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Abstract
Pediatric rhabdomyosarcoma (RMS) features aberrant myogenic differentiation, pointing to lineage
plasticity involvement in its development. Tumor-intrinsic regulators of epithelial-to-neuroendocrine
plasticity also play roles in RMS, suggesting shared plasticity programs. Plasticity is also shaped by the
tumor microenvironment; yet, mast cells (MCs), which restrain epithelial-to-neuroendocrine
differentiation, remain unexplored in RMS.

Despite multimodal therapy and current risk stratification, survival remains poor in RMS patients,
highlighting the need for biologically informed biomarkers.

Applying gene signatures of neuroendocrine-lineage promoting factors (“NE-LIN”) and MCs in a cohort of
61 pediatric and adolescent/young adults RMS patients, we identified two clusters, NE-LINhigh/MClow and
NE-LINlow/MChigh, independent of histology and fusion status. The former displayed aggressive
transcriptional programs. Findings were confirmed in an independent cohort and supported by two
additional single-cell/single-nuclei transcriptomic datasets and by immunohistochemistry. Furthermore,
the NE-LINhigh/MClow state was significantly associated with adverse overall survival beyond
conventional risk classification in both localized and metastatic RMS patients.

This work identifies a novel Plasticity-Associated Aggressive State (PAAS) in RMS, with distinct lineage
plasticity and microenvironmental features, revealing parallels between plasticity programs in epithelial
and mesenchymal cancers. PAAS-RMS defines a biologically and clinically relevant state that may inform
patient stratification and guide the development of personalized therapeutic approaches in RMS.

INTRODUCTION
Lineage plasticity is the ability of cancer cells to alter their phenotype and function, and plays a crucial
role in cancer progression and therapy resistance by allowing tumors to adapt to diverse environmental
pressures and evade conventional and targeted treatments 1. Besides a few driving genomic alterations,
lineage plasticity is mainly governed by epigenetic and transcriptional regulators, as well as from signals
coming from the tumor microenvironment 2. Key pan-cancer lineage determining factors, have been
specifically associated to different cell plasticity trajectories 3. These include for example SNAIL, SLUG,
and ZEB for epithelial-to-mesenchymal transition, a process ubiquitous in epithelial cancers, and EZH2,
AURKA, N-MYC, and ASCL1 for epithelial-to-neuroendocrine differentiation, mainly observed in prostate
and lung cancer 3.

Being now recognized as one of the hallmarks of cancer 4, lineage plasticity has been extensively
described in epithelial cancers, with well-characterized mesenchymal, neuroendocrine, squamous, or
endothelial trans-differentiation trajectories in different tumor types/settings 3. In contrast, whether
mesenchymal tumors undergo lineage plasticity remains less well explored, although emerging evidence
suggest it may be a relevant biological feature in these tumors. Also, whether the same molecular
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players governing lineage plasticity in epithelial cancers may operate in mesenchymal tumors remains
undefined, raising the possibility of either shared or distinct regulatory mechanisms across tumor types.

Rhabdomyosarcoma (RMS), the most common soft-tissue sarcoma in children 5,6, provides a compelling
context in which to investigate these hypotheses. RMS is a mesenchymal malignant neoplasm,
characterized by the aberrant differentiation of skeletal muscle cells 7. Despite their diverse molecular
and histological features, RMS tumors generally retain aspects of the myogenic program while failing to
complete terminal differentiation 7. RMS cells instead remain locked in immature progenitor-like states
maintained by dysregulated transcriptional and epigenetic programs 8. Also, RMS may arise in
anatomical sites lacking skeletal muscle tissue 9, suggesting that the disease is defined more by
activation of a myogenic transcriptional program than by its tissue of origin. Together, these features
raise the possibility that lineage plasticity may play an important role in RMS biology. Notably, several key
regulators implicated in neuroendocrine differentiation in prostate cancer have also been linked to
functional roles in RMS biology, including EZH2, N-MYC, and AURKA 7,8,10–12. Taken together, these lines
of evidence raise the possibility that molecular programs commonly associated with epithelial-to-
neuroendocrine cell trajectories may capture broader mechanisms of tumor cell lineage plasticity that
extend beyond epithelial cancers.

Pediatric type RMS are historically classified into two prevalent histological subtypes, embryonal (ERMS)
and alveolar (ARMS) 13. The latter is now further stratified by molecular features, with up to 80% of
ARMS harboring the PAX3/7::FOXO1 translocation, associated with poor outcome 13. The presence of
lymph node and distant metastases, the histology or rather the genomic and molecular profile, tumor
size, the site of origin, and the surgical stage are the factors used to define risk group stratification.
Among these variables, patient age is also a prognostic factor, with adolescents and young adults
characterized by a worse prognosis than children 13. Although multimodal therapy combining
chemotherapy, surgery, and/or radiotherapy has improved the survival, substantial heterogeneity in
clinical outcomes persists within established risk groups 5. Also, 5-years survival rates remain below
30% in metastatic patients 5. These observations underscore the need for biomarkers to improve
prognostic stratification in RMS, and suggest that lineage plasticity may represent an additional relevant
RMS feature not captured by current risk-classification systems.

Tumor cell plasticity is not solely governed by cell-intrinsic regulatory programs but can also be shaped
by the tumor microenvironment 14,15. Our recent work unveiled that mast cells (MCs), a population of
innate immune cells with pleiotropic and context-dependent roles in cancer 16, restrain the development
of neuroendocrine prostate cancer and are consequently markedly reduced when this tumor type
outgrow 17. The role of MCs in pediatric RMS remains uncharacterized, and whether MCs may similarly
shape lineage plasticity in this setting is unknown.

In this study we investigated whether a lineage-determining regulatory program associated with
neuroendocrine prostate cancer identifies a distinct transcriptomic state in pediatric RMS, its
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relationship with MC infiltration, and its prognostic relevance.

RESULTS
Neuroendocrine lineage and mast cells related signatures define a plasticity-associated aggressive
state (PAAS) in RMS associated with poor prognosis.

