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Abstract
Over ninety percent of cancer mortality is attributable to metastasis, most commonly
due to the blood-borne dissemination of cancer cells from a primary tumor to secondary
tissues. Circulating tumor cells (CTCs) offer both a window into understanding the
fundamental underpinnings of this metastatic cascade and the potential to noninvasively and serially sample tumor-derived tissue for the early detection, longitudinal
monitoring, and prediction of therapeutic response in cancer. Work by our laboratory
has overcome some of the key challenges inherent to isolating these extraordinarily rare
cells using microfluidic cell enrichment technologies. However, the ability to rapidly and
accurately quantify and characterize CTCs has served as a major bottleneck toward
broader clinical implementation of the technology. Recently, digital PCR (dPCR) has
enabled the absolute quantification of a set of RNAs of interest, even while admixed
with large excess of contaminating non-target RNAs. Combining dPCR with our
microfluidic device facilitated the highly accurate tissue lineage-based cancer detection
from blood specimens from patients with a variety of solid tumors. In hepatocellular
carcinoma (HCC) a signature of 10 liver-specific transcripts was highly predictive for the
presence of cancer in 9/16 (56%) newly diagnosed, untreated patients with HCC
versus 1/31 (3%) controls with liver cirrhosis at high risk for developing HCC
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(P<0.0001). Similarly, in a group of 34 men with localized prostate cancer, a prostatespecific dPCR-CTC signature predicted the presence of microscopic dissemination with
high specificity (P<0.001). In a cohort of 54 women with high risk localized breast
cancer, elevated CTC-Scores ³3 weeks during neoadjuvant treatment predicted
significant residual disease at the time of subsequent surgical resection (p < 0.047).
Taking RNA-based quantitation of CTC-enriched bulk populations to the next analytic
level, single cell RNA sequencing of the microfluidically enriched product defined the
cellular origin of both individual CTCs and contaminating leukocytes. In HCC patients,
novel RNA-based CTC biomarkers were identified from the inferred copy-number
alterations present in cancer cells and validated in a separate cohort of HCC and CLD
patients (p<0.03). This thesis serves as a proof of principle for the scalable, highthroughput use of single-cell RNA sequencing to inform digital PCR-enabled CTC
detection of cancer, with potential applications for early detection, longitudinal
monitoring, and prediction of therapeutic response.
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Chapter 1
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Introduction:
Circulating tumor cells (CTCs) provide valuable information about the molecular
evolution of cancers, as they may initially respond and ultimately progress on therapy.
As intact tumor cells isolated from the bloodstream, CTCs also enable assessment of
heterogeneous subpopulations, and their analysis may involve DNA, RNA and protein
biomarkers. New microfluidic cell isolation strategies greatly facilitate the challenge of
enriching viable tumor cells from the billions of hematopoietic cells within a standard
blood specimen. While counting and characterization of enriched CTCs has primarily
relied on immunostaining of tumor cell-specific antigens, new RNA-based analytic
platforms are providing new insight into the identity of CTCs and providing new tools for
clinical applications. Single-cell RNA sequencing of CTCs reveals a high degree of
heterogeneity among cancer cells from a single individual, while new digital RNA-based
amplification platforms may now allow high sensitivity and high-throughput quantitative
scoring of CTCs for clinical applications. This thesis focuses on leveraging these two
technologies for the transcriptomic analysis of CTCs and its relevance in developing
diagnostic assays for the earlier detection and longitudinal monitoring of cancer
(Chapter 1).

Chapter 2 focuses on combining our laboratory’s recently developed CTC-iChip
microfluidic isolation technology with droplet digital PCR for the earlier detection of
hepatocellular carcinoma (HCC). After identifying a set of highly HCC-specific RNA
markers, clinical specimens were processed though the CTC-iChip and their RNA
markers quantified using dPCR. A logistic regression model built off the resulting
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dataset achieved highly specific detection of HCC patients compared to those at high
risk of developing HCC due to chronic liver disease (CLD), CLD includes advanced liver
cirrhosis caused by viral or alcoholic hepatitis, or other fibrotic and inflammatory
conditions such as non-alcoholic steatosis (NASH). CTC quantitation using this digital
assay provided orthogonal information to existing blood based biomarker serum AFP,
serving as a proof of concept for CTC-dPCR technology to serve as a scalable, and
highly specific, method of earlier detection for HCC in high risk patients.

Chapter 3 expands this approach to the longitudinal monitoring and prediction of
therapeutic response in the setting of prostate and breast cancer, respectively. Earlystage localized prostate cancer is often characterized by favorable prostate-cancer
specific outcomes, but a subset of patients are at high risk for dissemination outside
the prostate gland and adverse prognosis, which may only be detected at the time
of surgical prostate cancer resection. In high-risk localized breast cancer, there is
no current method to identify the set of patients who will benefit from neo-adjuvant
preoperative chemotherapy, with response typically defined only at the time of
surgical resection, following months of chemotherapy or hormonal therapy. Using
two distinct assays defined in a similar method to that outlined in Chapter 2, we
demonstrate the broader applicability of the CTC-dPCR approach for risk
stratification and prediction of therapeutic response in the setting of prostate cancer.

Chapter 4 focuses on leveraging single-cell RNA sequencing (scRNAseq) for the
unbiased identification of novel RNA markers for dPCR CTC detection. Digital PCR
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requires the prior selection of a set of markers believed to be expressed within
CTCs. In order to more fully interrogate the search space for RNA biomarkers of
CTCs, scRNAseq of the CTC-iChip product was coupled with copy-number variant
analysis to identify which cells were putative CTCs in an unbiased fashion, allowing
their transcriptomes to be used for subsequent novel biomarker identification.

Together, these chapters serve as a proof of principle for the scalable, highthroughput use of digital PCR-based CTC detection for the earlier detection,
longitudinal monitoring, and prediction of disease response of cancer patients.

Available methodologies for monitoring cancer:
The blood-borne dissemination of cancer cells is the leading cause of cancer-related
deaths[1]. As such, CTCs provide a critical material for understanding the ability of
tumor cells to intravasate into the bloodstream, either as single migratory cells or as
clusters of tumor-derived fragments, to survive in the circulation, and ultimately to
disseminate to distant organs and initiate metastatic proliferation[2-6]. While the vast
majority of CTCs die in the bloodstream before giving rise to any metastatic lesion, the
presence of these cells provides a key opportunity to non-invasively sample cancerderived materials during the evolution of the disease[7]. The molecular composition of
tumors evolves through the acquisition of genomic alterations and epigenetic
modifications during disease progression and in response to therapeutic interventions
[8, 9]. This may result in extensive tumor heterogeneity, a challenge facing the clinical
management of cancer, and impose the need to repeatedly adjust therapeutic regimens
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in response to acquired resistance mechanisms[10]. Much of our current information
about cellular pathways involved in acquired drug resistance stems from repeated
biopsies of tumors from patients on research protocols and from autopsy studies in
patients who succumbed from extensive disease. However, the ability to repeatedly and
noninvasively sample tumor cells through “liquid biopsies” may revolutionize the ability
to dynamically tailor a patient’s individualized therapy to address evolving tumor
characteristics. Ultimately, blood-based tumor monitoring may allow early detection of
invasive cancers, and enable therapeutic interventions before tumors grow to such large
volumes of cells, that treatment resistance becomes inevitable and cure impossible.

Tumor-derived components in the blood are found as whole cells (i.e CTCs), cellular
fragments (exosomes or oncosomes), or free circulating DNA (ctDNA). All of these have
unique properties relevant to their isolation and enrichment from whole blood, as well as
the types of molecular information that may be derived from their analysis. ctDNA is
comprised of nucleosome-sized DNA fragments that are primarily informative as to the
genomic composition of tumors[11]. Exosomes appear to contain a partial set of tumorderived proteins, RNA, and even some DNA[12]. Both circulating DNA and exosomes
are shed by both normal and tumor tissues, and cancer-derived molecules must
therefore be distinguished, using molecular tools, from those shed by normal tissues. In
contrast, whole tumor cells in the circulation are extremely rare, and their enrichment is
dependent upon physical or cell surface marker expression[13]. Once isolated,
however, CTCs provide the full complement of molecular information present within
individual tumor cells. Across different cancer types, CTCs are estimated to range in

5

number from 0 to 10 cancer cells per 10mL of whole blood, amidst 10 billion red blood
cells and 10 million white blood cells[13]. CTCs are typically defined as cells that stain
for epithelial cell specific proteins (eg. EpCAM and cytokeratins), with the exclusion of
white blood cell markers (e.g. CD45)[14]. More recent studies have used lineageassociated markers (e.g. PSA for prostate cancer), rather than epithelial markers that
may be less specific for a given tumor type [15]. In addition, epithelial-to-mesenchymal
transition (EMT), a cell fate switch associated with tumor invasiveness and drug
resistance complicates reliance on epithelial markers to identify CTCs [16]. We have
therefore preferred CTC enrichment technologies that achieve “negative depletion” of
blood specimens, essentially removing hematopoietic cells, while leaving CTCs
untagged and unmanipulated in the product[17]. Microfluidic technologies currently
achieve 104 to 105 enrichment of CTCs from whole blood specimens, resulting in a
cancer cell population that may be 0.1-1% pure (depending on CTC abundance within
an individual specimen). Given this success in rare cancer cell enrichment from blood,
the challenge remains to score and molecularly characterize these partially purified cell
populations. In this thesis, I focus on RNA-based approaches used for interrogating
CTCs and their applicability in developing diagnostic assays that can be implemented in
the clinic for monitoring therapeutic responses and ultimately for early detection of
cancer in high-risk individuals.

6

RNA-In situ Hybridization identifies epithelial and mesenchymal CTC populations
Immunofluorescence staining for tumor-specific protein markers is commonly used to
study CTCs enriched from patient blood (Figure 1.1). A number of technical limitations

Figure 1.1. Comparison of methods to study CTC-derived RNA.
have complicated such analysis, including the relatively low signal/noise ratio evident in
CTCs within the context of contaminating blood cells, which often requires the
combination of highly specific antibodies with secondary fluorescent antibodies for
signal amplification, together with automated image scanning protocols, image
quantitation, and rigorous selection of signaling thresholds [3, 18]. Exemplifying this
challenge is the high number of blood cells that simultaneously stain positive for
epithelial as well as hematopoietic markers (cytokeratin/CD45 “dual positives”), which
most frequently represent non-specific antibody binding, and which may outnumber true
CTCs by multiple orders of magnitude[5]. In this context, novel approaches to RNA insitu hybridization (RNA-ISH) using multiplexed oligonucleotide probes present a
powerful technology, with both a high degree of sequence specificity and quantitative

7

amplifiable signal. For instance, several studies have used RNA-ISH against multiple
probes marking epithelial and mesenchymal cell states to detect CTCs enriched using
microfluidic isolation, filter-based methods or Ficoll gradients [16, 19, 20]. These studies
have shown that CTCs exist not only in uniquely epithelial and mesenchymal states, but
also in more complex conditions with simultaneous co-expression of both different
numbers of epithelial and mesenchymal markers. Of particular interest, longitudinal
analysis of blood samples from individual breast cancer patients receiving multiple
courses of therapy may show dynamic shifts, with primarily epithelial CTCs as tumors
respond to new therapeutic intervention, and the emergence of mesenchymal CTCs
associated with acquired resistance and clinical therapeutic failure[16]. The broad
application of RNA-ISH technologies in characterizing individual CTCs in this way may
provide a powerful tool for characterization of tumor cell heterogeneity during the course
of cancer evolution and drug resistance.

RNA sequencing identifies CTC subpopulations and signaling pathways activated
in CTCs
While RNA in-situ hybridization allows for easier probe design than antibody-based
detection, it is limited in throughput and in its ability to query only a few pre-selected
transcripts of interest. RNA sequencing of either bulk-enriched or single-cell populations
is technically challenging but enables interrogation of the entire transcriptome. Recent
advances in next generation sequencing technologies have made it feasible to
sequence thousands of single cells from tumors, producing rich datasets that can more
thoroughly probe the heterogeneity of cancer [21]. Whole transcriptomic analysis has
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been applied extensively to study primary and metastatic biopsies, but implementing
this technology with CTCs has been complicated by the rarity of the cells and their
condition after isolation using a variety of technologies (i.e. the need for unfixed cells
with high-quality RNA).

The first approach to achieving CTC-specific transcriptional profiles used partially
purified CTC populations subjected to single molecule (Helicos) RNA sequencing,
subtracting RNA reads from matched control blood samples from that of the CTCenriched cell populations [22]. The Helicos single-molecule sequencing technology is
unique in avoiding amplification of molecular templates, thereby providing highly linear
measurement of transcript reads. Such subtractive strategies were best applied with
CTC isolation platforms that capture cells on a fixed surface, from which single cells are
not readily released but from which high quality RNA can be isolated.
Indeed, early studies applying this strategy to pancreatic cancer CTCs in a mouse
model, demonstrated increased non-canonical Wnt signaling in the CTC-enriched
population[22], and an analysis of human melanoma CTC-enriched cell populations was
noteworthy for revealing an increase of cell motility-associated transcripts [23].
However, deep sequencing of CTC-derived transcriptomes requires single cell-isolation
and RNA-seq, a strategy that has become possible with improving CTC enrichment
technologies that allow for micromanipulation of CTCs that are unattached to a fixed
surface.
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For instance, the MagSweeper technology enabled single-cell RNA profiling of 87
cancer-associated genes in CTCs isolated from breast cancer patients, showing
increased expression of the metastasis- and EMT-associated genes [24]. Using the
microfluidic CTC-iChip technology, by which hematopoietic cells are antibody-tagged
and depleted, unmanipulated CTCs are left behind with 104 to 105 enrichment[17]. The
RNA quality in untagged, unfixed CTCs is very high, and the fact that cells are delivered
in suspension facilitates micromanipulation of individual CTCs. This approach was used
to define comprehensive transcriptomes of single CTCs collected from both mouse
models and clinical specimens. In a mouse model of pancreatic cancer, CTCs were
high enriched for expression of genes encoding the extracellular matrix proteins (ECM),
compared with single cells isolated simultaneously from the primary pancreatic tumor
[25]. This aberrant expression of ECM proteins by cancer-derived cells in circulation is
of particular interest in that it suggests the ability of metastatic intermediates/precursors
to direct their own microenvironmental survival signals, which are characteristically
provided by stromal cells within the primary tumor.

Single-cell RNA sequencing of CTCs traveling as individual cells versus those that are
part of multi-cellular CTC clusters from the blood of women with metastatic breast
cancer revealed >100 genes whose expression is relatively elevated in CTC clusters[6].
Among the top genes increased in expression within CTC-clusters is Plakoglobin,
encoding a protein belonging to the adherens junction complex. Plakoglobin is
overexpressed >200 fold within CTC clusters and its increased expression in primary
tumors is associated with poor clinical outcome. Most importantly, in mouse models of
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breast cancer, knockdown of Plakoglobin does not affect cell proliferation, primary
tumor formation, or release of single CTCs into the bloodstream; it does however
profoundly suppress the generation of CTC-Clusters in the circulation and the
generation of distant metastases in the lungs. Thus, Plakoglobin appears to be a key
component of the cell junctions that helps tether CTC-Clusters together in the
bloodstream, contributing to their enhanced metastatic initiation potential [6].
RNA sequencing analysis of single CTCs from the blood of men with metastatic
prostate cancer also identified mechanisms of resistance to therapies targeting
androgen receptor signaling, including non-canonical Wnt signaling through Wnt5A[26].
Moreover, these studies identified profound heterogeneity in castrate-resistant prostate
cancer, with distinct Androgen Receptor (AR) gene mutations and AR splicing variants
present within different cells from the same patient. Indeed, single-cell CTC analysis is
poised to reveal multiple independent mechanisms of acquired drug resistance, each of
which may have different kinetics as patients receive successive lines of therapy.

Taken together, transcriptomic analysis of single CTCs may provide exceptional insight
into the mechanisms driving tumor progression, metastasis and acquired drug
resistance. However, the effort and cost currently associated with single-cell RNA
sequencing limits this platform to discovery and research applications. For widespread
and routine clinical applications, more robust and economical RNA-based quantitative
assays are also available, and may present shifts in diagnostic paradigms for
noninvasive cancer detection and monitoring.
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High-throughput diagnostic assays using CTC-derived RNA signatures
RNA-based detection of CTCs within the background of hematopoietic cells relies upon
the profound differences in transcriptional profiles between these cancer cells and
surrounding leukocytes. Initial attempts at RNA-based detection of CTCs relied upon
RT-PCR technology, with amplification of the prostate-specific PSA transcript applied to
detect prostate cancer CTCs within the mononuclear cell fraction of blood samples, and
the liver-specific albumin RNA similarly used to interrogate buffy coats from patients
with advanced hepatocellular carcinoma [27, 28]. Additional markers, including mRNAs
for cytokeratin, melanoma-specific markers, ALDH1, telomerase, MUC1 and others,
have been used to test for multiple additional cancer types [29-33]. Unfortunately, the
success of these semi-quantitative RT-PCR based analyses has been inconsistent, in
part because of their relatively low sensitivity and specificity in unpurified whole blood. A
prevalence of 1 CTC per million leukocytes may be below the limit of detection using
RT-PCR for a non-abundant transcript. Furthermore, even very low-level transcription
by abundant hematopoietic cells of highly tissue-specific transcripts becomes a
confounder when the tumor cells are present at such vanishingly low numbers. Indeed,
higher numbers of contaminating WBCs increase the Ct values in qRT-PCR detection of
identical amount of specific template, and large amounts of non-specific template
(equivalent of >1000 WBCs) produce SYBR Green noise independent of product
amplification, interfering with the quantitative detection of the underlying signal[34]. The
susceptibility of qRT-PCR to the inhibitory effects of large amounts of non-specific
template may therefore explain the large variability and inconsistencies in reports
describing CTC detection via this method. For all these reasons, we reasoned that initial
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enrichment of CTCs under RNA-preserving conditions, followed by quantitative digital
PCR provides a much more reliable strategy for RNA-based detection.

