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ABSTRACT
Background The heterogeneity of lung adenocarcinoma 
(LUAD) plays a vital role in determining the development of 
cancer and therapeutic sensitivity and significantly hinders 
the clinical treatment of LUAD.
Objective To elucidate the cellular composition and reveal 
previously uncharacterised tumour microenvironment in 
LUAD using single- cell RNA- sequencing (scRNA- seq).
Methods Two scRNA- seq datasets with 106 829 high- 
quality cells from 34 patients including 11 normal, 9 early 
(stage I and II) and 14 advanced (stage III and IV) LUAD 
were integrated and clustered to explore diagnostic and 
therapeutic cell populations and their biomarkers for 
diverse stages of LUAD. Three independent bulk RNA- seq 
datasets were used to validate the results from scRNA- 
seq analysis. The expression of marker genes for specific 
cell types in early and advanced LUAD was verified by 
immunohistochemistry (IHC).
Results Comprehensive cluster analysis identified that 
S100P+ epithelial and SPP1+ macrophage, positively 
related to poor outcomes, were preferentially enriched 
in advanced stage. Although the accumulation of 
KLRB1+CD8+ T cell and IGHA1+/IGHG1+ plasma cell 
both significantly associated the favourable prognosis, we 
also found KLRB1+CD8+ T cell decreased in advanced 
stage while IGHA1+/IGHG1+ plasma cells were increased. 
Cell- cell communication analysis showed that SPP1+ 
macrophage could interact with most of CD8+ subclusters 
through SPP1- CD44 axis. Furthermore, based on three 
independent bulk RNA- seq datasets, we built risk model 
with nine marker genes for specific cell subtypes and 
conducted deconvolution analysis, both supporting our 
results from scRNA- seq data. We finally validated the 
expression of four marker genes in early and advanced 
LUAD by IHC.
Conclusion Our analyses highlight the molecular 
dynamics of LUAD epithelial and microenvironment and 
provide new targets to improve LUAD therapy.

INTRODUCTION
Lung adenocarcinoma (LUAD), the leading 
cause of cancer death worldwide, is the one 
of the most common histological subtypes 
of lung cancer and accounts for ~40% of all 

patients with malignant lung.1–3 Most LUAD 
is often diagnosed at the advanced and even 
metastatic stage. Although surgery, targeting 
therapy and immunotherapy have been 
developed to improve the treatment and 
management of LUAD over the past 20 years, 
the 5- year overall survival rate is still low and 
<20%.4 5 The heterogeneity of composition 
of cells and the crosstalk between different 
cell types plays a key role in initiation and 
development of LUAD,6 7 and determines the 
response rate for drug therapies.8 Therefore, 
it is critical to improve fundamental under-
standing of the characteristics of tumour 
microenvironment (TME) in LUAD.

The epithelial cells, the origin of malignant 
cells, show a complex heterogonous and plas-
ticity in LUAD. Generally, alveolar type 2 cells 
has been well known to give rise to LUAD.9–11 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ While a number of subpopulations of immune cells 
were previously identified to support cancer cell 
survival and metastatic dissemination in lung ade-
nocarcinoma (LUAD), the data were mainly collected 
in a stage to study the specific cells.

WHAT THIS STUDY ADDS
 ⇒ We systematically characterised the four population 
cells with key markers (S100P+ epithelia, SPP1+ 
macrophage, KLRB1+CD8+ T cell and IGHA1+/
IGHG1+ plasma cell) that potentially determine the 
development of LUAD from early to advanced stage.

 ⇒ A risk model with nine markers from above four 
subpopulations was built and showed efficient pre-
diction for prognosis of LUAD in three independent 
cohorts.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ Four population cells with key markers are import-
ant candidate targets for the therapy to improve out-
comes of LUAD.
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In addition, LUAD at some specific conditions would 
be derived by bronchioalveolar stem cells, ciliated cells 
and goblet cells.10 Whole genome sequencing data have 
revealed that the initiation and progression of LUAD is 
driven by the most highly somatic mutations in a diverse 
set of oncogenes, such as TP53, KRAS, EGFR, BRAF and 
MET.1 12 13 Each of the oncogenic mutations and/or 
combination of part of these driver mutations promoted 
tumourigenesis to result in different LUAD subtypes.14 15 
The accumulation of diverse mutations in malignant cells 
then contributed to the heterogeneity of tumours. The 
major obstacle for LUAD treatment consequently was 
determined by the heterogeneity of malignant cells.16–18 
Profiling of transcriptomic heterogeneity of malignant 
cells at single cell level could offer a novel perspective 
to understand the characterisation of malignant cells in 
LUAD.

The hallmark of LUAD TME is the predominant of 
immunosuppression, especially the suppression of cyto-
toxic CD8+ T cells.7 19 Cytotoxic T cell can kill tumour 
cells and plays a key role in antitumour immunity. 
However, the inactivation of cytotoxic CD8+ T cells with 
high expression of immune checkpoints, also known 
as the presence of exhausted CD8+ T cells, are char-
acterised by progressive loss of cytokine production 
and killing functions, and the inhibitor of immuno-
therapy.20 21 Moreover, SPP1 in LUAD has been proposed 
to regulate macrophage polarisation and then act as an 
immune checkpoint to facilitate the suppression of T cell 
antitumour activation.22 Emerging evidence suggested 
that SPP1 promotes cell migration and invasion,23 and 
SPP1+ macrophage even can be a candidate biomarker 
for metastasis to early lymph node in LUAD.24 However, 
the whole profiling of composition of immune cells in 
LUAD TME has been largely unknown.

