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Lung squamous cell carcinoma (LUSC), accounting for 30% of lung cancer cases, lacks adequate 
research due to limited understanding of its molecular abnormalities. Our study analyzed public LUSC 
datasets to explore the tumor microenvironment (TME) composition using scRNA-seq from two 
cohorts. Applying non-negative matrix factorization, we identified unique malignant cell phenotypes, 
or meta-programs (MPs), based on gene expression patterns. Survival analysis revealed the clinical 
relevance of these MPs. Findings illuminated a TME landscape enriched with immune cells—CD8 + T, 
exhausted T, CD4 + T, and naive T cells—and suggested roles for myeloid cells, like cDC1 and pDCs, in 
LUSC progression. Different MPs highlighted the heterogeneity of malignant cells and their clinical 
implications. Targeting MP-specific genes may enable personalized therapy, especially for early-stage 
LUSC. This study offers insights into immune cell function in tumor dynamics, identifies MPs, and 
paves the way for novel LUSC strategies, enhancing early intervention, personalized treatment, and 
prognosis, ultimately improving patient outcomes.
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Lung squamous cell carcinoma (LUSC) constitutes approximately 30% of all lung cancer cases and is a leading 
cause of cancer-related mortality worldwide1. Despite its prevalence, LUSC has received comparatively less 
attention in research and clinical practice when compared to lung adenocarcinoma and other major cancer 
types2–6. The clinical staging of LUSC is primarily determined by factors such as tumor size, lymph node 
involvement, and the presence of metastasis2. These staging criteria play a crucial role in guiding treatment 
strategies and predicting patient prognosis7. However, it is important to note that even within the same stage, 
patients with LUSC often exhibit substantial variations in clinical outcomes. This observation underscores the 
limitations of the current staging methods employed in LUSC management.

To address these limitations and improve patient care, by incorporating additional factors that influence 
disease progression and patient outcomes, such as molecular markers or genetic alterations, we can potentially 
enhance the accuracy of prognostic predictions and tailor treatment strategies accordingly8. This approach 
allows us to capture the complexity of the tumor microenvironment (TME), which comprises diverse immune 
cells, fibroblasts, endothelial cells, and other components 9,10. In particular, the composition and functional 
states of immune cells within the TME have been demonstrated to exert a profound influence on prognosis and 
the efficacy of immunotherapy in the context of lung cancer 11,12. However, existing staging methods for LUSC 
lack the necessary resolution to comprehensively characterize the TME specific to LUSC.

Single-cell RNA sequencing (scRNA-seq) has emerged as a powerful technique for investigating gene 
expression patterns at a high resolution within tumor samples 13,14. This technology enables the profiling of 
thousands to millions of individual cells, providing valuable insights into the composition, activation states, 
and interactions of cells within the TME15. By leveraging scRNA-seq data, novel cellular and genetic signatures 
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that can enhance the staging, treatment selection, and prognostic prediction of patients with LUSC, going 
beyond the limitations of histopathological features alone16. Numerous studies have utilized scRNA-seq to 
establish correlations between immune cell fractions, gene expression profiles, and prognosis or response 
to immunotherapy in various cancer types 17–19. For example, Salcher performed an integrative analysis on 
1,283,972 single cells from 556 samples and 318 Non-small cell lung cancer (NSCLC) patients across 29 
datasets20. By focusing on tissue-resident neutrophils (TRNs), they identified cell populations that develop novel 
functional properties in tissue TME. Finally, they uncovered a TRN-derived signature, playing significant roles 
in the failure of anti-programmed cell death ligand 1 (PD-L1) treatment. These investigations have shed light 
on the complex interplay between the immune system and tumor cells, offering potential avenues for improving 
patient outcomes. However, a comprehensive characterization of TME in LUSC is more or less ignored.

In this study, we aim to comprehensively characterize the TME in LUSC using scRNA-seq technology. 
Through an in-depth investigation into the cellular composition of the TME, we aim to elucidate the intricate 
interplay between TME and the immune and stromal cells. Moreover, by identifying distinct malignant cell 
phenotypes, we intend to shed light on the potential clinical implications of these findings and pave the way 
for the development of targeted therapies specifically tailored for LUSC patients, with a particular focus on 
those in the early stages of the disease. Additionally, the biomarkers identified in this study hold promise for 
their potential utilization in predicting patient prognosis, thus further enhancing the clinical significance of our 
research.

