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Zusammenfassung

Die homologe Rekombinationsdefizienz (HRD) ist ein wesentliches molekulares Merkmal, das mit einer
erhdhten Ansprechrate auf PARP-Inhibitoren und platinbasierte Chemotherapien beim
Prostatakarzinom assoziiert ist. Aktuelle diagnostische Ansatze erfassen HRD jedoch nur
unvollstandig, da sie sich primar auf den Nachweis von BRCA17- oder BRCA2-Mutationen oder auf
gewebebasierte Analyse sog. ,genomic Scars“ (genomische Narben) stiitzen. Dartiber hinaus wird die
gewebebasierte Testung haufig durch die ausgepréagte intratumorale Heterogenitat sowie durch die
Schwierigkeit, Gewebeproben von Patienten mit metastasierendem, knochendominantem
Krankheitsverlauf zu gewinnen, eingeschrankt. Ziel dieser Arbeit war es, ein minimalinvasives und
umfassendes Konzept zur Charakterisierung von HRD anhand von zirkulierender Tumor-DNA (ctDNA)

aus Plasmaproben zu entwickeln.

Dazu wurde ctDNA aus Plasma von 106 Mannern mit metastasiertem Prostatakarzinom mit einem
multimodalen Analyseansatz untersucht, der die gezielte Sequenzierung von Genen der homologen
Rekombinationsreparatur (HRR), eine ,shallow whole-genome sequencing“ (sWGS)-Analyse zur
Quantifizierung der genomischen Instabilitdt, eine tumor-normal-abgestimmte Whole-Exome-
Sequenzierung zur Erfassung von Mutationssignaturen sowie eine fragmentomische Analyse der

cfDNA-Grélenverteilung und der Chromatinzuganglichkeit kombinierte.

Unter den HRR-Genen waren BRCAZ2-Veranderungen am haufigsten und traten haufig gemeinsam mit
einem PTEN-Verlust auf. Erhéhte genomische Instabilitdtswerte korrelierten mit kombiniertem BRCAZ-
und RB17-Verlust, einer hohen Anzahl somatischer Kopienzahlveranderungen und einer verkirzten
Gesamtuberlebenszeit. HRD-positive Tumoren zeigten eine Anreicherung der charakteristischen
Mutationssignaturen SBS3 und ID6, eine relative Zunahme von dinukleosomalen cf DNA-Fragmenten
sowie eine verminderte Zuganglichkeit an Zinkfinger-Transkriptionsfaktor-Bindungsstellen, was auf
Veranderungen der Nukleosomenorganisation und der Chromatinstruktur hinweist. Basierend auf
diesen Merkmalen konnte ein auf fragmentomischen Daten trainierter maschineller Lernklassifikator

HRD-positive Félle zuverlassig identifizieren.

Diese Ergebnisse belegen, dass die multimodale Analyse von CctDNA ein leistungsfahiges,
nichtinvasives Verfahren zur Erkennung von HRD beim Prostatakarzinom darstellt. Die Kombination



aus mutationalen, strukturellen und fragmentomischen Informationen ermdglicht ein umfassenderes
und funktionelleres Verstandnis der HRD-Biologie und kann die Identifizierung von Patienten
verbessern, die am ehesten von zielgerichteten Therapien profitieren.

Xl



Abstract

Homologous recombination deficiency (HRD) is a key molecular hallmark that predicts response to
PARP inhibitors and platinum-based chemotherapy in PCa. Nevertheless, routine diagnostic strategies,
which mostly rely on identifying BRCA71 or BRCAZ2 mutations or on genomic scar assays fromtissue
biopsies, fail to capture the full spectrum of HRD-related alterations. In addition, biopsy-based testing
is often limited by intratumoral heterogeneity and by the difficulty of obtaining tissue from patients with
metastatic bone disease. The work presented here sought to establish a minimally invasive and
comprehensive framework for HRD characterization using circulating tumor DNA (ctDNA) from plasma

samples.

Plasma-derived ctDNA from 106 men with metastatic PCa was examined using a multimodal analytical
pipeline that combined targeted sequencing of genes involved in homologous recombination repair
(HRR), shallow whole-genome sequencing (sWGS) to quantify the Genomic Instability Score (GIS),
matched tumor-normal whole-exome sequencing for mutational signature profiling, and fragmentomic
assessment of cfDNA fragmentation and chromatin accessibility patterns.

Among HRR genes, BRCAZ2 alterations were most frequentand commonly co-occurred with PTEN loss.
Elevated GIS correlated with combined BRCA2 and RB1 loss, a high burden of somatic copy-number
changes, and reduced overall survival. Tumors with HRD exhibited enrichment of the characteristic
mutational signatures SBS3 and ID6, a relative increase in dinucleosome -sized cfDNA fragments, and
decreased accessibility at zinc-finger transcription factorbinding regions, indicating altered nucleosome
organization and chromatin structure. Using these features, a machine-learning classifier based on

fragmentomic data accurately distinguished HRD cases.

Taken together, these results demonstrate that multimodal ctDNA profiling can serve as a powerful,
noninvasive tool to detect HRD in PCa. The integration of mutational, structural, and fragmentomic
information provides a more comprehensive and functional picture of HRD biology and may improve

the identification of patients who are most likely to benefit from targeted therapies.

Xl



1 Introduction

1.1 Prostate cancer epidemiology

Prostate cancer (PCa) is one of the most common malignancies in males and a major contributor to
cancer-related mortality worldwide (1). In the United States alone, approximately 299,010 new cases
and 35,250 deaths are projected in 2024, reflecting its substantial public health burden. Globally,
incidence is expected to rise from 1.4 million new cases in 2020 to 2.4 million by 2040 due to aging

populations.

Incidence and mortality vary widely across regions, influenced by differences in healthcare access,
screening practices, and population genetics (Figure 1). Incidence is more than 50-fold higher in
regions with widespread PSA testing, such as Northern Europe and the Americas, compared to parts
of Asia and the Middle East. However, mortality is highest in sub-Saharan Africa and the Caribbean,
where limited access to early detection and treatment exacerbates outcomes. Men of Western African
ancestry also face higher biological risk, while migration studies highlight the interplay between genetic
and environmental factors in shaping disease susceptibility.

Despite the high global burden of PCa, mortality trends do not always mirror incidence patterns.
Countries with well-developed healthcare systems, such as the United States and Northern Europe,
demonstrate relatively low mortality despite high incidence rates, reflecting the impact of early detection
and effective treatment strategies. In contrast, countries in sub-Saharan Africa and the Caribbean
continue to experience disproportionately high mortality, largely due to limited healthcare infrastructure,

delayed diagnoses, and restricted access to curative therapies (2).

Environmental and epigenetic factors also contribute to regional disparities in PCa risk and outcomes.
Migration studies, for example, show that individuals relocating from low-incidence regions to higher-
incidence settings experience an increased risk of developing PCa, though typically not to the same
level as native populations. This observation underscores the complex interaction between inherited
predisposition and environmental exposures in shaping disease risk (3).
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Figure 1: Global distribution of
PCaincidence and mortality (age-
standardised rates, 2022).

The top panel shows the incidence
rates of PCa per 100,000 men,
highlighting high-incidence regions
such as North America, Northern
and Western Europe, and Oceania.
These pattems are largely
influenced by widespread prostate-
specific antigen (PSA) testing and
increased healthcare access. The
bottom panel depicts mortality,
which is highest in sub-Saharan
Africa and parts of the Caribbean,
reflecting  disparities in  early
detection and treatment availability.
In contrast, mortality rates remain
relatively low in high-incidence but
resource-rich settings. Together,
these maps underscore the global
heterogeneity in PCa burden,
shaped by both biological and
socioeconomic  factors.  Data
adapted from GLOBOCAN 2022
maps  were  created  using
MapChart.net and are shared under
the Creative Commons Attribution-
ShareAlike 4.0 (CC BY-SA 4.0)
license.



1.2 Histopathology of PCa

PCa assessment relies primarily on histopathological evaluation of tissue obtained through transrecta
or transperineal needle biopsy. This remains the gold standard for diagnosis and provides critical
information regarding tumor grade, extent, and potential aggressiveness. Followingbiopsy, hematoxylin
and eosin (H&E) staining is used to evaluate glandular architecture and identify malignant features,
including loss of normal gland structure, prominent nucleoli, and invasive growth. The degree of
differentiation is quantified using the Gleason grading system (Figure 2). Developed to enhance
accuracy and clinical relevance, the system evaluates the architectural patterns and degree of
differentiation of malignant prostate cells (4). The two most common histologic patterns observed in a
tumor are graded on a scale of 1 to 5, and their scores are summed to generate the Gleason score,
ranging from 2 to 10. Higher scores indicate more aggressive disease and poorer outcomes.
Importantly, tumors with the same score can behave differently depending on which pattern is dominant;
for example, a Gleason score of 3 +4 = 7 generally carries a more favorable prognosisthan4 + 3 =7,
reflecting the greater proportion of higher-grade pattern 4 disease (4,5). Heterogeneity within the tumor
can result in different biopsy cores receiving different grades. In such cases, the highest Gleason score

is typically reported for risk stratification, although some variability in clinical practice persists (6).
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Figure 2: Original (A) and modified (B) Gleason grading diagrams, with representative histologic examples
of Gleason patterns in panel (C).

The Gleason grading system classifies prostate adenocarcinoma based on glandular architecture and degree of
tumor differentiation, assigning patterns from 1 (well-formed glands, well-differentiated) to 5 (minimal or no glandular
formation, poorly differentiated). Higher Gleason patterns correspond to increasingly aggressive, poorly
differentiated tumors. Panels A, C adapted under the terms of the Creative Commons CC BY 4.0 license (6). Panel
B is reproduced with permission from Elsevier (RightsLink license no. 6180811109578) (7).

1.3 PCa genetics

PCa developmentis driven by the accumulation of genetic and epigenetic alterations that disrupt normal
cellular growth, differentiation, and survival. The genetic landscape of PCais complex, adding layers of
complexity to disease prediction and prognosis (7). While most PCa are sporadic, inherited genetic
susceptibility plays a significant role in approximately 5—-10% of cases, with familial clustering observed
in up to 20% of patients (8—11). High-penetrance germline mutations are relatively rare, but among
these, BRCAZ2 is the most significant predisposition gene, associated with increased incidence, earlier
onset, and poor clinical outcomes (12-14). Inherited or somatic alterations in DNA damage repair
(DDR) genes - such as ATM, CHEK2, BRCA1, and mismatch repair genes (MMR) including MSHZ -
further contribute to aggressive disease behavior. These biological vulnerabilities have enabled the
adoption of precision therapies, including immune checkpointinhibitors (ICl) for microsatellite -instability
(MSI)-high tumors and PARP inhibitors (PARPi) for homologous recombination—deficient (HRD)
disease (15,16).

PCa is characterized by marked spatial, cellular, and genetic heterogeneity (17). The most prevalent
formis acinar adenocarcinoma, arising from premalignant epithelial lesions that evolve through key
molecular alterations such as TP53 and PTEN loss, TMPRSS2—-ETS gene fusions, and MYC
amplification (18). ETS gene fusions, most notably TMPRSS2—-ERG, are present in ~50% of PCas and

drive aberrant transcriptional programs.

Early tumor growth islargely dependenton androgen receptor (AR) signaling, and most patients initially
present with hormone-sensitive PCa (HSPC) that responds to androgen deprivation therapy (ADT).
However, AR signaling is often amplified or mutated in advanced disease, promoting continued tumor
growth despite androgen deprivation. Therefore, over time, selective pressure from AR-targeted
therapies leads to the development of castration-resistant PCa (CRPC), a more aggressive and
potentially lethal state (18—20) (Figure 3). The presence of rare histologic subtypes - such as ductal
adenocarcinoma, basal-cell carcinoma, and neuroendocrine PCa(NEPC) - further reflects the disease’s

biological diversity (21).
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Figure 3: Schematic overview of PCa progression and corresponding therapeutic interventions.

PCa typically progresses from localized disease (confined to the prostate gland) to locally advanced and ultimately
metastatic castration-resistant PCa (mCRPC). Standard treatments for localized stages include active surveillance,
radical prostatectomy, and radiotherapy. In advanced stages, androgen deprivation therapy (ADT)is commonly used,
often followed by next-generation hormonal therapies, chemotherapy, orradiopharmacetuticalsinmCRPC. Molecular
stratification, including testing for homologous recombination deficiency (HRD) and other biomarkers, is increasingly
integrated into clinical decision-making to guide precision therapies such as poly (adenosine diphosphate-ribose)
polymerase inhibitors (PARPI). Created with BioRender.

Somatic genetic alterations acquired during tumor evolution are diverse and include point mutations,
somatic copy number alterations (SCNA), genomic rearrangements, and chromosomal instability.
Large-scale sequencing efforts, such as The Cancer Genome Atlas (TCGA) and the International PCa
Genomics Consortium, have substantially refined molecular classification frameworks and provided
critical insights into tumor evolution, intratumoral heterogeneity, and therapeutic vulnerabilities (22-24).
Among recurrent genomic events in PCa, TP53, PTEN, and RB1 stand out as frequently inactivated
tumor suppressor genes and represent hallmarks of the disease’s genomic landscape. Alterations in
these genes are already detectable in primary prostate tumors butbecome significantly more prevalent
in advanced disease stages, with marked enrichment in metastatic castration-resistant PCa (mCRPC)
(25). Large-scale sequencing studies indicate that TP53 is mutated in approximately 50% of mMCRPC
tumors, PTEN is functionally lost in roughly 40-50%, and RB1 is inactivated in approximately 10—20%,
frequencies that are substantially higher than those observed in localized disease (26). Clinically, the
inactivation of these tumor suppressors is strongly associated with aggressive tumor behavior and poor



patient outcomes. Combined loss of TP53, PTEN, and RB1 is frequently observed in the most
aggressive PCa subtypes and correlates with early disease progression, treatment resistance, and
reduced survival (25). Specifically, PTEN deletions have been linked to increased risks of recurrence
and metastasis, TP53 mutations are associated with resistance to androgen receptor-targeted
therapies, and RB7T loss is a defining feature of therapy-related neuroendocrine PCa, an AR-
independent and highly lethal variant of the disease (27-29). Together, these findings underscore the
crucial role of TP53, PTEN, and RB1 alterations in driving PCa progression and lethal disease,

especially in the context of mCRPC.

In summary, PCa evolves froman initially androgen-driven disease into a genomically unstable and
treatment-resistant malignancy. A deeper understanding of this molecular evolution is essential to guide
biomarker development and the implementation of personalized therapeutic strategies.

1.4 Homologous recombination repair deficiency

Homologous recombination repair (HRR) is a high-fidelity DNA double-strand break (DSB) repair
pathway essential for maintaining genomic stability. Homologous recombination (HR) is a genetic
process whereby two homologous DNA molecules exchange genetic information, and HRR exploits
this mechanism to accurately repair DNA damage, primarily DSB (30). If HRR is intact, DSBs are
repaired accurately and the cell cycle continues normally. In contrast, HRR deficiency forces cells to
rely on alternative, error-prone repair mechanisms (31), particularly poly(ADP-ribose) polymerase
(PARP)-mediated single-strand break repair. This results in the accumulation of genomic alterations
that can promote tumorigenesis (32). More specifically, HRD leads to increased genomic instability

score (GIS), accumulation of chromosomal aberrations, and accelerated tumor evolution.

Pharmacological inhibition of PARP in HRD tumors exploits the principle of synthetic lethality, whereby
the simultaneous loss of homologous recombination repair and PARP-dependent repair leads to the
accumulation of unrepaired DNA damage, replication fork collapse, and ultimately tumor-selective cell
death. This therapeutic vulnerability forms the biological basis for the clinical efficacy of PARPi in HRD-
positive cancers (33). Furthermore, recent evidence suggests that the HRD phenotype could be used
to predict response to pan-cancer patients’ responses to Programmed cell death protein 1
immunotherapy (34). Recent reports have highlighted that the difference of efficacy between PARPI
and the emergence of resistance are not explained adequately by the DSB hypothesis. PARP trapping
(35) and replication gaps (36) have been proposed to explain this discrepancy. Recent advances in
massive parallel sequencing have provided the opportunity to predict the occurrence of the HRD
phenotype by examining the underlying cause in the form of pathogenic genomic alterations in the
genes encoding proteins involved in the pathway. Furthermore, the results of the phenotype in the



genome can be observed in the form of GIS and mutational signatures (37-40). Collectively, the
increasing prevalence of HRD in advanced disease, its prognostic significance, and its role as a
predictive biomarker reinforce the importance of developing accurate, minimally invasive methods to

detect these alterations - particularly as tumors evolve under therapeutic pressure.
1.4.1 HRD in PCa

In PCa, HRD is primarily driven by pathogenic alterations in key HRR genes, most notably BRCA2,
which is the most frequently disrupted HRR gene in PCa and strongly associated with aggressive
clinical behavior (17—19). Other commonly altered genes include BRCA1, ATM, CHEKZ2, PALB2, as
well as components of the Fanconi anemia network. Goodall et al. reported that 20-30% of lethal PCa
harbor deletions in genes related to HRD including BRCA2, BRCA1, ATM, PALB2, FANCA, CHEK?2,
and CDK12 (41).

In HSPC, HRR gene mutations are relatively uncommon, reported in approximately 8 —12% of tumors
(30). However, the prevalence increases markedly with disease progression, with up to 25-30% of
mCRPC harboring deleterious HRR alterations (42,43). This enrichment reflects strong selective
pressure favoring tumor clones capable of sustaining GIS and adapting to therapy. HR-deficient tumors
typically exhibit characteristic genomic scars, including loss of heterozygosity (LOH), large -scale state
transitions, and telomeric allelic imbalance (44), which can be quantified through composite HRD
scoring methods developed primarily in breast and ovarian cancer (45). However, the clinical utility of
these assays in PCa remains under active investigation, as HRD biology appears more complex and
less uniformly driven by BRCA-associated mechanisms compared with other tumor types (46,47).
Nevertheless, PCa with HRD demonstrated increased sensitivity to PARPI, leading to regulatory
approval for mMCRPC patients harboring actionable HRR mutations (48) (Figure 4). Yet, response
variability indicates that improved biomarkers are needed to identify patients most likely to benefit from

HRD-targeted therapies.
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Figure 4: Synthetic lethality in homologous recombination-deficient (HRD) tumors treated with PARP or
platinum-based agents.

In normal cells, DNA damage from single-strand breaks is effectively repaired by homologous recombination
repair (HRR), allowing cell survival despite PARP inhibition. In contrast, HRD tumor cells lack functional HRR,
and treatment with PARP inhibitors or carboplatin induces accumulation of DNAdamage, leading to double-strand
breaks and cell death via synthetic lethality. Created with BioRender

1.5 Overview of the HRR mechanism

HRR is a multistep, high-fidelity DNA repair pathway that operates primarily duringthe S and G2 phases
of the cell cycle, when a sister chromatid is available as ahomologous template. HRR uses HR to repair
DSBs, which are among the most mutagenic and cytotoxic forms of DNA damage. DSBs can arise from
various sources, including ionizing radiation, reactive oxygen species, mechanical stress, and the
failure to repair single-strand breaks (SSBs) (Figure 5) (49).

In general, cells rely on two major pathways to repair DSBs: HRR, which uses a sister chromatid as a
template and therefore is restricted to S/G2 phases, and non-homologous end-joining (NHEJ), which is
faster but error-prone. The latter category includes canonical NHEJ (cNHEJ), alternative NHEJ
(aNHEJ), and single-strand annealing (SSA) (31). When HRR is impaired, reliance on NHEJ leads to
GIS through chromosomal rearrangements, loss of tumor suppressors, and oncogene amplification.



HRD is further associated with catastrophic events such as chromothripsis and clustered hypermutation
(50,51).

DSB recognition and signaling constitute the first step of HRR. DSBs are sensed primarily by the MRN
complex (MRE11-RAD50-NBS1) (52,53), which recruitsand activates DNA damage signaling kinases,
most notably ATM and ATR. These kinases initiate checkpoint signaling through downstream effectors
such as CHK1 and CHK2, inducing cell-cycle arrest and coordinating DNA repair (31).

