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In brief

Luo et al. employ single-cell RNA
sequencing to identify more
immunosuppressive microenvironment
and higher expression of the immune
checkpoint CD47 in never-smoker lung
adenocarcinomas. These findings
uncover the difference of tumorigenesis
between never-smoker and smoker lung
adenocarcinomas and provide a potential
immunotherapy strategy for the former.
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SUMMARY

Lung cancer in never-smokers (LCINS) presents clinicopathological and molecular features distinct from that
in smokers. Tumor microenvironment (TME) plays important roles in cancer progression and therapeutic
response. To decipher the difference in TME between never-smoker and smoker lung cancers, we conduct
single-cell RNA sequencing on 165,753 cells from 22 treatment-naive lung adenocarcinoma (LUAD) patients.
We find that the dysfunction of alveolar cells induced by cigarette smoking contributes more to the aggres-
siveness of smoker LUADs, while the immunosuppressive microenvironment exerts more effects on never-
smoker LUADs’ aggressiveness. Moreover, the SPP1" pro macrophage is identified to be another indepen-
dent source of monocyte-derived macrophage. Importantly, higher expression of immune checkpoint CD47
and lower expression of major histocompatibility complex (MHC)-I in cancer cells of never-smoker LUADs
imply that CD47 may be a betterimmunotherapy target for LCINS. Therefore, this study reveals the difference
of tumorigenesis between never-smoker and smoker LUADs and provides a potential immunotherapy strat-

egy for LCINS.

INTRODUCTION

Although tobacco smoking is one of the most important risk fac-
tors for lung cancer, there are still approximately 25% of patients
with lung cancer who smoked fewer than 100 cigarettes in their
lifetime, which is defined as lung cancer in never-smokers
(LCINS)." Compared with lung cancer in smokers (LCIS),
LCINS exhibits distinct genomic architecture, including a lower
tumor mutational burden (TMB), nucleotide base substitution
dominated by C>T, and more frequent somatic alterations in
EGFR, ERBB2, ALK, and ROS1.>® The prevalence of these ge-
netic alterations confers more benefits from targeted therapy in
LCINS, which may partially explain the better prognosis of
LCINS patients.*® However, LCINS showed much less satisfac-
tory response to anti-programmed death-ligand 1 (PD-L1) immu-
notherapy,® suggesting that the tumor microenvironment (TME)
of LCINS may be different from that of LCIS as TME plays impor-
tant roles in immunotherapy. Therefore, understanding of the
complex TME of LCINS should be helpful to improve its precise
treatment strategies.

Gheck for
Updates

TME is a complex ecosystem composed of heterogeneous
cancer cells, infiltrating immune cells, and stromal cells, whose
interactions collectively determine tumor development as well
as the response to therapy.’ For example, cytotoxic T lympho-
cytes in TME are often associated with favorable prognosis,®°
as these T lymphocytes not only kill cancer cells but also inhibit
tumor angiogenesis by secreting IFN-y."° Macrophage is a plas-
tic and heterogeneous cell population in TME and plays a crucial
role in tumor evolution and progression.’’ Recently, single-cell
RNA sequencing (scRNA-seq) has emerged as a powerful tech-
nology to investigate TME at a higher resolution and is widely
employed to dissect the composition of TME in lung cancer.'*~"°
There are limited studies on the LCINS ecosystem,”® but a
comprehensive depiction of the LCINS ecosystem especially
for the Asian population at the single-cell resolution remains
elusive.

Given that lung adenocarcinoma (LUAD) is the predominant
histological type of LCINS,® we conducted scRNA-seq to study
the differences of TME between never-smoker and smoker
LUADs. Our results provide a comprehensive insight into the
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diversity of cancer cells and immune cells, as well as the interac-
tion among different cell types within the TME of never-smoker
LUADs at the single-cell level. These findings improve our under-
standing of the oncogenesis of never-smoker LUADs and high-
light potential therapeutic strategies for never-smoker LUADs.

RESULTS

Increasing prevalence of never-smoker LUADs

To characterize never-smoker LUADs, we first performed a real-
world analysis of 8,396 Chinese patients diagnosed with LUAD in
West China Hospital, Sichuan University, from January 2009 to
December 2016. More than half of the patients (59.4%) were
never-smokers, with an increasing trend of proportion in all
LUAD cases across 8 years (Figure S1A). Compared with smoker
LUADs, never-smoker LUADs were more common among fe-
males (79.2% vs. 4.7%, p < 0.001; Figure S1B; Table S1) and
were diagnosed at a younger age (mean age, 57.80 vs. 59.12
years, p <0.001; Figure S1C; Table S1), which were similar to other
studies.”’'* In terms of prognosis, never-smokers had signifi-
cantly better overall survival (OS) than smokers (Figure S1D), which
was also previously reported.”?* By multivariate Cox regression
analysis, presence of smoking history was anindependent risk fac-
tor for poorer OS in LUAD patients (hazard ratio [HR], 1.31; 95%
confidence interval [Cl], 1.17-1.46; p < 0.001; Table S2). Besides,
consistent with previous studies,”* analysis of genetic alterations
in LUADs indicated that EGFR mutations were much more com-
mon in never-smoker LUADs (62.9% vs. 41.8%, p < 0.001; Fig-
ure S1E; Table S1), while KRAS was more frequently mutated in
smoker ones (7.5% vs. 21.8%, p < 0.001; Figure S1E; Table S1).
Moreover, PD-L1 expression was significantly lower in never-
smoker LUADs than smoker ones (negative [<1%], 80.2% vs.
65.7%, p < 0.001; low expression [1%-49%], 15.0% vs. 20.7%,
p < 0.001; high expression [>50%], 4.8% vs. 13.6%, p < 0.001;
Figure S1F; Table S1), supporting the worse response to anti-
PD-L1 immunotherapy in never-smoker LUADs.® Taken together,
never-smoker LUADs exhibit distinct clinical and molecular fea-
tures from smoker ones, highlighting the importance of exploring
the TME of never-smoker LUADs at single-cell resolution.

Single-cell expression atlas and cell-type identification
in LUAD

To elucidate the distinct TME of never-smoker LUADs, tumor
specimens and their available paired distal normal lung tissues
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from 22 LUAD patients (13 never-smokers and nine smokers)
were subjected to scRNA-seq (Figure 1A). Detailed clinical and
pathological information, including age, gender, smoking status,
and tumor-node-metastasis (TNM) stage, are listed in Table S3.
First, we conducted 1,021-gene-panel targeted region sequ-
encing (TRS) to confirm the smoking status of our enrolled pa-
tients at the genomic level. Consistent with previous studies,*”
never-smoker LUADs harbored more EGFR mutations (84.6%
vs. 25.0%, p = 0.018), fewer KRAS mutations (0.0% vs. 25.0%,
p = 0.058), and lower TMB (median, 3.36 vs. 4.80 mutations/
Mb, p = 0.08) than smoker ones in this study (Figures 1B and
7C; Table S4). Therefore, our enrolled samples represent
LUADs with definite smoking status, and the scRNA-seq inves-
tigation on these samples will help to study the difference of
TME between never-smoker and smoker LUADs.

Tumor tissues and normal lung tissues from never-smokers/
smokers are referred to as tNS/tS and nNS/nS, respectively.
Based on the expression of canonical marker genes
(Table S5), we cataloged 165,753 quality-control-passed cells
into eight major cell types (Figures 1C-1E and S2A), including
epithelial cells, immune cells (T lymphocytes, natural killer [NK]
cells, B lymphocytes, myeloid cells, and mast cells), and stromal
cells (fibroblasts and endothelial cells). We found that immune
and stromal cells from different patients clustered together by
cell types, while epithelial cells showed high heterogeneity
among different patients (Figures 1C and S2B). The most abun-
dant cells identified were T/NK lymphocytes and myeloid
cells (Figures 1C and S2B-S2D; Table S6). Furthermore, we
confirmed that tumor tissues had a lower proportion of NK cells
and higher proportion of B lymphocytes than normal lung tissues
(Figure 1F), indicating the activation of adaptive immune
response in TME. Notably, NK cells in tNS declined more
dramatically than those in tS, suggesting that the TMEs of
never-smoker LUADs are more likely to impair the homing of
NK cells.

Less aggressiveness of cancer cells within never-
smoker LUADs

A total of 24,965 epithelial cells from tumors and normal lung tis-
sues were obtained. Among them, epithelial cells from normal
lung tissues were further clustered into five distinct subtypes,
including alveolar type | (AT1: AGER and RTKNZ2), alveolar type
Il (AT2: SFTPC and SFTPD), basal (KRT15 and KRT17), ciliated
(FOXJ1, CAPS, and TPPP3), and club cells (SCGB1AT1) as well

Figure 1. The mutational landscape and comprehensive single-cell atlas of never-smoker and smoker LUADs

(A) lllustration of the workflows in this study. nNNS/nS, normal lung tissue from never-smoker/smoker; tNS/tS, tumor tissue from never-smoker/smoker; TRS,
targeted region sequencing; scRNA-seq, single-cell RNA sequencing; TCGA, The Cancer Genome Atlas; IHC, immunohistochemistry; mIHC, multiplex
immunohistochemistry.

(B) Mutational landscape of never-smoker and smoker LUADs included for scRNA-seq analysis. The frequencies of genetic alterations are shown on the right and
presented in a decreasing order. The patient IDs are presented at the bottom. The colors denote different types of genetic alterations.

(C) UMAP view of 165,753 cells from 22 patients, colored by eight major cell types; epithelial cells are circled.

