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Genome-wide association, single-cell,

and spatial transcriptomics analyses reveal
the role of the STK24-expressing positive
cells in LUAD progression and the tumor
microenvironment, identifying STK24 as

a potential therapeutic target

+
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Abstract

Background Lung adenocarcinoma (LUAD), a subtype of non-small cell lung cancer (NSCLC), has high incidence and
poor prognosis. Although anti-programmed cell death protein 1 (PD1) therapy and epidermal growth factor receptor
(EGFR) inhibitors benefit some patients, many remain unresponsive. Genome-wide association studies (GWAS) can
identify risk loci, while single-cell transcriptomics enables exploration of genetic variations and mechanisms in LUAD.

Methods We integrated GWAS data from FinnGen, IEU OpenGWAS, and GWAS Catalog with single-cell and spatial
transcriptomics from GEO to investigate LUAD genetics and pathology. GWAS analyses identified SNP loci, risk
factors, LD Score, and SMR results, revealing a novel apoptosis-related locus, Serine/Threonine Kinase 24 (STK24) (SMR
P<0.05). Single-cell analysis identified STK24-positive epithelial cells (STK24posEpi) and their transcription factors
(SCENIQ), developmental trajectory (Monocle), and tumor microenvironment roles (CellCall). Spatial mapping (RCTD)
and trajectory analysis (stlearn) were combined with cell communication (CellChat), spatial signal flow (Commot),
and co-localization (Misty). Bayesian deconvolution linked STK24posEpi to TCGA-LUAD bulk transcriptomes, assessing
overall survival (OS), immune infiltration, and clinical traits. A prognostic model (STK24SuperPC, mean c-index 0.61)
was built using multiple machine learning algorithms to predict survival and immunotherapy response. Laboratory
experiments tested STK24's effects on LUAD cell proliferation and apoptosis.
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Results STK24 was identified as a LUAD risk factor (pSMR < 0.05). STK24posEpi communicated with fibroblasts,
endothelial cells, and others via MIF and PDGF pathways, and was associated with apoptosis (Importance >0.5),
metastasis (Importance > 2), DNA repair (Importance > 1), and DNA damage (Importance > 2). Located at the origin
of the trajectory, STK24posEpi correlated with poor prognosis (HR>0, P<0.05) and reduced lymphocyte infiltration
(Pearson’s r<0, P<0.05). STK24 overexpression enhanced LUAD cell proliferation, migration, and colony formation,
while reducing apoptosis, increasing BCL-2 and Caspase-3, and decreasing Cleaved-Caspase-3 expression.

Conclusions STK24, an apoptosis-related gene, promotes LUAD progression by enhancing proliferation and
inhibiting apoptosis, with STK24posEpi interacting in the tumor microenvironment through PDGF and MIF pathways.
These findings offer potential therapeutic targets and support personalized LUAD treatment strategies.

Keywords Single-cell RNA sequencing, Spatial transcriptomics, Cell apoptosis, STK24, BayesPrism, Biomarker

Introduction

Lung adenocarcinoma (LUAD) is one of the most com-
mon types of non-small cell lung cancer (NSCLC). Sta-
tistics show that lung cancer is the most common cancer
worldwide and the leading cause of cancer-related deaths
[1]. Within NSCLC, lung adenocarcinoma occupies a
considerable proportion, and its incidence has been ris-
ing in recent years [2]. Molecular characteristics and
genetic variations in lung adenocarcinoma, such as epi-
dermal growth factor receptor (EGFR) mutations, have
been widely studied, with these mutations playing a criti-
cal role in the occurrence and development of lung ade-
nocarcinoma [3]. Targeted therapies for these mutations
have become the standard treatment for patients with
EGFR mutations, significantly improving their survival
rates and quality of life [3]. Additionally, the prognosis
of lung adenocarcinoma is closely related to its histologi-
cal characteristics. Studies have shown that non-terminal
respiratory unit (non-TRU) types of lung adenocarci-
noma are associated with poorer prognosis [2]. In terms
of treatment, although options for targeted therapy and
chemotherapy continue to expand, therapeutic efficacy
remains limited for certain subtypes of lung adenocar-
cinoma, particularly those exhibiting phenotypic trans-
formation [4]. Therefore, understanding the biological
characteristics and clinical manifestations of lung adeno-
carcinoma is essential for formulating personalized treat-
ment plans [5].

Advancements in human genetics have mitigated the
risks of residual confounding and reverse causation,
while large-scale genomic analyses offer insights into
potential causal mechanisms for complex phenotypes like
LUAD [2]. This analytical approach combines techniques
such as GWAS and Mendelian randomization, which
can reveal genetic variations associated with disease and
their biological implications. Through studies with large
sample sizes, scientists can identify key proteins and
genes related to LUAD, thereby providing crucial clues
for future therapeutic targets [6]. Moreover, advances
in functional genomics have enabled researchers to gain
deeper insights into how these genetic variations affect

disease occurrence and development [7]. This approach
is not limited to LUAD but can also be applied to studies
of other complex diseases, helping to reveal underlying
biological mechanisms and therapeutic strategies [8, 9].

During apoptosis, damaged or abnormal cells are
eliminated, which maintains tissue homeostasis. Dys-
regulation of apoptotic pathways is a key factor in LUAD
tumorigenesis. Research has shown that apoptosis plays
a complex role in cancer development and progression,
as it can inhibit tumor formation but, in certain cases,
also promote tumor progression [10]. For instance, the
loss of apoptosis can lead to the survival of malignant
cells, thereby promoting tumor growth and metastasis
[11]. Additionally, cells may employ various mechanisms
to evade apoptosis, such as anoikis resistance, mito-
chondrial DNA depletion, and regulation by Cellular
FLICE-like inhibitory (c-FLIP) protein [12]. These escape
mechanisms allow tumor cells to resist treatment, adding
to the complexity of cancer therapy [13].

As a key factor in the apoptosis pathway, STK24 (ser-
ine/threonine protein kinase 24) has been found to play
an important regulatory role in various cancers. Research
shows that STK24 is highly expressed in lung adenocar-
cinoma (LUAD) and is associated with poor prognosis in
patients [14]. By regulating KLF Transcription Factor 5
(KLF5), STK24 promotes the proliferation and migration
of lung cancer cells [14]. In gastric cancer, knockdown
of STK24 increases cell migration and liver metasta-
sis, and promotes tumor progression by inhibiting the
CDHI1 gene and enhancing stemness [15]. Additionally,
STK24 may be involved in the immune regulation pro-
cess of LUAD, making it a potential therapeutic target
[14]. In tumor immune evasion, STK24 exerts its effect
through the AKT-PD-L1 axis [16]. The deletion of STK24
leads to a significant reduction in tumor growth, a pro-
cess that depends on cytotoxic CD8+T cells and NK
cells. STK24 binds with AKT and directly phosphory-
lates AKT, promoting the induction of PD-L1. Inhibit-
ing STK24 can significantly enhance the effectiveness
of anti-PD-1 blockade therapy [16]. In non-small cell
lung cancer (NSCLC), STK24 induces tumorigenesis by
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regulating the STAT3/VEGFA signaling pathway [17].
The high expression of STK24 is positively correlated
with the proliferation, migration, invasion, and tumor
angiogenesis capacity of cancer cells. Inhibiting STK24
can significantly suppress tumor progression and angio-
genesis [17]. Moreover, the expression of STK24 is reg-
ulated by DNA copy number and methylation [18]. In
lung adenocarcinoma, abnormal expression of STK24 is
an independent indicator of poor prognosis, with dys-
regulation associated with changes in DNA copy num-
ber and methylation [18]. Finally, the interaction network
between STK24 and Cerebral Cavernous Malformations
3 Protein (CCM3) plays an important role in the vesicle
exocytosis of neutrophils [19]. STK24 inhibits exocy-
tosis by competing with the lipid-binding C2B domain
of UNC13D, while CCM3 reversely regulates STK24-
mediated inhibition of exocytosis through its calcium-
sensitive interaction with the C2A domain of UNC13D
[19]. In conclusion, STK24 plays a crucial role in various
cancers through multiple mechanisms. A deeper under-
standing of its regulatory network may provide new strat-
egies for cancer treatment.

