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Single-cell technologies uncover intra-tumor heterogeneity

in childhood cancers
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Abstract

Childhood cancer is the second leading cause of death in children aged 1 to 14. Although survival rates have vastly improved
over the past 40 years, cancer resistance and relapse remain a significant challenge. Advances in single-cell technologies
enable dissection of tumors to unprecedented resolution. This facilitates unraveling the heterogeneity of childhood cancers to
identify cell subtypes that are prone to treatment resistance. The rapid accumulation of single-cell data from different modali-
ties necessitates the development of novel computational approaches for processing, visualizing, and analyzing single-cell
data. Here, we review single-cell approaches utilized or under development in the context of childhood cancers. We review
computational methods for analyzing single-cell data and discuss best practices for their application. Finally, we review the
impact of several studies of childhood tumors analyzed with these approaches and future directions to implement single-cell

studies into translational cancer research in pediatric oncology.
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Introduction

Cancer is the second leading cause of death in children aged
1 to 14 [1]; thus, there remains an urgent and ongoing need
to study these dreadful diseases of childhood. Of the many
subtypes of childhood cancer, leukemia is the most common,
followed by tumors of the central nervous system (CNS).
Altogether, 10,500 children are diagnosed with cancer each
year in the USA [1]. Although 5-year event-free survival
rates for childhood leukemia and solid tumors have markedly
improved, treatment-refractory disease and relapse remain a
significant clinical challenge. Nearly all tumors in children
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will respond to initial therapies and go into remission, but
recurrence is significantly more difficult to treat and cure.
For instance, childhood B-cell acute lymphoblastic leukemia
(B-ALL), the most common cancer in children, is highly
curable, and over 80% of children will maintain a durable
remission and go on to be long-term survivors [2]. However,
15% of these patients will relapse, and for these children,
only 50% will maintain a durable remission. Genetic studies
in pediatric leukemia identified recurrent genetic alterations
that are prognostic to treatment outcomes [3]. These studies
suggest a high degree of heterogeneity between subclones
within each tumor and highlight the importance of under-
standing tumor heterogeneity in the diagnosis and treat-
ment of childhood cancers [4, 5]. The need to understand
the genetic, phenotypic, and functional heterogeneity of each
tumor is critical to learning routes to resistance and identify-
ing therapeutic targets.

The development of single-cell technologies has
enabled better understanding of tumor heterogeneity
and has revealed potential mechanisms of relapse and
treatment resistance in cancers, including childhood cancer
[6]. Individual tumor cells can be evaluated for genetic,
epigenetic, transcriptomic, proteomic, and metabolomic
features (Fig. 1). Further, many of these approaches can
be combined for multi-omics measurements on individual
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Fig. 1 Overview of single-cell technology. Various single-cell meth-
ods have been proposed to understand cellular heterogeneity and
lineage identification. These methods are applicable to intact tissue
specimens and dissociated cells. These methods can be divided into
two categories: (1) measures only one layer of omics, e.g., CyTOF
(cytometry by time-of-flight) measures proteins and sc-RNA seq

cells. Different modalities confer different degrees of
resolution, advantages, and limitations that must be
appreciated in order to appropriately evaluate the resulting
data. At the same time, single-cell data generates high-
dimensional signals in large volumes that demands new
computational approaches for data analysis, management,
and integration.

Despite these challenges, the new paradigm of under-
standing cancer heterogeneity at the single-cell level has
broad implications for all types of childhood cancer. These
approaches can inform how future childhood cancers
should be diagnosed, managed, and treated. Here, we will
review common single-cell technologies, their applica-
tions, their limitations, and examples of their applications
to childhood cancer. We will discuss approaches to high-
dimensional single-cell data quality control and analysis
with suggestions for best practices. Finally, we will discuss
current applications of single-cell approaches to childhood
cancers and suggest future directions to guide the develop-
ment of this emerging field.
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measures mRNA; (2) more than one omics measurement, e.g., Ab-
seq, CITE-seq (cellular indexing of transcriptomes and epitopes by
sequencing) both proteins and mRNA from one cell simultaneously.
Finally, data integration algorithms can be applied to these multi-
omics datasets in order to predict cellular features correlating with
health and disease conditions

