© Copyright 2022

Anna-Lisa Doebley



Predicting cancer subtypes from nucleosome profiling of cell-free DNA

Anna-Lisa Doebley

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2022

Reading Committee:
Gavin Ha, Chair
David MacPherson

Peter Nelson

Program Authorized to Offer Degree:

Molecular and Cellular Biology



University of Washington

Abstract

Predicting cancer subtypes from nucleosome profiling of cell-free DNA

Anna-Lisa R Doebley

Chair of the Supervisory Committee:
Gavin Ha, PhD, Assistant Professor
Public Health Sciences Division, Fred Hutchinson Cancer Center

Modern cancer treatments take advantage of genomic differences between tumors to kill cancer
cells using targeted approaches. Typically, this requires a tumor biopsy in order to get tissue for
phenotypic and genotypic analysis. However, in late-stage cancer, surgical biopsies of metastases
may not be part of the standard of care and repeated biopsies cannot be performed for
monitoring. However, late-stage cancer patients can benefit from targeted therapies that address
specific tumor phenotypes and resistance mechanisms. Because of this, non-invasive diagnostic
approaches are needed. Cell-free DNA (cfDNA) provides a promising approach for non-invasive
tumor characterization. In cancer patients, a fraction of cfDNA is derived from tumor cells which
have died and released their DNA into the bloodstream. This DNA remains wrapped around

nucleosomes which protect it from degradation by apoptotic and plasma nucleases. cfDNA can



be extracted from the blood and sequenced, revealing which regions of the genome were
protected by nucleosomes and which were more accessible in the tumor cells. This type of
analysis, known as nucleosome profiling, has the potential to be used for phenotypic
characterization of tumors, such as determining the activity of key transcription factors. In this
thesis, we develop methods to perform nucleosome profiling in cfDNA from cancer patients.
First, we quantify the effects of GC bias on nucleosome profiles and implement a GC correction
procedure to reduce these impacts. Next, we develop a nucleosome profiling method called
Griffin that uses this GC bias correction procedure and generates composite nucleosome profiles
around transcription factor binding sites (TFBSs) and other accessible sites. We then apply this
method to detect cancer in early-stage cancer patients. Finally, we identify assay for transposase-
accessible chromatin using sequencing (ATAC-seq) sites that are differentially accessible in
estrogen receptor (ER) positive or ER negative metastatic breast tumors and use Griffin
nucleosome profiling around these sites to predict the ER status in cfDNA samples from breast
cancer patients. Additionally, in a separate study, we design a targeted sequencing panel to
predict the activity of lineage defining transcription factors in small-cell lung cancer (SCLC) and

use this approach to predict SCLC subtypes from cfDNA.
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Chapter 1. Introduction

1.1  Discovery of cfDNA

Nucleic acids in the bloodstream, including cell-free DNA (cfDNA), were first described in a
1948 study by Mandel and Métais, but it was many years before the source and potential utility of this
DNA, particularly in cancer, was better understood'. In 1977, before PCR or Sanger sequencing were
available, Leon and colleagues used radioimmune labeling to find that cfDNA concentrations were
increased in cancer patients, especially after metastasis®. They noted that a decrease in cfDNA levels after
therapy was associated with treatment response and better prognosis and proposed the use of cfDNA as a
prognostic biomarker indicating successful response to treatment. However, it took many years and a
series of technological and scientific advances for cfDNA analysis in cancer patients to grow into a major

field of research and begin making its way into the clinic.

1.1.1 Cellular origins of cfDNA

Although healthy individuals all have cfDNA in their bloodstreams, it is difficult to determine the
exact origin of this cfDNA because healthy cells all share the same genetic sequences regardless of their
tissue of origin. A 2002 study by Lui and colleagues got around this limitation by examining patients with
sex-mismatched bone marrow transplants®. By quantifying the fraction of cfDNA containing Y
chromosome sequences, these researchers found that the cfDNA was primarily derived from the bone
marrow donor rather than the patient indicating that hematopoietic cells were the primary source of
cfDNA. It was many years before the increased availability of whole genome sequencing technologies
allowed more specifics to be worked out using genome wide bisulfite sequencing to detect tissue specific
methylation patterns. In a 2015 study, Sun and colleagues found that cfDNA was primarily derived from
neutrophils, with a smaller contribution from lymphocytes (B cells and T cells) and liver cells based upon
cell type-specific methylation marks for 16 tissue types*. They validated their approach by showing that it

was able to accurately predict the percentage of placental derived cfDNA in pregnant patients (validated
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using fetus specific sequences such as the y chromosome) and in patients with liver and bone marrow
transplants (validated using donor specific single nucleotide polymorphisms (SNPs)).

In cancer patients, as early as 1989 a study by Stroun and colleagues showed evidence that the
high level of cfDNA observed in cancer patients was derived from tumor cells’. Later, the development of
PCR enabled researchers to detect cancer specific mutations in cfDNA and a study by Sorenson and
colleagues demonstrated the presence of KRAS mutations in the cfDNA of patients with pancreatic
cancer®. Additional studies, such as one by Jahr and colleagues in 2001 further supported this finding by
showing cancer specific methylation marks in a fraction of the cfDNA of cancer patients using bisulfite
sequencing’. These findings raised the possibility of detecting and characterizing cancer from non-

invasive collection of cfDNA.

1.1.2 Mechanisms of cfDNA release

cfDNA is released through apoptosis, necrosis, and active secretion. The 2001 study by Jahr also
provided some of the first experimental evidence that cfDNA was derived from apoptosis and necrosis’.
This study induced apoptotic or necrotic liver injury in mice and monitored the concentration and
fragment length of the resulting cfDNA. They found that both apoptosis and necrosis lead to large
increases in cfDNA but with different fragment lengths. Apoptotic cells produced the characteristic 1 or 2
nucleosome (167bp or 334bp) fragments often observed in cfDNA, while necrotic cells produced much
longer (>10,000bp) fragments with a much higher concentration than apoptosis. This suggested that the
majority of cfDNA is from apoptosis, however, more recent studies such as one by Watanabe and
colleagues using mouse knockouts of key nucleases and induced necrosis have suggested that necrotic
cfDNA is also broken down into nucleosome sized units and may contribute to short fragments in
cfDNA®’. A 2020 study by Rostami and colleagues using mouse xenografts suggested that necrosis was
the primary cfDNA release mechanism after treatment with ionizing radiation, although apoptosis also
played a role'”. Proliferating tumors, like other proliferating tissues, undergo apoptosis related to

proliferation providing a possible explanation for the release of cfDNA from tumors as discussed in a
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recent review by Heitzer and and colleagues''. Other studies suggest that it is also possible for cfDNA to
be released via active secretion in exosomes from tumor cells"'*™"*,

Recent studies of nucleases, including many from the lab of Dennis Lo, have contributed further
evidence to the theory that apoptosis plays a major role in cfDNA fragmentation’. A 2018 study by Cheng
and colleagues found that knockout of DNASE1 (a key DNAse secreted into the plasma) did not impact
the amount of cfDNA or fragment size for either single or double stranded cfDNA in mice'®. However,
the authors of a later study by Serpas and colleagues noted that DNASE]1 is known to act primarily on
naked DNA, while DNASE1L3 (another plasma DNAse) digests chromatin'®. When these researchers
deleted DNASEI1L3 in mice, they found that the fraction of short and long cfDNA fragments was
increased, while the number of typical nucleosome-sized (167bp) fragments was decreased in the
DNASEIL3 deleted mice. Additionally, the most common fragment endpoint motifs which all ended in
‘CC’ were less frequently observed in DNASE1L3 deleted mice suggesting that preferential cleaving of
cfDNA by DNASE1L3 created these common motifs. These alterations in both the fragment size and end
motifs in response to DNASE1L3 loss suggested that this nuclease plays a key role in cfDNA
fragmentation and provided further evidence that apoptosis was responsible for cfDNA fragmentation as
DNASEI1L3 is known to be active during apoptosis'’. Finally, the preference of DNASE1L3 for
chromatin suggested that cfDNA is likely bound to nucleosomes in the plasma, rather than being naked
DNA which would be impacted by DNASE] digestion'®. A more recent study by Han and colleagues
found that DNASE1 may play a minor role in cfDNA fragmentation after all, particularly for shorter
DNA fragments that are not believed to be bound to nucleosomes'®. These fragments show an increased
fraction of ‘T’ nucleotides at fragment ends, suggesting a different nuclease is cutting them. When
DNASEI activity was enhanced using heparin, these short fragments were enriched, especially those with
‘T’ ends. This did not occur in DNASE1 knockout mice suggesting that DNASE1 may contribute to the
creation of subnucleosomal ‘T’ end fragments in cfDNA. In this same study, intracellular apoptotic
DNAse ‘DNA fragmentation factor B’ (DFFB) was also found to play a key role in intracellular apoptotic

DNA cleavage before release into the plasma. This nuclease preferentially creates cfDNA fragments with
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‘A’ ends. When apoptosis occurs after inactivating the plasma DNAses (DNASE1L3 and DNAsel) with
EDTA these ‘A’ fragments are preferentially enriched. This does not occur in DFFB knockout mice
suggesting that DFFB is responsible for creating these ‘A’ fragment ends before cfDNA is released from
cells. This study led to a proposed model of (1) intracellular DNA cleavage by intracellular apoptotic
DNAses such as DFFB and DNASE1L3 followed by (2) cfDNA release and further degradation by
extracellular DNASE1L3 and finally (3) further degradation of short fragments of naked DNA by
DNASEI. Meanwhile in necrosis, large fragments >10,000bp are released from cells and subsequently
degraded into nucleosome sized fragments by DNASE1L3 followed by further degradation of naked
DNA by DNASE1. However, additional studies to confirm this and explore the role of additional

nucleases are needed'®.

1.2 Applications of cfDNA for cancer diagnostics

Because a fraction of cfDNA is released from tumor cells in patients with cancer, an expanding
field of research has emerged using cfDNA for ‘liquid biopsies’. Unlike a traditional tumor biopsy,
cfDNA can be obtained non-invasively allowing for screening and monitoring without the risk of a more
invasive procedure. Assays to detect genomic alterations have advanced the furthest clinically with some
FDA approved assays being available. This has several potential applications including cancer screening,
determining somatic alterations for cancer subtyping and treatment selection, prediction of treatment

response and prognosis, and monitoring for disease recurrence or treatment resistance’.

1.2.1 ¢fDNA assays for cancer screening

Many studies have attempted to develop assays for cancer screening from cfDNA in the general
population. Such assays have the potential benefit of being able to detect early-stage cancers in a broad
variety of tissue types including those such as pancreatic cancer where screening isn’t available and
disease is often detected at a late stage leading to poor outcomes. In an early proof of concept study, Diehl

and colleagues found APC mutations, a driver of colorectal cancer, in the blood of 60% of patients with
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early-stage colorectal cancer demonstrating that it may be possible to screen people for cancer using
cfDNA". In recent years, clinical trials have expanded this targeted approach to look for multiple driver
gene mutations. One example of this type of assay is CancerSEEK, a targeted sequencing panel which
allows deep sequencing of 61 regions in 16 genes containing common driver mutations that are seen
frequently in various types of cancer™. This test was able to detect cancer in a median of 70% of cancer
patients with specificity greater than 99%. However, this study was performed in patients with known
cancer and healthy controls, potentially overestimating its performance in a true screening population
where non-symptomatic cancers may be harder to detect and patients without cancer may have other
conditions that would lead to false positives. A study by Lennon and colleagues which utilized an early
version of CancerSeek combined with blood protein biomarkers (called the DETECT-A blood test) tested
this approach in a true screening population of 10,006 women aged 65-75 without cancer at the time of

enrollment?!

. Participants with a positive mutation or protein marker (490 participants, 4.9% of all
participants) were tested again to check if the abnormality was still present and exclude clonal
hematopoiesis of indeterminant potential (CHIP). Less than a third of patients with an initial positive (134
participants, 1.35% of all participants) were positive on the second test and most of the false positives on
the first test were determined to be due to CHIP. If the second test was positive and the patient’s medical
history did not provide a likely non-cancer explanation, the patient underwent a full body PET-CT scan.
Of these individuals, 26 were found to have cancer, 15 of whom had a mutation detected from cfDNA.
This study showed that blood screening, including targeted cfDNA mutational screening can detect
cancers in the general population without excessive false positives, potentially detecting cancer at an
earlier and more treatable stage. However, most of the cancers detected were also detected by standard of

care screening or symptoms during the same time frame or were already late stage, likely limiting the

impacts of this type of screening®'.
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1.2.2  ¢fDNA assays for treatment selection

Another potential use for genomic changes in cfDNA is for identifying tumor susceptibilities to
targeted therapies. For instance, in neuroblastoma, MYCN amplifications are associated with worse
outcomes and are treated with different therapies, such as immunotherapies, to improve survival rates. In
late-stage neuroblastoma patients with MYCN amplifications, the amplification could be detected in
cfDNA with high sensitivity?’. An early application of mutation detection in cfDNA to predict treatment
response and prognosis was published by Kimura and colleagues in 2006%. In this study, researchers
found that EGFR mutations found in cfDNA of non-small-cell lung cancer patients were predictive of
EGFR inhibitor response and progression free survival. In the following years, many additional studies
looked at EGFR mutation detection from cfDNA and in recent years, the US food and drug administration
has approved cfDNA detection of EGFR mutations for therapy detection'. In addition to single gene
screening, multi-gene cfDNA panels have been developed to look at multiple regions of interests. In
2020, a 61 gene panel known as Guardant360 CDx and a 324 gene panel known as F1 Liquid CDx were
approved by the FDA for patients with solid tumors**. Although Guardant360 CDx was initially approved
specifically as a companion diagnostic for identifying non-small cell lung cancer (NSCLC) patients with
EGFR mutations who might benefit from EGFR inhibitors, it can also pick up many other actionable
mutations and is approved to be used for clinical decision making regarding these therapies. F1 Liquid
CDx is approved as a companion diagnostic for a broader range of cancer types (NSCLC, prostate,
ovarian, and breast cancers) and for several actionable mutations (EGFR, ALK, BRCA1/2, ATM, and
PIK3CA) but can be used in clinically in any solid tumor to detect many more actionable mutations®*,
Many more assays are in development and the use of cfDNA for detecting actionable mutations in cancer

patients is likely to become increasingly prevalent.

1.2.3 ¢fDNA assays for detection of minimal residual disease

A third possible use for cfDNA in cancer screening is for detection of minimal residual disease or

recurrence. This can be achieved by identifying tumor specific mutations in the primary tumor and
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designing a patient specific panel to look for the emergence of these mutations at low levels in cfDNA.
For instance, a 2019 prospective study by Garcia-Murillas and colleagues examined tumors from 170
early-stage breast cancer patients found breast cancer driver mutations in 101 primary tumors and then
designed custom mutation panel for each of the 101 patients to track these mutations in cfDNA%. 16
patients had detectable mutations in their cfDNA during follow up and these patients were more likely to
have disease relapse during this time. Other studies have also shown similar ability to detect relapse using
patient specific mutation panels in cfDNA. However, an open question remains of how to treat patients
with evidence of ctDNA relapse prior to clinically apparent relapse and more studies are needed to

determine the best use for these assays®.

1.2.4  ¢fDNA assays for quantifying tumor content

One key concern which impacts any application of cfDNA to cancer genomics is the tumor
fraction or amount of the cfDNA that is derived from the tumor. As discussed previously, healthy tissues,
including nucleated blood cells and liver cells, shed DNA into the bloodstream during normal cell
turnover. This process does not stop in cancer patients. Consequently, in the absence of large tumors
shedding large amounts of DNA, the vast majority of cell-free DNA will be derived from healthy cells.
This presents a challenge for both detecting and characterizing tumors from cfDNA because it is difficult
to tell whether the cancer or mutation of interest is absent or simply below the threshold of detection for
the given assay. Because of this, it is often necessary to quantify the tumor fraction in order to correctly
interpret cfDNA results. This can be accomplished by examining mutations or copy number alterations.
Mutation analysis requires deep sequencing either from whole exomes or whole genomes with matched
germline sequencing®®?’. A less costly alternative involves looking for copy number alterations in ultra-
low pass (0.1x) whole genome sequencing as demonstrated by Adalsteinsson and colleagues®. Although
this depth is too shallow to detect mutations, large (chromosome arm level) copy number alterations are
common in metastatic cancer and can be detected using copy ratios. The ichorCNA software uses a

probabilistic model to identify copy number alterations and predict the tumor fraction of cell-free DNA
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samples. This allows detection of cancer down to 3% tumor fraction from ultra-low pass sequencing,
providing a cost-effective option for determining whether a sample has enough tumor content to make

deeper sequencing worthwhile.

1.3  Fragmentation patterns in cfDNA

While much work on cfDNA has focused on genomic alterations, the unique biological processes
that generate cfDNA have led to the development of a new field known as fragmentomics, or the study of
cfDNA fragmentation patterns. Unlike traditional sequencing where long strands of genomic DNA need
to be sheared into small pieces before sequencing, cfDNA fragmentation occurs as the result of biological
processes in-vivo. This fragmentation is non-random and instead is dictated by mechanisms of cell death,
intracellular nucleases, and plasma nucleases, and the chromatin organization in the cells of origin'"*’.
Segments of DNA that are wrapped around nucleosomes are protected from degradation while regions of

open chromatin lack this protection®”. This raises the possibility of inferring the epigenetic state of cells of

origin from the fragmentation patterns seen in cfDNA.

1.3.1 ¢fDNA fragment size and endpoints

cfDNA has a typical fragment length of approximately 167 bp and a characteristic fragment size
distribution with additional peaks at approximately 10bp intervals below 167bp. This pattern is evidence
for the apoptotic origin of cfDNA and the persisting nucleosome protection in the blood, which causes
DNA to be cleaved at 10bp intervals'’. However, different cfDNA cells of origin and epigenetic states can
contribute cfDNA with different fragment length distributions and there has been much study of these
fragment length profiles. Early studies of fragment length had mixed results with some studies reporting
that cancer derived cfDNA had better integrity (i.e. few short reads), while others reported a longer
length, and still others reported a shorter length®”. Analysis of tumor specific mutations in cfDNA began
to shed light on the true fragment length distribution of tumor derived cfDNA. In a 2005 proof of concept

study of colorectal cancer detection, Diehl and colleagues found that short fragments (100bp) were
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enriched for APC driver mutations, suggesting that tumor derived fragments were shorter than healthy
blood fragments'®. In another 2011 study by Mouliere and colleagues, researchers used mouse xenografts
to examine the fragment lengths of tumor and non-tumor DNA and also found that short (<100bp)
fragments were highly enriched for tumor DNA and that this was true in both xenografts and human
colorectal cancers®'. As whole genome sequencing (WGS) became more widely available, this technology
enabled more thorough investigation of size profiles in cfDNA. A 2015 study by Jiang and colleagues
used whole genome sequencing of cfDNA in hepatocellular carcinoma patients and showed a shift
towards shorter fragments in cancer patients, relative to controls and showed that these shorter fragments
were relatively more enriched in regions amplified in the tumor relative to regions deleted in the tumor™.
This demonstrated that the shorter fragments were derived specifically from tumor cells rather than due to
some global process that impacted all cfDNA during cancer. In another study, Underhill and colleagues
used whole genome sequencing of cfDNA from cell-line derived xenografts and found a similar
shortening of tumor derived cfDNA with a typical length of 132-145bp and confirmed this finding in
human melanoma and human lung cancer patients and showed that enriching for short fragments also
enriched for mutant alleles®*. Another study in 2018 by Mouliere and colleagues further confirmed the
finding that tumor derived cfDNA was shorter than healthy cfDNA in a variety of tumor types®. In
addition, this study showed that selecting for shorter fragments either before or after sequencing could
increase the ability to detect cancer associated mutations or copy number alterations. Additionally, a proof
of concept study by Chabon and colleagues leveraged the shorter fragments observed in cancer derived
cfDNA to distinguish tumor mutations from mutations observed in clonal hematopoiesis, a common
condition in older individuals in which a hematopoietic stem cell acquires a mutation and expands over
time without becoming cancerous*. Mutations found in clonal hematopoiesis are often similar to those
found in cancer and can cause false positives on cfDNA cancer screening tests, so the ability to
distinguish them by fragment size may be useful.

The relative enrichment of short fragments in cancer derived cfDNA lead to attempts to use

fragment size profiles, rather than mutations, for cancer detection. One method, called DELFI was
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developed by Cristiano and colleagues and analyzes fragment sizes in shallow (1-2x) whole genome
sequencing®’. This method uses the ratio of short (<150bp) to long (>150bp) fragments in Smb bins across
the genome. These researchers examined a dataset of several hundred cancer and healthy cfDNA samples
and found that the short to long fragment ratios in cancer were often outside of the typical range for
healthy donors. They then built a machine learning model based on these values and were able to detect
cancer with high sensitivity and specificity. A follow up study by Mathios and colleagues used a similar
methodology in a prospective study of patients at high risk of lung cancer’®. cfDNA was collected from
patients with a high risk of lung cancer, often due to smoking and either symptoms of lung cancer or
incidental radiologic findings suggestive of lung cancer. Of the 365 patients enrolled, 129 were diagnosed
with lung cancer within 44 days of the cfDNA collection. Shallow WGS was performed on the cfDNA
and the fragment size profiles and copy number alterations were examined. The researchers then trained a
machine learning model and were able to detect cancer with 0.90 AUC, although this varied significantly
between stage I (0.76) and stage IV (0.92) likely due to the lower tumor cfDNA contribution in patients
with early-stage tumors.

Despite the extensive evidence that cancer cfDNA is shorter, and the multitude of studies that
have attempted to use this knowledge for cancer detection, the cause of these shorter fragments remains
unclear. Changes in size profiles have been better studied in fetal cfDNA, which, like cancer cfDNA, is
shorter (around 142bp) than the background of haematopoietically derived maternal cfDNA (around
167bp). In the case of fetal cfDNA, Sun and colleagues demonstrated in a 2018 study that the shorter
fragments correspond to the stretches of DNA protected by nucleosome cores, while longer fragments are
protected by both cores and linkers®’. The loss of the linker coverage has been proposed to be due to
hypomethylation of placental DNA compared to hematopoietic DNA*, Hypomethylation results in less
tightly packed chromatin which renders it accessible to DNAses. Although the biological mechanism that
leads to short fragments in cancer has been less well studied, cancer cells often have hypomethylated
DNA, potentially leading to the same increased DNAse accessibility*®. Another hypothesis for the cause

of shorter cfDNA fragments is a decrease in DNASE1L3 expression seen in tumor cells relative to similar
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non-tumor tissues. DNASE1L3 loss in mice results in changes in fragment end points, with a loss of
common ‘CC’ motifs and an increased proportion of short fragments, similar to that observed in tumor
derived cfDNA so potentially, the lower expression in cancer tissues could have a similar effect'®*°. The
potential to use this change in fragment endpoints for cancer detection from an extremely small number of
reads has been shown by Jiang and colleagues®, highlighting the potential value of better understanding

of the biology of cfDNA fragmentation.

1.4  Prediction of nucleosome positions from cfDNA

Nucleosomes protect cfDNA from degradation and consequently can provide information about
the location of nucleosomes in the cell of origin. This has the potential to provide important information
because the location of nucleosomes is not random and instead is determined by the epigenetic state of the
cell, and the activity of elements such as transcription factor binding sites (TFBSs) and transcriptional
start sites (TSS). Recent work has focused on predicting and interpreting nucleosome positions from
cfDNA with the aim of being able to gain information about the cells of origin including the presence of
cancer, type of cancer, cancer subtypes, resistance mechanisms, and gene expression. This emerging field
is known as nucleosome profiling.