We conducted a meta-analysis of GWAS for LUAD, as
well as risk factor identification and new locus analysis
for LUAD. We found that STK24, associated with apop-
tosis, showed significant co-localization with LUAD and
was positively correlated with LUAD, suggesting that
STK24 is a risk gene for LUAD. Subsequently, we used
single-cell transcriptomics to classify tumor cells based
on STK24 expression, defining STK24-positive epi-
thelial cells (STK24posEpi), and further analyzed their
heterogeneity, functional status, and role in the tumor
microenvironment. By integrating spatial transcrip-
tomics with deconvolution techniques, we analyzed the
spatial distribution characteristics, cell communication,
signaling flows, and spatial evolutionary trajectories of
STK24posEpi, validating these findings with single-cell
transcriptomic analysis. Additionally, we explored the
relationship of STK24posEpi with clinical features such
as tumor staging and grading through Bayesian deconvo-
lution counting, and developed a prognostic model based
on deep learning algorithms using the characteristic
genes of STK24posEpi.

The objective of this study is to determine the role of
STK24 as a risk gene in LUAD through GWAS analy-
sis, explore its cellular and molecular mechanisms using
single-cell transcriptomics, and analyze the spatial dis-
tribution and role of STK24-positive epithelial cells
(STK24posEpi) in the tumor microenvironment using
spatial transcriptomics. We also aim to validate these
findings through laboratory experiments and ultimately
develop a prognostic model based on the characteristics
of STK24posEpi by analyzing its correlation with clinical
features.
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Methods and materials

LUAD genome-wide association study

We conducted a fixed-effects inverse-variance weighted
meta-analysis on LUAD utilizing data from the published
studies GCST004744 (n=66,756), finn-b-C3_NSCLC_
ADENO (n=218,792), and ieu-a-984 (n=65,864),
encompassing a total sample size of 351,412 individuals.
The analysis was performed using the METAL software
[20]. Variants with a minor allele frequency (MAF) of less
than 0.5% were excluded, yielding a total of 10,227,138
associations. Annotation of our results was conducted
using FUMA [21] with its default settings. Following the
standard parameters of FUMA, distinct variants were
characterized by an R? value of less than 0.001. Associa-
tions were identified as being more than 500 kilobases
away from any previously reported indexed variant in
datasets GCST004744, finn-b-C3_NSCLC_ADENO, and
ieu-a-984. Prior research [22] led us to identify the gene
closest to an indexed variant and the gene identified by
POPS as the top gene for GWAS-significant loci. With
Ensembl genes within a 500 kb window, we chose the
gene with the highest PoP score as the prioritized gene.
We then performed enrichment analysis with Metascope
on all genes suggested by the nearest gene and PoPs.

Risk factors associated with LUAD GWAS variants

For genetic variants meeting the GWAS threshold for
LUAD (P<5x10-8), we assessed genetic associations
with six LUAD risk factors using data from the IEU
OpenGWAS project [23] and the NHGRI-EBI GWAS
Catalog. These risk factors include: tuberculosis (TB)
[23], smoking [24], Idiopathic pulmonary fibrosis (IPF)
[25], COPD (chronic obstructive pulmonary disease)
[23], Worked with materials containing asbestos (Asbes-
tos) [26], and Nitrogen oxides air pollution (Airpollution)
[23].

SMR analysis was conducted to identify LUAD-related
pathogenic genes

The SMR analysis is described in detail by Zhu et al. [27].
In our study, we used eQTL data from lung tissue in the
GTEx database as our eQTL dataset. SMR and HEIDI
tests assessed cis-eQTL enrichment in LUAD, with a
genome-wide significance threshold of PSMR<0.05 for
SMR detection. A PHEIDI>0.05 indicated no gene het-
erogeneity. SMR analysis utilized SMR software.

LD (linkage disequilibrium) score regression

Utilizing European LD scores from 1000 Genomes Proj-
ect Phase 3 for HapMap2 SNPs, we assessed genetic cor-
relations between lung adenocarcinoma and six lung
cancer-related traits using LD Score regression [28]. A
standardized association statistics program (MungeSum-
stats) was used [29].
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Data acquisition

The scRNA-seq datasets (GSE127465, GSE131907,
GSE149655, and GSE148071) and bulk transcriptome
data (GSE31210, GSE37745, GSE41271, GSE68465,
GSE72094, GSE42127, GSE72094, GSE11969) were
obtained from the GEO database. Bulk transcriptome
data TCGA-LUAD were obtained from the UCSC Xena
database. Spatial transcriptomics data (E-MTAB-13530)
were obtained from the ArrayExpress database. GWAS
data for GCST004744 were obtained from the GWAS
Catalog database. GWAS data for ieu-a-984 were
obtained from the OpenGWAS database. GWAS data
for finn-b-C3_NSCLC_ADENO were obtained from the
FinnGen database (R9).

scRNA-seq analysis

A scRNA-seq dataset was processed using Seurat R [30].
The following quality exclusion demand were carried
out: (a) genes detected in less than three cells, (b) cells
expressing less than 50 genes in total, and (c) cells hav-
ing>5% of mitochondria-expressed gene. The data were
normalized using the SCTransform method. Harmony
was used to correct batch effects and integrate Seurat
objects [31]. The expression matrix dimensionality was
reduced using principal component analysis (PCA),
focusing on the top 2,000 highly variable genes, which
were selected using the FindVariableFeatures function
(selection.method ="vst"). The optimal number of dimen-
sions, based on the standard deviations shown in the
ElbowPlot function, was used as the input for the Find-
Neighbors function (dims =15). Cluster analysis was per-
formed using the FindClusters function with a resolution
of 1.5, which computes the nearest neighbors. Unsuper-
vised clustering was conducted and visualized using Uni-
form Manifold Approximation and Projection (UMAP)
[32]. Cluster annotations were determined based on the
expression of canonical markers. Meanwhile, cell-cycle
scores were meticulously calculated using Seurat’s Cell-
CycleScoring function.

Recognition of cell type

Cell cluster-based differential expression analysis was
deployed on all genes using the FindAllMarkers function
of Seurat to screen the marker genes intrinsic to each
cluster [30]. Adjusted P value <0.05, the absolute value of
the log, (fold change, FC) >0.25, and expression percent-
age>0.25 were deemed as thresholds. As well as finding
and annotating diverse cell subclusters according to com-
position patterns, the singleR package identified a vari-
ety of cell subclusters. All results were manually verified,
rectified, and corroborated according to the CellMarker
database.
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Cell to cell communication analysis

CellCall is a toolkit designed to infer intercellular com-
munication networks and internal regulatory signals by
integrating both intracellular and intercellular signals
[33]. (1) CellCall collects ligand-receptor-transcription
factor (L-R-TF) axis data based on the KEGG pathway
dataset. (2) By using prior knowledge of L-R-TF inter-
actions, CellCall infers intercellular communication by
combining the expression of ligands/receptors and the
activity of downstream transcription factors of certain
L-R pairs. (3) CellCall incorporates a pathway activ-
ity analysis method to identify key pathways involved in
communication between certain cell types. (4) CellCall
offers a rich set of visualization options (e.g., Circos plot,
Sankey plot, bubble plot) to visually present the results of
intercellular communication.

Single-cell trajectory construction

Using the Monocle2 R package (v2.26.0), trajectory
analyses were conducted at single-cell level, assum-
ing that a unidimensional ‘time’ parameter would reveal
high-dimensional expression values to explain cell state
transitions [34]. To establish an object (expressionFam-
ily=negbinomial.size), epithelial cell subclusters were
incorporated into the R computational condition. Based
on Monocle2, mean_expression and dispersion_empiri-
cal were used to categorize cellular types in a pseudo-
time sequence based on the dispersion_fit. Indexes were
condensed using the reduceDimension() function with
parameters reduction_method ="DDRTree" and max_
components=2, and the plot_cell_trajectory visualiza-
tion function was used to display the minimum spanning
tree on cells. Genes with pseudotime-related variations
were identified using the "differential GeneTest" function
(g-val<10-5) and displayed on the plot_pseudotime_
heatmap. These genes were also categorized into sub-
groups based on their expression patterns.

