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The molecular basis of disease progression from UV-induced precancerous
actinic keratosis (AK) to malignant invasive cutaneous squamous cell carci-
noma (cSCC) and potentially lethal metastatic disease remains unclear. DNA
sequencing studies have revealed a massive mutational burden but have yet to
illuminate mechanisms of disease progression. Here we perform RNAseq
transcriptomic profiling of 110 patient samples representing normal sun-
exposed skin, AK, primary and metastatic cSCC and reveal a disease con-
tinuum from a differentiated to a progenitor-like state. This is accompanied by
the orchestrated suppression of master regulators of epidermal differentia-
tion, dynamic modulation of the epidermal differentiation complex, remo-
delling of the immune landscape and an increase in the preponderance of
tumour specific keratinocytes. Comparative systems analysis of human c¢SCC
coupled with the generation of genetically engineered murine models reveal
that combinatorial sequential inactivation of the tumour suppressor genes
Tgfbr2, Trp53, and Notchl coupled with activation of Ras signalling progres-
sively drives cSCC progression along a differentiated to progenitor axis. Taken
together we provide a comprehensive map of the cSCC disease continuum and
reveal potentially actionable events that promote and accompany disease
progression.

Cutaneous squamous cell carcinoma (cSCC) represents a significant and
rising global health burden' and one of the commonest malignancies
with metastatic potential*’. Histological examination is used to assign
clinical definitions of AK premalignant disease or invasive cSCC. Clin-
icopathological staging is an important determinant of clinical pathway
decision making, although current staging systems have limited prog-
nostic utility*®. Surgical excision or radiotherapy are treatments of

choice for primary cSCC and adjuvant radiotherapy is used in certain
“high-risk” primary tumours’. In locally advanced and metastatic disease
not suitable for surgery or radiotherapy, responses to chemotherapy
and/or Epidermal Growth factor Receptor (EGFR) inhibitors are limited
and although anti-Programmed Cell Death 1 (PD1) checkpoint immu-
notherapy is now considered first line, 50% of individuals fail to respond’
highlighting the need for better treatment modalities.
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The genetic architecture of both premalignant AK and invasive
¢SCC is complex, with both displaying high mutational burdens and
mutational heterogeneity, copy number changes and shared genetic
alterations in some common driver genes® . Mutations of these driver
genes are also observable in clinically “normal” skin from sun exposed
and other body sites'" further complicating the potential of genotype
treatment selection decisions. Current estimates indicate that fewer
than 0.1% of individual AKs will progress to ¢SCC and that 3-5% of
primary cSCC have the potential to progress to life threatening
metastatic disease'. Previous cross species studies integrating gene
expression and genetic analysis have revealed potential mechanisms
of ¢SCC disease progression® but there remains a clear and urgent
need for a deeper understanding of the biological processes that
underpin disease progression not only for improved risk-stratification
to support rational deployment of treatment but also to identify new
possible therapeutic strategies.

Here we perform RNAseq on 110 samples spanning the spectrum
of human cSCC disease from normal sun exposed skin, AK, primary
¢SCC and metastasis and demonstrate that disease progression can be
represented as a continuum from a differentiated to a progenitor like
state. We catalogue the changes in genes, biological pathways, pro-
cesses and cell types through this continuum. Utilising genetically
engineered mouse models we recapitulate these events and demon-
strate that driver gene combinations dictate disease progression.

Results

Transcriptomic analysis defines gene expression profiles asso-
ciated with actinic keratosis (AK) and primary squamous cell
carcinoma (SCC)

To characterise the molecular mechanisms underpinning ¢SCC pro-
gression we performed bulk RNAseq analysis on 110 treatment-naive
patient samples representing normal sun exposed skin/peri-lesional
skin (n=26), AK (n=14), primary (n=66) and metastatic cSCC (n=4)
(Supplementary Data File 1). Principal Component Analysis (PCA)
demonstrated that normal, AK and primary cSCC diverge along
dimension 1 (Supplementary Fig. 1a). To characterise changes in gene
expression between clinical stage we performed differential gene
expression analysis comparing normal versus AK, AK versus primary
¢SCC and normal versus primary cSCC (Supplementary Data File 2).
This analysis identified unique subsets of genes defining each clinical
stage with the normal versus primary cSCC comparison generating the
largest number of differentially expressed genes. Subsequent gene set
enrichment analysis (GSEA) identified several molecular pathways and/
or processes significantly enriched in either normal, AK or primary
¢SCC samples (Supplementary Fig. 1b-d). These included marked
modulation of metabolic, proliferation and immune signalling pro-
cesses (Supplementary Data File 2). Importantly enrichment in cell
cycle related processes were observed in both the normal to AK and
normal to primary tumour comparisons indicating the hyperproli-
ferative nature of both pre-malignant and malignant disease (Supple-
mentary Fig. 1b, d). Extracellular matrix processes were altered in
normal-AK and AK-primary tumour transitions and cytokine, chemo-
kine and IFN signalling pathways were enriched in primary tumour
samples compared to both normal and AK samples indicating the
potential importance of these events in primary tumour formation
(Supplementary Fig. 1c, d). Our sample set contained several samples
that were collected from the same patients including 25 matched pairs
of normal skin and primary tumours (Supplementary Fig. 2a). We
performed matched sample differential gene expression analysis on
these samples (Supplementary Data File 3) and compared this to the
differential gene expression analysis of the whole normal and primary
tumour data set (normal skin n =26, primary tumour n=66). There
was considerable overlap of DEGs between these two analyses with
1357 downregulated and 915 upregulated genes (padj <0.05,
log2FC >1) in primary tumours compared to normal samples in both

analyses (Supplementary Fig. 2b). The whole sample set analysis
revealed an additional 343 downregulated and 567 upregulated genes
whereas the matched analysis revealed an additional 380 down-
regulated and 39 upregulated genes with the additional identification
of neuronal and muscle contraction processes identified in GSEA
analysis of the matched samples and IFNy and chemokine signalling
additionally identified in the whole sample set analysis (Supplemen-
tary Fig. 1d, 2¢) highlighting the strengths of both approaches to reveal
potentially important pathways and processes in disease progression.

A ¢SCC disease progression continuum is associated with the
orchestrated suppression of epidermal differentiation and the
induction of progenitor-like gene expression

Unsupervised hierarchical clustering and tSNE analysis of our RNaseq
samples revealed that samples clustered into two main distinct clus-
ters designated Class 1 and Class 2 (Supplementary Fig. 3a, b). Class
1 samples comprised predominantly normal skin and AK samples
whereas Class 2 samples comprised predominantly primary SCC and
metastasis samples. GSEA analysis revealed changes in metabolic and
immune processes with epidermis development and keratinization
highly enriched in Class 1 samples (Supplementary Fig. 3¢, Supple-
mentary Data File 4). The epidermis is a stratified self-renewing epi-
thelial tissue that acts as an important outer-barrier to both repel
foreign insults and maintain organismal homeostasis” and comprises
distinct layers of keratinocytes that represent a continuum of epi-
dermal differentiation. The keratinocytes of the epidermis arise from
resident stem cells located within the basal cell layer. Upon activation,
these stem cells exit the cell cycle and translocate into the supra-basal
compartment where they undergo progressive stages of differentia-
tion. Ultimately, keratinocytes terminally differentiate to form enu-
cleated lipid-embedded corneocytes that finally undergo cornification
to form the stratum corneum or outer skin.

The transcriptional changes underpinning human epidermal dif-
ferentiation have been mapped in fine detail. Specific sets of genes
defining progenitor cell populations, early differentiation and late
(terminal) differentiation (Fig. 1a) have been experimentally validated
using organotypic models'. We used GSEA to determine if the
orchestrated loss of epidermal differentiation observed in cSCC is
associated with the dysregulated expression of these specific gene sets
(Supplementary Data File 5). This demonstrated that normal skin and
AK are significantly enriched for genes associated with late epidermal
differentiation, whereas primary and metastatic SCC are significantly
enriched for genes associated with skin progenitor cells (Fig. 1b).
Similarly, we observed significant differences in late differentiation,
early differentiation and progenitor signature scores between Class 1
and Class 2 samples (Supplementary Fig. 3d). Our dataset includes
samples from immunocompetent and immunosuppressed patients,
but we observed no significant differences in early differentiation and
progenitor signature scores between these groups and only a modest
enrichment of late differentiation signature scores in immunosup-
pressed patients (Supplementary Fig. 3d).

The clear delineation of normal and AK from primary and
metastatic ¢SCC using the late epidermal and progenitor-like sig-
natures suggested that cSCC patient samples may represent a con-
tinuum of epidermal de-differentiation. In keeping with this notion,
¢SCC could be stratified into two broad patient groups representing
either a “Differentiated” or “Progenitor-like” state (Fig. 1c). Impor-
tantly, using a Differentiation-versus-Progenitor (DvP) signature
score we reveal that cSCC disease progression can be represented as
a disease continuum from a differentiated to a progenitor like state
(Fig. 1c, Supplementary Data File 5). Poorly differentiated (PD) pri-
mary cSCC tumours are associated with worse prognosis compared
to their well differentiated (WD) counterparts®. Moderately (MD) -
PD and PD samples were significantly associated with the
progenitor-like state (Kruskal-Wallis, p=0.031) indicating that
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Fig. 1| cSCC progression is associated with the orchestrated suppression of
epidermal differentiation and the induction of progenitor-like gene expres-
sion. a Diagram of the stratified layers of the skin epithelium and their associated
gene signatures (left panel). Consensus clustering of 110 human human samples
profiled by RNAseq identifies two classes of samples. b Boxplots demonstrating the
enrichment of Late Epidermal Differentiation, Early Epidermal Differentiation and
Progenitor gene signatures in normal (red, n=26), AK (blue, n=14), primary
(orange, n = 66) and metastatic cSCC (MET, green, n = 4). Boxplots are annotated by
a Kruskall-Wallis P value with P values <= 0.05 indicating a significant difference
between clinical designations. ¢ Heatmap showing the expression of genes asso-
ciated with late epidermal differentiation and a Progenitor-like state across a
spectrum of cSCC clinical designations. The genes shown in the heatmap represent
a Differentiation-Progenitor-like (DvP) signature which has been used to order
samples along an axis of late epidermal differentiation to progenitor-like gene
expression (DvP signature score). Patient Immune status (IC, immunocompetent,
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SCC samples. e Boxplots showing the estimated percentage of defined single cell
populations representing Normal Keratinocytes Differentiated, Tumour Keratino-
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tated by a Kruskall-Wallis P value with P values <= 0.05 indicating a significant
difference between clinical designations. f Donut charts showing the percent
tumour enrichment of defined single cell populations in bulk ¢cSCC samples stra-
tified by clinical designation. g Bar charts showing the enrichment of defined single
cell populations in bulk cSCC samples ordered according to the DP signature score
(KC, keratinocyte; Diff, differentiated; Cyc, cycling). Source data for b and e are
provided in the Source Data file.