To better understanding of dynamic changes of malig-
nant cell and TME in early and advanced LUAD, we 
integrated two independent single- cell RNA- sequencing 
(scRNA- seq) datasets including 11 normal, 9 early and 
14 patients with advanced LUAD to reveal characterisa-
tion of epithelial and immune landscape at single- cell 
level. Furthermore, we used three independent bulk 
RNA- seq datasets to conduct deconvolution and survival 
analysis to validate the marker genes of each cluster and 
then to develop a risk model. The expression of these 
main marker genes was also validated by immunohisto-
chemistry (IHC). Our results provide a comprehensive 
scRNA- seq profiling of LUAD across different stages and 
may be applied to improve diagnostics and prognosis in 
clinical practice.

METHODS
Datasets
All scRNA- seq and bulk RNA- seq datasets analysed in this 
study were publicly available and collected from high- 
quality publications. The two independent scRNA- seq 
datasets19 25 were downloaded from the Gene Expression 

Omnibus (GEO; GSE131907 and GSE148071) with 
total 34 samples. The GSE131907 dataset included the 
26 samples (11 normal, 9 early and 6 advanced stage) 
and other 8 advanced samples came from GSE148071 
dataset. The other two bulk RNA- seq datasets26 27 were 
also obtained through the GEO series accession numbers 
(GSE31210, GSE72094) in Data Accessibility. The Cancer 
Genome Atlas (TCGA)- LUAD data with clinical informa-
tion was downloaded from TCGA (https://portal.gdc. 
cancer.gov/projects/TCGA-LUAD).

Preprocessing for scRNA-seq data
We used the Python package Scanpy28 to conduct the 
quality control and preprocessing of two scRNA- seq data 
independently. Cells with <200 detected genes and genes 
detected in <3 cells were first excluded. We then filtered 
out cells with a percentage of expressed mitochondrial 
genes >10%. Finally, the samples with high- quality cells 
<1000 were excluded for further analysis.

Integration, clustering and annotation of scRNA-seq data
One obstacle of integration of scRNA- seq data is to 
efficiently remove the unwanted/unknown variations 
between different samples. The Python library scVI,29 
offering a probabilistic analysis of single- cell omics 
data, could address the above limitation to integration 
of scRNA- seq data. The count matrix in  data. raw object 
was used for scVI integration to perform model training 
and estimate the latent representation of each cell. We 
further conducted cell cluster analysis with ‘ sc. pp. neigh-
bors’ and ‘ sc. tl. leiden’ function in Scanpy. The subclus-
tering for each cell type had been performed by above 
pipeline.

To identify the differential gene expression for each 
cluster, we first normalised the raw counts using the 
function ‘normalize_total’ and then transformed the 
data using the function ‘log1p’. Wilcoxon rank- sum test 
in Scanpy was used to fund differential gene expression 
with log(fold change (FC)) >0.25 and adjusted p value 
<0.05. Combining the result of differential gene expres-
sion analysis and the known marker genes, we annotated 
the cell types clustered in our analysis. We also used a 
python library InferCNV (https://github.com/icbi-lab/ 
infercnvpy) to infer copy number variation (CNV) from 
single- cell transcriptomics data for each cell.

Cell communication analysis
The CellChatDB is one of the signalling molecular 
databases including a comprehensive signalling ligand- 
receptor interactions, such as multimeric ligand- receptor 
complexes and stimulatory and inhibitory membrane- 
bound coreceptors. Here, we employed the CellChat 
package30 to perform cell- cell interaction analysis for 
LUAD scRNA- seq data. CellChat algorithm first identified 
differentially expressed signalling genes and calculated 
ensemble average expression for each cell cluster. With 

https://portal.gdc.cancer.gov/projects/TCGA-LUAD
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https://github.com/icbi-lab/infercnvpy
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the calculation of intercellular communication proba-
bility, the statistically significant intercellular communi-
cations between two cell clusters had been determined 
to explore the differences in ligand and receptor interac-
tions across the diverse cell clusters.

Trajectory inference for CD8+ T cells
The developmental trajectory of CD8+ T cells was recon-
structed by partition- based graph abstraction (PAGA) in 
Scanpy. The PAGA graph was generated by the Leiden 
algorithm and visualised by denoising the graph. We 
defined the naïve cell cluster as root for estimating diffu-
sion pseudotime. Finally, the developmental state of each 
CD8+ T cell was measured based on the computed diffu-
sion pseudotime. All reconstructions of trajectory in this 
study were conducted with the default parameters.

Deconvolution of bulk transcriptome data
Due to the mixture of distinct cell types in TME, direct 
comparison of bulk transcriptomic profiles is ineffective 
to detect the cell type- specific transcriptome. The quan-
tification of gene expression from bulk RNA- seq data is 
directly calculated by the mean abundance across cell 
types in tumour tissue. However, based on the reference 
expression matrix with a set of defined marker genes, 
deconvolution analysis could accurately infer cellular 
composition with specific marker genes for bulk RNA- 
seq data.31 In this study, we used a newly developed 
public method (BayesPrism31) with default parameters 
to predict cellular composition in TCGA- LUAD bulk 
RNA- seq dataset. Because of the significant infiltration of 
S100P+ epithelial cells and SPP1+ macrophage in LUAD 
and their key contribution to development of LUAD, we 
divided patients with LUAD in TCGA cohort into two 
groups with high and low proportion of S100P+ epithelial 
cells or SPP1+ macrophages for further survival analysis.

