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1  Introduction

The most common type of lung cancer is non-small cell 
lung cancer (NSCLC), accounting for 85% of all cases [1]. 
Despite advances in diagnosis and treatment, the prognosis 
for NSCLC patients remains poor, with high mortality rates 
primarily due to late-stage diagnosis and resistance to con-
ventional therapies. Therefore, understanding the underly-
ing molecular mechanisms that drive NSCLC progression 
and therapeutic response is crucial for developing more 
effective treatment strategies.

The onset, progression, and therapeutic outcomes of 
NSCLC are influenced by programmed cell death, such 
as apoptosis and autophagy [2]. The process of apoptosis 
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Abstract
Background  The most common type of lung cancer is non-small cell lung cancer (NSCLC), accounting for 85% of all cases. 
Programmed cell death (PCD), an important regulatory mechanism for cell survival and homeostasis, has become increas-
ingly prominent in cancer research in recent years. As such, exploring the role of PCD in NSCLC may help uncover new 
mechanisms for therapeutic targets.
Methods  We utilized the GEO database and TCGA NSCLC gene data to screen for co-expressed genes. To delve deeper, 
single-cell sequencing combined with spatial transcriptomics was employed to study the intrinsic mechanisms of pro-
grammed cell death in cells and their interaction with the tumor microenvironment. Furthermore, Mendelian randomization 
was applied to screen for causally related genes. Prognostic models were constructed using various machine learning algo-
rithms, and multi-cohort multi-omics analyses were conducted to screen for genes. In vitro experiments were then carried 
out to reveal the biological functions of the genes and their relationship with apoptosis.
Results  Cells with high programmed cell death activity primarily activate pathways related to apoptosis, cell migration, and 
hypoxia, while also exhibiting strong interactions with smooth muscle cells in the tumor microenvironment. Based on a set 
of programmed cell death genes, the prognostic model NSCLCPCD demonstrates strong predictive capabilities. Moreover, 
laboratory experiments confirm that SLC7A5 promotes the proliferation of NSCLC cells, and the knockout of SLC7A5 
significantly increases tumor cell apoptosis.
Conclusions  Our data indicate that programmed cell death is predominantly associated with pathways related to apoptosis, 
tumor metastasis, and hypoxia. Additionally, it suggests that SLC7A5 is a significant risk indicator for the prognosis of non-
small cell lung cancer (NSCLC) and may serve as an effective target for enhancing apoptosis in NSCLC tumor cells.
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is one of the most highly regulated forms of cell death, 
and it is essential for maintaining tissue homeostasis and 
eliminating damaged or abnormal cells from the body. Dys-
regulation of the apoptotic pathway is a key contributor 
to NSCLC tumorigenesis, allowing cancer cells to evade 
death and proliferate uncontrollably [3]. Our study has 
identified an NSCLC-specific programmed cell death gene 
panel that is particularly enriched in tumor epithelial cells 
and closely associated with apoptotic pathways. Notably, 
tumor epithelial cells exhibiting high enrichment scores 
for this gene panel (PCDhighepi) also show upregulation 
of pathways related to cell cycle regulation, metastasis, and 
tumor hypoxia. This suggests a complex interplay between 
apoptosis and the cell cycle, where cell cycle abnormalities 
can trigger apoptosis, particularly through the involvement 
of the p53 protein, a critical mediator of the DNA damage 
response.

In addition to apoptosis, autophagy plays a multifaceted 
role in NSCLC. Autophagy can act as a tumor suppressor 
by degrading damaged organelles and proteins, thus main-
taining cellular function in the early stages of cancer [4]. 
However, during tumor progression, particularly under 
adverse conditions like hypoxia and nutrient deprivation, 
autophagy may facilitate tumor cell survival and metasta-
sis. Our research indicates that PCDhighepi tumor epithe-
lial cells may evolve into cells with low enrichment scores 
for the gene panel (PCDlowepi), with autophagy contribut-
ing to the maintenance of metabolic balance and survival 
in tumor stem cells under stressful conditions. This finding 
highlights the dual role of autophagy in cancer progression 
and its potential as a therapeutic target.

Moreover, autophagy significantly influences the interac-
tion between tumor cells and smooth muscle cells within the 
tumor microenvironment [5]. This interaction is crucial for 
tumor angiogenesis, invasion, and metastasis, with autoph-
agy playing a key role in regulating smooth muscle cell 
response to hypoxia and other stressors. Our study suggests 
that targeting autophagy could modulate these interactions, 
potentially reducing tumor-associated angiogenesis and the 
invasive capabilities of tumor cells.

Furthermore, our research has identified the NSCLC-spe-
cific programmed cell death gene SLC7A5 as a key player 
in promoting cell proliferation and inhibiting apoptosis. 
SLC7A5 is highly expressed in various cancers, including 
NSCLC, and is associated with poor prognosis [6, 7]. In par-
ticular, its overexpression is particularly prevalent in squa-
mous cell carcinoma, where it correlates with worse clinical 
outcomes. Given its critical role in cancer progression, 
SLC7A5 presents a promising therapeutic target. Inhibitors 
such as JPH203, which specifically target SLC7A5, could 
offer new avenues for NSCLC treatment, particularly in 
cases resistant to current therapies.

As a result, NSCLC progression and therapeutic resis-
tance are primarily related to dysregulation of programmed 
cell death processes, such as apoptosis and autophagy. It 
provides valuable insights into the molecular mechanisms 
driving this disease and highlights potential therapeutic tar-
gets through the identification of NSCLC-specific gene pan-
els and key regulators such as SLC7A5. However, our study 
has certain limitations. The exclusion of the large cell carci-
noma subtype from our sample introduces some constraints 
to the generalizability of our findings. Additionally, our 
prognostic model, NSCLCPCD, shows insufficient accu-
racy in predicting patient outcomes and lacks robustness in 
applying personalized treatment strategies. We further elab-
orate on the theoretical basis for developing a programed 
cell death gene panel specific to NSCLC (NSCLCPCD), 
highlighting how it addresses some of the shortcomings of 
existing models. Nevertheless, we also acknowledge that 
this panel has limitations, such as the need for larger-scale, 
multicenter validation studies to confirm its robustness and 
broad applicability in clinical settings.

2  Methods and materials

2.1  Data acquisition

The single-cell RNA (scRNA) sequencing data 
(EMTAB6149, GSE127465, GSE131907, GSE149655, 
GSE153935) was procured from the GEO database. The 
spatial transcriptomics and information were downloaded 
from the ArrayExpress dataset. We carried out bulk tran-
scriptomic analyses using TCGA lung adenocarcinoma 
(LUAD) and lung squamous cell carcinoma (LUSC) cohorts 
(https://xena.ucsc.edu). Functional pathways were found 
according to the Gene Set Enrichment Analysis (GSEA) 
and CancerSEA databases. Single-cell metabolism was ana-
lyzed using a website (https:/​/github​.com/ch​angwn​/scFEA). 
The programmed cell death gene panel was constructed by 
intersecting differentially expressed genes from five bulk 
RNA-seq datasets with 18 curated programmed cell death-
related gene sets, followed by meta-analysis filtering with 
meta_FDR < 0.05 and |meta_Hedges| > 0.5.