(D) UMAP view of cell types in different types of tissues.

(E) Dot plot of mean expression of canonical marker genes for eight major cell types from LUADs.

(F) Tissue preference of NK cells (left) and B lymphocytes (right) in tumor tissues and paired normal lung tissues from never-smokers (n = 10) and smokers (n = 7).
The observed-to-expected (o/e) ratio is the relative score of observed cell numbers over expected cell numbers calculated by chi-squared test. Each box
represents the interquartile range (IQR) between the 25™ and 75" percentile with the mid-point of the data, and whiskers indicate the upper and lower value within
1.5 times the IQR. Dots represent different patients. Paired two-sided Wilcoxon signed-rank test, *p < 0.05; **p < 0.01; **p < 0.001. Asterisks represent the
significance of differences in the following comparisons: all tumor tissues vs. all normal tissues (red); nNS vs. tNS and nS vs. tS (green).
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as one undefined population with high expression of genes
related to club, ciliated, and lymphocyte infiltration (CCL4,
CD52, CORO1A, and CXCR4) (Figures S3A and S3B;
Table S5). Considering that there may be residual non-malignant
cells in tumor tissues, we applied inferring copy number varia-
tions (inferCNVs) to distinguish cancer cells from non-malignant
cells (Figure S3C). The Uniform Manifold Approximation and Pro-
jection (UMAP) plot demonstrated that the identified non-malig-
nant cells from tumor tissues overlay with epithelial cells from
normal lung tissues (Figures 2A and 2B). We observed that can-
cer cells exhibited strong heterogeneity among different pa-
tients, while epithelial cells from normal lung tissues showed
no heterogeneity (Figures 2A, 2B, S3D, and S3E). To sharpen
the difference between cancer cells and normal epithelial cells,
we excluded these non-malignant cells from tumor tissues in
subsequent analyses.

Alveolar cells comprise AT1 and AT2 subtypes, of which the
latter is considered to be the origin of LUAD.?**° Previous
studies have shown that AT2 cells act as stem-like progenitor
cells that contribute to alveolar renewal, repairment, and carci-
nogenesis.”® Using the established AT2 marker genes, including
SFTPB, SFTPC, SFTPD, and SFTA3 (Table S7),%® we compared
the expression of AT2 signature among four tissue types (tNS, tS,
nNS, and nS). The results showed that tumor tissues (tINS/tS) ex-
pressed lower AT2 signatures than normal lung tissues (nNS/nS)
(Figure 2C). Moreover, smoker tissues (tS/nS) demonstrated
lower AT2 signatures than never-smoker tissues (INS/nNS),
regardless of tumor and normal lung tissues. These findings
were validated by the multiplex immunohistochemistry (mIHC)
staining of SFTPC, a marker of AT2 cells (Figure 2D) and by an-
alyses of published LUAD single-cell data (GEO: GSE131907;
Figure S4A)."® Given that cigarette smoke causes injury to the
lung epithelium and is a definite exogenous carcinogen for
lung cancer,®® our results suggested that smoking induces
impairment of normal lung epithelial cells. In addition, we
explored whether AT2 signature is a clinically relevant biomarker
for patient survival and found a significant association between
high expression of AT2 signature and improved OS in The
Cancer Genome Atlas (TCGA) LUAD bulk RNA-seq dataset
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(p = 0.0045; Figure S4B), which could partially explain the better
prognosis of never-smoker LUAD patients.

To deepen our understanding of the transcriptional signatures
of cancer cells, we employed Seurat FindMarkers function and
identified an upregulated 14 genes as tNS signature and 30
genes as tS signature, respectively (Figures 2E and S4C). Among
them, four genes (CTSH, LPCAT1, GPR116, and PABPC1) in the
tNS signature and one gene (MIF) in the tS signature were vali-
dated by immunohistochemistry (IHC) analysis (Figure 2F).
Gene Ontology (GO) enrichment analysis revealed that different
signal pathways were involved in never-smoker and smoker
LUADs. For example, the tNS signature was associated with sur-
factant homeostasis and phospholipid biosynthesis and meta-
bolism, while the tS signature was related to tumor biological
properties including cell growth and migration (Figure S4D),
implying more aggressiveness of tS cancer cells. Furthermore,
higher expression of tS signature was associated with unfavor-
able survival (p = 0.043; Figure 2G).

To further zoom in cancer cells, we performed sub-clustering
of all cancer cells and obtained 16 clusters. Most clusters from
smokers were dominated by a single patient, while several clus-
ters from never-smokers had cells from several patients. This in-
dicates that cancer cells in smokers showed stronger heteroge-
neity than those in never-smokers (Figures 2H-2J and S4E).
Intriguingly, we found the cluster C9 containing cancer cells
from 17 patients, most of which were from never-smoker
LUADs, suggesting that the expression pattern of C9 may
partially represent common features of cancer cells in never-
smoker LUADs. To decipher the transcriptional features of C9,
we performed GO enrichment analysis and found that upregu-
lated genes in C9 were involved in antigen processing and
presentation especially via major histocompatibility complex
(MHC) class Il (Figure S4F). We further scored each cancer cell
clusters with MHC-II marker genes (Table S7) and observed
that C9 had a significant higher score of MHC-II signature (Fig-
ure 2K). Besides, we found another two tNS clusters, C3 and
C15 (Figure 2K), also manifested with high MHC-II signature.
Furthermore, we found that cancer cells from tNS had higher
expression of MHC-II (Figure S4G), which was validated by

Figure 2. Identification of transcriptional signatures for cancer cells from never-smoker and smoker LUADs
(A) UMAP view of all epithelial cells including epithelial cells from normal lung tissues, cancer cells, and non-malignant cells from tumor tissues identified by

inferCNV analysis.
(B) UMAP view of subtypes of epithelial cells by tissue types.

(C) Boxplots showing the expression levels of AT2 signature across four tissue types. Two-sided Wilcoxon signed-rank test, ***p < 0.001. Asterisks represent the
significance of differences in the following comparisons: nNS vs. nS/tNS (black), nS vs. tS (red), and tNS vs. tS (green).

(D) mIHC staining of SFTPC in the four types of tissue samples (nNS/nS/tNS/tS). Nuclei with DAPI (blue) and SFTPC (green). Scale bars, 50 um. The right side
shows the SFTPC staining positivity in each tissue type. Each group contains three samples. Three random fields are derived from each sample. Two-sided
Wilcoxon signed-rank test, *p < 0.05; **p < 0.01; **p < 0.001. Asterisks represent the significance of differences in the following comparisons: nNS vs. nS/tNS
(black), nS vs. tS (red), and tNS vs. tS (green).

(E) Heatmap of signatures for tNS and tS identified by Seurat FindMarkers function (fold change >2).

(F) IHC staining of specific genes from tNS/tS signatures in the four types of tissue samples (NNS/nS/tNS/tS). Scale bars, 100 um. The immunoreactive scores
(IRSs) of IHC in each tissue type are shown at the bottom. Each group contains three samples. Three random fields are derived from each sample. Data are
represented as mean + SD. Two-sided Wilcoxon signed-rank test, “p < 0.05; **p < 0.01; ***p < 0.001. Asterisks represent the significance of differences in the
following comparisons: tNS vs. tS/nNS/nS (black), and tS vs. tNS/nNS/nS (red).

(G) Kaplan-Meier curves for the OS of TCGA-LUAD patients (n = 453), which were divided into two groups according to the mean expression of tS signature. Plus
signs (+) indicate censored observations; p value was calculated using the two-sided log rank test.

(H-J) UMAP view of cancer cells, colored by clusters (H), patients (l), and smoking status (J).

(K) Boxplots showing the expression levels of the MHC-II signature across 16 clusters of cancer cells.
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Figure 3. Identification of SPP1" pro cells from myeloid cells

(A) UMAP view of myeloid cells, colored by cell subtypes.

(B) Heatmap of mean expression of known marker genes in each myeloid subtype.

(C) Trajectory of MDM, TRM, and Mixed_mac inferred by Monocle2.

(D) Volcano plot of differentially expressed genes between FABP4" pro and SPP1" pro cells.

(E) Dot plot of mean expression of selected marker genes in four populations of macrophages. FABP4, INHBA, and MARCO are the marker genes of TRM; SPP1 is
the marker gene of MDM; and TYMS, STMN1, MKI67, BIRC5, and TUBB are proliferation-related marker genes.

(F) Tissue preference of monocytes (CD14* and CD16* monocytes), TRM, MDM, FABP4" pro, and SPP1" pro in tumor tissues and paired normal lung tissues
from never-smokers (n = 10) and smokers (n = 7). The o/e ratio is the relative score of observed cell numbers over expected cell numbers calculated by chi-
squared test. Paired two-sided Wilcoxon signed-rank test, *p < 0.05, **p < 0.01, ***p < 0.001. Asterisks represent the significance of differences in the following
comparisons: all tumor tissues vs. all normal tissues (red); NNS vs. tNS and nS vs. tS (green).

(legend continued on next page)
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mIHC staining in tNS and tS samples (Figure S41) and by analysis
of published scRNA-seq data from LUAD (GSE131907) (Fig-
ure S4H)." Previous studies revealed that tumor-specific
MHC-II molecules correlate with a better CD4" T lymphocytes
infiltration and activation in the tumor mass.®*? In our study,
we also found that higher proportions of both naive and active
CD4* T lymphocytes exist in tNS than in tS (Figure 7B left), indi-
cating that cancer cells from never-smoker LUADs may prompt
better CD4* T cell infiltration and activation in the tumor mass to
trigger anti-tumor immune response. Given that higher expres-
sion of MHC-II on cancer cells was associated with favorable
prognosis in patients with cancer,®=*° higher expression of
MHC-II in cancer cells of never-smoker LUADs may partially
explain the better prognosis of never-smoker LUADs.