progenitor score analysis may have primary tumour classification
utility (Supplementary Fig. 4a-c). Most progenitor-like samples (DvP
quartile 1) had greater tumour depth (Kruskal Wallis, p = 0.02, Sup-
plementary Fig. 4d) and tumour diameter (Kruskal Wallis,
p=0.0031, Supplementary Fig. 4e) but DvP score did not sig-
nificantly associate with invasion status, patient age at time of
sampling or sex (Supplementary Fig. 4f-h). The utility of repre-
senting cSCC disease progression as a continuum is also exemplified
by considering our matched samples of primary tumours and nor-
mal skin which are distributed across the DvP axis (Supplementary
Fig. 5a) and despite having overall significant differences in DvP
signature score and expression of LOR as an example signature gene
(Supplementary Fig. 5b, c) individual pairs of samples may show
similar signature scores or LOR expression.

Recently, Ji et al. have identified seven distinct single-cell kera-
tinocyte populations resident in normal skin and cSCC including a
unique population of tumour specific keratinocytes (TSK)". Using

Signature matrix and CIBERSORTx" analysis (Fig. 1d) we calculated
the proportions of these seven keratinocyte populations in our
sample set (Supplementary Data File 6). During progression through
normal-AK-SCC-Metastasis, we found a significant reduction in the
proportion of Normal Keratinocyte Differentiated cells (NKD) and an
increase in the proportion of TSKs (Fig. e, f) and the appearance of a
Tumour Keratinocyte Differentiated population (TKD) at the AK
stage (Fig. e, f). We also uncovered profound changes in keratino-
cyte populations during progression along the DvP continuum with
progenitor like samples containing a high proportion of TSKs
(20-80%) which progressively increase with progenitor like state
(Fig. 1g). Interestingly we observed a modulation of the tumour
keratinocyte cycling population across the continuum, the appear-
ance of the normal keratinocyte cycling population in progenitor
like samples and no notable changes in basal keratinocyte popula-
tions (Supplementary Fig. 6) and these observations warrant further
investigation.
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¢SCC progression is associated with the orchestrated gain and
loss of key molecular pathways and/or processes associated
with epidermal differentiation, immune signalling, metabolism
and progenitor-like cell states

To decipher the molecular pathways and/or processes underpinning
SCC progression we performed k-means clustering using the 2000
most significantly differentially expressed genes between clinical
designations. This analysis identified 15 clusters of co-ordinately
expressed genes (Supplementary Data File 7). Nine of these clusters
exhibited significant correlation with the DvP score (Fig. 2a). Gene
enrichment analysis demonstrated that the progression of SCC
involves the orchestrated suppression of epidermal differentiation
pathways (clusters 8, 3,11, 9 and 2) and induction of gene programmes
associated with cell proliferation, cell-cell communication, MET and
PDGF signalling pathways and immunomodulation (clusters 10, 1, 12
and 5) (Fig. 2b, Supplementary Data File 7). We also observed down-
regulation of metabolism associated processes, including fatty acids,
sphingolipid de novo biosynthesis (cluster 8), cytochrome P450
(cluster 3) and ion transport by P-type ATPases (Cluster 9) during
disease progression (Fig. 2a, b). GSEA and KEGG pathway analysis
revealed correlated switches in expression patterns of genes involved
in drug metabolism, fatty acid degradation, glycolysis and gluconeo-
genesis and glutathione metabolism (Supplementary Fig. 7a-d). To
further explore changes during the progression to a progenitor like
state we performed GSEA and GO ontology analysis when comparing
progenitor like samples (Quartile 1and 2) to differentiated like samples
(Quartiles 3 and 4) (Supplementary Fig. 8a, Supplementary Data File 8).
This also highlighted profound changes in metabolic processes with
suppression of lipid metabolic processes being particularly prominent

(Supplementary Fig. 8a, b). Taken together, these findings indicate a
switch from fatty acid and lipid metabolism to a glycolytic like state is
likely to occur coincident with the acquisition of a progenitor like state.

The orchestrated suppression of late epidermal differentiation
and induction of progenitor-like gene expression is mediated by
master regulators of epidermal differentiation

The progressive differentiation of keratinocytes, from stem cell to
corneocyte is governed by a complex network of transcriptional reg-
ulators including transcription factors (TFs) and long noncoding RNAs
(IncRNAs). The selective expression of these key transcriptional reg-
ulators within the epidermal striatum demarcates regions of differ-
entiation and progenitor self-renewal. Genetically non-redundant TFs
including GRHL3, ZNF750, KLF4 and PRDM1 drive terminal epidermal
differentiation’**?' whereas, epigenetic transcriptional regulators
such as PRMTI1, ACTL6A, DNMT1 and EZH2 are essential to repress
epidermal differentiation and maintain the progenitor state? .
LncRNAs TINCR and ANCR (DANCR) have also been shown to act as
important trans regulators of epidermal differentiation with TINCR
functioning as an important driver of epidermal differentiation and
ANCR acting as a progenitor-maintenance factor®*”.

To determine whether the progenitor-like state observed in
SCC is associated with the dysregulated expression of key drivers of
epidermal differentiation we profiled the expression of several fac-
tors including GRHL3, ZNF750, TINCR, KLF4 and PRDMI (Supple-
mentary Fig. 9a). Transcriptional promoters of epidermal
differentiation are significantly downregulated during SCC pro-
gression, whereas, TFs such as PRMTI, ACTL6A and SMARCAS that
maintain the progenitor state in self-renewing somatic tissues*>***
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Fig. 2 | ¢SCC progression is associated with the orchestrated gain and loss of
key molecular pathways and/or processes associated with epidermal differ-
entiation, cell-cell communication, metabolism, immune signalling and
progenitor-like cell states. a K-means clustering of normalised expression values
identifies 15 core gene clusters representing co-ordinately expressed sets of genes.
Heatmap shows gene expression levels of genes in 9 core co-expressed gene
clusters with samples ordered by DvP signature score. b Gene set enrichment
analysis showing significantly enriched molecular pathways and/or processes in the

9 core co-expressed gene clusters. Significance shown as bars -Logl0(P values)
Fischer’s exact test (two-sided) adjusted for multiple testing. ¢ Transcription factor
regulon activities correlate with keratinocyte population dynamics. Sets of TFs
regulons significantly (P values <= 0.05) correlated with percent enrichment of
defined indicated single cell populations as estimated by CIBERSORTx. Samples are
ordered by DP signature score with defined single cell enrichment estimates shown
in the top bar chart (see Fig. 1g).
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were significantly correlated with the progenitor-like state observed
in SCC. The delineation of TFs according to differentiation status
closely mirrored the selective expression of keratins (K), including
K1, K10, K5 and K14 (Supplementary Fig. 9a). K1 and K10 genes are
present in the late differentiation gene signature (Supplementary
Data File 5) and their expression demarcates the intermediated
spinous layer, whereas K5 and K14 are expressed in the basal layer.
Gene expression scores of master regulators of differentiation
(ZNF750, KLF4, TINCR) and associated signature scores of TINCR and
STAU negatively correlated with DP signature score (Supplementary
Fig. 9b, Supplementary Data File 9). In contrast, gene expression
signature scores of ACTL6A, DNMTI and PRMTI positively correlated
with DP signature score implicating them in controlling acquisition
of the progenitor like state (Supplementary Fig. 9b).

To further define the set of TFs involved in SCC progression we
performed TF network analysis. This analysis generates TF-centric
regulatory networks by inferring the set of co-expressed genes asso-
ciated with a given TF, thereby providing a link between the TF and a
set of putative transcriptional targets collectively referred to as a
“regulon”. To identify regulons significantly enriched in either the
Differentiated or Progenitor-like state, we performed VIPER (Virtual
Inference of Protein activity by Enriched Regulon) analysis (Supple-
mentary Data File 9). This identified 53 regulons (Pval <= 0.05) exhi-
biting significant Differentiated or Progenitor-like enrichment
(Supplementary Fig. 9¢, d). Coupled with TF Network analysis (Sup-
plementary Fig. 9e) this highlighted TFs representing putative “master
regulators” (MRs) of these two distinct transcriptional states. We next
interrogated TF regulon expression dynamics in relation to keratino-
cyte population dynamics. This revealed significant positive correla-
tions of TF regulons associated with NKD, TKD and TSK populations
that aligned with the differentiated and progenitor like states (Fig. 2c)
with activation of the TKD regulons pre-ceding activation of TSK TF
regulons and downregulation of the NKD TF regulons.

The orchestrated suppression of late epidermal differentiation
and induction of a progenitor-like state is associated with
dynamic changes in immune cell phenotypes

K-means clustering analysis demonstrated that immune pathways are
significantly enriched during SCC progression: in the progenitor like
state neutrophil degranulation, immune checkpoint signalling via PD1
and CTLA4 and TNF signalling are significantly overrepresented
(Fig. 2a). To further characterise the ¢SCC tumour immune micro-
environment (TME) we performed cell type enrichment analysis using
xCell®. This analysis identified 18 immune cell types significantly
altered during disease progression and coincident with the acquisition
of progenitor like characteristics (Fig. 3a; Supplementary Data File 10).
This encompassed the initiation of enrichment of innate immune cell
populations including dendritic cells (DC), neutrophils, monocytes,
macrophages and plasmacytoid dendritic cells (pDC). Modulation of
adaptive immune cells was also observed with enrichment of B cells
and Treg populations followed with the additional loss of basophils,
CD4+ Tem, CD4+ naive T cells and CD8 + T cells and enrichment of Th2
cells (Fig. 3a).

