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Peer Review File

Pro-Inflammatory Cytokines Mediate the Epithelial-to-

Mesenchymal-Like Transition of Pediatric Posterior Fossa

Ependymoma



Reviewers' Comments: 

 

Reviewer #1: 

Remarks to the Author: 

Aubin, et al. reported the mesenchymal transition of ependymoma was induced by the pro-

inflammatory cytokines in the tumor microenvironment, by means of single-cell chromatin accessibility 

analysis and gene expression profiling. They identified NFkB, activator protein-1, and MYC as 

important mediators of this transition. This is a very interesting paper which discriminates tumor cells 

from the cells of microenvironment- composing cells such as astrocytes and microglia as the cytokine 

producing cells for the first time in this field. 

For the benefit of the reader, some points need clarifying and certain statements require further 

justification. These are given below. 

 

1) The authors insist that the source of TGFβ are the mesenchymal-like tumor cells (autocrine) and 

astroblast (paracrine). If so, what is the first event in the EMT of ependymoma? 

Although the main cause of EMT is hypoxia, ependymoma typically has sparse necrotic areas in the 

pathological examination. Also, astroblast cannot usually release a large amount of TGFβ. 

2) As the authors described that the abundance of mesenchymal-like tumor cells was strongly 

correlated with the abundance of microglia, it is natural to interpret the infiltrated microglia is the 

main source of TGFβ. Microglia is mesodermal origin and is high producer of TGFβ. 

3) Please explain the identification of astroblast in the UMAP of the single-nuclei RNA-seq analyses 

appeared in Figure 1. The definition of astroblast is not easy. Are these cells positive for GFAP and S-

100 protein, or other molecular markers are definitely positive? The origin of astroblast may be the 

mesenchymal-like tumor cells in this study. There are a subtype of tanycytic ependymoma which has 

features intermediate between astrocytes and ependymal cells. More detailed pathological diagnoses 

of the original 41 tumors are necessary. 

4) The comparison between the original and metastatic tumors is tricky, because the metastatic 

tumors usually experienced radiotherapy. Have all the tumors experienced radiotherapy? This point 

should be described in the Results section and mentioned in the Discussion section. 

 

 

 

Reviewer #2: 

Remarks to the Author: 

The authors study the gene regulatory circuits in pediatric posterior fossa ependymoma to better 

understand how tumor cells transition to a mesenchymal-like state. They provide a single-nuclei 

chromatin accessibility and gene expression atlas of primary and metastatic posterior fossa 

ependymoma tumors through single RNA seq and ATAC seq data. The authors find the transition of 

tumor cells into a mesenchymal-like state is characterized by the inactivation of neuroepithelial 

transcription factors, such as SOX2 and members of the Nuclear Factor I and Regulatory Factor X 

families, and the activation of transcription factors from the NFB, AP-1, MAF/BACH, MYC, Hippo, and 

sonic hedgehog signaling pathways. The mesenchymal-like cell population is characterized by the 

expression of pro-inflammatory cytokines, hypoxia, angiogenesis, and glycolysis programs. 

 

Overall, the manuscript is novel with results that are noteworthy with strong methodology. The results 

of the study are significant to the field of neuro-oncology and contributes to the existing literature. 

One criticism of the approach is only 1 patient tumor was included that was recurrent. 

 

1. The MLC population is characterized by the mesenchymal-like gene signature; however, the authors 

find this population quite heterogeneous. What percentage of tumor cells are comprised by these 

tumor cells? 

2. What WHO grade were the tumor studied in both primary, recurrent, and metastatic tumors? 

3. The authors refer to the MLCs as tumor-derived reactive glia, how resistant are these cells to 

standard therapies such as radiation therapy? Do these cells have gene expression that suggests they 



have better DNA repair mechanisms to resist radiation therapy treatment? Do they have expression of 

genes suggestive of chemotherapy resistance (e.g., ABC transporters, miRNA expression), are 

resistant to apoptosis, and have hypoxic stability? 

4. Do the authors believe the tumor-derived reactive glia may represent a type of tumor stem cell that 

may propagate tumors and make them more aggressive clinically? 

5. A higher motility phenotype is suggested by the MLC phenotype of tumors in the manuscript, were 

these cells more abundant in the tumor population studied from the metastatic and recurrent tumors? 

6. The authors show that the transition of posterior fossa ependymoma tumor cells into a 

mesenchymal like state involves the inhibition of neuroepithelial transcription factors and the 

activation of the NFkB and AP-1 complexes. What do the authors propose is the switch that causes 

this transition of PFA tumor cells? 

7. Did the authors find the microglia cell populations to be more abundant within each tumor type 

studied (primary, recurrent, and metastatic)? Are the tumor associated microglia more abundant 

within the recurrent and metastatic tumors? Are they responsible for the EMT switch in tumors with 

their association with MLCs? Are the microglia recruited from the circulation in PFA tumors? 

8. Could the microglia account for a more invasive phenotype associated with the MLCs? 

 

 

 

Reviewer #3: 

Remarks to the Author: 

In the manuscript “Pro-Inflammatory Cytokines Mediate the Epithelial-to-Mesenchymal-Like Transition 

of Pediatric Posterior Fossa Ependymoma” Rachael G. Aubin et al. performed single cell chromatin 

accessibility and transcriptomic profiling of primary ependymomas in the posterior fossa and 

metastasis in spine and cortex to reveal transcription factors and enhancers associated with 

differentiation of tumor cells to amongst other mesenchymal-like cells (MLC). Using ligand-receptor 

pair analysis from snRNA-seq they infer proinflammatory signaling between microglia and MLC and 

show in a patient derived cell model that cells with mesenchymal gene expression signature show 

diverse phenotypes depending on stimulation with TGFβ and/or TNFα. 

 

I have several major concerns regarding the study, which are listed below: 

 

1) Please specify how sample were selected to be included in snRNA-seq and snATAC-seq analysis? 

The number of biosamples for single cell analysis is comparably low and the samples are spread 

across many sub-types (PFA-1, PFA-2, PFB) and stages (initial, progressive, and distal metastasis). 

Please specify what PFB and PFA* correspond to and how they relate to PFA-1 and 2. Validation 

experiments performed in cell model from a cell line derived from a recurrent PFA ependymoma. 

Given the tumor heterogeneity and different trajectories cells might take I was wondering what cell 

types/stage does EPD-210FHTC correspond to or is it a mixture? 

 

2) Sample M9 (and same is true to lesser extent for M7) which according to snRNA-seq data consists 

of 60% of MLC (Fig. 1E) and thus has the highest fraction of MLCs, but is listed somewhere in the 

middle in the analysis of inferred fraction of MLC from bulk RNA-seq (2C) and does not support the 

pathways hypoxia, glycolysis etc which the authors associate with the MLC population. Indeed this 

sample seems depleted for TNFα signaling through NFκB. This puts into question the conclusions 

related to the gene programs active in MLCs. Do the other samples to the left in 2C have indeed a 

higher fraction of MLCs? Based on Figure 1E this seems at least unlikely since all I_ samples have 

<5% of MLCs. How do the authors reconcile this discrepancy? 

 

3) RNA velocity analysis is based on comparing spliced and unspliced RNA molecules and it seems 

there is no consensus if the assumptions and models are applicable to profiling of single nuclei. Thus, 

it is unclear what to make out of Fig 1F and if the indicated relationships and trajectories between cell 

types can be concluded from the data itself even if in agreement with the literature. 

 



4) From the presented data it is difficult to follow the proposed EMT-like process because the MLC 

cluster consists of >90% cells from the 2 metastasis samples. Thus, it is possible that cells changed 

their phenotype and expression profile in response to the microenvironment or prior to migration or 

these are cells of different origin rather than transitioned. Here it could be interesting to look within 

one patient into both tumor and metastasis or compare MLC within a tumor sample to the 

corresponding other clusters while excluding MLCs from metastases samples. To illustrate that these 

are derived from tumor cells the ATAC data with inferred copy number variations could be helpful, 

since MLCs (if transitioned) would have the same CNVs as the origin cell. According to 3D both tumors 

with chrom. aberrations had no MLC. A snATAC-seq dataset of samples with MLC and chrom 

aberrations might help to address this. 

 

5) Please explain why TFs differentially expressed between NE and MLC were used to infer EMT 

regulators? Based on the trajectory displayed there is no direct relationship between NE and MLC. Why 

not compare to undiff. cells or any of the other cell types? 

 

6) Fig. 3A how were NPC separated from undifferentiated cells by the indicated dotted line? Fig 3B 

there is a huge increase in the fraction of MLCs in I2 and I5 > 5% in RNA to ~40% in the ATAC 

dataset. Was a very different region of the tumor used or is this linked to lower resolution and thus 

separation of clusters in ATAC? Since MLCs are a major focus of this study these drastic differences in 

composition should be addressed, e.g. by 2 technical repeats from a tumor. 

 

7) Please provide metadata for each single cell experiments such as how many cells per data set, 

genes and transcripts/nucleus for RNA, fragments/nucleus and a measure for signal-to-noise ratio for 

snATAC-seq such as TSS enrichment. 

 

 

Minor Point: 

8) Please show marker genes for undifferentiated tumor cells as well (1B)? How were tumor from non-

tumor cells distinguished in snRNA-seq data? 

9) Fig. 1E and Fig. 3B stack plot to display contributions of samples to different clusters would allow 

for easier interpretation. 

 

 

 

Reviewer #4: 

Remarks to the Author: 

Aubin et al. characterize the neuroepithelial-like tumor cells and mesenchymal-like tumor cells at the 

single-cell level using RNA and ATAC modalities in their manuscript titled "Pro-Inflammatory Cytokines 

Mediate the Epithelial-to-Mesenchymal-Like Transition of Pediatric Posterior Fossa Ependymoma". The 

authors investigate gene-regulatory mechanisms that lead to EMT-like phenotype in ependymoma and 

seek to understand the relationship of this process with inflammation. While the work has potential to 

be impactful, the manuscript itself has several shortcomings and need to be addressed. 