Results
Identification of the microenvironment in the LUSC tumors based on single-cell sequencing 
data analysis
We downloaded lung cancer datasets from GSE148071 and WCH, screened out 72 LUSC samples (22 from 
GSE148071 and 50 from WCH) and merged them together (Fig. 1a). A total of 179,506 cells were obtained 
from 72 samples for downstream analysis. The median number of expressed genes in each cell for GSE148071 
and WCH were 1450 and 362 respectively (Table S1). The top 2,000 highly variable genes were identified and 
used for principal component analysis (PCA) and uniform manifold approximation and projection (UMAP) 
analysis (Fig. 1a). Top 20 principal components were correct by Harmony21 and the neighborhood graph was 
constructed by BBKNN22. By performing the Leiden algorithm23 on the neighborhood graph, 19 high-confidence 
cell clusters were identified with a resolution of 0.8. These clusters were broadly classified into seven major cell 
types using specific markers from the original literature, including epithelial cells (EPCAM and KRT18), T cells 
(CD2, CD3D, CD3E and CD3G), B cells (CD79A and CD79B), myeloid cells (LYZ), endothelial cells (CLDN5, 
PECAM1 and VWF), mast cells (TPSAB1, TPSB2 and GATA2), and fibroblasts (DCN, COL1A1 and COL1A2) 
(Fig. 1b).

In order to distinguish malignant cells from non-malignant cells confidently, we assessed large-scale 
chromosomal copy-number variations (CNVs) in each individual cell. Our hypothesis was that cells exhibiting a 
high degree of CNVs were likely to be indicative of malignancy. To infer the CNV content of individual cells from 
scRNA-seq data, we utilized a sliding window approach implemented by the infercnvpy package24. Compared 
to normal reference cells, such as T cells, B cells, myeloid cells and mast cells, a subset of epithelial cells showed 
a significantly higher CNV burden. By clustering the 179,506 cells based on their CNV profiles, we were able to 
identify 9,611 malignant cells from the non-malignant epithelial cells (Fig. 1c&d).

Analysis of cellular architectures across tumor stages
To explore the propensity of specific cell types during cancer progression, we compared the ratios of cell types 
present in tumor samples across different tumor stages (Fig. 2a and b). Our results demonstrated a significantly 
higher proportion of malignant cells in tumors from the advanced tumor stages, suggesting a high degree of tumor 
deterioration in patients with later-stage cancer. Mast cells play a crucial role in the tumor microenvironment25. 
Their functions include modulating immune responses, promoting angiogenesis, and influencing tumor 
progression. The observed decrease in mast cell numbers from Stage II to advanced stages warrants further 
exploration. Potential reasons could involve changes in the tumor microenvironment26, immune suppression27, 
or altered signaling pathways28. Similarly, the prominence of fibroblasts at Stage IV is intriguing. These cells 
are key players in the tumor stroma, affecting extracellular matrix remodeling29, immune cell recruitment30, 
and tumor growth31. Discussing their role and potential implications in advanced LUSC stages is essential. 
Additionally, the proportion of T cells has a clear decreasing trend correlated with the development of cancer, 
indicating that impaired anti-tumor immune surveillance may facilitate cancer advancement. For epithelial cells, 
the proportion is lower in the adjacent tissues but higher in the samples from intermediate and late tumor stages. 
Additionally, these results were verified by Propeller method (Table S2). Taken together, these findings suggest 
that certain cell types play critical roles in driving cancer development at different stages, further subdivision and 
detailed analysis of cellular subpopulations is warranted to better understand how distinct cell types influence 
cancer progression as tumors evolve over time.