Droplet digital PCR (ddPCR) helps to overcome the inherent limitation posed by the
presence of excess non-specific templates from contaminating cells by sequestering
each individual cDNA template and PCR reaction reagents into aqueous droplets within
an oil suspension, thereby drastically increasing the effective concentration of the
transcript of interest and allowing the differential expression of CTC-specific genes to be
leveraged for identifying their presence. Partitioning the entire cDNA sample into these
droplets followed by high-cycle PCR to maximally amplify each template of interest
creates a digital readout of the number of positive droplets, a measure of the prevalence
of each transcript of interest[35]. By tabulating the total number of positive and negative
droplets and assuming the transcripts of interest follow a Poisson-distribution when
partitioning into droplets, the absolute number of transcripts in the sample can be
imputed. ddPCR has been successfully used for detecting rare alleles in the context of
free plasma DNA, where its limit of detection is at allele frequency lower than
0.01%[36]. In RNA detection, ddPCR may be somewhat less sensitive, but it robustly
detects presence of aberrant splicing variants (eg. the Androgen Receptor Arv7
transcript) in RNA purified from prostate cancer CTCs[37, 38]. Beyond quantifying
specific cancer-associated abnormalities, ddPCR detection also offers the potential for
scoring and monitoring multiple normal lineage-specific transcripts that are absent from
hematopoietic cells and hence denote the presence of CTCs from a given tissue of
origin. Successful application of this strategy requires extensive validation of these
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transcripts to ensure complete absence of signal in normal blood cells, a feat that is
greatly enhanced by the initial microfluidic enrichment of CTCs and reduced abundance
of contaminating leukocytes. Chapters 2 and 3 of this thesis describe the application of
the digital PCR CTC detection approach for the earlier detection, longitudinal
monitoring, and prediction of disease response in cancer (Figure 1.2), while chapter 4
demonstrates the utility of single-cell RNA sequencing of the impure, but enriched, CTC
population for the identification of novel CTC RNA biomarkers [39-42].

Figure 1.2. The CTC-dPCR method offers a scalable method to accurately quantify CTCspecific mRNAs for the earlier detection, longitudinal monitoring, and treatment selection
of cancer.
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Abstract:
Circulating tumor cells (CTCs) are shed into the bloodstream by invasive cancers, but
the difficulty inherent in identifying these rare cells by microscopy has precluded their
routine use in monitoring or screening for cancer. We recently described a highthroughput microfluidic CTC-iChip, which efficiently depletes hematopoietic cells from
blood specimens and enriches for CTCs with well-preserved RNA. As proof of principle
to the development of highly accurate tissue lineage-based cancer detection from blood
specimens, we examined hepatocellular carcinoma (HCC), a cancer that is derived from
liver cells bearing a unique gene expression profile. After identifying a digital signature
of 10 liver-specific transcripts, we used a cross-validated logistic regression model to
identify the presence of HCC-derived CTCs in 9/16 (56%) untreated HCC patients
versus 1/31 (3%) patients with non-malignant liver disease at risk for developing HCC
(P<0.0001). Positive CTC-scores declined in treated patients: 9 of 32 (28%) patients
receiving therapy and only 1/15 (7%) patients who had undergone curative-intent
ablation, surgery or liver transplantation were positive. RNA-based digital CTC scoring
was not correlated with the standard HCC serum protein marker alpha fetoprotein (AFP,
P=0.57). Modeling the sequential use of these two orthogonal markers for liver cancer
screening in high-risk cirrhosis patients generates positive and negative predictive
values of 80% and 86%, respectively. Thus, digital RNA quantitation constitutes a
sensitive and specific CTC readout, enabling high-throughput clinical applications, such
as noninvasive screening for HCC in populations where viral hepatitis and cirrhosis are
prevalent.
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Introduction
The shedding by epithelial cancers of circulating tumor cells (CTCs) into the
bloodstream underlies the blood-borne dissemination of cancer, although only a small
fraction of CTCs gives rise to metastases (1). Emerging CTC isolation platforms now
enable the application of powerful RNA-based digital PCR (dPCR) technologies to score
molecular signatures of cancer cells, thus providing a potentially robust and high
throughput readout for the presence of CTCs within blood specimens. To test the
feasibility of RNA-derived digital scoring of CTC-enriched cell populations, we applied
this strategy to hepatocellular carcinoma (HCC), a cancer that lacks defining gene
mutations, but which originates in liver cells with unique tissue-specific expression
profiles.

Liver cancer is the second highest cause of cancer mortality worldwide, leading to
765,000 deaths in 2015 (9). In the developing world, the high prevalence of hepatitis B
virus (HBV) infection drives the incidence of HCC; worldwide, it is estimated that 248
million individuals are infected with HBV(10) . The risk of developing HCC is calculated
as 0.5-1% per individual per year in hepatitis patients without cirrhosis and as high as
8% per individual per year in patients with cirrhosis (11). Developed countries are also
witnessing a rise in HCC incidence, linked with cirrhosis due to chronic hepatitis C virus
(HCV) infection, alcohol abuse, obesity-associated non-alcoholic fatty liver disease
(NAFLD) and non-alcoholic steatohepatitis (NASH) (9). Early stage HCC is potentially
curable by thermal ablation, surgical resection, or liver transplantation, with a 5-year
survival of 50-80% following these therapies (9). Once the tumor disseminates within or
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outside the liver, however, therapeutic options are limited and 5-year survival declines
to below 15%(11).

While early detection of HCC in high-risk individuals offers a strategy for successful
curative treatment, screening in patient populations with liver cirrhosis has been limited
by the poor test characteristics of the primary biomarker, serum levels of alpha
fetoprotein (AFP)(11). CTCs have been reported in patients with HCC, but the
characteristically low EpCAM cell surface expression in this tumor type has limited the
utility of standard CTC measurements (12, 13). To establish a high throughput, bloodbased assay for HCC that would have broad applicability, we therefore adapted the
microfluidic CTC-iChip isolation platform with a digital RNA-PCR readout combining
liver-specific transcripts whose expression is retained in HCC. We applied this
molecular CTC assay as proof of principle in a pilot cohort of patients with HCC and
high-risk patients suffering from liver disease.

Materials and Methods
Gene target identification and validation
Publicly available RNAseq and microarray datasets were used to identify the top 100
genes highly expressed genes in HCC with very low to no expression in other tissues
and blood components (15-17). The low expression of candidate genes within WBCs
persisting in the CTC-iChip output was confirmed by RNA sequencing of processed
blood from healthy donors, and qRT-PCR of WBCs purified from whole blood was used
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as an additional exclusion criterion. Ten genes were selected to establish a signature of
HCC-derived CTCs, enriched within a background of normal blood cells.

Cell culture and RNA processing
HepG2 cells were cultured following ATCC-recommended culturing conditions. RNA
was isolated using the RNeasy Plus Micro kit (Qiagen) and cDNA was generated using
Superscript III Reverse Transcriptase kit (Thermo Fisher). Buffy coat WBC preparations
were generated using standard procedures, followed by Trizol RNA extraction (Ambion).
For qRT-PCR assays, 5 ng of cDNA generated from HepG2 cells or from WBCs (buffy
coats) of 3 independent blood donors were amplified and compared to GAPDH using
the Applied Biosystems 7500 RT-qPCR (40 cycles). Primer and probes combinations
are provided upon request. For single-cell manipulation and spike-in studies, individual
cells were micropipetted using an Eppendorf TransferMan® NK2 micromanipulator and
introduced into whole blood samples from healthy donors, prior to processing through
the CTC-iChip.

Patient Cohorts and Blood Processing through the Microfluidic CTC-iChip
Patient cohorts and clinical characteristics are provided in Tables S1-6. IRB-approved
protocols were used to consent all patients and healthy donors. Blood was processed
using the CTC-iChip as previously described(5). A detailed description of each cohort
and blood processing conditions can be found in the SI Methods section.
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Whole Transcriptome Amplification and Droplet Digital PCR
WTA was performed on CTC-iChip-derived RNA using the SMARTer Ultra® Low-input
RNA kit version 3 (Clontech Laboratory). A third of the RNA extracted from the CTCiChip product was loaded into each reaction. dPCR experiments were performed using
an AutoDG automated droplet generator, C1000 Touch Deep-well thermocycler, and
QX200 plate reader (Biorad) following manufacturer recommendations with 1% of the
WTA product. Thermocycling conditions and primers are provided upon request.

Statistical Calculations and Logistic Regression
Genes that served as statistically significant predictors of disease status were used to
build a multi-predictor logistic regression whose performance parameters were
determined using leave-one-out cross validation (Fig. 2c, S4-6). For longitudinally
collected samples or treated HCC patients with no evidence of disease (NED), a single
logistic regression was fit using the entirety of the aforementioned training set (Fig. S5).
To calculate the positive and negative predictive values of the diagnostic assays at
varying disease prevalences, we used published sensitivities and specificities for serum
AFP at 20 ng/mL (19) and chose the CTC-Score sensitivity that yielded 95% specificity.

Supplementary Methods: Patient Cohorts and Blood Processing through the
Microfluidic CTC-iChip
Control samples (from healthy donors) were obtained from anonymized discarded
specimens collected at a blood donation center. All patients with HCC or other cancers
were enrolled at Massachusetts General Hospital Cancer Center, and patients with
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chronic liver disease (CLD) were enrolled through the Hepatology Unit of the
Massachusetts General Hospital. CLD patients were at sufficiently high risk for HCC to
warrant periodic screening as determined by their treating hepatologist. As such, CLD
patients either suffered from chronic HBV infection or advanced fibrosis (bridging
fibrosis or cirrhosis) of any etiology. Following informed consent, 5-15 mL of blood was
isolated by standard venipuncture into K2EDTA BD Vacutainer® Collection Tubes and
processed through the CTC-iChip as outlined previously (5, 20). Briefly, whole blood
was incubated with a biotinylated antibody cocktail (anti-CD45, anti-CD-16 and anti-CD66b) (Jannsen Diagnostics) for 20 minutes followed by the addition of DynaBeads®
MyOne™ Streptavidin T1 magnetic beads for an additional 20 minutes. The blood was
then loaded onto the CTC-iChip at a flow rate of 10 mL/hr, using an automated
processor and the CTC-enriched cell product was collected on ice. The product was
centrifuged at 5200 rcf for 5 minutes, resuspended in 200 uL of RNALater® (Ambion),
and flash-frozen prior to RNA isolation.

Results
Establishment of HCC-specific RNA digital PCR assay
Figure 2.1a outlines the RNA-based dPCR CTC-Scoring assay. CTCs were isolated
using the CTC-iChip microfluidic device, which depletes hematopoietic cells from blood
by size-based exclusion of red blood cells (RBCs), platelets and plasma, followed by
magnetic deflection of white blood cells (WBC) tagged with magnetic bead-conjugated
CD45, CD16 and CD66b antibodies (5, 14). The high efficiency depletion of WBCs (4-5
log purification) enriches CTCs which are admixed with some contaminating WBCs
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(<500 WBCs/mL of processed whole blood) (5, 14). To replace CTC imaging with highthroughput detection of CTC-derived transcripts, we coupled whole-transcriptome
amplification (WTA) of CTC-derived RNA with dPCR amplification, in which cDNA
molecules are encapsulated within individual aqueous droplets and multiple transcripts
of interest are quantified by in-droplet PCR amplification (see Methods).

Figure 2.1 dPCR quantitation of HCC cells after microfluidic-enrichment from blood.
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Figure 2.1 (Continued)
a) Schematic representation of the integrated platform for digital RNA-PCR scoring of
CTCs. Hematopoietic components are depleted from whole blood through CTCiChip processing as previously described (5). RNA from CTC-enriched product is
subjected to whole transcriptome amplification (WTA), encapsulation of cDNA
molecules within lipid droplets, and PCR amplification for transcripts of interest.
b) Heat maps derived from microarray (left) and RNASeq (right) datasets, comparing
expression of 10 liver-specific transcripts in HCC versus other tissues. Microarray
dataset compares fetal liver, adult liver, and 10 cases of HCC (JZR samples)
versus normal tissues (15 samples shown of 79 tissues tested) and blood
components (16). RNAseq compares 10 cases of HCC (17), with WBCs collected
from 8 independent healthy donor (HD) blood samples processed through the
CTC-iChip.
c) dPCR quantitation of ALBUMIN (ALB) transcripts from micromanipulated HepG2
spiked into whole blood and processed through the CTC-iChip. Each data point
represents one sixth of the CTC-iChip product.
d) Pie-charts representing the distribution of transcripts for each of the 10 selected
liver-specific genes, following dPCR analysis of 1ng of HepG2 cell RNA. Samples
were non-amplified or subjected to WTA (3 independent reactions).
e) Total number of transcripts of interest after spiking increasing numbers of HepG2
cells into blood (n=3), CTC-iChip processing and dPCR.
f) Pie charts depicting the relative fraction of droplets for each of the 10 target
transcripts after spiking increasing numbers of HepG2 cells into blood and CTCiChip processing, as noted in Fig 1e (n=3).
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We curated liver-specific transcripts whose expression is preserved in HCC cells, but
virtually absent in blood components. Of the 20,000 genes measured from publicly
available microarray datasets (15), the 100 most highly expressed genes in HCC were
screened against expression profiles of hematopoietic cells and other normal tissues
(16). These genes were then validated against a separate RNA sequencing dataset,
comparing 10 primary HCCs (17) to WBCs from 8 healthy donor blood samples
processed through the CTC-iChip (Fig. 2.1b). qRT-PCR of cDNA from purified healthy
donor WBCs (n=3) was used to eliminate genes with low but detectable background
signal (Fig. 2.2).
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Figure 2.2. WBC Gene Expression. Relative expression (qRT-PCR) of candidate
liver-specific signature genes, amplified from 5ng cDNA from healthy blood donor
WBCs (buffy coat), normalized to GAPDH (n=3). APOC1, HP, HPR, and SERPINA1.
were eliminated from the liver signature due to their high relative expression.

Based on these results, ten genes (AFP, AHSG, ALB, APOH, FABP1, FGB, FGG,
GPC3, RBP4, and TF) were selected for developing the dPCR assay.
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To technically validate this strategy, we determined the number of transcripts measured
from the introduction of individually micromanipulated HepG2 HCC cells known to
express albumin into 4 mL of blood from healthy donors, followed by CTC-iChip
processing and dPCR for the liver-specific transcript albumin (ALB, Fig. 2.1c). No ALB
RNA-positive droplets were observed in unspiked blood processed through the CTCiChip, whereas a range from 2 to 100 spiked HepG2 cells generated from 240 to 28,800
ALB transcripts. Given the heterogeneity of HCC cells within clinical specimens, we
optimized the ten-gene liver-specific panel to ensure that this dramatic signal
amplification preserved the relative distribution among multiple markers. We applied
low-template whole-transcriptome amplification (WTA), to ensure the absence of
amplification bias in three independent experimental replicates (Fig. 2.1d, Fig. 2.2).
Compared with unamplified cDNA derived from 1 ng of HepG2 RNA, the increased
overall signal resulting from WTA (25,000-100,000 fold amplification per gene)
preserved the relative proportion of each transcript among the WTA replicates (Fig.
2.3a, b).
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Figure 2.3. Whole-transcriptome Amplification Characterization. a) Total number of
droplets derived from 1 ng of HepG2 cell RNA for all 10 liver-specific genes. Three
independent WTA reactions are compared with non-amplified cDNA control. b)
Consistent amplification ratio for each liver-specific gene following WTA (3
independent reactions), relative to the non-amplified cDNA control.

To test the sensitivity of the 10 gene digital assay in rare tumor cells admixed with blood
cells, we again micromanipulated either 1, 3, 5, 10 or 50 single HepG2 cells into 4 mL of
healthy donor blood, which was then processed through the CTC-iChip, followed by
WTA and dPCR. In two of three replicates, a single spiked HepG2 cell was detected,
with an average 5,000-fold increase in signal over unspiked blood controls. All liverspecific genes were detected with progressively increasing signal and preservation of
marker distribution as the numbers of input cells increased from 1 to 50 cells (R2 = 0.79,
Fig. 2.1e, f). The high sensitivity of dPCR raised the possibility that CTC enrichment
might not be required to detect tumor-derived transcripts in nucleated blood cell
fractions. Past reports have suggested that standard RT-PCR amplification might
identify PCR products comigrating with the expected ALB transcript from unpurified
blood cells of patients with HCC (18), however, we were unable to reproduce this
finding using the more sensitive and specific dPCR technology (n=9 HCC samples; Fig.
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2.4). We therefore applied the combination of microfluidic CTC enrichment followed by
dPCR detection of HCC-derived transcripts to clinical specimens from HCC patients.
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Figure 2.4: Buffy Coat Digital PCR. Failure of ALB transcript droplet PCR
amplification from buffy coat (WBCs and non-enriched CTCs) RNA extracted from
blood specimens of 9 HCC patients and 3 healthy donor controls. The ALB transcript
is appropriately amplified from HepG2 RNA. Matched GAPDH transcript
quantification is shown as control for relative RNA content.

