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Abstract

Background. Despite the introduction of instant freezing of tumor specimens, formalin-
fixed paraffin-embedded (FFPE) blocks of tissue are still commonplace in clinical practice and
constitute an important reference for genetic epidemiology of cancer. We carried out a study of
a collection of breast tumors paired with lymph-node metastases and analyzed using advanced
computational methods, to determine how much information can be obtained from mid-depth
whole-exome bulk DNA sequencing.

Methods. We gathered 15 paired (primary and an involved lymph node) excised breast
tumors of different molecular subtypes (HER2+, triple negative, luminal A and luminal B
HER2-), from the National Research Institute of Oncology, Krakow (Poland) Branch. FFPE
specimens contained typical artifacts, manifesting themselves in spurious DNA variant calls.
We used several bioinformatics tools to remove the artifacts and analyzed the exomic data,
using both commercial and original in-house computational techniques.

Results. We used several of recent bioinformatics tools to remove the FFPE artifacts and
found a serious dispersal of outcomes. After calibration, a series of analyses was performed,
including copy number study, resulting in ploidy levels ranging from 1 to 5 (average of 2.5).
Positive association was found between the frequency of oncogenes relative to tumor suppressor
genes and DNA copy number. In addition, we carried out analyses of the clonal structure of
the data using original computational methods based on evolutionary modeling. Interesting
results concerning clonal structure, early tumor expansion, and interdependence of the primary
tumor and lymph node metastases have been obtained.

Conclusions. Despite the imperfections of the FFPE data, many important features of

molecular evolution of tumor DNA can be recovered from routine clinical samples.
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1 Background

The purpose of this paper is to confront the recent ideas of molecular evolution of tumors with
DNA-sequencing data obtained from routine pathology specimens of breast cancer, at a major
cancer therapy Center in Poland, the Krakow Branch of the Maria Sklodowska-Curie National
Research Institute of Oncology. The formalin-fixed, paraffin embedded pathology specimens, we
are working with in this paper, are still the work-horse of cancer diagnostics. They may constitute a
major resource of regional epidemiology of cancer, if their strengths and weaknesses are investigated
and understood.

Breast cancer is one of the most common cancers, and accounts for about one-third of all
malignancies in women, with mortality rate about 15% of the total number of cases diagnosed [45].
In 2022, worldwide 2.3 million women were diagnosed with breast cancer and 670,000 women died.
Incidence and mortality rate is influenced by age, ethnicity and geography [7]. Worldwide, there
were 2.26 million new cases in 2020 almost exclusively in women (over 12% of all new cancer cases
and 25% of all new cancer cases in women) [I [5]. In the same year, it was the cause of nearly
700,000 deaths, making it the fifth most deadly cancer type. In Poland in 2022, according to the
Polish National Cancer Registry, the most common cancers among women were breast (23.6%,
21,554 women) and lung (92%) and most deaths were caused by lung cancer (18%) and breast
cancer (15%, 6611 women) [3].

Breast cancer is a highly heterogeneous malignancy. The World Health Organization Classi-
fication of Breast Tumours (5th Edition) distinguishes 28 subtypes of invasive breast carcinoma.
Different breast tumor subtypes are characterized by different risk factors, clinical and histopatho-
logical features, outcome, and response to therapies. Histologically the most common invasive
type of breast cancer are: invasive ductal carcinoma and invasive lobular carcinoma. Less fre-
quent invasive subtypes include medullary, apocrine, tubular, mucinous, metaplastic, cribriform,
neuroendocrine, classic lobular, and pleomorphic breast cancer |7, [19].

Prognostic evaluation, treatment decision making and molecular classification is aided by im-
munohistochemical staining results for estrogene receptor (ER), progesterone receptor (PR), human
epidermal growth factor receptor 2 (HER2) and Ki-67 protein. Four main molecular subtypes are:
luminal A, luminal B, HER2-enriched, and triple-negative breast cancer (TNBC) [45] [7, [19]. Lu-
minal A subtype is characterized by ER/PR positivity and HER2 negativity and is most common
subtype (68% of cases) [3]. In Luminal A subtype Ki-67 expression is low and this subtype has

favorable prognosis and better response to hormone therapy [45] [7, 19]. Luminal B breast cancer
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expresses the hormone receptor ER and it can be: a) HER2-negative with at least one of: PR
low to none (<20%) and the biomarker Ki-67 highly expressed (> 20%) or b) HER2-positive with
variable levels of PR and Ki-67 [7]. Presence of higher levels of Ki-67 than in luminal A, indicates
accelerated tumor growth and is associated with worse prognosis [45]. These tumors can be treated
with hormone therapy and chemotherapy [45] [7, 19] and encompass about 10% of breast cancers
[19]. The HER2-enriched subtype represents 10-20% of breasts cancers, with lack of ER/PR expres-
sion and overexpression of HER2; this subtype usually has high expression of Ki-67, is often more
aggressive and has a worse prognosis compered to the luminal subtypes [45] [7]. However, patients
with HER2 overexpression can benefit from anti-HER2 therapies [45]. Triple negative subtype does
not express ER, PR, or HER2 and represents 10-20% of breast cancers [45] [7, [19]. TBNC is the
most aggressive of the four subtypes, with the highest proliferation index of Ki-67, with higher
risk of recurrence and poorer prognosis [45], [7]. TNBC often harbors DNA alterations and genetic
mutations, mostly associated with mutation in the BRCA1/2 genes [45, [7]. TNBC is also called
basal-like, characterized by the absence of all 3 receptors.

Breast cancer (BRCA) originates from the epithelial cells and show high mRNA signatures of
Epithelial-Mesenchymal Transition (EMT) [21], a mechanism that may support cancers metastasis.
To study the evolution and metastasis of BRCA, we performed the whole exome sequencing of the
data from 15 BRCA patients, using paired primary tumor and invaded lymph node (denoted P1
and L1, respectively), as depicted in Tables || and
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patient ID molecular subtype Sex Age Samples
1 G02 HER2+ F 38 PI1, L1
2 G04 HER2+ F 50 P1, L1
3 G30 HER2+ F 63 P1, L1
4 G31 HER2+ F 58 P1, L1
5 G32 TNBC F 72 P1,L1
6 G33 TNBC F 72 P1, L1
7 G35 TNBC F 47 P1, L1
8 G36 TNBC F 84 P1, L1
9 G40 Luminal A F - P1,L1
10 G41 Luminal A F 44 P1, L1
11 G43 Luminal A F 49 P1, L1
12 G45 Luminal B HER2- F 59 P1, L1
13 G46 Luminal A F 80 P1, L1, L2
14 G47 Luminal B HER2- F 29 P1,L1
15 (G438 Luminal B HER2- F 71 P1,L1

Table 1: List of BRCA patients. Two tumor samples were obtained and sequenced from each patient. P!
- primary tumor sample, L1 - lymph node metastasis sample, F' - female. In the G46 case, two lymph

nodes were ascertained.

The FFPE specimens contained artifacts typical for the fixation and preservation method (see
further on), resulting in spurious DNA variant calls. To remove these calls, we used the bioinfor-
matics tools, SOBDetector [14], FFPolish [16], DEEPOMICS and DEEPOMICS plus [26], which
identify context-dependent substitution signatures, but also other features such as variant frequency
and strand directionality. We found discrepancies in outcomes between the tools.

Aside from these important technical questions, our major purpose was to employ the variant
allele frequencies (VAF) synonymous with the site frequency spectra (SFS) to gather conclusions
concerning the clonal evolution of the breast cancer specimens. For this purpose, we employed
decomposition of the spectra developed by us in [11]. The analysis resulted in interesting conclusions
concerning clonal expansion and mutation and growth rates.

In addition, we carried out copy number analysis, resulting in ploidy levels ranging from 1 to 5

(average of 2.5). One of the reasons to perform the analysis was to verify if a positive association
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between the DNA copy number and frequency of oncogenes relative to tumor suppressor genes [43]

and other evolutionary characteristics holds in our data.

2 Methods

2.1 DNA sequencing of cell samples from breast cancer specimens

2.1.1 DNA sample collection and processing

Paired tissue samples from primary breast tumor locations and concurrent metastases to regional
lymph nodes, along with control samples from not involved lymph node, were collected in the
Department of Tumor Pathology of the Maria Sklodowska-Curie National Research Institute of
Oncology, Krakow (Poland) Branch. Cancer specimens were matched with normal tissue samples
used as a reference for individual genetic background (control samples). Of all 3-sample sets from
15 patients, four were HER2+ breast cancer subtypes (specimens G2, G4, G30 and G31), four were
triple-negative (specimens G32, G33, G35 and G36), four were luminal A subtype (specimens G40,
G41, G43 and G46) and remaining three were luminal B HER2- subtype (see Table 1)) according to
classification in [22] and thresholds provided in [7].

DNA samples were isolated in the Department of Tumor Pathology from macrodissected FFPE
tissue samples using a semi-automatic method available from Maxwell® RSC Instrument (Promega)
with the settings recommended by the manufacturer. The quality and amount of DNA was evaluated
using the NanoDrop 2000c spectrophotometer and fluorimetrically using the Qubit™ dsDNA HS
Assay Kit and the Qubit 3.0 device (ThermoFisher Scientific). Genomic DNA from each sample was
subjected to library preparation using the Agilent SureSelect Human All Exon V6 kit. Sequencing
was carried out using the Illumina NovaSeq X platform in a paired-end configuration with 150bp
reads. Each sample achieved a throughput of approximately 15Gbp. Both library preparation and

sequencing was performed by Novogene Europe.

2.1.2 DNA sequencing Quality Control

Quality control of raw sequencing reads was performed using FastQC and Fast() Screen. Reads were
aligned to the GRCh38 reference genome using BWA-MEM (v0.7.17) [30], with support for alterna-
tive contigs enabled. Post-alignment processing included duplicate marking using the MarkDupli-

cates algorithm from the Picard toolkit and base quality score recalibration with BaseRecalibrator,
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a component of the Genome Analysis Toolkit (GATK v4.2.6.1) [10]. Somatic variants were identified
using MuTect2 (v4.2.6.1) [10] based on matched tumor-normal sample pairs.

Shown below are the representative examples of coverage charts and read statistics (Figure |1f and
Figure , respectively) for samples G30 and G31. The coverage histograms and the read statistics for
all samples are in Figs[ST|and[S2] The sequencing statistics are listed in Supplementary Table[l} The
read statistics for all samples are subdivided into primary tumor (P1), cancerous lymph node (L.1),
and not involved lymph node (C), this latter providing control for detection of somatic mutations.
Based on our experience the quality of data obtained based on the FFPE material is comparable
to the quality of data obtained typically using fresh frozen (FF) material. We were able to obtain
>100x true median coverage for the regions captured by the Agilent SureSelect Human All Exon v7
probes, as shown on Figure[T This was achieved both due to high quality of the reads, moderate read
duplication rate for the total number of reads sequenced (>100 M/sample) and high mappability
rate, as shown on Figure [2]

While we are unable to compare the results based on FFPE and FF samples obtained from the
same individuals it seems safe to assume that for isolated DNA of good quality the results can be

comparable between FFPE and FF, as shown in [6].
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Figure 1: Exon coverage characteristics for the G30 (red) and G31 (blue) patient samples.
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Figure 2: Reads statistics for G30 and G31 patient samples.