To understand whether lineage plasticity operates also in RMS, we took advantage of an institutional
patient cohort (the “INT” cohort), including a transcriptomic dataset comprising 61 tumor samples from
pediatric and adolescent/young adult patients with RMS 18. Knowing that several key regulators
implicated in neuroendocrine lineage plasticity in prostate cancer have biological relevance in RMS 7,8,10–

12, we analyzed our data set with a gene signature that characterizes the transcriptomic profiling of

neuroendocrine prostate cancer 19. This signature, hereafter named “NE-LIN”, comprises genes
associated with the neuroendocrine lineage, most of which encode for transcription factors or epigenetic
regulators (Supplementary Table S1). Based on our previous findings showing that MCs are negative
regulators of neuroendocrine differentiation 17, we also investigated an in-house generated 20 signature
of tumor-infiltrating MCs (Supplementary Table S1). Unsupervised analyses showed that the
combination of these two signatures stratifies RMS patients into two clusters: NE-LINhigh/MClow and NE-

LINlow/MChigh (Fig. 1A, heatmap). Notably, the NE-LINhigh/MClow cluster is enriched in tumors from
patients with reduced OS, as reflected by a higher proportion of dead patients in the NE-LINhigh/MClow

cluster (Fig. 1A, pie charts). Furthermore, the NE-LINhigh/MClow cluster included patients across tumor
histopathological subtypes (ERMS and ARMS), translocation status, age, and risk groups, with no
apparent concentration of any of these features within either cluster (Fig. 1A, heatmap and pie charts).

When patients were further examined within individual EpSSG risk categories (A-H subgroups 21), we
observed a higher number of deaths among patients belonging to the NE-LINhigh/MClow cluster across
risk groups (Fig. 1B), suggesting that this molecular state may identify patients at higher risk of death,
refining conventional risk classification. In particular, risk subgroups B, E, F, and G showed a consistently
significantly higher percentage of deaths among patients in the NE-LINhigh/MClow cluster (Fig. 1C).
Patients in subgroup C showed good prognosis irrespective of cluster assignment, with no disease-
related deaths observed, whereas patients classified in the A risk subgroup were not present in the NE-
LINhigh/MClow cluster (Fig. 1C). In contrast, in subgroup H deaths were only associated with the NE-
LINlow/MChigh cluster (Fig. 1C). Patients with metastatic RMS, who are considered separately from the
localized EpSSG risk classification, also showed a slightly higher number of deaths in the NE-
LINhigh/MClow cluster (Fig. 1B). These results further support an association between the NE-

LINhigh/MClow cluster and adverse OS across different clinical risk categories based on clinic-
pathological prognostic features.

To analyze the enrichment of the two signatures in individual samples, we then computed a single-
sample (ss) score for each of them. The difference between signature scores was also calculated
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(ssDelta = ssNE-LIN – ssMC). Consistent with the unsupervised analysis (Fig. 1A), the two signatures
were inversely correlated within the clusters, with ssMC scores higher in the NE-LINlow/MChigh cluster,
whereas ssNE-LIN and ssDelta scores were higher in the NE-LINhigh/MClow one (Fig. 1D).

These data indicate that the NE-LINhigh/MClow transcriptional features identify a new RMS state, which
we termed as Plasticity Associated Aggressive State (PAAS), associated with poor clinical outcome
across common histological/molecular classification and clinical risk groups.

Differential expression analysis reveals enrichment of developmental and gene-regulatory programs
coupled with reduced immune signaling in PAAS-RMS.

To infer about biological characteristics of PAAS-RMS, we then evaluated differentially expressed genes
between the NE-LINhigh/MClow and the NE-LINlow/MChigh cluster in our dataset (Fig. 2). We found 650
upregulated and 91 downregulated genes in the former (|log2FC| >1, FDR < 0.05; Supplementary Table

S2). Gene set enrichment pathway analyses (GSEA) showed that the NE-LINhigh/MClow cluster was
predominantly enriched for pathways related to ribosome biogenesis, mRNA processing, and protein
translation (Fig. 2A-B). Molecular function analysis further highlighted enrichment of ribosomal
components, RNA-binding activities, and protein folding machinery, indicating enhanced translational
output and an increased burden on protein homeostasis. Pathways associated with cell cycle
progression and DNA replication were also significantly enriched (Fig. 2A-B). These results are
consistent with a highly proliferative tumor state in the NE-LINhigh/MClow subgroup, primarily associated
with enhanced protein synthesis. Moreover, filtered analysis looking for terms related to muscle- and
developmental- related pathways revealed significant enrichment of myogenic programs, together with
pathways involved in developmental and transcriptional regulation, including WNT, NOTCH, TGF-β, RUNX
family-mediated transcriptional regulation, and epigenetic regulation of gene expression (Fig. 2C).

In contrast, gene sets downregulated in the NE-LINhigh/MClow cluster were predominantly associated
with immune- and inflammatory- related pathways, including cytokine and chemokine activity, type I
interferon signaling, MHC class I, and complement-associated functions, as well as pathways related to
arachidonic acid metabolism and GPCR signaling (Fig. 2A-B). This downmodulation of immune-related
transcriptional profile is consistent with the reduced expression of the MC signature in PAAS-RMS.

Overall, these findings identify PAAS-RMS as a transcriptionally distinct state characterized by
coordinated remodeling of developmental and regulatory programs, consistent with lineage plasticity,
increased proliferation, and aberrant myogenic program, and by reduced immune-related transcriptional
signatures.

The PAAS state is a prognostic factor for OS in patients with RMS.

To test the translational relevance of our results, we assessed the prognostic value of the PAAS-RMS
classification in our RMS patient cohort for OS. Kaplan-Meyer analysis comparing patients in the NE-
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LINhigh/MClow and NE-LINlow/MChigh groups revealed that patients in the NE-LINhigh/MClow cluster had
significantly shorter OS compared to those in the other group (p = 0.0033; Fig. 3A). Univariate Cox
proportional hazard models further confirmed the significant association between the NE-LINhigh/MClow

cluster and poorer survival (Fig. 3B; HR = 3.3; 95% CI 1.4–7.5; p = 0.005).