Identification of SPP1" pro cells and their potential
interconversion with MDMs
Myeloid cells (n = 47,580) were sub-clustered into 20 clusters
that were subsequently assigned to known cell lineages based
on the expression of classical marker genes: macrophages (tis-
sue-resident macrophage [TRM; CO, C1, C5, C12, C15], mono-
cyte-derived macrophage [MDM; C2, C4, C6, C8, C10, C13)),
monocytes (CD14* [C3] and CD16" [C11] monocytes), dendritic
cells (DCs; cDC1s [C17], cDC2s [C7, C14], activated DCs [C18],
and pDCs [C16]), and neutrophils (C19) (Figures 3A, 3B, and
S5A-S5C). Among these cell types, both CD14* and CD16"*
monocytes were depleted in tumor tissues (Figures 3F, S5D,
and S5E). Macrophages have been reported to comprise two
distinct lineages, TRM and MDM, with TRM self-renewed locally
and short-lived MDM arising from adult hematopoietic stem
cells,*"*° which were both found in our study (Figure 3A). Inter-
estingly, we found another macrophage cluster (C9) with mixed
characteristics, exhibiting high expression of cell-cycle genes
(MKI67, STMN1, and TUBB), TRM marker genes (MARCO,
FABP4, and C1QA), and MDM marker genes (APOE, SPP1,
and CCL2) (Figures 3B and S5C), so we called this population
of macrophage with potential proliferation property Mixed_mac.
To determine the transcriptional state of Mixed_mac, we per-
formed trajectory analysis of three macrophage populations
(TRM, MDM, and Mixed_mac). The results showed that the Mix-
ed_mac cells can be divided into two parts: one (C9-1) located
close to TRM and the other (C9-2) close to MDM (Figure 3C). Dif-
ferential gene expression analysis between these two popula-
tions demonstrated that C9-1 expressed a high level of TRM
marker genes (FABP4, MARCO, and INHBA), while C9-2 ex-
hibited high expression of an MDM marker gene (SPP7)
(Figures 3D and S5A); thus, we named these two populations
of Mixed_mac FABP4" pro and SPP1" pro, respectively. Collec-
tively, macrophages in our study were divided into four popula-
tions (TRM, MDM, FABP4" pro, and SPP1" pro) with distinct
transcription patterns (Figures 3E and S6A).
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Further distribution analysis of these four macrophage popula-
tions revealed that tumor tissues harbored less TRM and more
MDM than normal lung tissues (Figures 3F, S5D, and S5E),
consistent with the previous study.>® Moreover, TRM in tS
remarkably decreased compared with that in nS, while there
was no significant change between tNS and nNS (Figure 3F),
which was validated by mIHC staining of CD68*FABP4* cells
in patient samples (Figure 3G). Importantly, we found that
FABP4" pro and TRM had similar distribution (Figure 3F), and
SPP1" pro showed the same tendency with MDM among four
tissue types (Figures 3F and 3H).

Based on our trajectory result (Figure 3C), UMAP plot of
myeloid cells (Figures 3A and S5A), and distribution tendency
of these four macrophage populations (Figure 3F), we concluded
that FABP4™ pro may refresh TRM, confirming the renewal ability
of TRM.**%¢ Likewise, we reasoned that SPP1™ pro could
generate MDM. Given that MDM was reported to be derived
only from monocytes,>"*° we performed trajectory analysis
among MDMs, SPP1" pro, and monocytes. The results showed
that both SPP1™ pro cells and monocytes could be independent
sources of MDMs (Figures 31, S6B, and S6C). Moreover, SPP1"
pro cells were mainly found in tumor tissues, especially in tNS
samples (Figure 3H), suggesting its contribution to more MDM
production in TME to promote LUAD oncogenesis, especially
for never-smokers. Importantly, single-cell analysis of another
four independent never-smoker LUADs confirmed the existence
of SPP1" pro in TME (Figures S6D-S6G), implying the important
role of SPP1" pro in tumorigenesis.

Macrophages within never-smoker LUADs exert more
immunosuppressive properties
Macrophages have high plasticity and are usually polarized into
two phenotypes, the “classically activated” M1 and “alterna-
tively activated” M2.°” M1 macrophages are considered as a
pro-inflammatory and anti-tumor phenotype, while M2 macro-
phages act in an anti-inflammatory and pro-tumor role. Using
M1/M2 marker genes (Table S7), we confirmed the co-existence
of M1 and M2 macrophages in LUADs (Figure 4A). Both TRM and
MDM in tumor tissues showed lower M1 scores and higher M2
scores than those in normal tissues (Figures 4B-4E), indicating
the immunosuppressive property of TRM and MDM in LUADs.
Moreover, we found that TRM in tNS had higher M2 score than
that in tS (Figure 4E), which was contributed by higher expres-
sion of partial M2 marker genes, such as CTSA, CTSB, CTSC,
CTSD, and CCL18 in tNS (Figure 4F). Besides, the anti-inflam-
matory score showed a similar tendency to the M2 score in
TRM among four tissue types (Figures 4G and 4H). Collectively,
these findings indicated that TRMs exert a stronger immunosup-
pressive and pro-tumorigenic role in never-smoker LUADs.
Macrophages play an important role as antigen presentation
(AP) cells in adaptive immune response. Based on AP marker

(G) mIHC staining of PanCK, CD68, and FABP4 in tumor tissues of never-smokers and smokers. Nuclei with DAPI (blue), PanCK (white), CD68 (green), and FABP4
(red). Each group contains three samples. Scale bar, 50 um. The yellow arrow indicates the CD68*FABP4* cells.

H) Proportion of SPP1" pro and MDM in the four types of tissue samples (NNS/nS/tNS/tS). Paired two-sided Wilcoxon signed-rank test, *p < 0.05, **p < 0.01,
***p < 0.001. Asterisks represent the significance of differences in the following comparisons: all tumor tissues vs. all normal tissues (red); NNS vs. tNS and nS vs.

tS (green).

(I) Trajectory of MDM, monocytes, and SPP1" pro cells inferred by Monocle2.
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Figure 4. Characterization of macrophage populations in LUADs
(A) Scatterplots of mean expression of M1 and M2 marker genes in four types of macrophages from tNS (up) and tS (bottom).

(B-E) Violin plots with included boxplot of the M1/M2 scores in MDM (B and D) and TRM (C and E). Two-sided Wilcoxon signed-rank test, *p < 0.05, **p < 0.01,
***p < 0.001. Asterisks represent the significance of differences in the following comparisons: all tumor tissues vs. all normal lung tissues (brown), nS vs. nNS
(black), tS vs. tNS (red), and tNS vs. nNS and tS vs. nS (green).
(F and H) Dot plot of mean expression of M2 signature (F) and anti-inflammatory signature (H) in TRM.
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genes (Table S7), we calculated AP score and found that TRM/
MDMs within tumor tissues had a higher score than those in
normal lung tissues (Figures 41 and 4J), indicating activation of
adaptive tumor immunity. Moreover, we found that both TRMs
and MDM s in tNS had significantly lower AP score than those
intS (Figures 41 and 4J), implying the immunosuppressive micro-
environment represented by macrophages in never-smoker
LUADs.

Based on the aforementioned SPP1 expression in macro-
phages, we observed that two MDM clusters (C2, C10) of cells
expressed a dramatically high level of SPP1 (Figure S6A) and
named them as SPP1" MDM. Notably, this subset of MDM
almost exclusively existed in tumor samples (Figure S5B),
prompting us to explore its effect on TME of LUADs. We
compared the scores of specific features (M1, M2, anti-inflam-
matory, and AP) between tNS and tS (Table S7). The results
showed that tNS exerted lower M1 and AP scores and higher
M2 and anti-inflammatory scores than tS (Figure 4K), indicating
that SPP1" MDM played more immunosuppressive and pro-
tumorigenic roles in the TME of never-smoker LUADs. Moreover,
the immunosuppressive role of SPP1™ MDM in tNS was further
confirmed by its higher expression of PD-L1 (Figure 4L), a
biomarker of response to anti-PD-L1 immunotherapy.*® Taken
together, both TRM and MDM in never-smoker LUADs showed
more immunosuppressive roles than those in smoker LUADs.

