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The identification and characterization of circulating tumor cells (CTCs) are important for gaining insights into the biology
of metastatic cancers, monitoring disease progression, and medical management of the disease. The limiting factor in the
enrichment of purified CTC populations is their sparse availability, heterogeneity, and altered phenotypes relative to
the primary tumor. Intensive research both at the technical and molecular fronts led to the development of assays that
ease CTC detection and identification from peripheral blood. Most CTC detection methods based on single-cell RNA se-
quencing (scRNA-seq) use a mix of size selection, marker-based white blood cell (WBC) depletion, and antibodies targeting
tumor-associated antigens. However, the majority of these methods either miss out on atypical CTCs or suffer from WBC
contamination. We present unCTC, an R package for unbiased identification and characterization of CTCs from single-cell
transcriptomic data. unCTC features many standard and novel computational and statistical modules for various analyses.
These include a novel method of scRNA-seq clustering, named deep dictionary learning using k-means clustering cost
(DDLK), expression-based copy number variation (CNV) inference, and combinatorial, marker-based verification of the ma-
lignant phenotypes. DDLK enables robust segregation of CTCs and WBCs in the pathway space, as opposed to the gene ex-
pression space. We validated the utility of unCTC on scRNA-seq profiles of breast CTCs from six patients, captured and
profiled using an integrated ClearCell FX and Polaris workflow that works by the principles of size-based separation of
CTGs and marker-based WBC depletion.

[Supplemental material is available for this article.]

Cancer ranks as a prime reason for death and a vital barrier to lon-
ger life expectancy in every country of the world (Sung et al. 2021).
According to World Health Organization (WHO) estimates, in
2019 (Mathers 2020) among 183 countries, cancer ranked as the
first or second cause of death of people below the age of 70 yr
and ranked third or fourth in 23 countries (Sung et al. 2021).
The primary reason for 90% of cancer-related deaths is metastasis
(Bittner et al. 2020), the process in which the cancer cells detach
from the primary tumor, enter into the circulation, and eventually
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colonize distant organs, causing the spread of disease (Krebs et al.
2014; Siegel et al. 2015). To metastasize, cancer cells secrete che-
mokines to attract immune cells (McAllister and Weinberg 2014;
Liu and Cao 2016), facilitating tumor proliferation and intravasa-
tion (Gajewski et al. 2013; Kitamura 2018). After cancer cells enter
the bloodstream, they are subjected to various stressors, including
the lack of cell-cell and cell-matrix adhesion, shear pressures, and
immune response. Despite this, a few cancer cells make it through
the tortuous journey and leave the vasculature to a secondary site
(Shenoy and Lu 2016; Follain et al. 2018).

Circulating tumor cells (CTCs) have recently attracted a lot of
attention owing to their critical role in tumor metastasis. Around
40% to 80% of patients with metastatic breast cancers have been
found to have CTCs in their blood (Kwa and Esteva 2018). The
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Marker-free characterization of CTC transcriptomes

detection and characterization of CTCs obtained from patient
blood offer clinically relevant insights into tumor metastasis and
facilitate cancer diagnosis and treatment (Hong et al. 2016).
Various studies to date have unequivocally highlighted the associ-
ation between the abundance of CTCs in peripheral blood and
poor disease prognosis (Cristofanilli et al. 2004; Danila et al.
2007; Giuliano et al. 2011; Rack et al. 2014; Bork et al. 2015; Tsai
et al. 2016). Epithelial-to-mesenchymal transition (EMT) is be-
lieved to play a crucial role in metastasis. Under EMT, tumor epi-
thelial cells acquire mesenchymal-like features for easy entry into
the bloodstream (Bulfoni et al. 2016).

Recently developed platforms for CTC capture rely on diverse
principles. These include antibody-based capture (Nagrath et al.
2007; Riethdorf et al. 2007; Stott et al. 2010), size exclusion (Xu
et al. 2015), immune cell depletion (Ozkumur et al. 2013), and
dielectrophoresis (Chiu et al. 2016). CellSearch, the only FDA-ap-
proved CTC capture platform, uses antibodies targeting the epithe-
lial cell adhesion molecule (EPCAM) antigen for capturing CTC
from patients’ blood (Ignatiadis and Reinholz 2011; Habli et al.
2020; lyer et al. 2020). The expression of epithelial markers like
EPCAM and creatine kinase (CK) is used in affinity-based detection
platforms to detect and count CTCs, but EMT arguably causes tu-
mor cells to down-regulate or lose expression of canonical epithe-
lial markers, thereby making them hard to recognize and capture
while in the circulation (Iyer et al. 2020). As such, marker-based en-
richment strategies are suboptimal for systematically charting het-
erogeneous CTC subpopulations (Miller et al. 2010; Farace et al.
2011; Wang et al. 2016). Various CTC capture platforms based
on biophysical characteristics of cancer cells have been established
in recent years (Ferreira et al. 2016; Gabriel et al. 2016; Cheng et al.
2019). Negative selection for the pan-leukocyte marker PTPRC has
also been used as an alternative method. The promise of such an-
tigen-agnostic platforms has not been explored adequately
because the risk of immune cell contamination cannot be ruled
out entirely (Ferreira et al. 2016; Gabriel et al. 2016). Isolation
and molecular characterization of pure CTC populations by
mRNA sequencing necessitate the development of precise analytic
methods that are not based on epithelial markers and are able to
spot leukocyte contamination.

The advent of single-cell RNA sequencing (scRNA-seq) has al-
lowed in-depth, unsupervised analysis of CTC transcriptomes
(Guo et al. 2015; Macosko et al. 2015; Kiselev et al. 2017, 2019a;
Butler et al. 2018; Wolf et al. 2018; Chen et al. 2020; Ranjan
et al. 2021). So far, most scRNA-seq studies involving CTCs have
used marker-based approaches to zero in on CTC subpopulations.
Marker-agnostic methods for CTC annotation are rare and often
incapable of confirming the malignant identity of the cells. The
major challenges involved are as follows: (1) high levels of intra-
and intertumoral molecular diversity among malignant cells
(Tirosh et al. 2016; Li et al. 2017); (2) the presence of CTCs in pe-
ripheral blood at an abysmally low concentration—one tumor
cell within several millions of blood cells, even in patients with ad-
vanced metastatic disease (zero to 10 CTCs per mL of blood) (Alix-
Panabieres and Pantel 2013); (3) the fact that CTCs often undergo
EMT, thereby disguising their epithelial markers (Mikolajczyk et al.
2011; Iyer et al. 2020); and (4) batch effect across scRNA-seq studies
(Biittner et al. 2019; Kiselev et al. 2019a).

