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ABSTRACT

Abstract: Detection of cancer for diagnosis and tracking the prognosis of the patients
using liquid biopsy procedure: the extraction of blood for the detection of cells is the
least invasive procedure and relatively fast process compared to tissue biopsy, which
would make the isolation and analysis of biological samples like exosomes, circulating
tumor DNA (ctDNA), circulating tumor cells (CTCs), a preferred approach over solid
biopsy via open surgery. Due to the sparsity of the overall count of CTCs in the blood
and low genomic content recovery from them, it is hard to identify and characterize
CTCs to make insights into the biology of the disease.

In this study, we analyzed the concurrent data of single-cell RNA-seq and targeted
DNA-seq from 9 pancreatic cancer patients. We developed a pipeline that leverages the
nature of concurrent data to identify CTCs from non-CTCs (blood cells).

We were able to identify CTCs using the mutation profile and transcriptomic profiles of
CTCs. We made fundamental biological insights into pancreatic cancer disease by
integrating mutational and transcriptomic profiles of the cells.
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Designing Circulating-tumor cells
(CTCs) detection method  using
co-measurement data of Single-Cell
RNA and Targeted DNA Sequencing

Introduction

The traditional approaches for chemotherapy regimen design is guided by analyzing the solid
tumors which are obtained through open surgeries or invasive tumor biopsy sampling. Typically,
histology and certain protein signatures are used to assess the prognosis and to develop
multi-drug targeted therapy regimens [1,2]. However the cancer-free or survival outcomes of the
patients improved only marginally because of the tumorigenicity, invasiveness and evasiveness
of the tumor cells conferred by the changes at genomic and epigenomic level. Thus, keeping the
cells resistant to the drugs. [3,4].

These approaches of analyzing just the proteomic and histological biomarkers are being slowly
replaced by the modern approach of analyzing the solid tumors for signatures at single-cell
resolution to dissect the heterogeneity of the tumor samples at multi-omics level (genomic,
epigenomic, transcriptomic, proteomic etc) using the next-generation sequencing (NGS) data
[5]. NGS of single-cell data of tumor cells offers the opportunity to understand the changes at
transcriptomic and genomic level in detail because of the techniques' capabilities to detect
low-frequency variants and variants at different biological context like alternatively spliced
transcripts, gene fusion, single-nucleotide polymorphisms, small and long non-coding RNAs,
post-transcriptional modifications and minor changes in gene expression can also be detected
(given a significant number of samples) [6]. Moreover, single-cell sequencing data offers the
ability to dissect the heterogeneity of the tumor tissue at single-cell resolution to identify
molecular and cellular mechanisms to develop targeted therapies [7-9].

Accessibility of solid tumors from the patients is one of the major challenges because of the
arising clinical complications associated with the invasive procedures necessary to obtain tissue
at the time of initial diagnosis as well as over the course of disease treatment. Also, the amount
of sample extraction is completely subjected to the pathophysiological conditions of the patients
[10]. One of the biological challenges in the analysis of the solid tumors is the intra-tumor and
inter-tumor heterogeneity and dynamic change in the genomic properties of the tumor tissues
over time, practically making the assessments on the initially obtained tumor futile [11]. Also,
the cost of patient care and the turnaround time for getting results using tissue biopsies can be
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longer while the patient care might be of time-sensitive issue. Thus, considering these
limitations newer ways of biopsy procedures have evolved like liquid biopsy which is generally
rapid, precise and to a degree allows for the real-time treatment of the patient.

A liquid biopsy method, the extraction of blood for the detection of cells is the least invasive
procedure and relatively fast process compared to tissue biopsy, which would make the isolation
and analysis of biological samples like exosomes, circulating tumor DNA (ctDNA),
circulating-tumor cells (CTCs), a preferred approach over solid biopsy via open surgery [12].
Also, analysis of CTCs in the blood sample allows for tracking the prognosis of the disease in
real-time with least strain on the patient. Many studies in the past have shown that CTCs can be
used as a marker to predict disease progression and survival in metastatic as well in the
early-stage cancer patients [14]. Analysis of CTCs can provide clinically relevant as well as
fundamental information that is not revealed with the analysis of ctDNA [15].