2.2  scRNA-seq analysis

We processed the available scRNA-seq data using the 
Seurat R package (v4.0.5) and (v4.0.2) [8]. Quality control 
filters included: (a) excluding genes detected in fewer than 
three cells, (b) excluding cells with fewer than 50 genes, 
and (c) excluding cells with 5% or more mitochondrial 
gene expression. No additional filtering was done as pre-
vious studies had already performed quality control. Data 
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were normalized with SCTransform [9], and batch effects 
were corrected using the harmony method (v0.1.0). Subse-
quently, Seurat objects were integrated into a dataset [10]. 
Dimensionality was reduced using Principal Component 
Analysis (PCA). Cells with similar attributes were grouped 
using FindNeighbors and FindClusters. Cell-cycle scores 
were determined with Seurat’s CellCycleScoring function, 
considering cell cycle phase effects. Finally, data visualiza-
tion was done using UMAP.

2.3  Recognition of cell type

Using Seurat’s FindAllMarkers function, we identified 
cluster-specific markers based on differential expression in 
cell clusters. The thresholds were set at P-values adjusted 
to 0.05, log2(fold change) absolute > 0.25, and expression 
percentage above 0.25. Additionally, diverse cell subclus-
ters were identified and labeled using the singleR package 
based on composition patterns. All findings were manually 
verified and corrected using the CellMarker database [11].

2.4  The genetset score

We used irGSEA (https:/​/github​.com/ch​uiqin​/irGSEA) to 
integrate 13 different scoring methods on single-cell data-
sets, with the irGSEA.score function parameters set to min.
feature = 0, min.cells = 3, kcdf = ‘Gaussian’, species = 
“Homo sapiens”, msigdb = true, and custom = false.

2.5  Intercellular communication analysis

To identify undiscovered links amongst diverse cell sub-
types within the tumor microenvironment (TME), a piv-
otal intercellular communication analysis was conducted 
employing Cellcall. It offers a comprehensive and avail-
able reflection of uniquely curated ligands, receptors, and 
their subsequent interactions [12]. Inferring receptor-ligand 
interactions among various cellular subtypes was based on 
receptor expression by one cellular subtype and correspond-
ing ligand expression by another cell type. It facilitated the 
identification of significant cell type-specific ligand-recep-
tor interactions, considering only those expressed in more 
than 10% of cells within the respective subclusters.

2.6  Constructing trajectories at single-cell level

Trajectory analyses at the single-cell level were conducted 
using the Monocle2 R package (v2.16.0) to uncover cell-
state transitions through a unidimensional ‘time’ parameter 
[13]. Epithelial cell subclusters were included using the 
newCellDataSet function to create an object with expres-
sionFamily set to negbinomial.size. In pseudo-time via 

trajectory analysis, cells were classified by mean_expres-
sion 0.1 and dispersion_empirical dispersion_fit (Mon-
ocle2). Reducing dimensions with reduceDimension(), 
DDRTree as the reduction method, and max_components 
as two enabled visualization via plot_cell_trajectory. Using 
the “differentialGeneTest” function, genes with pseudotime 
variations were identified and displayed on the plot_pseudo-
time_heatmap. They were further classified into subgroups 
based on their expression patterns.

2.7  Regulon activity of transcription factors using 
SCENIC

In SCENIC, the log-normalized expression matrices of 
Seurat are used as input to identify regulatory networks 
involving TFs and their target genes [14]. Using the hg19-
tss-centered-10  kb-7species.mc9nr.feather motif dataset, 
regulons for each TF were established within the SCENIC 
framework. A gene regulatory network (regulon) was cre-
ated by running the “runSCENIC” procedure on each gene 
co-expressed with each of the transcription factors. AUCell 
software then assessed regulon activity, binarizing them at a 
default threshold where “0” indicated inactive TFs and “1” 
indicated active TFs.

2.8  Cellular (Cyto) trajectory reconstruction 
(CytoTRACE) analysis

The CytoTRACE algorithm simplifies and quantifies gene 
expression levels in scRNA-Seq data, correlating them with 
gene counts. It assigns each cell a score indicating its stem-
ness. CytoTRACE excels in predicting differentiation states 
using scRNA-seq data, outperforming existing stemness 
evaluation methods and validated on large-scale datasets 
[15]. The CytoTRACE R package v0.3.3 assigns scores 
from 0 to 1 to tumor cells, with higher scores indicating 
greater stemness and lower scores indicating less stemness.

2.9  ST data analysis

We processed and visualized the spatial transcriptomics 
(ST) data using the Seurat R package. The SCT method 
standardized the data. For integration, we used PrepSCTInt-
egration, FindIntegrationAnchors, SelectIntegrationFea-
tures, and IntegrateData functions. Subsequently, similar 
ST regions were grouped via unsupervised clustering. Cell 
population annotations utilized HE staining sections and 
highly variable genes per cluster. A spatial dim plot and a 
spatial feature plot were used to determine cell expression 
levels in the ST data.
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revealing links within subclusters. This algorithm mapped 
malignancy progression across sections, highlighting spatial 
and transcriptional connections among sub-clusters.

2.14  Machine learning algorithms

This integrated model was built using a variety of algorithms, 
including RSF, LASSO, Enet, Stepwise Cox, SuperPC, 
CoxBoost, Ridge, survival SVM, plsRcox, and GBM. AUC 
was calculated using the ‘timeROC’ package using various 
computing methods to build the risk score with the high-
est C-index across all validation datasets. Importantly, Cox 
regression analysis with the ‘survival’ package in R showed 
the risk score as an independent prognostic factor.

2.15  Immunotherapy efficacy prediction

Data for the single-cell cohort for immunotherapy 
(GSE123813, GSE145281) was obtained from GEO data-
base. Bulk transcriptomic cohort immunotherapy prediction 
was completed using the submap algorithm.

2.16  Potential targeted drug prediction

Drug sensitivity data for cancer cell lines (CCLs) were 
obtained from the Cancer Therapeutics Response Portal 
(CTRP v.2.0, October 2015) and the PRISM dataset (19Q4, 
released December 2019, https:/​/depmap​.org/po​rtal/​prism/).

2.17  Cell culture and processing transfection

H520 and H460 cells were sourced from the Chinese Acad-
emy of Sciences Cell Bank and cultured at 37 °C with 5% 
CO₂ in RPMI 1640 medium with 10% fetal bovine serum. 
Using Lipofectamine 3000, specific siRNAs (GenePharma, 
Suzhou, China) were transfected into H520 and H460 cells 
to transiently suppress SLC7A5 expression. The siRNA 
sequences used were: negative control (NC) (5′- ​C​G​G​G​A​G​
G​G​T​T​A​T​G​T​G​C​C​A​A​T​A​G​C​T​A-3′), siRNA-SLC7A5#1 (5′- ​
C​G​G​G​A​A​G​G​G​T​G​A​T​G​T​G​T​C​C​A​A​T​C​T​A-3′), and siRNA-
SLC7A5#2 (5′- ​G​G​G​A​A​C​A​T​T​G​T​G​C​T​G​G​C​A​T​T​A​T​A​C​
A-3′).

