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Abstrakt

Cirkulujica bezbunkova DNA (¢fDNA) umoziuje minimalne invazivnu analyzu molekuléarnych
signalov spojenych s ochorenim a predstavuje zaklad modernych pristupov tekutej biop-
sie v onkologii. Vacsina cfDNA analyz sa zameriava na jadrova DNA, av8ak cirkulujica
bezbunkova mitochondridlna DNA (ccf-mtDNA) moéze poskytovat doplnkovii a menej
preskumani diagnostickil informéciu. Onkologicky signal v mtDNA sa moze prejavo-
vat nielen v muta¢nych profiloch, ale aj vo fragmentac¢nych vlastnostiach a v lokalizacii
fragmentov pozdlz mitochondriadlneho genému.

Tato praca skiima ccf-mtDNA na trovni jednotlivych fragmentov a analyzuje koin-
cidenciu (spolu-vyskyt) kli¢ovych atribtitov, najmé dlzky fragmentu, jeho genomickej
polohy a mutacnych priznakov. Navrhujeme a implementujeme pipeline na rekonstruk-
ciu mtDNA fragmentov zo sekvenaénych déat a na extrakciu fragmentovych priznakov
vhodnych pre strojové ucenie. Na tomto zéklade predstavujeme multiparametricky
predikény ramec, ktory priraduje rizikové skore jednotlivym fragmentom a nasledne
agreguje fragmentové signaly na klasifikaciu vzoriek do skupin onkologickych pacien-
tov a kontrol. Navrhnuty pristup vyhodnocujeme na kohorte pacientov a kontrol a
porovnavame ho s jednoduchsimi agrega¢nymi baseline metdédami, aby sme posudili
prinos spolo¢ného, fragmentovo orientovaného modelovania.

Vysledky potvrdzuju pouzitel nost fragmentovo zaloZeného multiparametrického pris-
tupu pri analyze mtDNA v tekutej biopsii a prindsaji poznatky o kombinéciach frag-
mentacnych a mutacnych signalov, ktoré st najinformativnejsie pre rozlisenie pacientov

a kontrol.

Kruacoveé slova: tekuté biopsia, ccf-mtDNA, fragmentomika, multiparametrické mod-

elovanie, detekcia rakoviny



Abstract

Circulating cell-free DNA (cfDNA) enables minimally invasive analysis of disease-
related molecular signals and has become a central component of liquid biopsy ap-
proaches in oncology. While most ¢cfDNA assays focus on nuclear DNA, circulating
cell-free mitochondrial DNA (ccf-mtDNA) represents a complementary and compara-
tively underexplored source of information. Cancer-associated signals in mtDNA may
appear not only in mutational profiles but also in fragmentation patterns and genomic
localization of fragments along the mitochondrial genome.

This thesis investigates cct-mtDNA at single-fragment resolution and studies the
co-occurrence of key fragment attributes, including fragment length, genomic position,
and mutation-related features. We design and implement a feature-extraction pipeline
that reconstructs mtDNA fragments from sequencing data and produces a fragment-
level representation suitable for machine learning. Building on this representation, we
propose a multiparametric predictive framework that assigns risk scores to individual
fragments and aggregates these signals to classify samples as oncological or control.
The proposed approach is evaluated on patient and control cohorts and compared
against simpler aggregative baselines to assess the added value of joint, fragment-level
modeling.

The results demonstrate the feasibility of fragment-level multiparametric modeling
for mtDNA-based liquid biopsy analysis and provide insights into which combinations
of fragmentomic and mutation-related signals are most informative for cancer/control

discrimination.

Keywords: liquid biopsy, cct-mtDNA, fragmentomics, multiparametric modeling,

cancer detection
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Introduction

Recent advances in sequencing technologies have substantially improved our ability
to digitize genomic information at scale. Next-generation sequencing (NGS) has be-
come faster, more accurate, and more accessible, enabling its routine use in biomedical
research and, increasingly, in clinical practice. Alongside laboratory progress, the de-
velopment of computational methods for processing and interpreting large sequencing
datasets has played a crucial role in translating raw reads into clinically meaningful
information. As a result, genomics is now an essential component of modern precision
medicine, with oncology being one of the most prominent areas of application [13].

Cancer remains a major global health challenge with a continuously increasing bur-
den. According to global estimates for the year 2022, nearly 20 million new cancer cases
were diagnosed worldwide and approximately 9.7 million people died from the disease
[1]. Projections further suggest that the number of new cases will rise markedly over the
coming decades, driven by demographic changes and population growth, emphasizing
the need for scalable strategies for prevention, early detection, and treatment moni-
toring [18|. Early diagnosis is particularly important, as it can significantly improve
treatment options and patient outcomes. Nevertheless, early-stage detection remains
difficult for many cancer types due to subtle or non-specific symptoms and limitations
of current screening modalities.