Single-cell platforms in childhood cancer

High-dimensional cytometry: CyTOF (cytometry
by time-of-flight) and spectral flow cytometry

The development of single-cell proteomics technologies has
enabled the identification of cell surface markers or intra-
cellular proteins amenable for therapeutic intervention or
diagnostic applications. CyTOF, or cytometry by time-of-
flight, is now an established approach that can measure over
40 protein targets simultaneously to resolve cell identity and
function [7, 8]. By conjugating antibodies to stable metal
isotopes rather than to fluorophores, CyTOF enables the
measurement of an increased number of cellular proteins
with minimal overlap. CyTOF has been broadly applied
to single-cell phenotyping of suspension cells including
peripheral blood immune cells and leukemia, but meth-
ods have also been developed to apply this approach to the
study of solid tumors [9]. More recently, the development
of spectral flow cytometry (SFC) which measures the entire
fluorescence spectrum of fluorophores across multiple lasers
has demonstrated its ability to detect over 40 proteins per
cells [9, 10]. SFC also has been applied to single-cell phe-
notyping of immune and leukemia cells [10]. A compara-
tive study of CyTOF and SFC suggested that both methods
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yield highly comparable results using manual and high-
dimensional data analysis appraoches [11]. CyTOF has a
relatively higher throughput and is less expensive compared
to other single-cell proteomic techniques. Limitations of
CyTOF include slower acquisition time compared to flow
cytometry, the need for clean sample preparation, and that
the cells cannot be preserved after analysis [12]. Our group
demonstrated the use of CyTOF in a cohort of bone mar-
row (BM) samples from children with B-cell lymphoblastic
leukemia (B-ALL) obtained at the time of diagnosis using
CyTOF. The developmental state of each leukemia cell was
determined by matching the protein expression to the most
similar healthy B-cell population from control BM resulting
in a developmental identifier for each leukemia cell. Using
a machine learning model, we identified a subset of pre-B
cells with activation of preBCR signaling molecules to be
highly predictive of future relapse. Our model was 32% more
accurate to predict relapse risk than the clinical gold stand-
ard predictor—minimal residual disease (MRD) risk deter-
mination, indicating the identified signatures from specific
subpopulations improved the relapse predictive power [11,
13]. Although this approach has not yet been translated clini-
cally, work is ongoing to do so.

Single-cell tissue imaging: MIBI-TOF, IMC, CODEX

Several spatial proteomics technologies, including multi-
plexed ion beam imaging by time-of-flight (MIBI-TOF),
imaging mass cytometry (IMC), and co-detection by index-
ing (CODEX), have been recently developed to allow a high
number of protein targets to be simultaneously imaged on a
formalin-fixed, paraffin-embedded (FFPE) tissue specimens
[14-19]. These tissue imaging methods enable single-cell
analysis of protein expression and deliver spatial information
to allow tumor cells to be analyzed in their environment.
Both MIBI-TOF and imaging mass cytometry (IMC) are
related to immunohistochemistry (IHC) and utilize metal-
conjugated antibodies to detect simultaneous expression of
up to 40 proteins in intact tissues [14, 15, 18, 19]. MIBI-TOF
requires specialized equipment yet is comparatively quick to
run and has higher sensitivity and resolution (~ 260 nm vs
~ 1000 nm) than imaging mass cytometry (IMC), though
higher resolution can result in longer acquisition time [12].
MIBI was introduced by Angelo and colleagues in 2014,
who demonstrated its utility to potentially detect 100 targets
on breast tumor samples, later on identifying varying tumor-
immune compositions across patient samples correlated
with overall survival [14, 18]. MIBI has since been applied
to the study of brain tissue, the maternal—fetal interface,
tuberculosis granulomas, and others [18, 20, 21]. Our lab
is using MIBI-TOF to understand divergent cellular states
in neuroblastoma, the most common non-CNS solid tumor
of childhood. By optimizing a 40-antibody panel to capture

adrenergic or mesenchymal identity, infiltrating immune
cells, tissue architecture, and known neuroblastoma proteins,
we hope to demonstrate how divergent cell states relate to
each other, to immune cells, and to clinical outcomes [22].