2.18  Cell viability assay

Cells were collected after digestion and centrifuged. The 
counted cells were put into a density of 2000–3000 cells/ 
well into 96-well plates. Moreover, we assessed cell viabil-
ity via a Cell Counting Kit-8 (APExBIO, United States) at 
intervals of 24, 48, 72, and 96 h on basis of the manufac-
turer’s instructions. For these treated cells, a drug concen-
tration gradient of 0, 2, 4, 6, 8, 10, and 12 µg/mL was used 

2.10  Robust cell type decomposition (RCTD) 
analysis of ST data

Cell types in the reference scRNA-seq dataset were aligned 
with the ST data using RCTD [16]. Unique marker genes for 
each cell type were identified using Seurat’s FindAllMark-
ers function, focusing on markers with positive log2 fold 
changes. By using both reference and Visium ST data in 
full doublet mode, we strictly followed the standard RCTD 
analysis pathway.

2.11  Estimating functional information from spatial 
data

Progeny’s [17, 18] model matrix (based on the top 1,000 
genes in each transcriptional dataset, normalized) was used 
to estimate signaling pathway engagements for individual 
sites.

2.12  Spatial map of cell dependencies

In mistyR [19], MISTy determines the prevalence of other 
cell subtypes based on the abundance of each primary cell 
subtype. Three spatial contexts were used to combine the 
RCTD cell-type estimates from all slides: (i) intrinsic, 
assessing correlations within a specific area, (ii) juxta, con-
sidering nearby neighbors within a distance of 5, and (iii) 
para, incorporating more distant neighbors within a radius 
of 15 spots. In different spatial contexts, cell types are asso-
ciated with colocalization or mutual exclusion across slides, 
but these relationships do not suggest causation. Predictors 
with an R² < 10% were excluded before aggregation.

In order to connect tissue structures with functions, 
a MISTy model was created to show the distribution of 
PROGENY pathway activity scores. This multi-view model 
included these predictors: (i) intrinsic perspective for local 
pathway interactions, (ii) juxta perspective for neighboring 
spot interactions (max distance = 5), (iii) para perspective 
for broader tissue correlations (radius = 15), (iv) another 
intrinsic perspective for repeated local interactions, and 
(v) a para perspective with RCTD estimates (radius = 15). 
The last two perspectives were included to simulate the link 
between cell-type compositions in spots and pathway activi-
ties. It is important to note that cycling cells were excluded 
from earlier analyses. Predictors with an R2 value below 
10% for pathway activities were ignored for each specimen 
before aggregation.

2.13  Spatial trajectory analysis

The pseudo-time trajectory was identified using stLearn [20] 
and PAGA trajectory analysis on SME-normalized data, 
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5% bovine serum albumin, followed by incubation with 
primary antibodies and fluorescent-labeled secondary anti-
bodies. The nuclei were stained using DAPI (Thermo). 
The samples were visualized through LSM 880 laser scan-
ning (Zeiss). The primary antibodies used was anti-BCL-2 
(Abmart, T40056, 1:200).

2.23  Colony formation assay

To make sure the colony formation capability of the cells, 
nearly 8 *102 to 1 *103 cells were seeded per well of 6-well 
plates and incubated at 37 °C for 10 to 14 days to provide 
plenty of time for colony process. After incubation, the 
colonies were fixed for 15 to 30  min using methanol for 
preservation. Then, these colonies were stained with 0.1% 
crystal violet for 15 min which were easier to count. The 
last procedure referred to meticulous cognizing the number 
of the colonies, to provide an explicit estimate of the abil-
ity of cell proliferation and form colonies under provided 
environment.

2.24  Apoptosis assay

Cells were cultured overnight in both complete and serum-
depleted media. Adherent and floating cells were collected 
and analyzed for apoptosis using flow cytometry with an 
Annexin V-FITC/PI staining kit. After washing with cold 
PBS, cells were resuspended in binding buffer and stained 
with Annexin V-FITC/PI in the dark at room temperature 
for 30  min. Apoptotic cells were identified using PI and 
Annexin V markers on a FACS flow cytometer (BD Biosci-
ences). All experiments were conducted in triplicate.

2.25  Statistical analysis

The chi-squared test identified differences in categorical 
variables between subgroups with a P-value of 0.05 indi-
cating significance. Adjusted P-values for multiple tests 
were calculated using the Benjamini-Hochberg method. All 
analyses and graphs were generated using R software (ver-
sion 4.1.3). All experimental results are based on data from 
at least three independent replicates to ensure the reliability 
and reproducibility of the findings.

3  Results

3.1  Identification of programmed cell death gene 
panel (PCD)

The workflow design of our study is illustrated in Fig. 1. 
We first performed differential analysis on five bulk cohorts 

for analysis. Through this methodical approach, the prolif-
eration condition of the cells could be monitored accurately 
over time.

2.19  Western blotting (WB)

We disrupted cells in an ice-cold lysis buffer contain-
ing protease and phosphatase inhibitors and quantitated 
protein concentrations using bicinchoninic acid. We 
separated protein samples by a 4–12% sodium dodecyl 
sulfate-polyacrylamide gel electrophoresis gradient and 
subsequently transferred onto polyvinylidene difluoride 
membranes. They were blocked and incubated with spe-
cific antibodies twice. The immunoreactive proteins were 
visualized through a chemiluminescent solution. The pri-
mary antibodies employed were anti-SLC7A5 (HUA-
BIO, ER1803-41, 1:1000), anti-PARP (Abmart, T40050, 
1:1000), anti-Cleaved-PARP (Abmart, T55035, 1:1000), 
anti-Caspase 3 (Abmart, M005851, 1:1000), anti-Cleaved-
Caspase 3 (Abmart, MB0711, 1:1000), anti-BCL-2 (Solar-
bio, K003505P, 1:1000), anti-Bax (Solarbio, K001435M, 
1:1000), anti-glyceraldehyde 3-phosphate dehydrogenase 
(GAPDH; Santa, sc-137179, 1:1000), and anti-beta-actin 
(Santa, sc-58673, 1:1000).

2.20  Transwell assays

Cell migration was assessed using an 8-µm pore Boyden 
chamber assay. H520 and H460 cells (1 × 10⁵) were placed 
in the upper chamber with FBS-free medium, while the 
lower chamber contained medium with 10% FBS. After 
24 h, cells were stained and counted in six random fields 
under a microscope.

2.21  The 5-ethynyl-2′-deoxyuridine (EdU) assay

Cells were transferred into 24-well plates (5 × 104 cells) and 
cultured overnight in a 37 °C incubator after transfection. 
EdU Cell Proliferation Kit with Alexa Fluor 594 was used 
to detect EdU as per the protocol provided by BeyoClick. 
EdU-positive cells were differentiated from non-proliferat-
ing cells after staining with Azide 594 and Hoechst 33,342. 
Images from three randomly selected fields were visual-
ized and captured under a microscope to ensure a repre-
sentative sampling. EdU-positive rate = EdU-positive cell 
count/(EdU-positive cell count + EdU negative cell count) 
× 100%.