Digital CTC detection in patients with HCC
We evaluated the performance of the optimized digital CTC scoring assay in blood
samples (5-15mL) from six patient cohorts, per IRB-approved protocols at
Massachusetts General Hospital. The cohorts studied included: 1. Healthy blood donors
(n = 26, median age = 55); 2. Patients with high-risk non-malignant chronic liver disease
(CLD), including hepatitis virus-associated cirrhosis, who were being routinely
monitored for HCC development (n = 31, median age = 58); 3. Newly diagnosed,
untreated HCC patients (n=16, median age = 66); 4. HCC patients actively receiving
therapy with radiographically-evident disease (n= 32, median age = 67); 5. HCC
patients who had undergone curative-intent interventions, such as ablation, resection or
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liver transplantation, and no longer had clinical evidence of disease (NED) (n=15,
median age =66); and 6. Patients with primary malignancies other than HCC, with or
without liver metastases (n= 44, median age 62). Patients in categories 2 through 6
were categorized by a clinician blinded to the dPCR data. Clinical characteristics of
these cohorts are provided in Tables 2.1-6.
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Table 2.1: Healthy Donor
Clinical Information
Patient
Age
Sex
HD1
21
F
HD2
23
F
HD3
25
F
HD4
26
F
HD5
51
F
HD6
53
F
HD7
54
F
HD8
55
F
HD9
23
M
HD10
25
M
HD11
25
M
HD12
43
M
HD13
46
M
HD14
53
M
HD15
55
M
HD16
57
M
HD17
62
M
HD18
62
M
HD19
63
M
HD20
66
M
HD21
67
M
HD22
69
M
HD23
72
M
HD24
72
M
HD25
73
M
HD26
74
M
HD27
50
M
HD28
40
M
HD29
51
F
HD30
53
F
HD31
42
F
HD32
57
M
HD33
62
M
HD34
67
M
33

Table 2.2: Chronic Liver Disease Patient Clinical Information
Serum
Patient

Age

Gender

Diagnosis

Cirrhosis

AFP
(ng/mL)

CLD-002

56

M

NASH

Yes

NA

CLD-003

30

F

HBV

No

3.3

CLD-004

62

M

Alcohol

Yes

6.6

CLD-005

80

F

HBV

No

1.9

CLD-006

53

M

HBV

No

2.9

CLD-007

36

F

HBV

No

2

CLD-008

64

M

HBV

No

1.9

CLD-009

59

F

HBV

No

3

CLD-010

45

F

Alcohol

Yes

1.7

CLD-011

76

M

HBV

No

1.7

CLD-012

85

F

Alcohol

Yes

1.4

CLD-013

87

F

HCV

Yes

8.1

CLD-017

66

M

HCV

Yes

4.4

CLD-019

66

M

Alcohol

Yes

1.9

CLD-022

41

M

PSC

Yes

3.3

CLD-023

72

M

HCV

Yes

1.7

CLD-024

77

M

HBV

No

2.1

CLD-025

53

M

Alcohol/NASH

Yes

10.4

34

CLD-026

54

F

Alcohol

No

4

CLD-027

50

M

HBV

No

4.6

CLD-028

70

M

HBV

No

3.2

CLD-029

37

M

PSC

Yes

1.2

CLD-031

27

M

HBV

No

2.3

CLD-032

69

M

HCV

No

3.2

CLD-033

54

M

HCV

Yes

2.8

CLD-034

73

F

HBV

No

2.8

CLD-036

56

M

HCV/Hemochromatosis

Yes

4.2

CLD-037

60

F

HBV

No

3.3

CLD-038

60

F

HBV

No

2.1

CLD-039

54

F

HBV

No

3.5

CLD-040

39

M

HBV

Yes

4

Legend: NASH, non-alcoholic steatohepatitis; HBV, hepatitis B virus; HCV, hepatitis
C virus; PSC, primary sclerosing cholangitis; EtOH, alcohol.
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Table 2.4: Ongoing Treatment HCC Patient Clinical Information
Patient

Age Gender

Etiology

Cirrhosis

Multifocal
Disease

Diameter Metastatic
Macroscopic
Milan
(cm)
Disease Vascular Invasion Criteria

BCLC

Serum AFP
Treatment Received
(ng/mL)

HCC.011
HCC.014
HCC.016
HCC.019
HCC.021
HCC.029
HCC.030

74
69
70
64
68
70
78

M
F
M
M
M
M
M

NA
NASH
HBV
EtOH
NASH/EtOH
NASH
HBV

No
Yes
No
Yes
Yes
Yes
Yes

Yes
No
No
Yes
Yes
No
No

NA
3.1
3.6
NA
NA
1.2
1.9

Yes
No
No
Yes
No
No
No

No
No
No
Yes
Yes
Yes
No

No
Yes
Yes
No
No
No
Yes

CD
A
A
CD
CD
CD
0

939.2
218
43.1
21
4891
4800
26.9

Ablation; Resection
TACE
TACE;RT; Other
RT; Sorafenib
Ablation
Ablation
TACE

HCC.035

82

F

NA

No

Yes

NA

No

No

No

B

2043.5

SIRT; RT; Sorafenib

HCC.037

54

M

EtOH

Yes

Yes

NA

No

No

No

B

5947

Ablation;SIRT;Soraf
enib

HCC.040

70

M

NA

No

No

NA

Yes

NA

No

CD

5.6

HCC.041
HCC.046
HCC.047
HCC.050
HCC.052
HCC.059
HCC.061
HCC.062
HCC.067
HCC.068
HCC.069
HCC.074

72
66
62
76
23
66
67
63
74
83
62
64

M
M
M
M
M
M
F
M
F
M
M
M

EtOH
HBV
EtOH
EtOH
Biliary atresia
HCV/EtOH
NA
NASH
NA
HBV
NASH
NASH/EtOH

Yes
Yes
Yes
Yes
No
Yes
No
Yes
No
Yes
Yes
Yes

Yes
No
No
No
Yes
Yes
Yes
No
Yes
No
No
No

NA
2
1.8
1.3
NA
NA
NA
1.2
NA
5.4
1.8
13

Yes
No
No
No
No
Yes
No
No
Yes
No
No
Yes

No
No
No
No
No
Yes
No
No
No
No
No
Yes

No
Yes
Yes
Yes
No
No
No
Yes
No
No
Yes
No

CD
0
0
0
B
CD
B
0
CD
B
A
CD

338
5.5
12.7
5.4
1.5
4847
60.6
185.2
2.5
4.7
20.8
167580

HCC.075

81

M

HBV

Yes

Yes

NA

Yes

No

No

CD

7.7

Ablation; Sorafenib;
Chemo; Checkpt;
Other; Resection

HCC.078

60

M

HBV

No

No

NA

Yes

No

No

CD

4.7

Ablation; Resection

HCC.083

59

M

HCV/EtOH

Yes

Yes

NA

Yes

No

No

CD

8.5

HCC.084
HCC.087
HCC.093
HCC.094
HCC.095

81
57
77
70
64

M
M
M
M
M

NA
EtOH
NA
NA
HCV/EtOH

No
Yes
No
No
Yes

No
No
Yes
No
No

3.8
1.7
NA
1.2
1.5

Yes
No
Yes
Yes
No

No
No
Yes
No
No

No
Yes
No
No
Yes

CD
A
CD
CD
0

16.8
16.7
3.2
156.4
7.6

HCC.097

52

F

NA

No

No

NA

Yes

NA

No

CD

1.3

Ablation;
Chemo;Other;
Transplant;
Resection

HCC.099

58

M

EtOH

Yes

No

2.3

No

No

Yes

A

254.9

TACE

37

RT; Checkpt;
Resection
RT
Ablation
Ablation
Ablation; TACE; RT
RT
Ablation
Resection
TACE
Sorafenib
RT
TACE
Sorafenib

TACE;SIRT;
Sorafenib; Chemo
Sorafenib
Ablation; TACE
RT; Resection
SIRT; RT
TACE

Patient

HCC.030_2
HCC.031
HCC.031_2
HCC.033
HCC.051
HCC.053
HCC.055
HCC.057
HCC.058_2
HCC.060_2
HCC.064_2
HCC.085
HCC.086
HCC.088
HCC.089
HCC.A001

Table 2.5: Post-Curative Intent Treatment HCC Patients Clinical Information
Age
Gender
Etiology
Cirrhosis
Serum
Treatment Received
AFP
(ng/mL)
78
M
HBV
Yes
NA
Ablation; TACE
63
M
HCV
Yes
330.4
Ablation; TACE; Transplant
63
M
HCV
Yes
660.7
Ablation; TACE; Transplant
85
M
Hemochromatosis
No
1.6
TACE
68
M
NASH
Yes
2.5
Ablation; TACE; Transplant
63
M
HCV/EtOH
Yes
2.3
Resection
51
M
EtOH
Yes
2.6
Ablation; Transplant
67
F
NASH
Yes
5
Ablation
54
M
HBV
Yes
3.6
Resection
63
F
NASH
Yes
2500
Resection
53
M
HCV
Yes
1.7
Ablation
71
M
NASH
Yes
7.4
TACE
75
M
HBV
Yes
2.9
Ablation
79
F
HCV
No
1.6
Ablation
62
M
HCV
Yes
6.8
Ablation
62
M
HCV
No
NA
Transplant
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Table 2.6: Other Cancer Patient Clinical Information
Patient

Age

Gender

Diagnosis

GU-254
GU-256
GU-257
GU-259
GU-260
GU-261
GURa-01
GURa-02
GURa-03
BRX-169
BRX-198
BRX-202
BRX-226
BRX-237
MEL-140
MEL-163
MEL-165
MEL-102
MEL-129
MEL-147
MEL-151
MEL-164
ICC-001
ICC-002
ICC-003
ICC-004
PDAC-2082
PDAC-2085
PDAC-2093
PDAC-2094
PDAC-2095
PDAC-A001
TH-159
TH-173
TH-215
TH-248
TH-255
TH-257
TH-179
TH-262
BRX-A001
EAC.001
CRC.001
CRC.002

72
62
57
54
51
69
69
61
73
79
58
62
59
65
48
28
60
60
85
56
42
80
62
75
73
55
51
69
58
66
59
44
71
73
79
80
69
70
46
50
63
65
52
57

M
M
M
M
M
M
M
M
M
F
F
F
F
F
M
F
M
F
F
M
M
M
F
M
F
F
F
M
M
M
F
F
M
M
M
M
M
F
F
F
F
M
F
M

Prostate Cancer
Prostate Cancer
Prostate Cancer
Prostate Cancer
Prostate Cancer
Prostate Cancer
Prostate Cancer
Prostate Cancer
Prostate Cancer
Breast Cancer
Breast Cancer
Breast Cancer
Breast Cancer
Breast Cancer
Melanoma
Melanoma
Melanoma
Melanoma
Melanoma
Melanoma
Melanoma
Melanoma
Intrahepatic cholangiocarcinoma
Intrahepatic cholangiocarcinoma
Intrahepatic cholangiocarcinoma
Intrahepatic cholangiocarcinoma
Pancreatic Cancer
Pancreatic Cancer
Pancreatic Cancer
Pancreatic Cancer
Pancreatic Cancer
Pancreatic Cancer
Lung Cancer
Lung Cancer
Lung Cancer
Lung Cancer
Lung Cancer
Lung Cancer
Lung Cancer
Lung Cancer
Breast Cancer
Hepatoid Esophageal Adenocarcinoma
Colon Cancer
Colon Cancer

Metastasis
to Liver
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
Yes
No
No
No
No
No
No
No
No
No
Yes
Yes
Yes
Yes
Yes

dPCR analysis of CTC-iChip-processed blood specimens from HCC patients generated
high signal for individual transcripts, compared to healthy donors, patients with chronic
liver disease, or with other malignancies (Fig. 2.5a).
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Figure 2.5 CTC-Score from patients with HCC compared with at-risk patients.
A) Heat maps depicting relative signal intensities for each of the 10 liver-specific

transcripts across different patient cohorts. Primary droplet numbers are log10transformed and scaled to the highest value for each transcript. Upper panel:
Healthy donors (blood bank; n=26) and high risk patients with chronic liver
disease under active clinical surveillance for HCC (n=31). Etiologies of liver
cirrhosis include HBV infection (n=16), HCV infection (n=6), alcohol (n=6) or other
causes (n=3). Middle panel: Patients with HCC, classified as untreated (newly
diagnosed; n=16) or ongoing treatment (currently undergoing various therapies;
n=32). Patients are grouped according to Barcelona Clinic Liver Cancer (BCLC)
criteria from early clinical stages (O, A) to advanced clinical stages (B, C and D).
Patients who have completed treatment and have no evidence of disease are
shown (NED; n=15).
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Figure 2.5, Continued.
Four of these cases represent repeated analysis of patients initially tested before
or during treatment (HCC-030_2, HCC-058_2, HCC-060_2, HCC-064_2). Lower
panel: Patients with cancers other than HCC (n=43): intra-hepatic
cholangiocarcinoma (ICC), pancreatic ductal adenocarcinoma (PDAC), breast,
lung and prostate cancers, melanoma, and cancers of non-hepatic origin
metastatic to the liver (MET). Clinical data are listed in Table S6.
B) Boxplots representing the integrated CTC-Score for the patient cohorts above. **
denotes p < 0.01, *** denotes p <0.0001 (Chi-squared, DOF=5).
C) ROC Curves for untreated HCC both without (left) and with leave-one-out crossvalidation (LOOCV). TPR, true positive rate; FPR, false positive rate; AUC, area
under the curve.

As expected, intra-cohort variability was observed, with some HCC patient samples
exhibiting high signal from multiple liver-specific transcripts, and others containing few
transcripts of interest. HCC cases in which no signal was detected may reflect the
absence of CTCs within the single 5-15 mL blood sample or expression of transcripts
that are not captured by the 10-gene panel.
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To integrate the results of multiple genes into a statistically robust scoring model, we
screened each transcript to determine if it served as a statistically significant singlegene predictor of HCC status (Fig. 2.6).

Figure 2.6. ROC Curves for Individual Genes. ROC curves derived for each
transcript within the liver-specific signature, using univariate logistic regression and
all first-draw active HCC patient samples.
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Nine of the 10 genes met this selection criterion (all excluding GPC3) These genes
were then combined into a single metric CTC-Score, using a leave-one-out crossvalidated (LOOCV) multi-predictor logistic regression model (Fig. 2.7).

PPV =

!"#!$%$&$%' × *+"&,-"#."
!"#!$%$&$%' × *+"&,-"#."/ 01!*".$2$.$%' × (01*+"&,-"#.")
!*".$2$.$%' ×(01 *+"&,-"#.")

NPV = (01!"#!$%$&$%') × *+"&,-"#."/!*".$2$.$%' × (01*+"&,-"#.")

Figure 2.7 Multi-Gene Model Parameters and Modeling Equations. Coefficients and
model statistics for the logistic regression model (table) using all first-draw active
HCC patient samples. The formulae used for calculation of the positive and negative
predictive values are shown below.
The leave-one-out cross-validation allowed us to build and test the model using a single
HCC patient cohort, although the high stringency associated with this approach may
underestimate the predictive value of the model; Fig. 2.5c demonstrates the change in
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model performance with and without cross-validation. We tested the multi-gene model
with 48 HCC patients versus 57 patients without cancer (Fig. 2.5.b).

Nine of 16 (56%) untreated HCC patients were classified as positive by CTC-Score,
compared with only 1 of 31 (3%) patients with at-risk non-malignant CLD and 2 of 26
(7.6%) age-matched healthy blood donors (P<0.0001, Chi-squared) (Fig 2.5b). HCC
patients undergoing therapy but with radiographically-detectable disease had a lower
fraction of cases with positive CTC-Scores (9 of 32; 28%), but this fraction was still
significantly higher than the control population (P=0.004, Chi-squared). Patients with no
evidence of disease (NED) after curative-intent treatment were only positive in 1 of 15
(7%) cases, an incidence comparable to that of the control population (P=0.56, ns).
Together, these results demonstrate that the CTC-Score can identify patients with
active disease while maintaining a high degree of specificity. Among all HCC patients,
the CTC-Score was not associated with specific underlying risk factors (P=0.73), but it
was highly correlated with Barcelona Clinic Liver Cancer staging (P= 0.011) and trended
toward significance when stratifying by vascular invasion (P = 0.06) (Fig. 2.8 a-c).
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Figure 2.8 CTC-Score Clinical Correlates.
a) Non-significant correlation between CTC-Score (all HCC patients) and the etiology
of underlying liver cirrhosis (alcohol-induced (EtOH); HBV infection; HCV infection
and EtOH; non-alcoholic steatohepatitis NASH). All HCV-induced HCC in our cohort
also had significant alcohol exposure.
b) Significant correlation between CTC-Score and clinical stage (Barcelona criteria:
early stage O-A versus advanced stage B-D)
c) A trend approaching significance between CTC-Score and imaging-based
(macroscopic) evidence of vascular invasion.
We next determined the feasibility of differentiating between HCC patients and patients
with malignancies other than HCC using a separate logistic regression (Fig. S6). In this
comparison, 6 of the 10 genes were statistically-significant predictors of HCC vs nonHCC status (AFP, AHSG, APOH, FABP1, FGB, and FGG), yielding a multi-predictor
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model with different features than the previous model (Fig. 2.9 a,b). Among patients
with pancreatic, prostate, breast, and non-small cell lung cancers, cholangiocarcinoma
and melanoma, 39 of 44 (88%) were correctly distinguished from HCC at a sensitivity of
50% for HCC patients. Optimal differentiation of tissue of origin among CTCs will likely
benefit from the inclusion of additional makers that are specific for other tumors, in
addition to exclusion of HCC-associated transcripts.
a

b
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Figure 2.9. ROC Curves, Multi-Gene Model Parameters, and Model Performance for
HCC versus Other Malignancies.
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Figure 2.9 (Continued).
a)

Individual gene ROC curves with AUC and p-values displayed.

b)

Coefficients and model statistics for the logistic regression model using all

first-draw active HCC patient samples.
c)

Non-cross-validated and leave-one-out cross-validated logistic regression

ROC curves for untreated HCC patient draws.
d)

Comparison between scores of HCC patients and those with other cancers; p

=0.013, Mann-Whitney U-test.
e)

Transcript count variations across two blood draws on patients HCC.041 and

HCC.075 in the absence of clinical intervention.
Longitudinal monitoring of patients with HCC
The higher incidence of positive CTC-scores in newly diagnosed, untreated HCC
patients (56%), compared with those undergoing active treatment (28%), and those who
completed curative-intent therapy (7%) suggests a potential role for CTCs in longitudinal
monitoring of tumor response. Furthermore, increasing tumor burden as defined by the
Barcelona Clinic Liver Cancer staging criteria is associated with increased CTC-Score
values (Fig 2.5a and Fig 2.8b). A subset of HCC patients in our study were monitored
longitudinally for tumor response. Supporting the robustness of the assay, the CTCscore remained high in two patients (HCC-041, HCC-075) with no therapeutic
intervention or change in clinical status between blood draws (Fig. 3a, Fig. S6e). Two
other patients (HCC-058, HCC-060) underwent surgical tumor resection and
demonstrated a decrease in CTC-Score postoperatively (Fig. 2.10). The CTC-score for
patient HCC-042 decreased moderately following an immune checkpoint inhibitor
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(nivolumab) treatment, and then showed a profound reduction 3 weeks after
subsequent radioembolization of the tumor (Fig. 3c). Coincident CT scans
demonstrated a dramatic tumor response to radioembolization. Of note, for 3 of these 5
patients (HCC-042, HCC-058, HCC-075), serum protein AFP measurements were
below clinically informative values (<20 ng/mL) at all draw points. While serum AFP
protein measurements are often used for monitoring tumor response in patients with
HCC, they are below detection in a significant fraction of cases. In such cases, CTCscore monitoring may serve as a complementary marker to assess disease status.
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Figure 2.10. Longitudinal monitoring of patients treated for HCC.
a) Serial blood measurements performed at 1 week intervals in two patients (HCC041, HCC-075) in the absence of therapeutic intervention. Concurrent CTC-Score
(red) and serum AFP (black) measurements are shown.
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Figure 2.10 (Continued).
b) Longitudinal monitoring of two patients (HCC-058, HCC-060), before (Pre) and
after (Post) resection of a localized HCC. HCC-060 had no evidence of disease 1
month after resection but then developed a recurrence of HCC (Rec).
c) Serial monitoring of a patient (HCC-042) initially treated with the immune
checkpoint inhibitor nivolumab (Nivo), followed by radioembolization (Embo) of the
residual mass. The tumor mass and post-embolization changes are shown by CT
scan. Concurrent CTC-Score (red) and serum AFP (black) measurements are
shown.

