCaMPS 
model demonstrated significant prognostic power (log-rank p = 0.0011), with AUC values of 0.701, 0.586, 0.691, 
and 0.913 for 1-, 3-, 5-, and 10-year survival, respectively (Fig. 4H and I). Collectively, these results indicate that 
the LCaMPS model offers valuable prognostic insight for patients with LUAD and holds potential for clinical 
application in risk stratification.

Functional characterization of LCaMPS and its association with TME infiltration
Based on the median LCaMPS score, samples were stratified into high- and low-risk groups. GSVA analysis 
of KEGG pathways21 showed that the high-risk group was significantly enriched in pathways related to tumor 
progression, including cell cycle (p = 0.0256, normalized enrichment score (NES) = 3.3), DNA replication 
(p = 0.0018, NES = 2.99), ECM-receptor interaction (p = 0.0082, NES = 2.9), mTOR signaling pathway (p = 0.0024, 
NES = 1.84), p53 signaling pathway (p = 0.0047, NES = 2.7), and non-small cell lung cancer (p = 0.0034, 
NES = 1.92 ; Fig. 5A). These results indicated that higher LCaMPS scores were associated with increased tumor 
cell proliferation and invasion. To explore the relationship between LCaMPS scores and the TME, we evaluated 
the infiltration of immune and stromal cells using 3 independent methods (Fig. 5). The ESTIMATE algorithm 
showed no significant difference in the immune score, stromal score, or tumor purity between the high- and low-
risk groups (Fig. 5B). In contrast, the MCP-counter revealed significantly higher infiltration of myeloid-derived 
cells, including monocytic lineage cells, dendritic cells, and neutrophils, as well as endothelial cells and fibroblasts 
in the high-risk group (Fig. 5C). Similarly, CIBERSORT analysis showed that M0 and M2 macrophages along 
with neutrophils, were more abundant in the high-risk group (Fig. 5D). These findings suggested that a high 
LCaMPS score was linked to increased infiltration of neutrophils, endothelial cells, and fibroblasts in the TME, 
further supporting its association with an aggressive tumor phenotype in LUAD.

Verification of the expression pattern of LCaMPS signatures
The scRNA-seq atlas revealed that 9 LCaMPS signature genes were specifically expressed in LUAD tissues, among 
which SLC16A3, PLAUR, and PMEPA1 were exclusive expression in the Epi_c0 epithelial subcluster (Fig. 6A). 
Spatial transcriptomics further confirmed that LCaMPS signatures exhibited a strong spatial association with 
LUAD tumor regions across three independent samples (R = 0.46, p < 0.001 for HTA1_322_5071604; R = 0.45, 
p < 0.001 for HTA1_322_5071605; R = 0.35, p < 0.001 for HTA1_339_1112604; Fig. 6B, S3A, and S3C). Among 
the individual LCaMPS genes, TSPAN8, SLC16A3, BACE2, COX16, PMEPA1, and IER3 showed consistent 
spatial correlations with tumor regions (all R > 0.1, p < 0.001; Fig.  6C, S3B, and S3D). COX16 demonstrated 
the strongest spatial correlation with the tumor region, with R values of 0.64, 0.63, and 0.82 across the 3 LUAD 
tissue sections. BACE2 and TSPAN8 followed, with R values of 0.57, 0.46, and 0.53 for BACE2, and 0.43, 0.43, 
and 0.47 for TSPAN8, respectively. In the TCGA cohort, 9 LCaMPS signature genes showed significantly higher 
RNA expression levels in LUAD samples than in normal samples (Fig. 7A). Furthermore, protein expression 
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Fig. 3.  Cancer specific membrane gene analysis of epithelial cell cluster c0. (A) Volcano plot illustrating the 
expression of 923 membrane-associated genes in LUAD compared to ADJ tissues. (B) Venn plot illustrating 
the intersection of highly expressed genes in epithelial cell cluster c0 and highly expressed membrane-
associated genes in LUAD. (C) Spatial representation of tumor, cancer associated specific membrane and 
their correlations in 2 LUAD samples, top, HTA1_322_5071604; bottom, HTA1_322_5071605 from HTAN 
database. (D) The protein-protein interaction (PPI) network of 35 membrane-associated genes via STRING. 
(E) Barplot illustrating the functional enrichment of gene ontology (GO) cellular component terms, 
COMPARTMENTS and UniPort pathways associated with 35 membrane proteins.
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data retrieved from the THPA database demonstrated differential staining intensities among the 8 LCaMPS 
signature proteins in LUAD versus normal lung tissues (Fig. 7B). Specifically, TSPAN8, SLC16A3, IER3, and 
PLAUR showed high staining intensity in LUAD tissues, while their expression in normal lung tissues was 
either undetectable or low. PLOD1, BACE2, and PLOD2 displayed low to moderate staining in LUAD, with 
no detectable expression in normal tissues. Notably, COX16 showed no detectable staining in LUAD tissues 

