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C A N C E R

Single-cell protein activity analysis reveals aberrant 
myogenesis and IGF2-PI3K pathway dependencies in 
MYOD1-mutant rhabdomyosarcoma
Josephine K. Dermawan1, Fabio Vanoli2, Henry de Traux de Wardin3, Jonathan N. Levi4,  
Glorymar Ibanez Sanchez5, Armaan Siddiquee5, Samantha Brosius5, Daoqi You5, Franck Tirode6, 
Patricia Sung2, Marie Karanian6, Daniel Pissaloux6, Leonard H. Wexler5, Andrew Kung5,  
Alice Soragni4, Filemon S. Dela Cruz5, Jovana Pavisic5*, Cristina R. Antonescu2*

Myogenic differentiation 1 (MYOD1)L122R-mutant spindle cell rhabdomyosarcoma (SRMS) is an ultrarare, treatment-
resistant sarcoma with dismal outcomes. We performed regulatory network analysis of single-nucleus RNA se-
quencing (snRNA-seq) from six patient tumors, revealing disrupted myogenesis and actionable master regulator 
(MR) dependencies across three coexisting tumor cell states, also conserved in patient-derived xenografts: (i) a 
MYOD1-enriched progenitor-like state, (ii) a proliferative transition state, and (iii) a partially differentiated state 
with reduced MYOD1 activity. Ligand-receptor analysis uncovered paracrine insulin-like growth factor 2 (IGF2)-
IGF1 receptor (IGF1R)–phosphatidylinositol 3-kinase (PI3K) signaling from progenitor to transition/differentiated 
states, whose inhibition demonstrated therapeutic potential in ex vivo drug screens, and significantly improved 
disease control in a patient-derived xenograft model. Oncogenic MRs were recapitulated in 24 bulk RNA profiles, 
while 20 DNA profiles revealed recurrent IGF2/PI3K/AKT alterations, reinforcing shared transcriptional vulnerabil-
ities. These findings characterize aberrant, mutant MYOD1–driven myogenesis sustained by IGF2 and nominate 
IGF1R-PI3K/AKT/mammalian target of rapamycin inhibitors for therapeutic translation in MYOD1L122R-mutant SRMS, 
underscoring the utility of single-cell regulatory network analysis for uncovering actionable dependencies in rare, 
transcriptionally complex cancers.

INTRODUCTION
MYOD1-mutant spindle cell/sclerosing rhabdomyosarcoma (SRMS) 
is an ultrarare and clinically aggressive soft tissue sarcoma that pri-
marily affects children and young adults, with dismal outcomes 
(1–4). It is defined by a recurrent Leu122Arg (L122R) hotspot muta-
tion in the myogenic differentiation 1 (MYOD1) gene that disrupts 
the normal function of this key transcription factor in skeletal muscle 
differentiation (5, 6). The disease exhibits poor responsiveness to con-
ventional chemotherapy, with limited durable responses, high rates of 
relapse, and less than 20% 5-year survival (7, 8). While the defining 
mutation is well characterized, the regulatory programs that sustain 
tumor progression, intratumor heterogeneity, and therapy resistance 
remain poorly understood. Long-term survival is rare, and effective 
targeted therapies are lacking—underscoring the need for previously 
unexplored, mechanistically informed treatment strategies.

Pediatric cancers typically exhibit a low mutational burden yet 
show substantial transcriptional and cellular heterogeneity that crit-
ically influences tumor behavior (9,  10). In MYOD1L122R-mutant 
SRMS, 30 to 40% of tumors harbor recurrent, potentially actionable 
comutations, frequently involving the phosphatidylinositol 3-kinase 

(PI3K)/AKT/mammalian target of rapamycin (mTOR) pathway—
most commonly PIK3CA hotspot mutations (2–4, 10–12). However, 
the absence of actionable mutations in many tumors and unclear 
functional relevance of observed alterations hinder efforts to iden-
tify therapeutic targets through genomics alone. Despite this, the 
transcriptional programs that define cell states and regulatory de-
pendencies in MYOD1L122R-mutant SRMS have yet to be systemati-
cally characterized.

Recent single-cell RNA sequencing (scRNA-seq) studies in fusion-
positive RMS (FOXO1-rearranged; FP-RMS) and fusion-negative 
RMS (FN-RMS) have revealed complex intratumor heterogeneity re-
flective of myogenic developmental hierarchies, with therapeutic im-
plications (13–16). MYOD1L122R-mutant SRMS, however, has been 
largely excluded from these efforts, with only two cases profiled to 
date. Unlike the primitive small round blue cell and spindled histol-
ogy seen in FP-RMS and FN-RMS, this subtype is morphologically 
and molecularly unique, exhibiting a fascicular, spindled, and scleros-
ing cytomorphology, along with focal myogenin (MYOG) expression 
(3). Moreover, MYOD1L122R has been shown to interfere with normal 
skeletal muscle differentiation, leading to reprogramming and arrest 
of myogenic maturation (5, 6). Together, these features suggest that 
MYOD1L122R-mutant SRMS likely exhibits divergent developmental 
and transcriptional programs requiring further study.

To address this gap, we performed single-nucleus RNA sequenc-
ing (snRNA-seq) on patient-derived MYOD1L122R-mutant SRMS 
tumors. This was complemented by bulk RNA-seq and targeted 
DNA sequencing to generate one of the most comprehensive mo-
lecular characterizations to date in this rare sarcoma. We used an 
extensively validated regulatory network–based approach (17–23) 
to identify regulatory drivers—master regulators (MRs)—of the cell 
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states that comprise these tumors. Using a single-cell adaptation of 
the VIPER (Virtual Inference of Protein Activity by Enriched Regu-
lon analysis) (24) algorithm (metaVIPER) (25), we inferred activity 
of transcriptional regulators and signaling proteins from the differ-
ential expression of their inferred context-specific regulatory targets 
(24–27). This enabled robust detection of critical regulators, includ-
ing those with undetected transcripts in sparse snRNA-seq data, 
supporting deeper cell state characterization in the context of an 
ultrarare tumor with small sample size (22, 23, 28). Furthermore, 
MR proteins are enriched in tumor-essential genes and synthetic le-
thality candidates, thus representing actionable non-oncogene de-
pendencies for therapeutic targeting (18, 20, 21, 23, 29, 30).

This analysis revealed three distinct cell states coexisting in virtually 
all MYOD1L122R-mutant SRMS tumors, reflecting mutant MYOD1–
driven disruption of normal myogenic differentiation. This included 
a progenitor-like state, relatively enriched for MYOD1 activity. A 
progenitor-to-differentiated paracrine insulin-like growth factor 2 
(IGF2)–IGF1 receptor (IGF1R) signaling axis emerged as a conserved 
driver of PI3K/AKT/mTOR activity sustaining the transition and dif-
ferentiated states. MR dependencies were validated in an independent 
bulk RNA-seq cohort. Functional validation in chemotherapy-resistant 
patient-derived xenograft (PDX) cell cultures and organoids (PDXOs) 
demonstrated selective sensitivity to IGF1R and PI3K/AKT/mTOR 
pathway inhibitors. Critically, in vivo testing of a PI3K/mTOR in-
hibitor achieved meaningful disease control, and its combination with 
chemotherapy produced objective tumor regression, highlighting the 
translational potential of this strategy. Additional cell state–specific 
MRs were nominated as targets for rational combination therapy. These 
findings underscore a regulatory network–based framework for un-
covering actionable dependencies in rare, heterogeneous cancers. 
They reveal that MYOD1-driven disruption of myogenic differen-
tiation shapes a distinct transcriptional cell state architecture in 
MYOD1L122R-mutant SRMS and advance mechanistically informed, 
functionally validated therapies for preclinical and clinical translation 
in this aggressive disease.

RESULTS
Single-nucleus transcriptomic landscape of 
MYOD1L122R-mutant SRMS
Although intratumor heterogeneity and developmental hierarchies 
have been characterized in RMS broadly, MYOD1L122R-mutant 
SRMS—a molecularly and clinically distinct entity—remains under-
represented in such analyses. However, the MYOD1L122R mutation is 
known to disrupt normal skeletal muscle differentiation (5, 6), likely 
driving unique transcriptional and developmental programs with 
potential therapeutic implications. To better characterize the in-
tratumor heterogeneity and transcriptional regulatory programs 
in MYOD1L122R-mutant SRMS, we performed snRNA-seq on six 
chemotherapy-exposed, patient-derived, snap-frozen MYOD1L122R-
mutant SRMS tumors (Fig. 1, A and B; Table 1; fig. S1, A and B; and 
table S1). To distinguish tumor from nontumor nuclei, we assessed 
single-nucleus somatic copy number alterations using InferCNV 
(31), comparing candidate tumor populations to sample-matched 
immune cells annotated by singleR (32). This defined a transformed 
tumor compartment in each sample marked by large-scale copy 
number alterations (Fig. 1C). Malignant nuclei constituted the pre-
dominant population (92% of the entire dataset), with nonmalignant 
stromal and immune cells representing 6 to 27% of total cells across 

samples. After filtering out nonmalignant cells from the immune 
(lymphoid and myeloid) and stromal compartments, the integrated 
MYOD1L122R-mutant SRMS snRNA-seq dataset contained 177,051 
high-quality malignant nuclei. This represents the largest single-cell 
transcriptomic dataset generated to date for this rare sarcoma subtype.

Clinical characteristics and treatment response of the 
MYOD1L122R-mutant SRMS cohort
To contextualize the snRNA-seq findings, we reviewed the clinico-
pathologic features and treatment details for the six patients with 
MYOD1L122R-mutant SRMS included in this analysis (Table 1, fig. 
S1A, and table S2). This clinically well-characterized cohort spans a 
wide age range (7 to 76 years; median: 35.5 years) and includes five 
males and one female. Sampled tumor size varied from 2.4 to 24 cm 
with three lower extremity, two pelvic, and one mediastinal tumor 
(Table 1). Four samples were additionally profiled by MSK-IMPACT 
(a targeted 341–505 gene matched tumor-normal DNA sequencing 
panel) (33). The variant allele frequency (VAF) of MYOD1 was greater 
than 60% in these samples, consistent with either homozygosity of 
the mutant MYOD1L122R allele or increased mutant allele burden 
due to chromosome 11p aneuploidy, together with heterogeneous 
co-occurring genomic alterations (table S2). All patients received 
neoadjuvant chemotherapy—most commonly 2 to 3 months of 
vincristine, actinomycin-D (dactinomycin), and cyclophosphamide 
(VAC)—followed by delayed surgical resection and adjuvant che-
motherapy, with or without radiation therapy (fig. S1A).

Tumor tissue for snRNA-seq was obtained from the primary site at 
initial surgical resection following neoadjuvant chemotherapy in four 
patients and during the first relapse in two patients (fig. S1A). Histo-
pathologic assessment of post–neoadjuvant chemotherapy specimens 
revealed heterogeneous treatment responses. Two tumors, including 
the smallest tumor, demonstrated partial responses characterized by 
50 to 60% fibrosis and therapy-induced cytodifferentiation, respec-
tively; both patients remain alive with no evidence of disease at last 
follow-up (36 months from initial diagnosis). In contrast, four pa-
tients showed minimal to no histologic response to neoadjuvant che-
motherapy, including the two largest tumors and two tumors sampled 
during first relapse. Posttreatment specimens from these cases con-
tained viable hyperchromatic spindle cells arranged in fascicles or 
within sclerotic stroma, with minimal evidence of treatment effect 
(Fig. 1B). All four patients experienced disease progression and 
three subsequently died of their disease. By immunohistochemistry, 
MYOD1 was diffusely and strongly positive in all the samples, while 
myogenin was rare to negative (Fig. 1B and fig. S1C).