Early detection of HCC in high-risk populations
While early detection of localized HCC in individuals with liver cirrhosis provides the
only hope for curative therapy, serum AFP alone does not provide sufficient accuracy to
enable screening of at-risk populations. Using a cut-off of 20 ng/mL, AFP has an
estimated sensitivity of 53% with a specificity of 87%, leading to a positive predictive
value of 6% in populations where the expected prevalence of HCC is 1% (19). Raising
the AFP threshold to 100 ng/mL improves specificity to 99%, but reduces the test
sensitivity to 31% (20). Given these poor test characteristics, the American Association
for the Study of Liver Diseases (AASLD) does not recommend using AFP as a
screening tool for HCC (11).

To model the potential combination of AFP and CTC-Score in screening for HCC, we
determined the correlation between these two biomarkers in all the HCC patients for
whom concomitant assay results were available. CTC-score and serum AFP levels
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were not significantly correlated (R2=0.0007, p = 0.74), with concordance restricted to
cases with high serum AFP levels (Fig. 2.11a). The discordance between AFP protein
levels and the CTC-Score is consistent with the underlying basis for these assays: the
multi-gene CTC-Score is a digital signature to quantify HCC cells that have invaded into
blood, whereas serum AFP measures a single protein produced by HCC cells and
released into blood from tumor deposits. As such, the two assays may be orthogonal
and have added value as blood-based biomarkers for HCC.

While our pilot study was not powered to directly test the accuracy of the CTC-Score in
early detection of HCC, we modeled two strategies utilizing either high or low cut-offs for
AFP measurements. First, we tested the additive value of CTC-Score positivity and high
threshold AFP (100 ng/mL). Of the 15 newly diagnosed HCC patients for whom both
AFP and CTC-Scores were available, 4 (27%) were detected by CTC-Score alone, 1
(7%) by AFP alone, and 5 (33%) by both assays (Fig. 2.11b). Together, either AFP or
CTC-Score was positive in 67% of patients, leaving only a third undetected by either
method. Importantly, among all 16 patients with newly diagnosed HCC, 6 (38%) patients
met the Milan criteria for liver transplantation, a clinical indication that the disease is
sufficiently localized to enable curative therapy. CTC-Scores were available for all six
Milan-criteria patients, of whom two (33%) were positive (Fig 2.11c). AFP levels were
available for five of six patients, but none were above the 100 ng/mL threshold. Thus, a
subset of patients identified as having HCC by digital CTC assay may have curable
HCC.
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As an alternative HCC detection strategy, we modeled the initial screening of patients
with cirrhosis using the higher sensitivity 20 ng/mL AFP cutoff, followed by CTC-Score
analysis as a confirmatory test to provide the required specificity. Such a sequential
strategy has been instrumental in population screening for infectious disease such as
HIV (21); it has the benefit of capturing most patients at risk with a rapid primary test,
thereby increasing the disease prevalence among the group tested with the higherspecificity confirmatory test. In patients with HBV hepatitis without cirrhosis (associated
with a 0.5-1% annual incidence of HCC), such sequential AFP/CTC screening leads to
a calculated positive predictive value (PPV) of 36%, with a negative predictive value
(NPV) of 98% (Fig. 2.11d). In higher risk patients with HBV-induced cirrhosis (8%
annual incidence of HCC), the PPV rises to 86%, with an NPV of 83%. While these
calculations require confirmation in large populations studies, these predicted values
are within the range that would warrant cancer surveillance initiatives within appropriate
clinical settings (22).

51

All HCC
DataPatients
1

a

Serum AFP
[ng/uL]
1 102 104

6

4

R2=0.0007

2

0

0

2

10-1

4

101

6

105

103

CTC-Score
5

5

4

10000

Not Detected
Detected
NotMilan
Detected

Serum
AFP
Serum AFP
(100 ng/mL)

Detected
Milan (+)

100

50

0
0.00

50

0.05

Prevalence

15

5

Patients
100

0.10

Neg. Pred. Val.

Pos. Pred. Val.

CTC-Score

d

10

Either
Either

105

104

10-1

1

103

10

102

100

Data 5

c

CTC-Score
CTC-Score

1000

101

Serum AFP
[ng/mL]

100000

Untreated HCC
1

0

1000000

100

b

0
0.00

100

AFP (20 ng/mL)

AFP (20 ng/mL)

CTC-Score
CTC-Score
Combined
Combined
50

0
0.00

0.05

0.10

0.05

Prevalence

0.10

Figure 2.11. Modeling early detection of HCC using CTC-Score and AFP
measurements.
a) Absence of correlation between CTC-score and serum AFP levels in all HCC
patients with concomitant measurements.
b) Proportion of 15 newly diagnosed, untreated HCC patients identified by CTC-Score
alone, AFP (>100 ng/mL) alone, or both CTC-Score and AFP. No AFP
measurement was available for one patient with untreated HCC.
c) Bar graphs representing all newly diagnosed HCC patients, showing those
identified by serum AFP (>100 ng/mL), CTC-Score, or the combination of the two
tests (Either). Six of these newly diagnosed patients met Milan criteria for localized
disease amenable to curative liver transplantation (Milan+). Two of six Milan+
patients were identified by CTC-Score, but none of five had an AFP>100 ng/mL
(one Milan+ patient did not have AFP measurement).
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Figure 2.11 (Continued).
d) Positive and negative predictive value calculations for CTC-Score alone,
AFP (>20 ng/mL) alone, or both, as a function of HCC prevalence. The CTCScore model assumes 56% test sensitivity and 95% specificity, as observed in
untreated HCC patients; for AFP (>20 ng/mL), the 53% test sensitivity and
87% specificity are established from a population-based study (19).

Discussion
We have described a sensitive and specific RNA-based readout for detection of CTCs
following their microfluidic enrichment from blood specimens. Our approach combines
the high efficiency depletion of hematopoietic cells, enabling isolation of CTCs with
intact RNA and without bias for expression of tumor- or epithelial-specific cell surface
epitopes, together with CTC quantitation using a high-throughput, tissue lineage-specific
dPCR assay. Together, these approaches overcome the rate-limiting hurdle in CTC
detection, namely antibody staining and microscopic scoring of heterogeneous CTCs
among an excess of contaminating WBCs. Moreover, the dramatic signal amplification
and the molecular specificity derived from dPCR provides an effective way to detect the
rare but highly biologically significant occurrence of intact tumor cells in the blood
circulation. As an initial proof of concept, we applied this digital-CTC measurement
strategy to HCC, a highly lethal malignancy with worldwide impact, for which early
detection strategies are currently inadequate(11).
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The concept of liquid biopsies for noninvasive monitoring of cancer has emerged as one
of the most promising approaches in cancer diagnostics, with applications ranging from
early detection to treatment selection and monitoring response (23, 24). Three
complementary technologies each interrogate different biological specimens and rely
upon distinct technological assays. Circulating tumor DNA (ctDNA) is derived from small
fragments of genomic DNA shed into the vasculature by dying tumor cells, amidst the
background of DNA released from normal tissues, and it provides powerful opportunities
for targeted DNA-based genotyping (25). However, an inherent limitation of ctDNAbased genotyping is that it does not provide information as to the tissue of origin for
mutations detected in the blood, in contrast to CTCs, which provide a source of intact
RNA for lineage-based analysis. Genotype-based cancer detection is also of limited
utility in tumors such as HCC, where highly prevalent mutations have not been
identified. An alternative blood-based cancer detection technology takes advantage of
exosomes, small membrane-bound cellular fragments encapsulating cytoplasmic RNA
and other cellular components that are released by both tumor and normal cells. While
strategies for enrichment of tumor-derived exosomes are still being optimized, the
analysis of pooled exosomes has allowed RNA-based detection of cancer-associated
mutations (26). However, the fact that normal tissues also abundantly shed exosomes
precludes the use of lineage and tissue markers to identify tumor-derived expression
signatures in blood specimens. In contrast to exosomes, whole cells derived from
normal tissues are extraordinarily rare in the blood circulation. Hence, the initial isolation
of intact CTCs in the bloodstream, followed by their molecular quantitation, may provide
a highly specific diagnostic assay that is amenable to large-scale clinical applications.
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HCC, which arises within well-defined at-risk populations and in which early detection
may be curative, is particularly appropriate to serve as a “proof of principle” for CTCbased screening. Of note, the sensitivity and specificity of this molecular CTC assay
hinge on the successful identification of HCC-derived transcripts: additional targets that
capture the full heterogeneity of HCC may be identified by single cell sequencing of
HCC CTCs, and analysis of larger blood volumes may also improve the likelihood of
CTC detection, especially in patients with small lesions.

The poor performance of AFP alone in HCC screening stems from the fact that only a
minority of patients with liver cancer have very high elevations in this marker (>100
ng/mL), while low levels (>20 ng/mL) are common in conditions that predispose to HCC,
including viral hepatitis. However, the combination of AFP screening with a second
more specific assay has been shown to be effective in reducing disease mortality. In a
large randomized trial, a 37% reduction in HCC-related mortality was reported among
high-risk patients who underwent initial screening with AFP, followed by liver ultrasound
examination (27). Ultrasound-based surveillance is now practiced in many centers, but
image quality is operator-dependent and degraded in the setting of obesity or cirrhosis.
Furthermore, access to high-quality ultrasound is limited in developing countries, which
bear the greatest burden of HCC. The technology that we describe here, together with
the analysis of pilot clinical cohorts and clinical modeling studies, raise the possibility
that digital CTC scoring may provide an important new tool for HCC detection. The
scalability of digital CTC monitoring may be particularly useful in underserved
populations that lack access to MRI and ultrasound screening. While large population-
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based studies are now required to test and validate this technology’s performance
against existing screening standards, we favor the combination of AFP and CTC-Score
assays as orthogonal markers that together may provide both the sensitivity and
specificity required for noninvasive and cost effective HCC screening in high risk
populations that serum AFP alone is unable to provide. Alternative CTC scoring
algorithms may also enhance the differentiation of HCC from other hepatic lesions, an
application of particular importance in the US, where the use of imaging tests currently
drives HCC detection and monitoring. Thus, quantitative analysis of multiple tissuespecific transcripts derived from CTCs may be optimized for distinct applications in the
diagnosis and treatment of patients with HCC.

Finally, we note that digital scoring of CTCs for cancer monitoring is broadly applicable
to other cancer types. Indeed, many cancers originate in tissues that express
specialized gene transcripts that are absent in normal blood cells, and the curation and
testing of these markers may enable high sensitivity detection and monitoring of rare
cancer cells in the blood. Such blood-based molecular monitoring for CTCs holds
considerable promise for the early detection of cancer.
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Abstract:
The RNA-based CTC detection approach established in hepatocellular carcinoma was
next tested for its generalizability to other solid tumors. Specifically, we developed two
separate assays to enable risk stratification for locally invasive prostate cancer and
prediction of treatment response in localized breast cancer, respectively. Using the
same microfluidic depletion scheme outlined in Chapter 2, we identified a panel of eight
prostate-cancer specific RNAs that were used to quantify the burden of prostate cancer
CTCs in the blood of 34 men with localized prostate cancer. In this group, an elevated
preoperative CTC Score predicts microscopic dissemination to seminal vesicles and/or
lymph nodes (P<0.001). Similarly, using a 17-gene digital expression signature for the
detection and molecular analysis of breast CTCs in a cohort of 54 women with high risk
localized breast cancer, elevated CTC-Score ³3 weeks during neoadjuvant treatment is
predictive of significant residual disease at the time of subsequent surgical resection (p
< 0.047). Thus, longitudinal monitoring of CTC-derived RNA signatures may enable risk
stratification for men with early-stage, but invasive, prostate cancer and early prediction
of therapeutic responses in localized breast cancer.

Introduction:
The application of blood-based biomarkers is emerging as an important strategy for
individualizing therapeutic choices in prostate cancer in the setting of localized disease.
Early stage localized prostate cancer is often characterized by good prostate-cancer
specific outcomes regardless of treatment modality, including radical prostatectomy,
radiation therapy, or active surveillance (1). However, a subset of patients are at high
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risk of tumor dissemination outside of the prostate gland, most often to the seminal
vesicles and pelvic lymph nodes, and eventually to bone. Standard clinicopathologic
parameters including Gleason score, serum PSA, and clinical T-stage and clinical
nomograms (2-5) provide estimates for risk stratification, but they rely primarily on
pathologic assessment of prostate core biopsies, which are subject to under-sampling
errors and often underestimate the true pathologic stage of the cancer (6, 7).
Interestingly, CTCs have been detected in the blood of a fraction of men with localized
prostate cancer, which are cleared within 24 hours of surgical resection of the prostate,
although the clinical significance of these findings has not been established (8-10).
While CTCs provide a source of tumor material for serial, noninvasive sampling of
prostate cancer, their broad application in clinical monitoring has been precluded by
technological hurdles; here, we established an RNA-based molecular signature that
allows high throughput and highly quantitative detection of prostate CTCs following
microfluidic enrichment. The work described in Chapter 2 relied on a single-plex dPCR
assay that could only measure one transcript per well. Although simultaneous
interrogation of multiple transcripts of interest from a single dPCR well had previously
been described, doing so required manual quantification of each transcript, and the
presence of droplets containing multiple transcripts of interest led to ambiguities that
required subjective human input. Therefore, a machine-learning based approach was
developed to automate the enumeration of these droplets, which demonstrated >99.9%
accuracy in transcript classification. In men with clinically localized prostate cancer
undergoing radical prostatectomy, digital detection of CTCs is predictive of pathologic
seminal vesicle invasion and lymph node dissemination identified at the time of surgery.
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In breast cancer, recent advances in therapeutics have revolutionized the management
of the disease, with the approval of more than dozen drugs in the past few years,
including 4 new agents in 2017. Despite increasingly effective therapeutic choices, there
are few biomarkers to guide initial therapy selection and identify early responses. This
results in empiric choices of treatment regimens, delayed clinical ascertainment of
efficacy, and inability to administer the right drug at the appropriate cycle. These issues
create a dilemma for the treating physician and may be addressed by serial monitoring
of therapeutic responses during the clinical management of breast cancer.

Traditionally, assessing therapy response in metastatic breast cancer involves
monitoring serum cancer antigen protein markers, such as CA15-3 and CEA, along with
radiographic assessment of tumor volumes (11, 12), but the sensitivity and accuracy of
established protein serum markers is limited (13, 14). In women with high risk localized
breast cancer, multiple courses of neoadjuvant pre-operative chemotherapy or
hormonal therapy may be administered, with the goal of reducing initial tumor burden
and improving the outcome of subsequent surgical resection. Serial monitoring using
ctDNA genotyping may be predictive of outcome in tumors that are informative for such
mutations and it provides an early indication of tumor recurrence(15-17). In most cases,
ctDNA tracking requires initial sequencing of the primary tumor to design individualized
mutation panels to monitor during relapse, a complex strategy that may limit high
throughput clinical applications. Direct sequencing of recurrently mutated genes is
emerging as an alternative strategy, however, not all early stage breast cancers harbor
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recurrent mutations that can be monitored in this way. Hence, tumor lineage-based,
mutation-independent biomarkers may be broadly informative without requiring initial
sequencing of the primary tumor and generation of individualized mutation panels.
Microscopy-based enumeration of CTCs has been established as a prognostic marker
in breast cancer, with both the CTC number at baseline and treatment-induced changes
of the number of CTCs being prognostic of progression-free and overall survival in the
context of chemotherapy treatment (18, 19). However, to date, the relatively low
sensitivity and technological complexity of CTC imaging, combined with the absence of
robust molecular characterization, have limited the clinical application of CTCs to guide
therapeutic decision-making (20-22).