Following damage recognition, DNA end resection is initiated. Short-range resection by the MRN
complex and CtIP generates 3’ single-stranded DNA (ssDNA) overhangs, which are subsequently
extended by long-range resection enzymes such as EXO1 and DNA2, assisted by helicases including
BLM or WRN. Resection suppresses non-homologous end joining and commits the break to HRR (54).
However, recent evidence suggests some resection activity may also occur during the cNHEJ pathway,
warranting further research to fully contextualize its relevance to cancer manifestation and treatment
(55).

The exposed ssDNA is rapidly coated by replication protein A (RPA), which stabilizes the DNA and
prevents secondary structure formation (56). In the next step, RPAis replaced by RAD51, forming the
presynaptic nucleoprotein filament. This exchange is mediated by BRCAZ2, in cooperation with PALB2
and the BRCA1-BARD1 complex, which are essential for efficient RAD51 loading and filament
stabilization (57,58). The RAD51 filament conducts the homology search and strand invasion, probing
duplex DNA for homologous sequences and forming a displacement loop (D-loop) (59,60). Accessory
proteins such as RAD54 facilitate chromatin remodeling, stabilize strand invasion, and promote DNA

synthesis.

In the postsynaptic phase, DNA synthesis is initiated from the invading 3'end, followed by resolution of
recombination intermediates. HRR can proceed through multiple subpathways, including synthesis-
dependent strand annealing (SDSA), canonical double-strand break repair (DSBR), or break-induced
replication (BIR), yielding crossover or non-crossover products (61,62). Proper resolution, primarily via
dissolution mechanisms involving the BLM-TOP3a—RMI complex, is critical to preserve genomic

integrity.

Defects at any stage of this tightly regulated process resultin HRD, characterized by GIS, accumulation
of structural alterations, and increased reliance on compensatory DNA repair pathways.
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Figure 5: Mechanistic overview of homologous recombination repair (HRR) following double-strand DNA
breaks.

(1) The MRN complex detects the break and initiates DNA end resection. (2) RPA binds single-stranded DNA, while
the BRCA1-BARD1 complex facilitates BRCAZ2 recruitment. (3) BRCAZ2 and PALBZ2 load RAD51 onto ssDNA to
form the presynaptic filament, aided by RAD54. (4,5) RAD51 mediates homology search and strand invasion into
the sisterchromatid, followedby D-loop formation and DNA synthesis (6). The repairis completed through resolution
of recombination intermediates. This high-fidelity process is crucial for genome stability and its disruption defines
the HRD phenotype. Created with BioRender.

1.6 HRD biomarkers and detection strategies

As the clinical impact of HRD grows - particularly in enabling PARPI therapy - there is a critical need for
accurate and accessible biomarkers. Multiple genomic, epigenomic, and functional assays are now
used to detect HRD, although their performance varies significantly across tumor types, especially in

PCa and liquid biopsy settings.
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1.6.1 BRCA1 and BRCA2: From discovery to HRD biomarkers

The discovery of BRCA1 and BRCAZ2 marked a pivotal moment in cancer genetics, particularly in the
understanding of hereditary breast and ovarian cancer. BRCA1 was mapped to chromosome 17g21 in
1990 and cloned in 1994, followed by identification of BRCA2 on 13912-13 in 1995 (63-65).

BRCA1 and BRCAZ2 encode tumor suppressor proteins that are essential for the maintenance of
genomic stability, primarily through their roles in the HRR pathway. BRCA1 acts early in the HRR
cascade by sensing DSB and facilitating the end-resection process, whereas BRCA2 plays a directrole

in loading RAD51 onto single-stranded DNA to promote strand invasion and repair (66,67).

Germline mutations in BRCA1 and BRCAZ2 confer a significantly increased lifetime risk of developing
breast, ovarian, prostate, and pancreatic cancers. Women carrying pathogenic variants in BRCA1 face
a lifetime breast cancer risk of approximately 60-70% and an ovarian cancer risk of up to 40%, while
BRCAZ2 mutations confer risks of approximately 45% and 20%, respectively (68).

Loss of BRCA function causes HRD, forcing reliance on error-prone repair pathways and driving GIS.
Importantly, this deficiency forms the biological rationale for the use of PARPI, which exploit the concept
of synthetic lethality. PARPIs inhibit the base excision repair pathway, and in HRD-positive cells-
particularly those harboring BRCA1/2 mutations-this leads to the accumulation of DNA damage and
subsequent cell death. This therapeutic vulnerability has led to the approval of PARPi in BRCA-mutant
breast, ovarian, pancreatic, and PCas (15).

Despite the strong predictive value of BRCA1/2 loss-of-function mutations for PARP inhibitor sensitivity,
resistance can emerge through secondary or "reversion" mutations. These mutations restore the open
reading frame of BRCA genes-particularly BRCA2, thereby re-establishing functional HRR and negating
synthetic lethality. Such reversions are a well-characterized mechanism of acquired resistance to both
PARPi and platinum-based chemotherapy (41).

1.6.2 Non-BRCA HRR genes: Expanding the HRD landscape

Mutations in other HRR genes, such as ATM, PALB2, RAD51C/D, CHEK2, BARD1, and FANCA, can
also impair HR and predict PARPI or platinum sensitivity in some settings (34). For example, PALB2
inactivation has shown PARPI response rates approaching BRCA-mutated tumors (69), and RAD51C/D
alterations demonstrated benefit in subgroups of the PROfound trial (70).

However, not all HRR gene mutations produce comparable functional effects. ATM-mutated PCa often
lacks classical HRD features and responds poorly to PARPI (70,71). CDK12-mutated tumors, although
associated with GIS, do not typically confer PARPI sensitivity and may instead require immunotherapy-
based approaches (72).
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Thedivergentresponses observed across non-BRCAHRR genes highlight abroader challenge in HRD
biomarker development: not all mutations confer equivalent functional deficiency. Differences in
mutation type (e.g., monoallelic vs. biallelic, pathogenicity status), gene function within the HRR

pathway, and tumor lineage all influence the penetrance of HRD and subsequenttherapeuticresponse.

As such, amore refined stratification of HRR mutations is needed, based on functional assays or HRD-
associated genomic signatures rather than relying solely on gene-level mutation status. This could
include integrating mutational signatures (e.g., SBS3, ID6), GIS, other genomic and epigenomic
features (methylation, fragment profiling) and functional assays such as RADS51 foci formation, as
potential complementary biomarkers.

These variable responses emphasize that gene mutation status alone is insufficient to define HRD in

PCa - supporting the integration of functional or GIS-based biomarkers.
1.6.3 BRCA1 promoter methylation and epigenetic HRD

In addition to genetic mutations, epigenetic silencing of HRR genes, most notably BRCA1, represents
a key alternative mechanism leading to HRD. Promoter hypermethylation of BRCA1 suppresses gene
transcription without altering the DNA sequence. Tumors with BRCA71 promoter methylation often
exhibit similar features to BRCA7-mutant cancers, including GIS, HRD-specific mutational signatures
and sensitivity to PARPi and platinum agents (73,74). This functional mimicry has led to the
classification of BRCA71-methylated tumors within the broader "BRCAness" phenotype (75).

BRCA1 promoter methylation has been robustly associated with HRD phenotypes in breast and ovarian
cancers, including high GIS and PARPi responsiveness (76). Importantly, BRCA1 methylation has also
been detected in circulating tumor DNA (ctDNA), suggesting potential utility in non-invasive liquid biopsy
assays (77). However, intratumoral heterogeneity and the potential reversibility of methylation under
therapeutic pressuremay restore BRCA1 expression and drive acquired resistance, limiting its reliability

as a standalone biomarker.
1.6.4 GIS and the HRD “scar”

HRD gives rise to characteristic patterns of GIS, as cells increasingly rely on error-prone DNA repair
mechanisms in the absence of effective HR. This GIS accumulates over time, leaving a detectable
footprint known as a “genomic scar.” Three key features of this scarring have emerged as quantifiable
markers of HRD: LOH, telomeric allelic imbalance (TAl), and large-scale state transitions (LST) (Figure
6) (37-39).
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Figure 6: Genomic scar components contributing to homologous recombination deficiency (HRD)
scores.

Schematic representation of the three key metrics used to quantify genomic scarring: Loss of
heterozygosity (LOH): regions larger than 15 Mb and shorter than a full chromosome represented by only
one parental allele; Telomeric allelic imbalance (TAl): allelic imbalances extending to the telomere but not
crossing the centromere; and Large-scale state transitions (LST): chromosomal breaks greater than 10
Mb and less than 3 Mb apart, excluding centromeric and telomeric regions. Created with BioRender.

LOH refers to chromosomal regions in which one parental allele is lost, typically through deletions or
unbalanced recombination events, and is a frequent consequence of defective homologous
recombination repair leading to tumor suppressor gene inactivation. TAI describes subchromosoma
regions with allelic imbalance that extend to the telomeres but do not cross centromeres, reflecting
errors during replication and segregation that are hallmarks of HRD. LST represent chromosoma
breakpoints between adjacent regions of at least 10 megabases, and are thought to arise frommisrepair
of double-strand breaks. Each of these features individually captures a distinct aspect of genomic

disruption, butwhen combined, they offeramore robustreflection of HRD than any single marker alone.

These metrics are often aggregated into a composite GIS, a concept validated in multiple clinical
contexts, including triple-negative breast cancer and high-grade serous ovarian carcinoma (38,39). A
GIS threshold (e.g.,242)is frequently used to designate HRD positivity, and has beenincorporated into
assays such as Myriad’s myChoice® CDx and FoundationOne’s CDx HRD panel. Studies have shown
that tumors with high GIS are more likely to respond to PARPi and platinum-based chemotherapy, even
in the absence of BRCA1/2 mutations (37).
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However, itis important to recognize the limitations of genomic scar-based assays. These scores reflect
a tumor’s historical HRD status but cannot capture real-time restoration of homologous recombination
function. For instance, tumors that acquire secondary (reversion) mutations restoring BRCA2 function
may regain DNA repair capacity and become resistant to therapy, despite retaining high GIS.
Consequently, tumors may be misclassified as HRD-positive based on their scar profile, even though
they have functionally reverted to an HR-proficient state (41). This underscores the importance of
integrating scar-based metrics with dynamic biomarkers, such as appropriate liquid biopsy testing or

functional assays, for accurate therapeutic stratification.
1.6.5 Mutational signatures associated with HRD

Mutational signatures are reproducible patterns of somatic mutations reflecting specific DNA damage
and repair processes during tumor evolution. Defined by characteristic combinations of base
substitutions, insertion—deletions, and structural or copy number alterations, these patterns are shaped
by endogenous defects and exogenous exposures. Large-scale efforts such as TCGA and COSMIC
have systematically catalogued mutational signatures across diverse cancer types (78). These
signatures are typically derived through matched tumor-normal whole-genome or whole-exome
sequencing using deconvolution algorithms that match observed mutational patterns to reference

catalogues, such as COSMIC.

In the context of HRD, the most well-characterized somatic signatures are Single Base Substitution
Signature 3 (SBS3) and Insertion-deletion Signature 6 (ID6), both strongly associated with BRCA1/2
inactivation. SBS3 is characterized by an elevated frequency of T>G substitutions in a specific
trinucleotide context. ID6 reflects microhnomology-mediated deletions, consistent with reliance on error-
prone repair pathways in the absence of effective HRR (40). These signatures have been associated
with improved response to platinum-based chemotherapy and PARPI in breast cancer, ovarian cancer,
and PCa (79). Importantly, mutational signatures reflect a tumor’s evolutionary history and provide

orthogonal evidence of HRD that can complement structural or gene-based assays.

While mutational signatures provide complementary, evolutionary evidence of HRD beyond gene - or
scar-based assays, their detection depends on adequate sequencing depth, tumor purity, and germline
filtering. Moreover, they reflect historical rather than real-time HRD status. Nonetheless, when applied
appropriately, mutational signature analysis remains a valuable tool for HRD classification, particularly

when BRCA1/2 alterations or genomic scars are absent or ambiguous.

15



1.6.6 Functional assays for HRD detection

Functional assays are pivotal in directly assessing HR activity within tumors, thereby identifying HRD
beyond what genomic analyses can reveal. These assays evaluate the tumor's current DNA repair

capacity, offering real-time insights into HR functionality (80).

The most widely used functional assays for HRD detection is the RAD51 foci formation test, which
measures the tumor's ability to form RAD51 protein foci at sites of DNA double-strand breaks, a critica
intermediate step in the HR repair pathway. Tumors with functional HR repair exhibit robust RAD51 foci
formation in proliferating cells following DNA damage, while HR-deficient tumors show reduced or
absentfoci. The REpair CAPacity (RECAP) testis a standardized implementation of this assay, typically
performed on fresh tumor samples. Itinvolves ex vivo irradiation of tumor tissue to induce double -strand
breaks, followed by immunofluorescent detection of RAD51 fociin S/G2 phase cells. This controlled
induction of DNA damage allows for consistent evaluation of HR functionality and has shown strong

predictive value for PARPI sensitivity across multiple cancer types (81,82).

Additionally, a virus-based functional assay has been developed to quantify real-time HR activity
directly. This method establishes an activity threshold for identifying HRD across various cancer types
and has been validated by correlating with PARPI sensitivity and BRCA status (80).

While these functional assays provide valuable, real-time assessments of HR competency, their clinica
implementation faces challenges. Standardization across laboratories, the need for viable tumor tissue,
and integration with existing diagnostic workflows are areas requiring further development.
Nonetheless, functional assays hold significant promise for enhancing personalized treatment
strategies by accurately identifying patients who may benefit from targeted therapies like PARPI.

1.7 Clinically approved HRD assays

Several commercial assays are currently available for the assessment of HRD, with two of them
receiving FDA approval for specific clinical indications. The most widely used and clinically validated
test is myChoice® CDx (Myriad Genetics) (83), an FDA-approved companion diagnostic for PARPi use
in ovarian cancer. Thistest integrates three genomic scar metrics (LOH, TAl, and LST) into a composite
GIS and additionally assesses BRCA1/2 mutation status.

Another clinically approved assay is FoundationOne® CDx (Foundation Medicine) (84), which utilizes
NGS to provide comprehensive genomic profiling. It reports BRCA1/2 mutations and other HRR gene
alterations, along with a genomic LOH score. FoundationOne® CDx is FDA-approved as a companion
diagnostic for rucaparib in ovarian cancer, and for olaparib in both breast and PCas. Its cfDNA-based

counterpart, FoundationOne® Liquid CDx, is also FDA-approved for the detection of BRCA1/2 and
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other HRR alterations in metastatic PCa, enabling non-invasive testing when tissue biopsy is not
feasible (85). While its clinical utility is well established, limitations remain in detecting certain genomic
alterations such as homozygous deletions from cfDNA.

In contrast, BRACAnalysis CDx® (Myriad Genetics) is a germline BRCA1/2 test based on Sanger
sequencing and multiplex PCR performedon DNA extracted fromwhole blood (not plasma cfDNA) (86).
Although FDA-approved for identifying patients eligible for PARPI therapy across multiple cancers
including breast, ovarian, pancreatic, and prostate, this assay detects only germline BRCA1/2 mutations
and is not designed to capture somatic alterations in tumors (86). Therefore, a negative result does not
exclude the presence of a tumor-specific mutation, which limits its standalone utility in mCRPC.

Additional platforms, including Tempus xT/xR and Caris Molecular Intelligence®, assess BRCA1/2 and
other HRR genes using targeted or exome sequencing and are widely used as laboratory-developed

tests within CLIA-certified laboratories, despite lacking FDA approval (87,88).

Most currently available HRD assays rely on FFPE tumor tissue, which poses a significant limitation in
metastatic PCa due to biopsy challenges, particularly in bone metastases where decalcification
degrades nucleic acid quality. Tumor heterogeneity further complicates tissue-based testing,
underscoring the need for robust liquid biopsy—compatible HRD assays (89). This clinical reality
highlights the urgent need for liquid biopsy-compatible HRD tests.

1.8 Computational techniques for HRD assessment

1.8.1 Current computational pipelines for HRD detection

A broad array of computational tools and algorithms has been developed to identify HRD based on
genomic features extracted from tumor sequencing data. These methods predominantly focus on
somatic GIS patterns, such as the aforementioned mutational signatures (SBS3, ID6) and large-scale

copy number alterations such as the genomic scars (LOH, TAI, LST).

Among the most widely used HRD prediction tools is HRDetect, a supervised lasso logistic regression
model trained on whole-genome sequencing WGS data from BRCA1/2-deficient breast cancers.
HRDetect integrates six mutational features, including substitution and rearrangement signatures,
microhomology-mediated indels, and copy number—based GIS, and can identify HRD even in the
absence of detectable BRCA mutations (79).

For applications using whole-exome or targeted sequencing data, SigMA offers aprobabilistic approach
to estimate HRD by modeling the activity of SBS3 from sparse mutation profiles. It uses panel-specific
simulations and a Bayesian framework to determine whether observed single nucleotide variants are

consistent with HRD-associated mutational processes (90).
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Additionally, shallowHRD and shallowHRD v2 apply genomic scar-based methods to shallow whole-
genome sequencing (sSWGS) data, quantifying allele-specific copy number alterations such as LOH,
LST, and telomeric allelicimbalance (TAl)toinfer HRD status at ultra-low sequencing coverage (91,92).
These models are particularly useful for retrospective or cfDNA-based studies where high coverage is
not feasible. Tools like scarHRD and Glinger follow similar logic, aggregating discrete chromosoma
aberration metrics derived from SNP arrays, sWGS, or targeted sequencing to produce a composite
HRD score (93,94). These methods are widely adopted in both tissue and liquid biopsy contexts, though

their performance may vary across tumor types and platforms.

Machine learning has also been applied to structural and mutational patterns to expand HRD
classification capabilities. CHORD is a random forest classifier trained on WGS data that uses the
frequency of deletions with microhomology and tandem duplications to distinguish BRCA1- and
BRCA2-like HRD profiles (95). Unlike signature-based tools, CHORD emphasizes rearrangement-
based features and structural variation. In targeted sequencing applications, HRD-MILN offers a
framework for identifying HRD from panel sequencing databy learning patterns of clustered LOH events
or scoring high-impact genomic scars using multi-instance learning approaches (96). This allows for
HRD status inference even when only limited genomic regions are available.

In the liquid biopsy domain, several exploratory tools aim to identify HRD phenotypes directly from
ctDNA. DirectHRD is a scar-based classifier that infers homologous recombination deficiency by
detecting microhomology-mediated deletions (mhDels) from whole-genome sequencing data. It uses a
specialized caller to identify mhDels and quantifies their similarity to COSMIC Indel Signature 1D6
through a multinomial mixture model. By focusing on this single, biologically specific signature of HRD,
DirectHRD enables classification from both tumor tissue and cell-free DNA, even at low tumor fractions
(TF) (97). Recently, DARC Sign (DnA Repair Classification SIGNatures) has introduced an XGBoost-
based classifier trained on cfDNA whole-exome sequencing (WES) data to classify BRCA2, CDK12,
and mismatch repair (MMR) deficiencies in metastatic PCa (98). By integrating 224 somatic features-
including mutational contexts and copy number segmentation metrics-DARC Sign addresses common
limitations in ctDNA assays, such as low TF and sparse variant calls, and is designed to be directly
applicable in clinical liquid biopsy workflows.

Deep learning approaches based on histopathological imaging have also emerged. Tools such as
DeepHRD, DeepSMILE, and attMIL use convolutional or attention-based neural networks trained on
hematoxylin and eosin (H&E) stained slides to predict HRD status directly from digital pathology (99—
101). These models provide a complementary modality to DNA-based testing and may help stratify
patients when genomic data are unavailable.
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1.8.2 Foundation models in genomic sequence analysis and HRD prediction

The emergence of foundation models in genomics represents a transformative advance in
computational biology, building on innovations originally developed in natural language processing such
as Bidirectional Encoder Representations from Transformers (BERT) and Generative Pre-trained
Transformer (GPT) (102,103). These large-scale neural networks are pre-trained on massive unlabeled
genomic datasets using self-supervised learning, enabling them to learn directly from raw DNA
sequences without relying on manually engineeredfeatures or curated annotations (104). By solving
surrogate tasks such as masked token prediction or next-token generation, foundation models capture
complex sequence dependencies and biological patterns embedded in the genome. This paradigm is
particularly well suited to genomics, where vast amounts of sequencing data exist but only a small
fraction is experimentally annotated (105-107). The representations learned through this process can
then be fine-tuned for diverse downstream tasks, including regulatory element classification, variant

effect prediction, and splice site recognition (108).

