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Abstract 
Background.   The reactivation of neurodevelopmental programs in cancer highlights parallel biological processes 
that occur in both normal development and brain tumors. Achieving a deeper understanding of how dysregulated 
developmental factors play a role in the progression of brain tumors is therefore crucial for identifying potential 
targets for therapeutic interventions. Single-cell RNA-sequencing (scRNA-Seq) provides an opportunity to under-
stand how developmental programs are dysregulated and reinitiated in brain tumors at single-cell resolution. The 
aim of this study is to identify the developmental origins of brain tumors using scRNA-Seq data.
Methods.   Here, we introduce COORS (Cell Of ORigin like CellS), a computational tool trained on developmental 
human brain single-cell datasets that annotates “developmental-like” cell states in brain tumors. COORS leverages 
cell type-specific multilayer perceptron models and incorporates a developmental cell type tree that reflects hier-
archical relationships and models cell type probabilities.
Results.   Applying COORS to various brain cancer datasets, including medulloblastoma (MB), glioma, and dif-
fuse midline glioma (DMG), we identified developmental-like cells that represent putative cells of origin in these 
tumors. Our method provides both cell of origin classification and cell age regression, offering insights into the 
developmental cell types of tumor subgroups. COORS identified outer radial glia developmental cells within IDHWT 
glioma cells whereas oligodendrocyte precursor cells (OPCs) and neuronal-like cells in IDHMut. Interestingly, IDHMut 
subgroup cells that map to OPC show bimodal distributions that are both early and late weeks in development. 
Furthermore, COORS offers a valuable resource by providing novel markers linked to developmental states within 
MB, glioma, and DMG tumor subgroups.
Conclusions.   Our work adds to our cumulative understanding of brain tumor heterogeneity and helps pave the 
way for tailored treatment strategies.

Key Points

•	 COORS (Cell Of ORigin like CellS) applies a multilayer perceptron model for 
developmental-like cell type annotation.

•	 COORS predicts developmental-like analogs in various brain tumor scRNA-Seq datasets 
using a hierarchical approach.

•	 The identified markers pave new avenues for targeted therapies for brain tumors.

Inferred developmental origins of brain tumors from 
single-cell RNA-sequencing data  
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One of the greatest challenges to finding a cure for brain 
cancers is the robust inter- and intra-tumoral heterogeneity 
that characterizes these tumors.1–4 This heterogeneity con-
tributes to disease progression and is a key reason ther-
apeutic approaches fail to prevent disease recurrence. 
Although the genetic evolution of cancer cells is a critical 
determinant, tumor heterogeneity is also influenced by 
nongenetic factors including varying developmental cel-
lular programs, which include stem, progenitor, and se-
nescent cell states.5,6 Prior studies have demonstrated that 
aberrant expression of neurodevelopmental programs is 
pervasive in brain tumors and is largely driven by the re-
activation of developmental transcriptional states that are 
acquired by genomic and epigenomic changes.5 Given the 
complexity of cell types and an array of developmental 
states, isolating a single-cell type of origin poses a diffi-
cult task; however, a more thorough examination of brain 
tumor transcriptomics alongside transcriptional signatures 
of neurodevelopmental cell types may shed light on the 
origins of brain cancer. To gain a deeper understanding of 
which developmental cell types brain tumors most closely 
resemble, we hypothesized that tumor cell lineages can 
recapitulate cell lineages encountered in the developing 
brain. While tumors exhibit a multitude of dysregulated 
pathways, existing evidence, particularly in pediatric tu-
mors, supports this hypothesis.6–10 We, therefore, focused 
on employing developmental expression modeling trained 
on human brain atlases that span various developmental 
time points. This modeling approach allows us to charac-
terize tumor cells by overlaying their gene expression pat-
terns onto those of early neurodevelopmental stages. By 
identifying and studying these myriad cellular states from 
development, our goal is to uncover insights into the ori-
gins and behavior of brain tumors, ultimately paving the 
way for more effective treatment strategies and improved 
patient outcomes.

Single-cell RNA-sequencing (scRNA-Seq) provides an 
opportunity to dissect the complex cellular states during 
development and in health and disease.11 However, it 
is computationally challenging to decipher the spec-
trum of heterogeneous developmental cell states in 
tumor cells using scRNA-Seq. Accurate identification of 
developmental-like cell states necessitates a comprehen-
sive understanding of the interactions among all genes, 
which, in turn, requires a substantial amount of gene ex-
pression data. In this study, we developed COORS (Cell 

Of ORigin like CellS), a computational tool to annotate 
each developmental cell state in tumor cells at single-cell 
resolution. COORS uses a multilayer perceptron model 
(MLP) for cell of origin classification and cell age regres-
sion using developing brain scRNA-Seq datasets from 
previously published scRNA-seq datasets, comprising ap-
proximately 1 million cells from developing human and 
mouse brains.6,12–16 Using COORS, we predicted develop-
mental analogs in pediatric and adult tumors using public 
and in-house medulloblastoma (MB),17 diffuse midline 
glioma (DMG),14 and glioma scRNA-Seq data,18,19 which re-
vealed unique developmental cell types as putative cells of 
origin in each brain cancer subtype.

