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Abstract

Background: Existing methods to detect tumor signal in liquid biopsy have focused
on the analysis of nuclear cell-free DNA (cfDNA). However, non-nuclear cfDNA

and in particular mitochondrial DNA (mtDNA) has been understudied. We hypothesize
that an increase in mtDNA in plasma could reflect the presence of cancer, and that lev-
eraging cell-free mtDNA could enhance cancer detection.

Results: We survey 203 healthy and 664 cancer plasma samples from three col-
lection centers covering 12 cancer types with whole genome sequencing to cata-
logue the plasma mtDNA fraction. The mtDNA fraction is increased in individuals
with cholangiocarcinoma, colorectal, liver, pancreatic, or prostate cancer, in com-
parison to that in healthy individuals. We detect almost no increase of mtDNA frac-
tion in individuals with other cancer types. The mtDNA fraction in plasma correlates
with the cfDNA tumor fraction as determined by somatic mutations and/or copy num-
ber aberrations. However, the mtDNA fraction is also elevated in a fraction of patients
without an apparent increase in tumor-derived cfDNA. A predictive model integrating
mtDNA and copy number analysis increases the area under the curve (AUC) from 0.73
when using copy number alterations alone to an AUC of 0.81.

Conclusions: The mtDNA signal retrieved by whole genome sequencing
has the potential to boost the detection of cancer when combined with other tumor-
derived signals in liquid biopsies.
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Background

Circulating cell-free DNA (cfDNA), retrieved from liquid biopsy, has been exten-
sively studied for the detection and monitoring of cancer. Tumor-derived cfDNA
is commonly detected using somatic genetic alterations [1]. This approach is fac-
ing limitations in challenging liquid biopsy applications such as early cancer detec-
tion [2] due to low concentrations of ¢fDNA fragments in plasma, the fraction of
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tumor-derived molecules being even lower and the true genomic signal being diluted
by biological and technical noise from clonal hematopoiesis variants or sequencing
errors [3]. Tumor-informed sequencing can increase sensitivity to detect minute
amounts of tumor-derived cfDNA, but is expensive and only applicable following
tumor biopsy or in the post-surgery setting [4]. Reports have showcased how the
combination of multiple tumor-derived cfDNA signals (mutations, copy number,
fragmentation etc.), or different analytes (protein markers, extracellular vesicles),
can improve the sensitivity of liquid biopsy cancer detection [2, 5-8]. Previous stud-
ies have also utilized cfDNA of nuclear origin, associated with nucleosome subu-
nits or transcriptional factors to identify tumor-derived signals [9, 10]. However, the
potential of non-nuclear DNA, and mitochondrial DNA (mtDNA) in particular, for
liquid biopsy applications remains unknown [2].

Human cells contain hundreds to thousands of mitochondria, each of them car-
rying one or more copies of the 16,569 bp mitochondrial genome. This number can
vary depending on the cell type, and in disease settings such as cancer [11]. Reznik
et al. showed that in many types of cancer, tumor cells have fewer copies of mito-
chondrial DNA than the cells from normal surrounding tissues [12]. In certain
tumor types, the number of mitochondrial copies can be correlated with the inci-
dence of key oncogenic driver mutations [12]. The number of mitochondrial cop-
ies recovered per tissue can also be associated with mitochondrial gene expression
levels [13]. Alternatively, examination of human bladder, head and neck, and lung
primary tumors revealed a high frequency of mtDNA mutations [14]. Fliss et al.
indicated that mutated mtDNA was detectable in paired bodily fluids from each
type of cancer and was 19 to 220 times as abundant as mutated nuclear p53 DNA
[14]. Thus, mitochondria derived DNA can be detected in the bloodstream and has
potential as a cancer biomarker [13-16].