CTCs were first detected in the blood of a metastatic cancer patient by Ashworth in 1869 [16].
Circulating-tumor cells (CTCs) are the cells shed out from the solid tumor tissues during
hematogenous spread of the cancer, and can be detected in the blood circulation. CTCs serve
as the seeds for the formation of secondary tumors around the body. CTCs translocate to
distant tissues and organs via blood vessels, adapt to the new microenvironment, and
eventually seed, proliferate, and colonize to form metastases. The genome of the CTCs can
potentially reveal the nature of tumor tissue and its origin [17,18]. A meta-analysis conducted by
Qingtao et al. using data from twenty-one studies with 3997 subjects concluded that the CTCs
had good diagnostic value for detecting lung cancer [19]. There have been many studies
demonstrating the role of CTCs in designing the therapy regimens in breast cancer, pancreatic
cancer, hepatic cancer, and oral cancer. [20-23].

Analysis of the CTCs not only provides insights into the clinical diagnosis and prognosis, it can
also give fundamental insights into the basic biology of the cancer cells. Cancer metastasis
occurs in an elaborate, sequential manner starting with detachment of cells from the primary
tumor, followed by intravasation of the CTCs into bloodstream, further translocation to different
organs through the circulatory system and extravasation into secondary sites, finally adoption to
the new microenvironment and multiplication. [16,24]. Eslami-S et al. describe two types of
CTCs in their review article based on their metastatic capacity: (1) those CTCs that can migrate
and reach into the circulatory system but are not metastasis-competent [25] (2) CTCs that are
metastasis-competent. This categorization is based on the seminal work laid down by Fidler et
al., and they also showed that less than 0.01% of cancer cells injected in in vivo models could
generate metastatic tumors. The highly heterogeneous nature of the cancer confers a different
mechanism of metastasis among individual cells of the same tumor [25,26]. All these dynamic
heterogeneity among the CTCs are because of the collective changes happening at the
genotypic, phenotypic as well as at cellular levels. Therefore, it is imperative to understand the
nature of CTCs at different levels using multi-omics data at single-cell resolution to develop new
drugs and to design better diagnostic and treatment methods against cancer. CTC isolation from
the blood sample, and obtaining multi-omics data at the single-cell resolution from CTCs using


https://paperpile.com/c/GudKHR/cyF3
https://paperpile.com/c/GudKHR/M0KW
https://paperpile.com/c/GudKHR/efDd
https://paperpile.com/c/GudKHR/rvsq
https://paperpile.com/c/GudKHR/DBjm+7hal
https://paperpile.com/c/GudKHR/82M0
https://paperpile.com/c/GudKHR/wpfx+pGCj+Rj2A+ShEJ
https://paperpile.com/c/GudKHR/rvsq+Rzzb
https://paperpile.com/c/GudKHR/XeAV
https://paperpile.com/c/GudKHR/AxDf+XeAV

11

assays and meaningful integration of such data is challenging and is a biotechnology and data
science problem, respectively.

CTC isolation is the most difficult first step because of the extreme rarity of CTCs in the blood
samples compared to hematologic cells (about 1 tumor cell per 1 billion blood cells).

There are different strategies used to isolate the CTCs from the peripheral blood samples.

One of the immuno-affinity strategies is CTC-chip, a microfluidic platform with antibody
(EpCAM)-coated microposts under precisely controlled laminar flow conditions [27]. One of the
earlier more efficient method in CTC isolation was described by Shannon et al., they described
throughput microfluidic mixing device, the herringbone-chip, or “HB-Chip" which increases the
mixing of blood cells through the generation of microvortices to significantly increase the
number of interactions between target CTCs and the antibody-coated chip surface, thereby
increasing the chances of capturing the CTCs [28]. One of the drawbacks of these methods is
its inability to isolate CTCs without epithelial antigens.