Construction prognostic model
To build the prognostic model, we first conducted univar-
iate Cox analysis in R package survival (https://CRAN. 
R-project.org/package=survival) to filter out the marker 
genes of each cluster with p>0.05, suggesting these genes 
without significant association with the overall survival 
time. R package glmnet (https://CRAN.R-project. 
org/package=glmnet) was used to conduct the LASSO 
Cox regression analysis. We performed a 10- fold cross- 
validation to determine the penalty regularisation param-
eter λ and then obtain a suitable model. The coefficient 
for each gene in model was generated by multivariate 
Cox regression analysis. Based on the risk score value, 
patients with LUAD were classified into two groups (high 
risk and low risk).

Survival analysis
To determine the optimal cut- point for the gene expres-
sion value or risk score, we applied surv_cutpoint function 

in R package survminer (https://CRAN.R-project.org/ 
package=survminer) to calculate a value that corre-
sponds to the most significant outcome of bulk RNA- seq 
cohort in patients with LUAD. The Kaplan- Meier method 
with a log- rank test was used to generate survival curves 
(https://CRAN.R-project.org/package=survival). HR 
between two groups was estimated by the Cox regression 
model. To determine whether the gene expression level 
and risk score built by this study was an independent 
prognostic factor, the multivariate Cox regression anal-
ysis was performed in survival analysis. The significance 
threshold (p value) in the survival analysis was ≤0.05.

IHC staining
IHC was performed following the standard protocol. 
After dewaxing and rehydration, the samples were 
treated for antigen heat repair with sodium citrate solu-
tion for 20 min. Then treated for 10 min with 3% H2O2 
in methanol to quench endogenous peroxidase activity, 
blocked with goat serum, incubated at 4°C overnight 
with primary antibodies against KLRB1 (Proteintech, 
67537- 1), IFITM3 (Proteintech, 66081- 1), SPP1 (Protein-
tech, 25715- 1- AP), anti- CD8a (Servicebio, GB114196), 
anti- CD68 (Servicebio, GB113109). After being washed 
and incubated with a horseradish peroxidase- conjugated 
secondary antibody for 1 hour at room temperature. The 
sections visualisation was performed using 3,3’-diami-
nobenzidine, counterstained with haematoxylin, dehy-
drated and mounted. Whole slides were scanned with an 
Aperio ScanScope system (Leica Biosystems).

RESULTS
Single-cell profiling of tumour microenvironment in LUAD
To evaluate the dynamic changes of the early and 
advanced LUAD TME, we integrated two independent 
scRNA- seq cohorts with 34 samples including 11 normal, 
9 early and 14 advanced samples by Scanpy. All samples 
were obtained from primary tumours. After cell quality 
was filtered, we included a total of 106 829 single cells, 
comprising 40 630 normal cells, 32 221 early cells and 
33 978 advanced cells (online supplemental table S1). 
Here, we defined early cell from patients with stage I, II 
LUAD, while advanced cell from patients with stage III, 
IV LUAD. ScVI tools were applied to remove batch effects 
and conduct single cell clustering analysis to identify cell 
types, including epithelial, endothelial, fibroblast, mast, 
myeloid and lymphoid cells (figure 1A, online supple-
mental figure 1). As shown in figure 1B,C, the cell popu-
lations we clustered were distributed in diverse cohorts or 
stages, suggesting that our integration was fair to perform 
batch correction.

We further used the Wilcoxon rank- sum test with Scan-
py’s rank_genes_group function to estimate the differen-
tial gene expression and the expressions of marker genes 
for each cell types were visualised by dot plot (figure 1D, 
online supplemental table S2). Based on these anno-
tated cells, we calculated the proportion of each cell type 

https://CRAN.R-project.org/package=survival
https://CRAN.R-project.org/package=survival
https://CRAN.R-project.org/package=glmnet
https://CRAN.R-project.org/package=glmnet
https://CRAN.R-project.org/package=survminer
https://CRAN.R-project.org/package=survminer
https://CRAN.R-project.org/package=survival
https://dx.doi.org/10.1136/bmjresp-2023-001878
https://dx.doi.org/10.1136/bmjresp-2023-001878
https://dx.doi.org/10.1136/bmjresp-2023-001878
https://dx.doi.org/10.1136/bmjresp-2023-001878
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Figure 1 Single- cell atlas in early and advanced lung adenocarcinoma (LUAD). (A) Uniform manifold approximation and 
projection (UMAP) plot of integrated single- cell RNA- sequencing (scRNA- seq) data from 106 829 cells obtained from 34 
samples with LUAD. Cell clusters found therein representing 10 cell types are shown. (B) UMAP plot of distribution of cell 
clusters by different cohorts. (C) UMAP plot of distribution of cell clusters by LUAD stages. (D) Dot plot showing expression 
levels of specific markers in each cell type. (E) Stacked plot showing the proportion of cells that contributed to each cell type 
by each sample.
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per patient, revealing the heterogenous changes of cell 
composition in LUAD TME, especially in advanced LUAD 
compared with normal and early patients (figure 1E).

Diverse malignant subpopulations enriched in advanced 
stage
To investigate the characterisation of malignant cells in 
different LUAD stages, we first used the InferCNV to 
infer CNV events from single cell transcriptomics data 
with all B and T cells as the reference cells. As expected, 

the mean of CNV score was highest in epithelial cluster 
(figure 2A), supporting that malignant cells in LUAD 
were from the alteration of epithelial cell. Next, we 
conducted a subclustering analysis for all epithelial cells 
to identify the normal and malignant cells. Here, we only 
included the samples with number of epithelial cells 
≥200.