The microfluidic enrichment previously described allowed for the use of a breast cancer
specific transcriptional CTC signature takes advantage of tissue-, lineage- and cancerassociated transcripts expressed in cancer cells but absent in the normal blood cells
that still constitute the majority of the CTC-enriched product for the prediction of
response to neoadjuvant therapy for localized breast cancer patients.

Materials and Methods:
Patients and clinical specimens
All studies were conducted in accordance with Belmont Report ethical guidelines.
Patients with a diagnosis of prostate cancer or breast cancer provided informed
written consent to one of two Institutional Review Board (IRB) approved protocols,
DF/HCC 05-300 or DF/HCC 13-209. For testing of the prostate CTC Score, 34
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patients with clinically localized prostate cancer who were scheduled to undergo
radical prostatectomy donated 20mL of blood prior to surgery. Detailed clinical
and pathologic characteristics for these localized prostate cancer patients are
provided in Table 3.1.

Table 3.1 Clinical information for patients with localized prostate cancer in
radical prostatectomy study

For the breast cancer patients, pretreatment samples and samples prior to each
subsequent round of neoadjuvant treatment were prospectively collected from women
with newly diagnosed localized breast cancer (1 Stage I, 41 Stage II and 12 Stage III
unique patients, BLNEO cohort, Table 3.2). 33 samples from female healthy donors
were obtained from the blood bank (9ml average) to establish the normal expression of
each marker (initial HD cohort).
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Table 3.2 Baseline clinico-pathological characteristics in the prospective study
of locally advanced breast cancer patients starting neoadjuvant therapy

Circulating tumor cell isolation
CTCs were isolated from fresh whole blood donated by patients or healthy donors
following leukocyte depletion using the microfluidic CTC-iChip as previously
described in Chapter 2.

RNA extractions and whole transcriptome amplification (WTA)
CTC samples were subjected to RNA extraction using the RNeasy Plus Micro Kit
(Qiagen). Whole transcriptome amplification (WTA) was performed on RNA using
the SMARTer Ultra Low-input RNA kit, version 4 (Clontech Laboratory). Prostate
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cancer samples were amplified to 18 cycles while breast cancer samples were
amplified to 8 cycles.

Droplet Digital PCR
WTA product and primer/probe mixes were combined with ddPCR Supermix
for Probes (Bio-Rad) in a 96-well plate and loaded onto Bio-Rad’s automated
droplet generator. Droplets were subjected to thermal cycling using a modified
45-cycle PCR with a 70˚C step-down in between the denaturation and annealing
steps. Following thermal cycling, droplets containing the transcript of interest were
detected via fluorescence with the QX200 Droplet Reader System (Bio-Rad).

Multi-class Support Vector Machine (SVM) classifier
To generate training and validation sets for the multi-class support vector
machine (SVM) classifier, 10 ng of LNCaP cell line cDNA was loaded into each
ddPCR reaction. By appropriately isolating each probe set combination into
separate PCR reactions (individual reactions with probes for only one of the
genes of interest, and reactions with probes for only two genes of interest to allow
for the unambiguous identification of the resultant double-positive droplets), we
could confidently manually curate the FAM/HEX values that corresponded to a
given class of single- or double-positive droplet. These data were manually
classified using the FlowJo software package and then imported into MATLAB. A
custom MATLAB script was used to generate and validate a multi-class support
vector machine (SVM) classifier with 30% of the droplets partitioned prior to SVM
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training and allocated as the testing set. To best match new ddPCR data derived from
patient CTCs to the initial LNCaP results used to train the SVM, a user is asked to
manually confirm that the four single positive droplets for a given reaction are located
within the appropriate area on the FAM/HEX plot. If the user determines that they are
not, the user can translate the origin of the data via the MATLAB command line.

Custom analytics
All other analysis was performed using R version 3.3.1.

Results:
Deconvolving multiplexed dPCR data with machine learning
To avoid dilution of rare templates while enabling amplification of multiple markers,
we designed a multiplex assay (two reactions with four genes per reaction), with
differing relative ratios of FAM and HEX fluorescence to define the identity of the
amplified product. Using four probes per dPCR reaction doubles the information density
from each well, but comes at the cost of ambiguous droplet identification—this strategy
introduces double-positive droplets that contain transcripts from two of the transcripts of
interest. A multi-class support vector machine (SVM) classifier algorithm was
developed to automatically classify droplets according to their position on the FAMHEX coordinate system. First, we performed a set of dPCR reactions that included
every potential single- and double-positive droplet combination (e.g. a single reaction for
each of the eight transcripts of interest to identify the location of the single-positives,
and then a set of reactions that contained probes for each possible transcript pairing). A
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machine learning algorithm (support vector machine) was then trained on 70% of the
available data, and its performance assessed using the remaining 30% of holdout data.
Excitingly, this model was shown to be over 99.99% accurate at classifying the testing
data; the confusion matrix in Figure 3.1 shows the relative misclassification among
different droplet classes, with Fig. 3.2 showing the classifier-defined boundaries on
patient data.

Figure 3.1 Confusion Matrix for the SVM classifier performance on hold-out data.
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Figure 3.2 Classifier boundaries on patient data. Multi-class support vector
machine (SVM) classifier model to automatically classify positive droplet
signals. Lower 3 panels: representative multiplex ddPCR expression signal in
CTCs from a metastatic prostate cancer patient, a localized prostate cancer
patient, and a healthy donor.

Building a CTC-score for the detection of invasive prostate cancer
Similar to the HCC studies in chapter 2, a whole transcriptome amplification
(WTA) step prior to the droplet digital PCR assay was used to amplify the CTC
transcript signal. These genes were selected based on expression in prostate
CTCs, the potential to inform AR signaling status, and absence in hematopoietic
lineages. This WTA-based droplet digital prostate assay was applied
prospectively to a cohort of 34 men who had a diagnosis of clinically localized
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prostate
cancer
and who were scheduled for radical prostatectomy (Fig. 3.3a).
Author manuscripts have been peer reviewed and accepted for publication but have not yet been edited.
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Figure 3.3. Performance of the CTCL score against existing clinical estimates of disease
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Figure 3.3 (Continued). Performance of the CTCL score against existing clinical
estimates of disease invasiveness (A) Schema for patients with clinically localized
prostate cancer treated with radical prostatectomy in this study. (B) Equation
for CTCL Score, with weights for each gene based on the relative signal in
localized patients with pathologic seminal vesicle invasion (SVI) or lymph
node (LN) involvement, compared to those without microscopic cancer
dissemination (see Methods). (C) Table showing the relationship between
the pre-operative CTCL Score and microscopic SVI or pelvic LN involvement
(“Invasion”) identified at the time radical prostatectomy. “High” and “Low”
CTCL Scores were determined based on the presence of signal higher than
2 standard deviations above the average signal in healthy donor controls.
(D, E) Graphs of relationship between pre-operative leave-one-out cross
validated CTCL Score and D’Amico Risk Group or UCSF CAPRA Score. Red
dots represent patients who had microscopic SVI or pelvic LN involvement
identified on pathologic examination of the radical prostatectomy
specimen, while blue dots represent patients who did not have SVI or LN
involvement. Perpendicular dashed line represents a threshold of 2
standard deviations above the average CTCL Score signal in healthy
donor controls. Numbers depict the number of data points (patients) in
each sextant. (F) Table showing positive predictive value (PPD) and
negative predictive value (PPD) of D’Amico (high risk), CAPRA (high risk),
CTCL Score (high), and CTCL Score / CAPRA combinations for prediction of
microscopic SVI or LN involvement identified at radical prostatectomy.
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Of these 34 patients, 13 (38%) had a pre-operative prostate biopsy revealing
Gleason score 6 (Grade Group 1) disease, 15 (44%) had Gleason score 7
(Grade Group 2 or 3) disease, and 6 (18%) had a Gleason score of 8 or higher
(Grade Group 4 or 5). None of these patients had evidence of seminal vesicle
invasion or lymph node metastases on standard pre-operative radiographic
imaging, thereby making them candidates for surgical resection (79.4% of
patients had a pelvic MRI or abdomen and pelvis CT scan). However, following
radical prostatectomy, 6 patients (18%) were found on pathologic examination of
the resected surgical specimen to have evidence of seminal vesicle invasion
(SVI), pelvic lymph node involvement (LN), or a combination of both features,
signifying microscopic dissemination of cancer outside the prostate gland.
Notably, pre-operative digital CTC signal was highly associated with
pathological evidence of early prostate cancer dissemination.

Briefly, differentially weighing of individual genes was based on their predictive
value for SVI or LN involvement (Fig. 3.3b). For a given sample, the CTC digital value
for each gene was multiplied by that gene’s weight, and the resulting weighted gene
counts summed to provide a CTCL score (for CTC-Localized) (Fig. 3.3b). This
methodology allows for the amplification of signal from genes that contain relatively
more information than other genes within the gene set for the specific classification of
interest. In order to generate an estimation of this approach’s performance on new data,
we performed leave-one-out cross-validation (LOOCV) (42); all subsequent claims are
based on these LOOCV results. To define a threshold value delineating “CTCL positive”
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from “CTCL negative,” we calculated the CTCL score (using the entire radical
prostatectomy patient data to generate gene weights) for a panel of 30 age-matched
male healthy donors. CTCL positivity was defined as the mean healthy donor CTCL
Score plus two times the standard deviation of the healthy donor CTCL Score. A chisquared test was performed to determine if CTCL positivity was associated with
invasion (Fig. 3.3C). Comparison of the CTCL Score and standard clinicopathologic
risk groupings showed that the CTCL Score had superior predictive value in this
cohort with respect to prediction of pathologic SVI or LN involvement (3.5d, 3.5e,
and 3.5f). For patients with a high CTCL Score, the positive predictive value (PPV)
for SVI or LN invasion was 100% (3/3 patients), compared to a PPV of 33% (3/9) for
patients with a high score in the commonly used D’Amico clinical risk group (18)
(Fig. 3.5e,f), and a PPV of 60% (3/5) in the alternative clinically used UCSF CAPRA
Score (21) (Fig. 3.5e,f). The negative predictive value (NPV) was similar for all three
measures (90% for CTCL Score, 88% for D’Amico, and 90% for CAPRA) (Fig. 3.5f).
The use of combinations of the CTCL Score together with either CAPRA or D’Amico
risk groupings did not appreciably increase the PPV or NPV for pre-operative
prediction of SVI or LN involvement (Fig. 3.5f).

A pre-operative CTCL Score higher than two standard deviations above the
average healthy donor signal was strongly associated with pathologic SVI or LN
involvement discovered at the time of radical prostatectomy (Fig. 3.3C and
3.3a; P<0.001). This leave-one-out cross validated (LOOCV) CTCL Score in
localized prostate cancer was not significantly correlated with biopsy Gleason
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score (Fig. 3.4b), Grade Group (3.4c), or preoperative serum PSA (3.4d).

Figure 3.4. Correlation of the CTCL score with clinic-pathologic parameters.
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Figure 3.4 (Continued). (A) Box plots showing pre-operative leave-one-out
cross validated (LOOCV) CTCL Score in clinically localized prostate cancer
patients according to microscopic SVI or pelvic LN involvement identified at
the time of radical prostatectomy. Dashed line represents a threshold of 2
standard deviations above the average CTCL Score signal in healthy donor
controls. (B) Box plots showing pre-operative CTCL Score in clinically
localized prostate cancer patients according to Gleason score of diagnostic
prostate biopsies. (C, D) Graphs of relationship between pre-operative
CTCL Score and Serum PSA (upper panel) or Gleason score (lower panel).
Red dots represent patients who had SVI or pelvic LN involvement
.identified on pathologic examination of the radical prostatectomy specimen.
Blue dots represent patients who did not have SVI or LN involvement.
Despite the small sample size, these observations raise the possibility that digital
Perpendicular dashed line represents a threshold of 2 standard deviations
CTC analyses may help predict the presence or absence of early dissemination in
above the average CTCL Score signal in healthy donor controls.
patients undergoing surgical resection for a presumed localized prostate cancer.

Persistence of elevated CTC-Score during neo-adjuvant treatment of localized
breast cancer as a predictor of residual disease
We next applied the breast digital CTC-Score to a cohort of women with localized breast
cancer (Stages I-III) treated with pre-operative (neo-adjuvant) therapy (BL-NEO cohort;
N=54). The genes incorporated into the CTC score were selected based on expression
in breast cancer CTCs, ability to inform on ER signaling status, and lack of expression
in the contaminating hematopoietic lineages Pretreatment baseline and monthly ontreatment blood samples were collected; of the 54 patients, 17% (n=9) had HR+ primary
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tumors, 46% had TNBC (n=25), and 37% (n=20) had HER2+ subtypes, consistent with
the expected distribution among localized disease treated with neoadjuvant therapy
(see Table 3.1 for baseline characteristics of patients). At a set specificity of 100%,
baseline CTC Scores are positive in 43% BL-NEO cohort patients (ROC AUC = 0.72, p
= 0.0027) (Fig. 3.5a).

Figure 3.5. A, ROC analysis of baseline BLNEO samples. Comparison between 20
healthy female donors and pre-treatment samples from 54 BLNEO patients (Stages
I,II and III). AUC value is shown; p-value was calculated using Wilcoxon rank sum
test.
B, Boxplot showing CTC scores in Grade 2 and Grade 3 tumors; p-value based on
Wilcoxon Rank Sum test. C, Boxplot showing CTC scores in patients with (1) or
without (0) nodal involvement at baseline; p-value based on Wilcoxon Rank Sum
test. D, Scatterplot of CTC score and tumor diameter at baseline. Best-fit line and
confidence interval are shown, p-value based on linear regression statistics.
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There was no significant association between baseline CTC-Score and tumor grade,
tumor diameter and nodal status within this group of patients (3.5b-d). Of the 54 BLNEO cohort patients, 37 women had their ultimate treatment response determined by
both pathology analysis and clinical criteria by a clinician blinded to the CTC-Score at
the time of surgical resection (after approximately 4-6 months of therapy). Patients for
whom we did not have clinical or pathological assessment were not included in further
analysis, but all other patients were included. Overall, a trend towards residual disease
in patients with a high baseline CTC-Score (ROC AUC=0.68, p=0.055) is noted,
reflecting the prognostic value of CTCs (Fig. 3.6).

Figure 3.6. Elevated CTC-Score during presurgical neoadjuvant therapy predicts the
probability of residual disease in patients with localized breast cancer at the time of
surgical resection.
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Figure 3.6 (Continued). The BL-NEO blood draws were stratified by both treatment
cycle (including chemotherapy, endocrine therapy and/or anti-HER2-targeted
therapy) and presence of significant residual disease upon surgery, and their CTC
scores compared. Breast cancer subtypes are noted (HR+, red; HER2, green; TNBC,
blue). High CTC scores in pretreatment and cycles 1 and 2 samples reveal a trend
towards presence of significant residual disease, while blood draws from >=3 cycles
of therapy predict significant residual disease. ROC curves, AUC values and pvalues for each of the conditions are shown. P-values were computed by comparing
the performance of the CTC score to a random predictor.

However, more strikingly, an elevated CTC score during neo-adjuvant therapy (>= 3
cycles ) is associated with a higher probability of clinically impactful residual disease at
the time of subsequent surgical resection (AUC=0.83, p=0.047) (Figure 3.6). Taken
together this time course analysis suggests that failure to clear the digital CTC signal
during neo-adjuvant therapy for localized breast cancer is associated with subsequent
persistence of substantial residual tumor burden at the time of surgical resection.

Discussion:
By combining microfluidic enrichment of unfixed CTCs with digital quantitation of CTCderived RNA, we describe highly specific assays for non-invasive sampling of prostate
and breast cancer. The digital RNA-based scoring overcomes several limitations of cell
imaging-based CTC analyses, including the requirement for calibration and thresholding
of multiple immuno-fluorescence microscopy parameters and manual verification of
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individual images. In addition, the high sensitivity and specificity of sequence-based
approaches, which are readily multiplexed to simultaneously interrogate multiple
markers, provide greatly improved signal over traditional cell imaging methods. We
demonstrate potential applications of this digital CTC assay in the setting of clinically
localized prostate cancer and locally invasive breast cancer. For men undergoing
radical prostatectomy for localized prostate cancer, digital CTC analysis predicts for the
presence of clinically significant cancer dissemination that is not detected by standard
preoperative clinical imaging and could impact the choice of curative intervention. In this
context, the primary challenge is accurate risk stratification to guide the reduction in
therapeutic interventions in cases at lower risk, while providing more aggressive
treatment of high risk disease. Standard risk stratification tools and nomograms, based
on clinical staging and prostate core biopsies, are often unreliable in predicting the
microscopic extent of disease identified at the time of surgery, likely due in part to the
limited sampling of the prostate at the time of diagnostic biopsy (6, 7). In the cohort
described here, patients with high pre-operative CTCL Scores were subsequently
found at the time of radical prostatectomy to have a high rate of seminal vesicle
invasion or pelvic lymph node involvement. These findings were not predicted by
histopathologic analysis of the diagnostic biopsies, by preoperative serum PSA level, or
by clinical or radiographic staging. As expected, the frequency of microscopic
dissemination discovered at the time of surgery was low (6/34 cases; 18%), but these
findings may have important clinical consequences, and all six cases were referred for
consideration of postoperative radiation therapy and/or androgen deprivation therapy,
thereby incurring the potential for additional treatment-related adverse events.
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Additional clinical follow-up of our cohort is necessary to determine if the pre-operative
CTCL Score correlates with biochemical recurrence and other prostate cancer-specific
outcomes. If confirmed in larger studies, the high predictive value of the CTCL Score for
microscopic dissemination of early prostate cancer may provide a biomarker to help
identify high risk patients who may benefit from alternative treatment approaches,
including neoadjuvant preoperative systemic therapies, or radiation therapy in
combination with novel systemic therapies. In addition, while this study involved single
CTC measurements performed preoperatively and standardized against separate
control cohorts, serial longitudinal monitoring of the CTCL Score may ultimately allow
individualization of the baseline signal for each patient, with potential applications in
monitoring men with indolent prostate cancers undergoing active surveillance for early
indication of disease progression.