Tumor-derived mtDNA was previously found in the plasma of animal models
using PCR methods [16]. A direct application of this observation in human sam-
ples is challenging due to biological noise from the accumulation of non-cancerous
mutations in the mtDNA genome. In addition, the fraction of fragments originating
from mitochondria in plasma appears to be low, with a previously reported median
mtDNA fraction of 0.00038% [17]. To date, a systematic evaluation of plasma
mtDNA as a standalone or combined liquid biopsy approach in a broad range of
malignancies has not been performed.

In this study, we aimed to characterize circulating mtDNA in the plasma of cancer
patients using whole-genome sequencing (WGS). We first measured tumor-derived
mtDNA from liquid biopsies of animal models to compare how the mtDNA fraction
varied with the overall tumor load. We then quantified how the mtDNA fraction
varied depending on cancer type and stage. We explored the correlation between
mtDNA fraction and the overall tumor fraction in plasma as quantified from ctDNA
copy number profiles and mutant allele fractions. We used these observations to
integrate the mtDNA signal with genomic-based signals within a prediction model,
with the aim of determining whether the addition of mtDNA signal could increase
the sensitivity of cancer detection in an WGS-based liquid biopsy approach.
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Results

Normal and tumor-derived mtDNA can be retrieved and identified via liquid biopsy

First, we evaluated if tumor-derived mtDNA could be detected in liquid biopsy sam-
ples. Due to the increased amount and diversity of mutations in the mitochondrial
genome, this was challenging to demonstrate with a high level of specificity using
human samples. Therefore, whole genome sequencing (WGS) at 3 x coverage was
performed on plasma from 13 mice grafted intraperitoneally with a human colorectal
cancer cell line (Fig. 1A and Additional file 1: Table S1). The resulting sequencing data
was split between mouse derived reads (normal) and human derived reads (tumor) to
evaluate the specific fraction of mtDNA originating from cancer cells. Tumor derived
mtDNA was detected in all samples, and increased with the tumor load indicated
by an increasing peritoneal cancer index (PCI) (Fig. 1B). However, the correlation
between tumor mtDNA and the PCI (Pearson R=0.49, p =0.09) was not significant,
in contrast to the correlation between tumor nuclear reads and tumor mtDNA reads
(Pearson R=0.89, p<0.001) (Additional file 2: Figure S1). Analysis of the mtDNA size
profiles revealed differences between tumor derived mtDNA (median =57 bp) and
normal derived mtDNA (median=155 bp) (p<0.001, two-sided Mann—Whitney U
test) (Fig. 1C), but the read count was lower for tumor derived mtDNA (median = 124
reads) than normal derived mtDNA (median=2717 reads). These results indicated
that, as with nuclear reads, the fraction of circulating mtDNA and its fragmentation
characteristics could be an interesting target for exploration in human samples in the

context of cancer.
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The abundance of mtDNA depends on clinical status and cancer type