To overcome these challenges, we present unCTC, an R pack-
age for the unbiased characterization of CTC transcriptomes, in
contrast with white blood cells (WBCs). unCTC features various
standard and novel computational/statistical modules for cluster-
ing, copy number variation (CNV) inference, and marker-based

characterization of CTC and non-CTC clusters obtained by analyz-
ing the scRNA-seq data. For clustering, DDLK, a deep dictionary
learning (DDL)-based method, is proposed. DDLK uses pathway
scores at the single-cell level to accurately segregate CTC and
WBC populations. With unCTC, we showed how in silico charac-
terization of CTCs can strengthen marker-free CTC capturing and
characterization. For this, we used the ClearCell Polaris workflow
for size-based capture, immune cell depletion, and single-cell
gene expression profiles of potential CTCs (Warkiani et al. 2014;
Ramalingam et al. 2016). The unCTC workflow confers phenotyp-
ic identity on the captured cells through multifactorial analyses of
the single-cell expression profiles.

Results

Overview of the unCTC workflow

Identification and characterization of CTC using scRNA-seq pro-
files are ever more challenging owing to the dynamic nature of
the CTC phenotype. The unCTC workflow features a number of
methods that help in the unbiased identification and characteriza-
tion of single CTC transcriptomes. Clustering of scRNA-seq pro-
files is an important step toward this. Here we present a robust
approach for clustering single-cell transcriptomes in a metaspace,
spanning pathways, whose enrichment scores are computed on
single-cell gene expression readouts. Single-cell expression data
are typically sparse (Tian et al. 2019; Kiselev et al. 2019b).
Pathway scores computed on gene sets alleviate this problem to
a great extent (Li et al. 2017; Chawla et al. 2021), thereby assisting
in the robust detection of cellular subtypes. For unsupervised clus-
tering, each of the normalized and log-transformed expression
vectors associated with CTCs is converted into a vector of pathway
enrichment scores, calculated using gene set variation analysis
(GSVA) (Hanzelmann et al. 2013). Such a transformation neutral-
izes batch effects (Kim et al. 2018) and unravels cellular heteroge-
neity from a rather functional/mechanistic point of view (Ding
etal. 2019, 2020; Ramirez et al. 2020; Wang et al. 2020). DDLK in-
corporates the k-means clustering cost into the DDL framework.
Shallow learning and data dependency are the main caveats of dic-
tionary learning and deep learning, respectively. DDL aims to mit-
igate these challenges (Tariyal et al. 2016). DDLK is an example of
semisupervised clustering that projects the single-cell gene expres-
sion data onto a range of well-understood biological pathways to
obtain robust cellular clusters.

Although DDLK robustly identifies phenotypically similar
cell groups from scRNA-seq data containing CTC expression pro-
files, cluster annotation may still remain elusive. To address this,
we integrated the inferCNV function into the unCTC R package
(RStudio Team 2022). inferCNV is an existing method, capable of
inferring CNV from single-cell gene expression data (Couturier
et al. 2020). Chromosomes in cancer cells undergo substantial ab-
erration. inferCNV has been proven to be useful in capturing ap-
proximate CNV locations at single-cell resolution (Durante et al.
2020; Zhou et al. 2020). inferCNV works as a sounding board for
cell-type characterization, especially zeroing in on the malignant
origin of CTCs. Further, inferCNV along with cytoband
information based on GRCh37 (Barrios and Prieto 2017) also pin-
points the precise position of chromosomal aberrations at the
level of chromosomal arms, aiding in the identification of altered
genes.

CTCs undergo EMT and other biophysical stress during their
journey to distant organs. In this process, they partially lose their
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epithelial phenotype. Univariate differential expression studies
may turn out to be limitedly helpful in such scenarios. To circum-
vent this, unCTC allows the cumulative measurement of enrich-
ment of a range of canonical markers, indicating malignant/
epithelial/immune origin with the help of Stouffer's method
(Stouffer et al. 1949). In our hands, such gene set-based approach-
es turn out to be fruitful in bolstering single-marker-based and in-
ferred CNV-based characterization of cell groups. The complete
unCTC workflow is outlined in Figure 1.

Marker-free capture of CTCs

Breast cancer is the most frequent type of cancer and one of the top
causes of cancer-related mortality (Kamal et al. 2017). In 2020,
breast cancer overtook lung cancer as the world’s most common
cancer. About 90% of breast malignancy-related fatalities are at-
tributable to metastasis (Zhang et al. 2021). Breast cancer appears
to be the form of cancer in which CTCs have been studied the
most (Bidard et al. 2016). The expression of epithelial markers, in-
cluding EPCAM and CK, has traditionally been used in affinity-de-
pendent detection platforms to recognize and count CTCs, but
these markers are down-regulated during EMT. Furthermore,
most fluorescence-activated cell-sorting techniques face challeng-
es owing to acute scarcity of CTCs, where the scarcity is typically
fewer than one CTC per 10 mL of blood in nonmetastatic malig-
nancies (Thery et al. 2019). Because of this inadequacy, a mark-
er-free, robust method is necessary for detecting and enriching
CTCs in a large pool of blood cells. Marker-free methods for isolat-
ing CTCs are appealing because they enable researchers to examine
a greater number of CTCs that would otherwise be missed owing to
variable or absent protein (label) marker expression on the CTC
surfaces. It was possible to establish a marker-free method for iso-
lating CTCs by integrating the ClearCell FX and Polaris systems
(Iyer et al. 2020). As part of this, CTCs are enriched in two steps:
size-based enrichment by ClearCell, followed by PTPRC (leukocyte
marker) and CD31 (endothelial cell marker) based on negative
depletion by Polaris (Fig. 2; Warkiani et al. 2014; Ramalingam
etal. 2016). Using the ClearCell FX and Polaris systems, we collect-
ed 81 single CTCs from six women with breast cancer of three sub-
types (ER7/PR"/HER2~, ER*/PR*/HER27, and ER™/PR™/HER2*)
(Supplemental Table S1). Seventy-two CTCs finally qualified for
the quality control criteria (Supplemental Table S2). In the subse-
quent sections, we illustrate unCTC-based characterization of
these cells, in contrast to three other best practice integrative anal-
ysis methods, namely, Seurat (Hao et al. 2021), fastMNN
(Haghverdi et al. 2018), and Harmony (Korsunsky et al. 2019).
Execution details for Seurat, fastMNN, and Harmony can be found
in Supplemental Note 1.