Single-cell protein activity analysis reveals cell state–specific 
regulatory programs and altered myogenic differentiation 
trajectories in MYOD1L122R-mutant SRMS
To define the transcriptional regulatory architecture underlying in-
tratumor heterogeneity in MYOD1L122R-mutant SRMS, we applied a 
regulatory network–based framework for inferring protein activity 
from single-cell gene expression data (25–27). Using ARACNe-AP 
(Algorithm for the Reconstruction of Accurate Cellular Networks 
with Adaptive Partitioning), we first constructed sample-specific 
single-cell gene regulatory networks from tumor cell gene expres-
sion data across the six MYOD1L122R-mutant SRMS. Tumor-specific 
regulatory interactions between candidate transcriptional regula-
tors and their target genes (i.e., regulons) are reconstructed de novo 
and thus reflect context-dependent DNA binding alterations such as 
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Fig. 1. Single-nucleus profiling of MYOD1L122R-mutant SRMS and regulatory network inference. (A) Uniform manifold approximation and projection (UMAP) embed-
ding of snRNA-seq gene expression profiles across six MYOD1L122R-mutant SRMS tumors, annotated as malignant (tumoral) versus nonmalignant (nontumoral) using 
singleR. The integrated dataset includes 177,051 malignant nuclei. (B) Representative histomorphology (hematoxylin and eosin) and corresponding MYOD1 immunohis-
tochemistry from paired pretreatment biopsies (a and b) and posttreatment resections (c and d) in three patients (RMS41B, RMS211.2, and RMS469). In RMS41B, posttreat-
ment samples exhibited cytodifferentiation (i.e., skeletal muscle maturation), with transformation from poorly differentiated hyperchromatic spindle cells with scant 
cytoplasm to cells with abundant brightly eosinophilic myofilament-like cytoplasmic processes and loss of MYOD1 expression. (C) InferCNV heatmap of a representative 
tumor (RMS469), showing large-scale chromosomal copy number alterations (gains in red and losses in blue), confirming the transformed nature of presumed tumor 
single nuclei (rows), which are grouped by unsupervised gene expression clusters. Columns represent genomic regions across chromosomes; nonmalignant immune 
clusters were used as a reference. (D) Representative subnetwork of the ARACNe (Algorithm for the Reconstruction of Accurate Cellular Networks)–inferred MYOD1L122R-
mutant SRMS single-cell gene regulatory network, illustrating regulatory interactions between highly activated tumor MRs associated with myogenic differentiation and 
cytoskeletal organization, and their transcriptional targets.
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those induced by the MYOD1L122R mutation. A representative sub-
set of the inferred network illustrates both shared and divergent 
regulatory interactions among key regulators of myogenic differen-
tiation and cytoskeletal organization. MYOD1 displayed a largely 
distinct target profile relative to other myogenic factors, consistent 
with altered regulatory function in the context of the L122R muta-
tion (Fig. 1D). While ARACNe-AP cannot explicitly separate the 
contribution of mutant versus wild-type MYOD1 expression, the 
high MYOD1 VAF across samples suggests that the inferred MYOD1 
regulon largely reflects mutant-driven activity, although some con-
tribution of wild-type MYOD1 in the context of chromosome 11p 
aneuploidy cannot be excluded.

We then used metaVIPER to infer the activity of 2336 regulatory 
proteins in each cell based on the differential expression of their tar-
get genes in sample-specific, internally scaled tumor gene expression 
profiles, transforming sparse gene expression data into dense, robust 
protein activity signatures (table S3 and S4). A schematic overview of 
the analysis is shown in Fig. 2, summarizing the workflow from de 
novo regulon construction and protein activity inference to subse-
quent characterization of tumor cell states and functional validation 
of their regulatory dependencies described below.

First, unsupervised clustering of tumor cells by metaVIPER-
inferred protein activity (resolution-optimized Louvain algorithm; 
see Materials and Methods) identified 20 patient-specific subclus-
ters across the six MYOD1L122R-mutant SRMS tumors (two to five 
clusters per tumor; Figs. 2 and 3, A and B, and fig. S1D). To define 
consensus transcriptional states, we then assessed pairwise similar-
ity among subcluster mean protein activity signatures using viper-
Similarity, which quantifies overlap in shared MR protein activities 
by analytic rank–based enrichment analysis [aREA (24)] (Fig. 3C). 
Hierarchical clustering of the viperSimilarity matrix revealed three 
broadly defined groups of subclusters with concordant MR activity 
profiles that lay along a continuum of differentiation rather than 
forming discrete cell states. Among subclusters with significantly 
conserved MR activity profiles, final cell state assignments were thus 
further refined on the basis of similarity in differentiation potential 
and lineage features, including CytoTRACE-inferred differentiation 
potential (34), proliferative fraction (Seurat S and G2/M scores), 
and metaVIPER-inferred activity of canonical myogenic regulators 
(Fig. 3, D to F, and fig. S2, A to C). On the basis of concordant pat-
terns across these features, subclusters were consolidated into three 

functionally distinct tumor-derived cell states with unique MR pro-
files that were consistently observed across patients: progenitor 
(68,265 nuclei), transition (82,053 nuclei), and differentiated (26,292 
nuclei) (Figs. 2 and 3, A to G, and figs. S1D and S2, A to C).

Together, these data reveal a cell state architecture with disrupted 
myogenic differentiation in MYOD1L122R-mutant SRMS. The progeni-
tor state, comprising the least differentiated tumor cells by CytoTRACE, 
was marked by significant enrichment of a mesenchymal stem cell gene 
signature and absence of canonical myogenic transcription factor 
activity (Fig. 3, D, F, and G, and fig. S2, B and C). Unlike normal 
myogenesis—where MYOD1 expression emerges in early myoblasts 
and initiates lineage commitment—MYOD1 activity in MYOD1L122R-
mutant SRMS was relatively enriched in the progenitor and transition 
compartments, implicating the L122R mutation in functional un-
coupling of MYOD1 from its normal differentiation program (Fig. 3F 
and figs. S2C and S3A). The transition state exhibited intermediate 
differentiation potential, partial activation of myogenic regulators 
such as myosin VI (MYO6), and the highest proportion of proliferative 
cells, suggesting a tumor-expanding compartment that has yet to enter 
terminal differentiation (Fig. 3, D to F, and fig. S2, A to C). Cells that do 
enter terminal differentiation comprise the differentiated state, com-
posed of cells with low CytoTRACE scores, activation of a myocyte 
gene signature, and increased activity of late-stage myogenic effec-
tors including MYOG, caldesmon 1 (CALD1), myosin IXA (MYO9A), 
and actinin alpha 2 (ACTN2) (Fig. 3, D, F, and G, and fig. S2, B and C). 
However, the limited activity of critical regulators such as MYOD1 and 
myoferlin (MYOF) in this state suggests that these tumors progress to 
only a partially differentiated end point, lacking a fully functional ter-
minal differentiation program (Fig. 3F and fig. S2C).

Comparative regulatory network analysis of FP/FN-RMS 
reveals shared and unique MYOD1L122R-associated 
regulatory programs
To contextualize these findings, we next compared the three 
MYOD1L122R-mutant SRMS-derived cell states with the transcrip-
tional programs of FP- and FN-RMS from a recently published inte-
grated single-cell atlas (13). To ensure methodological consistency, 
we reanalyzed six FP-RMS and six FN-RMS MYOD1WT samples 
from this atlas using the same ARACNe/VIPER regulatory network 
pipeline applied to the MYOD1L122R-mutant SRMS samples. We first 
reconstructed de novo sample-specific tumor regulatory networks 

Table 1. Clinical summary of six MYOD1L122R-mutant SRMS with snRNA-seq profiling. 

Case Age Sex Primary site Greatest dimen-
sion (cm)

Progression Outcome

 RMS475 35 M Lower extremity 2.9 N/A NED

 RMS41B 40 M Lower extremity 9.2 N/A NED

 RMS31.2 76 M Lower extremity 19 Lung metastasis DOD

 RMS469 36 M Mediastinum 24 Lung metastasis AWD

 RMS211.2 7 F Pelvis 8.5
Local recurrence, 
soft tissue metas-

tasis
DOD

 RMS3.2 11 M Pelvis 13.5 Local recurrence, 
lung metastasis

DOD

AWD, alive with disease; NED, alive with no evidence of disease; DOD, died of disease; M, male; F, female.
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with ARACNe-AP and inferred protein activity from internally 
scaled differential gene expression signatures using VIPER. We then 
generated integrated cell state–specific protein activity signatures 
for the previously annotated FP/FN-RMS progenitor, proliferative, 
and differentiated cell states and assessed shared enrichment of cell 
state MR protein activity compared with the MYOD1L122R-mutant 
SRMS states by viperSimilarity (fig. S3B).

This analysis revealed that the MYOD1L122R-mutant SRMS differen-
tiated state shares statistically significant overlap in MR proteins with 
the differentiated FP/FN-RMS cell states, while the MYOD1L122R-
mutant SRMS transition state is significantly enriched in regulators 
characteristic of the FP/FN-RMS proliferative and progenitor states, 
consistent with its less differentiated phenotype and higher proliferative 
fraction. In contrast, the MYOD1L122R-mutant SRMS progenitor state 

exhibited statistically significant overlap only with the FN-RMS prolif-
erative state, likely reflecting its relatively elevated proliferative fraction. 
These findings indicate that MYOD1L122R-mutant SRMS aligns along a 
similar myogenic differentiation trajectory observed across RMS sub-
types yet also harbors a uniquely rewired progenitor-like compartment 
with a transcriptionally distinct regulatory program.

To further validate the reproducibility of these cell states and ad-
dress potential differences in cell state nomenclature across studies, 
we analyzed an external snRNA-seq dataset containing a single tu-
mor of a patient with MYOD1L122R-mutant SRMS [sample 29806 
(15)]. Unsupervised clustering of metaVIPER-inferred protein activity 
in this sample recapitulated the same three cell states defined in our 
primary dataset (fig. S4A). We found statistically significant overlap 
of MR protein activities between the sample’s unsupervised clusters 

Fig. 2. Visual description of the complete workflow in this study. Schematic outlining the full pipeline used in the analysis of the six snRNA-seq profiles, including 
regulatory network inference by ARACNe and VIPER, unsupervised clustering and functional/phenotypic cell state determination, identification of oncogenic master 
regulators, and functional validation of their targeting in in vitro and in vivo models. Specifically, regarding cell state determination, sample-specific tumor clusters were 
first identified through unsupervised, resolution-optimized Louvain clustering on VIPER-inferred protein activity [(22) and detailed in Materials and Methods], yielding 20 
subclusters across the six tumors. Three consensus cell states were then defined by statistically significant overlap of the subcluster protein activity profiles (assessed by 
viperSimilarity, which computes a normalized enrichment score (NES) reflecting the overlap of top and bottom VIPER-inferred master regulators between two signatures) 
and by concordant patterns of myogenic lineage marker activity and CytoTRACE differentiation scores.
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Fig. 3. Single-cell protein activity analysis and cell state determination in MYOD1L122R-mutant SRMS. (A) UMAP embedding of malignant nuclei from a representa-
tive sample (RMS.469), based on VIPER-inferred protein activity, annotated by cell state. (B) Distribution of cell state proportions (x axis) across six patient-derived tumors 
(y axis), demonstrating that cell states coexist across samples. (C) Heatmap of viperSimilarity normalized enrichment scores (NES) quantifying pairwise similarity between 
subcluster mean protein activity signatures, relative to common reference, as assessed by analytic rank-based enrichment analysis (aREA) of subcluster MRs. Similarity is 
shown on a color scale of red (high similarity) to blue (inverse enrichment). Subclusters were derived from sample-specific VIPER-inferred protein activity profiles clustered 
by resolution-optimized Louvain clustering and grouped by similarity into three recurrent tumor cell states: progenitor, transition, and differentiated. (D) Violin plots of 
CytoTRACE scores by cell state. CytoTRACE estimates differentiation potential, with higher values indicating less differentiated (more progenitor-like) states. Pairwise 
comparisons were performed using two-sided t tests after Bonferroni correction; ****P < 0.0001. (E) Distribution of S and G2M–phase proliferative cell fractions (Seurat 
cell cycle scoring) across 1000 random subsamples of 100 cells per cell state. One-way analysis of variance (ANOVA) revealed significant differences across states. (F) Heat-
map of Stouffer-integrated VIPER-inferred protein activity for canonical myogenic regulators across the three cell states. (G) Heatmap of enrichment scores, computed by 
aREA, for gene sets representing lineages along myogenic differentiation [scType (49)] in the Stouffer-integrated protein activity signature of each cell state.
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and the MYOD1L122R-mutant SRMS cell states as assessed by viper-
Similarity, including for those most significantly driving differen-
tiation cell fate by CytoTRACE correlation (fig. S4, B and C). This 
sample was primarily composed of MYOD1L122R-mutant SRMS transi-
tion and differentiated cells, and given the prior analysis showing 
that the FP/FN-RMS progenitor state corresponds most closely to 
the MYOD1L122R-mutant SRMS transition state, our analysis bio-
logically aligns with the prior finding in (13) that this sample ex-
presses primarily the FP/FN-RMS progenitor signature.

Next, given the central role of MYOD1 in myogenic differentia-
tion, we examined whether the differences in cell state organization 
were associated with altered MYOD1 activity or regulatory rewiring. 
Comparative analysis of VIPER-inferred MYOD1 activity across the 
defined cell states in the FP/FN-RMS and MYOD1L122R-mutant 
SRMS datasets revealed opposing trajectories: In MYOD1L122R-
mutant SRMS, MYOD1 activity was relatively enriched in progenitor-
like cells and decreased with differentiation, whereas in FP/FN-RMS, 
MYOD1 activity is higher in differentiated states (fig. S3A). While 
modest in magnitude, this inversion suggests that the MYOD1L122R 
mutation alters its normal regulatory trajectory, sustaining a distinct 
progenitor-like program and shifting the differentiation landscape.

To determine whether these changes reflected an intrinsic rewiring 
of MYOD1 regulatory networks, we compared the regulons inferred 
de novo from MYOD1L122R-mutant SRMS and FP/FN-RMS datasets. 
The MYOD1L122R regulon, comprising 134 statistically significant di-
rect targets, and the MYODWT regulon, comprising 209 significant 
direct targets, exhibited minimal overlap (11 shared genes), indicating 
that mutant and wild-type MYOD1 control largely distinct tran-
scriptional programs (fig.  S3C). Both regulons were enriched for 
known MYOD1 binding sites by ENCODE chromatin immunopre-
cipitation sequencing (35), confirming that ARACNe captured bona 
fide MYOD1-related interactions but activated divergent biological 
functions. The MYOD1WT regulon was enriched for canonical myo-
genic (e.g., ACTC1, CDH15, TPM2, ENO3, and DMPK) and RNA-
processing (e.g., HNRNP and SRSF proteins) genes, whereas the 
MYODL122R regulon included targets associated with PI3K/AKT/
mTOR signaling and MYC-like biosynthetic pathways (e.g., DICER1, 
CELF1, MBNL1, TRA2A, SON, SUPT16H, CHD3).