T/NK cells show more suppressive anti-tumor immunity
in never-smoker LUADs
We performed sub-clustering on 80,194 T/NK cells to identify
CD4* T lymphocytes (naive CD4", active CD4", regulatory T
[Treg]), CD8* T lymphocytes (GZMB CD8*, GZMK CD8™, and ex-
hausted T cells) and NK cells (CD16" and CD16") (Figures 5A,
5B, S7A, and S7B). Among these cells, Treg cells increased in tu-
mor tissues (Figure 5C), similar to other reports.’®'"'® More-
over, Treg cells increased more dramatically in tNS than in tS
(Figure 5D), which could be explained by more TRM in tNS (Fig-
ure 3F), as TRM is reported to recruit, differentiate, and expand
Treg cells.*® As a predominant subgroup of cytotoxic NK cells,
CD16"* NK cells decreased in tumor tissues, especially in tNS
(Figure 5C). Combined with our previous observation that NK
cells declined more dramatically in tNS (Figure 1E), we infer
that impaired immunity mediated by NK cells is associated
with both reduced numbers and impaired function. However,
both GZMK™ and exhausted CD8" T cells showed no significant
difference between tumor and normal tissues (Figure 5C).
CD8" T lymphocytes exert a cytotoxic role mainly by secreting
granzymes such as GZMB, GZMK, GZMH, and GZMM. Among
them, GZMB was reported to exert the greatest cytotoxic capac-
ity.>®> We found that GZMK CD8* T cells showed no significant
difference between tumors and normal tissues, but GZMB
CD8" T cells were significantly depleted in tumor tissues, espe-

¢ CellP’ress

OPEN ACCESS

cially in tNS (Figure 5C), indicating that the adaptive immune
response of cytotoxic CD8" T cells was more suppressed in
never-smoker LUADs than smoker ones. To further explore the
dysregulated molecules in GZMB CD8* T cells of never-smoker
and smoker LUADs, we performed differential gene expression
analysis and found that the expression of GZMA and GZMH
was elevated in tNS (Figures 5E-5G). According to marker genes
of granule-mediated cytotoxicity, we found that GZMB CD8"*
T cells in tNS exhibited lower expression of GZMB but higher
expression of GZMA, GZMH, and GZMM than those in tS (Fig-
ure 5G). These results suggested that the number of GZMB
CD8" T cells significantly decreased in tNS but also that their
function may be impaired. Besides, GZMK CD8* T cells ex-
pressed a lower level of cytotoxic markers (GNLY, NKG7, and
FGFBP2) than GZMB CD8" lymphocytes, but meanwhile ex-
pressed certain levels of exhaustion markers (LAG3 and
PDCD1) (Figure 5B). It was reported that GZMK CD8" subset
was the hallmark of inflammatory aging in mice and humans,*°
thus this GZMK CD8* T population may represent the transition
state from effector to exhausted T cells in LUADs.

Stromal cells exert different pro-tumor roles in never-
smoker and smoker LUADs

Stromal cells within tissues include endothelial cells (ECs) and fi-
broblasts. First, we identified five distinct subtypes of ECs,
including lymphatic, tip-like, stalk-like, and tumor ECs, as well
as endothelial progenitor cells (Figures 6A and 6B). Consistent
with previous studies,'>'® we also found that tumor ECs mainly
existed in tumor tissues (Figure 6C). To gain more insights into
ECs, we performed gene set variation analysis (GSVA) to
compare expression profiles of ECs within tumors and normal
lung tissues (Figure 6D). The top enriched pathways in tumor tis-
sues included epithelial-mesenchymal transition, Wnt/B-catenin
signaling, and angiogenesis, which may contribute to LUAD pro-
gression. We further compared expression profiles of ECs be-
tween tNS and tS samples and found that the myogenesis
pathway was upregulated in the ECs of tS, while the apoptosis
pathway was upregulated in the ECs of tNS (Figure 6E), suggest-
ing that ECs play different roles in never-smoker and smoker
LUADs.

Nine distinct subtypes of fibroblasts were identified in our data
(Figures 6F and 6G), including COL13A1*, inflammatory fibro-
blast, lipofibroblast, mesothelial, MMP-high, myofibroblast,
pericyte, smooth muscle cell, and universal P16* fibroblasts.
Moreover, we found that tumor tissues have more myofibro-
blasts than normal lung tissues (Figure 6H), supporting the role
of myofibroblasts as the cancer-associated fibroblast to pro-
mote tumor progression.”’ The GSVA analyses showed that
the angiogenesis pathway was enriched in tumor tissues
compared with normal lung tissues (Figure 6l). Furthermore,
myogenesis was not enriched in tNS samples but in tS samples

(G, I, and J) Violin plots with included boxplot of anti-inflammatory scores in TRM (G) and AP scores in TRM (I) and MDM (J). Two-sided Wilcoxon signed-rank test,
*p < 0.05, *p < 0.01, **p < 0.001. Asterisks represent the significance of differences in the following comparisons: all tumor tissues vs. all normal lung tissues
(brown), nS vs. nNS (black), tS vs. tNS (red), and tNS vs. nNS and tS vs. nS (green).

(K) Violin plots with included boxplot of M1/M2 scores, anti-inflammatory scores, and AP scores in SPP1" MDM from tNS and tS. Two-sided Wilcoxon signed-

rank test, **p < 0.001

(L) Violin plots with included boxplot of PD-L1 expression in SPP1" MDM from tNS and tS. Two-sided Wilcoxon signed-rank test, **p < 0.001
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Figure 5. Reprograming of T/NK lymphocytes toward pro-tumor phenotype in LUAD

(A) UMAP view of T/NK lymphocytes colored by cell subtypes.

(B) Heatmap of selected T/NK lymphocytes marker genes in each cell clusters. Top: tissue preference of each cluster. Bottom: relative expression map of known
marker genes associated with each cell subset. Mean expression values were scaled by mean centering.

(C) Tissue preference of T/NK subtypes; the o/e ratio is the relative score of observed cell numbers over expected cell numbers calculated by chi-squared test.
Paired two-sided Wilcoxon signed-rank test, “p < 0.05, **p < 0.01, **p < 0.001. Asterisks represent the significance of differences in the following comparisons: all
tumor tissues vs. all normal tissues (red), and nNS vs. tNS and nS vs. tS (green).

(D) Boxplots showing the Treg fractions (in all CD4* lymphocytes) across four tissue types. Paired two-sided Wilcoxon signed-rank test, *p < 0.05, **p < 0.01,
***p < 0.001. Asterisks represent the significance of differences in the following comparisons: all tumor tissues vs. all normal lung tissues (brown), nS vs. nNS
(black), tS vs. tNS (red), and tNS vs. nNS and tS vs. nS (green).

(E and F) Volcano plot of differentially expressed genes in GZMB* CD8* T lymphocytes between tumor tissues and normal lung tissues from never-smokers (E) or
smokers (F). Two genes (GZMA and GZMH) elevated in tumor sample of never-smoker LUADs are outlined in red.

(G) Dot plot of mean expression level of cytotoxicity related genes in the four types of tissue samples (NNS/nS/tNS/tS).
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(Figure 6J), suggesting the different roles of fibroblasts in never-
smoker and smoker LUADs.

Cell-to-cell interactions reveal CD47 as an
immunotherapy target for never-smoker LUADs

To delineate the cell-to-cell communications in the TME of
LUADs, we initially constructed the cellular interaction network
using CellPhoneDB to identify the expression of ligands/recep-
tors among major cell types, and we found that extensive com-
munications existed between macrophage cells (TRM, MDM,
FABP4" pro, and SPP1"™ pro) and other cell types, especially
cancer cells (Figure 7A). Moreover, the contents of four macro-
phage subtypes were all higher in tNS than in tS (Figure 7B,
left). Thus, macrophages contribute more to tumor development
in never-smoker LUADs.

Clinically, LCINS shows less sensitivity to anti-PD-L1 immuno-
therapy than LCIS.® We first analyzed the most common predic-
tive biomarkers, including TMB and PD-L1, in our never-smoker
and smoker LUADs. The results revealed that, compared with tS,
tNS harbored lower TMB (p = 0.08; Figure 7C) and had lower PD-
L1 expression on cancer cells (p < 2.22e—16; Figure 7D), which
were validated by mIHC microscopy (Figure 7F). These results
can explain the unsatisfactory response to anti-PD-L1 immuno-
therapy in never-smoker LUADs.

To explore a better immunotherapy strategy for never-smoker
LUADs, we examined the expression of immune checkpoints in
different cell types. Compared with PD-L1, CD47 and CEACAM1
showed much higher expression on cancer cells. Interestingly,
SIRPA, the ligand of CD47, exhibited much higher expression
on four macrophage subtypes (MDM, SPP1" pro, TRM, and
FABP4" pro) than other immune cells or stromal cells (Figure 7B,
right). In addition, it is worth noting that cancer cells of never-
smoker LUADs displayed higher CD47 expression than those
of smoker ones (Figure 7E), which was validated by mIHC stain-
ing (Figure 7F). As our observation that four macrophage sub-
types existed more in tNS than in tS (Figure 7B, left), we conclude
that the immune checkpoint CD47-SIRPA axis may exert a
greater immunosuppressive effect in never-smoker LUADs.
Importantly, clinical trials of anti-CD47 antibody in solid tumors
(including lung cancer) are in progress.*? Because tumors with
lower expression of MHC-I molecules in cancer cells were re-
ported to be more sensitive to anti-CD47 antibody,”® we
compared the expression of MHC-I molecules between tNS
and tS. The results showed that tNS had lower expression of
MHC-I molecules (HLA-A, HLA-B, and HLA-C) (Figure 7G),
implying that never-smoker LUADs could benefit more
from anti-CD47 immunotherapy. Therefore, CD47 may be a po-
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tential immunotherapy target for LUADs, especially for never-
smoker ones.

DISCUSSION

Compared with LCIS, LCINS harbors a higher prevalence of
targetable driver gene mutations and benefits more from tar-
geted therapies.44 However, the effect of immunotherapy repre-
sented by anti-PD-L1 antibodly is not satisfactory in LCINS.® Pre-
vious studies have investigated the molecular characteristics
of LCINS through genomic, transcriptomic, and proteomic
sequencing on bulk tissues.”***® As patients with different
smoking status showed distinct response to immunotherapies,
comparing TME of patients with different smoking status may
provide some clues for this phenomenon. However, to the best
of our knowledge, no study explores cancer cells and TME in
LCINS at a single-cell level and investigates their effects on tu-
mor response to immunotherapy. In this study, we provide a
comprehensive single-cell transcriptomic atlas to investigate
cancer cell heterogeneity, immune modulation, and cellular in-
teractions in never-smoker and smoker LUADs, which includes
the largest sample size of never-smoker LUADs from Asia. This
study improves our understanding of the oncogenesis of
never-smoker LUADs and provides potential immunotherapy
strategies for this lung cancer subset.