Central to their success is the transformer architecture, which eschews traditional recurrent or
convolutional designs in favor of multi-head self-attention (109). This mechanism allows the model to
dynamically weigh dependencies between distant sequence elements, making it particularly well-suited
to biological sequences where regulatory logic often spans kilobases, such as enhancer-promoter
interactions relevant to DNA repair gene regulation. Models like Enformer, DNABERT, and the
Nucleotide Transformer exemplify how such architectures can learn complex patterns of transcriptiona

control, even in the absence of explicit labels (106,110,111).

The representation of genomic data in these models hinges on the choice of tokenization scheme. Most
approaches convert nucleotide sequences into fixed-length overlapping substrings known as k-mers
(e.g., 3-mers or 6-mers), which serve as the analog of words in natural language (111). Alternative
strategies, such as byte-pair encoding (BPE), segment sequences into variable-length tokens based
on frequency, offering a compact yet expressive vocabulary and helping mitigate class imbalance
issues common in fixed k-mer spaces (105). Once tokenized, the sequences are embedded into high-
dimensional vector spaces, where each token’s representation incorporates both its identity and its
relative position, enabling the model to reconstruct biological syntax and grammar (106). These
embedding layers are either learned directly during training or enhanced with positional encodings (e.g.,
sinusoidal or rotary schemes), allowing the model to preserve sequential context over long genomic
distances (112).

The biological rationale for applying transformers to DNA lies in the structural similarities between

genome and language. Like sentences, genomes are composed of sequential elements governed by
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rules; some local, others distal, and many context dependent. Just as words in a sentence derive
meaning from surrounding syntax, nucleotide sequences often depend on long-range chromatin
interactions and regulatory logic that span kilobases. Transformer-based models are uniquely capable
of modeling such hierarchical and context-dependent relationships due to their self-attention
mechanisms, which enable global context integration without being limited by fixed receptive fields
(109). This architectural advantage makes them ideally suited to identifying and interpreting sequence
variants that disrupt regulatory elements, including enhancers, promoters, and insulators. These
capabilities are particularly relevant in the context of HRD, where regulatory perturbations in genes
suchas BRCA1, BRCA2, and PALBZ2 can resultin impaired DNA repair and contribute to tumorigenesis
(113). Recent studies have demonstrated that foundation models like Enformer and the Nucleotide
Transformer can learn non-linear, cross-distance regulatory dependencies, providing apath forward for
modeling subtle sequence variations that underlie HRD-related phenotypes (114). Although foundation
models have not yet been explicitly trained for HRD detection, they offer significant potential in this
domain. Foundation models could be applied to non-coding variant interpretation, predicting the effect
of regulatory disruptions that may silence key homologous recombination repair genes. Other protein-
level models, including AlphaMissense and PrimateAl-3D, incorporate structural and evolutionary priors
to classify missense variants, helping to reclassify variants of uncertain significance in HRD-associated
loci (115,116). Furthermore, emerging multimodal models-currently in early development-are capable
of integrating genomic, epigenomic, and fragmentomic features, opening the possibility of learning
complex GIS signatures directly from cfDNA. Importantly, foundation models are also robust to sparse
and noisy inputdata, making them especially well-suited to applications in liquid biopsy where coverage

is often limited.

In summary, foundation models for genomics could represent a paradigm shiftin how we learn from
biological sequences. Their scalability, contextual awareness, and flexibility make them promising tools
for modeling the regulatory and mutational landscapes underlying HRD, with the potential to enable
more accurate, interpretable, and integrative assays for clinical diagnostics and personalized therapy.

1.8.3 Unmet needs and translational gap

While tissue-based assays such as myChoice® CDx and FoundationOne® CDx have become
established tools for HRD detection in ovarian, breast, and PCas, their clinical utility is constrained by
sample accessibility and quality. These limitations are particularly pronounced in PCa, where metastatic
disease frequently involves the bone, rendering tissue acquisition technically challenging, invasive, and
often associated with poor nucleic acid quality due to decalcification procedures. As a result, many
patients with advanced or metastatic PCa are ineligible for reliable tissue-based genomic profiling,

creating a substantial diagnostic gap. Importantly, emerging evidence suggests that HRD in PCa may
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not be an early, truncal event, but instead can arise during disease progression under therapeutic
selective pressure, particularly in the metastatic castration-resistant setting. Consequently, archiva
primary tumor tissue may fail to capture clinically relevant, late-emerging HRD alterations that drive
treatment response or resistance. This temporal and spatial heterogeneity further undermines the

reliability of single-site tissue biopsies for HRD assessment in advanced PCa.

1.9 Non-invasive means of HRD assessment

Accurate assessment of HRD is essential for guiding precision therapy in advanced prostate cancer,
yet — as mentioned above - current diagnostic strategies rely predominantly on tumor tissue. In
metastatic disease, tissue acquisition is often limited by poor sample quality, tumor heterogeneity, and
the impracticality of repeated biopsies. Thesechallenges have drivenincreasing interestin non -invasive
approaches, particularly circulating tumor DNA (ctDNA)-based liquid biopsies, which offer the ability to
capture genomic, structural, and epigenomic features of HRD dynamically and longitudinally from

plasma.

The development and validation of ctDNA-based assays-leveraging GIS, mutational signatures,
epigenomic alterations, fragmentomic features, or multimodal combinations thereof - representacritical
translational frontier. As sequencing technologies advance and computational methods mature, multi-
layered liquid biopsy approaches are expected to complement or potentially replace tissue-based
assays, enabling dynamic, minimally invasive, and clinically actionable HRD detection throughout
disease evolution. Notably, no ctDNA-based HRD assay has received FDA approval, and current
guidelines lack standardized approaches for liquid biopsy-based detection.

1.9.1 Biology of cell-free DNA

cfDNA refers to extracellular DNA fragments that are released into the bloodstream and other bodily
fluids under physiological and pathological conditions. In healthy individuals, cfDNA primarily originates
from apoptotic and, to alesser extent, necrotic hematopoietic cells (Figure 7A). These DNA fragments
are characteristically short, with modal lengths around 166 base pairs, corresponding to the length of
DNA wrapped around a nucleosome plus linker DNA. The predominant mechanisms of cfDNA release
include apoptotic cell turnover, where endonucleases generate mono- and oligonucleosomal DNA
fragments, and necrosis, which results in more heterogeneous and longer fragments due to less

controlled cleavage events (117,118).

In cancer patients, a subset of cfDNA originates from tumor cells and is referred to as ctDNA. This
fraction is typically more fragmented than cfDNA from healthy tissues and is shaped by the unique

chromatin structure, transcriptional activity, and nucleosome positioning of the tumor cells from which
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it derives (119). ctDNA can carry somatic mutations, structural variations, copy number alterations, and
epigenetic features reflective of the tumor genome, thus providing a non-invasive proxy for tumor
profiling. Notably, prostate cancer is generally considered a relatively low-shedding tumor type for
ctDNA, meaning that a substantial subset of patients may have low or intermittently detectable tumor

fractions in plasma, which can limit analytical sensitivity and increase false-negative rates (120).

The abundance and composition of ctDNA are influenced by multiple factors, including tumor burden,
anatomical location, vascularization, and biological characteristics such as proliferation and apoptosis
rates (Figure 7B). In general, rapidly growing or necrotic tumors tend to shed more DNA into circulation
(121). Moreover, physiological factors such as renal clearance and liver metabolism, as well as
biological phenomenallike clonal hematopoiesis of indeterminate potential (CHIP), may confound the

interpretation of cfDNA signals (122).
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Figure 7: Evolution of liquid biopsy and cfDNA-based biomarker approaches.

(A) The cfDNA pool originates mainly from hematopoietic cells, with minor contributions from solid tissues. In
cancer patients, tumor cells contribute circulating tumor DNA (ctDNA), whose levels reflect the balance between
DNA release and clearance via nucleases, renal excretion, and hepatic/splenic uptake. (B) ctDNA abundance
depends on tumor-intrinsic factors, such as burden, heterogeneity, and proliferation, as well as extrinsic
physiological and treatment-related factors. Reproduced with permission from the original authors, under the
terms of the Creative Commons CC BY license. Figure and legend adapted from Moser et. al (123). Created with
BioRender.com

Recent investigations have provided detailed insights into the structural and biophysical properties of
cfDNA. Accumulating evidence indicates that cfDNA fragmentation patterns are shaped by the
nucleosomal organization and chromatin accessibility of the cells of origin, thereby enabling inference
of tissue-specific contributions through analyses of fragment size distributions, end-motif composition,
and nucleosome phasing (117). Tumor-derived cfDNA is characterized by increased fragmentation
heterogeneity, systematic shifts in end-motif frequencies, and non-random cleavage at preferred
genomic loci, reflecting tumor-specific chromatin architecture and epigenetic dysregulation (118,119).
These reproducible, non-stochastic features constitute the biological basis for emerging

fragmentomics-based analytical frameworks.

Critically, these insights into cfDNA and ctDNA biology have direct translational relevance. They
underpin the conceptual and methodological foundations of liquid biopsy technologies and inform the
development of assays for early cancer detection, molecular characterization, and longitudinal disease
monitoring. Accordingly, a mechanistic understanding of cfDNA generation, fragmentation, and
clearance is essential for accurate signal interpretation and for the rational design of robust analytical
pipelines capable of distinguishing tumor-derived signals from the abundant background of non-
malignant cfDNA (124).

1.9.2 Analytical approaches to ctDNA detection

Analytical strategies for the detection and quantification of ctDNA have evolved substantially,
progressing from highly targeted mutation assays to comprehensive, multi-modal platforms that
integrate genomic, epigenomic, and fragmentomic features. These approaches can be broadly
categorized into targeted, genome-wide, and integrated or multimodal methodologies, each tailored to
specific clinical use cases and varying levels of ctDNA abundance. Selection of the appropriate
analytical framework depends on factors such as disease stage, tumor burden, and the intended
application, including early detection, molecular profiling, or longitudinal disease monitoring.
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Targeted mutation-based approaches

Early ctDNA assays focused on ultra-sensitive detection of somatic mutations using tumor-informed
methods, including digital PCR, BEAMing, and hybrid-capture next-generation sequencing (NGS). With
deep sequencing and molecular error correction, these approaches achieve sensitivities down to
~0.01% variant allele frequency (125). CAPP-Seq exemplifies this strategy, enabling patient-specific

mutation tracking based on tumor exome data (122).

Tumor-naive (non-informed) mutation-based assays detect recurrent cancer-associated mutations
without prior tumor profiling, expanding clinical applicability (126). However, both approaches are
inherently limited by the low prevalence of clonal mutations in early-stage disease and the restricted
genomic scope of mutation panels.

Several analytical innovations have also expanded cfDNA’s somatic mutation diagnostic toolkit.
CODEC (Concatenating Original Duplex for Error Correction) improves mutation detection by linking
Watson and Crick strands, allowing ultra-sensitive sequencing with reduced error rates and lower

sequencing depth (127).
Copy number and structural variation analysis

Somatic copy number alterations (SCNAs) and structural variants (SVs) are pervasive features of
cancer and can be detected using ultra-low-pass or shallow whole-genome sequencing. SCNAs, which
involve large genomic gains or losses, and SVs, including translocations and inversions, often arise
early in tumorigenesis and provide informative biomarkers for detection and classification (128,129).
These alterations are common across many cancer types and often represent early events in

tumorigenesis, making them valuable for both detection and classification.

While short-read sequencing has limited resolution for complex SVs, long-read platforms substantially
improve breakpoint detection and structural characterization. Computational tools such as ichorCNA,
plasma-Seq, and PARE support tumor-naive, genome-wide SCNA detection (130), whereas Delly,
Manta, GRIDSS, and alignment-free methods like Aperture enable sensitive SV identification from
ctDNA (131-134).

Long-read sequencing offers an orthogonal route for ctDNA structural-variant profiling because reads
can span repetitive regions and complex rearrangement junctions, improving breakpoint localization
and interpretation compared with short-read data (135) Recent nanopore-based approaches have
shown that long-read workflows can be adapted for ctDNA SV detection and patient-specific monitoring,
supporting their potential utility even at low tumor fractions (136). In practice, long-read ctDNA assays
typically rely on preserving or enriching longer cfDNA molecules and using library preparation

compatible with long inserts (often alongside single-stranded library preparation strategies that broaden
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cfDNA fragment recovery), followed by alignment and SV calling tailored to long-read error profiles
(137).

Overall, integrating genome-wide copy number and structural analyses - particularly with emerging
long-read technologies - enhances ctDNA detection in low-burden disease and supports non-invasive
cancer profiling, monitoring, and early detection.

1.9.3 Mutational signatures in ctDNA

Extracting mutational signatures from ctDNA can provide insight into a tumor’s origin, evolutionary
history, and therapeutic vulnerabilities. Traditionally, mutational signature analysis has required
matched tumor-normal WES or WGS, which enables accurate somatic mutation calling by filtering out
germline variants. However, in clinical practice, particularly in liquid biopsy settings, matched normal
samples are often unavailable, and sequencing depthis limited. This has led to the development of two
classes of computational tools: those for signature attribution, and those for mutation calling directly

from tumor-only or cfDNA data.

For signature attribution, several computational tools have been validated for performance across
various input sizes and mutation burdens. SigProfilerSingleSample, part of the broader SigProfiler
framework, is optimized for small somatic mutation catalogs and allows precise assignment of known
COSMIC signatures (138). MuSiCal (Mutational Signature Calculator) is a recent tool capable of both
discovering novel signatures and fitting known ones with high accuracy, even in sparse datasets (139).
Meanwhile, PASA (Presence Attribute Signature Activity) introduces a binary feature -based method
that identifies signature activity based on the presence or absence of diagnostic mutations, making it
particularly suited for samples with low variant counts (140).

To complement these, tools such as MisMatchFinder and Pointy have been developed to improve
upstream mutation calling in tumor-only or low-pass ctDNA contexts. MisMatchFinder uses aread-level
approach to detect mismatches and infer somatic mutations from low-coverage ctDNA WGS data,
circumventing the need for a matched germline reference (141). Pointy, on the other hand, employs a
machine learning model trained on ULP-WGS (0.3—-1.5x) to identify somatic mutations and recover
signature activity with high sensitivity and specificity, enabling signature analysis directly from cfDNA in

early-stage cancers (142).
1.9.4 Fragmentomic signatures of ctDNA

ctDNA carries distinctive biophysical signatures that arise from tissue-specific chromatin organization
and nuclease-mediated DNA processing. These fragmentomic features include fragment size

distributions, nucleosome phasing, and DNA end motifs, which collectively reflect the transcriptiona
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activity and chromatin accessibility of the tissue of origin (143). Recent analytical advances have

repurposed these mutation-agnostic signals for ctDNA detection, classification, and quantification.

Early work with DELFI (DNA Evaluation of Fragments for Early Interception) demonstrated that
genome-wide fragmentation profiles derived from shallow whole-genome sequencing (sWGS) can
distinguish cancer from non-cancer states across tumor types with high sensitivity (121). Subsequent
approaches incorporated higher-resolution features, including end motifs, cleavage positioning relative
to nucleosomes, and fragment jaggedness. Tools such as Griffin map fragmentation patterns to
regulatory regionsto enable molecular subtyping (e.g., estrogen receptorstatus in breast cancer) (144),
while EPIC-seq links promoter fragmentation entropy to gene expression states and tissue -of-origin
inference (145). Orientation-aware analyses further exploit strand-specific cleavage biases around
open chromatin to predict tissue sources (146), and measures of cfDNA jaggedness capture aberrant
nuclease activity associated with malignancy (147).

Recent innovations have further expanded fragmentomics into high-resolution and machine-learning-
driven territory. FRAGMAXR evaluates nucleosome-level methylation-associated fragmentation
patterns across +800 bp windows, revealing how higher-order chromatin structure impacts cfDNA
degradation. It improves detection across multiple cancer types, particularly in early stages (148).
FRAGLE, a novel deep learning framework trained on large cfDNA cohorts, directly estimates ctDNA
fraction from fragment length distributions with ~1% sensitivity and is compatible with both whole-

genome and targeted sequencing data (149).

Beyond canonical mono- and dinucleosomal cfDNA, recent studies have uncovered distinct cfDNA
populations, ultrashort (<70 bp, often single-stranded) and long (>500 bp) fragments, enabled by single-
stranded library preparation and long-read sequencing (118). These newly characterized populations
reveal tumor-specific nuclease activity and chromatin accessibility signatures, thereby expanding the
biological resolution of fragmentomics. Advances such as FRAGHA (150), which integrates fragment
size and 5' end motifs to infer histone modification landscapes, and GALYFRE (151), which quantifies
aberrant end positioning through information-weighted metrics, demonstrate how high-dimensiona
fragmentation data can capture functional epigenetic states. In parallel, deep learning approaches,
including transformer-based models that learn cfDNA end-motif “languages” and convolutiond
networks capable of inferring CpG methylation directly from fragmentation patterns, are redefining
computational fragmentomics (152,153). Collectively, these developments mark a shift toward
multimodal, Al-integrated fragmentomics, bridging nucleosomal biology with clinical detection,

functional interpretation, and precision biomarker discovery.

Recent studies have shown that cfDNA fragmentation features, including size profiles, end-motifs, and

nucleosome positioning carry significant diagnostic value across cancers (154-156). Given their

26



elevated GIS, HRD phenotypes likely extend beyond canonical mutations and HRD tumors may also
display distinct fragmentation and chromatin accessibility patterns in cfDNA, informing both molecular
subtyping and HRD detection. Therefore, single-modality assays may underestimate HRD prevalence,
while multimodal approaches integrating mutations, SCNAs, genomic scars, and fragmentomics

features may offer superior detection of intrinsic tumor biology (157-159).
1.9.5 Multi-modal and ensemble approaches

Recognizing that single-feature models, relying on mutations, methylation, or fragmentomic pattems
individually, have intrinsic limitations, recent efforts have converged on multi-modal liquid biopsy
platforms. These approaches combine orthogonal cfDNA features to enhance detection sensitivity and
specificity, especially in early-stage cancers where signal strength from any single modality may be

weak (Figure 8).
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Figure 8: Evolution of liquid biopsy (LB) technologies and cfDNA analysis across generations.

First-generation assays targeted single or few recurrent cancer mutations (yellow panel). Second
generation methods expanded genomic breadth through multi-gene panels and whole-genome sequencing
(blue panel). Third-generation approaches incorporated nongenetic cfDNA features such as methylation,
fragment length, and end-motif profiles (purple panel). The emerging fourth-generation LB models (green
panel) integrate multi-omic and multi-analyte data, including genomics, fragmentomics, nucleosomics, and
methylomics, to enhance sensitivity and specificity. This evolution increases analytical complexity,
necessitating advanced machine learning algorithms for data integration and interpretation. Reproducea
with permission from the original authors, under the terms of the Creative Commons CC BY license.
Created with BioRender.com. Figure and legend adapted from Moser et al. (122).
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SPOT-MAS, integrates genome-wide and targeted methylation, CNAs, fragment length distributions,

and end motif frequencies into a unified diagnostic pipeline. Using a two-stage machine learning
framework and low-depth sequencing (~0.55x), SPOT-MAS achieved 72.4% sensitivity at 97.0%
specificity across multiple cancers, including breast, colorectal, liver, and lung, demonstrating its

potential for population-scale early cancer screening (159).

Similarly, EMMA (Expanded Multi-Modal Analysis) analyzes whole-genome bisulfite sequencing

(WGBS) data to simultaneously detect differentially methylated regions (DMRs), SCNAs, and fragment
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size ratios. This integrative method enabled sensitive detection of early and even pre-neoplastic
esophageal squamous cell carcinoma, outperforming single-signal classifiers and highlighting its
potential in early interception strategies (157).

The Cancer Signature Ensemble (CSE) classifier, which integrates average methylation fraction, copy
number ratio, and fragment size ratio. In a multi-cancer validation study, the CSE achieved 88.9%
sensitivity at 95.2% specificity-substantially higher than any single-modality classifier-and showed

strong performance in traditionally hard-to-detect cancers such as prostate and lung (160).