2.22  Immunofluorescence staining

Cells were seeded onto 18-mm coverslips and stabilized 
overnight at 37 °C. Briefly, these slides were blocked using 
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Fig. 1  The workflow of the study 
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thereby promoting metastasis [22]. To further explore the 
intrinsic mechanisms of pathway activation, we performed 
transcriptional regulatory analysis in NSCLC epithelial 
cells. Six transcriptional modules were identified through 
the analysis of connectivity specificity index (Fig. 4C), and 
it was found that PCDhighepi scored higher in modules 1 
and 2 (Fig.  4D-E). Transcription factor activity analysis 
showed enhanced activity of representative genes such as 
KLF5, HIF1A, MYC, E2F4, and BACH1 in modules 1 and 
2 in PCDhighepi (Fig. 4F). Studies have shown that KLF5 
promotes cell cycle progression by facilitating the expres-
sion of cell cycle-related genes, particularly during the G1/S 
phase transition [23]. Additionally, KLF5 is involved in 
apoptosis regulation, affecting cell survival through interac-
tions with apoptosis-related genes such as the BCL-2 family 
[24]. MYC is an oncogene that is extensively involved in 
the regulation of cell proliferation and apoptosis. MYC can 
activate multiple cell cycle-related genes to promote cell 
proliferation. However, overexpression of MYC may also 
induce apoptosis, primarily through the upregulation of p53 
and its related apoptotic pathways [25].

3.3  PCDhighepi as the origin of epithelial cells in 
NSCLC patients

Further, using the Monocle algorithm, we performed pseu-
dotime analysis to explore the developmental hierarchy 
within the PCD group. Initially, we analyzed the tumor 
stemness characteristics of the PCD group using the Cyto-
TRACE algorithm (Fig.  5A-B), and the results showed 
that PCDhighepi had higher tumor stemness scores (Fig. 
5C). Cells inferred to have high stemness scores by Cyto-
TRACE analysis are considered the starting point of cell 
development. The developmental trajectory predicted 
by the Monocle algorithm showed that the proportion of 
PCDhighepi cells gradually decreased during development 
(Fig. 5D-E). Genes associated with cell development were 
grouped into four clusters (Fig. 5F), with GPX2 and KRT5 
being primarily expressed during early development, while 
IGFBP7 and CLDN18 were mainly expressed during late 
development. Furthermore, pseudotime analysis evalu-
ated tumor-related characteristic pathways within the PCD 
group, such as epithelial-mesenchymal transition (EMT), 
angiogenesis (ANG), DNA damage repair (DNA), phos-
phatidylinositol 3-kinase (PI3K) pathway, apoptosis (APO), 
and the programmed cell death gene panel (PCD) (Fig. 5G). 
Tumor-related features such as apoptosis (APO) and epi-
thelial-mesenchymal transition (EMT) gradually decreased 
during pseudotime, with PCDhighepi exhibiting higher 
tumor-related characteristics throughout pseudotime com-
pared to PCDlowepi. Subsequently, using the RCTD decon-
volution method, we mapped the cell types of single-cell 

(GSE18842, GSE101929, GSE134381, GSE33532, and 
GSE43458) (Supplementary Table 1) to identify genes 
commonly upregulated in tumor tissues (Fig.  2A). Next, 
we intersected these with 18 programmed cell death genes 
(Supplementary Table 2) and conducted a meta-analysis 
(Fig.  2B) to ultimately identify NSCLC-specific pro-
grammed cell death genes (Supplementary Table 3). Sub-
sequent enrichment analysis using the Metascape database 
revealed that this genomic signature is primarily associ-
ated with apoptosis-related pathways (Fig. 2C, D), such as 
GO:0097190, GO:0010506, GO:2,001,233, hsa04210, and 
GO:0000278. Moreover, tissue-specific analysis using the 
GTEx database showed that this genomic signature is pre-
dominantly expressed in lung tissue (Fig. 2E). Furthermore, 
cell type-specific analysis using the WebCESA database 
indicated that this genomic signature is primarily expressed 
in T cells, dendritic cells, macrophages, epithelial cells, 
basal cells, mast cells, pneumocytes, and mesenchymal 
stem cells (Fig. 2F).

3.2  Programmed cell death (PCD) gene panel in 
epithelial cells of NSCLC patients

By integrating five single-cell NSCLC cohorts (Supplemen-
tary Fig. 1), we explored the cell-specific expression of PCD. 
After eliminating batch effects, we performed dimensional-
ity reduction, clustering, and cell annotation (Fig. 3A). Sub-
sequently, we evaluated the expression of PCD in different 
cell types using 13 single-cell scoring methods and com-
pared the average scores (Fig. 3B-C). The results showed 
that PCD scores were highest in NSCLC epithelial cells. To 
examine the specificity of PCD in tumor tissues, we used the 
R package Cottrazm to identify and characterize benign and 
malignant regions in spatial transcriptomics (Supplemen-
tary Fig.  2A-D). Based on spatial pathway scoring, PCD 
scored higher in malignant tissues than in benign tissues 
(Fig. 3D-G). According to the scoring, we divided the epi-
thelial cells into two groups (PCD groups): high PCD group 
(PCDhighepi) and low PCD group (PCDlowepi). Differen-
tial enrichment analysis using Hallmark, KEGG, and Reac-
tome pathways showed that cell cycle-related pathways, 
including g2m_checkpoint, e2f_targets, myc_targets, and 
p53_signaling_pathway, were upregulated in PCDhighepi 
(Fig. 4A). Moreover, enrichment analysis in 12 tumor states 
of CancerSEA indicated that cell cycle, metastasis, and 
hypoxia were enhanced in PCDhighepi (Fig. 4B). Studies 
have shown that hypoxia, by activating hypoxia-inducible 
factors (HIF), regulates the expression of multiple genes, 
which can promote cell survival in harsh environments or, 
in some cases, induce apoptosis [21]. During tumor metas-
tasis, cells often evade apoptosis by altering cell cycle reg-
ulation and enhancing survival under hypoxic conditions, 
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3.5  Interaction between PCDhighepi and smooth 
muscle cells

Research has shown that programmed cell death supports 
the cancer immunity cycle and reshapes the inflammatory 
tumor microenvironment (TME) [26]. To further explore 
the interaction between the PCD group and other cell 
types at the single-cell level, we analyzed cell-cell com-
munication. Our analysis identified strong communication 
between PCDhighepi and smooth muscle cells (Fig.  7A). 
These interactions primarily activate pathways such as 
the Hippo signaling pathway, GnRH signaling pathway, 
FoxO signaling pathway, Focal adhesion, and EGFR tyro-
sine kinase inhibitor resistance (Fig. 7B). Ligand-receptor 
pairs are direct pathways for intercellular communication. 
Specifically, our analysis revealed key ligand-receptor 
pairs from PCDhighepi to smooth muscle cells, including 
WNT7B-FZD1, GAS6-AXL, LIF-IL6ST, BMP2-BMPR2, 
and BMP2-AVCR1 (Fig. 7C, Supplementary Fig. 5). Con-
versely, key ligand-receptor pairs from smooth muscle 
cells to PCDhighepi included WNT2-LRP6, WNT2-LRP5, 
WNT2-FZD5, SFRP2-FZD5, SFRP1-FZD6, and IGF1-
IGF1R (Fig.  7C). This suggests multiple communication 
pathways between PCDhighepi and smooth muscle cells.