DDLK clustering leads to near-perfect segregation of CTCs and
WBCs

The main aim of unCTC is to enable segregation of the CTC and
WBC populations, obtained after unbiased microfluidic enrich-
ment of CTCs in patient blood. This problem is fundamentally dif-
ferent from identifying CTC clusters or deciphering functional
heterogeneity among single-cell transcriptomes, a method that
typically requires unsupervised clustering of expression vectors.
To cater to this objective, we chose to project expression vectors
in a metaspace spanned by well-characterized biomolecular path-
ways using GSVA that, when supplied with selected pathways,
convert given expression vectors into vectors comprising pathway
enrichment scores (Hanzelmann et al. 2013). This is particularly

advantageous and confers robustness in data integration tasks
(Jin et al. 2014). Expression vectors, after conversion into vectors
of pathway enrichment scores, are used for clustering the associat-
ed single-cell transcriptomes. Existing deep learning-based cluster-
ing techniques use stacked autoencoders (Peng et al. 2016; Xie
etal. 2016; Yang et al. 2017; Fard et al. 2020) or their convolutional
counterparts (Guo et al. 2017; Yang et al. 2019). Unlike DDL
(Tariyal et al. 2016), the problem with autoencoders is that they
have to estimate the parameters (encoder network + decoder net-
work) twice. This leads to overfitting and general degradation of re-
sults. Prior studies have shown DDL to be the go-to framework for
data-constrained scenarios (Fu et al. 2019; Mahdizadehaghdam
etal. 2019; Tang et al. 2021) instead of conventional deep learning.
DDILK (the clustering technique incorporated in unCTC) incorpo-
rates k-means clustering cost into the DDL framework, thereby en-
abling the clustering of data of all sizes. Presently most single-cell
studies involve the integration of scRNA-seq data sets coming from
different biological replicates, giving rise to significant batch ef-
fects (Sinha et al. 2019). Also, because of small amounts of starting
RNA, single-cell data, even if it comes from a single chip, shows cell-
to-cell technical variability. It is, therefore, imperative to ensure that
a single-cell pipeline is robust to such variance factors. To validate
this, we constructed a challenging multistudy (141 CTCs spanning
breast, lung, and pancreatic cancers; 1037 WBCs) data set (Aceto
et al. 2014; Ting et al. 2014; Yu et al. 2014; Sarioglu et al. 2015;
Jordan et al. 2016; Velten et al. 2017; Zheng et al. 2017) for compar-
ative assessment of unCTC, in contrast to Seurat, fastMNN, and
Harmony (Supplemental Table S3). This integrative analysis task is
referred to as Study 1. We subjected the data set to unCTC and three
other best practice methods: Seurat, fastMNN, and Harmony. Two
variants of Seurat were considered for the analysis: Vanilla Seurat
and Integrative Seurat. Vanilla Seurat takes as input a single matrix,
obtained by integrating individual scRNA-seq data sets based on
common genes, whereas Integrative Seurat uses canonical correla-
tion analysis (CCA)/reciprocal principal component analysis
(RPCA)-based approaches for integration of multiple studies
(Supplemental Note 1). Vanilla Seurat and unCTC managed to visu-
ally segregate CTCs and WBCs, whereas fastMNN and Harmony
failed to separate the two categories (Fig. 3). Figure 3, A, B, D, E,
G, H, J, and K, depicts the clustering performances by different
methods in terms of CTC/WBC segregation. unCTC and Vanilla
Seurat were able to find CTCs as part of different clusters (Fig. 3C,
L). On the contrary, clusters returned by fastMNN and Harmony
had a mixture of both cell types (Fig. 3FI). PCA-, MNN-, and
Harmony-based visualization for all methods can be found in
Supplemental Figure S1.

Although clustering is the most popular means for unsuper-
vised multivariate analysis of single cells, cell-lineage annotation
requires the examination of marker-gene expression. Typically,
univariate statistics are applied to user-selected canonical markers
to confer lineage identity on CTCs and WBCs. Given the
unpredictable expression dynamics of single markers in CTCs,
it is often useful to measure combined up-regulation of tens of
markers, reducing dependency on individual genes. To this
end, we used Stouffer's method to combine expression levels of
a range of markers associated with cell lineages of interest
(Supplemental Table S4). Figure 4, A-C, highlights cluster-specific
enrichment scores of genes related to immune genes, as well as
breast elevated genes. Out of the three clusters retrieved by
unCTC, cluster 2 showed the highest enrichment of epithelial
markers. This finding is concordant with annotations sourced
from the studies.
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Figure 1. unCTC: a unified, end-to-end computational framework for marker-free characterization of CTCs. Schematic diagram depicting the analysis
workflow, as well as the key methods supported by the unCTC R package. The first step involves processing raw FASTQ files to obtain the expression matrix.
The novel DDLK clustering method is used to robustly cluster single CTC transcriptomes. Notably, DDLK works on pathway enrichment scores as opposed
to expression values. Cluster-wise differential expression analysis is performed to gain insights into diverse CTC and WBC subtypes. Expression levels of well-
known epithelial and immune markers are tracked to approximate broad cell-type identities. A similar analysis is also performed at the level of well-known
gene sets/pathways. Furthermore, differential enrichment of pathway-specific genes can be analyzed to infer functional attributes. Finally, expression-
based pseudo-CNV inference allows unbiased characterization of the identified clusters, thereby highlighting the malignant cells.
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Figure 2. ClearCell FX and Polaris workflow for marker-free enrichment of CTCs. The schematic dia-
gram depicts the key steps involved in the capture and isolation of CTCs using a two-pronged system.
ClearCell FX uses a spiral chip to size-sort CTCs. Polaris performs single-cell capture and cDNA synthesis
of potential CTCs after depletion of cells that are PTPRC/CD31-positive. Finally, cDNA thus received is

subjected to library preparation and RNA sequencing.