The primary motivation for the COORS algorithm is to 
leverage developmental cell types identified in normal 
brain development to annotate potential cell origins in 
tumor samples. This approach distinguishes COORS from 
other methods in 2 key ways: (1) Existing methods focus 
on the exact matching of healthy cell types, whereas 
COORS models developmental trajectories, and (2) most 
tumor cell type annotation tools focus on identifying tumor 
cells without attempting to annotate their developmental 
origins.

Materials and Methods

Data Preprocessing

We took advantage of multiple existing scRNA-Seq 
datasets as the reference for the COORS models, which 
contain in total around 1 million cells from developing 
human and mouse brains6,12–16 (Supplementary Table 1). 
For each separate model trained on the reference dataset, 
we ranked the cell types based on the number of cells and 
set the lower 25% quantile as the baseline to which we 
subsampled those higher groups, collecting sufficient and 
unbiased reference samples. We excluded those cell types 
with cells fewer than 20, as the cell size was too small to 
serve as a reasonable training reference.

We conducted the standard pipeline of scRNA-Seq data 
preprocessing for both reference and testing datasets 
using Scanpy 1.7.2 in Python 3.6.13. For cell of origin clas-
sification, the preprocessing of reference and testing 
data was performed starting from the whole dataset. On 
the other hand, for cell age regression, we first grouped 

Importance of the Study

This study offers important contributions to our under-
standing of brain tumor heterogeneity and demonstrates 
both conceptual and technical advances. COORS (Cell 
Of ORigin like CellS) uses multilayer perceptron models 
for tumor cell of origin classification and cell age regres-
sion based on developing brain scRNA-Seq datasets. 
Our models capture developmental features by learning 
from a large amount of healthy transcriptional profiles 
while reflecting similar programs in tumor cells. Distinct 

from the existing methods, COORS is not limited to the 
exact matching of healthy cell types, instead focusing 
on the identification of the origin states of tumor cells. 
The development and application of COORS represent a 
significant advancement in the accurate annotation of 
developmental-like cell states in brain tumor datasets. 
COORS serves as the first algorithm of its kind and can 
be potentially extended for use in other cancer types or 
disease contexts.

http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
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the reference and testing datasets by cells of origin and 
then preprocessed each group separately. Each cell was 
normalized to have the same total read count and the ma-
trices were transformed into a natural logarithm domain. 
We then annotated the top 2000 highly variable genes in 
the reference dataset.

We combined the reference marker genes and highly 
variable genes to identify the common gene set by 
intersecting them with the testing genes, and then 
subsetted both datasets to include only these common 
genes. We scaled both datasets to unit variance and zero 
mean and truncated them to 10. We kept all the other 
parameters in default values.

We randomly split each reference cell type into 2 subsets, 
one with 80% cells for model training and the other with 
20% cells for model validation. The training subsets of all 
the cell types were concatenated as training data, and the 
validation subsets as validation data. We conducted one-
hot encoding of cell types in both training and validation 
data. We scaled training, validation, and testing data into 
the range from 0 to 1 using Scikit-learn 0.24.2.

MLP-Based Prediction Model

We developed multilayer perceptron networks for cell of 
origin classification and cell age regression.

Cell of Origin ClassifierThe cell of origin classifier has 
one input layer, variable numbers of hidden layers, and 
one output layer. The input layer has the same number of 
nodes as the input genes. The number of hidden layers 
varies from 1 to 4, and the number of nodes in one hidden 
layer is set to 256, 128, 64, or 32, which is determined after 
hyperparameter optimization. Following the dense connec-
tion within each hidden layer, there are batch normaliza-
tion, activation, and dropout functions. We use the popular 
Rectified Linear Unit (ReLU) for hidden layer activation and 
set the dropout rate to be 0.1 or 0.2. The output layer uses 
the Softmax activation function so that each node outputs 
a nonnegative value smaller than 1 and all the values sum 
up to 1. Therefore, each output corresponds to the proba-
bility of one cell type. We compile the model using catego-
rical cross-entropy as loss function, Adam as an optimizer, 
and accuracy as metrics.