Immunosuppressive adaptations in the late-atage LUSC TME collectively dampen the anti-
tumor immune response
We first characterized the subpopulations in tumor-infiltrating T cells across LUSC stages. By re-clustering T 
cells, we identified seven T cell subsets, including CD4 + T cells (S100A9, SLPI), regulator T cells (FOXP3, IL2RA 
and TNFRSF4), exhausted T cells (LAG3, ZNF683 and CXCL13), CD8 + T cells (GZMK and CCL4L2), NK cells 
(KLRD1, GNLY and KLRB1), naïve T cells (GPX2, PERP, KRT17), and helper T cells (IL7R, CD6) (Fig. 3a and 
S1a).
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Fig. 1.  Identification of cellular composition in the tumor microenvironment (TME) of lung squamous cell 
carcinoma (LUSE) from two independent cohorts. (a) Projection of all cells from the two cohorts into a UMAP 
(Uniform Manifold Approximation and Projection) space, with cells colored by their sources. (b) Unsupervised 
clustering reveals major cell types in the merged dataset, with cells in the UMAP plot colored according to 
their respective cell types. (c) Heatmap visualization of inferred copy number variation (CNV) profiles for each 
cell, based on transcriptomic data. The colorbar at the top of the heatmap represents the clustering result of 
cells based on their CNV profiles. (d) Dotplot displaying marker genes identified in the major cell types within 
the merged dataset. The size of each dot indicates the expression prevalence of the corresponding gene, while 
the dot color represents the average expression of the gene across the entire population of the corresponding 
cell type.
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While previous studies linked increased cytotoxic T cell infiltration to improved outcomes32, we observed 
decreasing CD8 + and exhausted T cell fractions concurrently with disease progression (Fig. 3b and S1b). As 
CD8 + and exhausted T cells mediate the direct killing of malignant cells, their decline late in tumorigenesis 
permits the escape of malignant cells from immune-mediated control33. Intriguingly, the fraction of regulatory T 
cell remained stable even as other subpopulations changed. This stability likely stems from tumor-secreted factors 

Fig. 2.  Analysis of Cellular Proportions in the LUSC TME. (a) Stacked barplot illustrating the major cell types 
present in all tumor samples included in this study. The samples are ordered by disease stage, and the color 
represents the corresponding cell type. The height of each color within a sample indicates the proportion of 
that specific cell type. (b) Violin plots depicting the proportions of the given cell type in samples from different 
tumor stages. A t-test was performed to assess the statistical significance of differences in cell type proportions 
between the two tumor stages.
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Fig. 3.  The exploration of T cells within the TME of LUSC. (a) UMAP plot illustrating the identification of 
7 distinct T cell subpopulations using the Leiden algorithm in this investigation. (b) Violin plots presenting 
the relative proportions of the specific T cell subpopulation in samples from various tumor stages. Statistical 
significance of differences in cell type proportions between the two tumor stages was evaluated using a t-test.
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that actively maintain regulatory T cell immunosuppressive influence within the TME of LUSC. By dampening 
anti-tumor immune responses, regulatory T cells may compensate for decreasing CD8 + and exhausted T cell 
activity in advanced stages 3,34,35.

In further contrast, CD4 + T cell and naive T cell proportions increased as cancer developed (Fig. 3b and S1b). 
As CD4 + T cells can enhance regulatory effects and dampen cytotoxic functions, the elevated level of CD4 + T 
cell may facilitate immune evasion 36,37. Naive T cell accumulation may reflect impaired priming of effective anti-
tumor responses. The results of the Propeller method also confirmed that the proportions of CD4 + T cells and 
naive T cells increased in advanced tumors (Table S3).

Identification of myeloid cell subpopulations in late-stage lung squamous cell carcinoma
In LUSC, the role of myeloid cells in tumor progression and immune evasion is poorly understood. To address 
this gap in knowledge, we reclustered meyloid cells and identified six subpopulations, including conventional 
type 1 dendritic cells (cDC1) (C1orf54, WDFY4 and CLEC9A), conventional type 2 dendritic cells (cDC2) 
(FCER1A, CD1C), plasmacytoid dendritic cells (pDC) (IL3RA, LILRA4 and JCHAIN), myeloid dendritic cells 
(mDC) (LAMP3), monocytes (FCN1, CD300E and VCAN) and macrophages (APOE, APOC1 and CCL18), 
distinguished by the expression of their marker genes (Fig. 4a and S2a).

By comparing the myeloid cell composition across patients, we observed that samples of late tumor stages 
(stage III and IV) tended to have a higher proportion of myeloid cells (Fig. 4b and S2b). However, the compositions 
of the 3 subpopulations (cDC2, mDC, and macrophage) in the samples with different tumor stages were not 
significantly different (Fig. 4b and S2b). This suggests that the relative proportions of these subpopulations may 
not be strongly associated with tumor stage in LUSC.