The proportion of mtDNA molecules was analyzed in 855 plasma samples from 655
patients with cancer and 200 healthy individuals using WGS with coverage varying
from 0.1X to 30X (Fig. 2A-B and Additional file 3: Table S2). To mitigate potential batch
effects, mtDNA fraction was evaluated per collection center (Australia — A, UK — U, The
Netherlands — N) with different cancer types assessed at each location. We defined the
mtDNA fraction as the number of reads mapping to the mitochondrial genome rela-
tive to the total number of sequenced reads after quality filters were applied. The over-
all median abundance of mtDNA in liquid biopsy was 0.0032% (range: 0.0017—0.0047%)
(Fig. 3A). The fraction of mtDNA in plasma was significantly increased in cancer cases
compared to healthy controls in cohorts U and A (Fig. 3A) (Wilcoxon rank sum test,
cohort A p=2.6e-11; cohort U p=0.00025), but not N (Fig. 3A) (Wilcoxon rank sum
test, p=0.48), which indicated that mtDNA fraction could vary depending on cancer
type. The mtDNA fraction in plasma largely did not differ by cancer stage in cohorts A
and N, as well as data from a publicly available dataset [17] (Fig. 3B-C, Additional file 2:
Figure S2) (Kruskal-Wallis, cohort A p <2.2e-16; cohort N p =0.39). However, an excep-
tion was in late-stage melanoma where we detected a significant decrease in mtDNA
fraction compared to earlier stages (Wilcoxon, p <0.001). In the healthy individuals from
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Fig. 2 Inclusion remarks for the plasma samples included in this study. A Inclusion remarks for all plasma
samples used in study categorized by research question. B Plasma samples included from each clinical center
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Fig. 3 The abundance of mtDNA in clinical plasma samples categorized by cancer stage and type. AThe
abundance of mtDNA depending on cancer status for clinical centers U, N and A. B mtDNA fraction in lung
cancer cases collected at clinical center N, categorized by TNM stage. The number of asterisks quantify the
statistically significant difference between the different TNM groups with healthy controls using Kruskal-
Wallis testing (*: p< =0.05, **: p< =0.01, ***: p< =0.001, ****: p< =0.0001, ns: non-significant). C mtDNA
fraction in melanoma cases collected at clinical center A categorized by TNM stage. The number of asterisks
quantify the statistically significant difference between the different TNM groups with healthy controls using
Kruskal-Wallis testing (*: p< =0.05, **: p< =0.01, ***: p< =0.001, ****: p< =0.0001, ns: non-significant). D
The abundance of mtDNA categorized by cancer type in samples processed under controlled pre-analytical
conditions in collection center U. The number of asterisks quantify the statistically significant difference
between the different cancer types with healthy controls using Kruskal-Wallis testing (*: p < =0.05, **:
p<=0.01,**p<=0001, *** p<=0.0001, ns: non-significant)

the same dataset, the mtDNA fraction was not altered by the age and gender (Additional
file 2: Figure S3). The mode of the mtDNA fragment size distribution was 84 bp in can-
cer plasma and 86 bp in the plasma of healthy individuals (D=0.58, p<0.001, K-S test)
(Additional file 2: Figure S4).

Due to the variation observed between healthy samples originating from different col-
lection centers (Additional file 2: Figure S5), we compared differences between cancer
types using cohort U, which is a single pan-cancer study with samples processed with
the same pre-analytical conditions. This revealed that there were significant differ-

ences in mtDNA fraction among different cancers (Kruskal-Wallis, p=1e-09), which
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is in concordance with prior results (Fig. 3D, Additional file 2: Figure S6). The plasma
mtDNA fraction was significantly increased in cholangiocarcinoma (p =5.8e-07), colo-
rectal (p=1.9e-05), liver (p=0.00029), pancreatic (p=0.00083) and prostate cancer
(p=0.00085) in comparison to healthy individuals (Fig. 3D). The mtDNA fraction in
breast, lung and ovarian cancer were not increased compared to the healthy controls
(Wilcoxon rank sum test, breast cancer p=0.51; lung cancer p=0.42; ovarian cancer
p=0.47). We observed that lung cancer samples did not show an increase in mtDNA
fraction across both cohorts which contained this cancer type (U, N). These results
implied that mtDNA fraction is not only influenced by the presence or absence of cancer
but also by cancer type.