An in vivo indwelling intravascular aphaeretic CTC isolation system called "GO chip is
designed to continuously collect CTCs directly from a peripheral vein, it uses a graphene oxide
sheets functionalized with high-density anti-EpCAM antibodies and herringbone structures for
better surface contact between the CTCs and the antibody coated sheets [29]. This method can
capture CTCs in more numbers compared to ex vivo methods.

Liu et al. described an immuno-affinity based negative selection method which has the
advantage of isolating CTCs with insufficient expression of the surface target markers, which
may be missed by positive selection methods. They employed three enrichment methods: CD s
depletion (negative selection), EpCAM-positive selection, and the combination of both negative
and positive selection. The highest recovery was observed in the sole CD,; depletion method
[30].

There are biophysical feature strategies, one of the ways is using the size dependent
separation. Payne et al., demonstrated that CTC enrichment in head and neck squamous cell
carcinoma using Parsortix microfluidic CTC enrichment platform, the cell capture rate can be
increased with fixative blood collection tube[31]. Wu et al. describe CTC detection and isolation
based on the surface charger of cancer cells, a bioelectrical manifestation of the “Warburg
effect”. Negative surface charge is a direct consequence of increased uptake of glucose by the
cancer cells to meet the demands of the rapid nuclear division in them, which is exploited to
capture the CTCs using the poly(ethyleneimine)-functionalized Fe304 nanoparticles,
surface-decorated with protein corona. This method is able to isolate diverse CTC
subpopulations of heteroploids and biomarker expression. Being a label-free and charge-based
CTC method, it is demonstrated to be one of the efficient ways of liquid biopsy[32]. Mishra et al.,
describe "PCTC-iChip, an ultrahigh-throughput microfluidic chip that rapidly sorts through an
entire leukapheresis product of over 6 billion nucleated cells, increasing CTC isolation capacity
by two orders of magnitude, further application of magnetic field on the magnetically labeled
leukocytes helps in negative depletion of leukocytes, increasing the potentially viable CTCs
without bias for expression of specific tumor epitomes [33].
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The next step after CTC isolation is the efficient generation of concurrent multi-omics data (like
genomics, transcriptomics) from the single cells. There has been a number of studies by
different groups to obtain the concurrent data from the isolated CTCs. Han et al. describe a
workflow for concurrent evaluation of transcriptomic and genomic characteristics within the
same single-cell on microfluidic platform, although it is a low throughput method, it has been
one of the earliest work on concurrent data generation [34]. To address the issue of low
throughput and slowness, Say Li et al. have developed concurrent sequencing of the
transcriptome and targeted genomic regions (CORTAD-seq) within the same single cell on an
automated microfluidic platform [35]. They successfully characterized lung cancer cell lines to
dissect the cellular consequences of mutations that result in resistance to targeted therapy.

The final step is the biologically meaningful integrative analysis of the generated data from the
CTCs. This project focuses on this step, we have developed a novel pipeline of identifying the
CTCs using the concurrent genomic and transcriptomic profiles of isolated pancreatic CTCs
generated in-house. The advantage of using the concurrent data is it allows for the
characterization of the CTCs at two levels, genomic and transcriptomic. Therefore, even if the
signature genes are not identified at the transcriptomic level, mutational signature at the
genomic level would help in identifying the CTCs. Further, combination of both the profiles of
CTCs can give novel insights into the biology of the pancreatic cancer itself. Pancreatic
adenocarcinoma (PDAC) is one of the most malignant abdominal tumors. It is the seventh
leading cause of tumor-related death worldwide. It correlates with age and is more prevalent in
men than in women [36]. PDAC has poor prognosis, only 24% of people survive for 1 year and
9% live for 5 years [37]. Important aspect of pancreatic cancer is that the diagnostic tests are
non-specific and may miss patients with early-stage disease, also PDAC and the other less
common exocrine cancers are typically diagnosed at a late stage [38]. Because of these
reasons it is imperative to develop proper diagnostic methods which can be employed in
detection of the cancer to decrease the mortality rates.