The subclustering result revealed at least 10 subpopu-
lations in LUAD (figure 2B). We further estimated the 
differential gene expression for each cluster to annotate 

Figure 2 S100P+ epithelial cells with high copy number variation (CNV) score enriched in advanced stage and contributed 
to the poor prognosis. (A) Heatmap of CNV results across the genome (upper panel). The mean of CNV scores for each cell 
cluster (lower panel). (B) Uniform manifold approximation and projection (UMAP) plot of 10 subpopulations of epithelial cells. 
(C) Dot plot showing expression levels of specific markers in 10 epithelial subpopulations. (D) Violin plot showing the mean of 
CNV scores in each epithelial subpopulation. The horizontal black line indicates the mean of CNV scores of all epithelial cells. 
(E) Pie plot for each epithelial subpopulation consisting of cells from early and advanced patients with LUAD. Purple indicates 
the proportion of cells from advanced LUAD and green indicates the proportion of cells from early LUAD. (F) Box plot showing 
the CNV scores of S100P+ epithelial cells significantly higher in advanced LUAD than in early LUAD. Statistical significance is 
determined by Wilcoxon rank- sum test. (G) Kaplan- Meier survival analysis for two groups defined by patients in The Cancer 
Genome Atlas (TCGA)- LUAD cohort with high/low expression S100P. The sample numbers for each group are shown in 
brackets. Statistical significance is determined by log- rank test. (H) Gene Ontology pathway enrichment analysis of differential 
gene expression (log2 fold change ≥0.25 or ≤0.25 and false discovery rate ≤0.05) between S100P+ epithelial cells and the rest 
of epithelial cells.
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the epithelial subpopulations. Notably, we identified 
>10 marker genes (SFTPC, KLK11, SRGN, EMP2, TPPP3, 
S100P, ATF3, STMN1, CLDN2 and SCGB3A2) that clearly 
distinguished each subpopulation (figure 2C). Among 
these marker genes, parts of gene play a key role in main-
taining the normal function of lung. For example, SFTPC, 
secreted by the type II alveolar cells of the lung, regulates 
the homeostasis of pulmonary surfactant metabolism. On 
the other hand, other genes (such as S100P,32 STMN133 
and SCGB3A234) had been reported to promote tumour 
progression in diverse cancers. Specially, the cells with 
high expression of SCGB3A2 and TPPP3 were also known 
as the club cell and ciliated cell, respectively. In addition, 
EMP2+ cells had significantly increased expression of 
AGER (log2FC=8.43, adjusted p value <0.0001), named 
as type I alveolar cell.

To identify the malignant cells enriched in advanced 
stage compared with the early stage, we integrated the 
estimation of CNV scores to subclustering analysis. We 
calculated the mean of CNV score for each subcluster 
(figure 2D), suggesting the mean values in potential 
malignant clusters were in top five, especially highest 
in S100P+ cluster. At the same time, the mean value 
was lowest in SFTPC+ cluster. We further counted the 
number of cells from advanced LUAD and non- advanced 
(normal and early) LUAD for each cluster (figure 2E). 
The results showed that most cells in malignant clusters 
mainly came from advanced patients, and supported 
the potentially predictable value of these marker genes 
for LUAD progression. Furthermore, we compared the 
mean of CNV score from S100P+ epithelial cells between 
early and advanced LUAD (figure 2F), showing that the 
CNV score was significantly higher in advanced stage.

To further validate the function of S100P in LUAD, 
we performed survival analysis to evaluate whether the 
increasing of S100P significantly contributed to unfavour-
able outcomes based on TCGA- LUAD cohort. Our data 
suggested that the high expression of S100P in epithelial 
cells was positively related to the shorter survival time in 
LUAD (figure 2G). Multivariate analysis further identi-
fied that the expression of S100P was an independent risk 
factor for survival (online supplemental figure 3). Based 
on significantly expressed genes in S100P+ epithelial cells 
compared with other epithelial cells, the Gene Ontology 
(GO) pathway enrichment analysis revealed that the 
elevated S100P probably affects cell migration, apop-
tosis and autophagy through the alteration of nuclear 
factor-κB and Wnt signalling pathway (figure 2H).

SPP1+ macrophage contributed LUAD development through 
binding CD44
To elucidate the cellular composition of myeloid cells 
in LUAD TME, we reclustered myeloid cells to identify 
three main subtypes (dendritic cells, monocytes and 
macrophages) based on the expression of canonical 
gene markers (figure 3A). Classical dendritic cells 1 
(cDC1), classical dendritic cells 2 (cDC2) and mature 

dendritic cells were characterised by CLEC9A, CLEC10A 
and CCR7, respectively. The monocytes- expressed FCN1 
were clearly divided into two types with high expression 
of S100A12 and without high expression of S100A12. 
We next investigated the characteristics of macrophages 
and found at least eight subclusters in TME. These cells 
included C15orf48+ macrophages, CCL5+ macrophages, 
FABP4+ macrophages, FOLR2+ macrophages, FN1+ 
macrophages, SPP1+ macrophages, proliferated 
macrophages with Mki67 high expression and Rib high 
macrophages with high expression of ribosomal genes.

