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Abstract: Lung adenocarcinoma (LUAD) exhibits poor prognosis partly due to dysregulated calcium signaling. Here, 
we integrated bulk RNA-seq (TCGA/LUAD, n = 440) and single-cell sequencing (GSE131907) to identify calmodulin-
related prognostic genes. Differential expression analysis and LASSO-Cox regression identified SPHK1 and ASPM 
as independent predictors of overall survival (HR = 1.52/1.47, P < 0.001). A risk model incorporating these genes 
stratified patients into high/low-risk groups with distinct clinical outcomes (3-year AUC = 0.83). High-risk patients 
showed elevated γδ T cells and TIDE scores, while SPHK1/ASPM expression correlated with an immunosuppressive 
myeloid phenotype and M2-like polarization. Single-cell analysis revealed SPHK1+-ASPM+ myeloid cells dominated 
in early differentiation stages, with pseudo-time trajectories indicating SPHK1 downregulation and ASPM upregu-
lation during myeloid maturation. Multiplex immunofluorescence validated co-localization of SPHK1/ASPM with 
MPO+ myeloid cells in tumor tissues. Importantly, the MPO+SPHK1+/ASPM+ myeloid compartment was significantly 
enriched in anti-PD-1 non-responders (P < 0.05). Our study establishes a calcium signaling-based prognostic sig-
nature, uncovers myeloid SPHK1/ASPM as drivers of immunosuppression, and provides a potential biomarker for 
immunotherapy stratification.

Keywords: Lung adenocarcinoma, calmodulin, prognostic model, immune microenvironment, single-cell RNA-seq, 
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Introduction

Lung cancer is a prevalent malignancy world-
wide. Lung adenocarcinoma (LUAD), a major 
subtype of non-small cell lung cancer (NSCLC), 
accounts for a substantial proportion of lung 
cancer cases and is a leading cause of cancer-
related death [1, 2]. While therapies including 
chemotherapy, radiotherapy, targeted therapy, 
and immunotherapy have extended survival  
in a subset of patients, tumor heterogeneity 
results in marked individual variability in clini-
cal outcomes, rendering current clinicopatho-
logical indicators inadequate for the accurate 
prediction of individualized treatment respons-
es [3, 4]. Tumor progression is closely associ-
ated with aberrations in multiple molecular sig-
naling pathways. The calcium ion signaling 
pathway serves as a pivotal intracellular signal-

ing hub, governing key tumor cell biological 
behaviors, including proliferation, migration, 
and chemoresistance development [5, 6]. As  
a core effector of this pathway, calmodulin 
(CaM) senses fluctuations in intracellular Ca2+ 
concentrations and interacts with a wide range 
of target proteins, thereby regulating multiple 
stages of tumorigenesis and progression [7-9]. 
Thus, systematic analysis of the expression  
patterns and prognostic value of calmodulin-
related genes (CRGs) in LUAD is critical for  
the development of risk stratification models 
and the guidance of personalized therapeutic 
strategies.

Emerging evidence has shown that CaM pro-
motes lung adenocarcinoma progression th- 
rough a multi-level regulatory network. In terms 
of therapeutic resistance, CaM directly modu-
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lates tumor cell resistance to tyrosine kinase 
inhibitors (TKIs) by stabilizing mutant epidermal 
growth factor receptor (EGFR) proteins and 
delaying their degradation [10]. The Ca2+/CaM 
complex stabilizes drug-resistant mutants by 
preventing their degradation, representing a 
novel explanation for TKI resistance in the  
context of protein homeostasis [6]. In the  
context of tumor stemness and recurrence, 
Ca2+/CaM-dependent protein kinase IIα (Ca- 
MKIIα), a key downstream effector of CaM,  
is aberrantly activated in LUAD. Aberrant 
CaMKIIα activation correlates with adverse 
clinical outcomes and enhances the self- 
renewal capacity of tumor-initiating cells, sug-
gesting its potential role in promoting tumor 
recurrence by sustaining cancer cell stem- 
ness [11]. Furthermore, in transcriptional  
regulation and immune microenvironment 
remodeling, the Ca2+-CaM-calcineurin-NFATc2 
signaling axis promotes the acquisition of 
tumor-initiating cell phenotypes and enhances 
cell motility and therapeutic resistance [12]. 
NFATc2 further contributes to the establish-
ment of an immunosuppressive tumor microen-
vironment by regulating glycolytic metabolism 
and driving M2 polarization in tumor-associated 
macrophages [13]. In metabolic adaptation 
and phenotypic transition, the CaMKK-AMPK 
signaling axis transduces calcium signal into 
adaptation to cellular metabolic and stress  
survival phenotype [14]. CaM-mediated regula-
tion of MARCKS family proteins modulates 
cytoskeletal remodeling and the epithelial- 
mesenchymal transition (EMT) process [15]. 
CaM also regulates phosphodiesterase 1A 
(PDE1A), which functions as a critical mediator 
of tumor metastasis by serving as a signaling 
bridge linking calcium and STAT3 pathways 
[16]. These findings suggest that CRGs contrib-
ute to the development and progression of 
LUAD through several signaling cascades. To 
date, no prognostic risk assessment model 
based on CRGs has been established for clini-
cal stratifications. The in-depth study of the 
role of CRGs in the tumor microenvironment 
and their relationship with immunotherapy 
responses remains unclear. Therefore, system-
atic screening and validation of the expression 
profiles, regulatory networks, and clinical prog-
nostic value of CRGs in LUAD, through integrat-
ing multi-omics data, may facilitate the identifi-
cation of novel biomarkers for precise risk 
stratification and the development of individu-
alized treatment strategies. 

Rapidly developed high-throughput transcrip-
tomic technologies have allowed systematic 
investigations of CRGs in LUAD. Single-cell RNA 
sequencing (scRNA-seq) provides high-reso- 
lution data for understanding tumor mecha-
nisms, allowing the identification of prognostic 
genes and the characterization of dynamics in 
cell subsets [17]. Based on large-scale tran-
scriptomic and genomic data, prognosis-relat-
ed signatures were constructed to predict 
LUAD, validating the correlation between candi-
date genes and patients’ survival outcomes, 
and emphasizing the potential of molecular bio-
markers in prognostic prediction and therapeu-
tic regimen selection [18]. ScRNA-seq helps 
dissect cancer cell diversity and resolve hetero-
geneity [19, 20]. Integrating multi-omics to 
identify calcium signal-related tumor subtypes 
and regulatory networks is a key trend in LUAD 
research [21]. 

Against this background, we integrated bulk 
transcriptomic and scRNA-seq data to perform 
a systematic analysis of CRGs, aiming to de- 
velop a prognostic risk assessment model 
based on CRGs, systematically examine their 
expression patterns and regulatory networks, 
and assess their association with the tumor 
microenvironment, thereby informing precise 
risk stratification and personalized treatment 
strategies for patients with LUAD.

Data and methods

Data acquisition

Gene expression profiles and corresponding 
clinical information were retrieved from The 
Cancer Genome Atlas (TCGA) database (http://
cancergenome.nih.gov/) via downloading the 
TCGA-LUAD dataset, serving as the training set. 
This dataset included 513 LUAD tumor samples 
and 58 control samples. For subsequent sur-
vival analysis, 440 tumor samples with avail-
able survival information were retained; for fur-
ther clinical parameter analysis, 369 tumor 
samples with complete clinicopathological indi-
cators (including age, sex, pathological stage, 
and tumor stage (T stage)) were included. Gene 
expression profiles and clinical data were 
obtained from the Gene Expression Omnibus 
(GEO) database (https://www.ncbi.nlm.nih.gov/
geo/) by downloading the GSE50081 dataset 
(platform: GPL570) [22, 23], serving as the  
validation set. Samples of other cancer types 
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were excluded, including 2 adenosquamous 
carcinoma samples, 7 large cell carcinoma 
samples, 1 NSCLC sample with a large cell car-
cinoma component, 1 NSCLC sample favoring 
adenocarcinoma, 42 squamous cell carcinoma 
samples, and 1 second case of squamous cell 
carcinoma. A total of 127 LUAD samples with  
survival information were selected for subse-
quent analyses. For single-cell transcriptomic 
analysis, the GSE131907 dataset (platform: 
GPL16791) was downloaded from the GEO 
database (https://www.ncbi.nlm.nih.gov/geo/). 
Non-LUAD tumor samples were excluded, in- 
cluding 10 normal lymph node samples, 10 
metastatic brain tissue samples, 7 metastatic 
lymph node samples, and 5 pleural effusion 
samples from patients with LUAD complicated 
by malignant pleural effusion. Finally, 11 LUAD 
tumor tissue samples and 11 matched distant 
normal lung tissue samples were analyzed in 
this study. A total of 255 CRGs were obtained 
from previously published literature [24] (Table 
S1). All data were retrieved on July 8, 2025.