Single-cell regulatory network inference and clustering
(SCENIC) of transcription factors (TFs)

The SCENIC algorithm [35] is crafted to analyze regu-
latory frameworks linked to TFs and identify regulons
of TFs and their target genes. It uses a log-normalized
expression matrix from Seurat, with genes and cells
in columns, as input. A motif dataset (hgl9-tss-cen-
tered-10 kb-7species.mc9nr.feather) is then used to
identify suitable regulons for each TF, which are then
correlated with potential targets via Spearman’s correla-
tion. The "runSCENIC" method was then used to build
Gene Regulatory Networks, or regulons. Finally, AUCell
software evaluated regulon activity, using a default
threshold to represent TF states: ‘0’ for ‘off” and ‘1’ for ‘on!
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Cellular trajectory reconstruction (CytoTRACE) analysis

The Cellular (Cyto) Trajectory Reconstruction Analysis
using gene Counts and Expression (CytoTRACE) tool
represents a modern approach to scRNA-Seq data analy-
sis, facilitating the simplification and quantification of
gene expression levels that are related to gene counts.
It gives each cell a stemness score, effectively predict-
ing differentiation states and surpassing earlier methods
in large datasets [36]. Using the CytoTRACE R package
version 0.3.3, tumor cell scores were calculated on a scale
from O to 1, where higher scores suggest increased stem-
ness and lower scores suggest decreased stemness.

Spatial transcriptome analysis

The spatial transcriptomics (ST) data was handled and
illustrated using Seurat R package. We deleted the genes
related to mitochondria, ribosomes, and red blood cells,
as well as genes with expression levels of less than 10
spots. The data was then normalized using the SCTrans-
form technique, followed by dimensionality reduction
using Principal Component Analysis (PCA). We used
FindClusters and hematoxylin—eosin (HE) staining to
select the appropriate number of cell clusters, and the
clusters were visualized using RunUMAP. Annotations
of cell populations were based on HE staining sections
and genes that vary by cluster. The ST data was analyzed
using SpatialDimPlot and SpatialFeaturePlot functions.

Analysis of ST data using RCTD

Using RCTD (Robust cell type decomposition), cell
types from the reference scRNA-seq dataset were com-
pared with the ST data [37]. The identification of unique
marker genes for each cell type was facilitated through
the application of Seurat function FindAllMarkers, with
the analysis limited to markers demonstrating positive
log2-transformed fold changes. In addition, we adhered
strictly to the standard RCTD analysis pathway, focusing
on both the reference and Visium ST data in full doublet
mode.

Spatial data functional information estimation

For individual sites, signaling pathway engagements were
estimated using Pathway RespOnsive GENes for activity
inference’s (PROGENYy) [38, 39] model matrix (v1.7-1),
based on the top 1000 genes from each transcriptional
dataset and the normalized data.

Dependencies between cells on a spatial map

The Multiview Intercellular SpaTial modeling framework
(MISTy) [40] code was used in mistyR (v1.14.0) for esti-
mating how the preponderance of primary cell subtypes
effects the presence of other cell types. Our model was
based on three spatial contexts: (i) Assessing correla-
tions among deconvolution estimates in a specific area,
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(ii) a juxta view gathering observable deconvolution esti-
mates from nearby neighbors (up to 5 units away), and
(iii) a para view assigning weight to deconvolution esti-
mates from more distant neighbors (within 15 units). In
contrast, the median standardized importance of each
perspective across slides was interpreted as depending on
cell types in different spatial contexts, such as colocaliza-
tion or mutual exclusion, without implying a causal rela-
tionship. Predictors with an R? below 10% were excluded
before aggregation for each slide.

A MISTy model was established to display the distribu-
tion of PROGENYy pathway activity scores, aiming to link
tissue structure with functional traits. The analysis meth-
ods were as described in previous literature [41].

Analyzing spatial trajectory

Using stLearn and PAGA (Partition-based graph abstrac-
tion) trajectory analysis on SME-normalized data, the
pseudotime trajectory was determined to identify links
within subclusters [42]. The advancement of malignancy
across the sections was represented using a pseudotime
spatial trajectory algorithm, thereby distinguishing con-
nections amid the sub-clusters at spatial and transcrip-
tional level.

Deconvolution analysis with BayesPrism

We performed deconvolution analysis using BayesPrism
[43], a Bayesian modeling framework designed for cell
type composition estimation. BayesPrism leverages
single-cell RNA-seq data to generate cell type-specific
signatures, allowing for accurate decomposition of bulk
RNA-seq samples into distinct cellular components.
Count data or TPM data were used for the TCGA-LUAD
dataset and GEO dataset, respectively, to ensure consis-
tency.For single-cell reference data, stringent quality con-
trol steps were applied, including filtering for low-quality
cells, doublets, and other artifacts. A reference matrix
was constructed from the single-cell RNA-seq data by
aggregating cell type-specific gene expression profiles.
Genes with high cell type specificity were prioritized to
enhance deconvolution accuracy. Additionally, batch
effect corrections were applied as necessary to mitigate
any biases introduced by differences across datasets.
BayesPrism was employed to perform the deconvolution,
using the single-cell reference as a guide. The param-
eters were optimized to maximize the robustness of cell
type proportion estimates across different cohorts. For
each sample, BayesPrism produced posterior estimates
of cell type proportions. The deconvolution results from
TCGA-LUAD and GEO datasets were integrated and
analyzed to assess the consistency of cell type distribu-
tions across the cohorts. Differences in cell type propor-
tions between LUAD samples and normal controls were
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statistically evaluated to identify cell types potentially
involved in LUAD pathogenesis.

Machine learning algorithms

The method for establishing the prognostic model was as
described in previous literature [44]. In addition, we used
timeROC to evaluate the predictive performance of the
model and performed survival analysis using the survival
package.

Immunotherapy and potential drug prediction

The Tumor Immune Dysfunction and Exclusion (TIDE)
algorithm was used to predict immunotherapy outcomes
in a large transcriptomic cohort. The datasets CTRP
(Cancer Therapeutics Response Portal) and PRISM (pro-
filing relative inhibition simultaneously in mixtures) were
used to gather drug sensitivity data for cancer cell lines.

Cell culture

In RPMI 1640 medium supplemented with 10% fetal
bovine serum (FBS; HyClone), A549 and PC9 cells were
obtained from the Cell Bank of the Chinese Academy of
Sciences (Shanghai) and cultured under tightly controlled
conditions of 5% CO, at 37 °C.

Establishment of STK24-overexpressing cell lines

To overexpress STK24 expression, the full-length cDNA
sequence of STK24 was amplified by PCR and then sub-
cloned into pLVX vector (GenePharma), termed pLVX
-STK24. The empty pLVX vector was used in control
group. A549 and PC9 cells were transfected with pLVX-
STK24-Puro and pLVX-Vector-Puro plasmids using
Lipofectamine 3000. After 48 h of transfection, cells were
selected with 10 pg/mL puromycin at a 1:1000 dilution
ratio. Western blotting was then used to assess STK24
expression in various monoclonal cultures.