Functional enrichment of these target sets using Enrichr (MSigDB 
hallmark 2020 gene sets) further underscored this divergence (36–38). 
The MYOD1WT regulon showed significant enrichment for “Myogen-
esis” (adjusted P = 0.005) and “Apical Junction,” together with “Myc 
Targets V1,” reflecting activation of muscle-lineage and cytoskeletal 
programs. In contrast, the MYOD1L122R regulon lacked enrichment for 
myogenic pathways and instead exhibited statistically significant en-
richment for “Mitotic Spindle” (adjusted P = 0.002), along with “UV 
Response Up”, “Myc Targets V1,” and “Protein Secretion”—hallmarks 
of proliferative and anabolic transcriptional states. Together, these 
findings support that MYOD1L122R rewires its regulatory network 
away from canonical myogenic differentiation toward proliferative, 
biosynthetic, and MYC-like programs, driving loss of lineage fidelity 
and potentially contributing to the persistence of a unique, progenitor-
biased transcriptional state in MYOD1L122R-mutant SRMS.

Paracrine IGF2–IGF1R signaling and MYOD1 dysregulation 
sustain the aberrant differentiation hierarchy in 
MYOD1L122R-mutant SRMS
To identify candidate regulators of the MYOD1L122R-mutant SRMS 
cell state architecture, we next evaluated cell state–specific metaVIPER-
inferred MRs (Figs. 2 and 4A), focusing on those correlated with 

CytoTRACE-inferred differentiation potential. IGF2 emerged as one 
of the most activated MRs in the progenitor cell state, significantly 
associated with high CytoTRACE scores, suggesting a potential role 
in maintaining a less differentiated phenotype. IGF2 is a fetal growth 
factor known to support stemness and self-renewal in mesenchymal, 
embryonic, and neural stem cells (39–41). In myogenic differentiation, 
IGF2 promotes MYOD1 induction and myogenic commitment via 
IGF1R–mediated PI3K/AKT and mitogen-activated protein kinase 
(MAPK) signaling, as well as recruitment of MYOD1-associated 
transcriptional machinery at target promoters (41–44).

In our MYOD1L122R-mutant SRMS dataset, progenitor cells dis-
played high IGF2 expression and protein activity, along with en-
riched MYOD1 activity, but lacked expression of IGF1R and IGF2R 
(Fig. 3F, Fig. 4A-B), suggesting they may be resistant to autocrine 
IGF2 signaling. In contrast, transition and differentiated states ex-
pressed IGF1R and IGF2R, but had reduced MYOD1 activity (Fig. 3F, 
Fig. 4A-B). These findings are consistent with a model in which 
IGF2 signaling, rather than promoting myogenic differentiation via 
MYOD1, instead functions through a paracrine IGF2–IGF1R sig-
naling axis from progenitor to more differentiated states.

Systematic ligand-receptor analysis using CellChat (45) supported 
this model, identifying progenitor cells as IGF2 “senders” and IGF1R/
IGF2R–expressing transition and differentiated cells as “receivers” 
(Fig. 4C). IGF1 was not detected in any cell state, implicating IGF2 
as the primary IGF1R ligand. IGF2R, a nonsignaling decoy receptor 
(46), was most abundant in transition and differentiated cells, poten-
tially buffering IGF2 availability and modulating signal strength. This 
paracrine IGF2–IGF1R axis may enable progenitor cells to facilitate 
expansion of downstream states that lack functional MYOD1 activity 
and are unable to complete the myogenic program.

Consistent with a stemlike identity, progenitor cells were further 
characterized by MRs involved in proliferation, metabolic repro-
gramming [e.g., GAPDH, a regulator of metabolic plasticity in cancer 
stemlike cells], and immune evasion (e.g., MERTK, SYK, FCGR2A, 
MSR1, LYN, known regulators of macrophage, and innate immune 
pathways). In contrast, differentiated states exhibited MRs correlated 
with low CytoTRACE scores and associated with terminal myogenic 
differentiation and cytoskeletal organization, including PRKG1 and 
ANKRD1 (Fig. 4A).

IGF2–driven PI3K/AKT/mTOR activation and other oncogenic 
master regulators as targetable dependencies in 
MYOD1L122R-mutant SRMS
Given the identification of IGF2 and IGF1R as MRs of the progenitor 
and transition/differentiated cell states, respectively, we next assessed 
whether this paracrine signaling axis activates downstream PI3K/
AKT/mTOR pathway components that may represent conserved, cell 
state–specific therapeutic vulnerabilities. To identify such oncogenic 
MRs driving the normal to tumor cell state transition, we inferred 
protein activity by metaVIPER from the differential expression of 
MYOD1L122R-mutant SRMS tumors relative to normal skeletal mus-
cle (Tabula Sapiens) (table S5) (47). We then focused on 182 proteins 
with known Food and Drug Administration (FDA)–approved or 
late-stage experimental inhibitors, prioritized based on the OncoTarget 
precision oncology platform (Fig. 2) (20).

Whereas cell state MRs captured regulators unique to distinct tu-
mor subpopulations, the tumor-normal comparison revealed com-
monly activated oncogenic MRs across all states, alongside a subset 
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Fig. 4. Single-cell protein activity analysis reveals actionable cell state–specific MRs and a paracrine IGF2–IGF1R–PI3K/AKT/mTOR signaling axis in MYOD1L122R-
mutant SRMS. (A) Heatmap of VIPER-inferred protein activity (right) for the top 15 MRs (rows) most aberrantly activated in the mean protein activity signature of each cell 
state (columns), ranked by Pearson correlation with CytoTRACE score across all cells. The left heatmap displays the corresponding correlations (red = positive; blue = 
negative). NES values indicate MR activity (red = activated; blue = inactivated). (B) Violin plots of gene expression (RNA assay log normalized counts) for IGF2, IGF1R, and 
IGF2R across six samples, separated by differentiated (left) and progenitor (right) cell states. IGF2 is elevated in progenitor cells, which lack IGF1R and IGF2R expression, 
while differentiated cells express the receptors. Transition cells showed similar profiles to differentiated cells and were omitted for space. (C) Circle plot of inferred IGF 
signaling interactions generated by CellChat, a computational framework that predicts cell-cell communication from ligand-receptor expression. Progenitor cells are the 
predominant source of IGF2 ligand (sender), while transition and differentiated cells are primary targets via IGF1R (receiver). (D) Heatmap representing the statistical 
significance [−log10 false discovery rate (FDR)–adjusted P values] of OncoTarget-predicted high-affinity drug targets (rows) across patient-derived tumor cell states (col-
umns), based on Stouffer-integrated synthetic bulk VIPER-inferred oncogenic protein activity profiles relative to normal skeletal muscle. Targets are ranked by their mean 
significance across cell states, highlighting both shared and state-specific oncogenic dependencies in MYOD1L122R-mutant SRMS.
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of cell state–specific targetable vulnerabilities (Fig. 4D). Among the 
top-ranking, significantly activated oncogenic MRs (Bonferroni-
adjusted P ≤ 10−5), we observed consistent enrichment for IGF1R/
PI3K/AKT/mTOR pathway components (e.g., IGF1R, PIK3CA, 
and GSK3B), particularly in transition and differentiated states—
populations that express IGF1R and receive IGF2–derived paracrine 
signals (Fig. 4D). While select pathway members were also active in 
the progenitor state, suggesting broader relevance to tumor mainte-
nance across the differentiation spectrum, the progenitor state also 
displayed uniquely activated, targetable oncogenic MRs including 
protein tyrosine kinase 2 (PTK2), SYK, LYN, and ALK—proteins im-
plicated in immune signaling, stemness, and tumor progression—
highlighting potential orthogonal, state-specific therapeutic strategies 
for combination approaches.

PDX models recapitulate MYOD1L122-mutant SRMS 
intratumor heterogeneity and regulatory architecture
To assess whether MYOD1L122R-mutant SRMS PDX models faith-
fully preserve the transcriptional and regulatory heterogeneity ob-
served in patient tumors, we analyzed snRNA-seq profiles from two 
PDX models: MSKRMS-93202.T1 (derived from patient RMS211.2 
in our cohort) and MSKRMS-74711 [previously published (15)]. We 
inferred tumor single-nucleus protein activity with metaVIPER us-
ing the previously generated patient-derived gene regulatory net-
works, generating protein activity signatures across 10,677 tumor 
nuclei from the two PDX models (Fig. 2).

Unsupervised clustering of metaVIPER-inferred protein activity 
(resolution-optimized Louvain algorithm; see Materials and Meth-
ods) identified two tumor cell clusters in MSKRMS-74711 and three 
in MSKRMS-93202 (Fig.  5A). These showed strong concordance 
with the progenitor and more differentiated cell states observed in 
patient tumors (Fig. 5B). Specifically, the top and bottom 50 MRs in 
each PDX cluster statistically significantly overlapped with the MR 
profiles of the patient-derived progenitor or transition/differentiated 
states, including high activity of IGF2 and MYOD1 in the progenitor-
like clusters, and PRKG1, CALD1, MYOG in the more differentiated-
like clusters (Fig. 5, B to D).

Notably, in the RMS211.2 patient tumor, ~25% of cells were 
classified as progenitor, with the remainder annotated as transi-
tion and differentiated, and we observed a similar segregation of 
progenitor and more differentiated cells in the corresponding PDX 
model, in which the transition and differentiated states showed 
significant overlap and were considered as one more differentiated-
like state. Collectively, these findings demonstrate that MYOD1L122R-
mutant SRMS PDX models retain the cell state architecture and 
regulatory programs of their tumors of origin, supporting their 
use as tractable preclinical models for functional validation and 
therapeutic testing.

To determine whether the candidate therapeutic vulnerabilities 
were conserved in PDX models, we inferred oncogenic protein ac-
tivity by metaVIPER relative to normal skeletal muscle from bulk 
RNA-seq generated on MYOD1L122R-mutant SRMS PDX tumors 
(MSKRMS-74711 and MSKRMS-93202, including three multifocal 
recurrent metastatic samples: T1, T2, and T3) (table S6). The onco-
genic MRs across all four PDX tumors were enriched for PI3K/
AKT/mTOR pathway targets, consistent with those identified from 
single-cell analyses, further supporting the use of these models for 
functional validation (Fig. 5E).

Bulk transcriptomics recapitulates actionable MRs of 
MYOD1L122R-mutant SRMS cell states
We further validated cell state MR signatures identified by single-cell 
analysis in a larger cohort of 24 MYOD1L122R-mutant SRMS bulk 
RNA-seq samples (Fig. 2). Unsupervised clustering of metaVIPER-
inferred protein activity profiles derived from internally scaled bulk 
gene expression signatures (table S7) stratified the 24 samples into 
three transcriptionally distinct groups, whose average MR activity 
profiles broadly overlapped with the progenitor and differentiated 
single-cell state MRs (Fig. 6, A to C). Bulk cluster 2, whose sample 
MRs were most significantly enriched in the transition/differentiated 
cell state protein activity signatures, recapitulated the more differen-
tiated program, while bulk cluster 3, whose sample MRs were most 
significantly enriched in the progenitor cell state protein activity sig-
nature, recapitulated the progenitor program (Fig. 6, B and C). Nota-
bly, bulk cluster 1 lacked clear enrichment for any single-cell state, 
potentially reflecting limitations of bulk analyses due to either aver-
aging of signals across more equally coexisting transcriptionally dis-
tinct states or influence of nonmalignant components. Therefore, 
while bulk data validated MRs of predominant cell states in tumor 
samples in an expanded cohort, bulk profiling alone remains limited 
in resolving tumor-intrinsic heterogeneity.

We then assessed oncogenic MR activity in the MYOD1L122R-
mutant SRMS bulk cohort by inferring sample-specific protein activ-
ity from differential gene expression signatures computed relative to 
normal skeletal muscle, prioritizing actionable MRs by OncoTarget 
as previously described. This confirmed that the most significantly 
activated oncogenic MRs (Bonferroni-adjusted P ≤10−5) were highly 
conserved across samples and enriched in targets involved in the 
IGF1R-PI3K/AKT/mTOR pathway, similar to those identified from 
the single-cell analysis, although missing their cell state specificity 
(Fig. 6D).

Genomic profiling of MYOD1L122R-mutant SRMS reveals 
recurrent IGF2–PI3K/AKT/mTOR pathway alterations in 
subsets of patients
To understand the potential intersection of genomic alterations with 
the transcriptional programs identified in patients with MYOD1L122R-
mutant SRMS, we evaluated genomic profiles from 20 unique patients 
with MYOD1L122R-mutant SRMS profiled by MSK-IMPACT [a target-
ed 341–505 gene matched tumor-normal DNA sequencing panel (33)]. 
These samples reflect the poor outcomes seen in this disease with 
median disease-specific survival (DFS) and progression-free survival 
(PFS) of 42.4 and 27.3 months, respectively, and 5-year disease-specific 
survival (DSS) and PFS of 35 and 29%, respectively (Fig. 7, A and B).