Differential expression analysis and candidate 
gene screening

To identify differentially expressed genes 
(DEGs) between LUAD and control samples, 
gene expression analysis was performed using 
the DESeq2 package (v1.40.2) [25] (adjusted 
P-value (p.adj) < 0.05, |log2fold change (FC)| > 
0.5). Intersection analysis between DEGs and 
CRGs was performed using the ggvenn pack-
age (v0.1.10) [26]. The overlapping genes were 
designated as candidate genes.

Functional enrichment analysis and protein-
protein interaction (PPI) network construction

To elucidate the biological processes and sig-
naling pathways associated with the candi- 
date genes, functional enrichment analysis  
was performed. Gene Ontology (GO) enrich-
ment analysis, encompassing biological pro-
cesses (BPs), molecular functions (MFs), and 
cellular components (CCs), and Kyoto Encyclo- 
pedia of Genes and Genomes (KEGG) pathway 
enrichment analysis were conducted using the 
clusterProfiler package (v4.10.1) [27]. The top 
5 GO terms and top 10 significantly enriched 
KEGG pathways, ranked by ascending p-value, 
were selected for visualization. The protein-lev-
el interaction relationships between the candi-
date genes were explored by inputting the 
genes into the Search Tool for the Retrieval of 

Interacting Genes/Proteins (STRING) database 
(http://string-db.org) to predict protein func-
tions and PPI relationships (interaction score > 
0.9). After screening to remove isolated pro-
teins, the resulting PPI network was visualized 
using the circlize package (v0.4.10) [28].

Prognostic gene screening

To identify genes significantly associated with 
survival outcomes, univariate Cox regression 
analysis was performed on the candidate ge- 
nes in the TCGA-LUAD cohort (n = 440 tumor 
samples with survival information) using the 
survival package (v3.8.3) [29] (P < 0.05, hazard 
ratio (HR) ≠ 1). Subsequently, the proportional 
hazards (PH) assumption testing was conduct-
ed. Genes that passed the PH assumption test 
were subjected to Least Absolute Shrinkage 
and Selection Operator (LASSO) regression 
using the glmnet package (v4.1.8) [30]. Genes 
selected by LASSO regression were defined as 
prognostic genes. Importantly, the LASSO-Cox 
procedure was used for feature selection to 
derive the prognostic gene set, rather than as 
the final prognostic model for risk scoring.

Prognostic model construction and validation

A random survival forest (RSF) model was con-
structed to develop the prognostic model ba- 
sed on the identified prognostic genes using 
the randomForestSRC package (v3.4.1) [31]. 
RSF is a non-parametric ensemble learning 
method that extends the random forest frame-
work to right-censored survival data and does 
not rely on PHs or linearity assumptions. 
Bootstrap resampling was applied to generate 
B subsets, on which individual survival trees 
were generated. At each node, variables were 
randomly selected, and the optimal split  
was determined by maximizing survival differ-
ences via the log-rank test. Model parameters 
were optimized through out-of-bag (OOB) error 
estimation. After all survival trees were con-
structed, the cumulative hazard function (CHF) 
for each patient was calculated by averaging 
the CHF predictions from all trees in the ensem-
ble. For a given patient x at time t, the ensem-
ble hazard function was calculated as:

H(t | x) B
1 H (t | x)ii 1

B= =
t t/

where Ĥi(t|x) represents the predicted hazard 
for individual x at time t from the i-th tree.

https://e-century.us/files/ajcr/16/3/ajcr0172350suppltabs1-8.xlsx
https://e-century.us/files/ajcr/16/3/ajcr0172350suppltabs1-8.xlsx
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The RSF model for prognostic genes was con-
structed in the TCGA-LUAD cohort (n = 440 
tumor samples with survival information) with 
optimized parameters (number of trees (ntree) 
= 1000, number of variables tried at each split 
(mtry) = 2). The RSF-derived ensemble hazard 
was used as the prognostic risk score (risk 
score) for each patient. A higher risk score indi-
cated a greater predicted mortality risk. Based 
on the optimal cutoff value of the RSF-derived 
risk scores, samples in the TCGA-LUAD cohort 
(n = 440) were stratified into high- and low-risk 
groups. Furthermore, Kaplan-Meier (K-M) sur-
vival curves were generated to assess sur- 
vival differences between the two groups  
using the survminer package (v0.5.0) [32]. 
Additionally, time-dependent receiver operat-
ing characteristic (ROC) curves for 3-, 5-, and 
7-year survival rates were plotted using the sur-
vivalROC package (v1.0.3.1) [33], with an area 
under the curve (AUC) > 0.6 considered clini-
cally informative. The trained RSF model was 
directly applied to the GSE50081 dataset to 
validate the generalizability of the prognostic 
model.

Comparison of risk scores across clinicopatho-
logical subgroups and identification of inde-
pendent prognostic factors

To compare risk scores across different cli- 
nicopathological subgroups, 369 tumor sam-
ples with complete clinicopathological indica-
tors (including age, sex, pathological stage, and 
T stage) from the TCGA-LUAD cohort were 
selected for analysis. Differences in the com-
puted risk scores among subgroups stratified 
by these clinicopathological indicators were 
evaluated using the Kruskal-Wallis test or the 
Wilcoxon test. To identify independent prog- 
nostic factors and evaluate the clinical utility  
of a predictive nomogram, analyses were per-
formed on the TCGA-LUAD cohort (n = 369 
tumor samples with complete clinicopathologi-
cal indicators). Univariate Cox regression analy-
ses were performed first, using the survminer 
package (v0.5.0), for individual clinical vari-
ables predicting overall survival (P < 0.05, HR ≠ 
1); the variables included in the analyses were 
age, sex, pathological stage, T stage, and our 
risk score. PH assumption testing was then 
performed on the statistically significant vari-
ables identified in the univariate Cox analysis. 
Variables satisfying the PH assumption (P > 

0.05 in the PH test) were retained for subse-
quent analyses. Furthermore, the remaining 
variables were subjected to multivariate Cox 
regression (P < 0.05, HR ≠ 1) and a second 
round of PH assumption test (P > 0.05) to iden-
tify independent prognostic factors. Based on 
the confirmed independent prognostic factors, 
a nomogram was constructed to predict 3-, 5-, 
and 7-year overall survival probabilities of LUAD 
patients. The nomogram was developed using 
the regplot package (v1.1) [33] on the TCGA-
LUAD cohort (n = 369). The performance and 
calibration accuracy of the nomogram were 
assessed using a calibration curve generated 
with the “rms” package (v6.8.1) [34]. Addi- 
tionally, the diagnostic performance of the no- 
mogram was evaluated through time-depen-
dent ROC curve analysis with the survivalROC 
package (v1.0.3.1).

Analysis of immune cell infiltration and correla-
tion with prognostic genes

Immune cell infiltration profiles in LUAD sam-
ples from the TCGA-LUAD cohort (n = 440 
tumor samples with complete survival informa-
tion) were assessed using the Single-Sample 
Gene Set Enrichment Analysis (ssGSEA) algo-
rithm within the GSVA package (v1.46.0) [35] to 
quantify the relative abundances of 28 immune 
cell subsets [36]. Subsequently, Wilcoxon tests 
were applied to compare the infiltration levels 
of each immune cell subset between risk 
groups. Immune cell types exhibiting statisti-
cally significant differences were defined as  
differentially infiltrated immune cells. Further- 
more, Spearman correlation analyses were 
conducted to investigate pairwise correlations 
among the differentially infiltrated immune ce- 
lls across all samples in the TCGA-LUAD datas-
et (|correlation coefficient (cor)| > 0.3, P < 
0.05). Additionally, correlations between the 
prognostic genes and differentially infiltrated 
immune cells were assessed (|cor| > 0.3, P < 
0.05). All these correlation analyses were per-
formed using the psych package (v 2.2.9) [37].