Significant changes in expression patterns of immune inhibitory
and stimulatory pathways were also observed coincident with immune
cell population changes (Fig. 3a, Supplementary Fig. 10a; Supple-
mentary Data File 10). Perhaps, most striking was upregulation of the
immune “inhibitory” factors including CD274, (Fig. 3a) BTLA, PDCDI,
SLAMF7, IL10, TIGIT, CTLA4, LAG3, PDCDILG2, IDOI and HAVCR2
(Supplementary Fig. 10a). This was followed by downregulation of
ARGl (Fig. 3a) and EDNRB and further enrichment of expression of
TGFpBI (Supplementary Fig. 10a) and CD276 (Fig. 3a). Coincident with
these changes was upregulation of immune “stimulatory” molecules
including CD28, CD27, CD40, CD8O0; the chemokines CXCL10, CXCL9,
and TNF pathway components including TNF, TNFRSFIB, 4, 9, 14 and

TNFSF4, 9, as well as interleukins /LIA and I/LIB (Supplementary
Fig. 10a). These changes were reflected in immune pathway alterations
including enrichment of scores for pathways and processes related to
immune checkpoints (for example PD1_Data, CTLA4 _Data), interferon
and STATI signalling and interleukin signalling (Supplementary
Fig. 10a). High correlations were observed across immune inhibitory
genes (Fig. 3b) with enhanced expression of several of these correlat-
ing with enrichment of TKD and TSK populations (Fig. 3¢c). These data
may explain the encouraging but limited response rates of cSCC to
single agent cepilimumab anti-PD1 treatment®**' and suggests that
combination checkpoint inhibition may enhance therapeutic
responses.

Our sample set included 22 tumour samples from immunosup-
pressed patients enabling us to interrogate potential changes in the
immune landscape between immunocompetent and immunocom-
promised patients. Several immune stimulatory and inhibitory path-
ways were significantly enriched in immunocompetent patients
(Supplementary Fig. 10b, Supplementary Data File 10). These analyses
also indicated that within both populations of immunosuppressed and
immunocompetent patient subsets of samples could be described as
immune active or immune silent showing high- or low-level expression
of these genes respectively (Supplementary Fig. 10b).

Modulation of The Epidermal Differentiation Complex precedes
and accompanies dynamic changes in the immune landscape
Interrogation of our k-means clustering and GSEA analysis revealed that
increased expression of genes in cluster 2 precedes or is coincident with
the dynamic changes in immunomodulatory pathways and processes
(Clusters 1, 12). Cluster 2 is enriched for pathways involved in formation
of the cornified envelope, keratinization, neutrophil degranulation as
well as antimicrobial peptides (Fig. 2a). Many of the genes critical for
cornified envelope formation and differentiation of the stratified epi-
dermis are encoded by the epidermal differentiation complex (EDC)
a-2Mb region on chromosome 1%2. Horizon plot analysis indicated
profound changes in EDC gene expression during cSCC progression
(Supplementary Fig. 11; Supplementary Data File 10) and heatmap
analysis revealed co-ordinated regulation of EDC genes with the DvP
axis (Fig. 3d). Genes located in the 5 region of the EDC include most of
those encoding late cornified envelope (LCE) proteins and are highly
expressed in differentiated samples and downregulated in the
progenitor-like samples (Fig. 3d). Genes located more 3’ in the EDC
include those which encode for the small proline rich proteins (SPRRs)
and the S100 family of calcium binding proteins and are expressed at a
low level in the most differentiated samples and are upregulated coin-
cident with the emergence of the TKD cell population (Fig. 3d). Notably
the most 3’ located EDC genes SIO0A2 and SI00AG6 are highly expressed
in progenitor-like samples (Fig. 3d). This switch in 5’ to 3’ EDC gene
expression patterns precedes and is coincident with the onset of
changes in the immune cell complement and dynamic changes in
immune modulatory gene expression (Fig. 3a, Supplementary Fig. 10a).
These findings suggest that dynamic changes in EDC gene expression
are associated with modulation of the immune landscape. Correlation
analyses supported this hypothesis as we observed significant positive
correlations between many of the 3’ EDC genes and immune cell
populations (for example neutrophils, monocytes, pDC and Th2 cells)
and immunomodulatory genes and processes (for example Type 1
interferon response, PD1 PDL1 Score, CD274, TGFf1) enriched in pro-
genitor like samples (Fig. 3e, Supplementary Data File 10).

Driver gene combinations dictate disease progression

The orchestrated sequence of events as disease progresses from a
differentiated to a progenitor like state are likely to be dictated by the
genetic changes caused by chronic UV damage. We have previously
interrogated the genetic landscape of 12 of our primary tumour cSCC
samples profiled by whole exome sequencing (WES)" (Fig. 4a). We
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Fig. 3 | The orchestrated suppression of late epidermal differentiation and
induction of a progenitor-like state is associated with dynamic changes in
immune cell infiltrates, immunomodulatory genes and correlates with epi-
dermal differentiation complex modulation. a Heatmap showing the relative
enrichment of immune cell types and/or phenotypes as defined by xCell across the
entire cSCC cohort. Area charts showing mean gene expression (lower panels) for
cohort samples ordered by DP signature score. Mean ARGI expression is sig-
nificantly downregulated as sample DP scores shift form late differentiation to
progenitor-like. In contrast, the mean gene expression of immune inhibitory factors
CD274 and CD276 show significant enrichment in samples with a high progenitor-
like score. b Pearson correlation analysis of immune inhibitory factors. ¢ Dot chart
showing inhibitory and stimulatory immunomodulatory factors significantly cor-
related with Normal_KC_Diff, Tumour_KC_Diff and TSK enrichment bulk tumour
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fractions. The size of each dot represents -loglO(Cor Pval) of the designated cor-
relation. Significance was determined by two-sided Pearson’s correlation test. P
values were not adjusted for multiple testing. d Heatmap showing the relative
expression of EDC genes. Samples are ordered by DP signature score and genes are
ordered by DP signature correlation. Percent single cell enrichment estimates are
shown in the top bar chart (see Figs. 1g, 2c). e Heatmap showing significant cor-
relations between EDC genes and immune cell type/phenotype enrichment scores.
Correlations are presented as -logl0 (Cor Pvalue) x sign (Cor) with red representing
a significant positive correlation and blue representing a significant negative cor-
relation. Pearson’s correlations are shown in the plot. Significance was determined
by two-sided Pearson’s correlation test. P values were not adjusted for multiple
testing. All correlations shown are significant.

found no correlation between DvP axis position and mutational bur-
den (Supplementary Fig. 12a; Supplementary Data File 11). We next
utilised CaSpER to identify and visualize copy number variation events
by integrative analysis® of our bulk RNA-seq data of our AK and cSCC
samples (Supplementary Fig. 12b, Supplementary Data File 11). This
revealed a marked increase in copy number alterations observed in
more progenitor like samples with a significant increase in the per-
centage of the genome altered with decreasing DvP quartile (Supple-
mentary Fig. 12b, ¢, Kruskal-Wallis, p = 4.5x107®). This is similar to our
previous CNV analysis of WES data which indicated MD/PD tumours
have a greater proportion of the genome altered by copy number
variations compared to WD tumours". Notable copy number losses of
3p and 9p and gains of 19p were observed in both analyses (Supple-
mentary Data File 11). 26% of genes affected by copy number loss (83
out of 315) also showed a significant down regulation of gene expres-
sion (padj<0.05) when comparing Quartile 1 and Quartile 2 samples to

Quartile 3 and Quartile 4 samples indicating a potential tumour sup-
pressor role for these genes (Supplementary Data File 11). Many
immunoglobulin heavy chain genes showed copy number gains and an
elevation of gene expression likely reflecting enhanced B cell infiltra-
tion in progenitor like samples. Excluding these, 31% of genes (14 out of
45) showed both a copy number gain and a significant elevation of
gene expression in progenitor like samples indicating potential
tumour promoter roles (Supplementary Data File 11).

Oncoprint analysis of functionally validated/implicated genetic
drivers of cSCC development of our samples previously also profiled
by WES revealed the possibility that combinations of driver gene
events may determine disease progression (Fig. 4a; Supplementary
Data File 11). We observed early loss of the tumour suppressor genes
TP53, NOTCHI, TGFBR1, TGFBR2 and subsequent activation of MAPK
signalling through mutational activation of KRAS (KRAS®*" mutation
in PD0O2) or HRAS (HRas®" mutation in PDO7). Analysis of 151 ¢cSCC
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Fig. 4 | Driver gene combinations dictate disease progression in murine
genetically engineered cSSC and recapitulate human disease progression.

a Oncoprint of selected driver genes in samples profiled by whole exome
sequencing" ordered by DP axis rank. b Schematic description of genetic crossing
strategies. Cre, cre recombinase, ER, estrogen receptor, loxp, Cre-lox recombina-
tion site. ¢, d Kaplan-Meier analysis of overall survival. Loss of Tgfbr2 coupled with
mutation/loss of TrpS53 drives skin tumorigenesis in mice (LPT, n=9; L = Lgr5, P =
Trp53, T = Tgfbr2) which is accelerated by loss of Notchl (LNPT, n =20, N=Notchl),
(p<0.001 [log rank Mantel-Cox test, chi square 25.13, df 1]) (c). Combinatorial

knock in of activated Kras®?® coupled with deletion of Tgfbr2 results in rapid skin

tumour formation (LKT, n=13, LT n =16, K=Kras®?®) (d). e Area charts showing
mean tumour cell type enrichment (top panel) and mean GEMM signature
enrichment (lower panels) for cohort samples ordered by DP signature score.
Genes significantly enriched (Pval <= 0.05 and logFC >= 2) in a specific mouse
genotype were used as signature genes for enrichment analysis. Single sample gene
set enrichment (ssGSEA) was employed to determine signature enrichment in bulk
human ¢SCC. Source data for ¢ and d are provided in the Source Data file.

tumour samples curated in Cbioportal’*** indicated TP53 mutations in
76%, NOTCHL1 in 55%, TGFBRI in 6%, TGFBR2 in 8% and mutation of
KRAS, HRAS and NRAS combined occurred in 17.6% of samples (Sup-
plementary Fig. 13). Consistent with involvement of these signalling
pathways in mediating disease progression we observed significant
negative correlation of TGFS, NOTCHI and TP53 signalling signatures
and positive correlation of ERK signalling signatures with DvP sig-
nature score with selective modulation of signalling components
occurring with disease progression including downregulation of TP53,
TGFBR2 and NOTCHI in progenitor like samples (Supplementary
Fig. 14; Supplementary Data File 12).