IMC has been applied to profile sarcoma cell lines and
patient-derived xenograft models of sarcomas, including
osteosarcoma, a common sarcoma of childhood. Further
work utilized IMC to analyze circulating tumor cells (CTC)
in peripheral blood from patients with metastatic sarcoma
and metastatic prostate cancer identifying dozens of protein
biomarkers on these CTCs, demonstrating the capability to
measure rare cell populations [23, 24].

CODEX is a fluorescence microscopy-based method that
uses oligonucleotide-conjugated antibodies and specialized
fluorescent probes to detect up to 60 markers in one tis-
sue Sect. [17]. Although CODEX has yet to be applied to
pediatric tumors, it has demonstrated applicability to broad
cancer and tissue types [25]. Furthermore, the availability
of fluorescent microscopes, the automation of staining and
slide-scanning procedures, the compatibility with microflu-
idics devices, and the use of hybridization techniques shared
with other multi-omic approaches make the method promis-
ing for spatial multi-omics [16, 26].

Current challenges to utilizing these single-cell spatial
proteomics imaging methods are the high cost of equipment,
lack of widespread accessibility, and the potentially lengthy
and laborious process of panel development and validation.
Further, differences in data extraction and post-processing
between research groups challenge the consistency and com-
parability of results [27]. Despite these challenges, obtaining
intact single-cell information from intact tumor cells and
their surrounding microenvironment presents an exciting
opportunity to learn more about solid tumors of childhood.

Single-cell genomic sequencing

Several single-cell genomic sequencing approaches can be
used to interrogate genomic heterogeneity within a given
tumor and to determine the clonal structures of tumors.
Gawad et al. performed single-cell-targeted DNA sequenc-
ing in pediatric B-ALL patient samples to identify co-domi-
nant clones present in most patients and late mutation events
not required for tumor development [28]. Despite the prom-
ise of single-cell genomic sequencing, its use is sparse owing
to the newness of the technology. Currently, single-cell RNA
sequencing (scCRNA-seq) is one of the most commonly used
single-cell techniques for understanding intratumor hetero-
geneity in childhood cancer studies having been employed
in studies of ALL, juvenile myelomonocytic leukemia,
neuroblastoma, medulloblastoma, cerebellar tumors, and
ependymoma [29-34]. An advantage of scRNA-seq over
the single-cell proteomics approaches is that thousands of
RNA transcripts are simultaneously measured to identify
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both transient and stable cell states in cell lineage devel-
opment and differentiation. Transcriptomic information
from single cells can help identify dysregulated oncogenic
pathways and therapeutic targets. Medulloblastoma (MB),
a childhood brain tumor, comprises four subgroups (WNT,
SHH, group 3, and group 4) based on genomic studies at
the bulk level. Each subgroup was characterized by differ-
ent genomic landscapes, patient demographics, and clinical
phenotypes, suggesting that MB subgroups may arise from
different cell types in precise developmental trajectories. To
investigate the genotype-to-cell-type association, Hovestadt
and colleagues applied single-cell transcriptomics in 25
medulloblastoma samples including all four subgroups. Inte-
grating bulk-level whole genome and exome sequencing data
with scRNA-seq data, they classified each cell into malig-
nant or non-malignant subsets. Leveraging scRNA-seq data
for mouse cerebellar development spanning 13 embryonic
and early postnatal time points, they correlated each MB
cell to normal developmental hierarchies. The single-cell
approaches enabled the identification of a fraction of inter-
mediate tumors characterized by various proportions of both
undifferentiated and more differentiated neuron cell popula-
tions, which was hampered by prior bulk analysis [35].