In this study, we utilized the mutational signatures across 10 genes related to pancreatic cancer
to estimate major and minor alleles based on the number of cells harboring a particular type of
single-nucleotide polymorphism (SNP) across these 10 genes: \. Further, a cell is considered
to be CTC if it harbors more number of minor alleles, in consideration of the fact that CTCs tend
to accumulate few newer mutations over time in their genome, it tends to have more somatic
mutations (minor allele) [39].
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Result
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Figure 1. This represents the overall workflow of the project. The cells were isolated
by size using microfluidic technology, subjected to concurrent sequencing of both
DNA-seq and RNA-seq. In the first approach to identify CTCs, their respective
mutation profiles are used. In the second approach, the identified CTCs’
transcriptomic profiles are used to further detect CTCs which were previously not
detected.



Detection of CTCs using mutational profiles

Quality of variant calling, Phread score
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Figure 2. Data quality information of DNA-seq of different libraries.

To detect the CTCs using the mutational profile, three steps were followed:

Step 1. Characterization of alleles as major and minor alleles
Based on the allele frequency it is possible to classify the alleles as major and minor

alleles. Allele frequency for a patient is the ratio of the number of times an allele occurs in all the
cells to the total number of alleles. An allele is considered to be a minor allele if its ratio is less
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than 0.2 and an allele is considered to be a major allele if its ratio is considered to be more than
0.8. A major allele which is present in the majority of the cells represent germline mutations and
a minor allele which is present in the minority of the cells represent somatic mutations. See
Figure 3. to check the allele frequencies and

Step 2. Selection of CTCs based on number of minor alleles (AF/,
DPiraw depth)

Hiinda bagumncy
Sember of alisken por cul, G230

Step 1. Classification of alleles

™,

Allele trequency, G50

Lkl

Figure 3. First graph depicts the allele frequency, the y-axis represents the allele type and
x-axis represents the count. Second graph shows the distribution of all the allele frequency
and distribution of minor alleles in patient G50.

Step 2. Characterization of alleles as major and minor alleles

Based on the fact that CTCs progressively keep acquiring new alleles, they are expected
to have more minor alleles compared to the blood cells. There the cells which had a higher



16

number of minor alleles are considered as CTCs. Check Figure 2 for the minor allele
distribution.

Step 3. Median comparison of minor allele count
between selected-CTCs and other cells

N=7

Colligps ® CPC @ s T

Figure 4. First graph depicts the median count comparison: the y-axis represents the count
and x-axis represents the type of cell.

Step 3. Characterization of alleles as major and minor alleles
It is expected that the CTCs would harbor more number of minor alleles than the
non-CTCs and this observation is seen in the patient G50 as presented in the Figure 4.
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Differential pathway analysis using Unipath
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Figure 4.1. First graph depicts the allele frequency, the y-axis represents the count and
x-axis represents the type of cell.

To verify if the identified cells are CTCs, differential pathway analysis is done using the scores
generated by the Unipath tool. Pancreatic cancer specific pathways are observed in the CTCs
with more fold change compared to non-CTCs, see Figure 4.1.

Detection of CTCs using transcription profiles

The identified CTCs’ transcriptomic profiles are subjected to PU learning to further detect more
CTCs which couldn’t have been detected in the first approach using mutation profiles.
Check Figure 5 and Figure 6 for RNA-seq quality.
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Figure 5. Represents the library quality of RNA-seq profiles of multiple libraries.