Fig. 4.  Prognostic model of lung cancer-associated membranes (LCaMPS). (A) Forest plot of 13 membrane-
associated genes significantly associated with prognosis of LUAD patients. (B) Each independent variable’s 
trajectory and distributions for the lambda. (C) Heatmap showing the expression of 9 signatures in high and 
low-risk groups. (D) Kaplan-Meier plot of LCaMPS in the TCGA dataset. (E) The ROC curve and area under 
the curve (AUC) of the 1, 3, 5, and 10-years survival rates based on TCGA dataset. (F) Kaplan-Meier plot of 
LCaMPS in the validation GSE72094 cohort. (G) The ROC curve and AUC of the 1, 3, and 5-years survival 
rates based on GSE72094 cohort. (H) Kaplan-Meier plot of LCaMPS in the validation GSE26939 cohort. (I) 
The ROC curve and AUC of the 1, 3, 5, and 10-years survival rates based on GSE26939 cohort.

 

Scientific Reports |        (2025) 15:25482 8| https://doi.org/10.1038/s41598-025-11105-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


and only low intensity in normal lung tissues (Fig. 7B). These findings validated that the expression profiles of 
LCaMPS signatures are markedly correlated with LUAD-specific tumorigenic features.

LCaMPS exhibits predictive power for drug treatment response in LUAD
Membrane proteins play crucial roles in drug design and resistance27,28. To evaluate the clinical relevance of 
LCaMPS in therapeutic decision making, we investigated its association with drug sensitivity in LUAD. In 
total, the predicted responses to 138 anti-cancer drugs were analyzed. Remarkably, the LCaMPS scores were 
significantly correlated with the estimated IC50 values for 95 compounds (Table S5), indicating strong potential 
for guiding treatment selection. Among these, 66 drugs—including Docetaxel, Doxorubicin, Epothilone B, 
Etoposide, Gemcitabine, Obatoclax Mesylate, Paclitaxel, Vinorelbine, Tipifarnib, Thapsigargin, Sunitinib, and 
Sorafenib—showed lower predicted IC50 values in the high-risk group, indicating higher drug sensitivity 
(Fig. 8A, Table S5). In contrast, 29 drugs, including Axitinib, Camptothecin, Cisplatin, and Parthenolide, showed 

Fig. 5.  Functional enrichment and immune cell infiltration of LCaMPS. (A) GSEA plot depicting KEGG 
pathway21 enrichment in high and low-risk groups based on the TCGA database. (B) Boxplot showing 
ESTIMATE score, immune score, stromal score, and tumor purity between high-risk and low-risk groups. 
(C) Boxplot illustrating tissue-infiltrating immune and stromal cell populations based on MCP-counter. (D) 
Boxplot illustrating tissue-infiltrating immune cell types based on Cibersort.
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lower IC50 values in the low-risk group (Fig. 8B, Table S5). These results demonstrated that LCaMPS possesses 
predictive power for drug response and may aid in optimizing personalized treatment strategies in LUAD.

Discussion
In this study, by integrating scRNA-seq data from multiple LUAD cohorts, we identified a distinct epithelial 
subpopulation characterized by cancer-associated phenotypes such as hypoxia, EMT, and the p53 signaling 

Fig. 6.  scRNA and spatial profiling analysis of LCaMPS targets. (A) Dotplot illustrating the expression of the 9 
signatures of LCaMPS across 2 tissue types (left) and 7 epithelial clusters (right). (B) Spatial representation of 
tumor, LCaMPS signature score and their correlation in 1 LUAD sample HTA1_322_5071604. (C) Spatial plot 
of LCaMPS signature genes, TSPAN8, SLC16A3, BACE2, COX16 and their correlations with tumor in 1 LUAD 
sample HTA1_322_5071604, respectively.
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Fig. 7.  Bulk RNA and protein profiling analysis of LCaMPS targets. (A) Boxplot illustrating normalized (log2 
(expression + 1)) gene expression of 9 signatures of LCaMPS based on TCGA database. (B) Protein expression 
of the 8 LCaMPS signatures in LUAD and normal lung tissues via the human protein atlas (THPA). The IHC 
staining levels was categorized as “Not detected”, “Low”, “Medium”, or “High”.
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pathway. A total of 35 cancer-specific membrane proteins exhibiting strong spatial association with LUAD 
tumor regions were identified. Based on these membrane genes, we developed a prognostic signature, LCaMPS, 
which stratifies patient prognosis, reflects TME patterns, and predicts potential therapeutic responses.