To ask whether the changes of these myeloid subtype 
cells contribute to the progression of LUAD, we calcu-
lated the proportion of number of subtype cells to 
number of all myeloid cells per sample (figure 3B). The 
proportions of dendritic cells and monocytes were similar 
across the normal, early and advanced stages. However, 
the proportion of SPP1+ macrophages was significantly 
increased in advanced LUAD compared with normal and 
early stages. At the same time, the proportion of FABP4+ 
macrophages in advanced stage was significantly lower 
than in normal and early stages.

The SPP1+ macrophages were supposed to promote 
the progression of LUAD and be a risk predictor for 
metastasis of lung cancer. We used TCGA- LUAD cohort 
to test the association between SPP1 gene expression and 
clinical outcomes of patients, suggesting that high expres-
sion of SPP1 was an independent risk factor for poor 
survival outcomes (figure 3C, online supplemental figure 
4). The median survival time (4.9 years/1790 days) of 
patients with low SPP1 expression was significantly longer 
than the time (3.45 years/1258 days) of patients with 
high SPP1 expression (p=0.009; HR 0.67, 95% CI 0.50 to 
0.91) (figure 3C). Due to the fact that SPP1 encodes the 
chemokine osteopontin playing a key role in intercellular 
communication, CellChat was applied to explore ligand- 
receptor interactions between SPP1+ macrophages and 
other cell clusters in LUAD TME. Notably, we found that 
SPP1 in SPP1+ macrophages was mainly through CD44 
to communicate with other cells (figure 3D,E). Except 
interacting with epithelial cells including malignant, 
SPP1+ macrophages and another immune cells, such as 
CD4+ T, CD8+ T, Tregs and B cells, had strong intercel-
lular interaction with SPP1 and CD44. However, due to 
the low expression of CD44 in endothelial cells, the cell- 
cell communication between macrophages and endothe-
lial cells through SPP1- CD44 axis was not identified in 
this study.

To gain insight into the role of SPP1+ macrophages 
in advanced LUAD, we conducted differential gene 
expression analysis between SPP1+ macrophage cells 
and the rest of macrophages and then performed GO 
pathway enrichment analysis. Our data showed that the 
high expression of SPP1 in macrophage cells contrib-
utes to the alteration of chemokine- mediated signalling 
pathway, response to interferon- beta and production of 
IP- 10 (interferon gamma- induced protein 10) to regu-
late leucocyte migration (figure 3F), suggesting that the 

https://dx.doi.org/10.1136/bmjresp-2023-001878
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presence of SPP1+ macrophage probably remodels the 
LUAD TME to contribute to its tumourigenesis.

KLRB1+ CD8+ T cell candidate immunotherapy population
To reveal the cytotoxic character of CD8+ T cell in anti-
tumour immunity, we identified six types of CD8+ T cells 
in eight clusters (figure 4A,B), including naïve CD8+ 
(IL7R+), KLRB1+CD8+, GZMH+CD8+, GZMK+CD8+, 
STMN1+CD8+ and MT2A+CD8+ T cells. KLRB1+CD8+ T 
cells were further divided into the subpopulations charac-
terised by expression of GZMH and TYROBP (figure 4B). 

Moreover, trajectory inference method was used to 
reconstruct the differentiation paths of CD8+ T cells in 
LUAD TME. The result showed that three KLRB1+CD8+ 
T cells probably differentiated from GZMH+CD8+ T cells 
(figure 4C,D). At the same time, pseudotime analysis 
suggested that KLRB1+CD8+ T cells did not locate in the 
end of fate of CD8+ T cells (figure 4E). Taken together, 
our analyses supported previous studies showing that 
KLRB1+CD8+ T cells were one of the effector memory T 
cells and the cytotoxicity of them was probably mediated 
through granzymes.35

Figure 3 SPP1+ macrophages enriched in advanced lung adenocarcinoma (LUAD). (A) Uniform manifold approximation 
and projection (UMAP) plot of 13 subpopulations of myeloid cells including three clusters of dendritic cells, two clusters of 
monocytes and eight clusters of macrophage cells (upper panel). Dot plot showing expression levels of specific markers in 
each cluster (lower panel). (B) Box plot showing the proportion of SPP1+ macrophages significantly increased in advanced 
LUAD compared with normal and early LUAD. (C) Kaplan- Meier survival analysis for two groups defined by patients in The 
Cancer Genome Atlas (TCGA)- LUAD cohort with high/low expression of SPP1. The sample numbers for each group are 
shown in brackets. Statistical significance is determined by log- rank test. (D) Circle plots showing putative ligand- receptor 
interactions between SPP1+ macrophages and other cell clusters, with the width of edges representing the strength of the 
communication. (E) The heatmap showing the interaction between SPP1 ligand in SPP1+ macrophages and six receptors 
of other clusters. Every row represents a ligand- receptor pair and every column defines a cell- cell interaction pair. (F) Gene 
Ontology pathway enrichment analysis of differential gene expression (log2 fold change ≥0.25 or ≤0.25 and FDR ≤0.05) 
between SPP1+ macrophage cells and the rest of macrophage cells.
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Figure 4 CD8+KLRB1+ T cells decreased in advanced lung adenocarcinoma (LUAD). (A) Uniform manifold approximation 
and projection (UMAP) plot of subpopulations of CD8+ T cells. (B) Dot plot showing expression levels of specific markers 
in each CD8+ T subpopulation. (C) The partition- based graph abstraction (PAGA) embedding plot showing the trajectory 
inference of CD8+ T subpopulations. (D) PAGA graph showing the distribution of CD8+ T subpopulations. The width of 
line representing the connectivity adjacency between clusters. (E) Pseudotime plot of CD8+ T subpopulations. (F) Box plot 
showing the proportion of three CD8+KLRB1+ T cells in three stages of LUAD. (G) Kaplan- Meier survival analysis for two 
groups defined by patients in The Cancer Genome Atlas (TCGA)- LUAD cohort with high/low expression KLRB1. The sample 
numbers for each group are shown in brackets. Statistical significance is determined by log- rank test. (H) Gene Ontology 
pathway enrichment analysis of differential gene expression (log2 fold change (FC) ≥0.25 or ≤0.25 and FDR ≤0.05) between 
CD8+KLRB1+ T cells and the rest of CD8+ T cells. (I) Gene set enrichment analysis for the ranked gene lists according to FCs 
of gene expression in the CD8+KLRB1+ T cells compared with the rest of CD8+ T cells.
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As KLRB1+CD8+ T cells may play a key role in tumour 
immunology, we calculated the proportion of number 
of KLRB1+CD8+ T cells to all CD8+ T cells, and found 
that the proportion of KLRB1+CD8+ T cells significantly 
decreased in advanced LUAD compared with normal 
and early stages (figure 4F). The survival analysis based 
on TCGA- LUAD cohort revealed that the low expres-
sion of KLRB1 was significantly related to poor prognosis 
in LUAD (figure 4G) and multivariate analysis further 
suggested KLRB1 expression as independent prognostic 
factor to predict the survival (online supplemental 
figure 5). These data suggested that the infiltration of 
KLRB1+CD8+ T into TME may improve the efficiency of 
antitumour immunity.