To further assess the prognostic relevance of PAAS-RMS using a score-based approach with potential
clinical applicability, we next assessed the association between the ssDelta score and survival. In the
univariate analysis, the ssDelta score was significantly associated with OS (Fig. 3C, HR = 2.0; 95% CI 1.3-
3.0; p = 0.001), indicating a higher hazard of death with increasing ssDelta score. Importantly, in
multivariate Cox regression analysis, the association between the ssDelta signature score and OS
remained significant after adjustment for known clinical-pathological prognostic factors, namely EpSSG
risk classification for patients with localized disease, and metastatic status (Fig. 3D; HR = 2.2; 95% CI
1.4–3.5, p < 0.001), indicating that the PAAS-RMS associated signatures add prognostic information to
the established clinical risk classification.

Finally, to further characterize the prognostic contribution of individual genes within our signatures, a
separate multivariable Cox proportional hazard model was fitted for each gene, adjusting for clinical-
pathological variables (EpSSG risk group). Four out of twelve genes in the NE-LIN signature (EZH2,
AURKA, MELK, and AURKB) showed a statistically significant association with shorter OS independently
of established prognostic features (Fig. 3E). An independent and statistically significant association with
OS was also found for one out of ten genes in the MC signature (HPDGS) and this correlated with a
longer OS (Fig. 3E).

Taken together these findings indicate that the PAAS-RMS state, as identified by the NE-LINhigh/MClow

signature, is associated with worse clinical outcome and provides additional prognostic information
beyond the current clinical risk classification in our RMS cohort.

Prognostic relevance of the PAAS state in patients with localized RMS.

To further investigate the prognostic relevance of the PAAS-RMS state within clinically actionable risk
categories, we repeated the molecular clustering, survival, and Cox regression analyses after excluding
patients with metastatic disease and focusing on patients with localized RMS in the INT dataset (n = 49).
Unsupervised analysis showed that the two molecular clusters were preserved also in this non-
metastatic population (Fig. 4A, heatmap), with the NE-LINhigh/MClow cluster comprising again a higher
proportion of patients with unfavorable clinical outcome (Fig. 4A, pie charts). As observed in the overall
cohort (Fig. 1A), cluster assignment was not associated with tumor histology, age, or EpSSG risk
subgroup (Fig. 4A, heatmap and pie charts). The enrichment of the ssNE-LIN and ssDelta scores in the
NE-LINhigh/MClow cluster was maintained (Fig. 4B).

Kaplan-Meier analysis confirmed the association between cluster assignment and OS also when
analyzing only localized RMS, with patients in the NE-LINhigh/MClow cluster showing significantly poorer
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outcome (Fig. 4C; p = 0.043). Consistently, Cox regression analysis showed that ssDelta scores were
associated with poorer OS even in the localized RMS cohort (Fig. 4D; HR = 2.2; 95% CI 1.3–3.9; p = 
0.004), with a slightly stronger effect than what observed in the overall population. This negative
prognostic association was retained in multivariable Cox regression after adjustment for EpSSG risk
classification (Fig. 4E; HR = 2.1; 95% CI 1.2–3.6; p = 0.008). These results support the prognostic
relevance of the PAAS state in patients with localized RMS.

PAAS-RMS is broadly represented across different RMS cohorts.

To assess the reproducibility of the PAAS-RMS state, we applied the NE-LIN/MC signature analyses on
an independent cohort of 141 RMS patients collected in the US, with tumor microarray and matched
clinical and follow up data, described by Davicioni et al. 22,23. Unsupervised analyses identified the NE-
LINhigh/MClow and NE-LINlow/MChigh clusters also in this external cohort, alongside an intermediate NE-

LINlow/MClow cluster, which included the majority of the patients (Fig. 5A, heatmap). Consistently to what
observed in the INT cohort, the NE-LINhigh/MClow cluster included a higher proportion of dead patients,
albeit the difference did not reach statistical significance (Fig. 5A, heatmap and pie charts), and was not
associated with histology, age, and COG/IRS Clinical Group (I–IV). The NE-LINhigh/MClow cluster was
likewise characterized by significantly elevated ssNE-LIN and ssDelta scores in the Davicioni cohort
(Fig. 5B).

Biologically (Supplementary Fig. S1 and Supplementary Table S3), GSEA performed comparing the NE-
LINhigh/MClow cluster with remaining samples of the Davicioni dataset, recapitulated the finding obtained
in the INT cohort, confirming enrichment for gene sets related to transcriptional, translation, and
proliferative programs (Fig. S1A-B) alongside with the enrichment of developmental, myogenic, and
epigenetic regulatory pathways (Fig. S1C), and the depletion of immune-related programs (Fig. S1A-B).
These results confirm the biological features of the PAAS-RMS state across the two cohorts.

For survival analyses, the NE-LINhigh/MClow cluster was compared with the remaining two clusters
combined. Consistent with the findings in the INT cohort, also in this data set the NE-LINhigh/MClow

cluster showed an association with poorer OS, albeit it did not reach statistical significance, both in
Kaplan-Meier (Fig. 5C; p = 0.13) and in univariate Cox regression analyses (Fig. 5D; HR1.9; 95% CI 0.83–
4.2; p = 0.135). Similarly, the ssDelta score showed a trend toward increased risk of death, although not
statistically significant (Fig. 5E; HR = 1.2; 95% CI 0.86–1.7; p = 0.276), supporting, at least in part, the
results obtained in the INT cohort.

We then analyzed a s.c./s.n. RNA-Seq dataset of RMS described by Danielli et al. 24. Among the different
analyses performed in their paper, Danielli et al. identified, across an harmonized and integrated dataset
comprising both human tumor samples and patient-derived cell lines and xenografts, a cluster of
proliferative tumor cells characterized by the enrichment of cell-cycle programs, which the authors
defined as “cycling”, compared to the rest of “non cycling” tumor cells 24. We here restricted the analysis
to the 21 RMS tumor samples of the Danielli data set, which were integrated from two independent

Page 8/33



patients cohorts 25,26, for a total of n = 31676 cells. First, we visualized the cycling state of the cells, as
defined in the paper by Danielli, on a new computed UMAP (Fig. 6A). We then assessed the distribution
of the NE-LIN signature across “cycling” and “non cycling” tumor cell populations. To this aim, we
computed a NE-LIN gene signature score (gssNE-LIN) analogous to those used in microarray analyses.
UMAP visualization showed that the gssNE-LIN score was higher in the cycling cell compartment
(Fig. 6B), while it was unrelated to histology (Fig. 6C) or fusion status (Fig. 6D) of the tumors. As the
samples in this dataset were enriched for tumor cells, assessment of the MC signature was not
possible.