We and others have previously demonstrated that murine cSCCs
that phenotypically resemble human ¢SCCs can efficiently initiate from
the hair follicle Lgr5+ve stem cell compartment®* and that tumours
originating from these cells can show aggressive features®*° potentially
enabling us to model a broad spectrum of the cSCC disease continuum.
Therefore, to functionally validate these genetic events as drivers of
disease progression we targeted combinatorial inactivation of Tgfbr2,
Notchl, Trp53 and mutational activation of Kras and Trp53 to murine
Lgr5+ve stem cells using Lgr5-EGFP-Ires-Cre®™, Tgfbr2¥', Notch?™,
TrpS3', LSL-Trp53™7? and LSL-Kras®“ mice (Fig. 4b; Supplementary Data

File 13). Loss of Notchl alone or in combination with loss of Tgfbr2 or the
combination of loss and mutation of Trp53 did not result in significant
skin tumour formation (Supplementary Data File 13). Loss of Tgfbr2
coupled with Trp53loss/mutational activation (LPT mice) resulted in skin
tumour formation with long latency (median survival = 429 days)
(Fig. 4c). Additional loss of Notchl (LNPT mice) greatly accelerated skin
tumour formation (median survival =169 days, p<0.001 [log rank
Mantel-Cox test, chi square 25.13, df 1]) (Fig. 4c). Mutational activation of
Kras alone did not result in skin lesions, nor did deletion of Tgfbr2,
whereas the combination of Kras mutation coupled with loss of both
alleles of Tgfbr2 resulted in rapid skin tumour formation (LKT mice,
Fig. 4d, Median survival 54 days) consistent with our previous observa-
tions on deletion of TgfbrI*. The differentiation status of selected
tumours harvested at endpoint from these cohorts was assessed by
pathological analysis of haematoxylin and eosin (H&E) stained sections
from formalin fixed and paraffin embedded tumours (Supplementary
Fig. 15, Supplementary Data File 13). Most tumours were moderately
differentiated irrespective of genotype.

We performed bulk RNASeq analysis of snap frozen murine
tumours harvested at endpoint from our genetically engineered
mouse models (GEMMs) (Supplementary Data File 14). Genes
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significantly enriched (Pval <= 0.05 and logFC >= 2) in each specific
mouse genotype were used as signature genes for further enrichment
analysis (Supplementary Data File 14). We employed single sample
gene set enrichment (ssGSEA) to determine murine signature enrich-
ment in the human samples to disease position our GEMM s relative to
the human DvP axis and tumour cell populations. This analysis
revealed that LPT tumours represent early stages of the human cSCC
continuum (Fig. 4e, Supplementary Data File 14). Several LNPT tumour
signature genes show significant correlation with TKD genes, and these
tumours correspond with human samples spanning the middle of the
¢SCC continuum (Fig. 4e). Several LKT tumour signature genes show
significant overlap with several TSK genes and these tumours corre-
spond to human samples which are more progenitor like (Fig. 4e).

Conservation of dynamic changes in transcription factor
expression, EDC modulation and immune infiltration in murine
and human tumours

GSEA analysis revealed pathways and processes significantly altered
between our murine tumour genotypes (Supplementary Fig. 16a;
Supplementary Data File 14). Comparisons of LNPT with LPT mice
revealed alterations of GO terms associated with epidermal develop-
ment, neutrophil migration and cell signalling pathways and corre-
sponding changes in gene expression of TFs, cornification,
immunomodulatory and signalling pathway genes associated with
these processes (Supplementary Fig. 16b). Comparison of LKT
tumours with LNPT and LPT tumours revealed further changes in cell
differentiation, metabolism and immune processes with associated
changes in gene expression of many factors regulating these events
(Supplementary Fig. 16a-c). Differential gene expression analysis
between our GEMMs revealed dynamic changes in transcription factor
expression with notable changes in expression of NKD enriched fac-
tors DIxS and Tfap2c, TKD enriched factors Hifla and Mafb and TSK
enriched factors KIf7 and FoslI that also exhibited dynamic modulation
along the DP axis (Fig. 5a, Supplementary Fig. 16¢).

These analyses indicated that the changes we observe in human
samples that accompany disease progression are recapitulated in our
murine tumours. The murine EDC is encoded by a - 3.5 Mb region of
Chromosome 3 with many genes syntenic with their human
counterparts” (Supplementary Fig. 15d). We observed significant
changes in subsets of EDC genes between genotypes consistent with
dynamic changes in cornification/keratinisation genes (Supplemen-
tary Fig. 16c, d; Supplementary Data File 14) reminiscent of changes we
observe in human cSCC. We also observed many significant changes in
immune and inflammatory response genes across murine tumour
genotypes (Supplementary Fig. 16c) with notable correlations of EDC
genes and immune cell markers (Fig. 5b) such as $100a2 that we also
observed in human samples (Fig. 5¢, d and Fig. 3e). We performed
immunohistochemical analysis of immune cell markers in our murine
tumours to evaluate changes in immune cell population tumour infil-
tration associated with disease progression and driver gene combi-
nations (Supplementary Fig. 17). All tumours irrespective of genotype
displayed higher numbers of immune cells surrounding the periphery
of tumours (border) when compared to numbers infiltrating the
tumours (Fig. 5e). With disease progression from LPT to LNPT to LKT
genotypes we saw a decrease in CD3+ve T lymphocytes and significant
decreases in the number of CD4+ve T cells present both within and at
the margins of tumours (Fig. 5e, Supplementary Date File 15). A similar
trend in CD8+ve T cells was also observed (Fig. 5e). Macrophage
populations (F4/80 +ve cells) were variable but tended to increase in
LKT tumours and neutrophil populations (Lyé6g +ve) decreased
between LNPT and LPT tumours (Fig. 5e). Comparison of the ratio of
adaptive (CD4+ve and CD8+ve T cells) to innate immune cells (F4/80
and Lyé6G +ve cells) indicated a potential switch from an adaptive to an
innate like immune complement coincident with disease progression
(Fig. 5f). Remarkably, a similar assessment of xCell data from the

human RNAseq samples with whole exome data revealed the same
switch with analogous genotypes (Fig. 5f, Supplementary Data File 11).

Murine tumours induced by solar UV radiation of hairless mice
recapitulate the histopathogical features of human cSCC disease pro-
gression and are similarly genetically complex*. Intersection and
Uniform manifold Approximation and Projection (UMAP) of RNaseq
data from a UV radiation treated hairless mouse model® with our
genetically induced murine tumours indicates a remarkable overlap of
disease trajectories (Supplementary Fig. 18, Supplementary Data
File 16). Our LPT tumours represent very early disease and overlap with
chronic UV damaged skin (CHR), LNPT tumours span early disease
from CHR to papilloma formation and LKT tumours overlap with
invasive SCC in the UV model. This analysis provides further evidence
that the underpinning driver gene events dictate disease progression
regardless of the genetic complexity in which they take place and the
causative mechanism which generates them.

Given that the genetic events in our GEM models are targeted to
the murine Lgr5+ve hair follicle stem cell compartment and recapitulate
the human disease continuum we sought to mine our human data for
potential indicators of hair follicle stem cell fate. Deconvolution of our
bulk cSCC RNAseq data using human hair follicle cell state transcrip-
tional signatures representing 23 cell types/states* (Supplementary
Fig. 19a, Supplementary Data File 17) revealed down regulation of
interfollicular epidermis (IFE) granular and spinous.3 signatures with
acquisition of a progenitor like state (Supplementary Fig. 19b, Supple-
mentary Data File 17), consistent with our loss of differentiation sig-
natures described above. Concomitant with these changes were notable
increases in the IFE basal.2, IFE mitotic, lower bulge and outer root
sheath suprabasal (ORS.SB) signatures (Supplementary Fig. 19b, Sup-
plementary Data File 17). We observed significant increases in the pro-
portion of epithelial cells with an IFE basal.2 signature with transition
from normal skin to AK and primary tumour to metastatic disease states
(Supplementary Fig. 19¢) and progression from DvP quartile 3 to 2
(Supplementary Fig. 19d). Similarly, we observed significant increases in
the percentage of epithelial cells with an IFE mitotic signature from
normal skin to AK and from AK to primary tumour disease states
(Supplementary Fig. 19e) and a stepwise increase in their prevalence
during progression through the DvP quartiles (Supplementary Fig. 19f).
We also observed a significant increase in the percentage of epithelial
cells with a lower bulge signature in metastatic samples (Supplementary
Fig. 19g) and with transition through DvP quartiles (Supplementary
Fig. 18h). Primary tumour samples were also enriched for epithelial cells
with an ORS.SB signature (Supplementary Fig. 19i) and these were also
observed in the most progenitor-like samples (Supplementary Fig. 19j).
Recent studies indicate that both the lower bulge and ORS.SB cells
express Lgr5** (Supplementary Fig. 19a) implicating the possible invol-
vement of Lgr5+ve cells as well as IFE cells in human ¢SCC initiation/
progression. Taken together our findings suggest that regardless of the
mechanism that generates driver gene alterations or the cells in which
they take place it is the driver gene combinations that dictate cSCC
disease progression.