Together, these multi-modal and ensemble approaches mark a shift in liquid biopsy toward maximizing
biological signal through integration. By simultaneously capturing genetic, epigenetic, and structura
alterations in cfDNA, these methods substantially enhance the sensitivity, robustness, and utility of

blood-based cancer detection platforms.
1.9.6 ctDNA in PCa

PCa has some disease specific complications when it comes to genetic testing of the tumor. Tissue
biopsy is usually performed with a core needle biopsy (161). However, due to the relatively high spatid
heterogeneity of PCa, it is not uncommon to underdiagnose, misclassify (162), or miss subclonal tissue
that could harbour treatable mutations (163). Emerging imaging techniques such as multiparametric or
fusion Magnetic Resonance Imaging (MRI) and Transrectal Ultrasound (TRUS), or their combination,
allow for guided biopsies with increased detectionrates of malignantdisease (164,165). However, these
systematic biopsies still pose limitations and are prone to the aforementioned problems or miss
metastatic heterogeneity. Furthermore, bone metastasis is very common in PCa, complicating tissue
testing (166). Bone lesion biopsies are challenging to perform successfully. The amount of tissue is
often insufficient and requires decalcification, a procedure that severely reduces the quality of DNA and
therefore the results of genetic testing (167). Additionally, serious patient discomfort and the related

morbidities limit their use and repeatability.

In recentyears, ctDNAhas emerged as a minimally invasive biomarker for disease detection, molecular
profiling, and treatment monitoring in PCa. ctDNA levels correlate with tumor burden and disease stage,
with the highest detectability observedin mCRPC, while lower fractions are typically presentin localized
disease. Despite these limitations, ctDNA analysis provides a dynamic and repeatable means of

capturing tumor heterogeneity and clonal evolution under therapeutic pressure.

A unique advantage compared to tissue biopsies is that ctDNA can confer information about genomic
intra-tumor heterogeneity that traditional biopsies could miss due to spatial reasons, and metastatic
tumors (168,169). Multiregion sampling of tissue has been shown to improve genotyping, but it

inadvertently increases patient discomfort (170). This marker can provide a rapid, non-invasive,
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longitudinal analysis that covers the full extend of tumor genomics found in tumor clones. These
characteristics make ctDNA sequencing an enticing alternative to tissue biopsies in PCa, which is a
disease prone to challenging tissue biopsies and high levels of heterogeneity. Furthermore, in the
context of PARPI resistance, subclonal BRCAZ2 alterations have been reported as an important
mechanism of resistance (171). Acquiring information from the different subclonal lesions in a manner

that is easy to repeat simultaneously would therefore be particularly advantageous in this setting.

Despite these advantages, there are numerous challenges to be addressed concerning this biomarker,
such as frequently low levels in the analyte, limited sensitivity in early stage cancers, DNA contribution
from non-tumor tissues and ageing events like CHIP, over or under-representation of certain cell
populations, possible overdiagnosis leading to overtreatment of indolent tumors, and lack of clinical
validation (172-174). Despite the rapidly growing knowledge in the field, ctDNA testing remains in its
infancy, particularly when it comes to clinical testing (175).

Emerging approaches in artificial intelligence and machine learning offer promising avenues to address
some of these limitations. Al-based models are uniquely suited to handle the high-dimensiond,
complex, and often noisy data generated fromctDNA analyses (123,176). These methods can enhance
analytical sensitivity by identifying subtle patterns in fragment length, end motifs, jagged ends, and
methylation signatures-features often overlooked by traditional pipelines. For example, convolutiona
neural networks (CNNs) and deep learning models have been employed to decode fragmentation

profiles and infer tissue-of-origin at high accuracy, even at low sequencing depth.

In this evolving landscape, Al-enhanced ctDNA analysis represents acritical step forward in overcoming
biological and technical limitations. As these models mature and become clinically validated, they are
poised to play a key role in refining early cancer detection, tracking minimal residual disease, and
personalizing therapeutic decisions in PCa and beyond.
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2 Rationale of the study

HRD is a clinically actionable biomarker with growing therapeutic relevance in PCa. While its predictive
value for response to PARPI is well established, accumulating evidence suggests that HRD may also
confer sensitivity to immune checkpoint inhibition, underscoring its broader relevance in precision
oncology (177).

Despite this potential, HRD assessment in PCa remains largely tissue based, which poses substantia
limitations in the metastatic castration-resistant setting. Metastatic biopsies are invasive and frequently
yield insufficient or non-representative material due to spatial heterogeneity and prior therapeutic
exposure. In addition, archival tissue often fails to capture the evolving genomic landscape

characteristic of mMCRPC, where clonal dynamics are rapid and treatment driven.

ctDNA-based liquid biopsy offers a compelling alternative by enabling non-invasive, longitudina
profiling of tumor genomes, including subclonal alterations and resistance mechanisms. However, the
clinical implementation of ctDNA-based HRD detection is challenged by limited sensitivity at low TF,
inter-assay variability, and the lack of standardized methods to reliably detect complex genomic events
such as homozygous deletions or biallelic gene inactivation (178). Moreover, the predictive value of
HRD-associated genomic features, such LOH, LST, TAI, and mutational signatures, has not been fully
validated in liquid biopsy settings for PCa (179). Finally, fragmentomic and nucleosomic features of
ctDNA, which reflect chromatin organization, nuclease activity, and nucleosome positioning, remain
largely unexplored in the context of HRD, representing a potentially informative but underinvestigated
dimension of HRD biology in liquid biopsy. Therefore, the aim of this study was to systematically
evaluate ctDNA-based HRD detectionin PCa by integrating genomic scar metrics, mutational
signatures, and fragmentomic features, with the goal of improving the sensitivity and clinical
interpretability of HRD assessment in liquid biopsy.

2.1 Research questions

This study aims to address the following key questions:

e Feasibility: Can the HRD phenotype be reliably detected using circulating cell-free DNA (cfDNA)
in metastatic PCa, and what proportion of patients exhibit sufficient TF to enable informative liquid
biopsy—based analysis?
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e Prevalence: Among patients with adequate cfDNA tumor content, what fraction displays genomic

or phenotypic evidence of HRD?

e Non-BRCA HRR alterations: What is the predictive value of non-BRCA HRR gene alterations
(e.g., PALB2, ATM, RAD51C/D) for identifying HRD and for predicting sensitivity or resistance to
PARP inhibitor therapy?

e Modifier genes: How do alterations in classically non-HRR genes (e.g., TP53, PTEN, RB1T)
influence the emergence, modulation, or masking of HRD in metastatic PCa?

e Mutational signatures: Can mutational signatures derived fromcfDNA serve as robust biomarkers
of HRD, providing a liquid biopsy—based alternative or complement to tissue genotyping?

e Epigenomic features: Do epigenomic alterations, including disruptions of transcription factor
binding sites (TFBS), provide HRD-associated signals detectable in cfDNA?

o Fragmentomics: Are cfDNA fragmentomic features, such as fragment length distributions and
end-motif patterns, associated with the HRD phenotype and informative for HRD classification?

2.2 Aims and hypotheses

The primary aim of this study was to investigate novel, clinically relevant strategies for detecting the
HRD phenotype in mCRPC using circulating cfDNA. Given the well-recognized limitations of tissue-
based testing in PCa - particularly the challenges posed by bone-predominant metastases, spatial
heterogeneity, and limited tissue availability - this study evaluates liquid biopsy as a non-invasive,
repeatable, and clinically informative alternative. By integrating multiple sequencing modalities and
computational frameworks, we sought to improve the sensitivity, accessibility, and clinical

interpretability of HRD diagnostics in real-world settings (Figure 9).

A central hypothesis was that HRD can be reliably detected through cfDNA in a subset of patients with
mCRPC, provided that sufficient tumor-derived DNA is present. Accordingly, we first quantified the
proportion of patients with adequate cfDNA TF to support high-confidence genomic analysis and
subsequently estimate HRD prevalence within this evaluable cohort using established GIS metrics and
HRD-associated alterations. We further hypothesized that mutational signatures reflective of HRD can
be extracted from cfDNA using both ultra-deep matched tumor-normal WES and be used to reliably

distinguish HRD tumors.

Beyond mutation-centric approaches, this study investigated emerging epigenomic and structura
indicators of HRD. We explored whether TFBS activity, inferred from coverage patterns in hcWGS data,
differsin HRD tumors. Furthermore, we assessed whether fragmentomic features, specifically cfDNA
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fragment lengths and end-motif profiles, are altered in HRD-positive samples, and whether these

patterns can serve as surrogate markers for the HRD phenotype.

Through this multi-dimensional approach, we aimed to define a set of robust, accessible, and scalable
biomarkers for HRD detection that extend beyond current tissue-based standards. This work may
provide a foundation for integrating liquid biopsy into HRD-focused therapeutic decision-making,
including for PARPI and potentially for immunotherapy.
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Figure 9: Multimodal framework for HRD detection from cfDNA in advanced PCa.

From an initial cohort of 375 patients with PCa with multiple sampling time points, we selected samples with
elevated ctDNA levels from 106 patients for in-depth analysis. A tiered approach was applied to characterize both
the causes and consequences of homologous recombination deficiency (HRD). Targeted panel sequencing was
used to assess pathogenic variants in 18 HRR-related genes. Shallow and high-coverage whole-genome
sequencing (WGS) enabled the quantification of GIS and extraction of fragmentomics and chromatin accessibility
features. Whole-exome sequencing (WES) of matched tumor-normal cfDNA samples was performed in a subset
to characterize HRD-associated mutational signatures. Downstream analyses integrated genomic alterations,
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GIS, mutational signatures, fragment length patterns, end motifs, and transcription factor binding site (TFBS)
accessibility to derive classical and alternative HRD biomarkers from plasma. Created in BioRender. Heitzer, E.
(2025) https://BioRender.com/zhwwhzg Figure and legend adapted from Vlachos et al. (180). Reproduced with
permission from the original authors, under the terms of the Creative Commons CC BY license.

This study addresses a critical unmet need by developing and validating ctDNA-based strategies for
HRD detection in mCRPC. Through the integration of mutation analysis, copy number profiling,
fragmentomic patterns, and epigenomic signals, it aims to improve the identification of HRD-positive
patients who may benefit from targeted or immune-based therapies. In doing so, this work contributes
to expanding the utility of liquid biopsy, advancing biomarker-driven precision oncology, and enhancing

access to personalized cancer care.
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3 Methods

3.1 Patient cohort and sample collection

Between 2012 and 2023, a total of 898 plasma samples were obtained from 375 individuals diagnosed
with mPCa at the Division of Oncology, Medical University of Graz. Blood samples were collected by
trained hospital staff and shipped to the Institute of Human Genetics on the same or the following day.
Peripheral blood was drawn into either Streck Cell-Free DNA BCT® tubes (Streck, La Vista, NE, USA)
or PAXgene Blood ccfDNA tubes (PreAnalytiX, Hombrechtikon, Switzerland) and processed by a two -
step centrifugation protocol (1900 x g for 10 minutes, followed by 16,000 x g for 10 minutes). The buffy
coat was retained after the first spin for matched germline DNA. All specimens were stored at =80 °C
until further processing. All participants provided written informed consent, and ethical approval was
granted by the institutional ethics committee (EK Nr ex 21-228).

We collected detailed clinical data for a subset of 106 patients selected for downstream sequencing, of
whom 102 had complete records between June 19,2018, and April 24, 2024. These patients comprised
the analytical cohort used for targeted plasma-based mutation analysis and molecular characterization.
The cohort included patients with metastatic castration-resistant PCa (mCRPC, n = 58), non-metastatic
castration-resistant PCa (hmCRPC, n = 2), metastatic hormone-sensitive PCa (mHSPC, n = 30), non-
metastatic hormone-sensitive PCa (nmHSPC, n = 3), and neuroendocrine PCa (nePC, n = 7) and
Unknown (Unk, n = 6).

Each plasma sample represented a distinct biological replicate corresponding to a unique patient and
collection time point. Technical replicates were not generated, as every cfDNA library was
independently prepared and sequenced. Grouping of samples was guided by predefined molecular and
clinical parameters rather than random assignment or blinding. All analyses were conducted
retrospectively following completion of molecular profiling, with sample categorization such as HRD

status, established on the basis of objective genomic criteria.
3.2 cfDNA and gDNA isolation

After the first centrifugation, the plasma fraction was carefully removed without disturbing the cellular
interface, and the buffy coat (leukocyte fraction) was collected into a separate tube and stored at —-80 °C
for subsequent germline DNA isolation. The recovered plasma was then centrifuged again to remove

residual cellular debris.

cfDNAwas isolated from2 mL of plasma using the QlAamp Circulating Nucleic Acid Kit (QIAGEN, Hilden,
Germany) and quantified using the Qubit™ dsDNA High Sensitivity Assay Kit on a Qubit 4 Fluorometer
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(Thermo Fisher Scientific, Waltham, MA, USA; RRID: SCR_026883), according to the manufacturers
instructions. If cfDNAyield was <40 ng, cfDNAwas extracted from4 -8 mL plasma (using multiple aliquots
as required). Germline DNA from white blood cells was isolated with the QlAamp DNA Mini and Blood

Mini kit (QIAGEN, Hilden, Germany), according to the manufacturer’s instructions.

3.3 Clinical data collection and processing

Baseline clinical and demographic information-including age, height, smoking status, date of diagnosis,
and Gleason score was extracted from electronic medical records. Tumor burden and disease
progression were characterized through TNM staging, biopsy assessments, and metastatic site
documentation. Performance status was assessed using ECOG and Karnofsky indices, while
comorbidity burden was quantified with the Charlson Comorbidity Index.

Treatment-related variables included the number and type of systemic therapies, details of ADT, bone-
targeting agents, radiation therapy, and reasons for therapy modification or discontinuation. Clinica
responses were assessed using serial PSA measurements, radiographic evaluation (RECIST criteria),
and clinical progress notes. Survival outcomes, progression-free survival (PFS) and overall surviva
(OS), were calculated from the initiation of systemic therapy to the date of documented progression or
death.

Baseline laboratory values included PSA, hemoglobin, neutrophil and lymphocyte counts, CRP,
albumin, LDH, alkaline phosphatase, and neuroendocrine markers (NSE, chromogranin A, DHEA-S).
Inflammatory and nutritional indices, such as the neutrophil-to-lymphocyte ratio (NLR) and
CRP/albumin ratio, were derived accordingly. Data processing and statistical analyses were performed
using Python (RRID: SCR_008394, v3.11.7), and patients with missing values for the respective

analyses were excluded.
3.4 Tumor fraction estimation using mFAST-SeqS

To assess tumor-derived cfDNA content, the mFAST-SeqS protocol was utilized. LINE-1 repetitive
elements were selectively amplified from 1 ng of cfDNA with specific primers (5 cycles), followed by
indexing PCR (18 cycles). Purified libraries were sequenced using paired-end lllumina chemistry
(llumina, San Diego, CA, USA), targeting approximately 100,000 reads per sample. Alignments to the
hg19 reference genome were performed using BWA-MEM2 (RRID: SCR_022192, v0.7.4), and high-
quality reads (mapping quality >15) were used to calculate normalized Z-scores per chromosomal arm.
A global Z-score was computed by summing the squared normalized values across all arms,
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benchmarked against a panel of 35 healthy controls. The method was described in detail previously
(181).

Based on the initial screening, a total of 106 plasma samples fulfilled the quality and tumor-fraction
requirements and were subsequently selected for targeted sequencing to enable detailed profiling of
HRR gene alterations. Given the exploratory and observational nature of this study, which aimed to
describe cfDNAfeatures associated with HRD rather than to evaluate a predefined effectsize, no forma
power calculation was conducted. The final cohort size (n = 106) was therefore determined by the
number of high-quality plasma samples that met both sequencing and analytical inclusion criteria.

3.5 Targeted sequencing of DNA repair and tumor suppressor genes

Targeted amplicon sequencing was performed using the QlAseq HRR panel (QIAGEN, Hilden,
Germany), covering a core set of HRR genes and custom-expanded to include RB1, TP53, and PTEN.
Input cfDNA ranged from 10 to 40 ng. Libraries were prepared with enzymatic fragmentation, ligation
of UMI-containing adapters, and dual PCR enrichment (8 cycles target-specific, followed by 20 cycles
universal). Library quality was verified on an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa
Clara, CA, USA; RRID: SCR_018043) and quantified via gPCR (Applied Biosystems, Thermo Fisher
Scientific, Waltham, MA, USA; RRID: SCR_023455). Sequencing was carried out in 2x150 bp mode
on either lllumina NextSeq 550 System (lllumina, San Diego, CA, USA; RRID:SCR_016381) or lllumina
NovaSeq 6000 Sequencing System (lllumina, San Diego, CA, USA; RRID:SCR_016387), achieving a

minimum coverage of 25,600x.

Raw reads were processed using the QIAGEN GeneGlobe platform (QIAGEN, Hilden, Germany; RRID:
SCR_021211), which performed adapter trimming, UMI clustering, and alignment to hg19 using BWA -
MEM2 (RRID: SCR_022192, v0.7.9a). Variants were called using smCounter2 and annotated in Golden
Helix VarSeq (Golden Helix, Bozeman, MT, USA; RRID: SCR_001285, v2.2.0) using Genome
Aggregation Database (gnomAD RRID:SCR_014964) and dbNSFP (RRID:SCR_005178) databases.
Variant classification followed ACMG-AMP criteria(RRID: SCR_005769), with additional manual review
of low variant allele frequency (VAF) (<0.5%) calls.

To assess the performance of the HRR assay, we used Seraseq ctDNA Complete ™ Mutation Mix
standards (SeraCare Life Sciences, Milford, MA, USA) with different VAF, including 5%, 2.5%, 1%,
0.5%, 0.1% and a wild type sample. These reference materials included synthetic oligos carrying
common mutations in a synthetic plasma-like matrix. The extended panel (including RB1, PTEN, and
TP53) was validated using the Seraseq ctDNA™ Mutation Mix v2 standards (1%, 0.5%, 0.125% VAF

and WT). The reference material was suspended in a plasma-like matrix, which allowed us to test the
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whole procedure, from DNA isolation, quality and quantity control, library preparation, sequencing and

analysis.
3.6 Clonality assignment of variants

Variants detected from the targeted cfDNA panel were further classified by variant origin (somatic vs
germline) and (ii) clonality (clonal vs subclonal) to supportdownstreamanalyses of tumor heterogeneity.
Variants were annotated as germline when their VAF was consistent with heterozygous inheritance
(i.e., clustering around ~50% VAF), particularly in samples with low TF. For putative somatic variants,
clonality was inferred using the expected relationship between TF and VAF. Variants were considered
clonal when the observed VAF was close to the expected clonal VAF (operationally, within £10% of the
TF value), and subclonal when the observed VAF was substantially lower than expected, compatible
with presence in a tumor subpopulation (heterogeneity) or late -emerging clones. Borderline/low-VAF
calls were reviewed to ensure that the assigned label was consistent with assay noise limits and the
overall TF context. In cases where cfDNA VAF alone was insufficientto distinguish somatic from
germline origin (e.g., at intermediate tumor fractions of ~40—-60%, where VAF patterns can overlap),
variants were orthogonally assessed by bidirectional capillary Sanger sequencing in matched WBC
genomic DNA to establish germline status.

