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Tumors are characterized by extensive heterogeneity, but so far 
efforts in understanding this heterogeneity were largely lim-
ited to cancer cells1. These revealed a remarkably complex and 

diverse portrait of cancer cells, with evidence for genetic diversifi-
cation and clonal selection. However, the stromal cells associated 
with tumors, and the complex cellular ecosystem they build to form 
the TME, may themselves be as complex and heterogeneous as the 
cancer cell compartment2,3. Particularly, an increasing number of 
studies suggest that stromal cells, such as macrophages, T cells and 
fibroblasts, are highly heterogeneous4–7. The extent of this hetero-
geneity, how it is shaped by other cells in the tumor and vice versa 
also directly affects them, remains however poorly characterized, 
in part because of a historical lack of methods to study these cells 
in isolation.

Notwithstanding these open questions, the TME is increasingly 
recognized as a cancer therapy target. Non-small-cell lung cancer 
(NSCLC) above all seems to benefit from such novel treatments. 
For instance, antibodies targeting the programmed cell death-1 
receptor (PD-1) or ligand (PD-L1) activate antitumoral responses 
of cytotoxic T cells. In advanced NSCLC patients, these treatments 
demonstrated response rates up to 45%, with some responses being 
remarkably durable8,9. Likewise, the triple angiokinase inhibi-
tor nintedanib, when added to docetaxel, significantly extends 
median overall survival in previously-treated NSCLC patients10. 

Intriguingly, despite the paramount therapeutic importance, the in 
situ phenotype of stromal cells targeted remains elusive.

The advent of single-cell RNA-sequencing (scRNA-seq) enables 
specific profiling of cell populations at the single-cell level. While 
conventional ‘bulk’ RNA-sequencing (RNA-seq) methods process 
millions of cells, averaging out underlying differences, scRNA-seq 
can reveal changes that render each individual cell type unique. 
Moreover, advances in microfluidics enable simultaneous profil-
ing of thousands of cells from a biopsy sample11. This allows unbi-
ased assessment of many heterogeneous stromal and cancer cells at 
the single-cell level, hence revealing complexities of the molecular 
components and differences with counterparts residing in non-
malignant tissue. Previous scRNA-seq studies on glioblastoma1, 
melanoma12 and oligodendroglioma12 focused largely on cancer 
cells, analyzing few stromal cells from tumors, and not from match-
ing non-malignant tissue. By analyzing cells from tumors and 
matching non-malignant tissue at a much higher scale, we uncover 
stromal cell heterogeneity and adaptation to the tumor.

Results
scRNA-seq and cell typing of non-malignant lungs and lung 
tumors. Five patients with untreated, non-metastatic NSCLC of 
the squamous cell (lung squamous carcinoma (LUSC)) or adeno-
carcinoma subtype (lung adenocarcinoma (LUAD)) underwent 
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lung lobe resection with curative intent. All patients were former 
smokers and some had mild chronic obstructive pulmonary disease 
(COPD) (Fig. 1a, Supplementary Table 1). Following resection, one 
non-malignant lung tissue sample from a distal region within the 
same lobe and three tumor tissue samples were obtained, rapidly 
digested to a single-cell suspension and analyzed using scRNA-seq 
involving a single-tube protocol with unique transcript counting 
through barcoding with unique molecular identifiers (UMIs) (see 
Methods). After quality filtering (see Methods), ~0.2 billion unique 
transcripts were obtained from 52,698 cells in which over 100 genes 
could be detected as expressed. Of these, 39,323 cells (75%) origi-
nated from lung tumors and 13,375 from non-malignant lungs  
(Fig. 1a,b, Supplementary Table 2). Following gene expression nor-
malization for read depth and mitochondrial read count, we applied 
principle component analysis on genes variably expressed across 
all 52,698 cells (n =  2,192 genes). Subsequently, we classified cells 
into groups of cell types using graph-based clustering on the infor-
mative principle components (n =  8). This identified cell clusters 
that, through marker genes, could be readily assigned to known 
cell lineages: in addition to cancer cells, we identified immune cells 
(myeloid, T and B cells), fibroblasts, endothelial cells, alveolar cells 
and epithelial cells (Fig. 1c; Supplementary Fig. 1). These differed 
considerably in transcriptional activity, as we detected on average 
1,678 transcripts (764 genes) per T cell and 6,746 transcripts (1,828 
genes) per cancer cell (Fig. 1d; Supplementary Table 3).

To corroborate these profiles, we in parallel also performed 
bulk RNA-seq of a tumor and non-malignant sample. Notably, no 
pronounced effects of cell dissociation on gene expression13 were 
noted and bulk transcript counts correlated well with scRNA-seq 
data (r =  0.71; Supplementary Fig. 2a,b). Ontology analysis of dif-
ferentially expressed gene sets revealed that they were enriched 
(immune-related processes) or depleted (epithelium, extracellular 
matrix) in the scRNA-seq data (Supplementary Fig. 2c). Cell clus-
ter marker gene expression was also dissimilar (Supplementary 
Fig. 2b). These differences may reflect well-known disparities in 
dissociation efficiency of different cell types following tissue dis-
aggregation14, with fibroblasts and endothelial cells being more 
embedded in extracellular matrix and basement membrane than 
immune cells, and hence more difficult to dissociate. To estimate 
relative contributions of each cell cluster to bulk RNA expression, 
we applied quadratic programming, which confirmed enrichment 
of alveolar cells and lymphocytes (B and T cells) and a paucity of 
fibroblasts and endothelial cells in the tumor and non-malignant 
sample (Supplementary Fig. 2d,e). Hence, while scRNA-seq faith-
fully reproduces bulk expression profiles, differences in single-cell 
dissociation efficiency influence recovery of individual cell types.

To identify subclusters within each of these eight major cell types, 
we performed principle component analysis within each cell type 
(see Methods). For this analysis, we validated clustering robustness 
by varying parameter settings, including resolution, k-means and 
number of informative principle components, and selected the 
most robust method amongst five clustering methods (Seurat11; 
Supplementary Fig. 3). Notably, as very few cells were positive for 
cell proliferation markers, we opted not to correct for cell cycle 
(Supplementary Fig. 4). Overall, this analysis revealed the presence 
of a complex cellular ecosystem, containing 52 different stromal cell 
subclusters and 12 cancer cell subclusters (Fig. 1d). Importantly, 
when comparing between patients, cancer cell subclusters were 
highly patient-specific (Fig. 1d), consistent with somatic mutations 
being tumor- or patient-specific. In contrast, stromal cell subclus-
ters mostly consisted of cells from three or more patients. A valida-
tion cohort of a further 40,250 single cells from 3 additional NSCLC 
patients (Supplementary Table 1) revealed that stromal cells could 
be assigned to 45 of 52 subclusters, representing 86% of stromal cells 
in the original set of 5 patients (Supplementary Fig. 5). Moreover, 
we recovered > 10 cells from both LUSC and LUAD tumors for 46 of 

52 subclusters. Together, this argues against strong interindividual 
variation of stromal cells and suggests that these 52 cell subtypes 
cover most of the cellular heterogeneity in the lung TME. Strikingly, 
when comparing tumors and matching non-malignant lungs, many 
stromal cell subclusters were enriched for either tumor-derived 
or lung tissue-derived cells (Fig. 1d; Supplementary Fig. 6). Such 
enrichment was replicated in the additional three NSCLC patients 
(r =  0.77, P < 10-5; Supplementary Fig. 5). We therefore explored 
these changes in greater detail for the main stromal cell types.