 

Generally, a lot of the examples in the manuscript (for example choice of genes to investigate) seem 

to be chosen without providing any data-driven motivation. This also extends to computational 

methods where a lot of details are missing. 

 

More specific comments: 

 

1. In the introduction, the authors suggest that prior studies (Gillen et al. 2020, Gojo et al. 2020, 

Griesinger et al. 2015, Griesinger et al. 2017) have already described EMT-like process that involves 

NFKB activation and hypoxia that aids growth and propagation of the tumors. How the results of the 

authors differentiate from the prior studies is not revisited at the conclusion of the mansucript. We 

encourage authors to clearly differentiate their work. 



 

2. How were the 10 sub-populations identified in Figure 1A annotated? Is the heatmap in Fig 1B 

showing the top differentially expressed genes? And was this heatmap used to annotate the clusters? 

Or was it the other way around? We suggest the authors to clearly state how the obtained clusters 

were annotated as specific cell types? It is also not clear how the undifferentiated cells were identified. 

 

3. (A) The authors use scVelo to construct RNA velocity trajectories. The authors are requested to 

comment on the time frame of tumor progression and the time frame on which the assumptions made 

in scVelo operate (that of unspliced/spliced turnover); and to interpret scVelo results accordingly when 

applied to transition that operates at a different time scale. (B) The authors use a different set of 

parameters to run scVelo as opposed to UMAP/Clustering. We request the authors to motivate this. 

 

4. At the end of the first section in "Results" the authors claim "numerous genes coding for 

components of the WNT signaling pathway were upregulated in non-mesenchymal" and present a few 

example genes. Why were only these specific genes chosen? The authors are requested to perform 

GSEA and show that WNT pathway is enriched here. Or at least show that genes of WNT pathway 

have a high expression using a proper gene signature as opposed to a set of few genes. 

 

 

5. The authors seem to directly apply batch correction method. However, it would be more informative 

if they could provide reasoning for this. Perhaps, show visual of the data before and after the 

correction and argue why batch correction needs to be done. Tumors have biological variance between 

patients, how do the authors know that the variance they see (if they do) between batches is not 

biological? Perhaps the authors can highlight non-tumor cells and use it as a guide to show effect of 

batch correction (ideally, non-tumor cells like immune cells should be similar in phenotype across 

patients). Also, the authors use Harmony to correct batch effect, but Harmony does not correct for 

gene expression. How do the authors ensure their downstream calculations are not impacted by this? 

Is this done by computing differential expression in each sample separately? We request the authors 

to be explicit about this. 

 

The comment on batch effect correction also applies for ATAC-seq data. 

 

 

6. In the analysis using CellChat, how are the pathways identified? Is there any quantification to rank 

them? And how are the genes discussed chosen for? Also, CCL seems to be higher from microglia -> 

MLCs. Is this consistent with the authors' claims? This section generally needs more details and the 

conclusion made is not clear in how it follows from the data shown. 

 

7. Details on how the genes (HIF3A and HIF1A) are selected for in the section: "Mesenchymal-like 

tumor cells are associated with abundant vascularization and microglia infiltration, and have elevated 

expression of NFKB target genes" are needed. 

 

8. At the end of the section "Mesenchymal-like tumor cells are associated with abundant 

vascularization and microglia infiltration, and have elevated expression of NFkB target genes", the 

authors are requested to show the switch in expression at a signature level as opposed to select 

genes. Also, the authors are requested to comment on why the switch does not happen to mTORC1 

signaling or hypoxia or glycolysis. 

 

9. How are the genes shown in Figure 3F chosen for? 

 

10. How are the genes in Figure 4 chosen? 

 

11. Fig 4D: How was this network constructed? 

 



12. In the section "Ependymoma mesenchymal-like tumor cells consist of multiple cell subpopulations 

with distinct transcriptomic profile and signaling activity": (A) the authors refer to "spectral graph 

approach" and no additional detail is provided. We understand that the authors refer to an R package 

in the Methods section, but a motivation or discussion of why this method was chosen would be very 

helpful. For example, why not simply sub-cluster MLCs? (B) How are the specified genes selected for? 

(C) Figure 4G: We request the authors to perform comparison at a gene set or signature level as 

opposed to against one gene. (D) There is no figure provided for "MYC and ATF3 were upregulated in 

a subpopulation of MLCs with high gene expression levels and binding motif accessibility of JUN". (E) 

In the methods section, the authors say that they had to subsample the data to 500 cells to get this 

method to work efficiently. Was the results tested for robustness under different sampling of cells? 

Why were 500 cells chosen, does the method not work at all for 1000 cells for example? Please 

provide more details. 

 

 

13. The authors seem to correlate RNA and ATAC data to some extent in Figure 4. Perhaps a more 

direct way would be to do a join analysis. The authors could use Seurat package (for example) to do a 

joint analysis of the data. 

 

 

14. We request the authors to make it clear or at least motivate clearly in wording why the authors 

chose TNFa in the experiment shown in Figure 5. 

 

 

 

Minor comments: 

 

1. In the results section the authors refer to 46 tumors while in the Methods section they refer to 44 

tumors. 

 

2. In the first section of "Results" the authors write "All tumor-derived cell populations were located 

adjacent to the cluster of undifferentiated tumor cells". But so does OPC. The authors are requested to 

comment on it. 

 

3. In the "Bulk Rna-seq processing" in the Methods section, the authors are requested to provide 

motivation for the calculation done to "assess the importance of each signature". 

 

4. The transition from "Posterior fossa ependymoma tumor cells and infiltrating microglia express pro- 

inflammatory cues" to "Mesenchymal-like tumor cells are associated with abundant vascularization 

and microglia infiltration, and have elevated expression of NFkB target genes" is not clear. 

 

5. When authors introduce a new method (for example CIBERSORTx or copyscAT or Laplacian based 

method), we request them to discuss what the method does in a sentence or two. 

 

6. It is not clear why the authors inferred chromosomal aberration (CA) from ATAC data. What does it 

contribute to the manuscript? 

 

7. In all figures showing gene expression, the expression scale is not provided. Please provide a color 

bar. Also, how does this adjust with Harmony batch correction (related to comment 5 in the specific 

comments section)? 

 

8. Fig. 2A: what does the negative ES look like? Fig. 2B: what is positive and negative in the volcano 

plot? 

 

9. Fig. 3E: Are these all the TFs that satisfy the criteria? How were they chosen? 



 

10. The authors are requested to provide parameters used for the processing of ATAC-seq data. 



Response to the Reviewers’ Comments 

 

Comments from Reviewer #1: 

“Aubin, et al. reported the mesenchymal transition of ependymoma was induced by the pro-

inflammatory cytokines in the tumor microenvironment, by means of single-cell chromatin 

accessibility analysis and gene expression profiling. They identified NFkB, activator protein-1, 

and MYC as important mediators of this transition. This is a very interesting paper which 

discriminates tumor cells from the cells of microenvironment- composing cells such as 

astrocytes and microglia as the cytokine producing cells for the first time in this field. 

For the benefit of the reader, some points need clarifying and certain statements require further 

justification. These are given below.” 

We thank the reviewer for the constructive comments and positive feedback. In the revised 

manuscript, we have included additional clarifications to support the conclusions of the paper. 

We describe these changes in what follows: 

  

“1) The authors insist that the source of TGFβ are the mesenchymal-like tumor cells (autocrine) 

and astroblast (paracrine). If so, what is the first event in the EMT of ependymoma? 

Although the main cause of EMT is hypoxia, ependymoma typically has sparse necrotic areas in 

the pathological examination. Also, astroblast cannot usually release a large amount of TGFβ.” 

From our study we cannot unambiguously identify the first event in the mesenchymal 

transformation of ependymoma tumor cells. However, our results suggest that any event 

triggering TGF- secretion in the tumor and/or microenvironment would lead to the 

mesenchymal transformation of ependymoma tumor stem cells. In this regard, hypoxia, reactive 

oxygen species, and ionizing radiation are natural candidates to trigger the mesenchymal 

transformation of ependymoma, similarly to what has been described in glioblastoma.  

In the revised manuscript, we have included a new paragraph in the Discussion section to clarify 

this point.  

“2) As the authors described that the abundance of mesenchymal-like tumor cells was strongly 

correlated with the abundance of microglia, it is natural to interpret the infiltrated microglia is the 

main source of TGFβ. Microglia is mesodermal origin and is high producer of TGFβ.” 

Our single-cell RNA-seq data is indeed consistent with tumor-infiltrating microglia being an 

important source of TGF-1. The following UMAP representation of the microglia cell population 

shows the expression of the TGFB1 gene: 

TGFB1 



 

We agree with the reviewer that the role of microglia as a non-tumor source of TGF-1 was not 

clearly stated in the original version of the manuscript. In the revised manuscript, we have 

explicitly mentioned this information in the Results (subheading “Posterior fossa ependymoma 

tumor cells and infiltrating microglia express pro-inflammatory cues”) and Discussion sections. 

“3) Please explain the identification of astroblast in the UMAP of the single-nuclei RNA-seq 

analyses appeared in Figure 1. The definition of astroblast is not easy. Are these cells positive 

for GFAP and S-100 protein, or other molecular markers are definitely positive? The origin of 

astroblast may be the mesenchymal-like tumor cells in this study. There are a subtype of 

tanycytic ependymoma which has features intermediate between astrocytes and ependymal 

cells. More detailed pathological diagnoses of the original 41 tumors are necessary.” 