The first demonstrations of nucleosome profiling were in 2015 when Snyder and colleagues used
deep whole genome sequencing of healthy and cancer cfDNA to discover the position of nucleosomes
and TFs in the cells of origin®. They initially sequenced standard whole genome cfDNA and developed a
metric known as the windowed protection score (WPS) which quantified the amount of nucleosome
protection at a given location by looking at the nucleosome sized fragments which fully overlapped it and
subtracting the fragment endpoints. They demonstrated that cfDNA was characterized by clear
nucleosome footprints spanning nearly the entire genome. They found that these nucleosome footprints
were organized as expected around key genomic elements such as transcriptional start sites and CTCF
binding sites, a constitutively active transcription factor that is involved in chromatin organization. They

also used a single strand library preparation method to better capture the damaged ends of cfDNA and
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found that this preparation method enriched for short fragments. There was increased coverage of these
short fragments at active TFBSs such as CTCF, ETS, and MAFK sites, suggesting that they represented
DNA that was protected by binding to the TF itself. They also found that active TSS, in aggregate, had
stronger nucleosome positioning than inactive TSS. In addition, nucleosome spacing across gene bodies
was correlated with the gene expression and this correlation was strongest for hematopoietic gene
expression. Finally, they correlated the nucleosome spacing in cancer cfDNA samples to gene expression
in various tissues and found that the correlation was often best for the tissue corresponding to the tumor
types®’. Although this analysis required deep sequencing and high tumor fraction, this landmark study
demonstrated that cfDNA fragmentation patterns contained information about the chromatin structure and
nucleosome positions in tumor cells and that these signals could be interpreted to gain information about
the tumor type and possibly, gene expression.

Another study from that same year by Ulz and colleagues also explored gene expression
prediction from cfDNA, with a focus on changes in coverage around TSS*. They also found a
relationship between gene expression and nucleosome protection around TSS. They found decreased
coverage and increased nucleosome amplitude around housekeeping genes and other highly expressed
genes and increased coverage with weaker nucleosome amplitudes for lower expression genes. They
found they could use this decrease in coverage to distinguish the most highly expressed genes from less
expressed ones. They also showed that this was possible in two breast cancer cfDNA samples but
predicted it would only be possible for genes in regions with above 0.75 tumor fraction. Although this
technique was also reliant on deep whole genome sequencing and high tumor fraction, it was a promising

start to gene expression prediction from cfDNA.

1.4.1  Nucleosome profiling to predict gene expression

The first studies demonstrating differences in nucleosome profiles between active and inactive
genes sparked further research into using nucleosome profiling to predict gene expression. Because of the

necessity of using deep sequencing to gain information about TSS, many of these studies have focused on
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targeted panel sequencing of TSS to enable deep coverage of these sites without the cost of deep whole
genome sequencing.

In a 2021 study, Zhu and colleagues validated that they saw a similar inverse correlation between
gene expression and cfDNA coverage at the nucleosome depleted region (NDR) surrounding the TSSs in
deep WGS*'. They then examined genes that were differentially expressed in blood compared to
colorectal cancer and used machine learning to find a set of only 6 genes (3 upregulated in blood and 3
upregulated in cancer) that could be used to predict tumor fraction in cfDNA samples. They used a
targeted panel which captured a window of 4,000 bp around each of these 6 TSS to deeply sequence
samples and showed that this relatively small panel was able to accurately predict tumor fraction and
detect cancer. However, it required a large amount of training data to select a handful of genes that
showed good predictive value and did not attempt to estimate gene expression from these TSS.

A later study by Esfahani and colleagues also examining targeted panel sequencing of TSS but
took a somewhat different approach*. They observed that the fragment size distributions at TSS were
more predictive of gene expression than the NDR coverage, although both metrics provided
complementary data. They then identified groups of genes that were differentially expressed between lung
adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) and between subtypes of diffuse
large B cell lymphoma while also having relatively low expression in healthy blood. They designed a
targeted panel to capture a 2kb window around these genes (an approach that they called EPIC-seq) and
showed that the features extracted from this targeted panel could be used to predict LUAD or LUSC and
to predict clinical response to immune checkpoint inhibitors. They showed a similar ability to predict
prognostic subtypes of diffuse large B cell lymphoma. EPIC-seq appears to be a promising approach for
cancer subtyping and tumor fraction estimation that could potentially be adapted to different types of

cancer.
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1.42  Nucleosome profiling to predict TFBS activity

The early studies of nucleosome profiling also sparked research into using cfDNA nucleosome
profiling to predict transcription factor (TF) activity. In many types of cancer, key TFs are responsible for
tumor cell characteristics, response to therapy, and prognosis. In many cases, TFs are also the targets of
therapy including androgen deprivation therapy in prostate cancer*’ and estrogen receptor antagonists in
breast cancer*’. Because of this, predicting TF expression from ¢fDNA could be hugely beneficial for a
multitude of purposes including detecting cancer, subtyping cancer, and monitoring response or resistance
to treatment.

A 2019 study by Ulz and colleagues was the first to take an in-depth look at TFBS accessibility in
cancer cfDNA®. This study used a database of chromatin immunoprecipitation sequencing (ChIP-seq)
experiments to find a thousand high confidence TFBSs each for hundreds of transcription factors. They
then used WGS of cfDNA to generate composite profiles around these factors. In healthy donors, they
found evidence of nucleosome organization around TFs involved in hematopoiesis. They also found that
cancer samples had nucleosome organization around some cancer specific TFs and reduced organization
at some blood TFs, corresponding to the reduced fraction of blood derived cfDNA. They used these
signals to build a cancer detection model. But more interestingly, they also demonstrated that a set of
subtype specific factors including AR, HOXB13, NKX3-1 and REST were differentially accessible
between androgen receptor active prostate cancer (ARPC) and neuroendocrine prostate cancer (NEPC),
demonstrating that this method might be able to distinguish TF based subtypes.

A few other studies have explored this concept of nucleosome profiling around transcription
factor binding sites in order to predict transcription factor activity in cfDNA studies. A 2021 report by
Mathios and colleagues that was mostly focused on fragment length and lung cancer detection, looked
briefly at ASCL1 binding sites to distinguish small cell lung cancer from non-small cell lung cancer®.
ASCLI is a key transcription factor expressed in a large fraction of SCLC tumors. Their study showed

that accessibility at these sites was much higher in SCLC ¢fDNA compared to NSCLC cfDNA and that
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this accessibility could be used to distinguish these two tumor types. Additionally, a study by Herberts

and colleagues primarily looking at genomic alterations and subclonal evolution in prostate cancer also
examined AR binding sites and showed that AR accessibility was seen in ARPC but not NEPC*. They
also showed an individual in which AR accessibility was lost post treatment, suggesting an evolution to

NEPC in response to androgen deprivation.

1.43  Differential accessibility for tumor subtyping

While many studies of nucleosome profiling have focused on sites with known biological
importance such as TSS and TFBSs, these sites are not necessarily the most informative for applications
such as subtyping or cancer detection. Several studies have instead used chromatin accessibility data from
published assays on tumors to identify the sites with the most differential accessibility regardless of
biological function. This improves the chance that sites will be informative for distinguishing the cell
types of interest, although less information is gained about the biological significance of the differences.
Sun and colleagues published one of the first studies to examine nucleosome profiles around differential
open chromatin sites using tissue specific DNAse hypersensitivity sites (DHS)*’. They then examined the
number of fragment starts and ends flanking the open chromatin sites and developed a metric called
orientation-aware cfDNA fragmentation (OCF) to quantify the amount of protection at the site, relative to
the protection at the flanking nucleosomes. They found that OCF for sites specific to a given tissue type
correlated with the contribution of that tissue type such as healthy blood, placental fraction in pregnant
patients, and cancer fraction in hepatocellular carcinoma patients.

Another study by Peneder and colleagues, looking at detection of pediatric cancers examined
DHS that were specific to Ewing Sarcoma or alveolar rhabdomyosarcoma*®. They found that these sites
were only accessible in the specified tumor type and that these differences in signal could be used to

distinguish these tumor types.
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1.5 Open question and areas of research

Previous studies have clearly demonstrated the value of cfDNA for non-invasive cancer
detection, characterization, and monitoring. Tumor genotyping from cfDNA is used for treatment
selection in the clinic. However, many potential applications of cfDNA are still in the early stages of
development, especially those characterizing tumor phenotypes. In particular, nucleosome profiling
remains an emerging field and there are many areas with unexplored potential. These include studying the
impact of GC sequencing biases on nucleosome profiles, characterization of different site selection
assays, and investigation of nucleosome profiling in additional cancer types. The research in this thesis
explores some of these open areas and addresses unanswered questions in order to bring this promising

technique closer to the clinic where it can improve lives.

1.5.1 Objective 1: Study the impact of GC bias on cfDNA coverage profiles

The first objective of this research is to study the impact of GC bias on cfDNA coverage profiles
and determine whether GC bias impacts the prediction of chromatin accessibility from low coverage
WGS. GC bias has long been known to have an impact on sequencing depth in WGS* and GC bias
correction is essential for copy number analysis®®. This bias is known to be based on the GC content of
individual DNA fragments, but most early studies of cfDNA fragmentomics did not consider correcting
for it**°. More recent studies have begun to incorporate GC bias correction into their pipelines including
the LUCAS study which performed GC bias correction on fragments before computing short to long
fragment ratios**. However, they used a custom GC bias correction pipeline that matched the GC bias to a
target bias distribution, rather than using established methods, and did not perform GC correction prior to
nucleosome profiling around ASCL1 sites®®. The paper developing LIQUORICE also built a GC bias
correction tool and applied it for nucleosome profiling*®, but it only performed a correction in bins, which
has been shown to be less accurate than individual fragment length correction®. Additionally, neither

study systematically evaluated the effects of GC bias on nucleosome profiling. It would be valuable to
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implement established fragment-wise GC bias correction*’ and evaluate the impacts of this correction on
nucleosome profiles. This is especially important for TFBSs where differences in GC content between the
binding site and flanking regions may create GC bias related changes in coverage that obscure
accessibility signals®. Thus, we hypothesize that GC sequencing biases are obscuring true differences in
nucleosome protection and that removing these GC biases will enable us to better distinguish differences

in chromatin accessibility from cfDNA. This research is discussed in Chapter 2.

1.5.2  Objective 2: Characterize sites from various site selection assays

The second objective of this research is to characterize sites from different selection assays and
determine which selection assays are best for specific cfDNA nucleosome profiling applications. Existing
work has shown that TFBSs identified with ChIP-seq and DHS can both be used to find tissue specific
accessible sites for nucleosome profiling**’**, However, other chromatin accessibility assays such assay
for transposase-accessible chromatin using sequencing (ATAC-seq) could also produce high quality
differential sites. More studies exploring and comparing these different site types in additional cancer
types will contribute information on the benefits and drawbacks of each assay type and help identify the
best site selection assays for future nucleosome profiling studies. We hypothesize that differential sites
identified using ATAC-seq will have differential accessibility in cfDNA and that these sites can be used

for subtyping. This is research is discussed in Chapter 2.

1.5.3 Objective 3: Apply nucleosome profiling to new types of cancer

The third objective of this thesis is to apply nucleosome profiling to new types of cancer, in order
to expand the range of patients who might benefit from this technology. While nucleosome profiling has
been shown in many types of cancer, in-depth studies have been conducted in only a few of these types.
However, there are many additional cancer types with known transcription factor driven subtypes which
could be characterized from analysis of transcription factor binding sites in cfDNA. Such cancer types

include breast cancer, where estrogen receptor (ER) driven tumors have a different treatment and
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prognosis than tumors that don’t express this transcription factor**, and small cell lung cancer (SCLC),
where recent studies have begun to characterize four or more transcriptional subtypes’'. We hypothesize
that differences in chromatin accessibility between ER positive and ER negative breast cancer can be
observed in cfDNA and that these differences will allow us to develop methods to determine ER status
from cfDNA. The development of this method is discussed in Chapter 2. Additionally, we hypothesize
that differences in transcription factor activity and gene expression between SCLC subtypes will enable
us to find differences in chromatin accessibility that can be used to characterize SCLC subtypes from

cfDNA. This research is addressed in Chapter 3.
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Chapter 2. A framework for clinical cancer subtyping from nucleosome

profiling of cell-free DNA

2.1  Abstract

Cell-free DNA (cfDNA) has the potential to inform tumor subtype classification and help guide
clinical precision oncology. Here we develop Griffin, a framework for profiling nucleosome protection and
accessibility from cfDNA to study the phenotype of tumors using as low as 0.1x coverage whole genome
sequencing data. Griffin employs a GC correction procedure tailored to variable cfDNA fragment sizes,
which generates a better representation of chromatin accessibility and improves the accuracy of cancer
detection and tumor subtype classification. We demonstrate estrogen receptor subtyping from cfDNA in
metastatic breast cancer. We predict estrogen receptor subtype in 139 patients with at least 5% detectable
circulating tumor DNA with an area under the receive operator characteristic curve (AUC) of 0.89, and
validate performance in independent cohorts (AUC=0.96). In summary, Griffin is a framework for accurate

tumor subtyping and can be generalizable to other cancer types for precision oncology applications.

2.2 Introduction

Accurate cancer diagnosis and subtype classification are critical for guiding clinical care and
precision oncology. Current approaches to determine tumor subtype require a tissue biopsy, which is often
difficult to obtain from patients with metastatic cancer. Therefore, at the time of recurrence or metastatic
cancer diagnosis, treatment options may often be informed by clinical diagnostics from the primary tumor.
However, molecular changes in the tumor can emerge during metastatic progression and in the context of
therapeutic resistance. Moreover, surveying molecular changes is challenging because repeated biopsies

are problematic and not routine in clinical practice for solid tumors.
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Cell-free DNA (cfDNA) is DNA released into circulation by cells during apoptosis and necrosis.’* In
patients with cancer, a portion of this cfDNA is released from tumor cells, called circulating tumor DNA
(ctDNA). The analysis of ctDNA can address the challenges in tissue accessibility and has demonstrated
great potential for clinical utility.”**° Much of the current research and clinical efforts have focused on the
detection of genetic alterations in ctDNA. Shallow coverage sequencing of cfDNA, including ultra-low
pass whole genome sequencing (ULP-WGS, 0.1x), provides a cost-effective and scalable solution for
estimating the tumor fraction (fraction of the cfDNA that is tumor derived) from the analysis of genomic
copy number alterations.®"* Sequencing analysis of genomic alterations from ctDNA have helped to
distinguish molecular subsets of tumors.®>® However, these genomic alterations, including somatic
mutations, may not always fully explain treatment failure or identify therapeutic targets, exemplifying a
major limitation of cancer precision medicine.

Tumor subtypes are often characterized by distinct transcriptional regulation, which can change
during treatment resistance, leading to different clinical tumor phenotypes. For example, prostate and lung
cancers may undergo trans-differentiation from adenocarcinoma to small-cell neuroendocrine
phenotypes.’~’! For metastatic breast cancer (MBC), treatment is guided based on clinical subtypes
determined by the expression of the estrogen receptor (ER), progesterone receptor (PR), and human
epidermal growth factor receptor 2 (HER2), often in the primary tumor’?; endocrine therapies are prescribed
to patients with ER-positive (ER+) or PR-positive (PR+) carcinomas while patients with HER2 positive
tumors are prescribed anti-HER2 drugs. Patients with tumors absent for expression of all three receptors
have triple negative breast cancer (TNBC) and receive chemotherapy.”” However, receptor conversions
during primary and metastatic disease progression have been frequently observed, including ~20% of
patient tumors switching from ER+ to ER-negative (ER-) subtypes.”*”® Furthermore, similar to the presence
of intra-tumor genomic heterogeneity in breast cancer, mixtures of clinical subtypes may also co-exist
across or within metastatic lesions in the same patient, presenting major clinical challenges.***' Therefore,

accurate subtype classification and identification of transcriptional patterns underlying emergent clinical
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phenotype during therapy has critical implications for studying mechanisms of resistance and informing
treatment decisions.

Recent studies have shown that the computational analysis of cfDNA fragmentation patterns from
genome sequencing data can reveal the occupancy of nucleosomes in cells-of-origin.***” When DNA is
released into the peripheral blood following cell death, they are protected from degradation by
nucleosomes.* At accessible genomic locations, such as at actively bound transcription factor binding sites
(TFBSs) and open chromatin regions, nucleosomes are positioned in an organized manner that allows
access for DNA binding proteins®® (Fig. 2.1a). This nucleosome organization results in a loss of sequencing
coverage, reflecting DNA degradation at the unprotected binding site with peaks of coverage at the
surrounding protected locations.

Analysis of the protected and unprotected regions, termed nucleosome profiling, has been
demonstrated for cancer detection and tumor tissue-of-origin prediction, including the analysis of shorter
cfDNA fragments which tend to be enriched from tumor cells.*** Tumor subtyping from cfDNA has been
explored in castration-resistant prostate cancer (CRPC) and lung cancer by analyzing fragmentation
patterns.”>?® However, subtype classification from cfDNA has been less studied in other cancer types.
Specifically, to our knowledge, predicting receptor-based subtypes from cfDNA in breast cancer has not
been shown. Furthermore, current cfDNA nucleosome profiling approaches have not been optimized for
ULP-WGS data. Studying the clinical phenotype of tumors from ctDNA remains challenging due to lack
of robust computational methods but has obvious potential clinical benefits for guiding treatment decisions
in patients with metastatic cancer.

In this present study, we develop a computational framework called Griffin to classify tumor
subtypes from nucleosome profiling of cfDNA. Griffin overcomes current analytical challenges to profile
the nucleosome accessibility and transcriptional regulation from the analysis of standard cfDNA genome
sequencing, including ULP-WGS (0.1x) coverage. Griffin employs a GC correction procedure that is
specific for DNA fragment sizes and therefore uniquely suited for cfDNA sequencing data. We apply

Griffin to perform cancer detection with high performance. Then, we demonstrate breast cancer ER
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subtyping from cfDNA, showing high classification accuracy and insights into tumor monitoring and
heterogeneity, all achieved from analysis of ULP-WGS data. Overall, Griffin is a generalizable framework
that can accurately profile chromatin accessibility from cfDNA for cancer subtype prediction and has the

potential to direct personalized treatment to improve patient outcomes.

2.3  Results

2.3.1 Griffin framework for nucleosome profiling to predict tumor phenotype

We developed Griffin as an analysis framework with a GC correction procedure to accurately
profile nucleosome occupancy from cfDNA. Griffin processes fragment coverage to distinguish accessible
and inaccessible features of nucleosome protection (Fig. 2.1a). Griffin is designed to be applied to whole
genome sequencing (WGS) data of cfDNA from patients with cancer to quantify nucleosome protection
around sites of interest and is optimized to work for ULP-WGS data (Fig. 2.1b). Sites of interest can be
selected from various chromatin-based assays, such as from assay for transposase-accessible chromatin
using sequencing (ATAC-seq) and are tailored to address specific problems including cancer detection and
tumor subtyping.

The analysis workflow begins with computing the genome-wide fragment-based GC bias for each
sample. Then, for the region at each individual site of interest, the fragment midpoint coverage is computed
and reweighted to remove GC biases (Methods). Midpoint coverage rather than full fragment coverage is
used because it produces higher amplitude nucleosome protection signals (Appendix: Supplementary Fig.
la). Next, a composite coverage profile is computed as the mean of the GC-corrected coverage across the
set of sites differential for a tissue type, tumor type, transcription factor (TF), or any phenotypic comparison
of interest. By examining these coverage profiles around known cancer-specific and blood-specific TFs,
we identified three quantitative features that distinguish a site as accessible and inaccessible: (a) the
coverage in the window between + 30 bp (central coverage), where lower values represent increased

accessibility, (b) the coverage in a window between = 1000 bp (mean coverage), and (c) the overall
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nucleosome peak amplitude calculated using Fast Fourier transform (amplitude). These features can be used
to quantify transcription factor activity or chromatin accessibility and be used as features for detection of
cancer, tumor subtyping, or studying other phenotypes of interest.
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Fig. 2.1 Griffin framework for ¢cfDNA nucleosome profiling to predict cancer subtypes and tumor
phenotypes. (a) [llustration of a group of accessible sites (left panel) and inaccessible sites (right panel),
such as a TFBS. The nucleosomes (in grey) are positioned in an organized manner around the accessible
sites (red box; left panel), but not around the inaccessible ones (right panel). These nucleosomes protect the
DNA from degradation when it is released into peripheral blood. The protected fragments from the plasma
are sequenced and aligned, leading to a coverage profile which reflects the nucleosome protection in the
cells of origin. (b) Griffin workflow for cfDNA nucleosome profiling analysis. cfDNA whole genome
sequencing (WGS) data with > 0.1x coverage is aligned to hg38 genome build. (1) For each sample,
fragment-based GC bias is computed for each fragment size. (2) Sites of interest are selected from any
assay. Paired-end reads aligned to each site are collected, fragment midpoint coverage is counted and
corrected for GC bias to produce a coverage profile. (3) Coverage profiles from all sites in a group (e.g.,
open chromatin for tumor subtype) are averaged to produce a composite coverage profile. Composite
profiles are normalized using the surrounding region (-5 kb to +5 kb). (4) Three features are extracted from
the composite coverage profile: central coverage (coverage from -30 bp to +30 bp from the site; orange
‘a’), mean coverage (between -1 kb to +1 kb; green ‘b’), and amplitude calculated using a Fast-Fourier

Transform (FFT) (red ‘¢”).

232 Griffin reduces GC biases enabling detection of differential tissue accessibility

A unique aspect of Griffin is the implementation of a fragment-based GC bias correction developed
by Benjamini and Speed and previously demonstrated on genomic DNA*. At open chromatin regions,
especially at TFBSs, GC-content is non-uniform between the binding site and flanking regions, which leads
to GC-related coverage biases (Fig. 2.2a-c, Appendix: Supplementary Fig. 1b,c, Supplementary Data 1).”
GC bias varies between samples and between different fragment lengths within a sample® (Fig. 2.2b),
which can have a major impact on nucleosome accessibility prediction (Fig. 2.2c). To correct for this GC
bias, for each sample and each fragment length, Griffin computes the global estimated mean fragment

coverage (“expected”) using a fragment length position model® (Methods, Fig. 2.2b). Then, when
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calculating coverage around sites of interest, each fragment is assigned a weight based on the expected
coverage for its GC content. This correction eliminates unexpected increases (or decreases) in coverage at
binding sites, removing technical biases to enhance the tissue-associated accessibility when analyzing WGS
(9-25x, Fig. 2¢) cancer patient cfDNA and ULP-WGS (0.1-0.3x, Fig. 2d).

To test the performance of nucleosome profiling following Griffin GC-bias correction, we
compared the estimated TFBSs accessibility with the amount of tumor-derived DNA (i.e. tumor fraction)
predicted by ichorCNA. From analysis of WGS data for 14 CRPC, two MBC, and two healthy donor

samples®!%

, we observed stronger correlations between nucleosome profiles derived from shorter (35-100
bp) fragments and tumor fraction when using GC correction for multiple fragment lengths, which lead us
to choose this correction strategy (Appendix: Supplementary Fig. 2, Supplementary Data 2). However, in
ULP-WGS data from 191 MBC ¢fDNA sarnples61 with > 0.1 tumor fraction, we focused on the nucleosome
sized fragments (100-200bp) due to the low number of short fragments (<100 bp). For nucleosome sized
fragments, we expected the tumor fraction to be negatively corrected with the central coverage around
tumor-specific sites, and positively correlated for blood-specific sites. For a blood-specific TF, LYL1, we
observed that the central coverage at TFBSs was positively correlated with tumor fraction before GC
correction (Pearson’s =0.41) as expected, but this correlation was much stronger after GC correction
(Pearson’s r=0.63, Fig. 2.2¢). For a tumor-specific TF, GRHL2, we observed a negative correlation between
the central coverage and tumor fraction, as expected (Pearson’s r=-0.62, Appendix: Supplementary Fig.
3a). The mean coverage and amplitude features are also correlated to tumor fraction but appeared to be less
influenced by GC bias (Appendix: Supplementary Fig. 3a,b, Supplementary Data 3). Similar correlations
between nucleosome profile features and tumor fraction following GC correction were also observed for
blood and cancer specific DNase I hypersensitivity sites (DHSs) (Appendix: Supplementary Fig. 3a).