unCTC recognizes CTCs selected by the ClearCell FX and Polaris
workflow

We have recently demonstrated CTC characterization using super-
vised machine learning methods (Iyer et al. 2020). Given the dy-
namic nature of CTC phenotypes, it is however useful to
characterize single CTC transcriptomes by unsupervised means.
Further, classification-based characterization approaches are falli-
ble in scenarios in which the obtained CTCs are of atypical pheno-
types. unCTC alleviates this shortcoming by bringing to bear a
spectrum of unbiased single-cell characterization tools. As an ex-
tended validation, we subjected the 72 filtered single-cell tran-
scriptomes associated with potential CTCs captured by the
ClearCell FX and Polaris workflow. These come from a total
of six women entailing three major subtypes of breast cancer:
ER™/PR"/HER2", ER*/PR*/HER2™, and ER"/PR"/HER2". As a con-
trol, we also considered the CTC data set published by Ebright
et al. (2020) that comprises 824 cells from 45 patients with breast
cancer of the ER*/PR*/HER2™ subtype. For WBCs, we considered
752 scRNA-seq profiles processed in two distinct runs using the
Smart-seq2 protocol (Supplemental Table S3; Ding et al. 2020).
This integrative analysis task is referred to as Study 2. Figure 5 sum-
marizes the performance of all four methods, Vanilla Seurat,
fastMNN, Harmony, and unCTC, in terms of their ability to segre-
gate WBCs and CTCs. We found a mixture of CTCs and WBCs
across most clusters with fastMNN and Harmony (Fig. SD-I).
Vanilla Seurat identified a number of clusters with CTCs alone;

unCTC .
Computational Workflow Marker-dependent characterization of
CTC clusters
Cell lineages are best understood

through the enrichment of well-charac-
terized lineage markers. Two approaches
can be adopted for this: investigating dif-
ferential expression for single markers
and for marker panels. For the second
study (comprising ClearCell FX and
Polaris), we analyzed lineage identities for clusters identified by
DDLK (Fig. 6A). Multiple well-known immune cell markers were
spotted among the top 200 differentially up-regulated genes
(Supplemental Table S5) among cells in cluster O that predomi-
nantly contains WBCs from the Ding et al. data set. These are
NKG7, PTPRC, PTPRCAP, IL32, CD74, and CD48. The remaining
clusters (clusters 1, 2, 3) comprise mostly CTCs (from the Poonia
et al. and Ebright et al. data sets).

Cluster 1 among these is found to have elevated expression
levels of integrins ITGA2B and ITGBS). Integrins are principal ad-
hesion molecules and play a central role in platelet function and
hemostasis. Recent studies have postulated CTC—platelet interac-
tion based on RNA extracts of single and clustered CTCs (Ting
et al. 2014; Szczerba et al. 2019; Aceto 2020). CTCs constantly in-
teract with factors in the blood such as platelets, circulating nucleic
acids, and extracellular vesicles, which influence their molecular
profiles (Ward et al. 2021). We observed elevated expression levels
of the platelet degranulation markers CLU and SPARC, which are
known for regulating PF4 (Beck et al. 2019), a critical endocrine
factor previously described to be associated with worse outcomes
in patients with lung cancer (Pucci et al. 2016). PF4 was also found
to have elevated expression in cluster 1-specific cells. Cluster 1-
specific CTCs showed elevated expression of numerous oncogenes
with well-known roles in breast cancer progression. CDKNIA
(Koch et al. 2020), TIMP1 (Abreu et al. 2020), and PGRMC1
(Clark et al. 2016) are notable among these. Cluster 2 that harbored
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unCTC enables integrative analysis of CTCs and WBCs. A multistudy CTC/WBC data set was created to test the efficacy of unCTC alongside

three best practice scRNA-seq analysis pipelines, namely, Vanilla Seurat, fastMNN, and Harmony. (4-C) Vanilla Seurat-based visualization, clustering,
and cluster purity of CTCs and WBCs. (D-F) Similar figures for fastMNN. (G-/) Similar figures for Harmony. (J-L) Equivalent figures for unCTC.

the ClearCell/Polaris CTCs aside from CTCs from the Ebright et al.
data set expressed a number of breast cancer-associated tran-
scripts. Notable among these are—IL 10, which drives breast cancer
progression and proliferation (Sheikhpour et al. 2018); BRIPI,
whose genotypic alteration increases breast cancer risk and elevat-
ed expression features invasive nature of the primary disease (Eelen
et al. 2008); IDO1, which encodes a key immune checkpoint pro-
tein (Dill et al. 2018); and POUS5F1, a cancer stem cell marker (Jin
et al. 2019). Cluster 3 can be best characterized by the elevation

of canonical epithelial markers such as EPCAM, KRT18, and
KRT19. Tumor suppressor SOD1 (Liu et al. 2020) was found to be
up-regulated in these cells.

Functional analysis of the cluster-specific up-regulated genes
was performed using IPA (Qiagen) (Kramer et al. 2014). Cluster O
(WBC cluster)-specific up-regulated genes were largely unrelated
to cancer, whereas the remaining clusters (CTC-specific) showed
enrichment of cancer-associated pathways aligned with our above
analysis of cluster marker genes (Fig. 6B-E). We also visualized
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Figure4. Cluster purity. (A-C) Boxplots depicting the distribution of Stouffer’s scores computed based
on known B cell, T cell, and epithelial cell markers, respectively, for cells in each of the unCTC identified
clusters. Asterisks indicate that cluster differences are statistically significant.

selected relevant pathways that had differentially elevated enrich-
ment in specific clusters (Supplemental Fig. S3). Cluster-specific
differential enrichment of pathways was largely concordant with
the insights gained based on analysis of differential expressed
genes (Supplemental Table S6).

All ClearCell/Polaris CTCs clustered together with a fraction
of Ebright CTCs. Notably, all Ebright CTCs are of the ER*/PR*/
HER2™ category. A large fraction of Poonia CTCs also belong to
the same category (54 out of 72). Also, as discussed above, CTCs
in cluster 2 were found to be enriched with breast cancer markers.
This seems to be the dominant cause behind clustering of Poonia
CTCs with a fraction of Ebright CTCs, leading to disguising the
intersubtype heterogeneity in Poonia CTCs. To closely observe
the heterogeneity among Poonia CTCs, we exclusively analyzed
those using unCTC. We observed two subpopulations of ER*/
PR*/HER2™ CTCs and spatial localization of the triple-negative
breast CTCs (Supplemental Fig. S4A). The Poonia et al. data set
(ClearCell FX/Polaris system) encompasses all major breast cancer
subtypes: ER"/PR™/HER2™, ER"/PR"/HER2", and ER*/PR*/HER2".
For each subtype, we identified the top 10 up-regulated genes
(Supplemental Fig. S4B; Supplemental Table S7). The ER™/PR™/
HER2* subtype showed elevated expression of HEYL. Notably,
overexpression of the HEYL gene is known to be associated with
poor survival in estrogen-negative breast cancer (Han et al.
2008). Another gene, CREBL2, has been reported to be expressed
in a cell line with the ER*/PR*/HER2" subtype compared with an-
other cell line with a basal subtype (Mellick et al. 2002). We found
this gene to be up-regulated in the ER*/PR*/HER2™ cells. EIF3C,
which is known to promote proliferation (Zhao et al. 2017),
showed elevated expression levels in CTCs originating from the tri-
ple-negative breast cancer (TNBC) subtype.