Interestingly, normal samples exhibit a significantly bigger fraction of cDC1 (p-value = 1.04×e-9 between 
different stages, one-way ANOVA test) than tumor samples (Fig. 4b and S2b), suggesting that cDC1 may play 
a anti-tumor role and may be suppressed in the initiation of the LUSC. Previous studies have shown that cDC1 
cells are potent inducers of anti-tumor immunity and are critical for the activation of CD8 + T cells, which are 
important effectors of the anti-tumor response38. Therefore, our findings suggest that cDC1 cells may represent 
a promising therapeutic target for LUSC and warrant further investigation. According to the Propeller results, 
we observed a significant increase in the proportion of cDC1 in normal samples compared to tumor tissues 
(Table S4).

Meanwhile, we found that pDC was uniquely enriched in the Stage II of LUSC (Fig.  4b, S2b and Table 
S4), which could potentially serve as a biomarker for LUSC staging. It has been suggested that pDCs can 
promote tumor growth and metastasis by suppressing the anti-tumor immune response through the secretion 
of immunosuppressive cytokines and the induction of regulatory T cells39. However, the exact mechanisms 
underlying the enrichment of pDCs in Stage II of LUSC remain to be elucidated.

Furthermore, our analysis revealed that monocyte gradually expanded their population along the cancer 
progression (Fig. 4b, S2b and Table S4). Monocytes are known to differentiate into macrophages 40,41, which 
play a critical role in cancer progression by promoting tumor growth, angiogenesis, and metastasis42. In the 
context of LUSC, the gradual expansion of monocytes along cancer progression suggests the balance between 
macrophages may shift, which could promote tumor growth, angiogenesis, and metastasis, as well as immune 
evasion43. Indeed, previous studies have shown that tumor-associated macrophages are associated with poor 
prognosis in LUSC and other cancers 14,44.

Epithelial cells analysis in LUSC
LUSC arises from epithelial cells45. Previous studies have indicated that different subtypes of epithelial cells in 
the lung play diverse roles in tissue function46. However, the specific roles of these subpopulations in LUSC 
progression remain unclear. In this work, we observed that epithelial cell has a higher proportion in the samples 
of the middle and late tumor stages (Fig.  2a&b). By reclustering epithelial cells, we divided them into six 
subpopulations, including alveolar type I (AT1) cells (AGER, CLIC5 and RTKN2), alveolar type II (AT2) cells 
(SFTPA1, ABCA3, PGC and SFTPA2), basal cells (KRT5, KRT6A, KRT14 and KRT17), club cells (SCGB1A1, 
SCGB3A1 and PIGR), ciliated cells (FOXJ1, TPPP3, PIFO, C11orf88 and DTHD1), and deuterosomal cells 
(CDC20 and CCNO) (Fig. 5a and S3a).

Among the six subpopulations, deuterosomal cells and basal cells showed a significant increase in proportion 
in samples from moderate to advanced cancer (Fig. 5b and S3b). With the progression of tumors, an increase 
in the proportion of deuterosomal cells was also observed using the Propeller method (Table S5). This suggests 
that these subpopulations may be involved in LUSC tumor development and progression. Deuterosomal cells 
are a type of epithelial cell that have been shown to play a role in tissue repair and regeneration47. The significant 
increase in their proportion in LUSC samples suggests that they may also be involved in tumor progression. 
Meanwhile, previous studies have suggested that basal cells may have stem cell-like properties and be involved 
in lung cancer development48. Still, the specific mechanisms underlying the involvement of these subpopulations 
in LUSC development and progression is unclear.

Characterization of intratumor heterogeneity among malignant cells using scRNA data and 
NMF programs
Malignant cells are known to exhibit a high degree of intratumor heterogeneity, with different cells displaying 
varying phenotypes and functions depending on their genetic mutations and the microenvironment of the 
tumor49. In order to gain a better understanding of this intratumor heterogeneity, we utilized scRNA data to 
cluster malignant cells. To achieve this, we employed non-negative matrix factorization (NMF) to identify NMF 
programs among malignant cells for each tumor sample. Through this approach, we were able to identify 468 
NMF programs, with each program being summarized by the top 50 genes based on their NMF coefficients. 
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Fig. 4.  The subpopulations of myeloid cells present in the TME of LUSC. (a) UMAP plot demonstrating the 
identification of all myeloid cell subpopulations using unsupervised clustering. (b) Violin plots displaying the 
relative proportions of the specific myeloid cell subpopulation in samples from different tumor stages. The 
statistical significance of differences in cell type proportions between the two tumor stages was assessed using 
a t-test.
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Fig. 5.  Characterization of epithelial cell subpopulations in the tumor microenvironment (TME) of LUSC. (a) 
UMAP plot demonstrating the identification of 6 distinct epithelial cell subpopulations through the application 
of the Leiden algorithm in this study. (b) Violin plots displaying the relative proportions of specific epithelial 
cell subpopulations in samples from different tumor stages. Statistical analysis using a t-test was conducted to 
evaluate the significance of differences in cell type proportions between the two tumor stages.
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Given the patient-specific nature of genetic mutations in malignant cells, we focused on identifying general 
NMF programs that could be found across multiple patients, with the aim of developing treatments that are 
effective for the majority of patients with LUSC.