Cell viability assay

We performed digestion of adherent tumor cells (with
0.25% trypsin (Trypsin, Gibco) for 1 min, terminated by
adding complete RPMI 1640 medium (supplemented
with 10% fetal bovine serum)), collected the cells into
a centrifuge tube, centrifuged, and counted the cells.
Finally, we seeded the cells into a 96-well plate at a den-
sity of 2000-3000 cells per well. Additionally, according
to the manufacturer’s instructions, we assess cell viabil-
ity using the Cell Counting Kit-8 (APExBIO, USA) at 24,
48, 72, and 96 h. For these treated cells, a concentration
gradient of 0, 2, 4, 6, 8, 10, and 12 pg/mL of the drug is
used for analysis. This systematic approach allows for the
accurate monitoring of cell proliferation over time.
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Western blotting (WB)

Cells are carefully lysed in an ice-cold buffer, meticu-
lously formulated with both phosphatase and protease
inhibitors to preserve the integrity of the proteins. To
determine the protein concentration, the BCA assay is
employed, providing a reliable measure of protein levels.
Next, the proteins are resolved using a 4—12% SDS-PAGE
gradient, enabling their separation based on size, and are
subsequently transferred to a PVDF membrane for fur-
ther analysis. Once on the membrane, a blocking step is
performed to prevent nonspecific binding, followed by
two rounds of incubation with specific antibodies, ensur-
ing the precision of the detection. The immunoreactive
proteins are then visualized through a chemilumines-
cence solution, enabling the clear identification of the
target proteins. The antibodies utilized in this experi-
ment include anti-STK24 (Solarbio, K002053P, at a dilu-
tion of 1:1000), anti-Caspase-3 (Abmart, M005851, also
at 1:1000), anti-Cleaved Caspase-3 (Abmart, MB0711, at
1:1000), anti-BCL-2 (Solarbio, K003505P, diluted 1:1000),
and the ubiquitous anti-B-actin (Santa, sc-58673, 1:1000).
Each of these antibodies plays a pivotal role in detecting
the desired proteins, contributing to the precision of the
immunoblotting procedure.

Transwell assays

To assess cellular migration, the Boyden chamber, fea-
turing 8-um pores, was employed. In this experiment, a
suspension of 1x 10° A549 and PC9 cells was introduced
into the upper compartment of the chamber, where they
were bathed in 200 pL of serum-free medium. Mean-
while, the lower chamber was filled with a nutrient-rich
medium supplemented with 10% fetal bovine serum
(EBS), providing a contrasting environment. After a
precise incubation period of 24 h, the cells underwent
fixation and staining, preparing them for quantification.
Migration was then assessed by counting the number
of cells that had traversed the porous membrane, with
data collected from six randomly selected fields under a
microscope.

The 5-ethynyl-2'-deoxyuridine (EdU) assay

After transfection, cells were seeded into 24-well plates
(5% 10* cells per well) and cultured overnight in an incu-
bator at 37 °C. Cell proliferation was assessed using the
BeyoClick EAU Cell Proliferation Kit with Alexa Fluor
488 according to the manufacturer’s protocol. Prolifer-
ating cells (EdU-positive) were identified by green fluo-
rescence through Azide 488 staining, while all cell nuclei
were counterstained blue with Hoechst 33,342. Three
randomly selected microscopic fields were captured for
analysis to ensure representative sampling. The EdU-
positive rate was calculated as: (Number of EdU-positive
cells / Total number of cells) x 100%.
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Immunofluorescence staining

Cells were meticulously cultured on 18-mm coverslips,
where they were left undisturbed to acclimate overnight
in an incubator at 37 °C. Once sufficiently stabilized, the
slides underwent a blocking step using 5% bovine serum
albumin, effectively reducing nonspecific binding. Next,
the cells were incubated with the primary antibody,
which was followed by a subsequent incubation with sec-
ondary antibodies, each conjugated with a fluorescent
label, to ensure precise and vivid detection. To illumi-
nate the cell nuclei, DAPI (Thermo) was applied, staining
them in striking contrast. Images were then meticulously
captured with the LSM 880 laser scanning microscope
(Zeiss), ensuring the clearest, most detailed visual repre-
sentation. The primary antibody, chosen for its specific-
ity and reliability, was the anti-BCL-2 (Abmart, T40056,
1:200), playing a critical role in targeting and visualizing
the desired protein.

Colony formation assay

To evaluate the colony-forming ability of cells, we care-
fully seeded 800 to 1,000 cells per well in 6-well plates and
cultured them in an incubator at 37 °C for 10—14 days to
allow colony formation. After incubation, the colonies
were fixed with methanol for 15-30 min to preserve their
structures, then stained with 0.1% crystal violet solu-
tion for 15 min to enhance visibility. Manual counting of
stained colonies was performed to quantitatively assess
cell proliferation and colony-forming capacity under spe-
cific experimental conditions.

Apoptosis assay

Cells were cultured overnight in complete medium at
37 °C in a 5% CO, incubator. The cells, both adherent
and suspended, were subsequently harvested. Prior to
the analysis, they underwent a washing step with ice-
cold PBS to ensure optimal conditions for further pro-
cessing. The next critical step in the procedure involved
staining the cells with Annexin V-FITC and Propidium
Iodide (PI), two vital markers for distinguishing apoptotic
cells from healthy ones. Annexin V-FITC binds to phos-
phatidylserine, which translocates to the outer leaflet
of the plasma membrane during early apoptosis. PI, on
the other hand, enters the cell only when the membrane
integrity is compromised, marking late-stage apoptosis
or necrosis. To assess the extent of apoptosis, we utilized
a FACS flow cytometer, a sophisticated tool capable of
detecting the fluorescence signals emitted by both the
Annexin V and PI markers. Cells that displayed positivity
for both markers were classified as apoptotic, offering a
detailed analysis of the cellular demise process. Crucially,
to ensure the reliability and reproducibility of the results,
all experiments were meticulously repeated three times,
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guaranteeing that the data collected would be robust and
statistically significant.

Statistical analysis

The results are presented as the mean, accompanied
by the standard deviation. In order to assess the differ-
ences in categorical variables, the chi-squared test was
employed, with a significance threshold set at a P value of
less than 0.05. To account for the multiple comparisons
made, the P values were adjusted using the Benjamini—
Hochberg procedure, ensuring greater accuracy. All
analyses, as well as graphical representations, were gen-
erated using R software, version 4.4.2. All experiments
were performed with at least three biological replicates
to ensure the reliability and reproducibility of the results
and results were analyzed using the t-test to assess statis-
tical significance.

Results

Genome-wide meta-analysis identifies STK24 as a risk gene
for LUAD

The workflow of our study design is shown in Fig. 1. First,
we conducted a meta-analysis of LUAD genome-wide
association results from three studies: ebi-a-GCST004744
(ncases =11,273; ncontrols = 55,483), finn-b-C3_NSCLC_
ADENO (ncases=571; ncontrols=218,221), and ieu-a-
984 (ncases =11,245; ncontrols =54,619) (Fig. 2A). After
quality control, we obtained 10,227,138 gene variants
associated with LUAD. Supplementary Fig. 1 presents
the quantile—quantile (Q-Q) plot of the meta-analysis.
We observed 69 genome-wide significant signals asso-
ciated with LUAD that are distinct from those reported
in the three prior studies (Fig. 2B and Supplementary
Table 2). Based on a 500 KB region around each index
SNP (Supplementary Table 2), we identified the gene
closest to the index SNP and the gene with the highest
priority score (PoPS). For all genes indicated by proxim-
ity and PoPS, we performed enrichment analysis using
Metascope (Fig. 2C), and found that GO:0043065: posi-
tive regulation of apoptotic process was enriched, along
with other relevant pathways such as R-HSA-380108:
chemokine receptors bind chemokines, GO:0006954:
inflammatory response, and R-HSA-1280215: cyto-
kine signaling in the immune system. Among the 69
novel loci, none were associated with tuberculosis (TB),
but 9 loci were related to smoking (rs10846701/UBC,
rs11255971/IL2RA, rs114965893/TACC3, rs117355568/
RPA3, rs1800057/ATM, rs2023689/PIK3CG, rs3127545/
TNFRSF14, rs4757381/IFITM3, rs62155733/IL1R1), and
3 loci were related to air pollution (rs11639926/PLCG2,
rs1985385/IRF4, rs78323695/IRF4) (Fig. 2D-E, Supple-
mentary Table 3). We then conducted a genetic correla-
tion analysis of LUAD and its risk factors, finding that air
pollution (rg=0.161, P value = 0.033), smoking (rg=0.312,
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Fig. 2 Genome-wide meta-analysis identifies STK24 as a risk gene for LUAD. A Dataset and analysis schematic. B Manhattan plots displaying LUAD
associations from a GWAS meta-analysis of 307,196 individuals. C Bar chart displaying the enrichment analysis of pathways related to newly identified
loci genes. D Plots showing genetic associations of 68 LUAD loci with risk factors for LUAD (red circles indicate P<0.05). E Bubble plot annotating genes
with P<0.05 against LUAD-related risk factors. F Genetic associations between LUAD and various risk factors (n=456,380 for air pollution, n=106,915 for
asbestos, n=112,583 for COPD, n=1,254,748 for IPF, n=518,633 for smoking, n=462,933 for tuberculosis (TB)). The error bars’ center shows the genetic
association’s effect estimate (beta coefficient) between loci and trait, with the bars representing the 95% confidence interval. All tests were two-sided and
unadjusted for multiple comparisons. G SMR analysis co-localization plot for STK24. (H) SMR analysis correlation plot for STK24.