To investigate the potential function of KLRB1+CD8+ 
effector memory T cells, we identified differential gene 
expression between KLRB1+CD8+ and other CD8+ T 
cells and then conducted GO pathway enrichment and 
gene set enrichment analysis (GSEA). GO pathway anal-
ysis suggested that the function of KLRB1+CD8+ effector 
memory T cells may be regulated by the cytokine of 
tumour necrosis factor (figure 4H). In addition, result 
from GSEA showed the activated pathway of natural 
killer cell- mediated cytotoxicity in KLRB1+CD8+ T cells 
(figure 4I), supporting the potential cytotoxicity of this 
CD8+ subpopulation.

The presence of IGHG1+ and IGHA1+ plasma cells in 
advanced LUAD
Due to the fact that B cells are essential for immuno-
therapy with component of the adaptive immune, we next 
investigated the features in B cell subclusters in advanced 
LUAD to develop the potential therapeutic cell popula-
tion and evaluated the distribution of each cluster across 
three stages. Notably, four subclusters of B cell were 
clearly identified by marker genes BTG1, IGHG1, IGHA1 
and GZMB, respectively (figure 5A–C). We observed 
that proportion of IGHG1+ and IGHA1+ plasma cells 
both increased in advanced stage compared with the 
normal and early stages (figure 5D). After stimulated by 
the antigen, plasma cell could proliferate and secrete a 
specific antibody to play a significant role in the adap-
tive immune response. Our survival analysis supported 
that the high expression of mean of IGHA1 and CD79A 
(figure 5E), as well as IGHG1 and CD79A (figure 5F), were 
both significantly associated with good clinical outcomes, 
respectively. Further analysis revealed that high average 
of IGHA1 and CD79A (online supplemental figure 6) as 
well as IGHG1 and CD79A was an independent predictor 
of poor prognosis in LUAD (online supplemental figure 
7).

Next, we conducted the analysis of differential gene 
expression for each subcluster of B cells, specifically 
identified significantly expressed genes in IGHA1+ and 
IGHG1+ plasma cells compared with other B cells, respec-
tively. GSEA result based on the differential gene expres-
sion showed that the function of protein export (KEGG 

protein export, hsa03060) was both activated in IGHG1+ 
(figure 5G) and IGHA1+ (figure 5H) plasma cell clusters. 
In addition, GO pathway enrichment analysis revealed 
that the pathway of IRE1- mediated unfolded protein 
response has been enriched in IGHG1+ and IGHA1+ 
plasma cells (figure 5I), respectively. However, the acti-
vation of metabolic process pathway was only found 
in IGHA1+ plasma cells while the humoral immune 
response was identified in IGHG1+ plasma cells.

Validation of marker genes in IHC and construction prediction 
model based on LUAD TME
Given that the marker genes for certain cell type were 
free from the confounding effect of cell- type heteroge-
neity, we thought to develop the risk model based on the 
expression levels of these marker genes in bulk RNA- seq 
data from primary LUAD cancer tissue. Univariate Cox 
regression analysis was conducted to evaluate candi-
date marker genes in TGCA- LUAD cohort. Finally, we 
obtained nine genes with a threshold of p<0.05 and then 
performed multivariate Cox regression analysis to calcu-
late the coefficients for each gene. Based on the gene 
expression values at RNA level and coefficients of these 
genes, a prognostic risk score for each patient with LUAD 
was estimated in TGCA cohort. The survival analysis for 
two groups with high- risk and low- risk scores showed that 
patients with high- risk score have unfavourable outcomes 
compared with patients with low- risk score (figure 6A), 
suggesting our risk score model based on the marker 
genes from scRNA- seq data could independently predict 
the prognosis of LUAD (online supplemental figure 8).