Altogether, these findings support the presence of the PAAS-RMS state across independent RMS patient
cohorts, confirming that it does not reflect a specific histological subtype or fusion status. Furthermore,
survival analyses in the Davicioni cohort confirmed a trend towards association of PAAS-RMS with poor
prognosis, consistent with the findings in the INT cohort.

EZH2 protein upregulation and reduced MC infiltration mirror the NE-LIN high /MC low tumor cluster in
RMS.

Finally, to further corroborate our in-silico findings, we validated the expression of key selected markers
of the PAAS-RMS state by immunohistochemistry on tumor RMS samples from our institutional cohort.
Among the genes within the NE-LIN signature, we prioritized EZH2, based on its association with OS in
multivariable Cox regression, its relatively strong effect size (Fig. 3E), and its known biological relevance
as a key epigenetic regulator of linage plasticity and tumor aggressiveness in several solid tumors,
comprising neuroendocrine prostate cancer 3,27, breast cancer 28, and some soft tissue sarcomas 29–31,
including RMS 8,10. Notably, analyzing the expression of this single gene in our dataset we found that
EZH2 transcript is significantly upregulated in samples belonging to the NE-LINhigh/MClow cluster

(Fig. 7A). Conversely, CPA3, a gene encoding for a specific MC marker 32 selected as representative of
the MC signature, shows opposite expression patterns (Fig. 7A).

We therefore performed immunohistochemistry for EZH2 on RMS tumor samples from the INT cohort,
analyzing n = 5–8 samples per condition (NE-LINhigh/MClow and NE-LINlow/MChigh group), and then
quantified results by computing a composite score considering both staining intensity and percentage of
positive cells (Fig. 7B). In parallel, we also evaluated the number of infiltrating MC with staining for the
specific MC marker tryptase (Fig. 7C). We found that samples belonging to the NE-LINhigh/MClow cluster
showed increased EZH2 staining (Fig. 7B, histogram) and lower MC number (Fig. 7C, histogram)
compared to the NE-LINlow/MChigh group. However, differences did not reach statistical significance,
likely due to the low number of tested tumor samples. Nevertheless, correlation analysis revealed a
statistically significant negative association between EZH2 protein expression and MC number (Fig. 7D).
These results suggest that the relationship between EZH2 tumor immunostaining and MC infiltration
partially reflects the PAAS state. However, these immunohistochemical analyses are based on a limited
sample size (n = 5–8 per group), and thus warrant cautious interpretation.
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Conclusions
In conclusion, we unveiled the in-silico defined NE-LINhigh/MClow cluster as an unrecognized state in
RMS, associated with poorer patient outcomes and able to add prognostic relevance beyond established
risk subgroups. This newly defined state, which we label as PAAS-RMS, is independent of current
histological and molecular classification systems and instead characterized by distinct lineage plasticity
and tumor microenvironment related traits. These results pave the way for further exploring biological
mechanisms and clinical relevance of the PAAS state in RMS.

DISCUSSION
Despite its established role in promoting tumor aggressiveness and therapy resistance in epithelial
malignancies 3,4, lineage plasticity in mesenchymal tumors has remained less explored. In this work, we
uncover the involvement in RMS, of lineage-determining factors typically associated with neuroendocrine
differentiation of adenocarcinoma, revealing unexpected biological commonalities between epithelial
and mesenchymal cancers. Moreover, we define a correlation between this peculiar lineage plasticity
associated traits and the tumor microenvironment, another still underdeveloped area of research in RMS.

Our work identifies across independent patient cohorts the existence of a previously unrecognized
plasticity-associated aggressive state (PAAS) of RMS, defined by the NE-LINhigh/MClow signatures, and
transcriptionally characterized by increased proliferative and translational activity and by epigenetic
regulation, along with retention of myogenic programs and remodeling of developmental signaling
pathways. RMS cells are known to preserve myogenic lineage features while failing to undergo terminal
differentiation 8. Since normal myogenesis couples activation of myogenic programs with cell-cycle
withdrawal, the coexistence of myogenic features and increased proliferation in PAAS-RMS may suggest
an uncoupling between lineage identity and terminal differentiation 33. Thus, PAAS-RMS may represent a
hybrid state in which myogenic identity is preserved while cells acquire highly proliferative and plastic
properties.

The PAAS state is transversal to any common histological or molecular classification for RMS and
correlates with poor survival. Furthermore, in our cohort it adds prognostic value beyond current EpSSG
risk stratification systems. These findings suggest that aggressiveness and prognosis in RMS may be
governed by dynamic functional states, such as lineage plasticity and microenvironmental features,
rather than fixed histological or genomic classifications, and are consistent with previous s.c RNA-Seq
studies showing that transcriptional programs reflecting different myogenic differentiation states are
associated with clinical outcome in RMS 34, further supporting the concept that the differentiation state
of tumor cells may contribute to disease aggressiveness and prognosis.

Our work opens the possibility to investigate therapeutic vulnerabilities specifically associated to the
PAAS state and the use of NE-LIN/MC signatures as an additional stratification tool for patients with
RMS. Our results indicating a higher proportion of death events associated to PAAS-RMS even in
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low/intermediate risk subgroups suggest that the PAAS classification may have particular clinical value
in these patients, potentially identifying individuals who, despite favorable conventional risk
classification, may benefit from closer monitoring and therapy escalation. On the other side, the
development of new therapeutic strategies specific for PAAS-RMS have the potential to improve the
survival of high-risk or metastatic RMS patients, for which specific and effective therapeutic options are
lacking. This personalized medicine approach might also help reducing overtreatment in less aggressive
states, potentially limiting the severe toxicity associated with conventional chemotherapy and
radiotherapy regimens, which can significantly impair patient quality of life and have long-term
consequences for survivors. This issue is particularly important given the young age of the pediatric and
adolescent/young adult population affected by RMS.