P value=0.000), and tuberculosis (TB) (rg=0.766, P
value=0.017) were positively correlated with LUAD.
No significant associations were found between LUAD
and asbestos, chronic obstructive pulmonary disease
(COPD), or idiopathic pulmonary fibrosis (IPF). We
then performed SMR analysis of the LUAD-meta GWAS
cohort using lung tissue-specific expression quantitative
trait locus (eQTL) from the Genotype-Tissue Expression
(GTEx) database (Supplementary Table 4) and inter-
sected the results with apoptosis-related genes (as shown
in the workflow in Fig. 2A). We found that STK24 exhib-
ited significant colocalization with LUAD and was posi-
tively associated with LUAD, indicating that STK24 is a
risk gene for LUAD (Fig. 2G—H).

Elevated expression of STK24 in LUAD epithelial cells

By integrating four single-cell LUAD cohorts (Supple-
mentary Fig. 2), we explored STK24 expression in LUAD.
After removing batch effects, we performed dimension-
ality reduction, clustering, and cell annotation (Fig. 3A).
We found that STK24 was highly expressed in epithe-
lial cells, macrophages, and monocytes, with signifi-
cantly higher STK24 expression in epithelial cells from
tumor tissues compared to normal tissues (Fig. 3B, C).
The research concentrated on the function of tumor
epithelial cells in LUAD, thus we solely analyzed STK24
expression in these cells. We employed the Cottrazm R
package to examine the specificity of STK24 expression
in tumor tissues by identifying and characterizing benign
and malignant areas in spatial transcriptomics (Supple-
mentary Fig. 3A—-E). STK24 expression was elevated in
malignant tissues relative to benign tissues (Fig. 3D, E).
In both paired and unpaired data from the TCGA-LUAD
cohort, STK24 expression was higher in tumor tissues
compared to normal tissues (Fig. 3F, Supplementary
Fig. 3F). Immunohistochemical staining from the Human
Protein Atlas (HPA) database showed stronger STK24
staining in tumor tissues compared to normal tissues
(Fig. 3G). These conclusions were further confirmed in
validation cohorts (Supplementary Fig. 3G—H). Subse-
quently, we performed univariate and multivariate Cox
analyses to evaluate the clinical significance of STK24.
In five different bulk cohorts, univariate survival analysis
indicated that STK24, T stage, and stage were associated
with LUAD survival and were identified as risk fac-
tors (HR>1). Multivariate Cox survival analysis further
demonstrated that STK24 is an independent risk factor

for LUAD, independent of traditional clinical variables
(Fig. 3H).

Based on expression levels, epithelial cells were divided
into two groups (STK24 group): STK24-positive (STK-
24posEpi) and STK24-negative (STK24negEpi) (Fig. 4A).
First, we analyzed the malignancy of the STK24 group
using infercnv (Supplementary Fig. 4), dividing epithelial
cells into seven clusters. Clusters 2, 4, and 5 had higher
copy number variant (CNV) scores, and we found that
the CNV score of STK24posEpi was higher than that of
STK24negEpi in cluster 2, with STK24posEpi showing
copy number variations (CNVs) primarily in chrl3q_
gain, chré6q_gain, and chr19q_gain (Fig. 4B). Subsequent
Gene Ontology—Biological Process (GO-BP) and Reac-
tome pathway enrichment analysis showed upregulation
of pathways related to cell differentiation, cell migration,
and glycosylation in STK24posEpi, including epider-
mal cell differentiation, regulation of cell migration, and
O-linked glycosylation (Fig. 4C). Further transcriptional
regulatory analysis in LUAD epithelial cells was con-
ducted to explore the internal mechanisms driving path-
way activation. Through connectivity specificity index
evaluation, six transcriptional modules were identified
(Fig. 4D). STK24posEpi scored higher in module 2, while
STK24negEpi scored higher in module 6 (Fig. 4E, F).
Transcription factor activity analysis showed enhanced
activity of key genes in module 2, such as KLF9, MAZ,
THAP1, KDM5B, ZNF740, ELF1, FOXK2, and ZNF384
in STK24posEpi (Fig. 4G). Research has shown that KLF9
suppresses gastric cancer cell invasion and metastasis
[45] and suppresses cell growth and induces apoptosis in
prostate cancer [46, 47]. In lung cancer, ELF1 suppresses
autophagy to reduce cisplatin resistance [48]. THAP1
has been identified as a nuclear pro-apoptotic factor that
links prostate apoptosis response-4 (Par-4) with PML
nuclear bodies [49]. KDM5B has also been linked to
apoptosis [50, 51].

STK24posEpi: unveiling the origin of epithelial cells in
LUAD patients

We used the CytoTRACE algorithm to find that STK-
24posEpi showed higher tumor stemness scores
(Fig. 5A-C), indicating its position at the origin in the
developmental hierarchy. The developmental trajec-
tory predicted by the Monocle algorithm revealed a
gradual decrease in the proportion of STK24posEpi cells
as pseudotime progressed (Fig. 5D, E). We analyzed the
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differential genes across different developmental clusters
in the trajectory (Fig. 5F). Early development was primar-
ily characterized by the expression of NUPR1, FABPS5,
LAMP3, and PGC, while later stages showed the expres-
sion of STK24, TGM2, and TFF1. We further performed
pseudotime analysis on tumor-associated pathways. We
found that epithelial-mesenchymal transition (EMT),
angiogenesis (ANG), DNA damage repair (DNA), the
phosphatidylinositol 3-kinase (PI3K) pathway, apop-
tosis (APO), and Wnt signaling (WNT) exhibited an
upward trend throughout pseudotime (Fig. 5G). Notably,
STK24posEpi displayed higher tumor-related features
throughout the entire pseudotime continuum when com-
pared to STK24negEpi.

Subsequently, we employed the RCTD deconvolution
method and the stlearn spatial trajectory algorithm to
analyze the spatial transcriptomics data (Fig. 6A). Using
the RCTD deconvolution approach, distinct cell types
from the single-cell dataset were mapped onto the spa-
tial transcriptomics data (Fig. 6B—D, Supplementary
Fig. 5A, E). Through the stlearn algorithm, we identified
an evolutionary trajectory from STK24posEpi to STK-
24negEpi within the spatial transcriptome. The trajectory
tree further elucidated the developmental relationships
among individual cell clusters (Fig. 6E—], Supplementary
Fig. 5B-C, F-G). Lastly, a robust correlation emerged
between STK24 expression and the enrichment scores
of genes involved in the trajectory’s evolutionary path
(Fig. 6K-M, Supplementary Fig. 5D, H). In conclusion,
STK24posEpi is a key origin of epithelial cell develop-
ment in LUAD tumors and drives associated tumor-
related states/pathways along its trajectory.