Discussion

¢SCC is the second most common skin cancer worldwide' with inci-
dence rates increasing by 5% per year in the UK*. The genomic land-
scape of ¢SCC is dominated by tumour suppressor gene loss and
contains few potentially actionable oncogenic events'. The frequency
and diversity of genetic alterations found in UV exposed skin, AK and
¢SCC has further hampered rational therapeutic strategy develop-
ment. Similarly, risk-stratified deployment of currently available ther-
apeutic and adjuvant strategies has been impacted by the limited
prognostic utility of current clinicopathologic staging systems. With
restricted treatment options for locally advanced or metastatic cSCC
once surgery/radiotherapy has failed, there is also an urgent need for
new targeted treatments or immunotherapeutic approaches. This is
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Fig. 5 | Conservation of transcription factor regulation, EDC modulation and
immune modulation in murine and human tumours. a Heatmaps of transcrip-
tion factors significantly enriched in the indicated genotypes (left panel). Tran-
scription factor enrichment plots in indicated human keratinocyte samples ordered
by DP axis. Selected conserved TFs between murine genotypes and human kera-
tinocyte populations are highlighted. b Heatmap showing significant murine EDC
gene correlations with immune cell marker gene expression. ¢ Box plot showing
S$100a2 expression in indicated murine tumours (LKT, n=12; LPT, n=6; LNPT,
n=12; L=LgrS, P=Trp53, T=Tgfbr2, N=Notchl, K= Kras®?). Plot is annotated with
Wilcoxon rank sum P value (two-sided) not adjusted for multiple testing. d Scatter
plots of Cd3b and Ly6g immune cell marker gene expression versus SI00a2 in
indicated murine tumours. Pearson’s correlations are shown in the plots. Sig-
nificance was determined by two-sided Pearson’s correlation test. P values were not

<3N,PT NPT PNR+PNTR

adjusted for multiple testing. The plots show a solid regression line and error bands
representing 95% confidence intervals. e Bar charts of immune cell populations
measured by IHC in GEMM models of CD3, CD4, CD8, F4/80 and Ly6G positive
populations. (LPT n=6; LNPT, n=6; LKT, n=10; shaded bars indicate tumour
centre, empty bars tumour border). Mean +/- SD are shown. *=p < 0.05, **p <0.01,
2-tailed Welch’s ¢ test. f Conservation of changes in the ratio of adaptive (CD4 and
CD8 +ve T cells) to innate immune cells (macrophages and neutrophils) assessed by
IHC in murine tumours (upper box plot) and human tumours assessed by Xcell
(lower box plot) of similar genotypes, TP53 mutation (P), NOTCH 1 or 2 mutation
(N), TGFBR1/TGFBR2 mutation (T), HRAS or KRAS mutational activation (R). Mean
+/-SD are shown (<3N, P, T n=5; NPT, n=5; PNR +PNTR, n=2) *=p<0.05,

**p < 0.01, 2-tailed Welch's ¢ test. Source data for ¢, e and f are provided in the
Source Data file.

particularly important for immunosuppressed organ transplant reci-
pients for whom ¢SCC are twice as likely to prove fatal’ and in whom
checkpoint inhibitor immunotherapy is relatively contraindicated
because of high risk of allograft rejection. These many unmet clinical
needs and challenges in ¢cSCC management require a much greater
understanding of its biological basis and the driving events of disease
progression.

Here we employed a systems biology approach to integrate bulk
RNASeq analysis of the largest cohort of human samples to date with
prior WES and single cell sequencing analysis coupled with integration
of genetically engineered murine models. We found that whilst lesions
broadly cluster with clinicopathologic definitions many samples cluster
atypically, notably including several AK samples which cluster with the
majority of cSCC and metastasis samples. These may represent AKs with
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a high chance of progression to cSCC. We therefore conclude that cSCC
disease progression is perhaps best classified as a disease continuum in
which lesions fall on a spectrum from more differentiated to a
progenitor-like state. Accompanying this progression are changes in the
frequency of recently identified distinct keratinocyte populations” with
the epithelial compartment of the most progenitor-like samples com-
prising 60-80% TSKs. Deconvolution analyses also revealed increases in
epithelial cells with gene expression signatures of IFE and Lgr5+ve
derived cell populations during disease progression indicating potential
tumour initiation in these cell compartments.

Mutations in driver genes, including NOTCH family members and
TP53 are detected at high frequency in apparently normal sun-exposed
skin. In fact, it is estimated that putative driver mutations exist at a
density of ~-140 driver mutations per square centimetre?. However,
while these mutations may drive skin cells one step closer to malig-
nancy, findings presented herein demonstrate that cSCC progression
necessarily involves defined combinations of driver mutations illu-
strated here with those targeting NOTCH, TGFpS, TP53 or RAS-MAPK
pathways. These findings suggest a model in which the acquisition of
combinatorial NOTCH, TGFB, TP53, RAS-MAPK mutational states
confers phenotypic advantages that promote the clonal expansion of
basal-like (progenitor) cells leading to patches of cells (lesions) that are
phenotypically altered. Recent studies comparing mutational rates of
NOTCHI in normal human skin and ¢SCC samples have suggested that
NOTCHI may not contribute to transformation™ and in the esophagus
NOTCHI loss promotes clonal expansion but can impair tumour
growth*¢. Our studies here clearly demonstrate that in the murine skin
at least, NOTCHI1 has tumour suppressor function. We did not observe
any correlation with mutational burden and human disease progres-
sion but did observe increased CNA alterations in more progenitor like
samples compared to more differentiated samples. This may reflect
loss of TP53 leading to genome instability as recently observed in
pancreatic ductal carcinoma®, but, if this is the case and if genome
instability per se contributes to disease progression in ¢cSCC warrants
further investigation. Our findings also reconfirm a tumour suppressor
role of TGFB signalling in cSCC*. Consistent with this, recent studies in
organotypic cultures indicate that loss of TGFf signalling may pro-
mote keratinocyte invasion®®, It is important to note that whilst we
observe correlation with loss of some TGFg signalling pathway com-
ponents with disease progression it is unlikely that this is obligate for
¢SCC formation and TGFp signalling may also play tumour promoting
roles by promoting EMT and/or immune escape® and this requires
further investigation in cSCC. Importantly, our findings suggest that
immune changes driven by combinations of somatic mutations pro-
mote the selection and expansion of mutant clones with keratinocyte
differentiated cell states associated with significant inflammation and
progenitor-like (basal) states associated with immune escape.

In addition, we demonstrate that changes in transcription factor
networks are dynamically modulated during human and murine dis-
ease progression and may control tumour growth and progression
towards a progenitor like state. Indeed, recent evidence has implicated
FOSL1 as important for proliferation of human SCC cell lines”. Tran-
scription factors such as MAFB and FOSLI are also likely master reg-
ulators of EDC genes which exhibit dynamic changes in expression
both early and throughout disease progression. How dysregulated
NOTCH and TGFg signalling cascades intersect with these transcrip-
tional programmes requires further investigation.

We observed profound modulation of the immune landscape
during progression along the DvP axis in both human and murine
samples with concomitant expression of immunomodulatory genes
and a switch from an adaptive to innate like immune profile with the
acquisition of a progenitor like state. The changes we observe in
immune cell populations in our human samples identified by xCELL
and in murine tumours by immunohistochemistry suggest a possible
tumour promoting role in cSCC disease progression, but this requires

future further in-depth analysis and functional interrogation. The EDC
genes themselves may directly influence the immune landscape of
tumours. S100 genes are known modulators of inflammation®® and our
data implicating members of this family in cSCC disease progression
requires further investigation. Recent clinical employment of PD-L1
immune checkpoint blockade in locally advanced and metastatic cSCC
has shown promise in a subset of cSCC***'. Here we observe frequent
co-expression of multiple checkpoint molecules indicating that com-
bination immune checkpoint therapies may be more effective in
management of disease. Our cross-species analysis indicates that dri-
ver gene combinations directly influence disease progression and, in
agreement with previous studies®”', that progressive activation of ERK
signalling provides a potential therapeutic target for cSCC. Finally,
further combinatorial analyses are required to indicate if panel-based
DNA analysis coupled with gene expression profiling may have utility
in predicting disease outcome in patients.

In summary, our study provides a framework and resource which
can be interrogated and exploited to not only understand the patho-
mechanisms of disease progression and improve prognostication
but also to further identify potential therapeutically actionable
vulnerabilities.

Methods

Collection of patient samples

This study was approved by the East of Scotland Research Ethics Ser-
vice (REC reference 08/S1401/69), The Ethics and Scientific Committee
of A. Sygros Hospital (Ref 2353/3-11-2016) and The University of Cali-
fornia, San Francisco Institutional Review Board and was conducted
according to the Declaration of Helsinki Principles. All patients parti-
cipating in the study provided written, informed consent. Punch
biopsies of samples were snap frozen in liquid nitrogen.

Human total RNA isolation

Frozen tissue was homogenised on dry ice using a 2 ml Kimble dounce
tissue grinder set (Sigma-Aldrich, D9063), suspended in RNA lysis
buffer from the Qiagen RNeasy Micro Kit (Qiagen, 74004) and passed
10 times through an 18 gauge syringe needle before proceeding with
RNA isolation according to the manufacturer’s protocol including the
optional DNA degradation step using the Qiagen RNase-Free DNase kit
(Qiagen, 79254). RNA quality was assessed on the Agilent 2100 bioa-
nalyser using the RNA 6000 nano kit (Agilent, 5067-1511).

Mouse total RNA isolation

Skin tumours were harvested and bisected with half placed into
RNAlater and snap frozen on dry ice. Tissue was homogenized using
the Precellys lysing kit (Bertin Instruments, KT03961-1-003-2) in a
Precellys Evolution tissue homogenizer. RNA was isolated using the
Qiagen RNeasy Mini Kit (Qiagen, 74104) according to the manu-
facturer’s protocol, including the optional DNA degradation step using
the Qiagen RNase-Free DNase kit (Qiagen, 79254). RNA integrity was
analysed with a NanoChip (Agilent RNA 6000 Nanokit; 5067-1511).

RNA sequencing

Human RNA sequencing analysis was performed as previously
described®. Briefly, the TruSeq Stranded Total RNA protocol (part no.
15031048 Rev. D April 2013) was used to generate sequencing libraries
from 500ng-1ug total RNA. RNAseq libraries were sequenced on the
HISeq2000 platform. Murine RNA sequencing libraries were prepared
from 2 pg of poly(A) selected RNA and were sequenced on an Illumina
NextSeq 500 sequencing system using the High-Output kit (75 cycles).
RNA sequencing raw read data was analysed using the nf-core/rnaseq
pipeline***. Sequencing reads were mapped to human genome
assembly GRCh38 or mouse genome assembly GRCm38 using STAR
aligner® to generate quality control (QC) metrics and gene counts.
Samples passing gold standard QC metrics were retained for further
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analysis. Gene counts representing individual tumours were subse-
quently processed using the DESeq2 R package®*’. Normalised LogR
values were generated from gene count data for downstream clus-
tering and statistical analyses. Differential Gene Expression (DGE)
analysis was performed using standard DESeq2 workflows.