Plasma mtDNA fraction is associated with the tumor fraction in plasma

The plasma mtDNA fraction was found to be correlated with the ¢fDNA tumor fraction
as estimated using copy number aberrations (ichorCNA) [18] and/or mutations (droplet
digital PCR (ddPCR) or targeted sequencing) using 655 cancer plasma samples and 200
healthy controls. A positive correlation between the mtDNA fraction and tumor frac-
tion (TF) was found in 6 out of 10 evaluated cohorts (Fig. 4A). The highest correlation
between the mtDNA proportion and the TF was observed for colorectal cancer (Pear-
son R=0.84 and R=0.71 for mutant allele fraction (MAF) and ichorCNA, respectively).
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Fig. 4 Relationship of mtDNA fraction and overall tumor fraction in plasma. A Pearson correlation
coefficients and corresponding significance levels between the mtDNA fraction and tumor fraction
estimated by either ichorCNA or MAF, categorized by tissue type and collection center (A, U or N). B mtDNA
fraction in the single pan-cancer dataset from cohort U separated based on tumor fraction as estimated by
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Renal cancer and glioblastoma had a low rate of somatic copy number alterations
(SCNA) detected in plasma, which may have led to the absence of a correlation between
mtDNA fraction and tumor fraction detected by ichorCNA (no MAF data was available
for these cases). As for tissue types that were collected in multiple clinical centers, breast
cancer cases consistently showed a positive significant correlation with the TF as esti-
mated by ichorCNA (clinical center A Pearson R=0.51, center U R=0.45), whereas for
the melanoma cases a positive significant correlation was only observed in the samples
collected at clinical center U (clinical center A Pearson R=-0.05, clinical center U Pear-
son R=0.65).

In the single pan-cancer dataset from cohort U, mtDNA levels similarly increased with
TF (Fig. 4B-D). There was a significant association between the mtDNA fraction and
the TF recorded by both ichorCNA and ddPCR (ichorCNA Pearson R=0.44, p =0.0023;
ddPCR Pearson R=0.4, p=0.0086) (Fig. 4C-D). However, samples that were classified
as undetectable by ichorCNA (TF<3%) also had significantly increased mtDNA frac-
tion with respect to the healthy controls (Wilcoxon rank sum test, p =0.0084) (Fig. 4B).
A similar significant increase in mtDNA fraction without detectable SCNAs was also
observed in samples from cohorts A and U across some individual cancer types (Addi-
tional file 2: Figures S7-S16). Thus, the signal conveyed by circulating mtDNA could
be, in part, related to additional biological features other than ctDNA release, such as
metabolic activity, explaining the moderate correlation observed. Nevertheless, as the
mtDNA signal was elevated in the absence of detectable SCNAs, we believed that using
mtDNA fraction for classification purposes could potentially aid in the detection of

cancer.

Harnessing plasma mtDNA to enhance the detection of cancer
To evaluate the application of mtDNA for the detection of cancer, we used a supervised
learning method on n =855 plasma samples, consisting of n=655 cancer samples and
n =200 healthy controls (Fig. 5A). To reduce the influence of batch effect on the perfor-
mance of the machine learning classifier, samples were corrected for batch effect prior
to the preprocessing step. Prior to data splitting, the dataset was randomly balanced to
yield an equal amount of healthy and cancer samples. This reduced the bias in the per-
formance metrics introduced by an overrepresented population in the test set. A ran-
dom forest classifier was trained on a subset of the data for constructing a classification
model. Performance was evaluated on the test set by assessing accuracy and area under
the curve (AUC) over 50 iterations. We tested three models that used the mtDNA frac-
tion and ichorCNA tumor fraction as sole features as well as in a two-feature setup. We
first tried a leave-one-cancer-out approach, by training each model on the whole data-
set but iteratively excluding one cancer type of cancer (Additional file 2: Figure S17).
Since the number of samples in each cancer type could be considered too low to draw
definitive conclusions from such an approach, we then focused on grouping all tumor
categories together to investigate the strength of harnessing mtDNA for the detection of
cancer.

By using mtDNA fraction as the sole feature, the classifier yielded a mean accuracy
of 0.6 (95% CI [0.51, 0.69]) and mean AUC of 0.65 (95% CI [0.54, 0.73]). The classifier
using the ichorCNA tumor fraction as the predictive feature scored a higher overall
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models trained using input features shown on the x axis. D Mean AUC retrieved from 50 iterations of testing
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performance with a mean AUC of 0.73 (95% CI [0.64, 0.82]). However, a combination of
ichorCNA tumor fraction and mtDNA fraction resulted in a significant increase in clas-
sification performance, both observed for the accuracy (increased from 0.69 to 0.73) and
mean AUC (increased from 0.73 to 0.82) (Wilcoxon rank sum test, accuracy p=0.0073;
AUC p=4.1e-10) (Fig. 5B-D).