STK24posEpi interaction with fibroblasts: a complex
network unveiled
Our study revealed significant cell-cell communication
interactions between STK24posEpi cells and fibroblasts
(Fig. 7A). The core pathways mediating these interactions
included the Hippo signaling pathway, estrogen signaling
pathway, endocrine resistance, focal adhesion, and resis-
tance to EGFR tyrosine kinase inhibitors (Fig. 7B). Fur-
thermore, we identified several key ligand-receptor pairs
involved in STK24posEpi-to-fibroblast communication:
PDGFA-PDGFRA, PDGFA-PDGERB, BMP2-BMPR2,
TGFA-EGFR, VEGFA-PDGFRA, and VEGFA-PDGFRB
(Fig. 7C). Similarly, critical ligand-receptor pairs from
fibroblasts to STK24posEpi cells included IL6-IL6ST,
INHBA-ACVR2A, INHBA-ACVR2B, and IL6-IL6R
(Fig. 7C). These ligands and receptors highlight the com-
plex interplay between STK24posEpi cells and fibroblasts.
To validate these findings, we conducted heterotypic
cellular network analysis and cellular co-localization
analysis using spatial transcriptomics (Fig. 7D). We iden-
tified extensive cellular networks between STK24posEpi
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and fibroblasts (Fig. 7E—H). Subsequently, we performed
spatial cellular co-localization analysis using the mistyR
algorithm, revealing significant co-localization between
STK24posEpi and fibroblasts in the intra, juxta_5, and
para_15 regions (Fig. 7I). These observations were con-
sistent across multiple spatial transcriptomics samples
(Supplementary Fig. 5A-C).

Subsequently, we conducted spatial cell-cell commu-
nication and signaling flow analyses (Fig. 8A). Cell com-
munication analysis revealed robust interactions between
STK24posEpi and fibroblasts (Fig. 8B). Within the PDGF
signaling pathway, STK24posEpi predominantly func-
tioned as the sender while fibroblasts acted as receivers
(Fig. 8C-E). Co-expression of PDGF pathway-associated
ligands and receptors was consistently observed across
multiple transcriptomic samples (Fig. 8F-G). In the
VEGEF signaling pathway, STK24posEpi again served as
the sender, with fibroblasts mediating signal transmis-
sion and endothelial cells functioning as terminal receiv-
ers (Fig. 8H). Spatial interactions among STK24posEpi,
fibroblasts, and endothelial cells exhibited consistent
patterns across diverse spatial transcriptomic samples
(Fig. 8I-]). Similarly, in the MIF signaling pathway, STK-
24posEpi operated as the sender, fibroblasts as mediators,
and macrophages as receivers (Fig. 8K). Notably, this tri-
partite communication system was validated in multiple
spatial transcriptomic samples (Fig. 8L, M).

Further investigation of MIF signaling using the com-
mot algorithm revealed spatial distribution patterns of
MIF signals (Fig. 8N). The spatial map demonstrated
directional signaling flows (indicated by black arrows)
originating from STK24posEpi and fibroblast-enriched
regions, consistent with cell type distributions (Fig. 6B—
D, Supplementary Fig. 5A, E). Signal intensity maps dis-
played distinct spatial segregation between MIF senders
(light blue) and CD74_CD44 receivers (red), with pro-
nounced signal strength observed in regions of active
MIF transmission (Fig. 8N). These findings were further
corroborated in an independent spatial transcriptomic
sample (Fig. 80).

The complex interplay of STK24posEpi, apoptosis, and
tumor dynamics

We attempted to reveal the underlying mechanisms of
related pathways through spatial transcriptomics and
performed heterogeneity analysis of 12 tumor cell states
or pathways included in the cancer single-cell state
atlas (CancerSEA) database using the MistyR algorithm
(Fig. 9A). We found that apoptosis scores in malignant
regions of spatial transcriptomics were significantly
higher than in benign regions (Fig. 9B). Subsequently,
we conducted pathway dependency analysis using the
MistyR algorithm and discovered that apoptosis is asso-
ciated with a series of pathways, including proliferation,
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Fig. 3 (See legend on next page.)
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Fig. 3 STK24 is elevated in LUAD epithelial cells. A UMAP showing cell types after batch correction and dimensionality reduction clustering. B Bubble
plot showing STK24 expression levels across various cell types. C Violin plot showing STK24 expression in normal and tumor cells across various cell
types. D, E STK24 expression levels and regional variation analysis in spatial transcriptomics. F Violin plot showing STK24 expression in normal and tumor
samples in the TCGA-LUAD cohort. G Immunohistochemistry results showing STK24 staining in LUAD and normal tissue samples from the HPA database.
H Independent prognostic analysis to evaluate whether the association between STK24 and tumor survival is independent of traditional clinical variables.

****P <0.0001, ***P<0.001, **P<0.01,*P<0.05, ns P>0.05

DNA damage, differentiation, and metastasis (Fig. 9C—F).
These observations were validated in multiple spatial
transcriptomic samples (Supplementary Fig. 7A-D).

In a detailed study of the role of STK24posEpi, we
observed that STK24posEpi primarily activates path-
ways or states related to the cell cycle, DNA damage
repair, proliferation, and metastasis. We then evaluated
the spatial distribution of tumor state/pathway scores
and found that STK24posEpi is highly active in pathways
or tumor states associated with proliferation (Fig. 9G),
DNA damage (Fig. 9H), the cell cycle (Fig. 9I), and DNA
repair (Fig. 9I). Using the MistyR algorithm, we found
that STK24posEpi exhibits a strong spatial dependency
on tumor pathways/states related to proliferation, the
cell cycle, DNA repair, and DNA damage. This spatial
relationship is evident in the intra, juxta_5, and para_15
regions (Fig. 9], K). In conclusion, our analysis highlights
the close relationship between STK24posEpi and tumor
states/pathways such as cell proliferation, DNA repair,
and metastasis.

STK24posEpi is associated with LUAD prognosis,
lymphocyte infiltration, and clinical factors

First, we performed an isogenic cell network analysis of
STK24posEpi (Fig. 10A). A strong isogenic cell network
of STK24posEpi was found across multiple spatial tran-
scriptomics samples (Fig. 10B). We then used Bayesian
deconvolution to map STK24posEpi to a bulk transcrip-
tome cohort, finding that the proportion of STK24posEpi
was significantly higher in tumor samples than in nor-
mal samples (Supplementary Fig. 8A). Similarly, the pro-
portion of STK24posEpi cells was higher in malignant
regions than in benign regions (Supplementary Fig. 8B).
We further analyzed the clinical factors associated with
STK24posEpi, and survival analysis revealed that higher
STK24posEpi cell proportions were associated with
worse prognosis (Fig. 10C, Supplementary Fig. 9A). The
proportion of STK24posEpi cells was significantly higher
in Stage 3 tumors compared to Stage 1 (Supplementary
Fig. 8C). In TNM staging, the proportions were higher
in T2 and T3 compared to T1 (Supplementary Fig. 8D),
and in N2 compared to NO (Supplementary Fig. 8E). In
age groups, patients aged <65 had a higher proportion
of STK24posEpi cells (Supplementary Fig. 8F). We then
divided the TCGA-LUAD cohort samples into high and
low groups based on STK24posEpi cell proportions.
Using the TCGA_TilMap database, we found that the

High STK24posEpi group had lower tumor-infiltrat-
ing lymphocyte (TIL) scores (Fig. 10D), and pathology
images showed reduced tumor-infiltrating lymphocytes
in the High STK24posEpi group (Fig. 10E). Correlation
analysis showed a negative correlation between STK-
24posEpi cell proportions and B cells across multiple
bulk cohorts (Fig. 10F, Supplementary Fig. 9B-C). Sur-
vival analysis showed that higher B cell and NK cell
proportions were associated with better prognosis (Sup-
plementary Fig. 9D-E), and there was a negative correla-
tion between STK24posEpi cell proportions and NK cells
(Supplementary Fig. 9F-]). Additionally, BCR signaling
pathway and antigen processing and presentation-related
genes were downregulated in the High STK24posEpi
group (Fig. 10G, H). Finally, we analyzed the clinical fac-
tors in the High STK24posEpi group and found lower
survival rates, as well as lower proportions of T1 and NO
tumor grades (Fig. 10I). In summary, we found that STK-
24posEpi is associated with reduced tumor-infiltrating
lymphocytes and is correlated with poor prognosis and
worse tumor grading in patients.