We found that many NMF programs shared the top genes, indicating that they were derived from the same 
meta-programs (MPs). We clustered the NMF programs based on their fractions of shared top genes and 
defined clusters with more than 5 NMF programs as an MP. In total, we identified 4 MPs, each represented 
by the union of genes from the associated NMF programs (Fig. S4). We then annotated each MP based on the 
functional enrichments of representative genes (Fig. 6a-d). MP1 was found to be enriched in microtubule-based 
movement, suggesting that it may be involved in cellular processes related to cancer metastasis50. MP2 displayed 
up-regulation of ribosome-related genes, which may indicate an increase in ribosome biogenesis and a higher 
demand for protein synthesis to support the rapid growth and division of cancer cells51. MP3 was potentially 
involved in the formation of the cornified envelope, which could be a sign of cancer cells adapting to their 
environment and evading the immune system or other treatments52. MP4 displayed up-regulation of cell cycle-
related activities, indicating that these cells were dividing and proliferating more rapidly than normal cells, a 
hallmark of cancer 53,54. The identification of MPs enabled the characterization of intratumor heterogeneity 
among malignant cells in LUSC patients. The MPs represent distinct phenotypes of malignant cells within 
the tumor, and the genes that are representative of each MP can be targeted for the development of effective 
treatments for LUSC patients.

Clinical significance of MPs presented in LUSC
To further investigate the utility of the MPs identified in this study, we scored all bulk RNA-seq sample of LUSC 
from the TCGA-cohort using the representative genes of each MP (the union of top 50 genes in all associated 
NMF programs). For a bulk RNA-seq sample, we labeled it with the MP whose score was the highest in the 
sample. As a result, all tumor samples were labeled as either MP2 or MP4 (Fig. 7a). Survival analysis indicated 
no differences in survival among patients in the MP2 and MP4 groups (Fig. 7b). We further divided the samples 
by stages and drew Kaplan-Meier (KM) curves of two group samples for each cancer stage separately. As shown 
in Fig. 7c-f, only samples in Stage I displayed significantly different OS time, suggesting that genes in MP2&4 
may be a useful prognostic gene program for early-stage LUSC. These findings highlight the potential clinical 
significance of the MPs identified in this study. Targeting the genes that are representative of each MP could lead 
to the development of effective treatments for LUSC patients, particularly those with early-stage disease.

Discussion
In this study, we utilized scRNA-seq technology to analyze the TME of LUSC tumors. By surveying public 
scRNA-seq data, we identified the cellular composition and observed trends in cell type proportions across 
different tumor stages, indicating the involvement of specific cell types in cancer development. We further 
analyzed subpopulations to understand their influence on cancer progression.

During our investigation, we observed a significant decrease in T cells with cancer progression. Meanwhile, 
Fig.  1a indicates a higher representation of T cells in the WCH dataset relative to the GSE148071 dataset. 
This discrepancy in cell type distribution could indeed impact the interpretation of our findings. To mitigate 
this concern, we conducted a comparison of late-stage samples from both datasets, as depicted in Fig.  2a, 
demonstrating that the cellular composition of these late-stage samples is strikingly similar, which bolsters our 
confidence in the assertion that the observed changes in T cell fractions are more closely associated with tumor 
stage than with any inherent biases in our sampling methodology. The decrease in cytotoxic CD8 + T cells and 
the increase in exhausted T cells with advancing tumor stage (as shown in Fig. 3b) suggest an impaired anti-
tumor immune response, which may contribute to tumor progression and metastasis. This finding is consistent 
with previous studies that have highlighted the critical role of CD8 + T cells in controlling tumor growth55 and 
the negative impact of T cell exhaustion on clinical outcomes56. Moreover, the stable proportion of regulatory T 
cells (Tregs) across different stages (Fig. 3b) indicates their potential role in maintaining an immunosuppressive 
TME, which could facilitate immune evasion by LUSC cells57. The clinical significance of targeting Tregs has 
been previously discussed in the context of various cancers58, and our findings support the need for further 
investigation into their role in LUSC.