Having identified that the PAAS-RMS state is characterized by a MC-excluded microenvironment, we also
foresee further studies to investigate the protective role of MC against this tumor state, paralleling our
work in neuroendocrine prostate cancer 17 and similar data obtained in nasopharyngeal cancer 35.
Furthermore, knowing that MCs are key cellular players able to shape the immune tumor
microenvironment with context-dependent roles 16, our results also underlie the relevance of comparing

the immune-contexture of NE-LINhigh/MClow and NE-LINlow/MChigh tumors. Indeed, our GSEA analyses
showing downregulation of immune-related genes suggest a distinct immune microenvironment in
PAAS-RMS. Defining the molecular networks through which MCs modulate tumor aggressiveness and
characterizing the microenvironmental peculiarities of the PAAS state, could pave the way for exploring
immunotherapy-based strategies in patients with RMS, where immunotherapy has so far been scarcely
used and provided limited benefit 36,37.

Our findings do not indicate that PAAS-RMS should be classified as neuroendocrine. Such possible
classification would require a comprehensive histologic characterization of canonical neuroendocrine
markers (e.g. CgA, SYP, NSE), which is beyond the scope of this work. Yet, this possibility cannot be
excluded. To date, only three studies, including two small case series 38,39 and one larger cohort of

ARMS 40, have shown histologic expression of neuroendocrine markers in a subset of RMS cases.
Furthermore, two different recent s.c./s.n. RNA-Seq analyses revealed the existence of tumor cell
subpopulations with neuronal features in RMS patient samples, even if results were partially contrasting.
Danielli et al. described a transcriptomic neuronal cell state, identifiable in a subset of fusion-positive
RMS, while absent in fusion-negative samples 24. On the contrary, Whitfield et al. revealed a convergent
high-risk associated cell state across fusion-positive and lethal fusion-negative RMS, characterized by
neuronal features 41. This second paper is consistent with our observation that the PAAS state,
characterized by high expression of neuroendocrine lineage associated molecular drivers, is present
across histological and molecular RMS classification and negatively associated with prognosis.
Nevertheless, rather than pointing to a “neuroendocrine” classification for RMS, our data suggest instead
that both the PAAS state and the epithelial-neuroendocrine differentiation are governed by shared
epigenetic regulators. It is conceivable that across different tumor contexts (e.g. epithelial versus
mesenchymal), the same epigenetic mechanisms converge on different lineage plasticity endpoints
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which determine different phenotypic outcomes, such as neuroendocrine differentiation in epithelial
cancers and the PAAS state in sarcomas. Both the aforementioned hypothesis warrants further
investigation.

Among epigenetic regulators, our data point to EZH2 as one of the main drivers of the PAAS state,
having a significant negative prognostic role in our RMS cohort. These results are in line with a previous
study showing that EZH2 overexpression in different pediatric soft tissues sarcomas, including RMS,
correlates with increased aggressiveness, metastatic disease, and poor survival 42, and suggest of
evaluating the antitumor activity of drugs against EZH2 or its complex in RMS patients stratified
according to the PAAS state.

However, while adding the evaluation of NE-LIN/MC signatures to common criteria holds potential
clinical relevance in RMS, the prognostic value of the PAAS-RMS state will require validation in
independent cohorts. Furthermore, the implementation of transcriptomic signatures in clinical settings
may be challenging. In this regard, our results suggest that immunohistochemistry evaluation of
selected signature-associated markers (e.g. EZH2 and tryptase) could be a more feasible surrogate. Yet,
in this work immunohistochemistry analyses were restricted to a very small sample size due to limited
tissue availability; thus, staining on large-scale tumor specimens will be required to validate this
approach.

The main limitation of our study is the lack of an independent validation of the prognostic value of the
PAAS-RMS state in an external cohort. To our knowledge, besides the two analyzed in this project, only
another European RMS datasets with annotated survival data was described by Williamson et al. 43,
which however mainly included patients who had received treatment before sample collection, and was
thus not considered suitable to be compared with our institutional one. This reflects the paucity of
clinically annotated datasets for this rare disease, as well as the fact that existing cohorts are often
assembled to enrich for specific patient characteristics or address defined research questions. For
example, the INT cohort includes both pediatric and young adult patients, whereas the Davicioni cohort
exclusively comprises pediatric patients. Furthermore, the latter includes patients recruited between
1990s-2006, whereas our cohort spans 1999–2020, reflecting differences in clinical practice and
treatment protocols over time and countries (EU and US, for the INT and Davicioni cohort, respectively).
These differences might have limited the power and the interpretation of prognostic comparisons.
Nevertheless, albeit non statistically significant, the survival analyses in the Davicioni dataset are in line
with our results, and thus corroborate the possibility that the prognostic value of PAAS-RMS can be
extended beyond the INT cohort. Also, it is worth noting that, considering the rarity of this cancer type,
our cohort of 61 RMS samples is sizeable, thereby adding strength and robustness to our findings.

In conclusion, our work identifies a previously undescribed aggressive state of RMS, characterized by
specific lineage plasticity and tumor microenvironment related transcriptional features, which
transcends histological and molecular classifications and is associated with adverse clinical outcomes
and prognostic value beyond current risk stratification systems. These findings provide a framework for
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future studies aimed at elucidating the biological underpinnings of the newly defined PAAS state and its
potential clinical relevance in RMS.