Comprehensive analysis of tumor microenvi-
ronment, TIDE score, and immune checkpoint 
expression

TCGA-LUAD cohort (n = 440 tumor samples 
with complete survival information) was fur- 
ther analyzed to comprehensively explore the 
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differences in tumor microenvironment (TME) 
composition, immune escape potential, and 
responsiveness to immunotherapy between 
high- and low-risk LUAD patients. The ESTI- 
MATE algorithm was utilized to quantify the 
abundance of stromal and immune cells in tu- 
mor tissues, yielding immune scores, stromal 
scores, and ESTIMATE scores (sum of immune 
and stromal scores); inter-group differences in 
these three scores were assessed using the 
Wilcoxon test. Tumor Immune Dysfunction and 
Exclusion (TIDE) analysis was conducted to 
evaluate the propensity for tumor immune 
escape, and TIDE scores for the 440 samples 
were retrieved from the online TIDE plat- 
form (http://tide.dfci.harvard.edu/) (accessed 
on July 8, 2025). Spearman correlation analy-
sis between TIDE scores and risk scores was 
performed using the “psych” package (v2.2.9), 
while inter-group differences in TIDE scores 
were compared via the Wilcoxon rank-sum test. 
Additionally, differences in the expression of 79 
immune checkpoint molecules derived from 
published literature [38] (Table S2) were com-
pared between high- and low-risk groups using 
the Wilcoxon test.

Gene set enrichment analysis (GSEA)

To delineate the biological functional dispari-
ties between high- and low-risk LUAD patients, 
GSEA was performed using the TCGA-LUAD 
cohort (n = 440). The gene set collection “c2.
cp.kegg_legacy.v2025.1.Hs.symbols” was re- 
trieved from the Molecular Signatures Databa- 
se (MSigDB) (https://www.gsea-msigdb.org/) 
for this analysis. First, differential expression 
analysis between the high- and low-risk groups 
in the TCGA-LUAD cohort was performed using 
the “DESeq2” package (v1.40.2). This analysis 
generated log2FC values for all genes, which 
were then ranked in descending order of log2FC 
values. GSEA was subsequently conducted 
using the clusterProfiler package (v4.10.1) 
(|normalized enrichment score (NES)| > 1, P < 
0.05).

Somatic mutation and drug sensitivity analy-
ses

Somatic mutation burden data from the TCGA-
LUAD cohort (n = 440) were analyzed using the 
maftools package (v2.18.0) [39] to character-
ize mutation landscapes across high- and low-
risk groups. To further explore the predictive 

value of the risk score for chemotherapy re- 
sponsiveness, the half-maximal inhibitory con-
centration (IC50) values of a panel of thera- 
peutic agents were estimated using the pRRo-
phetic package (v0.5) [40] based on the 440 
samples. The drug sensitivity reference data 
were retrieved from the Genomics of Drug 
Sensitivity in Cancer (GDSC) database (https://
www.cancerrxgene.org/). Inter-group differenc-
es in predicted IC50 values were assessed 
using the Wilcoxon test to compare chemother-
apy responsiveness between high- and low-risk 
LUAD patients.

Processing of single-cell RNA sequencing 
(scRNA-seq) data and cell annotation

Single-cell expression data from the GSE131- 
907 dataset were retrieved and processed 
using the “Seurat” package (v5.30) [41]. Quality 
control was performed using the Percentage- 
FeatureSet function with the following criteria: 
(1) number of RNA molecules detected per cell 
(nCount_RNA): 500 < nCount_RNA < 30,000; 
(2) number of unique genes detected per cell 
(nFeature_RNA): 200 < nFeature_RNA < 5,000; 
(3) mitochondrial gene content (percent.mt): 
cells with percent.mt < 10% were retained. 
Highly variable genes (HVGs) were identified 
using the FindVariableFeatures function with 
the variance stabilization transformation (VST) 
method, and the top 2,000 HVGs were selected 
for downstream analysis. Gene expression val-
ues were normalized across all cells using the 
ScaleData function. Subsequently, principal 
component analysis (PCA) was performed on 
the 2,000 HVGs using the RunPCA function. 
The number of PCs for downstream analysis 
was selected using a combination of approa- 
ches: statistical validation using the JackStraw 
permutation test (P < 0.05) and the elbow crite-
rion (choosing PCs corresponding to the inflec-
tion point where the scree plot ‘flattens’). Then, 
an unsupervised clustering analysis was con-
ducted using the FindNeighbors and Find- 
Clusters functions on the selected PCs to de- 
fine the respective cell clusters (resolution = 
0.2). The clustering results were visualized with 
UMAP dimensionality reduction plots. Cell clus-
ters were annotated by referencing the marker 
gene information from the literature [42].

Identification of key cell populations 

A chi-squared test was performed comparing 
the proportionate distributions of annotated 
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cell types between the LUAD group and the cor-
responding control group, to identify significant 
difference in cell-type abundance. The expres-
sion patterns of prognostic genes across anno-
tated cell populations were subsequently ana-
lyzed. Based on the abundance profiles of 
differentially represented cell populations and 
the expression levels of the prognostic genes, 
cell populations that were differentially abun-
dant and exhibited consistent expression of all 
prognostic genes were designated as key cell 
populations.

Cell-cell communication and metabolic path-
way analysis

To characterize intercellular communication 
among annotated cell populations, cell-cell 
communication analysis was performed on LU- 
AD and control samples from the GSE131907 
dataset using the CellChat package (v1.6.1) 
[43]. Potential ligand-receptor interaction pairs 
were inferred to assess signaling crosstalk 
between key cell populations and other anno-
tated cells. Additionally, metabolic activity at 
the single-cell level was quantified using the 
VISION algorithm implemented in the scMetab-
olism package (v0.2.1) [44].

Functional enrichment and pseudotime trajec-
tory analyses of key cell subclusters

Key cell populations were re-clustered using 
the top PCs identified previously, with the reso-
lution parameter set to 0.1. To investigate the 
biological functions and pathways associated 
with key cell subclusters, functional enrich- 
ment analysis was performed using the Reac- 
tomeGSA package (v3.2.0) [45]. Furthermore, 
developmental trajectories of cellular states 
were reconstructed using the monocle packa- 
ge (v2.26) [46]. Pseudotime analysis was per-
formed to infer the dynamic progression of cel-
lular states across the single-cell atlas, and the 
expression dynamics of prognostic genes al- 
ong pseudotime trajectory were computation-
ally profiled.

Patient specimens

Formalin-fixed, paraffin-embedded (FFPE) LU- 
AD tissue sections used in this study were 
obtained from residual clinical specimens fol-
lowing clinical diagnosis at the Department of 
Pathology, the First Affiliated Hospital of the 
Naval Medical University. The study protocol 
was reviewed and approved by the Shanghai 

Changhai Hospital Ethics Committee (Approval 
No.: CHEC2024-109). All procedures were con-
ducted in strict compliance with the Declara- 
tion of Helsinki and relevant Chinese regula-
tions governing biomedical research ethics.

Multicolor immunofluorescence

Formalin-fixed, FFPE LUAD tissue sections were 
used for multiplex immunofluorescence (mIF) 
analysis. Tumor regions were annotated ac- 
cording to pathological evaluation and/or mat- 
ched hematoxylin and eosin (H&E) staining. 
Sections were deparaffinized, rehydrated, and 
subjected to antigen retrieval, followed by blo- 
cking of nonspecific binding. Tyramide signal 
amplification (TSA)-based sequential staining 
was performed to generate two three-color 
panels: (i) MPO + SPHK1 + DAPI and (ii) MPO + 
ASPM + DAPI. Briefly, the target antigen (SPHK1 
or ASPM) was stained first using primary anti-
body (SPHK1: Proteintech, Cat# 10670-1-AP, 
1:600; ASPM: Proteintech, Cat# 26223-1-AP, 
1:600), followed by a species-specific HRP-
conjugated secondary antibody (ABclonal, Cat# 
AS014) and subsequent TSA fluorophore depo-
sition. Antibody complexes were then stripped 
by heat-induced epitope retrieval to allow sub-
sequent staining. MPO was stained in the sec-
ond round using the same TSA workflow with  
an anti-MPO primary antibody (ZSGB-BIO, Cat# 
ZA-0197) and the corresponding HRP-conju- 
gated secondary antibody. Nuclei were coun- 
terstained with DAPI, and sections were mount-
ed for imaging. Representative images were 
acquired under identical microscope settings 
for each marker. Statistical analysis was per-
formed as described below.