To validate the risk score model, we constructed by 
TCGA- LUAD cohort, risk score for each patient was 
calculated in two independent LUAD cohorts and these 
patients were divided into high- risk group and low- risk 
group, respectively. We then combined clinical informa-
tion to compare the survival time between the high- risk 
and low- risk groups. Notably, the clinical outcomes of 
patients with LUAD with high- risk scores were signifi-
cantly worse than with low- risk scores in both cohorts 
(figure 6B,C), consistent with the result in TCGA- LUAD 
training cohort. Multivariable analysis further suggested 
that the risk score was independent predictor for LUAD 
prognosis in three cohorts (online supplemental figures 
9 and 10).

Based on the expression of marker genes for each cell 
types in scRNA- seq, we furthermore used BayesPrism to 
conduct deconvolution of cell type for TCGA- LUAD bulk 
RNA- seq dataset to test the correlation between cell type 
composition and clinical outcomes. Given the large infil-
tration of S100P+ epithelial cells and SPP1+ macrophage 
cells in LUAD TME and their key role in LUAD progen-
esis, we calculated the proportion for each of these two 
cell populations and then classified patients into two 
groups with high and low proportion of cells, respec-
tively. Kaplan- Meier survival curves further revealed that 
high compositions of S100P+ epithelial cells and SPP1+ 

https://dx.doi.org/10.1136/bmjresp-2023-001878
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https://dx.doi.org/10.1136/bmjresp-2023-001878
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Figure 5 The increasing of IGHA1+/IGHG1+ plasma cells associated with favourable prognosis in advanced lung 
adenocarcinoma (LUAD). (A) Uniform manifold approximation and projection (UMAP) plot of subpopulations of B cells. 
(B) UMAP plot of distribution of B cell clusters by LUAD stages. (C) Expression of marker genes BTG1, IGHG1, IGHA1 and 
GZMB in UMAP. (D) The proportion of four B cell clusters in different stages. (E) Kaplan- Meier survival analysis for two groups 
defined by patients in The Cancer Genome Atlas (TCGA)- LUAD cohort with high/low expression of mean of CD79A and 
IGHA1. The sample numbers for each group are shown in brackets. Statistical significance is determined by log- rank test. 
(F) Kaplan- Meier survival analysis for two groups defined by patients in TCGA- LUAD cohort with high/low expression of mean 
of CD79A and IGHG1. The sample numbers for each group are shown in brackets. Statistical significance is determined by 
log- rank test. (G) Gene set enrichment analysis (GSEA) for the ranked gene lists according to fold changes (FCs) of gene 
expression in the IGHA1+ plasma cells compared with the rest of B cells. (H) GSEA for the ranked gene lists according to 
FCs of gene expression in the IGHG1+ plasma cells compared with the rest of B cells. (I) GO pathway enrichment analysis of 
differential gene expression (log2 FC ≥0.25 or ≤0.25 and FDR ≤0.05) between IGHA1+ or IGHG1+ plasma cells and the rest of 
B cells.
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Figure 6 Validation of marker genes for cell types by three independent bulk RNA- sequencing datasets and 
immunohistochemistry (IHC). (A) Kaplan- Meier survival analysis for two groups defined by patients in The Cancer Genome 
Atlas (TCGA)- LUAD cohort with high- risk/low- risk score. The sample numbers for each group are shown in brackets. 
Statistical significance is determined by log- rank test. (B) Kaplan- Meier survival analysis for two groups defined by patients in 
GSE72094 with high- risk/low- risk score. The sample numbers for each group are shown in brackets. Statistical significance 
is determined by log- rank test. (C) Kaplan- Meier survival analysis for two groups defined by patients in GSE31210 with 
high- risk/low- risk score. The sample numbers for each group are shown in brackets. Statistical significance is determined 
by log- rank test. (D) Patients with LUAD in TCGA cohort are divided into two groups based on the proportion of S100P+ 
epithelial cells estimated by deconvolution analysis (left panel). Kaplan- Meier survival analysis for two groups defined by 
patients in TCGA- LUAD cohort with high/low proportion of S100P+ epithelial cells (right panel). The sample numbers for each 
group are shown in brackets. Statistical significance is determined by log- rank test. (E) Patients with LUAD in TCGA cohort 
are divided into two groups based on the proportion of SPP1+ macrophage cells estimated by deconvolution analysis (left 
panel). Kaplan- Meier survival analysis for two groups defined by patients in TCGA- LUAD cohort with high/low proportion of 
SPP1+ macrophage cells (right panel). The sample numbers for each group are shown in brackets. Statistical significance 
is determined by log- rank test. (F) IHC staining of four marker genes (CD68, SPP1, IFITM3 and CD8A) in patients with 
early (upper panel) and advanced (middle panel) LUAD. The expression of four marker proteins (CD68, SPP1, IFITM3 and 
CD8A) are significantly increased in advanced stage compared with early stage (lower panel; n=18; scale bar=100 µm). Each 
IHC staining were replicated by six patients and three random regions of interest (ROI) for each marker per patient (total 
number=18) were selected for calculation. Mean optical density (MOD) is equal to the integrated optical density/measurement 
area.
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macrophage cells could result in poor survival of LUAD 
(figure 6D,E), and the proportion of cells was indepen-
dent factor for prognosis (online supplemental figures 
11 and 12). Our survival analysis with more accurate 
estimation for S100P+ epithelial cells and SPP1+ macro-
phage cells was consistent with the result of marker genes. 
Finally, IHC results validated that the protein expres-
sions of CD68, SPP1, IFITM3 and CD8A were increased 
in advanced LUAD (figure 6F). Each IHC staining was 
replicated by six patients (three early and three advanced 
stage) and three random regions of interest for each 
marker per patient were selected for calculation (total 
number=18). Taken together, our validation with bulk 
RNA- seq datasets supported the dynamic changes of cell 
subpopulations between early and advanced LUAD from 
scRNA- seq data.