The VAF of MYOD1 was greater than 50% in all except one case 
(range: 0.43 to 0.98, median: 0.78). This is consistent with either ho-
mozygosity of the MYOD1L122R mutation or relative enrichment of 
mutant alleles due to chromosome 11p aneuploidy, which was ob-
served in a subset of tumors, including five with high-level 11p am-
plification (Fig. 7, C and D). The most highly recurrent co-occurring 
pathogenic or likely pathogenic genomic variants were IGF2 ampli-
fication and alterations involving genes in the PI3K/AKT/mTOR 
pathway (PIK3CA: 20%, PTEN: 10%; AKT, PIK3R3, and PIK3C2G: 
5% each) (Fig.  7C). These co-occurring genomic alterations were 
notably almost entirely mutually exclusive and enriched in posttreat-
ment samples (Fig. 7C). Other recurrent genomic alterations (5 to 15%) 
include variants affecting genes upstream of PI3K/AKT/mTOR (NF1, 
NF2, NRAS, BCOR, and FGFR4), MDM2/CDK4 amplification, and 
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Fig. 5. PDX models recapitulate MYOD1L122-mutant SRMS intratumor heterogeneity, regulatory architecture, and targetable oncogenic master regulators. (A) UMAP 
embeddings of malignant nuclei from two MYOD1L122R-mutant PDX models (MSKRMS-74711 and MSKRMS-93202.T1), based on VIPER-inferred protein activity. Cells are colored 
by resolution-optimized Louvain clusters. (B) Heatmap of viperSimilarity NES quantifying pairwise similarity between PDX subcluster mean protein activity signatures and those 
of the three patient tumor cell states (differentiated, transition, and progenitor), based on overlap of the top 100 aberrantly activated MRs. NES values are displayed on a color scale 
from red (high similarity) to blue (inverse enrichment). On the basis of these similarity scores, each PDX cluster could be confidently assigned to a corresponding patient-derived 
cell state. (C) Heatmap of mean VIPER-inferred protein activity scores for canonical myogenic regulators across each PDX subcluster and patient-derived state, grouped by cell state 
identity, showing similar patterns across patient and PDX cell states. (D) Heatmap of VIPER-inferred protein activity for the top 15 most aberrantly activated MRs (rows) in each 
PDX- and patient-derived state (columns), grouped by cell state identity. MRs are ranked by their Pearson correlation with CytoTRACE score, with the corresponding correlation 
values shown in the adjacent heatmap (left). Key differentiation-enforcing cell state–specific MRs are conserved across patient and PDX tumors. (E) Heatmap showing statistical 
significance (−log10 FDR-adjusted P values) of OncoTarget-predicted high-affinity drug targets (rows) across four MYOD1L122R-mutant SRMS PDX models profiled by bulk RNA-seq 
(columns), based on VIPER-inferred oncogenic protein activity relative to normal skeletal muscle. Patient-derived cell state dependencies were recapitulated in PDX models. Genes 
belonging to the IGF1R-PI3K/AKT/mTOR signaling pathway (MSigDB hallmark) are highlighted in bold.
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Fig. 6. Bulk transcriptomics recapitulates actionable MRs of MYOD1L122R-mutant SRMS cell states. (A) Heatmap of viperSimilarity NES quantifying pairwise similarity 
between VIPER-inferred protein activity signatures of 24 MYOD1L122R-mutant SRMS bulk RNA-seq samples. NES values reflect the enrichment of the top 100 aberrantly 
activated MRs in each pairwise comparison, displayed on a color scale from red (high similarity) to blue (inverse enrichment). Samples were clustered into three groups 
based on similarity based on optimum average silhouette width using the partition around medoids (PAM) method. (B) Heatmap of viperSimilarity NES values comparing 
the mean protein activity signature of each bulk cluster to the mean protein activity signature of the three patient-derived single-cell tumor cell states, demonstrating 
stratification of bulk samples into progenitor-like (bulk cluster 3) and differentiated-like (bulk cluster 2) groups, as well as a group (bulk cluster 1) that did not show sig-
nificant overlap with any individual single-cell state. (C) Heatmap of NES computed by aREA reflecting the enrichment of the top 100 cell state–specific MRs for each 
single-cell state in each bulk sample protein activity signature, demonstrating significant enrichment of differentiated cell state MRs in samples belonging to bulk cluster 
2 and progenitor cell state MRs in samples belonging to bulk cluster 3. (D) Heatmap showing statistical significance (−log10 FDR-adjusted P values) of OncoTarget-
predicted high-affinity drug targets (rows) across the 24 MYOD1L122R-mutant SRMS bulk samples (columns), based on VIPER-inferred oncogenic protein activity relative to 
normal skeletal muscle. This larger bulk cohort recapitulated shared oncogenic dependencies identified by single-cell analysis, including enrichment of targets belonging 
to the IGF1R-PI3K/AKT/mTOR signaling pathway (MSigDB hallmark), which are highlighted in bold.

D
ow

nloaded from
 https://w

w
w

.science.org on June 06, 2026



Dermawan et al., Sci. Adv. 12, eaea6453 (2026)     27 February 2026

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

12 of 23

0
20
40
60

Age

Sex

MYOD1 VF

0
10
20
30

Size

Treatment

100%
20%
20%
10%
5%
5%
5%
10%
5%
5%
5%
10%
15%
10%
15%
15%
10%
15%
10%
5%
10%
35%
20%
20%
25%
20%
45%
25%
20%

MYOD1
IGF2
PIK3CA
PTEN
AKT
PIK3R3
PIK3C2G
NRAS
NF1
NF2
BCOR
FGFR4
MDM2
CDK4
MGA
CDKN2A
CHEK2
GATA3
SMARCB1
ARID1A
NOTCH4
chr1q
chr5
chr10
chr11p
chr13q
chr16q
chr19p
chr20

Sample

Missense mutation
In−frame deletion
Nonsense mutation
Frameshift insertion
Frameshift deletion 
Splicing
Amplification
Deletion

Sex

Female
Male

Primary site

Head and neck
Upper extremity
Lower extremity
Thorax
Abdomen
Trunk
Pelvis

Treatment status

Untreated
Posttreatment

Sample type

Biopsy
Resection
Local recurrence
Metastasis

Alteration type

1

2

Tr
ea
tm
en
t

S
am

pl
e

Copy number

−1 −0.5 0 0.5 1

Treatment status

Untreated
Posttreatment

Sample type

Biopsy
Resection
Local recurrence
Metastasis

++++

+

+ + + +

0.00

0.25

0.50

0.75

1.00

0 24 48 72 96 120

Time (m)

Progression-free survival

20 8 3 1 1 1

0 24 48 72 96 120

Time (m)

Number at risk

++++

+ +

+

+
+ +

0.00

0.25

0.50

0.75

1.00

0 24 48 72 96 120

Time (m)

Disease-specific survival

20 11 4 1 1 1

0 24 48 72 96 120
Time (m)

Number at risk

C

D

A

B

Site

Variant allele 
frequency (VF)

0.50 1

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

Fig. 7. Genomic profiling of MYOD1L122R-mutant SRMS reveals recurrent IGF2–PI3K/AKT/mTOR pathway alterations and copy number heterogeneity across 
clinical samples. (A and B) Kaplan-Meier curves depicting disease-specific survival (DFS) (A) and progression-free survival (PFS) (B) in a cohort of 20 patients with 
MYOD1L122R-mutant SRMS. Survival analyses are based on time from diagnosis, with tick marks indicating censoring and number at risk provided for each time point be-
low each plot. (C) Oncoprint summarizing the frequency and distribution of somatic alterations identified by MSK-IMPACT–targeted sequencing across the 20 patient 
tumors, which are further annotated by corresponding clinical features [age, sex, primary tumor site, treatment status, sample type, and MYOD1 variant allele frequency 
(VAF)]. Individual patients included in this study are denoted by black outline. (D) Unsupervised hierarchical clustering of arm-level chromosomal copy number profiles 
across the tumors. Values represent relative copy number changes, annotated by treatment status and sample type. Two major copy number alteration (CNA)-defined 
clusters emerged, each encompassing tumors across diverse clinical settings. Individual patients included in this study are denoted by black outline. m, months.
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inactivating mutations or copy number deletions in MGA, CDKN2A, 
CHEK2, SMARCB1, ARID1A, and NOTCH4. In addition, recurrent 
(20 to 45%) chromosomal arm-level changes include amplifications 
in chr1q, 5, 11p, 19p and 20 and deletions in chr10, 13q, and 16q 
(Fig. 7, C and D).

Four of the six patients with MYOD1L122R-mutant SRMS and the 
two PDX models (MSK-93202 and MSK-74711) profiled by snRNA-
seq were among the 20 patients who underwent genomic profiling: 
RMS3.2 (IGF2 amplification and NF1 deletion), RMS211.2 (MSK-
93202) (NRAS mutation, PTEN deletion, chr1q, 5, 11p, 19p, 20 am-
plification, and chr16q deletion), RMS469 (NF2 deletion, SMARCB1 
mutation, chr1q amplification, and chr16q deletion), RMS475 (chr5 
amplification), and MSK-74711 (IGF2 amplification) (Fig. 7C and 
table S2). These genomic findings reinforce the central role of IGF2–
IGF1R–PI3K/AKT/mTOR signaling in MYOD1L122R-mutant SRMS, 
with regulatory network analysis of single-cell profiles suggesting 
the convergence of these heterogeneous co-occurring genomic al-
terations on shared transcriptional programs that coexist across all 
patients, independent of mutational status.

Functional validation of IGF2–IGF1R–PI3K/AKT/mTOR 
signaling as a therapeutic dependency in 
MYOD1L122R-mutant SRMS
Having identified activation of the IGF2–IGF1R–PI3K/AKT/mTOR 
axis through regulatory network analysis of single-cell profiles, rein-
forced by analysis of bulk transcriptomic and genomic data, across 
a large molecularly profiled cohort of patients with MYOD1L122R-
mutant SRMS, we sought to functionally validate this pathway as a 
therapeutic vulnerability for clinical translation (Fig. 2).

To first functionally validate the presence of an IGF2–IGF1R–
PI3K/AKT signaling axis in MYOD1L122R-mutant SRMS, we stimulated 
cell cultures derived from MSKRMS-74711 and MSKRMS-93202.
T3 with exogenous IGF2 ligand. This induced ligand-dependent 
phosphorylation of AKT and extracellular signal–regulated kinase 
(ERK; Fig. 8A), supporting activation of canonical PI3K and MAPK 
signaling downstream of IGF2 in MYOD1L122R-mutant SRMS.

We next performed ex vivo drug screens using disaggregated tu-
mor cells from both PDX models to evaluate sensitivity to a panel of 
IGF1R/PI3K/AKT/mTOR–targeting compounds (Table 2 and figs. S5 
and S6). A subset of inhibitors demonstrated submicromolar activ-
ity, including AZD8055 (mTOR inhibitor), LY3023414 (dual PI3K/
mTOR inhibitor), and A-674563 (AKT1 inhibitor), or low micromo-
lar activity, including GSK1838705A (IGF1R inhibitor) (Fig. 8B). In 
contrast, the MYOD1L122R-mutant SRMS cells were resistant to stan-
dard chemotherapeutic agents commonly used in the relapse set-
ting, including SN-38 [active metabolite of irinotecan (Irino)] and 
temozolomide (TMZ) [median inhibitory concentration (IC50) > 29 
and > 100 μM, respectively], underscoring their chemotherapy-
resistant phenotype.

Given our model that IGF2–driven PI3K/AKT/mTOR signaling 
sustains the proliferative transition and differentiated tumor cell 
states and enrichment of pathway alterations in posttreatment sam-
ples, we hypothesized that this pathway may contribute to chemo-
therapy resistance. We thus evaluated whether cotargeting the PI3K/
mTOR axis could enhance the efficacy of Irino and/or TMZ by per-
forming combination drug screens pairing one of the most potent 
PI3K/mTOR inhibitors (LY3023414) with SN-38 and/or TMZ, test-
ing both dual and triple-drug regimens. These combination screens 
revealed additive and/or synergistic effects in MYOD1L122R-mutant 

SRMS cells, with the greatest synergy observed in MSKRMS-93202.
T3 for the combination of LY3023414 with Irino and TMZ (fig. S7). 
While the response was more modest in MSKRMS-74711, the triple 
combination consistently produced a positive Bliss synergy score 
across both models.

