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Single-cell multiomics profiling reveals
heterogeneous transcriptional programs and

microenvironment in DSRCTs
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e DSRCT cell heterogeneity is driven, at least in part, by
transcriptional plasticity

e Metabolic and lineage programs are two major components
of DSRCT heterogeneity

e Both cell-intrinsic and -extrinsic mechanisms drive
transcriptional variability

e ScRNA-seg-derived signatures predict outcome, highlighting
intertumor heterogeneity
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In brief

DSRCT is a rare sarcoma subtype of
dismal prognosis driven by the aberrant
transcription factor EWSR1::WT1. Using
single-cell RNA-sequencing and an

in vitro modeling of EWSR1::WT1 activity,
Henon et al. show that DSRCT cells are
characterized by partly overlapping cell-
dependent and microenvironment-
dependent transcriptional programs,
whose variable expression has
prognostic significance.
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SUMMARY

Desmoplastic small round cell tumor (DSRCT) is a rare, aggressive sarcoma driven by the EWSR1::WT1
chimeric transcription factor. Despite this unique oncogenic driver, DSRCT displays a polyphenotypic
differentiation of unknown causality. Using single-cell multi-omics on 12 samples from five patients,
we find that DSRCT tumor cells cluster into consistent subpopulations with partially overlapping
lineage- and metabolism-related transcriptional programs. In vitro modeling shows that high
EWSR1::WT1 DNA-binding activity associates with most lineage-related states, in contrast to glycolytic
and profibrotic states. Single-cell chromatin accessibility analysis suggests that EWSR1::WT1 binding
site variability may drive distinct lineage-related transcriptional programs, supporting some level of
cell-intrinsic plasticity. Spatial transcriptomics reveals that glycolytic and profibrotic states specifically
localize within hypoxic niches at the periphery of tumor cell islets, suggesting an additional role of tu-
mor cell-extrinsic microenvironmental cues. We finally identify a single-cell transcriptomics-derived
epithelial signature associated with improved patient survival, highlighting the clinical relevance of
our findings.

INTRODUCTION disease traditionally develops in the abdominopelvic cavity and

spreads in the form of multiple peritoneal nodules and distant
Desmoplastic small round cell tumor (DSRCT) is arare soft tissue  metastases.>® Despite aggressive multimodal therapeutic ap-
sarcoma (STS) subtype related to the small round cell sarcomas  proaches, DSRCT is a devastating malignancy whose prognosis
(SRCSs) entity.! DSRCT affects young adults, with a median age  remains dismal, with a median overall survival of approximately

of 27 years and a 3 to 5:1 male-to-female sex ratio.” The two years.>"™®
:L Cell Reports Medicine 5, 101582, June 18, 2024 © 2024 Published by Elsevier Inc. 1
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At the molecular level, DSRCT is characterized by the patho-
gnomonic t(11; 22) (p13; q12) translocation, which fuses the N-ter-
minal domain of EWSR1 with the C-terminal part of WT1. The
resulting chimeric EWSR1::WT1 protein acts as an aberrant tran-
scription factor (TF), activating various oncogenic pathways, such
as cell proliferation, survival, and migration.'®"?. EWSR1:WT1
represents the primary and unique driver of DSRCT, which other-
wise displays a low mutational burden'®~"® and very few recurrent
secondary alterations (e.g., FGFR4, ARID1A, TERT, TP53'*'618)
or copy number variations.'” Histologically, DSRCT presents as
nests of small round blue tumor cells surrounded by a desmoplas-
tic stroma. Interestingly, despite tumor cell monotonous aspect,
they exhibit a polyphenotypic differentiation, with positive immu-
nohistochemical staining for epithelial, neural, mesenchymal,
and myogenic markers. Intriguingly, recent findings in Ewing sar-
coma, the prototypic EWSR1::FLI1-driven SRCS, revealed that
variations in EWSR1::FLI1 activity influenced metabolic, prolifera-
tive, and migratory states of tumor cells.'®*° Such heterogeneity
has yet to be explored in DSRCT.

To gain insight into DSRCT heterogeneity, we characterized
multiple patient samples by single-cell multi-omics and spatial
and bulk transcriptomics, and integrated our findings with
in vitro modeling characterizing DSRCT cells transcriptome
and chromatin landscape upon EWSR1::WT1 modulation. By
focusing on tumor cell-intrinsic plasticity, EWSR1::WT1-depen-
dent transcriptome rewiring, and the interplay between DSRCT
tumor cells and their microenvironment, we uncover mecha-
nisms underlying DSRCT cell lineage and metabolic plasticity.
We further identify the prognostic significance of a single-cell
transcriptomics-derived epithelial signature in two independent
cohorts of DSRCT patients.

RESULTS

Single-cell RNA-sequencing deciphers DSRCT cellular
composition

To comprehensively investigate DSRCT intra- and intertumor
heterogeneity, we characterized: (1) 10 fresh human DSRCT
samples and one juxtatumoral peritoneal sample using the
droplet-based®’ 10x Genomics Chromium 3’ single-cell (sc)
RNA-sequencing assay (3’ scRNA-seq); (2) one fresh tumor
sample by single-nucleus (sn) Multiome assay (snMultiome),
combining single-nucleus RNA-sequencing (snRNA-seq) and
single-nucleus assay for transposase-accessible chromatin
with sequencing (snATAC-seq); (3) 10 single-cell assays’
matched samples by bulk whole exome sequencing (WES);
and (4) 29 archived frozen DSRCT samples by bulk RNA-seq
(Figures 1A and 1B; Tables S1A and S1B).

To investigate intratumor heterogeneity, we integrated the 11
independent 3’ scRNA-seq datasets and generated a unique 3
scRNA-seq dataset (“Int_sc” dataset). After quality control and
filtering, we identified 51,671 high-quality cells, including 3,063
cells from the juxtatumoral peritoneal sample, with a median
of 1,971 expressed genes per cell. Gene expression-based
clustering allowed to identify different cell types (Figures 1C,
1D, and S1A; Tables S2A-S2C). Tumor cells (n = 44,781)
(Table S2A), were confidently labeled based on the expression
of two previously described and complementary DSRCT-spe-
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cific genetic features: the top 10 DSRCT marker genes inferred
from differential gene expression (DGE) analysis between
DSRCT and a subset of sarcoma histotypes® (Figure 1D), and
DSRCT-specific neotranscripts®® (Figure 1E). Non-malignant
cell types were labeled using expression of canonical markers.
These included cancer-associated fibroblasts (CAFs) (n =
2,360; expressing COL1A1/SPARC/THY1), myeloid cells (n =
1,966; expressing C1QA/CD68/CD163), lymphoid (NK and T)
cells (n = 1,126; expressing NKG7/IL7R/IL32/CD52/CDSE),
mesothelial cells (n = 784; expressing CAV1/CALB2/MSLN),
and endothelial cells (n = 654; expressing FABP4/VWF/PE-
CAMT1) (Figures 1F and 1G; Table S2A). After excluding the IC1
site#1 juxtatumoral sample, malignant cells represented 92%
of detected cells, while the two major microenvironment cell
types—CAFs and myeloid cells—represented less than 5%
and 4% percent of total cells, respectively. Top marker genes
of DSRCT malignant cells were highly concordant with the
ones previously described (e.g., APOA1/CCL25/GJB2/GAL??)
(Figure 1G). This single-cell derived cell type composition was
in line with the known histological and immunohistochemical
profile of DSRCT, harboring a paucicellular desmoplastic stroma
mainly composed of CD68*/CD163* macrophages, CD90*
(THY1) CAFs, and extremely rare lymphocytes (Figure 1H). To
investigate cell type composition at a wider scale, we applied
CIBERSORTx?* deconvolution to a cohort of 29 DSRCT samples
profiled by bulk RNA-seq. The latter showed variable propor-
tions of tumor cells, CAFs, and myeloid cells, while lymphoid
cells, endothelial cells, and mesothelial cells consistently re-
mained virtually undetectable (Figure 11). We noted a discrep-
ancy in the proportion of CAFs between the scRNA-seq dataset
and the bulk RNA-seq deconvolution, which might either reflect
sampling biases (frozen biopsy samples were mainly used for
RNA-seq, whereas larger resection surgery specimens were
used for scRNA-seq) and/or cell-type-dependent variable sensi-
tivity to tissue dissociation used for single-cell suspension
preparation.

DSRCT tumor cells harbor specific lineage- and
metabolic-related states

We first focused on dissecting tumor cell heterogeneity, using
gene expression-based clustering in individual and Int_sc data-
sets. Since we observed a high consistency of identified clusters
between datasets—from both individual patients and synchro-
nous distinct tumor sites—confirmed by the fact that nearly
each of the Int_sc clusters contained cells from every sample,
we further focused on the Int_sc dataset (Figures 1C, S1A,
and 2A; Table S2B).

This allowed us to delineate 13 tumor cell clusters (Figures 2A
and S1A): six lineage-, two metabolic-, and five pseudostate-
related clusters. Lineage-related clusters included (1) one multi-
lineage differentiation cluster (Multidiff ASCL1 - 0), character-
ized by multilineage gene expression and the proneural ASCL1
marker gene; (2) two mesenchymal clusters (Mesenchymal_fib-
rosis - 8 and Mesenchymal_secretion - 11) respectively defined
by overexpression of CHI3L1/IQCG/IGFBP5/ACTA2, and CCK/
TNNT3/PTGDS; (3) one epithelial cluster (Epithelial_mesenchy-
mal - 4), harboring concomitant expression of epithelial (e.g.,
CLDN3/CDH1/MUC16) and mesenchymal (e.g., MB/ACTA2)
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Figure 1. ScCRNA-seq recapitulates DSRCT cellular composition

(A) DSRCT bulk and single-cell multiomic profiling.

(B) Patient and sample characteristics. L1: one prior treatment line; L2: two prior treatment lines.

(C) Uniform Manifold Approximation and Projection (UMAP) showing Int_sc dataset sample-of-origin.
(D) UMAP showing DSRCT signature score.
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E) UMAP showing DSRCT neotranscripts expression.

F) UMAP (left panel) and barplot (right panel) highlighting DSRCT cell subpopulations.

G) Heatmap showing expression Z-score of the top 50 DEGs of Int_sc cell types.

H) H&E and IHC stainings for THY1, CD68/CD163, and CD3. The scale bar is displayed in the bottom left corner of each panel, representing 1 mm in the top panel
and 200 pm in the four lower panels.

(I) DSRCT bulk RNA-seq cell subpopulation deconvolution.

markers; (4) two neural/neuronal-related clusters: one neuronal/  expression atlas® (see STAR methods™®) onto the Int_sc data-
neuronal cluster (Neural_neuronal - 1) overexpressing IFI6/LY6H/  set suggested the coexistence of several developmental cell lin-
NTRK3, and one neural stem cluster (Neural_stem - 19), express-  eages within tumor cells (including neurons, epithelial, neuroen-
ing CCER2/NES/ELAVL3/4 (Figures 2A and 2B; Table S2B). Sin-  docrine, and smooth muscle cells), reminiscent of DSRCT
gle-cell label transfer of a fetal development reference gene polyphenotypic differentiation (Figure S1B).
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Figure 2. DSRCT malignant cells show multilineage differentiation and metabolic states heterogeneity

(A) UMAP (left panel) and barplot (right panel) highlighting DSRCT malignant cell clusters in individual datasets.

(B) Heatmap showing expression Z score of the top 50 DEGs of each DSRCT malignant cell cluster.

(C) Top three GO pathways in DSRCT malignant cell clusters. Top 3 GO pathways based on gene ratio, after selection
(p value <0.05) GO terms.

(D) Hierarchical clustering of HotSpot coexpressed gene modules. The top five genes driving module activity are shown.
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The two metabolic clusters included (1) Metabolic glycolysis -
5 cluster, displaying high expression of genes involved in anaer-
obic glycolysis or Warburg effect (e.g., ENO1/ENO2/LDHA/
NDUFAA4L?2); and (2) Metabolic_serine - 15 cluster, overexpress-
ing genes involved in serine metabolism (e.g., PSAT1/ASNS/
PHGDH) and aminoacyl-tRNA synthetases genes (e.g., YARS/
CARS/GARS) (Figure 2B; Table S2B).

We identified five additional clusters, named “pseudostates,”
related to either cell cycle or pathways of uncertain biological
relevance. The latter included (1) one cycling cells’ cluster
(Cycling cells - 3), expressing TOP2A/MKI67/TYMS; (2) two
clusters expressing genes encoding ribosomal proteins (Riboso-
mal_catabolic — 2 and Ribosomal_IFN response - 6); and (3) two
long non-coding RNA (IncRNA)-enriched clusters (Lnc_1 -7 and
Lnc_2 - 17), overexpressing IncRNAs frequently upregulated in
cancer (e.g., MEG3/XIST/GRID2/MALAT1) (Figures 2A and 2B;
Table S2B). Since the median number of genes per cell in Ribo-
somal and Lnc clusters was low (Table S2C), their biological rele-
vance deserves cautious interpretation. Interestingly, few genes
were strictly specific of one tumor cell cluster (Figures 2B;
Table S2B), with a coexistence of shared and private marker
genes possibly suggesting some tumor cell plasticity.

When focusing on GR4 and GR4_PC samples, arising from the
same patient before and after chemotherapy, we observed an
overall stability in the nature of the transcriptomic characteristics
of cell populations, though the relative proportion of each cluster
could vary (e.g., increase in cells belonging to the Cycling cells - 3
and Ribosomal catabolic - 2 clusters; Figures 1C and 2A).

To next explore functional pathways activation within
each Int_sc cluster, we performed gene set enrichment analysis
(GSEA) using Gene Ontology (GO) terms (Figure 2C). We found a
significant enrichment in lineage- and metabolism-related path-
ways, corresponding to the previously identified clusters’ marker
genes (Figure 2B) and to additional lineages such as myogenic
cell states (data not shown). Intriguingly, LncRNA clusters were
enriched in RNA splicing pathways, possibly linked to EWSR1
RNA- and SWI/SNF-binding ability.*’

The study of coexpressed gene modules®® (see STAR
methods) further supported the hypothesis of plastic transcrip-
tional states (Figure 2D; Table S3). We identified three main mod-
ule profiles. The first module category showed high expression in
both neural (Neural_neuronal - 1, Neural_stem - 19) and Mesen-
chymal_fibrosis — 8 clusters (e.g., Modules 9, 8, 4, 5, 6, and 1,
respectively enriched in IncRNAs, neural-, cytoskeleton-, inter-
feron response-, transcription regulation-, and translation-
related genes). By contrast, the second category comprised
modules highly activated in only one or two clusters. For
example, Module 7, enriched in epithelium development
and cell adhesion (e.g., GJB2/CCL25/ITIH5), was exclusively
activated in Epithelial_mesenchymal —4 and Lnc_2 - 17 clusters;
and Module 13, defined by glycolysis-related genes (e.g., LDHA/
GAPDH/ENQOT1), was specific to Metabolic_glycolysis — 5. The
third module category showed limited variability or specificity
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toward Int_sc clusters. Overall, the variable correlation
between gene modules and DEG-derived clusters suggested a
putative role for coregulators in fine-tuning the expression of
shared or specific transcriptional programs.

DSRCT tumor cells show high gene expression entropy
and do not follow consistent transcriptional trajectories
To explore whether DSRCT cells would follow a continuum of
transcriptional states, we inferred transcriptional trajectories
from gene expression in each scRNA-seq dataset. Using
directed single-cell fate mapping combining trajectory inference
and RNA velocity analysis,?® we could not find any consistent
trajectory (data not shown). We next investigated whether
DSRCT clusters would harbor various stemness levels using
CytoTRACE®? and single-cell entropy.*' Most tumor cell clusters
were predicted to be less differentiated than non-tumor cells, ex-
cepted pseudostate clusters (Ribosomal and LncRNA-enriched;
Figures S1C and S1D). This suggested the coexistence of non-
terminally differentiated cell states through which DSRCT cells
might dynamically evolve, rather than unidirectional evolutionary
trajectories.

Copy number variations are homogeneous across
DSRCT tumor cell clusters and samples

The above results suggested a transcriptionally driven plasticity
of DSRCT. To support this, we explored the contribution of ge-
netic alterations to tumor cell heterogeneity. We inferred Copy
Number Variations (CNVs)** from scRNA-seq, and found high
consistency with matched bulk WES (representative case in
Figures 2E and 2F). Very few recurrent CNVs were identified
across samples, in line with the known quiet genomic profile
of DSRCT, at least in primary lesions.'” The most frequent
alteration, in line with previous reports, was a chromosome 5
gain,'”?? but we did not identify chromosome 1q gain."” Impor-
tantly, we found that the rare identified CNVs were highly consis-
tent across single-cell clusters from each sample, thereby rein-
forcing the hypothesis that DSRCT cell heterogeneity results
from transcriptional plasticity rather than somatic genetic (sub)
clonal evolution.