Tumor endothelial cells downregulate immune attraction path-
ways. We detected 1,592 endothelial cells. As expected given the 
hypervascular nature of lungs, endothelial cells were less abundant 
in the tumor15. Reclustering these 1,592 endothelial cells revealed 6 
clusters (Fig. 2a). We next attempted to identify marker genes for 
each of these clusters and to assign them to known endothelial cell 
types (Supplementary Table 3). This revealed one set of 85 lym-
phatic endothelial cells found in tumor and non-malignant samples 
(cluster 6; marker genes PDPN and PROX1), and 5 sets of blood 
endothelial cells (FLT1+; Fig. 2b): two were mostly tumor-derived 
(clusters 3 and 4; IGFBP3+and SPRY1+) and two others were 
mostly non-malignant lung-derived (clusters 1 and 5; MT2A+ and 
EDNRB+) (Fig. 2a,b; Supplementary Fig. 6). The remaining cluster 
contained lower quality endothelial cells and was disregarded for 
further analyses, although biological functions cannot formally be 
excluded (cluster 2; no marker genes). A similar enrichment was 
observed in 40,250 cells from 3 additional patients (Supplementary 
Fig. 5). Likewise, when assessing expression of marker genes in 
bulk RNA-seq from 108 non-malignant lungs, 501 LUSC or 513 
LUAD tumors cataloged in The Cancer Genome Atlas (TCGA), 
marker genes for normal and tumor endothelial cells, were enriched 
in non-malignant lungs and lung tumor, respectively (Fig. 2c). 
Immunofluorescence analysis of independent lung tumors and 
non-malignant samples for ACKR1 and EDNRB, markers of cluster 
3 and 5, respectively, confirmed presence of these cells as separate 
cellular entities, respectively enriched in tumor and non-malignant 
tissue (Supplementary Fig. 7).

Analysis of hallmark pathway gene signatures16 highlighted 
that, while the two tumor endothelial cell clusters showed some 
differences (Supplementary Fig. 8a), most changes were between 
non-malignant lung and tumor-derived endothelial cells. A direct 
comparison of tumor versus normal endothelial cells revealed Myc 
targets as the top enriched signature in tumor endothelial cells  
(Fig. 2d). Remarkably, total read counts in tumor endothelial cell 
clusters were two- to fourfold higher than in normal endothelial cell 
clusters. This was not due to PCR bias artefacts or altered expres-
sion of RNA-degradation enzymes (Supplementary Fig. 9), suggest-
ing that tumor endothelial cells have a higher RNA content due to 
increased rates of transcription (Fig. 2e). Because Myc can almost 
universally upregulate transcription17, this suggests Myc to underlie 
this effect, identifying a potential vulnerability of tumor endothelial 
cells to Myc inhibition. Indeed, earlier studies indicated that c-Myc 
is essential for tumor angiogenesis18. Metabolic pathway analysis 
further supported this increased requirement for transcription, as 
the most significantly increased pathway was involved in nucleotide 
metabolism (purine and pyrimidine biosynthesis; Supplementary 
Fig. 8b–d). Other metabolic pathways affected include those involved 
in oxidative phosphorylation and glycolysis, which are instrumental 
for angiogenesis19–21. Therapeutically inhibiting glycolysis in endo-
thelial cells moreover normalizes tumor angiogenesis in mice19.

Surprisingly, the most significantly downregulated pathway 
was involved in inflammatory responses. A more detailed analysis 
revealed downregulation of genes involved in immune activation 
and immune cell homing (Fig. 2f). Importantly, the endothelium 
represents the primary interface between circulating immune cells 
and the tumor, and plays important roles in relaying signals and 
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presenting epitopes from the tissues it vascularizes to the immune 
system22. Gene classes downregulated included those involved in 
antigen presentation (major histocompatibility complex class I 
and II), chemotaxis (CCL2, CCL18, IL6) and immune cell homing 
(ICAM1) (Fig. 2f). Together, this indicates that tumor endothe-
lial cells are remodeled to downregulate their antigen presentation 
and immune cell homing activities, thus contributing to tumor 
immunotolerance. These data extend recent findings demonstrat-
ing synergistic effects of tumor vessel normalization and check-
point immunotherapy23.

Finally, to assess which transcription factors underlie differ-
ences in expression between tumor and normal endothelial cells, we 
applied Single-Cell Regulatory Network Inference And Clustering 
(SCENIC)24. SCENIC scans differentially expressed genes for over-
represented transcription factor binding sites, and analyses coex-
pression of transcription factors and their putative target genes. 
This identified MLX and MAF as candidate transcription factors 
underlying gene expression differences in lymphatic endothelial 
cells, whereas downregulation of Fos/Jun and ELF3, and upregu-
lation of FLI1 and TEAD1, seemed responsible for tumor-specific 
endothelial cell phenotypes (Fig. 2g,h). Interestingly, Fos/Jun are 
linked to ICAM1 expression in endothelial cells25, and also other 
genes involved in immune activation show putative Fos/Jun bind-
ing sites, indicating Fos/Jun loss to underlie the reduced immune 
stimulatory phenotype of tumor endothelial cells.

Lung tumors harbor five distinct types of fibroblasts. Fibroblasts 
have long been suggested to represent a heterogeneous population 
but the extent of heterogeneity has hitherto remained unexplored, 
as fibroblast phenotypes are considered highly context-dependent 
and unstable in culture26. In our samples, 1,465 fibroblasts were 
detected. Subclustering revealed seven distinct subtypes. While 
fibroblasts were overall only modestly enriched in tumors, cluster 
1 was strongly enriched in tumors and cluster 6 was enriched in 
non-malignant samples. Most clusters were found in three or more 
patients (Fig. 1d; Fig. 3a,b), and all but one (cluster 7) were pres-
ent in three additional NSCLC patients (Supplementary Fig. 5). 
Enrichment of these clusters in tumor and non-malignant lung was 
confirmed in these three patients and in bulk RNA-seq from TCGA 
(Fig. 3c). Immunofluorescence analysis of independent lung tumors 
and non-malignant lungs for COX4I2 and FIGF, markers of clusters 
2 and 6, moreover confirmed presence of these clusters as separate 
cellular entities (Supplementary Fig. 10).

Remarkably, each of these fibroblast types expresses a unique 
repertoire of collagens and other extracellular matrix molecules, 
with for example cluster 1 expressing COL10A1 and cluster 2 
expressing COL4A1 (Fig. 3c). In contrast to tumor-derived fibro-
blasts, non-malignant fibroblasts (cluster 6) express high elastin 
levels and low levels of some collagens (collagens type I, III, V and 
VIII) but not others (for example, collagen type VI) (Fig. 3d). As 
different collagens have different roles in the extracellular matrix, 
this suggests functional specialization of fibroblast clusters27. To 
characterize their functions in greater detail, we compared pathway 
activities and observed significant phenotypic diversity (Fig. 3e). 
ACTA2, a myofibroblast marker26, showed highest expression in 
cluster 2. This cluster also displayed high expression of other genes 
involved in myogenesis (for example, MEF2C, MYH11 or ITGA7), 
the NOTCH pathway and angiogenesis, suggesting these cells are 
strongly activated. Notably, pericytes coclustered with cluster 2, as 
a subset expresses RGS5, a pericyte marker26. Although clusters 5 
and 7 were highly similar, with lower myogenesis and high mTOR 
signature expression, they differed in expression of glycolysis genes, 
indicating metabolic differences. Also, clusters 1 and 4 were similar, 
but cluster 1 showed a strong epithelial-mesenchymal transition sig-
nal in line with expression of an extensive repertoire of extracellular 
matrix proteins and TGF-β -associated genes.

When contrasting SCENIC in cells from one fibroblast clus-
ter versus all other fibroblasts, genes regulated by MEF2C and 
ELK3 were highly upregulated in cluster 2, while genes regulated 
by FOXO1 and MSC were downregulated (Fig. 3f). With MEF2C 
being a known myogenic transcription factor28 and MSC a myo-
genic inhibitor29, these analyses identify plausible candidates for 
the prominent cluster 2 myogenesis phenotype (Fig. 3g). Likewise, 
in cluster 1, genes regulated by HOXB2 and FOXO1 were highly 
upregulated. Genes encoding extracellular matrix proteins such as 
COL1A1, COL3A1 and COL6A1 have a particularly high number 
of putative HOXB2 and FOXO1 binding sites near their promoter; 
these transcription factors are likely to underlie the extracellular 
matrix phenotype of cluster 1 fibroblasts (Fig. 3g).