In neuroblastoma tumors, Jansky et al. performed scRNA-
seq on tumor samples along with developing human adrenal
glands at various stages of embryonic and fetal development.
After defining the normal differentiation map of adrenal tis-
sue, they identified the tumor progenitor cells by project-
ing each tumor cell onto these developmental trajectories.
Malignant cells were defined with lacking expression of
markers for normal infiltrating cell types and genetic altera-
tions at the single-cell level. Molecular features of single
neuroblastoma cells were identified by comparing their clos-
est matching normal cell types. With the single-cell data in
hand, they used deconvolution of bulk RNA-seq data from
498 neuroblastoma samples and identified cellular composi-
tions associated with clinical outcome. High proportions of
mature neuroblasts and low proportions of cycling neuro-
blasts indicated poor outcomes, while the conventional prog-
nostic marker, MYCN alone, was not risk-predictive [36].

To better understand transcriptional regulation, epig-
enomic profiles can add additional information to comple-
ment sScCRNA-seq data, including assay for transposase-
accessible chromatin using sequencing (ATAC-seq) to
measure the chromatin accessibility and ChIP-seq. Corces
et al. developed a fast ATAC-seq protocol, optimized for
human blood cells that allow for rapid high-quality measure-
ments to profile the chromatin landscapes in primary blood
cells [37]. Ranzoni et al. utilize sScRNA-seq and scATAC-seq
to assess the transcriptional identity and chromatin acces-
sibility in several immunophenotypic blood cell popula-
tions from human fetal bone marrow (FBM) and liver (FL).
They identified three oligopotent progenitor populations
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differentiated from hematopoietic stem cell/multi-potent
progenitor cells (HSC/MPPs). They show that transcrip-
tional profiles alone do not reveal significant lineage priming
in stem cells, while this is apparent when one examines the
chromatin. Their work refined the sorting strategy for HSC/
MPPs and provided a useful framework for future study in
human hematopoiesis.

Single-cell multimodal profiling

High-throughput single-cell sequencing can be used to
study single-cell level transcriptomics but does not provide
phenotypic information. Recently, single-cell multimodal
methods like CITE-seq and Ab-Seq integrate cellular protein
and transcriptome measurements into a single-cell readout
[38—40]. Using oligonucleotide-conjugated antibodies which
contain a barcode for antibody identification and a handle for
PCR amplification, these techniques simultaneously quantify
RNA and surface protein abundance at a single-cell level for
any population of interest [41]. Recently, Bai et al. applied
CITE-seq to analyze the chimeric antigen receptor (CAR)
T-cells in infusion products from 12 B-ALL patients includ-
ing 5 with long-term remission (CR), 5 with CD19-positive
relapse (RL), and 2 non-responders (NR) to identify the
determinants of CD19-positive relapse. The infusion prod-
ucts were analyzed upon the CD19-specific stimulation by
CD19 + antigen presenting cells (APCs) along with other
stimulation conditions (TCR-mediated stimulation, non-tar-
get APC stimulation, and unstimulated controls). Focusing
on the CD19-specific stimulated CAR + T-cells only, distinct
cytokine co-expression modules were identified to reveal the
heterogeneous immune functions of different CAR T-cell
subsets. Immune pathway analysis showed that T helper
2 (Ty2) function-related pathways, genes, and upstream
regulators are significantly downregulated in CAR T-cells
upon CAR-specific stimulation from RL compared to CR
patients, whereas other major immune programs remained
unchanged [42]. Further validation in infusion products from
49 B-ALL patients confirmed the deficiency of Ty2 func-
tion in RL patients. To study the cellular compositions of
memory T-cells, phenotypic proteomic profiles based on
CITE-seq data revealed lower abundance of early memory
T-cells in RL compared to CR patients. Integrating these
major features that distinguish RL from CR patients, they
developed a machine learning model to achieve a sensitiv-
ity of ~70% to predict long-term remission. This study fully
showcased the potential of utilizing multi-omics techniques
in improving the predictive power for relapse. In addition,
other omics techniques that measure genome, transcriptome,
and epigenome simultaneously have been developed [43],
but have not applied in pediatric tumors yet. We anticipate
that the continued maturation of these multi-omic techniques
will impact the field of pediatric oncology.
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Single-cell metabolic profiling