We agree with the reviewer that there is generally no perfect terminology to refer to tumor-

derived cell populations since, although they present similitudes with ordinary cell populations, 

being transformed cells they also present numerous differences. We denoted the referred cell 

population as “tumor-derived astroblasts” based on the co-expression of GFAP, S100B, and 

AQP4 in the single-nucleus RNA-seq data, as show in Fig. 1b. In addition, our single-nucleus 

ATAC-seq data also shows the activity of the transcription factors NFIB and NFIC in this cell 

population (Fig. 3e), which are implicated in the regulation of astrocytic differentiation 

(Wilczynska et al. 2009).  

There are several observations in our analysis that indicate that this cell population does not 

originate from the mesenchymal-like tumor cells: 

1. The cell differentiation trajectories that result from the RNA velocity (Fig. 1f) do not connect 

this population with the mesenchymal-like tumor cell population, but with the undifferentiated 

tumor cell population. 

2. This cell population does not express mesenchymal marker genes, such as VEGFA, 

CHI3L1, and CA9 (Figs. 1b and 1c) 

3. Our single-nucleus ATAC-seq data shows the activity of neuro-epithelial transcription factors 

(such as SOX2) and the inactivity of mesenchymal transcription factors (such as RELA) in 

this cell population (Fig. 3e). 

4. Our analysis of the bulk gene expression data shows no significant correlation between the 

abundance of mesenchymal-like cells and this cell population (Spearman’s correlation r = 

0.03, p-value = 0.8).  

Note also that we found this cell population in the 9 posterior fossa tumors that we have profiled 

with single-cell RNA-seq. However, none of the 9 tumors was classified as tanycytic 



ependymoma according to the clinical information provided by CBTN. To confirm this 

information, two board-certified neuropathologists in our team (Dr. Santi and Dr. Nasrallah) have 

independently verified that none of the 9 tumors present histopathological characteristics of 

tanycytic ependymoma based on histological examination of FFPE tissue sections. 

To clarify this point in the revised manuscript, we have provided more details in the Results 

section (subheading “A single-nucleus transcriptomic atlas of primary and metastatic posterior 

fossa ependymoma”) about how the 10 sub-populations of Fig. 1a were annotated. We have 

also renamed the population of “tumor-derived astroblasts” as “tumor-derived astrocytic cells”, 

as the former term might suggest a connection with astroblastoma which our study has not 

shown. Finally, we have added the histological type (classic (grade 2) / anaplastic (grade 3)) of 

each tumor in Supplementary Table 1. 

“4) The comparison between the original and metastatic tumors is tricky, because the metastatic 

tumors usually experienced radiotherapy. Have all the tumors experienced radiotherapy? This 

point should be described in the Results section and mentioned in the Discussion section.” 

The reviewer is right that all the metastatic tumors and the recurrence in our study experienced 

radiotherapy before surgery. We agree that this is a relevant point, as it has been demonstrated 

in glioblastoma that ionizing radiation can induce the mesenchymal transformation of the tumor 

cells (Bhat et al. 2013; Minata et al. 2019). We have specified this information in the Results 

section (subheading “A single-nucleus transcriptomic atlas of primary and metastatic posterior 

fossa ependymoma”) of the revised manuscript and discussed the potential implications in the 

Discussion section. 

 

Comments from Reviewer #2: 

“The authors study the gene regulatory circuits in pediatric posterior fossa ependymoma to 

better understand how tumor cells transition to a mesenchymal-like state. They provide a single-

nuclei chromatin accessibility and gene expression atlas of primary and metastatic posterior 

fossa ependymoma tumors through single RNA seq and ATAC seq data. The authors find the 

transition of tumor cells into a mesenchymal-like state is characterized by the inactivation of 

neuroepithelial transcription factors, such as SOX2 and members of the Nuclear Factor I and 

Regulatory Factor X families, and the activation of transcription factors from the NFkB, AP-1, 

MAF/BACH, MYC, Hippo, and sonic hedgehog signaling pathways. The mesenchymal-like cell 

population is characterized by the expression of pro-inflammatory cytokines, hypoxia, 

angiogenesis, and glycolysis programs. 

Overall, the manuscript is novel with results that are noteworthy with strong methodology. The 

results of the study are significant to the field of neuro-oncology and contributes to the existing 

literature. One criticism of the approach is only 1 patient tumor was included that was recurrent.” 

We thank the reviewer for the constructive comments and positive feedback. We agree that 

having more than one recurrence would have been desirable in our study. However, given the 

various constraints (molecular subtype, balanced sex, quality of RNA in the flash-frozen 



specimen, etc.) and limited availability of tissue, we were only able to include one recurrence in 

the study. Nevertheless, our results show that there is a substantial overlap between the initially 

diagnosed tumors and the metastases, both in terms of the cell populations that are present 

(although in different proportions), and the gene expression programs of those cell populations. 

Based on this observation, we believe the conclusions of our study are not substantially affected 

by only having one recurrence in the single-nucleus data.  

  

“1. The MLC population is characterized by the mesenchymal-like gene signature; however, the 

authors find this population quite heterogeneous. What percentage of tumor cells are comprised 

by these tumor cells?” 

In the new Supplementary Figure 8 of the revised manuscript, we present the fraction of MLCs 

comprised by each subpopulation of MLCs: 

 

These cell subpopulations have been annotated based on gene-set enrichment analysis 

(GSEA) (see also our response to point 12 of reviewer #4). According to the single-nucleus 

RNA-seq data, the fraction comprised by metabolic MLCs is enriched in the 4 progressive and 

metastatic samples (fold change = 2.2, Wilcoxon rank-sum test p-value = 0.06). However, as we 

describe in point 5 below, we are not able to confirm this enrichment in the Heidelberg cohort, 

possibly due to the small number of metastatic samples in this cohort.    

“2. What WHO grade were the tumor studied in both primary, recurrent, and metastatic tumors?” 

We have specified the WHO grade of the tumors in the Supplementary Table 1 of the revised 

manuscript. As expected, most of the tumors in our cohort (7 out of 9) were histologically 

classified as grade 3 anaplastic ependymoma, whereas the remaining ones (2 out of 9, both 

being primary tumors) were classified as grade 2 classic ependymoma. Nevertheless, please 

note that no definitive association between grade and biological behavior or survival has been 

established for ependymoma, and for these tumors the molecular group has a higher prognostic 

or predictive value (Louis et al. 2021). 

“3. The authors refer to the MLCs as tumor-derived reactive glia, how resistant are these cells to 

standard therapies such as radiation therapy? Do these cells have gene expression that 

suggests they have better DNA repair mechanisms to resist radiation therapy treatment? Do 



they have expression of genes suggestive of chemotherapy resistance (e.g., ABC transporters, 

miRNA expression), are resistant to apoptosis, and have hypoxic stability?” 

We would like to thank the reviewer for this suggestion. In the revised manuscript we have 

performed a more in-depth analysis of the expression of genes associated with resistance to 

chemotherapy and radiation therapy. We find that some of the subpopulations of MLCs that we 

have identified in our study express high levels of ABCC3, which codes for Multidrug 

Resistance-Associated Protein 3 and is associated with chemotherapeutic resistance in several 

cancers (Balaji et al. 2016; Zhao et al. 2013), PDK1, which leads to HIF-1-mediated radio-

resistance (Zhao et al. 2017), and SOD2, which mediates resistance to radiation through 

oxidative stress modulation (Fan et al. 2007; Holley et al. 2010). The following figure shows the 

expression of these genes in the UMAP representation of the single-nucleus RNA-seq data:  

 

The expression of these genes in the larger CBTN and Heidelberg cohorts of tumors profiled at 

the bulk level confirms these results by showing a strong correlation with the inferred 

abundance of MLCs in each patient (Spearman’s r = 0.7-0.9, p-value       ). We have 

presented these new results in the Results section of the revised manuscript (subheading 

“Ependymoma mesenchymal-like tumor cells consist of multiple cell subpopulations with distinct 

transcriptomic profile and signaling activity”) and in the new Supplementary Figure 9. 

“4. Do the authors believe the tumor-derived reactive glia may represent a type of tumor stem 

cell that may propagate tumors and make them more aggressive clinically?” 

There are several observations that indicate that this might be the case:  

1) The expression of cell proliferation markers by tumor-derived reactive glia in our single-

nucleus data suggest that this population has proliferative potential: 

 

 

 

TOP2A    MKI67 



 
2) Our in vitro cell migration experiment indicates that some of the tumor-derived glia have 

increased migratory potential, which could lead to a more aggressive clinical phenotype.  

3) Consistent with this observation, the expression of mesenchymal markers in ependymoma 

has been associated with poor clinical prognosis (Wani et al. 2012; Gillen et al. 2020).  

4) A similar mesenchymal-like population in glioblastoma has been directly linked to resistance 

to radiation therapy (Bhat et al. 2013; Minata et al. 2019).  

Nevertheless, our work also indicates that tumor-derived reactive glia is a heterogeneous cell 

population, and it is possible that only a subset is actually associated with a more aggressive 

clinical phenotype. Further work beyond the scope of our manuscript is needed to clarify this 

point.  

In the revised manuscript, we have added a paragraph in the Discussion section where we 

discuss the significance and limitations of our results. 

“5. A higher motility phenotype is suggested by the MLC phenotype of tumors in the manuscript, 

were these cells more abundant in the tumor population studied from the metastatic and 

recurrent tumors?” 

Using marker genes of MLC subpopulations as a proxy for their relative abundance in the 

tumors profiled at the bulk level, we observe an enrichment of metabolic MLCs over angiogenic 

MLCs in recurrent and metastatic samples in the large CBTN cohort of tumors (e.g. fold change 

between PPP1R15A and CHI3L1 expression = 5.8, Wilcoxon rank-sum p-value = 0.007, with 

similar fold-changes for other marker genes). However, we are not able to reproduce this result 

in the Heidelberg cohort (fold change between PPP1R15A and CHI3L1 expression = 0.94, 

Wilcoxon rank-sum p-value = 0.4, with similar fold-changes for other marker gene choices), 

possibly due to the small number of metastatic tumors in this cohort. In general, we think that a 

future study involving longitudinal data from the same tumors will be needed to address this 

question in an unambiguous manner, as we describe in our response to point 7. We therefore 

prefer to be cautious and not present these partial results in the manuscript. 