B cells are strongly enriched in the tumor. We detected 4,806 
B lymphocyte cells and 797 other cells that cluster near B cells 
(Supplementary Fig. 11). B cells represent the most tumor-enriched 
stromal cell type (Fig. 1d; Supplementary Fig. 6). Clustering revealed 
nine clusters. Of these, six were particularly tumor-enriched: fol-
licular B cells expressing high levels of CD20 (MS4A1), CXCR4 and 
HLA-DRs (clusters 1 and 2), plasma B cells expressing immunoglob-
ulin gamma (clusters 3 and 6) and mucosa-associated lymphoid tis-
sue-derived (MALT) B cells expressing immunoglobulins A and M 
and JCHAIN (clusters 5 and 7) (Fig. 4a–c; Supplementary Table 3).  
While plasma B cells do not express cell proliferation markers 
(Supplementary Fig. 4), we cannot exclude that some are plasma-
blasts. Pathway analyses failed to identify differences between non-
malignant lung-derived and tumor-derived plasma or MALT B 
cells, although the low number of cells isolated from non-malignant 
lung may affect the power to identify changes. We did identify dif-
ferences in follicular B cells, revealing tumor-associated decreases 
in oxidative phosphorylation, cell proliferation and biomass pro-
duction (that is, pathways associated with Myc, mTOR and protein 
secretion) (Fig. 4d). In line with this, transcript numbers were 37.9% 
lower in tumor-associated versus non-malignant lung-associated 
follicular B cells (Supplementary Fig. 9). Together, these data sug-
gest that follicular B cells become exhausted in the tumor.

Other cells that coclustered with B cells correspond to immune 
cells outside of the B-cell lineage (Supplementary Fig. 11): mast 
cells (cluster 4; positive for tryptases, KIT and MS4A2), plasmacy-
toid dendritic cells (cluster 8; LILRB4+) and erythroblasts (clus-
ter 9; HBB+, ALAS2+ and SNCA+). These were not particularly 
tumor-enriched (Fig. 4a–c, Supplementary Fig. 6). They moreover 
failed to show separation between tumor and non-malignant lungs 
on t-distributed stochastic neighbor embedding (tSNE), indicating 
that they are not strongly shaped by the tumor (Fig. 4a). Pathway 
analyses similarly failed to identify strong differences.

Macrophages show rheostatic phenotypes and become M2 pola-
rised in tumors. The 9,756 myeloid cells clustered in 12 separate 
subsets (Fig. 4e). One cluster corresponds to granulocytes (cluster 
7; S100A12+) and three clusters to dendritic cells: Langerhans cells 
(cluster 5; CD207+), monocyte-derived dendritic cells (cluster 9; 
FCGR3A+, CYTIP+) and cross-presenting dendritic cells (cluster 
12; CLEC9A+ and XCR1+) (Supplementary Fig. 12). These cell 
types were typically less abundant in tumor than non-malignant tis-
sue, apart from the Langerhans cells which were detected at similar 
numbers (Supplementary Fig. 6). The eight other clusters consisted 
of CD163+  and CD68+  macrophages and were also less abundant 
in tumor (Fig. 4f; Supplementary Fig. 6) and displayed extensive 
heterogeneity driven by both patient and tissue specificity: five clus-
ters were either tumor- or non-malignant lung-derived for > 85% 
of cells, while four clusters were > 85% derived from one patient 
(Fig. 1d). Enrichment of these clusters in non-malignant lung or 
tumor was confirmed by a recent study of the lung tumor immune 
landscape7, in 40,250 additional cells profiled by scRNA-seq 
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Fig. 3 | Fibroblast clusters in lungs and lung tumors. a, tSNE plot of 1,465 fibroblasts, color-coded by their associated cluster (top) or the sample type 
of origin (bottom). Note that cluster 3 consists mainly of lower quality cells, and is discarded here from further analyses. b, tSNE plot color-coded 
for expression (gray to red) of marker genes for the clusters as indicated. c, Average expression of marker genes for fibroblasts from each cluster 
(Supplementary Table 3) in TCGA samples from lung (n =  108), LUSC (n =  501) or LUAD (n =  513). Expression of each gene is normalized to its average 
expression in non-malignant lung samples. Box plot center, box and whiskers correspond to median, IQR and 1.5 ×  IQR, respectively. Data were analyzed 
using one-way ANOVA with Tukey’s multiple-comparisons test. d, Violin plots showing the smoothened expression distribution of selected genes 
encoding collagens in the fibroblast clusters (n =  315, 266, 219, 195, 175 and 155 fibroblasts for clusters 1, 2, 4, 5, 6 and 7, respectively). e, Differences 
in pathway activities scored per cell by GSVA between the different fibroblast clusters. Shown are t values from a linear model, corrected for patient of 
origin. f, Heatmap of the t values of AUC scores of expression regulation by transcription factors, as estimated using SCENIC, per fibroblast cluster. Shown 
are t values from a linear model for difference between cells from one cluster and cells from all other clusters, corrected for patient of origin, and this for 
all transcription factors having at least one t value exceeding 6. g, tSNE plots of fibroblasts, color-coded for (left) the expression of HOXB2 and MEF2C 
(top and bottom, respectively), for the AUC of the estimated regulon activity of these transcription factors (middle) and for the GSVA estimates of the 
indicated pathways (right).
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(Supplementary Fig. 5) and bulk RNA-seq from TCGA (Fig. 4g). 
Despite this diverseness, tSNE plots showed a rather poor separa-
tion of clusters, suggesting that they represent diverse cell states on a 
graded scale rather than separate entities, in line with the spectrum 
model of macrophage activity30. Accordingly, marker gene analysis 
for clusters 1, 2 and 3 failed to identify specifically expressed genes 
(Supplementary Table 3).

Strikingly, tSNE plotting revealed a dichotomy between tumor- 
and non-malignant lung-derived macrophages (Fig. 4e), in line with 
a recent report characterizing macrophages from a single patient7. 
When contrasting pathway expression levels in both subsets  
(Fig. 4h), we noticed a strong reduction of inflammatory response, 
TNF-α -induced proliferation and reactive oxygen species produc-
ing pathways in tumor-derived macrophages, which are hallmarks 
of the M2-like, pro-tumoral subtype of macrophages described in 
murine cancer models31. SCENIC revealed that genes regulated 
by the IRF2, IRF7, IRF9 and STAT2 transcription factors were 
upregulated in a subset of tumor-associated macrophages, whereas 
genes decreased in expression were regulated by Fos/Jun and IRF8  
(Fig. 4i,j). Notably, IRF2 has immunosuppressive roles in macro-
phages, while Fos/Jun can enhance inflammatory responses of mac-
rophages and IRF8 favors M1 polarization (Fig. 4j)32,33. These data 
support M2 polarization of tumor macrophages in human tumors 
and identify compelling candidate transcription factors underlying 
these changes in NSCLC.

Tumor T-cell transcriptomes suggest novel immunotherapy tar-
gets. With 24,911 cells detected, T cells represent the most prevalent 
cell type. Reclustering revealed nine clusters, which were designated 
as regulatory T cells (FOXP3+, cluster 7), natural killer and natural 
killer T cells (FGFBP2+, cluster 6), CD8+  T cells (CD8A+; 2, 4, 5  
and 8) and CD4+  T cells (CD4+; 1, 3 and 9) (Fig. 5a,b; Supplementary 
Fig. 13). In cluster 2, we also detected minor populations of innate 
lymphoid type 1-like cells and γ δ  T cells (Supplementary Fig. 13). 
Cells from all clusters were detected in all patients, apart from 
cluster 4 which derived predominantly from one tumor. CD8+  
and regulatory T cells appeared enriched in the tumor and CD4+   
T cells and natural killer cells appeared depleted, with the exception 
of CD4+  cluster 9, which was only present in tumors. These differ-
ences were confirmed in a recent study of the lung tumor immune 
landscape by CyTOF mass cytometry (Supplementary Fig. 14)7, in 
40,250 additional cells (Supplementary Fig. 5) and in TCGA data 
(Fig. 5c). The enrichment of T-cell clusters in either tumor or non-
malignant lung samples suggests a strong influence of the tumor on 

the T-cell transcriptome. We therefore compared pathway expres-
sion levels between tumor and non-malignant lung-derived T cells. 
This revealed pervasive changes, mostly coherent between T-cell 
types (Fig. 5d), including an increased glycolysis and a decreased 
oxidative phosphorylation. Also, cell proliferation pathways were 
generally low in tumor-derived T cells, except within the tumor-
specific, proliferative CD8+  T-cell cluster 8.