3.7 Sanger sequencing

Targetlociwere PCR-amplified from WBC genomic DNA and subjected to bidirectional capillary Sanger
sequencing on an Applied Biosystems AB 3730 platform (Applied Biosystems, Thermo Fisher Scientific,
Waltham, MA, USA; RRID:SCR_018052). Sequencing trace files (.ab1) were analysed in SeqScape 3
(Applied Biosystems, Thermo Fisher Scientific, Waltham, MA, USA) using gene-/region-specific project
templates and referencedatagroups. Where applicable, M13-tailed primer designs were used to enable
standardized sequencing priming. Chromatograms were reviewed manually and a variant was
considered confirmed when the expected heterozygous signal was observed in both forward and
reverse reads; runs with insufficient quality or discordant traces were repeated or classified as non-

evaluable. Confirmed variants were annotated as germline for downstream analyses.
3.8 Whole-exome sequencing

Matched tumor and germline WES was conducted for 21 patients. cfDNA libraries were constructed
using the lllumina DNA Prep with Twist Exome 2.5 Enrichment Kit (lllumina, San Diego, CA, USA),
while germline libraries were prepared using the Twist Human Exome 2.0 ( Twist Bioscience, South San
Francisco, CA, USA). Sequencing was performed on lllumina NovaSeq 6000 (lllumina, San Diego, CA,
USA; RRID:SCR_016387)in 2x150 bp format. Tumor libraries achieved >1500%x mean coverage;
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germline samples averaged at 150x. Performance metrics were validated using the Twist cfDNA Pan -
Cancer Reference Standard (Twist Bioscience, South San Francisco, CA, USA). FASTQ files were
aligned to hg38 with BWA-MEM2 (RRID: SCR_022192, v0.7.9a), and somatic mutations were identified
using GATK Mutect2 (RRID: SCR_026692). Signature extraction utilized the MutationalPatterns R
package (RRID: SCR_024247) with COSMIC v3.4 (RRID: SCR_002260). Copy number signature
analysis was performed using Sequenza (RRID: SCR_016662) and SigProfilerExtractor
(RRID:SCR_023121)

3.9 Whole-genome sequencing

cfDNA libraries were prepared using the TruSeq DNA Nano Kit (lllumina, San Diego, CA, USA) with 10
ng input. Low-pass WGS (~0.1-0.2x) was conducted on NovaSeq 6000 SP flow cells; high-coverage
WGS (~30x) was carried out on S4 flow cells (lllumina, San Diego, CA, USA). Read alignment to hg19
was performed using BWA-MEM2 (RRID: SCR_022192, v0.7.9a) (182), and duplicates were marked
with Picard (RRID: SCR_006525). Low-pass WGS data were analyzed with ichorCNA (RRID:
SCR _024768) (130), and large-scale genomic alterations were identified using shallowHRD (v1.0) (91).
Thresholds for HRD classification followed published LGA cutoffs.

3.10 Structural variant analysis

Structural variant analysis was performed on high-coverage cfDNA whole-genome sequencing data
using Manta (v1.6.0; RRID:SCR_022997) configured in tumor-only mode (183). Sequence alignment
and variant calling were conducted against the hg38 human reference genome. The resulting VCF files
were subjected to post-processingto retain only high-confidence structural events spanning =50 bp,
encompassing deletions, duplications, inversions, and translocations. Functional annotation of SVs was
carried out with the Ensembl Variant Effect Predictor (VEP v115; RRID:SCR_007931) in offline mode
using the Ensembl release 115 cache and the --everything parameter to ensure full functional and
regulatory annotation (184). The annotated dataset was subsequently filtered to retain structura

alterations intersecting HRR genes.
3.11 Fragmentomic analysis

After alignment to the hg38 reference genome, PCR duplicates were marked using Picard’s
MarkDuplicates (RRID: SCR_006525) and removed together with unmapped reads, reads with
mapping quality below 20, and secondary or supplementary alignments (185,186). Fragment lengths
were directly extracted from the filtered BAM files. For end-motif analysis, the four-nucleotide (4-mer)
sequence at the 5’ end of each cfDNA fragment was retrieved and used for motif -based feature

construction.
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Fragment length analysis was restricted to cfDNA fragments ranging from 80 to 400 base pairs (bp).
Foreach sample, fragmentlength counts were convertedto relative frequencies and log 4 o-transformed.
A 32 bp rolling average was applied to smooth the frequency distributions, and the resulting values
were Z-score standardized using the mean and standard deviation derived from an independent cohort
of 14 healthy, age- and sex-matched control samples. The smoothed Z-score profiles were divided into
nine non-overlapping 32 bp bins, and the standard deviation of Z-scores within each bin was used to
represent fragment length variability. These metrics were retained as the final set of fragment length—
based features.

For end-motif analysis, all 256 possible 4-mer sequences were normalized using centered log-ratio
(CLR) transformation to correct for compositional dependencies. Spectral clustering was then applied
with a target of 25 clusters, followed by exclusion of clusters predominantly composed of low-frequency
motifs (mean frequency < 0.008), yielding a refined set of 19 representative end -motif features. Both
the fragment length and motif-derived features were computed genome-wide, without restricting the
analysis to regions affected by copy number alterations.

Given the limited number of HRD-positive cases in the dataset, a conventional training/test split was
avoided to prevent variance inflation. Instead, model performance was assessed using a 100-fold
repeated stratified cross-validation framework. In each iteration, a logistic regression classifier with L2
regularization (C = 1) was trained using the combined fragment length and end -motif features. A late-
fusion strategy was employed, whereby the positive-class probabilities across all iterations were

averaged to generate final prediction scores per sample.

To minimize bias and improve interpretability in this small and imbalanced cohort, features were
engineered using control data alone, ensuring that model construction did not leak information from
HRD-positive samples. This approach emphasized biologically meaningful deviations in cfDNA
fragmentation patterns rather than aggregate statistical metrics. By integrating localized variability in
fragment length and clustered end-motif structures, the analysis captured subtle, yet interpretable,
signals associated with HRD.

Overall, this modeling strategy was optimized for rare-event detection, balancing robustness with
biological interpretability. Repeated cross-validation and model averaging provided stable performance
estimates and reduced overfitting, supporting reliable discrimination of HRD-positive cases based on
cfDNA fragmentomic signatures.

3.12 Chromatin accessibility at transcription factor binding sites

Chromatin accessibility was inferred from cfDNA whole-genome sequencing data using LBFextract

(v0.1.0a1), which quantifies nucleosomal coverage around TFBS (187). For each TFBS locus, fragment
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coverage was computed within +2,000 bp windows (BED format) and normalized to account for
sequencing depth and local variation. Outlier removal and signal centering were performed
automatically within the LBFextract workflow.

To minimize GC-content bias at the fragment level, cfDNA reads were processed with GCparagon, a
computational method specifically optimized to correct fragment length—dependent GC biases in cell-
free DNA. GCparagon assigned bias-correction weights to individual reads, which were incorporated
during coverage estimation by LBFextract, ensuring accurate and GC-adjusted fragment coverage
across samples (188).

For the transcription factor-specific analysis, binding site coordinates were obtained from the Gene
Regulation Databases (GTRD, RRID:SCR_008033 version 21.12). The Homo_sapiens_meta_clusters
dataset was parsed by the f(fTitle field, and transcription factors were ranked by peak.count,
corresponding to the number of ChIP-seq experiments supporting each metacluster. To avoid
artefactual regions, all TFBS (2,000 bp around each center) overlapping the ENCODE Blacklist v2
(hg38) were excluded. From the remaining high-confidence sites, the top 1000 TFBS per factor were

retained, yielding 1,048 transcription factors with sufficient genomic representation.
Coverage extraction and normalization proceeded in three stages:

1) In silico normalization: To harmonize TF and sequencing depth across samples, patient-derived
reads were computationally mixed with randomly selected reads from healthy donor cfDNA pools, as

described by Lazzeri et al. (187), generating standardized synthetic datasets.

2) Local signal normalization: Within LBF extract, mean signal normalization was applied to the flanking
regions (-2,000 to -1,000 bp and +1,000 to +2,000 bp relative to each TFBS center) to correct for

regional coverage variation.

3) Differential accessibility analysis: Accessibility scores were calculated for each transcription factor,
and group-wise comparisons (e.g., HRD vs. HRR-proficient) were performed using the Mann—Whitney
U test with Benjamini-Hochberg FDR adjustment. Transcription factors with an adjusted p < 0.05 were

considered significantly differentially accessible.
3.13 Statistical analysis

All statistical analyses were conducted using Python (RRID: SCR_008394, v3.11.7) and R (RRID:
SCR_001905, v4.3.3). Data distributions were evaluated for normality using the Shapiro-Wilk test.
When normality was confirmed, homogeneity of variances across groups was verified by examining
residual plots. For data meeting these assumptions, two-sided parametric tests (Student’s t-test or

ANOVA) were applied; otherwise, non-parametric tests (two-sided Mann—Whitney U) were used.
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Associations between variables were evaluated using Spearman’s rank correlation. Adjustment for

multiple testing was performed using the Benjamini-Hochberg false discovery rate (FDR) procedure.

The choice of statistical test was guided by the nature and distribution of the data, and all relevant
details, including the test type, p-values, and effect size estimates (e.g., hazard ratios with 95%
confidence intervals), were provided in the corresponding figure legends and Methods subsections.
Unless stated otherwise, all tests were two-sided and a threshold of p <0.05 was considered statistically
significant.
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4 Results

4.1 Patient cohort characteristics and ctDNA tumor burden

To ensure sufficient analytical depth for genomic and fragmentomic profiling, samples were enriched
for high ctDNA content, irrespective of their known HRD status at the time of selection. TF was primarily
estimated using the mFAST-SeqS, which provided a quantitative, aneuploidy-based metric of ctDNA
abundance. Samples with a Z-score >5, corresponding to an estimated TF of approximately = 5-10%
(181), were considered to have adequate tumor-derived signal for downstream analyses (Figure 10A-
C). Of the fulldataset, 257 samples met this threshold, fromwhich a final subset of 106 high-TF samples

was selected based on plasma volume, sequencing quality, and availability of clinical follow-up data.
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Figure 10: Summary of tumor fractions assessed by mFAST-SeqS and sWGS.

A) Histogram of Z-scores derived from mFAST-SeqS across 898 plasma samples from 375 PCa patients. A
threshold of Z > 5 was used to enrich for samples with estimated TF = 5—-10%. B) Proportion of samples
above and below the Z-score cutoff. C) Boxplot of Z-scores (log scale) in all samples, those above the cutoff,
and the final high-TF subset used for genomic analysis. D) Z-score distribution across four clinical subgroups:
castration-resistant PCa (CRPC), hormone-sensitive PCa (HSPC), neuroendocrine PCa (nePC), and
unclassified (Unk). E) Tumor fraction (TF) distribution across across the same subgroups. F) sHRD scores
across the same subgroups. A significant difference in SHRD was observed between mCRPC and mHSPC
groups (p < 0.01, Mann-Whitney U test). In all boxplots, the center line denotes the median, box edges
indicate the interquartile range (IQR), and whiskers extend to 1.5% IQR. Individual data points are overlaid
as black dots. Figure and legend adapted from Vlachos et al. (180). Reproduced with permission from the
original authors, under the terms of the Creative Commons CC BY license.

As a secondary validation, TF was also inferred using ichorCNA on sWGS data, showing high
concordance with the mFAST-SeqS estimates (Spearman p = 0.89, p <0.0001; (Figure 11A).
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Figure 11: Correlation between tumor fraction, variant allele frequency, and GIS scores in plasma cfDNA.

A) Scatterplot comparing tumor fraction (TF) estimated by sWGS with Z-scores. B) Scatterplot of TF versus the
median variant allele frequency (VAF) of somatic mutations detected in each sample. C) Scatterplot comparing Z-
scores with corresponding sHRD scores derived from sWGS, reflecting large-scale GIS. Spearman correlation
coefficients and p-values are shown in panels A—C. D) Strip plot showing the distribution of sSsHRD scores across five
mutation-defined subgroups: BRCA1/2 or PALB2, other HRR genes, CDK 12, TP53/PTEN/RB1, and samples without
pathogenic mutations. Horizontal dashed lines indicate sHRD thresholds of 15 and 20. Median values for each group
are indicated with horizontal black lines. Figure and legend adapted from Vlachos et al. (180). Reproduced with
permission from the original authors, under the terms of the Creative Commons CC BY license.

Clinical data were available for 102/106 patients (96.2%). The cohort was comprised predominantly of
patients with mCRPC (n = 60), mMHSPC (n = 33), and nePC (n= 7). As expected, the median TF was
highest in mMCRPC and nePC cases (Figure 10D-E), reflecting the increased tumor burden and
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aggressive biology of these subtypes. Neuroendocrine PCa cases exhibited elevated TFs values, with
a median of 47.5%, compared to 31.4% in CRPC and 20.7% in HSPC. The differences between the
groups did not reach statistical significance (Kruskal-Wallis, p=0.145).

CRPC samples showed significantly higher sHRD scores than HSPC (p < 0.01, Mann—Whitney U test).
As sHRD reflects genome-wide ‘genomic scar’ features (copy-number—derived instability associated
with HRD), this difference is consistent with increased chromosomal instability in the castration -resistant
disease state. Genomic instability is a major feature of progression to CRPC and can be recovered
non-invasively from cfDNA profiling, supporting the biological plausibility of higher sHRD in advanced
disease (189,190). Notably, this pattern may also be influenced by higher ctDNA fractions typically
observed in advanced disease, which improves sensitivity for copy-number and genome-wide scar

detection in plasma.

Patient demographics and clinical variables were summarized in Table 1. The median age at sampling
was 63 years (range: 47—-88). The majority of patients had preserved performance status, as measured
by ECOG and Karnofsky indices, despite advanced disease. Laboratory variables such as PSA, CRP,
albumin, LDH, and hematologic markers were recorded to support subsequent correlative analyses.
Survival analyses revealed that neuroendocrine PCa was associated with the poorest OS (median OS
= 5.2 months), consistent with its aggressive clinical phenotype (Figure 12A). In contrast, hormone-
sensitive patients exhibited longer survival, with median OS exceeding 18 months in some cases. PFS
analyses mirrored these findings (Figure 12B). These differences underscored the heterogeneity of
advanced PCa and highlighted the need for molecular biomarkers to stratify patients beyond traditiona

clinical classifications.
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Table 1: Patient characteristics and clinical data

Reproduced by Vlachos et al. (180) with permission from the original authors, under the terms of the Creative
Commons CC BY license.

Patient Characteristic

CRPC (n=60)

HSPC (n=33)

Unknown (n=6)

nePC (n=7)

Total (n=106)

Age 63.0 (47.0-88.0) 68.0 (55.0-84.0) 73.0 (66.0-80.0) 62.0 (47.0-65.0) 65.0 (47.0-88.0)
Gleason score 7 (6-9) 8 (6-8) 7 (6-8) 8 (8-8) 7 (6-9)
Metachronous: 34 Metachronous: 10 NA Metachronous: 3 Metachronous: 47
Metastatic diagnosis De novo: 24 De novo: 20 NA De novo: 4 De novo: 48
No: 2 No: 3 NA NA No: 5
. . Yes: 14 Yes: 7 Yes: 0 Yes: 0 Yes: 21
Radiotherapy as primary
treatment No: 46 No: 26 No: 6 No: 7 No: 85
NA NA NA NA NA
Palliative radiotherapy Yes: 34 Yes: 19 Yes: 0 Yes: 5 Yes: 58
No: 24 No: 14 No: 2 No: 2 No: 42
NA: 2 NA NA: 4 NA NA: 6
Yes: 12 Yes: 2 Yes: 1 Yes: 0 Yes: 15
Neoadjuvant hormone therapy |No: 48 No: 31 No: 1 No: 7 No: 87
NA NA NA:4 NA NA: 4
PSA doubling time (Months)  |2.2 (0.25-25.3) 1.85(1.1-13.7) NA 1.8 (1.1-3.8) 2.05 (0.25-25.3)
Karnofsky performance index |80.0(50.0-100.0) 80.0 (50.0-100.0) NA 90.0 (60.0-100.0) 80.0 (50.0-100.0)

Alkaline phosphatase (U/L)

221.0 (44.0-1721.0)

131.0 (63.0-1626.0)

582.5 (534.0-631.0)

130.0 (69-272)

206.0 (44.0-1721.0)

Lactate dehydrogenase (U/L)

309.0 (165.0-2411.0)

246.5 (163.0-1106.0)

584.0 (584.0-584.0)

657.0 (227-1789)

292.0 (163.0-2411.0)

Hemoglobin (g/L)

11.55 (7.5-15.4)

12.65 (9.1-15.8)

10.8 (10.8-10.8)

10.8 (8.8-13.5)

11.7 (7.5-15.8)

PSA (ng/mL, plasma)

162.35 (0.01-10000.0)

16.89 (0.01-2397.34)

229.0 (4.61-453.39)

22.75 (3.2-204.51)

55.52 (0.01-10000.0)

ctDNA fraction 31.35 (0.0-80.34) 20.67 (0.0-71.05)  21.73(5.9-74.92) 47.53(7.35-63.6)  30.32 (0.0-80.34)
sHRD score 13.0 (0-30) 5.0 (0-24) 18.5 (0-35) 10.0 (2-29) 11.0 (0-35)
Z-score 36.48 (1.8-350.87)  11.43(2.24-376.65) 23.43(2.98-49.06) 53.51(31.33-210.35) 33.93 (1.8-376.65)

Follow-up for OS (months)

76.5 (4.0-255.0)

56.0 (2.0-237.0)

16.5 (2.0-31.0)

52.0 (20.0-192.0)

61.5 (2.0-255.0)
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Figure 12: Kaplan Meier plots stratifying the patients by PCa subtype.

40

50

onvo

A) Overall survival (OS) and B) progression-free survival (PFS) stratified by clinical group: castration-
resistant PCa (CRPC), hormone-sensitive PCa (HSPC), and treatment-emergent neuroendocrine PCa
(nePC). Median survival times are indicated in the legend. Hazard ratios (HR), 95% confidence intervals
(Cl), and log-rank p-values are shown for pairwise comparisons between groups. Censoring is indicated by
vertical tick marks. At-risk tables are shown below each plot. Survival curves were estimated using the
Kaplan—Meier method; HRs were derived from Cox proportional hazards models. Figure and legend adapted
from Vlachos et al. (180). Reproduced with permission from the original authors, under the terms of the

Creative Commons

CC BY license.
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4.2 Genomic landscape of HRD-related gene alterations

To investigate the genomic alterations contributing to HRD in ctDNA, we applied a targeted amplicon
sequencing panel covering 18 HRR genes, including BRCA1, BRCA2, and PALB2 as well as TP53,
RB1, PTEN, and CDK12, as key tumor suppressors and modulators of PCa progression and
therapeutic resistance.

Among the 106 high TF samples, at least one pathogenic or likely pathogenic alteration was identified
in 65 patients (61.3%). Mutations in canonical HRD associated genes (BRCA1, BRCA2, or PALB?2)
were observedin 14 cases (13.2%), with an additional 13 patients (12.3%) harboring alterations in other
HRR genes such as ATM, RAD51C, RAD51D, CHEK2, and BRIP1. Notably, mutations in non-HRR
tumor suppressors were more frequent: TP53(43.4%), RB1(43.4%), PTEN (9.4%),and CDK12(3.8%).
Overall, 26.4% of patients had biallelic or multi-gene alterations, suggesting functional redundancy or

convergent pathway inactivation.

Analysis of VAFs revealed distinct patterns across gene categories. Mutations in TP53, RB1, and
CDK12 were typically high-VAF and clonal, consistent with early driver events or subclonal expansions
under therapeutic pressure. In contrast, HRR gene alterations displayed broader VAF distributions,
including numerous subclonal or borderline-detectable events (Figure 13A). This was particularly
evidentfor ATM, CHEK2, and PALB2, where lower VAFs suggested either spatial heterogeneity, clona
hematopoiesis, or late-emerging clones. Subclonal variants frequently occurred below the expected
VAF for diploid heterozygous mutations, indicating allelic imbalance or subpopulation confinement
(Figure 13C-D).
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Figure 13: Patterns of pathogenicity, clonality, and co-occurrence of HRD-associated alterations in cfDNA.

A) Variant allele frequencies (VAFs) of mutations detected in HRR genes and key tumor suppressors (TP53, RB1,
PTEN) B) Distribution of variant classifications across genes C) Shown are tumor fractions (TF, blue bars) and VAF
of detected mutations for clonality assessment of mutations D) Distribution of mutational origin E) Co-occurrence
matrix of identified mutations; positive co-occurrence (blue): significantly co-occur; negative co-occurrence (red).
Figure and legend adapted from Vlachos et al. (180). Reproduced with permission from the original authors, under
the terms of the Creative Commons CC BY license.