We performed cluster characterization based on single markers
and marker panels. It is well known that owing to the loss of epithe-
lial property, only a tiny percentage of CTCs would display conven-
tional epithelial markers (Iyer et al. 2020). Because of EMT in CTCs
and high dropout rates in scRNA-seq data, single markers may not
show substantial differential expression; consequently, a combina-
torial approach may be more beneficial than tracking the differen-
tial expression of individual genes. We curated markers from
literature, and these markers are highly expressed in immune cells
and breast epithelia (Supplemental Table S4). Stouffer's method
(Stouffer et al. 1949) was used for combinatorial scoring of marker
enrichment at a single-cell level. Scores thus obtained separated
the WBC and CTC populations as expected (Supplemental Fig.
S5A). We then tracked differential expressions of single markers.

Duplications and deletions that result in
the addition or loss of significant chro-
mosomal regions are referred to as
CNVs. As proven by The Cancer
Genome Atlas (The Cancer Genome
Atlas Research Network et al. 2013) and
the International Cancer Genome
Consortium  (Mafficini and Scarpa
2018), somatic CNVs, also known as copy number aberrations
(CNAs), are prevalent in cancer. These CNAs are strongly linked
to the onset, development, and metastasis of cancer (Sudmant
etal. 2015; Jiang et al. 2016; Urrutia et al. 2018). With the growing
popularity of single-cell sequencing of tumor microenvironments,
expression-based CNV inference has become critical in zeroing in
on malignant cells in a marker-independent manner (Tickle et al.
2019). The same strategy can be useful to characterize CTCs.

We subjected the Poonia et al. and Ebright et al. CTCs to
inferCNV for CNV inference from single-cell expression data
(Tickle et al. 2019). Separate analyses were performed for Poonia
etal. CTCsand Ebright et al. CTCs because those come from different
experimental pipelines and chemistries, and inferCNV is not
equipped with batch effect correction. We used our internal
PTPRC cell expression profiles from a healthy individual as a refer-
ence. More details pertaining to the experimental setting can be
found in Supplemental Notes 2 and 3. In both studies, we identified
several similar CNV patterns at the following chromosomal sites:
Chr1p36, Chrlp36.11, Chrlq21.3, Chr3q29, Chr4pl6.3,
Chr5q35, Chr16q24, Chr17p13.3, Chr19q13.2, and Chr19q13.43
(Fig. 7; Supplemental Fig. S6). Chromosome 1q harbors both tumor
suppressor genes and oncogenes and is linked with breast carcino-
genesis (Bieche et al. 1995). Previous studies reported two altered re-
gions in Chromosome 1q: the smallest commonly deleted and the
overrepresented regions at 1q21-31 and 1q41-q44, respectively
(Bieche et al. 1995; Lobo 2008; Privitera et al. 2021). Allelic loss in re-
gion 1g21-23 may be a valuable prognostic biological marker for the
detection of local relapse in breast cancer (Gaki et al. 2000;
Salahshourifar et al. 2015). The high frequency of loss of heterozy-
gosity at 1q21.3, which plays a crucial role in tumor malignancy,
could be one of the genetic markers used to diagnose malignancies
(Yang et al. 2005; Salahshourifar et al. 2015). The 1p36 region of
the chromosome is a known alteration hotspot (Ragnarsson et al.
1999). The TP73 gene is situated at 1p36 and is homologous to
TP53, which has been suggested as a potential tumor suppressor
gene (Garnis et al. 2005). Amplification at 1p36.33 is associated
with poor clinical outcomes (Ragnarsson et al. 1999; Bhosale et al.
2017). Previous studies have reported the presence of CTC-like geno-
mic gains on Chromosome 19 at a low frequency in primary breast
cancer (Kanwar et al. 2015). Furthermore, several studies have sug-
gested that gains on Chromosome 19 may have a role in aggressive
forms of breast cancer (Turner et al. 2010; Natrajan et al. 2012).
The 19q13 region, in particular, is associated with copy number
gains of signatures involved in dormancy and tumor aggressiveness
in CTCs. Some of the genes involved in promoting EMT, invasion,
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Figure 5. Clustering of CTCs obtained from ClearCell FX-Polaris system. (A-/) Visualization, clustering, and cluster purity of ClearCell FX-Polaris in pres-
ence of independent breast CTC and WBC scRNA-seq profiles, using Vanilla Seurat, fastMNN, and Harmony, respectively. (J-L) unCTC visualization, clus-
tering, and cluster purity are depicted in equivalent figures. Notably, Vanilla Seurat, fastMNN, and Harmony failed to integrate CTCs from two different
sources. unCTC accurately segregates CTCs and WBCs. CTCs obtained from ClearCell FX—Polaris system cocluster with breast CTCs from Ebright et al.

data (Ebright et al. 2020).

and metastasis are CEBPA (19q13.11), PAK4 (19q13.2), and AKT2
(19q13.2) (Kanwar et al. 2015). The APOBEC3B gene, which is locat-
ed on Chromosome 22q13.1, regulates breast cancer cell develop-
ment by promoting ER transcriptional activity (Cescon et al
2015). APOBEC3B copy number gain is associated with poor survival
in patients with ER" breast cancer (Periyasamy et al. 2015; Murakami
etal. 2021). A summary of each detected event along with the CNV
state (1 =two copy losses, 2 =one copy loss, 3 =neutral, 4 =one copy

gain, 5=two copy gains, 6 =three or more copy gains) is given in
Supplemental Tables S8 and S9, with source data identities.