Metabolomics is one emerging branch of “omics” analysis to
explore the biochemical processes of cancer cells to produce
and consume energy. Using mass spectrometry, single-cell
metabolomics measures metabolites in single cells in dif-
ferent states, better characterizes metabolites in specific cell
types, and potentially identifies treatment targets. Single-cell
metabolite extraction is the first critical step, and the tech-
nique to accomplish this has been optimized over the past
decades. Mizuno et al. is the first group to establish live sin-
gle-cell video-mass spectrometry to introduce the contents of
rat basophil leukemia cells into a quadrupole-time-of-flight
mass spectrometry (Q-TOF-MS) using a nano-electrospray
ionization (nano-ESI) tip [44]. Based on this work, Pan et al.
subsequently developed a single probe that can be inserted into
single cells to extract intracellular compounds [45]. Multiple
cellular metabolites in a single cell can be analyzed in real time
by coupling the probe with a mass spectrometer.

Besides mass spectrometry, antibody-based and imaging
techniques are other emerging tools to study cellular metabo-
lism in single cells. The Connolly group utilized an antibody-
based method to measure cellular metabolic profiles of human
peripheral blood mononuclear cells and compared abundances
of metabolic transporters before and after glycolytic inhibi-
tion [46]. Arguello et al. developed a flow cytometry-based
method (SCENITH) to monitor ATP synthesis using puromy-
cin as a reporter. Different metabolic perturbations enabled the
study of metabolic responses and revealed variable metabolic
profiles in multiple cell types [47]. Sharick et al. developed
optical metabolic imaging (OMI), a novel, high-resolution
fluorescence microscopy technique that quantifies the optical
redox ratio, defined as the ratio of the fluorescence intensity
of NAD(P)H to that of FAD, and reflects the redox state of
the cell. In their work, the OMI was able to distinguish cell
subpopulations with diverse dynamic responses to treatment
in living organoids and was evaluated as a predictor of clinical
treatment response [48]. To our best knowledge, these tech-
niques have not been applied in childhood cancers, however
provide great opportunities to study the single-cell metabolite
flux, and characterize the metabolic profiles in different cell
subpopulations.

Thus, established and emerging approaches support
unprecedented resolution into many facets of tumor biol-
ogy in primary cells. With these approaches, proteomic,
signaling, metabolic, transcriptomic, and epigenomic fea-
tures can be evaluated in individual cells and provide granu-
lar information regarding multiple levels of regulation or
dysregulation to provide an integrated view of tumor cell
heterogeneity.

Approach to data analysis

General pipelines for single-cell data analysis
and visualization

Rapid innovations in the statistical and algorithmic tools
used to analyze single-cell data present a unique challenge
for building stable, well-tested software pipelines for single-
cell analysis. Furthermore, an important practical considera-
tion for single-cell data analysis is that single-cell data are
collected and analyzed by researchers with a diverse range of
experience in statistics, data science, and computer program-
ming. This means that there is rarely a “one-size-fits-all”
strategy for developing single-cell data analysis pipelines
for particular tasks and building general use toolkits for the
single-cell data processing remains an area of active devel-
opment in the bioinformatics community (Fig. 2).

As new analytical methods are actively developed, open-
source platforms that can be used at the command line in
data science-friendly languages like R, Python, or Julia
provide the most flexibility for customizing single-cell data
analysis pipelines. For scRNA-seq data, the two most widely
used open-source platforms are Scater (for quality-control
and preprocessing) and Seurat (for a large variety of down-
stream analyses), both of which are open-source R packages
distributed through the Bioconductor project [41, 49, 50].
In addition, significant efforts have been dedicated to the
development of the “scverse,” a Python-based consortium
of tools for single-cell data analysis that includes scanpy for
gene expression analysis, squidpy for spatial single-cell data
analysis, and scvi-fools for training machine learning models
at the single-cell level [51-53]. Similarly, integrated open-
source packages for analyzing high-dimensional cytometry
data (i.e., mass cytometry)—such as premessa, CATALYST,
cytofkit, and tidytof—have been developed to provide inter-
operability between many data analyses and visualization
tools commonly used by the cytometry community [54, 55].
Likewise, the ARK Python library is a toolkit developed for
the integrated analysis of data collected using MIBI-TOF
and other high-dimensional imaging modalities [56]. For
researchers without extensive programming experience,
many open-source libraries also implement graphical user
interfaces (GUISs) that can facilitate manual analysis of sin-
gle-cell data using either local servers or cloud computing
resources [57]. Commercial platforms like Cytobank, Astro-
labe, Omiq, and others exist under a subscription model to
allow users to conduct exploratory data analysis and visu-
alization interactively, often with support for state-of-the-art
tools [58-60].
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Fig.2 Example workflow for single-cell analysis in childhood cancer
samples. A Samples were quantified using the single-cell proteomic
approach. The retrieved data were normalized and batch-corrected
to identify relevant biological signals. This data preprocessing step
results in a single-cell count matrix where each row represents a cell
and each column represents a measured parameter. B Single-cell data