However, some pathways were differentially regulated between 
T-cell subtypes. For CD8+  T cells, we noticed a highly prolifera-
tive cluster (mitosis, G2M checkpoint, E2F targets; cluster 8) and 
two clusters with high allograft rejection activities, which in this 
context probably relate to cells showing higher reactivity to cancer-
cell-encoded neo-epitopes (clusters 4 and 8) (Fig. 5e). These two 
clusters also show strong IFN-γ  and IFN-α  responses, higher rates 
of transcription, Myc activity and high granzyme expression, all 
indicative of T-cell activation. In parallel, they express higher lev-
els of immune checkpoint molecules, including approved targets 
PDCD1 and CTLA4, but also others currently targeted in clinical 
trials (LAG3, TIGIT, HAVCR2/TIM3, CD27 and TNFRSF9/CD137) 
(Fig. 5f)34. All of these molecules also correlated with T-cell activ-
ity as measured by mean granzyme (GZMA, GZMB and GZMH) 
expression (Fig. 5g), indicating that higher cytotoxic activities are 
curtailed by high checkpoint expression. We identified several 
other molecules exhibiting a similarly strong correlation with gran-
zyme expression, suggesting they could represent novel appealing 
checkpoint molecules (Fig. 5g). Other pathways correlating to high 
allograft rejection activity in CD8+  T cells include increased oxi-
dative phosphorylation and fatty acid oxidation (Fig. 5e), suggest-
ing that targeting these pathways may enhance immunotherapy. A 
recent study indeed indicated that promoting fatty acid catabolism 
in CD8+  tumor-infiltrating T lymphocytes enhances their ability to 
slow tumor progression35.

Alveolar and epithelial cells. Alveoli are composed of several 
cell types and make up an important fraction of normal lungs. 
Previously, 198 alveolar cells from mice were characterized by 
scRNA-seq36. The 1,710 alveolar cells detected here recapitu-
late many of the markers described in murine lungs but extend 
them into human biology, in number of cell types and marker 
genes. Indeed, we not only detected flat alveolar type 1 (AT1) 
cells (AGER, CAV1; cluster 3), surfactant-secreting cuboidal 
alveolar type 2 (AT2) cells (SFTPC, ABCA3; cluster 1) and secre-
tory club cells (SCGB1A1; cluster 6), but also basal cells (KRT15; 
cluster 7), previously undetected36 (Supplementary Fig. 15a,b). 

Fig. 4 | B-cell and myeloid-like cell clusters in lungs and lung tumors. a, tSNE plot of 5,603 B-cell-like cells, color-coded by their associated cluster (top) or 
the sample type of origin (bottom). b, tSNE plot, color-coded for expression (gray to red) of marker genes for the cell types as indicated. pDCs, plasmacytoid 
dendritic cells. c, Average expression of marker genes for B-cell-like cells from each cluster (Supplementary Table 3) in TCGA samples from lung (n =  108), 
LUSC (n =  501) or LUAD (n =  513). Expression of each gene is normalized to its average expression in non-malignant lung samples. Box plot center, box and 
whiskers correspond to median, IQR and 1.5 ×  IQR, respectively. Data were analyzed using one-way ANOVA with Tukey’s multiple-comparisons test.  
d, Differences in pathway activities scored per cell by GSVA, between follicular B cells (clusters 1 and 2) isolated from lung or lung tumors (n =  205 and 2,470 
follicular B cells from 5 patients). T values are from a linear model, corrected for effects from the patient of origin. Myeloid-like cell clusters in lungs and lung 
tumors. e, tSNE plot of 9,756 myeloid-like cells, color-coded by their associated cluster (top) or the sample type of origin (bottom). f, tSNE plot, color-coded 
for expression (gray to red) of marker genes for the cell types as indicated. Additional marker genes for cell types are shown in Supplementary Fig. 12. DCs, 
dendritic cells. g, Average expression of marker genes for myeloid-like cells from each cluster (Supplementary Table 3) in TCGA samples from lung (n =  108), 
LUSC (n =  501) or LUAD (n =  513). Expression of each gene is normalized to its average expression in non-malignant lung samples. Analysis for clusters 1, 2, 
3 and 6 failed to yield specific marker genes. Expression of each gene is normalized to its average expression in non-malignant lung samples. Box plot center, 
box and whiskers correspond to median, IQR and 1.5 ×  IQR, respectively. Data were analyzed using one-way ANOVA with Tukey’s multiple-comparisons test. 
h, Differences in pathway activities scored per cell using GSVA, between macrophages isolated from lung or lung tumors (n =  3,873 or 4,201 macrophages, 
respectively). T values are from linear models, corrected for effects from the patient of origin. i, Heatmap of the AUC scores of expression regulation by 
transcription factors (regulon activity), as estimated using SCENIC, for each of the 8,074 macrophages. Shown are the five transcription factors having 
the highest difference in expression regulation estimates between tumor and non-malignant lung-derived macrophages, and vice versa five transcription 
factors having the highest difference between non-malignant lung-derived and tumor macrophages. j, tSNE plots of macrophages, color-coded for (top) 
the expression of (left and right) IRF9 and JUND, for the AUC of the estimated regulon activity of these transcription factors and for activities of pathways 
containing a subset of the target genes of these transcription factors, as estimated using GSVA.
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In line with basal cells giving rise to squamous tumors, basal 
cell markers were highly upregulated in LUSC but not LUAD 
(Supplementary Fig. 15c). Finally, we detected cells express-
ing marker genes for COPD-induced injury (MMP7, CXCL14, 
GDF15; cluster 4)22,37 and respiratory epithelial cells (CYP4B1; 
cluster 5; Supplementary Fig. 15b). As expected, AT1, AT2 
and respiratory epithelial cells were almost exclusively found 

in non-malignant lung, a finding confirmed in TCGA and the 
40,250-cell validation dataset (Supplementary Fig. 15c and 
Supplementary Fig. 5, respectively). Surprisingly, however, club 
cells appeared often tumor-derived, and club cell markers were 
also in TCGA more prevalent in lung tumors (Supplementary 
Fig. 15c). Whether and how club cells contribute to lung tumor 
biology remains to be elucidated.
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Specific stromal cell subtypes are enriched at the more nor-
moxic tumor edge. Hypoxia is associated with important aspects 
of tumor behavior, including angiogenesis, metastasis, metabolic  

reprogramming and immune escape. We therefore assessed 
whether certain cell subtypes reside more often in hypoxic areas 
of the tumor. Hypoxia levels were estimated for each of the three 
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samples obtained from the core-most, the edge-most and the 
intermediate fraction of the tumor, using a hypoxia metagene 
signature38. To avoid confounders, the signature was only applied 
to cancer cells. As expected, tumor core samples had more can-
cer cells, which were more hypoxic than samples from the edge, 
with midway samples showing intermediate levels (P =  0.0051 for 
cancer cells and 0.0018 for hypoxia; Fig. 6a). Increased hypoxia in 
the tumor core was confirmed by immunofluorescence for HIF1α  
and the hypoxia marker CA9 (Supplementary Fig. 16). Most stro-
mal cell subtypes showed enrichment towards the more normoxic 
tumor edge (Fig. 6b). We observed, for instance, that CD4+  T-cell 
cluster 1 and CD8+  T-cell cluster 5, and follicular and MALT B 
cells, were enriched at the tumor edge. When subsequently assess-
ing the influence of tumor hypoxia on marker gene expression 
(Supplementary Table 3) in 1,014 TCGA lung tumors, very similar 
patterns were observed, and this was for both LUAD and LUSC 
(Supplementary Fig. 17a). Some additional cell subtypes were also 
increased in hypoxic LUAD and LUSC tumors, including fibro-
blast cluster 5 and CD8+  T-cell cluster 8.

Correlation between stromal cell subtypes and tumor charac-
teristics. Next, we correlated marker gene expression with tumor 
characteristics, such as histology and stage. While 33 of 42 cell sub-
types for which marker gene expression signatures were available 
failed to show differences between LUAD and LUSC, 9 cell subtypes 
were different (Fig. 6c). For two of these nine cell subtypes, expres-
sion discrepancies probably reflect the cell of origin of lung tumors, 
with LUAD deriving from AT2 cells and LUSC from basal cells. For 
the remaining seven cell subtypes, such as CD8 T-cell cluster 8 and 
fibroblast cluster 5, correlations may reflect differences underlying 
histopathology. With respect to stage, squamous tumors showed 
a decrease in many stromal components at higher stages, whereas 
few stage-associated changes were observed in adenocarcinomas 
(Supplementary Fig. 17b).

