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Abstract

Genome-wide fragmentation patterns in cell-free DNA (cfDNA) in plasma are strongly influenced
by cellular origin due to variation in chromatin accessibility across cell types. Such differences
between healthy and cancer cells provide the opportunity for development of novel cancer
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diagnostics. Here, we investigated whether analysis of cfDNA fragment end positions and their
surrounding DNA sequences reveals the presence of tumor-derived DNA in blood. We performed
genome-wide analysis of cfDNA from 521 samples and analyzed sequencing data from an
additional 2,147 samples, including healthy individuals and patients with 11 different cancer types.
We developed a metric based on genome-wide differences in fragment positioning, weighted by
fragment length and GC-content (information-weighted fraction of aberrant fragments, iwFAF).
We observed that iwFAF strongly correlated with tumor fraction, was higher for DNA fragments
carrying somatic point mutations, and was higher within genomic regions affected by copy number
amplifications. We also calculated sample-level means of nucleotide frequencies observed at
genomic positions spanning fragment ends. Using a combination of iwFAF and 9 nucleotide
frequencies from 3 positions surrounding fragment ends, we developed a machine-learning model
to differentiate healthy individuals from cancer patients. We observed an area under the receiver
operative characteristic curve (AUC) of 0.91 for detection of cancer at any stage and an AUC of
0.87 for detection of stage I cancer patient samples. Our findings remained robust with as few as 1
million fragments analyzed per sample, demonstrating that analysis of fragment ends can become
a cost-effective and accessible approach for cancer detection and monitoring.

One-sentence summary:

Analyzing the positioning and nucleotide frequency at plasma DNA fragment ends can improve
cancer detection.

Introduction

Analysis of plasma DNA has enabled novel diagnostic approaches in prenatal (1), transplant
(2), and cancer medicine (3). For patients with cancer, detection and quantification of
tumor-derived plasma DNA has mostly relied on analysis of somatic genetic alterations. To
improve early detection of cancer, tumor DNA can be detected using targeted analysis of
genomic loci that are recurrently affected by somatic alterations in cancer (4). However,
there are few such genes and genomic loci that are recurrently altered in most patients
across cancer types. In addition, genes that are commonly mutated in cancer (such as 7P53
and KRAS) can also be affected in non-malignant conditions, such as clonal hematopoiesis
of indeterminate potential, limiting the application of targeted gene resequencing for multi-
cancer early detection (5). An alternative approach is to analyze plasma DNA methylation,
which captures a combination of tissue-specific and cancer-specific alterations in DNA
methylation (6). Using this approach, early detection of cancer relies on identifying unusual
patterns of methylation in plasma DNA driven by DNA shed from tissue types that do not
routinely contribute DNA into the bloodstream (7). In patients with early-stage disease at
presentation or in pre-symptomatic patients where early detection of cancer is relevant, the
fraction of tumor-derived DNA in plasma is very low (often 0.1% or below). Consequently,
plasma DNA must be obtained from multiple tubes of blood to provide sufficient amounts
for targeted resequencing and achieve required depth of sequencing coverage to detect
mutations or methylation signatures. These requirements can be costly and limit the
development, evaluation, and implementation of early detection using plasma DNA analysis
in large clinical and epidemiological studies.

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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Some have attempted to circumvent this challenge by trading the depth of molecular
analysis for the breadth of analysis of the genome and by leveraging genomic features

that capture how DNA shed from different cell types is processed and fragmented in

blood. Fragmentation characteristics of cell-free DNA (cfDNA) are not random and

reflect chromatin accessibility in the cells that contribute such DNA into plasma (8).

DNA fragments from genomic loci bound by nucleosomes or other proteins are protected
from degradation in plasma (9). Nucleosome positioning and chromatin accessibility vary
between cell types and in different cell states (10). Consequently, when DNA from a cancer
cell is shed into plasma, the protected fragments may differ in genomic position relative to
the majority of cfDNA in plasma, which is derived from peripheral blood cells (11).

Analysis of the relative density of short and long fragments across the genome can capture
differences in chromatin accessibility (12). This approach measures short fragment density
in each of approximately 500 fixed windows of 5 megabases across the genome, requires

1 - 2x whole genome sequencing and uses a machine-learning model to help distinguish
patients with cancer from healthy individuals. Additionally, 4-base-pair (bp) sequence motifs
within cfDNA fragment ends can be tissue-specific, potentially due to variation in molecular
pathways that drive DNA shedding and degradation in plasma (13). Quantification of
individual fragments that carry specific subsets of sequence motifs can help identify plasma
DNA samples from patients with cancer.

Here, we evaluated the hypothesis that fragmentation breakpoints from tumor-derived DNA
in plasma can serve as a cancer biomarker, using an approach called genome-wide analysis
of fragment ends (GALYFRE). Unlike earlier studies that relied on differences in fragment
lengths across genomic regions or on differences in sequence motifs in individual cfDNA
fragments, GALYFRE aggregates genomic positioning of breakpoints across all sequenced
fragments in a sample. For each sample, we quantified fragments that break in genomic
regions protected from degradation in cfDNA from healthy individuals, and adjusted

for fragment length and GC-content. Additionally, we measured the mean nucleotide
frequencies at positions adjacent to fragment ends. Through analysis of more than 2000
samples from patients with cancer, we showed that measurement of aberrant fragmentation
is a potential biomarker to distinguish blood samples from patients with cancer and healthy
individuals.