 “6. The authors show that the transition of posterior fossa ependymoma tumor cells into a 

mesenchymal like state involves the inhibition of neuroepithelial transcription factors and the 

activation of the NFkB and AP-1 complexes. What do the authors propose is the switch that 

causes this transition of PFA tumor cells?” 



Our results suggest that any stimulus or genetic/epigenetic alteration that leads to the persistent 

activation of these pathways in the neuro-epithelial-like stem cells of the tumor can lead to their 

transition into a mesenchymal-like state, analogous to what has been observed in glioblastoma. 

In that regard, we expect that hypoxia, ionizing radiation, inflammation, and reactive oxygen 

species may favor the mesenchymal transformation of ependymal tumors. We have added 

some text in the Discussion section of the revised manuscript to clarify this point. 

“7. Did the authors find the microglia cell populations to be more abundant within each tumor 

type studied (primary, recurrent, and metastatic)? Are the tumor associated microglia more 

abundant within the recurrent and metastatic tumors? Are they responsible for the EMT switch 

in tumors with their association with MLCs?”  

We observe a strong relation between the abundances of microglia and MLCs in the bulk RNA-

seq data, for both the CBTN and Heidelberg cohorts, as we describe in the Results section of 

the manuscript (subheading “Mesenchymal-like tumor cells are associated with abundant 

vascularization and microglia infiltration and have elevated expression of NFkB target genes”). It 

has been also established that the expression of mesenchymal markers and the abundance of 

MLCs in ependymoma is associated with poorer survival (Wani et al. 2012; Gillen et al. 2020). 

However, our data do not allow us to confidently evaluate changes in microglia abundance 

along progression due to the small number of recurrences and metastasis in the CBTN and 

Heidelberg cohorts, and the lack of longitudinal data from the same tumors. In particular, we find 

that the inferred fold-change in the abundance of microglia between primary tumors and 

recurrences/metastasis is non-significant and differs between the two cohorts considered in our 

study (FC = 0.6 for the CBTN and FC = 1.1 for the Heidelberg cohort). In addition, the 

comparison based on bulk data might be sensitive to several covariates: 1) the tumor purity of a 

sample will likely diminish as the tumor progresses and becomes more diffuse, 2) the 

abundance of microglia may be affected by the very different physiological conditions at the loci 

of distal metastases (e.g. spine vs hindbrain), and 3) complex scenarios where the cells seeding 

distal metastases are derived from MLCs induced by tumor-infiltrating microglia in the primary 

tumor, but the metastases themselves do not have a high abundance of microglia, are not ruled 

out. In general, as mentioned above, we think that a future study involving a larger number of 

metastatic samples and longitudinal data from the same tumors will be needed to address this 

question in an unambiguous manner. In the revised manuscript, we have explicitly stated this 

limitation and the need for large longitudinal studies of ependymoma to directly observe the 

evolution of microglia and MLC subpopulations during tumor progression. 

“Are the microglia recruited from the circulation in PFA tumors?” 

Please note that distinguishing resident microglia from bone-marrow-derived macrophages in 

the human brain based on gene expression is challenging and to the best of our understanding 

still an open question in the field (Buonfiglioli and Hambardzumyan 2021). A recent study has 

proposed a set of microglia-specific and bone-marrow-derived macrophage-specific gene 

expression markers in the murine central nervous system (Haage et al. 2019). Our single-

nucleus RNA-seq data shows high gene expression of those microglia-specific markers in the 

tumor-infiltrating microglia population, and low gene expression of macrophage-specific 

markers: 



 

However, although these results are interesting, to the best of our knowledge the validity of 

these markers in the context of human glioma needs to be further established.  

We have presented these results and caveats in the Results section (subheading “Posterior 

fossa ependymoma tumor cells and infiltrating microglia express pro-inflammatory cues”) and 

the new Supplementary Fig. 2 of the revised manuscript. 

“8. Could the microglia account for a more invasive phenotype associated with the MLCs?” 

We think this is a plausible hypothesis based on 1) the expression of TGF-1 in tumor infiltrating 

microglia, 2) the migratory phenotype induced by TGF-1 in vitro, and 3) the known association 

of MLCs with poor clinical prognosis (Wani et al. 2012; Gillen et al. 2020). However, due to the 

limitations stated above (see our response to points 5 and 7), we think that longitudinal data 

from the same patients will be needed to fully clarify this point.  

In the Discussion section of the revised manuscript, we have stated this hypothesis and the 

current limitations of our study. 

 

Comments from Reviewer #3: 

“In the manuscript “Pro-Inflammatory Cytokines Mediate the Epithelial-to-Mesenchymal-Like 

Transition of Pediatric Posterior Fossa Ependymoma” Rachael G. Aubin et al. performed single 

cell chromatin accessibility and transcriptomic profiling of primary ependymomas in the posterior 

fossa and metastasis in spine and cortex to reveal transcription factors and enhancers 

associated with differentiation of tumor cells to amongst other mesenchymal-like cells (MLC). 

Using ligand-receptor pair analysis from snRNA-seq they infer proinflammatory signaling 

between microglia and MLC and show in a patient derived cell model that cells with 

mesenchymal gene expression signature show diverse phenotypes depending on stimulation 

with TGFβ and/or TNFα. 

I have several major concerns regarding the study, which are listed below:” 



We thank the reviewer for all the constructive comments, which we have addressed in the 

revised manuscript as we detail in what follows:  

  

“1) Please specify how sample were selected to be included in snRNA-seq and snATAC-seq 

analysis? The number of biosamples for single cell analysis is comparably low and the samples 

are spread across many sub-types (PFA-1, PFA-2, PFB) and stages (initial, progressive, and 

distal metastasis). Please specify what PFB and PFA* correspond to and how they relate to 

PFA-1 and 2.”  

Samples were selected based on the following criteria: 

- Age at the time of surgery < 16 years old. 

- Location in the posterior fossa (if primary tumor or recurrence) or derived from primary 

tumor located in the posterior fossa (if distal metastasis). 

- No other brain surgery during the previous 8 months. 

- Enough tissue available in the biorepository (>100 mg, so that our study does not 

substantially impacts the stock of the biobank). 

- Well-preserved RNA in the tissue (as determined with a bio-analyzer). 

We have added a sentence in the Methods section of the revised manuscript (subheading 

“Tumor samples”) specifying this information. We have also defined the PFB and PFA* 

acronyms in the legend of Supplementary Table 1, where they are used. 

We did not limit our study to PFA-1 tumors because the same tumor-derived cell populations 

are observed (in different proportions) across PFA-1, PFA-2, and PFB tumors, and the 

transcriptome of these molecular groups appears to form a continuum (Gillen et al. 2020). 

Additionally, a substantial amount of heterogeneity is present within the PFA-1 and PFA-2 

subtypes, as it has been demonstrated in (Pajtler et al. 2018). Therefore, even restricting to PFA 

tumors would lead to a substantial amount of heterogeneity. More importantly, the goal of our 

study was not to find differences between molecular sub-types, but to characterize the 

mechanisms of mesenchymal transformation of posterior fossa ependymoma that are present 

across specific sub-types. In this regard, as detailed in our response to point 5 of reviewer #4, 

we have verified that none of the results reported in our study is driven by a few patients or 

molecular sub-type. 

“Validation experiments performed in cell model from a cell line derived from a recurrent PFA 

ependymoma. Given the tumor heterogeneity and different trajectories cells might take I was 

wondering what cell types/stage does EPD-210FHTC correspond to or is it a mixture?” 

The EPD-210FHTC cell model has been characterized and utilized as a model of PFA 

ependymoma in multiple publications (Brabetz et al. 2018; Pajtler et al. 2018; Gojo et al. 2020; 

Panwalkar et al. 2021). It has been profiled with single-cell RNA-seq in (Gojo et al. 2020), where 

it was shown (see Figure S1H of that reference) that it consists of a mixture of the same tumor 

cell populations observed in the patients, with the mesenchymal cell population (denoted as 

“PF-Metabolic” in that figure) representing a very small fraction of the cells at baseline.  



“2) Sample M9 (and same is true to lesser extent for M7) which according to snRNA-seq data 

consists of 60% of MLC (Fig. 1E) and thus has the highest fraction of MLCs, but is listed 

somewhere in the middle in the analysis of inferred fraction of MLC from bulk RNA-seq (2C) and 

does not support the pathways hypoxia, glycolysis etc which the authors associate with the MLC 

population. Indeed this sample seems depleted for TNFα signaling through NFκB. This puts into 

question the conclusions related to the gene programs active in MLCs. Do the other samples to 

the left in 2C have indeed a higher fraction of MLCs? Based on Figure 1E this seems at least 

unlikely since all I_ samples have <5% of MLCs. How do the authors reconcile this 

discrepancy?” 

We thank the reviewer for this comment and agree that additional clarification was needed in 

the manuscript. Ependymomas have a substantial amount of spatial heterogeneity (Gillen et al. 

2020). In particular, MLCs are localized in perinecrotic and perivascular regions. For example, 

the following images from Fig. 4c of (Gillen et al. 2020) show the immunostaining of 3 posterior 

fossa tumors for CA9, a marker of MLC according also to our singe-nucleus data.  