The heterogeneity of DSRCT tumor cells is not
associated with variable EWSR1::WT1 transcript
expression level
Studies on Ewing sarcoma reported that variable EWSR1::FLI1
activity drives intratumor heterogeneity.'®?° We therefore hy-
pothesized that similar mechanisms might operate in DSRCT.
We first investigated whether variable EWSR1::WT1 mRNA
expression levels might drive distinct transcriptional programs.
To this aim, we developed an in-house assay to specifically
amplify EWSR1::WT1 transcripts from 10x-derived barcoded
cDNAs (see STAR methods) (Figures S1E-S1H). EWSR1::WT1
expression variation was limited across cancer cells and
did not correlate with DGE-derived clusters (Figure S1H),

(E) Single-cell level copy number variations (CNV) inference. Representative results of GR7 site#1.

(F) Bulk WES-derived CNV analysis on GR7 site#1.

(G) Representative IHC stainings for WT1, AE1/AE3, DES, and CD56 on a DSRCT sample. The scale bar representing 500 um is displayed on the bottom left

corner of each panel.
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suggesting a limited role in DSRCT tumor cell heterogeneity.
When exploring this at the protein level by immunohistochem-
istry (IHC) on a series of DSRCT samples, we found that, despite
homogeneous staining of WT1 (used as a surrogate marker of
EWSR1::WT1, since WT1 wild-type is reportedly not expressed
in DSRCT'#%%), AE1/AE3, Desmin (DES), and CD56 expression
were heterogeneous across tumor cells (Figure 2G). This overall
suggested that factors beyond EWSR1::WT1 expression
levels—such as variable EWSR1:WT1 activity, DNA-binding
sites, or fluctuating chromatin accessibility—might influence
DSRCT’s polyphenotypic differentiation.

EWSR1::WT1 binds regulatory regions of genes involved
in lineage-related programs and EGR1 consensus

motifs

To investigate whether variations in EWSR1::WT1 functional ac-
tivity may contribute to DSRCT heterogeneity, we first character-
ized in vitro the effects of EWSR1::WT1 silencing on the chro-
matin landscape (Figure S2).

To identify genes and pathways regulated by EWSR1::WT1,
we performed EWSR1:WT1 chromatin immunoprecipitation
with sequencing (ChIP-seq) in the JN-DSRCT-1 cell line, using
a WT1 C terminus antibody to specifically pull down
EWSR1:WT1—WT1 wild-type not being expressed in JN-
DSRCT-1 cells (Figure S2A, upper panel). We obtained
high-quality coverage profiles (mean FRIP-score of 0.81%;
peak-calling-independent mean relative strand correlation and
normalized strand coefficient of 0.73 and 1.02, respectively®).
This allowed us to identify 8,806 and 4,541 peaks for both WT1
ChlP replicates, corresponding to 8,782 and 4,507 consensus
peaks regions, respectively. Of these, 1,587 were shared be-
tween WT1 C-terminal ChlIP replicates #1 and #2; all consensus
peak regions were used for further analysis. As previously re-
ported,®® most EWSR1:WT1 target sequences were located
within intergenic regions, followed by introns (Figure S2A, lower
panel). Using control isotype ChlIP to perform differential binding
analysis, we identified previously described EWSR1::WT1 target
genes (e.g., CCND1/FGFR4/EGR1°®) (Figure S2B; Table S4A)
and further uncovered novel targets, including extracellular ma-
trix-related genes (e.g., COL23A1/CHI3L1), neural-related genes
(e.g., GAL/ADGRB1), and genes involved in fatty acid metabo-
lisms (e.g., ACADVL/ECI2) or chromatin remodeling (e.g.,
DPF3/CTCFL) (Table S4A). GSEA on EWSR1::WT1 targets re-
vealed an enrichment in critical developmental processes,
including (1) multilineage tissue development (e.g., GOBP_em-
bryonic heart tube development, GOBP_skin epidermis devel-
opment, GOBP_spinal cord motor neuron differentiation); (2)
stem cell differentiation and proliferation (e.g., GOBP_stem cell
differentiation, GOBP_stem cell proliferation); and (3) regulation
of fatty acid metabolic processes (e.g., GOBP_fatty acyl-CoA
metabolic process, GOBP_sphingolipid biosynthetic process)
(Figure S2C).

Since TF activity varies according to the recruitment of
different transcriptional coregulators and to their cognate DNA
sequence, we then explored EWSR1::WT1 binding motifs. As
for wild-type WT1,°¢*" the canonical EWSR1::WT1 binding motif
varies according to the presence of the KTS amino acids
between WT17 exons 9 and 10,>>*%*! and is related to EGR1
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binding motifs.*® In line with previous reports describing
EWSR1:WT1+KTS optimal binding site,"’ we found that
GGAGGA 6-mers were predominant within EWSR1::WT1 bind-
ing peaks (Figure S2D) and identified [GGA] repeats as a de
novo motif. Indeed, eight de novo motifs were significantly
enriched in EWSR1:WT1 binding regions, of which the top
three (5-GCGKGGGAGGVRGV-3', 5'-CCACGCA-3', and 5'-GG
AGGAGRAGGAGGAA-3') respectively best matched with
WT1+/—KTS, EGR1/2/3, and ZNF263 TF motifs (Figure S2E).
Despite not being specifically included within JASPAR2020
and HOCOMOCO-v11 databases, the top enriched motif was
reminiscent of WT1 —-KTS whereas the top 3, 4, and 5 motifs
were highly concordant with the known WT1 +KTS motif, in
line with the coexistence of both isoforms in the DSRCT-JN1
cell line identified by RNA-seq (data not shown). Among known
TFs motifs, EGR1 was the most highly enriched EWSR1::WT1-
binding motif, followed by other members of the EGR, ZNF,
SP/KLF, FOX, E2F, ETS, and HOX TF families (Table S4B), sug-
gesting either direct EWSR1::WT1 binding or collaboration with
the latter TFs at these motif sites. This overall supports that
EWSR1::WT1 has a de novo oncogenic activity and induces a
significant epigenetic rewiring, primarily at [GGA] repeats,
EGR1/2 binding sites, and domains involved in transcriptional
activation (e.g., E2F) or cell fate (e.g., FOX, HOX).

EWSR1::WT1 modifies the chromatin landscape of
DSRCT cells through direct and indirect mechanisms
To gain further insight into EWSR1::WT1 role on chromatin
accessibility, we systematically characterized open chromatin
regions using ATAC-seq (Assay for Transposase-Accessible
Chromatin with high-throughput sequencing) in the JN-
DSRCT-1 cell line upon modulation of EWSR1::WT1 expression
(Figure S2F), and correlated it with ChlP-seq data. We identified
164,043 transposase-accessible DNA elements significantly
modulated upon EWSR1::WT1 silencing, including 83,524 and
80,519 sites with decreased and increased accessibility, respec-
tively, herein referred to as EWSR1::WT1 “on” and “off” ATAC-
seq peaks (Figure S2G; Table S5A). No modification in WT1
accessibility was observed. Multiple EWSR1::WT1 “on” acces-
sible genomic regions encoded top markers of scRNA-seq tu-
mor cell clusters (e.g., GAL/CCL25/BAI1 alias ADGRB1), epige-
netic modifying enzymes (e.g., TET2/SMARCA2/SMARCD1),
and/or proteins involved in shaping the tumor microenvironment
(e.g., ANGPTT) (Table S4A; Figure S2G). Interestingly, FOXA1/2
and androgen receptor (AR) showed significantly decreased
accessibility upon EWSR1::WT1 silencing, questioning whether
the previously reported potential cooperation between
EWSR1:WT1 and AR*? may involve FOXA1/2.%574°

Motif enrichment analysis within EWSR1::WT1 “on” ATAC
peaks showed a strong correlation with EWSR1::WT1 binding
regions, including EGR1/2, FOXC2, FOXOA1/2, and SP/KLF TF
motifs (Table S5B). Nearly two-thirds (953 of 1,318) of the
EWSR1::WT1 ChlP-enriched peaks overlapped with EWSR1::
WT1 “on” ATAC peaks (Figure S2H). Those corresponded to
857 unique genes, of which 262 (including CCND1, FGFR4,
COL23A1, FOXA2, FOXD1) were significantly downregulated
upon EWSR1::WT1 silencing (Tables S4A, S5A, and S6). These
were not only related to multilineage cell development and
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lineage commitment, but also to Wnt signaling, intriguingly cor-
responding to pathways recently linked to the EWSR1::WT1-
dependent DSRCT-specific AR retargeting at enhancers.*

Conversely, genomic regions with increased chromatin acces-
sibility upon EWSR1::WT1 silencing were primarily enriched in
FOS/JUN, BATF, BACH, and HOX TFs motifs (Table S5C). These
regulated genes were involved in mesenchymal cell differentiation
(e.g., ANKRD1/ANXA1/CDH2/FBN1) (Figure S2G; Table S5A),
compatible with a putative pluripotent mesenchymal ancestor
as DSRCT cell-of-origin. Intriguingly, the EWSR1:WT1 “off”
ATAC peak set also included EGRT regulatory regions (Fig-
ure S2G) although with less significant p value, in line with EGR1
expression upregulation identified upon EWSR1::WT1 silencing
(Table S6). Strikingly, the latter results contrast with a previously
published report® that showed using a luciferase assay in
transfected osteosarcoma Saos-2 cells that EWSR1:WT1-KTS
activates EGR1 promoter through the EGR binding sequence,
hence highlighting a more complex relationship between
EWSR1:WT1+/—KTS and EGR1 expression in DSRCT models.
Focusing on EGR1, we overall found that (1) EGR1 is a direct
target of EWSR1:WT1 (Figure S2B), (2) EWSR1:WT1 targets
EGR1 binding motifs (Figures S2D and S2E); and (3) EGR1 expres-
sion and regulatory regions accessibility are increased upon
EWSR1:WT1 silencing (Figure S2G; Table S6). Taken together,
this suggests that EWSR1::WT1 and EGR1 may compete at
EGR1 binding sites, and that EWSR1::WT1 may dominate this
competition in the absence of wild-type WT1, by reducing EGR1
promoter accessibility and expression.

To further investigate EWSR1::WT1 effects on the chromatin
landscape, we analyzed by ChIP-seq in JN-DSRCT-1 cells the
acetylation of histones H3K27 (H3K27ac) and H3K9 (H3K9ac),
which are primarily associated with active enhancers and pro-
moters, respectively. We found that 26% (2,992 of 8,667) and
46% (4,008 of 8,667) of EWSR1::WT1 target regions were co-
occupied by H3K27ac and H3K9ac histone marks, respectively
(Figure S2I; Tables S4C and S4D), suggesting an association
with active transcriptional states.

Taken together, our findings suggest that EWSR1::WT1 drives
DSRCT not only through direct aberrant regulation of transcrip-
tional programs, but also possibly through a cooperation with
oncogenic (e.g., AR) or pioneer (e.g., FOX family) TFs at their
consensus sequences, and potential competition with alternate
TFs (e.g., EGR1) at shared consensus sequences.

Chromatin landscape shapes DSRCT cell heterogeneity

Next, to investigate the link between EWSR1::WT1-dependent
chromatin accessibility modulation and DSRCT transcriptional
heterogeneity, we profiled one fresh tumor sample (GR11) using
snMultiome assay (Figures 1A, 1B, and 3A). By combining
gene expression and ATAC features for weighted nearest neigh-
bors (WNN) clustering, we identified 13 clusters (Figure 3A).
When compared to Int_sc dataset, neither DGE (Figure 3B;
Table S7A) nor peak enrichment analyses (Table S7B) allowed
us to confidently identify the previously described scRNA-
seq clusters, except for WNN_cluster 9, WNN_cluster 4, and
WNN_cluster 3/11/12, whose top marker genes/peaks were
representative of non-malignant cells, a mitochondrial genes-
enriched cluster, and cycling cells, respectively. Transferring
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cluster annotations from the 3’ scRNA-seq reference dataset
on the snMultiome dataset using intronic reads only (“Int_sc_in-
tron” dataset) enabled to better correlate snMultiome clusters
with previously defined cell states (see STAR methods, Fig-
ure 3C). While several WNN clusters were tightly linked to a sin-
gle Int_sc cluster (e.g., WNN_cluster 3/11/12 and Int_sc Cycling
cells — 3, WNN_cluster 5 and Int_sc Metabolic_glycolysis — 5,
WNN_cluster 10 and Int_sc Mesenchymal_fibrosis — 8), other
pairwise correspondences were less straightforward (Figure 3C).

Integration of preclinical modeling with single-cell
multi-omics uncovers an EWSR1::WT1-dependent cell-
intrinsic plasticity

We next analyzed differentially accessible snMultiome peaks be-
tween malignant and non-malignant cells (Figure 3D, upper
panel). We found that motifs enriched in malignant cells corre-
sponded to previously identified EWSR1::WT1 binding motifs
(Table S4B), including EGR1/EGR3/SP2/ZNF263. Non-malignant
cells were mainly enriched in FOS/JUN and BATF motifs (Fig-
ure 3D, lower panel), intriguingly correlating with those enriched
in the EWSR1::WT1 “off” ATAC peaks dataset (Table S5C).

To explore in the snMultiome dataset whether EWSR1::WTH1
effects on chromatin accessibility could affect DSRCT tumor
cell heterogeneity, we first focused on the EWSR1::WT1 “on”
ATAC peak set, from which we derived an EWSR1::WT1 chro-
matin accessibility signature score (see STAR methods).
WNN _cluster 5, labeled as the anaerobic glycolysis pathway-en-
riched cluster, and WNN_cluster 10, labeled as the profibrotic
mesenchymal cluster, displayed the lowest EWSR1::WT1 chro-
matin accessibility signature score among malignant cells (Fig-
ure 3E). This was consistent with data obtained using the
EWSR1:WT1 ChlP-seq binding peaks dataset (Figure 3F),
from which we similarly derived an EWSR1::WT1 targeted loci
signature (see STAR methods).

Next, we integrated RNA-seq and ChlIP-seq data of the
JN-DSRCT-1 cell line upon EWSR1WT1 silencing to define
a specific EWSR1:WT1 regulon used as a surrogate for
EWSR1:WT1 TF activity. We identified 66 genomic regions
mapping to 53 unique genes corresponding to direct targets of
EWSR1::WT1 whose expression was significantly decreased
upon silencing (see STAR methods, Figure 3G; Table S8A). As
expected, the EWSR1:WT1 regulon activity score was
almost undetectable in tumor microenvironment (TME) cells
while significantly higher in tumor cells (Figures 3H and 3I). The
highest scores were observed for lineage-related Epithelial_
mesenchymal - 4, Mesenchymal_secretion - 11, Neural/
neuronal - 1, Multidiff_ ASCL1 - 0, and Neural_stem — 19 clusters
(Figures 3H and 3l). By contrast, pseudostates-, metabolism-
related (Metabolic_glycolysis - 5, Metabolic_serine — 15), and
profibrotic mesenchymal (Mesenchymal_fibrosis — 8) clusters
showed the lowest EWSR1::WT1 regulon activity, in line with
previous results (Figures 3E and 3F).

Overall, these data support that EWSR1::WT1 activity contrib-
utes to shaping DSRCT cell states: while high EWSR1::WT1 ac-
tivity (EWSR1::WT1,gr) relates to most multilineage differentia-
tion states, low EWSR1:WT1 TF activity (EWSR1:WT104)
associates with cell states characterized by specific metabolic
(e.g., anaerobic glycolysis) or profibrotic mesenchymal features.