Pathogenicity assessment revealed a striking imbalance between gene classes: while nearly all
mutations in non-HRR genes were classified as pathogenic or likely pathogenic (94.1%), only one-third
of HRR gene variants met these criteria (p < 0.0001), with the remainder designated as variants of
uncertain significance (VUS) (Figure 13B). This uncertainty was especially pronounced for BRCAZ2,
highlighting a key limitation of mutation-based HRD classification from ctDNA alone. Structural mapping
showed that many HRR variants localized to protein interaction domains (Figure 14B), suggesting
functional relevance despite uncertain annotation and underscoring the need for integrative genomic and

functional approaches to resolve HRD status.
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Figure 14: Somatic landscape and mutation distribution of HRD-associated genes in plasma cfDNA.

A) Oncoprint showing pathogenic mutations and copy number alterations across selected HRD -related genes
in cfDNA from PCa patients. Mutation types are annotated by shape (e.g., missense, Loss-of-function (LoF),
splicing), and heterozygous deletion (HETD) is annotated by background color. Bold outline indicates a
germline variant. Samples are annotated by tumor fraction (TF), sHRD score, and clinical subtype. B) Lollipop
plot of BRCA2 mutations annotated by protein domain. Each lollipop represents a unique somatic or germline
variant, colored by pathogenicity (pathogenic: red; VUS: blue), with germline variants indicated by bold
outlines. Protein interaction domains and functional regions are shown along the BRCA2 protein axis. C)
Lollipop plot of TP53 mutations visualized along the protein structure. Pathogenic and VUS variants are
colored and labeled as in B, with structural and interaction domains annotated. Germline variants are shown
with bold outlines. Figure and legend adapted from Vlachos et al. (180). Reproduced with permission from the
original authors, under the terms of the Creative Commons CC BY license.

Clonality assessment further distinguished the nature of alterations: somatic events in TP53, RB1, and
CDK12 were predominantly clonal, whereas subclonal variants were disproportionately enriched in
HRR genes and often required manual review due to borderline VAFs (Figure 13C-D). Clonal and
subclonal calls were assigned by comparing each variant’s VAF to the sample TF; clonal variants had

VAF s within £10% of the TF-scaled expectation, whereas subclonal variants had markedly lower VAFs

relative to TF.

Variants clustering around ~50% VAF were considered supportive of heterozygousgermline status only
in samples with low TF, whereas variants observed in samples with intermediate TF were treated as
potentially ambiguous and therefore prioritised for orthogonal assessment in WBC DNA with Sanger
sequencing. Germline origin was common among HRR genes, particularly BRCAZ2, for which 70.6% of
variants were germline, followed by ATM, BRCA1, BRIP1,and RAD54L. In contrast, alterationsin TP53,
RB1, and PTEN were almost exclusively somatic (Figure 13C-D). This divergence highlights
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fundamentally different biological roles: stable, early driver mutations in core tumor suppressors versus

inherited or late-emerging alterations affecting DNA repair capacity.

To extend the HRR gene analysis, WES data were examined for mutations in Fanconi anemia (FANC)
pathway genes (Figure 15). Pathogenic and likely pathogenic variants were identified in several core
members, including FANCA, FANCL, FANCD2,and FANCM, occasionally co-occurring with BRCA2 or
PALB? alterations. These findings suggestedthat disruption of the Fanconi complex contributes to HRD
in PCa and highlighted the potential value of including FANC genes in cfDNA panels to improve HRD
detection and therapeutic stratification.

1 Alterations
LoF
E Missense

FANCM

XRCC2

FANCA

FANCB

FANCD2

FANCG

SLX4

P560_01
P631_02
P621_01
P620_01
P616_01
P308_03

Figure 15: Somatic landscape of Fanconi anemia (FANC) pathway genes in PCa WES data.

Oncoprint summarizing pathogenic and likely pathogenic mutations in Fanconi pathway genes
across the WES cohort. Each column represents a patient, and each row corresponds to a gene.
The top barplot indicates the number of mutated genes per patient, while the right barplot shows the
number of patients affected per gene. Figure and legend adapted from Vlachos et al. (180).
Reproduced with permission from the original authors, under the terms of the Creative Commons
CC BY license.
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Table 2: Co-occurrence matrix of pathogenic mutations

Reproduced by Viachos et al. (180) with permission from the original authors, under the terms of the Creative
Commons CC BY license.

RB1 TP53 BRCA2 CHEK2 ATM PTEN CDK12 CHEK1 BRCA1 PALB2 BRIP1 RAD54L RAD51B FANCL BARD1
RB1 0.00 0.02 0.11 0.00 0.00 0.05 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TP53 0.02 0.00 0.05 0.06 0.00 0.10 0.00 0.00 0.03 0.03 0.00 0.00 0.00 0.00 0.03
BRCA2 0.11 0.05 0.00 0.00 0.00 0.19 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CHEK2 0.00 0.06 0.00 0.00 0.00 0.09 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ATM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.25 0.00 0.00 0.00 0.00 0.00 0.00
PTEN 0.05 0.10 0.19 0.09 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10
CDK12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CHEK1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BRCA1l 0.00 0.03 0.00 0.00 0.25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
PALB2 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BRIP1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RAD54L 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RAD51B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
FANCL 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BARD1 0.00 0.03 0.00 0.00 0.00 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

*Jaccard indices for co-occurrence of pathogenic mutations (intersection/union across samples); non-pathogenic entries
were treated as 0 and the diagonal is suppressed. For example, a value of 0.25 indicates substantial co -occurrence (25%
of samples with a pathogenic alteration in either gene carried alterations in both), whereas a value of 0.1 indicates weak
overlap (most alterations occurred in different samples). Values near 0 reflect little-to-no co-occurrence.

Molecular co-occurrence analysis (Figure 13E, Table 2) revealed distinct molecular architectures
underlying GIS. BRCA2 mutations frequently co-occurred with RB7 and PTEN deletions, suggesting a
multi-hit, high-genomic-instability subtype. Conversely, TP53 mutations were inversely associated with
both RB1 and BRCAZ2 alterations, pointing to distinct molecular or evolutionary trajectories. CDK12
mutations were mutually exclusive with all other major events. Loss of CDK12 is associated with foca
tandem duplications rather than classical homologous recombination deficiency, generating a unique
GIS pattern and immunogenic landscape that is mechanistically and clinically distinct from BRCA-driven
HRD. These results supported a model in which BRCA-driven HRD represented one of several non-
overlapping molecular routes to GIS in advanced disease.
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4.3 Copy number alterations and the GIS phenotype

Large-scale SCNAs are a defining feature of HRD and can be robustly quantified in cfDNA using WGS.
Genome-wide log, ratio profiles revealed a pronounced contrast between HRD and HR-proficient
tumors. In a representative BRCA2-mutant case, extensive arm-level gains and losses spanned nearly
the entire genome, reflecting cumulative DNA repair failure and ongoing chromosomal missegregation
(Figure 16A). In contrast, an HR-proficient tumor that lacked alterations in HRR or TP53 pathway genes
exhibited a largely flat copy number profile with only afew SCNA (Figure 16B). These divergent SCNA
landscapes underscored the value of cfDNA WGS as an orthogonal readout of HRD that complements
mutation-based approaches. By capturing the integrated consequences of defective DNA repair across
the genome, CNA profiling enabled functional inference of HRD even when individual gene alterations
were ambiguous or present at low allele fractions, supporting its utility for plasma-based patient

stratification.

Beyond canonical HRD signatures, distinct focal tandem duplications (FTDs) were observed in tumors
harboring CDK12 mutations (Figure 16C). These FTDs manifested as narrow, high-amplitude copy
number gains on specific chromosomes, consistent with previous reports linking CDK12 loss to a
tandem duplication—rich phenotype. Although the overall shallowHRD (sHRD) scores in CDK12-mutant
samples were moderate, the SCNA pattern was qualitatively unique, distinguishing these cases from
BRCA- or TP53-driven instability.

To systematically compare GIS across molecular contexts, the cohort was stratified into five subgroups
based on mutation status: (1) BRCA1/2 or PALB2, (2) other HRR genes, (3) CDK12, (4)
TP53/PTEN/RB1, and (5) samples without known pathogenic mutations. TF estimates varied
substantially across groups (Figure 16D), with TP53/PTEN/RB1mutant cases showing the highest

median TF %, consistent with increased ctDNA shedding and tumor burden.
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Figure 16: GIS and copy number features associated with HRD in cfDNA.

A) Representative copy number profile of a BRCA2-mutated (HRD) sample B) Representative copy numbei
profile of an HR-proficient PCa samples C) Distinct focal tandem duplications (FTDs), characteristic of CDK12-
mutated tumors D) Distribution of tumor fraction (TF%) across five mutation-defined groups: BRCA1/2 or PALB2,
other HRR genes, CDK12, TP53/PTEN/RB1, and samples without pathogenic mutations. E) shallowHRD scores
(SHRD) in the same groups, limited to samples with TF > 20%. Dashed lines indicate sHRD thresholds of 15 ana
20. F) Correlation between TF% and sHRD score within each genomic subgroup. Dashed lines mark TF = 20%
and sHRD = 20. Spearman correlation statistics are reported per panel. Figure and legend adapted from Viachos
et al. (180). Reproduced with permission from the original authors, under the terms of the Creative Commons C(C
BY license.
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As expected, GIS, quantified by sHRD score, was most pronounced in the BRCA1/2/PALB2 group
(median sHRD = 25.5), with 75% of samples exceeding the HRD-positive threshold of 20 (Figure 16E).
In contrast, tumors harboring mutations in other HRR genes exhibited intermediate sHRD scores,
comparable to those observed in samples without detectable pathogenic mutations or in
TP53/PTEN/RB1-mutated tumors, indicating an absence of widespread chromosomal instability in
these groups. However, the TP53/PTEN/RB1 group was heterogeneous, with some samples exhibiting
elevated sHRD, likely due to secondary genomic events. CDK12-mutant samples showed intermediate
sHRD values, reflecting the localized nature of tandem duplications rather than widespread

chromosomal loss.

Correlation analysis between TF and sHRD within each subgroup further highlighted these differences
(Figure 16F). Strong positive correlations were observed in BRCA-mutant(Spearman p > 0.82, p <
0.0001), suggesting that increasing ctDNA shedding parallels escalating GIS in these contexts. In
contrast, CDK12-mutant and HRR-wild-type tumors showed weak or absent correlations, consistent

with CNA burden being uncoupled from overall tumor fraction in these subtypes.

At the individual gene level, BRCAZ alterations were significantly associated with elevated sHRD scores
(p<0.05, two-sided Mann—Whitney U test; Figure 17A), reinforcing their central role in driving genome-
wide instability. Genome-wide correlation of focal copy number events with sHRD score further
localized key contributors to chromosomal instability (Figure 17B), with strong associations at 13q
(including RB1), 10q (PTEN), and 8q (MYC). These loci overlapped with the most recurrent alterations
in subgroup-specific CNA profiles, underscoring their biological relevance and diagnostic value as

markers of high-HRD states.
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Figure 17: Association between sHRD score and genomic alterations.

A) Distribution of sSHRD scores across samples harboring pathogenic alterations in HRR-related genes. Each
point represents one sample, colored by mutation type: clonal (red) or germline (blue). Boxplots summarize
the distribution of sHRD scores for each gene, and samples without any pathogenic alterations are shown as
a reference group (“No Alterations”). Asterisks indicate statistically significant differences (Mann-Whitney U
test p < 0.05). B) Volcano-style plot showing the association between focal copy number events and sHRD
score across the genome. Each point represents a genomic locus, with the x-axis indicating significance (-
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Red dots indicate gains, blue dots indicate losses. A dashed vertical line marks the p = 0.05 significance
threshold. Figure and legend adapted from Vlachos et al. (180). Reproduced with permission from the original
authors, under the terms of the Creative Commons CC BY license.

To explore chromosomal distribution of SCNAs in greater detail, we generated genome -wide SCNA
frequency maps across 5 Mb bins for each major genomic subgroup (Figure 18). BRCA1/2/PALB2-
mutated tumors exhibited a high prevalence of arm-level deletions, particularly on 13g and 10q, which
harbor RB1 and PTEN, respectively. In contrast, TP53-mutated samples displayed more focal and
heterogeneous SCNA patterns, while CDK12-mutant and HRR-wild-type samples showed fewer high-
frequency alterations. Stratification by heterozygous deletions (HETD) further highlighted regions of
consistent copy number loss shared across BRCA- and TP53-altered subtypes (Figure 18C). A
consensus SCNA track visualized at the bottom of each panel revealed recurrently altered loci,
supporting subgroup-specific patterns of chromosomal instability.
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Figure 18: Genome-wide copy number alteration frequencies across cfDNA PCa subgroups.

Each panel shows genome-wide copy number alteration (CNA) frequencies across 5 Mb bins along
chromosomes 1-22 and X. Red bars represent the percentage of samples with copy number gains; blue
bars represent copy number losses. A horizontal consensus track at the bottom of each panel marks
regions with predominant gains (red), losses (blue), or neutral (gray) calls based on 210% frequency
difference. Chromosome boundaries are indicated along the x-axis. Included samples exhibit tumor fraction
(TF) > 10% A) CNA frequency plots for all high-tumor-fraction samples grouped by sHRD status (high,
medium, low) and BRCA 1/2/PALB2 mutation status. B) CNA profiles for subgroups defined by pathogenic
mutations only, comparing BRCA 1/2/PALB2-only, TP53/RB1-only, both, and wild-type (WT) cases. C)
CNA profiles for the same subgroups as B, but including cases with heterozygous deletions (HETD) in the
mutation group definitions. Figure and legend adapted from Vlachos et al. (180). Reproduced with
permission from the original authors, under the terms of the Creative Commons CC BY license.
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Complementing these findings, SV analysis of the high-coverage WGS dataset identified 7,171 events
affecting coding regions, with large deletions comprising the dominant class. Notably, no recurrent gene
fusions involving HRR genes were detected, suggesting that gene disruption in this context is not
primarily mediated by balanced rearrangements. Instead, we observed frequent multi-gene deletions
spanning key components of the HRR pathway, including BRCA1/2, PALB2, RAD51B/C/D, FANCD2,
FANCM, ATR, and CDK12. These extensive deletions often encompassed multiple adjacent genes,
consistent with the arm-level and focal copy number losses identified in SCNA analyses. Together,
these results indicate that large-scale genomic loss represents a predominant structural mechanism
underlying HRD in PCa, reinforcing the notion that functional HRR deficiency can arise through
cumulative chromosomal attrition rather than discrete, gene-specific rearrangements (Figure 19).
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Figure 19: Structural variant landscape in cfDNA high-coverage WGS samples.

A) Distribution of structural variants (SV's) detected across cfDNA samples, classified by type; deletions,
duplications, insertions, and breakends. B) Coding-region subset of SVs, illustrating the predominance
of large deletions relative to other variant types. C) Oncoprint summarizing homologous recombination
repair (HRR) genes affected by structural variants. Each cell denotes the presence of a deletion (red),
duplication (blue), insertion (orange), ortranslocation/breakend (purple). Multi-gene deletions frequently
involved BRCA1/2, PALB2, RAD51 paralogs, and other HRR regulators, whereas no recurrent gene
fusions were identified. Duplications, insertions, and other rearrangements within HRR genes were
comparatively rare. Figure and legend adapted from Vlachos et al. (180). Reproduced with permission
from the original authors, under the terms of the Creative Commons CC BY license.

Altogether, these data demonstrated that cfDNA-based SCNA profiling can effectively differentiate
molecular subtypes of PCa and capture the functional consequences of HRD. BRCA-driven tumors
were characterized by broad arm-level SCNAs and high sHRD scores, CDK12 tumors displayed foca
tandem duplications, and TP53-altered cases fellalong a spectrumof instability. This supported amulti-
dimensional classification framework that incorporated not just mutation status, but the structurd

genomic architecture inferred from plasma.

4.4 Clinical implications of GIS and HRD-related alterations on survival

To evaluate the prognostic relevance of GIS and HRD-related alterations in cfDNA, we performed
survival analyses incorporating TF, sHRD scores, and mutation-based subgrouping. Kaplan-Meier
analysis revealed that patients with TF = 5% had significantly worse OS compared to those with lower
TF values (median OS: 7 vs. not reached; HR =7.71, p <0.0001) (Figure 20A). This association was
independent of clinical subgroup and remained significant in multivariable models, supporting the vaue
of TF as a dynamic, non-invasive biomarker of disease burden and prognosis. PFS was also reduced
in the high-TF group (median PFS: 2 vs. 5 months; HR =2.33, p = 0.009) (Figure 20E), consistent with

faster clinical progression in patients with elevated ctDNA levels.

We then assessed survival outcomes based on the presence of key genomic alterations. Alterations in
TP53 and/or RB1, whether through mutation or deletion, were strongly associated with poor OS
(median: 6 vs. 33 months; HR=3.25; p <0.0001) (Figure 20B), reflectingtheir central role in aggressive
tumor phenotypes and therapedutic resistance. Similarly, patients harboring BRCA1, BRCA2, or PALB2
mutations exhibited shorter OS (median: 5 vs. 11 months; HR = 1.87; p =0.006) (Figure 20C), although
this subgroup did not show significant differences in PFS, potentially due to treatment heterogeneity or

limited sample size.
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To further dissect the interaction between these pathways, we stratified patients into four combined
mutation groups: (i) no pathogenic mutations, (ii) TP53/RB1-only, (iii) BRCA1/2/PALBZ2-only, and (iv)
dual mutation cases (Figure 20D). Median OS was longest in patients without detectable pathogenic
mutations (33 months), followed by the BRCA-only group (20 months), TP53/RB1-only group (9
months), and combined alteration group, which had the poorest survival (3 months; HR = 3.59;
p <0.0001). Although the comparison between TP53/RB1-only and BRCA-only groups did not reach
statistical significance (p =0.082), the overall trend suggests additive effects of these pathways on

disease progression.

These findings highlighted the clinical relevance of ctDNA-derived biomarkers for prognostication in
advanced PCa. TF, sHRD score, and HRR/TP53 pathway alterations each provided independent and
complementary information on disease aggressiveness and outcome, supporting their integration into
future risk stratification frameworks. We next examined whether GIS, quantified by the sHRD metric,
had similar clinical implications. Patients with sHRD scores below 20 had significantly longer OS than
those with high sHRD (median OS: 10 vs. 3 months; HR =2.40, p =0.001) (Figure 21A). Interestingly,
sHRD score did not correlate with PFS (HR =1.14, p = 0.67) (Figure 21B), suggesting that GIS is more
reflective of long-term disease biology than short-term treatment response. These findings reinforced
the concept that genomic scarring reflects cumulative tumor evolution and vulnerability, particularly in

HRD-positive disease.
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Figure 20: Survival analysis by ctDNA burden and HRD-related mutations in PCa.

Overall survival (OS) of patients stratified by A) tumor fraction (TF), B) presence of TP53 or RB1 mutations C)
presence of BRCA/PALB2 mutations, and D) no pathogenic mutations detected, detected TP53/RB1 mutations,
detected BRCA/PALBZ2 only, and detected TP53/RB1/BRCA/PALB2 mutations. Progression-free survival (PFS)
of patients stratified by E) tumorfraction (TF), F) presence of TP53or RB1 mutations G) presence of BRCA/PALB2
mutations, and H) no pathogenic mutations detected, detected TP53/RB1 mutations, detected BRCA/PALB2 only,
and detected TP53/RB1/BRCA/PALB2 mutations. Median survival times are indicated in the legend. Hazard ratios
(HR), 95% confidence intervals (Cl), and log-rank p-values were derived from Cox proportional hazards models
and pairwise log-rank tests. Censoring is shown with vertical tick marks, and at-risk counts are displayed below
each curve. Figure and legend adapted from Vlachos et al. (180). Reproduced with permission from the original
authors, under the terms of the Creative Commons CC BY license.
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Figure 21: Kaplan—-Meier survival analysis stratified by GIS (sHRD score).

A) Overall survival (OS) and B) progression-free survival (PFS) for patients with available clinical follow-p,
stratified by sHRD score: low (<20, blue) vs. high (220, red). Median survival times are indicated in the legend for
each group. Hazard ratios (HR), 95% confidence intervals (Cl), and log-rank p-values were computed using Cox
proportional hazards models. Censoring is marked with vertical tick marks, and at-risk counts are shown below
the time axis. Survival curves were estimated using the Kaplan—Meier method. Figure and legend adapted from
Vlachos et al. (180). Reproduced with permission from the original authors, under the terms of the Creative
Commons CC BY license.