To further evaluate therapeutic vulnerabilities in a biologically 
relevant system that may better preserve the intercellular signaling 
and differentiation hierarchies of MYOD1L122R-mutant SRMS, we as-
sessed drug responses in a patient-derived tumor three-dimensional 
(3D) organoid (PDXO) generated from the MSKRMS-93202.T1 
[Fig. 8C and (48)]. Unlike dissociated in vitro cultures, organoids can 
retain features of 3D organization, maintaining aspects of tumor ar-
chitecture and cellular communication, potentially better capturing 
paracrine interactions—such as IGF2–IGF1R signaling—which un-
derlie cell state dynamics and therapeutic response. Consistent with 
the chemotherapy-resistant phenotype observed in PDX-derived 
cells, the MYOD1L122R-mutant SRMS PDXOs tested in our mini-ring 
platform demonstrated heightened resistance to a broad spectrum of 
agents compared to other RMS subtypes and sarcomas [Fig. 8D and 
(48)]. Despite this, the SRMS PDXOs were relatively more sensitive 
to ceritinib (ALK inhibitor), copanlisib (PI3K inhibitor), linsitinib 
(IGF1R inhibitor), linsitinib + palbociclib (CDK4/6 inhibitor), and 
sapanisertib (mTORC1/2 inhibitor) (Fig. 8D, Table 3, and table 
S8). The greater relative activity in the organoid model to IGF1R 
inhibition than in dissociated cell screens potentially reflects context-
specific IGF1R dependency only evident in models preserving cell-
cell signaling.

To dissect pathway-level vulnerabilities, we ranked the viability 
effects of each compound in the mini-ring screen and visualized the 
resulting response percentiles after merging agents into their pri-
mary mechanistic classes (Fig. 8E). This distribution segregates 
bona fide vulnerabilities, drug classes whose median percentile lies 
at or below the predefined 25% sensitivity threshold, from pathways 
with only moderate or negligible impact. Among classes with mul-
tiple agents tested, three satisfied this criterion: PI3K/AKT/mTOR 
inhibitors, IGF1R inhibitors, and DNA-synthesis blockers, each 
containing highly effective agents and a class median at or below the 
threshold. These findings further validated IGF1R and its down-
stream PI3K/AKT/mTOR pathway as dependencies in MYOD1L122R-
mutant SRMS.

In vivo efficacy of PI3K/mTOR inhibition and combination 
therapy in MYOD1L122R-mutant SRMS
Building on the ex vivo and organoid findings that MYOD1L122R-
mutant SRMS depends on IGF2–IGF1R–PI3K/mTOR signaling, we 
next sought to determine whether pharmacologic inhibition of this 
pathway could suppress tumor growth in vivo and enhance the efficacy 
of cytotoxic chemotherapy. To this end, we treated the MYOD1L122R-
mutant SRMS PDX model (MSKRMS-93202.T3) with the dual 
PI3K/mTOR inhibitor LY3023414, either as monotherapy or in 
combination with Irino + TMZ—agents commonly used in relapsed 
RMS regimens.

Using clinically relevant dosing and schedules (n = 8 mice per 
arm), all treatment groups (LY3023414, Irino + TMZ, and the triple 
combination) demonstrated significantly improved tumor volume 
(TV) control at end of treatment compared with the vehicle (P = 
0.0003 for all comparisons). While Irino + TMZ produced greater 
tumor suppression than LY3023414 alone (P = 0.0003), monother-
apy with LY3023414 nonetheless achieved meaningful antitumor 
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Fig. 8. Ex vivo and in vivo validation of IGF2–IGF1R–PI3K/AKT/mTOR signaling as a therapeutic dependency in MYOD1L122R-mutant SRMS. (A) Immunoblot of phospho-
AKT (p-AKT) and phospho-ERK1/2 (p-ERK1/2) following IGF2 stimulation in PDX-derived cell cultures. (B) Ex vivo drug dose response curves measuring percentage of inhibition 
of cell viability following 72-hour exposure to IGF1R–PI3K/AKT/mTOR pathway inhibitors in cell cultures (mean ± SD across replicates). (C) SRMS patient-derived tumor three-
dimensional (3D) organoids (PDXOs) imaged in bright-field mode after 6 days of growth in three-dimensional (3D) Matrigel rings. Scale bar, 20 μm. (D) Response heatmap in a 
PDXO. Percentage of viability measured after a 48-hour exposure to 42 single-agent or combination regimens, each administered at 1 μM (44). Drugs tested as single agents are 
clustered by similarity in activity profiles. CTX, cyclophosphamide; VIN, vincristine. (E) Activity of drug classes in a mini-ring organoid screen of a PDXO. Box-and-whisker plots 
depict the distribution of response percentiles (0 = most potent, 1 = least potent) for compounds grouped by primary mechanism of action. Red dots represent individual 
compounds; boxes, center lines, and whiskers denote the interquartile range, median, and 1.5× interquartile range, respectively. The vertical dashed line and red box mark the 
25th-percentile threshold, operationally defined as heightened sensitivity. (F) In vivo activity of a dual PI3K/mTOR inhibitor (LY3023414) in combination with chemotherapy iri-
notecan/temozolomide (Irino/TMZ) in a MYOD1L122R-mutant SRMS PDX model (MSKRMS-93202.T3). Animals were randomized and treated with vehicle control, LY3023414, Irino + 
TMZ, or LY3023414 + Irino/TMZ (n = 8 mice per arm). Treatment schedules are depicted by colored horizontal bars. Treatment response thresholds for progressive disease (PD), 
stable disease (SD), partial response (PR), or complete response (CR) are indicated by dashed horizontal lines. Tumor volume control was compared, evaluating differences in area 
under tumor growth curves (AUC) and adjusting using Benjamini-Hochberg multiple testing correction. **P < 0.01 and ***P < 0.001. Error bars: SD.
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activity relative to vehicle control. Notably, the triple combination 
(LY + Irino + TMZ) elicited the most pronounced response, result-
ing in an object response with tumor regression, and superior vol-
ume control compared with both monotherapy (P =  0.0005) and 
chemotherapy alone (P = 0.005) (Fig. 8F). We further observed sta-
tistically significant improvements in PFS for all treatment arms 
relative to vehicle control (P = 7.7 × 10−5 for all comparisons). Al-
though the triple combination (LY + Irino + TMZ) yielded a statis-
tically significant improvement in PFS compared with chemotherapy 
alone (P  =  0.01), the absolute difference in median survival was 
modest (50 versus 46 days) (fig. 7C).

Collectively, these results provide compelling in vivo evidence 
that MYOD1L122R-mutant SRMS tumors are dependent on PI3K/
mTOR signaling and that targeted inhibition of this axis can poten-
tiate the efficacy of cytotoxic chemotherapy. These findings establish 
a translational rationale for combining PI3K/mTOR inhibitors with 
chemotherapy in this aggressive sarcoma subtype. Moreover, the 
identification of additional orthogonal, state-specific dependencies—
such as PTK2, SYK, and LYN within the progenitor compartment—
highlights potential avenues for future rational combination strategies 
targeting residual, potentially resistant populations, which will be 
evaluated in future studies.

DISCUSSION
MYOD1L122R-mutant SRMS is a rare, highly aggressive sarcoma of 
skeletal muscle differentiation that disproportionately affects pedi-
atric and young adult patients. It is characterized by resistance to 
conventional chemotherapy and dismal outcomes. While the defin-
ing MYOD1L122R mutation is known to disrupt normal myogenic 
differentiation (5, 6), the transcriptional architecture and regulatory 
mechanisms that sustain tumor growth and therapeutic resistance 
have remained poorly understood.

Here, we leveraged an extensively validated framework for single-
cell regulatory network analysis (22, 23) to systematically dissect the 
transcriptional heterogeneity and non-oncogene dependencies in 
MYOD1L122R-mutant SRMS. This approach enables mechanistically 
driven inference of regulatory protein activity from sparse single-
cell gene expression data by computing enrichment of a protein’s 
target genes (24, 25) using gene regulatory networks reconstructed 
de novo by ARACNe-AP, which are enriched for physical protein-
target interactions (26, 27). This allows robust detection of context-
specific MR proteins defining tumor cell states and identification of 
actionable MR dependencies through the OncoTarget precision 
oncology platform (20, 23, 29)—even for genes with undetected 
transcripts and in the absence of targetable genetic mutations. While 

Table 2. Summary of ex vivo single agent drug sensitivity in PDX-derived disaggregated cells. 

Compound IC50 (μM) Median reference IC50 (μM) Description

MSKRMS-74711 MSKRMS-93202

Temozolomide >100 >100 59.2 Alkylating agent 

Irinotecan HCl Tihydrate 43 ± 0.3 29.5 ± 0.4 3.4 Topoisomerase I inhibitor

Everolimus 4.4 ± 0.1 9.6 ± 0.1 11.8 mTOR inhibitor 

 AZD8055 0.11 ± 0.001 0.42 ± 0.01 0.27 mTOR inhibitor 

LY3023414 0.274 ± 0.003 0.72 ± 0.02 0.32 PI3K/mTOR inhibitor 

CAL- 101 49 ± 1 66 ± 2 37 PI3K δ inhibitor

LY294002 9.2 ± 0.1 18.7 ± 0.2 12.2 PI3Kα/δ/β inhibitor 

 MK2206 dihydrochloride 7.6 ± 0.1 11.5 ± 0.1 0.52 pan-Akt inhibitor 

 A- 674563 0.85 ± 0.01 1.4 ± 0.01 0.96 Akt1 inhibitor 

CCT128930 21.8 ± 0.2 52 ± 1 15.5 Akt2 inhibitor 

 BMS- 754807 14 ± 0.1 22.2 ± 0.2 18.1 IGF1R/InsR inhibitor 

Linsitinib 28.2 ± 0.2 20.9 ± 0.1 24.6 IGF1R inhibitor 

 Picropodophyllin >100 >100 100 IGF1R inhibitor 

 GSK1904529A >100 >100 100 IGF1R/IR inhibitor 

 GSK1838705A 3.04 ± 0.02 4.04 ± 0.03 3.54 IGF1R inhibitor 

Table 3. MYOD1L122R-mutant SRMS patient-derived organoid drug screen. 

Agent (1 mM) Target Viability score Viability %

Ceritinib ALK 78.10 (6/18) 56.41

Copanlisib PI3K 81.03 (18/50) 37.94

Linsitinib IGF1R 82.91 (36/122) 67.62

Linsitinib + palbocilcib IGF1R + CDK4 86.25 (6/20) 56.02

 Sapanisertib mTORC1/2 81.78 (28/76) 50.52
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recent large-scale, single-cell studies have elegantly mapped devel-
opmental hierarchies across FN- and FP-RMS (13–15), they have 
not systematically interrogated therapeutic vulnerabilities, and 
MYOD1L122R-mutant SRMS, due to their rarity, have largely been 
excluded. Our regulatory network–based analysis not only defines a 
partially divergent transcriptional hierarchy in MYOD1L122R-mutant 
SRMS but also uncovers mechanistically validated regulatory de-
pendencies with immediate translational potential—highlighting 
the power of this framework to drive biological and therapeutic dis-
covery, particularly in rare tumors with nontargetable driver muta-
tions and few actionable coalterations.

Our analysis revealed a MYOD1L122R-driven myogenic differen-
tiation hierarchy in MYOD1L122R-mutant SRMS—comprising pro-
genitor, transition, and differentiated states—which parallels the 
developmental continuum observed in other RMS subtypes, yet ex-
hibits a transcriptionally rewired progenitor-like population con-
served across patient tumors and PDX models. These cell states were 
defined by distinct MR programs at the intersection of RMS onco-
genesis and skeletal muscle development. Notably, MYOD1 activity 
was relatively enriched in the progenitor state, in contrast to its 
broad expression across early and late myogenesis in normal muscle 
and its relatively higher activity in differentiated FP/FN-RMS states 
(15). This suggests that the MYOD1L122R mutation not only blocks 
canonical myogenic differentiation but also rewires MYOD1-driven 
transcriptional regulation to enforce a mesenchymal progenitor-like 
state characterized by high IGF2 activity and loss of downstream 
myogenic regulator activity. This interpretation is supported by com-
parative regulon analysis showing that MYOD1L122R and MYOD1WT 
engage largely distinct target gene programs, with the mutant regu-
lon enriched for proliferative and biosynthetic pathways rather than 
myogenic differentiation. This progenitor state was transcriptionally 
distinct from previously published RMS progenitor programs (15), 
which correspond more closely to the MYOD1L122R-mutant SRMS 
transition state, supporting further study of MYOD1L122R-mutant 
SRMS as a molecularly unique entity with variant developmental 
hierarchies. Collectively, this analysis highlights how network-based 
regulatory inference can refine cross-subtype comparisons and sup-
ports the broader application of protein activity–based analyses to 
further resolve shared and divergent myogenic trajectories across 
RMS subtypes.

Although the transition and differentiated states partially reca-
pitulated transcriptional features of terminal myogenesis—including 
enrichment in the differentiated state of a myocyte gene signature and 
previously described RMS “differentiated” gene programs (13–16)—
they demonstrated decreased activity of MYOD1 and key downstream 
myogenic regulators. This suggests alternative, partially differenti-
ated trajectories sustained either by MYOD1-independent mecha-
nisms or occasional escape from the block imposed by the mutant 
protein. While this may permit some cytodifferentiation, consistent 
with histologic findings in some posttreatment specimens, it reflects 
the overall undifferentiated nature of these tumors. This is further 
supported by the single MYOD1L122R-mutant SRMS sample profiled in 
larger RMS cohorts, found to be primarily composed of MYOD1L122R-
mutant SRMS transition and differentiated cells, showing an excep-
tionally low muscle lineage score (15).