Measurement and comparison of aberrant fragmentation in healthy individuals and
patients with cancer

To evaluate whether genomic positioning of fragment ends in plasma DNA was different
between cancer patients and healthy individuals, we first inferred a map of genomic regions
recurrently protected from degradation using the Windowed Protection Score from Snyder
et al (8). Using whole-genome sequencing of plasma DNA from 17 healthy individuals,

we identified 12.7 million recurrently protected regions (RPRs) across the genome, with a
median length of 39 bp and spanning a total of 504.7 megabases (fig. S1). The median
density of RPRs was 4,754 per megabase with minor variations across chromosomes

(fig. S1). A bootstrap analysis performed by removing one healthy sample demonstrated

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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reproducibility of the RPR map with a minimum of 81.6% similarity between any two
iterations (fig. S2). We developed a metric for fragment position aberrancy by quantifying
fragments that intersected RPRs. Fragments with one or both end positions within RPRs
were identified as aberrant and those that spanned the length of the RPRs were identified

as non-aberrant. In plasma samples from healthy individuals, we found that fragment length
and GC-content influenced the probability of aberrancy (fig. S3). Therefore, each fragment’s
contribution to this metric was normalized based on these factors. This resulted in a single
information-weighted fraction of aberrant fragments (iwFAF) value for each sample.

To ensure our findings would be generalizable across cancer types, disease stages, and pre-
analytical factors (such as differences in sample processing or sequencing instrument), we
performed genome-wide analysis of fragment ends using data that we generated from 521
sequencing libraries as well as published sequencing data from 2,147 plasma DNA samples
(12, 14-16). Overall, these 2,668 plasma samples represented 286 healthy individuals, 994
patients with cancer (across 11 cancer types), and 103 individuals with other non-malignant
disease.

In sequencing data that we generated and analyzed, compared to 24 plasma samples from
healthy individuals, mean iwFAF was higher in 47 samples from patients with early-stage
breast cancer (P = 2.20 x 1074), in 39 samples from patients with cholangiocarcinoma (P
=1.01 x 1079), in 45 samples from patients with glioblastoma (P = 2.27 x 1074), and in
261 samples from patients with melanoma (P = 2.11 x 107%; Fig. 1A, table S1, table S2,
data file S1, data file S2, and data file S3). In published datasets, we similarly found that
mean iwFAF was higher across multiple cancer types, compared to corresponding healthy
cohorts (Fig. 1A, table S2, data file S4, and data file S5). When iwFAF was compared
across three independent sets of healthy individuals, no significant difference was observed
(P = 0.437, one-way ANOVA). In addition, plasma samples from 67 patients with chronic
hepatitis B without cirrhosis and from 36 patients with hepatitis B-associated liver cirrhosis
were not distinguishable from corresponding healthy individuals. However, plasma samples
from patients with hepatocellular carcinoma showed higher iwFAF compared to healthy
individuals (P = 2.86 x 1075; Fig. 1A).

Comparison between aberrant fragmentation and tumor fraction in cfDNA

To compare iwFAF to fraction of tumor DNA in plasma, we measured tumor fraction using
analysis of copy number aberrations in patients with advanced cancer (15, 17). Across 938
samples with at least 3% tumor fraction from patients with cancer and 24 samples from
healthy controls, iwFAF was strongly correlated with tumor fraction (Spearman’s p = 0.77,
P = 4.66 x 107190; Fig. 1B). To ascertain whether aberrant DNA fragments in plasma

were disproportionately contributed by the tumor, we focused our analysis on plasma DNA
samples with high tumor fraction from patients with metastatic melanoma (18). Tumor
contribution to plasma DNA from different genomic regions is influenced by copy number.
If aberrant DNA fragments are more likely to be tumor-derived, we expect iwFAF to be
higher for genomic loci affected by copy number amplification. In 27 plasma samples with
at least 20% tumor fraction from 14 patients with metastatic melanoma, we found higher
iwFAF in regions affected by copy humber gain compared to regions unaffected by copy

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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number change or those affected by copy number loss (Fig. 1C and fig. S4; P < 1 x 10724 for
both comparisons, Mann-Whitney U test). To further assess the tumor specificity of aberrant
DNA fragments in plasma, we performed deep whole-genome sequencing at greater than
375x coverage for plasma samples from two patients with metastatic melanoma with tumor
fractions of 36% and 39%. We evaluated DNA fragments at positions with tumor-specific
single-nucleotide variants. In both plasma samples, we found mutated fragments were more
likely to be aberrant compared to non-mutated fragments (Fig. 1D and table S3; P = 3.6 x
10~4and P = 1.6 x 10715, two-proportion Z-test).

In longitudinal plasma DNA samples from patients with metastatic melanoma, changes

in iwFAF were consistent with changes in tumor fraction (Fig. 2A, Fig. 2B, fig. S5, and
data file S3). In patients with glioblastoma, we compared iwFAF with tumor fraction in
plasma DNA measured using targeted digital sequencing (TARDIS) (19, 20). We found that
longitudinal changes in iwFAF were consistent with changes in tumor fraction, even though
measured tumor fraction ranged from 0.01% to 1.2% (Fig. 2C, Fig. 2D, and data file S6).
We compared the difference in iwFAF and tumor fraction between any two consecutive
samples where both had quantifiable tumor fraction. Changes in iwFAF and tumor fraction
were correlated in patients with melanoma and glioblastoma (data file S7, Spearman’s p
=0.68 and 0.67, P = 1.02 x 1079 and 3.47 x 1073, respectively). Because the range of
calculated iwFAF is narrow (0.59 to 0.68), we scaled iwFAF between 0 and 1, such that 0
represented iwFAF in a healthy sample and 1 represented the highest iwFAF measured in a
cancer sample. Changes in scaled iwFAF and tumor fraction were comparable in magnitude
for patients with metastatic melanoma (fig. S6).