As shown in Fig. 4b, he myeloid compartment, comprising cells such as cDCs, pDCs, and macrophages, plays 
a dual role in cancer—promoting anti-tumor immunity and facilitating immunosuppression59,60. Our findings 
indicate a notable increase in myeloid cells with advancing tumor stage, which may reflect the tumor’s ability to 
recruit these cells to create a more immunosuppressive environment61. The decrease of cDC1 cells in tumors, 
which are known for their potent antigen-presenting capabilities and for activating cytotoxic T cells, suggests a 
dampening of the adaptive immune response in LUSC62. This finding is consistent with other studies that have 
shown a reduction in cDC1 infiltration in various solid tumors, correlating with poor prognosis63. On the other 
hand, the enrichment of pDCs in stage II of LUSC (as shown in Fig. 4b) is intriguing and may indicate a stage-
specific immune response. pDCs have been shown to produce large amounts of type I interferons, which can 
have both anti-tumor and pro-tumor effects, depending on the context64,65. The increased presence of pDCs at 
this stage could potentially be exploited as a biomarker for early detection or as a target for immunotherapeutic 
intervention. Monocytes, as a component of the innate immune system, are known to infiltrate tumors and 
differentiate into macrophages or dendritic cells, depending on the local microenvironment41. The gradual 
increase in monocytes during LUSC progression suggests a potential role in the tumor’s immune evasion 
and angiogenesis. This increase may reflect the tumor’s ability to recruit monocytes to promote a more 
immunosuppressive environment, which could facilitate tumor growth and metastasis66.

Furthermore, the increase in specific epithelial cell subpopulations (Fig. 5b), such as basal and deuterosomal 
cells, with advancing cancer stage is intriguing and warrants further investigation, Basal cells, with their 
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putative stem cell-like properties, may contribute to tumor initiation and maintenance67, while deuterosomal 
cells, involved in tissue repair and regeneration, may play a role in the adaptive responses of the epithelium 
to the tumorigenic process68. Understanding the functional roles of these epithelial subpopulations in LUSC 
progression could provide novel insights into cancer biology and potential therapeutic targets69.

Fig. 6.  Gene function analysis of four robust MPs in LUSC. (a-d) Bar plots depicting the top 15 enriched Gene 
Ontology (GO) terms associated with the representative genes from MP1 (a), MP2 (b), MP3 (c), and MP4 (d) 
in LUSC.
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Fig. 7.  Clinical implications of MPs in LUSC patients from the TCGA cohort. (a) Violin plot displaying the 
distribution of enrichment scores for all TCGA samples across four MPs. (b-f) The survival curves illustrate 
the differences in survival between the MP2 and MP4 clusters across all tumors (b), as well as specifically for 
T1 tumors (c), T2 tumors (d), T3 tumors (e), and T4 tumors (f).
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To characterize intratumor heterogeneity among malignant cells, we applied NMF programs to scRNA-seq 
data. We identified four distinct malignant cell phenotypes (MPs) that could be targeted for effective treatments 
in the majority of LUSC patients. Survival analysis using bulk RNA-seq samples labeled with the highest-scoring 
MP further highlighted the clinical significance of these MPs. Targeting representative genes of each MP may 
lead to effective treatments, especially for early-stage LUSC patients.

While the study has shed light on potential therapeutic targets that hold promise for improving patient 
outcomes, it is imperative to acknowledge the inherent limitations of this research. Firstly, it is important to 
note that the study focused on a specific subset of LUSC patients, utilizing only three cohorts for analysis. 
Consequently, the findings may not be entirely representative of the broader LUSC population. To establish the 
clinical significance of these findings, it is crucial to conduct further investigations involving larger and more 
diverse patient cohorts. Furthermore, it is worth noting that the study primarily provided correlative observations 
without extensive functional validation. Although the study identified distinct cell types and subpopulations 
within the TME, the underlying mechanisms driving these observed cellular changes remain incompletely 
understood. To address this gap in knowledge, additional experimental studies employing functional assays and 
animal models are warranted. Such studies would provide valuable insights into the functional relevance of the 
identified cell types and subpopulations in the progression of LUSC.