 

 

The scale bar in these images is 2 mm. The volume of the tissue samples that we used to 

generate our single-nucleus data is approximately ~8 mm3. Thus, the cell proportions in the 

single-nucleus data are not necessarily representative of the overall proportions across the 

entire tumor. We stated this in the Results section of the original manuscript (subheading 

“Single cell chromatin accessibility profiling enables the systematic study of primary and 

metastatic posterior fossa ependymoma gene regulatory circuits”), when comparing the cell 

abundances observed in the single-nucleus ATAC-seq and single-nucleus RNA-seq data of the 

same tumors: “The abundance of each cell population in each tumor was moderately correlated 

with the observed abundance of the same population in the single-nucleus RNA-seq data of the 



same tumor (Figs. 3B and 1E, Pearson’s r = 0.56, p-value < 10-4), likely due to the large degree 

of spatial heterogeneity of posterior fossa ependymoma (Gillen et al. 2020)”. In the revised 

manuscript, we have added a more detailed explanation in the Results section (subheading “A 

single-nucleus transcriptomic atlas of primary and metastatic posterior fossa ependymoma”). 

The cell proportions inferred from the bulk RNA-seq data should better represent the overall 

proportions, as they are based on larger tumor samples, but they should be still subjected to a 

substantial amount of variability. 

However, note that the pathway enrichment analyses of the single-nucleus RNA-seq data are 

only based on the gene expression profile of MLCs that are present in the tumor sample and do 

not depend on the cell abundances in the single-nucleus data. Similarly, the pathway 

enrichment analyses of the bulk data we have performed show the correlation between the 

enrichment for a set of pathways in a sample of the tumor and the abundance of MLCs in that 

specific sample, providing support for the gene expression programs that are active in the 

MLCs. We have verified these associations in 4 independent ways and datasets: gene 

expression in the single-nucleus RNA-seq data, chromatin accessibility in the single-nucleus 

ATAC-seq data, gene expression in the CBTN cohort, and gene expression in the Heidelberg 

cohort. We thus do not expect our results to be affected in any substantial way by the large-

scale spatial variability of ependymal tumors. 

“3) RNA velocity analysis is based on comparing spliced and unspliced RNA molecules and it 

seems there is no consensus if the assumptions and models are applicable to profiling of single 

nuclei. Thus, it is unclear what to make out of Fig 1F and if the indicated relationships and 

trajectories between cell types can be concluded from the data itself even if in agreement with 

the literature.” 

We agree with the reviewer that RNA velocity was initially conceived for single-cell RNA-seq 

data. However, we and others have noted a large abundance of spliced transcripts in single-

nucleus RNA-seq data. To the best of our knowledge, the dynamic model of scVelo can be 

applied to single-nucleus data if the degradation rate is reinterpreted as the nuclear export rate. 

Several published papers have performed RNA velocity analyses on singe-nucleus RNA-seq 

data (see for example, Fig. 3C of (Marsh and Blelloch 2020) and Figs. 2O-S of (Wen et al. 

2021)). Please note that the trajectories that resulted from our analysis are consistent with those 

obtained from fresh tumor tissue samples (Gojo et al. 2020). In addition, a trajectory analysis of 

our data using Monocle3 also leads to consistent results, as it can be seen in the following 

figure showing the UMAP representation and differentiation trajectories produced by Monocle3, 

where cells have been colored according to the same cell identities presented in the manuscript: 



 

We agree with the reviewer that these assumptions need to be mentioned in the manuscript. 

For that purpose, we have added a sentence in the Methods section of the revised manuscript 

(subheading “RNA velocity field”) specifying that to apply the dynamic model of scVelo to single-

nucleus RNA-seq data we reinterpreted the RNA degradation rate as the nuclear export rate. 

“4) From the presented data it is difficult to follow the proposed EMT-like process because the 

MLC cluster consists of >90% cells from the 2 metastasis samples. Thus, it is possible that cells 

changed their phenotype and expression profile in response to the microenvironment or prior to 

migration or these are cells of different origin rather than transitioned. Here it could be 

interesting to look within one patient into both tumor and metastasis or compare MLC within a 

tumor sample to the corresponding other clusters while excluding MLCs from metastases 

samples. To illustrate that these are derived from tumor cells the ATAC data with inferred copy 

number variations could be helpful, since MLCs (if transitioned) would have the same CNVs as 

the origin cell. According to 3D both tumors with chrom. aberrations had no MLC. A snATAC-

seq dataset of samples with MLC and chrom aberrations might help to address this.” 

We would like to thank the reviewer for this suggestion. Please note that although the MLC 

cluster consists of >90% cells from metastatic samples, all of the samples, including also the 

primary tumors, have MLCs in our dataset. In particular, the MLCs in the primary tumor I4 share 

the same chromosomal aberrations than the other tumor cells, as shown in Supplementary Fig. 

7 of the revised manuscript, indicating a common origin: 



 

This is consistent with what has been described for the mesenchymal transformation of other 

gliomas, where the transition between neuroepithelial (usually denoted as pro-neural in 

glioblastoma) and mesenchymal tumor stem cells is dynamic and bidirectional (Kim et al. 2021). 

As suggested by the reviewer, we have reprocessed, integrated, and performed an RNA 

velocity analysis of the primary tumors alone, without including the recurrence and the 

metastatic samples. We have visualized the trajectories that result from this analysis in the 

same UMAP representation of Fig. 1a to facilitate the comparison: 

 

As it can be seen in this figure, the resulting trajectories from the analysis of primary tumors are 

consistent with those of the combined primary, recurrent, and metastatic tumors presented in 

Fig. 1f of the manuscript. In particular, a trajectory from undifferentiated tumor cells into MLCs is 

still present in the analysis of primary tumors. 

Altogether these results support to the interpretation presented in the manuscript where MLCs 

originate from undifferentiated neuroepithelial tumor cells. In the Results section of the revised 

manuscript (subheading “Single cell chromatin accessibility profiling enables the systematic 



study of primary and metastatic posterior fossa ependymoma gene regulatory circuits”), we 

have explicitly mentioned that MLCs share the same CAs than the other tumor cell populations 

in each patient, suggesting a common origin.  

“5) Please explain why TFs differentially expressed between NE and MLC were used to infer 

EMT regulators? Based on the trajectory displayed there is no direct relationship between NE 

and MLC. Why not compare to undiff. cells or any of the other cell types?” 

Please note that we use the term “neuro-epithelial tumor cells” to denote all the tumor cells that 

are not mesenchymal (MLCs). It therefore comprises undifferentiated, ependymal, NPCs, and 

astrocytic cell populations. We define this term in the Results section (subheading “A single-

nucleus transcriptomic atlas of primary and metastatic posterior fossa ependymoma”). The RNA 

velocity field of Figure 1f shows a trajectory from some of the neuroepithelial cells 

(predominantly from the undifferentiated cells) into the MLCs. The differential expression 

analysis presented in the manuscript is based on the comparison of MLCs with the 

neuroepithelial cell populations collectively. Nevertheless, restricting this analysis to 

undifferentiated neuroepithelial cells instead of all neuroepithelial cells does not substantially 

change the results and the same set of TFs are significant. 

“6) Fig. 3A how were NPC separated from undifferentiated cells by the indicated dotted line? Fig 

3B there is a huge increase in the fraction of MLCs in I2 and I5 > 5% in RNA to ~40% in the 

ATAC dataset. Was a very different region of the tumor used or is this linked to lower resolution 

and thus separation of clusters in ATAC? Since MLCs are a major focus of this study these 

drastic differences in composition should be addressed, e.g. by 2 technical repeats from a 

tumor.” 

We identified the population of NPCs in the ATAC-seq data by noticing the localization of the 

activity of neurogenic transcription factors, such as ASCL1 and NHLH1, within the cluster of 

undifferentiated tumor cells / NPCs. The degree of localization of the transcription factor activity 

was statistically assessed using the Laplacian score (Govek, Yamajala, and Camara 2019). In 

the revised manuscript, we have instead adopted a more conventional approach and 

subclustered the population of undifferentiated tumor cells / NPCs to separate the population of 

NPCs into a discrete cluster: 



 

We have updated Figure 3 accordingly in the revised manuscript. 

We have addressed the mismatch in the fraction of MLCs between different samples of the 

same tumor in our response to point 2. As we discuss in detail there, ependymal tumors involve 

a substantial amount of spatial heterogeneity which leads to differences in the cell proportions 

present in different samples of the same tumor. However, none of the analyses in our 

manuscript is expected to depend on this variability. 

“7) Please provide metadata for each single cell experiments such as how many cells per data 

set, genes and transcripts/nucleus for RNA, fragments/nucleus and a measure for signal-to-

noise ratio for snATAC-seq such as TSS enrichment.” 

We have specified the metadata in the Results section of the revised manuscript (subheadings 

“A single-nucleus transcriptomic atlas of primary and metastatic posterior fossa ependymoma” 

and “Single cell chromatin accessibility profiling enables the systematic study of primary and 

metastatic posterior fossa ependymoma gene regulatory circuits”). Our single-nucleus RNA-seq 

data consists of 25,349 nuclei (2,660 nuclei per sample on average, with a mean of 544 

detected genes per nucleus). Our single-nucleus ATAC-seq data consists of 14,461 nuclei 

(mean number of nuclei per sample = 2,410) and 229,286 accessible peaks (mean number of 

fragments per nucleus = 8,122, mean transcription start site enrichment score = 4.5). Although 

the number of detected genes per nucleus in the single-nucleus RNA-seq data is low compared 

to single-cell RNA-seq datasets from fresh tissue, it is comparable to what is often observed in 

single-nucleus RNA-seq data from flash-frozen archived tumor samples (for example, see 

metadata for ovarian cancer and CLL single-nucleus datasets in figure 5b of (Slyper et al. 

2020)). On the other hand, the ability to profile flash-frozen archived samples by means of 

single-nucleus RNA-seq provides a unique tool for the study of pediatric cancers, where the 

incidence is small and it is difficult to procure enough tissue (in the case of pediatric posterior 

fossa ependymoma, ~150 new cases per year in the US). 



“Minor Point: 

8) Please show marker genes for undifferentiated tumor cells as well (1B)? How were tumor 

from non-tumor cells distinguished in snRNA-seq data?” 