To confirm the interaction between PCDhighepi and 
smooth muscle cells, we further analyzed spatial transcrip-
tomics deconvolution results, which revealed colocaliza-
tion of PCDhighepi and smooth muscle cells (Fig. 7D-G). 
Spatial dependency analysis using the mistyR algorithm 
revealed a strong dependency between PCDhighepi and 
smooth muscle cells in colocalized, neighboring regions, 
and extended neighboring regions (15 points) (Fig.  7H). 
These findings were further validated in multiple spatial 
transcriptomic samples (Supplementary Fig. 6A-B). Over-
all, our comprehensive analysis suggests that PCDhighepi 
interacts with smooth muscle cells through multiple path-
ways, highlighting the important communication between 
these cell types.

3.6  Dependency of the programmed cell death 
gene panel (PCD) on apoptosis and other tumor 
states

Our previous study reported that programmed cell death 
gene panel (PCD) is primarily enriched in apoptosis-related 
pathways, a finding confirmed by spatial transcriptomic 
analysis. Using the CancerSEA database, which includes 12 
tumor cell states, we scored PCD in various tumor states 
through spatial transcriptomic enrichment analysis. Ini-
tially, we observed an enrichment of apoptosis in the spa-
tial transcriptomic data, with higher scores in malignant 
regions compared to benign regions (Fig. 8A). Subsequent 

cohorts onto spatial transcriptomics data (Fig. 6A-C, Sup-
plementary Fig. 3A). Developmental trajectories of the PCD 
group were inferred using the stlearn method. The develop-
mental trajectory in spatial transcriptomics showed a transi-
tion from PCDhighepi to PCDlowepi, and the trajectory tree 
revealed detailed evolutionary relationships between cell 
clusters (Fig.  6D-I, Supplementary Fig.  3B-C). Addition-
ally, a positive correlation was observed between the PCD 
score and the enrichment score of trajectory evolution genes 
(Fig. 6J-L, Supplementary Fig. 3D). Thus, our findings sug-
gest that PCDhighepi represents the developmental origin 
of cells within the PCD group.

3.4  Metabolic differences in single-cell 
metabolomics analysis of the programmed cell 
death gene panel (PCD) group

Our previous findings indicated that the glutathione metabo-
lism and pyrimidine metabolism pathways were activated 
in PCDhighepi (Fig. 3B). To further explore the metabolic 
characteristics of the PCD group, we employed the scFEA 
algorithm. Among the 169 metabolic pathways studied, 
the majority were upregulated in PCDhighepi, including 
pathways related to the tricarboxylic acid cycle, glycogen 
synthesis, and fatty acid uptake (Supplementary Fig. 4A). 
Conversely, pathways upregulated in PCDlowepi included 
those related to glucose uptake and tyrosine excretion 
(Supplementary Fig. 4A). Further analysis of PCDhighepi 
revealed activation of several pathways related to Gly-
colysis_TCA_cycle (Supplementary Fig.  4B), as well as 
pathways associated with pyrimidine synthesis (Supple-
mentary Fig. 4C), N-linked glycan synthesis (Supplemen-
tary Fig.  4D), O-linked glycan synthesis (Supplementary 
Fig. 4E), sialic acid synthesis (Supplementary Fig. 4F), and 
purine synthesis (Supplementary Fig.  4G). These findings 
indicate that PCDhighepi exhibits stronger metabolic char-
acteristics. In summary, the results highlight the significant 
activation of metabolic pathways in PCDhighepi and sug-
gest that its metabolic capabilities are enhanced compared 
to PCDlowepi.

Fig. 2  Identification and function of the non-small cell lung cancer-
specific programmed cell death gene panel (PCD). A Schematic dia-
gram of the NSCLC PCD origin. B Volcano plot showing differentially 
expressed genes of NSCLC-specific programmed cell death genes 
after meta-analysis of five bulk cohorts. The volcano plot shows the 
meta effect sizes on the x-axis while the y-axis indicates the − log10-
transformed meta P values. C Bar chart displaying pathways related 
to PCD from enrichment analysis. D Network diagram showing the 
interaction relationships of pathways related to PCD from enrichment 
analysis. E Tissue specificity analysis of PCD. F Cell type specificity 
analysis of PCD
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(Supplementary Fig. 9, Supplementary Table 6). Multiple 
machine learning algorithms were employed to predict 
patient survival time, with Lasso + SuperPC ranking among 
the top five in average C-index (Supplementary Fig. 10A). 
Since Lasso + SuperPC retains gene weights (unlike the 
top four methods) (Supplementary Fig.  11), we used this 
method to develop a prognostic model named NSCLCPCD. 
Using the median NSCLCPCD score as a boundary, patients 
were divided into high-risk and low-risk groups. The TCGA 
training dataset and seven validation datasets consistently 
showed that the high-risk group had significantly worse 
survival outcomes than the low-risk group (Supplementary 
Fig. 10B-G).

ROC analysis indicated that NSCLCPCD has strong 
discriminatory power. The AUC values for 1–5 year sur-
vival rates in the TCGA-NSCLC dataset were 0.64, 0.62, 
0.60, 0.59, and 0.54, respectively. The corresponding 
AUC values for GSE11969 were 0.78, 0.68, 0.60, 0.55, 
and 0.57; for GSE12428 were 0.40, 0.58, 0.63, 0.62, and 
0.61; for GSE31210 were 0.81, 0.76, 0.71, 0.72, and 0.74; 
for GSE41271 were 0.68, 0.69, 0.62, 0.61, and 0.61; for 
GSE42127 were 0.73, 0.72, 0.62, 0.63, and 0.65; and for 
GSE72094 were 0.71, 0.70, 0.67, 0.72, and 0.76 (Supple-
mentary Fig.  10H-L). These results underscore the robust 
performance of NSCLCPCD in predicting outcomes across 
multiple independent cohorts.

Comparison with other prognostic models showed that 
NSCLCPCD consistently ranked among the top in C-index 
across independent cohorts (Supplementary Fig.  12A), 
except for a lower rank in the GSE12428 cohort. Using the 
median NSCLCPCD score as a threshold, we associated 
the two risk groups with clinical indicators, finding sig-
nificant differences in survival status, tumor grade, tumor 
stage, tumor T stage, and tumor N stage (Supplementary 
Fig. 12B). A higher proportion of patients with grade 2–4 
tumors was observed in the high-risk group compared to the 
low-risk group (Supplementary Fig. 12C), and within these 
grades, NSCLCPCD effectively predicted shorter survival 
times in high-risk group patients (Supplementary Fig. 12D). 
To assess the independent prognostic value of NSCLCPCD, 
we performed univariate and multivariate Cox regression 
analyses on overall survival (OS), progression-free interval 
(PFI), and disease-specific survival (DSS) in the TCGA-
NSCLC dataset (Supplementary Fig.  12E-J). Our find-
ings indicate that NSCLCPCD is a significant risk factor 
in univariate analysis (HR > 1, p < 0.001) (Supplementary 
Fig. 12E-G) and remains a significant risk factor in multi-
variate analysis for OS (HR: 1.476, p = 0.03) and DSS (HR: 
1.780, p < 0.001) (Supplementary Fig. 12H-J), demonstrat-
ing its strong prognostic ability in NSCLC patients. How-
ever, it is worth noting that NSCLCPCD’s performance in 

pathway dependency analysis using the mistyR algorithm 
revealed that PCD primarily depends on apoptosis, hypoxia, 
and metastasis, with this dependency present in colocalized, 
neighboring regions, and extended neighboring regions 
(15 points) (Fig. 8B-E). This finding was further validated 
across multiple spatial transcriptomic samples (Supplemen-
tary Fig.7A-C). PCDhighepi primarily activates apoptosis-
related pathways. To confirm this association, we combined 
spatial transcriptomic deconvolution results with tumor 
state enrichment analysis and found that PCDhighepi exhib-
ited higher activity in pathways or tumor states related to 
metastasis (Fig. 8F), hypoxia (Fig. 8G), apoptosis (Fig. 8H), 
and PCD (Fig. 8H). Moreover, mistyR analysis showed a 
strong spatial dependency of PCDhighepi on PCD, apop-
tosis, hypoxia, and metastasis pathways or tumor states in 
both spatial and neighboring regions (Fig. 8I-J). Overall, 
our comprehensive analysis indicates that PCD depends on 
pathways or tumor states related to apoptosis, hypoxia, and 
metastasis.