In conclusion, this study utilizing scRNA-seq technology has provided valuable insights into the TME of 
LUSC. By characterizing the cellular composition of the TME and identifying trends in cell type proportions 
across different tumor stages, this research has shed light on the involvement of specific cell types in LUSC 
development. The identification of distinct malignant cell phenotypes using NMF programs further highlights 
the clinical implications of these findings. It is essential for future research endeavors to address the limitations 
of this study and expand our understanding of this complex ecosystem. By incorporating new techniques and 
focusing on the specific functions and interactions of different cell types, researchers can pave the way for 
personalized and more effective treatments for LUSC patients.

Materials and methods
Data acquisition
We downloaded 10X scRNA-seq data of 22 primary LUSC samples from the GSE148071 in Gene Expression 
Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/)70, and 50 primary LUSC samples from the dataset of WCH 
(West China Hospital) (http://lungcancer.chenlulab.com)71. The merged scRNA-seq dataset includes 179,506 
cells in total. Bulk RNA sequencing (RNA-seq) data and clinicopathological features of LUSC were downloaded 
from the TCGA-LUSC database72, and served as an independent validation set for our study. All patient staging 
classification information from all cohorts is derived from the AJCC TNM classification system developed by the 
American Joint Committee on Cancer, including ‘I,’ ‘II,’ ‘III,’ and ‘unknown.

Preprocessing, clustering and cell type annotation of scRNA-seq data
A Python-based toolkit, Scanpy (version 1.8.2)73, was used for the downstream analysis of scRNA-seq data. 
The normalized expression matrix was calculated based on the raw UMI counts after normalizing total counts 
per cell (library size) and then scaled by 1e6 and logarithmically transformed. Then two datasets were then 
merged into one, top 2,000 highly variable genes were selected for the following analysis. Dimension reduction 
and unsupervised clustering were performed according to the standard workflow implemented in Scanpy. 
Principal component analysis (PCA) was performed on the top 2,000 highly variable genes to reduce noise. 
To effectively eliminate batch effects between different datasets, we employed the Harmony method to correct 
the top 20 principal components. This method optimizes the similarity between cells, ensuring that cells from 
different samples exhibit greater consistency in expression patterns, thereby enhancing data integration and the 
reliability of subsequent analyses. After addressing the batch effects, we constructed a neighborhood graph using 
the BBKNN (Batch Balanced KNN) method. This approach accounts for batch effects while learning the joint 
representation of cells, thereby improving the accuracy of clustering and annotation. The application of BBKNN 
ensures that cells from different batches are reasonably clustered together in the analysis of cellular similarity. 
The top 20 principal components were used for graph construction. A k nearest neighbor (KNN) graph was 
then constructed based on the Euclidean distance in PCA space, and the edge weights between any two cells 
were refined based on the shared overlap in their local neighborhoods. Leiden algorithm23 was applied to the 
KNN graph to detect communities. The top 20 principal components were also used for non-linear dimension 
reduction to generate the Uniform Manifold Approximation and Projection (UMAP) for visualization. We 
annotated each cell cluster according to well-known cell markers provided by original literatures 71 72, resulting 
in a total of seven major cell types, including T cell, B cell, epithelial cell, endothelial cell, mast cell, myeloid cell, 
and fibroblast.

Identifying malignant cells
Identification Method for Malignant Cells: We identified malignant cells by assessing the copy number variation 
(CNV) characteristics within the dataset. Our hypothesis is that epithelial cells with elevated CNV levels are 
more likely to be malignant.

Tools Used: We utilized a sliding window approach with the infercnvpy package24, which is specifically 
designed to determine CNV characteristics for all cells.

Normal Reference Cell Types: Our normal reference cells included T cells, B cells, myeloid cells, and 
mast cells. By comparing these normal reference cells, we observed that a subset of epithelial cells exhibited 
significantly higher CNV burdens than the normal cells.