MATERIAL AND METHODS

Datasets used
The in-house RMS microarray data set (which we here define as the “INT” dataset”) has been previously
described 18 and deposited in the Gene Expression Omnibus (GEO) with the accession number
GSE135517. Briefly, data for pediatric, adolescent and young adult (AYA) patients with primary,
consecutive RMS treated between 1999 and 2020 at Fondazione IRCCS Istituto Nazionale dei Tumori
(INT), Milan, Italy, were extracted from a prospectively maintained research database. As for inclusion
criteria, FFPE tumoral samples were eligible if they met the following criteria: (1) histologically confirmed
diagnosis of primary RMS; (2) availability of FFPE tumor tissue obtained from surgical resection
specimen and/or diagnostic biopsy; (3) sample obtained at initial diagnosis (pre-treatment whenever
available); (4) adequate and sufficient tumor material for molecular and/or histopathological analyses;
(5) patients treated consecutively at the institution between January 1999 and December 2020. Samples
were excluded if they met any of the following criteria: (1) tissue obtained from relapsed or recurrent
disease; (2) insufficient tumor content or inadequate FFPE material for analysis; (3) incomplete clinical
data in institutional database. Tumors were classified according to the Intergroup Rhabdomyosarcoma
Study (IRS) postsurgical clinical grouping system (Groups I–IV) 21. Histological subtype was determined
by expert pathological review and categorized according to WHO criteria. Risk stratification was
performed following European pediatric Soft tissue sarcoma Study Group (EpSSG) recommendations,
integrating histological subtype, IRS post-surgical clinical group, primary tumor site, nodal involvement,
tumor size, and age 21. In this paper, only patients with either ERMS (37 patients) or ARMS (24 patients)
were analyzed.

The Davicioni et al. RMS microarray data set 22,23 including 141 patients with RMS (71 ERMS and 70
ARMS) was downloaded from GEO (GSE92689). As described by the authors, frozen tumor samples
were obtained from patients enrolled in the Intergroup Rhabdomyosarcoma Study Group (IRSG IV-V)
Children’s oncology Group (COG) clinical trials, conducted in the US predominantly during the 1990s and
early 2000s. Tumor specimens were retrieved from the IRSG/Pediatric Cooperative Human Tissue
Network tumor repository (Columbus, OH, USA) and the institutional tumor bank at Children’s Hospital
Los Angeles (CHLA, Los Angeles, CA, USA). Clinical covariates and outcome information were provided
by the COG Statistics and Data Center (Arcadia, CA, USA). Only tumor samples containing > 80% tumor
cells were analyzed for gene expression 22,23. Clinical characteristics included age, sex, stage, and
COG/IRS Clinical Group (I–IV) 44, as annotated in the dataset (GSE92689).

Publicly available single-cell and/or single-nuclei RNA sequencing (s.c. RNA-Seq; s.n. RNA-Seq) datasets
from two RMS cohorts were also analyzed (GSE195709 and GSE174376), the first from the
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Massachusetts General Hospital, Charleston, MA, USA 25, and the second from the St. Jude Children’s
Hospital, Memphis, TN, USA 26. For the present analyses, we used the pre-processed and uniformly

processed Seurat objects generated in the analyses of the aforementioned datasets by Danielli et al. 24

and made publicly available through Figshare
(https://figshare.com/projects/RMS_consensus_analysis/194417). The deposited objects included data
from multiple RMS s.c./s.n. RNA-Seq datasets analyzing patient RMS samples alongside with patient-
derived xenografts, and patient-derived and commercial cell lines. Among these, for this paper the pre-
processed Seurat object generated by Danielli et al. was retrieved and subset to retain only the 21 RMS
tumor samples from patients contained in GSE195709 25 and GSE174376 26, and particularly 4 patients
(all with ERMS histology) for the GSE195709 dataset and 17 patients (6 with ARMS and 11 with ERMS)
for the GSE174376. These datasets are enriched for tumor cells and do not allow a comprehensive
assessment of the tumor microenvironment. No additional preprocessing of the raw sequencing data
was performed.

Data preprocessing
Pre-processed gene expression data provided on GEO/Fighshare were used for each data set.
Normalized matrix was calculated using log₂(intensity) for microarray data.

Bioinformatic analyses on microarray data
Bioinformatic analyses were conducted using R (v. 4.6.0; https://www.R-project.org; 45). To analyze the
enrichment of the NE-LIN and MC signatures in individual samples, we calculated a single-sample (ss)
score for each of the two signatures (ssNE-LIN and ssMC) using singscore (v. 1.32.0) 46, with default
settings. A difference signature score was also evaluated (ssDelta = ssNE-LIN – ssMC; calculated by
setting NE-LIN as upSet and MC as downSetp parameters in the singscore function).

Heatmaps were generated with ComplexHeatmap (v. 2.28.0) 47, scaling expression values by rows (Z-
score) and using euclidean distance and Ward.D2 linkage to cluster samples. For each heatmap, the
optimal number of clusters was determined as the most frequent across all indexes using NbClust (v.
3.0.1) 48.

Differential expression analysis was performed with the limma R package (v. 3.68.4) 49 and measured
with fold change (FC) and t-statistics, while pre-ranked Gene Set Enrichment Analysis was executed with
clusterProfiler (v. 4.20.0, Reactome and GO Molecular Function (MF) databases), ranking genes by the
moderated t-statistic derived from limma, which accounts for both the magnitude and precision of
differential expression.

Bioinformatic analyses on s.c./s.n. RNA-Seq data
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The retained subset of the s.c./s.n. RNA-Seq dataset was analyzed through Seurat (v. 5.4.0) 50. Gene
signature scores (gss) were calculated applying the AddModuleScore function to the original log-
normalized data layer of the RNA assay. The dataset was split by patient to preserve sample-level
structure prior to normalization. Each sample was normalized and variance-stabilized using
SCTransform 51, and subsequently integrated using Harmony 52 to correct for inter-patient technical
variation. Dimensionality reduction was performed using Uniform Manifold Approximation and
Projection (UMAP), and the resulting embedding was used to visualize the calculated gene set scores on
the tumor cell population.

Ethics
Formalin-fixed paraffin-embedded (FFPE) RMS samples from patients were obtained from the archives
of Fondazione IRCCS Istituto Nazionale dei Tumori (INT, Milan, Italy). The study and all experimental
protocols were approved by Ethics Committee of INT (approval number INT 132/16 and INT160/24), and
all experiments were performed following relevant national ethical guidelines and regulations, in
accordance with the principles of the Helsinki Declaration. All patients, and/or their legal guardians
provided written informed consent for research activities at the time of hospital admission.