Variant filtering was carried out with GATK’s FilterMutectCalls, incorporating sample contam-

ination estimates obtained via the CalculateContamination tool and read orientation bias metrics

10
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derived from the LearnReadOrientationModel tool. All high-confidence variants were annotated
using the Variant Effect Predictor (VEP v107) [33].

2.1.3 Removal of formalin fixation artifacts

Formalin-fixed, paraffin-embedded (FFPE) samples are among the most common type of material
collected in clinical settings due to the short time of sample preparation and the high durability of
preserved blocks [I6]. They are frequently used as specimens for histopathological and molecular
studies. However, the method of fixation with formalin causes nucleic acid damage which poses
challenge to using it as a source of genetic material for sequencing experiments. The artifacts of the
fixation with formalin (called further FFPE artifacts) arise mainly by deamination of cytosine to
uracil, which results in mismatched pairing by DNA polymerases [15]. In the sequencing data, this
is seen as enrichment in number of C>T and G>A (the opposite strand) substitutions and overall
a considerable number of spurious mutational variants compared to the fresh-frozen samples [15].
To account for the necessity of eliminating false-positive mutational variants, several strategies has
been developed, including enzymatic methods of DNA repair during isolation of genetic material
from FFPE blocks [8] and a set of bioinformatic approaches reviewed and compared with reference
data in [37].

Due to the fact that the genetic material was already sequenced, we did not have the possibility to
chemically remove FFPE artifacts which appears to be the most reliable method [37]. Instead we
need to rely on bioinformatic tools. In this work four of them were applied and their results tested:
SOBDetector[14], FFPolish[16], DEEPOMICS [26] and DEEPOMICS plus (unpublished release of
the same group). For the details regarding the tools characteristics, methods of working, input files
and achieved efficacy see [37].

Whole exome sequencing data described in this work were prepared accordingly to the requirements
of the tools. SOBDetector (v1.0.4) was executed using the original VCF and BAM files for each
sample. The tool annotated variants with an artiStatus label in the VCF INFO field. Variants were
labeled as “artifact”, “snv” and “uncategorized”. FFPolish (v0.1) was executed using the reference
genome and sample-specific BAM files. For each sample, the tool produced a filtered VCF file with
FFPE-induced artifacts removed. Additional annotations were added to indicate whether variants
were retained or removed during filtration. DEEPOMICS FFPE (and DEEPOMICS FFPE plus)
analysis was conducted using the on-premise version of the tool, in collaboration with Theragen

Bio. The same software is also accessible via the web portal at [2]. The pattern of variants retained
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by the tools listed above is shown in Figure The numbers were highest in case of SOBDetector,
significantly exceeding these observed after filtration with other tools and also the average number
of variants observed in The Cancer Genome Atlas (TCGA) [4] samples (see Results, section [3.1.1]).
In turn, the counts od variants obtained with other tools were too low for some sorts of analyses we
conducted (see later on), thus we decided to manipulate the FFPE score threshold in DEEPOMICS
result achieving more variants with lower allele frequency but still satisfactory efficacy of artifact
filtration (see Results, section [3.1.2).

2.1.4 Ploidy and purity estimates

Purity and ploidy estimates were obtained using ASCAT (Allele-Specific Copy Number Analysis
of Tumors) [42] which is an R package that infers tumour purity, ploidy and allele-specific copy-
number profiles from LogR and BAF tracks derived from the sequencing reads using tumor /normal
BAM pairs. It provides preprocessing (logR correction and germline-genotype prediction), allele-
specific segmentation and a purity—ploidy fitting procedure for robust copy-number calling in tumor
samples. Table [2| shows the purity and ploidy of the samples estimated by ASCAT. We calculated
baseline ploidy of the sample based on weighted average of copy number estimated by ASCAT in
genomic regions of a given sample. In some analyses, we used also the CNV levels of specific genome

segments.

12
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Patient ID Sample Purity Ploidy Molecular subtype

G02 P1 0.23 3.78 HER2+

G02 L1 1 2.02 HER2+

G04 P1 0.58 1.56 HER2+

G04 L1 0.31 4.52 HER2+

G30 P1 0.43 3.06 HER2+

G30 L1 0.48 3.58 HER2+

G31 P1 0.35 3.00 HER2+

G31 L1 0.5 2.86 HER2+

G32 P1 0.47 1.86 TNBC

G32 L1 043 3.44 TNBC

G33 P1 0.59 1.65 TNBC

G33 L1 0.62 1.55 TNBC

G35 P1 0.66 1.95 TNBC

G35 L1 0.44 1.89 TNBC

G36 P1 0.61 3.16 TNBC

G36 L1 0.31 3.21 TNBC

G40 P1 0.75 2.09 Luminal A

G40 L1 0.89 2.22 Luminal A

G41 P1 0.39 2.06 Luminal A

G41 L1 1 2.01 Luminal A

G43 P1 0.61 2.12 Luminal A

G45 P1 0.71 3.17 Luminal B HER2-
G45 L1 0.48 3.40 Luminal B HER2-
G46 P1 0.82 2.18 Luminal A

G46 L1 0.56 2.39 Luminal A

G46 L2 0.69 2.38 Luminal A

G47 P1 0.58 1.82 Luminal B HER2-
G47 L1 0.63 1.84 Luminal B HER2-
G48 P1 0.62 2.10 Luminal B HER2-
G438 L1 0.54 2.09 Luminal B HER2-

Table 2: ASCAT estimates of tumor purity and ploidy in BRCA cohort. PI - primary tumor sample, L1
- lymph node metastasis sample. G43 L1 sample’s estimate is not available. In the G46 case, two lymph

nodes were ascertained. 13
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For part of the samples we also obtained histopathology estimates of sample purity ranging
from 80 to 95 percent. Because the values seem to be unrealistically high for breast cancer [25] and
that we do not have these estimates from all samples, we decided to use ASCAT purity estimates

instead.

2.1.5 Mutational signatures

We used the R package mutSignatures together with BSgenome.Hsapiens.UCSC.hg38 to annotate
each single-base substitution with its genomic (trinucleotide) context against the hg38 reference
and to build the mutation-count matrix. Then, we used SigProfiler to perform mutational-signature
analysis on that matrix, extracting and fitting mutational signatures and matching them to known
COSMIC signatures.

2.2 Data and statistical analysis
2.2.1 Site frequency spectra

As mentioned in the Introduction, in a sequencing experiment with a known number of sequences we
can estimate, for each site at which a novel somatic mutation has arisen, the number of cells carrying
that mutation. Inference from evolutionary models of DNA often exploits summary statistics of the
sequence data; a common one is the so-called site frequency spectrum. Figure |3| gives an example:
time runs down the page.

The genealogy of a sample of n = 10 cells includes 14 mutational events. Mutations 1, 3, 4, 11,
13 and 14 (six mutations) are present in a single cell each; mutations 2, 5, 7 and 12 (four mutations)
are present in two cells; mutations 9 and 10 (two mutations) are present in three cells; mutation 8
is present in five cells and mutation 6 is present in nine cells. If we denote the number of mutations
present in k cells by S, (k), then in this example S,(1) = 6, S,(2) = 4, S.(3) = 2, S,(5) = 1, and
Sn(9) = 1, with all other S,,(j) = 0. The vector (S, (1), S,(2),...,5.(n—1)) is called the (observed)
site frequency spectrum, abbreviated to SF'S.

By convention, one includes only sites that are segregating in the sample — that is, sites at
which both the mutant and ancestral types are observed among the sampled cells. Mutations that
occurred before the most recent common ancestor of the sampled cells are present in every cell in

the sample; these non-segregating mutations are referred to as truncal mutations.

In most cancer sequencing experiments, we do not know the number of cells that were sampled,
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and, indeed, the DNA sequence of each cell cannot be determined from bulk sequencing data.
Nonetheless, we can estimate the relative proportion of the mutant at each segregating site, and
so arrive at a frequency spectrum based on proportions. Accordingly, instead of writing S, (k), we
write S(x) = S(k/n), with = treated as a continuous variable, such that x € (0,1). We continue
to use the term SFS for such a spectrum, as there should be no cause for confusion. In essence,
S(x) is an idealized version of the empirical variant allele frequency (VAF) graph. In addition, it is

convenient for reasons explained in Section 2.4 of [27] to define the cumulative tail of the SFS S(x)

7() = [ 8 de xe oy 0

The theory that allows computing the expectations of SF'S in populations with a given growth law
under the Infinite Site Model (ISM) of mutation, was developed concurrently by many researchers,
with one of the seminal papers published in 1998 by Griffiths and Tavaré [23]. The Griffiths-Tavaré
expressions are accurate but quite complicated. A computational method which works fast even
with very large sample sizes, was developed in a series of papers by Polanski, Kimmel, and co-
workers [38]. Tractable approximations were derived under the exponential growth hypothesis by
Durrett [I8]. A related approach based on linear birth-and-death processes is that by Lambert and

co-workers [28].
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Figure 3: (A) The genealogy of a sample of n = 10 cells includes 14 mutational events. Mutations 1, 3,

4,11, 13 and 14 (six mutations) are present in a single cell each; mutations 2, 5, 7 and 12 (four mutations)
are present in two cells; mutations 9 and 10 (two mutations) are present in three cells; mutation 8 is
present in five cells and mutation 6 is present in nine cells. (B) The observed site frequency spectrum,
S14(1) = 6, 514(2) = 4, 514(3) = 2, S14(5) = 1 and S14(9) = 1, other S, (k) equal to 0.

2.2.2 Variant allele frequency (VAF), site frequency spectra (SFS), and cancer cell
fraction (CCF)

This section is based on Reference [9] with slightly modified notation. The basic statistic that DNA
sequencing provides for each mutation is the Variant Allele Frequency (VAF):

VAF’i:fi:% (2)

Tmuti T Trefi
where 7y, and 7,.r; are the numbers of reads supporting the mutant (alternate) and reference
alleles, respectively. The convention we accept in this paper is that VAF is the observed manifes-
tation of the idealized SFS introdueced in the previous section. The sum of 7, ; and 7,.5; is the

depth of variant sequencing:

Di = T'mut,i + Tref,i (3)

In addition to this it is useful to represent the propensity of mutations or mutation clusters

through their “cellular prevalence” (CP, the fraction of cells carrying the mutation or mutations in
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the sample), or their “cancer cell fraction” (CCF, the fraction of tumor cells carrying the mutation
or mutations).

The copy number state m; of an SNV, also called its “multiplicity”, is key to understanding
VAF distributions of mutations. It is helpful to consider the product of mutation multiplicity m;

of a mutation ¢ and its cancer cell fraction CCF;:

We can relate u; and m; by the expression

where

potri + (1 — p) Mot i
p
In the expression above, p and n4.:; can be obtained through copy number analysis, f; can

ui:fi

be calculated from 7,,,.; and 7.7, using Equation 1, and the 14y, values are considered known
(typically equal to 2).

If we consider the bulk DNA sequencing in terms of drawing random sequences from the pool
of DNA extracted from the wildtype and mutated cells, r,,,; can be described by the binomial

distribution:

Tmut,i ™ B(Dz7pz) (4)

where p; is the frequency of the mutated allele in the sample, estimated by

~

= CCF, - CNus - (1= CCFy) - O (5)

where C' Nyt is the number of copies of the mutant allele in the mutant cells, C' Ny, is the total

copy number in the mutated cells, and C' Ny, is the ploidy of the normal cells. In the purely
diploid population, where C' N, = 1, and C' Nyt = CNyorm i = 2, p equals:
_ CCF

p T (6)

and
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VAF ~ CCF/2 (7)

Because of this, due to the complexity associated with the estimation of allele-specific copy
numbers, many methods use VAF as an approximate measure of the CCF. In particular, VAF
spectra, which represent the distributions of observed allelic frequencies for all variants in a sample,

have been found useful in the modeling of neutrality and selection in cancer research.