Cell Reports Medicine 5, 101582, June 18, 2024 7




¢? CellP’ress Cell Reports Medicine

OPEN ACCESS

Int_sc cluster
—— 3 Multidiff ASCL1 -0
WNN 7 — Neunl -1
cluster 77/ leural_neuronal

Ribosomal_catabolic - 2

Malignant cells WNN_cluster 0

L
¢ PCDH: ” -
| PeoH1s
N [— MYRIP s / , . Cycling cells - 3
ol WNN_cluster 1 . R/
< L / 7
So —PoLQ BN 2
s l— CENPP WNN_cluster 2 D Epithelial_Mesenchymal - 4
— MT-ND5
Non-malignant cells WNN_cluster 3 [l pos
° — MT-cO1 Z
5 § | CREBS WNN_cluster 4 [l =7 Metabolic_glycolysis - 5
A N | BACH2 WNN_cluster 5 [l Ribosomal_IFNresponse - 6
# = -
é :\BACA’B/ WNN_cluster 6 [ Mesenchymal_fibrosis - 8
A 2 Myeloid cells =9
L QOT1 WNN_cluster 7 pmm CXFS PR et
Z NA1B WNN_cluster 8 mmm Mesﬁﬁch%/rzrmlfsecrelion -1
10 cells -
— WNN_cluster 9 mmm smme Mesothelial cells - 14
WNN_cluster 10== = — Metabolic_serine - 15
WNN_cluster 11 s = Vascular éndothelial cells - 16
JCOLMZ WNN_cluster 12=— = B8 Lnc 2-17
FN1
= msre:
— LinGo2
| CENPE
il smca
Malignant cells DSRCT cell line DSRCT fresh tumor
ZNEFG7§8 I 6l ol
] ¢
EGR I 7 .
KLF16 I Adjusted p-value . 8
73 RRMEIRAZZW I 227e-101 Ak 5 g
= 1716101 i :
ZNF148 I 1148101 3 £q 3 3 - r 1 + 3'scRNA-
S5 — I sosrce s H BulkRNA-seq ChiP-seq . SAATAC/RNA-seq
ZNF263 I— 5490-190 «, N‘ H
2 3 o g o 8 ®
Log(Odds Ratio) £ o < o s hd
: =1
Non-malignant cells > H [ewsriwrr)
FOSL2 b4 SOVOIR
] SEWSRT:WT] vs SiCTRL  WT C-ter ve isotype Ab
Adjusted p-val e _ g
- fjusted p-value 3 3 | | ,
2 9.33e-135 " o™ Top downregulated genes  Top enriched peaks AUCel
=
6226135 A i . § o
9.84e-146 -6 -6 ) EWSR1:WT1 l
“ - EWSRI:WT1 regulon ——————3- | © 000" ity
-5 5 10 -5 5
UMAP_1 UMAP_1
H 15 I 0 . ANOVA, p<2.2e-16
. MXD3_+_+. . .
. [ : ) EBF1_++ e o o . .
0 5 = ‘ | il FOXD3_+ + . o [0 . o W0
& ES o f ey
5 : AR ool » -l
E’; I S JUND_++. . o o [l o
g gg . H | H EWSRT:WT1(+) o o o
% =2 03 wg ™ e : POU4F3_+_+. .
E Eﬁ EGR1I+ + o o
Fe
02 TFE3_+_+. . .
0 & =3 0. -
& og CREB3_+_+.
) §6 ZNF37A_+_+. o
e é\é}é E2F1_+_+ | o
R
N GLI3_+_+.
,,,\fcfemé e
O s
& & '
SF ¢ &
* ’ UMAP ? ° S
_ SR
Int_sc cluster SIS S S

WNN cluster

Figure 3. EWSR1::WT1 activity and epigenetic reprogramming are one determinant of DSRCT heterogeneity
(A) UMAP of GR11 sample snMultiome WNN clustering.

(B) Heatmap showing expression Z score of the top 10 DEGs across WNN snMultiome clusters.

(C) Label transfer of Int_sc clusters on WNN snMultiome dataset.

(D) Barplot showing the top 10 enriched motifs in malignant versus non-malignant cells.

(E) UMAP showing EWSR1::WT1 chromatin accessibility signature score on snMultiome assay.

(F) UMAP showing EWSR1::WT1 targeted loci signature score on snMultiome assay.

(G) Graphical representation of single-cell EWSR1::WT1 regulon activity inference.

(H) UMAP showing EWSR1::WT1 regulon activity in Int_sc dataset.

(I) Boxplot representing EWSR1::WT1 regulon activity per Int_sc cluster.

(J) Heatmap-dotplot showing gene AUCs for the most specific regulons defined by regulon specific score (RSS), as well as EWSR1::WT1, AR, and EGR1

regulons.
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DSRCT cell heterogeneity is driven by variable TF
activity and cell state-specific regulons

To next explore whether variable TFs could cooperate with
EWSR1::WT1 and foster DSRCT heterogeneity, we sought to
identify binding motifs enriched in snMultiome clusters. When
focusing on the activity of the 10 most differentially active known
TFs motifs across WNN clusters (Figure S2J), we identified
different families of development-related TFs, including SOX
(WNN_cluster 2), FOX (WNN_cluster 12), and GATA (WNN_clus-
ter 6), whose motifs were enriched in EWSR1::WT1 binding re-
gions (Table S4B) and/or whose binding domains displayed var-
iable accessibility upon EWSR1::WT1 modulation (Table S5B).

Interestingly, within EWSR1::WT1,.,, cell states, WNN_cluster
10 (related to mesenchymal profibrotic tumor cells, Int_sc Mes-
enchymal_fibrosis — 8), displayed increased accessibility in
interferon response factor TF motifs, potentially suggesting
the contribution of extrinsic microenvironmental chemokine
signaling to this phenotype. By contrast, WNN_cluster 5 (corre-
sponding to the anaerobic glycolysis state), was enriched in
AP-1 (e.g., FOS/JUN) motifs. In line with DSRCT biology, we
also found that AR motif activity ranked within the top 10 en-
riched motifs in WNN_clusters 1, 6, and 8.

We next complemented our analyses by inferring enhancer-
driven gene regulatory networks using SCENIC+“® on the snMul-
tiome dataset. When exploring regulons within the entire snMul-
tiome dataset or the malignant cells only, we identified 337 and
341 active TFs, among which 253 and 226 were activators (i.e.,
associated with increased chromatin accessibility), respectively.
Top activator regulons in tumor cells (Figure 3J; Table S8B) were
consistent with our motif-based analysis (Figure S2I). Lower
EWSR1::WT1 regulon activity was detected in anaerobic glycol-
ysis (WNN_cluster 5), mesenchymal profibrotic (WNN_cluster
10), and cycling cell (WNN_cluster 3/11/12) clusters, consistent
with the EWSR1::\WT1,,,, cell states identified in the Int_sc
dataset (Figure 3I). By contrast, EWSR1:WT14, clusters
(WNN_cluster 0/1/4/6/8) displayed higher AR regulon activity,
consistent with its role in DSRCT oncogenicity.*” Finally, we
observed that EGR1 regulon activity was inversely correlated
to the one of EWSR1::WT1 and AR regulons, supporting their po-
tential antagonism and the heterogeneity of this balance among
DSRCT cell states.

Altogether, our data show that DSRCT cell states are, at
least in part, driven by varying EWSR1:WT1 activity—
EWSR1::WT1,4, being linked to a higher and lower activity of
AR and EGR1 regulons, respectively—and variable accessibility
of cell fate-related TF domains.

DSRCT microenvironment displays immune-tolerant
features

We next investigated whether tumor cell-extrinsic stimuli from
the TME could also shape DSRCT heterogeneity. Overall, im-
mune cell populations were scarce, representing only 6% of cells
analyzed in the Int_sc dataset (Figures 1F, 1l, 4A, and S1A;
Table S2A). Myeloid cells were the main subpopulation, repre-
senting 63% of all immune cells in the Int_sc dataset
(Figures 1F and S1A; Table S2A). Further deconvolution of
myeloid subpopulations using the MoMac-VERSE atlas®’ (see
STAR methods) identified a majority of macrophages and a
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minority of monocytes and dendritic cells (DCs) (Figure 4A, left
panel). The dominant myeloid subpopulations were protumori-
genic, harboring an M2 macrophage signature, including
HES1849 (27.7%), DC-like (11.9%), TREM2°°°? (11.9%), and
FTL®® (11.7%) macrophages or inflammatory monocyte (IL1B/
VEGFA-positive, 8%). When focusing on lymphoid subpopula-
tions, we identified seven clusters based on DGE analysis and
known canonical markers® (Figure 4A, right panel). The most
abundant cell type was identified as CD4* memory T cells
(24.3%), overexpressing CD4/CD40LG/CD44/IL7R (CD4" mem-
ory T cells - 0 cluster), followed by CD8" cytotoxic effector T cells
(23.1%, i.e., 0.6% of all Int_sc cells) overexpressing CD8A+/
GZMB+/GZMK+/GZMA+/GZMH+ (CD8* effector T cells — 1
cluster). Lymphoid cell expression profiles showed a low or
null expression of immune checkpoints such as PDCD1 (encod-
ing PD-1), HAVCR2 (encoding TIM-3), or LAGS.

Overall, DSRCT immune cell characterization suggested a
predominantly immunotolerant microenvironment, with a major-
ity of protumorigenic macrophages and low infiltration of effector
cytotoxic CD8" T cells.

DSRCT CAFs are composed of protumorigenic and
immunosuppressive subpopulations

We next focused on CAFs. The initial Int_sc dataset clustering
identified two CAF subpopulations, mainly arising from the tumor
tissue samples and the IC1#1 juxtatumor peritoneal sample
(Figures 1C, 1F, 4B left and middle panels, and S1A). Further
CAFs subclustering defined seven distinct CAF subpopulations,
which we manually annotated based on top marker genes and
established CAF canonical markers®®~® (Figures 4B-4D). One
additional cluster, potentially resulting from tumor cells’ misclus-
tering, was labeled as Undetermined - 2.

CAF subclusters predominantly found within the juxtatumor
sample (CD34/MYC fibroblasts — 0, Lipofibroblasts — 3, Adventi-
tial fibroblasts — 7), and Inflammatory CAFs — 6 overexpressed
genes from the complement pathway (e.g., C7) and the constitu-
tive lipid droplet protein PLIN2. CD34/MYC fibroblasts — 0 also
harbored pre-adipocyte/adipocyte stem cell markers (e.g.,
SCARA5/APOD/CXCL14),> whereas Adventitial fibroblasts — 7
additionally expressed PI16/CD55/CD248, reminiscent of
adventitial stromal cells found in vascular niches and producing
extracellular matrix®*®! (Figures 4C and 4D).

In line with the known DSRCT-specific desmoplastic stroma,
desmoplasia-related genes (e.g., MMP2/COL1A1/LOX/LOXL1/
VEGFB)®* were highly expressed in all CAF subclusters (Fig-
ure 4E). CAF subpopulations mostly harbored immunosuppres-
sive features, including T cell exclusion markers (e.g., MRC2%)
and M2 macrophage polarization signaling (e.g., CSF1545%/
CXCL12°%/IL6%"). Inflammatory CAFs — 6 further displayed high
expression of genes involved in myeloid-derived suppressor
cell recruitment,®® including CCL2/CXCL2/CXCL8 (Figure 4E).
When deconvoluting CAFs subclusters on our DSRCT bulk
RNA-seq dataset, we found that the most abundant subtypes
were Desmoplastic CAFs - 1 and Myofibroblastic CAFs — 4
(Figure 4F).

To confirm our findings, we further characterized by IHC the
three traditional CAF markers MCAM, FAP, and ACTAZ2 (alias
aSMA) on eight DSRCT samples (Figure 4G). As illustrated in
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Figure 4G (representative example), MCAM+ CAFs were located
at the vessel periphery, supporting their Pericyte-like CAFs — 5
features. Interestingly, ACTA2}g/FAP|o,,/MCAM- CAFs, poten-
tially corresponding to Myofibroblastic CAFs — 4, were mainly
found in-between or at the periphery of the tumor cell islets. By
contrast, FAPyg, CAFs (most likely Desmoplastic CAFs — 1) pref-
erentially located within the prominent trabeculae of desmoplas-
tic stroma and pseudocapsule (Figure 4G). The FAP/ACTA2 fluo-
rescence ratio was also significantly higher in CAFs located in
the pseudocapsule than in the desmoplastic area or at tumor
cells’ islets periphery (paired t test p < 0.01 and p < 0.05,
respectively).

Overall, our findings support that DSRCT TME predominantly
has immunosuppressive features, and that CAF subpopulations
may harbor a specific spatial organization.

DSRCT phenotypic and metabolic states harbor a
specific spatial distribution

We further sought to characterize the heterogeneity of DSRCT
cell subpopulations at the spatial level, and first assessed by
immunofluorescence (IF) previously identified malignant cell
and CAF markers of interest. We found that, in some DSRCT
samples (e.g., GR2), DES/CHI3L1 expression was restricted to
either the periphery of tumor cell islets, near THY1+ CAFs, at
the invasive tumor front (Figures 2G and 5A), or in sparse tumor
cells located within desmoplastic stromal areas. Interestingly,
the corresponding scRNA-seq data (Figure 5B) revealed that
the latter corresponded to mesenchymal DSRCT clusters (GR2
Mesenchymal _TNNT3 - 5, Mesenchymal _DES — 9, Neuronal_
mesenchymal - 13, and Mesenchymal_stem — 14 clusters), ex-
pressing CHI3L1, DES, TNNT3, and MSLN (Figure 5B). In line
with these findings, inference of cell-cell interactions between
DSRCT tumor cells and CAFs from scRNA-seq data®® identified
that the most ligand-receptor interactions occurred between
CAFs and mesenchymal tumor cell clusters (Figure 5C).

We next focused on previously identified protumorigenic and
immune suppressive secreted growth factors (VEGFB), cyto-
kines (IL6/CXCL2), chemokines (CXCL12), and extracellular ma-
trix components (COL1A1) (Figure 4E). Using NicheNet,”® we in-
ferred the most potent ligand-receptor interactions and
downstream target genes (Figures S3A-S3C). We identified
several potent interactions between CAF-derived ligands and tu-
mor or microenvironment cell receptors, including targetable
CXCL12-CXCR4, VEGFB-FAT1, or IL6-IL6R axes. Noteworthy,
predicted downstream genes included EGR1, as well as genes
involved in response to hypoxia (e.g., HIF1A/NFE2L2), migration
(e.g., COL18A1/ERBB?2), and proliferation (e.g., CCND1). This
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suggested that immunosuppressive signals that contribute to
DSRCT desmoplasia and tumor growth may be activated
through interactions between mesenchymal tumor cell clusters
and stromal cells.

To further explore the relationship between tumor cell states
and spatial organization, we performed spatial transcriptomics
on six 3’ scRNA-seq matched samples using Visium (10x Geno-
mics) (Figures 1A and 1B; Table S1A). By applying spot clus-
tering and DGE analysis, we consistently found that previously
defined stromal regions (i.e., desmoplastic areas, tumor pseudo-
capsule when present on the sample, and perivascular stroma)
were characterized by distinct spot clusters. In GR2 site#4 sam-
ple, in addition to the perivascular stroma cluster (i.e., Strom_en-
dothelial cells — 9) characterized by the expression of perivascu-
lar CAF markers (e.g., THY1, PDGFRB) and endothelial cells
(e.g., ESM1) (Figures 5D and 5E), several clusters were identified
within desmoplastic areas, suggesting spatial heterogeneity in
extracellular matrix composition (overexpression of LUM,
TIMP3, and MMP9 in Strom_SFRP4/LUM - 6 cluster), M2 infiltra-
tion (overexpression of CD68 in Strom_M2 — 1 cluster), or immu-
nosuppressive signaling (overexpression of C3 and TGFBI in
Strom_C3/TGF{1 - 7 cluster) (Figures 5D and 5E). We also sys-
tematically identified tumor clusters overexpressing transcripts
encoding histones, mainly within tumor cell islets. These tumor
spots were spatially distinct from the ones enriched in mesen-
chymal features (e.g., DES/CHI3L1/TNNT3/MSLN) and/or glyco-
lytic features (e.g., ENO1/ENO2/LDHA), which localized either at
the periphery of tumor cell islets or within the invasive front
(Figures 5D, 5F, and 5G), in line with our previous findings (Fig-
ure 5A). Tumor cells with mesenchymal and/or glycolytic fea-
tures were localized within hypoxia-enriched areas.

Intriguingly, we observed a spatial anticorrelation between (1)
the Hypoxia and Glycolysis HALLMARK signatures and (2)
EWSR1::WT1 regulon activity and, to a weaker extent, the Oxida-
tive Phosphorylation HALLMARK signature (Figures 5G and 5H).
This suggested that DSRCT tumor cells located at the islet center
display the highest EWSR1::WT1 activity and proliferative capac-
ity, possibly relying on oxidative phosphorylation, as opposed to
cells located within or next to the stroma, which present mesen-
chymal and/or anaerobic glycolysis features that may be, at least
in part, driven by desmoplasia-induced hypoxia.”' Strikingly,
when assessing the expression of the desmin (DES) mesenchymal
marker by IF on DSRCT spheroids, we observed that desmin stain-
ing was restricted to the spheroid periphery, whereas WT1 staining
was homogeneous (Figure S3D). This preclinical finding was in line
with our previous observations on patients’ samples (Figures 2G
and 5A) and suggested that both EWSR1:WT1-dependent

Figure 4. DSRCT microenvironment displays immunosuppressive features and distinct CAF subpopulations
(A) Int_sc infiltrating myeloid (left panel) and lymphoid (right panel) subpopulation proportions represented by pie charts.

F) DSRCT bulk RNA-seq CAF subpopulations deconvolution.

B) UMAP plots displaying CAFs according to patient ID (left panel), tissue of origin (middle panel), and subclustering (right panel).
C) Heatmap highlighting expression Z score of the top 50 DEGs of CAFs subcluster.

D) Violin plot showing expression profile of CAF subclusters for canonical markers.

E) Violin plots displaying expression profile of CAF subclusters for immunosuppressive markers.