Statistical plotting

Boxplots and bar plots were generated by R packages ggpubr®® and
bbplot®. Correlation plots were generated using the ggplot2 R
package®®®'. Heatmaps were generated using ComplexHeatmap®? and
circlize®* packages in R. Python graphing library Altair®* was used to
generate gene and GEMM signature density plots as well as immu-
noregulatory bubble charts. Horizon plots showing EDC gene expres-
sion were generated using R package Gviz2®. Correlation heatmaps
were generated using the corrplot R package®.

Clustering analysis

LogR normalised gene expression values were used for patient clus-
tering. Hierarchical, PCA and tSNE analyses were implemented by the R
packages, FactoMineR®’, factoextra®® and Rtsne®’, respectively. The
2000 most variable genes as determined by median absolute deviation
of the LogR normalised counts data were used for unsupervised
clustering.

Gene set enrichment analysis (GSEA) - human and mouse
RNAseq data

GSEA was performed using genes significantly and differentially
expressed between the indicated clinical designations or genetic
backgrounds. A cutoff of padj <= 0.05 & abs(log2FoldChange) >=
log2(2) was used to select genes for GSEA. The clusterProfiler’,
ReactomePA”, msigdbr’? and/or dnet’>’* R packages were used for
GSEA. Single sample gene set enrichment analysis (ssGSEA) was per-
formed using the GSVA”>’® and genefu”” R packages. ssGSEA scores
calculated for each sample were used for downstream statistical ana-
lysis and visualisation.

k-means clustering

Hierarchical k-means clustering was performed using normalised gene
expression representing the 2000 most differentially expressed
(unique) genes between clinical designations i.e normal versus pri-
mary, normal versus AK, AK versus primary using padj <= 0.05 &
abs(log2FoldChange) >= log2(2) as the gene selection cutoff. Hier-
archical k-means clustering was implemented by the hkmeans function
in the factoextra R package®®. The number of k clusters was estimated
by “gap” statistic using the cluster R package’®. The enrichment of a
given k-means cluster in a patient sample was determined using
ssGSEA as implemented by the GSVA R package”. Individual k-means
signature scores were then correlated with the DvP score. k-means
clusters were ranked according to their correlated enrichment scores
and visualisation.

Generation of differentiation versus progenitor (DvP) score
The DvP score was generated using early, late differentiated gene
signatures and progenitor gene signature sets derived from organo-
typic models of epidermal differentiation’®. Normalised gene expres-
sion values, representing the combined set of signature genes, were
clustered using the R package ConsensusClusterPlus’. This analysis
identified two stable clusters of patient samples which were subse-
quently used as classes to define a signature of significantly and dif-
ferentially expressed genes representing both the differentiated and
progenitor-like states. This set of genes is referred to as the DP sig-
nature gene set. The DP signature gene set was used to generate a
signed score (i.e., DP Score) using the function sig.score from the R
package genefu”” and to rank patients along a continuum of
differentiation.

RTN analysis

Transcription Factor network inference was performed using the RTN
R package®® as described in®'. Master regulators were identified using
the msviper function as implemented by the R viper package®. TF
regulon activity was calculated for each sample using the viper func-
tion. Inferred TF regulon activity scores were used for downstream
statistical analyses and visualisation. Regulon networks were visualised
using the R package RedeR%.

CIBERSORTXx and deconvolution analysis

CIBERSORTx analysis was implemented using the web framework
located at https://cibersortx.stanford.edu, which provides detailed
instructions for data input and computation®. Briefly, single cell RNA-
seq data representing individual normal and cSCC cell populations
obtained from Ji et al.” were used to define a signature matrix consisting
of barcode genes that discriminate normal and neoplastic cell subsets
of interest. This signature matrix was then applied to bulk RNA
expression profiles to infer cell type proportions within each patient
sample. Inferred cell type proportions were used for downstream ana-
lysis. Deconvolution of bulk cSCC RNAseq data using human hair follicle
cell state transcriptional signatures*> was performed using the Gene
expression deconvolution interactive online tool (GEDIT) found at:
http://webtools.mcdb.ucla.edu (Default settings). Cell state enrichment
scores for each patient sample were plotted in a barplot either together
(relative enrichment) or individually. Deconvolution of normalised gene
expression was also performed by the xCELL package in R* to identify
immune cell types and/or phenotypes enriched in patient samples.
Immune scores generated by the XCELL algorithm were used for
downstream statistical analysis and plotting.

Copy number variant analysis

Copy number variation analysis was carried out on bulk human RNaseq
data using CaSpER*® (with default settings). RNAseq data from normal
sun exposed skin or normal perilesional skin were used as controls.
Final copy number data was plotted in R using ggplot2.

GEMM signature and cSCC enrichment analysis

LKT, LPT and LNPT gene signatures were generated by filtering repre-
sentative differentially expressed genes exhibiting an adjusted P value
<=1e-3 and Log2 Fold Change >=1. Selected mouse signature genes were
then converted to a supported human gene ortholog using the msigdbr
R package’. Orthologous LKT, LPT and LNPT human gene signatures
were used to perform ssGSEA as described above to generate patient
specific enrichment scores. ssGSEA enrichment scores were subse-
quently used for downstream statistical analysis and visualisation.

Murine clustering analysis

UV induced mouse cSCC data® was intersected with scaled GEMM
RNAseq data in R, Uniform Manifold Approximation and Projection
(UMAP) was carried out on the combined data within R using the
package UMAP labelled with directlabels and visualised using
geplot2°98,

Murine studies

All animal experiments were performed in accordance with UK Home
Office regulations (project licence 70/8646), and adherence to the
ARRIVE guidelines, and were reviewed and approved by the Animal
Welfare and Ethical Review Board of the University of Glasgow. Mice
used were segregating for C57BL/6) and S129 background. Alleles used
throughout this study were: LgrS-cre-ER™, Tgfbr2'/¢, Kras®=P>’, TpS3",
TpS3RV728 - Notch#™°. A mix of males and females were used.
Recombination was induced with one intraperitoneal injection of 3 mg
Tamoxifen (Sigma) followed by one injection of 2 mg Tamoxifen daily
for three days. Mice were induced at 6-15 weeks of age, monitored
thrice weekly and humanely culled at clinical endpoint defined by
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tumour burden. Mice were censored at 550 days after initial Tamoxifen
injection. Mice of both sexes were included in the ageing cohorts.

Immunohistochemistry
Murine tumour tissues were fixed in 10% neutral-buffered formalin
overnight and embedded in paraffin. All Inmunohistochemistry (IHC)
staining was performed on 4 ym formalin fixed paraffin embedded
sections (FFPE) which had previously been heated at 60 °C for 2 h. The
following antibodies were used on a Leica Bond Rx autostainer: CD3
(Abcam, ab16669, clone SP7, 1:100), CD4 (eBioscience, 14-9766-82,
clone 4SM95 1:500), CD8 (eBioscience, 14-0808-82, clone 4SM15,
1:500), F4/80 (Abcam, ab6640, clone A3-1, 1:100) and LY6G (BioXcell,
BE0075-1, clone RB6-8CS5, 1:60,000). All FFPE sections underwent on-
board dewaxing (Leica, AR9222) and antigen retrieval using appro-
priate retrieval solution. Sections for F4/80 staining underwent anti-
gen retrieval using enzyme 1 solution (Leica, AR9551) for 10 minutes at
37°C. Sections for CD3, CD4, CD8, and Ly6G underwent antigen
retrieval using ER2 solution (Leica, AR9640) for 20 min at 95 °C. Sec-
tions were rinsed with Leica wash buffer (Leica, AR9590) before per-
oxidase block was performed using an Intense R kit (Leica, DS9263).
Sections for CD4, CD8 F4/80 and LY6G had the blocking solution
applied from the Rat ImnmPRESS kit (Vector Labs, MP-7404) for 20 min.
Sections were rinsed with wash buffer and then the primary antibody
applied at the optimal dilution (CD3, 1/100; CD4, 1/500; CDS, 1/500;
F4/80, 1/100; Ki67, 1/1000; Ly6G, 1/60,000). The sections were rinsed
with wash buffer and appropriate secondary antibody applied for
30 min. Sections for CD3, had Rabbit EnVision applied, CD4, CD8, F4/
80 and LY6G had Rat ImmPRESS secondary solution applied. The
sections were rinsed with wash buffer, visualized using DAB and then
counterstained with Haematoxylin in the Intense R kit.

For IHC analysis, stained slides were scanned on the Leica Aperio
AT2 slide scanner at 20x magnification. Image analysis was performed
using the Indica Labs HALO® image analysis platform (Indica Labs,
v3.1.1076.363) with the CytoNuclear v2.0.9 module. Briefly, the num-
ber of staining positive cells per mm? of tissue area was calculated,
where the area of the tumour/stroma border was classified as ~100 pm
either side of the border and the tumour centre as >200 pum from the
tumour/stroma border. For each segment 10 square regions of interest
(200 pum each side) were analyzed.

Statistical analyses

Statistical analysis of RNaseq data is described above. Statistical ana-
lysis for IHC analysis was performed with GraphPad Prism v9.0.0
(GraphPad Software) using two-tailed Welch’s ¢ test. Statistical com-
parisons of survival data were performed using the log-rank (Mantel-
Cox) test. For individual value plots, data are displayed as mean +/-
standard deviation. Statistical tests and corresponding P values are
indicated in the figure legends and figures.

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

Data availability

Murine transcriptomic data are publicly available through the Gene
Expression Omnibus (GEO) with the accession code GSE199070 and
human transcriptomic datasets are publicly available through the NCBI
BioProject (ID PRNJA844527). The remaining data are available within
the Article, Supplementary Information or source data file. Source data
are provided with this paper.

References

1. Urban, K., Mehrmal, S., Uppal, P., Giesey, R. L. & Delost, G. R. The
global burden of skin cancer: a longitudinal analysis from the Glo-
bal Burden of Disease Study, 1990-2017. JAAD Int. 2, 98-108 (2021).

10.

M.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Schmults, C. D., Karia, P. S., Carter, J. B., Han, J. & Qureshi, A. A.
Factors predictive of recurrence and death from cutaneous squa-
mous cell carcinoma: a 10-year, single-institution cohort study.
JAMA Dermatol. 149, 541-547 (2013).