2.2.3 Inferring parameters for the neutral tail and mutation clusters from observed

site frequency spectra

Assuming a tumor consisting of H subclones, the expected number of mutations present in k copies
among a total of n alleles in the sequencing sample, following population genetics approaches such

as [23, [17, [11], is:
H

E (" (k)|6ir) ~ wo - guan (Klcr) + Y wn - Goeaic (K]pa) (8)

h=1
where wy is the number of mutations occurring neutrally in each clone, which follow a power tail
distribution gia (k|a) ~ 1/k* with power «. Each clone h expands from a most recent common
ancestor (MRCA) that already contained wy, mutations, which are inherited by the clone’s progeny.
These mutations follow gpeax (K|pn) = (Z) (1 — ph)"_k, where p;, is the clone’s mean variant allele
frequency (VAF). Therefore, the true site frequency spectrum (SFS, Eq. is characterized by
parameter set 0y = {wo, @, w1, P1, - ., WH, P }-

In our earlier work, we derived a sampling formula for the observed SFS that incorporates
sequencing coverage [11], and pertinent details are recounted here. We define ,. to be the probability
that a mutated site is sequenced with r reads. We assume these reads originate from distinct cells,
as the mean sequencing coverage (=~ 100) is magnitudes lower than the cell count (&~ 105 — 10°)
in sequencing samples. Given a mutation present in k copies and sequenced with r reads, each
read has probability k/n to exhibit the mutation, therefore the alternative read count follows z|r ~
Binomial(r, k/n). The expected number of mutations with observed VAF f € (fi, fo], for 0 < f; <
f2 <1, then follows:

n

E (S ((fi f)I0n) = S E(S"(k)I0) Y v - P (Binomial (7’, S) e (fur, fgr]) (9)

k=1

For the computations, we assume sequencing samples with n = 1000 copies. The observed SFS S
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is tabulated from data with bin size b = 0.01. We then seek the parameter set 6y such that Eq. [9]
best matches S for each bin (f1, fo] = (0,0], (b,20],..., (1 —b,1].

To find 0y, we employ Approximate Bayesian Computation sequential Monte Carlo with ran-
dom forests (ABC-SMC-DRF), a method we previously developed for likelihood-free parameter
inference [12]. We assume prior distributions a ~ Uniform(0.5,5), pp, ~ Uniform(0, 1) and w,, wy, ~
Uniform(0, 2 - }S ), where ’5’ } is the number of mutations in the data. ABC-SMC-DRF samples
parameter sets 0y from these priors, computes the corresponding expected SFS from Eq. [9] then

evaluates the error e(fy) = >0 |5 (bin b) — E (S (bin b)|6)|. A random forest is contructed from

the combined reference table, and the posterior distribution for fy is extracted by applying target
statistic e(fy) = 0. ABC-SMC-DRF performs this step iteratively, where the parameter sets in
later iterations are drawn from the posterior distribution of the previous step. The result from the
final iteration contains the joint posterior distribution for fy. We will skip further details since

they can be found in a forthcoming publication.

2.2.4 Deterministic models of SF'S under neutrality and population growth

In this section, we show a simple theory, which allows interpreting SF'S power function tail compo-
nents of the SF'S with exponents different from —2. Spectra with power exponent equal to —2 were
previously used in the intuitive MOBSTER software by Williams and Co-workers [44] and are be-
lieved to represent the neutrally evolving subpopulations of exponentially-growing cell populations
with constant mutation rate. The area A under this component of the spectrum can be proved to
equal n times the “reduced mutation rate” u/r (roughly, mutation rate per cell division), where n
is sample size equivalent to the sequencing depth and i and r are rates of mutation and exponential

growth respectively. This allows us to estimate the reduced mutation rate by

) _ 4 o

r n
Durrett, in reference [I7], solidified mathematical foundations for stochastic theory, based on, among

other, previous works by Griffiths and Tavareé [23] as well as a birth-death process. Exponents
different from —2 started recently appearing in simulations and empirical observations, such as e.g.,
in [32], and these were Tung and Durrett [41] who put a special-case model on a solid stochastic
process footing.

We proceed as follows. Consider a population of dividing cells with a positive growth rate g(V),

where N(t) is the population size at time t. Suppose that mutation rate (per time) is equal to
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h(N). Let M(t) represent the number of mutations that occurred up to time t. Mathematically,

this means
N(t) = g[N(t)] (11)

M(t) = h[N(t)] (12)

Equation has an implicit solution

N
t = / . (13)

N(0) 9()
Under neutrality, variant frequency f is equal to the reciprocal of the population size at the time

t¢ when the mutation occurred:

f=N(t,)™" (14)
The latter equation has a unique solution if g(N) > 0. The tail T'(f) of the SFS, i.e., the number
of variants with frequency greater than f is equal to the integral of M (t) from 0 to ty:
tr . ty
7(7) =Mty = [ rceyar = [ nva (15)
0 0
Proposition. Let us assume that g : Ry — Ry \ {0} so that N(t) increases with ¢. Then the
cumulative tail of the SFS has the form
7 h(v)
T(f) = M(t;) = / Y g 16
(=)= [ 2 (16)
Proof Under the hypothesis, we can substitute v = N(t), yielding dv = N(t)dt = g(v)dt. In
addition, based on Equ. , N(ts) transforms into f~', hence the assertion.

Corollary. SFS equals S(f) = —dT(f)/df. We can restate the expression by substituting

¢ = v~ under the integral. This will result in

r(n)= [ M0 a )

r Pigleh)
and
S(f) = =17 7() = f’;‘;{}i) (18)
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Conclusions

1. If g(v) = rv®, and h(u) = pu, where r and p are correspondingly growth and mutation rates,

f —(2-8) _
1=t [ =t sy = e (19

Let us notice that the solution of Equ. (L1)), with N(0) = 1 has the form

N() = (1+ (1= F)re)= (20)
if 5 € (0,00) \ {1}, with N(¢) = exp(t) if 5 = 1. In other cases, we may have N(t) 1 oo

as t T 7‘(,6’—1—1)’ i.e., population explodes in finite time. However, since (1 + (1 — B)rt)ﬁ =

e +o((1—B)r), then if |1 — B|r is small, the expression becomes close to the exponential

function, while the explosion time recedes to oo.

2. Explosion of solution, which is biologically impossible, can be avoided by applying a logistic
term in the growth rate function, e.g., by replacing the right-hand side of Equ. by

g(v) =° (1 — %) (21)

where B is the carrying capacity (ultimate limit on tumor size). In this case the explicit
solution does not generally exist, except for integer 5. However, computations prove the

logistic term affects the SFS only for f-values below certain threshold.

3. In Conclusion 1, SFS has the power tail with exponent —a = beta — 3, i.e., it is equal to

—a = 2 if f =1, consistent with the exponential population growth.
4. Based on Conclusion 1, the estimate of u/r can be constructed as

—

1 - 2-5

where f,;, = 1/n is the lowest f for which SFS can be theoretically computed with sam-
ple size (sequencing depth) n, and A%ﬁﬂ)_l is the “correction for sample size and non-
exponentiality” term, which becomes equal to 1/(n — 1) ~ 1/n if § = 1, i.e., identical in
practice to the correction in Equ. If we use the model with logistic term, the correction

is still approximately valid.
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3 Results

3.1 Comparison of impact of removal of FFPE-induced spurious muta-

tion calls, using different bioinformatics tools
3.1.1 Number of variants per sample before and after filtration

Mutational variants from the BRCA cohort were filtered first by coverage (> 10) making such
prepared samples “unfiltered” reference point. The average number of variants per sample was
close to 7500 in both, primary tumor and lymph node. Comparing to the number of variants seen
in TCGA database (on average ca. 450 variants per sample), this number is unusually large. Using
bioinformatics tools we attempted to filter out artifacts of formalin fixation. The proportional
share of three categories: SNV, artifact and uncategorized among unfiltered variants are shown
in Figure [l After filtration with SOBDetector still a large proportion of variants was retained
(Figure [4] upper panel and Fig. [S4), with the average of ca. 4000 variants per sample. FFPolish,
in turn, left a small number of variants (Figure 4, middle panel and Fig. , on average 141 in
primary tumor (P1) and 124 in lymph node sample (L1). DEEPOMICS and DEEPOMICS plus
retained on average 200-250 variants (Fig. [S4)). The difference of frequencies of possible categories
between tools results from the differences in their algorithms, with SOBDetector also marking part

of variants (among others insertions and deletions) as “uncategorized”. See [37] for more details.
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Figure 4: Numbers of all variants per sample with marked categories assigned with three chosen
protocols of filtration for primary tumor (P1, left column) and lymph node (L1, right column). Bar
charts for SOBDetector (upper panel) and FFPolish (middle panel) represent share of the three
categories: snv, artifacts and uncategorized in total count of variants. Bar chart for DEEPOMICS
with cutoff FFPE score adjusted to 0.25 shows number of variants retained after filtration with

respect to the total count of variants.
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3.1.2 Filtration efficacy

To evaluate filtering efficacy we examined the counts of single nucleotide variants (SNV’s) belonging
to respective nucleotide substitution categories (Figure [5)). Because of the fact that we do not have
fresh-frozen counterparts of our samples we compared them to the samples from fresh-frozen breast
cancer material from the TCGA database, taking it as an approximate reference point. The results
shown in Figure [5| clearly show significant enrichment of or sequencing data with mutations charac-
teristic of formalin fixation as a method of sample preservation. Moreover, these results show that
SOBDetector failed to remove most of the artifacts. The results obtained with FFPolish filtration
were better and the most effective was the DEEPOMICS software, for which the proportional share

of variants resembles that seen in TCGA.

100

[ IT>GA>C
[ IT>CA>G
O T>A A>T
I c>G G>C
B C>A G>T
B C>T G>A

80

60

Percent

40

20

Dataset

Figure 5: Filtration efficacy of FFPE-removing software in comparison with TCGA breast cancer
data. Shown is the percentage of variants belonging to particular categories. Complementary base

substitution were merged together for brevity.
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3.1.3 DEEPOMICS results after FFPE score threshold adjustments

Due to the fact that DEEPOMICS was the most effective in variants removal, we chose this software
for further analyses. However, the overall low number of variants after filtration made it difficult
to perform some of them. Therefore, we adjusted the default threshold value of FFPE score (0.5)
to lower value (0.25). Results of the adjustment are shown in Figure [4] (bottom panel): the average
number of variants per sample increased to 453 in primary tumor and 511 in lymph node samples.

Filtration efficacy decreased, but it was still far better than the outcome of the other tools (Figure|5)).