To quantify whether GC correction reduces signal variability between samples, we examined the
central coverage in the 191 MBC cfDNA ULP-WGS samples for 377 TFs in the Gene Transcription
Regulation Database (GTRD).”>*® For each factor, we compared the variability between the central

coverage and tumor fraction using the root mean squared error (RMSE) from a linear regression fit before
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and after GC correction. For LYL1, the RMSE decreased (0.062 to 0.046), indicating less inter-sample
variation in the data after GC correction (Fig. 2¢). Similarly, for 351 (93.1%) TFs, the RMSE was decreased
after GC correction, indicating reduced inter-sample variability after accounting for the correlation between
tumor fraction and central coverage (two-sided Wilcoxon signed rank test p = 1.0x10™, test statistic =
1421, Fig. 2f, Appendix: Supplementary Fig. 1d, Supplementary Data 3). Next, in the cfDNA samples, we
systematically analyzed differentially expressed TFs between blood cells and breast cancer (Methods,
Supplementary Data 4). We found that central coverage and tumor fraction were correlated for a subset of
these TFs (11 of 35 cancer and 15 of 22 blood TFs, adjusted p-value < 0.05), most correlations were in the
expected direction, and that these correlations increased for blood TFs after GC correction (Appendix:
Supplementary Fig. 4a).

Additionally, we examined the central coverage for the 377 TFs in a cohort of 215 healthy donors®
before and after GC correction. Because healthy donor samples have no tumor content, we evaluated the
mean absolute deviation (MAD) for each TF to compare inter-sample variability. We found that the MAD
decreased after GC correction for 365 (96.8%) TFs (two-sided Wilcoxon signed rank test p = 6.28x10°%,
test-statistic = 466, Fig. 2g, Appendix: Supplementary Fig. 3¢, Supplementary Data 5), indicating lower
inter-sample variability for nearly all TFs. Finally, we tested the impact of mappability biases and copy
number alterations (CNA) and found that explicit correction accounting for these factors did not improve
RMSE values in the MBC cfDNA samples (Methods, Appendix: Supplementary Fig. 4b-f, Supplementary
Data 3). Altogether, these results suggest that the GC correction strategy in the Griffin framework reduces
the variability in chromatin accessibility signals due to GC biases between samples and allows for improved

detection of differential tissue accessibility in ULP-WGS data.
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Figure 2.2 Griffin GC bias correction improves detection of tissue specific accessibility from

cfDNA.

Fig. 2.2 Griffin GC bias correction improves detection of tissue specific accessibility from cfDNA. (a)
Mean =+ IQR of GC content around 10,000 GRHL2 sites. (b) GC bias of various fragment sizes for cfDNA
from a healthy donor (HD 46; green) and a metastatic breast cancer (MBC 315; orange) sample. GRHL2
center and flanking GC content are noted with dashed lines (same as [a]). The MBC sample (orange dots)
has a larger difference between center (2.11) and flanking (1.99) for 165bp fragments than the healthy

sample (1.90 center, 1.96 flanking; green dots). This means that, for GRHL2, GC bias will cause increased
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central coverage relative to the flanking coverage and this effect will be more pronounced in the MBC
sample. (¢) Composite coverage profile of 10,000 GRHL?2 sites before and after GC correction, shown for
HD 46 and MBC _315. Before GC correction, the center has increased coverage due to GC bias. After GC
correction, the MBC sample has lower central coverage, which is consistent with increased GRHL?2 activity
in tumor cells. (d) Composite coverage profiles of 10,000 LYL1 sites before and after GC correction, shown
for two MBC samples with deep WGS (9-25x, orange), two healthy samples (17-20x, green), and 191 MBC
samples with ULP-WGS (0.1-0.3x, median £ IQR, blue). Lower central coverage in the healthy samples is
consistent with LYL1 activity in hematopoiesis. (¢) cfDNA tumor fraction and central coverage correlation
for LYL1. GC correction increases the strength of the Pearson correlation (n=191 MBC ULP-WGS
samples; 2 sided with Benjamini-Hochberg FDR correction). Root mean squared error (RMSE) of the linear
fit is shown. (f) Distribution of the RMSE (linear fit between central coverage and tumor fraction (n=191
MBC ULP-WGS samples) across 377 TFs, before and after GC correction. Boxed range: median + IQR,
whiskers: non-outlier data (maximum extent is 1.5x IQR), grey dots: outliers. p-value from the Wilcoxon
signed-rank test (two-sided). (g) Distribution of the mean absolute deviation (of the central coverage across
215 healthy donors [1-2x WGS]) for 377 TFs, before and after GC correction. Box elements are the same

as (f). p-value from the Wilcoxon signed-rank test (two-sided).

233 Griffin analysis at TFBSs enables cancer detection

To determine if Griffin can perform cancer detection, we analyzed a published WGS (1-2X) dataset
of cfDNA samples from healthy donors (n = 215) and early-stage cancer patients (n = 208) (DELFI
cohort).*” We generated nucleosome profiles around the top TFBSs for each TF and extracted three features
from each (central coverage, mean coverage, and amplitude). Due to the large number of features, we used
principal components analysis (PCA) to select the top components that explained 80% of the variance
(Methods). Using logistic regression on these components, we determined that the best performance was
achieved when using the top 30,000 TFBSs for each of 270 TFs that contained at least this many sites

(Methods, Appendix: Supplementary Fig. 5a). We achieved a high performance for predicting the presence
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of cancer with an area under the receiver operating curve (AUC) of 0.94 (Fig. 3a, Supplementary Data 6)
We observed the highest performance for stage [V cancers (AUC=0.99) and moderately lower performance
in stage I cancers (AUC=0.93, Fig. 3a, Appendix: Supplementary Fig. 5b). The performance was likely
reflective of the higher tumor fractions observed in late-stage cancer relative to early-stage cancer. As
anticipated, we observed higher performance for samples with tumor fraction * 0.05 (AUC=0.99) than
samples with < 0.03 tumor fraction (AUC=0.92, Appendix: Supplementary Fig. 6a). By cancer type, we
achieved the highest performance for lung and ovarian cancers (AUC > 0.99) and the lowest for pancreatic
cancer (AUC=0.85, Appendix: Supplementary Fig. 6b). To test the ability to detect cancer at ULP-WGS
coverage (0.1x), we applied Griffin to the same cfDNA data downsampled to 0.1x coverage and achieved
an AUC of 0.89 (Fig. 3a, Appendix: Supplementary Fig. 6a,b).

Next, we systematically evaluated various configurations and comparisons of Griffin for cancer
detection (Appendix: Supplementary Fig. 7a). First, because fragments <150bp are enriched for tumor
derived DNA®, we tested whether different fragment size ranges, such as short (35-150bp) or all (35-500
bp) fragments may improve our ability to detect cancer in this framework but observed a decreased
performance (0.91 and 0.92 AUC, respectively, Appendix: Supplementary Fig. 7a). Next, when omitting
GC correction, we also observed decreased overall performance for 1-2X WGS (AUC=0.83, Fig. 3b,
Appendix: Supplementary Fig. 7a) and ULP-WGS (AUC=0.85) for all disease stages (Fig. 3b). Then, we
tested the use of mappability and copy number correction, exclusion of Griffin features, and analysis at
DHSs in place of TFBSs and observed similar or lower performance (Appendix: Supplementary Fig. 7a).
Finally, we compared our results with the method by Ulz et al.”, which analyzed cfDNA fragments of all
lengths at TFBSs, and found it had lower performance for 1-2X WGS (AUC=0.82) and ULP-WGS
(AUC=0.55) coverages. (Appendix: Supplementary Fig. 7a,b).

To validate Griffin for the application of cancer detection, we analyzed a published cfDNA WGS
(1-2X) dataset consisting of 129 lung cancer patients and 158 healthy individuals (LUCAS cohort).”® A
validation cohort of 46 cancer patients and 385 healthy individuals was also available in this same study.

There was a notable batch effect between the DELFI and LUCAS cohorts in the initial fragment size
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distributions and Griffin coverage profiles before and after GC correction, which prevented use of the same
model on both cohorts (Methods, Appendix: Supplementary Fig. 8, Supplementary Data 7). Using the 270
TFs in the Griffin analysis, we built a new model and observed an AUC of 0.76 in 1-2X WGS and 0.65 for
ULP-WGS (downsampled to 0.1X) coverages in the LUCAS cohort (Fig. 3c, Appendix: Supplementary
Fig. 5c, Supplementary Data 8). We observed an AUC of 0.91 for samples with > 0.05 tumor fraction,
which was higher than samples with 0.03-0.05 (AUC=0.78) and < 0.03 (AUC=0.65) tumor fractions
(Appendix: Supplementary Fig. 6¢). Applying the trained model from the LUCAS cohort to the LUCAS
validation cohort, we achieved an AUC of 0.86 across all stages, including an AUC of 0.83 for stage 1
cancers (Fig. 3d, Appendix: Supplementary Fig. 5d, Supplementary Data 9). The performance was 0.87
and 0.81 AUC for tumor fractions of < 0.03 and > 0.03, respectively (Appendix: Supplementary Fig. 6d).
For ULP-WGS coverage, the performance was 0.69 AUC for stage I and 0.69 AUC across all stages (Fig
3d, Appendix: Supplementary Fig. 5d). Overall, while cancer detection has been demonstrated from

nucleosome profiling analysis in ctDNA®*%, we show that Griffin may also be applied in this setting.
p g y y pp
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Figure 2.3 Griffin enables accurate cancer detection

Fig. 2.3 Griffin enables accurate cancer detection. Receiver operator characteristic (ROC) curves for
logistic regression classification of cancer vs. healthy controls in three cohorts. Logistic regression was
performed on the top PCA components which explained 80% of the variance in the features (central
coverage, mean coverage, and amplitude) extracted from nucleosome profiles around 30,000 TFBS for each
of 270 TFs. ROC and area under the ROC curve (AUC) performance is shown for each disease stage. The
number of cancer samples (Ca) is indicated for each stage. Each ROC curve also includes all healthy
controls (H) from that cohort. 95% confidence intervals (CI) were obtained from 1,000 bootstrap iterations.
(a) Performance for DELFI cohort® consisting of plasma samples for 208 early-stage cancers and 215
healthy controls. (b) Comparison of the performance in the DELFI cohort before and after GC correction
using Griffin. Samples are the same as in (a). Boxplots indicate median, interquartile range (IQR), whiskers
for 1.5 x IQR, and outliers. (¢) Performance of the LUCAS cohort®® consisting of plasma from 129 lung

cancer patients and 158 healthy patients. (d) Performance of the LUCAS validation cohort’® consisting of
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plasma for 46 lung cancers and 385 healthy controls. For each dataset, performance is shown for both the

original low pass (1-2x) WGS and ultra-low pass (0.1x) WGS generated by in-silico downsampling.

234 Griffin enables accurate prediction of breast cancer subtypes from ultra-low pass WGS

Breast cancer tumor classification relies on accurate clinical determination of hormone receptor
status primarily by immunohistochemistry (IHC) to quantify the expression of ER, but no ctDNA approach
exists for this application. We set out to determine whether Griffin can be used to predict ER subtype status
from ULP-WGS (0.1x) of cfDNA from MBC patients. We analyzed 254 samples with tumor fraction
greater than 0.05 from 139 patients.®"*? First, we inspected the Griffin profiles at TFBSs for key factors,
including ESR1, FOXA1, and GATA3, which are known to be associated with ER positive tumors.”” We
observed that these TFBSs were more accessible in cfDNA samples from patients with ER+ metastases
compared to ER-; central coverage was significantly lower in ER+ samples after accounting for tumor
fraction (ANCOVA FDR adjusted p-value < 3.8x10%, Appendix: Supplementary Fig. 9, Supplementary
Data 10). To predict ER status, we initially built a logistic regression classifier using features from the
Griffin profiles for all 270 TFs and achieved an accuracy of 0.71 (AUC of 0.79, Appendix: Supplementary
Fig. 10). We also used TFBSs features computed by the Ulz method for ER subtyping and observed an
accuracy of 0.53 (AUC=0.55, Appendix: Supplementary Fig. 10), likely because it was not designed for
ULP-WGS data.

Next, we used a more tailored site selection approach by analyzing regions of differential chromatin
accessibility. Using ATAC-seq data generated from 44 ER+ and 15 ER- primary breast tumors by The
Cancer Genome Atlas (TCGA)'", we identified open chromatin sites that were differentially accessible
between ER subtype (Methods, Fig. 4a, Appendix: Supplementary Fig. 11, Supplementary Data 11-12).
ER+ sites (n=28,170) were enriched for the TFBSs of ESR1, PGR, FOXA1 and GATA3, and ER- sites
(n=41,712) were enriched for the TFBSs of STAT3 and NFKB1 (Supplementary Data 13). We observed
differences in coverage profiles between differential sites that were shared (9,930 ER+, 22,365 ER-) and

not shared (18,240 ER+, 19,347 ER-) with accessible chromatin in hematopoietic cells'”' and analyzed
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them separately (Fig. 4b, Appendix: Supplementary Fig. 12). We applied Griffin to profile nucleosome
accessibility at these four sets of ER differential accessible chromatin sites, extracting a total of 12 features.
We built a logistic regression classifier to predict ER subtype from these chromatin accessibility features
(Fig. 4c, Supplementary Data 14, Methods). We achieved an overall accuracy of 0.81 (AUC=0.89, n=139)
with a higher performance for samples having high tumor fraction (accuracy 0.86, AUC=0.92, n=101,
tumor fraction * 0.1) compared to those with lower tumor fraction (accuracy 0.69, AUC=0.75, n=38, tumor
fraction 0.05 to 0.1) (Fig. 4d). Systematic evaluation of different configurations and comparisons with
Griffin, including fragment size ranges and data correction strategies, resulted in similar or lower
performance (Appendix: Supplementary Fig. 10, Methods).

We validated the trained model from the MBC dataset by evaluating its performance on
independent cohorts consisting of additional ULP-WGS data or data obtained from published studies'**'%*
(Methods). Using PCA, we did not observe batch effects between the cohorts, but rather signals could be
attributed to the known ER status (by metastatic tumor IHC) and estimated tumor fraction (Appendix:
Supplementary Fig. 13a). In 36 patients (25 ER+, 11 ER-) with tumor fraction > 0.05, we observed an
overall accuracy of 0.92 (AUC=0.96), including 0.96 accuracy (AUC=0.98) for samples with higher tumor
fraction (> 0.1, n=24) and 0.85 accuracy (AUC=0.90) for lower tumor fraction (0.05 — 0.1, n=12) (Fig. 4e,
Appendix: Supplementary Fig. 13b,c, Supplementary Data 15). For samples with tumor fraction < 0.05
(n=35), the accuracy was 0.54 (AUC=0.39), indicating the lower limit of accurate ER classification is likely
0.05 tumor fraction (Appendix: Supplementary Fig. 13). These results illustrate the utility of using
chromatin accessibility for cancer subtyping from ULP-WGS data and showcase ER status prediction in

breast cancer from cfDNA.

2.3.5  Analysis of ER status from longitudinal cfDNA suggests potential subtype heterogeneity

To further investigate the ER predictions, we inspected the classification results for 91 patients with
known primary ER status and ¢fDNA tumor fraction of > 0.1 (Fig. 4c,f, Supplementary Data 14). In 40

patients who had ER- status for both primary and metastatic tumors determined by IHC, we predicted 39
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(95.1%) to have ER- subtype from plasma (Fig. 4f). In 41 patients who had ER+ primary and metastatic
tumors, we classified 36 (85.4%) to have ER+ subtype. Intriguingly, in the nine patients who had clinical
primary ER+ and metastatic ER- status (i.e., ER loss), five (55.6%) were predicted to be ER+, and this
higher prevalence of ER+ prediction was statistically significant when compared to patients with no subtype
switches (ER- group, p = 3.7 x 10™* and ER+ group, p = 0.043, two-sided Fisher’s exact test, Fig. 4f). We
observed a performance of 0.74 AUC for classifying ER status among patients who had ER+ primary tumor
status, suggesting Griffin may have some potential to classify patients with ER loss (Fig. 4g). These results
demonstrate that Griffin has relatively high performance for ER classification in MBC patients with no
subtype switches but ER status prediction is more challenging for patients with subtype switches perhaps
due to ER subtype heterogeneity.

To further investigate the ER status predictions and subtype heterogeneity, we examined eight
patients who had ULP-WGS of ¢fDNA from plasma collected at different timepoints and ER expression
by IHC available for one or more metastatic biopsies (Fig. 4h, Appendix: Supplementary Fig. 14,
Supplementary Data 16).°*'* As an interesting example, MBC 1413 was initially diagnosed with an ER-
metastatic pleural effusion but a second biopsy of the liver metastasis revealed ER expression in 5% of
cells. The initial cfDNA sample was collected 178 days after and was predicted to have ER+ status (0.74
probability), in agreement with the metastatic liver biopsy. A third biopsy from the pleural fluid was ER-,
which was consistent with the ER- prediction (0.23 probability) from a cfDNA sample taken 26 days prior.
In another example, MBC 1009 had two ER- biopsies of the bone and liver, but a third biopsy had 5% ER
expression, which was consistent with ER+ predictions (> 0.68 probability) for cfDNA samples taken 251
days before and 52 days after. These results suggest that Griffin may be detecting ER status changes or
heterogeneity of tumor biopsies and that that subtype monitoring during therapy may be a potential

application.
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Figure 2.4 Griffin enables accurate prediction of breast cancer estrogen receptor subtypes from
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Fig. 2.4 Griffin enables accurate prediction of breast cancer estrogen receptor subtypes from ultra-
low pass WGS. (a) ER+ and ER- open chromatin sites from assay for transposase-accessible chromatin
using sequencing (ATAC-seq) in ER+ (n=44) and ER- (n=15) breast tumors from The Cancer Genome
Atlas (TCGA).'" Differential sites were identified using DESeq2'® which employs a Wald test with
Benjamini-Hochberg FDR correction. Sites with an adjusted p-value <5x10* and a log, fold-change >0.5
or <-0.5 (dashed lines) were considered differential and are shown in blue (ER+) or orange (ER-). (b)
Composite coverage profiles (median + IQR) for ER+ (n=18,240) and ER- (n=19,347) sites in MBC
patients (>0.1 tumor fraction; ER+, n=50; ER-, n=51). Differential sites shared with hematopoietic cells
have been excluded and are shown in Appendix: Supplementary Fig. 12a.'”" (¢) Tumor and cfDNA
characteristics for 101 MBC patients with >0.10 tumor fraction. Statuses are from immunohistochemistry
on tumor tissue. Top row: Binary ER status used for training and testing the model. Second row: primary
(upper left triangle) and metastatic (lower right triangle) ER status. Third row: tumor fraction from
ichorCNA®'. Fourth row: median probability ER+ predicted across 1,000 bootstrap iterations. (d) Receiver
operator characteristic (ROC) curve for predicting ER status. 95% Cls from 1000 bootstrap iterations. (e)
Performance of the trained model on samples from three validation cohorts. (f) Predictions in patients
grouped by primary and metastatic ER status. P-values from Fisher’s exact test (two-sided). (g) ROC curve
for predicting ER loss among patients with a primary ER positive tumor. (h) Timelines for two patients
with multiple biopsies and cfDNA samples. Top: predicted probability of ER+ and tumor fraction for
cfDNA samples with >0.05 tumor fraction and >0.1x coverage. Bottom: timeline in months from metastatic
diagnosis. The square indicates primary ER status (timeline from primary to metastatic diagnosis is not to
scale). Diamonds indicate each metastatic ER status. Patient MBC 1413 had 3 metastatic biopsies, ER- at
zero months (pleural fluid), weak ER+ (5%) at 5.9 months (liver), and ER- at 12.3 months (pleural fluid).
Patient MBC 1099 had 3 metastatic biopsies, ER- at 0 months (bone), ER- at 7 months (liver), and ER low

(5%) at 22.5 months (liver).
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2.4  Discussion

In this study, we described the development of Griffin, a framework and analysis tool for studying
transcriptional regulation and tumor phenotypes. Griffin applies a fragment length specific GC-correction
procedure to remove the GC biases that obscure chromatin accessibility signals in cfDNA. We
demonstrated that Griffin can be used to detect cancer from low pass WGS with high accuracy. We also
developed an approach to perform ER subtyping in breast cancer from ULP-WGS of ctDNA.

Griffin is versatile and can be used for various applications in cancer. We highlighted cancer
detection and tumor subtype use-cases. However, Griffin can also be used for any biological comparison
where transcriptional regulation and chromatin accessibility differences can be delineated. The applications
described here use TFBSs from chromatin immunoprecipitation sequencing (ChIP-seq) and accessible
chromatin sites from ATAC-seq. However, Griffin differs from existing frameworks due to its ability to
analyze custom sites of interest that are specific to any biological context. These sites may be obtained from
external sources and different assays, such as ChIP-seq, DHS, ATAC-seq or cleavage under targets and
release using nuclease (CUT&RUN). As additional epigenetic data are collected by the cancer research
community, including from single-cell experiments'°®!"”, Griffin will be integral for advancing tumor
phenotype studies from liquid biopsies.

Griffin is designed for the analysis of ULP-WGS (0.1x) of cfDNA, while other nucleosome
profiling methods have focused on deeper coverage sequencing. Griffin takes advantage of analyzing the
breadth of sites as opposed to individual loci, which was inspired by a similar strategy used by Ulz et al’.
We showed that Griffin had better performance for both detecting cancer and predicting ER status from
ULP-WGS data when compared to the Ulz method, likely because of its GC bias correction strategy and
versatility to analyze any set of genomic regions. We observed improved performance after GC-correction
consistently for all analyses, suggesting the benefit of the approach, although this improvement was minor
for ER status prediction in ULP-WGS data. While the GC correction strategy was able to reduce inter-

sample variability, we found that it was not able to eliminate batch effects between datasets potentially
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caused by different cfDNA processing and sequencing workflows, thus preventing cancer detection models
from being compatible across all datasets. However, Griffin provides a framework to extract cfDNA
features, enabling users to train models on new datasets, as we showed with the LUCAS and validation
cohorts. Griffin can be applied to future large prospective studies using standardized plasma collection and
workflows to carefully assess the performance of cancer detection in real clinical scenarios.

Although this study focused on the analysis of ULP-WGS (0.1x) of ¢fDNA, Griffin is not limited
to low coverage data. Increased cfDNA sequencing coverage can allow for analysis of specific gene
promoters and cis-regulatory elements and may enable gene expression prediction.*> While recent studies
show the promise of cfDNA methylation and cfRNA analysis for tumor phenotype analysis and cancer

detection, ! 114

these analytes may be challenging to isolate from clinical specimens or require specialized
assays. Overall, Griffin provides a cost-effective and scalable framework requiring only standard low
coverage WGS of cfDNA, which can be more rapidly incorporated into existing platforms to predict clinical
cancer phenotypes.

A limitation of the binary ER classification (ER+ or ER-) is the decreased accuracy for samples
with lower tumor fraction (< 10%) and a 5% limit for accurate prediction, suggesting that it may be
challenging to use Griffin for early-stage and minimal residual disease settings. However, in MBC, previous
reports have suggested that up to 34% of MBC patients may have at least 10% tumor fraction in plasma®,
which highlights potential utility for this disease stage. TNBC patients with cfDNA tumor fraction > 10%
have poorer prognosis''® and would benefit more from tumor monitoring. It may be possible to improve
performance of ER subtyping for lower tumor fraction samples with additional sequencing depth, using
TFBSs identified directly from ER+/-tumors, or joint analysis of multiple cfDNA timepoints from the same
patient.

The application of Griffin to predict ER status from cfDNA of MBC patients led to interesting
results for patients with ER loss, suggesting potential tumor heterogeneity. Intriguingly, we noticed that for
the patients with ER- tumors by IHC, ER+ predictions were significantly enriched when the primary tumor

was ER+. Moreover, in some patients with multiple cfDNA biopsies we observed changes in predicted ER
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status that might be explained by the presence of metastatic tumors with both subtypes. This subtype
heterogeneity and switching would typically not be captured from a single metastatic biopsy, but our results
demonstrate the possibility of using the predicted ER probability to monitor subtype status over time during
therapy using ctDNA. Future studies using synchronous tumor biopsy and plasma sequencing data for more
patients will be needed to establish clinical utility.