Machine deep learning models: predicting patient survival
and informing treatment decisions

We identified the top 100 signature genes of STK-
24posEpi using the starTracer algorithm [52], filtered
them with the parameter n=1, and finally retained 78
signature genes (Supplementary Table 5) for building the
prognostic model via machine learning (Supplementary
Fig. 10A). We found that the SuperPC algorithm ranked
high in terms of C-index across multiple cohorts, so it
was selected as the final prognostic model (named STK-
24SuperPC). Subsequent survival analysis revealed that
patients with higher risk scores calculated by the STK-
24SuperPC model had poorer prognoses (Supplementary
Fig. 10B-G). The AUC values for the TCGA-LUAD set
were 0.66, 0.65, 0.66, 0.68, and 0.65 at the 1-, 2-, 3-, 4-,
and 5-year marks, respectively. The AUC values for the
GSE42127 set were 0.71, 0.66, 0.64, 0.63, and 0.61 at the
1-, 2-, 3-, 4-, and 5-year marks, respectively (Supplemen-
tary Fig. 10H-L).

Further analysis using the TIDE algorithm to pre-
dict immune therapy responses revealed that in the
TCGA (Chi-Square.test P=9.7e-0.5), GSE72094 (Chi-
Square.test P=0.001387), GSE41271 (Chi-Square.
test P=0.028875), and GSE42127 (Chi-Square.test
P=0.029409) cohorts, patients in the high-risk score
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Fig. 8 Communication and signal flow changes between STK24posEpi and fibroblasts in spatial transcriptomics (ST). A Schematic diagram of Cell-cell
communication analysis and signal flow direction analysis of spatial transcriptomics data. B Analysis of communication intensity between STK24posEpi
and fibroblasts by integrating multiple spatial transcriptomics samples. C, D Communication between STK24posEpi and fibroblasts in the PDGF signaling
pathway across different spatial transcriptomics samples. E Importance of Sender, Receiver, Mediator, and Influencer in different cell types in the PDGF
signaling pathway. F, G Expression and co-expression of ligand-receptor pairs related to the PDGF signaling pathway in various spatial transcriptomics
samples. H Importance of Sender, Receiver, Mediator, and Influencer in different cell types in the VEGF signaling pathway. I, J Communication between
STK24posEpi and fibroblasts in the VEGF signaling pathway across different spatial transcriptomics samples. K Importance of Sender, Receiver, Media-
tor, and Influencer in different cell types in the MIF signaling pathway. L, M Communication between STK24posEpi and fibroblasts in the MIF signaling
pathway across different spatial transcriptomics samples. N, O COMMOT analysis showing the direction of MIF signal flow and expression of Senders and

Receivers in various spatial transcriptomics samples

group had fewer favorable responses to immunotherapy
compared to the low-risk score group (Fig. 11A-D).
Additionally, in the TCGA (wilcox.test P=9.7e-0.5),
GSE72094 (wilcox.test P=0.0014), GSE41271 (wilcox.
test P=0.0036), and GSE42127 (wilcox.test P=0.035)
cohorts, the Exclusion score of patients in the high-risk
score group was found to be higher than that of the low-
risk score group, which was associated with a poorer
prognosis for immunotherapy outcomes (Fig. 11E-H).
In the clinical treatment sensitivity analysis, we used
the CTRP and PRISM databases, finding that the high-
risk group exhibited higher sensitivity to certain che-
motherapy drugs, including cisplatin, docetaxel, and
etoposide (Fig. 111-K). Moreover, paclitaxel, GSK461364,
leptomycin B, SB-743921, epothilone-B, and cabazitaxel
were identified as potential treatment candidates for this
group (Fig. 11L-M).

STK24 overexpression: a key driver of cell proliferation and
apoptotic inhibition

In our study, we used overexpression plasmids to increase
the levels of STK24 in A549 and PC9 lung adenocarci-
noma cell lines. As the control group, we transfected
pLVX-Vector-Puro plasmids, and as the experimental
group, we transfected pLVX-STK24-Puro plasmids. After
48 h of transfection, cells were selected with 10 ug/mL
puromycin at a 1:1000 dilution ratio. Western blot (WB)
analysis showed a significant increase in STK24 expres-
sion in the STK24-OE group (T.test A549: P=0.0014;
PC9: P<0.001), confirming the successful plasmid trans-
fection and protein expression (Fig. 12A, B). The EdU
assay revealed an increase in DNA replication activity in
A549 (T.test P=0.025) and PC9 (T.test P=0.0077) cells
following STK24 overexpression (Fig. 12C—F). The CCK8
assay indicated enhanced cell proliferation after STK24
overexpression (T.test A549: P<0.01; PC9: P<0.01)
(Fig. 12E, F). Invasion assays showed that STK24 over-
expression increased the invasion ability of A549 (T.test
P=0.0017) and PC9 (T.test P=0.0093) cells (Fig. 12G—
I). Two-dimensional colony formation assays demon-
strated that STK24 overexpression enhanced the colony
formation ability of these cells (T.test A549: P<0.001;
PC9: P=0.015) (Fig. 12]J-L). Flow cytometry analy-
sis showed a significant reduction in apoptosis rates in

STK24-overexpressing cells (T.test A549: P=0.0016; PC9:
P<0.001), indicating an anti-apoptotic effect (Fig. 13A,
B). Western blot analysis revealed that STK24 overex-
pression inhibited the expression of Cleaved-Caspase3
(T.test A549: P<0.001; PC9: P=0.0014) while upregu-
lating the expression of BCL-2 (T.test A549: P=0.0011;
PC9: P=0.0027) and Caspase3 (T.test A549: P<0.001;
PC9: P<0.001) (Fig. 13C-F). Immunofluorescence stain-
ing showed increased fluorescence intensity of Caspase3
in the STK24 overexpression group (Fig. 13G—H). In con-
clusion, STK24 not only promotes the proliferation and
migration of LUAD cells but also inhibits apoptosis.

Discussion

Our genetic analysis of 10,227,138 LUAD cases identified
69 distinct LUAD variants through GWAS. Our study
expands the understanding of all biological pathways
associated with previously discovered LUAD risk loci
and identifies STK24 as a risk gene for LUAD. Research
indicates that smoking, air pollution, and tuberculosis are
risk factors for lung adenocarcinoma (LUAD). Chronic
smoking is a recognized risk factor for various lung dis-
eases, including lung cancer, as it contributes to the
development of mutations and cellular changes in lung
tissue. Additionally, air pollution has become a significant
environmental risk factor, with evidence showing that
exposure to pollutants such as particulate matter (PM),
nitrogen dioxide (NO2), and sulfur dioxide (SO2) exacer-
bates respiratory conditions and increases the incidence
of lung cancer. Furthermore, the relationship between
air pollution and tuberculosis (TB) is increasingly recog-
nized, as studies suggest that environmental air pollution
can elevate the risk of TB, potentially contributing to the
development of lung diseases, including LUAD [53, 54].
Our findings are consistent with these studies, further
supporting our conclusions.