Given the correlation between mutational load and tumor anti-
genicity, we correlated marker gene expression also with muta-
tional load. This revealed that markers of CD8 T-cell cluster 8 were 
positively correlated with mutational load (Supplementary Fig. 18),  
whereas nearly all other stromal cell markers were associated with 
reduced mutational load. This arguably reflects an artefact of 
mutation calling: increases in the fraction of non-cancer cells will 
decrease the allelic frequency of somatic mutations, rendering them 
more difficult to detect. A similar trend was observed when assess-
ing association to TP53 or RAS (KRAS, HRAS, BRAF) mutations. 
Interestingly, EGFR mutations in LUAD were negatively associated 
with the CD8+  T-cell cluster 2, but positively with fibroblast clus-
ter 6. A subpopulation of CD200+  cancer-associated fibroblasts 
was recently shown to enhance the apoptotic effects of gefitinib 
in EGFR-mutant lung cancers.39 Notably, normal fibroblasts that 
belong to cluster 6 express lower levels of CD200 than those in clus-
ters 1, 4, 5 and 7, suggesting cluster 6 fibroblasts to confer a selective 
growth advantage to EGFR-mutant lung tumors.

High stromal marker expression and decreased survival in 
LUSC, but not LUAD. Finally, we evaluated whether the rela-
tive presence of these cell subtypes impacts patient survival. We 
assessed, in addition to TCGA data, two other lung tumor data 
sets40,41, such that together 1,027 LUAD and 545 LUSC samples 
were evaluated. Remarkably, we observed a consistent association 
between increased stromal marker gene expression and decreased 
survival in LUSC, but not LUAD, and this in a multivariate analysis 
corrected for age, gender and tumor stage (Fig. 6d). Furthermore, 
this association was not only evident in the pooled cohort (Fig. 3d),  
but also in each of the separate cohorts (Supplementary Fig. 19). 
Several cell subtypes were also associated with poor outcome in 
these cohorts, and for four stromal cell subtypes this survived 

multiple testing correction in the pooled analysis (false discov-
ery rate < 0.05 for LUSC: flat AT1 cells, respiratory epithelial cells 
and cross-presenting dendritic cells, and for LUAD: CD8+  T-cells 
cluster 8; Fig. 6d,e). Interestingly, several cell subtypes also showed 
opposite associations with survival when comparing LUAD ver-
sus LUSC (for example, CD8+  T-cell cluster 8, cuboidal AT2 cells, 
respiratory epithelial cells and fibroblast cluster 6), while other cell 
subtypes showed similar correlations (for example, endothelial cell 
cluster 1 and fibroblast cluster 7).

Discussion
Here, we present a comprehensive catalog of stromal cells in human 
lung tumors and non-malignant lung tissue at single-cell resolution. 
In describing key molecular differences between stromal cells co-
opted by tumors and those in matching non-malignant samples, 
our analyses confirm many important observations made previ-
ously either in vitro, in bulk or using animal models, and highlight 
key areas for further advances in stromal cell biology. By identifying 
novel cell subtypes and altered pathways, by highlighting the cel-
lular sources of stromal signals and by cataloging marker genes, this 
dataset will fuel advances in lung cancer diagnosis and therapy. It 
can serve to validate a priori hypotheses from independent data, but 
also highlight novel targets meriting functional validation.

While all cell types, subtypes and phenotypes cannot possibly 
be described here in full, some key observations emerge. Firstly, 
the lung TME is more complex and heterogeneous than hitherto 
appreciated. While previous scRNA-seq studies on tumors1,12 
analyzed far fewer stromal cells only derived from tumors, and 
clustered cells into major cell types only, we here analyzed 92,948 
cells (84,341 stromal cells). This identified 52 stromal subtypes, 
including different types of tumor-associated fibroblasts, endothe-
lial cells and tumor-infiltrating immune cells hitherto considered 
homogeneous. Each subtype showed divergent pathway activities, 
both between non-malignant and tumor tissue-resident coun-
terparts, and between each other, suggesting that they represent 
distinct biological entities. Immunofluorescence confirmed the 
existence of four endothelial and fibroblast subtypes, and single-
cell CyTOF data7 of some immune subtypes. However, whether 
subtypes represent separate cell types or rather cell states acquired 
in response to TME stimuli is unclear, and at least in part a matter 
of semantics42. Lineage tracing represents an appealing avenue to 
elucidate this further.

Secondly, most clusters were composed of cells originat-
ing from different patients, while independent analysis of 3 
additional patients validated 45 of 52 cell subtypes. However, 
marker gene expression in TCGA indicated that some cell sub-
type abundances differed between LUSC or LUAD, that they 
were influenced by tumor characteristics such as tumor stage 
and that they correlated with patient survival in LUSC but not 
LUAD or vice versa. Hence, while most stromal subtypes were 
detected in several tumors, their abundances and functions 
could differ between tumors. Intriguing questions remain as 
to whether these stromal cell phenotypes also exist in tumors 
affecting other organs, and whether they recur in metastases of 
lung tumors to other organs.

A third observation relates to the association of cell subtypes 
with patient survival: squamous tumors showed a negative corre-
lation between many stromal cell markers and survival, indepen-
dently of tumor stage. Whether this difference reflects a genuine 
effect of stromal cells on squamous cancer cell biology remains to 
be elucidated. Indeed, the stromal cell number in tumor samples 
could also reflect invasive properties of cancer cells, with more 
invasive tumors containing more stromal cells. Nevertheless, 
observations that some marker genes correlated robustly with sur-
vival in various cohorts suggest exciting opportunities for use of 
these subtype-specific marker genes as biomarkers for prognosis  
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but also for therapy response prediction. Most notably, low 
expression of CD8+  T-cell cluster 8 marker genes associated with 
improved survival in LUAD, but worse survival in LUSC. This 
cluster showed high granzyme and IFN expression, suggesting it 
represents CD8+  cytotoxic T cells. Indeed, cluster 8 also correlated 
positively with mutational load, was more frequent in hypoxic 
tumors and was characterized by high T-cell exhaustion marker 
expression (LAG3), in line with reports implicating tumor hypoxia 
in T-cell exhaustion43.

Lastly, gene expression changes in tumor stroma suggest 
directions for the design of therapies. For instance, tumor 
endothelial cells downregulate immune cell homing pathways, 
while tumor CD8+  T cells upregulate fatty acid oxidation path-
ways. Additionally, analysis of CD8+  T-cell activity highlights 
established immune checkpoints, but also reveals several other 
coregulated molecules as potential novel immunotherapy tar-
gets. Likewise, SCENIC in macrophages predicts transcription 
factors responsible for the switch between antitumoral M1 and 
pro-tumoral M2 phenotypes. By targeting these, the macrophage 
transcriptome could thus rewire towards an M1 phenotype, with 
potential therapeutic benefit. Distinctive features of tumor stroma 
may thus represent vulnerabilities and provide exciting entry 
points for the design of novel therapies.

Methods
Methods, including statements of data availability and any asso-
ciated accession codes and references, are available at https://doi.
org/10.1038/s41591-018-0096-5.
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Methods
Patients. This study was approved by the local ethics committee at the University 
Hospital Leuven (B322201422081) and we complied with all relevant ethical 
regulations. Only patients with untreated, primary, non-metastatic lung tumors 
that underwent lung lobe resection with curative intent and that provided 
informed consent were included in this study.