G) Immunofluorescence triplex showing ACTA2 (red), MCAM (yellow), FAP (green), and DAPI staining on a DSRCT FFPE sample in distinct stromal areas. The #1

annotation designates desmoplastic stromal areas, #2 shows tumor cell islets periphery, and #3 indicates the tumor pseudocapsule. The * sign shows tumor
necrosis. The scale bar is displayed on the bottom left corner of each panel, representing 1 mm on the left panel and 100 um on the three right panels.
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(Figures 3H and 3l) and -independent signals may influence the
expression of some lineage-related markers.

Since CAFs likely play an important role in DSRCT biology
(Figures 4B-4G, 5A-5C, and S3A-S3C), we further sought to
preclinically assess the protumorigenic potential of CAFs, using
co-culture experiments. By using fresh patient material, we
generated a DSRCT patient-derived xenograft (PDX) and iso-
lated mouse CAFs from the TME. When co-culturing the latter
with JN-DSRCT-1 cells, we observed a significant 50% increase
in the number and size of colonies compared with CAF-free con-
trol (Figures S3E and S3F). Similarly, the volume of JN-DSRCT-1
spheroids, which are reported to better reflect in vivo tu-
mors, %7273 co-cultured with PDX-isolated CAFs was 2.6-times
higher at day 8 compared to CAF-free controls (p < 0.0001;
Figure S3G).

Altogether, these results suggest that DSRCT heterogeneity
results from a combination of cell-intrinsic mechanisms notably
related to differentiation pathways, and cell-extrinsic microenvi-
ronmental stimuli notably linked to anaerobic glycolysis.

DSRCT heterogeneity correlates with prognosis

Having explored DSRCT intratumor heterogeneity, we sought to
interrogate interpatient heterogeneity and the potential link be-
tween both. We performed a deconvolution of Int_sc tumor cell
clusters in our DSRCT bulk RNA-seq cohort (N = 29). All sin-
gle-cell clusters, except the Neural stem — 19, could be recur-
rently identified in all samples (Figure 6A).

Hierarchical clustering of DSRCT bulk RNA-seq data cohort
identified three subgroups (Figure 6B). DGE analysis between
group 3—whose marker genes were GABRA1, ZIC3 and
IGF2BP1—and group 1 or 2 showed an enrichment in genes en-
coding histones (e.g., H3C15/HIST2H3A, H3C8/HIST1H3G),
chromatin remodeling factors (e.g., CENPA, ANO9), and cell cy-
cle activators (e.g., AURKB) (Table S9A). Genes significantly up-
regulated in group 2—whose most DEGs were ARX and
MIR202—were enriched in (1) epithelial cell differentiation (e.g.,
NOG, CDH3, CCL2), cell adhesion and extracellular matrix com-
ponents (e.g., CLDN18, COL26A1, EMID1), antigen binding (e.g.,
IGHV3-30, SLC7A5, IL7R) and lymphocyte activation (e.g., CD19,
CD22) when compared with group 1; and (2) epithelial cell differ-
entiation (e.g., KRT80, CDH1, KRT17), celladhesion and extracel-
lular matrix components (e.g., CLDN18, EMILIN3, COL6AS5,
FBLNT), cytokine activity (e.g., CCL28, CCL14, CCL18, IL10),
and response to hormone and xenobiotic stimulus (e.g.,
ADH1B, ADH1C, FOXA1, FOS, JUN) when compared with group
3. Finally, group 1 was enriched in microRNAs involved in trans-
lation repression (e.g., MIR148B, MIR326, MIR503) when
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compared with group 2, with no significant GO pathway enrich-
ment compared with group 3, suggesting limited heterogeneity
among these subgroups (Table S9A). Still, these subgroups had
a significant prognostic value on overall survival (OS): patients
from group 3 had the worse OS (15 months [95% CI: 12-NA)),
compared with groups 1 and 2 (24 and 27 months, respectively
[95% CI: 16-NA for both groups]; p = 0.0081) (Figure 6C).

We next interrogated the specificity toward DSRCT and the
prognostic value of each gene signature characterizing an Int_sc
3’ scRNA-seq cluster. To do so, we first assessed the expression
score of each signature in bulk RNA-seq data from DSRCT or
alternate sarcoma subtypes (Table S9B). Overall, signatures
related to pseudostates (e.g., Cycling cells — 3) or metabolism-
related states (Metabolic_glycolysis — 5) were not histotype-spe-
cific (Figure 6D; Table S9C). By contrast, signatures associated
with lineage (Multidiff ASCL1 - 0, Neural_neuronal — 1, Epithe-
lial_mesenchymal — 4, Mesenchymal_fibrosis — 8, and Mesenchy-
mal_secretion — 11) showed some specificity toward DSRCT as
compared with non-DSRCT sarcoma histotypes (Figure 6E;
Table S9C).

We subsequently assessed the prognostic significance of each
signature by Kaplan-Meier analysis in the DSRCT bulk RNA-seq
cohort. As a positive control, a higher Cycling cells — 3 signature
(comprising TOP2A, MKI67, TYMS, and CDK1) score was signifi-
cantly associated with worse outcome (p = 0.029, Figure 6D). By
contrast, several signatures were significantly associated with
better OS, including lineage-related clusters (Multidiff ASCL1 —
0 [p = 0.013], Neural_neuronal — 1 [p = 0.011], Epithelial_mesen-
chymal — 4 [p = 0.0042, Figure 6E], and Mesenchymal_secretion —
11 [p = 0.028]), and metabolism-related clusters (Metabolic_
glycolysis — 5 [p = 0.0048], Metabolic_serine — 15 [p = 0.019])
(Table S9C). We next sought to revalidate the prognostic signifi-
cance of Int_sc signatures on an independent bulk RNA-seq data-
set of 21 DSRCT patient samples. This confirmed the prognostic
value of the Epithelial_mesenchymal — 4 signature (comprising
CDH1, MUC16, GJB2, and KRT7) (p = 7e—4; Table S9C), which
appeared to be the most robust prognostic signature given its sta-
bility across cohorts and signature scoring methods (see STAR
methods; Table S9C).

Overall, these data highlight the clinical relevance of scRNA-
seg-derived signatures and uncover a DSRCT-specific epithelial
signature, which associates with improved prognosis.

DISCUSSION

While DSRCT is uniquely driven by the aberrant EWSR1::WT1 TF
and presents as monotonous cells in histopathology, this tumor

Figure 5. DSRCT heterogeneity is linked to tumor spatial organization

(A) Immunofluorescent staining highlighting mesenchymal DSRCT tumor cells (DES+ and/or CHI3L1+), and CAFs (THY1+) on GR2 sample.
(B) UMAP showing GR2 3’ scRNA-seq clustering (upper panel), and violin plot (bottom panel) showing the expression of (1) tumor cell mesenchymal markers

CHI3L1, DES, TNNT3, and MSLN; and (2) the CAF-specific marker THY1.

C) Ligand-receptor interactions (CellPhoneDB) between cell clusters in the GR2 sample, representative of all specimens.
D) GR2 site#4 sample annotated H&E-stained slide used for Visium assay, and spatial representation of spots’ clusters.
E) Heatmap highlighting expression Z score of the top 10 DEG across spots’ clusters from GR2 site#4 Visium assay.

G) Spatial gene signatures scores for HALLMARK_HYPOXIA, GLYCOLYSIS, OXPHOS, and EWSR1::WT1 regulon in GR2 site#4 and GR7 site#2 samples.

(
(
(
(F) Spatial representation of CHI3L1, TNNT3, ENO1, DES, MSLN and THY1 expression levels in GR2 site#4 sample using the Visium assay.
(
(

H) Median Spearman correlation coefficients between gene signatures and EWSR1::WT1 regulon across Visium assays (n = 6).
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Figure 6. DSRCT shows interpatient heterogeneity and scRNA-seq-derived gene signatures define DSRCT patients’ prognostic groups

(A) DSRCT bulk RNA-seq Int_sc clusters deconvolution.

(B) DSRCT bulk RNA-seq samples hierarchical clustering highlighting three distinct subgroups.

(C) Kaplan-Meier overall survival plot according to DSRCT bulk RNA-seq hierarchical clustering subgroups. p values are calculated using the log rank test.

(D and E) Specificity and prognostic significance of the Cycling cells — 3 (D) and epithelial-mesenchymal) — 4 (E) signature scores. The signature specificity is
assessed by comparing its value in a DSRCT bulk RNA-seq dataset versus other sarcoma subtypes. The Kaplan-Meier plot shows the overall survival according
to High or Low 3’ scRNA-seq derived signatures’ scores. P values are calculated using the log rank test.

shows polyphenotypic differentiation and various patient out-
comes, whose underlying mechanisms remains unknown.

Here, we find DSRCT cells display some degree of heteroge-
neity and plasticity,”*"® driven by both tumor cell-intrinsic (e.g.,
EWSR1::WT1 activity) and cell-extrinsic or microenvironmental
factors. We identify three main components of this heterogene-
ity: (1) lineage plasticity, characterized by multiple coexisting and
partially overlapping differentiation phenotypes related to
epithelial, mesenchymal, and neural lineages; (2) metabolic
switches between oxidative phosphorylation and anaerobic
glycolysis or activation of serine metabolism; and (3) pseudos-
tates including cell cycle-related states. By integrating data
from human tumors with preclinical experiments, we propose a
model where both variable EWSR1::WT1 target regions and
transcriptional activity—rather than EWSRT1::WT1 transcript
expression level'>—are important components of DSRCT
heterogeneity.

Our findings suggest that DSRCT cancer cells evolve along a
continuum of overlapping transcriptional states, which might
be permitted by the presumed pluripotency of the cell-of-origin.
Whether cell state transitions are reversible or definitive is un-
known and may have therapeutic implications. Indeed, scRNA-
seq-derived signatures assessed in two independent bulk
RNA-seq cohorts allowed us to identify an epithelial signature
significantly linked to patient survival. Beyond being useful in
refining patient prognosis assessment in routine practice, this
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may have relevance for “state-gating” approaches.’® The latter
aim at specifically targeting a given critical subpopulation, to
destabilize the whole tumor ecosystem and/or rewire tumor tran-
scriptional programs toward a more favorable state.

The role of chimeric TF activity in cell reprogramming, plas-
ticity, and dedifferentiation has been studied in other sarcoma
subtypes including clear cell sarcoma,”” synovial sarcoma,’®
and the prototypic small round cell Ewing sarcoma,'®2° in which
similar “OXPHOS versus glycolysis” metabolic variations have
been reported. Which heterogeneity mechanisms are private to
each TF-driven sarcoma and which ones are shared, remains
to be defined. In DSRCT, our data suggest a specific role of
cell-extrinsic signals arising from CAFs and/or a hypoxic tumor
microenvironment, in favoring mesenchymal and glycolytic tran-
scriptional programs, which predominated at the tumor islets
periphery.

This is, to our knowledge, the first study characterizing DSRCT
CAF subpopulations. Interestingly, herein defined DSRCT CAF
subclusters correlated with the recently published pan-carci-
noma single-cell CAF landscape.’® By identifying overlapping
markers across DSRCT CAF subpopulations with lipogenic
and/or stem cell features, our results question whether perito-
neal adipose tissue may constitute a favorable niche for protu-
morigenic CAF differentiation and DSRCT development.®® This
might be of clinical relevance, notably for therapeutic strategies
targeting CAFs or CAF-tumor cell interactions.
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Limitations of the study

Since DSRCT is an ultra-rare disease, we could profile only 12
samples from five patients by 3'scRNA-seq and one case by
snMultiome. Similarly, we had access to only one DSRCT cell
line for preclinical modeling. Revalidating key findings in inde-
pendent datasets and performing further functional experiments
in multiple preclinical models would therefore strengthen our
message and should be envisioned. Also, since the 3'-end 10X
Genomics technology does neither allow to distinguish between
EWSR1::WT1 and wild-type WTT, nor assess the presence of
variable isoforms (e.g., breakpoint variants or +/—KTS isoforms)
across single cells, we could not assess whether isoform vari-
ability modulates EWSR1::WT1 activity and contributes to intra-
tumor heterogeneity. This could best be addressed by single-cell
long-read sequencing in future studies. Finally, our study gener-
ates hypotheses on EWSR1::WT1 gene regulatory network that
should be confirmed notably using functional experiments
further exploring the DSRCT chromatin landscape.

Conclusion

In conclusion, our study sheds light on DSRCT intra- and intertu-
mor heterogeneity, which may have prognostic implications for
patients and help customize therapies according to specific tu-
mor cell states in this deadly disease.
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Detailed methods are provided in the online version of this paper and include
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o Small interfering RNA knock-down
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit polyclonal anti-WT1 GeneTex Cat# 8089496 (discontinued)

C-terminal (GTX15249)
Rabbit monoclonal anti-Acetyl-Histone H3 (Lys9) (C5B11)

Rabbit monoclonal anti-Acetyl-Histone
H3 (Lys27) (DSE4) XP®

Rabbit monoclonal anti-Thy1/CD90 (D3V8A)
Rabbit polyclonal anti-CHI3L1

Mouse monoclonal anti-Desmin

Sheep polyclonal anti-FAP

Rabbit polyclonal anti-Sheep
Immunoglobulins/HRP

Mouse monoclonal anti-MCAM, clone 5C4
Mouse monoclonal anti-ACTA2, clone 1A4
Rabbit monoclonal anti-c-MYC (Y69)
Rabbit polyclonal anti-WT1

Mouse monoclonal antibody anti-cytokeratin
AE1+AE3

Polyclonal rabbit anti-human CD3
Rabbit monoclonal anti-CD56 (MRQ-42)
Mouse monoclonal anti-CD163, clone 10D6

Mouse monoclonal anti-CD68

Rabbit polyclonal anti-goat IgG
H&L (Alexa Fluor 555)

Goat polyclonal anti-mouse IgG
H&L (Alexa Fluor 488)

Cell Signaling Technology
Cell Signaling Technology

Cell Signaling Technology

Abcam

Dako (Agilent)

R and D Systems
Agilent

Origene

Dako

Roche

Zytomed Systems

Diagnostic BioSystem
Clinisciences

Dako (Agilent)
Roche

Diagnostic BioSystem
Clinisciences

Dako (Agilent)
Abcam

Abcam

Cat# 9649; RRID: AB_823528
Cat# 8173; RRID: AB_10949503

Cat# 13801; RRID: AB_2798316
Cat# ab77528; RRID: AB_2040911
Cat# M0760; RRID: AB_2335684
Cat# AF3715; RRID: AB_2102369
Cat# P0163; RRID: AB_2892832

Cat# TA803548; RRID: AB_2626893
Cat# M0851; RRID: AB_262054
Cat# 790-4628

Cat# 523-3991; RRID: AB_2864626
Cat# Mob190-05

Cat# A0452; RRID: AB_2335677
Cat# 760-4596
Cat# Mob460-05

Cat# M0876; RRID: AB_2074844
Cat# ab150146; RRID: AB_2895679

Cat# ab150117; RRID: AB_2688012

Biological samples

Human tumor fresh and frozen samples

Matching germline tissue from either peripheral
blood mononuclear cells (PBMCs)
or non-tumoral tissue

Gustave Roussy and
Institut Curie
Gustave Roussy and
Institut Curie

N/A

N/A

Chemicals, peptides, and recombinant proteins

DMEM/F-12

Penicillin-Streptomycin

Sodium Pyruvate

Sodium Bicarbonate

HEPES

Lipofectamine™ RNAIMAX

RPMI 1640 Medium, GlutaMAX™ Supplement
MACS Tissue Storage Solution
Deoxyribonuclease | from bovine pancreas

Liberase™ TL (Thermolysin Low)
Research Grade

RBC Lysis Buffer (10X)
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Gibco

Gibco

Gibco

Gibco

Gibco
Invitrogen
Gibco

Miltenyi Biotec
Sigma-Aldrich
Roche

BioLegend

Cat# 11320033
Cat# 15140122
Cat# 11360070
Cat# 25080094
Cat# 15630080
Cat# 13-778-075
Cat# 61870010
Cat# 130-100-008
Cat# DN25-100MG
Cat# 5401020001

Cat# 420301

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER
Tris EDTA Buffer pH 9 Genemed Cat# 10-0046

Perm Enzyme B

FFPE Post-Hyb Wash Buffer

Probe Ligation Enzyme

Post Ligation Wash Buffer

RNase Enzyme

Extension Enzyme

Dual Index Kit TS Set A

TWEEN 20

SPRiselect Bead-Based Reagent

Tagment DNA Enzyme and Buffer

KAPA Pure Beads

cOmplete Protease Inhibitor Cocktail
cOmplete, EDTA-free Protease Inhibitor Cocktail
Dynabeads Protein G for Immunoprecipitation
BOND Dewax Solution