Data normalization and processing of single-cell
data

One significant challenge for analyzing single-cell data is
technical variation irrelevant to true biological signals also
known as batch effects. For comparative analyses across
patient cohorts, technical variabilities need to be removed
or minimized prior to analysis. Lo et al. recently devel-
oped an approach to batch correction of mass cytometry
datasets enabling cross-cohort comparisons of 989 pedi-
atric leukemia patient files. The approach, Cytofln, will
allow more cross-cohort comparison of public datasets as
more mass cytometry data is generated and available for
childhood cancer patients [61]. Similarly, batch normali-
zation of scRNA-seq data can be accomplished compu-
tationally using programs such as Seurat [62]. In these
approaches, the mutual nearest neighbor (MNN) of cells
between datasets is first identified, and the program moves
the neighboring cells toward a common centroid through
an iterative process. Batch correction for scATAC-seq data
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analysis can be performed to identify subpopulations using dimen-
sionality reduction and clustering approaches unsupervised clustering
algorithms to predict expression evolution using pseudo time analy-
sis, combined with genomic or transcriptomic data for multi-omics
integration or used develop models for patient risk stratification or
clinical prediction

can be accomplished using algorithms such as Harmony
[63]. One emerging trend is the simultaneous integration
and batch effect reduction of single-cell data using matrix
factorization or deep neural networks [64]. A comparison
and benchmark study of the scRNA-seq normalization
approach using common datasets has been reported in a
recent study, where Harmony, linked inference of genomic
experimental relationships (LIGER), and Seurat 3 were
identified as the recommended methods for batch effect
correction efficacy while preserving cell type purity [65].

Multi-omic integration

Despite rapid advance in multi-omics technologies, clinical
samples where a cell is simultaneously measured on mul-
tiple omic layer remain sparse. In this case, computational
approaches can be used to align the most similar cell states
or extract latent space shared between multiple omic layers.
Although clustering algorithms are a core part of the sin-
gle-cell mono-omics analysis to identify cell types and their
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functional states, the integration of single-cell data from
different platforms remains challenging and requires a care-
ful selection of statistical and mathematical frameworks. A
plethora of analysis approaches has been proposed to address
this. Broadly, the multi-omics data analysis approach can
be divided into two major categories. Given two omics
layers, the first approach examines the linear relationship
between each observation of them to achieve maximum cor-
relation. Canonical correlation analysis (CCA) is an exam-
ple of these approaches [66]. The second approach utilizes
matrix factorization to find a set of hidden factors within
each omics layer that captures biological and technical vari-
ability. These hidden factors are subsequently utilized for
data imputation and sample subgroup identification. The
multi-omics factor analysis (MOFA) and LIGER utilize the
matrix factorization approach for data integrations [67, 68].
Multiple omics layers can also be simultaneously analyzed
by integrating sample similarities combined with dimension
reduction techniques. For sample similarities, mainly spec-
tral clustering approaches and graph fusion algorithms are
utilized. For example, the recent version of Seurat utilizes a
weighted-nearest neighbor (WNN) graph-based integration
for cluster analysis [41]. The aim of combined dimension-
ality reduction techniques is to define a lower-dimensional
representation of the single-cell multi-omics data by pro-
jecting them into a common latent space. The emergence
of single-cell multi-omics technologies and data analysis
tools has provided novel insight into the tumor microenvi-
ronment (TME) of pediatric cancers. By utilizing scRNA-
seq and cellular indexing of transcriptomes and epitopes by
sequencing (CITE-seq), Witkowski et al. described a role
for non-classical monocytes in B-ALL outcomes [69] find-
ing that the presence of non-classical monocytes in the BM
at diagnosis is predictive of survival in pediatric and adult
B-ALL patients. One challenge of the current computational
approach for multi-omics data integration is the potential of
information loss from dimensional reduction. Due to high
multiplicity in precisely defining a cell state, errors can be
generated using the cell alignment approach. Another chal-
lenge is the deconvolution of bulk data which consists of
the majority of the clinical data in the public domain. To
tackle this challenge, several computational techniques for
single-cell deconvolution such as CIBERSORT and others
have recently been proposed [70, 71].