We focus our breast cancer subtyping on ER prediction because its status has important utility in
predicting likely benefit to endocrine therapy.''® While PR expression is also determined in the clinic and
ER-/PR+ tumors are considered hormone receptor positive, these are rare, not reproducible or less useful
for prognosis.''” In our cohort, only 2 out of 139 (1.4%) patients were ER-/PR+. HER2 overexpression is
important for prognosis and determining treatment such as with trastuzumab.''® However, we were unable
to identify sufficient number of open chromatin sites that were differentially accessible between HER2
positive and HER2 negative tumors. Since ERBB2 (encodes the HER2 protein) is amplified in ~20% breast
cancers, one can instead assess ERBB2 copy number amplification from ctDNA genomic analysis.'*'"
Alternatively, a model to predict PAMS50 status could be useful as this may be a better indicator of prognosis
than ER/PR/HER2 IHC alone."

In summary, the Griffin framework enables prediction of tumor phenotypes from ULP-WGS. In
this study, we demonstrate the use of this framework to detect cancer in early-stage cancer patients and to
predict ER status in metastatic breast cancer patients. Combined with methods for predicting tumor fraction
and copy number alterations®' Griffin joins a suite of tools for in depth analysis of ULP-WGS of cfDNA
enabling cost effective, non-invasive monitoring of tumors. Griffin has the potential to reveal clinically

relevant tumor phenotypes, which will support the study of therapeutic resistance, inform treatment

decisions, and accelerate applications in cancer precision medicine.

2.5 Methods

The research described in this study complies with all relevant ethical regulations. New patient data

(Independent MBC Cohort) was obtained under protocols which were approved by the institutional review
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board of the Dana Farber Cancer Institute (DFCI-09204) or Ohio State University (2007C0066,
2018C0211). Use of additional clinical data for the previously published MBC ULP-WGS cohort was
approved by an institutional review board (Dana-Farber Cancer Institute IRB protocol identifiers 05-246,
09-204, 12-431 [NCT01738438; Closure effective date 6/30/2014]). Patients in all studies provided written
informed consent for the study in which they were enrolled. See descriptions of human subjects and datasets

below.

Griffin: GC-content bias correction procedure

GC content influences the efficiency of amplification and sequencing leading to different expected
coverages (coverage bias) for fragments with different GC contents and fragment lengths. This is called
GC bias and is unique to each sample. We calculated the GC bias of each bam file using an implementation
of the method developed by Benjamini and Speed 2012* which was previously implemented in
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deepTools' “'. However, unlike the deepTools implementation, which assumes that all fragments have the
same length, we used the ‘fragment length model” which calculates a separate GC bias curve for each

fragment length. This is helpful for cfDNA where different samples may have different fragment size

distributions and different fragment lengths have biological significance.*

Mappability filtering

Prior to performing GC bias calculation, we identified all mappable regions of the genome (as described by
Benjamini and Speed and implemented in deepTools) using the Umap multi-read mappability track for
100bp reads downloaded from UCSC genome browser'*
(https://hgdownload.soe.ucsc.edu/gbdb/hg38/hoffmanMappability/k100.Umap.MultiTrackMappa
bility.bw). We used pybedtools (0.8.0)'* to find the mappable regions (defined as mappability score = 1)

and further excluded regions with known mapping problems including the encode unified GRCh38

exclusion list (https://www.encodeproject.org/files’ENCFF356L.FX/), centromeres, fix patches, and
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alternative haplotypes for hg38 downloaded from UCSC table browser (https://genome.ucsc.edu/cgi-

bin/hgTables).

Multi-fragment length GC bias model and correction

We then examined all remaining regions of the genome and, for each fragment length, counted the observed
GC content of every possible fragment overlapping those positions. The observed frequencies of each GC
content for each fragment length are the ‘genome GC frequencies’ and are specific to the genome build.
We then developed the ‘griffin GC bias’ pipeline to compute the GC bias in a given bam file. The pipeline
takes a bam file, bedGraph file of valid (mappable, non-excluded) regions, and genome GC frequencies for
those regions. For each given sample, we fetched all reads aligning to the valid regions on autosomes using
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pysam v0.15.4 (https://github.com/pysam-developers/pysam) “*. We counted the number of observed reads

for each length and GC content, excluding reads with low mapping quality (<20), duplicates, unpaired
reads, and reads that failed quality control. These read counts are the ‘GC counts’ for that sample. We then
divided the GC counts for a sample by the GC frequencies for the genome to obtain the GC bias for that
bam file and normalized the mean GC bias for each fragment length to 1, resulting in a GC bias value for
every combination of fragment size and GC content (except those combinations that are never observed in
the genome). We then smoothed the GC bias curves. For each fragment size we took all GC bias values for
fragments of a similar length (+/- 10 bp). We sorted these values by the GC content of the fragment to
create a vector of GC bias values for similar sized fragments. We then smoothed this vector by taking the
median of k nearest neighbors (where k = 5% of the vector length or 50, whichever is greater) and repeated
for each possible fragment length. We then normalized to a mean GC bias of 1 for each possible fragment
length (excluding GC contents that are never observed) to generate a smoothed GC bias value for every

possible fragment length and GC content observed in the genome.

Griffin: Nucleosome profiling
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We designed the griffin nucleosome profiling pipeline to perform nucleosome profiling around sites of
interest. This pipeline takes a bam file, GC bias for that bam file, and site list, and assorted other parameters
described below. For a given bam file and site list, we fetched all reads in a window (-5000 to +5000bp)
around each site using pysam (excluding those that failed quality control measures). We then filtered read
pairs by fragment length and selected those in a range of fragment lengths (100-200bp for all analyses in

this study unless otherwise specified). For each read pair, we determined the GC bias for the fragment and

1
GC bias

assigned a weight of to that fragment and identified the location of the fragment midpoint. We split

the site into 15bp bins and summed the weighted fragment midpoints in each bin to get a GC corrected
midpoint coverage profile (see Fig. 1b for a schematic). Next, we excluded bins that overlapped regions
with known mapping problems (described in Griffin: GC-content bias correction procedure) and bins with
at least one unmappable position using pyBigWig for fetching data (0.3.17). We also identified bins with
extremely high coverage (10 standard deviations above the mean) and removed these bins. We repeated
this for every site on the site list and took the mean of all sites (ignoring excluded bins within those sites)
to generate the mean coverage profile for that site list. We then smoothed the coverage profiles using a
Savitzky-Golay filter with window length 165bp and polynomial order of 3. Finally, to make samples with
different depths comparable, we normalized the coverage profile to a mean coverage of 1 across the

+5000bp window and retained the central region (+/- 1000 bp) for further analysis.

Griffin: Nucleosome profile feature quantification

To quantify coverage profiles, we extracted 3 features from each coverage profile. First, we calculated the
coverage value at the site (= 30bp). Second, we calculated the ‘mean coverage’ value £1000 bp from the
site. And third, we calculated the amplitude of the nucleosome peaks surrounding the site by using a Fast
Fourier Transform (as implemented in Numpy v1.21.2'%) on the window +960 bp from the site and taking

the amplitude of the 10" frequency term. This window and frequency were chosen due to the observed
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nucleosome peak spacing at an active site (190bp) which results in approximately 10 peaks in the window

+960bp.

Mappability correction

To test the impact of mappability bias on Griffin profiles, we implemented a per fragment mappability bias
correction. First, for each sample, we obtained an approximate coverage distribution by sampling 1,000
random positions within the genome (excluding positions which overlapped regions with known mapping
problems see ‘Griffin: GC-content bias correction procedure’) and determined the cutoff for extreme
outliers >5 standard deviations above the mean. Next, we split the genome into SMbp segments resulting
in 587 segments spanning the genome (autosomes only). For each segment, we sampled every 100"
position, skipping positions with known mapping problems. At sampled positions, we obtained the
mappability value from Umap multi-read mappability track for 100bp reads (described in Griffin: GC-
content bias correction procedure) and the number of reads overlapping that position (excluding unpaired
reads, reads with mapping quality <20, duplicates and reads that failed quality control). Sampled positions
with read counts >5 SD above the mean were excluded. After obtaining the mappability values and read
counts for all sampled positions, we calculated the mappability bias for each mappability value within that
5Mbp bin by dividing the total number of reads observed at positions with a given mappability by the total
number of positions with that mappability value. We repeated this procedure for all bins. Finally, we took
the mappability biases for all mappability values in all bins and smoothed them using loess regression as
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implemented in python statsmodels (version 0.13.2) . When calculating coverage profiles, we calculated

the mappability value for each fragment as the mean mappability of all positions covered by the forward

and reverse read. We then assigned a weight of to that fragment and multiplied this by the

Mappability bias

weight from GC bias 1ia5 to get the total fragment weight used when calculating the mappability and GC

GCb
bias corrected coverage profiles. This correction did not improve performance of any correlations or models

and was not used in the final Griffin models.
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Copy number alteration (CNA) correction

To assess whether CNA correction improved Griffin performance, we performed CNA correction at each
site prior to merging sites into composite coverage profiles. This correction was performed by dividing the
coverage at each position in the profile by the mean coverage in the surrounding +50Kbp window. We
found that the addition of CNA correction had a minimal impact on coverage profiles and did not improve
the correlations to tumor fraction or performance of the cancer detection model and resulted in only a small
improvement in the ER status prediction model. We did not use CNA correction in our final Griffin models,

however we did leave an option to turn it on for future users who might find it useful.

Single fragment length GC correction

In order to assess whether to use a single fragment length model or a multiple fragment length model was
better able to correct GC biases around accessible sites in cfDNA, we implemented a GC correction model
that assumes a single fragment length (165bp) for all fragments similar to the method implemented by
deepTools. This model used the same procedure as described in Griffin: GC-content bias correction
procedure, with a few modifications. When calculating the GC counts, it assumed that every read had a
fragment length of 165bp (starting from the read start position). The resulting GC counts were then divided
by the GC frequencies for 165bp to generate the GC biases for each GC possible GC content for 165bp
fragments. Next, when generating coverage profiles, we found the GC content of each fragment and then
found the GC bias for the 165bp fragment with the most similar GC content and used this value to reweight
the fragment. This single fragment length procedure was found to not perform as well for short (35-100bp)
fragments (Appendix: Supplementary Fig. 2a-c) and perform similarly for nucleosome sized (100-200bp)
fragments (Appendix: Supplementary Fig. 2d-f, Appendix: Supplementary Fig. 7a, Appendix:
Supplementary Fig. 10). Consequently, the multi-fragment length model was used for all subsequent

analysis.
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Early-stage cancer and healthy donor cfDNA samples
DELFI cohort
Whole genome sequencing (WGS) cfDNA from patients with various types of early stage cancer and

1¥°. Bam files were

healthy donors were obtained from an existing dataset published in Cristiano et a
downloaded from EGA (dataset ID: EGAD00001005339). This data consisted of 1-2x low pass whole
genome sequencing from 100bp paired end Illumina sequencing reads. For our analyses, we used a subset
of samples with 1-2X WGS of cfDNA from 208 cancer patients with no previous treatment and 215 healthy
donors. These were the same samples used for the cancer detection analysis in the original Cristiano et al.
study. cfDNA tumor fraction was estimated using ichorCNA (github commit 15B1D336) ®'. An hg38 panel
of normals (PoN) with a 1mb bin size was created using all 215 healthy donors in the dataset. ichorCNA

was then rtun on all cancer and healthy samples to estimate tumor fraction.

ichorCNA_fracReadsInChrYForMale was set to 0.001. Defaults were used for all other settings.

LUCAS cohort and LUCAS validation cohort

Whole genome sequencing (WGS) ¢fDNA from a prospective study of patients with lung cancer and
without cancer were obtained from an existing dataset published by Mathios and colleagues’®. Bam files
were downloaded from EGA (dataset ID: EGAD00001007796). This data consisted of 1-2x low pass whole
genome sequencing from 100bp paired end Illumina sequencing reads. For our analyses, we used the subset
of samples described in the paper as the ‘LUCAS’ cohort and a second subset of samples described as the
LUCAS validation cohort. The LUCAS cohort included 158 patients who had no history of cancer and no
future cancer diagnosis and 129 patients who were diagnosed with lung cancer within days of blood draw
(0-44 days). The LUCAS validation cohort included 46 patients with cancer and 385 patients without
cancer. All samples were realigned to hg38 as described below in ‘sequence data processing’. Tumor
fraction was determined using ichorCNA (as described for the DELFI cohort) with a new panel of normals
constructed using 54 separate healthy donor samples (not included in either the LUCAS or LUCAS

validation cohorts) from the LUCAS study.
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Metastatic breast cancer (MBC) cfDNA samples

Sequencing data

WGS of cfDNA from patients with metastatic breast cancer (MBC) and healthy donors were obtained from
an existing dataset published by Adalsteinsson and colleagues®'. Bam files were downloaded from dbGaP
(accession: phs001417.v1.p1). This data consisted of ~0.1x ultra-low pass whole genome sequencing (ULP-
WGS) from 100bp paired end Illumina sequencing reads. For our analyses, we used a subset of 254 ULP
samples with >0.1X coverage WGS, >0.05X tumor fraction and known estrogen receptor (ER) status. Of
these 254 samples 133 were ER positive (from 74 unique patients) and 121 were ER negative (from 65
unique patients). Coverage and tumor fraction metrics were obtained from the supplementary data in the
publication®'. Additionally, we used two deep (9-25x) WGS from two MBC patients (MBC 315 and
MBC 288) from the same source and two deep (17-20x) WGS from two healthy donors (HD45 and HD46)

from the same source for designing and demonstrating the pipeline.

Human subjects and clinical data

Primary and metastatic ER status was determined by immunohistochemistry and obtained from
pathological review. Metastatic survival time was also abstracted from the medical records. Use of this data
was approved by an institutional review board (Dana-Farber Cancer Institute IRB protocol identifiers 05-

246, 09-204, 12-431 [NCT01738438; Closure effective date 6/30/2014]).

For training and assessing the ER status classifier we labeled each sample as ER+ or ER- using information
about the ER status from medical records. If metastatic ER status was not known, the sample was labeled
according to the primary tumor ER status (20 samples from 11 patients). ER low (1-10% ER+ staining)
samples (15 samples from 6 patients) were labeled ER+ for the purpose of the binary classifier. For eight
patients (MBC 1413, MBC 1405, MBC 1399, MBC 1099, MBC 1408, MBC 331, MBC 1312, and

MBC 1404) we had information about multiple metastatic biopsies, some with multiple ER statuses among
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the biopsies. In these cases, we used the last biopsy taken prior to the initial cfDNA collection for the
purpose of training and testing the binary ER status classifier. In a partially overlapping set of 8 patients,
we also had information about multiple primary biopsies, two with multiple ER statues among the primary
biopsies. In these cases, we used the first ER status to determine if there had been a subtype switch (see

Supplementary Data 16 for details about biopsy statues, locations, and timelines).

Metastatic breast cancer (MBC) validation cohorts

Three independent validation cohorts were used to assess the performance of the ER status prediction
model, two of these were from previously published studies. The first cohort was from the study by Ahuno
et al.'”?, which included WGS of ¢fDNA from 14 breast cancer (BRCA) patients in Ghana with known ER
status and ULP WGS (0.1x) sequencing (dbGaP accession: phs002387.v1.pl). ER status and tumor fraction
were obtained from the publication. Samples were then realigned to hg38 as described in ‘Sequence data
processing’. The second cohort was from the study by Bujak et al.'®®, which included WGS of ¢cfDNA from
27 patients with ER+ MBC (NCBI BioProject accession: PRINA578569). ER status was obtained from the
publication. The third cohort was the ‘Independent MBC cohort” which consisted of ULP-WGS data

generated as described below (Methods: Independent MBC cohort).

Tumor fraction for the Bujak et al cohort was estimated using ichorCNA. Samples were aligned to hgl9 in
order to use the default panel of normal provided with ichorCNA. ‘ichorCNA _fracReadsInChrYForMale’
was set to 0.001 and all other parameters were defaults. For Griffin analyses, samples from this cohort were
aligned to hg38 as described in ‘Sequence data processing’ and downsampled to 0.1x WGS as described in

‘Downsampling cfDNA sequencing data to 0.1x coverage’ prior to Griffin analysis.

Independent MBC cohort

Human subjects
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Patients were enrolled on clinical data collection and biospecimen banking protocols. Eligible patients had
biopsy-proven metastatic breast cancer. Hormone receptor status was performed using Clinical Laboratory
Improvement Amendments (CLIA) approved assays. Estrogen receptor (ER) positivity was defined as
>5% of cells positive by immunohistochemistry (IHC). Human epidermal growth factor receptor 2 (HER2)
negativity was defined as IHC score 0 or 1+ and/or HER2:CEP17 fluorescent in situ hybridization (FISH)
ratio <2.0. HER2 positivity was defined as IHC score 3+, or IHC score 2+ with HER2:CEP17 FISH ratio
>2.0. Triple negative breast cancer (TNBC) was defined as < 5% staining for ER and progesterone receptor
(PR), as well as HER2 negativity as previously defined. The protocols were approved by the institutional
review board of the Dana Farber Cancer Institute (DFCI-09204) or Ohio State University (2007C0066,
2018C0211). All patients provided written informed consent for blood sample collection, genomic
analyses, and collection of clinicopathologic data. A total of 103 samples from 30 patients were used for

this study. This included 15 hormone receptor positive patients and 15 TNBC patients.

Blood sample processing and plasma extraction

Venous blood samples (10 mL) were collected in EDTA (BD, Franklin Lakes, NJ), CellSave Preservative
(Cell Search, Raritan, NJ) or Cell-Free DNA BCT (Streck, Omaha, NE) tubes. EDTA tubes were processed
within 4 hours of collection and Streck tubes within 48 hours. Whole blood was centrifuged at 1900g for
10 minutes at room temperature with the brake off. Plasma was removed and transferred to Eppendorf DNA
LoBind tubes, then centrifuged at 1900g for 10 minutes at room temperature. Plasma was transferred to
cryovials and frozen at -80C for storage.

Frozen aliquots of plasma were thawed at room temperature. cfDNA was extracted using the QIAsymphony
DSP Circulating DNA Kit according to the manufacturer’s instructions, with ~4 mL of plasma as input and

with a 60 uL DNA elution.

Library Construction
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Initial DNA input is normalized to be within the range of 25-52.5 ng in 50 uL of TE buffer (10mM Tris
HCI 1mM EDTA, pH 8.0) according to picogreen quantification. Library preparation is performed using a
commercially available kit provided by KAPA Biosystems (KAPA HyperPrep Kit with Library
Amplification product KK8504) and IDT’s duplex UMI adapters. Unique 8-base dual index sequences
embedded within the p5 and p7 primers (purchased from IDT) are added during PCR. Enzymatic clean-ups
are performed using Beckman Coultier AMPure XP beads with elution volumes reduced to 30uL to

maximize library concentration.

Post Library Construction Quantification and Normalization
Library quantification was performed using the Invitrogen Quant-It broad range dsDNA quantification
assay kit (Thermo Scientific Catalog: Q33130) with a 1:200 PicoGreen dilution. Following quantification,

each library is normalized to a concentration of 35 ng/uL, using Tris-HCI, 10mM, pH 8.0.

Library Pool Creation and Ultra-low Pass Sequencing

In preparation for the sequencing of the ultra-low pass libraries (ULP), approximately, 4 puL of the
normalized library is transferred into a new receptacle and further normalized to a concentration of 2ng/uL
using Tris-HCI, 10mM, pH 8.0. Following normalization, up to 95 ultra-low pass WGS samples are pooled
together using equivolume pooling. The pool is quantified via qPCR and normalized to the appropriate
concentration to proceed to sequencing. Cluster amplification of library pools was performed according to
the manufacturer’s protocol (Illumina) using Exclusion Amplification cluster chemistry and HiSeq X
flowcells. Flowcells were sequenced on v2 Sequencing-by-Synthesis chemistry for HiSeq X flowcells. The
flowcells are then analyzed using RTA v.2.7.3 or later. Each pool of ultra-low pass whole genome libraries

is run on one lane using paired 151bp runs.

Castration resistant prostate cancer (CRPC) samples
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Deep WGS (16-61x) of cfDNA from patients with castration resistant prostate cancer (CRPC) and healthy
donors were obtained from an existing dataset published by Viswanathan and colleagues and Adalsteinsson
and colleagues.®"*® Bam files were downloaded from dbGaP (accession: phs001417.v1.p1). Coverage and
tumor fraction metrics were obtained from the supplementary data in the publications. These samples were

used for designing and demonstrating the pipeline.

Sequence data processing

All sequencing data used in this study was realigned to the hg38 version of the human genome (downloaded

from http://hgdownload.soe.ucsc.edu/goldenPath/hg38/bigZips/hg38.fa.gz). Bam files were unmapped
from their previous alignment using Picard (v2.18.29) SamToFastq. They were then realigned to the human
reference genome according to GATK best practices'?’ using the following procedure. Fastq files were
realigned using BWA-MEM (v0.7.17)."%® Files were then sorted with samtools (v1.9)'%, duplicates were
marked with Picard, and base recalibration was performed with GATK (v4.1.0.0), using known
polymorphisms downloaded from the following locations:

https://console.cloud.google.com/storage/browser/genomics-public-

data/resources/broad/hg38/v0/Mills_and 1000G_gold standard.indels.hg38.vcf.gz and

https://ftp.ncbi.nih.gov/snp/organisms/human_9606 _b151 GRCh38p7/VCF/GATK/All_20180418.vcf.gz

Transcription factor binding site (TFBS) selection

Transcription factor binding sites (TFBSs) were downloaded from the GTRD database®®. This database
contains a compilation of ChIP-seq data from various sources. For our analyses, we used the meta clusters
data (version 19.10, downloaded from https://gtrd.biouml.org/downloads/19.10/chip-
seq/Homo%?20sapiens_meta_clusters.interval.gz). This contains meta peaks observed in one or more ChIP-
seq experiments. The GTRD database contains some ChlIP-seq experiments for targets that are not

transcription factors (TFs). These were excluded by comparing against a list of TFs with known binding
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sites in the CIS-BP database'*® (v2.00 downloaded from http://cisbp.ccbr.utoronto.ca/bulk.php). The site

position was identified as the mean of ‘Start’ and ‘End’. For GC, mappability, and CNA correction analyses
as well as TFBSs nucleosome profiling in MBC, TFs with less than 10,000 sites on autosomes were
excluded resulting in 377 TFs. For each remaining TF, the top 10,000 sites were selected by choosing those
with the highest ‘peak.count’ (number of times that peak has been observed across all experiments). For
cancer detection we tried several cutoffs (1,000 to 50,000 TFBS) and selected an optimal cutoff of 30,000
sites, resulting in 270 TFs (see number of sites analysis below). For the MBC ER status classifier shown in

Appendix: Supplementary Fig. 10, we also used the top 30,000 sites.