Transcriptomic profiles of CTCs and tumor samples of patients and cellines
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Figure 6. Represents the tSNE embeddings of all the cells of the different patients using

RNA-seq profiles.
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® Median of minor alleles after prediction
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Figure 7. This graph represents the median allele count comparison between the newly
predicted CTCs and non-CTCs in patient G50.
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Differential pathway analysis using all the CTCs (n
= 11) Vs non-CTCs (n = 53} using Unipath
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Figure 8. Differential pathway enrichment between all the CTCs selected from both the
approach and non-CTCs.

Integration of mutation and transcriptomic profiles

After identifying the CTCs by these two methods, the mutation profiles and the transcriptomic
profiles of the CTCs are integrated together to check for the correlation between the number of
minor allele counts per gene and the pathway enriched.
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Number of minor allele per gene
correlation with pathway enrichment g50
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Figure 9. Represents the correlation between minor allele per gene count and the pathway
enrichment scores of all the selected CTCs in patient G50.
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Number of minor allele per gene
correlation with pathway enrichment g50
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Figure 10. Represents the correlation between minor allele per gene count and the
pathway enrichment scores of all the non-CTCs in patient G50.

The above methods of identification of CTCs using mutational profiles and transcriptional
profiles were carried out on all the patient data (see Figure 11) and the next section shows results
of two of the patients.



Patient ID No. of cells
MIA-PACA2 cell line* 60
G50/KCL 09112018 57
G51/PIA 13122018 55
G52/ASY 13122018 51
PANOO1 17122018 72
G53/Y-C 18122018 32
G54/CJG 20122018 24

G56/5-S 25012019 10

G57/T-K 04022019 21

G60/BKY 18032019 42

G59/LCB 13032019 90
Figure 11.

Type
Cell line
CTC
CcTC
CTC

Tumour-derived line

CTC
CTC
CTC
s
CTC
CTC
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Library ID (RNA-seq/DNA-seq) Platform

MUX7643/MUX7651 C1-96
MUX8153/MUX8154 C1-96
MUX8476/MUX8477 C1-96
MUX8478/MUX8479 C1-96
MUX8406/MUX8407 C1-96
MUX8478/MUX8479 C1-96
MUX8476/MUX8477 C1-96
MUX9001/ MUX9002 C1-96
MUX9001/ MUX9002 C1-96
MUX9001/ MUXS002 C1-96
MUX9003/ MUXS004 C1-96

Represents the correlation between minor allele per gene count and the

pathway enrichment scores of all the non-CTCs in patient G50.

Application of the pipeline on patient data (G53 and G57)
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between selected-CTCs and other cells
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Figure 11. First graph indicates the median minor allele between selected CTCs using
mutational profile and non-CTCs in patient G53 and second graph shows median of minor
allele between newly predicted CTCs using transcriptomic profile and non-CTCs in patient
G53 (32 cells in total).

Differential pathway analysis using all the CTCs (n=5) Vs
non-CTCs (n = 27) using Unipath
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Figure 12. Differential pathway enrichment between all the CTCs selected from both the
approach and non-CTCs in patient G53 (32 cells in total).
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Number of minor allele per gene
correlation with pathway enrichment g53
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Figure 13. Represents the correlation between minor allele per gene count and the
pathway enrichment scores of all the selected CTCs in patient G53 (32 cells in total).
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Figure 14. First graph indicates the median minor allele between selected CTCs using
mutational profile and non-CTCs in patient G57 and second graph shows median of minor
allele between newly predicted CTCs using transcriptomic profile and non-CTCs in patient

G57 (21 cells in total).
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Figure 15. Differential pathway enrichment between all the CTCs selected from both the
approach and non-CTCs in patient G57 (21 cells in total).
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Conclusion
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Figure 17: Minor allele per gene across all patients’ final selected CTCs

CTCs cells exhibit heterogeneity as well as homology in mutation profiles across patient
samples check Figure 13 and Figure 16. This is observed even in the transcriptomic
profiles of the patients, see Figure 12 and Figure 15. This observation indicates the
nature of pancreatic cancer itself, the reason it is hard to treat using current therapy
regimens.