3.2 Analysis of frequencies of driver mutations

We tallied the mutational hits across the whole cohort in genomic regions encoding known breast
cancer driver genes (Figure @ Analyzed were only mutations which impact protein structure
(missense, frameshift etc. variants) and have variant allele frequency (VAF) > 0.05. The most
frequently mutated genes differ in cases before and after filtration but are similar in primary tumor
and lymph node sample groups. Among the most often mutated driver genes are TP53, PIK3CA
and GATA3 in which the mutations belong to the most prevalent in specific subtypes of breast
cancer [35, 36). The overall number of mutations in driver genes was significantly reduced after
filtration (from 76 and 81 to 18 and 20 in P1 and L1, respectively), but the extent of reduction

(76%) is significantly lower than among remaining variants (93%).
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Figure 6: Number of mutational hits across the whole cohort in genomic regions encoding known breast
cancer driver genes. Shown are only mutations which impact protein structure and have VAF > 0.05 before
(top row) and after the filtration with DEEPOMICS with FFPE score threshold adjusted to 0.25 (bottom

row) for primary tumor (P1, left column) and lymph node metastasis (L1, right column).

Next, we determined in which samples the mutational hits occur and how many mutations per
sample we observe (Figure @ The heatmaps show comparison of driver mutation counts before
and after filtration with DEEPOMICS with FFPE score threshold adjusted to 0.25. After filtration
the most often mutated genomic region of POLQ) disappeared and we see only single mutation per

driver encoding region per sample.
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Figure 7: Count of breast cancer drivers per sample before (top row) and after filtration with DEEPOMICS
with FFPE score threshold adjusted to 0.25 (bottom row). Shown are results for primary tumor (P1, left
column) and lymph node metastasis (L1, right column). Color corresponds to the number of mutational

hits in genomic region encoding particular driver gene.

Finally, we compared how many mutational hits are shared by both primary and lymph node
(Figure . Before filtration, some mutations were observed in both of the paired samples but there
was also a number of mutations which were unique to the primary tumor or lymph node metastasis.
Filtration with DEEPOMICS left intact mostly mutations present in both P1 and L1, and only two

mutations unique to lymph node metastasis.

27


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

unfiltered: L1 vs P1

both
Goz_ T 17T T T I.I T rrrrT LA I I B |
g%f | I.I | -I | .
G31f |
2 gg%: u L primary tumor only
3 0
G401 I
n gﬂi: [ ] lymph node only
G451 F |
&gk m |
G4B_I 1 \._l_._l.l | N N N [ I [ N S | none
rm{mrrrmrmrrmﬁmuomr@rmmmqurmo
Eme e LAnToaXoom I N
x800{%55Ew%§22m32m%35§%QK{Nﬂﬁg
CWF O A<O0XY TOLF Lo L2 =W a5
ia) fog—- oo oo HdT Lo XL
g<< oo ==Z
T =
<

DEEPOMICS 0.25: L1 vs P1

ggﬁlI‘I‘I‘IIIIII‘I‘IIIII.IiII‘III.IIIIIi‘I‘IIII both
G30

primary tumor only

l lymph node only

— none

AKT"JII\I\I\IIIIIII

APOBEC3B
ARID1A
ARID1B

BAP1[
BARD1|
BRCA1}
BRCA2|
BRIP1
CASPS [
CCND1F
CDH1F

MAP3K1 |

BRCA driver gene

Figure 8: Driver mutations present in primary tumor or lymph node across samples before and after
filtration with DEEPOMICS with FFPE score threshold adjusted to 0.25. The color corresponds to the
category: overlapping mutations (dark blue), mutations present only in P1 (cyan) and mutations present

only in L1 (green).

In the data filtered with DEEPOMICS TP53 mutation was present in all BRCA subtypes (except
luminal A), PIK3CA was present in all subtypes with the smallest count in TNBC, we observed also
two mutational hits in GATA3 and single hits in CTCF, MAP2K4, NCOR1 and TBX3, all consistent
with the results presented in [36] and [34]. Additionally we observed one mutation in IKZF3 (found
also as often occuring in HER2+ cancers [31], as in our cohort) and in POLQ associated with poor

prognoses in breast cancer patients [29].
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3.3 Oncogenes and tumor supressors at variable CNV Levels

We carried out joint estimation of copy number variation (CNV) and fraction of tumor cells (pu-
rity, p) in all 31 specimens, using the ASCAT software. As it is known, ASCAT, and other equivalent
methods can provide two or more nearly equivalent estimate sets. The reason is that a cell popu-
lation which is a mixture of normal cells (diploid) and tumor cells (variable CNV) may be barely
distinguishable based on DNA sequencing from another one that has a lower purity but a higher
CNV. In such doubtful cases, we decide by coordinating of average CNV levels of the P1 (primary)
and the L1 (invaded lymph node).

Figure [9] depicts ASCAT estimates of DNA CNV (ploidy) levels in segments of chromosomal
regions, for all specimens analysed in the study. Certain patterns can be found, such as the pre-
dominant gains in specimens G02, G04, G30, and G31 (HER2+ tumors), losses in specimens G32,
G33, and G35 (TNBC tumors), and mainly diploid genomes in G40, G41, G43 and G46 specimens
(luminal A tumors). Due to limitations of the size of our sample these findings are not systematic,
but low copy number alterations were reported for luminal A subtype [36] while luminal B were
found characterized by complex landscape of copy number changes [34].

The main reason for CNV analysis at the genomic scale is to understand the pattern of genome
evolution. For example, if a given driver is present at the region of CNV twice the normal (i.e.,
ca. tetraploid, or 4), but its VAF equals 0.25, then this means that the corresponding nucleotide
substitution occurred after this portion of cell’s genome was duplicated. If the VAF equals 0.75,
this may mean that nucleotide substitution before duplication, but then one copy of the region in
question was lost, etc. Dissecting relationships such as this may facilitate determining the order in
which the CNV of different parts of the genome evolved.

Another aspect of the problem is selection for the oncogenes (OG) and tumor suppressor genes
(TSG). Assuming that a mutated OG positively affects cell proliferation, this action is increased if
it exists in an increased copy count. The same, but to a different extent may be true for a mutated
TSG. Therefore by the action of selection, the ratio of mutated OG to TSG elevated or reduced in
the regions of increased CNV, with the opposite hypothetical trend being present in the regions of
reduced CNV. A thorough analysis, based on a number of cancer types is summarized in Figure 2
in reference [43]. These authors show empirically the positive correlation of CNV with elevated OG
to TSG ratio.

We carried out a slightly different, but equivalent analysis, based on BRCA COSMIC cancer
genes [40], relating the CNV of the region harboring given drivers to either the regular ploidy (= 2)
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or to the average ploidy of a given tumor. The analyses were carried out in two versions: Using
unfiltered calls which have a strong admixture of FFPE-related artifacts, and using calls filtered by
DEEPOMICS software [26], which seems to correctly restore the mutational spectrum in BRCA to
that typical of frozen non-FFPE specimens from TCGA.

Details are depicted in a series of figures in this section and in the Supplement. Figure [10|shows
the result of analysis of copy number in genomic regions containing driver genes in all samples
before (top panel) and after filtration with DEEPOMICS with FFPE score threshold adjusted to
0.25 (bottom panel). The background dashes (horizontal for P1 and vertical for L1) correspond
to the relative copy number in the region with respect to assumed normal ploidy, where "down”
(blue) represents copy number loss vs "normal” (green) ploidy and "up” (red) represents copy
number gain. The assumption of "normal” genome ploidy equal to 2 is not very realistic in the
case of BRCA cancer for which frequent copy number gain and very heterogeneous copy number
profiles were reported [35] [34]. We calculated the average copy number in three major groups of
genomic regions: containing tumor suppressor genes (TSG), oncogenes (OG) and OG/TSGs. Our
results (Figure top panel) indicate that the average copy number in all three groups is higher
than 2 (with the highest values in the oncogene group). Therefore, in parallel, we conducted an
analysis with baseline ploidy of the sample estimated as weighted average across genomic regions
in this sample (see Figure . The plot area of both figures is divided into three major groups:
genomic regions for tumor suppressor genes, oncogenes and a cluster of genes acting in different
ways depending on specific context, such as e.g., a BRCA subtype or a specific mutation type.
In both figures a noticeable increase of copy number (prevalence of red marks) is seen in regions
containing oncogenes. Assuming baseline ploidy calculated for specific samples, which is on average
equal to 2.4 in primary tumor and 2.6 in lymph node metastasis, this effect is not that prominent
(due to a general increase in ploidy). In this case, in turn, the decrease of copy number in regions
encoding tumor suppressor genes might be noticed (Figure . Also the region containing the
TP53 gene (here classified as a mixed-role gene) is characterized by a lower than baseline copy
number; this effect is shared among most of the samples which additionally have mutational hit
in this gene. These results are consistent with literature reports which show also amplifications in
regions containing PIK3CA, FOXA and ERBB2 (encoding HER2 protein) genes and copy number
loss in regions containing RB and MAP2K4 [4].

We determined how many BRCA-driver containing genomic regions fall in the category of increased,

decreased and normal (unchanged) copy numbers. Results are subdivided into three major groups:
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TSG, OG and dual effect genes OG/TSG. In all three groups, the fraction of regions with increased
copy number is higher than that with decreased. In the TSG group half of the genomic regions have
copy number equal to 2 (Figure , middle and upper panel); this value is similar in OG group and
slightly higher in OG/TSG cluster. The percent of regions with increased copy number is similar
between TSG and OG/TSG groups, while in OG group it is increased. The fraction of regions with
decreased copy number is the highest in TSG, moderate in OG/TSG and the lowest in OG groups.
For each sample we tested independence between copy-number category (down vs. normal vs. up)
and other groupings using the chi-square test for 2 x 3 contingency tables. Reported values are
the chi-square statistic (x?) and two-tailed p-value. Distributions of number of regions containing
TSG and OG in P1 and L1, with copy number decreased, normal and increased have shown that in
both groups regions containing OG are significantly enriched among amplifications, while regions
containing TSG are more frequent among (loss of copy).
This trend, which is most clearly shown by Figure [11} remains present also in the case of baseline
ploidy of the samples estimated as the weighted average of genomic regions in these samples (Figure
, bottom panel) but the fraction of regions falling to each category shifts towards unchanged
(normal) and decreased (down) diploid in this region. Except for the OG group, there are more
regions with copy number lower than baseline than the opposite.

There exists a significant difference in the distribution of copy number in regions encoding driver
genes between primary tumor and lymph node samples. In general, lymph node samples have higher

average copy number, overall and in regions containing driver genes.
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Figure 10: Ploidy in genomic regions encoding driver mutations in all P1 and L1 samples before (top
panel) and after filtration with DEEPOMICS with adjusted FFPE score threshold (bottom panel).
Dashes (horizontal for P1 and vertical for L1) represent relative ploidy in region with respect to
assumed normal ploidy equal to 2. The change in ploidy is encoded with color: green - normal
ploidy, red - increased ploidy, blue - decreased ploidy. Additionally mutations in driver genes are
marked by diamond (P1) and circle (L1). Horizontal axis of the graph is sorted by driver gene
function and divided into 3 major groups: TSG’s, OG’s and OG/TSG’s. In each of the major

groups driver genes are sorted in descending number of mutational hits.
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Figure 11: Statistics of copy number in regions encoding driver mutations across all P1 and L1 samples,
assuming normal ploidy equal to 2. Top panel: Average copy number in regions encoding three major
groups of driver genes: TSG, OG and OG/TSG. Middle panel: Fractions of regions with copy number
increased (red), decreased (blue) or unchanged (green) with respect to normal ploidy assumed equal to 2.
The height of the bar depicts proportional share in given major group, while the numbers above are the
counts of regions of a given type. Bottom panel: Fractions of regions encoding driver mutations in P1
and L1 with copy number unchanged (normal), increased (up) and decreased (down) in the three major
groups of driver genes. Distribution of TSG and oncogenes OG in P1, comparing copy number down vs.
normal vs. up (counts: down — TSG 71, OG 10; normal — TSG 154, OG 76; up — TSG 88, OG 58):
x? = 18.6, p < 0.001. In L1 (counts: down — TSG 46, OG 6; normal — TSG 148, OG 62; up — TSG
107, OG 71): x? = 15.8, p < 0.001. Both results are significant — TSGs are enriched among copy loss
and OGs are enriched among amplifications. Total counts of regions with copy number down/normal/up
(TSG, OG, and OG/TSG combined) across P1 and L1 (counts: down — P1 108, L1 70; normal — P1
336, L1 303; up — P1 184, L1 231): x? = 14.7, p < 0.001. The result is significant — P1 shows relatively

more copy losses while L1 shows relatively more amplifications.
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3.4 Variant allele frequency (VAF) and cancer cell fraction (CCF) spec-

tra

As mentioned in Methods, we carried out analyses of two types of spectra: SFS and CCF, in
both cases using data either unfiltered and hence including FFPE-related artifacts, or filtered using
DEEPOMICS software [26]. We present a review in the next subsection.