Cell Age RegressorSimilar to cell of origin classifier, cell 
age regressor consists of one input layer, a group of hidden 
layers, and one output layer. While the input layer and 
hidden layers are structurally the same as cell of origin clas-
sifier, the output layer of cell age regressor has only one 
node with a Sigmoid activation function that corresponds 
to the predicted cell age. The model is compiled using mean 
squared error as a loss function, Adam as an optimizer, and 
loss as metrics. Since more than one cell age regressors 
exist corresponding to each cell of the origin classifier, 
these regressors can have specific hyperparameters of 
hidden layers that are not necessarily the same.

Model Training PrerequisitesWe implemented cell of 
origin classifier and cell age regressor using Keras 2.6.0 

with Tensorflow 2.4.0 as the backend in Python 3.6.13. 
Prerequisite packages for data preprocessing and model 
training include Numpy 1.19.5, Pandas 1.1.5, Scanpy 1.7.2, 
Anndata 0.7.8, Scipy 1.5.4, and Scikit-learn 0.24.2.

Hyperparameter OptimizationWe systematically op-
timized hyperparameters of cell of origin classifier and 
cell age regressor using grid search cross-validation im-
plemented by Scikit-learn 0.24.2, focusing on tuning the 
number of hidden layers and nodes, the dropout rate of 
hidden layers, and learning rate of the optimizer. For each 
model, we varied the number of hidden layers from 1 to 4 
and the number of nodes in each layer could be 256, 128, 
64, or 32. We followed the convention of using the ReLU 
as an activation function in hidden layers. Training epochs 
were fixed to be 100 and batch size 32 as they did not show 
significant affections in our case. Along with the itera-
tion of every possible hidden layer structure, we explored 
dropout rates of 0.1 or 0.2 and learning rates of 0.1, 0.01, 
0.001, or 3 decaying learning rates that were scheduled to 
exponentially reduce during model training based on an 
initial rate of 0.1 or 0.01, final rate of 0.01 or 0.001, training 
epochs, and batch size.

SHAP EvaluationWe took advantage of the game-theory-
based approach SHAP (SHapley Additive exPlanations) 
to interpret the output of our COORS models with the 
Shapley values.20 Specifically, we conducted the SHAP 
evaluation among cells classified to each cell of origin to 
investigate which genes with either high or low expres-
sion levels have the most significant impacts on the clas-
sification. Within each mapped cell of origin, we selected 
the top 50 tumor cells with the highest classification prob-
ability scores as typical samples and concatenated them 
for SHAP analysis. We summarized the training data with 
a set of weighted k-means (k = 50), which were used as 
background along with the COORS cell classifier to ini-
tiate the kernel explainer. We calculated SHAP values and 
generated the summary plot for each cell of origin, where 
the relative impacts of the top 20 genes over the cells are 
displayed, sorted by the sum of the absolute SHAP values 
across all cells. Besides the importance of genes on av-
erage, their impacts on a particular sample are also easy 
to access.

Immunostaining

Immunostaining was performed on 10 μm paraffin-
embedded human glioma sections, which were cut, 
deparaffinized, and treated with heat-induced epitope re-
trieval (HIER) using an antigen retrieval buffer (Sigma 
Aldrich Citrate Buffer, pH 6.0, 10X Antigen Retriever: C9999) 
when needed. Sections were blocked for 1 h at room tem-
perature, followed by overnight incubation at 4 °C with pri-
mary antibodies: Rabbit anti-GABRG2 (1:200, Proteintech 
14104-1-AP), Rabbit anti-NFIB (1:250, Sigma HPA003956), 
and Mouse anti-IDH1 (1:50, Dianova DIA-H09-L). Species-
specific secondary antibodies tagged with Alexa Fluor 
dyes (488 nm, 568 nm, or 647 nm; 1:1,000, ThermoFisher) 
were used, followed by Hoechst nuclear counterstaining 
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(1:50,000, ThermoFisher H3570). Sections were mounted 
with Dako Fluorescence Mounting Media (Ref S3023).

Results

The Overall Workflow of COORS Algorithm

For training COORS models, we train a multilayer percep-
tron model for cell of origin classification and cell age re-
gression using developing brain scRNA-Seq datasets6,12–16 
(Supplementary Table 1). For simplified illustration, as-
suming we have reference data with three origin like cell 
types A, B, and C, we train a neural network-based cell of 
origin classifier using this reference data, saving the model 
in our repository (Figure 1A and B). Concurrently, we train 
neural network-based cell age regressors, for each cell or-
igin A, B, and C, also saving these trained models in the 
repository. In the assignment step, when processing tumor 
data, we select appropriate pre-trained models based on 
cancer region (eg, neocortex or cerebellum), apply cell type 
and age classifiers, and conduct SHAP analysis to identify 
critical tumor-specific developmental markers (Figure 1A 
and B). In addition to this process, COORS incorporates a 
developmental tree reflecting hierarchical brain cell type 
relationships, with mesenchymal lineage cell types not 
being the focus. Nodes in this tree represent cell types, 
and the node probabilities are modeled using beta distri-
butions. We evaluate node significance using a combina-
tion of t-tests, beta tests, and Fisher’s combined probability 
test, marking nodes with significant developmental or cell 
type assignments, further aiding in identifying tumor or-
igin. For each developmental-like cell type, we further pre-
dict cell age using the corresponding pre-trained cell age 
regressors. Finally, we conduct SHAP analysis20 to extract 
essential features from our machine learning neural net-
work models, identifying tumor-specific developmental-
like gene markers for each cell type and age within our 
training dataset (Figure 1A and B).