By showing the correlation between the observed mutations with the pathway, it can be
concluded that the minor allele count can be used to identify the CTCs. The KRAS
pathway is highly dysregulated in the CTCs across all the patient samples. ARID1A has
been reported very less to harbor mutations, less than 10% among all the TCGA
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pancreatic cancer samples shows mutation in ARID1A gene but we found a high
number of mutations on ARID1A gene across all the patients in all the identified CTCs,
see Figure 17.

The results from this study indicates that targeted sequencing has the ability for rapid
identification of cancer for diagnosis and prognosis and combining concurrent data of
multiple profiles can help explain pathobiology of the pancreatic cancer to develop
effective therapy regimens.

Method

CTC Isolation

A total of 7.5ml EDTA blood was collected from the patients. The CTC isolation was performed
using the ClearCell FX instrument following the procedures recommended by the manufacturer.
Briefly, blood lysis was conducted by addition of RBC lysis buffer in the ratio of 1:3 (blood: RBC
lysis buffer). The mixture was inverted 10 times and incubated at room temperature for 10
minutes, followed by centrifugation at 500g for 10 minutes. The cell pellet was resuspended in 4
ml of resuspension buffer. The sample was processed using Protocol 4 for higher purity CTC
isolation.

Tumor Tissues Dissociation

The tumor was washed thrice with cold washing buffer (DMEM/F12 (Gibco), 5% FBS (Standard,
Gibco) supplemented with 1% 10,000U/ml penicillin—streptomycin (Gibco)). and chopped into
smaller pieces with a sterile scalpel blade (Aesculap) followed by an incubation at 37 °C in 10
ml collagenase + dispase concoction (1 mg/ml) with shaking for 2 to 3 h. The suspensions were
repeatedly washed with a washing buffer for 5 times, and passed through the pre-wet 40 pm cell
strainers (BD Falcon, San Jose, CA, USA) for single cells. The cells were counted using the
Moxi™ Z Mini Automated Cell Counter (ORFLO Technologies).

PCR Primer Design

We designed thirteen pairs of PCR primers at the intronic regions of 10 genes that are most
frequently altered in pancreatic cancers (ARID1A, CCND1, CDK6, CDKN2A, JAG2, KDMG6A,
MYC, SMAD4, TP53 and KRAS) that generate PCR products of approximately 500-800 bp with
annealing temperature around 60«=C.

Library Preparation for Next-Generation Sequencing

The library preparation was carried out using the Nextera XT Sample Preparation kit (lllumina)
with minor modifications and one quarter of the recommended volume. Briefly, the cDNA and
gDNA amplicons were diluted to the range of 0.1 — 0.3ng/ul with C1 Harvest Reagent (Fluidigm)
followed by tagmentation at 55<C for 10min. The tagmentation was inactivated by addition of
NT Buffer. The Nextera PCR Master Mix and XT Indices were added into the sample. PCR
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amplification was carried out with the following conditions: 72=C for 3min; 95~C for 30sec, 12
cycles of 95~C for 10 sec, 55=C for 30sec, 72=C for 1 min; 72~C for 5 min. The amplified
products were pooled together and purified twice with 0.9X AMPure XP SPRI beads (Beckman
Coulter). The cDNA libraries were sequenced on the NextSeq (lllumina) platform for 76bp single
read sequencing run while the gDNA libraries were sequenced on the MiSeq (lllumina) platform
for 250 bp paired-end sequencing run.

Data Analysis

Mutational profile analysis: BWA and GATK tools were used to generate VCF files.
Transcriptomic profile analysis: STAR and RSEM tools were used to generate raw counts.
Pathway enrichment: Unipath tool was used for pathway enrichment analysis.
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