In addition, we carried out evolutionary analysis using a novel tool developed by Khanh N. Dinh,
based on a probabilistic methodology in [11] (see Methods for detail). Results and conclusions of

that analysis are presented in a further subsection.

3.4.1 Review of the unfiltered and filtered spectra

Since the mutation pattern of our samples is highly heterogeneous, we decided to present the
spectra of individual samples in the Supplement. In this section, we present aggregates of all
samples. Please note that in the model such as that outlined in the Methods, a typical spectrum
of mutations in the expanding cell population should have two or more overlapping components:
The first counting from the left, corresponds to the neutral mutations from all cell clones, while the
centrally located “hump” (at frequency close to 0.5 after correction for purity) corresponds to the
truncal mutations inherited from the ancestral cell of the tumor. Further humps may correspond
to additional subclones. The neutral component is theoretically a decaying power curve, but it is
frequently corrupted by removal of the lowest-frequency data as a result of data-cleaning [I1].

In the aggregate spectra as depicted in Figure we distinguish a very strong “neutral” compo-
nent in the unfiltered data, but mostly the dominating truncal and subclonal humps in the filtered
ones (panels filtered using the DEEPOMICS software under different settings). The most interest-
ing shape of all graphs exhibits the spectrum generated using the FFPolish software. However, the
overall low number of post-filtration variants and moderate efficacy in filtering out the characteristic
artifacts of formalin fixation excludes it from further analysis.

In addition to the shape of aggregated spectrum Figure shows also the position of driver
genes in the frequency spectra. Marked with red are bars for VAF frequencies at which mutation
variants in driver genes were observed. The count of driver genes in particular VAF thresholds is
shown in a corresponding Supplementary Figure [57]in the semi-logarithmic scale.

To take into account purity and ploidy which vary across samples, we calculated Cancer Cell
Fraction (see Methods) and presented it in a form of aggregated site frequency spectrum (Figure

13). As in the previous case, the bars present at frequencies where driver mutations were found are
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Figure 12: Site frequency spectrum (SFS) based on aggregated variant allele frequency (VAF) from

patients samples from primary tumor (P1, left column) and lymph node metastasis (L1, right column).

With red marked are bars for VAF thresholds in which mutation variants in driver genes were observed.

Each panel from top to bottom was generated using different filtration method. Note the differences on Y

axis between methods.
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Figure 13: Site frequency spectrum (SFS) based on aggregated cancer cell fraction (CCF) from patients
samples from primary tumor (P1, left column) and lymph node metastasis (L1, right column). With red
marked are bars for VAF thresholds in which mutation variants in driver genes were observed. Each panel
from top to bottom was generated using different filtration method. Note the differences on Y axis between

methods and the range of X scale (CCF not rescaledT.
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marked with red. Corresponding figure in a semi-logarithmic scale showing the number of driver
mutations in each bar was included as the Figure [S§]

In both cases, i.e., in unfiltered and SOBDetector-processed datasets, driver mutations are
present in almost all bars with lowest frequency (above 0.05 threshold for VAF imposed on mutations
in regions encoding driver genes), while we would expect them to be shared by larger proportion of
variant calls. In case of FFPolish- and DEEPOMICS- filtered data, most drivers fall into frequency
thresholds from 0.2 to 0.5, which after correction for purity and ploidy and calculation of CCF
spectrum shifts them towards the 1/2 of observed frequencies (see cluster of drivers around value 1
in panels depicting FFPolish and DEEPOMICS results).

Another interesting finding concerns the overlaps of mutations between the primary and lymph

node subsamples. Results, following DEEPOMICS fitering are presented in Figure [14]

1200 T T T T f f : I Shared
[ Unique P1
1000 - | [ Unique L1

800

600

Variant count

400

200

G02 G04 G30 G31 G32 G33 G35 G36 G40 G41 G43 G45 G46 G47 G48

Figure 14: Result of analysis of mutations common in P1 and L1 and mutations unique to these
categories in samples following DEEPOMICS filtering. Please note the differences in share of

common and unique mutations between patient samples.
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3.4.2 Computational analysis of the spectra

We carried out decompositions, as described in Section of the diploid portions of the SFS
spectra of the paired primary (P1) and lymph node (L1) specimens. Because of small sample size
partly due to removal of FFPE artifacts, not all of these are informative. However, we identified 3
pairs of specimens, G33, G40, and G41, in which the decomposition led to interpretable results. In
Figure the raw SF'S from data is depicted by slim black bars, while the grey and brown outlines
are the estimated profiles of the neutral power-curve component, and the truncal hump). However,
coordinates of the hump and its size, relative to the neutral component vary.
Estimates of the parameters of the spectrum and some characteristics of the samples are listed in
Table . Let us note that according to the usual interpretation [44], for regularly diploid genomes
the centroid of the truncal hump should correspond to f, = 0.5 x p frequency, where p is sample
purity. In other words, the f;,/p = 0.5. However, although for G33 this index is equal to 0.47 (P1)
or 0.41 (L1), which is close to 0.5, for G40 it is equal to 0.16 (P1) or 0.15 (L1), and for G41 it is
equal to 0.34 (P1) and to 0.13 (L1). We return to this discrepancy in the Discussion,

We focus mainly the on analysis of the identified “neutral” power curve components depicted
by black lines in Figure [I5] In all cases, the exponents of the power curves vary around —1, in a
strong departure from the —2 value, characteristic of the exponential growth. Based on Conclusion
4, Section this suggests that in early phases of growth, the population of cells with neutral
mutations, has been increasing its growth rate as rN”, with 3 = 3 — o = 2, which means faster
than exponentially. The corresponding estimates of the reduced mutation rate /7/\7", vary from 3.5

to 37.18 mutations per division, which are ca. 2 orders of magnitude higher than in normal exomes.
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D PI/LI a A p Ko p CNV n fom B/0S ufr

G33 P1 1.02 167.62 0.28 109.38 0.59 1.65 72 0.014 34 37.07
L1 0.86 45.30 0.25 7090 0.62 155 80 0.013 35 13.65

G40 P1 0.83 7445 0.12 10255 0.75 2.09 85 0.012 30 23.64
L1 0.80 108.64 0.12 66.36 0.89 222 73 0.014 32 37.18

G41 P1 1.24 6266 041 12934 0.39 2.06 8 0.012 33 7.81
L1 1.12 1890 0.12 219.10 1.00 2.01 61 0.016 30 3.50

Table 3: Estimates of parameters for the P1/L1 pairs from patients G33, G40, and G41, based on
SFS spectra depicted in Figure [15] Notation: P1, primary; L1, lymph node; «, estimated power
exponent of the neutral power curve; A, estimated neutral mutation count; pg, estimated centroid of
the SE'S “hump”; K, estimated “hump” mutation count; p, ASCAT-estimated sample purity; CNV,
ASCAT-estimate; n, DNA sequencing depth, f,,;, = 1/n, minimum estimable mutation frequency
based on the sample, B/10%, sequenced specimen’s estimated volume in cubic milimeters assumed

corresponding to B million tumor cells; m, estimated reduced mutation rate.
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Relationships between the diploid portions of the SEF'S spectra of the paired primary

(P1, left) and lymph node (L1 right) specimens. We consider 3 pairs of specimens (A) G33, (B)
G40, and (C) G41. In each case, the raw SFS from data is depicted by slim black bars, while the

grey and brick outlines are the estimated profiles of the neutral power-curve component, and the

truncal hump, respectively). However, coordinates of the hump and its size relative to the neutral

component vary. For more detail, see discussion in the text.
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3.5 Mutational signatures

As described in Methods, we performed the analysis of mutational signatures to identify mutational
processes likely impacting the tumor samples and also as another layer of FFPE-removal efficacy
control (Figure [L6]).

After filtration, the contribution of signatures identified as “Possible sequencing artefacts”
(SBS58) and also SBS30 and SBS1 (the signatures reported to be enriched in FFPE samples [24], 26])
was markedly reduced or eliminated in most samples, while persisted in “predicted artifacts” panel.
On the other hand, signatures consistent with biological processes (“clock-like” signatures: e.g.
SBS5) remained largely unchanged. This shift increased the relative share of true mutations. A
subset of samples, however, still show residual artifact-associated signal after “cleaning”, indicating

incomplete removal or low purity of the samples.

sample type  fraction of mutations
LN
0 02 04 06
original data cleaned data predicted artifacts

= L= 5 =
EENENEEEENNEEEEEEEN BN §F BB EEE BN §F B EEEENEEENERE smpetype
Deamination of 5-methylcytosine
sBS2 APOBEC activity
SBS3 Defective HR DNA repair; BRCA1/2 mutation

sBS1

SBS5.
SBS8.

SBS100 POLE mutation

sBS10c Defective POLD1 proofreading

sBs12

$BS13 APOBEC activity

SBS15 Defective DNA mismatch repair

SBS19
sBs21 Defective DNA mismatch repair
SBS23

SBS26 Defective DNA mismatch repair

$BS30 Defective BER; NTHL1 mutation

$BS33
s8S37
$BS39

sBs42 Haloalkane exposure

SBS46 Possible sequencing artefacts

SBS54 Possible sequencing artefacts

SBSS6 Possible sequencing artefacts

SBSS8 Possible sequencing artefacts

SBS84 Activity of AID

sasao
sBse2 Tobacco smoking
sases

sBso7

Figure 16: Heatmap of mutational-signature exposures per sample (columns) assigned by SigPro-
filer. Three panels show unfiltered data, data after filtration with DEEPOMICS (central panel),

and in rejected artifacts. Color represents fraction of mutations contributed by each SBS signature.
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4 Discussion

In this paper, we carried out analysis of whole-exome DNA sequencing data from FFPE breast
tumor specimens collected for diagnostic evaluation of post-surgery follow-up. As is known, FFPE
technology of tissue preservation induces DNA alterations that lead to spurious variant calls in
sequencing. Therefore, the initial pre-analysis step entails possible identification and removal of the
spurious calls. We were unable to use any of the chemical reversal tools currently on the market, but
we had at our disposal bioinformatics tools such as SOBDetector [14], FFPolish [16], DEEPOMICS
[26] and other, with varying sensitivities and specificities. As discussed in Section [2.1.3] SOBDe-
tector is identifying too few and FFPolish too many variants to match the characteristics of TCGA
fresh-frozen tumors. As futher explained in Section and the forthcoming publication [37], we
decided to employ DEEPOMICS with the FFPE score adjusted to 0.25 from the standard value
0.5, to increase the proportion of low-frequency variants, needed to visualize the descending neutral
tail.