Identification of differential TFs in blood and cancer

To identify transcription factors that were differentially expressed between blood cells and breast cancer,
we used the University of California Santa cruise (UCSC) Xena online differential gene expression analysis
tool (http://xena.ucsc.edu/)"*' which uses the Appyter bulk RNA-seq analysis pipeline to run Limma-Voom
differential gene expression analysis.'** After launching the tool via a web browser, we selected the publicly
available ‘TCGA TARGET GTEX’ study which includes RNA seq from TCGA tumors as well as RNA
seq from GTEX healthy tissues. The version of the data was 2016-04-12. We selected the phenotypic
variables ‘main category’ which groups samples by tissue or tumor type and ‘study’ which groups samples
by study. We then ran a differential gene expression analysis on the ‘main category’ variable and selected
GTEX Blood (337 samples) and TCGA_ Breast Invasive Carcinoma (1099 samples) as the two subgroups
to compare in the analysis. All other parameters were left as defaults. We used the outputs to determine
which of the 377 TFs (see ‘Transcription factor binding site (TFBS) selection’ above) were differentially
expressed between blood cells and breast cancer cells (using default cutoffs: adjusted p-value <0.05 and
absolute value of log2 fold-change >1.5). This yielded 107 TFs that were upregulated in BRCA and 82 TFs
that were upregulated in blood. We noted that some TFs shared a large number of binding sites with TFs
that were upregulated in the opposite tissue type. For instance, MECOM (also called EVI1) has previously

shown to be less accessible in BRCA than blood”” and we saw the same trend of increased accessibility in
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blood in our data. However, according to the differential RNA seq analysis, MECOM is actually
upregulated in BRCA relative to blood. We suspected that this is due to the fact that it shares almost half
of its top 10,000 sites (4,465 sites) with blood specific LYL1 and >15% of the top 10,000 sites each with
of a number of other factors that are upregulated in blood including ZBTB16 (2884 sites), TBX21 (1837
sites), STATSA (1936 sites), and SPI1 (2075 sites). Because of this type of extensive site overlap seen in
some differential TFs, we implemented a filter to exclude differential TFs which shared too many sites with
the opposite tissue type. For the top 10,000 TFBSs for each TF, we examined how many of them overlapped
(binding site was within = 250bp) with the top 10,000 TFBSs for each TF of the opposite tissue type (i.e.
for each TF that was upregulated in blood, we looked at how many sites it shared with each of the 107 TFs
that were upregulated in MBC and took the mean of these 107 values). If a TF overlapped with an average
of 400 or more sites for the factors expressed in the opposite tissue type, it was excluded from the list of
differentially expressed TFs because it was considered to share too many sites with the opposite class,
potentially confounding tissue specific accessibility. This left us with 22 TFs that were upregulated in blood

and 35 factors that were upregulated in cancer.

DNase I hypersensitivity site selection
DNase [ hypersensitivity sites for a variety of tissue types were downloaded from

https://zenodo.org/record/3838751/files/DHS Index_and Vocabulary hg38 WM20190703.txt.gz'**.

These sites were split by tissue type for a total of 16 site lists. The ‘summit’ column was used as the site
position. The sites were sorted by the number of samples where that site had been observed (‘numsamples’)

and the top 10,000 most frequently observed sites were selected for each tissue type.

ATAC-seq site selection for ER subtyping
Assay for transposase-accessible chromatin using sequencing (ATAC-seq) site accessibility for primary
breast cancer samples from The Cancer Genome Atlas (TCGA) were downloaded from the TCGA ATAC-

seq hub (https://gdc.cancer.gov/about-data/publications/ ATACseq-AWG)'™. A file containing raw counts
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for all cancer type specific sites were downloaded (‘All cancer type-specific count matrices in raw counts’)
and the file containing breast cancer specific sites was used (‘BRCA _raw_counts.txt”). The locations of
these sites and patient metadata were obtained from the supplementary tables in the paper'®. Sites on
autosomes were kept for further analysis for a total of 211,938 sites. Differentially accessible sites between
ER+ (n=44) and ER- (n=15) tumors were identified using the DESeq2 software'®®. The software was run
using default settings described in the ‘quick start’ guide with no co-variates. A differential accessibility
experiment was run using the ‘DESeq’ and ‘results’ functions followed by log fold change shrinkage using
the ‘IfcShrink’ function. Sites with an adjusted p-value < 5 x 10 were selected. Additionally, selected sites
were further filtered based on the log2 fold-change between ER+ and ER- tumors (see ‘Selection of cutoffs
for ER status differential ATAC-seq sites’ below). Sites with a log2 fold change >0.5 were classified as
ER+, while sites with a log2 fold change <-0.5 were classified as ER-. These site lists were further split
into sites shared with hematopoietic cells and those not shared with hematopoietic cells. Hematopoietic
sites were obtained from a database of single cell ATAC-seq data'”' (GEO accession number: GSE129785,
peak file available here:

https://ftp.ncbi.nlm.nih.gov/geo/series/GSE129nnn/GSE129785/suppl/GSE129785%5FscATAC%2DHe

matopoiesis%2DAI1%2Epeaks%2Etxt%2Egz). Hematopoietic sites were lifted over to hg38 using the

UCSC liftover command line tool and sites that changed size during liftover (0.2% of sites) were discarded.
ER differential ATAC-seq sites were overlapped with hematopoietic sites (Overlapping sites were defined
as site centers being within 500bp of one another) using pybedtools intersect'*'**, This resulted in a total
of 4 differential site lists: ER positive sites that were not shared with hematopoietic cells (18,240 sites), ER
positive sites that were shared with hematopoietic cells (9,930 sites), ER negative sites that were not shared
with hematopoietic cells (19,347 sites), and ER negative sites that were shared with hematopoietic cells
(22,365 sites).

To further characterize these sites, overlapped the four site lists with the top 10,000 sites for each of 377
transcription factors (TFs) using pybedtools intersect. An overlapping pair of sites was defined as having

<500bp between site centers. Each differential ATAC-seq site list was compared against each list of TFBSs
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and the total number of ATAC sites overlapping one or more TFBSs on the given list was recorded

(Supplementary Data 13).

Selection of cutoffs for ER status differential ATAC-seq sites

In order to select the optimal p-value and fold change cutoffs for identifying ER+ and ER- differential
ATAC-seq sites, we tried several different cutoffs for the values output by DESeq2. First we tried 4 different
log2 fold-change cutoffs (no cutoff, 0.5, 1, 2) while holding the adjusted p-value cutoff constant at 0.05.
Second, we tried 3 additional p-value cutoffs while holding the log2 fold-change constant at 0.5. For each
cutoff, we ran the griffin nucleosome profiling analysis on the selected ATAC-seq sites, using 100-200bp
fragments. We then extracted features and used these in a logistic regression model to predict ER status as
described below (‘Machine learning, bootstrapping, and performance evaluation procedure’ and ‘ER status
classification in the MBC cohort’) and calculated the mean accuracy across all bootstraps. We found that
there was a relatively small difference between cutoffs (~2% accuracy) but chose the cutoff with the highest

accuracy (adjusted p-value < 5x10™* and absolute value of log2 fold-change >0.5) for our final model.

Quantification of GC content at TFBS

For 377 TFs (see Transcription factor binding site (TFBS) selection above), the GC content around the top
10,000 sites was quantified (Shown in Figure 2a and Appendix: Supplementary Fig. 1). The sequence at
each site (£1000bp) was fetched from the genome and the GC content was calculated. Positions within sites
that overlapped the exclusion lists or had zero mappability were excluded. GC content at individual sites
was then smoothed using a Savitsky-Golay filter with length 165bp and polynomial order zero. The mean
GC content at the site center was calculated as the mean of the smoothed GC content across all sites in the
window £30bp from the site. The mean flanking GC content was calculated as the mean of the GC content

in the window +1,000 bp from the site, excluding the central region (+£30bp).

Assessment of Griffin before and after GC correction, mappability correction, and CNA correction
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Tumor fraction correlations at TFBS

For 191 MBC ULP samples with >0.1 tumor fraction, nucleosome profiling with and without GC correction
was performed on the top 10,000 sites for each of 377 transcription factors (TFs) using nucleosome sized
fragments (100-200bp). For each TF, the relationship between central coverage and tumor fraction was
modeled using scipy.stats.linregress'** producing a Pearson correlation (r) and line of best fit (scipy version
1.7.1). Pearson p-values for each feature type were adjusted using a Benjamini-Hochberg FDR correction.
Root mean squared error (RMSE) was calculated from the line of best fit. This was performed both before
and after GC correction as illustrated for LYLI in Fig. 2e. For all 377 TFs, the RMSE values before and
after GC correction were compared using a Wilcoxon signed-rank test (two-sided). This same procedure
was applied to test the benefit of an additional mappability correction step and an additional copy number

correction step.

Mean absolute deviation (MAD) at TFBS

For 215 healthy donors, nucleosome profiling with and without GC correction was performed on the top
10,000 sites for each of 377 TFs. For each TF, the MAD of the central coverage values was calculated both
before and after GC correction. For all 377 TFs, the MAD values before and after GC correction were

compared using a Wilcoxon signed-rank test (two-sided).

Quantification of differential accessibility of TFBS and ATAC sites in MBC

To determine whether nucleosome profiles around TFBSs were differentially accessible between ER+ and
ER- samples we performed an analysis of covariance (ANCOVA) as implemented in Pingouin (v0.5.1)"¢.
For this analysis, we used the 191 MBC samples with >0.1 TFx and >0.1 coverage. Nucleosome profile
feature (central coverage, mean coverage, or amplitude) was the dependent variable, primary tumor status

was the independent variable (‘between’), and tumor fraction was a covariate. We performed this analysis

on all 3 features for all 377 TFs with 10,000 or more sites. We then used Benjamini-Hochberg FDR
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correction to perform multi-test correction for on the p-values for ER status and tumor fraction for each
feature.

We performed the same ANCOVA analysis on the features for the 4 types of ER differential ATAC sites
but without FDR correction as there were only a total of 12 features (central coverage, mean coverage, and

amplitude for each of the 4 site types).

Machine learning, bootstrapping, and performance evaluation procedure
To detect cancer or predict ER subtype, we used logistic regression with Ridge regularization (i.e. L2 norm)

137 " All feature values were scaled to a mean of 0 and a standard

as implemented in scikit-learn (v0.23.2)
deviation of 1 prior to performing bootstrapping and fitting the models. We used the following
bootstrapping procedure to train and assess the performance of our models. First, we selected n samples
with replacement from the full set of n samples and used this as a training set. Samples that weren’t selected
were used as the test set. We then used 10-fold cross-validation on the training set to select the
hyperparameter ‘C’ (inverse of the regularization strength). To account for class imbalances in the data we
used set the ‘class weight’ parameter to ‘balanced’ to adjust the sample weighs inversely proportional to
the class frequencies. We trained a final model on all the training data using the selected regularization
strength. Finally, we tested this model on the test set and recorded the performance (accuracy and AUC
values) and sample probabilities. Then, a new training set was selected, and the procedure was repeated for
1,000 iterations. After completing the bootstrap iterations, we calculated the AUC and accuracy from each
bootstrap iteration and used these to generate the mean and 95% confidence interval around each of these
values and to create boxplots. To visualize the ROC curve, we used the median probability from all

bootstraps where each sample was included in the test set. For further downstream analyses, including the

comut plot, barplots, and timelines we used this same median probability.

Features used for the final cancer detection classification
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To detect cancer, we applied the logistic regression approach described above and built a logistic regression
classifier on features extracted from the DELFI cohort cancer and healthy samples. First, we performed
nucleosome profiling in these samples (selecting fragments 100-200bp in length). For our finalized model
we used 30,000 TFBS each for 270 TFs with at least 30,000 sites in the GTRD database (see ‘Selection of
number of TFBS for cancer detection’ below). We extracted three features (as described above ‘Griffin:
nucleosome profile feature quantification’) from each coverage profile for a total of 810 features. We then
scaled these features to a mean of 0 and a SD of 1. Within each bootstrap iteration, we reduced the
dimensionality of the feature using PCA as implemented in scikit learn'*” on the training set and selected
the features that explained 80% of the variance. We then applied this same PCA transformation to the test
set for that bootstrap. These PCA components were then used as the inputs for the logistic regression model
which was trained on the training set, and tested on the test set.

For the LUCAS cohort, we found that there were batch effects that prevented using the same model trained
on the DELFI cohort. Because of this we trained and tested a new model on the LUCAS cohort using the
same bootstrapping approach and performed a final validation of this model in the LUCAS validation cohort
(described below, ‘Validation of the cancer detection model’).

Finally, we downsampled both the DELFI and LUCAS cohorts to ~0.1x coverage (procedure described

below) and performed the same cancer detection analysis in this lower coverage data.

Validation of the cancer detection model

After training and testing a logistic regression model using the bootstrapping approach on the LUCAS
cohort, we applied the final model to the previously unseen LUCAS validation cohort (385 healthy samples
and 46 cancer samples). To get this final model, first, we performed PCA on the full LUCAS cohort (not
including the LUCAS validation cohort) and extracted 35 features that explained 80% of the variance in
that cohort. Then, we used these 35 features to build a logistic regression model using the regularization
strength most frequently chosen by the 1,000 bootstraps on the LUCAS cohort (‘C’=0.01). Finally, we

applied the PCA transformation and logistic regression model to the LUCAS validation cohort, extracted
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the same 35 features, and got a probability of cancer for each sample. We obtained confidence intervals for
the AUC using a bootstrap procedure in which we selected 431 samples with replacement from the original
431 samples and calculated the AUC for the selected samples. We then repeated this 1,000 times to get
1,000 AUC values which we used to obtain confidence intervals and boxplots.

We repeated this same procedure for the downsampled LUCAS validation cohort.

Selection of number of TFBS for cancer detection

In order to select the optimal number of TFBS for cancer detection, we tried several different cutoffs for
the number of sites (1000, 5000, 10000, 20000, 30000, and 50000 sites). For each cutoff we identified all
TFs with at least that many sites in GTRD resulting in 566, 446, 377, 316, 270 and 202 TFs respectively
for the cutoffs above. We then picked the top sites by choosing those with the highest ‘peak.count’. We
next used the logistic regression with bootstrapping and PCA dimensionality reduction described above
(‘Features used for the final cancer detection classification’) to train and test models on both the original 1-
2x WGS DELFI cohort samples and the downsampled 0.1x DELFI cohort samples. We found that the
number of sites had a greater impact on the downsampled data (Appendix: Supplementary Fig. 5a) so we

selected the cutoff with the highest AUC in downsampled data which was 30,000 sites.

Cancer detection from DNAse hypersensitivity sites

In addition to examining TFBS, we also performed nucleosome profiling at the 16 tissue-specific DHS site
lists described above. We extracted the same 3 features from each site profile for a total of 48 features and
used the same bootstrapping plus PCA dimensionality reduction described above to test the performance

of this model.

Downsampling cfDNA sequencing data to 0.1x coverage
WGS data for the DELFI cohort, LUCAS cohorts (training and validation), and Bujak et al. dataset was

aligned to aligned to hg38 and subsequently downsampled using Picard DownSampleSam. The probability
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used by DownSampleSam was calculated based on a target of 2,463,109 read pairs which resulted in
approximately 0.11x coverage as calculated by Picard CollectWgsMetrics. Downsampled bam files from
the DELFI dataset were realigned to hgl9 for use in the Ulz pipeline for comparison. The realignment
procedure was the same as above but wusing the hgl9 genome (downloaded from

https://hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips/hg19.fa.gz) and hg19 known polymorphic sites

for base recalibration (downloaded from ftp://gsapubftp-

anonymous(@ftp.broadinstitute.org/bundle/hg37/Mills_and_1000G_gold_standard.indels.hg37.vcf.gz and

ftp://ftp.ncbi.nih.gov/snp/organisms/human_9606_b151 GRCh37p13/VCF/GATK/All 20180423.vcf.gz)

ER status classification in the MBC cohort

To predict ER status, we applied the logistic regression approach described above to features extracted from
the MBC patient samples. Because some patients had multiple samples, we modified the bootstrapping
procedure to select 139 patients (rather than samples) with replacement from a full set of 139 patients. For
each selected patient, all samples from that patient were added to the training set (If a patient was selected
multiple times, all their samples were included multiple times). This ensured that separate samples from
the same patient (biological replicates) could not appear in both the training and test set. Samples from

patients that weren’t selected were used as the test set.

For our model, we applied nucleosome profiling using 100-200bp fragments to the 4 ER differential ATAC
seq lists and extracted 3 features per profile for a total of 12 features. For evaluating the model, we only
included the first timepoint for each patient in the test set when calculating the accuracy and AUC for each
bootstrap iteration. This prevented a small number of patients with many samples from having a large

impact on the scores.

ER status prediction from TFBS
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In order to assess whether ER status could be predicted from the nucleosome profiles around TFBSs, we
performed nucleosome profiling for the top 30,000 sites for 270 TFs and extracted 3 features each for a
total of 810 features. We then used the bootstrapping approach described above (‘ER status classification
in the MBC cohort’) to train and test the model. Because of the high dimensionality of the data, within each
bootstrap, we performed PCA on the training set and selected the top PCA components that described 80%
of the variance. We then used these components as the features in our logistic regression model. This model

did not perform as well as the differential ATAC site model and was not used for further analysis.

Validation of the ER status prediction model

After training and testing a logistic regression model using the bootstrapping approach on the MBC cohort
and features from griffin profiles around differential ATAC sites, we applied the final model to the three
previously unseen validation cohorts. To get this final model, we trained a logistic regression model on the
full MBC dataset (254 samples) using the regularization strength most frequently chosen by the 1,000
bootstraps on the MBC cohort (‘C’=0.1). We then applied this model to the three validation cohorts and
got the probability of ER+ for each sample. For patients with multiple samples (in the independent MBC
cohort) we used the first timepoint when evaluating performance, resulting in a total of 71 samples from
unique patients across all three cohorts. We obtained confidence intervals for the accuracy and AUC using
a bootstrap procedure in which we selected 71 samples with replacement from the original 71 samples and
calculated the AUC and accuracy for the selected samples. We repeated this procedure 1,000 times to get

1,000 AUC and accuracy values which we used to obtain confidence intervals and boxplots.

Transcription factor profiling using pipeline from Ulz et al.
We downloaded the Transcription Factor Profiling pipeline published by Ulz and colleagues from Github

(https:/github.com/PeterUlz/TranscriptionFactorProfiling)’® and ran it using the following procedure as

described in the paper. hg19 aligned bam files were used because the pipeline was written to for this version

of the genome. Scripts were modified so that they worked in python3. We trimmed the reads in each bam
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to 60bp using ‘trim from bam single end’ with modifications to skip unaligned reads. We ran ichorCNA on
the original (untrimmed) bam using the default ichorCNA settings for hg19 except the bin size, which was
modified to 50,000bp and no panel of normals. We then ran the transcription factor profiling analysis on
the trimmed bam using the script run tf analyses from bam.py with options ‘-calccov’ and ‘-a
tf gtrd 1000sites’ and the ichorCNA corrected depth file as the ‘-norm-file’. This ran transcription factor
profiling on 1,000 sites for each of 504 TFs. Finally, we ran the scoring pipeline. We used the high
frequency amplitude ('HighFreqRange') for each of the 504 TFs in the accessibility output file
(Accessibility1 KSitesAdjusted.txt) as the features for a logistic regression model using the same
bootstrapping with PCA dimensionality reduction as described for cancer detection and ER status prediction

from TFBS above.

Data availability

The Independent MBC Cohort data generated for this study (0.1x WGS of ¢fDNA) have been deposited in
dbGaP under accession code (we are still in the process of obtaining this code). All other datasets used in
this study were published datasets from previous studies and can be obtained by authorization through the
database (WGS of cfDNA) or downloaded freely (ATAC-seq, RNA-seq, ChIP-seq, DNAse-seq). WGS of
cfDNA from castration resistant prostate cancer, metastatic breast cancer, and healthy donors was obtained
from dbGaP (accession  phs001417.v1.pl [https://www.ncbi.nlm.nih.gov/projects/gap/cgi-
bin/study.cgi?study id=phs001417.v1.p1]). WGS of ¢fDNA from breast cancer patients in the Ahuno et al.
study was obtained from dbGaP (accession phs002387.v1.pl
[https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study id=phs002387.v1.pl]). WGS of
cfDNA from ER+ breast cancer patients in the Bujak et al. study was obtained from NCBI (BioProject
accession number PRINAS578569 [https://www.ncbi.nlm.nih.gov/bioproject/PRINAS578569]). The DELFI
cohort (WGS of cfDNA from early stage cancer patients and healthy donors) was obtained from EGA
(dataset ID EGADO00001005339 [https://ega-archive.org/datasets/EGAD00001005339]). The LUCAS and

LUCAS validation cohorts (WGS of cfDNA from lung cancer patients and healthy donors) were also
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obtained from EGA (EGADO00001007796 [https://ega-archive.org/datasets’  EGAD00001007796]). ATAC

seq peak counts and sample metadata were downloaded from TCGA (https://gdc.cancer.gov/about-

data/publications/ATACseq-AWG) and is freely available without authorization. DNAse-seq was

downloaded from zenodo

(https://zenodo.org/record/3838751/files/DHS Index and Vocabulary hg38 WM20190703.txt.gz).

ChIP-seq was downloaded from GTRD version 19.10 (https://gtrd.biouml.org/downloads/19.10/chip-

seq/Homo%?20sapiens_meta_clusters.interval.gz). RNA seq to obtain differential gene lists was accessed

from https://toil-xena-hub.s3.us-east-

1.amazonaws.com/download/TcgaTargetGtex RSEM_Hugo norm_count.gz (version 2016-04-12) using

the UCSC Xena online tool.

Code availability

Griffin software and the subtype classifier tool can be obtained from https://github.com/adoebley/Griffin.

Code for  analysis and  machine learning ~ models can  be accessed  at

https://github.com/adoebley/Griffin_analyses.
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Chapter 3. Characterizing small-cell lung cancer subtypes from cell-free

DNA

3.1 Introduction

Small-cell lung cancer (SCLC) is an aggressive, neuroendocrine tumor which causes

138

approximately 15% of lung cancers worldwide *°. Each year, 40,000 new cases are diagnosed in the US,

139

primarily among elderly individuals with a history of heavy smoking . The prognosis is extremely poor

%8 and a median survival of 8-20 months depending upon the stage'®’. A

with a 7% 5-year survival rate
number of factors play into this poor prognosis. SCLC is often diagnosed at an advanced stage when
metastasis has already occurred. Most tumors initially respond to chemotherapy; however, treatment

138 Recent

resistance usually arises and there are few options for treating chemotherapy resistant disease
work has suggested that there are four or more subtypes defined by expression of key transcription factors
or other transcriptional programs'*'"'**, Initially, these were proposed to consist of ASCL1, NEURODI,
POU2F3, and YAP1 although the YAP1 subtype has been suggested to be non-exclusive'** and additional
subtypes have been proposed including ATOH1'*, double negative'** and inflamed'**. The clinical
significance of these subtypes is not well characterized, however there is evidence that targeted therapy
could have different effects on different subtypes. For instance, drugs that target cells expressing DLL3
are more likely to work in ASCL1 subtype tumors because ASCL1 drives DLL3 expression®'. Aurora
kinase inhibitors maybe be more effective in POU2F3 tumors, because tumors with high MYC expression
are more sensitive to these inhibitors®'. Therapies targeting these subtypes might improve outcomes and

reduce side effects from ineffective treatment'*'

, but in many patients, it is not possible to determine
subtype because it is not the standard-of-care to obtain a surgical biopsy.
Cell-free DNA (cfDNA) offers a non-invasive alternative to traditional biopsy. In cancer patients, a

fraction of cfDNA is derived from tumor cells. This DNA can be sequenced in order to non-invasively

identify tumor characteristics'. Currently, targeted panels are used in the clinic to identify common
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actionable mutations® but recent work has shown that it may also be feasible to study chromatin structure
from nucleosome footprints in cfDNA?**| raising the possibility of identifying tumor phenotypes, such as
the activity of transcription factors, from non-invasive biopsies. This could be beneficial in SCLC patients
because tumor tissue from biopsies is not always available and cfDNA could allow study of tumor
subtypes in patients even when tumor tissue is unavailable for immunohistochemistry or RNA
sequencing. Here we present a proof of concept study using targeted panel sequencing to identify
mutations, TFBS accessibility, and TSS activity and use these to identify subtypes from cfDNA derived

from patient xenografts and patient samples.