3.7  Mendelian randomization (MR) analysis of the 
causal relationship between the programmed cell 
death gene panel (PCD) and lung cancer

We collected 31 genome-wide association study (GWAS) 
cohorts related to lung cancer and conducted MR analysis 
to investigate the causal relationship between PCD SNPs 
and lung cancer GWAS. In the ieu-a-966 cohort, the genes 
BIRC5, CADM1, CCT5, and CD74 demonstrated a causal 
relationship with lung cancer (Supplementary Fig. 8A, C). 
Similarly, in the ebi-a-GCST90013922 cohort, the genes 
AGER, CDKN2A, CLIC3, MIF, and SLC7A5 also showed 
a causal relationship with lung cancer (Supplementary 
Fig. 8B, D). In total, 58 genes were found to have a causal 
relationship with lung cancer across the 31 GWAS cohorts 
(Supplementary Table 4).

3.8  Robust machine learning model predicts 
patient survival and guides treatment

We identified characteristic genes of PCDhighepi using 
the Findmarker function (|logFC| > 0.5) (Supplementary 
Table 5) and intersected these genes with those identi-
fied through MR analysis to establish a prognostic model 

Fig. 3  Elevated expression of the programmed cell death gene panel 
(PCD) in epithelial cells. A UMAP showing cell types after batch cor-
rection and dimensionality reduction clustering. B Bubble plot dis-
playing the PCD scores across various cell types using multiple enrich-
ment analysis methods. C Violin plot showing the average enrichment 
scores across different cell types. D-G Enrichment scores and regional 
difference analysis of PCD in spatial transcriptomics. The size and 
color of the bubbles represent the PCD score levels. ****P < 0.0001, 
***P < 0.001, **P < 0.01, *P < 0.05, ns P > 0.05
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Fig. 4  Identification and functional analysis of the PCDhighepi cell 
population. A Schematic diagram of the identification of PCD high-
score (PCDhighepi) cell clusters. B Bar chart showing the enrichment 
analysis of Reactome, Hallmark, and KEGG pathways. C Line graph 
showing the tumor state enrichment analysis in CancerSEA. D Regula-
tory module analysis of epithelial cells. E-F Comparative analysis of 

regulatory submodules within the programmed cell death gene panel 
(PCD). G Heatmap showing the activity of different transcription 
factors within the PCD group (Red text: higher transcription factor 
activity in PCDhighepi; Blue text: higher TF activity in PCDlowepi). 
****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05, ns P > 0.05
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ability in H520 and H460 cells after SLC7A5 knockdown 
(Fig.  9J-L). These results suggest that SLC7A5 promotes 
the proliferation and migration of NSCLC cells.

We further explored the relationship between SLC7A5 
and apoptosis. Following SLC7A5 knockdown, the apop-
tosis rate of cells significantly increased (Fig.  10A-B). 
Western blot analysis further demonstrated that SLC7A5 
knockdown inhibited the expression of PARP, BCL-2, and 
Caspase3, while the expression of Cleaved-PARP, Bax, and 
Cleaved-Caspase3 increased (Fig.  10C-F). Immunofluo-
rescence analysis showed reduced BCL-2 intensity in the 
SLC7A5 knockdown group (Fig. 10G-H). Overall, these 
results indicate that SLC7A5 inhibits apoptosis in NSCLC 
cells.

4  Discussion

Programmed cell death processes, particularly apoptosis, 
autophagy, and necrosis, play crucial roles in the onset, 
progression, and therapeutic response of non-small cell 
lung cancer (NSCLC). Among these, apoptosis is a pri-
mary form of programmed cell death that is tightly regu-
lated by genes and plays a vital role in maintaining tissue 
homeostasis and eliminating damaged or abnormal cells. In 
NSCLC, dysregulation of the apoptotic pathway is a key 
factor in tumorigenesis and progression. Our study found 
that an NSCLC-specific programmed cell death gene panel 
is enriched in tumor epithelial cells and is associated with 
apoptotic pathways. Moreover, we discovered that tumor 
epithelial cells with a high enrichment score for the pro-
grammed cell death gene panel (PCDhighepi) exhibit upreg-
ulated pathways related to the cell cycle, tumor metastasis, 
and tumor hypoxia. Studies indicate that the relationship 
between apoptosis and the cell cycle is complex and closely 
intertwined [27]. Typically, cell cycle arrest or abnormalities 
can trigger apoptosis. For example, at the G1 and G2 check-
points, cells usually assess the extent of DNA damage, and 
if the damage is too severe to be repaired, they will activate 
apoptotic pathways to prevent the transmission of harmful 
genomic information [28]. The p53 protein, a critical regu-
lator linking the cell cycle (e.g. CDK4) and apoptosis, plays 
a significant role in the DNA damage response [29]. p53 can 
promote apoptosis by inducing the expression of apoptotic 
genes such as Bax and PUMA, while also inhibiting cell 
cycle progression, allowing time for DNA damage repair.

Autophagy, another key process, plays a more complex 
role in cell metastasis, as it can either suppress or promote 
tumor cell metastasis [30, 31]. In the early stages of tumors, 
autophagy often acts as a tumor-suppressive mechanism by 
degrading damaged organelles and proteins, thus maintain-
ing normal cellular function [32]. However, during tumor 

PFI multivariate analysis was less satisfactory (HR: 1.197, 
p = 0.111).

Using the Submap algorithm, we further explored differ-
ences in immune therapy responses between the risk groups 
to predict immune therapy responses in the TCGA and 
GSE42127 cohorts. Results indicated that low-risk patients 
showed relatively better responses to immune therapy (Sup-
plementary Fig.  13A-B). Additionally, TIDE scores indi-
cated that low-risk patients might have better responses to 
immune therapy (Supplementary Fig.  13C). Moreover, in 
publicly available single-cell immune therapy cohorts, cells 
responding to immune therapy had lower risk scores (Sup-
plementary Fig.  13D-E). Given the poor immune therapy 
responses in high-risk patients, analysis of the CTRP and 
PRISM databases showed that the high-risk group was more 
sensitive to clinical drugs, including paclitaxel, docetaxel, 
erlotinib, and gefitinib (Supplementary Fig.  13F-I). Addi-
tionally, we were able to identify suitable drugs for high-risk 
patients, such as leptomycin B, SB-743,921, epothilone-b, 
and cabazitaxel (Supplementary Fig. 13J-K).