Statistical analysis

Statistical analyses were performed using R 
software (version 4.3.3) and GraphPad Prism 
(version 9.5.1). The Wilcoxon rank-sum test 
was used to assess differences in gene ex- 
pression between groups. Differential expres-
sion analysis between LUAD and control sam-
ples was conducted using DESeq2 (v1.40.2), 
with thresholds set at |log2fold change| > 0.5 
and P-value < 0.05. A threshold of P < 0.05  
was considered statistically significant for  
Gene Ontology (GO) and Kyoto Encyclopedia  
of Genes and Genomes (KEGG) enrichment 
analyses. Univariate Cox regression (survival 
package, v3.8.3) was performed to identify sur-
vival-associated genes, followed by LASSO-Cox 
regression (glmnet package, v4.1.8) for feature 
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selection. A random survival forest model (ran-
domForestSRC package, v3.4.1) was subse-
quently constructed, with 1000 bootstrap ite- 
rations and mtry = 2. Multivariate Cox regres-
sion (survival package) was performed to de- 
termine independent prognostic factors.

Immune cell infiltration was quantified using 
ssGSEA (GSVA package, v1.46.0), based on 28 
predefined immune cell signatures. GSEA was 
performed using the clusterProfiler package 
(v4.10.1) with KEGG pathways (c2.cp.kegg_leg-
acy. v2025.1.Hs. symbols).

Somatic mutation analysis was conducted us- 
ing maftools package (v2.18.0), and drug sen- 
sitivity was predicted via the pRRophetic pack-
age (v0.5) based on GDSC data. All statistical 
tests were two-sided, with P < 0.05 considered 
statistically significant.

Results

Identification of CRG-related candidate genes 
and their underlying biological mechanisms in 
LUAD

Comparative transcriptome analysis between 
LUAD and control samples identified 9,404 
DEGs in LUAD (5,934 upregulated and 3,470 
downregulated genes) (Figure 1A, 1B). Inter- 
section of these DEGs with 255 CRGs further 
yielded 136 candidate genes (Figure 1C). GO 
enrichment analysis identified 925 significan- 
tly enriched terms (P < 0.05), including 684 
BPs, 132 CCs, and 109 MFs (Figure 1D and 
Table S3). Enriched BP terms included muscle 
contraction, calcium ion transport, and striated 
muscle contraction (Figure 1D); CC terms in- 
cluded myosin complex, contractile fiber, myofi-
bril, myosin filament, and sarcomere; and MF 
terms included calmodulin binding, microfila-
ment motor activity, and actin binding (Figure 
1D and Table S3). KEGG pathway analysis iden-
tified 77 significantly enriched pathways (P < 
0.05), including the calcium signaling pathway, 
cGMP-PKG signaling pathway, vascular smooth 
muscle contraction, motor proteins, and cyto-
skeleton-related pathways (Figure 1E and Table 
S4). Further, analysis of PPI network revealed 
complex functional interactions among candi-
date genes, with representative nodes includ-
ing CALML3 and NOS1 (Figure 1F). Overall, dys-
regulation of CRGs in LUAD provides critical 
information on the molecular mechanisms un- 

derlying LUAD and potential targets for diag-
nostic and therapeutic (theranostic) applica- 
tions.

Identification of independent prognostic bio-
markers for risk stratification in LUAD

Univariate Cox regression analysis and PH as- 
sumption testing identified 32 genes signifi-
cantly associated with overall survival in the 
TCGA-LUAD cohort (P < 0.05, HR ≠ 1; PH P > 
0.05) (Figure 2A1, 2A2). Notably, 15 genes 
(e.g., ARPP21) functioned as protective fa- 
ctors (HR < 1), while another 15 genes (e.g., 
PCP4) acted as risk factors (HR > 1). To refine 
the candidate genes, LASSO regression was 
applied to these survival-associated genes. 
Based on the minimum cross-validation error 
(lambda. min = 0.11293785), SPHK1 and 
ASPM retained non-zero regression coeffi-
cients, and were defined as prognostic genes 
(Figure 2B). A prognostic model was construct-
ed using the identified prognostic genes 
(SPHK1 and ASPM) to stratify patients in the 
TCGA-LUAD cohort (n = 440) into high- and  
low-risk groups. Using the optimal risk score 
cutoff (67.92034), 154 patients were classi- 
fied as high-risk and 286 as low-risk (Figure 
2C). Kaplan-Meier survival analysis demon-
strated significantly poorer overall survival  
in the high-risk group compared with the low-
risk group (P < 0.0001) (Figure 2D). Time-
dependent ROC analysis showed good predic-
tive performance, with 3-, 5-, and 7-year AUCs 
were 0.81, 0.82, and 0.83, respectively (Figure 
2E). To further validate the robustness and  
generalizability of the model, it was applied  
to the GSE50081 cohort (N = 127). Using the 
optimal cut-off specific for that cohort 
(68.42191), patients were assigned to high-
risk (n = 48) and low-risk (n = 79) groups  
(Figure 2F). The high-risk group exhibited sig-
nificantly worse overall survival (P < 0.0001) 
and a higher incidence of mortality (Figure 2G). 
The 3-, 5-, and 7-year AUCs were 0.78, 0.76, 
and 0.72, respectively (Figure 2H), indicating 
stable predictive performance across datasets. 
These findings demonstrate that SPHK1 and 
ASPM serve as robust prognostic biomarkers 
with potential clinical utility for risk stratifica-
tion in LUAD.

Risk score integrating SPHK1 and ASPM strati-
fies prognosis in LUAD

Given the reliable prognostic performance of 
the SPHK1- and ASPM-based risk model, its 
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Figure 1. Identification and functional characterization of candidate genes in LUAD. A. Volcano plot of DEGs between 
LUAD and control samples, with the top 5 up- and downregulated genes labeled. B. Heatmap showing expression 
profiles of the top 10 DEGs. C. Venn diagram intersecting DEGs with CRGs to identify candidate genes. D, E. GO and 
KEGG enrichment analyses of candidate genes. F. PPI network of candidate genes.

correlations with clinical features in LUAD 
patients were further explored. The risk score 
was significantly associated with sex and T 

stage in LUAD patients. Specifically, male LUAD 
patients exhibited significantly higher risk 
scores than female patients (P < 0.01) (Figure 
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Figure 2. Screening of prognostic genes and construction and validation of prognostic model. A. Forest plot and PH 
assumption test of univariate Cox regression. B. LASSO regression coefficient profiles and tuning parameter (lamb-
da) selection. C. Risk score and survival status regularization path plot in the TCGA-LUAD cohort. D. K-M survival 
curve in the TCGA-LUAD cohort. E. ROC curve of the risk model in the TCGA-LUAD cohort. F. Risk score distribution 
plot and survival time scatter plot in the GSE50081 cohort. G. K-M survival curve in the GSE50081 cohort. H. ROC 
curve of the risk model in the GSE50081 cohort.
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3A1). Patients with T1 tumors showed signifi-
cantly lower risk scores than those with T2  
(P < 0.01) and T3/4 (P < 0.01) tumors (Figure 
3A2). These findings suggest that the SPHK1-
ASPM-derived risk score is associated with dis-
ease progression, as it increases systematical-
ly with male sex and advancing T stage. 

To further assess its prognostic value and inde-
pendence from clinical parameters, univariate 
and multivariate Cox regression analyses were 
performed in conjunction with PH assumption 
testing. In univariate Cox regression analysis, 
risk score, stage (III vs I/II; IV vs I/II), T stage  
(T2 vs T1; T3/4 vs T1) were significantly associ-
ated with overall survival (HR ≠ 1, P < 0.05) 
(Figure 3B1). PH assumption testing confirm- 
ed that the Cox models satisfied the propor-
tional hazards assumption (Figure 3B2). Sub- 
sequent multivariate Cox analysis identified 
risk score (HR = 1.02, 95% CI: 1.02-1.03), sta- 
ge (III vs I/II) (HR = 1.99, 95% CI: 1.26-3.14), 
stage (IV vs I/II) (HR = 3.28, 95% CI: 1.67-6.44), 
and T stage (T3/T4 vs T1) (HR = 1.85, 95% CI: 
1.05-3.30) as independent prognostic factors 
(P < 0.05; PH P > 0.05) (Figure 3C1, 3C2). A 
nomogram incorporating these independent 
prognostic variables was constructed to esti-
mate individual survival probabilities (Figure 
3D). For a total score of 114 points, the esti-
mated 3-, 5-, and 7-year overall survival rates 
were 50.8%, 20.5%, and 17.0%, respectively. 
Calibration curves demonstrated good agree-
ment between predicted and observed overall 
survival probabilities (Figure 3E). Furthermore, 
time-dependent ROC analysis validated the  
discriminative capacity of the nomogram, with 
AUC values of 0.81, 0.81, and 0.85 at 3, 5,  
and 7 years, respectively (Figure 3F). These 
findings indicate that the risk score, stage, and 
T stage are independent prognostic factors for 
LUAD, and their integration into a nomogram 
provides a reliable tool for individualized sur-
vival prediction.