A key insight of this study is the discovery of a paracrine signal-
ing axis from MYOD1-high progenitor cells to IGF1R–expressing 
transition and differentiated states, mediated by IGF2. While IGF2 
typically promotes myogenic differentiation through MYOD1 and 

PI3K/AKT signaling (39–42), we propose that in the context of the 
MYOD1L122R mutation, IGF2 instead reinforces proliferation and sur-
vival of downstream states via IGF1R–PI3K/AKT/mTOR activation. 
This model is supported by differential expression and VIPER-inferred 
protein activity of IGF2, IGF1R, and downstream pathway compo-
nents; ligand-receptor analysis; and functional validation of IGF2 
ligand–dependent AKT and ERK phosphorylation in MYOD1L122R-
mutant SRMS PDX-derived cell cultures. These findings add to a 
growing body of evidence implicating paracrine tumor-tumor sig-
naling in maintaining cellular hierarchies and therapeutic resistance 
across diverse tumor types (49–52). Our findings extend this para-
digm to MYOD1L122R-mutant SRMS and suggest that progenitor-
derived IGF2 may promote survival and maintenance of the more 
differentiated tumor compartments.

To translate these findings, we leveraged the OncoTarget precision 
oncology platform (20) to identify cell state–specific actionable MRs 
for therapeutic targeting. We found conserved activation of IGF1R–
PI3K/AKT/mTOR pathway components, particularly in the transi-
tion and differentiated cell states, as well as in an expanded cohort of 
patient and PDX MYOD1L122R-mutant SRMS tumors profiled by bulk 
RNA-seq. Genomic profiling across 20 patients further revealed mu-
tually exclusive, recurrent IGF2 amplifications and PI3K/AKT path-
way mutations in subsets of patients, consistent with previous reports 
of secondary PI3K/AKT pathway mutations in MYOD1L122R-mutant 
SRMS (2–4, 11, 12). While this supports oncogenic activation of this 
pathway, our analysis suggests convergence of these upstream muta-
tional patterns on shared transcriptional regulatory programs across 
all patients. The presence of pathway alterations may further rein-
force these core transcriptional oncogenic programs, and their en-
richment in posttreatment samples suggests their possible selection 
under therapeutic pressure, requiring further study.

We validated sensitivity to IGF1R–PI3K/AKT/mTOR high-affinity 
inhibitors in MYOD1L122R-mutant SRMS PDX-derived cell cultures, 
3D tumor organoids, and an in vivo PDX model—even in tumors 
lacking pathway mutations—suggesting a transcriptionally encoded, 
non-oncogene dependency on this signaling axis. This expands on 
prior studies validating PI3K/AKT/mTOR targeting in MYOD1L122R-
mutant SRMS tumors with co-occurring PI3K/AKT mutations (11, 12), 
suggesting that this therapeutic approach may be more broadly rel-
evant to this class of tumors independent of mutational status. Fur-
thermore, we hypothesize that this paracrine signaling axis, along 
with IGF2-PI3K/AKT genomic alterations seen in posttreatment 
tumors, may represent a mechanism driving chemotherapy resis-
tance, and provide in vivo evidence that combining PI3K/mTOR 
inhibitors with chemotherapy may be an effective therapeutic ap-
proach. Notably, the progenitor cell state exhibits unique actionable 
MRs (e.g., PTK2, SYK, LYN, and ALK), and these orthogonal de-
pendencies may further contribute to therapy resistance. This may 
account for the observed in vivo tumor growth upon completion of 
treatment with the PI3K/mTOR inhibitor and chemotherapy. Thus, 
rational targeting of both the paracrine signaling axis and the pro-
genitor state may be required to fully suppress tumor growth and 
overcome treatment resistance. These strategies are now being ex-
plored, including ongoing in vivo work in the well-characterized 
MYOD1L122R-mutant SRMS PDX models shown to harbor the same 
cellular architecture and oncogenic MR vulnerabilities.

Although the genetic drivers in MYOD1L122R-mutant SRMS have 
been described, to our knowledge, this study represents the most com-
prehensive transcriptional and regulatory atlas of MYOD1L122R-mutant 
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SRMS to date, comparable in scale to single-cell studies in broader 
RMS cohorts (13–16). Our analysis reveals that MYOD1L122R-mutant 
SRMS aligns along the broader myogenic differentiation continuum 
observed across RMS subtypes but features a transcriptionally re-
wired progenitor-like compartment, enriched in mutant MYOD1 
activity. It is sustained by IGF2 paracrine signaling and is marked by 
distinct, targetable vulnerabilities across coexisting tumor cell states. 
Functionally, we demonstrate that the IGF2–IGF1R–PI3K/AKT/
mTOR axis is a therapeutically relevant, mutation-independent de-
pendency that may be leveraged, including to potentially overcome 
chemotherapy resistance.

While promising, this study has several limitations that will be 
addressed in future work. The cohort size is small and clinically het-
erogeneous, encompassing samples obtained at varying time points, 
from anatomically distinct sites, and following different treatment 
regimens and extents of local control. These factors preclude mean-
ingful outcome-stratified analyses such as comparisons of cell state 
composition or transcriptional regulators between tumors from pa-
tients who remain alive as compared to those who experienced dis-
ease recurrence. The patient cohort is also enriched for posttreatment 
samples, limiting our ability to assess treatment-naïve transcription-
al programs, cell state evolution under therapeutic pressure, and the 
relationship between cell states and treatment response or outcomes. 
A rigorous analysis linking tumor cell states or regulatory programs 
to therapy response and survival will require an expanded cohort 
with standardized clinical annotation, matched pre-/posttreatment 
or primary/relapse specimens, and longer longitudinal follow-up. 
Furthermore, we infer—but do not yet directly validate the cell-cell 
interactions involved in the paracrine IGF2–IGF1R signaling axis. 
Similarly, multiplex immunohistochemistry to validate the spatial 
coexistence of the three cell states would be informative but is chal-
lenging, as these states are defined by coordinated activity of multi-
ple regulatory proteins, many of which lack reliable antibodies for 
direct detection. Future studies, including perturbational and spa-
tially resolved approaches, will be essential to resolve the physical 
and functional relationships among the cell states. Furthermore, while 
our analysis focused on the malignant compartment given its predomi-
nance in our dataset, we acknowledge that tumor-microenvironment 
interactions, including those with immune and stromal cells, criti-
cally affect tumor biology and therapy response. Future studies le-
veraging the nontumor snRNA-seq data and complementary spatial 
profiling approaches will be valuable to elucidate these interactions. 
Last, although we identify compelling druggable MRs including 
in vivo validation of PI3K/mTOR inhibition, further preclinical 
studies in an expanded cohort, including rational combination ap-
proaches, are still needed to optimize clinical translation.

This work contributes to a growing literature supporting regulatory 
network analysis as a powerful approach for uncovering nonmuta-
tional therapeutic dependencies in aggressive, treatment-resistant 
cancers (20–23). This strategy is generalizable to other rare, hetero-
geneous malignancies with limited genomic drivers but substantial 
transcriptional complexity. Broader application of this framework 
may allow discovery of tractable therapeutic targets and, for exam-
ple, could be extended more broadly across other high-risk RMS 
subtypes to better characterize common and divergent transcrip-
tional programs and therapeutic targets for clinical translation.

In conclusion, this study defines the cell state architecture and 
regulatory drivers of MYOD1L122R-mutant SRMS, identifies paracrine 
IGF2 signaling as a regulator of tumor progression via IGF1R-PI3K/

AKT/mTOR signaling, and validates components of this axis as ac-
tionable vulnerabilities. These findings provide a mechanistic ratio-
nale and preclinical evidence supporting therapeutic targeting of 
the IGF1R–PI3K/AKT/mTOR pathway in this disease, nominate 
additional cell state–specific MR dependencies for further valida-
tion, and lay the groundwork for a precision therapy approach in an 
otherwise treatment-refractory sarcoma. More broadly, we illustrate 
the power of single-cell regulatory network analysis to uncover 
functional hierarchies and therapeutic opportunities in rare, tran-
scriptionally complex tumors.

MATERIALS AND METHODS
snRNA-seq and gene expression analysis
snRNA-seq of MYOD1L122R-mutant SRMS
Primary and relapsed snap-frozen tumor specimens from six pa-
tients with MYOD1L122R-mutant SRMS were profiled using snRNA-
seq on the 10x Genomics Chromium platform. The SRMS cases 
were diagnosed at the Department of Pathology and Laboratory 
Medicine, Memorial Sloan Kettering Cancer Center, after histopa-
thology review of tissue specimens and confirmation of MYOD1 
L122R point mutation by Sanger sequencing or DNA sequencing by 
MSK-IMPACT (see below). Tissue dissociation and nucleus isolation 
were performed using the Singulator 100 device and citric acid–based 
preservation. Isolated nuclei were washed in wash buffer containing 
ribonuclease inhibitor (0.5 U/μl) and stained with 7-aminoactinomycin 
D (7-AAD) (2 μg/ml) for fluorescence-activated cell sorting. Library 
preparation was performed according to the manufacturer’s instruc-
tions (Chromium Single Cell 3′ v2 chemistry, 10x Genomics). Briefly, 
polyadenylate RNA from the nuclear lysate was reverse transcribed 
to cDNA containing the Illumina R1 primer sequence, a unique mo-
lecular identifier, and a 10x cell barcode. The pooled barcoded 
cDNA was purified with Silane Dynabeads and polymerase chain 
reaction amplified. Appropriately sized fragments were selected for 
subsequent library construction. Final libraries were constructed 
with addition of Illumina R2 sequencing primers, paired-end adapt-
ers (P5 and P7 sequences), and sample indices. Libraries were se-
quenced, and raw data were processed (i.e., demultiplexing, barcode 
processing, gene counting, and aggregation) using the Cell Ranger 
software v2.1.1. FASTQ files were aligned to the human hg38 refer-
ence genome (10x Genomics; version 3.0.0).

Downstream analysis was performed in R using Seurat v5. Raw 
count matrices (matrix.mtx, features.tsv, and barcodes.tsv) generated 
by Cell Ranger were imported, and low-quality nuclei were removed. 
Specifically, nuclei expressing fewer than 200 genes and genes de-
tected in fewer than three nuclei were filtered out. Noncoding genes 
(e.g., long noncoding RNAs and ribosomal RNA) were also removed.
Identification of malignant nuclei
Broad cell types to distinguish tumor from nontumor cells were first 
assigned in each sample by annotating each single cell using SingleR 
with the BlueprintEncodeData reference from the celldex package 
(32), which includes major immune and stromal cell types (e.g., 
CD4+ T cells, CD8+ T cells, B cells, natural killer cells, neutrophils, 
erythrocytes, dendritic cells (DC), monocytes, macrophages, and 
endothelial cells). These annotations were then used as input for Infer-
CNV analysis (31) done on each sample using the respective immune 
cell populations as the normal reference. Malignant cells exhibiting 
large-scale copy number alterations were identified, and all nontu-
mor nuclei were removed from each sample.
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Gene expression analysis
Gene expression data for each sample were normalized and scaled 
using the Seurat SCTransform function. Samples were subsequently 
integrated using Seurat’s anchor-based integration workflow (Find-
IntegrationAnchors and IntegrateData functions) to correct for 
technical batch effects across patients. The integrated MYOD1L122R-
mutant SRMS snRNA-seq dataset of 189,250 high-quality nuclei 
(177,051 malignant nuclei) was projected onto their top 10 principal 
components, determined by the elbow method, using the RunPCA 
function, and visualized in 2D space using the RunUMAP function 
(Fig. 1A and fig. S1B). To evaluate the effectiveness of batch correc-
tion, we generated uniform manifold approximation and projection 
(UMAP) plots of the complete dataset (tumor and nontumor nuclei) 
before and after integration, color coded by sample of origin and by 
tumor versus nontumor identity (fig. S1B). Before batch correction, 
sample-specific clustering was most pronounced within the tumor 
compartment and, although partially reduced, remained detectable 
after correction, whereas nontumor populations integrated com-
pletely. This pattern suggests that residual separation among tumor 
cells likely reflects biologically meaningful variation—including 
underlying genomic and copy-number differences, tumor site, and 
treatment exposure—rather than purely technical artifacts. Because 
excessive batch correction can overcorrect and obscure true tumor-
intrinsic heterogeneity, we thus used the integrated dataset solely for 
visualization purposes (as in Fig. 1A) and not for downstream anal-
yses that influence biological interpretation.
Resolution-optimized Louvain clustering
Unsupervised clustering on gene expression and subsequently on pro-
tein activity (see below) was performed by the resolution-optimized 
Louvain clustering algorithm (22). Briefly, we used the FindNeighbors 
and FindClusters functions in Seurat to implement the Louvain 
clustering algorithm. However, the FindClusters function includes a 
resolution parameter that modulates the final number of clusters, and 
investigator evaluation of ideal clustering purity is subjective. To ad-
dress this, we optimized the resolution parameter objectively based on 
the average silhouette score (SS) width, a measure of the validity of a 
clustering solution. Hence, clustering was performed with resolution 
parameters ranging from 0.01 to 1.0 at intervals of 0.01 in random sub-
samples of 1000 cells over 100 iterations. The resolution parameter that 
maximized the mean SS across iterations was selected as the optimal 
resolution at which to cluster the data.
Assessment of cellular differentiation potential and cell-to-cell 
interactions
CytoTRACE (34) was performed on the integrated SCTransform count 
matrix to assign each nucleus a differentiation score from 0 (most dif-
ferentiated) to 1 (least differentiated). For each gene, a Pearson cor-
relation coefficient was computed to quantify its association with 
CytoTRACE scores across all cells, generating a numeric vector repre-
senting the gene’s relationship to cellular differentiation potential. To 
investigate cell-cell communication, CellChat v2 (45) was applied to the 
filtered Seurat objects to infer ligand-receptor interactions and signal-
ing pathway networks within each individual sample.