Validation of COORS Algorithm on scRNA-Seq 
Medulloblastoma Data

Medulloblastoma is a pediatric brain tumor that is closely 
associated with early hindbrain development and can be 
classified into 4 molecular subgroups.6,7,10,21–24 The WNT-
activated subgroup is defined by mutations in the WNT 
signaling pathway and generally displays a favorable prog-
nosis. In contrast, the Sonic Hedgehog (SHH) activated 
subgroup results from mutations in the SHH pathway and 
may have varying clinical outcomes. Group 3 (GP3) MBs 
have a distinct gene expression profile and are typically as-
sociated with a poorer prognosis. Group 4 (GP4) tumors, 
marked by a specific gene expression pattern, tend to have 
intermediate clinical outcomes. Understanding the origin 
of these 4 tumor subtypes might lead to the development 
of improved treatment strategies.

We applied the COORS algorithm to previously pub-
lished MB scRNA-Seq data,17 where subgroup annota-
tions are available for each sample, containing 29 samples 
and approximately 40K cells in total. Using the COORS 

algorithm, we have used the pre-trained cell type and cell 
age models, derived from scRNA-Seq data of developing 
cerebellum, to map tumor MB cells13 (Figure 2A). We have 
not focused on WNT pathway activated subgroup tumor 
cells because the WNT subgroup is known to originate 
from the lower rhombic lip (LRL) adjacent to the brainstem, 
rather than from the upper rhombic lip (URL) in the cer-
ebellum.17,25. Figure 2B and C present the developmental 
tree inferences generated by COORS, which accurately 
represent the hierarchical relationships among cell types 
in the cerebellum. The tree reflects differentiation trajec-
tories from earlier progenitor cells such as rhombic lip 
(RL)-derived cells and granule cell precursors (GCPs) to 
more mature granule neurons (GNs) and to unipolar brush 
cell (UBC-CN), showing how tumor cells align with these 
stages of normal development. COORS maps GP4 sub-
group tumor cells to UBC-CN, while SHH subgroup tumor 
cells map predominantly to GNs, GCPs, and RL cells, con-
sistent with previous studies on medulloblastoma cell ori-
gins (Figure 2B–F). However, COORS did not significantly 
map GP3 subgroup tumor cells to any neuronal cell type 
lineages, suggesting a less well-defined origin for this sub-
group (Supplementary Figure 1).

We conducted SHAP analysis20 to extract critical fea-
tures from our machine learning neural network models, 
which returned new and known marker genes associated 
with URL-derived cell types and the MB subgroups to 
which they correspond (Supplementary Table 2). For ex-
ample, SHH-GCP mapping SHAP markers include those 
associated with the external granule layer formation and 
GCP identity such as CBFA2T2,26 NDST3,27 UNC13C,28 and 
UNC5C,29 as well as markers linked to GCP proliferation 
during tumorigenesis, such as BOC.30 Sonic Hedgehog-
granule neurons mapping SHAP markers include those 
associated with GN identity and its developmental matu-
ration such as CNTN1,31 GRIK2,26 PAM,32 and RBFOX.33,34 
The impact of GRID235 on GNs has been shown in pre-
vious studies. Paralog ROBO1 is crucial for GN migration 
with MSI2 likely marking GCPs in the external granule 
layer but not postmitotic granule cells in the internal 
granule layer. In addition, other SHAP features associ-
ated with UBC include CACNA2D1 and GRIA2,36,37 which 
contribute to neuronal signaling and excitatory functions 
critical for cerebellar development. Genes such as LMX1A 
and RELN are also involved in the differentiation and 
positioning of neuronal cells. ERBB4, a known oncogene, 
has been identified as a GP4-associated SHAP marker, 
showing significant activity and replication in various 
studies.38 Furthermore, KHDRBS239 has been implicated 
in post-transcriptional regulation within this subgroup. 
JMJD1C/KDM3C, a histone demethylase, is frequently 
altered in various cancers and might be contributing to 
epigenetic regulation and chromatin remodeling in tu-
morigenesis within the GP4 tumor subgroup.40 These 
findings emphasize the importance of these markers in 
medulloblastoma pathogenesis (Supplementary Figure 2, 
Supplementary Table 2).