High-risk LUAD defined by SPHK1/ASPM dis-
plays immune infiltration remodeling and an 
immunosuppressive tumor microenvironment

Given the critical role of the tumor immune 
microenvironment in LUAD progression, im- 
mune cell infiltration patterns between the 
high- and low-risk groups were further ana-

lyzed. Evaluation of 28 immune cell subsets 
revealed relatively high enrichment scores for 
central memory CD4+ T cells and myeloid-
derived suppressor cells (MDSCs) (Figure 4A). 
Comparative analysis revealed significant vari-
ations in the infiltration of 16 immune cell types 
between the two groups: activated B cells, ac- 
tivated dendritic cells (DCs), eosinophils, im- 
mature B cells, immature DCs, mast cells, 
monocytes, plasmacytoid DCs, T follicular help-
er (Tfh) cells, and type 17 T helper (Th17) cells 
were decreased, while activated CD4+ T cells, 
effector memory CD4+ T cells, γδ T cells, mem-
ory B cells, natural killer T (NKT) cells, and type 
2 T helper (Th2) cells were increased in the 
high-risk group (P < 0.05) (Figure 4B). These 
findings indicate substantial differences 
between the high-risk and low-risk groups of 
LUAD in immune microenvironment composi-
tion, with the high-risk group exhibiting features 
consistent with an immunosuppressive pheno-
type. Correlation analysis of differentially infil-
trated immune cells demonstrated that imma-
ture B cells showed the strongest positive 
correlation with activated B cells (cor = 0.88, P < 
0.001) (Figure 4C). Additionally, the expression 
levels of SPHK1 and ASPM were significantly 
positively correlated with the infiltration of acti-
vated CD4+ T cells (ASPM: r = 0.50, P < 0.001; 
SPHK1: r = 0.47, P < 0.001) and memory B cells 
(ASPM: r = 0.49, P < 0.001; SPHK1: r = 0.37, P 
< 0.001) (Figure 4D and Table S5). Specifically, 
ASPM was also positively correlated with Th2 
cells (r = 0.36, P < 0.001) and negatively cor-
related with eosinophils (r = -0.37, P < 0.001) 
and monocytes (r = -0.32, P < 0.001). In con-
trast, SPHK1 showed the strongest positive 
correlations with NKT cells (r = 0.50, P < 0.001) 
and γδ T cells (r = 0.40, P < 0.001). In summary, 
the SPHK1- and ASPM-based prognostic signa-
ture is closely associated with immune micro-
environment remodeling and may contribute to 
LUAD progression and poor prognosis by regu-
lating the infiltration of specific immune cell 
subsets.

Immunosuppressive tumor microenvironment 
and immune checkpoint activation charac-
terize the high-risk LUAD subtype defined by 
SPHK1/ASPM dysregulation

Immune scores differed significantly between 
the high- and low-risk groups (P < 0.05), with 
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Figure 3. Correlation between risk score and clinical features and construction of prognostic nomogram. A. Box plot 
comparing risk scores between patients of different genders and T stages. B. Forest plot and PH assumption test 
of univariate Cox regression. C. Forest plot and PH assumption test of multivariate Cox regression. D. Nomogram 
predicting LUAD survival outcome. E. Calibration curve of the nomogram. F. ROC curve analysis of the nomogram.

the low-risk group exhibiting markedly higher 
immune scores (Figure 4E). This finding sug-

gests a more active immune response and 
abundant immune cell infiltration within the 
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tumor microenvironment, a characteristic that 
correlated with a favorable prognosis and po- 
tential responsiveness to immunotherapy. In 
contrast, TIDE scores were significantly higher 
in the high-risk group (P < 0.0001) and posi-
tively correlated with the risk score (R = 0.29,  
P < 0.0001) (Figure 4F). Elevated TIDE scores 
indicate increased immune evasion, suggest-
ing that the high-risk group may exhibit reduc- 
ed T-cell infiltration and impaired antitumor 
immune function. Immune checkpoint analysis 
identified 32 differentially expressed check-
point-related genes between the two groups  
(P < 0.05). Notably, HLA-DRA, CD276, PVR,  
and TDO2 were significantly upregulated in  
the low-risk tumors, whereas HLA-E, HLA-DMA, 
LGALS9, and CEACAM1 were upregulated in  
the high-risk tumors (Figure 4G). These results 
indicate distinct immune regulatory patterns 
between the two risk groups.

SPHK1/ASPM-based risk stratification is as-
sociated with cell cycle, DNA replication, and 
tumor progression-related pathways in LUAD

To investigate the potential biological mecha-
nisms underlying the prognostic model, GSEA 
was performed between high- and low-risk 
groups. A total of 42 pathways were markedly 
enriched (|NES| > 1, P <0.05), including cell 
cycle (NES = 2.36), asthma (NES = -2.20), in- 
testinal immune network for IgA production 
(NES = -2.10), DNA replication (NES = 2.08), 
p53 signaling pathway (NES = 1.57), protea-
some (NES = 1.57), regulation of actin cyto- 
skeleton (NES = 1.31), and ECM receptor inter-
action (NES = 1.47) (Figure 5A and Table S6).

SPHK1/ASPM-defined high-risk LUAD exhibits 
increased mutational burden and distinct drug 
sensitivity

To further characterize molecular differences 
between high- and low-risk patients, somatic 
mutation profiles were analyzed. In the low-risk 
group, the most frequently mutated genes 

included TP53 (45%), TTN (43%) and MUC16 
(37%). In the high-risk group, the top mutated 
genes included TP53 (65%), TTN (59%), MUC16 
(50%), and CSMD3 (50%) (Figure 5B1, 5B2). 
The unique mutation profiles between the two 
risk groups suggest greater genomic instability 
in the high-risk group, which may contribute to 
its more aggressive phenotype and poorer 
prognosis. Drug sensitivity analysis identified 
67 compounds with significantly different pre-
dicted response between the two groups (P < 
0.05) (Table S7). Among these, AZD7762 
(PLK1), BI-2536 (PLK1), docetaxel, doramapi-
mod (MAPK), and MK-1775 (CDC2) showed  
the most significant differences (P < 0.0001). 
Notably, the high-risk group exhibited increas- 
ed predicted sensitivity to doramapimod 
(Figure 5C). 

Single-cell transcriptomic profiling reveals cel-
lular heterogeneity and major cell populations 
in LUAD

To characterize the extensive cellular hetero- 
geneity in LUAD, single-cell transcriptomic pro-
filing was performed on 88,144 cells from  
LUAD and control samples derived from the 
GSE131907 dataset. After quality control fil- 
tering, 82,816 high-quality cells expressing 
27,578 unique genes were retained for down-
stream analyses (Figure S1A, S1B). A total of 
2,000 highly variable genes (HVGs), includ- 
ing representative genes such as IGLC2 and 
SCGB1A1, were identified to capture biological 
heterogeneity across cell populations (Figure 
S1C). PCA based on these HVGs yielded 30 
PCs, which captured the major sources of  
transcriptomic variation (Figure S1D). UMAP 
visualization identified 22 transcriptionally dis-
tinct cell clusters (Figure 6A). Cell type an- 
notation was based on canonical marker ge- 
nes with cluster-specific expression patterns 
(Figure 6B). For example, CD68, MARCO, and 
LYZ were highly expressed in myeloids, sup-
porting their annotation (Table 1). Ultimately, 
eight major cell populations were identified: 

Figure 4. Differences in immune cell infiltration, tumor microenvironment, TIDE score, and immune checkpoint 
expression between high- and low-risk groups. A. Relative abundance of 28 immune cell subsets between high- and 
low-risk groups. B. Differentially infiltrated immune cells between high- and low-risk groups. C. Correlation network 
among differentially infiltrated immune cells. D. Correlation plot showing associations between prognostic genes 
and differentially infiltrated immune cells. E. Comparison of immune scores between high- and low-risk groups. F. 
Comparison of TIDE scores between high- and low-risk groups and their correlation with risk scores. G. Immune 
checkpoint expression analysis between risk groups.
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Figure 5. Functional enrichment analysis, somatic mutation profiles and drug sensitivity between high- and low-risk 
groups. A. GSEA results showing significantly enriched pathways between high- and low-risk groups. B. Somatic mu-
tation landscape of the low- and high-risk groups. C. Comparison of IC50 values of the top 5 differentially sensitive 
drugs between high- and low-risk groups.

myeloids, natural killer (NK) cells, endothelial 
cells, fibroblasts, mast cells, epithelial cells, T 
lymphocytes, and B lymphocytes (Figure 6C).