Preparation of single-cell suspensions. Following resection in the operating 
room, samples from the tumor and adjacent non-malignant lung tissue from 
the same resection specimen at maximal distance (> 5 cm) from the tumor were 
isolated and transported rapidly to the research facility. On arrival, samples 
were rinsed with PBS and the tumor sample macroscopically examined for 
tumor positioning. The tumor sample was subsequently divided into three 
pieces, with one piece containing mainly tissue derived from the tumor core, 
one piece containing tissue mainly derived from the tumor edge and a third 
piece originating from the position intermediate to the other two samples. Each 
sample was subsequently minced on ice to smaller pieces of less than 1 mm3 
and transferred to 10 ml digestion medium containing 0.2% collagenase I/II 
(ThermoFisher Scientific), DNAse I (Sigma) and 25 units dispase (Invitrogen) in 
DMEM (ThermoFisher Scientific). Samples were incubated for 15 min at 37 °C, 
with manual shaking every 5 min. Samples were then vortexed for 10 s and pipetted 
up and down for 1 min using pipettes of descending sizes (25 ml, 10 ml and 5 ml). 
Next, 30 ml ice-cold PBS, pH 7.4, (ThermoFisher Scientific) containing 2% fetal 
bovine serum (ThermoFisher Scientific) was added and samples were filtered using 
a 40-µ m nylon mesh (ThermoFisher Scientific). Following centrifugation at 120× 
g and 4 °C for 5 min, the supernatant was decanted and discarded, and the cell 
pellet was resuspended in 2 ml red blood cell lysis buffer and transferred to a 2-ml 
DNA low bind tube. Following a 5-min incubation at room temperature, samples 
were centrifuged (120× g, 4 °C, 5 min) using a swing-out rotor. Samples were next 
resuspended in 1 ml PBS containing 8 µ l UltraPure BSA (50 mg ml−1; AM2616, 
ThermoFisher Scientific) and filtered over Scienceware Flowmi 40-µ m cell 
strainers (VWR) using wide-bore 1 ml low-retention filter tips (Mettler-Toledo). 
Next, 10 µ l of this cell suspension was counted using an automated cell counter 
(Luna) to determine the concentration of live cells. Throughout the dissociation 
procedure, cells were maintained on ice whenever possible, and the entire 
procedure was completed in less than 1 h (typically ~45 min) to avoid dissociation-
associated artefacts recently described13. By using a dissociation signature13 to 
detect dissociation-associated changes in gene expression, a positive signal for less 
than 2% of cells was detected (Supplementary Fig. 2a).

Droplet-based scRNA-seq. Single-cell suspensions were converted to barcoded 
scRNA-seq libraries by using the Chromium Single Cell 3’ Library, Gel Bead & 
Multiplex Kit and Chip Kit (10x Genomics), aiming for an estimated 4,000 cells 
per library and following the manufacturer’s instructions. Samples were processed 
using kits pertaining to either the V1 or V2 barcoding chemistry of 10x Genomics 
(Supplementary Table 2). Single samples are always processed in a single well of 
a PCR plate, allowing all cells from a sample to be treated with the same master 
mix and in the same reaction vessel. For each patient, all samples (non-malignant 
and tumor) were processed in parallel in the same thermal cycler. Libraries were 
sequenced on an Illumina HiSeq4000, and mapped to the human genome (build 
hg19) using CellRanger (10x Genomics). Gene positions were annotated as per 
Ensembl build 85 and filtered for biotype (only protein-coding, long intergenic 
non-coding RNA, antisense, immunoglobulin or T-cell receptor).

Single-cell gene expression quantification and determination of the major 
cell types. Raw gene expression matrices generated per sample using CellRanger 
(version 2.0.0) were combined in R (version 3.3.2—Sincere Pumpkin Patch), and 
converted to a Seurat object using the Seurat R package (version 1.4.0.7)11. From 
this, all cells were removed that had either fewer than 201 UMIs, over 6,000 
or below 101 expressed genes, or over 10% UMIs derived from mitochondrial 
genome. From the remaining 52,698 cells, gene expression matrices were 
normalized to total cellular read count and to mitochondrial read count using 
linear regression as implemented in Seurat’s RegressOut function. As a result, 
none of the principle components subsequently identified were correlated with 
transcript count (data not shown). From the remaining 52,698 cells, variably 
expressed genes were selected as having a normalized expression between 0.125 
and 3, and a quantile-normalized variance exceeding 0.5. To reduce dimensionality 
of this dataset, the resulting 2,192 variably expressed genes were summarized 
by principle component analysis, and the first 8 principle components further 
summarized using tSNE dimensionality reduction using the default settings of the 
RunTSNE function. Cell clusters in the resulting two-dimensional representation 
were annotated to known biological cell types using canonical marker genes 
(Supplementary Fig. 1). Of note, very few stromal cells (~2%) were positive for cell 
proliferation markers (Supplementary Fig. 4). We therefore opted not to correct 
our gene expression matrices for effects of cell cycle.

Subclustering of the major cell types. To identify subclusters within these eight 
cell types, we reanalyzed cells belonging to each of these eight cell types separately. 
Specifically, we applied dimensionality reduction using principle component 

analysis in each cell type on variably expressed genes as described above. To 
identify which principle components were informative, we applied Horn’s parallel 
analysis for principle component analysis44 as implemented in the R paran package 
(version 1.5.1.), selecting those principle components having eigenvalues that 
exceed the eigenvalues generated using ten random permutations by > 50%. Using 
the graph-based clustering approach implemented in the FindClusters function 
of the Seurat package, with a conservative resolution of 0.5 and otherwise default 
parameters, each cell type was reclustered by its principle components. Notably, 
subclustering was robust to alterations in the number of principle components, 
in the resolution or in the K parameter (Supplementary Fig. 3a–c). Moreover, few 
of the subclusters identified contained many cells wherein less than 300 genes 
were detected, indicating that increasing the threshold of 100 genes will not affect 
our results (Supplementary Fig. 20). This yielded 64 subclusters (52 stromal 
subclusters) in total, as listed in Supplementary Table 3. For visualization purposes, 
these informative principle components were converted into tSNE plots as above.

Validation dataset and random forest mapping. To validate the presence of these 
stromal subclusters, we analyzed three additional patients (three tumor samples 
and one non-malignant lung sample) by scRNA-seq as described above. We found 
that 40,250 cells passed the quality control criteria described above, and these were 
used to generate gene expression matrices. To assign cells to one of the major cell 
types, we clustered them as described above, again enabling us to classify them as 
fibroblasts or endothelial, epithelial, alveolar, myeloid, B, T or cancer cells.

To assess to which of the cell subclusters these cells correspond, we generated 
a Random Forrest45 classifier using the ClassifyCells function in Seurat. This 
assigns the 40,250 cells from the validation set of 3 patients to the 52 stromal cell 
subclusters identified in the discovery set of 5 patients.

Identification of marker genes. To identify marker genes for each of these 64 
subclusters within these 8 cell types, we contrasted cells from that subcluster to all 
other cells of that subcluster using the Seurat FindMarkers function. Marker genes 
were required to have an average expression in that subcluster that was > 2.5-fold 
higher than the average expression in the other subclusters from that cell type, 
and a detectable expression in > 15% of all cells from that subcluster. Additionally, 
marker genes were required to have the highest mean expression in that 
subcluster, out of all 64 subclusters. This yielded a list of in total 402 marker genes 
(Supplementary Table 3) for 51 subclusters (42 stromal cell subclusters), whereas 
for 13 subclusters we failed to identify marker genes. When analyzing marker genes 
for several subclusters in aggregate, such as for tumor endothelial cells (endothelial 
cell clusters 3 and 4) or for macrophages (myeloid clusters 1–4, 6–8, 10 and 11), we 
simply combined the marker genes for all associated subclusters.

Correlation to TCGA data. To assess the role of stromal cells in a larger 
compendium of tumors, we assessed their expression in bulk RNA-seq data 
from TCGA. Specifically, we downloaded pre-processed gene expression data 
(fragments per kilobase per million fragments, upper quartile normalized) as 
well as clinical data for primary solid tumors and normal solid tissue, for LUAD 
(TCGA-LUAD) and LUSC (TCGA-LUSC), using the Bioconductor TCGAbiolinks 
package (version 2.2.10). To assess per cell type the combined expression of marker 
genes for each subcluster, we generated boxplots without outliers of the average 
expression of each marker gene, after log-normalizing the expression of each gene 
to an average expression of 1 in the normal lung samples. Other variables (age, 
gender, patient survival, tumor stage, tumor cell percentage, mutational burden) 
were extracted from the clinical data downloaded using TCGAbiolinks. Hypoxia 
marker gene expression was categorized to 1, 2 and 3 (normoxic, intermediate 
and hypoxic) as described46. To assess the correlation of each set of marker genes 
to other clinical variables, their individual expression was averaged per patient 
and per set of marker genes. To assess correlations, these values were converted 
to the corresponding rank per tumor subtype (LUAD or LUSC). These ranks 
were subsequently included in a generalized linear model using R, together with 
patient age and gender when correlating with tumor stage, and with age, gender 
and tumor stage when correlating with tumor hypoxia or mutational burden. 
To assess for correlations with survival, we applied a Cox proportional hazards 
model (implemented in the R survival package version 2.41-3) that included age, 
gender and tumor stage in addition to the mean expression of the marker genes. 
As a validation cohort, we downloaded clinical and gene expression data from 2 
additional studies: one of 108 LUAD samples and 67 LUSC samples, described by 
Djureinovic and colleagues40, and one of 443 LUAD samples, described by Shedden 
and colleagues41. We assessed effects of marker gene expression on patient survival 
in an identical manner as for TCGA. Z scores from the TCGA and the validation 
cohort were combined using the weighted Z method47. For Kaplan–Meier plots, 
marker gene expression categorization was optimized as described42.