Based on the results of the analyses of the SNV type distribution (Section and the muta-
tional signatures (Section: , the method chosen (DEEPOMICS with 0.25 FFPE index thresh-
old) seems to be a good compromise between enrichment in low-VAF variants and the efficacy of
filtration.

Our CNV analyses confirm the rough outline of copy number alterations in breast cancer. Purity,
ploidy, log-ratio and total copy numbers were identified simultaneously by ASCAT [42]. Average
ploidy in the tumors varies in the interval [1.5,4.52] and with slight exceptions is close for the
(P1, L1) pairs. The pairs with highest average ploidy are likely to have undergone whole-genome
duplication (WGD) followed by successive ploidy-reducing divisions [13]. Chromosomal landscape
of gains and losses is similar as in the cases in a highly cited triple negative breast cancer study [20],
including gains in Chromosomes 1 and 8 and losses in Chromosome 4. As discussed in the Results,
dependence on breast cancer molecular type is seen, but the sample size is to small to make the
findings systematic.

Analysis of the OG/TSG ratio hypothesis ([43], Figure 2), which locates the high ratio values
in increased copy number genomic regions, and the low ones in decreased copy number regions,
confirms the hypothesis. The statistics are concurrent with the seminal paper by Watkins et al.
[43] and a recent modeling study [13], and highly significant (see Results, Section [3.3)). Our results
indicate a significantly increased copy number in regions containing OGs and decreased in TSGs

compared with normal ploidy of the sample. This outcome remain true if we assume as a reference
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the “normal” ploidy equal to 2, and also if we assume as a refrence the weighted average of all
genomic regions in given sample). In addition, we found a significant difference in the distribution
of copy number in regions encoding driver genes between primary tumor and lymph node samples,
with the latter having generally higher copy number (on average and in regions containing driver
genes).

We discussed at length in the Results section, how removal of spurious calls is changing the shape of
the mutational spectra. To briefly summarize, the unfiltered spectra dominated by spurious FFPE-
induced variant calls, are mostly right-skewed, which is only partly altered when the CCF spectra
are computed (Figures 12| and . Filtering, particularly using DEEPOMICS software, brings out
a finer structure of neutral and selective (“humplike”) components. They can be resolved in several
specimens, with interesting conclusions drawn.

As noted before, according to the usual interpretation [44], for regularly diploid genomes, the
centroid of the truncal hump should correspond to f, = 0.5 x p frequency, where p is sample purity.
This law is satisfied approximately in some case, while it is violated in other, as it can be concluded
from examples in Section (Figure [15). There exist at least three alternative interpretation
of the apparently misplaced truncal humps: (i) Most of tumor mutations occur at non-diploid
background (ii) purity is much worse in some cases than estimated by ASCAT, and (iii) the humps
in the spectra are not truncal at all, but mixtures of secondary sub-clones of cells, as proposed in
many sources, including [I1]. Based on the current data, it is difficult to resolve this problem.
However, it is possible to analyze the inferred neutral components of the spectra in several cases,
as we did in Section (Table [3). Based on a simple theory developed in Section [2.2.4] we
estimated the exponent « of the power law components of the P1 and L1 specimens, to obtain
values consistently varying around o = 1. This led us to estimates ;7/7“ of the reduced mutation rates
(mutation per division), which were consistently 10 to 100 times higher than in normal eukaryotic
cells. Another interesting observation is generally high overlap of mutations in the primary tumors
and lymph node metastases (Figure , which also applies to driver mutations that recur between
the primary tumor and the lymph node (Fig. . This seems to support the hypothesis that
metastasis and primary tumor are systematically exchanging cells, as opposed to metastases being

seeded by a very limited subset of cells.
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5 Conclusions

Summing up, despite the imperfections of the FFPE data, many important features of the molecular
evolution of tumor DNA can be recovered from routine clinical samples. A positive association
was found between the frequency of oncogenes relative to tumor suppressor genes and DNA copy
number. In addition, interesting results concerning clonal structure, early tumor expansion, and

interdependence of the primary tumor and lymph node metastases have been obtained.

45


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

List of abbreviations

ABC-SMC-DRF - Approximate Bayesian Computation sequential Monte Carlo with random forests
BRCA - breast cancer

CCF - cancer cell fraction

CNV - copy number variation

EMT - epithelial-mesenchymal transition

ER - estrogene rceptor

FF - fresh frozen

FFPE - formalin-fixed, paraffin-embedded
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A Appendix: Data acquisition and cleaning

A.1 Additional files

Supplementary Table 1: Sequencing statistics for all BRCA samples (file: Supplementary_Table_1.xlsx;
18 KB)

A.2 DNA sequencing quality control

Shown below are the exon coverage statistics for all samples in the cohort (Figure. The sequenc-
ing statistics are presented in Supplementary Table [T, They list the read statistics for all samples,
subdivided into primary tumor (P1), cancerous lymph node (L1) and benign lymph node (C), used
as control for the detection of somatic mutations.

The read statistics for our BRCA group are shown in Figure [S2] The graph showing sequencing
depth (coverage) is included as Figure

Figure S1: Exon coverage characteristics for all BRCA samples.
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Figure S2: Read statistics for all BRCA samples.
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Figure S3: Sequencing coverage of SNVs and Indels across samples in BRCA cohort.

Figure [S4) shows the count of variants retained in each sample after filtration with each tool
and, additionally, the count of variants in the case when FPPE score threshold was changed to
0.25 in the result of DEEPOMICS. The numbers were highest in case of SOBDetector, significantly
exceeding these observed after filtration with other tools and also the average number of variants
observed in TCGA samples. In turn, the counts of variants obtained with other tools were too low
for some of the analyses we conducted, and therefore we decided to alter the FFPE score threshold
in DEEPOMICS to enrich the outcome with variants with lower allele frequency, but retaining

sufficient efficacy of filtration (see Figure [5)).
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Figure S4: Count of single nucleotide variants retained in primary tumor (P1, left column) and
lymph node metastasis (L1, right column) samples by each of the tools and number of variants for
DEEPOMICS with adjusted FFPE score threshold (DEEPOMICS 0.25). Both sample groups are

shown in linear (top row) and log (bottom row) scale.

B Appendix: Additional details of genomic analysis

B.1 Driver ploidy

Figure shows the result of analysis of copy number change in genomic regions encoding driver
mutations in all samples before (top panel) and after filtration with DEEPOMICS with adjusted
FFPE score threshold (bottom panel). The background dashes (horizontal for P1 and vertical for
L1) represent relative copy number in region with respect to assumed normal ploidy of sample equal
to weighted average of all genomic regions in this sample. The plot area of both figures is divided
into three major groups: tumor suppressor genes (TSG), oncogenes (OG) and a class of genes
(OG/TSG) acting in different ways depending on specific context, such as e.g. a BRCA subtype or
a specific mutation site.

For such estimated baseline ploidy, which in most cases is higher than 2, the proportion of copy
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Figure S5: Ploidy in genomic regions encoding driver mutations in all P1 and L1 samples before
(top panel) and after filtration with DEEPOMICS with adjusted FFPE score threshold (bottom
panel). Dashes (horizontal for P1 and vertical for L1) represent relative ploidy in region with
respect to assumed normal ploidy of the sample equal to weighted average of all genomic regions
in this sample. The change in ploidy is encoded with color: green - normal ploidy, red - increased
ploidy, blue - decreased ploidy. Additionally mutations in driver genes are marked by diamond (P1)
and circle (L1). Horizontal axis of the graph is sorted by driver gene function and divided into 3
major groups: TSG’s, OG’s and OG/TSG’s. In each of the major groups driver genes are sorted

in descending number of mutational hits.
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Figure S6: Statistics of copy number status in regions encoding driver mutations across all P1 and L1
samples, assuming normal ploidy of the sample equal to weighted average of all genomic regions in this
sample. Top panel: Average copy number in regions encoding three major groups of driver genes: TSG,
OG, and OG/TSG. Middle panel: Fractions of regions with copy number increased (red), decreased
(blue) or not changed (green) with respect to assumed normal ploidy equal to 2. The height of the bar
depicts proportional share in given major group, while the numbers above are the counts of regions of given
type. Bottom panel: Fractions of regions encoding driver mutations in P1 and L1 with copy number
not changed (normal), increased (up) and decreased (down) in the three major groups of driver genes.
Distribution of TSG and OG in P1, comparing copy number down vs. normal vs. up (counts: down —
TSG 112, OG 21; normal — TSG 168, OG 91; up — TSG 33, OG 32): x? = 26.27, p < 0.001. In L1 (counts:
down — TSG 99, OG 17; normal — TSG 152, OG 74; up — TSG 50, OG 48): x? = 29.25, p < 0.001.
Both results are significant at p < 0.05 — TSGs are enriched with copy number loss and OGs are enriched
among amplifications. Total counts of regions with copy number down/normal/up (TSG, OG, OG/TSG
combined) across P1 and L1 (counts: down — P1 190, L1 167; normal — P1 358, L1 313; up — P1 80,
L1 124): x? = 13.53, p < 0.001. The result is significant at p < 0.05 — P1 shows relatively more copy

number losses while L1 shows relatively more amplifications.

o4


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

number gains (marked with red color in the graph) is lower than for reference ploidy equal to 2.
Instead, we observe the decrease of copy number in regions containing tumor suppressor genes. The
region containing TP53 gene (here classified as a mixed-role gene) is characterized by lower than
baseline copy number and this effect is shared by most of the samples which have an additional
mutational hit in this gene.

We checked how many BRCA-driver containing genomic regions fall in the category of increased,
decreased and normal (unchanged) copy number. Results are subdivided into three groups: TSG,
OG and OG/TSG. In all three groups fraction of regions with unchanged copy number is higher
than in the remaining categories.

The fraction of regions with increased and decreased copy number is similar between TSG and
OG/TSG groups while in the OG group, the highest increase in copy number is observed. In
addition, the fraction of genomic regions with decreased copy number is the smallest.

This trend, which is most clearly shown by Figure[11]remains present also in the case of estimated
baseline ploidy of the samples. All 3 x 2 comparisons were tested using two-tailed y? test for
contingency tables of gene class (TSG vs OG) or sample (P1 vs L1) versus outcome (down vs

normal vs up). Counts are the numbers of genomic regions.

B.2 Site frequency spectra

In this section, we first present aggregates of all samples. In the aggregate spectra as depicted in
Figure [S7], shown are also the positions of BRCA drivers in the frequency spectrum. The counts of
driver genes at particular VAF frequencies are marked with red and shown in the logarithmic scale.

To take into account purity and ploidy which vary across samples we calculated Cancer Cell
Fraction (see Methods, Section and presented it in the same form as the aggregated VAF-
based site frequency spectrum (Figure . As in the previous case, the bars at frequencies where
driver mutations were found are marked with red.