Differentially abundant myeloids expressing 
SPHK1 and ASPM are identified as key cells in 
LUAD

Among the 8 annotated cell populations, B  
lymphocytes, NK cells, T lymphocytes, and 
myeloids showed marked differences in abun-
dance between LUAD and control groups 
(Figure 6D). Further comparative analysis con-
firmed that these four cell populations were dif-
ferentially abundant between groups (P < 0.05) 
(Figure 6E). Specifically, B lymphocytes and  
T lymphocytes were significantly increased in 
the LUAD group, while myeloid cells and NK 
cells were decreased. Prognostic gene expres-
sion profiling demonstrated that SPHK1 and 
ASPM were both expressed in myeloids (Figure 

6F). Based on this observation, myeloids were 
defined as the key cell populations.

Myeloids in LUAD display altered ligand-recep-
tor interactions and metabolic remodeling

To investigate alterations in intercellular com-
munication networks in LUAD, the dynamics  
of ligand-receptor interactions across the an- 
notated cells were systematically analyzed. In 
both control and LUAD groups, myeloids exhib-
ited frequent and strong interactions with fibro-
blasts and epithelial cells (Figure 7A, 7B), with 
the interaction strength between myeloids and 
fibroblasts being significantly increased in the 
LUAD samples. 

Analysis of ligand-receptor pairs indicated  
that, in the control group, epithelial-myeloid 
communication was primarily mediated by 
SCGB3A2-MARCO interactions; in the LUAD 
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Figure 6. Cell annotation of single-cell RNA sequencing data and screening of key cells. A. UMAP dimensionality 
reduction clustering plot of single-cell sequencing data from the GSE131907 dataset. B. Dotplot of marker gene 
expression in each cell cluster. C. UMAP distribution map of 8 major cell types. D. Proportion grouped bar plot of 8 
cell types between the LUAD group and the control group. E. Violin plot comparison of proportions of 8 cell types. F. 
Dotplot of the expression of prognostic genes SPHK1 and ASPM in each cell type.

group, epithelial-myeloid communication was 
predominantly mediated by the MIF-(CD74+ 
CD44) axis (P < 0.01) (Figure 7C1, 7C2), indi-
cating a shift in key signaling pathways at  
the single-cell level. Metabolic activity analy- 
sis showed that several metabolic pathways 
exhibited high activity in myeloids, including  

the citrate cycle (TCA cycle), fructose and  
mannose metabolism, glutathione metaboli- 
sm, glycolysis/gluconeogenesis, and oxidative 
phosphorylation (Figure 7D). These findings 
suggest that metabolic reprogramming may  
support the functional remodeling of myeloid 
cells in LUAD.
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Table 1. Marker genes of major cell types and their enriched cell 
clusters
Cluster marker gene Cell
0, 3, 10, 17, 21 CD68, MARCO, LYZ Myeloids
4 NKG7, GNLY, KLRD1 NK cells
12, 20 PECAM1, CLDN5, RAMP2 Endothelial cells
8 DCN, COL1A1, COL1A2 Fibroblasts
9 KIT, MS4A2, GATA2 Mast cells
7, 11, 14, 16, 18, 19 EPCAM, KRT19, CDH1, KRT18 Epithelial cells
1, 2, 5, 15 CD3D, CD3E, CD3G, TRAC T lymphocytes
6, 13 CD79A, IGHM, IGHG3, IGHA2 B lymphocytes

Myeloid subclusters in LUAD exhibit functional 
specialization, distinct differentiation trajecto-
ries, and dynamic expression of SPHK1/ASPM

To further characterize the functional heteroge-
neity of myeloids, subclustering analysis iden- 
tified 10 transcriptionally distinct subpopula-
tions: MDSC, neutrophil, monocyte-macropha- 
ge, cDCs, mast cells, monocyte, macrophage, 
pDCs and monocyte-derived DCs (Figure 8A). 
Enrichment analysis showed that these sub-
clusters were collectively enriched in 1744 
pathways (Table S8) (P < 0.05), with the top  
20 differentially enriched pathways displayed 
in Figure 8B. The analysis revealed marked  
differences in pathway enrichment profiles 
across myeloid subclusters. Specifically, path-
ways such as TWIK-related acid-sensitive K+- 
channel (TASK), proton-coupled neutral amino 
acid transporters, and Sterols are 12-hydroxyl-
ated by CYP8B1 exhibited distinct enrichment 
patterns across subclusters. Specifically, path-
ways including antigen processing and pre- 
sentation (related to adaptive immunity), adhe-
rens junction (maintaining tissue mechanical 
strength and cell polarity), and aldosterone-
regulated sodium reabsorption (regulating sys-
temic sodium balance, blood volume, and blood 
pressure stability) exhibited distinct enrich-
ment patterns across subclusters, reflecting 
the functional specialization of different mye- 
loid subclusters in LUAD. In addition, pseudo-
time trajectory analysis based on transcrip- 
tional profiling identified nine cellular states 
corresponding to progressive differentiation 
stages (Figure 8C, 8D). Mapping of the 9 sub-
clusters onto these states indicated that 
MDSCs, neutrophils and monocytes were pre-
dominantly distributed in early- to-intermediate 
stages, whereas macrophages and monocyte-

macrophages occupied inter-
mediate-to-late stages, and 
cDCs were enriched in late-
stage differentiation (Figure 
8E). Notably, the LUAD group 
exhibited a reduced propor- 
tion of myeloid cells in early  
differentiation states, suggest-
ing that disease status influ-
ences myeloid developmental 
trajectories (Figure 8F). Expre- 
ssion analysis of SPHK1 and 
ASPM along the pseudotime 
axis revealed that SPHK1 ex- 

pression gradually decreased, whereas ASPM 
showed an increasing trend during the myeloid 
differentiation (Figure 8G). Collectively, these 
findings demonstrate the functional specia- 
lization, differentiation trajectories, and dyna- 
mic regulation of prognostic genes within 
myeloid subclusters in LUAD, providing insights 
into their heterogeneous roles in tumor 
progression.

SPHK1/ASPM-marked MPO+ myeloid compart-
ment is enriched in anti-PD-1 non-responders 
in LUAD

To validate the spatial tissue-level evidence 
supporting the myeloid-associated expression 
patterns suggested by the single-cell analysis, 
TSA-based sequential multiplex immunofluo-
rescence (mIF) was performed on tumor FFPE 
sections using MPO as a myeloid marker (pri-
marily reflecting granulocytic/neutrophil-relat-
ed myeloid populations). Two three-color pan-
els were applied: (i) MPO + SPHK1 + DAPI and 
(ii) MPO + ASPM + DAPI. Representative images 
showed that SPHK1 and ASPM signals were 
detectable in a subset of MPO+ cells and ex- 
hibited partial co-localization or spatial proxim-
ity to MPO, supporting their localization with- 
in MPO+ myeloid compartments in the tumor 
microenvironment (Figure 9A, 9B).

To further evaluate the clinical relevance of this 
SPHK1/ASPM-marked MPO+ myeloid niche, an 
independent cohort of patients treated with 
anti-PD-1 therapy was analyzed and stratified 
into responders and non-responders according 
to clinical response (Figure 9C). Pretreatment 
FFPE tumor sections were subjected to TSA-
mIF using the same staining panels, and digital 
pathology quantification was performed using 
the HALO platform to assess MPO+ASPM+ and 
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Figure 7. Intercellular communication and metabolic activity analysis. A, B. Analysis of intercellular communica-
tion frequency and intensity across 8 cell types in the LUAD group and the control group. C. Analysis of ligand-
receptor pairs of myeloids in the control and LUAD groups. D. Bubble plot of high-activity metabolic pathways in 
8 cell types.
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Figure 8. Functional specialization, pseudotime differentiation, 
and dynamic expression of prognostic genes in myeloid cell sub-
clusters. A. UMAP plot of 10 myeloid subclusters. B. Heatmap 
of pathway enrichment across myeloid subclusters. C. Pseudo-
time trajectory of myeloid differentiation. D. Pseudotime trajec-
tory plot of 9 cellular states. E. Distribution of subclusters across 
pseudotime states. F. Distribution of myeloid cells along pseudo-
time in LUAD vs control groups. G. Visualization of SPHK1 and 
ASPM expression dynamics along pseudotime.