Gene set variation analysis (GSVA). Pathway analyses were predominantly 
performed on the 50 hallmark pathways described in the molecular signature 
database16, exported using the GSEABase package (version 1.36.0). We also 
assessed metabolic pathway activities using a described curated dataset48. To reduce 
pathway overlaps and pathway redundancies, each gene set associated with a 
pathway was trimmed to only contain unique genes, and all genes associated to two 
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biotin (1:200, Jackson, 715-065-150) and Streptavidin-HRP Conjugate (1:100, 
PerkinElmer, NEL750001EA) were used before applying the OPAL reagents.

Microscope image acquisition and processing. Images were acquired on a 
Zeiss Axio Scan.Z1 using a × 20 objective and ZEN 2 software (Zeiss). Image 
processing was done using QuPath (version 0.1.2). Specifically, following visual 
inspection of the staining results, cells were first automatically detected using 
the DAPI channel (cell size constrained between 5 and 400 µ m2). Next, a random 
trees cell classifier was generated using QuPath. Specifically, for one slide out of 
all slides stained for one set of proteins, three or four sets of cells were selected: 
one set that was positive for the general cell type marker (CLDN5 or CD31 
for endothelial cells, COL1A1 for fibroblasts), one set that was negative for 
that general cell type marker and one or two sets of cells positive for both the 
subtype-specific marker (ACKR1, FIGF, EDNRB or COX4I2) and the general 
cell-type marker (CLDN5, CD31 or COL1A1). Using these three or four sets 
of cells, a random trees classifier was generated. Cell classification was visually 
verified to have occurred correctly. Next, for each tumor or non-malignant lung 
section, a representative region was selected, containing at least 6,000 cells. On 
these cells, the random trees classifier was subsequently applied. This process 
was reiterated for all other tumor sections stained for the same set of markers. 
The resulting cell identities were then exported and processed in R. Specifically, 
for each set of 1,000 consecutive cells, cell frequencies were generated, which 
were summarized using boxplots.

To measure hypoxia, we manually annotated the tumor core and edge and 
performed automatic cell detection as described above. For these cells, mean 
nuclear and cytoplasmatic signals of HIF1A and CAIX, respectively, were 
calculated and compared between pairwise core and edge.

Statistics and reproducibility. No statistical method was used to predetermine 
sample sizes. For all experiments, samples from a single patient were processed 
in parallel, and cells for each sample of one patient were processed for scRNA-seq 
(10x Genomics) at the same time, but in separate lanes and vials.

Box plots were generated using the R base package and default parameters. 
Hence, the boxes span the interquartile range (IQR; from the 25th to the 75th 
percentiles), with the centerline corresponding to the median. Lower whiskers 
represent the data minimum or the 25th percentile minus 1.5 ×  IQR, whichever is 
greater. Upper whiskers represent the data maximum or the 75th percentile plus 
1.5 ×  IQR (lower), whichever is lower.

Violin plots were generated using the beanplot R package, and data distribution 
band width was estimated by kernel density estimation, as per the built-in  
‘nrd0’ option.

Bar plots indicate mean ±  standard error of mean, and include individual  
data points.

Given the number of data points represented on box and violin plots, we opted 
not to display each data point, as this would obscure the overall distribution.

Comparisons between two groups were done using unpaired two-tailed t-tests. 
One-way analysis of variance (ANOVA) with Tukey’s multiple comparisons tests 
were used for multiple group comparisons. Linear models were generated when 
multiple parameters were taken into account. Fitting of Cox proportional hazards 
regression models was done using the coxph function implemented in the  
R survival package, with tied death times handled using the Breslow method.  
All statistical analyses and presentation were performed using R.

Reporting summary. Further information on experimental design is available in 
the Nature Research Reporting Summary linked to this article.

Data availability. All raw sequencing data are available in ArrayExpress under 
accessions E-MTAB-6149 and E-MTAB-6653. Also, Rds files were uploaded. 
These can be imported in CellView to visualise clusters, scroll through tSNE 
projections and explore gene expression. Moreover, scRNA-seq source data 
were formatted as .loom files, which can be visualized in an interactive manner 
through SCope (https://gbiomed.kuleuven.be/scRNAseq-NSCLC)54. Finally, 
gene expression data for all 52 clusters are available in Supplementary Table 4, 
and cluster-specific gene expression data for tumor-derived and non-malignant 
lung-tissue-derived cells are available in Supplementary Table 5 (only for clusters 
having > 100 cells from both sources).
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or more pathways were removed. Most gene sets retained > 70% of their  
associated genes. Next, to assign pathway activity estimates to individual cells,  
we applied GSVA49 using standard settings, as implemented in the GSVA package  
(version 1.22.4).

SCENIC analysis. The SCENIC analysis was run as described24 on the 52,698 cells 
that passed the filtering, using the 20-thousand motifs database for RcisTarget and 
GRNboost (SCENIC version 0.1.5, which corresponds to RcisTarget 0.99.0 and 
AUCell 0.99.5; with RcisTarget.hg19.motifDatabases.20k). The input matrix was 
the normalized expression matrix, output from Seurat, from which 9,919 genes 
passed the filtering (sum of expression > 3 ×  0.005 ×  52,698 and detected in at least 
0.5% of the cells).

Clustering using alternative tools. Apart from Seurat, we tested SCENIC24, 
SC350, Cidr51 and RCA52. SC3, Cidr and RCA were run using default settings. 
For SCENIC, we applied k-means clustering on the regulon activity matrix. All 
tools were run on the six main cell types discussed in this study: fibroblasts and 
endothelial, alveolar, myeloid, T and B cells. We were unable to run RCA on T cells. 
We performed a pairwise comparison on the output clusters of each of these five 
methods using the normalized mutual information criterion. To test which method 
was most recurrently in best agreement with the other four methods, we tabulated, 
for each of the five methods, the method generating the highest normalized mutual 
information, and this for each of the six cell types.

Analysis of differential pathway or regulon activities. To assess differential 
activities of pathways (GSVA) or regulons (SCENIC) between sets of cells  
(for example, derived from tumor or normal samples, or belonging to different 
subclusters), we contrasted the activity scores for each cell using a generalized  
linear model. To avoid inflating signals because of interindividual differences  
(for example, in the relative frequencies of cells from different patients), we always 
included the patient of origin as a categorical variable. Results of these linear models 
were visualized using bar plots or heatmaps. For the latter, pathways or regulons 
that did not show significant changes (Benjamini–Hochberg-corrected P value  
> 0.05) in any of the sets of cells contrasted in one analysis were not visualized.

Comparison to bulk RNA-seq. Bulk RNA-seq was performed as described46, on 
a tumor sample adjacent to sample 1 and a non-malignant lung sample adjacent 
to sample 19. Read counts per gene were normalized to gene length and to the 
total read count, and directly compared to the sum of UMIs per gene for the 
corresponding single-cell sample. Differential expression analysis was performed 
as described46, and a ranked list of genes upregulated and downregulated in 
expression analyzed for their ontology using GOrilla. Cell concentrations in the 
bulk RNA-seq were estimated by quadratic programming using the R quadprog 
package (version 1.5-5), using expression of the ten most differentially expressed 
marker genes per cell type as input and constraining the model by requiring the 
combined concentration of all cell types to be 1.

Immunohistofluorescence analysis. For immunohistofluorescence confirmation 
of fibroblast and endothelial cell subtypes, an independent set of NSCLC samples 
was selected (five LUAD and three LUSC NSCLC patients). For tumor-specific 
cell subtype markers, we stained sections from eight tumor samples and from two 
non-malignant lung samples. For non-malignant lung sample markers, we stained 
sections from eight tumor samples and eight non-malignant lung samples.

Histopathology and immunohistochemistry. Tissue samples from representative 
lesions were collected and fixed as described53. Sections of 5-µ m thickness 
obtained from the paraffin-embedded tissues (Thermo Scientific Microm HM355S 
microtome) were mounted on Superfrost Plus Adhesion slides (Thermo Scientific) 
and routinely stained with hematoxylin and eosin (Diapath #C0302 and #C0362) 
for histopathological examination.