Intriguingly, we identified a population of macrophages with
proliferation potential within TME and named it SPP1" pro
because it shows high expression of cell-cycle genes (MKI67,
STMIN1, and TUBB) and SPP1, an MDM marker gene
(Figures 3C-3E). MDM was reported to be derived only from
monocytes,*®*” but the trajectory analysis in this study indicated
that SPP1" pro is another independent source of MDM besides
monocytes (Figure 31). Moreover, most SPP1" pro cells existed
in tumor tissues (Figure 3H), implying that TME may mediate
the generation of SPP1" pro cells. Thus, we conclude that
some MDMs in TME may differentiate into SPP1" pro cells,
which, in turn, generate MDMs due to their proliferation potential.
In addition, more SPP1" pro cells in tNS can contribute to more
MDMs, and more MDMs in TME can exhibit a stronger immuno-
suppressive role. For example, CCL20-treated IDO* MDM could
induce the generation of immunosuppressive Treg-like cells.*®
Hence, we hypothesize that more SPP1" pro in tNS may pro-
duce more MDM in tNS, thus tNS may have stronger immuno-
suppressive TME. However, the immunosuppressive role of
SPP1" in tumor, especially in tNS, needs further investigations.

In our study, we found that dysfunction of alveolar cells
induced by cigarette smoking contributes more to the

Figure 6. Subsets of stromal cells identified in this study
(A) UMAP view of ECs, colored by cell subtypes.

(B) Heatmap showing the mean expression of canonical marker genes in different endothelial cell subtypes.
(C) The number and proportion of major endothelial cell subsets in each tissue type.
(D and E) Differences in pathway activities scored per cell by GSVA between tumor and normal ECs (D) and between tumor ECs in smokers and never-smokers (E).

(F) UMAP view of fibroblast cells, colored by cell subtypes.

(G) Heatmap showing the mean expression of canonical marker genes in different fibroblast cell subtypes.
(H) The number and proportion of major fibroblast cell subsets in each tissue type.
(Iand J) Differences in pathway activities scored per cell by GSVA between tumor and normal fibroblast cells (I) and between tumor fibroblast cells in smokers and

never-smokers (J).
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Figure 7. Cell-cell communication networks among cell types in LUAD

(A) Capacity for intercellular communications among cell types. The lines connect to the cell types that express the cognate receptors. The line thickness is
proportional to the number of ligands when cognate receptors are present in the recipient cell types.

(B) Heatmap depicting the enrichment of the different cells in four tissue types (left), and the dot plot showing mean expression of genes associated with
immunosuppression in each cell type (right).

(C) Violin plots with included boxplot of TMB in never-smoker and smoker LUADs; single-ended t test.

(D) Violin plots with included boxplot of relative PD-L1 expression in cancer cells from never-smoker and smoker LUADs; two-sided Wilcoxon signed-rank test.
Outliers less than Q1 — 1.5 IQR or greater than Q3 + 1.5 IQR were removed.

(E) Violin plots with included boxplot of relative CD47 expression in cancer cells from never-smoker and smoker LUADs; two-sided Wilcoxon signed-rank test.
(F) Multiplex IHC staining of PD-L1 and CD47 in LUAD tumor tissues from never-smokers and smokers. Nuclei with DAPI (blue), PanCK (green), PD-L1 (red), and
CDA47 (yellow). Scale bars, 50 um. At least three independent samples per tissue types.

(G) Dot plot of MHC class | gene expression in the four types of tissue samples (NNS/nS/tNS/tS).

Cell Reports Medicine 4, 101078, June 20, 2023 13



¢ CellPress

OPEN ACCESS

aggressiveness of smoker LUADs, while the immunosuppres-
sive environment exerts more effects on never-smokers’ aggres-
siveness. First, the AT2 signature, which is involved in repair
response to injury such as stimulation of cigarette smoke,*®
was much more downregulated in smoker LUADs than in
never-smoker ones (Figure 2C). Second, the upregulated genes
in tS were mainly involved in cell growth and migration (Fig-
ure S4D), contributing to tumor aggressiveness. Third, never-
smoker LUADs have a unique subpopulation of cancer cells
expressing high levels of MHC-II molecules (Figures 2K and
S4G-S84l), which participates in AP and activation of anti-tumor
immunity.*® These findings suggested that cancer cells from
smoker LUADs were more aggressive.

In never-smoker LUADs, a more immunosuppressive micro-
environment was revealed by our following findings. (1) More
significantly reduced and impaired GZMB CD8* T and NK cells
exist in tNS (Figures 1E, 5C, and 5E-5G). These two immune
cells in TME mainly exert cytotoxic effects through direct
killing of cancer cells as well as secreting effector cytokines
(TNF-a and IFN-y).*%°%°" (2) tNS had more TRM and MDM
(Figures 3F and 7B left), and TRM in tNS displayed stronger
M2 (Figures 4E and 4F) and anti-inflammatory phenotype
(Figures 4G and 4H). In addition, SPP1" MDMs, one subpopula-
tion of MDMs, also showed stronger pro-tumor property in tNS
(Figure 4K). M2-phenotype macrophages are widely acknowl-
edged as one of the central suppressive populations and
create tumor associated macrophage (TAM) within TME.* For
example, TAM exerts immunosuppressive roles by limiting the
activity of tumor-infiltrating lymphocytes (TILs).>® Depletion of
TAM in mice harboring mammary tumors resulted in more in-
flammatory chemokines, such as CCL2 and CXCL10, which
are likely to enhance the entry of T cells into the tumor and their
intratumoral migration.>® (3) tNS harbored more FABP4" pro and
SPP1" pro cells (Figures 3F and 7B, left), which can generate
more TRMs and MDMs, respectively (Figures 3l and S5A), lead-
ing to more immunosuppressive properties.

Clinically, a large proportion of lung cancer patients have
no benefits from anti-PD-L1 immunotherapy.®* Among them,
never-smoker LUAD patients are the representative ones with
poor response, which could be explained by our results
that tNS expressed lower PD-L1 and harbored lower TMB
(Figures 7C and 7D). Thus, researchers are trying to discover
other potential targets. In our LUAD cohort, we found much
higher expression of the immune checkpoint CD47 than PD-L1
on cancer cells (Figure 7B right). Moreover, the CD47’s ligand,
SIRPA, exhibited higher expression on four macrophage sub-
types (MDM, SPP1" pro, TRM, and FABP4" pro) (Figure 7B
right). Given that the interaction between CD47 on cancer cells
and its ligand SIRPa on the surface of macrophages within the
TME can make cancer cells release a "don’t-eat-me" signal, al-
lowing cancer cells to escape immune surveillance.®® Thus, our
results showed that targeting the CD47-SIRP« axis may trigger
macrophage-mediated elimination of cancer cells. Interestingly,
the clinical trials of anti-CD47 are ongoing in advanced solid tu-
mors, including lung cancer.”> More importantly, we further
found that cancer cells in never-smoker LUADs showed higher
CDA47 than smoker ones (Figure 7E), indicating that anti-CD47
immunotherapy may be a better strategy for never-smoker
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LUADs. Furthermore, we observed lower expression of MHC-I
molecules (HLA-A/B/C) in cancer cells of never-smoker LUADs
(Figure 7G), which can protect cancer cells from phagocytosis
by expressing B2-microglobulin.*® Collectively, anti-CD47
immunotherapy targeting the interaction between cancer cells
and macrophages might be a feasible treatment for never-
smoker LUADs.

In conclusion, cancer cells showed less aggressive roles while
the immune environment displayed more immunosuppressive
roles in never-smoker LUADs. Moreover, a subtype of macro-
phage called SPP1" pro was identified to be another indepen-
dent source of MDM within TME, which plays an immunosup-
pressive role. Importantly, targeting the CD47-SIRPA« immune
checkpoint axis may be a better immunotherapy strategy for
never-smoker LUADs. Therefore, this study improves our under-
standing of the tumorigenesis of never-smoker LUADs and pro-
vides a potential immunotherapy strategy.