Evaluation of potential pre-analytical confounders affecting measurement of iwFAF

To measure the contribution of potential confounders to analysis of fragment ends, we
performed multiple comparisons across demographics, sample processing conditions, and
replicate sequencing runs. In plasma DNA samples from 196 samples from healthy
volunteers, we found no significant difference in iwFAF across 4 age groups (<50 years,
50-54 years, 55-59 years, and = 60 years; P = 0.573, one-way ANOVA,; fig. S7 and data file
S8). In the same dataset, we observed no significant difference in iwFAF between male and
female healthy individuals (P = 0.310; fig. S7 and data file S8). We collected three matched
samples using different blood collection tube types (EDTA, PAXgene, and HAEM-Lok)
from 24 healthy individuals. We extracted plasma DNA and prepared sequencing libraries
independently from each of the three samples. iwFAF was strongly correlated between these
replicates and no significant difference was observed across the three tube types (pairwise
Spearman’s p 0.93 to 0.96, P = 0.95, one-way ANOVA, fig. S8 and data file S9). For 24
patients with early-stage breast cancer, we extracted DNA using two different methods from
matched plasma aliquots from the same blood tube and prepared independent sequencing
libraries. iwFAF was strongly correlated between the two measurements (Spearman’s p =
0.90, P = 2.8 x 1079). In paired comparison, iwFAF was significantly lower for plasma
DNA extracted using the Qiagen spin-column method compared to MagMax magnetic beads
(P =5.9 x 1074, paired T-test; fig. S9 and data file S9). For 41 plasma DNA samples

from patients with metastatic melanoma, we prepared libraries and generated sequencing
data using two different lllumina sequencing platforms (NextSeq 500 and NovaSeq 6000).

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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iwFAF was strongly correlated between the two measurements (Spearman’s p = 0.99, P
=2.9 x 1079). In paired comparisons, iwFAF was significantly lower from sequencing
data generated on the NovaSeq compared to NextSeq (P = 1.06 x 10724, paired T-test; fig.
S10 and data file S9). However, the effect sizes observed across DNA extraction methods
and replicate sequencing runs (Cohen’s d of 0.226 and 0.116, respectively) suggested these
factors make very small contributions (if any) to changes in iwFAF, far less than the
magnitude of differences observed between cancer patients and healthy individuals (table
S2).

To evaluate whether iwFAF is an indirect measure of short plasma DNA fragment
proportion, we compared iwFAF with the fraction of short fragments (defined as less

than 150 bp) across 196 samples from healthy individuals, and found a modest positive
correlation (Spearman’s p = 0.435, P = 1.8 x 10710; fig. S11A). We further compared iwFAF
with plasma DNA concentration across 174 samples from healthy volunteers and found a
weak negative correlation (Spearman’s p = —0.28, P = 1.6 x 107%; fig. S11B). Because total
plasma DNA concentration is higher on average in patients with cancer compared to healthy
individuals (21), differences in plasma DNA concentration across samples are unlikely to
explain the observed increase in iwFAF in patients with cancer.

Evaluation of differences in genomic positioning of plasma DNA fragments by measuring
nucleotide frequencies at fragment ends

Calculation of iwFAF relies on inferred RPR maps and hence this approach excludes

any fragments that do not intersect a known RPR. This approach limits the proportion

of informative data to the annotated region of the genome. In 2,489 samples analyzed in
this study, a mean of 84.1% of fragments were used in iwFAF calculations. To maximize
utilization of all available data from each sample independent of available genomic
annotation, we developed a complementary method to evaluate differences in genomic
positioning of plasma DNA fragments that does not rely of annotation for genomic features
such as RPRs. Using sequencing reads aligned to the reference genome sequence, we
calculated nucleotide frequencies for each position 10 bp upstream and downstream of both
fragment ends, averaged across all fragments for each sample (22). This results in 168
measurements of mean nucleotide frequency per sample (4 nucleotides x 21 genomic loci

x 2 fragment ends; Fig. 3A). We performed multidimensional scaling and compared the
first two dimensions of mean nucleotide frequencies with iwFAF for samples from two
cohorts of patients with metastatic cancers. Absolute values for correlation between the
second dimension of nucleotide frequencies at fragment ends and iwFAF were 0.62 (P =
3.18 x 10789) and 0.59 (P = 4.40 x 10~27) for patients with breast cancer and prostate
cancer, respectively (table S4). To identify specific nucleotide positions that may capture
differences in fragment end positioning, we calculated the correlation between iwFAF and
each nucleotide frequency for both cohorts (Fig. 3B, fig. S12). Some positions, such as the
second and third base on the inside of fragments (positions 1, 1°, and 2, 2’), showed stronger
correlation compared to others, such as the first base inside the fragment end (positions 0,
0”) or the fourth base inside the fragment end (positions 3, 3’). We selected positions with a
summed nucleotide frequency correlation coefficient of at least 1.0 in both cohorts. To adjust
for internal correlation between nucleotide frequencies, we performed multivariate linear

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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regression to predict iwFAF using the 64 nucleotide frequencies at these 16 positions (Fig.
3C). Nine nucleotide frequencies with the highest adjusted mean coefficient magnitudes
were located at only 3 positions across both fragment ends: position —1 (first position
outside the left fragment end) and positions 1’ and 2’ (second and third positions inside the
right fragment end).