Next, we predicted the cell age of each identified de-
velopmental cell type within MB tumor cells using our 
pre-trained cell age regressor models (Figure 2G). 
Interestingly, GP4 subgroup cells mapping to UBC 
mostly correspond to the later weeks in development by 

http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
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17 post-conceptional weeks (PCW), while GP3 and GP4 
subgroup cells mapping to RL mostly correspond to the 
earlier weeks by 11 PCW in development (Figure 2G, 
Supplementary Figure 3). The differentially expressed 

genes (DEGs) between tumor cells and their respective 
cells of origin, as well as the DEGs between the cell of or-
igin and the following developmental stage cell type are 
listed in Supplementary Table 2.
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Figure 1.  Overview of COORS algorithm. (A) In the first step, neural network models are trained for cell of origin classification and cell age re-
gression using developing brain scRNA-Seq datasets, and the models are saved in the repository. In the second step, these pre-trained models 
are used to map scRNA-Seq tumor cells to developing brain cells, predicting cell origin and age while conducting SHAP analysis to identify 
tumor-specific gene markers. COORS also incorporates a developmental tree reflecting hierarchical brain cell type relationships. (B) Tumors 
are matched with specific origin like cell type assignment models based on their region of origin within the brain (eg, neocortex vs. cerebellum 
vs. pons), enhancing the precision of the COORS application. Post model selection, the mapping of tumor cells to developing healthy brain cells 
is performed through the application of these pre-trained models, as depicted in the schematic. Abbreviations: COORS, Cell Of ORigin like CellS; 
scRNA-Seq, single-cell RNA-sequencing; SHAP, SHapley Additive exPlanations.

http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
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Application of COORS Algorithm on Pediatric 
DMG

Next, we applied the COORS algorithm on previously pub-
lished H3.1/H3.2 and H3.3 histone 3 K27M-mutant DMG 
scRNA-Seq data containing 13 samples and approximately 
47K cells in total.6,14 Using the COORS algorithm, similar 
to our previous application in MB data, we have used the 
pre-trained cell type and cell age models, derived from 
scRNA-Seq data of developing mouse pons brain,6 to map 
pediatric glioma cell origins (Figure 3A, Supplementary 

Figure 4). Additionally, Figure 3B and C shows inferred 
developmental origin trees for both H3.1/2K27M and 
H3.3K27M tumors. These figures highlight the significant β 
and t-test nodes associated with different developmental 
lineages, showing how the H3.1/2 tumors map predom-
inantly to the ependymal lineage, while the H3.3 tumors 
map to neuronal intermediate progenitors (IPCs) (Figure 
3A–C; Supplementary Figure 5).

In the case of H3.3K27M DMG, the association with in-
termediate progenitor cells reveals a more complex and 
dynamic cellular differentiation pattern by identified SHAP 
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http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
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N
eu

ro-O
n

colog
y 

A
d

van
ces

7Wang et al.: Inferred origins of brain tumors from scRNA-Seq data

markers. As its rapid growth rate and high tumor invasive-
ness, many SHAP features were noticeable in DNA syn-
thesis and proliferative markers, such as RRM2 and PCNA, 
and subsequent transcriptional activities such as HMGB1 

and HMGB2. NFIB, a recognized transcription factor for 
neuronal progenitors,41 contributed to the assignment 
of H3.3 tumor cells to neuronal IPCs. Our COORS model, 
which shows a negative SHAP value for KPNA2, effectively 

A

D

F

E
F

ea
tu

re
 v

al
ue

F
ea

tu
re

 v
al

ue

B CHGG-H3.1/2K27M-Pons
HGG-H3.3K27M-Pons

Gliogenic progenitors

H3.3K27M H3.1/2K27M

Inhibitory neurons

Neurons

Excitatory neurons

Oligodendrocytes

Other neurons

Astrocytes

Neuronal IPC

Ependymal

RRM2

PCNA

HMGB2

TMPO

HMGB1

UBE2C

ZNF22

ZWINT

TYMS

DUT

PDPN

MKI67

NFIB

TUBA1B

MYL12A

NDUFC2

KPNA2

UBE2T

YBX1

ANP32B

–0.050 –0.10 –0.08 –0.06 –0.04 –0.02 0.00 0.02 0.04

celltype
Astrocytes–HGG_H3.3K27M_Pons

Ependymal–HGG_H3.1/2K27M_Pons

Excitatory_neurons–HGG_H3.3K27M_Pons

Gliogenic_progenitors–HGG_H3.1/2K27M_Pons

Inhibitory_neurons–HGG_H3.3K27M_Pons

Neuronal_IPC–HGG_H3.3K27M_Pons

Neurons–HGG_H3.3K27M_Pons

Oligodendrocytes–HGG_H3.3K27M_Pons

Other_neurons–HGG_H3.3K27M_Pons

–0.025 0.000 0.025

SHAP value (impact on model output)