The promise and challenge of single-cell
techniques for clinical translation

The emerging use of single-cell technologies in the con-
text of childhood cancers demonstrates the potential clini-
cal impact yet highlights the barriers to wide adoption. For
instance, minimal residual disease (MRD) is a widely trusted

prognostic indicator of relapse risk in children with leukemia
[72, 73]. Minimal residual disease is defined as cells that
persist after chemotherapy at early time points. In the set-
ting of pediatric B-ALL, it has been used to guide therapy
intensity and justify bone marrow transplantation [72, 73].
Current techniques detect MRD but do not inform on the
features of these resistant cells. Given the challenge to cap-
ture low-abundance residual cells after treatment, single-cell
sequencing techniques provide great opportunities to better
understand MRD cells. To analyze the dynamic changes in
B-ALL under treatment, Zhang and colleagues studied the
molecular signatures from longitudinal samples obtained at
the diagnostic, MRD, and relapse stages from 4 patients.
Using scRNA-seq from healthy BM cells, they identified
the developmental states of each leukemic cell based on
its transcriptomic signature. Performing single-cell B-cell
receptor (scBCR-seq) sequencing distinguished leukemic
from non-leukemic cells based on BCR clonality in the
CD19 + populations. Pathway enrichment analysis demon-
strated upregulation of genes involved in the hypoxia path-
way in MRD cells from two patients. Further experiments
demonstrated inhibition of the hypoxia pathway by a HIF1a
inhibitor sensitized cell line and PDX cells to chemotherapy
[74]. This study reveals both the promise and challenge of
the use of single-cell technologies for clinical practice. Ana-
lyzing MRD cells themselves reveals new targets for therapy,
and single-cell approaches are required to approach these
rare and critical MRD cells. However, the cost and com-
plexity limit the wide application of these approaches, thus
restricting wide adoption into clinical care. Data analysis
approaches will need to be standardized and accessible to
enable these techniques to be integrated into more stand-
ard clinical care. Further, greater numbers of patient sam-
ples will need to be examined to understand the shared and
unique features revealed by single-cell approaches.

Conclusions

Single-cell technologies are proving to be invaluable for
dissecting clonal heterogeneity and diversity in childhood
cancers. With continued application, we are learning more
about the molecular basis of disease and uncovering novel
strategies to address cancer resistance. In many published
approaches, including our own, single-cell data has been
modeled based on the normal tissue of origin of the tumor
itself. This highlights the developmental nature of childhood
tumors and helps organize the highly heterogeneous nature
of this data. Already, the application of CyTOF and scRNA-
seq has provided insight into the molecular mechanisms of
tumor resistance in both pediatric leukemia and solid tumors
in growing studies. We anticipate that large-scale integration
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of identified signatures from multi-dimensional data will
further improve diagnostic and relapse predictive power.
Similarly, the generation of single-cell data will also neces-
sitate the development of novel computational approaches
to integrate datasets and maximize the knowledge generated
from these studies. Taken together, the evolution and appli-
cation of single-cell analyses to childhood cancer will be
transformative in our understanding of tumor biology and in
improving patient outcomes for children with cancer.
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