For the women undergoing neoadjuvant chemotherapy prior to surgical resection of
their tumor, this approach can allow for segmentation of the patient population by those
predicted to respond, thereby avoiding the morbidity of chemotherapy in patient cohorts
unlikely to benefit from treatment. We explored the application of digital CTC scoring in
the neoadjuvant treatment of localized high risk breast cancer using 17 genes selected
to include multiple tissue-derived and cancer-related transcripts that are not expressed
in contaminating blood cells. At the most stringent (100%) specificity, positive CTC
signal was present at baseline in half of women whose early stage breast cancer was
considered sufficiently high risk to warrant preoperative therapy. A major challenge in
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the administration of neoadjuvant chemo and/or hormonal therapy is the absence of
early markers of response, such that up to 6 months of treatment may be administered
before surgical resection of the primary tumor may reveal either the desired response or
progressive disease. Our finding that after 3 months of neoadjuvant
therapy women who have higher CTC signal will have substantial residual tumor at
the time of surgical resection, compared to those with lower CTC signal, suggests
that CTC monitoring may help guide the presurgical evaluation of drug response,
and supports previous evidence for the utility of CTC as a prognostic marker in the
neoadjuvant setting(23). Larger trials will be required to confirm the clinical validity of
this blood-based predictor, and whether its predictive value varies among different
histological subtypes of breast cancer subjected to different neoadjuvant treatment
modalities.

Conceptually, the application of a digital RNA-based PCR output to microfluidic CTCenriched cell populations presents several important advantages. First, the use of
purified whole CTCs in the bloodstream as the source of RNA increases the likelihood
that the measured signal is derived from invasive cancer cells, as opposed to normal
tissues or indolent cancers. Second, the analysis of cancer cells within a background of
normal blood cells enables the use of tissue lineage-based RNA transcripts that are not
unique to cancer, thereby expanding the number of available biomarkers and confirming
the tissue-of-origin for these circulating cancer cells. Third, lineage RNA-based CTC
measurements may be applied to virtually all solid tumors, without the need to develop
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individualized genotype assays based on primary tumor sequencing, nor do they rely on
the presence of recurrent cancer- specific mutations (24).

Along with microfluidic CTC isolation, digital scoring of CTC signal for both prostate
lineage transcripts and prostate cancer-specific transcripts can be readily automated for
high-throughput analyses, making it a practical tool for clinical applications. Similarly, by
combining initial microfluidic depletion of hematopoietic cells to enrich for intact CTCs
with quantitative digital PCR of multiple breast-specific transcripts, we have developed a
platform for high-throughput, noninvasive characterization of cancer cell burden in the
circulation of women with breast cancer. Compared with imaging-based CTC
quantitation or analysis of individual RNA markers(25-27). the CTC-Score has the
sensitivity and complexity to interrogate different cancer-related pathways, including
estrogen receptor signaling, during the course of therapy. Thus, RNA-based digital CTC
scoring provides a highly sensitive and quantitative blood-based marker to complement
standard clinical parameters, with the goal of optimizing treatment algorithms in early
prostate and breast cancer.
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Abstract:
Although circulating tumor cells have been demonstrated to be a powerful biomarker for
the earlier detection and longitudinal monitoring of cancer, accurately isolating,
enumerating, and characterizing these rare cells present major obstacles to their wider
clinical implementation. Here, we have leveraged high-throughput single-cell RNA
sequencing in order to more fully characterize the transcriptomes of cells found in the
blood of patients with either hepatocellular carcinoma (HCC) or high-risk chronic liver
disease (CLD) controls processed through the CTC-iChip, and to identify novel RNAbased CTC biomarkers. The majority (>90%) of the cells recovered from our device are
leukocytes (primarily lymphoid) in origin, although the samples also contain platelets
and reticulocytes. A subset of HCC patient samples had cells expressing high levels of
hepatocyte-specific genes; differential expression analysis between these cells and all
other cells revealed several genes highly expressed in HCC CTCs that were previously
unexplored as HCC CTC biomarkers. Digital PCR for these 2 genes (AMBP and ORM1)
showed that AMBP is a promising specific marker for HCC. Thus, single-cell RNA
sequencing of CTC-enriched blood samples can serve as a platform technology for the
unbiased identification of RNA-based CTC biomarkers.

Introduction
Over the past decade, efforts toward cancer biomarker development and clinical
validation have increased exponentially(1). Therapeutic selection based on biomarkers
has proven useful in several types of cancer. In lung cancer, EGFR mutation status
predicts sensitivity to EGFR inhibitors such as gefitinib; in breast cancer, hormone

88

receptor status predicts sensitivity to endocrine therapies; and in multiple cancer types,
expression of the immune checkpoint molecule PD-L1 has shown to be somewhat
predictive for therapeutic response to the anti-PD1 therapy pembrolizumab(2-4). Similar
efforts are underway in the identification of biomolecules or imaging techniques specific
for the presence of cancer in high-risk cohorts to enable earlier detection. For many
cancers, earlier detection alone is sufficient to improve outcomes; in hepatocellular
carcinoma, a combination of serum AFP measurements with ultrasound showed a 37%
survival benefit compared to no screening protocol (5). For these high-risk chronic liver
disease patients, between 0.5%-8% of patients, per year, will convert to HCC. Similarly,
some success has been demonstrated with CA-125 in ovarian cancer, and women who
test positive for BRCA1/2 mutations have an expanded list of clinical options to manage
their increased breast and ovarian cancer risk (6, 7).

Circulating tumor cells hold promise for the earlier detection and longitudinal monitoring
of cancer, but the difficulty of isolating and characterizing these rare cells from the blood
has precluded their routine use in the clinic. Isolation strategies leveraging differences in
cell surface marker expression, cell size, cell stiffness, and other biophysical and
biochemical parameters have been described, but these approaches fail to achieve the
complete purification of a given peripheral blood sample, leaving behind hundreds to
thousands of WBCs for each isolated CTC(8). Leveraging the dPCR technology
described in Chapters 2 and 3 enables the absolute quantification of a set of lineagespecific transcripts in the setting of this contaminating, and variable, leukocyte carryover, but doing so requires the a priori selection of a set of RNA transcripts that are
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specifically expressed in CTCs but virtually absent in the contaminating WBCs.
Recently, exponential decreases in sequencing costs have dovetailed with novel singlecell partitioning approaches to allow interrogation of transcriptomes from thousands of
single cells in parallel. This technology has led to major advances in our understanding
of hematopoietic lineages, cancer cellular hierarchies, and the tumor microenvironment
(9, 10). Such technologies had additionally been initially tested in a cohort of two HCC
patients, but the results were difficult to interpret due to the lack of control samples and
the fact that only 3 CTCs were detectable (11). The previously described dPCR work
required the a priori selection of a set of positive lineage markers that may not fully
capture the transcriptional heterogeneity of cancer. In order to more fully explore the
potential search space for CTC-specific RNA biomarkers, we used the 10X Chromium
single-cell RNA-Seq platform, which can encapsulate tens of thousands of cells
simultaneously from a given sample, to identify CTCs from patients with hepatocellular
carcinoma (HCC) versus control patients with chronic liver disease (CLD), the known
high-risk factor for developing HCC. All blood samples were processed through the
CTC-iChip. We then validated the novel RNA biomarkers identified from these data in
the original cohort that was used for proof-of-principle HCC detection.

Methods
CTC-iChip Processing
CTC-iChip processing was performed as described in Chapter 2. Briefly, 10-20 mL of
patient blood was processed through the CTC-iChip version 1.4.5. IRB-approved
protocols were used to consent all patients and healthy donors.
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10X Chromium single-cell RNA Sequencing
After CTC-iChip processing, the samples were spun at 500 rcf for 10 minutes and the
supernatant removed. The samples were resuspended in 1X phosphate-buffered saline
with 0.04% w/v BSA. Cells were quantified using Nexelcom Automated Cell Counter,
and then processed as described in the 10X scRNASeq protocol. Libraries were
sequenced on 1 lane of a Novaseq using 150x2 paired-end sequencing.

10X Data Analysis:
After alignment using 10X’s Longranger pipeline, the Seurat package in R was used to
analyze the data(12). First, the HCC and CLD datasets were combined using
Canonical Correlation Analysis. Briefly, each cell was required to have at least 300
unique genes, and each gene was required to be present in at least 5 cells in order for it
to be included in the analysis. The top 1000 variable genes from each individual dataset
were identified and used for subsequent CCA. After CCA was completed, the first ten
dimensions from CCA were used for cell clustering in t-SNE with a resolution
hyperparameter of 0.2. Markers specifically expressed in each cluster were next
calculated (minimum expression in cluster 25%, minimum fold-change 0.25). Clusters
were mapped to immune lineages by specific expression of standard immune markers.
Differentially expressed genes were assessed using DESeq with an adjusted p-value of
0.1 or lower required. Additional analyses were performed with ClusterProfiler to identify
altered gene networks(13).
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Digital PCR
dPCR experiments were performed using an AutoDG automated droplet generator,
C1000 Touch Deep-well thermocycler, and QX200 plate reader (Biorad) following
manufacturer recommendations with 1% of the WTA product. Genes of interest (ORM1
and AMBP) were measured in the FAM channel, and GAPDH in the HEX channel as a
control for sample quality.

Results:
We initially performed 10X scRNAseq on the CTC-iChip product from 6 patients with
treatment-naïve hepatocellular carcinoma and 7 age-matched chronic liver disease
patients who served as a high-risk control cohort (Table 4.1).

Table 4.1: Clinical data from patient samples processed through scRNAseq.

There were no statistically significant differences between any of the input metrics
(standard complete blood count metrics and DNA concentration), except for the input
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concentration and serum AFP, both of which were significantly higher in the HCC
samples (Fig 4.1). 10X encapsulation and library preparation was then performed, and
computational analysis completed in R using the Seurat package. In order to minimize
the impact of any unappreciated batch effects between the HCC and CLD cohorts,

Figure 4.1. Complete blood count and sample processing data stratified by patient
disease status.
canonical correlation analysis was used to identify features between these two datasets
that are maximally correlated and then map the two datasets into this subspace.
Generating an elbow plot shows that the shared correlation strength between the two
datasets rapidly falls off between the first 10-20 canonical correlation vectors; the first
10 CCs were used.
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Figure 4.2 Elbow plot of shared correlation strength across canonical correlation
vectors’ inputs for the subsequent dimensionality reduction techniques.

Next, t-distributed stochastic neighbor embedding (t-SNE) was used to further reduce
the dimensionality of the dataset and identify biologically meaningful clusters of cells.
Importantly, the dataset did not demonstrate large patient- or disease-level clustering,
consistent with a lack of significant batch effect between these two variables (Fig 4.3).
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Figure 4.3 t-SNE plots colored by patient and disease status.

Additional analysis shows that the number of genes detected in a given sample, the
number of unique molecules present, the ribosomal fraction of reads, and the
mitochondrial fraction of reads did not segregate the HCC from the CLD samples,

Figure 4.4 Correlation matrix colored by disease status.
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Figure 4.4 (Continued). Correlation matrix colored by disease status. Every dot
represents a single patient. “Mito” equals percent mitochondiral content; “Ribo”
equals percent ribosomal content. Lines are Loess moving regression.

consistent with a lack of a batch effect between these two groups (Fig. 4.4). The
number of unique molecular indices was inversely correlated with both the ribosomal
and mitochondrial content of a given cell, consistent with these two metrics serving as
rough proxies for the quality of a given cell’s sequencing.

In order to determine the identity of the cells comprising these clusters, differential
expression analysis was performed to identify the top genes over-expressed in a given
cluster relative to all other clusters. These gene lists were then compared against
known markers of immune cell lineages, as most of the CTC-iChip product is
immunologic in origin (with pertinent negatives, such as lack of CD3 expression in NK
cells, sampled as well). As expected, the vast majority of cells in the samples were
immune in origin, as defined by standard immune cell markers (Figs 4.5-11).
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Figure 4.5 CD4 T Cell marker genes. CD4, CCR7, PDCD1, LAG3, ITGAE, ENTPD1,
CXCR3, CCR4, CCR6, PTGDR2, KLRB1, IL2RA, IL7R, CXCR5, CD2

Figure 4.6 CD8 T Cell marker genes. CD8A, CCR7, PTPRC, PDCD1, LAG3, B3GAT1,
ITGAE, ENTPD1
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Figure 4.7 NK/NKT Cell marker genes: CD3G, NCAM1, FCGR3A

Figure 4.8 Monocyte cell marker genes. NCAM1, CD14, FCGR3A
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Figure 4.9 B Cell marker genes. CD19, CD27, CD38

Figure 4.10 Platelet marker genes. PPBP, PF4
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Figure 4.11 RBC/Reticulocyte marker genes. HBA1/2, HBB, HBD, HBG1/2

Surprisingly, no CTC-specific cluster emerged from this unsupervised analysis. The
majority of the cells identified within the dataset were natural killer (NK) cells, followed
by CD-4 and CD-8 T cells (Fig. 4.12). Reticulocytes were also prevalent, but
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A

B

Figure 4.12 t-SNE clustering of scRNAseq data and cell type enumeration. A) t-SNE
dimensionality reduction shows clear clusters that share distinct expression profiles.
B) Plot of cell types present in the CTC-iChip product rank-ordered by prevalence.
stratified into three distinct clusters (RBC1-3), reflecting some patient-specific clustering.
Platelets, CD14+ monocytes, and B-cells were also clearly present, as were two
additional clusters of less clear origin. The “lncRNA” cluster appeared enriched in
lncRNAs, and the “ribo” cluster was some type of leukocyte with very high expression of
ribosomal RNA (Fig. 4.12).
Stratifying these data by patient reveals a high variance in the number of cells
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sequenced per patient (between 200 and 7000), as well as the relative cell composition
of each patient (Fig. 4.13) . This variability is likely due to differences in the efficiency of

Figure 4.13 Patient-specific cell counts and composition. A) Absolute number of
cells on y-axis, with each patient’s column colored by cell composition. B) Same data
shown as fraction of total number of cells.
leukocyte, erythroid, and platelet depletion efficiencies between different CTC-iChip
runs.

In order to identify putative CTCs with a standard HCC transcriptional profile, we first
queried each cell for expression of the ten liver lineage-specific markers used in our
previous HCC work, and identified cells expressing these liver-specific genes (Fig.
4.14). No expression of these ten genes was found in the CLD control group, consistent
with a lack of hepatocytes in controls. A metascore was next generated from these ten
genes by taking each gene’s average expression relative to a set of random control
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genes. This metascore demonstrated that the majority of cells with high liver lineage
gene expression were localized to two of the six liver cancer samples (CTC-Tx-101 and
CTC-Tx-102, Fig. 4.15). This plot also shows the bimodal distribution of cells by CTC
metascore—there exist 12 very high-

Figure 4.14 Gene expression by cancer status.

scoring cells (those in CTC-Tx-101 and 102) and hundreds of lower-scoring cells across
CTC-Tx-92, 100, 101, and 102). The aforementioned approach to identifying

Figure 4.15 CTC-Score constructed from the genes in Fig. 4.14.
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CTCs from microfluidically processed blood requires the positive selection of cells
expressing a set of genes suspected to be transcribed in a circulating tumor cell. Since
such an approach will fail to identify a true CTC that does not express this set of lineage
specific genes, potentially leaving blind spots to CTCs that fail to recapitulate the
transcriptional profile of their primary tumors. I next attempted to apply a previously
described method for inferring copy number alterations from single-cell RNAseq data to
identify cells whose transcriptomes were consistent with significant aneuploidy. This
approach relies on the fact that, for large enough windows of the genome, overall
expression from that window is stoichiometric with the ploidy of that region, independent
of cell type. Previous work has demonstrated that HCC commonly has CNAs, and that
these CNAs are recapitulated in CTCs (17). Convincingly, most of the potential CTCs
nominated by RNA expression were also found to have a high amount of CNA (Fig.
4.16).

Figure 4.16 CNA Score versus CTC Score
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Differential expression was next performed on these CNA-high CTCs to identify genes
that were highly and specifically expressed in these cells relative to the rest of the cells
present in the iChip product. This gene list includes canonical liver products and
enzymes (albumin, apolipoproteins, fibrinogen gamma chain), consistent with
successful positive identification of a cell of hepatocyte origin (Fig. 4.17). Indeed,

Fig. 4.17 Differential expression analysis between putative CTCs and all other cells.

REACTOME pathway analysis shows an enrichment in liver-related processes such as
metabolism of amino acids, vitamins, and cofactors; complement cascade proteins, and
plasma lipoprotein assembly (Fig. 4.18). Remarkably, 10 of the top 15 differentially
expressed genes had already been evaluated as potential targets for our previous
dPCR work in Chapter 2, verifying that our initial bioinformatic search for RNA-based
CTC markers included a set of highly specific genes. Of the remaining 5 genes, 2
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appeared to be highly expressed in HCC CTCs and extremely lowly expressed in the
remaining cells (ORM1 and AMBP). AMBP is a glycoprotein produced in the liver known
to play a role in regulating inflammatory

Fig. 4.18 REACTOME pathway analysis of CTCs versus all other cells.

processes, and ORM1 is an acute-phase plasma protein produced in the liver whose
main functions are unknown. In order to demonstrate the utility of this approach for
identifying novel RNA-based CTC markers, we performed digital PCR for these two
genes on 28 CTC-iChip processed HCC samples and 16 CLD samples. AMBP showed
statistically-significant increases in transcript count in the HCC samples relative to the
CLD cohort (p = 0.03), while ORM showed no differences (Fig. 4.19). Although
additional samples and clinical metadata are required to more fully probe the diagnostic
value of these specific markers, these results serve as a methodological pipeline for the
unbiased detection of CTC-based RNA markers.
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AMBP

ORM1

Figure 4.18: AMBP and ORM1 dPCR signal in HCC and CLD cohorts.