Cancer cells exploit hypoxic conditions to promote angiogenesis, EMT, immune evasion, and metastatic 
dissemination29. The epithelial cell cluster Epi_c0 was enriched in the hypoxia and EMT-related pathways. EMT 

Fig. 8.  LCaMPS associated with drug sensitivity in lung cancer. (A) The boxplot showing that the 12 drugs 
with significantly lower IC50 values in the high-risk group. (B) The boxplot showing that the 4 drugs with 
significantly lower IC50 values in the low-risk group.
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is a fundamental mechanism underlying immune suppression, drug resistance, and metastasis in epithelial 
malignancies30. A recent study reported that EMT activation facilitates LUAD invasion and contributes to 
CD8 + T cell exhaustion within the TME31. In addition, mutations in the tumor suppressor gene TP53 occur 
in approximately 50% of LUAD cases32. These findings are consistent with our results and further support the 
notion that epithelial subpopulation Epi_c0 exhibits cancer-associated phenotypes.

Based on the membrane genes highly expressed in the Epi_c0 cluster of LUAD, we developed the LCaMPS 
signature. This model demonstrated favorable prognostic performance in predicting 1-, 5-, and 10-year survival, 
although its ability to predict 3-year survival was relatively limited. A previously published tumor stem cell-
based signature (TSCMS) achieved average AUCs of 0.704, 0.652, and 0.660 for 1-, 3-, and 5-year survival in 
the validation cohort (with no available 10-year value), respectively33. our LCaMPS model exhibited superior 
performance at 5 and 10 years, with AUCs of 0.702 and 0.913, respectively. However, the LCaMPS scores for 1- 
and 3-year predictions (AUCs of 0.700 and 0.602) were not higher than the AUC of TSCMS. Moreover, a recent 
study proposed a prognostic model based on B cell-related genes (BRGs), which reported AUCs of 0.636, 0.591, 
and 0.631 for 1-, 3-, and 5-year survival, respectively (10-year unavailable)34. Notably, LCaMPS demonstrated a 
consistently better predictive performance than the BRG-based signature across all available time points in the 
validation cohort.

The LCaMPS model comprised 9 membrane-associated genes, all of which were found to be significantly 
upregulated in LUAD samples compared to adjacent normal lung tissues at the bulk RNA level. Among them, 
TSPAN8, SLC16A3, BACE2, COX16, PMEPA1, and IER3 exhibited strong spatial correlations with the LUAD 
tumor regions. While COX16 has not been previously reported in LUAD, one study identified its upregulation 
in oral squamous cell carcinoma (OSCC), which was associated with mitochondrial energy metabolism35. 
Suppression of COX16 expression reduced OSCC cell proliferation and metastasis35. TSPAN8 has been implicated 
in the regulation of cancer stemness-associated gene expression and resistance to therapy36. It functions as a key 
organizer of the plasma membrane and participates in cell adhesion, migration, invasion, signal transduction, 
and exosome biogenesis, thereby playing an oncogenic role in tumor progression and metastasis37. Furthermore, 
BACE2 has been shown to regulate NF-κB signaling; its knockout led to NF-κB inactivation and significantly 
inhibited glioma stem cell (GSC) tumorigenesis and radioresistance38. These findings are consistent with our 
results and suggest that LCaMPS may serve as a prognostic biomarker and potential target framework for 
guiding personalized therapeutic interventions in LUAD.