3.2 Results

3.2.1 Targeted panel design and application for mutation calling

Targeted panel sequencing is a cost effective alternative to deep whole genome sequencing that
has been used for cfDNA sequencing for both mutation calling** and for nucleosome profiling at TSS.**
We designed a custom panel intended specifically for SCLC targeting a variety of regions including
exons, TSS, and TFBSs. The exon part of the panel was designed for variant detection and covered exons
from 862 cancer-mutated genes for a total of 2.4 Mb. Mutation calling from targeted panel sequencing in
SCLC has previously been demonstrated using the MSK-IMPACT panel which covers 505 cancer related
genes'* and a version of this panel called MSK-ACCESS has been used to detect mutations in cfDNA'?.
However, our new panel includes a wider spectrum of cancer and SCLC-mutated genes and is integrated
with other target types designed to detect both genotypic and phenotypic tumor characteristics. The TSS
part of the panel was designed for nucleosome profiling to predict gene expression and captured a 360bp
window spanning from 100bp upstream of the TSS to 260bp downstream of each of 35,917 TSS
corresponding to 17,921 genes (9.2 Mb). Lastly, the TFBS part of the panel captured a 1000bp window
centered around 2,425 TFBSs for four transcription factors. These included three TFs that define SCLC

subtypes (ASCL1, NEURODI1, and POU2F3) as well as REST which is a repressor of neuroendocrine
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gene expression and is upregulated in SCLC tumors with high immune related gene activity and
downregulated in neuroendocrine tumors. TFBSs were selected from published ChIP-seq experiments in
SCLC then further refined by selecting sites where the closest TSS was for a differentially upregulated
gene in the subtype of interest (590 ASCL1, 414 NEURODI1, and 640 POU2F3 sites)'**'*’. REST sites
were selected from non-tissue specific ChIP-seq experiments in the gene and transcriptional regulation
database (GTRD)'*" and then further refined by requiring that the nearest TSS was differentially
expressed between REST-high and REST-low lines in DepMap (781 REST sites). Overall, the targeted
TFBSs spanned a total of 2.1Mb. Targeted regions were tiled with 120bp probes and a total of 13.7Mb of
area was covered (Fig. 3.1a).

To test this panel, we grew 28 patient derived xenograft (PDX) lines in NGS mice and collected
plasma. In addition, we obtained 120 plasma samples from 115 patients, primarily with SCLC but 22 with
NSCLC and 5 with lung nodules that were determined to be benign. We isolated cfDNA from the plasma
and used our custom panel to perform targeted panel sequencing (Fig. 3.1a). We aligned the reads to the
human genome and removed mouse reads using a bioinformatic approach (methods)'>'. This was
performed on both mouse and human samples for processing consistency. We also performed ultra-low
pass (0.1x) WGS on the samples and used ichorCNA to predict tumor fraction in the human patients (Fig.
3.1c)®. In xenografts, nearly all cfDNA that remains after mouse subtraction is derived from the human
tumor leading to nearly 100% tumor fraction while patients have some DNA that is derived from
nucleated blood cells. We excluded patient samples that did not have at least 5% tumor fraction, other
than patients with benign nodules which we kept as non-cancer controls. We also excluded any sample
without at least 50% of targets covered at 50x depth. This left us with a total of 25 xenograft samples and
86 patient samples from 84 patients that passed quality control filters (Fig. 3.1b). These samples had a
median on target coverage of 542x (Fig. 3.1¢). To determine tumor phenotypes, we also isolated RNA
from tumors in all xenograft models (except three POU2F3 lines with published RNA seq available) and
from 18 patient tumors (Fig. 3.1c). An additional 6 patient tumors had IHC for key transcription factors

which enabled us to determine the phenotype. We then performed mutation calling on the targeted exons
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and performed nucleosome profiling using the Griffin pipeline around each individual targeted TSS or
TFBS (Fig. 3.1a).

In the 39 SCLC patients with matched PBMC data, mutations were observed in driver genes
including characteristic TP53 mutations in 36 of 39 patients (92%) and RB1 mutations in 16 of 39 (41%,
Fig. 3.1d). The observation of these and other expected driver genes confirms that the targeted panel

approach for mutation calling is feasible in SCLC.
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Fig. 3.1 Study overview. (a) 1. Blood and tumor samples were obtained from xenograft models of SCLC
or NSCLC with known phenotypes. In addition, blood and tumor samples were also obtained from
patients with SCLC or NSCLC. 2. cfDNA was extracted from plasma samples and hybridized to a custom
capture probe set that targeted 1000bp windows around key TFBSs, 360bp windows around TSS, and
exons for key SCLC genes. 3. Captured fragments were sequenced and reads were aligned to a
concatenated human and mouse reference genome. Reads which aligned to the mouse genome were
removed leaving behind only human reads. Nucleosome profiling was performed using the griffin
pipeline to perform GC correction and generate coverage profiles around targeted sites. (b) Overview of
samples used in the study. Samples included PDX models of both SCLC and NSCLC tumors and patients
with non-malignant nodules, NSCLC, or SCLC tumors. Samples were excluded from further analysis if
they did not pass coverage filters (>50% of targets covered with at least 50x depth) and tumor fraction
filters (>0.05 tumor fraction). All PDX models (SCLC and NSCLC) and 18 patient samples (SCLC only)
had tumor RNA sequencing available for phenotypic characterization. An additional 6 SCLC patient
samples had tumor IHC for key transcription factors allowing a phenotypic classification. In addition, 39
SCLC patients and 3 patients with non-malignant nodules had matched PBMCs for genotyping. (c)
Sequencing metrics and metadata for samples that pass the QC filters. PDX models are shown on the left
and patients on the right. SCLC samples with unknown subtype are not shown. Top row, molecular tumor
subtype for SCLC. Second row, tumor histology. Third row, the fraction of cfDNA reads that aligned to
the human genome. In PDX models this corresponds to the fraction of cfDNA that is derived from the
human tumor. In patients, a small number of reads were removed during the mouse subtraction step either
due to non-specific sequence or adapter liftover. Fourth row, mean on-target coverage. Fifth row, tumor
fraction, the fraction of cfDNA reads that were derived from the tumor as calculated by ichorCNA. This
is always 100% for PDX models because the non-tumor mouse reads can be removed. Bottom row,
expression of key genes from tumor RNA sequencing. (d) Mutation calls in SCLC patients with matched

PBMC.
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3.2.2  SCLC transcriptional subtypes can be distinguished from targeted panel nucleosome
profiling around TFBSs

The xenograft models allowed us to examine nucleosome profiles in pure tumor cfDNA samples
without the variable mixture of blood cell derived and tumor derived cfDNA observed in patients. We
began by examining the mean coverage profiles for each of the 4 targeted TFs to see if there was
differential accessibility at TFBSs corresponding to the differential activity of the TFs in xenograft
models. If a site is active, we expect to see a loss of coverage at the TFBSs due to increased accessibility
and peaks flanking the TFBSs due to organized nucleosome protection. In inactive sites, we expect a
relatively flat coverage profile due to random nucleosome protection across the entire region. In general,
we observed the expected pattern with more accessible TFBSs in xenograft models where the
corresponding TF is active (Fig. 3.2a). ASCLI1 had the highest accessibility in models of the ASCLI1
subtype, including a large cell neuroendocrine carcinoma, although it was also accessible in some other
SCLC models. NEUROD1 was most accessible in NEUROD1 and ATOH1 models which both express
high levels of NEUROD1. POU2F3 was specifically accessible in POU2F3 models. And REST had the
highest accessibility in three SCLC models with high REST expression. In addition, non-small cell lung
cancer (NSCLC) xenografts including four lung adenocarcinoma (LUAD) models and one lung squamous
cell (LUSC) model showed low accessibility at the three SCLC specific TFBSs (ASCL1, NEURODI1, and
POU2F3) and high accessibility at REST sites, as expected (Fig. 3.2a). Next, we quantified the
accessibility at each mean TFBS profile by measuring the difference between the coverage at the TFBSs
and the coverage at the flanking peaks (‘central amplitude’). We examined the relationship between the
expression of the key transcription factors and the central amplitude for the corresponding TFBSs in
SCLC xenograft models and found a significant correlation (Pearson correlation, 2-sided p-value) for all
transcription factors except ASCL1 which appeared to be also accessible in ATOH1 and POU2F3 models
despite lower ASCL1 expression in these models (Fig. 3.2b). Lastly, we performed a PCA on the mean
coverage profiles for the TFBSs. We found that the top 2 PCs were able to separate the four subtypes

although ATOH1 samples were less distinct, possibly because our targeted sites lacked any ATOHI
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specific sites (Fig. 3.2c) or because the ATOH1 subtype may have significant biological overlap with the
NEURODI1 subtype because NEURODL is often co-expressed in ATOH1 tumors. Overall, these findings
suggest that targeted panel sequencing of a relatively small number of sites (roughly 500 per TF) can

capture differential accessibility around key TFBSs in SCLC and distinguish subtypes in xenograft
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Figure 3.2 SCLC subtyping from TFBS targeted panel sites in PDX models

Fig. 3.2 SCLC subtyping from TFBS targeted panel sites in PDX models. (a) Coverage profiles
around targeted TFBSs for each of 4 key transcription factors: ASCL1 (n=448 sites), NEURODI1 (n=330

sites), POU2F3 (n=471 sites) and REST (n=286 sites). Mean profiles for all targeted sites that passed

80



filters are shown. Plots in the top row shows the coverage in each individual PDX model colored by
subtype. NSCLC models are shown in grey. Patients with non-malignant lung nodules are included in
blue. Peaks in coverage correspond to the locations of nucleosomes while a loss of coverage at the center
indicates a loss of nucleosome protection due to TFBS accessibility. Coverage profiles are also
represented as a heatmap to better show the individual sample values. Blue indicates low coverage (due to
TFBS accessibility) while red indicates high coverage (due to organized nucleosome protection). All
factors are most accessible in the subtype where they are expressed. (b) Correlation between RNA (x
axis) and amplitude of coverage dip at TFBSs (flanking nucleosome height minus center). The expression
and amplitude are significantly correlated (Pearson correlation, two sided) for all NEUROD1, POU2F3,
and REST. (c) Principal component analysis (PCA) of coverage values for the composite profiles from of
all 4 targeted TFs. For each of the 4 coverage profiles, 54 features were extracted corresponding to the
mean coverage value in 15 bp bins ranging from 405bp before the TF to 405bp after the TF. A PCA was
then performed on all 216 features from the 4 profiles. The top two components, explaining 31.8% and
19.1% of variance respectively, are shown. These components can separate the four subtypes in PDX

models with some overlap between ATOH1 and NEUROD1 models.

3.2.3  Differential coverage profiles around TSS distinguish transcriptional subtypes

In addition to targeting TFBSs for key TFs, we also targeted 35,917 TSSs corresponding to
17,921 genes. We then stratified all TSS coverage profiles from all xenograft models into ten groups
based on the expression of each TSS in each xenograft model. We plotted the mean coverage profile in
each of these groups and observed the expected pattern seen in previous studies with a loss of coverage
near the TSS and a peak at the +1 nucleosome in highly expressed genes and a relatively flat profile in
lowly expressed genes and the other deciles falling between these two extremes (Fig. 3.3a). CpG islands
near TSS are known to play a key role in gene regulation and chromatin structure'>? so next we examined
whether nucleosome profiles are influenced by the presence of a nearby CpG island. We separated TSS

with adjacent CpGs (within 1,000 bp) from TSS without adjacent CpGs and plotted the mean coverage
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profiles of the genes in each decile group, using the same expression cutoffs so that the profiles would be
comparable. The CpG adjacent TSS were enriched for more active genes while the non-CpG adjacent
TSS were enriched for less active genes, as expected. However, we noted that even among the highly
expressed non-CpG adjacent genes, the coverage profiles appeared less ‘active’ than the coverage profiles
of CpG adjacent genes with comparable expression (Fig. 3.3a). This suggests that coverage profiles are
influenced by more than just gene activity and that CpG status may need to be considered when trying to
predict gene expression from coverage profiles. To get a better idea of the variation between different
TSS, we measured the amplitude of the signal (difference between the coverage at -45 and 120) at each
TSS and generated a 2D histogram of the amplitude values for different expression levels. We observed
that there was a wide distribution of amplitude values across all expression values (Fig. 3.3b). We also
examined the fragment size entropy at each TSS, which has recently been shown to be related to gene
expression*?. TSS for expressed genes tend to have more variations in the fragment size distribution
(higher entropy) while TSS for unexpressed genes tend to have fragments that are primarily around 167bp
(lower entropy). We observed the expected trend of increased entropy with increasing expression but a
wide range of values (Fig. 3.3b). Next, we decided to look at the TSS profiles for key lineage defining
TFs in SCLC. In xenograft samples, we observed significant differences in coverage profiles for models
that expressed a given gene compared to other models. However, strikingly, the coverage profiles at the
different TSS were quite distinct from one another and generally lacked the characteristic loss in coverage
at the TSS coupled with increased coverage at the +1 nucleosome (Fig. 3.3 c¢,d). Because of these
differences in coverage profile between different TSS we developed a Euclidean distance feature to
quantify how similar a coverage profile was to active models, relative to inactive models for a given TSS
(methods). This bypassed the need to assume a specific profile shape in active TSS. However, it required
us to exclude any TSS where there wasn’t a significant difference in coverage profile between active and
inactive models. We then selected genes that were putatively regulated by ASCL1, NEURODI1, ATOHI,
or POU2F3 in SCLC using RNA sequencing from the CCLE database and identified a subset of 73 genes

with significantly differential TSS profiles between high and low expression samples in our data. We
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calculated the Euclidean distance feature for these models and used these features to perform a PCA. The
first two dimensions were able to separate the four subtypes in xenograft samples (Fig. 3.3¢). We also
performed hierarchical clustering and were able to mostly cluster the subtypes (Fig. 3.3f). Overall, this
demonstrates that there are expression specific changes in nucleosome profiles at TSS but they do not
always follow the canonical shape when active. However, these shapes can still be used to identify gene

expression changes that define subtypes.
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Fig. 3.3 SCLC subtyping from TSS targeted panel sites in PDX models. (a) Mean coverage profiles
for targeted TSS grouped by RNA expression decile in tumor. Left panel shows all TSS from all PDX
models grouped by expression decile. Highly expressed genes have low coverage at the TSS and high
coverage at the +1 nucleosome (+120bp) while unexpressed genes have a relatively flat coverage profile.
Middle panel shows the subset of TSS that are adjacent to CpG islands, defined as TSS within 1,000bp of
a CpG island from all PDX models. Expression cutoffs for each decile are the same as in the left panel but
more genes fall into the higher categories because CpG adjacent genes tend to be expressed. Right panel
shows the subset of TSS that are not adjacent to a CpG island. Cutoffs are the same, but more genes fall
into the lower categories because non-CpG adjacent genes tend to have low expression. These TSS tend
to have lower amplitude even when highly expressed. (b) 2D histogram showing the distribution of
coverage profile amplitudes (+1 nucleosome coverage minus TSS coverage) across gene expression
values. Left panel, all genes in all PDX models. Expressed genes tend to have higher amplitudes. Right
panel, 2d histogram showing the distribution of fragment length entropy values across different gene
expression values. Expressed genes tend to have somewhat higher entropy values compared to
unexpressed genes. (¢) Coverage profiles in PDX models at individual TSS for key transcription factors:
ASCL1, ATOHI, POU2F3, and REST. Coverage profiles are grouped by subtype, mean =+ standard
deviation is shown as solid line and shading. Each profile has a unique shape which, except for REST,
changes when the TSS is active. (d) Coverage profiles at key TSS shown for individual PDX models.
Samples with high expression of the given gene have distinct profiles from those with low expression. (e)
PCA of the Euclidean distance TSS features for the PDX models. The Euclidean distance feature for 73
TSS corresponding to subtype specific genes with differential coverage profiles were included in the
PCA. The top two principal components are shown and can distinguish the four subtypes in PDX models.
See methods for details on the Euclidean distance feature. (f) Heatmap of the Euclidean distance feature
for 73 genes that are correlated to the expression of key transcription factors and have differential TSS

profiles between models with high and low expression. These features cluster the PDX models into four
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groups. Two groups correspond to two distinct subtypes (ASCL1 and POU2F3) while the remaining two

groups contain a mixture of NEURODI1 and ATOH1 samples.

324 Targeted panel sequencing captures patterns seen in deep whole genome sequencing

To validate that the patterns captured by our targeted panel were a faithful representation of the
patterns seen in deep whole genome sequencing (WGS) we performed deep WGS on 11 samples
including 6 xenograft models (two each of ASCL1, NEURODI, and POU2F3) and 5 patients (one each
of NEUROD1 and ASCL1 and three with benign lung nodules as controls). We examined the coverage
profiles around the same TFBSs as in the targeted panel and observed deep WGS coverage profiles that
appeared visually similar to the targeted panel coverage profiles (Fig. 3.4a). We then quantified the
central amplitude feature and found a strong correlation (Pearson r >0.98) between the targeted and deep
WGS central amplitude features (Fig. 3.4b). We also examined the correlation between the deep WGS
and targeted sequencing coverage values at individual sites and found that most site were well correlated
with a typical Pearson r for an individual site of approximately 0.75 (Fig. 3.4c). This confirmed that our
targeted panel was doing a reasonable job of capturing the coverage profiles at TFBSs. Next, we
examined TSS coverage profiles in deep WGS. We looked at the coverage profiles around the TSS for the
key TFs and observed visually similar profiles to the targeted panel and found that these were
significantly correlated to the targeted data (for the median sample, Pearson r > 0.62, two sided p-value
<2.24x10", Fig. 3.4d). We also correlated the coverage profiles from targeted and deep for all individual
TSS in all samples and found the typical correlation was very high (median Pearson r value > 0.76) (Fig.
3.4e). This confirms that the targeted TSS profiles are also a faithful representation of the deep WGS

coverage profiles.
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Fig. 3.4 Comparison between targeted sequencing and deep WGS coverage profiles. (a) Coverage
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with benign nodules, 1 with ASCL1 SCLC and 1 with NEUROD1 SCLC). Deep WGS TFBSs have
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similar coverage profiles to targeted sequencing coverage profiles showing in Fig 2. (b) Pearson
correlations (with two-sided p-value) between the TFBSs central amplitude feature in the deep whole
genomes and the targeted panel data. (¢) Distributions of the Pearson correlation coefficients between the
targeted sequencing and deep WGS coverage profiles at individual TFBS in individual samples. Most
individual sites have strong correlations between the targeted and deep WGS coverage profiles. (d) Deep
WGS coverage profiles at TSS for key transcription factors. The area shaded in blue indicates the center
of the region targeted by the panel (shown in figure 3). The coverage profiles in this region look like the
targeted panel profiles. Median Pearson correlations between the targeted and deep WGS profiles for all
11 samples are listed on the plots. (e) Histogram of Pearson correlation coefficients between targeted and
deep WGS coverage profiles at TSS shown for each of the 11 samples with deep WGS. Most TSS

profiles are highly correlated.

3.2.5  Nucleosome profiling of TSS and TFBSs can identify SCLC subtypes in patients

After determining that both targeted TFBSs and TSS have differential coverage profiles in
xenograft cfDNA, we set out to determine whether this was also true in patient samples. Unlike in
xenografts, a significant portion of cfDNA in patients in derived from nucleated blood cells and this blood
cell derived cfDNA has its own nucleosome profiles which can obscure subtype specific signals. Our
patient samples included 24 SCLC patients with known subtypes from RNA or IHC. We also sequenced
cfDNA from 5 LUAD patients, 4 LUSC patients, and 4 patients with benign nodules for comparison.
Based on the tumor RNA expression, 9 of the SCLC patients had a clear ASCL1 subtype, 4 had a
NEURODI1 subtype, and 1 had an ATOHI1 subtype. However, the remaining 10 samples did not have a
single dominant subtype and were considered ambiguous, mostly due to co-expression of ASCL1 and
NEURODI. We started by performing nucleosome profiling around the targeted TFBSs and observed
increased accessibility around the active TFBSs although the signals around SCLC subtype specific TFs
(ASCL1, NEURODI, and REST) were much weaker due to the healthy blood cell contribution and

stronger around REST sites which are accessible in blood cells. ASCL1, NEURODI1, and REST also had
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significant correlation between the central amplitude feature and the RNA expression of a given TF, there
were no POU2F3 subtype patients (Fig 5b). We next performed PCA on the TFBS coverage profiles from
the xenograft samples and patients with benign nodules and found that the first two components separated
the subtypes and the benign samples (Fig. 3.5¢c, left). We then projected the TFBS coverage features from
the SCLC patients onto the same dimensions. The NEURODI patients fell roughly along the line between
the NEURODI xenografts and the healthy patients while the ASCL1 patients fell roughly along the line
between the ASCL1 xenografts and benign patients (Fig. 3.5¢, right). This reflects the fact that the SCLC
patient samples contain a mixture of cfDNA from healthy blood cells (like the patients with benign
nodules) and tumor cells (like the xenografts). Next, we examined the Euclidean distance features around
73 targeted TSS with differential profiles as previously described in Fig. 3.3. Using hierarchical
clustering, we were able to separate the NEUROD1 and ATOH1 samples from the ASCL1 samples (Fig.
3.5d). When we performed PCA on these same features, we also observed that the NEURODI1 samples
clustered separately from the ASCL1 samples (Fig. 3.5¢). This demonstrates that targeted panel

sequencing of TFBSs and TSS is also able to distinguish the transcriptional subtypes in patients.
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Fig. 3.5 SCLC subtyping from TFBS targeted panel sites in patients. (a) Heatmap of coverage
profiles around targeted TFBS for each of 4 key transcription factors: ASCL1, NEUROD1, POU2F3 and
REST. Blue indicates low coverage (due to TFBS accessibility) while red indicates high coverage (due to
organized nucleosome protection). The fraction of cfDNA coming from the tumor (tumor fraction) is
shown on the right side. Samples are grouped by histology. Top row shows 4 patients with benign lung
nodules, second row shows patients with lung adenocarcinoma, and third row shows patients with lung
squamous cell carcinoma. Bottom row shows SCLC patients with known phenotype (RNA seq or IHC
available). For all factors, the TFBSs are more accessible when active. REST remains somewhat
accessible in most SCLC patient samples due to contribution from healthy blood cells. (b) Correlation
between central amplitude feature and TF expression for 18 patient samples with matched tumor RNA.
Expression has been adjusted for the tumor fraction using GTEx whole blood values. (¢) Left side,
principal component analysis of the coverage profiles in SCLC PDX model cfDNA samples and patients
with benign lung nodules. For each of the 4 coverage profiles, 54 features were extracted corresponding
to the mean coverage value in 15 bp bins ranging from 405bp before the TF to 405bp after the TF. A PCA
was then performed on all 216 features from the 4 profiles. The top two principal components separate the
SCLC subtype groups and benign patient samples. Right side, projection of the SCLC patient samples
onto the same PCA space as in (b), marker sizes are proportional to tumor fraction. ASCL1 samples fall
roughly in the space between the benign samples and the NEUROD1 PDX models with lower tumor
fraction samples being closer to the benign samples and higher tumor fraction samples being closer to the
PDX models. The same trend is seen with NEURODI patient samples. Ambiguous subtype samples
(which express both ASCL1 and NEUROD1) fall mostly in between. (d) Hierarchical clustering of TSS
Euclidean distance features for 73 key genes with differential coverage profiles between TSS with high
expression and low expression and expression correlation to one of the key transcription factors. The
NEURODI1 and ATOH1 samples cluster together. (e) PCA of the Euclidean distance features for 73
genes. The top two principal components roughly separate the ASCL1 from the NEUROD1 samples.