Discussion
This chapter describes a scalable, unbiased method for leveraging single-cell RNA
sequencing for the identification of novel RNA biomarkers for circulating tumor cells.
Our approach combines the negative depletion of known blood components (RBCs,
WBCs, platelets) with high-throughput scRNAseq to fully interrogate the transcriptome
of putative CTCs(14). Doing so abrogates the need for the a priori definition of what
likely constitutes the expression profile of a CTC, instead allowing for full exploration of
every cell's transcriptome for CTC identification and biomarker discovery. As an initial
proof of concept, I applied this method to hepatocellular carcinoma, a highly lethal
malignancy with a large global prevalence for which earlier-detection efforts have
already demonstrated some survival benefit(15).

Although circulating tumor cells have previously been enumerated in HCC, only recently
have groups begun interrogating the single-cell transcriptome of HCC CTCs . The lack
of clear cell-surface proteins that can be used to identify HCC CTCs for subsequent
sequencing has been a major obstacle to the generation of these datasets(11, 16, 17).
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Single-cell RNA sequencing overcomes this roadblock, and allows for the unambiguous,
lineage-agnostic detection of these circulating tumor cells even when overwhelmingly
admixed with contaminating leukocytes, platelets, and erythrocytes. These data serve
as a proof-of-concept study for using a relatively small number of single-cell RNA
sequencing runs for the rapid, unbiased identification of CTC-specific RNA markers for
the earlier detection of cancer.
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Liquid biopsies, defined as the interrogation of blood components to ascertain the
properties of solid tumors, are poised to revolutionize the diagnosis and treatment of
cancer. Among the multiple technologies, from circulating plasma DNA to exosomes
and CTCs, each has its unique strengths and weaknesses, and each may play a
greater or lesser role in a specific clinical scenario relevant to a particular tumor type. In
general, ctDNA has had the benefit of ease of collection and analysis, but it has been
limited to the analysis of genetic variations in tumors; in contrast, CTC analyses have
been limited by the technological hurdles in rare cell isolation and the biological features
involved in their molecular characterization. These two types of liquid biopsies are
highly complementary, as illustrated by the hypothetical scenario of a mutation of
unknown origin identified using ctDNA, whose organ of origin may be identified by RNAbased CTC analysis. Moreover, some cancers are driven by defined genetic alterations
readily identified by ctDNA, while others may be tied to epigenetic features or
transcriptional changes that are invisible to DNA sequencing, but apparent by RNAbased analysis.

Recent advances in CTC isolation provide sensitive and high throughput platforms to
enrich for these rare tumor cells within blood specimens, but antibody staining and
microscopic imaging of captured cancer cells remain a critical bottleneck limiting broad
application of the technology (1). Classical CTC staining criteria include the presence of
cell surface EpCAM and cytoplasmic epithelial cytokeratins, and absence of the
hematopoietic CD45 marker, but epithelial marker expression is highly variable and
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extensive imaging criteria must be applied to reliably score immunofluorescent signals
from rare cancer cells surrounded by contaminating leukocytes (2, 3).
We believe that new approaches involving automatable microfluidic negative depletion
of normal blood cells to enrich for untagged and unbiased CTCs, together with RNAbased digital readouts, are now poised to level the playing field, bringing CTC
measurements along with ctDNA into the frontline of clinical applications.

Targeting the detection of hepatocellular carcinoma (HCC), this thesis established a
panel of 10 RNA markers, optimized for ddPCR amplification from CTC-iChip enriched
whole blood of patients with known liver cancer. Total cellular RNA isolated from a 0.11% prevalent population of HCC CTCs amidst contaminating leukocytes was subjected
to whole transcriptome amplification (WTA) – a step that exponentially increases the
signal from all markers and also allows a limited amount of template RNA to be
interrogated simultaneously for multiple markers, an important consideration given the
known heterogeneity of cancer cells. Spiking individual HCC cells into whole blood
followed by microfluidic enrichment and ddPCR showed the limit of detection to be 1 cell
per 5ml of blood, with millions of transcripts of interest generated from a single spiked
cancer cell(4). Critical to the successful application of any diagnostic test is the
comparison between positive cases and appropriate, age-matched and risk-matched
negative controls. As expected, our HCC digital CTC assay produced negligible
background signals using blood samples obtained from young healthy donors. More
importantly, it was similarly negative when applied to a cohort of patients with advanced
chronic cirrhosis who were at high risk for the development of HCC and were on a
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regular screening protocol using serial measurements of the oncofetal antigen alpha
fetoprotein (AFP) and ultrasound measurements. Among patients with confirmed HCC,
the sensitivity of the assay was 56% at 95% specificity when tested against a cohort of
patients with chronic liver disease at high risk for developing HCC. Using this assay, we
were unable to detect signal without initial CTC-enrichment, pointing to the importance
of both debulking normal leukocytes and applying high sensitivity digital PCR
detection(4).

RNA-based monitoring of CTCs has broad applications beyond the measurement of
tumor burden in the blood of HCC patients. Judicious use of biomarkers can establish
indices of intracellular signaling pathways, including androgen receptor (AR) signaling in
prostate cancer or estrogen receptor (ER) responsive pathways in breast cancer. For
instance, this thesis has shown that in a cohort of women with early-stage breast
cancer, elevated CTC-derived RNA signal after initial courses of presurgical
(neoadjuvant) chemotherapy was predictive of the presence of minimally residual
disease at the time of surgical resection(5). Additional work has also revealed that in
women with metastatic hormone receptor-positive breast cancer, persistence of CTCderived transcripts indicating ER signaling despite treatment with ER-targeting therapy
identifies patients likely to have rapid progression on endocrine therapy. Such digital
quantitation of CTC-derived RNA provides the first non-invasive blood-based
pharmacodynamic measurement of ER signaling following breast cancer therapy. In
analogous studies of men with localized prostate cancer, detectable CTC-derived RNA
signal is correlated with extracapsular (seminal vesicle) invasion and metastasis to

113

regional lymph nodes(6). Existing clinical metrics such as nomograms and various
disease severity scoring algorithms (CAPRA, D’Amico, etc.), have not been shown to be
reliable predictors of the microscopic spread of disease. The CTCL-Score’s ability to
identify a subset of prostate cancer patients with a high occurrence of seminal vesicle
invasion or pelvic lymph node involvement in this setting, if validated in a larger clinical
cohort, would have important consequences for the clinical management of such
patients. Such insight may enable the accurate stratification of patients for invasive, but
curative, interventions, while eliminating the need to treat patients unlikely to benefit
from more aggressive treatment. Additional work has shown that CTC-derived signal for
the AR splicing variant AR-V7 and for the HOXB13 biomarker in men at first relapse of
metastatic prostate cancer were highly correlated with abbreviated clinical response to
the androgen synthesis inhibitor abiraterone. Similarly in melanoma, digital quantitation
of CTC-derived transcripts such as neural crest and carcinoembryonic antigenassociated RNAs provide robust signal of circulating cancer cells. In metastatic
melanoma, serial monitoring of patients receiving immune checkpoint blockade shows a
highly significant correlation between early declines in digitally quantified CTC burden
and subsequent response to immunotherapy and overall survival(7).

The strategies outlined in Chapters 2 and 3 demonstrate that the absolute quantification
of a set of CTC-specific RNAs can serve as a noninvasive biopsy for the earlier
detection and longitudinal monitoring for a range of solid tumors. The previous
approaches, however, relied on the use of prior selection of these RNA markers, based
on bulk tumor RNA sequencing and existing tumor-derived datasets. Decreasing costs
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in sequencing combined with novel microfluidic approaches for cell encapsulation have
now enabled the single-cell RNA sequencing of the entirety of a CTC-enriched
processed blood. As invasive cancer cells surviving in the blood circulation, CTCs may
express subsets of transcripts that are under-represented in the bulk primary tumor, and
which may be particularly important for designing CTC-specific RNA biomarkers.
Chapter 4 leverages the 10X Chromium Single Cell RNASeq platform to sequence
blood samples from HCC patients and patients at high risk for the development of HCC
due to their chronic liver disease. Circulating tumor cells were identified by both their
copy-number variant profile and expression of canonical HCC transcripts, and identified
two novel RNA biomarkers that were then validated in the original HCC cohort. This
approach is generalizable to other solid tumors, especially those lacking canonical RNA
markers, such as non-small-cell lung cancer.

These data demonstrate our approach as a successful method for going from
discovery-based single-cell RNA sequencing, target validation, and the use of a
relatively small number of single cell RNA sequencing runs for the rapid identification of
CTC-specific RNA markers for the earlier detection and monitoring of cancer. Moving
forward, we envision a future in which liquid biopsies with distinct capabilities (ctDNA,
exosomes, and CTCs) may be integrated to provide a comprehensive noninvasive
platform for monitoring cancer, ranging from the earliest evidence of cancer initiation or
recurrence, to guiding the most effective therapeutic options for evolving cancer
resistance. Additionally, measuring transcriptional programs as the direct output of the
genetic and epigenetic drivers, promises to improve our ability to understand tumor
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biology and respond to its changes, opening the doors to more effective ways to
diagnose, treat and monitor cancers in the future. Taken together, the convergence of
high quality enrichment of CTCs with intact RNA together with high sensitivity RNAbased digital PCR provides new tools for the effective monitoring of cancer cells in the
blood.
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Abstract:
Circulating tumor cells undergo physical stress as they travel through narrow capillaries
in the vasculature. Although untested, the possibility that CTCs undergo physically
induced DNA breaks during their transit in the vasculature raises the intriguing
hypothesis that these may contribute additional genomic instability to metastatic
precursors, and ultimately to the aggressiveness of advanced cancer. This study aimed
to assess the genomic, transcriptomic, and functional impacts of mechanical forces on
cells during the metastatic cascade. First, live cell imaging and immunofluorescence
microscopy demonstrated nuclear envelope disruption and subsequent DNA damage
after passage through a microfluidic capillary. GUIDE-Seq, a next-generation
sequencing technology designed to sequence the location of NHEJ-repaired doublestrand breaks, was next used to interrogate the location of these DSBs. Unfortunately,
GUIDE-Seq did not detect differences between cells that underwent the mechanical
stress of passing through narrow channels (squeezed) and cells that were not
processed through these tight channels (unsqueezed). Time-series RNAseq data
highlight the dynamic temporal changes in gene expression profiles that occurs after
passage of cells through a capillary constriction, including a DNA damage signature
(p<0.01). Finally, capillary constriction was shown to augment anchorage independence
in a soft agar assay (p < 0.01), although no differences in drug sensitivity or tumorigenic
potential in a murine model were observed. Together, these data serve as a foundation
for an initial understanding of the contribution of mechanical forces to the
hematogenous spread of cancer, and demonstrate both the DNA-damaging potential of
capillary constriction and possible functional consequences of such constriction.
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Introduction:
Cancer, the uncontrolled division of abnormal cells, is the second leading cause of death
in the United States, taking the lives of nearly 600,000 Americans in 2015(1). 90% of
cancer deaths are due to metastasis, a process which involves cancer cells entering into
the blood, squeezing through capillaries, and exiting and colonizing distal organs(2).
Understanding the mechanisms underpinning metastasis, including the mechanical
forces cells experience, holds promise for the rational development of cancer
therapeutics, and genomic, transcriptional, and proteomic drivers of metastatic spread
have been the topic of intensive study. Recent work has demonstrated that the
mechanical stress experienced by cancer cells as they migrate through spatial
constrictions is sufficient to induce nuclear envelope disruption, and that this rupture leads
to double-stranded DNA breaks (DSBs) (3, 4). Separate work has established a causal
link between nuclear envelope rupture and large-scale genomic rearrangements in
micronuclei, but whether mechanically-induced DSBs can cause heritable mutations in
the genome and contribute to cancer progression is still unknown(5). Additionally, shear
stresses and physical forces experienced by a cell during metastasis are capable of
modulating their phenotype in vitro, hinting at mechanosensitive, and potentially
druggable, signaling networks in cancer cells(6-9). This chapter tests whether the
mechanical forces encountered by a cancer cell during circulation in the blood induce
DNA damage that leads to heritable genomic alterations and/or on gene expression
profiles and phenotypes.

Materials and Methods:
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Design of chip
An artificial capillary microfluidic system was recently developed by our group, which
served as the foundation of our high-throughput chip design(10). First, AutoCAD was
used to design a device with a set diameter restriction (either 5, 7, or 10 um) to mimic
the variation in human capillary diameters. This mask was then printed and used to
generate a silicon master upon which PDMS (1:10 elastomer ratio) was poured to
generate the final device using standard soft lithography protocols (11). Taigon tubing
was next inserted into the outlet channel and attached to a syringe which was
positioned 1 meter lower than the microfluidic chip to provide a pressure head similar to
physiologic pressure gradient experienced by the cells. For experiments requiring
supraphysiologic pressures, the distance between the chips and tubing outlet height
was increased.

Live cell imaging
To visualize and measure mechanically mediated nuclear envelope disruption,
MCF10A epithelial breast mammary gland cells were transfected with a nuclearlocalizing YFP plasmid (pQC NLS-YFP IX(12)) using lentiviral transfection. A Nikon
fluorescent microscope was next used to visualize the cells as they traversed the
artificial capillary. Co-staining with Hoechst, a DNA-binding dye, at 1:1000 dilution
allowed for the measurement of nuclear YFP intensity in both the nuclear and
cytoplasmic compartments. Custom R and Python scripts were used to process the raw
imaging data.
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DNA Damage Immunofluorescence experiments
Cells that were passed through an artificial capillary were stained to detect DNA DSB
markers g-H2AX, the phosphorylation of which is induced upon DNA DSB, and 53BP1,
which rapidly localizes to sites of DSB. Primary antibodies were diluted 1:100, and
secondaries at 1:500. To measure the correlation between the degree of DNA damage
and increasing mechanical force, capillaries with diameters of 5, 7, and 10 um were
used. Control cells were isolated from the inlet chamber of the microfluidic chip to
control for any foci formation induced by the stresses inherent to the device setup itself,
such as oxidative stress, hypoxia, or lack of nutrients. Custom Python and R scripts
were written to accurately quantify DNA damage induced foci in an unbiased fashion.

GUIDE-Seq
GUIDE-Seq (Genome-wide, Unbiased Identification of DSBs Enabled by Sequencing)
was repurposed to detect the genomic location of DSBs after mechanical constriction
and the previously described methods used(13). The cells were transfected 1 hour prior
to experiment and placed on ultra-low attachment plates to prevent their re-attachment.
Cell were allowed to rest for 3 days which also amplified the starting material available.
In order to process the raw GUIDE-Seq data, we developed and optimized a set of
custom algorithms, as the existing GUIDE-Seq computational pipeline wasn’t able to
perform the requisite analyses.

RNASeq
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MCF10A cells passaged through the capillaries were analyzed for RNA expression
for expression changes at 1, 3, 6, and 24 hours post-constriction in either a 5, 7, or 10
um capillary. Non-squeezed control cells were used at each time point to normalize for
trypsinization and re-plating time-dependent gene expression changes. Illumina Truseq
library preparation was used, and samples sequenced on an Illumina Nextseq using a
75x2 paired end kit. Samples were sequenced to an average depth of 1.5 million reads
per sample, with no sample having under 400,000 reads. Samples were aligned with
STAR aligner and differential expression determined using DESeq2.
Gene set enrichment analysis (GSEA) was then performed to determine whether prespecified sets of genes linked to various cellular processes are significantly enriched or
depleted in the capillary squeezed versus control samples(14, 15).

Soft Agar colony formation
Agar was prepared by taking autoclaved 3% Seaplaque in PBS and warming it in a
water bath until melting. Prior to each experiment, this agar mix was combined in a 1:1
ratio with media, and 2 mL of this diluted agar used to create a base. Cells were next
mixed with agar at a 1:3 dilution; after this layer of cells solidified, 1 mL of media was
placed on top of the agar colonies. After 1 month the colonies were counted.

Drug Sensitivity Screen
Next, the cells will be exposed chemotherapeutic agents clinically employed to treat
breast cancer (doxorubicin, docetaxel, carboplatin, cyclophosphamide, and fluorouracil)
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to identify whether capillary constriction confers therapeutic resistance(16). A cell Titer
Glo assay was then used to assess cytotoxicity.

Mouse tumorigenesis Experiments
After constriction through a 7 um capillary channel, GFP/Luciferase transfected
MCF10A cells were re-plated and allowed to expand for 72 hours. Next, 1 million cells
were orthotopically injected into the mammary fat pat of NOD SCID Gamma
immunodeficient mice, which were then imaged for 180 days using an IVIS in-vivo
imaging system.

Results:
Initially, an existing microfluidic chip was used to image live MCF10A cells as they
traversed an artificial 7 um capillary. The intensity of the nuclear-localized yellow
fluorescence protein (NLS-YFP) can be seen decreasing in the nucleus (nuclear
boundary identified by Hoechst stain). This nuclear-localized YFP decrease in nuclear
intensity has a commensurate increase in cytoplasmic intensity (Fig. 6.1a, orange
arrow), indicative of nuclear envelope rupture and subsequent communication between
the nuclear and cytoplasmic compartments. In order to generate sufficient cell yields for
downstream molecular biology analyses, a massively-parallel capillary microfluidic
device with 1500 artificial capillaries was engineered to generate the required cellular
throughput (Fig. 6.1b). A custom computational image analysis pipeline was first
validated using data from cells exposed to either 0, 1, 2, 5, or 10 Gray of radiation (a
standard form of DNA damage inducing insults) followed by g-H2AX staining, a well
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established marker of DNA strand break damage repair activity (Fig. 6.1c). We next
tested whether capillary constriction led to increases in DNA damage . Data from cells
flown through 7 or 10 μm capillaries showed highly significant increases in the number
of foci per cell, demonstrating that a subset of cells, experiencing physiologically
relevant driving pressures (5-5 mmHg) during passage across an artificial capillary,
have evidence of increased DNA damage relative to control cells (Fig. 6.1c, p = 1.4*1018

and 1.8*10-9, Kruskal-Wallis test followed by Dunn’s test, with Benjamini-Hochberg

multiple testing correction). Interestingly, increasing the driving pressure 3-fold failed to
increase the observed damage, and the smallest constriction (5 um) caused fewer
DSBs than larger constrictions, counter to our expectations.