Please note that there are no differentially expressed genes in the undifferentiated tumor cell 

population (Supplementary Table 2). All the genes expressed by this population were also 

expressed in other tumor cell populations at high levels. Based on that observation we labeled 

this cell population as “undifferentiated tumor cells”. We agree with the reviewer that this 

needed more clarity in the manuscript and have updated the Results section (subheading “A 

single-nucleus transcriptomic atlas of primary and metastatic posterior fossa ependymoma”). 

The distinction between tumor and non-tumor cells in the single-nucleus RNA-seq data was 

based on the expression of tumor genes, such as GRIA4, CFAP157, and CD44, and the 

continuity of these populations in the gene expression space. More importantly, the annotations 

were confirmed by the copy number aberrations inferred for each cell population in the single-

nucleus ATAC-seq data (Supplementary Fig. 7 of the revised manuscript). 

“9) Fig. 1E and Fig. 3B stack plot to display contributions of samples to different clusters would 

allow for easier interpretation.” 

Thank you for the suggestion. We have replaced the bar plots by stacked bar charts in Figures 

1e and 3b. We have also included a new Supplementary Fig. 4 with stacked bar charts 

representing the inferred cell population abundances for the CBTN and Heidelberg bulk-level 

cohorts.  

 

Comments from Reviewer #4: 

“Aubin et al. characterize the neuroepithelial-like tumor cells and mesenchymal-like tumor cells 

at the single-cell level using RNA and ATAC modalities in their manuscript titled "Pro-

Inflammatory Cytokines Mediate the Epithelial-to-Mesenchymal-Like Transition of Pediatric 

Posterior Fossa Ependymoma". The authors investigate gene-regulatory mechanisms that lead 

to EMT-like phenotype in ependymoma and seek to understand the relationship of this process 

with inflammation. While the work has potential to be impactful, the manuscript itself has several 

shortcomings and need to be addressed. 

Generally, a lot of the examples in the manuscript (for example choice of genes to investigate) 

seem to be chosen without providing any data-driven motivation. This also extends to 

computational methods where a lot of details are missing. 

More specific comments:” 

We thank the reviewer for the positive assessment and all the constructive suggestions, which 

we have addressed in the revised manuscript as we detail in what follows:  

  



“1. In the introduction, the authors suggest that prior studies (Gillen et al. 2020, Gojo et al. 2020, 

Griesinger et al. 2015, Griesinger et al. 2017) have already described EMT-like process that 

involves NFKB activation and hypoxia that aids growth and propagation of the tumors. How the 

results of the authors differentiate from the prior studies is not revisited at the conclusion of the 

mansucript. We encourage authors to clearly differentiate their work.” 

We would like to thank the reviewer for this suggestion. Previous single-cell RNA-seq studies of 

posterior fossa ependymoma have been limited to just indicating the presence of a cell 

population with a mesenchymal-like gene expression signature (Gillen et al. 2020; Gojo et al. 

2020). Our work largely expands the results of these studies by providing a more detailed and 

mechanistic understanding of the mesenchymal-like cell population of posterior fossa 

ependymoma. This is in part due to the large abundance of this cell population in our data, the 

incorporation of single-nucleus ATAC-seq data in addition to RNA-seq data, and the 

experiments using a patient-derived cell model treated with cytokines. Thus, we have identified 

the main transcription factors and regulatory elements involved in the mesenchymal 

transformation of ependymoma and provided multiple lines of evidence for the involvement of 

the inflammatory tumor microenvironment in this process. We have identified specific cytokines 

involved in the mesenchymal transformation and provided some experimental validation using a 

patient-derived cell model. In addition, we have shown that the mesenchymal gene-expression 

signature comprises a heterogeneous population of cells consistent with distinct functionalities 

(metabolic, angiogenic, etc.). 

In the revised manuscript, we have edited the Discussion section to more clearly differentiate 

our work from previous works. 

“2. How were the 10 sub-populations identified in Figure 1A annotated? Is the heatmap in Fig 

1B showing the top differentially expressed genes? And was this heatmap used to annotate the 

clusters? Or was it the other way around? We suggest the authors to clearly state how the 

obtained clusters were annotated as specific cell types? It is also not clear how the 

undifferentiated cells were identified.” 

The 10 sub-populations identified in Figure 1a were annotated based on the results of the 

differential expression analysis presented in Supplementary Table 2. In particular, we used 

known markers of cell types that were differentially expressed, as well as enrichments for gene 

sets associated with specific cell types.  

The identity of the population of undifferentiated tumor cells was assigned based on the lack of 

differentially expressed genes in this cell population and the observation that the genes 

expressed by this cell population were also expressed in other tumor cell populations. 

To clarify this point in the revised manuscript, we have indicated in the Results section 

(subheading “A single-nucleus transcriptomic atlas of primary and metastatic posterior fossa 

ependymoma”) the specific marker genes and pathway enrichments that were used to annotate 

each of the tumor cell populations. We have also indicated in the legend of Figure 1b that the 

heatmap shows differentially expressed genes that are discussed in the main text because of 

being markers that we used to annotate the cell populations or because of their relevant biology. 



We have also indicated in bold in that figure the genes that were used to annotate cell 

populations.  

“3. (A) The authors use scVelo to construct RNA velocity trajectories. The authors are requested 

to comment on the time frame of tumor progression and the time frame on which the 

assumptions made in scVelo operate (that of unspliced/spliced turnover); and to interpret scVelo 

results accordingly when applied to transition that operates at a different time scale.” 

We expect the timeframe of the trajectories inferred by scVelo to be of the order of a few hours, 

as determined by the rate of transcription and nuclear export. The fact that the trajectories 

capture the transition between neuro-epithelial and mesenchymal-like tumor stem cells indicates 

that this transition can occur relatively quickly. This is consistent with what has been described 

in glioblastoma, where the transition between pro-neural and mesenchymal cell states takes 

place in a few hours upon treatment with ionizing radiation (see e.g. Fig. 3E of (Minata et al. 

2019)). Consistent with those results, treating the patient-derived cell model of our manuscript 

with TGF-1 induces noticeable changes in the expression of VEGFA (an early MLC gene) in as 

little as 6 hours:  

 

Altogether these results indicate that the transition between neuro-epithelial and mesenchymal 

like cells can occur relatively quickly. This timeframe is of course much smaller than that of 

tumor progression (typically months) and suggest that additional processes, such as the 

emergence of genetic or epigenetic alterations that lead to the stabilization and accumulation of 

this cell population, are needed for this cellular process to have a macroscopic effect in tumor 

progression. 

To clarify this point in the revised manuscript, we have added some comments about the 

timeframe of the scVelo trajectories in the Discussion section. 

“(B) The authors use a different set of parameters to run scVelo as opposed to 

UMAP/Clustering. We request the authors to motivate this.” 

We have verified that using the same set of parameters that we used for UMAP/Clustering 

(n_top_genes = 5000, n_pcs = 30, n_neighbors = 30) leads to a velocity map that is consistent 

with the one presented in Figure 1f of the manuscript: 



 

However, we have a slight preference for the parameters used in the manuscript as they do not 

lead to an overall directionality for the IPC sub-population. 

We have added a sentence in the Methods section of the revised manuscript (subheading “RNA 

velocity field”) stating the consistency of the RNA velocity map with other parameter choices. 

“4. At the end of the first section in "Results" the authors claim "numerous genes coding for 

components of the WNT signaling pathway were upregulated in non-mesenchymal" and present 

a few example genes. Why were only these specific genes chosen? The authors are requested 

to perform GSEA and show that WNT pathway is enriched here. Or at least show that genes of 

WNT pathway have a high expression using a proper gene signature as opposed to a set of few 

genes.” 

We would like to thank the reviewer for this suggestion. In the revised manuscript we have 

performed GSEA for the WNT pathway in the non-mesenchymal tumor cells, showing a 

significant enrichment (normalized enrichment score = 3.05, p-value = 0.04). We have 

presented the results of this analysis in the Results section of the revised manuscript 

(subheading “A single-nucleus transcriptomic atlas of primary and metastatic posterior fossa 

ependymoma”). 

“5. The authors seem to directly apply batch correction method. However, it would be more 

informative if they could provide reasoning for this. Perhaps, show visual of the data before and 

after the correction and argue why batch correction needs to be done. Tumors have biological 

variance between patients, how do the authors know that the variance they see (if they do) 

between batches is not biological? Perhaps the authors can highlight non-tumor cells and use it 

as a guide to show effect of batch correction (ideally, non-tumor cells like immune cells should 

be similar in phenotype across patients). Also, the authors use Harmony to correct batch effect, 

but Harmony does not correct for gene expression. How do the authors ensure their 

downstream calculations are not impacted by this? Is this done by computing differential 

expression in each sample separately? We request the authors to be explicit about this. 

The comment on batch effect correction also applies for ATAC-seq data.” 



We agree with the reviewer that in general there is a substantial amount of biological variability 

between tumor cells of different patients, in addition to technical variability. As the reviewer 

mentions, this can be observed in a UMAP representation of the non-corrected single-nucleus 

RNA-seq data: 

 

As it can be seen in this representation, non-tumor cells have a more consistent gene 

expression profile across patients than tumor cells, suggesting a smaller biological variability. A 

similar situation is also observed in the non-corrected representation of the single-nucleus 

ATAC-seq data: 

 

Since in our study we are not interested in biological differences between individual patients, but 

on cellular phenotypes that are consistent across patients, the use of a batch correction method 

such as Harmony is well motivated. 

We only used the consolidated latent space to cluster the cells into cell populations. To ensure 

that downstream analyses like differential gene expression analysis are not driven by individual 

samples, we performed those analyses individually for each sample, and combined the p-values 

using Fisher’s method, as described in the Methods section of the manuscript (subheadings 

“Differential gene expression analysis”, “Differentially accessible of cis-regulatory elements”, 

and “Motif enrichment analysis”). 