Discussion

CTC:s provide a window into their respective tumors of origin and
cancer evolution. Most of the existing CTC enrichment methods
are incomprehensive because they miss CTCs that do not express
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canonical epithelial markers. Single-cell expression studies allow
the inspection of molecular profiles of CTC-rich cell populations
obtained from an enrichment device. To date, there is no compre-
hensive computational resource that allows the identification of
diverse/unknown CTC phenotypes from scRNA-seq data compris-
ing CTCs and WBCs. unCTC enables this by providing a number of
unsupervised and semisupervised means to interrogate CTC and
WBC transcriptomes.

We demonstrated DDLK, a novel clustering approach that
leverages pathway enrichment scores to yield robust grouping

of single cells even when the data sets are sourced from disparate
studies. This is particularly helpful because typical single-cell
studies feature multiple replicates. It should be noted that
DDLK is meant to discover broad groups in scRNA-seq data. It
is neither tested nor expected to aid the discovery of heteroge-
neous subpopulations. For that, one can refer to our previous
works describing the dropClust software suite (Sinha et al.
2018, 2019). With the help of unCTC, we could spot CTCs
with unknown phenotypes. Expression-based CNV inference
corroborated our findings with precise genomic locations,
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six breast cancer patients while considering healthy WBCs as reference.

indicating amplifications/deletions that are previously known in
breast cancers.

Tumor microenvironment profiling using scRNA-seq tech-
nologies is becoming increasingly popular. Similar to unbiased an-
notation of CTCs, a common challenge in tumor scRNA-seq data
analysis is to distinguish between malignant and other nonmalig-
nant stromal cell populations. Gene expression-based CNV infer-
ence is typically used as a rescue in these scenarios. However, in
practice, one cannot guarantee the availability or expression-level
detectability of the CNVs. To demonstrate the utility of unCTC in
such scenarios, we analyzed scRNA-seq profiles from 18 primary
head and neck squamous cell carcinoma (HNSCC) patients from
a previously published study by Puram et al. (2017). unCTC clearly
separated the malignant and nonmalignant populations, without
any manual intervention (Supplemental Note 4; Supplemental
Fig. S7).

In total, we compared unCTC with four state-of-the-art inte-
grative single-cell analysis pipelines: Vanilla Seurat, Integrative
Seurat (with CCA and RPCA variants), fastMNN, and Harmony
(figures and supplemental notes associated with the benchmark-
ing results can be found indexed in Supplemental Table S$10).
Vanilla Seurat managed to avoid mixing both cell types (Figs. 3,
5; Supplemental Note 1; Supplemental Figs. S1, S2). However,
the low-dimensional embeddings appeared to be rather discrete
for CTC subpopulations in Study 2 (Fig. 5; Supplemental Fig. S2).
Of note, the Integrative Seurat variants (CCA and RPCA) struggled
to stratify the CTC and WBC subpopulations (Supplemental Note
1; Supplemental Figs. S8, S9). For objective assessment of cluster
qualities, we evaluated three frequently used metrics, namely, ad-
justed Rand index (ARI), normalized mutual information (NMI),
and cluster purity for clusters produced by different methods un-
der comparison. unCTC clearly outperformed the existing meth-
ods (Supplemental Figs. S11, S21, and S11I).

An integrative analysis method should ideally be agnostic of
prenormalization strategy. This is a practical challenge faced by the

Expression-based inference of the CNV landscape across patient-wise malignant cells. The
heatmap obtained from the inferCNV tool (Tickle et al. 2019) depicts the putative CNV landscape across

Ebright et al. CTCs were captured using
the CTC-iChip technology (Ozkumur
et al. 2013) while using epithelial/other
cancer-specific markers to identify CTCs
postenrichment. Such an approach
could be unsuitable for detecting TNBCs owing to the lack of sur-
face markers.

This study presents a unique experimental plus analysis work-
flow for marker-free CTC detection and characterization. On inte-
grative analysis tasks, unCTC performed more consistently
compared with Seurat, fastMNN, and Harmony. Notably, Vanilla
Seurat was also capable of yielding reasonable separation of the
cell types of interest. Although unCTC is robust to batch effects,
it still needs improvement for adequately deciphering malignant
cell heterogeneity. Our study is among the few that treat CTC tran-
scriptome analysis as a unique challenge. Our study puts forth a
unified computational framework and data sets, which together
can serve as a baseline in this field of study.

CTCs are crucial biomarkers to monitor cancer progression
and treatment response. Given the increasing throughput and
sharply dropping price associated with single-cell expression pro-
filing, we predict unCTC will play an important role in construct-
ing cancer-specific molecular atlas of CTCs.

Methods

Description of data sets

We compiled two scRNA-seq data sets for comprehensive evalua-
tion of unCTC. In the first study, we used seven distinct scRNA-
seq data sets of CTCs and WBCs (Aceto et al. 2014; Ting et al.
2014; Yu et al. 2014; Sarioglu et al. 2015; Jordan et al. 2016;
Velten et al. 2017; Zheng et al. 2017). Six of the seven data sets
yielded 141 single CTCs. Two of the studies offered a total of
1037 WBCs. Notably, one of these data sets (obtained from the
NCBI Gene Expression Omnibus [GEO; https://www.ncbi.nlm
.nih.gov/geo/] under accession number GSE67939) contains
both blood and CTC transcriptomes (Sarioglu et al. 201S5).
Another data set (GEO accession number GSE74639) contains 10
single CTCs and six single primary tumor cells (Zheng et al.
2017). The CTC data entail three cancer types: breast, lung, and
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pancreatic (Supplemental Table S3). This data set was used to val-
idate the unCTC potential for integrative analysis and clustering.

In the second study, we used three publicly accessible scCRNA-
seq data sets. The first data set consisted of 81 potential CTCs, en-
riched by the ClearCell FX and Polaris workflow. The CTCs were
six patients with breast cancer of three subtypes: ER™/PR7/
HER2~, ER*/PR*/HER2~, and ER"/PR"/HER2*. These data are re-
ferred to as the Poonia et al. data set. In the second data set, as a
control, we also considered 824 ER*/PR* single CTCs isolated
directly from whole-blood specimens of cancer patients using
the CTC-iChip microfluidic system (the Ebright et al. data set)
(Ebright et al. 2020). In the third data set, there were a total of
752 WBC expression profiles (processed in two different runs).
This data set is referred to as the Ding et al. data set
(Supplemental Table S3; Ding et al. 2020). We noted that, on aver-
age, the gene expression levels of the Poonia CTCs are found to be
higher compared with the Ebright CTCs (Supplemental Fig. S12).