Fig. 6.1 Nuclear envelope rupture and double-stranded break burden after microfluidic
capillary passage. A) Fluorescence microscopy of nuclear-localized YFP (YFP-NLS)
with DNA stain (Hoechst) with nuclear envelope rupure (orange arrow). B) Design of
high-throughput artificial capillary system. C) Results of automated microscopy and
image analysis resutls on radiation dose-response. D) DSB burden in non-squeezed
(control) or cells that passed through either 7 or 10 um capillary constrictions.

Next, GUIDE-seq was used to determine the location of the observed DSBs.
Identification of genome-wide off-target CRISPR cleavage sites has been of great
interest to the gene editing community, and several groups have developed techniques
aimed at identifying the locations of nuclease-mediated DSBs(17-19). These
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techniques, however, have not yet been leveraged as generalizable methods to identify
the DSB sites from a wide array of genomic insults.
GUIDE-Seq uses a 32 bp blunt double-stranded deoxynucleotide (dsODN) that
permanently incorporates into DSB sites. These sites are then selectively amplified and
sequenced to identify the exact locations of the inserted dsODNs, and therefore the
DSB location. This custom sequencing approach takes advantage of molecular
barcoding, which allows for the deconvolution of PCR duplicates, thereby enabling both
the location and quantity of damage at a specific site to be determined simultaneously.

After validating that our GUIDE-Seq pipeline was functional using a CRISPR/Cas9
construct targeting the prolactin receptor (PRLR, data not shown), U2-OS
osteosarcoma cells were exposed to increasing doses of radiation to establish a doseresponse curve between exogenous DNA damage and GUIDE-Seq signal. Our positive
control of gamma irradiation showed that GUIDE-Seq had dose-dependent increases in
the number of identified break sites, and that these break sites were randomly
distributed throughout the genome (Fig. 6.2a). More quantitative analysis revealed that,
at baseline, DSBs preferentially localized to late-replicating regions of the genome, and
that subsequent irradiation shifted the damage pattern closer to a random distribution
(Fig. 6.2b).
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Next, U-2 OS or breast MCF10A epithelial cells were passed through either 7 or 10 μm
capillaries 1 hour after electroporation with the dsODN construct. After 1.5 hours, cells
were re-plated and allowed to grow for 72 hours to integrate the dsODN.

Fig. 6.2 GUIDE-Seq results from radiation controls and capillary constricted cells. A)
Dose-response of GUIDE-Seq reads versus radiation exposure. B) GUIDE-Seq read
locations by radiation dosage. C) GUIDE-Seq read locations with and without capillary
constriction.

No robust differences were identified between the bulk GUIDE-Seq of mechanically
treated cells and their controls (Fig. 6.2c). This negative result is discordant with the
increase in DSBs seen from gH2AX staining (Fig 6.1), and may be explained by GUIDESeq lacking the requisite sensitivity to detect these differences, potentially due to the high
fraction of cells that did not undergo nuclear envelope disruption and subsequent DNA
damage diluting the signal from those that did.

Mechanically mediated transcriptome modifications
Next, we used RNA-seq to identify mechanosensitive transcriptional pathways and
determine these pathways’ relevance to the metastatic cascade. A time-course
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experiment was conducted where MCF10A cells were either forced through 5, 7, or 10
um constrictions and sequenced at 1, 3, 6, or 24 hours after mechanical constriction.
Surprisingly, no transcriptional changes were

Fig. 6.3 Differential expression analysis across both time and constriction condition (red
signifies statistical significance, adjusted p-value < 0.01).

observed at 1 hour across any of the constriction conditions compared to the control cells;
at 3 hours, the 10 um condition showed a drastic change in its transcriptome, with more
subdued changes in the 7 um condition, and almost no changes observed in the 5 um
condition. At 6 hours, both the 10 and 7 um constriction conditions had their
transcriptomes revert to the controls’ transcriptome, although the 5 um condition showed
moderate changes; by 24 hours, all three transcriptomes had normalized (Fig. 6.3).
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Focusing on the 10 um condition which showed the largest differences, unsupervised
hierarchical clustering of samples using the top 2000 variant genes demonstrated a
clear separation of capillary-squeezed samples from control samples (Fig. 6.4a). Next,
GSEA was performed using the “PreRanked” protocol. Strikingly, the Hallmarks of DNA
Repair gene set was highly enriched in the capillary condition, offering transcriptomelevel evidence of DNA damage after capillary passage (Fig. 6.4b, adj. p-value < 0.01).
Additionally, gene sets for oxidative phosphorylation

Fig. 6.4 RNA sequencing of cells passed through 7 um capillary and controls. A)
Unsupervised hierarchical clustering of capillary and control samples. B) GSEA
Hallmarks gene sets with highly significant enrichment in capillary samples.

and the targets of both Myc and E2F were highly enriched (adj. p-value < 0.01),
suggestive of mechanically mediated increases in both cell metabolism and proliferation
pathways. These findings are in line with initial literature reports suggesting that
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increased shear forces can lead to increases in proliferation for circulating cancer
cells(8, 9).

Results from Functional Studies
The soft agar colony formation assay, a well-established correlate of tumorigenicity, was
used to enrich for cells that have gained anchorage-independence after mechanical
constriction(20). Colony formation assays revealed that MCF10A cells undergoing
mechanical deformation were 3 to 5-fold more capable of forming soft agar colonies
relative to un-squeezed controls (Fig. 6.5a). No such difference was seen using squeezed
versus unsqueezed U2-OS cells. This difference may be due to the baseline anchorage
independence of the two cell lines; U2-OS are more tumorigenic cancer cells, while
MCF10A are immortalized but untransformed breast epithelial cells. This finding suggests
that mechanical constriction may indeed augment the tumorigenic potential of MCF10A
cells. A drug sensitivity screen was next performed, which revealed no statistically
significant differences between the sensitivity of squeezed versus un-squeezed cells.

Fig. 6.5 Functional consequences of mechanical constriction. A) Colony formation assay
shows MCF10A, but not U2OA cells, preferentially form colonies. B) A drug sensitivity
screen between squeezed and unsqueezed cells.
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Mouse Tumorigenesis Experiments:
To screen for DSBs that could be beneficial for metastasis, cells were be stably
transfected with luciferase by lentiviral vector, passaged through an artificial capillary, and
orthotopically injected into the mammary fat pad of female mice. These mice were
tracked for 180 days via [insert name of device] for luciferase signal. There was no
difference in the squeezed versus unsqueezed conditions (Fig. 6.6).
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Fig. 6.6 Luciferase signal between squeezed and unsqueezed cells in orthotopic
mammary fat pad injection.

Conclusions:
Although large strides have been made toward generating a molecular understanding
of the metastatic progression of cancer, the influence of mechanical forces on this
process has yet to be fully elucidated. These data suggest that the physical forces
experienced by a cell as it traverses a capillary are capable of altering its transcriptome
in a way that reflects some element of DNA damage and may functionally affects their
ability to achieve anchorage independence as measured by a soft agar colony
formation assay. Although GUIDE-Seq analyses were unrevealing, this negative result
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may be due to insufficient sensitivity of this genome wide assay for sequence-specific
localization of DNA double strand breaks. This project serves as a base upon which a
more comprehensive understanding of the interplay between physical forces and cancer
biology can be constructed.
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Abstract
The isolation and characterization of circulating tumor cells offers a window into the
basic biology of the original malignancy as well as a potential biomarker for earlier
cancer detection and longitudinal monitoring. Unbiased screening for gross
chromosomal DNA rearrangements within a CTC-enriched cell preparation may present
a novel strategy to identify the presence of cancer cells. Previous literature has
described efforts to isolate individual CTCs to interrogate their genomes, but extracting
information about the copy number variations (CNV) of CTCs without an additional
positive enrichment step has yet to be performed(1). In this work, we combined
previously described CTC-enrichment technology with 10X long read genomics to
demonstrate the potential of detecting CTC-derived DNA structural variants (SVs) from
bulk preparations where these are still admixed with contaminating leukocytes. Using a
tumor-informed algorithm we were able to detect as few as 5 VCaP prostate cancer
cells admixed with 5000-10000 leukocytes, while a tumor-agnostic algorithm had a limit
of detection between 50 and 500 cells in the same level of contaminating leukocytes.
These data represent a proof-of-concept for the use of long read sequencing as a
method to characterize circulating tumor cells admixed with leukocytes.

Introduction:
Structural variations (SVs) are a class of genomic alteration broadly defined as a 1 kb
region or greater rearrangement of DNA, such as an inversion, deletion, translocation,
and amplification(2). Although a wide variety of SVs are found naturally across the
population, the development of somatic SVs highly correlates with the pathogenesis and
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progression several cancers(3-7). Recent data has suggested that a tumor’s SV burden,
independent of mutation burden, may serve as an orthogonal predictor of overall
survival in non-small cell lung cancer(7). Separate work has demonstrated that the copy
number variant (CNV) profile from circulating tumor cells in small cell lung cancer is
predictive of therapeutic response to chemotherapy(8). Although targeted SV detection
using ctDNA has shown some success in recapitulating a primary tumor’s CNV profile,
designing a non-invasive, variant-agnostic SV load assay without a priori knowledge of
a given cancer’s specific SV profile has proven challenging(9). In this proof-of-concept
study, we demonstrate the feasibility of detecting SVs from intact, high molecular weight
DNA found within microfluidically processed circulating tumor cells using novel longrange sequencing technologies.

Methods:
Blood Processing: IRB-approved protocols were used to consent all patients and
healthy donors. Following receipt of informed consent, blood was isolated by
venipuncture in a K2EDTA BD Vacutainer Collection tube. 0, 5, 50, or 500 VCaP cells
were spiked into 4 mL of healthy donor blood and processed through the CTC-iChip as
previously described(10, 11). The resulting product was snap-frozen with 200 uL
RNALater (Ambion) for future processing and stored at -80C.

Cell Culture and DNA Processing: VCaP cells were cultured following American

135

Type Culture Collection-recommended culturing conditions. DNA for all experiments
was isolated from using a MagAttract High-Molecular Weight DNA kit (Qiagen) following
CTC-iChip processing.

10X Sample Processing: DNA isolated from samples was processed according to the
10X genomics protocol as described by the manufacturer. Briefly, 1 ng of high
molecular DNA was encapsulated, barcoded, and amplified. Sequencing libraries were
then prepared and sequenced to a mean depth of 28X.

Nanopore Methods: Sample DNA was amplified using PCR Sequencing Kit SQKPSK004 (Oxford Nanopore) following the recommended protocol. 100 femtomoles of a
sample was used for each run. The VCaP positive control required 14 cycles of
amplification; the spike-in samples required 28. A MN-106 MinION flow cell and
processed using MinKNOW software versions 1.14.1, followed by FAST5 to FASTQ
conversion.

Computational Methods: All post-alignment computation was performed in MATLAB.
Briefly, the genome was first binned into 60 kb regions. For 10X data, each barcode
was first mapped to these bins; as several DNA molecules may have been
encapsulated within a given droplet, a single barcode may map to tens of genomic
regions. A 50,000x50,000 matrix of these bins was next generated. This bin matrix
allows for the identification of barcodes mapping to 2 distinct regions of the genome;
the number of entries in this matrix containing more than a 5 barcodes supporting the
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linkage of these bins was counted; this count was a metric of the amount of CNV
present within a given sample. A similar computation was performed using the
Nanopore data. Additionally, a set of barcodes that mapped to hundreds of genomic
regions, “promiscuous” barcodes, were removed from the analysis as well as likely
artifacts.

Results:
Increasing numbers of the VCaP prostate cancer cells were spiked into 4 mL of blood
and processed through the microfluidic CTC isolation device, the CTC-iChip. This
device first removes erythrocytes and platelets through a size-based selection
mechanism that leverages deterministic lateral flow displacement. Next, leukocytes are
removed through the addition of magnetic nanoparticles that are conjugated to
antibodies specific for leukocyte surface proteins. This process allows for 4-5 log
depletion of these blood components, but the final processed product still contains
significant leukocyte contamination (usually ~5000 persistent blood cells for 10mL of
whole blood). The CTC purity of a given sample ranges from 0.1% to 10% depending
on the aggressiveness and metastatic potential of the underlying tumor(12). A
schematic of our approach can be seen in in Fig. 7.1. We therefore spiked in VCaP cell
numbers that met this range of CTC loads.
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Fig. 7.1 Schematic of the CTC-based SV detection.

In order to better understand the variables potentially influencing successful detection of
CTC-derived SVs admixed with a large pool of contaminating leukocytes, a simple
mathematical model of the 10X genomics platform was developed. This model
suggested that the number of false positive SVs was strongly correlated with the
fragment size of the DNA entering the sequencer, and as such care was taken to load
high-molecular-weight DNA (Fig. 7.2a). The model additionally suggested that germline
SVs from contaminating leukocytes would have sufficiently high read evidence that they
could be flagged and removed based on this high level of evidence (Fig. 7.2b).
Although the sensitivity for any given SV decreases precipitously below 10% CTC purity
(Fig. 7.3a), the model suggested that the SV load could be differentially detected from
down to 0.1% tumor purity if the CTC had sufficient structural variants (Fig. 7.3b). Next,
two distinct long-read sequencing approaches, 10X Genomics and Oxford
Nanopore, were tested for their ability to detect these VCaP-derived structural variants.
10X Genomics sequencing first encapsulates 25-50 kilobase segments of DNA into
microfluidic droplets, within which PCR amplification is performed and barcoded-short
reads are generated. These libraries are then sequenced on standard Illumina
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machines, and the barcodes affixed to each amplicon used to identify its initial molecule
of origin. Oxford Nanopore’s technology relies on the use of a protein pore that long
nucleotide sequences pass through. By measuring the change in impedance through
the pore as the nucleotides pass through the pore, the device can infer the identity of
the base pair in the pore. This method allows for the direct sequencing of these long
reads, rather than the computational reconstruction of long reads used by the 10X
genomics platform.
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A

B

Fig. 7.2 Mathematical modeling of the effect of DNA fragment size and germline SVs on
successful SV calling. A) The effect of fragment size on the predicted number of false
positives. B) The expected distribution for reads across germline SVs.

A

B

Fig. 7.3 Detection sensitivity for individual SVs and overall presence of tumor. A)
probability of detecting a specific SV for a given tumor purity. B) The expected number
of detected SVs for a given number of tumor-derived SVs and tumor fractions.
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Using LongRanger, the existing computational pipeline for 10X genomics, demonstrated
insufficient sensitivity for calling variants (Fig. 7.4).

Fig. 7.4. Longranger SV calling algorithm is insufficiently sensitive to ultra-rare SVs.

In order to increase our sensitivity to these SVs, we developed a custom computational
pipeline. Briefly, the genome was segmented into 60 kb “bins,” and barcodes supporting
a link between distinct bins identified. This approach demonstrated increased power for
detecting the canonical TMPRSS2-ERG gene fusion harbored in VCaP cells, although
as predicted, the sensitivity for a given translocation rapidly decays below 10% mutant
allele fraction (Fig. 7.5).

Fig. 7.5 Detection of canonical TMPRSS2-ERG translocation.
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Next, we used the SV signature from the positive controls (VCAP and BRX-142), to
identify true VCaP SVs, and quantified the number of bins with barcodes supporting this
set of SVs. This approach provides a ceiling on detection capability; clinically, such a
positive control from a primary tumor would not be available in the setting of earlier
detection, but could be used for patients undergoing longitudinal monitoring for
therapeutic response prediction or for cancers for whom SVs are highly conserved
across patients.

This approach provided superior detection performance compared to

the standard LongRanger Pipeline, with significant signal even at the 1% spike-in
observed (Fig. 7.6). When we instead “black-listed” bins for which a panel of normal
samples revealed high counts, we saw a large decrease in
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Fig. 7.6 Schema and performance of the tumor-informed algorithm

performance, instead only detecting between the 1 and 10% spike-in, indicating the
need for additional depletion in the setting of early detection (Fig. 7.7).
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Fig. 7.7 Schema and performance of tumor agnostic algorithm.

We also attempted to use Oxford Nanopore sequencing, but unfortunately, the required
amplification step introduced an unacceptable number of chimeric reads. The effect of
these chimeras can be seen by comparing the number of variants detected versus cell
spike in; the Nanopore calls several log orders more variants than 10X, and doesn’t
have the linear decrease in signal as the number of spiked in VCaP cells decreases
(Fig. 7.8). This issue precludes the use of this technology for rare structural variant
detection with standard Nanopore chemistry, but modifications that remove the need for
DNA amplification could prove successful.
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Fig. 7.8 Comparison of Nanopore and 10X sequencing.
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Discussion
Here we have established the feasibility of using long range DNA sequencing for the
detection of structural variants arising from circulating tumor cells. The results outlined
herein show that such an approach can detect 5 VCaP cells spiked into 4 billion blood
cells with a tumor-informed algorithm, and that a tumor agnostic algorithm is capable of
detecting down to 50-500 VCaP cells spiked into the same quantity of blood. Although
preliminary, these results justify continued efforts toward attempting to detect these
ultra-rare structural variants as an orthogonal metric of both bulk CTC burden as well as
a non-invasive biopsy for a tumor’s total structural variant load.
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