Limitations of the study

In this study, we identified a population of macrophage with pro-
liferation property from our scRNA-seq data and named it SPP1"
pro, which was cross-validated by the single-cell transcriptome
analysis of four independent never-smoker LUADs. Unfortu-
nately, we failed to visualize these cells in patients’ samples us-
ing mIHC staining. This could be due to the small number of
SPP1" pro cells within the TME as well as the lower sensitivity
of antibodies. Therefore, mIHC staining with more sensitive anti-
bodies and a larger cohort of samples is needed to experimen-
tally confirm this finding. In addition, we revealed higher expres-
sion of CD47 in never-smoker LUADs by our scRNA-seq analysis
and mIHC staining, but it still needs further validation in an
expanded cohort of clinical specimens. Moreover, the function
and the immunotherapy potential of CD47 for never-smoker
LUADs should be extensively investigated in animal models in
future.
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Mouse monoclonal anti-CD68 BioLegend Cat# 916104; RRID: AB_2616797

Rat monoclonal anti-FOXP3

Mouse monoclonal anti-PanCK
Rabbit monoclonal anti-CD47
Rabbit recombinant anti-PD-L1
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Rabbit polyclonal anti-GPR116

Rabbit monoclonal anti-LPCAT1
Rabbit polyclonal anti-PABPC1
Rabbit polyclonal anti-MIF

Rabbit polyclonal anti-CD4
Mouse monoclonal anti-MHC Class I

Thermo Fisher Scientific

Abcam
Abcam
Abcam
Proteintech

ImmunoWay Biotechnology

Company
Abcam

Cell Signaling Technology

Atlas Antibodies

Abcam
Abcam

Cat# 14-4776-80;
RRID: AB_467553

Cat# ab7753; RRID: AB_306047
Cat# ab226837
Cat# ab213524; RRID: AB_2857903

Cat# 10315-1-AP;
RRID: AB_2087534

Cat# YT1960

Cat# ab214034
Cat# 4992; RRID: AB_10693595

Cat# HPA041219;
RRID: AB_10794268

Cat# ab133616; RRID: AB_2750883
Cat# ab55152; RRID: AB_944199

Biological samples

Lung cancer tissue and normal lung tissue

collection (n = 22)

West China Hospital,
Sichuan University

N/A

Chemicals, peptides, and recombinant proteins

Bovine Serum Albumin (BSA)
Collagenase |

Collagenase IV

DAPI (4’ ,6-diamidino-2-phenylindole)
Dimethyl Sulfoxide (DMSO)

Roche

Biosharp

Biosharp

Thermo Fisher Scientific
MP Biomedicals

Cat# 10711454001
BS163

BS165

R37606

Cat# 196055

Fetal Bovine Serum (FBS) Gibco Cat# 10099-141C
Formalin Fisher Scientific Cat# SF98-4
Hank’s Balanced Salt Solution (HBSS) Gibco Cat# 14175095
Phosphate Buffered Saline (PBS) Bio-Channel BC-BPBS-01
Parafin Sigma Aldrich P3683-1KG

Red blood lysis buffer Biosharp BL503A

Critical commercial assays

Chromium™ Single Cell 3' Library & Gel 10X Genomics PN-120237

Bead Kit v2

Chromium™ Single Cell A Chip Kit 10X Genomics PN-120236
Chromium™ Single Cell 3' Library & Gel 10X Genomics PN-1000075
Bead Kit v3

Chromium™ Single Cell B Chip Kit 10X Genomics PN-1000073
Chromium™ i7 Multiplex Kit 10X Genomics PN-120262

Dead Cell Removal Kit Miltenyi Biotec Cat# 130-090-101
DAB substrate kit Abcam Cat# ab64238
GeneReadTM DNA FFPE Kit QIAGEN Cat# 180134
NEBNext Ultra DNA Library Prep kit NEB E7370S
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KAPA library quantification universal kit Roche Cat# 07960140001

OncoScreen™ Plus Cancer Mutation Profiling Guangzhou Burning Rock LK103 (C)

Tissue Kit Biotech

Oncology Multi-Gene Variant Assay Geneplus Medical BE201911001
Laboratory

Qubit® dsDNA BR Assay Kit Invitrogen Q32850

Qubit® dsDNA HS Assay Kit Invitrogen Q32854

The Opal Polaris 7-Color Manual IHC Kit Perkin Elmer NEL861001KT

Deposited data

TCGA LUAD bulk RNA-seq
GSVA Hallmark gene sets

scRNA-seq data from Kim N et al.’®

The Cancer Genome
Atlas (TCGA)

The Molecular Signatures
Database (MsigDB)

Gene Expression
Omnibus (GEO)

https://portal.gdc.cancer.gov/projects/TCGA-LUAD

https://www.gsea-msigdb.org/gsea/msigdb/
collections.jsp#H

GSE131907

Software and algorithms

Burrows-Wheeler Aligner (BWA)
MuTect2 1.1.4

GATK 4.1.2.0
Cellranger 3.0

Seurat 4.0.0
SingleR

inferCNV

Monocle 2.0
GSVA 1.38.2

survival package
survminer package
CellphoneDB2
GraphPad Prism 8.0.2
IBM SPSS statistics 25

Li and Durbin, 2009°°
Benjamin et al., 2019°7

Benjamin et al., 2019°”
10x Genomics

Hao et al., 2021°°
Bioconductor

Bioconductor

Qiu et al., 2017°°
Bioconductor

R

R

Efremova et al., 2020°°
GraphPad Software Inc.
IBM

http://bio-bwa.sourceforge.net/

https://gatk.broadinstitute.org/hc/en-us/articles/
4414594392347-Mutect2

https://github.com/broadinstitute/gatk/releases

https://support.10xgenomics.com/single-cell-
gene-expression/software/downloads/latest

https://satijalab.org/seurat/

https://www.bioconductor.org/packages/release/
bioc/html/SingleR.html

http://www.bioconductor.org/packages/release/
bioc/html/infercnv.html

https://github.com/cole-trapnell-lab/monocle-release

https://www.bioconductor.org/packages/release/
bioc/html/GSVA.html

https://cran.r-project.org/web/packages/survival/
https://cran.r-project.org/web/packages/survminer/
https://www.cellphonedb.org/
http://www.graphpad.com/scientific-software/prism/
https://www-01.ibm.com/software/analytics/spss

RESOURCE AVAILABILITY

Lead contact

Further information and requests for reagents may be directed to and will be fulfilled by the lead contact Weimin Li (weimi003@scu.

edu.cn).

Materials availability

This study did not generate new unique reagents.

Data and code availability

® The data of this study has been submitted to the Genome Sequence Archive for human (GSA for human) database. The acces-
sion number for the single cell sequencing data and 1021-gene-panel targeted region sequencing data reported in this paper is
HRA002953, and the accession number for the single cell sequencing data used for verification in this study is HRA002992.
They are publicly accessible in https://ngdc.cncb.ac.cn/gsa-human/, and the download of these data requires Data Access

Committee (DAC) approval.

® This paper does not generate the original code.
@ Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

LUAD patient cohorts and biological samples

For the real-world analysis of never-smoker LUADs, patients with pathologically diagnosed primary LUAD in West China Hospital,
Sichuan University from January 2009 to December 2016 were enrolled. A total of 8,396 LUAD patients were divided into never-
smokers and smokers (Table S1). Smoking status were categorized into never-smokers (individuals smoke <100 cigarettes in their
lifetime) and smokers. We collected clinicopathological information of each patient, including age, gender, previous history of ma-
lignancy, family history of malignancy, tumor stage and treatment by retrospective review of the electronic medical record. We per-
formed a long-term follow-up of the patients for up to ten years. OS was defined as the time from the date of LUAD diagnosis to death
or the last follow-up. In addition, the primary tumor samples from pathology-confirmed LUAD patients between January 2016 and
December 2018 were examined by the 56-gene-panel TRS (Burning Rock Biotech, Guangzhou, China) (n = 600, including 375 never
smokers and 225 smokers) and by IHC staining with anti-PD-L1 antibody (SP142, Abcam, #ab228462) using the Ventana Benchmark
system (n = 3155, including 2101 never smokers and 1054 smokers). The tumor proportion score (TPS) of PD-L1 was defined as the
proportion of positive tumor cells of any intensity, which was categorized into three groups (<1%, 1-49% and > 50%). The study was
approved by the Institutional Review Board of West China Hospital of Sichuan University (2018.270 and 2019.638).

For scRNA-seq analysis, 22 patients, including 13 never-smokers and 9 smokers, were prospectively included in this study. These
patients received surgical resection without neoadjuvant therapy at West China Hospital from May 2018 to November 2020, and were
pathologically confirmed as LUAD. Tumor tissues with/without their matched distal normal lung tissues were collected during the
surgery and all subjects have provided their written informed consent. Distal normal lung tissues were obtained at the periphery re-
gion of the overall specimen/lobe. The histology of tumors was diagnosed according to the 2021 WHO Classification of Lung Tumors
by two experienced lung pathologists.®’ The normal lung tissues were also assessed and only those with no cancer cell infiltration
were included for scRNA-seq analysis. The detailed information of included patients and corresponding samples for scRNA-seq
analysis are shown in Table S3.

METHOD DETAILS

Tissue processing and preparation of single-cell suspensions

Immediately following collection, tumor tissues and distal normal lung tissues were immersed in Hank’s balanced salt solution
(HBSS, Gibco), and rapidly transported to laboratory at a low temperature. These samples were quickly divided into two pieces;
one-half was treated with enzymatic digestion and cell sorting for scRNA-seq, and the other was fixed in 10% neutral formalin so-
lution and paraffin-embedded for TRS, IHC and mIHC staining.

For preparing single cells, tissues were minced with scissors on ice and digested well with 1 mg/mL collagenase | (BS163, Bio-
sharp), 0.5 mg/mL collagenase IV (BS165, Biosharp) and HBSS. After 30 min of incubation at 37°C on a shaker, samples were filtered
using the 40pm strainers (Corning), centrifuged at 500 x g for 5 min at 4°C and then removed the supernatant. The remaining cell pellet
was treated with red blood lysis buffer (Biosharp) for 5 min to remove the red blood cells, followed by centrifugation once more for
5 min (500g, 4°C). After the removal of the supernatant, the samples were resuspended in the sorting buffer (0.04% BSA and PBS).
The dead cells were removed using Dead Cell Removal Kit (Miltenyi Biotec, Germany) according to the manufacture’s protocol. The
single-cell suspensions with a rate of cell viability greater than 80% were handled according to manufacturer’s instructions subse-
quently for scRNA-seq.

scRNA-seq library preparation and sequencing

The scRNA-seq libraries were prepared as per the manufacturer’s protocol, using the Chromium Single Cell 3’ Library, Gel Bead &
Multiplex Kit and Chip Kit version 2 (10x Genomics) for patients PO1-P12, and version 3 for patients P13-P22, respectively. The sin-
gle-cell suspensions were loaded on the Chromium Single Cell Controller Instrument (10x Genomics) to generate single cell gel
beads in emulsions (GEMs), aiming to capture a total of 8000-10000 cells per library. After the GEM generation, barcoded reverse
transcription of RNA, cDNA clean-up, amplification by PCR for the appropriate number of cycles and purification with SPRIselect, the
library was quantified using quantitative PCR (KAPA lllumina Quantification Kit) and quality controlled using LabChip GX Perkin-
Elmer. Sequencing was carried out on a local lllumina NovaSeq6000 platform in West China Hospital.