Histopathological evaluation
Tissue collection, fixation, processing and hematoxylin and eosin (H&E) staining were performed
according to standardized protocols as part of routine clinical practice. Cases were selected from NE-
LINhigh-MClow(n = 8) and NE-LINlow-MChigh (n = 5) clusters, as defined by prior in silico bioinformatic
analyses, based on tissue availability and residual material within formalin-fixed paraffin-embedded
(FFPE) blocks. H&E-stained sections, were independently reviewed by a board-certified pathologist (Dr.
Elena Di Blasi) who identified and annotated a representative viable tumor area for each sample. These
regions were defined as regions of interest (ROIs) for all downstream analyses.

Immunohistochemistry
FFPE samples were cut at 5 µm thickness, de-paraffined and re-hydrated. Heat-induced antigen retrieval
was performed using Target Retrieval Solution Citrate (Dako) pH6 for EZH2, and the EnVision FLEX
Target Retrieval Solution, High pH (Dako) for tryptase, autoclaving at 96°C for 15 minutes. Sections were
cooled to room temperature and washed in PBS. Endogenous peroxidase activity was quenched using
3% H₂O₂, followed by Fc blocking with a protein blocking solution. Slides were incubated 15 minutes at
room temperature with primary antibodies: (i) rabbit anti-mouse/human EZH2 monoclonal antibody
(clone D2C9; cell signaling cat. no. 5246; dilution 1:50) overnight at 4°C or (ii) mouse anti-human mast
cell Tryptase monoclonal antibody (clone AA1; Abcam cat. no. ab2378; dilution 1:100.000). Detection
was performed using polymer-based systems (EnVision FLEX/HRP, Dako for EZH2; Novolink Polymer
Detection System, Leica for Typtase) with 3,3′-diaminobenzidine (DAB) as chromogen. Slides were
counterstained with Gill III hematoxylin (Leica Biosystems) and mounted with Eukitt (Sigma-Aldrich).
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Slides were visualized using a Leica DM4 B microscope equipped with a Leica DFC450 C digital camera
and LAS software (v.4.8). Whole-slide scanning was performed using an Aperio GT 450 DX (Leica).

Digital image analysis
Whole-slide images were analyzed using QuPath software (v0.4.4). Following EZH2 staining, the
pathologist identified the previously defined tumor ROI on H&E-stained sections and mapped these
regions onto corresponding serial sections. For EZH2, both staining intensity (I) and abundance (A) of
the positive cells were evaluated and scored on a 0–3 scale. EZH2 expression was then evaluated within
these ROIs using a composite score obtained by multiplying the two parameters (IxA), resulting in scores
ranging from 0 to 9. On serial sections, tryptase staining was performed, and tryptase-positive MCs were
manually counted within the same tumor ROIs used for EZH2 evaluation.

Statistical analyses
Statistical analyses were performed with Fisher’s exact test, Wilcoxon rank-sum test for pie charts and
boxplots, respectively. Analyses were conducted using GraphPad Prism software (version 9.4; GraphPad
Prism Inc., San Diego, CA, USA) or R (v. 4.6.0). Associations between two continuous variables were
assessed using Spearman’s rank correlation coefficient (ρ). Threshold for assess statistical significance
was set to 0.05. In each figure, either the exact P value was indicated.

Overall survival (OS) was defined as the time to death from any cause, calculated from the date of
diagnosis. For alive patients the time censored at the last date of follow-up. OS curves were estimated
using the Kaplan-Meier method and statistically compared with the log-rank test.

Cox proportional hazard regression models were used to evaluate the association between the delta
score (ssDelta) of the NE-LIN/MC transcriptomic signature (continuous variable) and OS. Univariable and
multivariable models were fitted to data. Multivariable models were adjusted for known clinic-pathologic
prognostic factors, namely EpSSG risk classification status 21 for patients with localized disease and
metastatic status. For the analyses, we merged patients in the low/intermediate and the high/very high
group. Patients in the low/intermediate EpSSG risk group were used as the reference category. The
outcome measure was the hazard ratio (HR), reported with 95% confidence intervals (CI).

Further analyses were performed at the individual-gene level for genes included in the NE-LIN and MC
signatures. For each gene, a separate Cox proportional hazards model was fitted and hazard ratios (HRs)
with 95% confidence intervals (CIs) were reported. Cox models were stratified by EpSSG risk group,
allowing the association between gene expression and OS to be estimated independently of established
clinical prognostic strata while accounting for EpSSG risk group-specific baseline hazards.

DATA AVAILABILITY
All the dataset analyzed in this paper are publicly available. The INT and the Davicioni microarray
datasets are deposited on GEO: INT dataset GSE135517, Davicioni dataset GSE92689. For analyses of
the two s.c./s.n. RNA-Seq datasets (GSE195709 and GSE174376), in this paper we used the pre-
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processed and uniformly processed Seurat objects generated by Danielli et al. 24 and made publicly
available through Figshare (https://figshare.com/projects/RMS_consensus_analysis/194417).
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Figure 1

The NE-LINhigh-MClow signature defines a new transcriptional state in RMS associated with poor
outcome. A. Heatmap shows hierarchical clustering of RMS tumor samples of the INT dataset according
to NE-LIN and MC genes. Only samples with ERMS or ARMS histology were analyzed (n=61 tumor
samples). Indication for IRS, translocation status, histology (ERMS or ARMS), pretreatment, age, and OS
status are reported. Pie charts show relative frequencies of OS status, risk subgroup (according to the
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EpSSG localized RMS prognostic nomogram risk group 21, or metastasis), and age among each cluster
(NE-LINhigh/MClow and NE-LINlow/MChigh). Statistical comparisons were performed using Fisher’s exact
test. Age classes were categorized as follows: Pediatric: P1 £1 year; P2 >1 to £ 6 years; P3 >6 to £12
years; Adolescent: A >12 to £20 years; Young Adult: YA ³20 years. B. Bar plot shows the relative
percentage of OS status, calculated within each cluster, in patients divided by risk category. C. Bar plots
show the relative percentage of OS status calculated within each clinical subgroup (EpSSG risk group for
localized RMS or metastatic) in the two cluster. Statistical comparisons were performed using Fisher’s
exact test. D. Box plots showing expression of the ssMC, ssNE-LIN and ssDelta scores in the two
clusters shown in A. Statistical comparisons were performed using or Wilcoxon test.
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Figure 2

Pathway enrichment analysis in the INT dataset reveals activation of developmental regulatory
networks and reduced immune signaling in PAAS-RMS. A-B. Bubble plots illustrate the top-30 negative
(left panels) and top-30 positive (right panels) enriched gene sets identified by GSEA in the NE-
LINhigh/MClow vs NE-LINlow/MChigh comparison, ranked according to their normalized enrichment score
(NES); only significantly enriched pathways are shown. C. Selected myogenesis-related gene sets
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significantly enriched in the NE-LINhigh/MClow cluster. The table reports NES and adjusted P value for
each gene set.