Development of a machine-learning model to distinguish plasma from patients with cancer
and healthy individuals

To evaluate whether genome-wide analysis of fragment ends enables detection of cancer, we
trained random-forest machine-learning models to distinguish between plasma samples from
patients with cancer and healthy individuals. Samples from patients with non-malignant
disease were excluded. To avoid overfitting our classification model, we restricted the
analysis to the earliest available plasma sample for each patient, generally obtained at
enrollment in the clinical study (table S5). Cross-validation analysis was averaged over

100 runs, using 80% of samples for training and 20% for testing in each iteration, split
proportionally for each cohort (23). This dataset and partitioning strategy were used for all
following analyses.

A linear model trained using iwFAF as a single feature showed an area under the receiver
operating characteristics curve (AUC) value of 0.78 (Fig. 4A and table S6). A similar
model trained using fraction of short fragments as a single feature showed an AUC

value of 0.65 (fig. S13 and table S6). We tested a model based on the 9 nucleotide
frequencies most correlated with iwFAF and found an AUC value of 0.89 (Fig. 4A). For
our final classification model, GALYFRE, we incorporated iwFAF together with the 9 most
correlated nucleotide frequencies. Empirical evaluation showed that at higher model depths,
the difference in mean AUC between training and validation data increased, suggesting the
potential for over-fitting (fig. S14 and table S7). Based on this observation, we limited
model depth to 5. GALYFRE achieved an averaged AUC value of 0.91 (Fig. 4A). To
further validate the performance of this approach, we repeated model training while holding
out 20% of the samples, randomly chosen and excluded from training and testing during
cross-validation. Runs performed with hold-out data achieved a similar averaged AUC value
of 0.91 (fig. S15 and table S6). As expected, classification performance was influenced

by cancer stage, with AUC values of 0.87 for patients with Stage | cancer to 0.91 for
patients with Stage 1V cancer (Fig. 4B). Performance also varied across cancer types (fig.
S16 and fig. S17). AUC values for 6 of 10 tested cancer types were greater than 0.9 with
the lowest AUC of 0.82 observed for patients with ovarian cancer (fig. S16). At 95%
specificity, mean sensitivity across 100 cross-validation runs was 66.9% (95% CI 66.1% to
67.8%) across all cancer types, highest at 94.3% and 90.8% for patients with glioblastoma
and cholangiocarcinoma and lowest at 45.5% and 53.8% for patients with ovarian and
breast cancer (table S8). To evaluate the relative contribution of iwFAF and each nucleotide
frequency in GALYFRE, we calculated Shapley values and found that iwFAF was the

most informative feature (fig. S18) (24). The next most informative nucleotide frequency
represented the first position outside the left fragment end.

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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To estimate the minimum sequencing depth for GALYFRE, we sub-sampled the data

to simulate low-depth sequencing. First, we generated 10 independent replicates across

1000 depths from 105 samples. Calculated iwFAF values were highly reproducible, with
coefficient of variation ranging from 0.027% at 10 million fragments to 0.11% at one million
fragments (fig. S19). We then randomly selected a dataset of one million fragments per
sample. With GALYFRE trained on this low-depth dataset, the averaged AUC value was
0.91 (fig. S20 and table S6).

Discussion

Our results demonstrated that across multiple cancer types, the positions of tumor-derived
plasma DNA fragment ends diverge from those of background DNA fragments contributed
by peripheral blood cells. We leveraged this observation and showed proof-of-principle
results that analysis of fragment end positions and their adjacent sequences can be

useful as a biomarker for cancer detection. Our approach used a machine-learning model
trained on only 10 features derived from genome-wide assessment of fragment end
positions, and we showed that this approach has potential relevance for earlier detection

of multiple cancer types, including those with no established methods for screening, such as
cholangiocarcinoma, pancreatic cancer, and gastric cancer.

Earlier studies of fragmentation patterns in circulating tumor DNA evaluated local
differences in average fragment size in windows across the genome as an approach for
cancer detection (12) or used fragment size to improve sensitivity for detection of somatic
genomic alterations (25, 26). Analyses at the individual fragment level identified genomic
loci (27) and nucleotide motifs (13, 28) preferentially found in DNA shed from liver cells
and found liver-derived DNA was higher in patients with hepatocellular carcinoma. One
study reported biased representation of nucleotide frequencies at plasma DNA fragment
ends (29). In contrast to these studies, we found sample-level aggregated measurement of
fragment end positions can serve as a biomarker for detection of multiple cancer types.
Compared to earlier reports in which machine learning was utilized for cancer detection
using plasma DNA analysis (based on fragment sizes or methylation marks), our approach
achieves comparable classification performance despite reliance on a much simpler model
with a limited number of features (6, 12). Combined with our reliance on a random forest
model (compared to gradient boosted trees or neural networks), the use of a simpler,

low feature model reduces the likelihood for overfitting to confounders (such as technical
and pre-analytical differences between sample sets) and aids interpretability (30). When
machine-learning models use thousands of features to discriminate between cancer and
healthy samples, it is often unclear what specific biological features drive performance (31).
Our approach combines a genome-wide metric of differences in fragment end positions
and mean nucleotide frequencies from 3 loci surrounding fragment end positions. The three
loci that drive performance in our approach include the first base on the outside and the
second and third bases on the inside of fragment ends. Unlike earlier approaches that use 4
bp end motifs from sequenced fragments (13), our model does not rely on the first or the
fourth bases on the inside of fragment ends. In our analysis, the nucleotide frequency at
the first base across fragments did not contribute to classification between cancer patients
and healthy individuals, potentially because it is primarily driven by enzymatic preference

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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for plasma DNA degradation that affects fragments from peripheral blood cells and tumor
cells equally (32), instead of differences in fragment end positions driven by variation in
chromatin accessibility across cells.