1.5

1.0

de
ns

ity

0.5

E10 E15 P0
mouse developmental embryonic to postnatal stages

P5

0.0

SHAP value (impact on model output)
0.050 0.075 0.100

SPATA18

Default Nodes
T-test
Beta-test
T-test & Beta-test 
Fisher’s test

FOXJ1

CTXN1

DNAH12

MSI2

CAPSL

CORIN

EFCAB12

HSPA2

BBOX1

SPEF2

AK8

SLC7A11

GABRG1

MAPK15

CCDC39

FAM216B

ENKUR

NTRK2

DYNLRB2

0.0 0.2 0.4
n_cells in group / n_cells in cell_of_origin

High

Low

High

Low

0.6 0.8
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color-coded based on their statistical significance: default nodes are insignificant (P-value > .05). (D and E) The figure displays the results of SHAP 
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captures genes with negative relationships, reflecting 
unbiased balanced multicollinearity. For brain develop-
ment, it has been demonstrated previously that precise 
downregulation of KPNA2 is essential during neural dif-
ferentiation of embryonic stem cells.42 In neural progen-
itor cells (NPCs), YBX1 plays a critical role in controlling 
self-renewal and neuronal differentiation.43 The evidence 
of neurodevelopmental cortical malformation caused by 
the TUBA1A variant underscores the significant impact of 
these abnormalities on human brain development, partic-
ularly affecting various stages of cell development, such as 
NPCs as well as IPCs, and others. This underscores the im-
portance of accurately modeling both gene upregulation 
and downregulation at various developmental stages 
(Figure 3D and E; Supplementary Table 3).

Moreover, as demonstrated in previous studies,14 SHAP 
in COORS highlighted DNAH12 (a ciliary gene), which is 
specifically overexpressed in the H3.1/2K27M group, along 
with FOXJ1 a well-known ependymal transcription factor.44 
DNAH12 is a target gene of FOXJ1 and plays a role in the 
progression of cancer by facilitating the expression of 
genes encoding dyneins and proteins associated with mo-
tile cilia, a critical process for these cells.44 Additionally, the 
SHAP model identified DYNLRB2, a marker for ependymal 
cells,45 which was not emphasized in previous research, 
demonstrating its significant contribution. While earlier 
studies have investigated FOXJ1 target genes based on 
known interactions, our SHAP model revealed that not all 
downstream of FOXJ1 contribute equally, showing that 
DNAH12 and DYNLRB2 have a higher impact specifically 
in the H3.1/2K27M setting through an unbiased approach. 
CCDC39 is selectively expressed in embryonic choroid 
plexus and ependymal cells, and there is functional ge-
nomic evidence that mutations in this gene can lead to hy-
drocephalus.46 Therefore, this provides indirect evidence 
that the H3.1/2K27M DMG group is associated with epen-
dymal lineage and differentiation (Supplementary Table 3).

Next, we predicted the cell age of each identified devel-
opmental cell type within DMG tumor cells using our pre-
trained cell age regressor models (Figure 3F). H3.3 tumor 
cells mapping to neuronal IPCs mostly correspond to the 
earlier weeks in development, whereas H3.1/2 tumor cells 
mapping to ependymal-like cells mostly correspond to the 
later weeks in development (Figure 3F). The DEGs between 
tumor cells and their respective cells of origin, as well as 
the DEGs between the cell of origin and the subsequent de-
velopmental cell type, are listed in Supplementary Table 3.

Application of COORS Algorithm on In-House 
scRNA-Seq Glioma Data

Next, we applied the COORS algorithm to our in-house 
glioma scRNA-Seq data, containing 21 samples and ap-
proximately 234K cells in total.18,19 Using COORS model we 
mapped IDHMut oligodendroglioma, IDHMut astrocytoma, 
and IDHWT tumor cells to pre-trained models derived from 
developing human brain dataset by Poliodakis et al.,12 
Bhaduri et al.,16 and Jessa et al.6 developing mouse fore-
brain datasets. IDHMut oligodendroglioma and astrocytoma 
tumor cells map to oligodendrocytes and also to inter-
neuron cell subtypes by Poliodakis et al.,12 Bhaduri et al.,16 
and Jessa et al.6 datasets (Figure 4A–C; Supplementary 