4.5 Homologous recombination specific signatures can be detected in ctDNA to

potentially guide therapy

To further characterize the mutational processes shaping the cfDNA genomes of advanced PCa, we
performed comprehensive mutational signature analysis across 21 tumor—germline matched WES data
sets. Somatic single-nucleotide variants (SNVs), insertions and deletions (indels), and allele-specific
copy number alterations were analyzed and decomposed using COSMIC v3.4 reference signatures,
applying strict refitting via the MutationalPatterns and SigProfiler frameworks.

Signature contributions were aggregated and visualized for three distinctsignature classes: single -base
substitutions (SBS), indels (ID), and copy number (CN) features (Figure 22A-C). Among SBS
signatures, SBS3-the hallmark of BRCA-related HRD-was enriched in samples harboring BRCAZ2 or
PALB2 mutations (Figure 22A). Other recurrent SBS signatures included SBS1 (age-related) and
SBS5 (clock-like), observed broadly across all samples. Indel signatures ID6 and ID8, both linked to
defective DNA repair pathways, were also elevated in HRD-positive tumors, particularly those with
biallelic BRCAZ2 loss.

CN signature analysis highlighted the frequent contribution of CN19, CN17, and CN25, which have
been associated with HRD-like profiles in previous prostate and ovarian cancer studies (191). In

contrast, CDK12-mutanttumors exhibited a distinct CN signature composition, lacking CN19 and CN25
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but showing modest contributions from CN4 and CN14, consistent with focal duplications and tandem

repeat expansions characteristic of this subtype.

To visualize the diversity and structure of mutational processes, we performed t-distributed stochastic
neighborembedding (t-SNE) on the SNV and ID mutations. This unsupervised dimensionality reduction
approach clustered samples into distinct genomic groups, reflecting differences in underlying DNA
repair defects (Figure 22D-E). HRD-positive tumors with BRCA1/2 or PALB2 mutations and elevated
sHRD scores formed acohesive cluster marked by high SBS3 and ID6 activity. CDK12-mutant samples
occupied a separate region of the embedding, consistent with their unique mutational architecture,
whereas TP53-only and HRR-wild-type tumors displayed more heterogeneous distributions with
minimal HRD-associated signature activity. These patterns further supported the association between

specific mutational signatures and defined genomic subtypes in PCa.

Taken together, these findings demonstrated that mutational signatures associated with defective DNA
repair, particularly SBS3 and 1D6 could be reliably inferred from cfDNA using WES. These signatures
distinguish BRCA-deficient tumors from other PCa subtypes and offer a molecular basis for classifying
HRD in liquid biopsy material. Moreover, the distinct signature profiles observed in CDK72-mutant
tumors highlighted the potential of mutational signatures to capture biologically and clinically relevant
subtypes, informing future strategies for genomic stratification and therapeutic targeting.
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Figure 22: Mutational signatures reveal distinct genomic footprints of HRD, MMR deficiency, and CDK12 inactivation.

A) Single base substitution (SBS) signatures across mutation-defined and sHRD-stratified groups. B) Indel (ID) signature
composition per sample. C) Copy number (CN) signature contributions reveal enrichment of CN25. t-SNE clustering of D) SBS
and E) ID signatures separate HRD, CDK12, and MMRd cases into partially distinct groups. Figure and legend adapted from

Vlachos et al. (180). Reproduced with permission from the original authors, under the terms of the Creative Commons CC BY
license.
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4.6 HRD detection from cfDNA using fragmentomic features

Beyond mutation and copy number features, cfDNA fragmentomic features - particularly fragment
length and fragment end characteristics - offer acomplementary window into tumor-intrinsic chromatin
organization and DNA repair status. To evaluate whether such fragmentomic signals were correlated
with HRD, we extracted fragment length profiles and 5’ end sequence motifs from high-quality cfDNA
WGS data. Analyses focused on fragments between 80 and 400 base pairs in length, with lengths
normalized and binned into nine 32-base windows to quantify variability within each region. These bin-
wise Z-score standard deviations served as measures of fragment length dispersion, a property
previously linked to nucleosomal organization and cell-of-origin (121,143).

Fragment length variability was increased in samples harboring BRCA2 mutations and elevated GIS,
whereas samples lacking HRD-associated alterations showed more constrained fragment size
distributions (Figure 23A). Among the high sHRD group, many samples showed increased variability
across multiple bins, suggesting disrupted chromatin organization. By contrast, TP53- and CDK12-
mutated samples exhibited intermediate or heterogeneous patterns, possibly reflecting a mix of
fragmentomic phenotypes unrelated to canonical HRD.

We also assessed 5’ end motif usage by extracting the four-base sequences flanking the start of each
cfDNAfragment. Atotal of 256 possible 4-mers were collapsed into 25 clusters using spectral clustering.
After filtering low-abundance motifs, 19 clusters remained and were used as input for downstream

modeling.

To evaluate the translational relevance of our findings, we constructed a cfDNA fragmentomics -based
classifier to identify HRD cases using a penalized logistic regression framework. Given the limited
number of HRD-positive samples (n = 7), a conservative modeling strategy was employed to minimize
overfitting. Feature extraction was restricted to healthy control cfDNA profiles (n = 14) to prevent data
leakage, resulting in a final set of nine fragment-length and nineteen end-motif variables. Model
performance was assessed through seven-fold cross-validation across 41 PCa samples. The classifier
based solely on fragment-length features achieved an AUC of 0.79 and an average precision (AP) of
0.69, whereas the end-motif-only model yielded more modest results (AUC = 0.61, AP = 0.53). When
both feature categories were combined, the AUC remained at 0.79, and the AP improved to 0.70,
demonstrating thatintegrating fragment-length and end-motifinformation enhances predictive accuracy
(Figure 23B).
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Figure 23: Fragmentomics reveal non-mutational footprints of HRD in cfDNA.

A) Fragment length density plots comparing cfDNA fragmentation patterns across groups. B) Receiver operating
characteristic (ROC) curves evaluating the performance of a logistic regression classifier trained on fragment
length (LEN), end motif (EM), or combined features to detect HRD-positive cases. Figure and legend adapted
from Vlachos et al. (180). Reproduced with permission from the original authors, under the terms of the Creative

Commons CC BY license.

To account for the potential influence of TF on cfDNA fragment size profiles, samples were stratified by
mutation status and compared with BRCA/PALB2-wildtype tumors and healthy controls. Fragment
counts were subsampled to achieve balanced coverage across groups. TF did not differ significantly
between HRD and HR-proficient, indicating that neither sequencing depth nor TF introduced
measurable bias in fragment size distributions (Figure 24A-B).
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Figure 24: Fragment length distributions stratified by HRR mutation status.

(A) Total fragment counts across all cfDNA samples, demonstrating comparable sequencing depth among
groups. (B) Tumor fraction comparison between HRR-mutated (BRCA 1/2 or PALB2) and HRR-wildtype tumors,
indicating no significant difference. (C) Global enrichment of short cfDNA fragments in all PCa groups relative to
healthy controls. (D) Selective enrichment of 290—320 bp fragments observed exclusivelyin BRCA 1/2- or PALB2-
mutated cases, corresponding to dinucleosome-associated fragment lengths. Adjusted p-values were calculated
using two-sided Mann-Whitney U tests with Benjamini—Hochberg false-discovery-rate correction, as detailed in
the Methods. Figure and legend adapted from Viachos et al. (180). Reproduced with permission from the original
authors, under the terms of the Creative Commons CC BY license.

Together, these results demonstrated that cfDNA fragment length dynamics and end motif usage
encode information about tumor chromatin structure and repair competence. These features could
complement traditional mutation-based analyses and may offer an orthogonal, low-input approach to

identifying HRD in cfDNA, particularly when tumor-derived DNA is sufficiently abundant.
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4.7 Asubsetofzinc fingertranscription factorbinding sitesis differentially accessible

in HRD cfDNA.

Chromatin accessibility patterns inferred from cfDNA coverage could serve as an indirect readout of
transcriptional regulation and epigenomic dysregulation. To explore whether chromatin structure differs
between HRD and HR-proficient tumors, we quantified cfDNA fragment coverage at predefined TFBS
using a windowed approach centered on known motifs. Coverage signals were normalized and
compared across genomic subgroups to identify regions of differential accessibility.

Co-mutated tumors harboring concurrent alterations in BRCA2 and TP53/RB1 were categorized within
the TP53/RB1/NE group, as combined loss of TP53 and RB1 is known to promote lineage plasticity
and NE transdifferentiation. These epigenetic and transcriptional changes could alter nucleosome

organization and potentially obscure HRD-specific chromatin accessibility signals.

Global analysis revealed that HRD-positive samples, defined by the presence of BRCA1, BRCAZ2, or
PALB2 mutations and/or high GIS, exhibited significantly reduced cfDNA coverage around specific zinc
finger (ZNF) transcription factor binding sites compared to HRD-negative cases (Benjamini-Hochberg
adjusted p < 0.05, two-tailed Mann—Whitney U test) (Figure 25). These differences suggested that
BRCA-deficient tumors may undergo chromatin remodeling or transcriptional silencing at ZNF loci, a

finding consistent with reports linking ZNF proteins to DNA repair (192-198).
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Figure 25: Chromatin accessibility reveal potentially mechanistical insight into HRD.

Heatmap showing differential chromatin accessibility at transcription factor binding sites (TFBS) across PCa
subgroups. Figure and legend adapted from Vlachos et al. (180). Reproduced with permission from the original
authors, under the terms of the Creative Commons CC BY license.

This reduction in coverage around ZNF binding sites was consistently observed when HRD cases were
compared both to HR-proficient and to TP53/RB71/NE-altered tumors, with the strongest signal
attenuation evident in the latter group (Figure 26). These findings suggested that ZNF -associated
regions represented a distinct fragmentomic and chromatin signature of HRD, potentially reflecting
altered nucleosomal architecture or repressive chromatin remodeling in BRCA2-deficient PCa.

These accessibility shifts may reflect broader alterations in chromatin architecture that accompany
BRCA loss, such as changes in replication timing, DNA methylation, or the formation of repressive
domains. From a diagnostic perspective, TFBS accessibility features derived from cfDNA could offer
an additional layer of HRD detection, especially in combination with mutational and fragmentomic
signals.
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Figure 26: Differential chromatin accessibility at transcription factor binding sites (TFBS).

(A) Comparison of BRCAZ2/sHRD-high versus HRR-proficient tumors. (B) Comparison of BRCAZ2/sHRD-high
versus TP53/RB1/NE tumors. (C) Comparison of TP53/RB1/NE versus HRR-proficient tumors. Each panel displays
the log; fold change (x-axis) against the —log;, adjusted p-value (y-axis) for chromatin accessibility at zinc finger
(ZNF) TFBS inferred from cfDNA. Adjusted p-values were calculated using two-sided Mann—Whitney U tests with
Benjamini-Hochberg false-discovery-rate correction, as described in the Methods. Each point represents a single
TFBS, with color indicating both the direction and magnitude ofthe log. fold change. Gene symbols are annotated
for significantly altered loci. Collectively, these comparisons reveal consistent reductions in accessibility at specific
ZNF TFBS in HRD cfDNA, with the most pronounced effects observed in BRCA2/sHRD-high cases relative to
TP53/RB1/NE tumors. Figure and legend adapted from Vlachos et al. (180). Reproduced with permission from the
original authors, under the terms of the Creative Commons CC BY license.

5 Discussion

Metastatic PCa remains a lethal and molecularly heterogeneous disease, with treatment resistance
frequently driven by alterations in DNA repair and other core oncogenic pathways (1). HRD has
emerged as a clinically actionable vulnerability, particularly in tumors harboring BRCA1/2 or PALB2
alterations, but its detection is challenged by limited access to high-quality tumor tissue in advanced
disease (199). Liquid biopsy approaches using ctDNA offer a minimally invasive means to profile HRD-
related genomic and structural features longitudinally, providing a powerful framework for patient

stratification and therapeutic monitoring in precision oncology (200).

The present study demonstrates that a multimodal analysis of ctDNA, including mutational and copy
number profiling, mutational signatures, fragment length variability, and chromatin accessibility, can be
used to identify HRD-positive PCa with high resolution. Beyond single-gene mutation testing, our
approach captures diverse genomic consequences of HRD and reveals molecular subtypes with distinct

structural and epigenetic features. By integrating these layers, we propose a framework for HRD
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detection that can complement or even substitute for tissue-based assays in patients with sufficient
ctDNA content. This has potential implications for biomarker-driven therapy selection, clinical trial

stratification, and the development of real-time, blood-based companion diagnostics (201).

5.1 Interpretation of key findings

A central observation of this work is that BRCA-driven HRD in PCa manifests most consistently as a
genome-wide structural phenotype rather than solely as a mutational event. Tumors harboring BRCAT,
BRCA2, or PALB2 alterations exhibited high sHRD scores, extensive arm-level copy number
alterations, and frequent multi-gene deletions affecting core HRR components. These features
collectively reflect cumulative chromosomal attrition arising from defective DNA repair and provide a
functional readout of HRD that extends beyond individual gene mutations. Importantly, tumors with
alterations in other HRR genes such as ATM, CHEK2, or RAD51 paralogs generally lacked this
widespread GIS, despite harboring pathogenic or likely pathogenic variants. This dissociation highlights
a key limitation of mutation-based HRD classification and suggests that not all HRR gene alterations
confer equivalent functional consequences. Our data therefore support a model in which HRD should
be defined as a structural and evolutionary state of the genome, rather than inferred solely from gene-

level alterations.

We observed that HRD-associated alterations could be broadly stratified into three genomic subtypes:
(i) classical BRCA1/2 or PALB2-mutated tumors, (ii) non-BRCA HRR-altered cases with variable GIS,
and (iii) CDK12-mutated tumors with distinct copy number and mutational profiles. BRCAZ2 emerged as
the most frequently mutated HRR gene (Figure 14A), often co-occurring with PTEN or RB1 loss, a
pattern consistent with prior tissue-based studies (202). This suggests that BRCA-driven HRD often
emerges within a broader context of tumor suppressor disruption, potentially accelerating GIS and
disease aggressiveness. In contrast, TP53 mutations were inversely correlated with BRCAZ alterations,
suggesting distinct evolutionary trajectories and mutually exclusive genomic programs (Figure 13E)
(203).

While mutations in canonical HRR genes (e.g. BRCA1/2 and PALB2) remain primary biomarkers of
HRD, increasing attention has turned to the impact of non-HRR tumor suppressors including TP53,
PTEN, and RB1 on shaping the HRD phenotype and treatment responses. TP53 is the most frequently
mutated gene in human cancers and is critical for maintaining genomic integrity. Although TP53 does
not directly participate in HRR, loss of p53 function permits accumulation of DNA damage and
exacerbates GIS. Indeed, TP53 mutations often co-occur with HRR gene alterations in advanced
tumors (including PCa), suggesting cooperative genomic programs (204,205). Some studies further

indicate that intact p53 activity is associated with better responsiveness to PARPi, whereas TP53
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inactivation can attenuate the efficacy of these drugs (206). However, the precise mechanistic role of
TP53 in modulating HRD remains under investigation, and its value as an independent predictor of
PARPI response is still inconclusive.

PTEN, a well-known tumor suppressor and negative regulator of PI3K—AKT signaling, has also been
implicated in HRD biology (207). Loss of PTEN function is associated with defects in the repair of DNA
double-strand breaks by homologous recombination (208). Mechanistically, PTEN deficiency leads to
reduced formation of RAD51 nuclearfociin response to DNAdamage, a hallmark of impaired HR repair
(208). This RAD51 dysfunction induced by PTEN loss creates a state of “functional HRD” even in the
absence of BRCA1/2 mutations. Consistentwith this, preclinical studies have demonstrated that PTEN-
null or -mutant cells are hypersensitive to PARPi (208). Nevertheless, clinical data on the PTEN-PARPI
relationship remain discrepant. The impact of PTEN loss on therapeutic response appears to be
context-dependent, varying by tumor type and the presence of co-mutations in other pathways (e.g. cell
cycle or AR signaling). Thus, while PTEN-inactivated tumors often exhibit GIS, PTEN status alone has
not yet been adopted as a standalone biomarker for PARPi benefit in the clinic.

RB1, another key tumor suppressor frequently inactivated in prostate and other cancers, exhibits a
nuanced, context-specific role in HRD. In certain settings, loss of RB7 can counterintuitively restore HR
repair capacity. A recent mechanistic study in PCa models showed that RB7 inactivation upregulates
E2F1, which in turn drives re-expression of BRCA2 and other HR genes (209). Through this E2F 1-
mediated pathway, RB17 loss effectively reactivates HR, allowing tumor cells to efficiently repair DNA
damage despite HRR gene defects. Consequently, RB1-deficient tumors can become resistant to
PARPi even in the presence of genomic “scarring” indicative of HRD. This phenomenon was
demonstrated by Miao et al., who showed that RB7 loss leads to upregulation of BRCA2, thereby
restoring homologous recombination capacity. Importantly, knockdown of BRCAZ2 resensitized RB1-
deficient PCa cells to PARPI, confirming that elevated BRCAZ2 expression following RB17 loss is a key

driver of resistance (209).

Adding further complexity, other evidence suggests that RB17 loss can synergize with BRCA dysfunction
in different biological contexts. Notably, arecent multi-cohort analysis of tubo-ovarian high-grade serous
carcinoma found that patients with concurrent RB71 loss and germline BRCA1/2 mutations had
significantly improved overall survival compared to those with BRCA mutations alone (210). In this
study, co-occurrence of RB7 loss and BRCA deficiency was associated with exceptionally long surviva
(median OS 9.3 years vs. 3.1 years in BRCA-only cases) and enhanced responsiveness to DNA-
damaging chemotherapies. Functional experiments indicated that BRCA-mutant ovarian cancer cells
became more sensitive to cisplatin and paclitaxel upon RB71 knockout. Moreover, tumors harboring

BRCA/RB1 co-loss displayed a distinct immunogenic profile with increased CD8+ T -cell infiltration and
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upregulation of interferon signaling pathways. These co-deficient tumors showed transcriptiond
evidence of cGAS-STING pathway activation and elevated antigen presentation, suggesting that RB71
loss in a BRCA-deficient background may heighten tumor immunogenicity alongside chemosensitivity
(210). Such findings hint that in certain contexts, RB7 inactivation does not simply negate HRD, but
rather shifts the tumor into a state that is more vulnerable to immune -mediated and DNA-damaging

therapies, even if it is less responsive to PARP inhibition.

These observations highlight the complex and sometimes opposing influences of TP53, PTEN, and
RB1 on the HRD phenotype and treatment outcomes. Although these genes are not classical
components of the HRR pathway, their inactivation can indirectly promote GIS, alter DNA repair
capacity, or modulate sensitivity to therapy. Notably, RB17 loss emerges as a double-edged sword: on
one hand enabling HR repair (through E2F 1-driven BRCA2 upregulation)and thereby conferring PARPi
resistance, but on the other hand potentially cooperating with BRCA deficiencies to create an
immunostimulatory, therapeutically exploitable state. These context-dependent effects underscore the
importance of integrated genomic and transcriptomic profiling when evaluating HRD status. In a
precision oncology setting, assessing the status of TP53, PTEN, and RB1 alongside canonical HRR
genes may improve patient stratification for PARPi versus alternative or combination therapies.
However, further clinical validation is required before non-HRR gene alterations can be reliably used
as standalone biomarkers for HRD or for predicting PARPI response.

Besides canonical BRCA1/2 and PALB?2 alterations, our WES analysis identified pathogenic variants in
several FANC pathway genes, including FANCA, FANCL, FANCD2, and FANCM (Figure 15). The
Fanconi complex plays a central role in resolving DNA interstrand crosslinks and coordinating
homologous recombination repair through its interaction with BRCA-associated proteins. Disruption of
this pathway has been linked to GIS, replication stress, and increased susceptibility to DNA-damaging
agents in multiple tumor types (211). The presence of FANC gene mutations in our cohort, occasionaly
co-occurring with BRCA2 or PALB?Z loss, suggests that defects in the Fanconi network may represent
an additional route to HRD in PCa. These findings support the inclusion of FANC genes in cfDNA
diagnostic panels, which could improve the sensitivity of HRD detection and broaden patient eli gibility
for PARP- or platinum-based therapies.