Traditional diagnostic workflows often rely on tissue biopsy, which provides direct
access to tumor material and enables histopathological and molecular characterization.
However, tissue biopsy is invasive, may not be feasible for repeated sampling, and can
be associated with patient discomfort and procedure-related risks. Moreover, a single
biopsy may not fully capture tumor heterogeneity and can be limited by sampling
location and tumor accessibility. These constraints have motivated the development of
minimally invasive alternatives, most notably liquid biopsy, which aims to infer disease-
related information from biomolecules present in body fluids, typically blood plasma [6].
Among the most widely studied analytes is circulating tumor DNA (ctDNA), a subset
of cell-free DNA (cfDNA) released into circulation from tumor cells. ctDNA-based
assays have demonstrated utility across multiple clinical scenarios, including treatment
response monitoring, detection of minimal residual disease, and relapse surveillance,

while also showing potential for earlier detection [6].



2 Introduction

Despite these advances, liquid biopsy data pose substantial analytical challenges.
In many clinically relevant settings—especially in early-stage disease—tumor-derived
signals can be extremely weak relative to background ¢fDNA originating from non-
malignant tissues. This low signal-to-noise ratio complicates the reliable detection of
cancer-associated molecular features and motivates the search for additional biomark-
ers and computational strategies that can improve sensitivity and robustness. In recent
years, this effort has contributed to the emergence of ¢cfDNA “fragmentomics,” which
studies fragmentation patterns of cfDNA, including fragment length distributions, ge-
nomic endpoint positioning, and sequence context at cleavage sites. Fragmentomic
signals reflect biological processes related to nucleosome organization, chromatin ac-
cessibility, and cell death, and they have shown promise as complementary biomarkers
for noninvasive cancer detection [15].

While most cfDNA-based approaches focus primarily on nuclear DNA, mitochon-
drial DNA (mtDNA) represents an important and comparatively underexplored source
of information. The mitochondrial genome is compact and present in multiple copies
per cell, which can make mtDNA-derived reads abundant under certain experimental
conditions. Circulating cell-free mtDNA (ccf-mtDNA) has been studied as a biomarker
in cancer and other diseases, with evidence suggesting that mtDNA may capture
disease-associated alterations through both mutational patterns and fragmentation-
related characteristics [12]. Recent work has further indicated that ccf-mtDNA ex-
hibits distinct fragmentomic behavior compared to nuclear ¢cfDNA, including region-
dependent fragmentation profiles and cancer-associated deviations that can be lever-
aged for multi-cancer detection [5]. These findings highlight the potential of mtDNA
fragmentomics as a complementary dimension of liquid biopsy analysis.

A common limitation of many existing diagnostic pipelines is the reliance on ag-
gregated, sample-level descriptors (e.g., global fragment length histograms or overall
mutation rates). Although aggregation can be effective and computationally conve-
nient, it may obscure informative co-occurrence patterns that exist at the level of in-
dividual fragments. In other words, the joint presence of multiple attributes—such as
fragment length, genomic location along mtDNA, and mutation-related signals—may
contain discriminative structure that is weakened when features are summarized inde-
pendently or averaged across all fragments. This thesis addresses this limitation by
analyzing ccf-mtDNA at the resolution of single fragments and by explicitly modeling
the co-occurrence of multiple fragment-level attributes.

The objectives of this thesis are threefold. First, we perform an in-depth char-
acterization of ccf-mtDNA reads and reconstructed fragments, focusing on fragment
length, genomic localization, and mutation-related features, and on how these proper-
ties interact. Second, we design and implement a multiparametric predictive framework

that assigns risk scores to individual mtDNA fragments based on their joint feature
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representation. Finally, we evaluate the resulting classification performance by com-
paring oncological patient samples with control samples, and we benchmark the pro-
posed approach against simpler aggregative baselines. By integrating fragment-level
co-occurrence signals into a unified model, this work aims to improve the identifica-
tion of high-risk, cancer-associated mtDNA fragments and to contribute to the broader
effort of developing sensitive, noninvasive cancer detection methods.