To clarify this point in the revised manuscript, we have included both the non-corrected and 

corrected representations of the single-nucleus RNA and ATAC-seq data in the Supplementary 

Figure 1. In addition, we have explicitly mentioned in the Results section (subheading “A single-

nucleus transcriptomic atlas of primary and metastatic posterior fossa ependymoma”) the 

motivation for this approach. 

“6. In the analysis using CellChat, how are the pathways identified? Is there any quantification to 

rank them? And how are the genes discussed chosen for? Also, CCL seems to be higher from 

microglia -> MLCs. Is this consistent with the authors' claims? This section generally needs 

more details and the conclusion made is not clear in how it follows from the data shown.” 

CellChat provides a curated database of ligand-receptor/co-receptor pairs that are categorized 

into signaling pathways based on the KEGG database (Jin et al. 2021). It assigns a p-value to 

each inferred interaction based on the differential expression of genes coding for ligands and 

receptors/co-receptors. The complete list of significant interactions and their p-values is 

presented in Supplementary Table 3. The interactions discussed in the manuscript and 

summarized in Supplementary Fig. 3 were selected based on their statistical significance (p-

value < 0.05) and involvement in cytokine, chemokine, or growth factor signaling between 

different tumor cell populations or between tumor cell and microenvironment cell populations. As 

shown in Supplementary Table 3 (tab “Signaling Pathways”) and represented in Supplementary 

Fig. 3, our results are consistent with the MLCs being the main source of CC chemokines in 

these tumors. The expression of CC chemokine receptors in our data is generally low, likely due 

to the lack of sensitivity of single-nucleus RNA-seq. However, the statistical significance of 

microglia to MLC CCL signaling is lower than that of MLC to microglia CCL signaling (p-values 

0.004 and < 0.0004, respectively). This is consistent with an extensive body of literature 

showing that microglia are the main cell population responding to CC chemokines in gliomas 

(e.g. (Platten et al. 2003)). 

In the revised manuscript, we have extended this part of the Results section (subheading 

“Posterior fossa ependymoma tumor cells and infiltrating microglia express pro-inflammatory 

cues”) and the legends of Supplementary Figure 3 and Supplementary Table 3 to provide more 

details about the CellChat analysis. 

“7. Details on how the genes (HIF3A and HIF1A) are selected for in the section: "Mesenchymal-

like tumor cells are associated with abundant vascularization and microglia infiltration, and have 

elevated expression of NFKB target genes" are needed.” 

HIF3A is a negative regulator of the transcription factor HIF-1, which mediates glycolytic and 

other major cellular responses to decreased oxygen levels (e.g. as described in (Dengler, 

Galbraith, and Espinosa 2014)). The observed switch in gene expression is consistent with 

HIF3A being a key element in the maintenance of the neuroepithelial phenotype. We have 

added some sentences in the Results section of the revised manuscript (subheading 

“Mesenchymal-like tumor cells are associated with abundant vascularization and microglia 

infiltration, and have elevated expression of NFB target genes”) to clarify this point. 



“8. At the end of the section "Mesenchymal-like tumor cells are associated with abundant 

vascularization and microglia infiltration, and have elevated expression of NFkB target genes", 

the authors are requested to show the switch in expression at a signature level as opposed to 

select genes. Also, the authors are requested to comment on why the switch does not happen 

to mTORC1 signaling or hypoxia or glycolysis.” 

Although GSEA confirms a strong enrichment for the sonic hedgehog gene expression 

signature in samples with a high abundance of mesenchymal-like cells (Fig 2c, Spearman’s 

correlation between the GSEA normalized score and the abundance of MLCs r = 0.5, FDR < 

0.01), we have not been able to confirm an enrichment for genes involved in the positive 

regulation of WNT signaling in samples with a high abundance of neuroepithelial cells 

(Spearman’s correlation between the GSEA normalized score of WNT signature genes and the 

abundance of MLCs r = -0.2, p-value = 0.2). In the revised manuscript, we therefore no longer 

talk in this section about a switch between Sonic hedgehog and WNT signaling, but only about 

the activation of Sonic hedgehog signaling (as well as mTORC1, hypoxia, glycolysis, etc.) in 

MLCs. 

“9. How are the genes shown in Figure 3F chosen for?” 

Fig. 3f shows the motif accessibility score of 5 TFs that are significantly associated with specific 

tumor-derived cell populations and that are discussed in the main text because of their relevant 

biology. The complete list of transcription factors significantly associated with tumor cell 

populations is presented in Supplementary Table 5. 

We discuss MEIS1 and MEIS2 in the text because they are the only transcription factors that we 

find associated with both undifferentiated tumor cells and mesenchymal cells. As we mention in 

the text, these are potential targets for effective therapies, their role in tumor progression has 

been documented in other cancers, and small-molecule inhibitors are being developed 

(Bhanvadia et al. 2018; Cheng et al. 2021; Yao et al. 2021). NHLH1 is a canonical pro-neural 

basic helix-loop-helix TF (Dennis, Han, and Schuurmans 2019). Its association (as well as that 

of ASCL1) with the NPC population provides further support to the annotation of this population 

as NPCs. The activity of the glucocorticoid and mineralocorticoid receptors NR3C1/2 uniquely 

marks the population of tumor-derived astrocytic cells. RFX transcription factors regulate motile 

ciliogenesis (Choksi et al. 2014). Their association with the population of tumor-derived 

ependymal cells therefore provides additional support for the identity of that population. 

To clarify this point in the revised manuscript, we have provided additional context for the 

relevance of these transcription factors in the Results section (subheading “Single cell 

chromatin accessibility profiling enables the systematic study of primary and metastatic 

posterior fossa ependymoma gene regulatory circuits”).  

“10. How are the genes in Figure 4 chosen?” 

We have repeated this analysis in a more systematic manner. In Figure 4a of the revised 

manuscript we present all the transcription factors that have differentially accessible binding 

motifs across the EMT-like process (Wilcoxon rank-sum test, FDR < 0.01) and for which their 

gene expression is significantly correlated or anti-correlated (Spearman correlation p-value < 



0.05) with the abundance of MLCs in the CBTN and Heidelberg bulk RNA-seq cohorts. We have 

also made this clearer in the legends of Figure 4a and Supplementary Table 7 of the revised 

manuscript.   

“11. Fig 4D: How was this network constructed?” 

We have added a subheading “Regulatory network between transcription factors with 

differentially accessible binding motifs across the EMT-like process” in the Methods section of 

the revised manuscript describing how this network was constructed. In brief, we downloaded 

the binding sites of members of the MAF/BACH, NFB, and AP-1 complexes with differentially 

accessible binding motifs across the EMT-like process from the JASPAR2020 database and 

overlaid the location of differentially accessible peaks (as described in “Differentially accessible 

of cis-regulatory elements” of the Methods section). The network was then built by taking the 

transcription as nodes and adding a directed edge from one TF into another if one or more 

significant (FDR < 0.05) differentially accessible binding sites of the first transcription factor 

were present in the gene locus (    kbp upstream and downstream) of the second transcription 

factor. 

“12. In the section "Ependymoma mesenchymal-like tumor cells consist of multiple cell 

subpopulations with distinct transcriptomic profile and signaling activity": (A) the authors refer to 

"spectral graph approach" and no additional detail is provided. We understand that the authors 

refer to an R package in the Methods section, but a motivation or discussion of why this method 

was chosen would be very helpful. For example, why not simply sub-cluster MLCs? (B) How are 

the specified genes selected for? (C) Figure 4G: We request the authors to perform comparison 

at a gene set or signature level as opposed to against one gene. (D) There is no figure provided 

for "MYC and ATF3 were upregulated in a subpopulation of MLCs with high gene expression 

levels and binding motif accessibility of JUN".”  

MLCs do not separate into distinct clusters, probably indicating that different MLCs molecular 

phenotypes emerge through dynamic and continuous cellular processes. Clustering methods 

can be relatively unstable in those situations. Because of that, we used the Laplacian score for 

feature selection to identify genes that are differentially expressed in some MLC subpopulation, 

without having to pre-specify subpopulations. More details about this type of analysis can be 

found in (Govek, Yamajala, and Camara 2019) (section “Differential expression analysis”). The 

genes represented in Figure 4f are significant genes under this analysis (FDR < 0.01) that 

display a tendency towards mutual exclusivity. 

For consistency, in the revised manuscript we have also included a more standard analysis 

based on sub-clustering the MLCs (see also our response to point 1 of reviewer #2). The results 

of this analysis are presented in Supplementary Figure 8. In this new analysis, we have 

annotated MLC subpopulations based on gene-set enrichment analysis and not on the 

expression of individual marker genes, as described in the Results section (subheading 

“Ependymoma mesenchymal-like tumor cells consist of multiple cell subpopulations with distinct 

transcriptomic profile and signaling activity”) of the revised manuscript. We have removed the 

reference to the binding motif accessibility of JUN in the revised manuscript. 



“(E) In the methods section, the authors say that they had to subsample the data to 500 cells to 

get this method to work efficiently. Was the results tested for robustness under different 

sampling of cells? Why were 500 cells chosen, does the method not work at all for 1000 cells for 

example? Please provide more details.” 

Computing the statistical significance of the Laplacian score is computationally costly. For that 

reason, we subsampled cell populations to 500 cells when computing the Laplacian score in the 

original version of the manuscript. In the revised version of the manuscript, we have increased 

this number to 1,000 cells. We have verified the consistency of the results across different sets 

of randomly sampled cells. The following plot shows the Pearson’s correlation coefficient 

between the Laplacian scores of each gene for 5 different repetitions of this analysis on the 

MLC population: 

 

In all cases, the pairwise Pearson’s correlation coefficient is >0.9, and the p-value is < 10-16, 

demonstrating a large degree of stability of the results against different sets of randomly 

sampled cells. 

To clarify this point in the revised manuscript, we have added a sentence in the Methods section 

(subheading “Differential gene expression analysis”). 