MPO+SPHK1+ co-localized cells (reported using 
a consistent output metric, e.g., counts/den- 

sity/proportion, as applicable). Notably, com-
pared with responders, non-responders ex- 
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Figure 9. TSA-mIF and HALO-based quantification in a clinical anti-PD-1 cohort. A. Representative co-localization im-
age (MPO + SPHK1 + DAPI; include a zoomed-in view; original magnification, ×20). B. Representative co-localization 
image (MPO + ASPM + DAPI; include a zoomed-in inset; original magnification, ×20). C. Schematic illustration of 
the clinical anti-PD-1-treated LUAD cohort, including patient enrollment, response stratification into pathological 
responders (R, n = 4) and non-responders (NR, n = 7), and surgical resection for tissue analysis. D. Representa-
tive images from the anti-PD-1-treated clinical cohort showing SPHK1 and MPO co-staining in responders (n = 4) 
and non-responders (n = 7) (original magnification, ×6.4). E. HALO-based quantitative analysis of MPO+SPHK1+ 
co-localized cells in responders (n = 4) versus non-responders (n = 7). F. Representative images from the anti-PD-
1-treated clinical cohort showing ASPM and MPO co-staining in responders (n = 4) and non-responders (n = 7) 
(original magnification, ×6.4). G. HALO-based quantitative analysis of MPO+ASPM+ co-localized cells in responders 
(n = 4) versus non-responders (n = 7).

hibited a significant increase in abundance  
of MPO+ASPM+ and MPO+SPHK1+ co-localized 
cells (both P < 0.05) (Figure 9D-G). Collectively, 
these findings extend the integrative evidence 
from transcriptomic and single-cell analyses to 
a clinically relevant context, suggesting that the 
SPHK1/ASPM-marked MPO+ myeloid compart-

ment is associated with poor response to PD-1 
blockade in LUAD.

Discussion

LUAD, the most prevalent subtype of NSCLC, 
poses a critical need for novel prognostic bio-
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markers due to its high incidence, mortality, 
and significant molecular heterogeneity [1, 47]. 
Calcium, the highly regulated intracellular mes-
senger, and its primary effector protein CaM 
play central roles in cancer cell proliferation, 
migration, and apoptosis [48]. However, the 
overall role of CRGs in calcium signaling within 
LUAD remains incompletely understood. In this 
study, we identified SPHK1 and ASPM as calci-
um signaling-related prognostic biomarkers in 
LUAD and constructed a risk signature based 
on these two genes. This model stratified LUAD 
patients into different survival subgroups, and 
risk score, pathological stage, and T stage were 
validated as independent adverse prognostic 
factors. Furthermore, integration of these vari-
ables with TME status enabled improved prog-
nostic assessment and potential therapeutic 
stratification. A nomogram incorporating these 
factors demonstrated robust performance in 
individualized survival prediction. Within the 
immunosuppressed TME, characterized by ele-
vated γδ T cells and upregulation of immune-
checkpoint receptors such as PD-1, high-risk 
patients exhibited substantial immune modu- 
latory alterations. Importantly, the dynamic 
expression pattern of SPHK1 downregulation 
and ASPM upregulation during cellular differen-
tiation was predominantly observed in myeloid 
cells within the TME. To validate these findings, 
multiplex immunofluorescence further demon-
strated increased enrichment of MPO+SPHK1+ 
and MPO+ASPM+ myeloid compartments in 
biopsies from patients who did not respond to 
anti-PD-1 therapy, suggesting a potential asso-
ciation between this distinct myeloid niche and 
immunotherapy resistance. In conclusion, the 
SPHK1-ASPM-based signature represents a 
promising tool for LUAD risk stratification and 
probably serves as a basis for therapeutic deci-
sion-making in LUAD.

We identified 136 candidate genes closely as- 
sociated with both LUAD and CaM. Functional 
enrichment analysis showed that these genes 
were enriched in biological processes such as 
muscle contraction, calcium ion transmem-
brane transport, and actin cytoskeleton organi-
zation, as well as molecular functions includ- 
ing CaM binding and the calcium signaling  
pathway [5, 49]. Previous reports state that  
calcium signaling and its downstream effec- 
tors play essential roles in tumor proliferation, 
migration, and therapeutic resistance, parti- 

cularly through the regulation of cytoskeletal 
remodeling and actin dynamics involved in can-
cer cell invasion and metastasis [50]. The gene 
enrichment patterns observed in our study are 
consistent with these findings, suggesting that 
LUAD cells may modulate calcium homeostasis 
and cytoskeletal organization through the iden-
tified candidate genes. 

Two prognostic genes, SPHK1 and ASPM, were 
identified in this study. SPHK1 has a recognized 
CaM-binding motif, and its activity is regulated 
by CaM. Furthermore, there is a positive feed-
back loop between SPHK1 and Ca2+ signaling 
[51], supporting its classification as a CRG. 
Functionally, SPHK1 catalyzes the production 
of the bioactive lipid, sphingosine-1-phosphate 
(S1P), thus activating multiple signaling path-
ways that promote proliferation, inhibit apopto-
sis, and enhance migration; it is widely ex- 
pressed in malignant tumors and is correlated 
with poor prognosis [52]. Mechanistically, in 
LUAD, HOXC11 directly binds to the SPHK1 pro-
moter and upregulates SPHK1 transcription, 
thereby promoting LUAD cell proliferation, mi- 
gration, and invasion [53]. In this study, SPHK1 
was significantly upregulated in LUAD tissues 
and identified as a prognostic risk factor. Pa- 
tients in high-risk group exhibited significantly 
poorer OS, consistent with previous reports. 
SPHK1 may also contribute to tumor progres-
sion through modulation of the TME. Immune 
infiltration analysis demonstrated positive cor-
relations between SPHK1 expression and ab- 
undance of NKT cells and γδ T cells, suggesting 
that SPHK1 may be involved in reshaping the 
immune microenvironment in this patient popu-
lation [54]. 

ASPM, a mitotic spindle assembly factor, pro-
motes tumor proliferation and stemness by 
modulating microtubule dynamics, cell cycle 
progression, and DNA damage repair [50]. Se- 
veral microtubule-associated proteins (MAPs) 
are known to act as downstream effectors of 
Ca2+/CaM signaling pathway, linking calcium 
signaling to cytoskeletal and cell division [49]. 
ASPM has been reported to bind CaM, function-
ing as an effector linking Ca2+/CaM signaling to 
spindle microtubule dynamics [55, 56]. This 
justifies the inclusion of ASPM in the CRGs  
from the perspective of structure and func- 
tion. Previous studies have demonstrated that 
ASPM is highly expressed in LUAD tissues  
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and is associated with increased tumor size, 
invasiveness, and poorer prognosis. Silencing 
ASPM has been shown to inhibit LUAD proli- 
feration and migration [57]. Consistent with 
these findings, in the current study, ASPM was 
identified as a prognostic risk gene associat- 
ed with adverse outcome. Immune correlation 
analysis showed that ASPM expression was 
positively correlated with Th2 cells, and nega-
tively correlated with eosinophils and mono-
cytes, suggesting a potential link between 
ASPM expression and immune microenviron-
ment remodeling. In addition, aberrant ASPM 
expression has been reported to influence 
tumor cell radiosensitivity via microtubule de- 
stabilization and chromosome missegregation 
[54].

Importantly, although both SPHK1 and ASPM 
are associated with CaM, they act via different 
pathways. Specifically, SPHK1 primarily medi-
ates lipid-calcium signaling crosstalk and is 
involved in the regulation of the inflammatory 
and immune processes within the tumor micro-
environment, with associations observed for 
NKT cells and γδ T cells. In contrast, ASPM 
modulates cell cycle and genomic stability via 
modulation of calcium-microtubule dynamics, 
potentially associated with immune features 
such as Th2 polarization and innate immune 
suppression. This functional complementarity 
likely underpins the strong predictive perfor-
mance of the combined SPHK1-ASPM risk 
model. We postulate that SPHK1 links S1P-
mediated lipid signaling to the Ca2+ pathway; 
whereas ASPM mediates calcium-associated 
regulation of cell proliferation and genomic  
stability in LUAD through the mitotic appara- 
tus and cytoskeletal dynamics. Together, these 
molecules may represent key components of 
CaM-related signaling and potential targets for 
combinatorial intervention strategies targeting 
the “lipid metabolism-calcium signal-cell cycle” 
axis. The SPHK1-ASPM-based model enables 
robust risk stratification and provides a frame-
work for further mechanistic investigation into 
CaM-related pathways in LUAD.