Marker sizes are proportional to tumor fraction.
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3.2.6  Nucleosome profiling of TSS and TFBSs can distinguish SCLC from NSCLC

Finally, although our targeted panel was designed primarily to identify transcriptional subtypes of
SCLC, we decided to test whether it could also be used to distinguish SCLC from non-small cell lung
cancer (NSCLC). Some NSCLC tumors transition to SCLC tumors as a mechanism of therapeutic
resistance so it would be beneficial to be able to distinguish these tumor types using a blood based assay.
To determine whether there were differences in the targeted nucleosome profiles between SCLC and
NSCLC tumors, we performed PCA on the SCLC and NSCLC PDX models and patients with benign
nodules using the features from the targeted TFBS coverage profiles. We observed that the SCLC samples
clustered separately from the NSCLC samples and patients with benign nodules which clustered together
likely because they both have high REST accessibility and low accessibility at SCLC specific TFs (Fig.
3.6a). We then projected the patient features into the same space and observed that the NSCLC patients
clustered with the NSCLC xenografts and benign patients and the SCLC patients fell on the line between
the benign patients and SCLC xenografts, recapitulating how they are a mixture of blood and tumor
derived cfDNA (Fig. 3.6b). Next, we identified a list of 520 TSS with differential expression between
SCLC and NSCLC and differential TSS accessibility in the xenograft models. We then calculated the
Euclidean distance feature for all xenograft samples and performed PCA on these features. We observed
that the SCLC xenografts clustered separately from the LUAD xenografts with the LCNEC and LUSC in
between (Fig. 3.6¢). When we performed hierarchical clustering, we saw similar groupings (Fig. 3.6d).
Next, we performed this same Euclidean distance analysis on the SCLC and NSCLC patients. We
projected these features into the same feature space as the xenograft samples and observed that the SCLC
and NSCLC patients fell in the same general areas as the SCLC and NSCLC xenografts respectively (Fig.
3.6¢). When we performed hierarchical clustering on these same features, we observed that many of the
SCLC patients clustered together, however a subset of lower tumor fraction SCLC patients clustered with
the NSCLC patients (Fig. 3.6f). Overall, these analyses suggest that it is possible to distinguish SCLC

from NSCLC using this panel.
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Figure 3.6 Histological subtyping in PDX models and patients
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Fig. 3.6 Histological subtyping in PDX models and patients. (a) Principal component analysis of the

histology

TFBS coverage profiles in SCLC and NSCLC PDX model ¢cfDNA samples and patients with benign lung

nodules. For each of the 4 coverage profiles, 54 features were extracted corresponding to the mean

coverage value in 15 bp bins ranging from 405bp before the TF to 405bp after the TF. A PCA was then

performed on all 216 features from the 4 profiles. The top two principal components separate the SCLC

and LCNEC PDX models from the NSCLC PDX models and benign patients. (b) Projection of the patient
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sample TFBS coverage profiles onto the same PCA space as in (a). Marker sizes are proportional to tumor
fraction. The SCLC patients fall in the space between the non-malignant patient/NSCLC PDX model
cluster and the SCLC PDX model cluster with higher tumor fraction samples being generally closer to the
SCLC PDX cluster. The NSCLC patient samples fall in the same space as the NSCLC PDX model and
benign patients. (¢) PCA analysis of the Euclidean distance features for 520 TSS coverage profiles with
significantly different expression between SCLC and NSCLC and significantly differential coverage
profiles when active and inactive. SCLC and NSCLC PDX models are shown. Lung adenocarcinoma
samples (LUAD) cluster separately from the other histological subtypes. (d) Hierarchical clustering of the
same TSS Euclidean distance features. LUAD samples cluster separately from the other samples. (e)
Projection of the Euclidean distance TSS features from the patient samples onto the same feature space as
in (c). Marker sizes are proportional to tumor fraction. SCLC samples generally cluster separately from
NSCLC samples. (f) Hierarchical clustering of the same TSS Euclidean distance features. Tumor fraction

and histology are shown on the right.

3.3 Discussion

In this study, we developed a targeted sequencing panel designed specifically for genotypic and
phenotypic characterization of SCLC. The panel contained exons for identifying mutations in key SCLC-
related genes, TSS for gene expression prediction from nucleosome profiling, and TFBSs for nucleosome
profiling of key subtype specific TF accessibility. We applied this panel to SCLC and NSCLC ¢fDNA
from xenograft models and patients. We demonstrated that it is possible to perform nucleosome profiling
using targeted panel sequencing around TFBSs and that a relatively small number of sites (~500 per TF)
is sufficient to observe differential accessibility signals in lineage defining SCLC transcription factors.
We also examined signals around TSS and found that there were differential profiles around lineage
defining TSS but these profiles did not have a consistent shape across TSS. We developed a Euclidean

distance metric to quantify the similarity of a given TSS profile to active profiles for that TSS and showed
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that this can be used to differentiate subtypes. Lastly, we showed that our panel can distinguish SCLC
from NSCLC samples in both xenografts and patients.

The TFBS panel demonstrates proof of concept that TFBS accessibility signals can be captured
using a targeted panel sequencing approach. Nucleosome profiling around TFBSs has shown promise for
being able to predict the expression of important transcription factors in cancer but has previously
required deep whole genome sequencing. A targeted panel approach could provide a cost-effective way to
study cfDNA TFBS accessibility in large numbers of samples in order to better understand the variation
between samples. Additionally, it provides sufficient depth to study the coverage profiles at individual
sites which is not possible using other low-cost sequencing approaches like ultra-low pass whole genome
sequencing. Eventually, nucleosome profiling from cfDNA could be integrated into existing clinical
targeted panels for cfDNA characterization, enabling both phenotype and genotype determination from a
single non-invasive panel.

The transcriptional subtypes of SCLC have only become well defined in recent years®' and
research is ongoing to better understand the distinctions between subtypes, especially in patients, and to
define additional subtypes'**'*'** Here we show that there are observable differences in cfDNA
nucleosome profiles between subtypes, a first step towards non-invasive subtype determination in the
clinic. Further development of such approaches could enable subtype determination in larger cohorts of
patients, potentially allowing researchers to better study subtypes and subtype specific treatment
responses in-vivo.

At least two prior studies have performed nucleosome profiling using targeted panel sequencing
around TSS***, Like these studies, we saw a similar global pattern around active TSS with a loss of
coverage around the TSS itself and a peak of coverage at +1 nucleosomes. However, we noted that these
mean TSS profiles may be heavily influenced by constitutively expressed or unexpressed genes and other
genes that are not relevant to cancer. Because of this we focused more on the shapes of individual TSS
and found that these varied considerably between different TSS, which is consistent with prior studies of

nucleosome positioning'**. Future studies with larger numbers of samples and more varied phenotypes
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and expression patterns could help better understand these coverage profiles in cfDNA and identify better
ways to predict gene expression from coverage profiles in genes with relevance in cancer. We also
examined TSS fragment length entropy which had been previously shown to be correlated to gene
expression in the EPIC-seq study*. Similar to this study, we saw a correlation with gene expression
although, we didn’t observe that this feature correlated better than coverage at the TSS. This may be due
to the shallower sequencing depth in our study. Additionally, we demonstrated that nucleosome profiles
around TSS can be observed even with a very small targeted region (360bp) which allow sequencing of
TSS from most genes without needing a large, expensive panel.

Our study was limited by the relatively small number of samples we had for each subtype with
only 3-7 xenograft models per subtype and even fewer patient samples with clear cut subtypes. Larger
sample sets might enable us to better identify differential sites, especially those with strong signal in
patients, and design better panels in the future. Additionally, our TSS method is reliant on having
examples of the TSS in both active and inactive samples. A larger sample set and additional types of data
such as ATAC seq and ChIP-seq for active and inactive histone marks might help us better understand the
coverage profiles we are observing and build better models that don’t need to be based on active and
inactive samples. Additionally, although the small targeted window around each TSS allowed us to target
TSS for almost all genes, a larger window could have been helpful to better observe the positions of
multiple nucleosomes and compare TSS coverage against the surrounding coverage. Additionally, our
analyses were confined to patient samples with at least 5% tumor fraction. Although this is common in
SCLC, not all patients pass this threshold. In this study 70 of 84 (83%) of SCLC patient samples that
passed sequencing QC metrics had at least 5% tumor fraction. Additionally, when comparing SCLC
samples to NSCLC samples, the difference in tumor fraction between these two groups lead to large
differences in signal which made clustering less informative because low tumor fraction SCLC samples
tended to cluster with the NSCLC samples.

This work provides a proof of concept for using targeted panel sequencing of cfDNA to

characterize small-cell lung cancer. Future studies could expand on this approach by including more
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TFBSs of interest including NSCLC specific TFBSs to better distinguish these patients from healthy
individuals. Additionally, panels could also be built for other cancer types such as prostate and breast
cancer which also have differentially accessible sites. The TSS targeted panel could be reduced to focus
on pan-cancer genes of interest rather than all TSS. This would allow targeting larger windows around
each TSS without greatly increased sequencing costs. Finally, additional deep whole genome sequencing
in SCLC would be beneficial in order to better identify differential TFBSs and TSS for future studies.
Overall, we have demonstrated that a targeted sequencing panel can be used to perform both
genotyping and phenotyping in small-cell lung cancer PDX models and patients. We have shown that
transcriptional subtypes have distinct accessibility profiles and that these can be used to distinguish
subtypes. Additionally, we have demonstrated that SCLC and NSCLC can be distinguished from one
another using targeted panel sites. Overall, this proof-of-concept study lays the groundwork for future
development of non-invasive clinical cfDNA assays to diagnose and characterize SCLC. Non-invasive
diagnostic assays could improve our understanding of tumor phenotypes in the clinic, which has
previously been difficult to study due to the limited availability of tumor tissue from SCLC patients. In
the longer term, this could aid in the development of targeted treatments to improve and extend patients’

lives.

3.4 Methods

Targeted capture panel design

Gene selection

A panel of 862 genes was assembled manually using the following sources: (1) genes that are frequently
mutated in SCLC according to publicly available databases (cBioPortal, Project GENIE), (2) cancer
mutated genes from the 2019 TARGET study'> and (3) genes that have been found in functional screens

for tumor suppressor activity performed in the MacPherson lab'*.

TSS site selection
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A list of human TSS from the Ensembl v97 annotation corresponding to human genome version
GRCh38.p12 was downloaded from Ensembl using the BioMart tool. Gene annotations from the Gencode
v31 “Basic” gene annotation were downloaded from the UCSC genome browser. These two annotations
were then merged based on the Ensembl “Transcript stable ID” field. The following filters were then
applied. TSSs residing on alternative contigs or chromosome Y were excluded. TSSs corresponding to
transcripts not labeled “protein_coding” or “retained _intron” were removed. TSSs were then required to
have at least one of the following properties: (1) transcript support level equal to 1 according to Gencode
v31, (2) a single exon gene, (3) association with differential expression of the SCLC TFs ASCLI,
NEURODI1, POU2F3, or REST according to lists of TF-associated genes that were published or
calculated from published data, or (4) presence in the MSigDB v7.0 Hallmark pathways list. This resulted
in a list of 36,379 TSSs corresponding to 18,030 unique genes. Sites were padded by 100 bp upstream and
260 bp downstream and these intervals were submitted for capture panel design. The resulting probe set
adequately targeted (defined as continuous probe coverage from 90 bp upstream of the TSS to 245 bp
downstream) a total of 35,917 TSSs corresponding to 17,921 genes. To facilitate gene expression
prediction benchmarking and interpretation, we then used CCLE transcript-specific gene expression data
(from the 2021Q1 CCLE data repository) to select a single TSS per gene associated with the most highly
expressed transcript. Sites were further filtered for the ability to confidently map sequencing reads,
resulting in a list of 14,062 TSSs corresponding to the same number of unique genes that were subjected

to downstream analyses.

TFBS selection

Curated TFBS lists were generated individually for the SCLC TFs ASCL1, NEUROD1, POU2F3, and
REST as follows. For ASCL1, NEUROD1, and POU2F3, published ChIP-seq peaks and differentially
expressed gene lists (Borromeo et al, Cell Reports, 2016 for ASCL1/NEUROD1 and Huang et al, Genes
Dev., 2018 for POU2F3) were intersected to generate a list of TFBSs associated with differentially

expressed genes. TFBSs were defined as associated with a differentially expressed gene if they were
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either within 10 kb of a differentially expressed gene TSS, or if the closest gene TSS was differentially
expressed. For REST, CCLE SCLC cell line gene expression data (2019 Q2 dataset) was mined to create
a coarse list of REST-associated differentially expressed genes. REST TFBSs were then extracted from
the GTRD database and intersected with the top 250 most differentially expressed genes to generate a list

of TFBSs for capture panel design.

Mouse subtraction and alignment
Sequenced reads were aligned using bwa-mem to a concatenated human and mouse reference genome
consisting of hg38 and mm10. Read pairs where both reads are aligned to the human genomes are

151 The retained reads were the realigned to the human genome using bwa-

retained for further processing
mem, duplicates were marked using picard, and base qualities were recalibrated using GATK. Picard

CollectHsMetrics were used to get the on-target coverage for quality control.

ichorCNA tumor fraction
IchorCNA was used with default settings to estimate tumor fraction. The highest ranked estimate was

used without manual curation.

Griffin analysis

Griffin nucleosome profiling was performed as previously described in the Griffin manuscript (Chapter 2)
with a few modifications. First, when running GC correction, only positions that were on-target were
considered when counting reads and GC contents. Separate GC corrections were run for the TSS targeted
panel and the TFBS plus exon targeted panel. 50bp read mappability was used when identifying mappable
positions (the shortest read lengths in this study were 50bp). When performing nucleosome profiling,
coverage profiles were calculated in the window £500bp from a targeted TFBS or a -100 to +240 from
targeted TSS. Sites that were not fully covered by the targeted panel were excluded from further analysis.

Coverage outliers were not excluded using the ‘exclude outliers’ option and individual sites were saved.

99



REST sites alignment

REST motifs in the REST TFBSs were identified using motifmatcheR to search for instances of the
HOCOMOCO REST motif from CIS-BP. 286 sites were found to have at least one REST motif.
Coverage profiles were then aligned so that the motif (or the highest scoring motif if there was more than

one) was in the center. Then the mean coverage profile was calculated.

Mutation calling

Plasma samples corresponding to patients for whom buffy coat (PBMC) sample was also available were
subjected to variant calling. Targeted sequencing data from the plasma sample and buffy coat sample
were processed using the variant callers Mutect2, Strelka, and CNVkit. Germline variation databases such
as gnomAD were used to boost germline variant removal. SNVs and small indels were considered high
confidence if they passed default filters for both Mutect2 and Strelka. CNV calling was limited to the
autosomes. DUX4, which was recurrently called as amplified in a large fraction of samples, was excluded

as a likely artifact.

TFBS central amplitude feature
The central amplitude was calculated as the mean coverage at the two peaks flanking the TFBSs (-150 to -

75 bp and 75 to 150bp), minus the coverage at the TFBSs (-30 to 30bp)

CpG adjacent definitions
CpG island locations were downloaded from the UCSC table browser. The distance from each TSS to the
nearest CpG island was calculated using BedTools. TSSs were considered to be CpG proximal if the

nearest CpG island was <1 kb away.

Entropy measurement
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At each TSS window in each sample, the distribution of the length of aligned fragments <500 bp was
binned into 5 bp windows. The entropy of these binned distributions was then calculated using the

scipy.stats.entropy function. Entropy scores were then Z score normalized within each individual sample.

Euclidean distance feature

For each TSS of interest, using the coverage profiles from the PDX models, we performed k-means
clustering with k=2. For each sample, the Euclidean distance of the coverage profile at that TSS to the
mean coverage profile of each of the two clusters was also calculated, and a single metric of relative
distance was calculated as the log2 of the ratio of the distance of the coverage profile to the low
expression cluster mean over the distance of the coverage profile to the high expression cluster mean. For
each site, we also then tested whether the clustering yielded two distinct expression states by performing a
Mann-Whitney U test of the log2(TPM+1) expression values for the gene of interest in the samples in
each of the two clusters. Sites were then filtered based on the Mann-Whitney U test p-values to identify
sites where the coverage profiles significantly discriminated expression in the PDX models, and which

might be useful for SCLC subtype discrimination or histology prediction.

TSS amplitude measurement
TSS amplitude was defined as the difference between the relative coverage value at the +120 position and

the -45 position relative to the TSS.

Identification of subtype specific gene sets (3F)

SCLC cell line gene expression data from CCLE (2021 Q2 dataset) was analyzed for the correlation of
individual gene expression values with the expression of the key SCLC TFs ASCL1, ATOHI,
NEURODI, and POU2F3. TF-associated genes were defined as genes with a Pearson correlation

coefficient of at least 0.6 with a given TF.
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Chapter 4. Summary and future directions

4.1  Summary

In summary, this thesis describes the development of Griffin, a method for nucleosome profiling
that incorporates fragment-based GC correction and is optimized for ultra-low pass whole genome
sequencing. It also describes the application of Griffin for prediction of ER activity in MBC and
prediction of transcriptional subtype in SCLC. This research has helped to expand the applications of
nucleosome profiling from cfDNA to new cancer types and to lower coverage data, helping to pave the
way for future clinical studies.

First, we developed the Griffin framework for nucleosome profiling. This work addressed the
goal of studying and correcting for the impact of GC bias on cfDNA coverage profiles to better predict
chromatin accessibility from low coverage WGS. By examining the GC content around TFBSs and the
GC bias in hundreds of cfDNA samples, we found that correcting for GC bias reduced inter-sample
variability and improved correlations to tumor fraction, especially for TFBSs with large differences in
average GC content between the TFBSs and surrounding sequence. This in-depth examination of GC bias
highlighted the importance of GC correction in nucleosome profiling of cfDNA. We then built the Griffin
pipeline for nucleosome profiling, which incorporated a fragment-based GC correction algorithm. The
Griffin pipeline was optimized for ULP-WGS, a scalable cost-effective form of sequencing. However, the
Griffin pipeline is not limited to ULP-WGS sequencing, it can take bam files with any depth and can also
be used on targeted panel sequencing. Additionally, the Griffin pipeline allows flexible inputs of any list
of sites, allowing site selection from any type of assay. Overall, this pipeline provides a flexible tool that
can be used by future researchers for nucleosome profiling studies.

Griffin was designed to take flexible site inputs, and this allowed us to address our second goal of
characterizing sites from different selection assays and determining the best sites for specific applications.

In particular, we examined whether differential ATAC-seq sites were able to differentiate cfDNA from
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patients with ER+ and ER- breast cancer. We found that these sites were better able to distinguish these
MBC subtypes than TFBSs from ChIP-seq. The finding that differential ATAC-seq sites performed well
provides a strategy for the development of new assays to distinguish tumor subtypes from cfDNA in a
variety of cancer types, even when the subtypes aren’t driven by known transcription factors.

Our third goal was to apply nucleosome profiling to new cancer types and subtypes in order to
expand the range of cancer patients that could benefit from this non-invasive technology. To address this,
we first demonstrated that nucleosome profiling can be used to predict ER status in MBC. ER status is
important for both selecting targeted treatment and predicting prognosis*, so the ability to predict it from
cfDNA could provide benefit to patients. Secondly, we demonstrated that nucleosome profiling can be
used to distinguish transcriptional subtypes in SCLC. These subtypes have only been described recently
and there is limited clinical data about the prevalence of these subtypes in patient tumors or their clinical
significance®'. This is largely because SCLC is often detected when it has already progressed to an
advanced stage and tumor biopsies are not routine standard of care'*’. Because of this, a non-invasive
assay to predict subtype from cfDNA would enable better characterization of the subtypes in the clinic
when tumor tissue isn’t available. Our proof-of-concept study demonstrated that SCLC subtypes can be

determined from cfDNA, paving the way for larger future clinical studies.

4.2  Future directions

The development of the Griffin pipeline and demonstration of tumor subtyping from cfDNA in
MBC and SCLC are first steps in several exciting new areas of research on non-invasive phenotyping
from cfDNA. However, much work remains to be done before these technologies will reach the clinic and
impact patients’ lives.

First, we found that differential ATAC sites were able to distinguish ER status in MBC, however
this was only possible in patients with at least 5% tumor fraction, which excludes many patients with
early stage and more treatable disease. ATAC-seq sites performed better than TFBSs but additional

research is needed to further define the best sites for subtyping in this cancer type and others, and to
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optimize this method to perform well on lower tumor fraction samples. One way to achieve this could be
to identify sites directly from cfDNA, which would enable researchers to discover the sites that are most

differential in cfDNA itself and most likely to have clear signals in patients with low tumor fraction. This
will require more patient samples with well characterized tumors as well as deeper sequencing of cfDNA
so that analysis can be performed directly on this data type.

Secondly, the demonstration of ER status prediction from cfDNA is an exciting proof-of-concept
but additional studies are needed to determine whether this approach will work in the clinic, especially in
patients with ER loss or heterogeneous tumors. Although we found evidence that some of these
misclassifications may have been due to tumor heterogeneity within individual patients, it is also possible
that there are differences in chromatin structure between primary ER negative tumors and those with ER
loss which contributed to the misclassifications of these samples. More studies are needed to explore the
cause of these misclassifications. Our study was limited by a relatively small number of patients (n=9)
with known ER loss. Future studies including more patients with ER loss could better examine the
nucleosome profiles in these patients and determine whether there are differences between nucleosome
profiles in ER-primary and ER loss tumors. These profiles could then be used to build classifiers
specifically to predict ER loss in the context of an ER+ primary. These sorts of classifiers could be useful
in the clinic because patients with metastatic recurrence don’t always undergo metastatic biopsy and may
benefit from treatment tailored to the metastatic subtype. Additionally, more studies are needed to
confirm the contribution of heterogeneous tumors to cfDNA. Although we observed fluctuations in the
predicted ER status in several patients who had metastatic biopsies with both ER+ and ER- subtypes, our
study was not able to confirm the source of the cfDNA or definitively determine whether these metastases
were driving the changes in predicted ER status. Future studies with deeper sequencing of cfDNA and
sampling of multiple metastases for both phenotypic and genotypic characterization could be used to
determine whether the phenotypes predicted from cfDNA match the phenotypes of the contributing
metastases. These studies could also help clarify whether cfDNA provides a more complete picture of

tumor heterogeneity within a patient than individual tumor biopsies. If future studies demonstrate that

104



cfDNA can reliably predict tumor phenotypes and heterogeneity in MBC, prospective clinical studies
could be designed to assess whether selecting treatment from cfDNA predicted subtype leads to better
outcomes.

In SCLC, we demonstrated that transcriptional subtypes have different coverage profiles around
key TFBSs and TSS, however more work is needed to link these subtypes to treatment responses or
prognosis. Future studies with larger numbers of patients could be used to develop better subtype
classifiers from cfDNA. Additionally, collecting cfDNA from patients enrolled in clinical trials and
performing nucleosome profiling on these samples would enable correlation of subtypes with prognosis

and treatment response, even in the absence of tumor tissue.