Venables, Z. C. et al. Nationwide incidence of metastatic cutaneous
Squamous cell carcinoma in England. JAMA Dermatol. 155,
298-306 (2019).

Canueto, J. et al. Comparing the eighth and the seventh editions of
the American Joint Committee on Cancer staging system and the
Brigham and Women'’s Hospital alternative staging system for
cutaneous squamous cell carcinoma: Implications for clinical
practice. J. Am. Acad. Dermatol. 80, 106-113 €102 (2019).

Ruiz, E. S., Karia, P. S., Besaw, R. & Schmults, C. D. Performance of
the American Joint Committee on Cancer Staging Manual, 8th
Edition vs the Brigham and Women'’s Hospital Tumor Classification
System for Cutaneous Squamous Cell Carcinoma. JAMA Dermatol.
155, 819-825 (2019).

Venables, Z. C. et al. Validation of four cutaneous squamous cell
carcinoma staging systems using nationwide data. Br. J. Dermatol.
186, 835-842 (2022).

Keohane, S. G. et al. British Association of Dermatologists guide-
lines for the management of people with cutaneous squamous cell
carcinoma 2020. Br. J. Dermatol. 184, 401-414 (2021).
Chitsazzadeh, V. et al. Cross-species identification of genomic dri-
vers of squamous cell carcinoma development across pre-
neoplastic intermediates. Nat. Commun. 7, 12601 (2016).
Thomson, J. et al. The Genomic Landscape of Actinic Keratosis. J.
Invest. Dermatol. 141, 1664-1674.e1667 (2021).

Chang, D. & Shain, A. H. The landscape of driver mutations in
cutaneous squamous cell carcinoma. NPJ Genom. Med. 6, 61(2021).
Inman, G. J. et al. The genomic landscape of cutaneous SCC reveals
drivers and a novel azathioprine associated mutational signature.
Nat. Commun. 9, 3667 (2018).

Martincorena, |. et al. Tumor evolution. High burden and pervasive
positive selection of somatic mutations in normal human skin. Sci-
ence 348, 880-886 (2015).

Fowler, J. C. et al. Selection of Oncogenic Mutant Clones in Normal
Human Skin Varies with Body Site. Cancer Discov. 11, 340-361(2021).
Karia, P. S., Han, J. & Schmults, C. D. Cutaneous squamous cell
carcinoma: estimated incidence of disease, nodal metastasis, and
deaths from disease in the United States, 2012. J. Am. Acad. Der-
matol. 68, 957-966 (2013).

Segre, J. A. Epidermal barrier formation and recovery in skin dis-
orders. J. Clin. Invest. 116, 1150-1158 (2006).

Lopez-Pajares, V. et al. A LncRNA-MAF:MAFB transcription factor
network regulates epidermal differentiation. Dev. Cell 32,
693-706 (2015).

Ji, A. L. et al. Multimodal Analysis of Composition and Spatial
Architecture in Human Squamous Cell Carcinoma. Cell 182,
1661-1662 (2020).

Wang, Y. H. et al. A CIBERSORTx-based immune cell scoring system
could independently predict the prognosis of patients with mye-
lodysplastic syndromes. Blood Adv. 5, 4535-4548 (2021).

Hopkin, A. S. et al. GRHL3/GET1 and trithorax group members col-
laborate to activate the epidermal progenitor differentiation pro-
gram. PLoS Genet. 8, €1002829 (2012).

Sen, G. L. et al. ZNF750 is a p63 target gene that induces KLF4 to
drive terminal epidermal differentiation. Dev. Cell 22, 669-677
(2012).

Segre, J. A., Bauer, C. & Fuchs, E. Klf4 is a transcription factor
required for establishing the barrier function of the skin. Nat. Genet.
22, 356-360 (1999).

Bao, X. et al. CSNK1al Regulates PRMT1 to Maintain the Progenitor
State in Self-Renewing Somatic Tissue. Dev. Cell 43, 227-239.e225
(2017).

Nature Communications | (2023)14:5211

12


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE199070
https://www.ncbi.nlm.nih.gov/bioproject/?term=844527

Article

https://doi.org/10.1038/s41467-023-40822-9

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

Bao, X. et al. ACTL6a enforces the epidermal progenitor state by
suppressing SWI/SNF-dependent induction of KLF4. Cell Stem Cell
12, 193-203 (2013).

Sen, G. L., Reuter, J. A., Webster, D. E., Zhu, L. & Khavari, P. A. DNMT1
maintains progenitor function in self-renewing somatic tissue.
Nature 463, 563-567 (2010).

Ezhkova, E. et al. EZH1 and EZH2 cogovern histone H3K27 tri-
methylation and are essential for hair follicle homeostasis and
wound repair. Genes. Dev. 25, 485-498 (2011).

Kretz, M. et al. Control of somatic tissue differentiation by the long
non-coding RNA TINCR. Nature 493, 231-235 (2013).

Kretz, M. et al. Suppression of progenitor differentiation requires
the long noncoding RNA ANCR. Genes. Dev. 26, 338-343 (2012).
Tanis, S. E. J. et al. Splicing and Chromatin Factors Jointly Regulate
Epidermal Differentiation. Cell Rep. 25, 1292-1303.e1295 (2018).
Aran, D., Hu, Z. & Butte, A. J. xCell: digitally portraying the tissue
cellular heterogeneity landscape. Genome Biol. 18, 220 (2017).
Migden, M. R. et al. Cemiplimab in locally advanced cutaneous
squamous cell carcinoma: results from an open-label, phase 2,
single-arm trial. Lancet Oncol. 21, 294-305 (2020).

Migden, M. R. et al. PD-1 Blockade with Cemiplimab in Advanced
Cutaneous Squamous-Cell Carcinoma. N. Engl. J. Med. 379,
341-351 (2018).

Kypriotou, M., Huber, M. & Hohl, D. The human epidermal dif-
ferentiation complex: cornified envelope precursors, S100
proteins and the ‘fused genes’ family. Exp. Dermatol. 21, 643-649
(2012).

Serin Harmanci, A., Harmanci, A. O. & Zhou, X. CaSpER identifies
and visualizes CNV events by integrative analysis of single-cell or
bulk RNA-sequencing data. Nat. Commun. 11, 89 (2020).

Cerami, E. et al. The cBio cancer genomics portal: an open platform
for exploring multidimensional cancer genomics data. Cancer Dis-
cov. 2, 401-404 (2012).

Gao, J. et al. Integrative analysis of complex cancer genomics and
clinical profiles using the cBioPortal. Sci. Signal. 6, pl1 (2013).
Cammareri, P. et al. Inactivation of TGFbeta receptors in stem cells
drives cutaneous squamous cell carcinoma. Nat. Commun. 7,
12493 (2016).

Latil, M. et al. Cell-Type-Specific Chromatin States Differentially
Prime Squamous Cell Carcinoma Tumor-Initiating Cells for Epithe-
lial to Mesenchymal Transition. Cell Stem Cell 20, 191-204.e195
(2017).

Mauri, F. et al. NR2F2 controls malignant squamous cell carcinoma
state by promoting stemness and invasion and repressing differ-
entiation. Nat. Cancer 2, 1152-1169 (2021).

Pastushenko, I. et al. Identification of the tumour transition states
occurring during EMT. Nature 556, 463-468 (2018).

Pastushenko, I. et al. Fat1 deletion promotes hybrid EMT state,
tumour stemness and metastasis. Nature 589, 448-455 (2021).

de Guzman Strong, C. et al. A milieu of regulatory elements in the
epidermal differentiation complex syntenic block: implications for
atopic dermatitis and psoriasis. Hum. Mol. Genet. 19, 1453-1460
(2010).

Knatko, E. V. et al. Whole-Exome Sequencing Validates a Preclinical
Mouse Model for the Prevention and Treatment of Cutaneous
Squamous Cell Carcinoma. Cancer Prev. Res. 10, 67-75 (2017).
Takahashi, R. et al. Defining Transcriptional Signatures of Human
Hair Follicle Cell States. J. Invest. Dermatol. 140, 764-773.e764
(2020).

Polkoff, K. M. et al. LGRS is a conserved marker of hair follicle stem
cells in multiple species and is present early and throughout follicle
morphogenesis. Sci. Rep. 12, 9104 (2022).

Venables, Z. C. et al. Epidemiology of basal and cutaneous squa-
mous cell carcinoma in the U.K. 2013-15: a cohort study. Br. J.
Dermatol. 181, 474-482 (2019).

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

50.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

7.
72.

73.

74.

75.

Abby, E. et al. Notch1 mutations drive clonal expansion in normal
esophageal epithelium but impair tumor growth. Nat. Genet. 55,
232-245 (2023).

Baslan, T. et al. Ordered and deterministic cancer genome evolu-
tion after p53 loss. Nature 608, 795-802 (2022).

Ye, Z. et al. Characterization of TGF-beta signaling in a human
organotypic skin model reveals that loss of TGF-betaRIl induces
invasive tissue growth. Sci. Signal. 15, eab02206 (2022).

Chen, S. Y., Mamai, O. & Akhurst, R. J. TGFbeta: Signaling Blockade
for Cancer Immunotherapy. Annu. Rev. Cancer Biol. 6, 123-146
(2022).

Xia, C., Braunstein, Z., Toomey, A. C., Zhong, J. & Rao, X. S100
Proteins As an Important Regulator of Macrophage Inflammation.
Front. Immunol. 8, 1908 (2017).

Adelmann, C. H. et al. MEK Is a Therapeutic and Chemopreventative
Target in Squamous Cell Carcinoma. J. Invest. Dermatol. 136,
1920-1924 (2016).

Bailey, P. et al. Genomic analyses identify molecular subtypes of
pancreatic cancer. Nature 531, 47-52 (2016).

Ewels, P. A. et al. The nf-core framework for community-curated
bioinformatics pipelines. Nat. Biotechnol. 38, 276-278 (2020).
nf-core/rnaseq: nf-core/rnaseq v3.5 - Copper Chameleon v. 3.5
(Zenodo, 2021).

Dobin, A. et al. STAR: ultrafast universal RNA-seq aligner. Bioinfor-
matics 29, 15-21 (2013).