To further elucidate the biological basis for risk 
stratification, we compared the two risk groups 
in terms of immune microenvironment charac-
teristics, signaling pathway activity, and pre-
dicted treatment response. Immune infiltration 
analysis demonstrated higher immune scores 

and greater overall immune cell infiltration in 
the low-risk group, consistent with a lympho-
cyte-rich immune-inflammatory phenotype [58, 
59]. Specifically, activated B cells, Tfh cells, 
and plasma cells were significantly enriched in 
the low-risk group, whereas these populations 
were reduced in the high-risk group, indicative 
of disruption of the Tfh-germinal center B cell-
TLS axis, which is important for effective antitu-
mor immunity [60, 61]. In addition, eosinophils 
were enriched in the low-risk group but deplet-
ed in the high-risk group, suggesting impair-
ment of the innate immune response in high-
risk tumors [62, 63]. Reduced infiltration of 
monocytes in the high-risk group further con-
tribute to an immunosuppressive microenviron-
ment, although previous reports indicate that 
MDSCs can promote immunosuppression in 
NSCLC patients [64, 65]. Interestingly, certain 
immune cell types, such as Th2 cells, NKT cells, 
and γδ cells, were enriched in high-risk group. 
This counter-intuitive finding highlights the 
complexity of immune remodeling within the 
TME. The enrichment of Th2 cells suggests a 
shift from antitumor Th1-type immunity to- 
ward a protumor Th2-dominant response [66]. 
Meanwhile, although NKT and γδ T cells pos-
sess intrinsic antitumor potential, their incre- 
ased abundance in the high-risk group may 
reflect functional impairment or exhaustion 
within a chronically immunosuppressive TME 
[67]. TIDE analysis confirms T cell dysfunction 
in high-risk groups. Upregulation of immune 
checkpoint-related molecules, including HLA-E, 
LGALS9, CEACAM1, may facilitate immune es- 
cape, while alterations in HLA class II-related 
genes may disrupt antigen presentation. In 
contrast, higher expression of HLA-DRA, CD- 
276, PVR in the low-risk group indicates robust 
antigen presentation and controlled immune 
activation [68-71]. 

Based on the GSE131907 dataset, we con-
structed a single-cell atlas of LUAD. Analysis 
revealed an increased proportion of adaptive 
immune cells (B/T lymphocytes) and a de- 
creased proportion of innate immune cells 
(myeloid cells, NK cells) within tumor tissues, 
reflecting reprogramming of the innate immune 
compartment [72, 73]. Myeloid cells (especially 
TAMs) play a pivotal role in maintaining immune 
homeostasis and therapeutic response. In this 
context, the co-expression of SPHK1 and ASPM 
in myeloid populations represents a key biolo- 
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gical feature [74-76]. Spatial multiplex immu- 
nofluorescence confirmed the co-localization  
of SPHK1/ASPM proteins with MPO+ myeloid 
cells, validating the single-cell RNA sequencing 
findings at the tissue level. Importantly, analy-
sis of an independent cohort of patients tre- 
ated with anti-PD-1 therapy demonstrated a 
significant enrichment of MPO+ASPM+ and 
MPO+SPHK1+ myeloid cells in non-responders, 
suggesting an association between this mye- 
loid compartment and resistance to immune 
checkpoint blockade. Consistently, high-risk 
patients exhibited elevated tumor immune dys-
function scores and aberrant immune check-
point profiles (decreased HLA-DRA and incre- 
ased HLA-E) - a profile consistent with T-cell 
exclusion rather than effective T-cell activation 
[68-71]. Mechanistically, these observations 
may be linked to signaling pathways identified 
in our integrative analyses. Single-cell commu-
nication analysis identified epithelial-myeloid 
crosstalk mediated by the MIF - (CD74+CD44) 
axis, which has been implicated in the induc-
tion of immunosuppressive myeloid popula-
tions [77-79]. In parallel, metabolic profiling 
even suggested that myeloid cells simultane-
ously display glycolytic and oxidative phosph- 
orylation features, favoring their survival and 
function within hypoxic and immunosuppres-
sive tumor niches [80-82]. As MPO labels most 
granulocytic lineage cells, these findings are in 
line with emerging evidence implicating neu- 
trophil-like myeloid populations in immunosup-
pression and reduced responsiveness to im- 
mune checkpoint inhibitors [83]. Nevertheless, 
it should be emphasized that our findings are 
primarily associative rather than causal. The 
density of MPO+ASPM+/SPHK1+ myeloid cells 
may act as a potential tissue-based biomarker. 
Integration of this marker into clinical pathology 
workflows may facilitate the identification of 
patients who may benefit from myeloid-target-
ed combination therapies rather than PD-1 
inhibitor monotherapy.

This study is the first to systematically define 
the roles of CRG in LUAD by integrating large-
scale transcriptomic data with single-cell atlas-
es. We identified two core prognostic genes, 
SPHK1 and ASPM, and developed a robust risk 
stratification model. The risk score was validat-
ed as an independent prognostic factor. Multi-
dimensional analyses revealed distinct pheno-
types between risk groups. The low-risk group 

displayed immune-activated “hot tumor” fea-
tures, whereas the high-risk group exhibited  
an immunosuppressive microenvironment, en- 
hanced proliferative-related pathway activa- 
tion (e.g., cell cycle and DNA replication; NES > 
2.0), and a higher frequency of TP53 mutations 
(65%). Single-cell analysis further demonstrat-
ed co-expression of SPHK1 and ASPM in mye- 
loid cells, with opposite differentiation trajecto-
ries, suggesting their potential involvement in 
shaping the tumor microenvironment via me- 
tabolic reprogramming. Importantly, multiplex 
immunofluorescence in an anti-PD-1-treated 
cohort demonstrated selective enrichment of 
MPO+ASPM+ and MPO+SPHK1+ myeloid cells in 
non-responders, implicating an association be- 
tween this compartment and treatment resis-
tance. Collectively, our findings provide a mo- 
lecular basis for prognostic assessment and 
risk-stratified therapeutic strategies in LUAD, 
with potential implications for identifying pa- 
tients who are more likely to benefit from im- 
munotherapy. 

Several limitations should be acknowledged. 
First, the transcriptomic analyses were primar-
ily based on a single public dataset, lack- 
ing multi-center, prospective clinical validation. 
Second, the mechanistic studies largely relied 
on bioinformatic analyses and were not sup-
ported by in vitro or in vivo validation of SPHK1/
ASPM-mediated regulation of myeloid cell func-
tion. Third, the single cell analysis was also 
based on a single small-sample dataset. Future 
studies should address these gaps by incorpo-
rating larger, multi-center cohorts, functional 
validation experiments, and integrative multi-
omics approaches to enhance the robustness 
and clinical applicability of these findings. 

Conclusion

SPHK1 and ASPM can serve as key prognostic 
genes in LUAD. A risk model based on these 
genes demonstrated stable predictive perfor-
mance across independent cohorts. The risk 
score was validated as an independent prog-
nostic factor (HR = 1.02). The low-risk group 
was characterized by an immune-activated 
phenotype with enrichment of Tfhc cells and  
B cells, whereas the high-risk group exhibited  
an immunosuppressive state, elevated TIDE 
scores, and activation of proliferation-related 
pathways (NES > 2.0), along with increased 
sensitivity to cell cycle-targeting agents. 



Calmodulin-related SPHK1/ASPM drive immunosuppression in LUAD

1193	 Am J Cancer Res 2026;16(3):1171-1197

Single-cell analyses revealed co-expression of 
SPHK1 and ASPM in myeloid cells, with diver-
gent expression patterns along differentia- 
tion trajectories, suggesting their involvement 
in tumor progression through modulation of 
myeloid cell states. Notably, MPO+ASPM+ and 
MPO+SPHK1+ cells were significantly enrich- 
ed in anti-PD-1 non-responders, indicating a 
potential role of this myeloid compartment in 
both treatment response and associated poor 
prognosis.
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Figure S1. Quality control and di-
mensionality reduction workflow for 
single-cell RNA-seq data. A, B. Qual-
ity control and filtering of scRNA-seq 
data. C. Identification of top 2,000 
HVGs. D. PCA based on variance-
stabilized highly variable genes.