DISCUSSION
The TME is a complex and dynamic evolving ecosystem 
during the initiation, development and metastasis of 
tumour. The composition of TME and its interaction with 
surrounding tumour cells affect the efficiency of therapy 
and then determine the therapeutic resistance and 
tumour recurrence.8 36 37 Taking the advantage of cutting- 
edge sequencing technology, the understanding of TME 
characterisation in LUAD has significantly improved in 
recent years.7 16 19 25 However, the previous studies mainly 
focused on the certain stage of LUAD progression, and 
lacked the comprehensive comparison between different 
stages. In this study, we integrated two independent 
scRNA- seq cohorts to elucidate the dynamic changes 
of epithelial cell lineages and TME between early and 
advanced LUAD.

Compared with early LUAD, we found that three 
epithelial subclusters with high CNV score were signifi-
cantly enriched in advanced stage. Specially, S100P, as a 
prognostic biomarker, has been reported to promote the 
migration and metastasis in diverse cancers, such as lung 
cancer,38 colorectal cancer,39 breast cancer40 and pancre-
atic cancer.41 Our survival analysis also revealed the upreg-
ulation of S100P predicting the poor survival outcomes 
in LUAD. Moreover, the mean of CNV scores was highest 
in S100P+ epithelial cells compared with other epithelial 
clusters. All evidence supported S100P+ epithelial cells 
could be a predictive biomarker for tumourigenesis of 
LUAD. Our functional analysis further uncovered the 
alteration of biological pathways in this subpopulation, 
which provides the insight into the newly therapeutic 
strategy for targeting S100P+ malignant cells.32 42 43

The fact that immunotherapy shows promising 
approach to significantly improve the clinical outcome 
of part of cancers, we also profiled the characterisation 
of TME during the progression of LUAD. The emerging 
studies and our result both revealed that SPP1+ macro-
phage, as the biomarker for metastasis, predicts poor 
prognosis in various tumours, especially in lung cancer. 
Currently, how osteopontin encoded by SPP1 interacts 

with TME still remains debated. Although SPP1+ macro-
phages have been generally reported to build intercel-
lular networking with fibroblasts in colorectal cancer 
and lung cancer,23 44 there were few studies suggesting 
that SPP1 highly expressed in macrophages binds to its 
receptor CD44 on activated T cells to suppress cytotox-
icity of T cells in TME.45 46 Here, our analysis supported 
that macrophages through SPP1- CD44 axis could interact 
with diverse subpopulations of immune cells in LUAD 
TME, such as CD8+ T cells, monocytes and mast cells. 
However, we had not observed crosstalk between macro-
phages and endothelial cells through SPP1 and CD44, 
suggesting the presence of other ligand- receptor interac-
tions between these two cell clusters. Due to the critical 
function of SPP1+ macrophages and endothelial cells in 
metastases, the exploration of cell- cell communication 
between macrophages and endothelial cells should be 
useful to understand the tumour metastasis. In addition, 
the result from deconvolution analysis for bulk RNA- seq 
data showed that infiltration of SPP1+ macrophage cells 
into TME was significantly associated with poor outcome 
of LUAD. Taken together, these results suggested that 
SPP1 in macrophages may act as new immune checkpoint 
and inhibiting the interaction between macrophages 
and other cell populations in TME may be a promising 
method for LUAD treatment.

Moreover, we found other two immune cell clusters 
(KLRB1+CD8+ T cells and IGHG1+/IGHA1+ plasma 
cells) as potentially targeting cells to enhance the effi-
ciency of antitumour. NK- cell receptor CD161 encoded 
by KLRB1 was one of the marked genes for conversing 
cytotoxicity of T cells (both CD4+ and CD8+ T cells).35 
Inhibiting this receptor in infiltrating T cells activates 
the cytotoxic T cells to kill glioma tumour cells.47 Few 
studies further suggested that KLRB1+ T cells, as the 
cytotoxic memory cells, enriched in the gut48 and hepa-
tocellular carcinoma49 TME, respectively, and could be 
high therapeutic potential cells to enhance the antitu-
mour response. At the same time, plasma cells secrete 
antibodies to recognise tumour cell and then trigger the 
adaptive immune response.50 More and more evidence 
showed that tumour- infiltrated activated plasma cells 
were associated with improved prognosis in triple nega-
tive breast,51 prostate52 and colorectal cancers.53 The one 
probable reason to explore this better outcome was that 
tertiary lymphoid structures,54 55 normally consisting of 
the predominant plasma cells with high expression of 
IGHG1 and activation of T cells, facilitate the response 
to immunotherapy. However, the expression of marker 
genes and the presence of tertiary lymphoid structures 
in LUAD needed to be determined by further validation 
(such as IHC or multiple IHC) with sampling expansion.

Conclusions
Our findings highlight the key changes of composition 
of TME from LUAD early to advanced stage. Four cell 
populations (S100P+ epithelial, SPP1+ macrophage, 
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KLRB1+CD8+ T cells and IGHG1+/IGHA1+ plasma cell) 
had significant changes in advance LUAD. The enriched 
S100P+ epithelial and SPP1+ macrophage are biomarkers 
of LUAD bad prognosis and even metastasis, while 
KLRB1+CD8+ T and IGHG1+/IGHA1+ plasma cells are 
candidates targeting populations to develop promising 
immunotherapy avenues to improve the clinical outcome.
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