Sample collection

In total, 81 CTCs were collected from blood specimens of six breast
cancer patients with distinct molecular subtypes. Out of these, 11
CTCs were obtained from one patient with TNBC, 57 CTCs from
three patients with ER"/PR*/HER2™ breast cancer, and 13 CTCs
from three patients with ER”/PR™/HER2" subtype (Supplemental
Table S1). All blood samples were collected from breast cancer pa-
tients at the National Cancer Center Singapore with the informed
consent of all human participants and in accordance with institu-
tional review board (IRB) guidelines (CIRB no. 2014/119/B). The
SingHealth centralized institutional review board examined and ap-
proved the clinical sample collection protocols. The immunohisto-
chemical (IHC) testing of estrogen receptor (ESR1, also known as
ER), progesterone receptor (PGR, also known as PR), and erb-b2 re-
ceptor tyrosine kinase 2 (ERBB2, also known as HER2) status was
conducted based on the latest guidelines of the American Society
of Clinical Oncology and the College of American Pathologists.

CTC enrichment

To perform CTC enrichment, 9 mL of blood samples was collected
in K3 EDTA blood collection tubes (Greiner Bio-One 455036). For
each run, 6-8.5 mL of whole blood was processed. The red blood
cells (RBCs) were first removed with the addition of the RBC lysis
buffer (G-Biosciences) followed by incubation of 10 min at room
temperature. After centrifugation, the lysed RBCs in the superna-
tant were removed. The nucleated cell pellet was suspended in a
ClearCell resuspension buffer before CTC enrichment on the
ClearCell FX system (Biolidics Limited) (Lee et al. 2018) per the
manufacturer’s instructions.

Immunofluorescence suspension staining

CTC-rich blood samples were centrifuged at 300g for 10 min and
concentrated to 70 pL. The cell staining was performed with the
addition of the following markers and antibodies for 1 h:
CellTracker Orange (CTO; Thermo Fisher Scientific C34551),
Calcein AM (Thermo Fisher Scientific L3224), PTPRC antibody
conjugated with Alexa Fluor 647 (BioLegend 304020), and CD31
conjugated with Alexa Fluor 647 (BioLegend 303111). To improve
the viability and RNA quality of the cells, 15 uL of RPMI with 10%
FBS (Gibco) and 3 uL of RNase inhibitor (Thermo Fisher Scientific
N8080119) were also added. After incubation, 13 mL of PBS was
added to dilute the staining reagents. The sample was spun
down at 300g for 10 min and concentrated to 45 pL. To achieve op-
timal buoyancy in an integrated fluidic circuit (IFC), 45 uL of CTCs

was mixed with 30 L cell suspension reagent (Fluidigm 101-0434)
to achieve 75 pL of cell mix.

IFC operation

The Polaris IFC was first primed using the Fluidigm Polaris system
to fill the control lines on the fluidic circuit, load cell capture
beads, and block the inside of polydimethylsiloxane (PDMS) chan-
nels to avoid nonspecific absorption/adsorption of proteins. Then
to capture and maintain the single cells in the sites, capture sites
(48 sites) were preloaded with beads that are coupled on IFC to
build a tightly packed bead column during the IFC priming pro-
cess. After the priming stage, the cell mix (cells with suspension re-
agent) was laden in three inlets (25 uL each of cell mix) on the
Polaris IFC and single CTO+ & Calcein AM+ & PTPRC™ & CD31™
cells were selected to capture sites. Finally, single-cell processing
was achieved through template-switching mRNA-seq chemistry
for full-length cDNA generation and preamplification on IFC.
Supplemental Note 5 elaborates the steps involved in mRNA-seq
library preparation and sequencing. The preprocessing steps for
scRNA-seq data sets are outlined in Supplemental Note 6
(Supplemental Fig. S13).

Data integration, filtration, and normalization

RSEM software returns both read count data and TPM data (Poonia
et al. and Ebright et al.) From these data sets, we discarded cells
with a total read count of fewer than 50,000. As per this criterion,
nine CTCs were removed from the Poonia et al. sScRNA-seq data set
(Supplemental Table S2). All 824 cells in the Ebright et al. data set
qualified this criterion. The Poonia et al. and Ebright et al. data sets
were integrated with the Ding et al. data set containing WBC ex-
pression profiles, and genes that are common across the data sets
were retained. Further gene/cell filtering steps were implemented
as follows. We eliminated cells with fewer than 1500 expressed
genes (nonzero read count). On the other hand, we considered
genes with nonzero expression in at least five cells. Linnorm nor-
malization technique method was used with default parameters
for single-cell normalization and batch correction (Yip et al.
2017). Normalized expression values are log-transformed after
the addition of one as pseudo count. Linnorm normalization
and log transformation are applied to both the count matrix and
the TPM matrix.

Expression values to pathway enrichment scores

For computing gene set enrichment scores, we used the GSVA R
software package (Hdnzelmann et al. 2013). GSVA needs mainly
two inputs: normalized and log-transformed expression matrix
and gene sets. We used the C2 collection from MSigDB
(Subramanian et al. 2005). This contains more than 6000 litera-
ture-curated gene sets. Before passing the gene set and expression
matrix to the GSVA function, a filtering step is applied on gene sets
that remove genes that are not present in the normalized expres-
sion matrix. We set min.sz as 10, max.sz as 500, max.diff as
FALSE. Because the calculations for each gene set are independent
of each other, we calculated enrichment scores in parallel. Here we
used four parallel threads to speed up the computation (parallel.sz
=4).

DDLK clustering

Unsupervised clustering of GSVA enrichment scores was per-
formed using k-means friendly DDL. To specify the optimal value
of clusters for k-means clustering, the elbow method is used.
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The popular way to express k-means clustering is via the fol-
lowing formulation:

k n
hijlz - will;
i=1 j=1 )
hj =1, if x; e Cluster i
hj =0, otherwise

where z; denotes the jth sample and y; the ith cluster.
An alternate formulation for k-means is via matrix factoriza-
tion (Bauckhage 2015):

Hz —ZH"HHT) 'H i )
where Z is the data matrix formed by stacking z;’s as columns, and
H is the matrix of binary indicator variables h;;. We prefer express-
ing k-means as Equation 2 in this work.