Functionally, the LCaMPS risk score was associated with cancer cell proliferation and migration, as 
indicated by its enrichment in pathways such as the cell cycle, DNA replication, and ECM-receptor interaction. 
Cancer cells often exhibit uncontrolled cell cycle progression. In tumors, cell cycle-dependent DNA repair and 
replication have been linked to focal mutagenesis in multiple cancer types39–41. A recent study also reported that 
dysregulation of ECM-receptor interactions contributes to enhanced migration and invasion in LUAD42. These 
findings suggest that patients with high LCaMPS scores may harbor tumor cells with proliferative potential and 
an increased invasive capacity. Moreover, neutrophils are recognized as key modulators in cancer, and their 
functionality within the TME is highly diverse; they may be reprogrammed into a pro-tumorigenic state43,44. 
Cancer-associated endothelial cells and fibroblasts have been implicated in promoting cancer proliferation and 
invasion in several cancer types45–48. Our results further indicated that a high LCaMPS score was linked to 
increased infiltration of neutrophils, endothelial cells, and fibroblasts in the TME, underscoring the potential 
role of LCaMPS in delineating aggressive tumor behavior. Furthermore, recent studies have further underscored 
the importance of the TME in modulating immune responses and shaping tumor progression49–51. Membrane-
associated molecules such as B4GALT2 were identified as key mediators of immune exclusion, particularly by 
depleting CD8 + T cells within the LUAD TME50. Another integrated multi-omics study has identified immune-
evasive drivers such as CEP55, which regulate T cell dysfunction and immunotherapy resistance. These findings 
support that cancer-associated membranes, such as those identified in LCaMPS, may participate in shaping the 
TME landscape of LUAD and hold promise for refining immunotherapeutic strategies.

We evaluated the potential of LCaMPS in predicting drug treatment responses in patients with LUAD. 
Patients with high-LCaMPS were predicted to be more sensitive to 66 chemotherapeutic agents, including 
Paclitaxel, Docetaxel, Gemcitabine, Vinorelbine, and Sorafenib. Both Paclitaxel and Docetaxel have long been 
used as frontline chemotherapeutic agents for NSCLC treatment52. Gemcitabine is an FDA-approved nucleoside 
analog used for the treatment of various malignancies, including breast cancer, lung cancer, pancreatic cancer, 
and ovarian cancer, owing to its broad applicability and relatively low toxicity53,54. A recent randomized phase 
II clinical trial demonstrated that vinorelbine offered a clinically meaningful improvement in OS as an adjuvant 
therapy for NSCLC55. Notably, Sorafenib has shown therapeutic potential in NSCLC cell lines, xenograft 
models, and early-phase clinical trials involving human subjects56. These observations suggest that patients 
with high LCaMPS scores may benefit from prioritizing these agents during chemotherapy. In contrast, patients 
with low LCaMPS scores were predicted to be more sensitive to 29 other compounds including Cisplatin and 
Parthenolide. Cisplatin remains one of the most commonly used adjuvant chemotherapy agents for NSCLC, and 
cisplatin-based regimens have been shown to improve OS57. Although Parthenolide is yet to enter clinical trials 
for lung cancer, it has been shown to inhibit NF-κB signaling and other pro-survival pathways, induce apoptosis, 
and reduce the viability of multiple cancer cell types in preclinical studies58–60. Thus, these findings support 
our assessment of drug sensitivity and highlight the potential of LCaMPS as a predictive biomarker for guiding 
personalized chemotherapy regimens in LUAD.

However, several limitations should be acknowledged. First, although the LCaMPS was validated across 
multiple independent cohorts, all data were derived from public databases, and the conclusions have not 
yet been confirmed in prospective clinical settings. Second, our drug therapeutic response predictions were 
computationally derived and will benefit from future pharmacological validation. Third, protein-level expression 
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was explored using standardized public IHC data; however, real-world confirmation would further strengthen 
the translational relevance.

Future studies should aim to validate the LCaMPS model in clinical trial cohorts, and exploring its predictive 
potential across diverse LUAD subtypes and therapeutic contexts. Functional studies of selected signature genes, 
including COX16, TSPAN8, and BACE2, may uncover novel mechanisms of tumor progression and immune 
modulation. Taken together, despite these considerations, LCaMPS provides a promising prognostic tool that 
offers valuable insights for advancing precision oncology in LUAD.

Conclusion
In conclusion, we developed a novel LUAD-specific membrane-based prognostic signature, LCaMPS, by 
integrating scRNA-seq, spatial transcriptomic, and bulk RNA-seq datasets. LCaMPS not only stratifies patient 
prognosis with long-term predictive value but also reflects key features of the TME and indicates potential 
responsiveness to multiple chemotherapeutic agents. Taken together, our findings suggest that LCaMPS has 
strong potential as a biomarker for both prognostic stratification and personalized therapeutic guidance in 
LUAD.

Data availability
scRNA-seq data can be accessed from GEO under accession numbers GSE1175708, GSE1319077, GSE164983, 
and GSE2749346, and spatial transcriptomics data from HTAN. Bulk RNA-seq and clinical information can be 
obtained from the TCGA-LUAD cohort, and GEO under accession number GSE2693913 and GSE7209414. For 
any other reasonable requests, please contact the corresponding author.
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