Targeted region sequencing and genomic data analysis

Except for one insufficient tumor tissue, the genomic DNAs were extracted using GeneReadTM DNA FFPE Kit (QIAGEN) from these
paraffin-embedded tumors and matched available normal lung tissues following the protocol of the manufacturer. The sequencing
libraries were synthesized using the NEBNext Ultra DNA Library Prep Kit (NEB, Ipswich, MA) according to the manufactory’s proto-
col. TRS was performed using a customized 1021-gene-panel kit on the Gene+Seq-2000 Sequencing Platform. Sequencing reads
were mapped to the human reference genome (hs37d5) using the Burrows-Wheeler Aligner (BWA).*® MuTect2 (version 1.1.4) and
GATK(4.1.2.0) were applied to call single nucleotide variants (SNVs) and somatic indels, respectively. Variants with less than five
high-quality supporting reads were removed. The called variants were annotated using ANNOVAR. The TMB was calculated based
on the somatic non-synonymous variants.
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Immunohistochemistry (IHC) staining and scoring

The 4-um-thick formalin-fixed and parrffin-embedded (FFPE) tissue sections were dewaxed, hydrated, heat-induced antigen
retrieved, and treated with 3% hydrogen peroxide for 15 min. Then, the sections were incubated overnight at 4°C with relevant pri-
mary antibody against CTSH (Proteintech, Cat#10315-1-AP), GPR116 (ImmunoWay Biotechnology Company, Cat#YT1961),
LPCAT1 (Abcam, Cat#ab214034), PABPC1 (Cell Signaling Technology, Cat#4992) and MIF (Atlas Antibodies, Cat# HPA041219),
respectively. After rinsed with distilled water, the sections were incubated with horseradish peroxidase-conjugated secondary anti-
body for 1 h and treated with diaminobenzidine (DAB) for color visualization. Finally, the sections were counterstained with hematox-
ylin, dehydrated, mounted and imaged using the AxioCamHR setup (Zeiss).

Semi-quantitative analysis was conducted using the immunoreactive score (IRS), which was calculated by multiplying the scores
of percentage of positive cells (0-4) and scores of staining intensity (0-3). The scores of percentage of positive cells were defined as
follows: 0, no positive cells; 1, <10% positive cells; 2, 10-50% positive cells; 3, 51-80% positive cells; and 4, >80% positive cells. The
scores of staining intensity were defined as follows: 0, negative staining; 1, weak staining; 2, moderate staining; and 3, strong stain-
ing. All samples were scored by three persons in a blinded fashion, and the mean score was confirmed as the final IRS of each
sample.

Multiplex immunohistochemistry (mIHC) staining

The 4 um FFPE tissue sections were deparaffinized in xylene, rehydrated with graded ethanol and antigen retrieved. The stainings
were performed using the Opal Polaris 7-Color Manual IHC Kit (Perkin Elmer) according to the manufacturer’s protocol. The Vectra
Polaris multispectral Imaging System version 2 (PerkinElmer Vectra®) was used to scan the sections. Representative images were
exported using QuPath software (version 0.3.2), and analyzed using inForm software (PerkinElmer). The antibodies used in these ex-
periments were: SFTPC (Millipore, Cat# AB3786), FABP4 (Abcam, Cat# ab92501), CD68 (BioLegend, Cat# 916104), FOXP3 (Thermo
Fisher Scientific, Cat# 14-4776-80) and PanCK (Abcam, Cat# ab7753), CD47 (Abcam, Cat# ab226837), PD-L1 (Abcam, Cat#
ab213524), CD4 (Abcam, Cat# ab133616) and MHC-II (Abcam, Cat# ab55152).

QUANTIFICATION AND STATISTICAL ANALYSIS

Analysis of the real-world clinical data

Data were analyzed by IBM SPSS statistics 25, and plotted by GraphPad prism 8.0.2. Continuous variables were shown as mean +
SD, and were analyzed using two-sided Wilcoxon Signed-Ranked test. Categorical variables were presented as frequencies and per-
centages, and were analyzed using Chi-square test for intergroup comparisons. The Kaplan-Meier survival curves were generated for
never-smoker and smoker LUAD patients. The Univariate and multivariate analyses were performed with the Cox proportional haz-
ards model to identify independent prognostic factors affecting OS of the LUAD patients. The p value <0.05 was considered to be
statistically significant.

Bioinformatics quality control and normalization of scRNA data

Cellranger version 3.0 (https://support.10xgenomics.com/single-cell-geneexpression/software/) was used to align FASTQ
sequencing reads to the hg38 reference transcriptome, generating single-cell feature counts for each sample. We applied following
quality measures on raw gene-cell-barcode matrix for each cell: gene count (ranging from 200 to 10,000), unique molecular identifiers
(UMI, > 300) and mitochondria gene (< 20%). In addition, we logarithmically quantified the complexity of cells according to the pro-
portion of the number of gene detected per unit UMI, and discarded cells with a complexity less than 0.8. At the same time, we also
filtered the genes expressed in less than 10 cells. For the remaining cells and genes, we defined relative expression by centering
using the Seurat ScaleData function. The relative expression levels across the remaining subset of cells and genes were used for
subsequent analysis.

Unsupervised dimensional reduction, clustering and cell annotation

Samples of patients P01-P12 were processed using V2 kits and samples of patients P13-P22 were processed using V3 kits. Hence,
we used Seurat (v4.0.0) (https://satijalab.org/seurat/) canonical correlation analysis (CCA) to remove the batch effect of different kits.
After data scale, we calculated principal components (PCs). We selected a subset of significant PCs using JackStraw and
PCEIBowPlot of Seurat and set different resolution values (0.4, 0.45, 0.5 ... 0.8) for each PC. FindClusters and RunUMAP functions
were used for cell clustering and UMAP visualization, respectively. We calculated the averaged Normalized Mutual Information (NMI)
for each combination of PC and resolution, and the combination with the highest averaged NMI was chosen for the following ana-
lyses. To identify differentially expressed genes for cluster demarcation, the FindAlIMarkers module was used, and genes expressed
in more than 25% of the cells in each cluster were selected. Differentially expressed genes from each cluster were compared with
sets of previously described cell-type markers to assign cell identities. The identities of cells in each cluster were determined by the
combined results of SingleR automatic annotation, the differentially expressed genes of each cluster and the expression of known
canonical marker genes listed in Table S5. The annotation results were checked manually and visualized by UMAP for the following
analysis.
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Tissue preference

We divided cells into four categories according to the origin of tissues: normal lung tissue from never-smoker (nNS), normal lung tis-
sue from smoker (nS), tumor tissue from never-smoker (tNS), tumor tissue from smoker (tS). Firstly, we calculated proportion of each
cell type in different tissues. We included 10 never smokers and 7 smokers with both tumor tissue and adjacent normal tissue, and
calculated the o/e value of each cell type by Chi-square test. If the observed proportion of a cell type in a tissue type is much larger
than the expression, it indicates that the cell type is enriched in the tissue type; otherwise, it indicates that the cell type is absent in the
tissue type. We then performed a paired Wilcoxon test based on the o/e values of each cell type to see if a cell type differed signif-
icantly across tissue types.

Inference of CNV from scRNA-seq data

To exclude non-malignant tumor cells that may be contained in tumor tissues, we inferred the abnormality of copy number variations
(CNVs) from the perturbation of chromosome gene expression. With the epithelial cells of adjacent normal tissues as the reference
and the gene expression count matrix as input, the CNVs distribution was detected by inferCNV (https://github.com/broadinstitute/
inferCNV). Genes with a mean count number of 0.1 or less across cells were excluded. We set the parameter cluster_by_groups False
on account of obvious heterogeneity among the cancer cells from different samples, while the cells in cluster gathered with almost all
samples were considered as non-malignant cells. In addition, the parameter denoise was set as TRUE in order to judge CNV more
intuitively. The result of inferCNV was eventually visualized by heatmap.

Inference of the unsupervised trajectory

We first extracted the selected populations from the scRNA-seq data. Then we employed the Monocle (version 2)°° algorithm using
high variable genes selected by the Seurat FindVariableFeature function as the input to determine the differential states between the
selected populations. Using Monocle default parameters, a spanning tree was constructed by DDRTree algorithm for dimensionality
reduction and cell ordering, so as to infer cell trajectories.

)59

Marker gene selection specific to cancer cells

To identify specific genes for cancer cells of never-smoker or smoker LUADs, we used tNS/tS cancer cells to identify differentially
expressed genes. We used the Seurat FindMarkers function to calculate the log2 fold change (log2FC) between the two groups
(tNS cancer cells vs. Other Epithelial cells and tS cancer cells vs. Other Epithelial cells). The significance of the differences was deter-
mined using Wilcoxon test with Bonferroni correction. Genes were selected as signature genes according to the statistical thresh-
olds: avg_log2FC > 1, p value <0.01, adjust p value (Bonferroni) < 0.01 and expressed more than 25% in either of the two cell groups.
Specific genes were eventually visualized by heatmap.