BOND Epitope Retrieval Solution 2

BOND Epitope Retrieval Solution 1

Opal anti-mouse + rabbit HRP

SPECTRAL DAPI

ProLong Diamond Antifade Mountant with DAPI

Cell Proliferation Staining Reagent -
Deep Red Fluorescence

MEM Non-Essential Amino Acids Solution

10x Genomics
10x Genomics
10x Genomics
10x Genomics
10x Genomics
10x Genomics
10x Genomics
Sigma-Aldrich
Beckman Coulter
lllumina

Roche

Roche

Roche

Thermo Fisher Scientific
Leica Biosystems
Leica Biosystems
Leica Biosystems
Akoya

Akoya

Thermo Fisher Scientific
Abcam

Gibco

Cat# PN-3000602/3000553
Cat# PN-2000424

Cat# PN-2000426/2000425
Cat# PN-2000420/2000419
Cat# PN-3000605/3000593
Cat# PN-2000427

Cat# PN-3000511

Cat# P1379

Cat# 20389900

Cat# 20034197

Cat# 07983271001

Cat# 11697498001

Cat# 04693132001

Cat# 10009D

Cat# AR9222

Cat# AR9640

Cat# AR9961

Cat# ARH1001EA

Cat# FP1490

Cat# P36962

Cat# ab176736

Cat# 11140035

Critical commercial assays

Chromium Next GEM Single Cell 3’ GEM,
Library & Gel Bead Kit v3.1

Chromium Next GEM Single Cell Multiome
ATAC + Gene Expression Reagent Bundle

Qiagen AllPrep DNA/RNA kit

Visium Spatial for FFPE Gene Expression Kit
DNeasy Blood & Tissue Kit

QlAamp DNA FFPE Tissue Kit

SureSelectXT Human All Exon V6

MinElute Reaction Cleanup Kit

NEBNext Ultra I| DNA Library Prep Kit for lllumina
High Sensitivity DNA Kit

QIAquick PCR Purification Kit

Tumor Dissociation Kit, human

Tumor-Associated Fibroblast Isolation
mouse kit (Miltenyi Biotech

10x Genomics

10x Genomics

Qiagen

10x Genomics
Qiagen
Qiagen
Agilent

Qiagen

New England Biolabs
Agilent

Qiagen
Miltenyi Biotec
Miltenyi Biotec

Cat# PN-1000121

Cat# PN-1000283

Cat# 80204

Cat# 1000336
Cat# 69504

Cat# 56404

Cat# 5190-8863
Cat# 28204

Cat# E7645S
Cat# 5067-4626
Cat# 28104

Cat# 130-095-929
Cat# 130-116-474

RNeasy FFPE Kit Qiagen Cat# 73504

Deposited data

JASPAR 2020 human transcription N/A https://jaspar2020.genereg.net/
factor motif database

HOCOMOCO vi1 N/A https://hocomoco11.autosome.org/
DSRCT tumor- and cell-based genomic data This paper GSE263523

Experimental models: Cell lines

Human: JN-DSRCT-1

Pr Janet Shipley (Institute of
Cancer Research, London)

RRID:CVCL_9W68
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Mouse Cancer-Associated Fibroblasts
(CAFs) from PDX

This paper

N/A

Experimental models: Organisms/strains

Mouse patient-derived xenograft (PDX) from a
Nod SCID Gamma (NSG, Charles River) mouse

This paper

N/A

Oligonucleotides

SiRNA EWSR1:WT1 (3’ GAT CTT GAT
CTA GGT GAG A 5)

siRNA CCND1

siRNA control non-targeting

This paper

Horizon Discovery
«on » -TARGETplus
Human CCND1
siRNA-smart pool
Horizon Discovery
«on » -TARGETplus
Non-targeting siRNA#1

N/A

Cat# 003210-00-0005

Cat# D-001810-01-05

Software and algorithms

R (v3.5.1, v4.3.0)

Seurat (v3.1.4, v4.0.4, v4.1)
Harmony (v1.0)

gprofiler2 (v0.2.2)

Hotspot (v1.0)
CellPhoneDB (v3.0.0)
NicheNet (v1.1.1)

inferCNV (v1.1.0)
CytoTRACE (v0.3.3)
RacelD (v0.2.6)

Velocyto (v0.17.16)

scVelo (v0.2.3)

SCENIC+ (v0.1.dev447+9d4fd733)
Azimuth (v0.5.0)

MoMac-VERSE

Cell Ranger ARC (v2.0.0)
Signac (v1.5.0)
ChromVAR (v1.23.0)

STAR

Atropos

Arriba
nf-core/rnaseq (v3.3)
DESeq2

CIBERSORTXx
Survminer (v0.4.9)
AUCell (v 1.22.0)

Fiji Imaged (v 2.1.0)
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N/A

N/A

Korsunsky et al.?°
N/A

DeTomaso et al.*®
Efremova et al.®®
Browaeys et al.”’
Trinity CTAT Project
Gulati et al.®’
Griin et al.*?

La Manno et al.®"
Bergen et al.*”

Gonzalez-Blas et al.®®

Hao et al.”®

Mulder et al.*®

10x Genomics

N/A
N/A

N/A
N/A
N/A
N/A
N/A

Newman et al.?*

N/A
Aibar et al.®*

N/A

https://cran.r-project.org
https://satijalab.org/seurat
https://github.com/immunogenomics/harmony
https://cran.r-project.org/package=gprofiler2
http://www.github.com/yoseflab/Hotspot
https://github.com/Teichlab/cellphonedb
https://github.com/saeyslab/nichenetr
https://github.com/broadinstitute/infercnv
https://cytotrace.stanford.edu/
https://github.com/dgrun/StemID
https://github.com/velocyto-team/velocyto.R
https://github.com/theislab/scvelo
https://github.com/aertslab/scenicplus

https://satijalab.github.io/azimuth/
articles/run_azimuth_tutorial.html

https://macroverse.gustaveroussy.fr/
2021_MoMac_VERSE/

https://support.10xgenomics.com/
single-cell-multiome-atac-gex/software/
overview/welcome

https://stuartlab.org/signac/

https://bioconductor.org/packages/
release/bioc/html/chromVAR.html

https://github.com/alexdobin/STAR
https://github.com/jdidion/atropos
https://github.com/suhrig/arriba
https://github.com/nf-core/rnaseq

https://bioconductor.org/packages/
release/bioc/html/DESeqg2.html

https://cibersortx.stanford.edu/
https://github.com/kassambara/survminer/

https://bioconductor.org/packages/
release/bioc/html/AUCell.html

https://imagej.net/imagej-wiki-static/
Fiji/Downloads
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Space Ranger (v2.0.0)

Loupe Browser (v6.3.0)

nf-core/sarek (v3.0.2)
BWA

CNVkit

nfcore/atacseq (v1.2.1)
FastQC

Trim Galore

Picard

BEDTools

Integrative Genomics
Viewer (IGV) (v2.16.0)

deepTools

MACS2

HOMER

MEME suite (v 1.8.0)
nfcore/chipseq (v1.2.2)
ToppGene Suite
ChlP-Enrich (v 2.26.0)

OIYVIA (v2.9)

QuPath (v0.3.0)

ImagedJ (v1.53)
Cell Ranger (v.3.0.2)

10x Genomics

10x Genomics

N/A

N/A

Talevich et al.®®
Ewels et al.®®
N/A

N/A

N/A

N/A

N/A

N/A
N/A
N/A
N/A
Ewels et al.®®
N/A
Welch et al.®”

Olympus

N/A

N/A
10x Genomics

https://www.10xgenomics.com/support/
software/space-ranger/downloads/
space-ranger-installation

https://www.10xgenomics.com/support/
software/loupe-browser/latest

https://github.com/nf-core/sarek
https://github.com/Ih3/bwa
https://github.com/etal/cnvkit
https://github.com/nf-core/atacseq
https://github.com/s-andrews/FastQC
https://github.com/FelixKrueger/TrimGalore
https://github.com/broadinstitute/picard
https://github.com/arg5x/bedtools2
https://software.broadinstitute.org/software/igv

https://github.com/deeptools/deepTools
https://github.com/macs3-project/MACS
http://homer.ucsd.edu/homer/
https://github.com/cinquin/MEME
https://github.com/nf-core/chipseq
https://toppgene.cchmc.org/

https://bioconductor.org/packages/
release/bioc/html/chipenrich.html
https://www.olympus-lifescience.com/
en/downloads/detail-iframe/?0
[downloads][id] = 847249644
https://qupath.github.io/
https://imagej.net/ij/download.html
https://support.10xgenomics.com/single-
cell-gene-expression/software/
pipelines/latest/installation

Other

VS120 Virtual Slide Microscope

Qiagen TissueLyser Il

NovaSeq 6000 sequencer

S220 Focused-ultrasonicator

BOND RX Fully Automated Research Stainer
Invitrogen EVOS XL Core Imaging System
ECLIPSE Ti2

Olympus
Qiagen
lllumina
Covaris

Leica Biosystems
Thermo Fisher Scientific

Nikon

Cat# VS120-S6-W
N/A (discontinued)
N/A

Cat# 500217

Cat# 21.2821
Cat# 15339661
N/A

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Sophie

Postel-Vinay (sophie.postel-vinay@gustaveroussy.fr).

Materials availability

This study did not generate new unique reagents.
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Data and code availability

® Single-cell omics data (including scRNA-seq, snMultiome, and Visium assays) and DSRCT frozen tumor RNA-seq are publicly
available on Gene Expression Omnibus (GEO) repository in count matrix format with the following accession number:
GSE263523. Cell-line-based omics data (RNA-seq, ATAC-seq, ChlP-seq) are available processed and in fastq format using
the same unique accession number, GSE263523.

o Patient raw data reported in this study cannot be deposited in a public repository because of privacy concerns.

@ This paper does not report original code. All custom code used for the analyses was written with existing software as detailed in
the STAR Methods section and is available upon request.

® Any additional information required to reanalyze the data reported in this manuscript is available from the lead contact upon
request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human subjects and ethical considerations
This study was performed in accordance with European General Data Protection Regulation (GDPR) following Regulation (EU) 2016/
679 of the European Parliament and of the Council of April 27, 2016.

Patients with DSRCT treated at Gustave Roussy and Institut Curie alive at the time of analysis gave their preoperative informed
consent to allow the use of tumor residual samples for scientific purposes. The clinical characteristics of patients involved in this
study are summarized in Table S1.

Cell line models
JN-DSRCT-1 cell line is a kind gift from Professor Janet Shipley (The Institute of Cancer Research, London).

JN-DSRCT-1 cell line was maintained in 2D adherent culture within DMEM/F-12 (Gibco) supplemented with 10% FBS, 1%
Penicillin-Streptomycin (Gibco), 1% Sodium Pyruvate (Gibco), 1% Sodium Bicarbonate (Gibco), 1% Non-Essential Amino Acids
(Gibco) and 1% HEPES (Gibco). Cell passaging was performed at 1/10 twice a week. Used cells were controlled for myco-
plasma-free status.

METHOD DETAILS

Spheroid formation

JN-DSRCT-1 cells were grown as spheroids in 96-well ultra-low attachment cell culture plates in supplemented DMEM/F-12 me-
dium. DSRCT cells were first seeded at a concentration of 1,000 cells per well before 15 min at 500 g centrifugation. The formation
of the spheroid was assessed 24 h after the cells’ seeding.

Small interfering RNA knock-down
JN-DSRCT-1 cell line was transfected with a custom small interfering RNA (siRNA) targeting EWSR1::WT1 (3' GAT CTT GAT CTA
GGT GAG A 5), CCND1 (Horizon Discovery « on » -TARGETplus Human CCND1 siRNA-smart pool, ref. L-003210-00-0005) or
with a non-targeting siRNA (Horizon Discovery « on » -TARGETplus Non-targeting siRNA#1, ref. D-001810-01-05), according to man-
ufacturer’s instructions. After cell seeding and obtention of 50% confluency, transfection was performed using Lipofectamine
RNAIMAX (Invitrogen ref. 13778150), and the medium was replaced the day after. A 48-h silencing time point was used for each
described experiment.

We performed western blotting with EWSR1 N-ter (C-9 clone, sc-48404), CCND1 (EPR224L clone, ab134175), and B-actin (BA3R
clone, MA5-15739-HRP) antibodies to control EWSR1::WT1, CCND1 and ACTB expression upon EWSR1::WT1 siRNA-mediated
silencing of the JN-DSRCT-1 cell line for the bulk RNA-seq and ATAC-seq experiments.

Human tumor samples 3’ single-cell RNA-sequencing

Tumor dissociation and scRNA-seq

Fresh tumor material from patients with DSRCT was profiled using the 3’-end single-cell RNA-sequencing (3’ scRNA-seq) 10x Ge-
nomics Chromium assay.

Briefly, fresh DSRCT tumor and peritumor material was collected into RPMI 1640 medium with GlutaMAX Supplement (Gibco™"
ref. 61870010) or MACS Tissue Storage Solution (Miltenyi Biotec, ref. 130-100-008) with a delay of less than 30 min after surgery.
Tissue samples were further cut into small chunks and incubated at 37°C in RPMI medium containing DNAse | (Sigma, reference
DN25-100M@G) at 2.2 pg/mL (final concentration) and Liberase Thermolysin Low (TL) (Roche, ref. 5401020001) at 4.5 ug/mL (final con-
centration) during 20-30 min. After tissue dissociation, the mixture was washed in 1x PBS +0.04% BSA before centrifugation. To
obtain a single-cell suspension, cells resuspended in 1x PBS +0.04% BSA were filtered twice with a 70 um and 30 um cell strainer.
After another round of centrifugation, cells were resuspended in 1x PBS +0.04% BSA. When necessary, red blood cell lysis was per-
formed with a 2 to 3 min incubation in 1X Red Blood Cell Lysis buffer (BioLegend, ref. 420301) protected from light before washing in
10 mL PBS and performing a last round of centrifugation.
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Cell concentration and viability were controlled with an automated cell counter using trypan blue, and cells were loaded into the 10x
Genomics cassette for a targeted cell recovery of 5,000 cells per sample following the recommendations from the manufacturer’s
protocol.

Cell encapsulation, reverse transcription, and library generation were performed according to 10x Genomics standard protocols.®’

Paired-end sequencing was performed on the lllumina NovaSeq 6000 sequencer for a targeted depth of 400 million reads per
sample.

Data analysis

Single cell RNA-seq raw base call (BCL) files were demultiplexed and converted into FASTQ files by using the 10X Genomics Cell
Ranger pipeline (v3.0.2) “mkfastq” command. FASTQ files were then processed with the Cell Ranger “count” command to perform
quality control, barcode processing, and single-cell gene counting. Sequencing reads were aligned to the GRCh38 human reference
genome (v3.0.0 Cell Ranger index). SCRNA-seq data were analyzed using the R package Seurat (R v3.5.1). Regularized negative
binomial regression-based normalization was performed using sctransform.®? Cell subpopulations were clustered using a k-nearest
neighbors graph method based on the Euclidean distance on PCA, followed by Louvain algorithm optimization. Visualization and
exploration of the data were obtained with the Uniform Manifold Approximation and Projection (UMAP) non-linear dimensional reduc-
tion technique in Seurat.

Samples from synchronous distinct localizations were combined by merging the raw count matrices of individual Seurat objects.
The integration of samples stemming from different patients and/or sampling timepoint was performed using the Harmony®® algo-
rithm (https://github.com/immunogenomics/harmony).

Differential gene expression analysis was performed using the Mann-Whitney-Wilcoxon test. We identified the most differentially
expressed genes of each cluster compared to the background, based on adjusted p value (<5%) and ranked them according to log-
arithmic fold change, and searched for enrichment of Gene Ontology (GO) terms to characterize each subpopulation. We performed
GSEA using GO pathways (GO Biological Process, GOBP; GO Cellular Component, GOCC; and GO Molecular Function, GOMF) on
the top 100 differentially expressed genes in each cluster (adjusted p-value <5%) using the R package gprofiler2.

Lastly, cluster-specific signatures were defined as the top 100 overexpressed genes from each predefined cluster and were further
used for signatures’ scoring in bulk RNA-seq data (see below).

DSRCT neotranscripts expression

To quantify single-cell expression of DSRCT-specific neotranscripts, we ran CellRanger “count” using a custom index built by ap-
pending sequences of the neotranscripts to the reference transcriptome. Counts for neotranscripts were log-normalized, and the
average log-normalized expression level was plotted with FeaturePlot.

Hotspot

Hotspot?® (http://www.github.com/yoseflab/Hotspot) was used to identify informative gene modules across clusters defined on the
Harmony-integrated Seurat object (“Int_sc” clusters).