Overall, this highlights the potential of combining mtDNA proportion with other met-
rics derived from WGS, to enhance the detection of cancer.

Discussion

In this study we characterized circulating mtDNA using plasma as a liquid biopsy and
demonstrated that the mtDNA signal could be retrieved using low coverage WGS and
showcased how it can be used to detect the presence of cancer.

First, we determined if tumor derived mtDNA could be observed in the bloodstream.
Using an animal model to by-pass the challenge of identifying tumor-derived mtDNA in
human samples, we observed that the amount of tumor-derived mtDNA levels increased
with higher tumor load which has implications for the detection of cancer using liquid
biopsies. We observed that the fragmentation of tumor-derived mtDNA was different in
comparison to the background mtDNA in the xenograft plasma, but diluted by the over-
whelming quantities of background mtDNA. Therefore, we ascertained that the fraction
of mtDNA in plasma, more than its fragmentation pattern, could be a biomarker corre-

lating with tumor load.
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Next, we demonstrated using pan-cancer cohorts totaling 655 samples that the
mtDNA fraction was increased in cancer patients’ plasma dependent on cancer type. In
patients with cancer, the fraction of mtDNA was significantly increased with respect to
healthy controls, with the exception of cohort N which consisted of only lung cancer
samples. The findings in cohort N were confirmed by cohort U where the mtDNA frac-
tion in lung cancer samples also did not differ from healthy controls. This phenomenon
in lung cancer could either be explained by the overall low mtDNA abundance in lung
tissue compared to other tissue types [13], or the difference in mtDNA copy number
depending on the tumor tissue context [12].

In contrast to previous studies focusing on cfDNA mutations, we observed that
mtDNA levels did not progressively rise with increasing TNM stage [2, 19]. These find-
ings were validated on publicly available data produced using different experimental
and computational pipelines [17]. A possible explanation for this phenomenon is that
mtDNA levels may also depend on the metabolic activity of the tumor and thus could
differentiate between tumors showing high versus low metabolic activity, compared to
ctDNA which better represents the overall tumor burden [11, 20]. Future work evaluat-
ing paired analysis of mtDNA levels and fluorodeoxyglucose (FDG) — positron emission
tomography (PET) imaging may provide insights into the relationship between tumor
metabolic activity and mtDNA levels.

By assessing a subset of pan-cancer data that was processed under controlled pre-
analytical conditions, we showed that the mtDNA fractions differed depending on tis-
sue type, where the mtDNA fraction was significantly elevated in cholangiocarcinoma,
colon, liver, pancreatic and prostate cancer. This is in concordance with previous studies
which observed altered mtDNA fractions in tissue [12, 13]. mtDNA fractions in breast
cancer and pancreatic cancer were significantly increased with respect to healthy con-
trols, which was confirmed by our analysis of a previously published dataset [17]. How-
ever, the observations we made from this dataset showed opposite patterns for ovarian,
lung and colorectal cancer compared to the findings from our cohort. The discordance
could be explained by a possible batch effect introduced through the collection of differ-
ent tissue types at different clinical centers [17, 21]. To allow for the potential effect of
pre-analytical conditions on the mtDNA fractions observed, appropriate use of negative
controls or healthy individuals is recommended to establish a baseline mtDNA fraction.
Nevertheless, liver and pancreatic cancer, two tissue types that are harder to detect in
liquid biopsy, showed an increase in mtDNA fraction compared to healthy controls [19].
Therefore, the mtDNA signal could potentially be leveraged to increase the detection of
these challenging cancer types using liquid biopsy.