The classification performance of GALYFRE in patients with glioblastoma is particularly
surprising, given how challenging circulating tumor DNA detection has been for these
patients using mutation-based assays (33). A potential explanation is that, unlike mutation-
based assays, analysis of fragment ends leverages differences between cell-free DNA

shed from peripheral blood cells compared with cell-free DNA from a combination of
malignant cells and microenvironment cells constituting the tumor. Hence, GALYFRE may
perform better for cancers originating in tissues that rarely contribute cell-free DNA into
plasma within healthy individuals. However, this also indicates a potential limitation that
aberrant fragmentation patterns in plasma may not be specific to cancer and may arise

from unexpected tissue contributions in plasma due to other systemic or acute conditions
including pregnancy and transplant (13). Because analysis of fragmentation patterns is likely
to be less cancer-specific than analysis of somatic mutations, it is even more relevant to
delineate the effects of biological and technical pre-analytical factors. In our approach, we
observed that the fraction of aberrant fragments was affected by differences in fragment size
and GC content. After applying an approach that we developed to normalize the contribution
of these factors, we observed that iwFAF was not significantly affected by age or gender and
remained consistent across replicate analyses of DNA extraction methods, blood collection
tubes, and sequencing runs. In particular, we did not find elevated iwFAF in plasma samples
from patients with hepatitis (with or without liver cirrhosis), whereas a higher iwFAF

was observed in patients with hepatocellular carcinoma. These observations suggested that
increases in iwFAF and aberrant fragmentation are greater in magnitude in patients with
cancer compared to patients with non-malignant inflammatory conditions, potentially due to
higher rates of cell-free DNA shedding from tumors.

Although our current results for classification between patients with cancer and healthy
individuals are encouraging, there are multiple limitations of this study and potential
opportunities for further improvement. In the current study, cases and controls were not
matched for age, sex, or co-morbidities. To develop this approach further for early cancer
detection, a larger reference dataset is needed, including healthy individuals across age, sex,
and a wide range of co-morbidities, as well as plasma samples obtained in patients with
non-malignant acute and chronic inflammatory conditions. Each patient’s results may then
be obtained when they are unaffected by acute illness, compared with matched reference
samples and interpreted in the appropriate clinical context. Although multiple cancer types
are represented in our results, the number of cases for some cancer types were small

(such as lung cancer or glioblastoma) or unevenly distributed across different disease
stages (such as melanoma). In addition, performance of the machine-learning model may
benefit from incorporation of demographic information and co-morbidities, together with
fragmentation patterns (34). Our approach can also be improved and characterized further
through evaluation of alternative library preparation approaches, such as single-stranded
DNA sequencing, or alternative approaches for machine learning and through analysis of
additional numbers of samples from patients across disease stages for each cancer type

to increase accuracy of cancer detection. Data from specific cancer types may be useful

Sci Transl Med. Author manuscript; available in PMC 2023 July 11.
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to predict tumor type for plasma samples from cancer patients, through either selection
of the most informative genomic regions to calculate iwFAF, and by identifying cancer
type-specific nucleotide frequencies at fragment ends.

When tumor fractions in plasma DNA samples are low, such as in patients with early-stage
cancers or in mid-treatment samples, precision in measurement of tumor fraction using
mutation-based assays is limited by the number of somatic mutations and the amount of
DNA analyzed (19). Because GALYFRE relies on aggregate analysis of DNA fragments
from across the genome, we found high precision in iwFAF across repeated samples

with a coefficient of variation of just 0.1% when 1 million fragments were resampled.

In serial samples from patients with metastatic melanoma and glioblastoma, we found

that changes in iwFAF were correlated with changes in tumor fraction based on somatic
genomic alterations, although the magnitude of corresponding changes was much smaller in
iwFAF. Overall, iwFAF values in our study spanned a narrower range compared to tumor
fraction measurements. When iwFAF was scaled, serial changes in the two measurements
became more comparable in patients with metastatic melanoma, but not in patients with
glioblastoma, suggesting that future studies should assess if appropriate quantitative scaling
of iwFAF values specific to each cancer type are needed to apply this approach for
monitoring of treatment response. In addition to quantitative precision, we found that

the performance of GALYFRE for cancer detection using just 1 million fragments per
sample parallels published methods(12, 13). Because GALYFRE requires a limited depth of
sequencing and low amount of input DNA to achieve reproducible performance for cancer
detection and quantification of tumor fraction, we predict that such data can be obtained
from small volumes of blood or dried blood spots (35) and that reaction volumes for
sequencing library preparation can be reduced to lower assay costs.

In summary, we developed an approach for analysis of plasma DNA fragment end positions
and showed that the results of this analysis hold potential as a biomarker for cancer
diagnostics. The simplicity of our approach, as well as the small amount of plasma DNA
and sequencing data required, can increase access to blood-based cancer detection and
monitoring, particularly for resource-constrained health systems. Our results serve as an
encouraging proof-of-principle, but additional case-control studies are needed to establish
quantitative thresholds for both early detection and monitoring treatment response in
patients with cancer. Once such thresholds are identified, prospective evaluation of real-
world diagnostic performance in clinical cohorts will be required.