3.9  Knockdown of SLC7A5 inhibits cell proliferation 
and increases apoptosis

Prognostic analysis of genes retained in the NSCLCPCD 
model across pan-cancer showed that only SLC7A5 was 
a risk factor for both LUAD and LUSC (Supplementary 
Fig. 14A). Further analysis of SLC7A5 expression indicated 
that SLC7A5 was highly expressed in tumor tissues in the 
bulk cohorts of LUAD and LUSC (GSE31547, GSE40791, 
GSE21933, GSE33479) (Supplementary Fig.  14B-E). 
Moreover, in the proteomics cohorts (LUAD_CPTAC and 
LUSC_CPTAC), SLC7A5 expression levels were higher 
in tumor tissues than in normal tissues (Supplementary 
Fig. 14F-G). Additionally, spatial transcriptomics revealed 
that SLC7A5 expression was higher in tumor regions 
compared to normal regions (Supplementary Fig. 14H-I). 
Collectively, these findings indicate that SLC7A5 is a risk 
factor for NSCLC.

In vitro experiments were conducted to investigate 
the biological function of SLC7A5. We knocked down 
SLC7A5 expression using a pair of siRNAs in the H520 and 
H460 cell lines. After 48 h of transfection, WB assay con-
firmed the significant knockdown of SLC7A5 (Fig. 9A-B). 
Following SLC7A5 knockdown, the EdU assay showed a 
decrease in proliferation in both cell lines (Fig. 9C-D). The 
CCK8 assay also demonstrated a reduction in proliferation 
after SLC7A5 knockdown (Fig. 9E-F). Furthermore, inva-
sion assays indicated that the migration ability of H520 and 
H460 cells was significantly reduced after SLC7A5 knock-
down (Fig.  9G-I). The two-dimensional colony formation 
assays revealed a significant decrease in colony-forming 
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Conversely, enhancing autophagy may maintain the undif-
ferentiated state of tumor stem cells, increasing their malig-
nant potential [40]. Thus, the regulation of autophagy could 
be a potential strategy to induce tumor stem cell differentia-
tion, reducing tumor heterogeneity and invasiveness. Based 
on the critical role of autophagy in tumor stem cells, target-
ing autophagy is emerging as a new direction in cancer ther-
apy. For example, chloroquine and its derivatives can inhibit 
autophagy by preventing autophagosome-lysosome fusion, 
thereby enhancing the cytotoxic effects of chemotherapy on 
tumor stem cells [41].

Autophagy plays a role not only in the homeostasis of 
smooth muscle cells but also in the regulatory interactions 
between tumor cells and smooth muscle cells. These inter-
actions mainly influence tumor angiogenesis [42], tumor 
cell invasion and metastasis, and remodeling of the tumor 
microenvironment. Our research also found that tumor 
epithelial cells with high enrichment scores for the pro-
grammed cell death gene panel (PCDhighepi) exhibit strong 
communication with smooth muscle cells in the tumor 
microenvironment. Importantly, autophagy plays a crucial 
role in regulating the response of smooth muscle cells to 
angiogenesis. Studies have shown that hypoxic conditions 
in the tumor microenvironment can activate autophagy 
through the HIF-1α pathway, thereby enhancing the sur-
vival of smooth muscle cells and supporting neovascular-
ization [43]. During tumor cell invasion and metastasis, 
autophagy regulates the abnormal proliferation of smooth 
muscle cells and the remodeling of the extracellular matrix, 
affecting the invasive capacity of tumor cells [44]. The 
remodeling of the tumor microenvironment is a key factor 
in tumor progression. Autophagy plays an important role in 
smooth muscle cells’ regulation of the tumor microenviron-
ment. Specifically, it has been found that smooth muscle 
cells can regulate the secretion of matrix metalloprotein-
ases through autophagy, thus affecting the remodeling of 
the tumor stroma and the invasiveness of tumor cells [45, 
46]. Given the important role of autophagy in the interac-
tion between tumor cells and smooth muscle cells, targeting 
the autophagy pathway may provide new insights for cancer 
treatment. For example, using autophagy inhibitors might 
reduce tumor-associated angiogenesis, thereby inhibiting 
tumor growth. Additionally, regulating autophagy could 
influence the migration and secretion properties of smooth 
muscle cells, reducing the invasive and metastatic capabili-
ties of tumor cells.

In addition, we developed the NSCLCPCD model to 
predict patient survival and personalize treatment. How-
ever, the NSCLCPCD model showed lower performance 
in the GSE12428 cohort. We first considered the differ-
ences in clinical and demographic characteristics between 
the GSE12428 cohort and other datasets. The GSE12428 

progression to metastasis, the role of autophagy may reverse, 
especially in harsh microenvironments such as hypoxia and 
nutrient deprivation, where autophagy helps tumor cells sur-
vive and adapt to new environments [33].

Previous studies, such as those referenced [34, 35], pri-
marily rely on single algorithms like Non-negative Matrix 
Factorization (NMF) to distinguish cellular subpopula-
tions and their functions. While these approaches provide 
useful insights, they may have limitations when identify-
ing gene panels specific to certain conditions or capturing 
the full complexity of cell functions. In contrast, our study 
represents a significant advancement by first identifying an 
apoptosis gene panel specific to non-small cell lung cancer 
(NSCLC). We further differentiate cell subpopulations by 
integrating 13 scoring algorithms, including AUCell, UCell, 
singscore, and ssgsea. This comprehensive scoring strategy 
offers a more robust and nuanced way of characterizing 
the functional heterogeneity among cell subpopulations. 
Additionally, to evaluate the function of these subpopula-
tions, we employed multiple state-of-the-art methods such 
as Cytotrace, monocle, and spatial trajectory analysis. 
These approaches allowed us to assess both the differen-
tiation potential and spatial distribution of cells, providing 
deeper insights into the functional landscape that were not 
addressed by prior studies.

Our study found that tumor epithelial cells with high 
enrichment scores for the programmed cell death gene 
panel (PCDhighepi) originate from tumor epithelial cells 
and evolve into cells with low enrichment scores for the 
panel (PCDlowepi). Additionally, our research suggests that 
autophagy helps maintain metabolic balance and survival 
in tumor stem cells under adverse conditions like hypoxia 
and nutrient deprivation by degrading damaged mitochon-
dria and proteins [36]. For instance, in breast cancer, stud-
ies have shown that autophagy promotes tumor stem cell 
survival by maintaining mitochondrial function and reactive 
oxygen species (ROS) balance [37]. Moreover, autophagy 
also plays a role in regulating stem cell-related signaling 
pathways such as Wnt/β-catenin, Notch, and Hedgehog 
in the self-renewal of tumor stem cells [38]. Autophagy is 
also important in the differentiation of tumor stem cells. For 
example, in glioblastoma, inhibiting autophagy can promote 
the conversion of tumor stem cells into terminally differ-
entiated cells, reducing their tumor-forming ability [39]. 