Regulatory network–based inference of single-cell protein 
activity by ARACNe and VIPER
MYOD1L122R-mutant SRMS single-cell regulatory networks
Sample-specific MYOD1L122R-mutant SRMS tumor gene regulatory 
networks—consisting of bivariate transcriptional regulatory interac-
tions between a set of predefined putative transcriptional regulators 

and potential transcriptional targets—were constructed from sample-
specific tumor cell gene expression profiles by the ARACNe-AP al-
gorithm (Fig. 2) (26, 27). Specifically, raw gene expression counts 
from cells belonging to the tumor compartment in each sample were 
normalized to counts per million (CPM), and log2(CPM + 1) counts 
were input into the ARACNe-AP algorithm for each of the six sam-
ples independently. Candidate transcriptional regulators included 
1813 transcription factors [genes annotated in the Gene Ontology 
(GO) Molecular Function database as GO:0003700 (“DNA binding 
transcription factor activity”) or as GO:0003677 (“DNA binding”) 
and GO:0030528 (“transcription regulator activity”) or as GO:0003677 
and GO:0045449 (“regulation of transcription”)]; 969 transcription-
al cofactors [a manually curated list, not overlapping with the tran-
scription factor list, built upon genes annotated as GO:0003712 
(“transcription cofactor activity”) or GO:0030528 or GO:0045449]; 
or 3370 signaling-pathway–related genes [annotated in the GO Bio-
logical Process database as GO:0007165 (“signal transduction”) and 
in the GO Cellular Component database as GO:0005622 (“intracel-
lular”) or GO:0005886 (“plasma membrane”)]. Standard parameters 
were set including zero data processing inequality tolerance and 
mutual information P value threshold of 10−8, computed by permu-
tating the original dataset as a null model, consolidating 100 indi-
vidual bootstraps. The resulting gene regulatory networks contained 
2520 unique regulators, 5686 targets, and 366,060 interactions.

Gene expression profiles from previously published sc/snRNA-seq 
data were downloaded from FigShare (https://figshare.com/projects/
RMS_consensus_analysis/194417) from primary patient-derived tu-
mors: FP-RMS (SJRHB010468_D1, SJRHB013757_D2, SJRHB013759_
A1, SJRHB013759_A2, SJRHB031320_D1, and SJRHB046156_R1) 
and MYOD1 wild-type FN-RMS (SJRHB000026_R2, SJRHB010927_
D1, SJRHB011_D, SJRHB012_R, SJRHB013758_D1, and SJRHB049189_
D1) (13). These Seurat objects were preprocessed and contained only 
malignant nuclei and were downsampled to 1500 cells per sample, 
as previously described (13). Raw gene expression counts were nor-
malized to CPM, and log2(CPM + 1) counts were input into the 
ARACNe-AP algorithm for each of the above samples independently, 
using the same transcriptional regulator lists with the same standard 
parameters and consolidating 100 individual bootstraps as described 
above for the MYOD1L122R-mutant SRMS dataset. The resulting gene 
regulatory networks from FP-RMS contained 3255 unique regula-
tors, 9764 targets, and 585,429 interactions. The resulting gene regu-
latory networks from MYOD1 wild-type FN-RMS contained 2463 
unique regulators, 8408 targets, and 452,650 interactions.
Single-cell regulatory protein activity inference
Single-cell protein activity was computed for the tumor cells in each 
sample on the SCTransform-scaled gene expression signatures (i.e., 
z-score transformation of the SCTransform-normalized counts for 
each tumor nucleus scaled to the centroid of all tumor nuclei in that 
sample) by the metaVIPER (25) function in the VIPER package 
[Bioconductor (24)]. Briefly, metaVIPER adapts VIPER to single-
cell data by integrating multiple gene regulatory networks on a 
protein-by-protein basis, weighting each network according to the 
square of its normalized enrichment score (NES) to emphasize 
those producing stronger NES values and thus more closely match-
ing the given biological context. We computed metaVIPER-inferred 
protein activity on a sample-by-sample basis, interrogating the six 
patient-specific tumor single-cell ARACNe-AP networks to infer 
the activity of each transcriptional regulator based on the enrichment 
of its top 100 target genes in the internally scaled tumor differential 
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gene expression signature. This approach mitigates technical noise and 
patient-specific variability inherent to single-cell data, particularly 
in the tumor compartment, by avoiding sample integration—which 
may obscure biologically meaningful variation—while leveraging 
interpatient heterogeneity to strengthen regulatory inference across 
diverse transcriptional states. This yielded protein activity profiles 
for 2336 transcriptional regulators across the 177,051 malignant nu-
clei, derived from gene expression signatures of 17,828 genes (tables 
S3 and S4). The VIPER protein activity matrices for each sample 
were then loaded into a Seurat object with CreateSeuratObject, pro-
jected onto their first five principal components, determined by the 
elbow method, using the RunPCA function, and further reduced 
into a 2D visualization space using the RunUMAP function.

Similarly, for previously published FP-RMS and MYOD1 wild-
type FN-RMS, single-cell protein activity was computed for the tu-
mor cells in each sample on the SCTransform-scaled gene expression 
signatures using the regulatory networks derived by ARACNe from 
the same samples by metaVIPER on a sample-by-sample basis. This 
yielded protein activity profiles for 3255 and 2463 transcriptional 
regulators across the 18,000 malignant nuclei from FP-RMS and 
FN-RMS, respectively. Subsequently, Stouffer-integrated protein ac-
tivity signatures were computed across the cells belonging to the 
previously annotated cell states within this dataset: FP-RMS (pro-
genitor, proliferative, differentiated, ground, apoptosis, and neuro-
nal); FN-RMS [progenitor, proliferative, differentiated, ground, and 
interferon (IFN)]. We focused comparative analyses on the pro-
genitor, proliferative, and differentiated states because they best 
capture the myogenic differentiation trajectory that parallels our 
MYOD1L122R-mutant SRMS analysis, whereas other less lineage-
related or minor states in the atlas (e.g., ground, IFN, neuronal, or 
apoptosis states) represented either very small cell fractions or were 
not lineage informative.
Identifying tumor clusters and cell states
Unsupervised clustering of the tumor single cells by VIPER-inferred 
protein activity for each individual sample was performed by the 
resolution-optimized Louvain clustering algorithm previously de-
scribed, which uses the Louvain algorithm as implemented by the 
FindNeighbors and FindClusters functions in Seurat with the opti-
mal resolution parameter determined by maximizing the average 
SS. This stratified tumor single cells into two to five clusters per 
sample, yielding a total of 20 sample-specific clusters across the six 
patients. To identify biologically meaningful cell states significantly 
conserved across patients, we compared the top 50 most aberrantly 
active MRs across each cluster, as well as cluster-specific myogenic 
lineage marker activity, CytoTRACE scores, and cell cycle scores. In 
the context of VIPER analyses, MR proteins are defined as the top 25 
to 50 transcriptional regulators whose activity is most aberrantly 
differentially increased or decreased. Prior work has shown that the 
average of the top 50 most dysregulated proteins act as a concerted 
Tumor Checkpoint Module enforcing the cellular transcriptional 
phenotype and accounting for the combined effect of >80% of up-
stream functional mutations across tumor types (17, 19, 20, 24).

To ensure a common reference for assessing MR similarity across 
clusters, we recomputed tumor single-cell metaVIPER-inferred pro-
tein activity based on a differential gene expression signature for 
each cell, scaled to the centroid of an equal number of randomly 
sampled cells from each individual cluster. We then quantified MR 
similarity between the mean protein activity signatures of each cluster 
using aREA via the viperSimilarity function in the VIPER package 

(24). This produced a distance matrix of NES scores (interpretable 
akin to a z-score), enabling identification and grouping of clusters 
with significantly conserved MR activity profiles into functionally 
relevant cell states. On the basis of unsupervised hierarchical clus-
tering of the viperSimilarity distance matrix, the 20 subclusters were 
assigned to three broad groups. These were further refined by evalu-
ating the distribution of CytoTRACE scores (see above; fig. S2B), 
cell proliferative fraction (fig. S2A), and myogenic lineage marker 
activity (fig. S2C). Specifically, if a subcluster was initially assigned 
to cell state 1 but had statistically significant MR overlap also to cell 
state 2 and if it displayed CytoTRACE and muscle lineage marker 
activity scores more similar to the subclusters belonging to cell state 
2, then we reassigned it accordingly.

Cell cycle phase scoring was performed for each sample using 
Seurat’s standard functions, comparing G2M and S phase scores on 
SCTransform-scaled gene expression data to assess proliferation dif-
ferences across single cells comprising each cluster. We also evalu-
ated enrichment of myogenic cell state lineage marker gene sets 
[defined in scTypeDB, https://sctype.app/database.php atlas (53)] in 
the mean protein activity signature of each subcluster by the aREA 
function in the VIPER package.

This integrated analysis resulted in the grouping of the 20 sample-
specific subclusters into three biologically distinct cell states. Con-
sensus cell state VIPER-inferred protein activity signatures were 
subsequently derived by Stouffer integration of the mean protein 
activity signatures of the subclusters comprising each state.
Assessment of sample contribution and robustness of VIPER-
inferred cell state signatures
To evaluate whether any individual sample disproportionately influ-
enced the inferred consensus cell state protein activity signatures, we 
performed two complementary robustness analyses. First, to control 
for potential imbalance in cell numbers between samples and states, 
we randomly selected an equal number of cells (n = 2000) from each 
sample × cell state combination and reran metaVIPER on each 
sample-specific gene expression signature using the six single-cell 
ARACNe networks. Consensus cell state signatures were then re-
derived by Stouffer integration of the mean subcluster-specific VIPER 
signatures within each state and compared to the corresponding con-
sensus signatures generated from the full dataset. The downsampled 
and full-dataset consensus signatures were highly concordant across 
all cell states (NES > 15), indicating that no individual sample or cell-
number imbalance drives the inferred cell state regulatory programs. 
Second, to confirm that cell state MRs were conserved across samples, 
we computed mean VIPER-inferred protein activity signatures for 
each sample within each cell state and compared them by viperSimi-
larity. This analysis revealed statistically significant overlap of top cell 
state MRs within individual samples [progenitor NESmedian = 23.0 
(10.3 to 33.6), transition NESmedian = 22.1 (15.0 to 34.5), and differen-
tiated NESmedian = 23.7 (7.9 to 42.6)], further confirming that cell state 
MRs were consistent across tumors. Together, these analyses demon-
strate that the reported cell state MR programs are robust to inters-
ample variability, sample size imbalance, and intrinsic biological 
heterogeneity. Per-sample consensus cell state VIPER-inferred protein 
activities are provided in table S4.
snRNA-seq profiling of MYOD1L122R-mutant SRMS PDX tumors
PDX sample from MSK-93202 (RMS211.2) was profiled using snRNA-
seq on the 10x Genomics Chromium platform following the same 
procedures as primary patient-derived specimens. Mouse nuclei de-
rived from stromal cells (fibroblasts and endothelial cells) are filtered 
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out via SingleR annotation. Following initial data processing and 
selection of malignant nuclei by Seurat and InferCNV, normaliza-
tion and protein activity inference were performed using the afore-
mentioned patient-derived gene regulatory network by metaVIPER. 
Resolution-optimized Louvain clustering was performed and cell 
states assigned to each cluster on the basis of which human cell state 
each cluster most significantly matched by viperSimilarity. Similar 
data processing was performed for “MSKRMS-74711” (PDX) and 
“29806” (primary patient sample), downloaded from GSE195709.
Identification of oncogenic MRs driving the normal-to-tumor 
cell state transition
To nominate cell state–specific oncogenic MRs, we obtained scRNA-
seq profiles of normal human skeletal muscle from the Tabula 
Sapiens atlas (47), accessed via the CELLxGENE portal (54). Tumor and 
normal muscle count matrices were normalized and transformed to 
log2(CPM + 1). For each tumor nucleus, we computed a differential 
gene expression signature as a z-score scaled to the mean and SD of 
the normal muscle reference (table S5). We then interrogated the six 
patient-derived single-cell ARACNe-AP regulatory networks by 
metaVIPER to infer protein activity from these normal-to-tumor 
differential gene expression signatures. Oncogenic MRs were de-
fined as the top 50 most aberrantly activated regulators in the mean 
protein activity signature for each sample-specific cluster and con-
solidated cell state.
Single-cell OncoTarget drug prioritization
To identify actionable targets, the metaVIPER matrix was filtered to 
a previously curated list of 182 transcriptional regulators with 
known pharmacological inhibitors (FDA approved or in clinical tri-
als), based on the OncoTarget precision oncology platform (20). For 
each cell state, Stouffer-integrated NES scores were computed for 
these 182 regulators across its constituent clusters. Significance was 
determined using a one-tail p-norm function with Bonferroni cor-
rection for multiple hypothesis testing across proteins within each 
state (Bonferroni P ≤ 10−5 considered significant).