Love, M., Anders, S. & Huber, W. DESeq2: Differential gene
expression analysis based on the negative binomial distribu-

tion. (2021).

Love, M. ., Huber, W. & Anders, S. Moderated estimation of fold
change and dispersion for RNA-seq data with DESeq2. Genome Biol.
15, 550 (2014).

Kassambara, A. ggpubr: ggplot2 Based Publication Ready

Plots. (2020).

Stylianou, N., Dahlgreen, W. W. D. B. C. U., Cuffe, R.R. C. B. C. U.,
Calver, T. & Mpini, R. bbplot: MAKING GGPLOT GRAPHICS IN BBC
NEWS STYLE. (2022).

Wickham, H. ggplot2: Elegant Graphics for Data Analysis. (Springer-
Verlag, New York, 2016).

Wickham, H. et al. ggplot2: Create Elegant Data Visualisations Using
the Grammar of Graphics. (2021).

Gu, Z. ComplexHeatmap: Make Complex Heatmaps. (2021).

Gu, Z. circlize: Circular Visualization. (2021).

VanderPlas, J. et al. Altair: Interactive statistical visualizations for
python. J. open. source Softw. 3, 1057 (2018).

Hahne, F. et al. Gviz: Plotting data and annotation information along
genomic coordinates. (2021).

Wei, T. & Simko, V. R package ‘corrplot’: Visualization of a Correlation
Matrix. (2021).

Husson, F., Josse, J., Le, S. & Mazet, J. FactoMineR: Multivariate
Exploratory Data Analysis and Data Mining. (2020).

Kassambara, A. & Mundt, F. factoextra: Extract and Visualize the
Results of Multivariate Data Analyses. (2020).

Krijthe, J. Rtsne: T-Distributed Stochastic Neighbor Embedding
using a Barnes-Hut Implementation. (2018).

Wu, T. et al. clusterProfiler 4.0: A universal enrichment tool for
interpreting omics data. Innov 2, 100141 (2021).

Yu, G. ReactomePA: Reactome Pathway Analysis. (2021).

Dolgalev, |. msigdbr: MSigDB Gene Sets for Multiple Organisms in a
Tidy Data Format. (2021).

Fang, H. & Gough, J. dnet: Integrative Analysis of Omics Data in
Terms of Network, Evolution and Ontology. (2020).

Fang, H. & Gough, J. The ‘dnet’ approach promotes emerging
research on cancer patient survival. Genome Med. 6, 64 (2014).
Guinney, J. & Castelo, R. GSVA: Gene Set Variation Analysis for
microarray and RNA-seq data. (2021).

Nature Communications | (2023)14:5211

13



Article

https://doi.org/10.1038/s41467-023-40822-9

76. Hanzelmann, S., Castelo, R. & Guinney, J. GSVA: gene set variation
analysis for microarray and RNA-Seq data. BMC Bioinforma. 14,

7 (2013).

77. Gendoo, D. M. et al. Genefu: an R/Bioconductor package for com-
putation of gene expression-based signatures in breast cancer.
Bioinformatics 32, 1097-1099 (2016).

78. Maechler, M., Rousseeuw, P., Struyf, A. & Hubert, M. cluster:
“Finding Groups in Data”: Cluster Analysis Extended Rousseeuw
et al., (2021).

79. Wilkerson, M. D. & Hayes, D. N. ConsensusClusterPlus: a class dis-
covery tool with confidence assessments and item tracking. Bioin-
formatics 26, 1572-1573 (2010).

80. Groeneveld, C. et al. RTN: Reconstruction of Transcriptional reg-
ulatory Networks and analysis of regulons. (2021).

81. Castro, M. et al. Regulators of genetic risk of breast cancer identi-
fied by integrative network analysis. Nat. Genet. 48, 33 (2016).

82. Alvarez, M. J. viper: Virtual Inference of Protein-activity by Enriched
Regulon analysis. (2021).

83. Castro, M., Wang, X. & Markowetz, F. RedeR: Interactive visualization
and manipulation of nested networks. (2021).

84. Becht, E. et al. Dimensionality reduction for visualizing single-cell
data using UMAP. Nat. Biotechnol. https://doi.org/10.1038/nbt.4314
(2018).

85. Barker, N. et al. Identification of stem cells in small intestine and
colon by marker gene Lgr5. Nature 449, 1003-1007 (2007).

86. Leveen, P. et al. Induced disruption of the transforming growth
factor beta type Il receptor gene in mice causes a lethal inflam-
matory disorder that is transplantable. Blood 100, 560-568 (2002).

87. Jackson, E. L. et al. Analysis of lung tumor initiation and progression
using conditional expression of oncogenic K-ras. Genes. Dev. 15,
3243-3248 (2001).

88. Olive, K. P. et al. Mutant p53 gain of function in two mouse models
of Li-Fraumeni syndrome. Cell 119, 847-860 (2004).

89. Yang, X. et al. Notch activation induces apoptosis in neural pro-
genitor cells through a p53-dependent pathway. Dev. Biol. 269,
81-94 (2004).

Acknowledgements

We thank the Core Services and Advanced Technologies at the Cancer
Research UK Beatson Institute (A31287 and C596/A17196) and particu-
larly the Biological Services Unit, Histology Service and Molecular
Technologies. G.J.I and members of his laboratory were supported by
Cancer Research UK (A29802). O.J.S and members of his laboratory
were supported by Cancer Research UK (A21139 and DRCQQR-
May21\100002). K.B was supported by Cancer Research UK (A29799).
M.T-T was supported by a Cancer Research UK MB-PhD studentship, M.B
was supported by a British Skin Foundation PhD studentship and D.S.
and P.B were supported by from the European Union’s Horizon 2020
Research and Innovation Program under the Marie Sktodowska-Curie
grant agreement No 861196 designated for PRECODE.

Author contributions

P.B. performed and designed the bioinformatics analysis with some
assistance from M.T-T., M.B. and D.S. R.A.R., P.C. performed in-vivo
experiments supervised by K.B. and O.J.S. U-M.B. performed human
RNaseq, C.S. analysed murine IHC. W.R reviewed murine tumour
pathology. K.P isolated human RNA samples. J.T collated sample clinical
data. R.J. performed murine RNAseq. A.D.C., R.A.R. and P.C. analysed
murine tumour incidence. E.D., A.J.S., S.T.A., C.M.P., C.A.H. provided
human samples. C.M.P., C.A.H., 0.J.S., LM.L., and G.J.| conceived and
designed the study and obtained funding. P.B. and G.J.I. wrote the
manuscript and all authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-023-40822-9.

Correspondence and requests for materials should be addressed to
Peter Bailey, Irene M. Leigh or Gareth J. Inman.

Peer review information Nature Communications thanks Anna Mandi-
nova, Rutao Cui and the other, anonymous, reviewer(s) for their con-
tribution to the peer review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2023

School of Cancer Sciences, University of Glasgow, Glasgow G611QH, UK. 2Department of Surgery, University of Heidelberg, Heidelberg 69120, Germany.
3Section Surgical Research, University Clinic Heidelberg, Heidelberg 69120, Germany. “Cancer Research UK Beatson Institute, Glasgow G611BD, UK.
SEdinburgh Medical School, University of Edinburgh, Edinburgh EH16 4TJ, UK. 8Faculty of Medicine and Dentistry, Queen Mary University of London, London
E11BB, UK. "Department of Dermatology, Royal London Hospital, Barts Health NHS Trust, London E11BB, UK. 85t John’s Institute of Dermatology, St Thomas's
Hospital, London SE1 7EP, UK. ®1st Department of Dermatology and Venereology, Andreas Sygros Hospital, Medical School, National and Kapodistrian
University of Athens, Athens 16121, Greece. "°Department of Dermatology, University of of California at San Francisco, San Francisco, CA, USA. "Molecular and
Clinical Medicine, School of Medicine, University of Dundee, Dundee DD1 4HN, UK. "Present address: Cancer Research UK Scotland Centre, Institute of
Genetics and Cancer, University of Edinburgh, Edinburgh EH4 2XR, UK. "®*Present address: German Cancer Research Centre (DKFZ), Heidelberg 61920,
Germany. e-mail: Peter.Bailey.2@glasgow.ac.uk; i.m.leigh@gmul.ac.uk; Gareth.Inman@glasgow.ac.uk

Nature Communications | (2023)14:5211 14


https://doi.org/10.1038/nbt.4314
https://doi.org/10.1038/s41467-023-40822-9
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
mailto:Peter.Bailey.2@glasgow.ac.uk
mailto:i.m.leigh@qmul.ac.uk
mailto:Gareth.Inman@glasgow.ac.uk

	Driver gene combinations dictate cutaneous squamous cell carcinoma disease continuum progression
	Results
	Transcriptomic analysis defines gene expression profiles associated with actinic keratosis (AK) and primary squamous cell carcinoma (SCC)
	A cSCC disease progression continuum is associated with the orchestrated suppression of epidermal differentiation and the induction of progenitor-like gene expression
	cSCC progression is associated with the orchestrated gain and loss of key molecular pathways and/or processes associated with epidermal differentiation, immune signalling, metabolism and progenitor-like cell states
	The orchestrated suppression of late epidermal differentiation and induction of progenitor-like gene expression is mediated by master regulators of epidermal differentiation
	The orchestrated suppression of late epidermal differentiation and induction of a progenitor-like state is associated with dynamic changes in immune cell phenotypes
	Modulation of The Epidermal Differentiation Complex precedes and accompanies dynamic changes in the immune landscape
	Driver gene combinations dictate disease progression
	Conservation of dynamic changes in transcription factor expression, EDC modulation and immune infiltration in murine and human tumours

	Discussion
	Methods
	Collection of patient samples
	Human total RNA isolation
	Mouse total RNA isolation
	RNA sequencing
	Statistical plotting
	Clustering analysis
	Gene set enrichment analysis (GSEA) – human and mouse RNAseq data
	k-means clustering
	Generation of differentiation versus progenitor (DvP) score
	RTN analysis
	CIBERSORTx and deconvolution analysis
	Copy number variant analysis
	GEMM signature and cSCC enrichment analysis
	Murine clustering analysis
	Murine studies
	Immunohistochemistry
	Statistical analyses
	Reporting summary

	Data availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