Fig. 5  Exploring the cellular origin of the programmed cell death 
gene panel (PCD) at the single-cell level. A CytoTRACE analysis of 
the differentiation potential of PCD group cells. B Grouping of the 
PCD group. C Raincloud plot showing the comparative differences 
in CytoTRACE scores. D-E Analysis and display of cell type propor-
tions along the developmental trajectory of PCD group cells. F Pseu-
dotime analysis of genes related to cell developmental pathways. G 
Comparative pseudotime analysis of pathways related to tumor activ-
ity. ****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05, ns P > 0.05
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Fig. 6  Exploring the cellular origin of the programmed cell death gene 
panel (PCD) using spatial transcriptomics (ST). A-C Cell types after 
ST deconvolution. D-E Cell developmental trajectories and develop-
mental trajectory trees in ST ERS17014188. F-G Cell developmental 

trajectories and developmental trajectory trees in ST ERS17014192. 
H-I Cell developmental trajectories and developmental trajectory 
trees in ST ERS17014196. J-L Scatter plots showing the correlation 
between PCD gene panel scores and developmental trajectory genes
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Fig. 7  Interaction between PCD high-score (PCDhighepi) cell clusters 
and smooth muscle cells. A Analysis of interaction strength between 
PCDhighepi and various cell types. B Analysis of activated pathways 
in various cell communications. C Analysis of activated ligand-recep-
tor pairs. D-G Spatial transcriptomics deconvolution results show that 

PCDhighepi and smooth muscle cells are in close proximity. H Heat-
map showing the intercellular dependency analysis in co-localized, 
neighboring, and extended neighboring (15-point) regions within the 
spatial transcriptomics context
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Fig. 8  Exploration of programmed cell death gene panel (PCD)-related 
pathways in spatial transcriptomics (ST). A Enrichment results of the 
ST cell cycle pathway and comparison of differences between regions. 
B Heatmap showing the pathways dependent on PCD within the spa-

tial context in different regions. C-E Network diagrams showing the 
pathways dependent on DDP in the intra (C), juxta_5 (D), and para_15 
(E) regions within the spatial context. ****P < 0.0001, ***P < 0.001, 
**P < 0.01, *P < 0.05, ns P > 0.05
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Fig. 9  Knockdown of SLC7A5 inhibits NSCLC cell proliferation. A-
B Western blot analysis in H520 and H460 cells shows the efficiency 
of SLC7A5 knockdown and the statistical analysis in bar charts. C-
D The effect of SLC7A5 knockdown on DNA synthesis in cells is 
shown by EdU assays. E-F The effect of SLC7A5 knockdown on cell 
viability is shown by Cell Counting Kit-8 assays. G-I The effect of 

SLC7A5 knockdown on cell invasion is shown by Transwell analy-
sis, with statistical analysis presented in bar charts. J-L The effect of 
SLC7A5 knockdown on cell colony formation is shown by 2D colony 
formation assays, with statistical analysis presented in bar charts. 
****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05, ns P > 0.05
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Fig. 10  Knockdown of SLC7A5 significantly increases apoptosis in 
NSCLC cells. A-B Flow cytometry experiments show that knock-
down of SLC7A5 increases the proportion of apoptosis in H520 
and H460 cells. C-F Western blot analysis shows that knockdown 
of SLC7A5 inhibits the expression of PARP, BCL-2, and Caspase 3, 

while increasing the expression of Cleaved-PARP, Bax, and Cleaved-
Caspase 3, with the statistical analysis presented in bar charts. G-H 
Immunofluorescence experiments show that knockdown of SLC7A5 
inhibits BCL-2 expression. ****P < 0.0001, ***P < 0.001, **P < 0.01, 
*P < 0.05, ns P > 0.05
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this approach has certain limitations in terms of consistency 
between data sources and experimental models. The use 
of the H460 cell line (derived from large cell lung cancer) 
may limit the broad applicability of the results to LUAD. 
However, we believe that the use of this model still pro-
vides valuable insights into the regulatory mechanisms of 
SLC7A5 across different types of lung cancer. Although 
H460 is not a direct match for LUAD, its molecular charac-
teristics are highly relevant to the SLC7A5-related mecha-
nisms studied, making it valuable for our research. For 
LUSC, H520 is a well-established model for studying lung 
squamous cell carcinoma and aligns with the LUSC data 
in our study. In future research, we plan to use additional 
LUAD-specific cell lines (such as A549) to further validate 
the role of SLC7A5 in lung adenocarcinoma.

5  Conclusion

Our data indicate that programmed cell death is mainly 
associated with pathways related to apoptosis, tumor metas-
tasis, and hypoxia. Additionally, it suggests that SLC7A5 is 
an obvious risk indicator for the prognosis of non-small cell 
lung cancer (NSCLC) and an effective target for enhancing 
apoptosis in NSCLC tumor cells.
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cohort had a higher proportion of early-stage patients and 
greater heterogeneity within the patient population, which 
may have contributed to the decreased predictive perfor-
mance of the model. The relatively small sample size in the 
GSE12428 cohort, along with differences in technical plat-
forms, batch effects, and data preprocessing, may also have 
affected the model’s performance. Although NSCLCPCD 
demonstrated significance in overall survival (OS) and 
disease-specific survival (DSS) in multivariate analysis 
(Supplementary Fig.  12E-J), its performance in progres-
sion-free interval (PFI) was less consistent. We believe that 
PFI might be influenced by different biological mechanisms 
and could differ from OS and DSS. For example, PFI may 
be more sensitive to short-term disease dynamics, treatment 
responses, or recurrence patterns—factors that may not be 
fully captured by the current model. Additionally, differ-
ences in treatment regimens between cohorts may impact 
PFI. While different treatments might control disease pro-
gression in the short term, they may not have a significant 
impact on long-term survival metrics such as OS and DSS.

Finally, our study discovered that the NSCLC-specific 
programmed cell death gene SLC7A5 promotes cell pro-
liferation and inhibits apoptosis. Research shows that 
SLC7A5 overexpression is significantly associated with 
the histopathological grading of breast cancer patients, and 
SLC7A5 mRNA expression positively correlates with the 
expression of the proliferation marker Ki-67 and hypoxia-
inducible factor 1-alpha [47]. Further, clinical pathologi-
cal studies have shown that SLC7A5 protein is localized 
in the plasma membrane of tumors and metastases origi-
nating from various tissues, including the lungs [48–50]. 
Squamous cell carcinomas tend to express SLC7A5 more 
than adenocarcinomas. For example, 91% of surgically 
removed NSCLC showed high levels of SLC7A5 [51]. In a 
clinicopathological correlation study of completely resected 
pathological stage I-III NSCLC, the 5-year survival rate of 
SLC7A5-positive patients (51.8%) was significantly lower 
than that of SLC7A5-negative patients (87.8%; P < 0.005) 
[51]. Multivariate analysis showed that SLC7A5-positive 
expression is an independent predictor of poor prognosis 
[6]. In order to treat cancer, high-affinity SLC7A5-specific 
inhibitors have been developed, such as JPH203. Due to 
the novel mechanism of SLC7A5 inhibitors, they may help 
treat cancers resistant to current therapies, either alone or in 
combination with other anticancer drugs [52]. In summary, 
we suggest that SLC7A5 could serve as a therapeutic target 
for NSCLC, and combining it with other chemotherapeu-
tic agents may enhance chemotherapy response. However, 
while the original sequencing data we collected came from 
two disease types, lung adenocarcinoma (LUAD) and lung 
squamous cell carcinoma (LUSC), we used H520 and H460 
cell lines for experimental validation. We acknowledge that 
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