Because DDL is not a popular framework, we review it briefly.
Dictionary learning (Tosi¢ and Frossard 2011) learns a basis (D)
such that the data (X) can be generated/synthesized from the coef-
ficients (Z):

X=DZ. ?3)

The term dictionary learning is relatively new. The same prob-
lem has been known as matrix factorization in the past. One can
see that Equation 3 is factoring the data matrix X into D and Z.
In its most basic form, dictionary learning/matrix factorization is
solved via the following:

: _ 2
min|IX - DZI, )

where || ||% is the squared Frobenius norm defined as the sum of the
squares of all the terms in the matrix.

In DDL, instead of learning one layer of the dictionary, mul-
tiple layers are learned instead. This is expressed as

X = D3¢(D2¢(D12)). (5)

Here Dy, D,, D3 are three layers of dictionaries, and ¢ is the ac-
tivation function between two layers. It is shown for three layers as
an example; it can be more than three.

The solution to the unsupervised formulation is expressed as
follows:

. 2
Dl,.IpZIBLZHX — D3¢(D2¢(D12))| ;- (6)

In Equation 9, a greedy solution to Equation 6 was proposed.
This was not optimal in the sense that there was feedback from
shallow to deeper layers but not vice versa. To overcome this, the
joint solution was proposed by Singhal and Majumdar (2018)
based on the majorization minimization (MM) approach.

In this work, we will use the ReLU activation function for two
reasons: (1) it is easier to incorporate as an optimization constraint,
and (2) ReLU has been proven to have better function approxima-
tion capabilities. Therefore, our basic framework for DDL (with
ReLU) will be expressed as follows:

min_ |X — D1D2D3Z|% s.t. D2D3 Z > 0,D3Z > 0,Z > 0.
Dy,Dy,D3,Z,H

ReLU activation
@)
We propose to incorporate the k-means cost (Eq. 2) into the DDL

formulation (Eq. 7). The basic idea is to use the features generated
by DDL as inputs for clustering. However, instead of solving it

piecemeal, we jointly optimize the following cost function:

min || X — D1D2DsZ |2+ ”Z— ZHT(HHT)’IHH2
Dy,Dy,D3,Z,H 12253 F m F

DDL k — means ®)
st. D;D3Z>0,D3Z>0,Z>0.

We solve Equation 8 wusing alternating minimization.
Initially, we ignore the nonnegativity constraints in Equation 8;
later on, we will discuss how they can be handled. The updates
for different variables are as follows:

D1 < min|X — DiD;DsZ|}
1

&)
Dk =Xxz{, where 7, = D§ 1Dy Z5 1.
Here in the ZT, the superscript cross stands for Pseudoinverse.
D, < min||X — D1D,D5Z||%

’ (10)

Dk = DNTX2Z,,  where Z, = Dkl 7K1

D3 < min|lX — DiD2DsZ |}

’ 1mn

D = OADh)Txz 1T
2 T Ty-1p7]%
Z < min|x - DlDzDsZ\IF-i-,u”Z — ZHT(HHT) HHF. 12)

To solve Z, we need to take the gradient of the expression in
Equation 12 and equate it to zero. The derivation is given below.

o2

v(ux — DiD2DsZI}+w| Z — ZHT (HH') 1H“p> =0

s (D\DyD3)"X — (D3 DD (D1 DD Z — Z(;df MHT(HHT)*IH) =0
= (D1D2D3)" X = (D1D2D5) (D1D2D5)" Z + Z(pul — pH" (HH') ' H).

The last step of the derivation implies that Z is a solution to
Sylvester’s equation of the form AX + XB=C. There are many effi-
cient solvers for the same.

The final step is to update H. This is obtained by solving

H m}}n”Z - ZHT(HHT)’IHHE. (13)

This is the k-means algorithm applied on Z.

In the derivation so far, we have not accounted for the ReLU
nonnegativity constraints. Ideally, imposing the constraints
would require solving them via forward-backward type splitting
algorithms; such algorithms are iterative and hence would increase
the run-time of the algorithm. We account for these constraints by
simply putting the negative values in Z, Z,, and Z, to zeroes in ev-
ery iteration.

The algorithm is shown in a succinct fashion below. Once the
convergence is reached, the clusters can be found from H. Because
Equation 8 is a nonconvex function, we do not have any guaran-
tees for convergence. We stop the iterations when the H does
not change significantly in subsequent iterations.

Algorithm: DDL + k-means

Initialize: DY, DY, DY, Z°, HO

Repeat till convergence
Update DX, DX, DX using (9), (10), (11)
Update Z¥ by solving Sylvester’s eqn
Update H* by k — means clustering

End
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DEG identification

Differential genes between clusters obtained from DDLK clustering
were calculated using the Limma (Ritchie et al. 2015) package with
its Voom (Law et al. 2014) method. We first used the normalized
expression matrix to construct a DEGlist obct. The DEGlist object
was passed to the calcNormFactors() function of the edgeR R
package (Robinson et al. 2010; RStudio Team 2022), while setting
normalisation factor = 1 and method = none, followed by Voom trans-
formation. We reported the top up-regulated genes in each cluster,
sorted by log fold change, and with a qualifying adjusted P-value
cutoff of 0.05. Further functional analysis of the cluster-specific
up-regulated genes was performed using ingenuity pathway anal-
ysis (IPA) (Krdmer et al. 2014).

Differential pathways

The R package Limma was used to obtain differential pathways be-
tween clusters identified by the DDLK clustering (Ritchie et al.
2015). The moderated t-statistic was used for differential pathway
analysis. Pathways with positive log fold change and adjusted P-
value <0.05 were considered specifically enriched in a cell group.

Combinatorial evaluation of lineage markers

Stouffer’s method allows combining Z-scores across multiple vari-
ables to arrive at a single score indicating enrichment of a certain
property (or phenotype) (Gupta et al. 2021). We used this to mea-
sure the enrichment of a spectrum of lineage indicating genes
(breast epithelial and immune cell subtypes). This is particularly
helpful for CTCs because single markers may not show adequate
statistical significance for differential expression.

Software availability

Most of the updated code base and analysis pipeline can be ac-
cessed at GitHub (https://github.com/SaritaPoonia/unCTC).
Relevant source codes are also provided as a Supplemental Code.

Data access

All raw and processed sequencing data generated in this study have
been submitted to the NCBI Gene Expression Omnibus (GEO;
https://www.ncbi.nlm.nih.gov/geo/) under accession numbers
GSE186288 and GSE210651.
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