Similarly, to our findings regarding tumor derived mtDNA in animal models, we
found that an increase in mtDNA was associated with a higher tumor fraction as derived
using SCNA and mutation-based quantification methods. However, the correlation was
dependent on the tissue type assessed, with colorectal cancer having the strongest cor-
relation with both SCNAs and MAF, followed by ovarian cancer. Both breast cancer
cohorts showed a positive correlation with SCNAs. Lung cancer and melanoma samples
from cohort U had a positive correlation with SCNAs. In contrast to the same tissue type
in cohort U, melanoma cases from cohort A did not present with increasing mtDNA
levels upon increasing tumor fraction. This could be explained by the lack of SCNAs
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detected in this cohort, and this observation should be confirmed on a larger cohort of
cases. Moreover, our cohorts were heterogenous and included baseline and post-treat-
ment samples from diverse treatment regimens. The potential of mtDNA (alone or in
combination with other markers) for monitoring treatment response in cancer remains
to be determined.

We demonstrated that by combining the mtDNA fractions with the tumor fraction
determined using a SCNA based analysis, the performance of the classification of cancer
cases from healthy controls could be improved. The added value of mtDNA is yet to be
evaluated in combination with other cfDNA features that can be retrieved using WGS
such as cfDNA fragmentation, transcriptomic or methylation features [2]. Viewing the
potential bias of technical (e.g. sequencing coverage, pre-analytical factors) or biologi-
cal origin (e.g. cancer type difference) affecting the mtDNA fraction, predictive models
should carefully consider these conditions before training.

A range of pre-analytical biases could alter our observations regarding the median
mtDNA fractions in the different cancer types. The choice of blood collection tube,
plasma isolation protocol or DNA isolation methods could alter cfDNA biological prop-
erties, and we could envision that they could alter mtDNA as well [21]. Given the differ-
ences between prior studies and models, we confirmed our observations by including
samples from 3 different sources, representing a key strength of our study. Moreover,
previous studies have demonstrated that by using single-stranded DNA library prepa-
ration, instead of double-stranded DNA, short-read cfDNA signals could be enriched
which may have implications for the mtDNA fraction recovered [22, 23]. In addition,
the choice of sequencing technology (either short-read or long-read) could potentially
enrich specific populations of mtDNA in plasma (ultrashort mtDNA or long circu-
lar mtDNA, respectively) [24]. Finally, our current approach is not tumor-specific and
this suggests that mtDNA released by healthy cells or free floating mitochondria could
not be distinguished from mtDNA released by solid cancer cells [25]. Using mutations
to detect mtDNA is potentially challenging due to the large number of non-cancerous
mutations, and previous works on plasma mtDNA have highlighted conflicting results
[14, 16, 26]. The rise of tumor-guided sequencing could provide new avenues to specifi-
cally track tumor-derived mtDNA in the plasma of cancer patients [27, 28].

Conclusions

In conclusion, our study characterizes circulating mtDNA in a large pan-cancer liquid
biopsy cohort of 867 plasma samples and reveals how the mtDNA level can be altered by
the tumor burden, clinical stage and cancer type. We show that mtDNA levels only par-
tially correlate with the tumor-derived cfDNA in plasma from these patients, and impor-
tantly can be informative when cfDNA analysis is uninformative. This suggests that
mtDNA analysis has the potential to provide new information reflecting the hallmarks of
cancer, currently missed by ctDNA, such as differentiating the aggressiveness of cancer
cells or alterations in their metabolism. Ultimately, mtDNA can be combined with other
existing ctDNA detection methods which can be retrieved from the same sequencing
data (mutation, copy number aberrations or methylation), thus providing a novel strat-
egy to increase the performance for detecting cancer through a liquid biopsy approach.
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Methods

Study design

A total of 664 plasma samples from 602 patients were collected across 18 cancer
types, together with samples of 203 healthy controls (Additional file 3: Table S2). Lung
cancer patients and healthy individuals were recruited following informed consent via
the Liquid Biopsy Center at the Amsterdam UMC, location VUmc and location AMC
(study approved by the Amsterdam UMC ethics board, METC U2019_035). Breast
cancer, melanoma patients and healthy controls were recruited following informed
consent with each study approved by the Peter MacCallum Cancer Centre Human
Research Ethics Committee (Breast HREC 15/72; Melanoma HREC 11/105 and 07/38;
Healthy controls HREC 98/36 and 17/56). Additional data were retrieved from a pub-
lic database (EGA accession number: EGAS00001003258) [9].