Figures 6–8). Previous studies also suggest that GABAergic 
neurons and oligodendrocyte precursor cells (OPCs) are 
derived from common neurodevelopmental origins; pre-
dominantly, they both originate from Nkx2.1-expressing 
precursors located in the medial, lateral, and caudal gangli-
onic eminences (CGE).47,48 Moreover, GABAergic neurons 
and OPCs converge at a shared transcriptional state with 
expression of OLIG2,49 GABARs,50 and PDGFRA.51 In our re-
cent study, we demonstrated that a subset of IDHMut glioma 
cells fire single, short action potentials (APs) and are de-
fined by mixed characteristics of GABAergic neurons and 
OPC.19 Interestingly, IDHMut oligodendrogliomas map to in-
terneuron cell origins from both the CGE and the medial 
ganglionic eminence (MGE), whereas IDHMut astrocytomas 
map solely to the MGE. On the other hand, IDHWT tumor 
cells map to the outer radial glia (oRG) in Poliodakis et al.12 
dataset and dividing cells from the Bhaduri et al.16 dataset. 
Previously researchers identified a subpopulation of cancer 
stem cells in GBMs that show a resemblance to oRG.52

In addition, we conducted SHAP analysis to extract crit-
ical features from our machine learning neural network 
models, enabling the identification of developmental-like 
gene markers specific to glioma for each mapped cell type 
(Figure 4D–I; Supplementary Figure 9; Supplementary Table 
4). SHapley Additive exPlanations analysis identified that 
markers commonly associated with OPCs, oligodendro-
cytes, and GABAergic neurons such as OLIG1,53 PDGFRA,51 
NKX2-2,54 OLIG2,55,56 and GAD119 predominantly contrib-
uted to the mapping of IDH mutant tumor cells to OPCs 
or GABAergic neurons. GAD1 expression is confirmed 
through immunostaining in human IDHmut glioma in our 
previous study.19 To estimate the cell age of each iden-
tified developmental cell type within glioma tumor cells, 
we applied our pre-trained cell age regressor models. Age 
mapping was performed on the dataset from Bhaduri et 
al.16 due to its wide range of developmental age data and 
analysis revealed that IDHMut cells corresponding to OPCs 
exhibit a bimodal age distribution, indicating stages early 
and late in development (Figure 4J). The DEGs between 
tumor cells and their respective cells of origin, as well as 
the DEGs between the cell of origin and the following de-
velopmental cell type, are listed in Supplementary Table 5.

In another dataset by Zeng et al.,15 finer detailed sub-
types of developing human brain lineages were character-
ized, including the GABAergic lineages (Figure 5A–C). We 
utilized this dataset to further explore and understand the 
subtypes of neuronal subtypes in gliomas. IDHMut tumor 
cells predominantly mapped to specific populations of 
GABAergic cells in the developing brain, GABA-cluster 
10. Interestingly, IDHWT tumor cells mapped to the highly 
proliferative GABA-cluster 9, characterized by high expres-
sion of CENPF, potentially indicating NPC-like and OPC-like 
properties in these cells. Additionally, IDHWT tumor cells 
specifically mapped to NSC-cluster 12 which exhibits high 
expression of proliferative and neural stem cell marker 
genes (Supplementary Table 4). We confirmed the SHAP 
markers GABRG2 and NFIB, identified from the Zeng et 
al. and Poliudokis et al. datasets, through immunostaining 
of a 1p/19q co-deleted IDH mutant Oligodendroglioma 
(Figure 5D; Supplementary Figure 10). GABRG2 is a com-
ponent of the GABA-A receptor complex,57 and NFIB plays 
a critical role in neural development.58

http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdaf016#supplementary-data
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Figure 4.  Characterization of developmental-like cell states in glioma scRNA-Seq data predicted from Poliudokis et al. pre-trained models.12 
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Discussion

Here we presented a hierarchical machine learning-based 
approach, named COORS, for the identification and char-
acterization of tumor cells that exhibit gene expression 
patterns reminiscent of early developmental stages in 

the brain. COORS achieves this by employing NNMs 
trained on diverse scRNA-Seq datasets from developing 
human brain tissues. We applied our method to predict 
developmental-like cells in various brain cancer datasets, 
including MB, DMG, and glioma, with validation against 
well-characterized MB data, which aligns with recent publi-
cations on MB subgroup cell origins.8,9,26,59 Earlier research 

A

C D

BIDH Mutant Astro

IDH WT

IDH Mutant Oligo
Default Nodes
T-test
Beta-test
T-test&Beta-test
Fishers’s test

Figure 5.  Characterization of developmental-like cell states in glioma scRNA-Seq data predicted from Zeng et al. pre-trained models.15 (A–C) 
Developmental tree inference by COORS showing the hierarchical relationship between tumor cells and normal developmental cell types using 
Zeng et al. pre-trained models15 of IDH Mutant Oligo, IDH Mutant Astro, and IDH WT tumor subgroups respectively. Nodes are color-coded based 
on their statistical significance: default nodes are insignificant (P-value > .05). Definitions of cell types are as follows (subclusters of the cell 
types are defined in Zeng et al. study): NSCs, neural stem cells; IPC, intermediate progenitor cells; Glu, glutamatergic neurons; GABA, GABAergic 
neurons; DA, dopaminergic neurons; Ch, cholinergic neurons. (D) Representative immunostaining for GABRG2 and NFIB (red), and IDHR132H 
(green) in a human IDHmut oligodendroglioma tumor sample; scale bar = 20 μm.