Hotspot is an algorithm that computes gene modules in three steps: finding informative genes with high local autocorrelation, eval-
uating the pairwise correlation between these genes, and clustering the results in a gene-gene affinity matrix. The Hotspot depth-
adjusted negative binomial model was run using the count matrix and the 50 first principal components. A K-nearest neighbors
(KNN) graph was then calculated using 30 neighbors, and the 500 genes with the highest significant autocorrelation (false discovery
rate <0.05) were selected. Pairwise local correlation between these genes was computed, and gene modules were created by
agglomerative clustering with a minimum number of genes per module set to 15 and a false discovery rate threshold of 0.05. Hotspot
module scores for each cell were calculated by first centering the UMIs using the depth-adjusted negative binomial model. The
centered values were then smoothed using the weighted average of their 30 nearest neighbors. These smoothed values were
then modeled with PCA using the first principal component, and the cell loadings were reported as the module scores.
CellPhoneDB
To infer cell-cell communication between identified tumor and microenvironment cell clusters, we took advantage of CellPhoneDB®°
(https://github.com/Teichlab/cellphonedb), an algorithm developed to investigate cellular crosstalk from a curated repository of in-
teracting ligands and receptors.

NicheNet

We applied the NicheNet’® computational method (https://github.com/saeyslab/nichenetr) to further interrogate cell-cell interactions
to DSRCT tumor cells, immune cells, and cancer-associated fibroblasts. NicheNet presents the advantage of computing the activity
of ligand-receptor interactions by inferring their gene regulatory network at the single-cell level.

InferCNV

An inference of single cells’ copy number variations (CNV) was performed using InferCNV (https://github.com/broadinstitute/
infercnv). Raw gene expression data were first extracted from each patient-integrated Seurat object. For each sample, normal refer-
ence cells were selected based on the expression of immune cells and/or cancer-associated fibroblast markers (Table S2). Tumor
cells were grouped according to annotated Louvain clusters as defined above. The cutoff for the minimum average read count per
gene was setto 0.1, as recommended for 10x data. The ’cluster_by_groups’ setting was used to perform separate clustering for each
cluster as defined in the cell annotations file. All other options were set to their default values. Each CNV was annotated as a gain or a
loss to a p- or g-arm using the GRCh38 reference genome.
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CytoTRACE
We used CytoTRACE®® to infer the degree of differentiation of DSRCT tumor cells using CytoTRACE R package version 0.1.0.
CytoTRACE (Cellular (Cyto) Trajectory Reconstruction Analysis using gene Counts and Expression) aims at predicting the differen-
tiation state of cells from scRNA-seq data by leveraging the number of detectably expressed genes per cell. Subsampling of 1,000
cells was used to run the CytoTRACE function as described in https://cytotrace.stanford.edu/. CytoTRACE results were then visu-
alized on UMAPs colored according to the inferred degree of differentiation.
StemID
The cells’ degree of differentiation was predicted using StemID,>' which measures intracellular entropy based on cells’ median tran-
scriptome entropy. The StemlID tool was used as described in https://github.com/dgrun/StemID/blob/master/Reference_manual
RacelD2_StemID.pdf. Briefly, StemlID relies on the concept that the multiplicity of states coexisting within a single cell is reflected
by the uniformity of the transcriptome, approximated by Shannon’s entropy. StemID computes a StemID score, which reflects
the level of multipotency.
CellRank
Spliced and unspliced read counts were generated using velocyto (v0.17.16) “run10x” function.®® Spliced and unspliced reads were
then filtered and normalized using scVelo (v0.2.3)%* “filter_and_normalize” function [min_shared_counts = 20, n_top_genes = 2000].
A K-nearest-neighbor graph was built using 30 nearest neighbors on the 30 first principal components. RNA velocity scores were
calculated using the scVelo “dynamical” model of transcriptional dynamics. Single-cell velocities were then projected onto UMAP
embeddings. Cell-to-cell transition probabilities were calculated using the CellRank velocity kernel.>® Using scVelo dedicated func-
tions, we could then compute predicted initial and terminal states, latent time, lineage probabilities, and driver genes, as well as a
directed PAGA (partition-based graph abstraction) model.
SCENIC+
SCENIC+"° is a recent development of the SCENIC tool that takes advantage of multiomic data. It predicts genomic enhancers along
with candidate upstream transcription factors (TF) and links these enhancers to candidate target genes. Specific TFs for each cell
type or cell state are thus predicted based on the concordance of TF binding site accessibility, TF expression, and target gene
expression as contained in multiomic data (scRNA-seq and scATAC-seq). We used SCENIC+ (v0.1.dev447+gd4fd733) for
implementation.
Cell atlases used for label transfer
We used Azimuth®® to perform label transfer from Cao et al.*” fetal development cells atlas - which consists of 378,000 subsampled
human fetal cells - on our generated scRNA-seq dataset. Results are shown for “I1” predicted annotations.

In addition, MoMac-VERSE atlas”’ was used to deconvolute myeloid cell subpopulations. Briefly, MoMac-VERSE unifies dendritic
cells (DCs), monocyte, and macrophage subpopulations across human tissues.
EWSR1::WT1 targeted scRNA-seq
Traditional 10x Genomics 3’ scRNA-seq data do not allow to explore this due to: (i) the potential confounding expression of WT7 wild-
type - although WT1 wild type is supposedly repressed in DSRCT — which would be indistinguishable from EWSR1::WT1 since the 3’
reads are too short to cover the fusion breakpoint; and (ii) the insufficient sequencing depth for detection of lowly expressed tran-
scripts (so-called “drop-out” phenomenon). To overcome this limitation, we designed an in-house assay to evaluate the expression
level of EWSR1::WTT transcripts at the single-cell level. The leftover barcoded cDNA libraries from the 10x Genomics protocol were
used to selectively enrich for cDNA originating from the EWSR1::WTT1 transcript. Briefly, a first polymerase chain reaction (PCR1) was
done using either (i) an EWSR1::WT1 breakpoint specific biotinylated primer or (ii) a WT7 full-length specific biotinylated primer and a
universal Read 1 specific primer (sequence added on the transcript during reverse transcription in the 10X Genomics protocol). The
resulting PCR product was purified using Streptavidin beads. A second PCR (PCR2) using PCR1 as a matrix was done using a primer
specific to the WT1 C-terminal end located at about 450 base pairs (bp) from the transcript end. The second primer was the same as
the second one used in PCR1. The PCR2 product was purified and used as a matrix for a third PCR (PCR3) to add the P5 and P7
adapters using primer overhangs to construct an lllumina sequencing-compatible library.

The downstream bioinformatics analysis of EWSR1::WTT1 targeted scRNA-seq relied on a negative selection method to consider
potential unspecific amplification of WT7 full length with the EWSR1::WT1 targeted scRNA-seq assay.

Human tumor sample single-nuclei 3 RNA and ATAC sequencing (snMultiome)

Tumor dissociation, nuclei isolation, and permeabilization

Fresh tumor material from one patient with DSRCT was profiled using the single-cell Multiome ATAC + Gene Expression 10x Geno-
mics Chromium assay.

The fresh DSRCT tumor specimen was collected into 4°C MACS Tissue Storage Solution with a delay of less than 30 min after
surgery. The tissue sample was then cut into small chunks before proceeding to nuclei isolation and nuclei permeabilization accord-
ing to 10x Genomics Demonstrated Protocol for Nuclei Isolation from Complex Tissues for Single Cell Multiome ATAC + GEX
Sequencing (CG000375 Rev B). Briefly, the tumor small chunks were incubated on ice in NP40 lysis buffer (Tris-HCI (pH 7.4)
10mM, NaCl 10mM, MgCI2 3mM, Nonidet P40 0.1%, DTT 1mM, RNase inhibitor 1 U/uL, in Nuclease-free Water) during 5 min.
The suspension was then passed through a 70 um strainer into a 2 mL Eppendorf tube before 500g centrifugation for 5 min at
4°C. The supernatant was removed, and the nuclei pellet was washed in 1 mL of PBS supplemented with 1% BSA, 1 U/uL RNAse
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inhibitor on ice for 5 min. After an additional 4°C centrifugation at 500g for 5 min, nuclei were resuspended in 1 mL PBS with 1%
BSA and 1 U/mL RNAse inhibitor and counted using a Malassez counting chamber on Invitrogen EVOS XL imaging system after
DAPI staining to confirm complete nuclei isolation from total cells and assess nuclei concentration. We further achieved nuclei per-
meabilization by performing an additional 5-min 500 g centrifugation at 4°C and incubating the nuclei pellet in 0.1X Lysis Buffer (1X
Lysis Buffer: Tris-HCI (pH 7.4) 10 mM, NaCl 10 mM, MgCI2 3 mM, Tween 20 0.1%, Nonidet P40 0.1%, Digitonin 0.01%, BSA 1%, DTT
1 mM, RNase inhibitor 1 U/uL in Nuclease-free Water, diluted into Lysis Dilution Buffer: Tris-HCI (pH 7.4) 10 mM, NaCl 10 mM, MgCiI2
3mM, BSA 1%, DTT 1mM, RNase inhibitor 1 U/uL in Nuclease-free Water) on ice during 2 min. After washing the pellet in wash buffer
(Tris-HCI (pH 7.4) 10mM, NaCl 10mM, MgCI2 3 mL, BSA 1%, Tween 20 0.1%, DTT 1mM, RNase inhibitor 1 U/uL, in Nuclease-free
Water), the nuclei were resuspended in the appropriate volume of chilled Diluted Nuclei buffer (Nuclei Buffer (20X), DTT 1 mM, RNase
inhibitor 1 U/mL in Nuclease-free Water) and counted using both a Malassez counting chamber and a Bio-Rad automated cell
counter.

Chromatin transposition, ATAC, and RNA libraries construction

Next, the appropriate volume of cell nuclei suspension was extracted to target the effective encapsulation of 5,000 nuclei. Further
steps were performed following the 10x Genomics Chromium Next GEM Single Cell Multiome ATAC + Gene Expression User Guide
(CG000338).

Briefly, the transposition of the native chromatin was performed using 10x Genomics Chromium ATAC Enzyme B, which contains
the transposase, and adapter sequences were simultaneously added to the ends of the DNA fragments. Gel beads-in-EMulsion
(GEMs) generation and ATAC and Gene Expression libraries were constructed according to the 10x standard protocol.
Sequencing
The obtained ATAC and RNA libraries were sequenced on NovaSeq 150 base pairs with paired-end flow cells for a targeted depth of
400 million reads for the gene expression library and 500 million reads for the ATAC library.

Data analysis
Demultiplexing reads alignment, filtering, ATAC peak calling, and generation of feature-barcode matrices were done using Cell
Ranger ARC.

We relied on Seurat v4.0.4 and Signac v1.5.0 packages for further downstream analyses. First, genome annotation was per-
formed using the hg38 EnsDb—Hsapiens.v86 reference genome. Low-quality nuclei were then filtered out before peak calling
on either the pseudo-bulk data or separately on each further defined cell clusters using MACS2. The number of counts per
peak, features, and UMIs were then calculated before normalization using the sctransform method, which allows normalization
and variance stabilization of molecular count data from sc and snRNA/ATAC-seq experiments. Nuclei clustering was then per-
formed either based on RNA features, ATAC peaks features, or both features using the weighted nearest neighbors (WNN)
method.?® Single-nuclei data and RNA/ATAC/WNN-derived clusters were visualized using Uniform Manifold Approximation and
Projection (UMAP). Downstream analyses comprised differential gene expression and differential chromatin accessibility analyses,
and motif enrichment analyses.

Motif enrichment analyses relied on the JASPAR 2020 human transcription factor motifs database using the ChromVAR pipeline,
which calculates per cell motif activity Z-scores.

We performed 3’ scRNA-seq Int_sc dataset label transfer onto the snMultiome dataset. To increase the comparability of 3’ sScRNA-
seq Int_sc clusters and WNN snMultiome, we performed label transfer using exclusively Int_sc intronic reads, which derive from un-
processed nuclear transcripts and likely better reflect single-nuclei transcriptional profiles.

Human tumor samples bulk RNA sequencing

Samples collection and RNA sequencing

DSRCT frozen specimens collected and archived at Gustave Roussy Biological Resource Center from December 1991 to April 2021
constitute the DSRCT test cohort analyzed in this study.

According to applicable law, alive patients whose samples were to be used had to provide a non-opposition form to allow the use of
their archived biological samples.

An external cohort from Institut Curie’s Unité de Génétique Somatique (UGS) comprising DSRCT RNA-seq data and additional
selected soft tissue sarcomas RNA-seq data was used.

Ribbon sections of frozen samples were cut using a cryostat microtome after embedding within O.C.T. Next, frozen tissue was
lysed using Qiagen TissueLizer Il with 3 mm tungsten carbide beads according to the manufacturer’s instructions.

RNA extraction was performed on tumor samples using the Qiagen AllPrep DNA/RNA kit standard protocol.

After RNA Integrity Number (RIN) quality control, RNA samples were used to construct total RNA sequencing libraries. Samples
were sequenced on a NovaSeq sequencer with 150 base paired-end reads with a targeted depth of 30 million reads per sample.
Data analysis
The RNA sequencing data were analyzed according to nf-core/rnaseq pipeline. Raw reads quality control (QC) was performed using
FastQC. Pseudoalignment was performed with Salmon on hg19 (GENCODE version 19). RNA counts were quantified using Salmon
after adaptor trimming with Trim Galore!. Fusion transcripts prediction was performed with Arriba. Only the major EWSR1::WT1
fusion transcripts were reported.
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After filtering out tumor samples outliers and/or low tumor cellularity samples (<5%) according to the corresponding pathology
slide, hierarchical clustering was performed among Gustave Roussy (GR) DSRCT samples (test set) using Pearson’s correlation co-
efficient with Ward D2 linkage algorithm on the set of all sequenced genes.

Differential Gene Expression (DGE) analysis was performed using DESeq2 to compare transcriptomic profiles from DSRCT sam-
ples to those of a cohort of various STS subtypes.

Deconvolution of cell type composition was performed using CIBERSORTx?* (https://cibersortx.stanford.edu/) tool based on
scRNA-seq clustering for cell types and malignant cell clusters. CIBERTSORTx uses scRNA-seq data as a reference to dissect
cell-type-specific gene expression profiles in bulk datasets, thereby providing a more accurate inference of cell type abundances
than traditional deconvolution methods using a fixed gene signature matrix.

To deconvolve cluster-specific cell subsets from DSRCT tumors bulk RNA-seq data, CIBERSORTx was used to derive a signature
matrix from scRNA-seq data. Using the Seurat subset function, 500 or 1,000 cells were extracted from each cluster from the Har-
mony-integrated 3’ scRNA-seq dataset (Int_sc). Cluster-labeled cells served to obtain a single-cell reference matrix (scREF-matrix)
used as an input on CIBERSORTXx online server using the “Custom” option. Default values for replicates (n = 5), sampling (0.5), and
Min. Expression (0.0) were used. Additional options for kappa (999), g-value (0.01), and number of barcode genes (300-500) were
kept at default values. The imputation of cell subtypes fractions defined on the scREF-matrix was performed on transcripts per million
(TPM) values from DSRCT tumors bulk RNA-seq data using the “Impute Cell Fractions” function with “Custom” option and ran in
absolute mode. A total number of 500 permutations was performed to test for statistical significance.

Prognostic signatures generation and signature scores calculation

The top 100 upregulated genes within each Harmony-integrated sample cluster (“Int_sc” clusters) defined by Seurat graph-based
clustering using k-NN (K-nearest neighbor) method were selected to define cluster-specific signatures. A score for each cluster-spe-
cific signature was then calculated from bulk RNA-seq data of the test cohort (n = 29) using two strategies: (i) the geometric mean of
each gene expression expressed in transcripts per million (TPM), and (ii) the arithmetic mean of Z-scores of each gene expression
expressed in variance-stabilizing transformed (VST) raw counts. First, to assess specificity of gene signatures for DSRCT, ordinary
one-way ANOVA followed by Tukey’s multiple comparisons test was performed on signature values in DSRCT versus all 23 other
subtypes of sarcomas. As every signature was significant using the ANOVA test (p < 0.05), Tukey’s multiple comparisons test
was performed for all signatures. A number of significant p-values (o < 0.05) equal to or more than 18/23 (>75%) of comparisons
was chosen as the threshold to call a signature « DSRCT-specific ».

To further evaluate the prognostic value of each signature, the DSRCT samples bulk RNA-seq dataset was segregated into “High”
and “Low” signature scores using the optimal cutpoint method (“survminer” R package). We then performed a survival analysis for
patients from whom the tumor samples were collected to compare “High” versus “Low” signature scores using the Kaplan-Meier
model and tested for significance with the log rank test. Subsequently, we validated our findings on an external validation cohort
comprising 21 RNA-seq samples from frozen DSRCT patient tumors.

EWSR1::WT1 regulon

We defined a de novo EWSR1::WT1 regulon, defined by a list of genes and corresponding genomic regions, which are specific to
EWSR1:WT1 TF activity using bulk RNA-seq data on JN-DSRCT-1 with or without EWSR1::WT1 silencing, and EWSR1::WT1
ChIP-seq data.