Figure 3

Prognostic association of the PAAS state in RMS. A. Kaplan-Meier curves for OS stratified by clusters in
the INT dataset (n=61 patients). Log-rank test was used to evaluate statistical significance, and number
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at risk table illustrates the number of patients across the time measure in months (m). B-E. Cox
proportional hazards analyses for overall survival in patients of the INT cohort. Forest plots display
hazard ratios (HRs), 95% confidence intervals (CIs), and corresponding P values. Hazard ratios greater
than 1 indicate an increased risk of death. B. Univariate analysis of the NE-LINhigh/MClow vs NE-
LINlow/MChigh clusters. C. Univariate analysis of the ssDelta signature score. D. Multivariable analysis of
the ssDelta signature score adjusted for clinical variables (EpSSG risk group for localized disease, or
metastatic status). E. Multivariable analyses of individual genes from the NE-LIN and MC signatures
adjusted for clinical variables (EpSSG risk group).
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Figure 4

Prognostic association of the PAAS state in localized RMS. A-E. Analyses were limited to localized RMS
patients within the INT cohort (n=49) A. Heatmap shows hierarchical clustering samples according to
NE-LIN and MC signature expression. Indication for IRS, translocation status, histology (ERMS or ARMS),
pretreatment, OS status, are reported. Pie charts show relative frequencies of OS status and risk
subgroup (according to the EpSSG localized RMS prognostic nomogram risk group, 21) among each
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cluster (NE-LINhigh/MClow and NE-LINlow/MChigh). Statistical comparisons in pie charts were performed
using Fisher’s exact test. B. Box plots show expression of the ssMC, ssNE-LIN and ssDelta scores in the
two clusters shown in A. Statistical comparisons were performed using Wilcoxon test. C. Kaplan-Meier
curves for OS stratified by clusters in patients with localized RMS of the INT cohort. Log-rank test was
used to evaluate statistical significance, and number at risk table illustrates the number of patients
across the time measure in months (m). D-E. Cox proportional hazards analyses for overall survival in
patients with localized RMS of the INT cohort. Forest plots display hazard ratios (HRs), 95% confidence
intervals (CIs), and corresponding P values. Hazard ratios greater than 1 indicate an increased risk of
death. D. Univariate analysis of the ssDelta signature score. E. Multivariable analysis of the ssDelta
signature score adjusted for clinical variables (EpSSG risk group for localized disease, or metastatic
disease).
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Figure 5

Validation of the PAAS-RMS state its association with survival in the Davicioni cohort. A. Heatmap
shows hierarchical clustering of RMS tumor samples of the Davicioni dataset according to NE-LIN and
MC genes. Only samples with ERMS or ARMS histology were analyzed (n=141). Indication for histology
(ERMS or ARMS), sex, age, and OS status are reported. Pie charts show relative frequencies of OS
status, COG/IRS Clinical Group (I–IV) 44, and age among each cluster (NE-LINhigh/MClow, NE-
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LINlow/MChigh, and NE-LINlow/MClow). Statistical comparisons were performed using Fisher’s exact test.
Age classes were categorized as follows: Pediatric: P1 £1 year; P2 >1 to £ 6 years; P3 >6 to £12 years;
Adolescent: A >12 to £20 years; Young Adult: YA ³20 years. B. Box plots showing expression of the
ssMC, ssNE-LIN and ssDelta scores in the three clusters shown in A. Statistical comparisons were
performed using or Wilcoxon test. C. Kaplan-Meier curves for OS stratified by clusters in the Davicioni
dataset. The NE-LINlow/MChigh was compared with the combination of the NE-LINlow/MClow+NE-

LINlow/MClow clusters. Log-rank test was used to evaluate statistical significance, and number at risk
table illustrates the number of patients across the time measure in months (m). D-E. Cox proportional
hazards analyses for overall survival in the Davicioni dataset. Forest plots display hazard ratios (HRs),
95% confidence intervals (CIs), and corresponding P values. Hazard ratios greater than 1 indicate an
increased risk of death. D. Univariate analysis of the NE-LINhigh/MClow vs NE-LINlow/MChigh + NE-
LINlow/MClow clusters. E. Univariate analysis of the ssDelta signature score.
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Figure 6

s.c./s.n. RNA-Seq analyses reveal the presence of the NE-LINhigh transcriptional status across further
independent RMS cohorts. A-D. The analysis was performed on the 21 RMS samples (n=31676 cells)
from two independent s.c./s.n. RNA-Seq cohorts 25,26 integrated and harmonized in the Danielli dataset
24. UMAPs show cycling and non-cycling tumor cell clusters identified according to Danielli et al. (A),
expression of the gssNE-LIN score (B), and visualization of tumor subtype (C) and fusion status (D).
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Figure 7

EZH2 expression and MC infiltration are inversely correlated in RMS tumor samples. A. Box plots
showing the expression of EZH2 and CPA3 in the INT data set (n=61), comparing patients in the NE-
LINhigh/MClow vs NE-LINlow/MChigh clusters. Statistical comparisons were performed using or Wilcoxon
test. B. Representative images showing staining of the highest and lowest scores (left panel), and
histogram showing values of EZH2 composite score in tumor RMS samples from the two clusters (right
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panel; n= 5-8). C. Representative images of tryptase staining (left panel) and histogram showing MC
number in tumor RMS samples (right panel; n=5-8). B-C. Histograms report means ± SD of all biological
samples, which are represented by dots. Statistical comparisons were performed using Mann-Whitney
test. D. Scatter plot with Spearman’s correlation analysis coefficient (r) and p-value (p), showing the
relationship between EZH2 composite score and MC number in and RMS samples analyzed in B-C.
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