In both cases, in unfiltered and SOBDetector processed datasets driver mutations are present
in almost all lowest frequency-bars (above the 0.05 threshold for VAF imposed on mutations in
regions containing driver genes), while in a growing and mutationg tumor they are expected to be
shared by a larger proportion of variant calls. For the FFPolish- and DEEPOMICS-filtered data
most drivers fall into frequency thresholds from 0.2 to 0.5, which after correction for purity and
ploidy and calculation of CCF spectrum shifts them towards frequency close to 1.0. Please see the
cluster of drivers around value 1 in panels depicting CCF spectra under FFPolish and DEEPOMICS
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Figure S7: Site frequency spectrum (SFS) based on aggregated variant allele frequency (VAF) from
patients samples from primary tumor (P1, left column) and lymph node metastasis (L1, right column) in
the log scale. With red marked are bars for VAF thresholds in which mutation variants in driver genes
were observed with actual number of drivers belonging to this threshold. Each panel from top to bottom

was generated using different filtration method. Notjge the differences on Y axis between methods.
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Figure S8: Site frequency spectrum (SFS) based on aggregated cancer cell fraction (CCF) from patients
samples from primary tumor (P1, left column) and lymph node metastasis (L1, right column) in the log
scale. With red marked are bars for VAF thresholds in which mutation variants in driver genes were
observed with actual number of drivers belonging to this threshold. Each panel from top to bottom was
generated using different filtration method. Noticdfhe differences on Y axis between methods and the

range of X scale (CCF not rescaled).
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filtrations. In additon, see Equ. , which explains the relationship between the scales of the CCF-
vs. VAF-based spectra.
B.2.1 Listing of SF'S and CCF spectra of all specimens

Figures represent site frequency spectra for individual samples, based on VAF (Figs|S9| and
S10) and CCF (Figs and [S12). Shown are results before (Figs|S9and [S11]) and after filtration
(Figs [S10] and [ST2).
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Figure S9: SFS based on VAF for all samples (unfiltered) for primary tumor (P1, left column) and

lymph node metastasis (L1, right column).

fgﬁﬂ_ L1: Go2
04'“"‘“1“-lu L L L |

0 02 04 06 08 1
2000/ ' ' ~ L1: G04
1000¢

0 s " " " A

0 02 04 06 08 1

500;‘I|m.mI L1: G30
0 elbe, I I I Al

0 02 04 06 08 1

5007 ' ' T L1 G31
ulllllllhlllll"— . . . .

O 02 04 06 08 1
10007 L1: G32
500;1“‘"5

0 [T 1 1 1 A

0 02 04 06 08 1
5007 ' ' L1 G33

udllmhmllnla_ L 1 1 |

0O 02 04 06 08 1
200f L1: G35

0 02 04 06 08 1
10007 ' ' ~ L1 G36
500-“”“

0 e

0O 02 04 06 08 1

500 m ' L1 G40 |
0 [T 1 1 1 A

0 02 04 06 08 1
500 ' ' — 1. Gal

0O 02 04 06 08 1
20007 ' ' L1 G43
1000-““.

0 | Fr— " " " A

0 02 04 06 08 1
5““'“' ' ' 1T G45 |

0 kel

0O 02 04 06 08 1

500“‘" ' ' —L1: G46
0 a1, "l I 1 1 A

0 02 04 06 08 1
2000 - G47
1uuu-|m"

0 ..

0 02 04 06 08 1
10007 ' ' 1" G48 |
5uu-|m|h

0 |- " " " A

0 02 04 06 08 1

VAF


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

50_I”| ' ' ' P1: G02 | 50l ' ' ' L1: G02 |
0 1hadal, " 1 L n 0 u..nl“lll“"hll-lu tod L 1 " |
0 02 04 06 08 1 0 02 04 06 08 1
sol " P1: G04 sof I"m L1: G04 |
0 al |, . L L | 0 il s L L |
0 02 04 06 08 1 0 02 04 06 08 1
20f ||| ' ' " P1: G30] 20f ||||| ' " LT G30 ]
18- ol el 0. . . | 18- 1N T . :
0 02 04 06 08 1 0 02 04 06 08 1
;g' ' ' ~ P1: G31 ;g' ' ' T L1 G31 |
0 u‘l‘lm|n|hlmb‘| l L L A 0 uﬂﬂ.l'lllll‘l"l"l']-l e b " A
0 02 04 06 08 1 0 02 04 06 08 1
;g' ||||“ ' ~ P1: G32 ;g' ' ' L1 G32
0 |- . L L A OJ__I‘.II.I.I.I.I.IL.I.I.I.II“IHJllll . L L |
0 02 04 06 08 1 0 02 04 06 08 1
;g' ' ' ~ P1: G33 ;g' ' ' L1 G33
ojllllll“mmlmnlllhnln . DA_A_AIJII“II‘H‘I‘““IL“I el o
0 02 04 06 08 1 0 02 04 06 08 1
fg' | | ' ~ P1: G35 | fg' ' ' ~ L1 G35 |
0 et Ly ot . , , OA__LkI‘I“I"'lI"IIlluJ , , !
0 02 04 06 08 1 0 02 04 06 08 1
& s0f . : ; P1: G36 50 ||| ' ' " L1: G36 |
% 0 _.Jm“l"m“ml.m - 0 Lily .
0 02 04 06 08 1 0 02 04 06 08 1
fg- ' ' ~ P1: G40 fg' ' ' L1 G40 |
Oujllnlllﬂlﬂlll il . o ul L A OA.JA||I.||‘I|‘"I|II [T [T [ AR | L |
0 02 04 06 08 1 0 02 04 06 08 1
fg' ' ' P G41 | fg' ' ' L% G41 |
0M|||ni.h|.n... — 0 .,,1..‘""'"‘.“ ]
0 02 04 06 08 1 0 02 04 06 08 1
50¢ ' ' — P1: G43 50F ||||| ' T LTt G43 |
0 L..nl.hl|||l||llul.u L. . , ) 0 Lo, . . )
0 02 04 06 08 1 0 02 04 06 08 1
407 ' ' — P1: G45 407 ' ' L1t G45
20t 20t 1
OJHMHHHHIIHIIMHLM. sl | OA_IJI‘||IIIIH|I|MIL|M"“-|I i sn L |
0 02 04 06 08 1 0 02 04 06 08 1
20 ' ' ~ P1: G46 | 20y ' ' LT G46 |
10} 10} :
0._.-I|II||||MI||"|-‘|-|-|L.|..... L A 0..|.|||hl||||llk.|nll.ll [T . . |
0 02 04 06 08 1 0 02 04 06 08 1
50F ||i ' ' P1: G47 ] 50f ' ' ' L1 G47 ]
0 N . L L A 0 u_dl‘“mﬂ.m- | P L L |
0 02 04 06 08 1 0 02 04 06 08 1
20! |”| P1: G48 20l ||||| [1- G438 |
0 aeliny L L | 0 ||||I|| Leal L L |
0 02 04 06 08 1 0 02 04 06 08 1
VAF VAF

Figure S10: SFS based on VAF for all samples (filtered with DEEPOMICS with FFPE score
threshold= 0.25) for primary tumor (P1, left column) and lymph node metastasis (L1, right column).
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Figure S11: SFS based on CCF for all samples (unfiltered) for primary tumor (P1, left column)

and lymph node metastasis (L1, right column).
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Figure S12: SF'S based on CCF for all samples (filtered with DEEPOMICS with FFPE score equal
to 0.25) for primary tumor (P1, left column) and lymph node metastasis (L1, right column).
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B.3 Trade-off between purity and ploidy estimates

For each purity-ploidy pair ASCAT [42] rounds the inferred tumor copy numbers to integers and
computes how well these integers determine the observed LogR and BAF [39]. Different integer
assignments yield locally good fits, producing disjoint curved bands (valleys) of low error in which
the segments can be explained by the same integer copy number combination (Fig. . In some
cases, the result obtained might be ambiguous due to trade-off between purity and ploidy estimates,
which results in multiple regions with low error.

Copy number plots (Fig. show pointwise SNP data across the genome with two rows: the
per-locus LogR (log, total intensity ratio) and the BAF (B-allele fraction). LogR reports changes
in total DNA amount while BAF reports allelic imbalance — ASCAT fits both jointly (under a
tumor+normal mixture and integer tumor copy numbers) to infer purity, ploidy and allele-specific

copy number.
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Figure S13: Ploidy-purity plots for patients G33, G40 and G41 for primary tumor (P1, left column)
and lymph node metastasis (L1, right column). Sunrise plots represent a fit-score surface over a grid
of candidate purity (y-axis) and ploidy (x-axis) values. Color encodes goodness of fit: dark blue
regions represent good fit (low error), red regions correspond to worse fit. The green crosses mark

the ASCAT-selected solutions (the ploidy-purity pairs chosen for downstream integer copy-number
calling).
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Figure S14: Copy number plots after GC and replication-timing (RT) correction for patients G33,
G40 and G41 for primary tumor (P1, left column) and lymph node metastasis (L1, right column)
show pointwise SNP data across the genome in the form of the per-locus LogR (top panel) and the

BAF (bottom panel). Vertical separators mark chromosomes.

65


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

References

1]
2]

3]

[10]

Cancer. https://www.who.int/news-room/fact-sheets/detail /cancer.

DEEPOMICS FFPE. Deep Neural =~ Network  Based —on Al Model).
https://deepomics.co.kr/ffpe/home.

Krajowy rejestr nowotworéw: Nowotwory ztosliwe w Polsce (National Cancer Registry: malig-
nant neoplasia in Poland). https://onkologia.org.pl/pl/epidemiologia/nowotwory-zlosliwe-w-

polsce.
The Cancer Genome Atlas Database. https://www.cancer.gov/tcga.

Worldwide  cancer  data |  World  Cancer  Research  Fund  International.

https://www.werf.org/cancer-trends/worldwide-cancer-data,/.

Annalisa Astolfi, Milena Urbini, Valentina Indio, Margherita Nannini, Chiara Giusy Genovese,
Donatella Santini, Maristella Saponara, Anna Mandrioli, Giorgio Ercolani, Giovanni Brandi,
et al. Whole exome sequencing (WES) on formalin-fixed, paraffin-embedded (FFPE) tumor
tissue in gastrointestinal stromal tumors (GIST). BMC genomics, 16(1):1-11, 2015.

Eduarda Carvalho, Sule Canberk, Fernando Schmitt, and Nuno Vale. Molecular subtypes and
mechanisms of breast cancer: precision medicine approaches for targeted therapies. Cancers,
17(7):1102, 2025.

Lixin Chen, Minyong Chen, Dan Heiter, Jim Samuelson, Tom Evans, and Laurence Ettwiller.
FFPE DNA shows two major error profiles derived from deamination of cytosine and methyl-

cytosine that can be mitigated using distinct repair strategies. bioRxiv, pages 2023-03, 2023.

Stefan C. Dentro, David C. Wedge, and Peter Van Loo. Principles of Reconstructing the
Subclonal Architecture of Cancers. Cold Spring Harbor Perspectives in Medicine, 7(8):a026625,
August 2017.

Mark A DePristo, Eric Banks, Ryan Poplin, Kiran V Garimella, Jared R Maguire, Christopher
Hartl, Anthony A Philippakis, Guillermo Del Angel, Manuel A Rivas, Matt Hanna, et al. A
framework for variation discovery and genotyping using next-generation dna sequencing data.
Nature genetics, 43(5):491-498, 2011.

66


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

[11]

[12]

[13]

[14]

[15]

[16]

available under aCC-BY 4.0 International license.