To ensure its specificity, we intersected genes significantly downregulated upon EWSR1::WT1 silencing (please refer to JN-
DSRCT-1 cell line bulk RNA sequencing section below) and genes corresponding to enriched peaks in EWSR1::WT1 ChIP-seq
(please refer to JN-DSRCT-1 cell line Assay for Transposase-Accessible Chromatin using sequencing section below) with ab-
s(logFC) > 2 and p < 0.01 for both datasets. EWSR1::WT1 regulon was used to calculate single cells’ scores using. AUCell*° in 3’
scRNA-seq and snMultiome.

Spatial transcriptomics with 10x Genomics Visium assay

Sample and library preparation

Assessment of RNA quality was first performed on selected DSRCT FFPE samples. According to the manufacturer’s instructions, ten
sections of 10 um of FFPE tissue were used for RNA isolation using the RNeasy FFPE kit (Qiagen). Samples with DV200 (percentage
of RNA fragments longer than 200 nucleotides) > 30% were selected and used for further Visium spatial gene expression sequencing.

Using the human whole transcriptome probe set, spatial transcriptomics was performed with 10x Genomics Visium technology
according to the Visium Spatial Gene expression for FFPE samples protocol.

A representative tissue area of 6.5 x 6.5 mm was previously selected on H&E (hematoxylin and eosin) slides.

The latter slide contained four capture areas, each composed of an array of ~5,000 circular spots containing printed DNA oligos for
mRNA capture, each composed of a PCR handle, a unique spatial barcode, a unique molecular identifier (UMI), and a poly-dT-VN tail.
The resolution of 10x Visium spatial transcriptomics enabled to capture mRNA from 10 to 20 cells in each single 55 um circular spot.

Five-um sections of 3' scRNA-seq matched DSRCT tumors FFPE samples were cut after dehydration and placed on 10x Geno-
mics Visium Gene Expression slides as recommended. Visium slides were then incubated in a section dryer oven and kept in a desic-
cator at room temperature overnight. According to the 10x Visium general protocol, deparaffinization was performed within the next
day by placing slides in a section dryer oven at 60°C for 2 h, followed by successive baths in xylene and ethanol gradient
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concentrations. Next, H&E staining and coverslipping were performed, and Visium slides were further imaged at 10x magnification
using the Olympus VS120. Images were processed using Fiji Imaged software.

After coverslip removal, slides were placed into the Visium cassette. Decrosslinking was performed by incubating Visium slides
with Tris EDTA (TE) buffer (Ready-to-use, Genemed, Gentaur) in a thermocycler at 70°C for 60 min. A pre-hybridization step with
Perm Enzyme B (10X Genomics, PN-3000602/3000553) and Tween 20 incubation for 15 min at room temperature was followed
by the hybridization of the human whole transcriptome probe set panel on complementary target RNA transcripts on tissue sections.
Briefly, this panel consists of a pair of specific probes for each targeted gene which contains Read2S and polyA sequences. After
overnight incubation, several washes with FFPE Post-Hyb Wash Buffer (10x Genomics, PN-2000424) were performed, followed
by the addition of a ligation enzyme (10x Genomics, PN-2000426/2000425) and incubation in a thermocycler at 37°C for 60 min
to seal the junction of probes-RNA transcripts pairs. Probes’ ligation was followed by several washes with Post Ligation Wash Buffer
(10x Genomics, PN-2000420/2000419). Finally, RNA digestion was performed to allow probes’ release. The latter step included sam-
ples’ incubation with RNase enzyme (10x Genomics, PN-3000605/3000593) at 37°C for 30 min and permeabilization with Perm
Enzyme B for 40 min at 37°C to release the probes, which were then captured on the Visium slides surface. Probes’ extension
was performed by incubating samples for 15 min at 45°C with the Extension enzyme (10X Genomics, PN-2000427) before elution
using KOH 0.08M and 1M Tris-HCI to stabilize the reaction. Libraries were right after generated by adding to each sample 50 puL
of Amp Mix (10X Genomics, PN-2000047) and 5 pL of dual index Kit/plate TS Set A well ID (10X Genomics, PN-3000511) and further
amplified using the number of cycles determined by qPCR before libraries construction. Samples were then cleaned-up using
SPRIselect reagent (Beckman Coulter) and stored in EB buffer at —20°C until sequencing. Quality and quantification of cDNA libraries
were assessed using BioAnalyzer before sequencing.

Generated Visium libraries were pooled and loaded in a single SP lllumina flow cell. Sequencing was performed on NovaSeq PE 50
at a sequencing depth of 50k read pairs per spot covered with tissue using 10x Genomics recommended run parameters.

Data analysis

Space Ranger was used to perform the demultiplexing of Visium-prepared raw base call files generated by lllumina sequencers into
FASTQ files using spaceranger mkfastq. Next, spaceranger count was used to perform tissue and fiducial alignment from the micro-
scope slide image and barcode/UMI counting to generate feature-barcode matrices that were further used for downstream analyses.
The number of spots covered with tissue was calculated using Loupe Browser. Overall, tissue sections from DSRCT samples encom-
passed a total of 4,236, 3,452, 3,588, 3,214, 3,537, and 3,686 spots containing included barcodes on the capture area for GR2, GR4,
GR4_PC, IC1, GR7, and GR11 samples respectively.

Downstream analyses relied on the Seurat package (v4.1) and included spots’ clustering (k-nearest neighbors graph method with
Louvain algorithm optimization), differential gene expression analysis, and spatially variable features’ exploration. We used an an-
chor-based label transfer workflow® using 3 scRNA-seq matching samples identified clusters as a reference. To account for
spatially resolved pathway activations, we calculated the average expression levels of selected hallmark gene signatures sub-
stracted by the aggregated expression of control gene sets using the AddModuleScore function from Seurat.

Whole exome sequencing

Sample preparation

DSRCT tumor frozen samples were collected for whole exome sequencing (WES), corresponding to those used for 3' scRNA-seq,
along with matching germline tissue from either peripheral blood mononuclear cells (PBMCs) or non-tumoral tissue. DNA extraction
was performed using Qiagen DNeasy Blood and Tissue Kit or QlAamp DNA FFPE Tissue Kit for non-tumoral FFPE samples when
patient-derived PBMCs could not be obtained.

Sequencing

After BioAnalyzer quality control, genomic DNA was sheared, and exons were captured by the Agilent SureSelect Human All Exon V6
kit. Sequencing libraries were prepared and sequenced with paired-end sequencing (150bp) on an lllumina NovaSeq 6000 sequencer
with 40 million reads per sample.

Data processing

WES data were processed using the nf-core/sarek pipeline (https://github.com/nf-core/sarek). Following alignment to GRCh38 with
BWA, allowing up to 4% of mismatches, BAM files were cleaned according to the Genome Analysis Toolkit (GATK) recommenda-
tions, namely duplicate marking and base quality score recalibration.

Downstream analyses

Copy number variation between normal and matched tumor tissue was computed using CNVkit® (https://github.com/etal/cnvkit).

JN-DSRCT-1 cell line bulk RNA sequencing

After outlier sample removal, differential gene expression analysis between H48 EWSR1::WT1-silenced and non-silenced conditions
was performed using DESeq2.

Sample preparation

JN-DSRCT-1 cells were silenced for ENSR1::WT1 as described above (please refer to the Small interfering RNA (siRNA) Knock-
Down (KD) section). Cells were collected at 4°C in PBS after 48-hour silencing. Cell pellets were lyzed and RNA extracted using Qia-
gen RNEasy kit according to manufacturer’s instructions. The experiment was performed in triplicate.
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Sequencing

RNA quality control was performed before library construction based on RNA Integrity Number (RIN) evaluated on Agilent 2100 Bio-
analyzer. Sequencing libraries were prepared after rRNA removal. Samples were sequenced on a NovaSeq sequencer with 150 base
paired-end reads with a targeted depth of 30 million reads per sample.

Data processing

The RNA sequencing data were analyzed according to nf-core/rnaseq pipeline. Raw reads quality control (QC) was performed using
FastQC. Pseudoalignment was performed with Salmon on hg19 (GENCODE version 19). RNA counts were quantified using Salmon
after adaptor trimming with Trim Galore!.

Downstream analyses

After outline sample removal, differential gene expression analysis between H48 EWSR1::WT1-silenced and non-silenced conditions
was performed using DESeq2.

JN-DSRCT-1 cell line assay for transposase-accessible chromatin using sequencing

Assay for transposase-accessible chromatin

JN-DSRCT-1 cells were grown to target ~80% confluence in 6-well plates 48 h after EWSR1::WT1 or CCND1 siRNA-medi-
ated knockdown, or transfection with a non-targeting siRNA. Independent biological duplicates were performed for this
experiment.

Although working on cell lines, assay for transposase-accessible chromatin (ATAC) was performed according to Corces et a
Omni-ATAC protocol optimized from the standard Buenrostro et al.?® protocol. Briefly, cells were harvested to target 100,000 cells
per sample. Cell lysis was performed to extract nuclei by incubating cells for 3 min on ice in cold lysis buffer (Resuspension buffer
(10mM Tris-HCI, pH 7.5; 10mM NaCl; 3mM MgCI2); 0.1% NP-40; 0.1% Tween 20; 1% Digitonin). The suspension was then washed
in Wash buffer (Resuspension buffer with 10% Tween 20) before centrifugation at 500g for 10 min at 4°C to isolate pellets (nuclei).
DNA transposition was performed by incubating nuclei for 45 min a 37°C in a thermomixer at 1,000 revolutions per minute (rpm) in a
transposition reaction mix containing 2X Tagment DNA (TD) buffer, 1X PBS, with 0.1% Tween 20, 0.01% Digitonin, 10% Tn5 Trans-
posase (Tagment DNA Enzyme 1). DNA purification was then performed using the Qiagen MinElute Reaction Cleanup kit. Library
amplification was performed using the NEBNext Ultra Il DNA Library Prep Kit for lllumina (New England Biolabs) while determining
the total number of PCR cycles by gPCR. Next, libraries were purified with KAPA Pure Beads (Roche) before assessing the library
quality on Agilent BioAnalyzer with the High Sensitivity DNA kit. Libraries were finally sequenced at a depth of 200 million reads
per sample on NovaSeq with paired-end 150 bp reads.

Data analysis

ATAC-seq data were analyzed according to nf-core/atacseq pipeline”. Raw reads quality control (QC) was performed using
FastQC, followed by adapter trimming with Trim Galore! After read mapping to the reference genome (GRCh38) using BWA, dupli-
cate reads were discarded using picard. BigWig files were generated using BEDTools for IGV visualization. Genome-wide immu-
noprecipitation enrichment relative to input was performed using deepTools. Broad and narrow peaks were called using MACS2
and were annotated relative to gene features using HOMER. Finally, differential binding analysis was performed using DESeq2.
Motif analyses were subsequently performed on significantly enriched peaks using the MEME suite. Enrichment in known tran-
scription factors was evaluated among the JASPAR2020 database using AME. EWSR1::WT1 de novo motifs were explored using
DREME.

l.91

JN-DSRCT-1 cell line WT1 C-terminal chromatin immunoprecipitation with sequencing
Chromatin immunoprecipitation, library generation, and sequencing
JN-DSRCT-1 cells were grown to ~80% confluence in 15 cm dishes. To perform chromatin immunoprecipitation (ChIP), chromatin
was first crosslinked for 15 min at room temperature (RT) by adding methanol-free formaldehyde (1% final) in the culture media.
Formaldehyde was quenched by adding a glycine solution at a final concentration of 125 mM for 5 min RT incubation. After two
washes with ice-cold PBS supplemented with Complete Protease Inhibitor Cocktail (Roche), cells were scraped and centrifuged
for 5 min at 300g before freezing at 80°C for subsequent utilization. After thawing on ice, cells were resuspended in Farnham lab
(FL) buffer (5 mM PIPES pH 8; 85 mM KCI; 0.5% Igepal CA-630) supplemented with Complete Protease Inhibitor Cocktail, EDTA-
free (Roche) at a final concentration of 1 million cells/mL. Furthermore, nuclei extraction was performed according to the
NEXSON (Nuclei EXtraction by Sonication) protocol®’. Briefly, cell suspensions were sonicated in 12x12 1mL miliTUBES with
AFA Fiber using the Covaris S220 Focused-ultrasonicator at peak power 75W, duty factor 2%, and 200 cycles/burst at 4°C for
2 min. Isolated nuclei were then resuspended in 1 mL of shearing buffer (10 mM Tris-HCI pH 8; 0.1% SDS; 1 mM EDTA) supplemented
with Complete Protease Inhibitor Cocktail EDTA-free (Roche) and chromatin was sheared using the Covaris S220 Focused-ultraso-
nicator at peak power 140W, duty factor 5%, 200 cycles/burst during 20 min at 4°C. When needed, sheared chromatin was kept
at —80°C for subsequent use the day after. An aliquot of sheared chromatin was incubated overnight with proteinase K at 65°C to
reverse the crosslink for the quality control of adequate shearing. DNA was then purified using the Qiagen PCR purification kit
and analyzed on a Bioanalyzer (DNA High Sensitivity kit) for size distribution.

Immunoprecipitation was performed on sheared chromatin diluted with 10X dilution buffer (0.01% SDS, 1.1% Triton X-100, 1.2mM
EDTA, 16.7 mM Tris pH8, 167mM NaCl) by incubating WT1 C-terminal (Genetex GTX15249) targeting antibody at 0.5 mg/mL final
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concentration, H3K9ac-targeting antibody (Cell Signalling Cat #9649) at 1:50 dilution, H3K27ac-targeting antibody (Cell Signalling
Cat #8173) at 1:100 dilution, or rabbit isotype at 1 mg/mL final concentration overnight at 4°C. The next day, Dynabeads Protein
G beads (Thermo Fisher Scientific) were blocked with PBS-BSA 0.5% at RT for 30 min. Antibody-incubated chromatin was added
upon blocked Dynabeads to capture immune complexes. Immunoprecipitates were then washed twice using successively low saft
buffer (0.1% SDS, 1% Triton X-100, 2mM EDTA, 20mM Tris pH8, 150mM NaCl), high salt buffer (0.1% SDS, 1% Triton X-100, 2mM
EDTA, 20mM Tris pH8, 500mM NacCl), LiCl wash buffer (250mM LiCl, 1% NP-40, 1% Na-Deoxycholate, 10mM Tris pH8, ImM EDTA)
and TE 1X buffer. Precipitated chromatin was eluted from beads by heating at 65°C in Elution buffer (25mM Tris pH 7.5, 5mM EDTA,
0.5% SDS). Crosslink was reverted from eluted samples by overnight incubation at 65°C with Proteinase K. DNA was purified on
Qiagen PCR purification columns. Library generation was finally performed according to the NEBNext Ultra Il DNA Library Prep
Kit for lllumina protocol. Quality control of amplified library profiles was performed on Agilent Bioanalyzer, and samples were
sequenced at 200 million reads depth on NovaSeq with 150 base paired-end reads.