Materials and Methods

Study design

The aim of this study was to investigate differences in fragmentation patterns in plasma
DNA between patients with cancer and healthy individuals. Whole genome sequencing data
was generated from plasma DNA samples. Additional sequencing data from FinaleDB was
used in the analysis(14). Computational methods and models were developed retrospectively
using a combination of these datasets. Different computational approaches to identify and
quantify differences in fragment end characteristics were evaluated retrospectively. Prior
power analysis, randomization, or blinding was not performed for the clinical study.
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Patient plasma sample collection and processing

Healthy volunteers were enrolled at the Translational Genomics Research Institute in
Phoenix, AZ, and blood samples were collected under protocol numbers 20142638 and
20181812, approved by the Western Institutional Review Board (IRB). Blood and tissue
samples from patients with melanoma were collected at the Mayo Clinic in Arizona under
protocol number 16-001453 and within a multi-center clinical trial (NCT02094872) under
protocol number 20140190 approved by the Western IRB(18). Blood samples from patients
with breast cancer were collected at the Mayo Clinic in Arizona under protocol number
14-006021, from patients with glioblastoma within a clinical trial (NCT02060890) at the
University of California San Francisco, in California under protocol number 20141201
approved by Western IRB (20), and from patients with cholangiocarcinoma at the Mayo
Clinic in Arizona under protocol number 12-004713. All patients provided informed
consent. For a subset of patients with cancer, multiple blood samples were collected
including at presentation and during treatment and follow-up.

Blood samples were collected in K, EDTA tubes. Plasma was separated within 3 hours of
venipuncture by centrifugation at 820g for 10 minutes, followed by a second centrifugation
at 16,000¢ for 10 minutes. One milliliter aliquots of plasma were stored at —80°C until
DNA extraction. In a subset of healthy individuals, additional matched blood samples were
also collected in PAXgene cell-free DNA tubes (Qiagen) and HAEM-Lok tubes (DeltaDNA
Biosciences), and a comparison of iwFAF across blood tubes was performed.

DNA was extracted using either the MagMAX Cell-Free DNA lIsolation Kit (Thermo Fisher
Scientific) or Ql1Aamp Circulating Nucleic Acid Kit (Qiagen) from 1 to 4 ml plasma.
Cell-free DNA was quantified prior to library preparation using the Qubit dsSDNA HS

assay (Thermo Fisher Scientific), cell-free DNA ScreenTape analysis on the TapeStation
4200 (Agilent), or using an in-house digital PCR assay(36). Whole genome sequencing
libraries were prepared from plasma DNA using ThruPLEX Plasma-Seq or Tag-seq library
preparation kits (Takara).

External data
Fragment end positions and clinical annotation for an additional 1,798 samples from cancer
patients, 103 samples from patients with non-malignant disease, and 246 samples from
healthy individuals were obtained from FinaleDB(14). These data were aggregated from
three previously published studies(12, 15, 16). BEDTools v2.29.0 (37) was used for all
associated analyses.

Tumor fraction determination

Tumor fraction was inferred through copy number analysis (CNA) of plasma DNA using
HMMcopy and ichorCNA v0.3.2(15, 17, 38-40). Because the reported limit of detection for
ichorCNA is 3% tumor fraction, any samples with ichorCNA-inferred tumor fractions below
this threshold were excluded from tumor fraction correlation analyses.

Tumor fraction in plasma samples from patients with glioblastoma was measured using
targeted digital sequencing (TARDIS)(19). Briefly, patient-specific somatic mutations
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were identified by analyzing exome sequencing data from tumor biopsies and germline
DNA. Clonal mutations were selected as targets for amplicon sequencing, adjusting for
copy number aberrations in the tumor genome and overall tumor purity. Target-specific
multiplexed primers were designed and evaluated for in vitro performance using control
DNA samples. TARDIS sequencing libraries were prepared and sequenced on a NovaSeq
6000 (Illumina). Sequencing data were analyzed to evaluate targeted genomic loci and
quantify circulating tumor DNA detection in each sample. Tumor fraction was calculated as
the mean of all measured variant allele fractions.

Identifying recurrently protected regions

A map of recurrently protected regions (RPRs) was inferred from 17 plasma samples from
heathy individuals (sequenced to mean coverage of 40%, range = 28% to 48x), using the
Windowed Protection Score (WPS) peak-calling method described by Snyder et. a/.(8).
This was performed using 120 — 180 bp fragments across chromosomes 1 — 22. The
EXTREGION parameter used for each of these chromosomes was the entire length of

the chromosome. Read start sites were extracted using the recommended boundary of 200
bp inwards from EXTREGION (to guarantee inclusion of these 120 — 180 bp reads),
resulting in REGION parameter value starting at 201 bp and ending at 200 bp less than the
chromosome size. The recommended window size of 120 bp was used to calculate WPS
values.

To evaluate the robustness of our RPR map, we generated a series of bootstrapped maps

by removing one of the 17 healthy samples in each case. The total numbers of base pairs

of intersections and unions of these maps were then used to compute the Jaccard similarity
for each pair of RPR maps. This evaluation was also performed for the number of RPRs
identified. Finally, the mean score assigned to RPRs in the intersecting region of each pair of
maps was calculated (fig. S2).

Analysis of aberrant fragment end positions

A fragment position aberrancy metric was developed by quantifying fragments intersecting
RPRs. Using the RPR map, cell-free DNA fragments were identified as aberrant if one or
both ends were located within a protected region. Non-aberrant fragments were identified as
those spanning the length of a protected region. Fragments that had no intersection with any
RPR were excluded. We found that the probability of a given fragment being aberrant was
influenced by fragment size and GC content (fig. S3). Because fragment-size distribution
and GC-content distribution can be influenced by pre-analytical factors, we normalized

for these fragment features. Each fragment’s contribution to the final metric was weighted
based on the probability of the fragment being aberrant or non-aberrant given its size and
GC content. These probabilities were calculated using healthy samples from this study,
Cristiano et al.(12), and Jiang et al. (16) separately. For our dataset, we used 16 samples
from healthy individuals (37x total genomic coverage)(9). For the external datasets, 30%

of the healthy samples, with an equal number of male and female samples were combined
and used for probability calculations including 64 samples from Cristiano et a/. and 10
samples from Jiang et al. (total genomic coverage of 495x and 62x, respectively). Healthy
samples used for normalization were excluded from downstream analyses of iwFAF and
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model cross-validation. For each dataset, a normalization table was generated by calculating
the probability of a fragment being aberrant given its size (Pgjze) and GC content (Pgc).