The following antibodies and dilutions were used for detecting the respective 
proteins: anti-ACKR1 (rabbit, 1:100, Sigma-Aldrich, hpa016421, lot number: 
R05967), anti-Carbonic Anhydrase IX (rabbit, 1:1,000, Novus, NB100-417, no 
lot number known), anti-CD31 (mouse, 1:50, Dako, M082301, lot number: 
20049471, clone JC/70A), anti-Claudin-5 (rabbit, 1:2,000, Abcam, ab131259, lot 
number: GR236334-15, clone EPR7583), anti-COL1A (rabbit, 1:12,000, Abcam, 
ab138492, lot number: GR247379-37, clone EPR7785), anti-COX4I2 (rabbit, 1:500, 
LSBio, LS-B9672, lot number: 57931), anti-EDNRB (rabbit, 1:500, Sigma-Aldrich, 
hpa027546, lot number: R26734) and anti-Hif-1 alpha (rabbit, 1:1,000, Abcam, 
ab2185, lot number: GR310634-1).

Furthermore, the PerkinElmer Opal 4-Color Manual IHC Kit (PerkinElmer, 
NEL810001KT) was used for the tyramide signal amplification according to the 
manufacturer’s protocol. For introduction of the secondary HRP the Envision+ 
/HRP goat anti-Rabbit (Dako Envision+  Single Reagents, HRP, Rabbit, Code 
K4003) was used for antibodies raised in rabbit. The various proteins were 
detected using the OPAL 520, OPAL 570 and OPAL 690 reagents, respectively. 
For anti-CD31 (mouse, 1:50, Dako, M082301), the protocol was adapted from the 
PerkinElmer Opal 4-Color Manual IHC Kit: the antibody incubation was done 
overnight at +  4 °C and for introduction of the secondary-HRP the anti-mouse 
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    Experimental design
1.   Sample size

Describe how sample size was determined. Sample size was not determined a priori. About 3000 cells were analyzed per 
sample, as higher cell numbers would have yielded unwanted amounts of cell 
duplicates.

2.   Data exclusions

Describe any data exclusions. No samples were excluded from the analysis. Cells with UMI counts below 200 or 
gene counts below 100 were excluded because  they represent a poor quality or 
empty droplets. Cells having over 10% mitochondrial reads were excluded as these 
likely represent apototic cells. Cells expressing over 6000 genes were excluded as 
they likely represent duplicates. Exclusion criteria were pre-established.

3.   Replication

Describe whether the experimental findings were 
reliably reproduced.

All attempts at replication were successful

4.   Randomization

Describe how samples/organisms/participants were 
allocated into experimental groups.

All 8 patients had untreated, non-metastatic NSCLC , and underwent lung lobe 
resection with curative intent. Cells were allocated to cell types using established 
marker gene expression patterns. No other experimental groups were established.

5.   Blinding

Describe whether the investigators were blinded to 
group allocation during data collection and/or analysis.

Blinding was not relevant for our study.

Note: all studies involving animals and/or human research participants must disclose whether blinding and randomization were used.
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6.   Statistical parameters 
For all figures and tables that use statistical methods, confirm that the following items are present in relevant figure legends (or in the 
Methods section if additional space is needed). 

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement (animals, litters, cultures, etc.)

A description of how samples were collected, noting whether measurements were taken from distinct samples or whether the same 
sample was measured repeatedly

A statement indicating how many times each experiment was replicated

The statistical test(s) used and whether they are one- or two-sided (note: only common tests should be described solely by name; more 
complex techniques should be described in the Methods section)

A description of any assumptions or corrections, such as an adjustment for multiple comparisons

The test results (e.g. P values) given as exact values whenever possible and with confidence intervals noted

A clear description of statistics including central tendency (e.g. median, mean) and variation (e.g. standard deviation, interquartile range)

Clearly defined error bars

See the web collection on statistics for biologists for further resources and guidance.

   Software
Policy information about availability of computer code

7. Software

Describe the software used to analyze the data in this 
study. 

Raw gene expression matrices generated per sample using CellRanger (version 
2.0.0) were combined in R (version 3.3.2 - Sincere Pumpkin Patch), and converted 
to a Seurat object using the Seurat R package (version 1.4.0.7).To identify which 
PCs were informative, we applied Horn's parallel analysis for PC analysis42 as 
implemented in the R paran package (version 1.5.1.). TCGA data were downloaded 
using the Bioconductor TCGAbiolinks package (version 2.2.10). To assess for 
correlations with survival, we applied a Cox proportional hazards model 
(implemented in the R survival package version 2.41-3) which included age, gender 
and tumour stage in addition to the ranked expression of the marker genes. 
Pathway data were exported from the molecular signature database using the 
GSEABase package (version 1.36.0). Pathway activity estimates were obtained 
using the GSVA package (version 1.22.4). The SCENIC analysis was done using the 
20-thousand motifs database for RcisTarget and GRNboost (SCENIC version 0.1.5, 
which corresponds to RcisTarget 0.99.0 and AUCell 0.99.5; with 
RcisTarget.hg19.motifDatabases.20k). Images were acquired on a Zeiss Axio 
Scan.Z1 using ZEN 2 software (Zeiss). Image processing was done using QuPath 
(version 0.1.2).

For manuscripts utilizing custom algorithms or software that are central to the paper but not yet described in the published literature, software must be made 
available to editors and reviewers upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). Nature Methods guidance for 
providing algorithms and software for publication provides further information on this topic.
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8.   Materials availability

Indicate whether there are restrictions on availability of 
unique materials or if these materials are only available 
for distribution by a for-profit company.

No unique materials were used.
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9.   Antibodies

Describe the antibodies used and how they were validated 
for use in the system under study (i.e. assay and species).

Following antibodies and dilutions were used for detecting the respective proteins: 
anti-ACKR1 (rabbit, 1:100, Sigma-Aldrich, hpa016421, lot number: R05967), anti-
Carbonic Anhydrase IX (rabbit, 1:1000, Novus, NB100-417, no lot number known), 
anti-CD31 (mouse, 1:50, Dako, M082301, lot number: 20049471), anti-Claudin-5 
(rabbit, 1:2000, Abcam, ab131259, lot number: GR236334-15, clone EPR7583), 
anti-COL1A (rabbit, 1:12000, Abcam, ab138492, lot number: GR247379-37, clone 
EPR7785), anti-COX4I2 (rabbit, 1:500, LSBio, LS-B9672, lot number: 57931), anti-
EDNRB (rabbit, 1:500, Sigma-Aldrich, hpa027546, lot number: R26734), anti-Hif-1 
alpha (rabbit, 1:1000, Abcam, ab2185, lot number: GR310634-1).  
Antibodies were verified to stain specific cell subtypes as identified by scRNA-seq, 
and to costain with established markers of endothelial cells or fibroblasts. Anti-
Carbonic Anhydrase IX (1), anti-CD31 (2), anti-COL1A (3) and anti-Hif-1 alpha (4) 
were moreover previously shown to stain their respective epitopes in 
immunohistochemistry of human tumours. 
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e26575 
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microenvironment score in gastric cancer. J Cancer Res Clin Oncol. 2017 143(5) 
p883 
 
4: Doublier et al. HIF-1 activation induces doxorubicin resistance in MCF7 3-D 
spheroids via P-glycoprotein expression: a potential model of the chemo-resistance 
of invasive micropapillary carcinoma of the breast. BMC Cancer. 2012 12 p4

10. Eukaryotic cell lines
a.  State the source of each eukaryotic cell line used. No eukaryotic cell lines were used.

b.  Describe the method of cell line authentication used. No eukaryotic cell lines were used.

c.  Report whether the cell lines were tested for 
mycoplasma contamination.

No eukaryotic cell lines were used.

d.  If any of the cell lines used are listed in the database 
of commonly misidentified cell lines maintained by 
ICLAC, provide a scientific rationale for their use.

No commonly misidentified cell lines were used.
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11. Description of research animals
Provide details on animals and/or animal-derived 
materials used in the study.

No animals were used.

Policy information about studies involving human research participants

12. Description of human research participants
Describe the covariate-relevant population 
characteristics of the human research participants.

All relevant information was summarized in Supplementary table 1.
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