Cell culture and xenograft models

Colorectal cancer cell line MDST8 was obtained from the Sanger Institute (Cam-
bridge, UK) and cultured in Dulbecco’s modified Eagle’s medium/F-12 medium with
L-glutamine, 15 mM HEPES (Thermo-Fisher Scientific, Bleiswijk, The Netherlands)
supplemented with 10% v/v fetal bovine serum (Life Technologies), penicillin and
streptomycin. The cell line was authenticated by STR Genotyping and regularly tested
for mycoplasma infection.

Animal experiments were approved by the Animal Experimentation Committee at
the Amsterdam UMC (location AMC) and conducted in accordance with the national
guidelines. Female nude (Hsd:Athymic Nude-Fox1lnu) mice (6—12 weeks old) were
purchased from Envigo. Human CRC cells (10,000 cells/mice) in medium contain-
ing 50% matrigel (Corning) were injected intraperitoneally. Five weeks after tumor
cell injection, blood collection via cardiac puncture under anesthesia was performed,
immediately followed by euthanasia. Peritoneal tumor load was assessed using a scor-
ing system equivalent to the peritoneal cancer index (PCI) that is used in humans, as
described previously [29] (Additional file 3: Table S2).

Sample collection and DNA isolation

Blood samples from cohorts N and the animal model derived samples were collected
at the Amsterdam UMC in EDTA K2 tubes (Additional file 1: Table S1). The blood was
processed within 5.5 h post blood draw at 900 g for 7 min at room temperature. The
supernatant was collected without disturbing the buffy coat pellet and centrifuged at
2500 g for 10 min at room temperature. The plasma supernatant was collected, ali-
quoted in 0.5 mL Nunc tubes and stored at -80C until further use. DNA was isolated
from 3.2 mL of plasma using a QIASymphony Circulating DNA kit (Qiagen). cfDNA
concentration and size were determined post isolation using the Tapestation cfDNA
kit (Agilent). Blood samples were collected and cfDNA extracted from cohort A as
previously described [30-32]. Blood samples from cohort A were collected in EDTA
tubes and processed within 1 h after collection. Processing involved initial centrifuga-
tion at 1,600 g for 10 min to separate plasma from peripheral blood cells followed by
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a further centrifugation step at 20,000 g for 10 min to pellet any remaining cells and/
or debris.

Mutation assays

Mutant allele fractions (MAFs) for collection center A were derived either from the
results of droplet digital PCR or targeted panel sequencing (Additional file 1: Table S2).
Droplet digital was performed as previously described with mutation specific assays
used to screen for clinical actionable mutations from the cfDNA of metastatic breast
cancer patients [30] or used to identify matching tumor mutations from the cfDNA of
metastatic or stage II/III melanoma patients [31, 32]. Targeted capture-based sequenc-
ing of cell-free DNA samples was performed using the Avenio ctDNA analysis expanded
kit (Roche diagnostics) following manufacturer’s protocols. Between 6-10 ng of genomic
DNA were used for library construction and the purified libraries were pooled and
sequenced on an Illumina NextSeq 500 (Illumina). Variants were called using a special-
ized bioinformatic analysis workflow, which uses integrated digital error suppression
(iDES) system. Only non-synonymous single nucleotide variants (SNVs), insertions-
deletions (Indels), copy number variations (CNVs) and gene fusions were extracted for

analysis.