The following equations 1, 2, and 3 were used to calculate a sample-wide weighted aberrant
fragmentation metric (iwFAF):

n
1

_ 1 1

Wabarrzml ;Ing( Pslze * PG(,‘) ( )
1 1

_ 2
Wnun—aberram‘ ;lng((l _ Psize) * (1 - PGC)) ( )
leA F _ Wﬂberranl (3)

l [ aberrant + [ [ non — aberrant

Analysis of fragment end position nucleotide frequencies

Positions from 10 bp upstream to 10 bp downstream of each fragment end base were
considered, for a combined 21 bases on each fragment end. For each sample, mean base
frequencies at each position were calculated for all fragments, based on the nucleotide from
the hg19 reference genome, using homerTools v4.11(22). Each sample was represented by a
vector of length 168 (21 positions x 2 fragment ends x 4 bases).

To infer the utility of nucleotide frequency for tumor detection, nucleotide frequencies for
samples with at least 3% tumor fraction from patients with cancer were reduced to two
dimensions using multidimensional scaling. Pairwise distances between points in the 168-
dimensional vector space were calculated using cosine distance. This was done separately
for four cancer types: cholangiocarcinoma, melanoma, breast cancer, and prostate cancer.
Spearman correlations with tumor fraction and iwFAF were then evaluated.

To reduce the influence of pre-analytical factors on measured nucleotide frequencies

and to enrich for tumor-derived signal, we analyzed the correlation of each of the 168
nucleotide frequency values with iwFAF. Position-wise cumulative correlation magnitudes
were calculated for metastatic prostate cancer (/7= 553) and metastatic breast cancer (1=
948), both from the Adalsteinsson et. al. dataset(15). Positions with a cumulative correlation
greater than 1.0 for each cancer type were then identified, and their intersection was used

to select 16 informative positions. The corresponding 64 (16 positions x 4 bases) nucleotide
frequencies were then used to make generalized linear models (GLMs) to predict iwFAF for
each of the two cancer types. The absolute values of coefficients were calculated for each
GLM, and the mean was taken for each of the 64 nucleotide frequencies. The 9 nucleotides
with the greatest coefficient magnitudes were then selected for GALYFRE.
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Cancer sample classification model

Using GALYFRE, a combination of iwFAF and the 9 selected nucleotide frequency features,
we built a random forest model to distinguish between samples from healthy individuals

and patients with cancer. The data used for building this model were limited to one sample
per patient (the earliest time point available for each), to avoid potential signal leakage
between training and validation data. Samples from 196 healthy individuals and 465 patients
with cancer across 10 cancer types (table S5) were stratified by cancer type (and a single
stratification for healthy samples) and split into 80% training and 20% validation data. Such
stratified splits ensure that training and validation data have similar representation leading to
improved generalization on validation data(23).

To address imbalance in representation by cancer type, training data samples were
upsampled at random to generate a uniform number of samples for each cancer type that was
equal to the number of healthy samples. A minimum of one copy per sample was included.
To address class imbalance, the total number of healthy samples in the training data was then
upsampled at random so that number of healthy samples and cancer samples was equal. This
results in a default classification accuracy of 50% for the binary classifier for training data.
Such resampling was not done for validation or hold-out data.

A random forest classifier using 100 decision trees was trained and evaluated over 100

runs using 1000 activation thresholds uniformly distributed between 0 and 1. This binary
classifier was trained using a label of 0 for healthy samples and 1 for samples from patients
with cancer. Each decision tree considered a random selection of 3 features for a random
sample of 70% of the training data. The decision trees were subject to a maximum depth of
5 and a minimum leaf size of 5 observations for pre-pruning. Decision trees were not subject
to purity-based post-pruning. During training, for all 100 runs the depths of trees for the
learned model were 5.

For interpretation of the learned models, Shapley values (24) were calculated for the
features of each model using the training data for reference. A combination of training

and validation data was used to calculate Shapley values using 100 Monte Carlo simulations.
Feature importance was calculated using mean magnitude of Shapley effect in the binary
classification dataset (fig. S18).

For more rigorous evaluation of GALYFRE, 20% of the data was held out before any
training. The remaining data were split into 80% for model learning and 20% for model
validation. For 100 runs, the learned model was evaluated on both the run’s validation data
and the hold-out data. This was averaged over 10 repetitions (fig. S15).

To further analyze classifier models for overfitting, we evaluated the impact of tree depth on
classifier performance based on 100 runs (fig. S14).

Statistical analysis

Statistical analyses were performed using Julia and Python(41, 42). Significance values of
differences between two iwFAF distributions were evaluated using the t-test and Cohen’s
d effect size. Statistical significance between distributions of iwFAF in copy number
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loss, neutral, or gain regions was calculated using the Mann-Whitney U test. Correlations
were calculated using Spearman’s p. To compute the statistical significance of correlation,
the correlation coefficients were first converted to a t-statistic and then P-value was
calculated based on population size. Matched samples were compared using the paired

t-test. Comparison of iwFAF between mutated and non-mutated DNA fragments within

a plasma sample was performed using the two-proportion Z-test. One-way ANOVA was
performed to evaluate differences in iwFAF between 3 or more groups. All reported P-values
are two-sided; P-values below 0.05 were considered statistically significant. Bonferroni
correction was performed for multiple comparison testing.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. Evaluation of information-weighted fraction of aberrant fragments (iwFAF) using plasma
DNA whole-genome sequencing.