Cell Clustering Analysis: Clustering analysis of CNV characteristics across 179,506 cells enabled us to identify 
9,611 malignant cells, effectively distinguishing them from non-malignant epithelial cells.
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Identification of subpopulations in the major cell type
Next, we performed a second round of unsupervised clustering on some major cell types to obtain the 
subpopulations within T cells, epithelial cells and myeloid cells in LUSC. The second-round clustering procedure 
was the same as the first-round clustering. It started with a normalized expression matrix, calculated PCA, 
constructed the KNN graph, detected cell clusters by Leiden algorithm, performed dimensionality reduction for 
visualization, and identified subpopulations based on the marker genes.

Cell proportion analysis
To investigate whether the proportion of a specific cell type or subpopulation within the TME differs significantly 
between the patient groups of different tumor stages, we performed a one-way analysis of variance (ANOVA) 
on scRNA-seq data. In addition, we applied the Propeller method, a robust and flexible approach that leverages 
biological replicates to test for differences in cell type proportions in single-cell data. This method involves 
applying a logit transformation to the proportions, followed by ANOVA for differential testing74. To explore the 
prediction values of cell type proportions in the tumor stage, we applied T-test to the bulk RNA-seq data. Both 
tests were conducted using the SciPy v1.10.1 Python package75.

Defining NMF programs
We carried out non-negative matrix factorization (NMF), which is an algorithm for multivariate analysis and 
linear algebra, for malignant cells from each tumor sample separately to generate gene and cell programs that 
capture the heterogeneity of malignant cells within each tumor sample76. For any given non-negative matrix 
V, the NMF algorithm can find a non-negative matrix W and a non-negative matrix H, so that a non-negative 
matrix can be decomposed into the product of two non-negative matrices. As the NMF algorithm requires a 
parameter K to control the number of resulting programs, we ran NMF with different K values (K = 5, 6, 7, 8, 
9, and 10). Then we determined the best K value which has the biggest ratio of stability to prediction-error and 
obtained the most stable NMF programs for each sample. This approach yielded a total of 468 NMF programs, 
and each NMF program was summarized by the top 50 genes based on NMF coefficients.

Defining MPs
We proceeded to cluster these 468 NMF programs based on their top 50 genes to derive the meta-programs 
(MPs). In essence, each NMF program was compared to all other NMF programs to evaluate the extent of gene 
overlap between them. If two NMF programs shared 10 or more genes, it was inferred that they might belong 
to a common MP. A reproducible MP was defined when the number of overlapping NMF programs (with > 10 
shared genes) exceeded 5 instances, indicating that this MP was present in over 10% of the tumor samples 
and thus deemed reproducible. The genes encompassed within the reproducible MP were a combination of 
genes associated with all NMF programs linked to that particular MP. Through this approach, we identified 
four distinct reproducible MPs, and subsequently assessed their enrichment in functionally annotated gene sets.

Survival analysis
The bulk RNA-seq data from the TCGA-LUSC cohort was initially normalized using the Transcripts Per Million 
(TPM) method prior to analysis. To assess the enriched MPs in each sample from the TCGA-LUSC cohort, the 
genes belonging to the four MPs were utilized. The enrichment score of every MP for a sample was achieved by 
employing Scanpy’s score_genes function. Subsequently, each sample was assigned to the MP group with the 
highest enrichment score. For samples in each MP group, the R packages “survminer” (v.0.4.9) and “survival” 
(v.3.4.0) were employed to generate Kaplan-Meier (KM) curves. These curves were used to visualize the survival 
data and determine the impact of each cell type on overall survival. For significance testing, the default log-rank 
test is applied when the survival curves do not cross; otherwise, we implement a two-stage procedure.

Data availability
The raw and processed single-cell RNA sequencing data utilized in this study have been deposited into the 
Gene Expression Omnibus (GEO) database under accession number GSE148071 and the West China Hospital 
(WCH) institutional database with appropriate access permissions. All relevant datasets, including normalized 
gene expression matrices, cell cluster annotations, and metadata, are publicly accessible for research purposes. 
Source code for computational analyses and custom scripts used in the study are available on GitHub (​h​t​t​p​s​:​​​/​​/​g​
i​t​h​u​​b​.​c​o​​m​/​a​u​t​h​​​o​r​_​u​s​​e​r​n​a​​m​​e​/​L​​U​S​C​​_​s​c​R​N​​A​​s​e​q​_​a​n​a​l​y​s​i​s).Detailed information on how to access and reproduce 
the computational workflow is provided in the repository’s documentation. For inquiries regarding additional 
data or resources not covered in the public repositories, please contact the corresponding author.
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