Khanh N Dinh, Roman Jaksik, Marek Kimmel, Amaury Lambert, and Simon Tavaré. Statisti-
cal inference for the evolutionary history of cancer genomes. Statistical Science, 35(1):129-144,
2020.

Khanh N Dinh, Cécile Liu, Zijin Xiang, Zhihan Liu, and Simon Tavaré. Approximate Bayesian
Computation sequential Monte Carlo via random forests. arXiv preprint arXiw:2406.15865,
2024.

Khanh N Dinh, Ignacio Vazquez-Garcia, Andrew Chan, Rhea Malhotra, Adam Weiner, An-
drew W McPherson, and Simon Tavaré. CINner: modeling and simulation of chromosomal
instability in cancer at single-cell resolution. PLOS Computational Biology, 21(4):e1012902,
2025.

Miklos Diossy, Zsofia Sztupinszki, Marcin Krzystanek, Judit Borcsok, Aron C Eklund, Istvan
Csabai, Anders Gorm Pedersen, and Zoltan Szallasi. Strand Orientation Bias Detector to
determine the probability of FFPE sequencing artifacts. Briefings in Bioinformatics, 22(6),
2021.

Hongdo Do and Alexander Dobrovic. Sequence artifacts in DNA from formalin-fixed tissues:

causes and strategies for minimization. Clinical chemistry, 61(1):64-71, 2015.

Dollina D Dodani, Matthew H Nguyen, Ryan D Morin, Marco A Marra, and Richard D
Corbett. Combinatorial and machine learning approaches for improved somatic variant calling
from formalin-fixed paraffin-embedded genome sequence data. Frontiers in Genetics, 13:834764,
2022.

R Durrett. Population genetics of neutral mutations in exponentially growing cancer cell
populations. Ann Appl Probab., 23:230-250, 2013.

Rick Durrett. Population genetics of neutral mutations in exponentially growing cancer cell
populations. Annals of Applied Probability, 23(1):230-250, 2013.

Sapthala P Loku Galappaththi, Kelly R Smith, Enas S Alsatari, Rachel Hunter, Donna L Dyess,
Elba A Turbat-Herrera, and Santanu Dasgupta. The genomic and biologic landscapes of breast

cancer and racial differences. International Journal of Molecular Sciences, 25(23):13165, 2024.

67


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

[20] Ruli Gao, Alexander Davis, Thomas O McDonald, Emi Sei, Xiuqing Shi, Yong Wang, Pei-Ching
Tsai, Anna Casasent, Jill Waters, Hong Zhang, et al. Punctuated copy number evolution and

clonal stasis in triple-negative breast cancer. Nature genetics, 48(10):1119, 2016.

[21] Don L. Gibbons and Chad J. Creighton. Pan-cancer survey of epithelial-mesenchymal transi-
tion markers across The Cancer Genome Atlas. Developmental dynamics : an official publica-
tion of the American Association of Anatomists, 247(3):555-564, March 2018.

[22] Aron Goldhirsch, Eric P Winer, AS Coates, RD Gelber, Martine Piccart-Gebhart,
B Thiirlimann, H-J Senn, Kathy S Albain, Fabrice André, Jonas Bergh, et al. Personaliz-
ing the treatment of women with early breast cancer: highlights of the st gallen international

expert consensus on the primary therapy of early breast cancer 2013. Annals of oncology,
24(9):2206-2223, 2013.

[23] Robert C Griffiths and Simon Tavaré. The age of a mutation in a general coalescent tree.
Stochastic Models, 14(1-2):273-295, 1998.

[24] Qingli Guo, Eszter Lakatos, Ibrahim Al Bakir, Kit Curtius, Trevor A Graham, and Ville
Mustonen. The mutational signatures of formalin fixation on the human genome. Nature
communications, 13(1):4487, 2022.

[25] Syed Haider, Svitlana Tyekucheva, Davide Prandi, Natalie S Fox, Jaeil Ahn, Andrew Wei Xu,
Angeliki Pantazi, Peter J Park, Peter W Laird, Chris Sander, et al. Systematic assessment of
tumor purity and its clinical implications. JCO precision oncology, 4:995-1005, 2020.

[26] Dong-hyuk Heo, Inyoung Kim, Heejae Seo, Seong-Gwang Kim, Minji Kim, Jiin Park, Hongsil
Park, Seungmo Kang, Juhee Kim, Soonmyung Paik, et al. DEEPOMICS FFPE, a deep neural
network model, identifies DNA sequencing artifacts from formalin fixed paraffin embedded
tissue with high accuracy. Scientific Reports, 14(1):2559, 2024.

[27] Monika K. Kurpas and Marek Kimmel. Modes of Selection in Tumors as Reflected by Two
Mathematical Models and Site Frequency Spectra. Frontiers in FEcology and FEvolution, 10,
2022.

[28] A. Lambert. Population dynamics and random genealogies. Stoch. Models, 24(suppl. 1):45-163,
2008.

68


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

[29] Fanny Lemée, Valérie Bergoglio, Anne Fernandez-Vidal, Alice Machado-Silva, Marie-Jeanne
Pillaire, Anne Bieth, Catherine Gentil, Lee Baker, Anne-Laure Martin, Claire Leduc, et al.
DNA polymerase 6 up-regulation is associated with poor survival in breast cancer, perturbs
DNA replication, and promotes genetic instability. Proceedings of the National Academy of
Sciences, 107(30):13390-13395, 2010.

[30] Heng Li. Aligning sequence reads, clone sequences and assembly contigs with bwa-mem. arXiv
preprint arXiv:1303.3997, 2013.

[31] Chih-Yi Lin, Chung-Jen Yu, Chia-I Shen, Chun-Yu Liu, Ta-Chung Chao, Chi-Cheng Huang,
Ling-Ming Tseng, and Jiun-I Lai. IKZF3 amplification frequently occurs in HER2-positive
breast cancer and is a potential therapeutic target. Medical Oncology, 39(12):242, 2022.

32] Thomas O. McDonald, Shaon Chakrabarti, and Franziska Michor. Currently available bulk se-
[ y
quencing data do not necessarily support a model of neutral tumor evolution. Nature Genetics,
50(12):1620-1623, December 2018.

[33] William McLaren, Laurent Gil, Sarah E Hunt, Harpreet Singh Riat, Graham RS Ritchie, Anja
Thormann, Paul Flicek, and Fiona Cunningham. The ensembl variant effect predictor. Genome
biology, 17(1):1-14, 2016.

[34] The Cancer Genome Atlas Network. Comprehensive molecular portraits of human breast
tumours. Nature, 490(7418):61-70, 2012.

[35] Serena Nik-Zainal, Helen Davies, Johan Staaf, Manasa Ramakrishna, Dominik Glodzik, Xue-
qing Zou, Inigo Martincorena, Ludmil B Alexandrov, Sancha Martin, David C Wedge, et al.

Landscape of somatic mutations in 560 breast cancer whole-genome sequences. Nature,
534(7605):47-54, 2016.

[36) Emma Nolan, Geoffrey J Lindeman, and Jane E Visvader. Deciphering breast cancer: from
biology to the clinic. Cell, 186(8):1708-1728, 2023.

[37] et al. Plonka, Wiktoria. Correction of the cytosine deamination artifacts in FFPE-based se-

quencing experiments. bioRxiv, 2025.

[38] Andrzej Polanski and Marek Kimmel. New explicit expressions for relative frequencies of
single-nucleotide polymorphisms with application to statistical inference on population growth.
Genetics, 165(1):427-436, 2003.

69


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.04.680485; this version posted October 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

[39] Keiran M Raine, Peter Van Loo, David C Wedge, David Jones, Andrew Menzies, Adam P
Butler, Jon W Teague, Patrick Tarpey, Serena Nik-Zainal, and Peter J Campbell. ascatNgs:
identifying somatically acquired copy-number alterations from whole-genome sequencing data.

Current protocols in bioinformatics, 56(1):15-9, 2016.

[40] Zbyslaw Sondka, Nidhi Bindal Dhir, Denise Carvalho-Silva, Steven Jupe, null Madhumita,
Karen McLaren, Mike Starkey, Sari Ward, Jennifer Wilding, Madiha Ahmed, et al. COSMIC:

a curated database of somatic variants and clinical data for cancer. Nucleic acids research,
52(D1):D1210-D1217, 2024.

[41] Hwai-Ray Tung and Rick Durrett. Signatures of neutral evolution in exponentially growing
tumors: A theoretical perspective. PLOS Computational Biology, 17(2):e1008701, 2021.

[42] Peter Van Loo, Silje H. Nordgard, Ole Christian Lingjeerde, Hege G. Russnes, Inga H. Rye, Wei
Sun, Victor J. Weigman, Peter Marynen, Anders Zetterberg, Bjorn Naume, Charles M. Perou,
Anne-Lise Borresen-Dale, and Vessela N. Kristensen. Allele-specific copy number analysis of
tumors. Proceedings of the National Academy of Sciences, 107(39):16910-16915, September
2010.

[43] Thomas BK Watkins, Emilia L Lim, Marina Petkovic, Sergi Elizalde, Nicolai J Birkbak,
Gareth A Wilson, David A Moore, Eva Gronroos, Andrew Rowan, Sally M Dewhurst,

et al. Pervasive chromosomal instability and karyotype order in tumour evolution. Nature,
587(7832):126-132, 2020.

[44] Marc J. Williams, Benjamin Werner, Timon Heide, Christina Curtis, Chris P. Barnes, Andrea
Sottoriva, and Trevor A. Graham. Quantification of subclonal selection in cancer from bulk

sequencing data. Nature Genetics, 50(6):895-903, June 2018.

[45] Xin Xiong, Le-Wei Zheng, Yu Ding, Yu-Fei Chen, Yu-Wen Cai, Lei-Ping Wang, Liang Huang,
Cui-Cui Liu, Zhi-Ming Shao, and Ke-Da Yu. Breast cancer: pathogenesis and treatments.
Signal transduction and targeted therapy, 10(1):49, 2025.

70


https://doi.org/10.1101/2025.10.04.680485
http://creativecommons.org/licenses/by/4.0/

	Background
	Methods
	DNA sequencing of cell samples from breast cancer specimens
	DNA sample collection and processing
	DNA sequencing Quality Control
	Removal of formalin fixation artifacts
	Ploidy and purity estimates
	Mutational signatures

	Data and statistical analysis
	Site frequency spectra
	Variant allele frequency (VAF), site frequency spectra (SFS), and cancer cell fraction (CCF)
	Inferring parameters for the neutral tail and mutation clusters from observed site frequency spectra
	Deterministic models of SFS under neutrality and population growth


	Results
	Comparison of impact of removal of FFPE-induced spurious mutation calls, using different bioinformatics tools
	Number of variants per sample before and after filtration
	Filtration efficacy
	DEEPOMICS results after FFPE score threshold adjustments

	Analysis of frequencies of driver mutations
	Oncogenes and tumor supressors at variable CNV Levels
	Variant allele frequency (VAF) and cancer cell fraction (CCF) spectra 
	Review of the unfiltered and filtered spectra
	Computational analysis of the spectra

	Mutational signatures

	Discussion
	Conclusions
	Appendix: Data acquisition and cleaning
	Additional files
	DNA sequencing quality control

	Appendix: Additional details of genomic analysis
	Driver ploidy
	Site frequency spectra
	Listing of SFS and CCF spectra of all specimens

	Trade-off between purity and ploidy estimates