Bulk RNA-seq analysis
Regulatory network analysis by metaVIPER of a patient with 
MYOD1L122R-mutant SRMS and PDX bulk RNA-seq
Exome-based RNA capture sequencing was performed on archived 
formalin-fixed, paraffin-embedded (FFPE) tumor tissue from 24 pa-
tients with MYOD1L122R-mutant SRMS, as previously described (55). 
Raw gene expression count matrices were obtained from F. Tirode 
(Cancer Research Center of Lyon; data provided in table S7). Gene 
counts were normalized and transformed to log2(CPM + 1). Inter-
nally scaled gene expression signatures were generated by z-score 
transformation, scaling each gene in each sample to the mean and SD 
of the entire dataset. We then inferred protein activity by metaVIPER 
on the internally scaled differential gene expression signature using 
the six MYOD1L122R-mutant SRMS tumor single-cell regulatory net-
works. Unsupervised clustering of the 24 bulk samples by protein ac-
tivity was then performed using the partition around medoids (PAM) 
method on the distance matrix generated by the viperSimilarity func-
tion using the top 100 MR proteins. Optimal clustering was per-
formed using the pamk function in the fpc package, which selects the 
number of clusters based on optimum average silhouette width, re-
sulting in three transcriptionally distinct groups.

To evaluate the similarity between the single-cell–derived cell 
states and the bulk data, we assessed enrichment of the top and bot-
tom 50 cell state MRs in each bulk sample protein activity signature 

by the aREA function. We additionally compared the Stouffer-
integrated protein activity signature of each of the three single-cell 
cell states (i.e., Stouffer-based integration of the mean NES across 
the sample-specific clusters belonging to each state) to the mean 
protein activity signature of each bulk cluster by viperSimilarity on 
the top 100 MRs. We additionally analyzed bulk RNA-seq data gen-
erated from four MYOD1L122R-mutant SRMS PDX model tumors, 
including MSKRMS-74711, MSKRMS-93202.T1, MSKRMS-93202.
T2, and MSKRMS-93202.T3 (data provided in table S6). We gener-
ated metaVIPER-inferred protein activity as described for the bulk 
patient tumors and assessed MR similarity between the bulk PDX 
protein activity profiles and the single-cell cell states by viperSimi-
larity as described.
Bulk OncoTarget drug prioritization
To prioritize candidate oncogenic MRs driving the normal-to-tumor 
state transition in the bulk profiles, we generated a differential gene 
expression signature of the patient and PDX CPM-normalized bulk 
gene expression counts relative to the centroid of the CPM-normalized 
normal skeletal muscle data described previously via z-score transfor-
mation. We then computed sample-specific oncogenic protein activity 
on this gene expression signature by metaVIPER using the six single-
cell regulatory networks. As before, to identify actionable targets in 
the bulk data, we subset this metaVIPER matrix to the previously cu-
rated list of 182 directly targetable transcriptional regulators and as-
sessed statistical significance of their oncogenic protein activity by a 
one-tail p-norm function with Bonferroni correction for multiple 
hypothesis testing across proteins within each sample (Bonferroni 
P ≤ 10−5 considered significant).

Targeted DNA sequencing, copy number, and 
mutational profiling
Somatic mutational and copy number profiling were performed us-
ing the MSK-IMPACT platform, a clinically validated, hybridization 
capture-based, matched tumor-normal DNA next-generation se-
quencing assay that targets 341 to 505 cancer-associated genes in 
solid tumors, as previously described (33). For somatic mutation 
calling, MSK-IMPACT uses genomic DNA extracted from FFPE tu-
mor samples and matched normal DNA from patient peripheral 
blood. Whole gene copy number alterations were inferred by com-
paring to a diploid reference genome from a set of normal FFPE 
samples; coverage of targeted regions was computed using the GATK 
DepthOfCoverage tool (RRID: SCR_001876). Normalized coverage 
values from tumor samples were divided by the corresponding val-
ues in normal samples and log transformed to yield copy number 
log-ratio profiles. Mutations and gene-level copy number alterations 
were visualized and summarized using the ComplexHeatmap pack-
age in R (RRID: SCR_017270).

IGF2 stimulation and immunoblot
Recombinant IGF2 (Sigma-Aldrich, #SRP3070) was resuspended in 
water + 0.01% bovine serum albumin at a final concentration of 
0.01 ng/ml and stored at −80°C. For IGF2 stimulation experiments, 
cells from MSKRMS-74711 and MSKRMS-93202 PDX-derived cell 
lines were plated in Dulbecco’s modified Eagle’s medium (DMEM) 
and treated with IGF2 ligand (100 ng/ml) for 0, 10, and 30 min (1 × 
106 cells per condition), after which cells were harvested and sub-
jected to protein extraction and Western blot analysis, as previously 
described (56). Antibodies were prepared as follows: phospho–
IGF1Rβ Tyr1135/1136 (Cell Signaling Technology (CST), #3024S; 1:1000), 
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phospho-AKT Ser473 (CST, #4060T; 1:2000), phospho-ERK1/2 (CST, 
#9102; 1:1000), ERK1/2 (CST, #9102; 1:1000), and Clathrin (BD 
Biosciences, #610499; 1:20,000).

Ex vivo drug screen in PDX-derived cells
The screen was performed using viably banked PDX-derived disag-
gregated cells for MSKRMS-74711 (MSKPED-0162) and MSKRMS-
93202 (MSKPED-0031). Cells were seeded at 4000 cells per well in 
DMEM:F12 complete medium containing 10% fetal bovine serum 
(Corning, 35-015-CV), 1% Anti-anti (Atlanta Biologicals, B22110), 
1% l-glutamine (Gibco, 25030-081), 1% nonessential amino acids 
(Gibco, 11140-050), and 10 μM Y-27632 (ROCK inhibitor) freshly 
added to the medium. Dose response assessments were performed 
by integrating three serial dose response data with peak values of 
100, 10, and 1 μM via fluorescence readout (AlamarBlue). The High 
Control (HC) is composed of 1% dimethyl sulfoxide (DMSO), and 
the Low Control (LC) 1 μM “killer mix” in 1% DMSO consists of a 
proprietary mixture of six cytotoxic compounds. A Z factor was 
computed to assess the robustness of each assay representing a di-
mensionless parameter that ranges from 1 to <0 and is defined as: 
Z = 1 – (3σHC + 3σLC)/|μHC – μlC| where σ are the SDs and μ the 
averages of the high (HC) and low (LC) controls. Signal inhibition 
induced by the compounds was expressed as a percentage and com-
pared to high and low controls located on the assay plates, as defined 
as %Inhibition = [(high control average – read value)/(high control 
average – low control average)] × 100. Both a logistic 4-parameter 
model and several potential multiphasic models were fit to the data, 
and model selection was performed using Bayesian information cri-
terion (BIC) minimization. Multiphase curves were fit to the data in 
cases where the data did not demonstrate a standard monophasic 
sigmoidal curve. IC50 values, along with their standard errors, were 
estimated for each model fit. The assay was performed in triplicates 
using a 384-well microplate format (Corning, 3764). During the 
screen, internal controls were included on each plate to assess per-
formance. Z′ factors above 0.7 indicated good separation between 
high and low controls and a robust performance. For combination 
drug screens, a combination matrix of 7 × 5 × 5 of LY3023414, Irino, 
and TMZ was performed. 7 × 5 × 5 refers to a three-drug combina-
tion, where seven concentrations were tested for drug 1 and five 
concentrations each for drug 2 and drug 3. SynergyFinder was used 
for the analysis of the drug combination data (57).

Ex vivo PDX-derived organoid drug screen
The screen was performed using MYOD1L122R-mutant SRMS MSKRMS- 
93202 PDX to generate PDXOs using our established mini-ring con-
figuration for facile 3D drug screening (54). One 96-well plate was 
used, testing 36 single agents and six drug combinations. Each com-
pound was tested at 1 μM for 48 hours, a concentration and dura-
tion selected on the basis of prior optimization in sarcoma PDXO 
models (48, 58, 59). Percent viability was measured by adenosine 
5′-triphosphate–release assay after a 48-hour exposure to 42 single-
agent or combination regimens, each administered at 1 μM as per 
standard screen design. This dose corresponds to clinically relevant 
peak plasma concentrations for many agents in the panel and has 
been validated as an effective discovery-screening concentration 
across large sarcoma PDX and PDO datasets. The 48-hour exposure 
period was chosen to capture early cytotoxic and cytostatic responses 
typical of kinase inhibitors, DNA-damaging agents, and microtubule 
poisons included in this screen while avoiding confounding effects of 

prolonged incubation. This plate passed all quality control metrics as 
described previously (44). Each compound was tested in duplicate, 
with 10 μM staurosporine used as a positive control (n = 4 wells) and 
1% DMSO as negative control (n = 8 wells). Details of sample pro-
cessing, organoid generation and viability score calculation were pre-
viously described (43). We calculated both cell survival (viability %) 
and viability scores. Viability percentage is determined by compari-
son to control DMSO wells within the same plate. For activity of drug 
classes, distribution of response percentiles for compounds grouped 
by primary mechanism of action is computed. Compounds within 
each mechanistic class function as small-molecule inhibitors of the 
corresponding molecular targets, except for DNA damage agents. 
Lower percentiles indicate greater antiproliferative potency relative to 
the full compound set (0 = most potent, 1 = least potent). The list of 
screened regimens can be found in Fig. 8D and table S8.

In vivo efficacy study
Tumor efficacy studies were performed using a MYOD1L122R-mutant 
SRMS PDX (MSKRMS-93202) with tumors implanted and propagat-
ed in NSG mice (the Jackson Laboratory, strain 05557). Animals were 
block randomized into four treatment arms (n = 8 mice per arm): ve-
hicle [PTD: 30% polyethylene glycol, molecular weight 400 (v/v) + 
5% Tween 80 (v/v) in 5% dextrose water], LY3023414 (samotolisib, 
MedChemExpress, #HY*-12513), Irino (Selleck Chemicals, #S2217) + 
TMZ (Selleck Chem, #S1237), and the triple combination (LY3023414 + 
Irino + TMZ) when TV reached ~100 mm3. Use of clinically relevant 
treatment doses and schedules were as follows: LY3023414 dosed at 
10 mg/kg orally (PO) twice daily (BID) for 28 days; Irino at 1.25 mg/kg 
intraperitoneally (IP) daily (5 days on/2 off) for 10 days total; and TMZ 
at 25 mg/kg IP daily for 5 days. Tumor volume was measured twice 
weekly using calipers and TV calculated using a modified ellipsoid for-
mula: TV = width2 × 0.5 (length) where width is the shortest di-
mension and length is the longest dimension. The study end points 
included TV control through day 29 (end of treatment) and PFS with 
progression defined at a 100% increase in TV relative to baseline. 
Treatment response definitions were based on TV changes relative to 
baseline: Progressive disease (PD) was defined as a 100% increase in 
TV relative to baseline, stable disease (SD) is defined as <100% in-
crease in TV relative to baseline but ≤50% TV reduction, partial re-
sponse (PR) is >50% TV reduction, and complete response (CR) is 
≥95% TV reduction. Tumor volume curves were compared using the 
Vardi’s test comparing the area under tumor growth curves (AUC). A 
Kaplan-Meier estimator was used to visualize survival curves, and the 
log-rank test was used to test for differences in PFS outcomes across 
treatment groups. A Benjamini-Hochberg multiple testing correction 
was applied for pairwise comparisons to maintain a false discovery rate 
of 0.05. Significance for all analyses was determined at the 0.05 level. 
Animal studies were conducted under barrier conditions and an Insti-
tutional Animal Care and Use Committee (IACUC)-approved proto-
col (#16-08-011).

Patient survival analysis
Survival analysis was visualized by Kaplan-Meier curves and per-
formed using R packages “survminer” version 0.4.9 (RRID: SCR_ 
021094) and “survival” version 3.2.13 (RRID: SCR_021137). Medi-
an time (in months) to disease progression was defined as the time 
interval between initial diagnosis (presence of tumor seen radio-
graphically or by pathologic confirmation) and the first instance 
of tumor recurrence or distant metastases after initial diagnostic 
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biopsy. PFS was defined as time from surgery to first local recurrence 
or metastasis or last clinical follow-up. DSS was defined as time 
from diagnosis to last clinical follow-up or death caused by disease.

Supplementary Materials
The PDF file includes:
Figs. S1 to S7
Legends for tables S1 to S8

Other Supplementary Material for this manuscript includes the following:
Tables S1 to S8
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