(A) Boxplots showing distributions of iwFAF values in plasma DNA of healthy individuals
(green), patients with cancer (blue), and patients with non-malignant disease (gray) from
four studies including the current study(12, 15, 16). The number of samples included in
each category are indicated in parentheses. Each group of cancer patients and patients with
non-malignant disease were compared to corresponding group of healthy individuals. P
values for pairwise comparisons are reported in table S2. Two outliers (iwFAF of 0.6812 and
0.6814) were removed from the plot to improve visualization, both samples from patients
with metastatic breast cancer in the Adalsteinsson ef a/. dataset(15). Abbreviations: CCA,
cholangiocarcinoma; GBM, glioblastoma; HCC, hepatocellular carcinoma. (B) Scatterplot
comparing tumor fraction with iwFAF in 938 samples from patients with cancer (blue)

and 24 samples from healthy individuals (green). Plasma samples with at least 3% tumor
fraction measured using ichorCNA were included in this comparison. Tumor fraction and
iWFAF were strongly correlated (Spearman’s p = 0.77, P = 4.66 x 107190)_ (C) Boxplots
show distribution of iwFAF z-scores in regions with copy number loss, neutral, or gain
across 27 samples with at least 20% tumor fraction from patients with metastatic melanoma.
Z-scores were calculated using the mean and standard deviation of copy number neutral
regions from each patient. (D) Bar charts showing iwFAF values calculated from fragments
overlapping tumor-specific single-nucleotide variants in plasma samples from two patients
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with metastatic melanoma. iwFAF was calculated from all fragments (gray), fragments
carrying the tumor-specific allele (blue), and fragments carrying the wild-type allele (green).
iWwFAF values for mutated fragments were significantly higher than mutated fragments (P =
1.6 x 10715 and P = 3.6 x 1074, two-proportion Z-test).
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Fig. 2. Comparison of tumor fraction and iwFAF in longitudinal samples from patientswith

cancer.

(A) iwFAF values (upper graphs) and tumor fractions inferred using ichorCNA (lower
graphs) plotted for longitudinal plasma samples from two patients with metastatic
melanoma. Green and blue shaded regions indicate courses of treatment. Vertical lines
indicate response measured by imaging (RECIST): Purple indicates stable disease and
red indicates progressive disease. Standard deviations were calculated for each iwFAF
measurement based on the number of sequenced fragments and corresponding observed
standard deviation in resampling experiments from control samples. (B) Scatterplot
comparing change in iwFAF with change in ichorCNA tumor fraction between 63 pairs
of samples with measurable tumor fraction obtained from 13 patients with metastatic
melanoma (Spearman’s p = 0.68, P = 1.02 x 1079). (C) iwFAF values (upper graphs) and
tumor fractions determined using TARDIS (lower graphs) plotted for longitudinal plasma
samples from two patients with glioblastoma. Vertical red lines indicate clinical disease
progression. (D) Scatterplot comparing change in iwFAF with change in TARDIS tumor
fraction between 17 pairs of samples with measurable tumor fraction from three patients
with glioblastoma (Spearman’s p = 0.67, P = 3.47 x 1073). Five outliers were excluded from
the plot shown to improve visualization, with iwFAF change between timepoints of 5.878 x
1073, -1.950 x 1074, —4.223 x 1073, 6.784 x 1073, and 7.348 x 1073 corresponding to tumor
fraction changes of 1.1617 x 1072, —=1.0003 x 1072, -1.288 x 1073, 6.3 x 107>, and 5.7 x

1075 (data S7).
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Fig. 3. Analysis of nucleotide frequencies from genomic loci spanning fragment ends.
(A) Schematic of fragment end nucleotide frequency calculations used in GALYFRE.

Nucleotide frequencies were measured for positions 10 bp inside (positions 1 to 10) and
outside (positions —1 to —10) of each fragment end base (position 0), on the left and right
side of each fragment separately. We calculated the frequency of each nucleotide at each
position, across all aligned fragments in each plasma DNA sample. (B) Heatmap showing
the magnitude of correlation between iwFAF and each nucleotide frequency at each position.
Frequencies were calculated using 948 samples from 400 patients with metastatic breast
cancer. Darker colors indicate a stronger correlation (range of magnitudes of correlation
values: 0.003 to 0.66). The sum of correlations at each position is shown in gray above

the heatmap. (C) Mean adjusted magnitude of regression coefficients obtained from a
generalized linear model predicting iwFAF from 64 nucleotide frequencies.
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Fig. 4. Diagnostic performance for cancer detection using genome-wide analysis of fragment
ends.

Results from a random forest classifier (GALYFRE) trained to distinguish cancer patients
from healthy individuals, using iwFAF and nucleotide frequencies at fragment ends in
plasma whole genome sequencing data. Training and cross-validation were performed using
samples from 196 healthy individuals and 465 patients with cancer, representing 10 cancer
types. (A) Overall performance from patient samples found in this study, Cristiano et a/.,
and Jiang et al. combined based on iwFAF alone, the set of 9 nucleotide frequencies, and

the combination of the two (GALYFRE). (B) GALYFRE performance by disease stage.
Performance by tumor type and by stage within each tumor type is shown in fig. S16 and fig.
S17 and sensitivity values at 95% specificity are recorded in table S8.
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