ExN, excitatory neurons; ExM, excitatory neurons mature; ExM-U, excitatory neurons mature-unspecified; ExDp1, excitatory deep layer neurons 
1; ExDp2, excitatory deep layer neurons 2; OPC, oligodendrocyte precursor cells; InMGE, interneurons from medial ganglionic eminence; InCGE, 
interneurons from caudal ganglionic eminence; End, endothelial cells; Per, pericytes; Mic, microglia. (D–I) The figure displays the results of SHAP 
analysis, showing the top impactful genes from each cell type in InCGE, OPC, ExDp1, ExDp2, InMGE, oRG cell types predicted from Poliudokis et al. 
pre-trained models.12 (J) Distribution of age mapping within IDH mutant oligodendrogliomas and their respective mapped OPC cell of origin pair. 
Abbreviations: COORS, Cell Of ORigin like CellS; scRNA-Seq, single-cell RNA-sequencing; SHAP, SHapley Additive exPlanations.
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identified GN as progenitor cells for SHH-induced MB, 
while another study proposed that GP4 originates from the 
UBC lineage.8 The mapping of DMG found that H3.1/2K27M 
tumors mapped to ependymal-like cells whereas H3.3 
mapped to neuronal IPCs.

COORS identified oRG developmental-like cells within 
IDHWT glioma cells and OPC and neuronal-like cells in 
IDHMut. Interestingly, IDHMut subgroup cells that map to 
OPC show bimodal distributions, that are both early and 
late weeks in development. Furthermore, COORS offers 
a valuable resource by providing novel markers for each 
tumor subgroup cell of origin mapping. Moreover, we pro-
vide information on the DEGs between tumor cells and 
their respective cells of origin, as well as between the cell 
of origin and the subsequent developmental cell type. 
These novel markers hold promise as potential therapeutic 
targets, offering new avenues for the development of tar-
geted therapies for brain tumors.

In the past, efforts to induce the differentiation of cancer 
cells into more mature, less aggressive cell types, without 
damaging normal cells were met with limited success in 
solid tumors, likely due to insufficient understanding of 
the precise progenitor cells involved.60 However, advance-
ments in our comprehension of specific time points and cell 
types have paved the way for a more nuanced approach. 
By examining the subsequent steps in the lineage, such as 
the differentiation of OPCs into mature oligodendrocytes, 
we can identify key genes involved in this process. For in-
stance, oligodendrocytes are characterized by decreased 
proliferative capacity compared to OPCs, suggesting a 
regulatory role for certain genes in cell fate determination. 
Targeting genes like OLIG2, which maintains OPC identity, 
while activating those involved in mature oligodendrocyte 
function, such as myelin basic protein (MBP), holds promise 
for directing OPCs toward differentiation into oligodendro-
cytes. This approach presents a potential avenue for differ-
entiation therapy, wherein manipulating gene expression 
could drive tumor cells toward a more benign phenotype, 
offering a novel strategy for cancer treatment.

Overall, our approach relies on a separate model for each 
origin like cell type. While one could use a single model 
for the assignment of all cell types jointly (eg, multitask 
learning) to make use of all data at once, our experiments 
did not show significant benefit of one model compared to 
building simpler single models for each cell type. We hy-
pothesize that this may be inherently a result of data size 
requirements and complexities of jointly learning hun-
dreds of origin like cell types from unbalanced datasets. 
In addition, our approach provides more flexibility for 
selecting biologically meaningful models of origin like cell 
types in different tumors.

In summary, we developed COORS, a machine learning-
based algorithm leveraging hierarchical cell type-specific 
multilayer perceptron models, to investigate the develop-
mental origins of brain tumors capitalizing on the existing 
scRNA-Seq data. COORS enables origin like annotations in 
various brain tumors, flexibly mapping tumor cells from 
medulloblastoma, glioma, and DMG to developmental cell 
states that represent putative cells of origin, potentially ex-
tending this approach to other cancer types. This work adds 
to our cumulative understanding of the parallel biological 
processes in both normal development and brain tumors, 
paving the avenue for finding potential therapeutic targets.
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Oncology Advances (https://academic.oup.com/noa).
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