Library preparation and sequencing

For the cohort N and the animal model derived samples, the library preparation was
performed using the ThruPLEX Plasma-seq Kit (Takara) according to the manufactur-
er’s instructions. The quality and quantity of resulting libraries was checked using the
Tapestation D1000 kit (Agilent). Libraries were pooled in an equimolar amount and
sequenced on the NovaSeq 6000 (Illumina) with S4 flow-cells using 150 bp paired-end
reads. For cohort A, cell-free DNA samples were subjected to library preparation using
the NEBNext Ultra II DNA Library Prep Kit for Illumina (New England Biolabs) with
purification using AMPure XP beads (Beckman Coulter) based on the adaptor-ligated
DNA without Size Selection clean-up protocol. Eluted libraries were quantified using
High Sensitivity D1000 ScreenTape (Agilent Technologies). Libraries were pooled and
sequenced on a Novaseq 6000, 200 cycles, at the Australian Genome Research Facility.

Whole genome sequencing data analysis

For the animal xenograft model samples, the untrimmed human derived reads were
split from trimmed mouse derived reads by using bbsplit (v 38.79) with default param-
eters aligned to the human reference genome GRCh38 including alternate contigs and
the mouse reference genome GRCmm10. The human plasma-derived fastq files did not
undergo a trimming step, and were aligned to human reference genome GRCh38 includ-
ing alternate contigs with the BWA-MEM software (v0.7.17) using the default settings.
To annotate duplicate reads, Sambamba software was used (v0.8.1). Using samtools
(v1.9), reads with a MAPQ score below 30, PCR duplicates, secondary alignments, sup-
plementary alignments and unmapped reads were excluded from further downstream
analysis. As a post alignment check, samtools-flagstat (v1.9) and qualimap (v2.2.2) were
carried out.
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The proportion of mtDNA was calculated according to Eq. 1, where the amount of
chrM reads and of aligned reads were generated using samtools (v1.9).

readschrM

——  x 100
readsaligned x (1)

Prpnal%] =

Equation 1 Computation of the mtDNA fraction from the samtools output.

cfDNA fragmentation profiles were recovered using samtools stats (v1.9) for the
split human and murine reads or the Picard InsertSizeMetrics software (v2.22.2) with
HISTOGRAM_WIDTH=1000 for the human plasma-derived reads corresponding
to chrM. The fragmentation plots were generated using R (v3.6) with packages ggplot
(v3.3.5), dplyr (v1.0.7), tidyr (v1.1.3). Due to the low abundance of tumor derived reads
in the bloodstream, mtDNA reads were collated across xenograft models prior to frag-
mentation analysis.

Somatic copy number aberrations were retrieved using ichorCNA (commit
5bfc03e) with the alterations to the settings being: i) An in-house panel of WGS nor-
mals was created, ii) non-tumor fraction parameter start values were increased to
¢(0.95,0.99,0.995,0.999), iii) ichorCNA ploidy parameter start value was set to 2, iv) no
states were used for subclonal copy number and v) the maximum copy number to use
was lowered to 3. The reported tumor fraction was retrieved from the data using the
highest log likelihood solution.

Data analysis was performed in Rstudio (v1.2.1335) using R (v3.6.0). Plots were con-
structed using ggplot (v.3.3.5), dplyr (v.1.0.7) and tidyr (v.1.1.3) using default significance
levels.

Supervised learning
Batch effect between plasma samples collected at different clinical centers was corrected
by computing the Euclidean distance with respect to a positive (cancer) and negative
(healthy) control sample for each clinical center. The Euclidean distance with respect to
the positive control was divided by the Euclidean distance with respect to the negative
control to devise a final batch effect negated mtDNA metric (Eq. 2).

Supervised learning was carried out using a random forest classifier. 80% of the sam-
ples were used for training and 20% was reserved for testing. This process was repeated
fifty-fold to assess the reproducibility of the learning algorithm performance.

\/(xi - xcancer)2 + i — ycancer)2

d=
\/(xi - xhealthy)z + i — yhealthy)z

(2)

Equation 2 Euclidean distance metric to compute distance ratio d from any point

(%, y:) to point median cancer (Xcancer» Yeancer) and median healthy (Xpeaitnys Yneattny)-
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Correlation of mtDNA fraction with tumor fraction in cholangiocarcinoma from cohort U. Figure S10. Correlation of
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