Our data also highlight the central role of SCNAs in driving GIS in HRD-positive cases. Samples with
BRCAZ2 or PALB2 mutations displayed highly fragmented copy number profiles and elevated sHRD
scores, even when only monoallelic loss was observed (Figure 16). This suggests that partial loss of
HRR function can still have profound effects on genome stability, in line with emerging evidence
questioning the necessity of strict biallelicinactivation in PCa (212). However, itis possible that in some

cases the second hit was missed due to epigenetic regulation such as promoter hypermethylation.
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Moreover, high-sHRD cases were enriched for deletions at canonical instability loci (e.g., RB1, PTEN,
ATM) and showed novel recurrent events, including deletions at 5915 (Figure 17B), implicating these
regions as additional contributors to the HRD phenotype (213).

Complementing the mutational data, SV analysis of hcWGS revealed extensive large-scale deletions
affecting key HRRloci, including BRCA1/2, PALB2, RAD51B/C/D, FANCD2, FANCM, ATR, and CDK12
(Figure 19). These multi-gene deletions indicate that structural gene loss is a major driver of HRD in
PCa, consistent with prior reports that deletions contribute more frequently to HRD than gene fusions
or small indels. The absence of recurrent fusion events in our dataset further supports this notion. In
addition, the presence of rare, complex rearrangements suggests that HRD phenotypes can emerge
fromcumulative chromosomal instability rather than single-gene lesions. Comprehensive tumor-normad
WGS or RNA-seq analyses, potentially with long-read sequencing technology, could help clarify these
structural mechanisms, resolve complex rearrangements, and identify cryptic events that may be
missed by tumor-only cfDNA assays. Together, these findings highlight the importance of integrating
SV profiling with sequence-level mutation analysis to achieve a complete understanding of HRD
architecture in PCa.

Beyond BRCA-related HRD, we identified CDK72-mutant tumors as a distinct molecular class with
unique genomic hallmarks. These samples lacked classical HRD-associated mutational signatures but
were enriched for FTDs, a known consequence of CDK12 inactivation (Figure 16C) (214). These
findings supportprior observations that CDK12loss drives oncogenesis through fusion gene generation
and enhanced neoantigen burden, which may confer sensitivity to immune checkpoint blockade rather
than PARP inhibition (72). Importantly, CDK72 mutations were mutually exclusive with BRCA1/2 and

TP53 alterations, underscoring their role in a separate evolutionary pathway (Figure 13E).

Mutational signature profiling revealed that tumors with BRCA1/2/PALB2 mutations were enriched for
single-base substitution signature SBS3 and indel signature ID6 (Figure 22). While SBS3 is well
established as a hallmark of HRD, our data show that it can also appear in CDK12-mutated samples,
raising questions about the specificity of this signature in for HRD testing (40). Conversely, samples
lacking HRR mutations but exhibiting high sHRD often showed low SBS3 signal, reinforcing the need
for multimodal classification strategies. The t-SNE clustering of SBS and ID signatures confirmed that
CDK12, MMR-deficient, and HRD tumors could be resolved into distinct clusters, validating the use of
signature-based stratification in liquid biopsy material (Figure 22D-E).

Finally, our analysis uncovered unexpected overlaps between HRD and mismatch repair deficiency
(MMRd), with ~38% of WES-profiled samples showing features of both. This co-enrichment of HRD-
and MMRd-associated signatures, such as SBS6 and CN25, suggests possible mechanistic

interactions between these repair pathways, potentially mediated by altered mutational landscapes or
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compensatory repair activation (Figure 22A-C) (215,216). These findings add to a growing body of
evidence indicating that DNA repair deficiencies often converge, and thatintegrated profilingis essentid
for accurate tumor classification. This finding contradicts the classical notion of co-exclusivity between

these two repair deficiencies (217).
5.2 Clinical implications of GIS and HRD-associated features

From a clinical standpoint, our results highlight the prognostic relevance of plasma-derived biomarkers,
particularly TF and HRD-related genomic alterations. Patients with TF 25% had significantly worse OS
and PFS (Figure 20A,E), confirming that increased tumor burden results in poorer survival (218).
Similarly, elevated sHRD scores (=20) were associated with poorer OS, reinforcing the value of GIS as

an independent prognostic marker (Figure 21A-B).

Among genomic subtypes, mutationsin TP53and RB1 conferred the worst outcomes, particularly when
present in combination with BRCA1, BRCA2, or PALB?2 alterations. These co-altered cases exhibited
extremely poor survival, suggesting additive or synergistic disruption of DNA repair, checkpoint control,
and apoptotic signaling. Conversely, patients with BRCA-pathway alterations alone had intermediate
outcomes, while those without HRD-related mutations had the most favorable survival profiles (Figure
20B,F). Notably, despite the prevalence of BRCA and PALB2 mutations in our cohort, only two patients
received PARPI therapy. This limited exposure likely underestimates the potential clinical benefit of
PARPi in HRD-positive cases, especially given the genomic features observed. These findings
underscore the clinical importance of accurate HRD detection to guide eligibility for DNA repair-targeted
therapies.

Our analysis also recapitulated known clinical associations. Neuroendocrine differentiation, present in
a small subset of patients, was associated with poor prognosis and reflects a transition to a more
aggressive lineage (219). In contrast, castration-sensitive tumors, often harboring fewer alterations and
lower TF, were linked to longer survival, highlighting the prognostic value of integrating molecular and

clinical phenotyping (Figure 12).

These results supporta framework in which TF, sHRD, mutation profile, and molecular subtype are
jointly evaluated to stratify risk and inform therapeutic decision-making. cfDNA-based analysis offers a
minimally invasive route to capture these dimensions in real time, and may serve as a critical tool in
personalizing treatment for advanced PCa. In future clinical workflows, plasma-based HRD classifiers
could be applied at multiple points along the disease course to optimize therapy selection, monitor
resistance evolution, and identify candidates for emerging HR-directed or immunotherapeutic

strategies.
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5.3 Fragmentomics and epigenomic markers of HRD

Recent studies employing integrated fragmentomics models have demonstrated high sensitivityforboth
cancer detection and molecular subtyping (144,220). Building on this framework, our cfDNA classifier
incorporated fragmentlength and end-motif features to identify HRD-associated fragmentation pattems
in PCa. We hypothesized that the altered chromatin organization characteristic of HRD would generate
distinctive fragmentation profiles detectable in plasma cfDNA. Our results support this hypothesis and
align with emerging mechanistic evidence that histone modifications, nucleosome positioning, and
chromatin accessibility collectively shape cfDNA fragmentation signatures (221). These observations
suggest that HRD-associated chromatin states can be inferred from cfDNA fragmentomic features,
providing a functional, noninvasive window into tumor epigenetic architecture. Indeed, we observed that
tumors with BRCA1/2 or PALB2 mutations exhibited an enrichment of dinucleosomal fragments (290—
320 bp), a pattern absent in HRR-proficient and TP53/RB1-altered cases (Figure 23A). This suggests
aberrant nucleosomal spacing and reduced chromatin compaction, both of which are consistent with

impaired DSB repair and disrupted nucleosome maintenance in HRD-positive contexts (222).

To translate these features into a predictive model, we trained a penalized logistic regression classifier
using both fragment length variability and motif cluster frequencies as input features. The combined
model demonstrated strong discrimination of HRD-positive versus HRR-proficient samples (AUC =
0.79, AP = 0.69; Figure 17B). Fragment length metrics alone outperformed end motif features (AUC =
0.61, AP =0.53), but combining both modestly improved performance (AP = 0.70), indicating that these
fragmentomic layers capture complementary aspects of the HRD phenotype (Figure 23B).

Notably, prior to this work fragmentomics had not been commonly applied or reported in the context of
HRD. Although early studies have shown that cfDNA fragmentation patterns can capture tumor -specific
features, no published evidence has explicitly compared fragmentomic profiles between HR-deficient
and HR-proficient tumors. This represents a critical knowledge gap, given the central role of HRD in the
repair of DSB. It is biologically plausible that HRD tumors would shed cfDNA with distinctive
fragmentation patterns, such as shorter average fragment lengths, greater fragment end variability, or
specificmono- and dinucleotide motifs at cleavage sites, arising fromthe dysregulated nuclease activity
and chromatin disorganization associated with defective DNA repair pathways (121). By demonstrating
differences like an excess of dinucleosomal fragments in HRD cases, our study begins to fill this gap.
Future investigations should further evaluate whether these fragmentomic differences can serve as
reliable and specific biomarkers for HRD status in the liquid biopsy setting.

To further investigate epigenomic correlates of HRD, we analyzed TFBS accessibility using cfDNA
coverage data (Figure 24). We observed that HRD tumors, particularly those harboring BRCA2
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mutations and high GIS, showed a consistent reduction in accessibility at ZNF transcription factor
binding sites, including ZNF34 and ZNF781. This reduction was not observed in TP53/RB1-altered or
neuroendocrine subtypes, suggesting that diminished ZNF accessibility reflects an HRD -specific

chromatin signature rather than general tumor aggressiveness.

ZNF transcription factors are among the most abundant DNA-binding proteins in the human genome
and play diverse roles in gene regulation, chromatin remodeling, and increasingly, DNA repair. Severd
ZNFs have been mechanistically linked to DSB repair. For example, ZNF281 and ZBTB24 facilitate
NHEJ through interactions with XRCC4 and PARP1, while PHF6 promotes 53BP1 recruitment and
checkpoint recovery at damage sites (192—194). Additionally, ZNF-domain-containing proteins like
KDM2A and ZMYND8 regulate homologous recombination by promoting RAD51 and BRCA1 foci
formation via histone methylation pathways (195,196).

Although ZNF34,ZNF433, and ZNF781 have not yet been directly linked to DNA repair, their consistent
inaccessibility in HRD samples suggests a role in either parallel or regulatory components of the DNA
damage response. It is plausible that epigenetic silencing or nucleosomal occlusion at ZNF TFBS
interferes with the transcription of key repair mediators or chromatin modifiers. PRDM12, for instance,
is a histone methyltransferase that facilitates H3K9 dimethylation, promoting transcriptional repression
and potentially compounding repair inefficiency in these tumors (197). A recent systematic analysis
further supports the role of ZNF proteins as chromatin-embedded sensors or effectors in the DSB

response, often recruited in a PARP-dependent manner (198).

Collectively, these findings point to a broader model in which altered TFBS accessibility particularly at
ZNF-associated loci acts as a measurable epigenetic footprint of HRD. This has two important
implications. First, it highlights a mechanistic link between chromatin remodeling and defective
homologous recombination. Second, it raises the possibility that such fragmentomic and accessibility -
derived signals can be incorporated into cfDNA-based classifiers, especially in cases where mutation
data alone are insufficient for classification. Whether this chromatin phenotype is reversible or
therapeutically targetable through epigenetic reprogramming remains an open question but represents

a promising direction for future HRD-targeted interventions.

Consistent with this model, emerging evidence indicates that HR-deficient tumors undergo distinctive
chromatin and TF binding reprogramming. For instance, loss of BRCAZ2 not only triggers GIS but also
causes aberrant chromatin relaxation; BRCA2-deficient cells exhibit diminished heterochromatin marks
(e.g. H3K9me3) and an opening of normally silenced genomic regions (223) This de-repression is
accompanied by transcriptional shifts, including unscheduled activation of oncogenic pathways
(notably, upregulation of MYC-driven gene targets upon biallelic BRCA2 loss). Notably, such HRD-

linked chromatin alterations are beginning to be detectable via liquid biopsy: high-resolution cfDNA
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fragment analyses can capture tumor-specific nucleosome positioning and TF “footprints”, and recent
nucleosome mapping studies in plasma have revealed accessible TF-binding sites reflective of tumor
regulatory states (224,225). These findings strengthen the mechanistic link between defective
homologous repair and epigenomic remodeling in cancer, suggesting that HRD-induced changes in
TFBS accessibility, in both tumor tissue and circulating DNA, are tangible hallmarks of the HRD
phenotype (226).

The convergence of these fragmentomic and epigenomic signals supports the notion that HRD not only
alters the genetic landscape but also imposes a distinct physical and structural signature on tumor -
derived cfDNA. Integration of fragmentomic features with mutation and copy number information
improved classification performance and enabled more nuanced stratification of borderline or

ambiguous cases.
5.4 Limitations

While this study presents a comprehensive multimodal cfDNA-based framework for characterizing HRD
in PCa, several important limitations should be acknowledged. First, the approach is inherently biased
toward samples with high TF, which are more likely to yield reliable mutation, copy-number, and
fragmentomic data. Consequently, the method may performsuboptimally in early-stage or low-shedding
tumors, limiting its generalizability across the full clinical spectrum. Future adaptations may require
ultra-sensitive techniques, integration of complementary biomarkers, or probabilistic modeling

approaches to extend applicability to minimal residual disease and early detection contexts.

Second, the number of confirmed HRD-positive cases, particularly those harboring clonal BRCA1,
BRCA2, or PALB2 mutations, was relatively small. This restricts statistical power for subgroup analyses
and increases therisk of overfitting in the machine learning components of the fragmentomics classifier.
To minimize this risk, we used a simple predefined logistic regression model without hyperparameter
optimization and implemented repeated cross-validation to ensure that model performance was not
driven by individual samples. Validation in independent, larger, and clinically diverse cohorts will
nevertheless be essential to confirm reproducibility and generalizability.

Third, the targeted HRR panel employed in this study covered arestricted set of DNA repair genes and
did not encompass the full spectrum of homologous recombination— and Fanconi anemia—related loci
now known to contribute to HRD. As a result, rare or noncanonical drivers of homologous recombination
deficiency may have been missed. Expanding future assays to include a more comprehensive HRR
and DNA damage repair gene set could improve detection sensitivity and capture a broader range of

clinically relevant alterations.
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Fourth, the ground truth for HRD classification was defined primarily by cfDNA-detected BRCA1/2 and
PALBZ2 mutations, as high-quality matched tumor tissue was available foronly a subset of patients. This
reliance may underestimate the prevalence of functional HRD, yet it highlights the clinical need for liquid
biopsy based functional assays capable of complementing or replacing tissue-based testing when

archival material is limited.

Fifth, while our analysis revealed characteristic fragment length variability, end -motif composition, and
TFBS accessibility patterns associated with HRD, these signals are indirect and observational. We
cannot infer causality from the chromatin-level features captured in cfDNA, nor exclude potentia
confounding factors such as cell-of-origin differences or chromatin disorganization secondary to
necrosis. Future validation using orthogonal epigenomic approaches, such as cfChIP-seq, or ATAC-

seq, will be crucial to confirm their mechanistic basis.

Sixth, the detection of complex structural variants and gene fusions affecting HRR genes was limited
by the sequencing depth and design of the current cfDNA assay. While high-coverage WGS enabled
partial identification of large-scale deletions, the resolution of balanced rearrangements or
transcriptionally active fusions would require deeper whole-genome sequencing or complementary
RNA-based approaches. Integrating such analyses in future studies could provide a more complete
view of HRD-associated genomic architecture.

Seventh, the absence of treatment-linked outcome data limited our ability to evaluate the predictive
value of the identified HRD markers. Although molecular profiles strongly suggested HRD in a subset
of tumors, the lack of direct correlation with response to PARPI or platinum-based therapies precludes
assessment of clinical benefit. Longitudinal sampling and treatment-matched cohorts will be needed to
establish the translational utility of these biomarkers in therapeutic decision-making.

Finally, the study design did not include spatial tumor profiling or multi-analyte integration, precluding
dissection of cfDNA signals by tumor origin or subclonal composition. Moreover, while SV analysis
identified extensive deletions affecting HRR and Fanconi genes, and fragmentomic profiling reveaed
distinct chromatin signatures, additional integration with methylation, immune, or imaging -derived data

could further enhance biological resolution and predictive accuracy.

Despite these limitations, the present findings underscore the feasibility and promise of multimodal
cfDNA analysis for non-invasive HRD assessment. The combined evaluation of genetic, structural, and
epigenetic features establishes a foundation for future tiered HRD testing frameworks are
complemented by fragmentomic and chromatin accessibility metrics. Ongoing validation in independent
cohorts and prospective clinical trials will be essential to confirm reproducibility, define performance
thresholds, and support the integration of this approach into precision oncology workflows.
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5.5 Future directions

This study demonstrates the feasibility of using multimodal cfDNA analysis to non-invasively
characterize HRD in PCa. The next critical step will be the prospective validation of these findings in
larger, clinically annotated cohorts, ideally incorporating serial plasma sampling during treatment to
correlate cfDNA-derived biomarkers with therapeutic response and resistance trajectories, particularly
in patients receiving PARPI or other DNA repair targeted therapies.

To extend analytical sensitivity and broaden clinical applicability, future work should explore repeated
plasma sampling and the integration of orthogonal cfDNA-derived layers, including methylation, copy-
number variation, and nucleosome occupancy, combine d with advanced normalization and probabilistic
modeling frameworks. A key methodological priority will be the systematic determination of the LOD for
fragmentomic and HRD-associated features, especially in low-ctDNA contexts, to ensure their reliable

application in diverse clinical settings.

Another promising avenue lies in extending these methods to earlier disease stages and minimal
residual disease (MRD) contexts. At present, analyses rely on sufficient TF to capture mutational,
structural, and fragmentomic signals. Advances in assay sensitivity, noise modeling, and background
correction could enable detection of HRD-related cfDNA signatures in low-shedding tumors, providing
opportunities for early therapeutic intervention or adaptive treatment strategies.

Further development of cfDNA-based classifiers should emphasize integration of multiple biomarker
layers into a single unified model. Combining mutational status, GIS, fragment length variability, end-
motif usage, and TFBS accessibility may enhance classification accuracy and robustness across
variable cfDNA quality and tumor content. These integrated classifiers would support mutation -
independent HRD detection, with potential applications in treatment eligibility assessment, resistance

monitoring, and stratification for biomarker-driven clinical trials.

From a translational standpoint, we envision a tiered HRD assessment framework in clinical practice.
Patients could first undergo targeted sequencing for HRR mutations and GIS evaluation from WGS,
followed by fragmentomic and chromatin accessibility profiling as a complementary layer to refine HRD
classification, particularly in ambiguous or discordant cases. Independent validation in prospective
multicenter studies will be required to establish diagnostic performance, define standardized workflows,

and confirm feasibility in real-world oncology settings.

Finally, expanding the molecular scope of cfDNA analysis beyond HR by incorporating MMR, replication
stress, or chromothripsis-related signatures could enable comprehensive cfDNA-based profiling of GIS.

As analytical pipelines mature, cfDNA has the potential to evolve into a standalone diagnostic substrate
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forreal-time genomic stratification in PCa, reducing reliance on tissue biopsies and facilitating dynamic,

longitudinal monitoring throughout the disease course.
6 Conclusion

To the best of our knowledge, this is the first study to demonstrate that fragmentomic features and
changes at transcription factor binding site accessibility are functionally linked to HRD in a cancer
setting. By integrating mutational profiling, GIS, fragment length distributions, end -motif patterns, and
chromatin accessibility from cfDNA, we establish a multimodal framework for liquid biopsy based HRD

classification.

Whereas most current assays rely exclusively on gene mutation status or loss-of-heterozygosity
metrics, our findings reveal that HRD-positive tumors exhibit distinct structural and epigenetic
signatures that are detectable in circulation. Notably, we observed dinucleosome enrichment and
characteristic end-motif shifts in BRCAZ2-deficient samples, together with a consistent loss of
accessibility at ZNF binding sites, a previously undescribed feature in this context. These signals
complement traditional genomic measures and likely represent the functional consequences of
impaired DNA repair and altered chromatin organization.

Although this retrospective study was limited by sample size and the small number of patients treated
with PARPI, it demonstrates the feasibility of classifier models that extend beyond sequence -based
information to detect HRD with higher resolution. Fragmentomic and chromatin accessibility features
offer a mutation-independent avenue for HRD assessment, particularly valuable in cases with

ambiguous genotypes or low—variant allele fraction mutations.

In summary, our work underscores the potential of cfDNA as a comprehensive substrate for multimoda
HRD detection in PCa. By capturing both structural and chromatin-level features in plasma, this
approach bridges the gap between molecular complexity and clinical implementation-moving the field
closer to personalized, minimally invasive precision oncology for patients with DNA repair—deficient
PCa.
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