“13. The authors seem to correlate RNA and ATAC data to some extent in Figure 4. Perhaps a 

more direct way would be to do a join analysis. The authors could use Seurat package (for 

example) to do a joint analysis of the data.” 

We agree with the reviewer that integrating the RNA and ATAC-seq data into a single latent 

space based on the gene activity scores inferred from the ATAC-seq data can in some cases be 

an efficient approach. However, in our study this approach is limited by two types of covariates 

(data modality and tumor Id), as well as by the substantial differences between the single-

nucleus ATAC-seq and RNA-seq data. The following UMAP representation shows the result of 

integrating the single-nucleus ATAC-seq and RNA-seq datasets using Seurat4: 



 

As it can be seen in this representation, the single-nucleus RNA-seq and ATAC-seq datasets 

are still substantially localized in different regions of the integrated representation. Moreover, 

although cells belonging to the same cell type tend to localize in the same region of the 

representation, 

 

cells from different patients also separate in the combined representation: 



 

Based on these limitations we have therefore decided not to include this analysis in the revised 

manuscript. 

“14. We request the authors to make it clear or at least motivate clearly in wording why the 

authors chose TNFa in the experiment shown in Figure 5.” 

We included TNF- in the experiment of Figure 5 because the gene expression and chromatin 

accessibility data presented in Figures 2 and 4 show that NFB activation is one of the main 

characteristics of MLCs. TNF- is a major activator of the NFB pathway (Hayden and Ghosh 

2014) and our analysis of candidate ligand-receptor interactions using the single-nucleus RNA-

seq data is consistent with tumor-infiltrating microglia being a source of TNF- signaling for the 

tumor cell populations (Figure 1g).  

In the Results section of the revised manuscript (subheading “TGF-1 and TNF- respectively 

induce and modulate the EMT in a patient derived PFA cell model”), we have more clearly 

motivated in wording the choice of TNF- for these experiments. 

“Minor comments: 

1. In the results section the authors refer to 46 tumors while in the Methods section they refer to 

44 tumors.” 

We would like to thank the reviewer for this comment. We have fixed this in the Results section 

(subheading “A single-nucleus transcriptomic atlas of primary and metastatic posterior fossa 

ependymoma”) of the revised manuscript. 

“2. In the first section of "Results" the authors write "All tumor-derived cell populations were 

located adjacent to the cluster of undifferentiated tumor cells". But so does OPC. The authors 

are requested to comment on it.” 

We agree with the reviewer that this population appears also relatively adjacent to the cluster of 

undifferentiated tumor cells in the UMAP representation of Figure 1. However, this changes 

substantially across different analyses. For instance, in the UMAP representation produced by 

Monocle (see our response to point 3 of reviewer #3), OPCs appear clearly separated from the 



undifferentiated tumor cells. Similarly, the OPC cluster appears clearly separated from the tumor 

cells in the single-nucleus ATAC-seq data (Figure 3a). More importantly, the analysis of 

chromosomal aberrations inferred from the single-nucleus ATAC-seq data (Supplementary 

Figure 7) shows the absence of chromosomal aberrations in this cell population, consistently 

with being mostly composed of non-transformed cells. 

We have added 2 sentences clarifying this point in the Results section (subheading “A single-

nucleus transcriptomic atlas of primary and metastatic posterior fossa ependymoma”) of the 

revised manuscript. 

“3. In the "Bulk Rna-seq processing" in the Methods section, the authors are requested to 

provide motivation for the calculation done to "assess the importance of each signature".” 

We have reworded this part in the Methods section of the revised manuscript to improve the 

clarity of the presentation. 

“4. The transition from "Posterior fossa ependymoma tumor cells and infiltrating microglia 

express pro- inflammatory cues" to "Mesenchymal-like tumor cells are associated with abundant 

vascularization and microglia infiltration, and have elevated expression of NFkB target genes" is 

not clear.” 

We have reworded this transition in the revised manuscript to improve the clarity of the 

presentation. 

“5. When authors introduce a new method (for example CIBERSORTx or copyscAT or 

Laplacian based method), we request them to discuss what the method does in a sentence or 

two.” 

We thank the reviewer for this suggestion and have implemented this in the revised manuscript. 

“6. It is not clear why the authors inferred chromosomal aberration (CA) from ATAC data. What 

does it contribute to the manuscript?” 

The main purpose of this analysis was to provide further support to our annotation of tumor vs 

non-tumor cell populations. We have made this clearer in the revised manuscript. 

“7. In all figures showing gene expression, the expression scale is not provided. Please provide 

a color bar. Also, how does this adjust with Harmony batch correction (related to comment 5 in 

the specific comments section)?” 

We have included color expression scales in all figures. The units are log2(1+100 CPM), so 

expression values are adjusted for differences in library size. Note that Harmony batch 

correction does not adjust the gene expression levels. As mentioned in our response to major 

point 5 above, to ensure that downstream analyses like differential gene expression analysis are 

not driven by individual samples, we performed those analyses individually for each sample, 

and combined the p-values using Fisher’s method. 



“8. Fig. 2A: what does the negative ES look like? Fig. 2B: what is positive and negative in the 

volcano plot?” 

We have indicated in Figure 2 of the revised manuscript the interpretation of positive and 

negative scores. 

“9. Fig. 3E: Are these all the TFs that satisfy the criteria? How were they chosen?” 

The updated figure shows all the TFs that have a significant binding motif accessibility score in 

at least one of the tumor cell populations with an FDR < 0.01 and an average fold-change of 

one standard deviation or more (    ). The complete list of TFs with a significant motif 

accessibility score (FDR < 0.1) is presented in Supplementary Table 5. We have clarified this is 

the legends of Figure 3e and Supplementary Table 5 of the revised manuscript. 

“10. The authors are requested to provide parameters used for the processing of ATAC-seq 

data.” 

We have provided that information in the Methods section of the revised manuscript 

(subheading “Single-nucleus ATAC-seq data processing”). In brief, we keep cells based on the 

number (>1,500 and <35,000) and percentage (>20%) of fragments in peaks, the ratio of 

mononucleosomal to nucleosome-free fragments (<3), and the transcription start site (TSS) 

enrichment score (>2), the percentage of mitochondrial fragments (<10%) and the percentage 

of fragments overlapping targeted sites (<20% or 25%, depending on the sample). 
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Reviewers' Comments: 

 

Reviewer #1: 

Remarks to the Author: 

Thank you for your polite reply. This study uses a powerful technique and will contribute to the 

understanding of this tumor. However, there is one point I would like you to consider again. 

 

As I mentioned in the first review, ependymoma usually does not have a large necrotic area like 

glioblastoma. And, radiation therapy is not given at the stage of tumor resection. It is not necessarily 

appropriate to apply the cause of EMT in glioblastoma to that in ependymoma. For ependymoma, 

other causes should be considered in the discussion section. Those would include an inflammation or 

metabolic burden unique to ependymal cells, specific reasons for the recruitment of microglia. It does 

not, of course, deny the causes of EMT in glioblastoma such as hypoxia. 

That should lead to a better understanding of this tumor and a new therapeutic approach. 

 

 

 

Reviewer #2: 

Remarks to the Author: 

The authors have responded well to the critiques. 

 

 

 

Reviewer #3: 

Remarks to the Author: 

Thank you for addressing my comments in the revision. 

 

I have only minor additional request: 

Please define the term “neuro-epithelial tumor cells” in the results section. I was not able to find the 

exact term (only “tumor cells) in the indicated results section (subheading “A single-nucleus 

transcriptomic atlas of primary and metastatic posterior fossa ependymoma”), only in the figure 

legend. 

It is not clear to me what the labelling “astrocytic cells” exactly means? I would suggest labelling 

either astrocyte or astrocyte-like cells. For the reader, it would also be helpful to define in the text 

how e.g. tumor derived astrocytes were distinguished from normal astrocytes. 

 

 

 

Reviewer #4: 

Remarks to the Author: 

The authors have address the reviewer's concerns. We recommend the paper for publication. 



Response to the Reviewers’ Comments 

 

 

Comments from Reviewer #1: 

“Thank you for your polite reply. This study uses a powerful technique and will contribute to the 

understanding of this tumor. However, there is one point I would like you to consider again. 

As I mentioned in the first review, ependymoma usually does not have a large necrotic area like 

glioblastoma. And, radiation therapy is not given at the stage of tumor resection. It is not 

necessarily appropriate to apply the cause of EMT in glioblastoma to that in ependymoma. For 

ependymoma, other causes should be considered in the discussion section. Those would 

include an inflammation or metabolic burden unique to ependymal cells, specific reasons for the 

recruitment of microglia. It does not, of course, deny the causes of EMT in glioblastoma such as 

hypoxia. 

That should lead to a better understanding of this tumor and a new therapeutic approach.” 

We thank the reviewer for the positive feedback and constructive comment. We have modified 

the Discussion section to better contextualize the potential causes of the EMT in ependymoma. 

  

 

Comments from Reviewer #3: 

“Thank you for addressing my comments in the revision. 

I have only minor additional request: 

Please define the term “neuro-epithelial tumor cells” in the results section. I was not able to find 

the exact term (only “tumor cells) in the indicated results section (subheading “A single-nucleus 

transcriptomic atlas of primary and metastatic posterior fossa ependymoma”), only in the figure 

legend. 

It is not clear to me what the labelling “astrocytic cells” exactly means? I would suggest labelling 

either astrocyte or astrocyte-like cells. For the reader, it would also be helpful to define in the 

text how e.g. tumor derived astrocytes were distinguished from normal astrocytes.” 

We thank the reviewer for these suggestions. In this revision, we have clearly defined the term 

“neuroepithelial tumor cells” in the Results section (subheading “A single-nucleus transcriptomic 

atlas of primary and metastatic posterior fossa ependymoma”) and denoted the astrocytic 

population as “astrocyte-like cells”. 