Apoptosis plays a critical role in the pathogenesis of
lung adenocarcinoma (LUAD). Recent studies under-
score the significance of various forms of regulated cell
death, including apoptosis, in cancer biology. The B-cell
lymphoma 2 (Bcl-2) protein family, comprising pro-apop-
totic and anti-apoptotic members, is essential in regulat-
ing apoptosis in response to cellular stress and damage.
In LUAD, dysregulation of these proteins can lead to
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Fig.9 Exploration of apoptosis and STK24posEpi-related pathways in spatial transcriptomics (ST). A Schematic diagram of Pathway dependency analysis
of spatial transcriptomics data. B Enrichment results for the ST apoptosis pathway and comparison of differences between regions. C Heatmap displaying
apoptosis-dependent cell pathways within regions in the spatial context. D, F Network diagrams showing apoptosis-dependent cell pathways inintra (D),
juxta_5 (E), and para_15 (F) regions. G Enrichment results for the ST cell proliferation pathway and comparison of differences between the STK24 Group.
H Enrichment results for the ST cell damage pathway and comparison of differences between the STK24 Group. I Comparison of ST cell cycle and DNA
repair pathways between the STK24 Groups. J, K Heatmaps showing cell pathway dependency analysis for different cell types within the intra (J) and
para_15 (K) regions in the spatial context. ****P<0.0001, ***P<0.001, **P<0.01, *P<0.05, ns P>0.05

apoptosis resistance, allowing cancer cells to survive and
proliferate despite therapeutic interventions [55]. Addi-
tionally, the interplay between apoptosis and other forms
of cell death, such as pyroptosis and ferroptosis, has
gained increasing recognition in cancer. Pyroptosis, char-
acterized by the activation of inflammatory caspases, can
also impact the tumor microenvironment and immune
response, potentially influencing tumor progression and
response to treatment [56]. Similarly, ferroptosis, a form
of iron-dependent cell death, is implicated in the patho-
genesis of various cancers, including LUAD, potentially
leading to oxidative stress and inflammation [57]. Under-
standing the mechanisms of interaction between apop-
tosis and other regulated cell death pathways in LUAD
can provide insights into new therapeutic strategies.
For instance, targeting apoptotic pathways or enhancing
ferroptosis in LUAD cells may improve treatment out-
comes and overcome resistance to conventional therapies
[55, 57]. In summary, apoptosis is a key factor in LUAD
pathogenesis, and its regulation, along with interactions
with other cell death mechanisms, presents a promising
avenue for further research and therapeutic develop-
ment. Our study identifies STK24 as an apoptosis-related
gene with elevated expression in LUAD epithelial cells.

In the analysis combining single-cell and spatial tran-
scriptomics, we found strong communication between
STK24-positive epithelial cells (STK24posEpi) and fibro-
blasts, with key signaling molecules including PDGEF,
MIF, and VEGE. Tumor cells and fibroblasts play a criti-
cal role in shaping the tumor microenvironment through
various signaling pathways and interactions. Platelet-
derived growth factor (PDGF) is one of the key factors
in this dynamic, known to promote fibroblast activation
and proliferation, thus enhancing the supportive stroma
around the tumor. This interaction is crucial for tumor
progression, as activated fibroblasts, often called cancer-
associated fibroblasts (CAFs), secrete a range of growth
factors and cytokines, leading to inflammatory signaling
in the microenvironment [58]. Additionally, macrophage
migration inhibitory factor (MIF) has been identified as
another important factor in this context. MIF not only
supports tumor cell survival and invasion but also influ-
ences fibroblast behavior within the tumor microenvi-
ronment. Studies have shown that MIF can enhance the
expression of inflammatory cytokines, further promot-
ing a tumor-supportive environment [59]. Furthermore,
vascular endothelial growth factor (VEGF) is essential

for angiogenesis and is often upregulated in response
to inflammatory signals produced by tumor cells and
fibroblasts, resulting in increased blood supply that pro-
motes tumor growth and metastasis [60]. The interaction
among these factors (tumor cells, fibroblasts, PDGF, MIF,
VEGE, and other inflammatory signals) creates a complex
microenvironment that not only supports tumor growth
but also contributes to therapy resistance. Understanding
these interactions is crucial for developing targeted ther-
apies that can disrupt these tumor-promoting signals and
potentially improve patient prognosis [61-63].

Our findings show that STK24posEpi is associated
with poor prognosis in lung adenocarcinoma (LUAD)
patients and a decrease in tumor-infiltrating lymphocytes
(TILs). Specifically, in cases of high STK24 expression,
both natural killer (NK) cells and B cells are significantly
reduced. This observation aligns with other studies high-
lighting the importance of the tumor microenvironment
in LUAD, where immune cell infiltration plays a criti-
cal role in patient prognosis [64]. Furthermore, higher
tumor grading indicates a lower proportion of STK-
24posEpi in tumors, suggesting that the presence of this
specific epithelial marker decreases as tumor aggressive-
ness increases. The correlation between tumor grading
and immune cell infiltration has been demonstrated in
various cancers, underscoring the potential of immune-
related biomarkers as prognostic indicators [65]. The
relationship between STK24 expression and immune
cell dynamics in LUAD emphasizes the need for further
research into the mechanisms by which STK24 affects
the tumor microenvironment and immune evasion.
Understanding these interactions could pave the way
for new therapeutic strategies aimed at enhancing the
immune response in LUAD patients [66]. In the context
of LUAD, the upregulation of apoptosis-related genes
such as STK24 may be a compensatory mechanism in
response to a tumor microenvironment often charac-
terized by increased inflammatory signaling and altered
cellular signaling pathways [67]. Understanding the regu-
latory mechanisms of these apoptosis-related genes can
provide insights into potential therapeutic targets for
LUAD, as emphasized by the identification of hub genes
that impact patient survival [68]. Overall, the increased
expression of STK24 in LUAD epithelial cells highlights
the complex relationship between apoptosis and cancer
biology, suggesting that further research into its role may
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(See figure on previous page.)

Fig. 10 Clinical significance of STK24posEpi. A Schematic diagram of Homotypic cellular network analysis of spatial transcriptomics data. B Homotypic
cell network analysis of STK24posEpi in spatial transcriptomics. C Survival analysis of STK24posEpi across multiple bulk transcriptome cohorts after Bayes-
ian deconvolution. D Comparison of tumor-infiltrating lymphocyte scores between STK24posEpi Groups in the TCGA-LUAD cohort. E Histological slides
showing differences in tumor-infiltrating lymphocytes between STK24posEpi Groups in the TCGA-LUAD cohort. F Correlation analysis of STK24posEpi and
B cells in multiple bulk transcriptomes. G Differential expression of BCR signaling pathway-related genes between STK24posEpi Groups in the TCGA-LUAD
cohort. H Differential expression of antigen processing and presentation pathway-related genes between STK24posEpi Groups in the TCGA-LUAD cohort.
I Comparison of clinical factors between STK24posEpi Groups in the TCGA-LUAD cohort. ****P<0.0001, ***P<0.001, **P<0.01, *P<0.05, ns P>0.05

provide valuable information for the development of tar-
geted therapies for lung adenocarcinoma.

We developed a risk model using Machine learning,
named STK24SuperPC, to predict the immunotherapy
response in LUAD patients and guide medication. In sub-
sequent experimental validation, we found that STK24
promotes the proliferation of STK24-positive cells and
inhibits their apoptosis. However, our study has some
limitations, particularly the lack of in vitro validation,
so the conclusions still require further confirmation. In
summary, our findings suggest that STK24posEpi may
serve as a valuable prognostic marker in LUAD, reflecting
not only the tumor’s biological behavior but also its inter-
action with the immune landscape, which is important
for developing effective immunotherapies.

Conclusion

STK24, an apoptosis-related gene, promotes LUAD
progression by enhancing proliferation and inhibiting
apoptosis, with STK24posEpi interacting in the tumor
microenvironment through PDGF and MIF pathways.
These findings offer potential therapeutic targets and
support personalized LUAD treatment strategies.
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Fig. 11 Machine learning model based on STK24posEpi marker genes for discovering potential therapeutic drugs. A-D Prediction of immunotherapy
response in TCGA and other GEO cohorts via machine learning models. E-H Differences in Exclusion scores between high-risk and low-risk groups in
TCGA and other GEO cohorts. I-K Drug sensitivity analysis of cisplatin (), docetaxel (J), and etoposide (K) in risk score groups. L-M Analysis of potential
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Fig. 12 Overexpression of STK24 promotes proliferation and invasion of LUAD cells. A, B Western blot analysis showing the efficiency of STK24 overex-
pression in A549 and PC9 cells. C, D EdU assay and bar charts showing that STK24 overexpression promotes DNA replication in A549 and PC9 cells. E, F
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formation in A549 and PCO cells
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