4.3  Concluding remarks

Ultimately, cfDNA has the potential to be used for non-invasive cancer characterization. Tumor
genotyping from cfDNA is already available in the clinic but tumor phenotyping is at an earlier stage of
development. Tumor tissue is still necessary for assays such as histology and immunohistochemistry to
determine tumor phenotypes. However, new studies, including those described in this thesis are beginning
to demonstrate the possibility of predicting tumor phenotypes directly from cfDNA. This raises the
exciting possibility that one day cfDNA may be able to replace tumor biopsies for both genotyping and
phenotyping. This would allow more frequent monitoring of tumors with fewer invasive procedures,
allowing earlier administration of targeted treatments and leading to better outcomes for patients.
Although there remains much work to be done before this potential is realized, this thesis and other
studies have clearly demonstrated that nucleosome profiling of cfDNA is a promising approach for non-

invasive cancer diagnostics with the potential to transform patients’ lives.
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Supplementary Fig. 1: (a) Comparison of midpoint coverage profiles with fragment coverage profiles.
The midpoint coverage profile was computed using Griffin for the top 10,000 LYL1 sites in a healthy donor
sample (HD_45). Griffin computes coverage by counting the number of midpoints that overlap each site.
The fragment coverage was computed using a modified version of Griffin which counted the number of
fragments overlapping each position. (b) Boxplot of the mean GC content around the top 10,000 TFBSs
for each of 377 TFs. For each list of TFBSs, the GC content was calculated in two windows: center (£30bp
from the TFBSs) and flanking (£1000bp from the TFBS, excluding the center region +30bp). The boxed
range represents the median = IQR of the 377 TFs, whiskers represent the range of the non-outlier data
(maximum extent is 1.5x the IQR). Outliers are plotted as circles. (¢) Boxplot of the difference between the
mean center GC content and mean flanking GC content for each of the 377 TFs. Box elements are the same
as in (b). (d) Scatter plot of the difference between center and flanking GC content and the difference in the
RMSE before and after GC correction.
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Supplementary Fig. 2: (a) Composite coverage profiles derived from short cfDNA fragments (35-100bp)
0f 10,000 STATS5A sites with single fragment length (left) and multi fragment length (right) GC correction
approaches (see methods), shown for 14 CRPC samples with deep WGS (16-61x WGS, blue), two MBC
samples (9-25x WGS, orange), and two healthy donors (17-20x WGS, green). Short cfDNA fragments are
derived from TF sites that are actively bound and protected by the TF itself’. For STATSA, which is
associated with hematopoiesis'**, we observe the expected increase in coverage at binding sites in healthy
donors and lower tumor fraction samples. (b) cfDNA tumor fraction and short fragment central coverage
correlation for STATSA, shown for the same deep WGS samples as in (a). cfDNA contains a mixture of
tumor and blood cells; therefore, central coverage values are expected to be negatively correlated with
tumor fraction for STATSA (higher coverage represents increased TF binding). The multi fragment length
approach leads to a stronger correlation based on Pearson’s r correlation coefficient and p-value (2 sided).
Root mean squared error (RMSE) of the linear fit is shown. (¢) Boxplots showing the distribution of the
RMSE (linear fit between each of the three features for short fragments (35-100bp) and tumor fraction
across the 377 TFs, for single fragment length and multi fragment length GC correction for the same deep
WGS samples as in (a). For central coverage 360 of 377 factors had lower RMSE with multi fragment
length GC correction (95%), for mean coverage 366 of 377 (97%) and for amplitude 226 of 377 (60%). p-
values were calculated using the Wilcoxon signed-rank test (two-sided). The boxed range represents the
median + IQR, whiskers represent the range of the non-outlier data (maximum extent is 1.5x the IQR).
Outliers are plotted in grey. (d) Composite coverage profiles derived from nucleosome sized cfDNA
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fragments (100-200bp) of 10,000 STATSA sites with single fragment length (left) and multi fragment
length (right) GC correction approaches, shown for the same samples as (a). For nucleosome sized
fragments, lower ‘central coverage’ corresponding to greater site accessibility in the healthy donor samples
is expected because STATSA is a transcription factor associated with hematopoiesis. (e¢) cfDNA tumor
fraction and short fragment central coverage correlation for STATSA, shown for the same samples as in
(a). Central coverage values for nucleosome sized fragments are expected to be positively correlated with
tumor fraction for STATSA (lower represents greater accessibility). Root mean squared error (RMSE) of
the linear fit is shown. (f) Boxplots showing the distribution of the RMSE (linear fit between each of the
three features for nucleosome sized fragments (100-200bp) and tumor fraction across the 377 TFs, for single
fragment length and multi fragment length GC correction. For central coverage 86 out of 377 factors had
lower RMSE after correction (95%), for mean coverage 44 of 377 (97%) and for amplitude 145 of 377
(60%). p-values were calculated using the Wilcoxon signed-rank test (two-sided). Box elements are the
same as in (c).
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Supplementary Fig. 3: Correlations between tumor fraction and features. (a) Top row: Nucleosome
profiles for 4 site types that are healthy blood specific (LYL1 and Myeloid/Erythroid DNase
Hypersensitivity Sites (DHS)) or cancer specific (GRHL2 and Cancer/Epithelial DHS). Each profile is from
the top 10,000 sites. For 191 ULP-WGS MBC samples with >0.1 tumor fraction,® the median coverage +
IQR is shown. Two healthy donor samples and two deep-WGS MBC samples are included for illustration.
Second, third, and fourth rows: Correlation between tumor fraction and central coverage (second row),
mean coverage (third row), and amplitude (fourth row) for the 191 MBC samples. Pearson’s r and p-value
(two sided) are shown for each correlation. Because central coverage and mean coverage are reduced when
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a site is accessible, these features are positively correlated with tumor fraction for blood specific sites and
negatively correlated with tumor fraction for cancer specific sites. Amplitude is increased when a site is
accessible, so this feature is expected to be negatively correlated with tumor fraction for blood specific sites
and positively correlated with tumor fraction for tumor specific sites. For all plots, healthy and deep-WGS
MBC samples are included for illustration and not included in statistics. (b) Boxplots showing the
distribution of the RMSE (linear fit between mean coverage and tumor fraction in the MBC ULP-WGS
dataset [0.1-0.3x, n=191]) across the 377 TFs, before and after GC correction. The boxed range represents
the median + IQR, whiskers represent the range of the non-outlier data (maximum extent is 1.5x the IQR).
Outliers are plotted in grey. p-value was calculated using the Wilcoxon signed-rank test (two-sided). 325
of 377 factors (86%) have a lower RMSE post GC correction for mean coverage and 32 of 377 (8.5%) for
amplitude. (¢) Boxplots showing the distribution of the mean absolute deviation (of the mean coverage and
amplitude across 215 healthy donors [1-2x WGS]) across the 377 TFs, before and after GC correction. Box
elements are the same as (b). p-value was calculated using the Wilcoxon signed-rank test (two-sided). 372
of 377 factors (99%) have a lower RMSE post GC correction for mean coverage and 89 of 377 (24%) for
amplitude.
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Supplementary Fig. 4

Supplementary Fig. 4: (a) Boxplots of Pearson correlation coefficients for TFs that are differentially
expressed between blood cells and breast cancer (BRCA) cells. TFs were identified using differential gene
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expression analysis and further filtered to remove TFs which shared many sites with differential TFs from
the opposite group (methods). After these filters there were a total of n=22 blood TFs (upregulated in blood
relative to cancer, green boxes) and n=35 BRCA TFs (upregulated in cancer relative to blood, blue boxes).
Individual values for correlation coefficients between tumor fraction and cfDNA features (centeral
coverage, mean coverage, or amplitude) for n=191 metastatic breast cancer samples were plotted. A subset
of factors were significantly correlated with tumor faction and these correlations tended to be in the
expected direction. Points were colored green (more accessible in blood) or blue (more accessible in cancer)
if the Pearson correlation was significant after FDR correction. For blood factors, central coverage, and
mean coverage (left and middle panels) correlation tended to be positively correlated to tumor fraction
indicating more accessibility in blood cells and GC correction significantly increased this correlation
(Wilcoxon signed rank test, two sided). Amplitude was negatively correlated, as expected, but not
significantly impacted by GC correction. For BRCA factors, the opposite trend was observed with negative
correlations for mean coverage and central coverage and a positive correlation for amplitude. GC correction
did not significantly impact these correlations. Box elements are the same as (f). (b) Aggregated mean
mappability at 10,000 GRHL2 binding sites and its surrounding 2kb region showing a slight increase in
mappability (Umap multi-read mappability track for 100bp) at the site center. (¢) cfDNA mappability bias
is unique to each sample. Mappability bias computed for cfDNA from a healthy donor (HD 46; green) and
a metastatic breast cancer (MBC_315; orange). (d) Composite coverage profile of 10,000 GRHL2 binding
sites before and after mappability correction, shown for HD 46 (green) and MBC 315 (orange). There is
minimal change in coverage profile after mappability correction. (e) Composite coverage profiles of 10,000
ZBTB16 sites before correction (top row), after GC correction only (middle row) and after GC and
mappability correction (bottom row), shown for two MBC samples with deep WGS (9-25x, orange), two
healthy donors (17-20x, green), and 191 MBC samples with ULP-WGS (0.1-0.3x, blue). Median +/- IQR
of 191 ULP-WGS samples is shown with blue shading. Lower ‘central coverage’ corresponding to greater
site accessibility in the healthy donor samples is expected because ZBTB16 is a transcription factor
associated with hematopoiesis'*’. However, the addition of mappability correction leads to increased noise
(unexpected spikes in coverage) relative to the GC corrected profile. After GC correction, the correlation
between tumor fraction and central coverage (for the MBC ULP-WGS samples) is stronger based on
Pearson’s r correlation coefficient (two sided), however, the addition of mappability correction (bottom
row) weakens the correlation. (f) Boxplots showing the distribution of the RMSE (Root mean squared error;
linear fit between central coverage and tumor fraction in the MBC ULP-WGS dataset [0.1-0.3x, n=191])
across the n=377 TFs, before and after GC, mappability, and copy number alteration (CNA) correction. GC
correction leads to a large improvement (decrease) in median RMSE for central coverage and mean
coverage but not amplitude (Figure 2f, Supplementary Fig. 3b). However, mappability and CNA correction
both have a more modest effect on all features leading to a slight but significant increase in RMSE for all
features except amplitude at CNA corrected sites. The boxed range represents the median + IQR, whiskers
represent the range of the non-outlier data (maximum extent is 1.5x the IQR). Outliers are plotted in grey.
p-values were calculated using the Wilcoxon signed-rank test (two-sided).
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Supplementary Fig. 5: Cancer detection performance metrics. (a) Distribution of AUC values for 1,000
bootstrap iterations of the cancer detection logistic regression model on the DELFI cohort (n=208 cancer
(Ca) cfDNA samples, n=215 healthy donor (H) cfDNA samples) using different numbers of TFBS per TF
when running Griffin (methods). Performance for 1-2x WGS data (orange) and 0.1x downsampled WGS
data (blue) are shown. The boxed range represents the median + IQR, whiskers represent the range of the
non-outlier data (maximum extent is 1.5x the IQR). Outliers are plotted as grey diamonds. 95% confidence
intervals (ClIs) are printed below the plot and were obtained from 1,000 bootstrap iterations (b) Distribution
of AUC values for 1,000 bootstrap iterations of the cancer detection logistic regression model on the DELFI
cohort [same samples as in (a)] for 1-2x WGS data and 0.1x WGS data. Values are shown for each stage
and overall. Corresponds to the data and values shown in Main Figure 3a. Box elements are the same as in
(a). (¢) Distribution of AUC values for 1,000 bootstrap iterations of the cancer detection logistic regression
model on the LUCAS cohort (n=129 cancer (Ca) cfDNA samples, n=158 non-cancer (H) cfDNA samples)
for 1-2x WGS data and 0.1x WGS data. Values are shown for each stage and overall. Corresponds to the
data and values shown in Main Figure 3c. Box elements are the same as in (a). (d) Distribution of AUC
values for 1,000 bootstrap iterations of the cancer detection logistic regression model on the LUCAS
validation cohort (n=28 cancer (Ca) cfDNA samples, n=385 healthy donor (H) cfDNA samples) for 1-2x
WGS data and 0.1x WGS data. Values are shown for each stage (III and IV are combined due to small
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number of samples) and overall. Corresponds to the data and values shown in Main Figure 3d. Box elements
are the same as in (a).
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Supplementary Fig. 6: Cancer detection performance metrics by tumor fraction (TFx) and cancer type.
Receiver operator characteristic (ROC) curves for logistic regression classification of cancer (Ca) vs.
healthy controls (H) are shown for three cohorts, (a,d) the DELFI cohort*, (b) the LUCAS cohort, and (c)
the LUCAS validation cohort®. Logistic regression was performed on the top PCA components which
explained 80% of the variance in the features (central coverage, mean coverage, and amplitude) extracted
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from nucleosome profiles around 30,000 TFBSs for each of 270 TFs. ROC for cancer grouped by TFx vs.
healthy (a-c¢) or cancer grouped by cancer type vs. healthy (d) are shown. Duodenal cancer (n=1) is not
shown as a separate cancer type. For each cohort, performance is shown for both the original low pass (1-
2x) WGS (left panel) and ultra-low pass (0.1x) WGS (middle panel) generated by in-silico downsampling.
95% confidence intervals (Cls) were obtained from 1,000 bootstrap iterations. The right panel for each
cohort contains boxplots of the AUC values for the bootstrap iterations. The boxed range represents the
median + IQR, whiskers represent the range of the non-outlier data (maximum extent is 1.5x the IQR).
Outliers are shown as grey diamonds.
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Supplementary Fig. 7: Evaluation of various configurations and comparisons of Griffin for cancer
detection. (a) Boxplots of the AUC values for 1,000 bootstrap iterations of the logistic regression classifier
using various configurations and comparisons of Griffin on the DELFI cohort (n=208 cancer (Ca) cfDNA
samples, n=215 healthy donor (H) cfDNA samples) in the original 1-2x WGS data and downsampled data
(0.1x WGS) grouped by stage. The boxed range represents the median = IQR, whiskers represent the range
of the non-outlier data (maximum extent is 1.5x the IQR). Outliers are shown as grey diamonds. (i) finalized
Griffin configuration with parameters settings and median AUC for the 1,000 bootstraps (with 95% CI)
listed underneath for comparison to other configurations. Logistic regression model was trained on top PCA
features extracted from mean nucleosome profiles around 30,000 TFBSs for each of 270 TFs (total of 810
features prior to PCA dimensionality reduction), see methods. (ii) same Griffin analysis as in (i) but using
two different fragment size ranges, short fragments, which are known to be enriched in cancer®** (35-
150bp), and a wider range of fragment sizes encompassing most cfDNA fragments (35-500bp). Both have
decreased performance (0.91 and 0.92 AUC, respectively). (iii) Same Griffin analysis as in (i) but without
GC correction (left), with an added mappability correction step (middle left), with an added CNA correction
step (middle right), and with a different GC correction approach using a single fragment length (right). (iv)
Same as (i) but with the amplitude features excluded from the model (only used central coverage and mean
coverage features). (v) Griffin with standard parameters from (i) applied to the top 10,000 sites around 16
types of tissue specific DNAse hypersensitivity sites (see methods). (vi) Pipeline developed by Ulz and
colleagues. This pipeline uses all fragment sizes (the vast majority of which are between 35 and 500bp) and
collects coverage profiles around the top 1,000 sites for 504 transcription factors and extracts one feature
(High frequency range) per feature. Dimensionality was reduced with PCA using the same approach as
described in (i) and the top features were put into the logistic regression model. (vii-xi) Performance of
selected configurations on 0.1x WGS data. (b) Receiver operator characteristic (ROC) curve for logistic
regression classification of cancer vs. healthy controls using the pipeline from Ulz et al on the DELFI
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cohort® in 1-2x WGS data (left) and 0.1x WGS data (middle). ROC for each cancer type vs. healthy are
shown. 95% confidence intervals (CIs) were obtained by bootstrapping. Duodenal cancer (n=1) is not
shown as a separate cancer type. The right panel for each cohort contains boxplots of the AUC values for
1,000 bootstrap iterations. Box elements are the same as in (a).
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Fragment size

Supplementary Fig. 8: Principal component analysis (PCA) on Griffin features for cancer detection
cohorts before GC correction (a) and after GC correction (b). For each cancer detection cohort (DELFI,
LUCAS, and LUCAS validation) Griffin analysis was performed on 30,000 TFBSs each for 270 TFs and
3 features (central coverage, mean coverage, and amplitude) were extracted from each profile for a total of
810 features. Top row, a PCA was performed on all features for all samples and the top two components
were plotted for healthy samples from all three cohorts (left), cancer samples (middle) and all samples
(right). The DELFI cohort clustered away from the other cohorts indicating systematic difference between
the DELFI cohort and other cohorts. Next, PCA was performed separately on each of the 3 feature types:
central coverage (second row), mean coverage (third row), and amplitude (bottom row) which revealed that
the difference between the DELFI cohort and other cohorts was primarily due to differences in the central
coverage. Percentage of variance explained by each PC is labeled on the axes. (¢) Mean normalized
fragment size profiles for the three cohorts. Shading indicates IQR. (d) PCA of the fragment size profiles
in the three cohorts. Top two PCs are shown for healthy samples (left), cancer samples (middle), and all
samples (right).
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Supplementary Fig. 9: (a) Coverage profiles for the top 10,000 TFBSs for each of 3 key ER positive
specific transcription factors, FOXA1, GATA3, and ESR1. Median + IQR shown for 100 ER positive and
91 ER negative ULP-WGS MBC samples with > 0.1 tumor fraction.”® (b) Correlation between the three
features and the tumor fractions for the coverage profiles shown in (a). Top row: central coverage, middle
row: mean coverage, bottom row: amplitude. ANCOVA p-values (two sided) are shown for the ER status
after accounting for the tumor fraction as a covariate. Benjamini-Hochberg FDR correction was used for
multi test correction (See Methods). Pearson r and p-values (two sided) for the correlation between tumor
fraction and feature are shown for ER+ and ER- separately.
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Supplementary Fig. 10

Supplementary Fig. 10: Evaluation of various configurations and comparisons of Griffin for ER status
prediction. (a) Boxplots of the accuracy values for 1,000 bootstrap iterations of the logistic regression
classifier using various configurations and comparisons of Griffin on the MBC cohort (n=139, 0.1x WGS
data). Accuracy is shown for patients grouped by tumor fraction (TFx), 0.05 — 0.1 (ER+, n=24; ER-, n=14)
and > 0.1 (ER+, n=50; ER-, n=51), and for all patients with >0.05 TFx. The boxed range represents the
median + IQR, whiskers represent the range of the non-outlier data (maximum extent is 1.5x the IQR).
Outliers are shown as grey diamonds. (i) finalized Griffin configuration with parameters settings and
median accuracy for the 1,000 bootstrap iterations (with 95% CI) listed underneath for comparison to other
configurations. Logistic regression model was trained on the differential ATAC features (total of 12
features), see methods. (ii) same Griffin analysis as in (i) but using two different fragment size ranges, short
fragments which are known to be enriched in cancer’*** (35-150bp) and a wider range of fragment sizes
encompassing most cfDNA fragments (35-500bp). (iii) Same Griffin analysis as in (i) but without GC
correction (left), with an added mappability correction step (middle left), with an added CNA correction
step (middle right), and with a different GC correction approach using a single fragment length (right). (iv)
Same as (i) but with the amplitude features excluded from the model (only used central coverage and mean
coverage). (v) Griffin with standard parameters from (i) applied to the top 30,000 TFBSs for 270 TFs.
Features were extracted and dimensionality was reduced with PCA using the same approach as described
in the methods for cancer detection (see methods). (vi) Regression model on the outputs of the nucleosome
profiling pipeline developed by Ulz and colleagues. This pipeline uses all fragment sizes (the vast majority
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of which are between 35 and 500bp) and collects coverage profiles around the top 1,000 sites for 504
transcription factors and extracts one feature (High frequency range) per feature. Dimensionality was
reduced with PCA using the same approach as described in the methods for cancer detection using TFBSs
and the top features were put into the logistic regression model. (b) Same as (a) but showing AUC rather
than accuracy.
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Supplementary Fig. 11: Evaluation of different cutoffs for differential ATAC site selection. (a) ER+ and
ER- differential open chromatin sites were selected from assay for transposase-accessible chromatin using
sequencing (ATAC-seq) data from ER+ (n=44) and ER- (n=15) breast cancer (BRCA) tumors in The
Cancer Genome Atlas (TCGA).'™ Differential sites were identified using the DESeq2 software'® which
uses a Wald test with Benjamini-Hochberg FDR correction to calculate the adjusted p-value and log, fold-
change (FC) for each site. The butterfly plot displays the adjusted p-values and log, fold-change values for
ATAC sites. Several different cutoffs (None, 0.5, 1.0, 2.0) were considered and are shown with dashed
lines. For all log, FC cutoffs, an adjusted p-value cutoff of 5x107 was also used. Sites that met the criteria
for being differential are shaded in blue (ER+) or orange (ER-). (b) Same as (a) but with various adjusted
p-value cutoffs from DESeq2 (5x10™, 5x10,5x10™®). For all cutoffs, a log, fold-change cutoff of 0.5 was
also used. (¢) M-A plot showing the relationship between number of read counts at the sites and log, fold
change. Output from DESeq2. (d) Boxplot of accuracy values for 1,000 bootstrap iterations of the ER status
prediction logistic regression model on the ULP-WGS MBC cohort using different DESeq2 cutoffs for
selecting differential sites. Accuracy is shown for patients grouped by tumor fraction (TFx), 0.05 — 0.1
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(ER+, n=24; ER-, n=14) and > 0.1 (ER+, n=50; ER-, n=51), and for all patients with >0.05 TFx. 95% Cls
were obtained by bootstrapping. The performance was generally similar for all cutoffs but there was a
slightly higher performance when using a log> FC of 0.5 and an adjusted p-value cutoff of 5x10 so this
cutoff was used for further analysis. The boxed range represents the median + IQR, whiskers represent the
range of the non-outlier data (maximum extent is 1.5x the IQR). Outliers are plotted as grey diamonds.
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Supplementary Fig. 12: Differential ATAC seq features identified using the optimal 5x10™ adjusted p-
value cutoff from DESeq2 (a) First row: Griffin coverage profiles for ER subtype differential ATAC-seq
sites in ER+ (n=100) and ER- (n=91) ULP-WGS MBC samples with > 0.10 tumor fraction.”® Median +/-
IQR is shown. Second, third, and fourth rows: correlation between tumor fraction and central coverage
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(second row), mean coverage (third row), and amplitude (fourth row), respectively, for ER+ (n=100) and
ER- (n=91) samples. ANCOVA p-values (two sided) for the ER status after accounting for the tumor
fraction are shown on the plots (See methods, ANCOVA). Pearson r and p-values (two sided) for the
correlation between tumor fraction and feature are shown for ER+ and ER- separately. (b) Boxplot of
logistic regression feature coefficients for each of 1,000 bootstrap iterations. ‘not shared’ sites are not shared
with hematopoietic cells, ‘shared’ are shared with hematopoietic cells. The boxed range represents the
median + IQR, whiskers represent the range of the non-outlier data (maximum extent is 1.5x the IQR).
Outliers are plotted in grey.
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Supplementary Fig. 13: MBC validation set performance (a) Principal component analysis (PCA) on
Griffin features for breast cancer samples from the initial ULP-WGS cohort and three validation cohorts.
For each cohort Griffin analysis was performed on differential ATAC seq sites identified by DESeq2
using the 5x10™* adjusted p-value cutoff. 3 features were extracted from each profile for a total of 12
features. A PCA was performed on all 12 features (first column), central coverage features only (second
column), mean coverage features (third columns), or amplitude features (fourth column). This PCA was
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then colored by cohort (top row) to look for batch effects, but batch effects were not observed in the top
two principal components. The PCA was also colored by ER status (second row), demonstrating that the
first PC (PC_0, x axis) appears to correspond to status. Finally, the PCA was colored by tumor fraction
(third row) indicating that the second PC (PC_1, y axis) corresponds to tumor fraction. Percentage of
variance explained by each PC is labeled on the axes. (b) Receiver operator characteristic (ROC) curve
for a logistic regression model predicting ER+ and ER- subtype on 71 breast cancer samples from the
three validation cohorts'®'®', Model was trained on the initial ULP-WGS cohort and applied to the three
validation cohorts. ROC curve, accuracy and AUC are shown for all patients and for patients grouped by
tumor fraction (TFx) similar to Figure 4e but including performance for samples below 0.05 TFx. 95%
CIs were obtained by bootstrapping. For patients with multiple samples, the first sample was used. (c)
Boxplot of the accuracy of the model on the validation cohorts grouped by tumor faction and cohort.
Confidence intervals were obtained via bootstrapping (n=1000 bootstrap iterations). The boxed range
represents the median = IQR, whiskers represent the range of the non-outlier data (maximum extent is
1.5x the IQR). Outliers are plotted in grey.
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Supplementary Fig. 14: Timelines of disease progression for 6 patients with multiple metastatic biopsies
and multiple cfDNA samples. ER+ prediction probability (thick grey line), and tumor fraction (thin grey
line) are shown for all cfDNA samples that passed the >0.05 tumor fraction and 0.1x coverage thresholds.
Decision boundary for ER+ (>0.5) and ER- (<0.5) is indicated with dotted line. Timelines in months from
metastatic diagnosis to death are shown for each patient. The square indicates primary status and timeline
from primary is not to scale. Metastatic biopsies are shown with diamonds, blue indicates an ER+ biopsy,
light blue an ER low biopsy (1-10% ER positive), orange an ER- biopsy, and white a biopsy where status
was not available from clinical records.
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