Identification of signature genes

For comparisons between two selected specific groups (two mixed populations of macrophages estimated by the trajectory analysis,
tumor cells vs. normal cells of GZMB CD8" T lymphocytes in never-smokers or smokers) we calculated the log2 fold change (log2FC)
between the selected two groups using the Seurat FindMarkers function. The significance of the differences was determined using
Wilcoxon test with Bonferroni correction. Genes were selected as signature genes according to the statistical thresholds: average
log2 fold change (avg_log2FC) > 1, p value <0.01, adjust p value (Bonferroni) < 0.01 and expressed more than 25% in either of
the two cell groups. Differential genes were eventually visualized by volcano maps.

Signature scoring

Marker genes associated with specific signatures, including AT2, M1/M2, anti-inflammatory, and antigen presentation (Table S7)
were curated form literature. The normalized weighted mean expression of those genes was calculated by Seurat’s
AddModuleScore.

Gene set variation analysis (GSVA)

Pathway analyses were predominantly performed on the 50 hallmark pathways described in the molecular signature database
(MSigDB).%? Pathway activity estimates were obtained using the GSVA package (version 1.38.2). The GSVA algorithm obtains the
pathway enrichment score matrix by the given gene expression matrix and the marker gene set downloaded from MSigDB
(H.all.v7.2). Then we used the ImFit analysis of the limma package to obtain the different pathways. p value was calculated by the
limma package and FDR was also provided.

Survival analysis

RNA-seq and clinical data of LUAD samples were obtained from TCGA to evaluate the prognostic effects of gene sets derived from
specific cell states. The RNA-seq data of 494 LUAD tumors were divided into two groups according to the mean expression of
the target genes. Survival curves were fitted using the Kaplan—Meier formula in the R package ‘survival’, and visualized using the
ggsurvplot function of the R package ‘survminer’.
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Cell-cell interaction analysis

We mapped the receptor-ligand pairs using CellphoneDB2 (www.cellhonedb.org)®® onto our cell subsets to identify cell-cell interac-
tions. This method infers the potential interaction strength between two cell subsets based on gene expression level, and provides
the significance through permutation test (1000 times). For the following analysis, we selected the interaction relationship of p < 0.05
returned by CellPhoneDB, and removed the interaction pairs with collagens.
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Figure S1. Clinicopathological features and prognostic differences between never-smoker and smoker LUADs

from West China Hospital, Sichuan University, related to Figure 1.

A, The epidemiological changes of never-smoker and smoker LUADs from 2009 to 2016. B, The proportion of
female in never-smoker and smoker groups, Chi-square test. C, The mean age (with SD) at diagnosis of never-
smoker and smoker lung cancer patients, two-sided Wilcoxon Signed-Ranked test. D, The Kaplan-Meier survival
curves of never-smoker and smoker patients. E, The proportion of LUAD patients harboring EGFR or KRAS driver
mutations in never-smoker and smoker groups, Chi-square test. F, The proportion of patients with different PD-L1

expression, Chi-square test (tumor proportion score [TPS]: < 1%, 1-49%, and > 50%).
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Figure S2. Eight cell types identified in this study, related to Figure 1.

A, Feature plots depicting single cell gene expression of canonical marker genes in eight types of cells. Blue color:
high expression. B and C, The UMAP view of 165,753 cells, colored by 22 patients (B) and the number of
transcripts (C). The epithelial cells were circled with red dotted lines. D and E, The number and its proportion of

different type of cells in the four tissue groups (D) and in different tissues from each patient (E).



¢? CellPress

A : B AT1 AT2
(< g RTKN2 AGER SFTPD SFTPC SFTPA1 NAPSA
; 7 f ¢ f
: e o ' o Qra Qe
AL gl g

Club Ciliated
SCGB3A1 SCGB1A1 TPPP3 FOXJ1 CAPS C9orf24
H : i E]
™ & Qe g o
) i g& : h
; 25 o o g
Basal
S100A2 KRT17 KRT15
® AT1 ® Basal @ Club Do g 2 &, a
UMAP_1 @ AT2 ® Ciliated © Undeiined e . 6.5
s ' B ¢ @ ta
C Distribution of Expression = - 333 5 | = .
: = B
8 - = == B g = 8
* © ~
‘:::‘,\u—’ g = - g S »
85 el - : AT PR S
0 2 = E [
) g
: ; &

07 09111 13
Modified Expression

O non-malignant cell
@ cancer cell

-

WA

""v

Observations (Cells)

L
(N
-

| 11 | | | | i
1 12 1314 15 16 18 192021

-

|
10
Genomic Region

chromosome

O PO2T O PO4T @ POST @ PO7T B PO9T @ P1M1T O P13T O P15T @ P17T @ P19T O P21T
0O PO3T O POIT @ POBT @ POST O P10T O P12T O P14T O P16T @ P18T O P20T O P22T

D E .
,- H
N Patient i
: © P02 Patient
PO1
® P06 © P02 ® P12
P07 P03 ® P13
® P08 © P04 P14
P g?g P01 ® P15
° P11 P05 © P16
® P12 ® P06 @ P17
® P13 P07 © P18
® P15 ® P08 = P19
. 319 ® P09 ® P20
P16 ® P10 © P21
e P20 e P11 P22
P21
P22

UMAP_2
UMAP_2

UMAP_1



¢? CellPress

Figure S3. Subtypes of epithelial cells identified in this study, related to Figure 2.

A, UMAP view of epithelial cells from normal lung tissues, colored by six subtypes. B, Feature plots colored by
expression (blue color: high expression) of canonical marker genes in epithelial cell subsets. C, Heatmap showing
inferred copy-number variations (CNVs) profiles based on the scRNA-seq data of tumor cells from each patient,
distinguishing cancer cells from non-malignant cells. Red, gene amplifications; blue, gene deletions. D, UMAP view
of epithelial cells from normal lung tissues, colored by 22 LUAD patients. E, UMAP view of all epithelial cells

from normal lung tissues and tumor tissues, colored by each patient.
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Figure S4. Significance of tNS/tS signatures in cancer cells, related to Figure 2.

A, Boxplots showing the expression levels of AT2 signature in the four tissue types of GSE131907, ***p < 0.001,
two-sided Wilcoxon Signed-Ranked test. B, Kaplan-Meier curves for the overall survival of TCGA-LUAD patients
(n = 453), which were divided into two groups according to the mean expression of AT2 signature. +: censored
observations, p-value was calculated using the two-sided log-rank test. C, Heatmap showing the expression levels of
tS signature and tNS signature in each patient. D, Gene Ontology [GO] enrichment of tNS and tS signatures. E,
Proportion of cancer cells from smoking status (left) and different patients (right) in each cluster sorted by number
of cells. F, GO enrichment of C9 up-gregulated genes identified by Seurat FindMarker function. G and H, Boxplots
showing the expression levels of MHC-II signature in cancer cells from never-smokers and smokers of our dataset
(G) and GSE131907 (H). I, Multiplex immunohistochemistry (mIHC) staining of PanCK, MHC-II and CD4 in
LUAD tumor tissues from never-smokers and smokers. Nuclei (blue), PanCK (green), MHC-II (red), and CD4

(yellow). Scale bars, 50 um. At least three independent samples per tissue types.
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Figure SS. Subsets of myeloid cells identified in this study, related to Figure 3.

A, UMAP view of 47,580 myeloid cells, colored by clusters, cells in cluster 9 (Mixed mac) were circled. B, UMAP
view of different myeloid cells by tissue types. C, Feature plots colored by expression (blue: high expression) of
canonical marker genes in myeloid cell subsets. D and E, The number and its proportion of different myeloid cell

subsets in four tissues (D) and in different tissue from each patient (E).
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Figure S6. Characteristics of SPP1" pro cells identified in this study, related to Figure 3.

A, Expression level of FABP4 (top) and SPPI (bottom) in TRM, MDM and FABP4" pro and SPP1" pro. B,
Heatmap of differentially expressed genes arranged in pseudo-temporal patterns. C, Relative expression of different
marker genes. D, UMAP view of cells from other independent LUADs, colored by different cell subtypes. E,
Proportion of different cell subsets in each tissue type from independent validation datasets. F, Relative proportions
of cell types in different tissue types. G, Dot plot of mean expression of selected marker genes in four populations of

macrophages from independent validation dataset.
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Figure S7. Subsets of T/NK cells identified in this study, related to Figure 6.

A, UMAP view of 80,194 T/NK cells, colored by different clusters. B, Feature plots colored by expression (blue:
high expression) of canonical marker genes in T/NK cell subsets. C, The number and its proportion of major T/NK
cell subsets across each tissue type. D, Cell number and proportion of major T/NK cell subsets in different tissue
from each patient. E, Heatmap of highly expressed genes in CD16" NK and CD16° NK, respectively. F, Proportion
of CD16" NK and CD16° NK in T/NK cells in four types of tissues. Asterisks represent the significance of
differences in the following comparisons: all tumor tissues vs. all normal lung tissues (brown), nS vs. nNS (black),
tS vs. tNS (red), tNS vs. nNS and tS vs. nS (green). G, Dot plot of mean expression of cytotoxicity related genes

across four tissue types.
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