Independent biological duplicates were performed for WT1 C-terminal ChIP while a single assay was performed for H3K9ac and
H3K27ac ChlP.
ChiP-seq data analyses
Peak calling, gene annotation, and differential binding analysis. ~ChlP-seq data analyses were performed according to nf-core/chip-
seq pipeline®. Briefly, a raw read QC (FastQC) was performed before adapter trimming with Trim Galore! Reads were further mapped
to the reference genome (GRCh38) using BWA, and duplicate reads were discarded using picard. BigWig files were generated using
BEDTools to allow IGV visualization of fragments. The distribution of peaks was annotated using HOMER. Gene-wide
immunoprecipitation enrichment relative to input was performed using deepTools. Broad and narrow peaks were called using
MACS2 and were annotated relative to gene features using HOMER. Finally, differential binding analysis was performed using
DESeq2.
ChIP gene set enrichment analysis. Gene set enrichment (GSE) analysis was performed on WT1 ChlIP-seq data using two
methods. First, peak-associated genes with a peak fold enrichment >2 were selected to generate a gene list which was
used as an input for ToppFun analysis (ToppGene Suite) focusing on Gene Ontology gene sets. Secondly, we performed
GSE testing on a list of ChlP-seg-derived genomic regions, defined as the differentially enriched broad peaks’ genomics
ranges derived from DESeq2 analysis on WT1 ChIP compared to isotype. For the latter study, we took advantage of the
ChlIP-Enrich package®, which relies on four steps to account for biases induced by the properties of ChIP-seq data,
including the increasing of Type | error secondary to multiple testing (various numbers of peaks for a single gene), and the
gene-length bias. Briefly, ChIP-Enrich analysis is divided into four steps: first, we defined loci of interest as the regions
spanning the midpoints between the transcription start sites (TSSs) of adjacent genes so that each peak genomic range is
assigned to the gene with the nearest TSS. Secondly, the proportion of each gene locus covered by ChlP-seq peaks is
calculated. Thirdly, a logistic regression is performed for each GO gene set, including a correction for locus length. Finally,
p-values for enrichment or depletion are adjusted for each GO gene set for multiple testing.
EWSR1::\WT1 ChIP-seq signature. An EWSR1::WT1 ChlIP-seq signature (n = 176 genes) reflecting EWSR1::WT1 transcriptional
activity was inferred by selecting peaks corresponding to genes displaying a fold enrichment >5 compared to isotype control
ChIP (DESeq?2). The calculation of a ChlP-seq signature score at the single-cell level on 3'scRNAseq Harmony integrated data
was performed using the AddModuleScore function (Seurat), which computes the average expression level of a program of
interest, subtracted by the aggregated expression of randomly selected control features.
K-mer overrepresentation analysis. We searched for k-mer enrichment within the 100 bp-wide sequences around EWSR1::WT1
specific ChlP-seq peak summits. EWSR1::WT1 specific ChIP-seq peaks were inferred from significantly (p-value<0.05) enriched
peaks in EWSR1:WT1 ChIP compared to rabbit isotype ChIP using DESeg2. We compared the frequency of all 6-mer
oligonucleotides (n = 4% = 4,096) found within EWSR1::WT1 ChIP-seq peak summits to their frequency within the whole genome.
Motif enrichment analysis. Motif analyses were subsequently performed on significantly enriched peaks using the MEME suite.
Enrichment in known transcription factors was evaluated among the JASPAR2020%* database using AME. EWSR1::WT1 de novo
motifs were explored using STREME and were matched to known TF motifs from JASPAR2020 and HOCOMOCO-v11 using the
TomTom motif comparison tool. HOCOMOCO v11 database contains two human WT1 wild type motifs WT1_HUMAN.H11MO.
1.B and WT1_HUMAN.H11MO.1.C, corresponding to the short and long version of pooled WT1 +/— KTS motifs from GSE81009
dataset, respectively.
ATAC-seq and ChiP-seq integration. We analyzed overlapping peaks between EWSR1::WT1 specific binding sites inferred from
isotype versus EWSR1::WT1 differential binding analysis (‘EWSR1::WT1 ChIP module”) and EWSR1::WT1 induced differentially
accessible peaks generated from EWSR1::WT1-silenced versus non-silenced DSRCT cell lines derived samples ATAC-seq data
(“EWSR1::WT1 ATAC module”).

Immunohistochemistry

DSRCT cases, including those corresponding to the samples processed for scRNA-seq, were selected by an expert sarcoma pathol-
ogist. Serial sections of FFPE tissue were cut in 3-pm thickness sections for further fluorescent or DAB immunohistochemitry (IHC) as
described below.
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Fluorescent stainings

Fluorescent multiplex stainings were performed on BOND RX automated stainer (Leica Biosystems). Dewaxing was performed with
BOND Dewax Solution. Antigen retrieval was performed using BOND Epitope Retrieval Solution 2 (pH = 9) for 20 min at 100°C. Pro-
tein blocking was performed with PKI blocking (Akoya) for 5 min.

Antigen detection was performed using the Opal system (Akoya) with Opal anti-mouse and anti-rabbit HRP polymer.

Between each sequence, antigen stripping was performed using BOND Epitope Retrieval Solution 1 (pH = 6) for 20 min at 100°C.

A counter-coloration was done with DAPI (Akoya) for both multiplex assays. After staining, tissue sections were submitted to serial
gradients of xylene and mounted manually with a coverslip using ProLong Diamond.

The following antibodies and respective conditions were used for THY1/CHI3L1/Desmin triplex: anti-THY1/CD90 (1:1000, rabbit
IgG D3V81 clone, Cell Signaling #13801), detected with OPAL480 fluorophore at 1:75; anti-CHI3L1 (1:1600, polyclonal rabbit, Abcam
ab77528), detected with OPAL570 fluorophore at 1:100; anti-Desmin (1:200, monoclonal mouse D33 clone, DAKO M0760), detected
with OPAL690 at 1:150.

The following antibodies and respective conditions were used for FAP/MCAM/ACTA2 triplex: anti-FAP (1:200, polyclonal sheep,
R&S AF3715), detected by rabbit anti-sheep (P0163, DAKO) and OPAL520 fluorophore at 1:50; anti-MCAM (1:600, mouse OTI5C4
clone, Origene TA803548), detected with OPAL570 at 1:600; anti-ACTA2 (1:1000, mouse 1A4 clone, DAKO M0851), detected with
OPALG90 at 1:150.

Mono DAB stainings
Mono DAB stainings were performed using the automated BenchMark ULTRA stainer.

Dilution and antibodies for mono DAB IHC stainings were as follows: anti-c-Myc (fixed concentration pre-filled syringe, monoclonal
anti-rabbit, Y69 clone, Roche 790-4628), anti-WT1 (1:100, polyclonal rabbit, Zytomed AB_2864626), anti-Desmin (1:40, monoclonal
mouse D33 clone, DAKO M0760), anti-AE1/AE3 (1:75, monoclonal mouse, Diagnostic BioSystem Clinisciences Mob190-05), anti-
CD3 (1:100, polyclonal rabbit, DAKO A0452), anti-THY1 (alias CD90, 1:750, rabbit IgG D3V81 clone, Cell Signaling #13801), and
CD56 (alias NCAM, fixed concentration pre-filled syringe, monoclonal rabbit, MRQ-42 clone, Roche 760-4596).

Revelations were performed using the UV DAB kit, and counter coloration was done with hematoxylin and bluing reagent.

Dual chromogenic stainings

Dual chromogenic CD68/CD163 staining was performed on an automated Discovery Ultra stainer using the following antibody ref-
erences and dilutions: anti-CD163 (1:100, Diagnostic BioSystem Clinisciences Mob460-05) followed by anti-mouse HRP and DAB
incubation, and anti-CD68 (1:200, PG-MI clone, DAKO M0876), followed by anti-mouse HRP and DS Discovery purple incubation.

Counter coloration was performed with hematoxylin and bluing reagent.

Image analysis
Slides were scanned on the Olympus VS120 automated slide scanner, followed by visualization with OlyVIA v2.9. Images were
analyzed using QuPath v0.3.0 and ImageJ v1.53.

CAFs co-culture

Colony formation assay

JN-DSRCT-1 cells were co-cultured with mouse Cancer-Associated Fibroblasts (CAFs) isolated from a mouse patient-derived xeno-
graft (PDX). Briefly, PDX was collected from a Nod SCID Gamma (NSG, Charles River) mouse and dissociated with the Tumor Disso-
ciation kit (Miltenyi Biotech). Mouse fibroblasts were isolated with the Tumor-Associated Fibroblast Isolation mouse kit (Miltenyi
Biotech). Isolated cells were seeded into three wells of a 6-well plate in DMEM/F12 complemented medium, supplemented with
1X Insulin-Tranferrin-Selenium (ITS). The day after, a Transwell device of 0.4 um was inserted into each well (with or without
CAFs), and JN-DSRCT-1 cells were seeded (500 cells per well) for the colony-forming assay.

Both 6-well plates seeded with DSRCT tumor cells and Transwell seeded CAFs were washed with PBS stained with crystal violet
0.5% in methanol.

Plates and Transwell inserts were scanned, and the total colony area was calculated using Imaged. The staining was then solubi-
lized in 100% Methanol for 20 min, and triplicate aliquots were collected to measure absorbance at 570 nm.
3D spheroids co-culture growth test
JN-DSRCT-1 cells were plated on ultra-low adherence 96-well plates at a concentration of 1,000 cells per well in DMEM/F12 before
15 min of centrifugation at 500 x G. Plates were incubated at 37°C + 5% CO2 and the formation of the spheroid was assessed 72 h
after seeding. PDX-derived CAFs were first isolated as previously described using the Tumor-Associated Fibroblast Isolation mouse
kit (Miltenyi Biotech) and stained using Cell Proliferation Staining Reagent according to the manufacturer’s protocol (Abcam - Deep
Red Fluorescence).

Stained CAFs (n = 500) were added to wells containing JN-DSRCT-1 spheroids. Pictures were acquired every two days to assess
the spheroids’ growth on Invitrogen EVOS XL using the product of their two largest diameters. On day 15, live cells spheroids were
finally pictured on a spinning disk microscope (Nikon Eclipse Ti2 equipped with Leica/Gataca CSU-W1 confocal scanner unit, Live-
SR module, and incubation chamber) using a 20x oil objective. Spheroids were then measured using ImagedJ software v1.53, and
tumor cells were distinguished from CAFs based on deep red fluorescence, negative for JN-DSRCT-1 cells and positive for
CAFs. The experiment was performed in triplicates.

e13 Cell Reports Medicine 5, 101582, June 18, 2024



Cell Reports Medicine @ CelPress

OPEN ACCESS

3D immunofluorescence

JN-DSRCT-1 cells were seeded and grown in 3D as previously described. An immunofluorescence assay was performed to evaluate
the staining pattern of elected markers within the spheroids. After 15 days of growth in ultra-low attachment (ULA) plates, spheroids
were fixed for 30 min in PBS-PFA 4%, permeabilized with Triton X-100 0.5% for 10 min and blocked with PBS-BSA 0.1%, Triton
X-100 0.2% and Tween 20 0.5%. Spheroids were then incubated within 1:500 or 1:100 diluted primary antibodies (anti-WT1 C-ter-
minal (rabbit polyclonal Genetex GTX15249), or anti-Desmin (mouse monoclonal D33 clone, Dako M0760)) overnight at RT. After
three rounds of PBS washing, spheroids were further incubated overnight with secondary antibody solutions (Rabbit anti-goat Alexa
Fluor 555, 1:2000 and Goat anti-mouse Alexa Fluor 488, 1:2000). The day after, a DAPI staining was finally performed by incubating
spheroids 30 min in a 100 ung/mL DAPI solution. Before image acquisition, spheroids were submerged within a sucrose and urea so-
lution to allow tissue clearing with minimal tissue shrinkage. Spheroids were then pictured on a spinning disk microscope (Nikon
Eclipse Ti2 equipped with Leica/Gataca CSU-W1 confocal scanner unit, Live-SR module, and incubation chamber) using a 20x
oil objective and appropriate wavelength.

Quantification and statistical analysis

The tests used for statistical analyses are described in the dedicated paragraphs within the main text and the STAR Methods section,
and have been performed using R.
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Figure S1
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Figure S1. DSRCTtumor cellsare characterized by lineage-related states, stemness features, and homogeneous EWSR1::WT1
expression levels, related to Figures 1 and 2.

(A) Uniform Manifold Approximation and Projection (UMAP) highlighting Int_sc 3' sScRNA-seq clusters.

(B) UM AP showing the Int_sc dataset annotation according to Cao et al. fetal cells atlas.

(C) UMAP highlighting differentiation degree prediction of the Int_sc dataset using CytoTRACE.

(D) UM AP showing cell-based transcriptome entropy of the Int_sc dataset using StemlID.

(E) UMAP showing “WT1” expression within Int_sc dataset. “WT1” herein corresponds to both EWSR1::WT1 and wild-type WT1
transcripts.

(F) UMAP showing “WT1" expression within | C1 site#3 (left panel) and GR7 site#2 (right panel) datasets.

(G) Schematic representation of the in-house developed method characterizing EWSR1::WT1 fusion transcript expression level at the
single-cell resolution. The method relies on sequential PCRs to enrich the library for EWSR1::WT1 specific barcoded cDNASs derived from
10X Genomics 3’ single cell pipeline.

(H) UMAP highlighting EWSR1::WT1 single-cell expression level in | C1 site#3 and GR7 site#2.
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Figure S2. EWSR1::WT1 target genesdisplay EGR1 motif and are variably accessible across snM ultiome clusters, related to Figure 3.

(A) EWSR1 western blot (WB) showing the input, immunoprecipitated (1P), and flow-through fractions (No IP) of EWSR1::WT1in
JN-DSRCT-1 protein lysate (upper panel). IPwas done using WT1 C-ter GTX15249 antibody. As a negative control, we show an
inefficient immunoprecipitation with an alternate WT1 antibody. Strong staining for EWSRL1 at the predicted fusion protein size (65 kDa)
highlights the specificity of the immunoprecipitated fraction. WB was performed using the EWSR1 C-9 clone, sc-48404.

Pie chart representing the genomic distribution of EWSR1::WT 1-binding peaks (lower panel). TTS relates to transcription termination
sSite.

(B) Integrated Genome Viewer (IGV) track of EWSR1::WT1 known (CCND1, FGFR4, COL23A1, EGR1) and newly described (GAL,
ADGRB1, CHI3L1) targets.

(C) Gene Ontology (GO) enrichment analysis of EWSR1::WT 1-binding peaks for GO biological process (GOBP). All pathways with
significant enrichment (adjusted p-value <0.05) are displayed on y-axis from lower (top) to higher (bottom) adjusted p-value. Generatio is
shown on x-axis. Dots color refer to Log(Odds Ratio).

(D) Scatter plot representing 6-mer s frequency within EWSR1::WT 1-binding peaks (y-axis) accor ding to their frequency within the
whole genome (x-axis). Specific enrichment for GGA/CCT repeats motifs is highlighted.

(E) Chart recapitulating significantly enriched de novo EWSR1::WT 1-binding motifs with their best match with known transcription
factor (TF) consensus maotifs. The analysis was performed using the MEME suite with JASPAR2020 or HOCOMOCO-v11 TF database.

(F) WB of EWSR1::WT1 expression assessment upon EWSR1::WT1 silencing of IN-DSRCT-1 cells before assay for transposase-
accessible chromatin with sequencing (ATAC-seq). Silencing was performed using a EWSR1::WT1- or CCND1-targeting SIRNA, or a
control non-targeting SSIRNA at H48 post-transfection. A mock-transfected control is shown. EWSR1::WT1 and wild type EWSR1 correspond
to the 65 kDa and 80 kDa band respectively, using a EWSR1 N-ter antibody (EWSR1 C-9 clone, sc-48404). CCND1, which isadirect target
of EWSR1::WT1, is shown as a positive control for efficient EWSR1::WT1 silencing. b-actin is shown as a control for protein loading at 50
kDa.

(G) Volcano plot showing ATAC-seq differentially accessible peaks-corresponding genesin EWSR1::WT 1-silenced ver sus hon-
silenced IN-DSRCT-1 cells. Peaks with increased accessibility upon EWSR1::WT1 silencing are shown on the left (EWSR1::WT1 “off"),
whereas those that have increased accessibility in non-silenced cells are shown on the right (EWSR1::WT1 “on”). Colored dots correspond to
the most differentially accessible peaks (-Log10(adjusted p-value)>100 and absolute Log2 fold change (Log2FC)>1.5).

(H) Venn diagram showing overlap between EWSR1::WT1“on” ATAC peaksand EWSR1::WT1-binding peaks.

(I ChlP-seq read cover age heatmaps centered around EWSR1::WT 1-binding peaks (+/- 5 kb) and ordered by genomic regions.
Heatmaps display EWSR1::WTL1 (first panel), H3K 9ac (second panel), and H3K 27ac (third panel) ChlP-seq assays. The fourth panel shows
coverage for EWSR1::WT1 “on” peaks from ATAC-seq assay.

(J) Heatmap showing cell-based motif activity Z-scorefor the top enriched motifsfrom known TFsin the snM ultiome assay.



Figure S3
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Figure S3. Microenvironment shapes DSRCT cells phenotype, related to Figure 5.

(A) Selected ligands expression across I nt_sc dataset clusters (NichetNet). The color scale represents the average expression Z-score
percluster. For each cluster, the percentage of cells expressing the feature of interest is represented by the dot size.

(B) Prior ligand-receptor interaction potential between selected ligands and matching receptorsin the Int_sc dataset (NicheNet).

(C) Regulatory potential between selected ligands and imputed downstream tar get genes from high (purple) to low (white) regulatory
activity.

(D) Representative image of a IN-DSRCT-1 spheroid embedded in Matrigel stained for DESand WT1.

(E) Colony formation assay (CFA) of IN-DSRCT-1 cell line cocultured with (w/) or without (w/0) CAFs obtained from DSRCT
patients-derived xenografts (PDXs). The picture shows colonies stained with crystal violet after two weeks of coculture.

(F) Bar plots showing the per centage of well area covered by JN-DSRCT-1 colonies cultureswith (w/) or without (w/0) PDXs-derived
CAFs, assessed by absorbance cell viability assay. A t-test was used for p-value calculation.

(G) IN-DSRCT-1 spheroids growth culturein the presence (w/) or absence (w/o) of DSRCT PDXs-derived CAFs. The median volume
of the spheroids (triplicate assay) assessed at Day 0, Day 2, and Day 8 is shown on y-axis. A.U: Arbitrary Unit; two-way ANOVA was used
for p-value calculation.
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