The thesis is organized as follows. Chapter 1 summarizes the biological and com-
putational background relevant to ¢fDNA analysis, mitochondrial genomics, and frag-
mentomics, and reviews related work. Chapter 2 describes the datasets and preprocess-
ing pipeline, including alignment, quality control, and the reconstruction of mtDNA
fragments. Chapter 3 introduces the fragment-level feature extraction procedure and
presents an exploratory analysis of individual features and their co-occurrence pat-
terns. Chapter 4 presents the proposed multiparametric modeling approach, including
baselines, training protocol, and sample-level classification strategy. Chapter 5 reports
experimental results and comparative evaluations. Chapter 6 discusses biological in-
terpretation, limitations, and avenues for future work. Finally, Chapter 7 concludes
the thesis.
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Chapter 1

Background and Related Work

1.1 Liquid Biopsy and Cell-Free DNA

Cancer remains a major global health burden, and clinical outcomes are strongly influ-
enced by the stage at which the disease is diagnosed. Conventional diagnostic workflows
frequently rely on tissue biopsy and imaging. While tissue biopsy provides direct access
to tumor material, it is invasive, not always feasible for repeated sampling, and may fail
to capture spatial heterogeneity across primary and metastatic sites. These limitations
have motivated the development of liquid biopsy, a minimally invasive strategy that
aims to infer disease-related information from analytes circulating in body fluids, most
commonly blood plasma.

Among liquid biopsy analytes, cell-free DNA (¢fDNA) has become one of the most
widely studied. ¢fDNA consists of short DNA fragments released into the bloodstream
predominantly through cell death processes such as apoptosis and necrosis. In can-
cer patients, a fraction of ¢cfDNA is derived from tumor cells and is referred to as
circulating tumor DNA (ctDNA). The ability to profile ctDNA enables noninvasive
characterization of tumor-associated molecular alterations and supports applications
such as therapy selection, treatment monitoring, minimal residual disease detection,

and relapse surveillance.

1.2 Mutation-Based Approaches and Their Limita-

tions

Early liquid biopsy assays primarily focused on detecting tumor-specific genetic alter-
ations in ¢cfDNA, including point mutations, small insertions/deletions, structural vari-
ants, and copy number changes. Targeted mutation panels and ultra-deep sequencing
can identify low-frequency variants, and such approaches have demonstrated clinical

utility in multiple tumor types. Nevertheless, mutation-centric testing faces several
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well-known limitations.

First, ctDNA can be present at extremely low fractions, particularly in early-stage
disease, which reduces sensitivity even with deep sequencing. Second, targeted panels
are constrained to known loci and may miss tumors without canonical alterations in
the targeted regions. Third, biological confounders can generate false-positive signals;
for example, somatic variants arising from non-tumor sources may appear in plasma
and complicate interpretation. Collectively, these challenges have encouraged the de-
velopment of complementary signals and computational strategies that do not rely

exclusively on mutation detection.

1.3 cfDNA Fragmentomics

A key complementary direction is ¢fDNA fragmentomics, which studies the physical
and genomic properties of ¢cfDNA fragments, including fragment length distributions,
genomic coverage patterns, and sequence composition at fragment ends. These proper-
ties are shaped by chromatin organization and nuclease activity during DNA fragmen-
tation, and they can therefore reflect tissue-of-origin and disease-associated changes.
Genome-wide fragmentation patterns have been shown to differ between cancer pa-
tients and healthy controls and can support cancer detection without requiring prior
knowledge of specific mutations [2|. In addition to length-based features, fragmen-
tation signals can be derived from positional patterns across the genome and from
fragment-end motif frequencies. These features are often high-dimensional and cor-
related, making machine learning a natural choice for building predictive models.
Fragmentomics-based classifiers have achieved strong performance in multi-cancer set-
tings and have been extended to infer tissue-of-origin in some designs [9]. While most
fragmentomics work has focused on nuclear cfDNA | the same conceptual framework can
be applied to mitochondrial cfDNA, where fragmentation biology differs substantially

from nucleosome-driven nuclear fragmentation.

1.4 Mitochondrial DNA and Its Relevance in Cancer

Mitochondrial DNA (mtDNA) is a compact circular genome of approximately 16.6
kb, present in multiple copies per cell. Unlike nuclear DNA, mtDNA is not packaged
in nucleosomes, and it is exposed to distinct damage and repair dynamics. Across
cancer types, tumors frequently harbor somatic mtDNA alterations, and mtDNA copy
number changes have been reported in multiple malignancies. These observations have
supported long-standing interest in mtDNA as a potential biomarker, including in the

context of liquid biopsy.
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A key potential advantage of mtDNA for plasma-based analysis is its copy number:
a tumor clone carrying an mtDNA alteration may release many copies of the altered
genome, at least in principle, increasing detectability relative to single-copy nuclear
variants. However, mtDNA biology also introduces challenges, including heteroplasmy
(mixed mutant and wild-type mtDNA within cells) and the presence of background

mtDNA variants in normal tissues.

1.5 Circulating Cell-Free mtDNA as a Biomarker

A portion of plasma cfDNA originates from mitochondria and is referred to as circu-
lating cell-free mitochondrial DNA (ccf-mtDNA). Multiple studies have reported that
cct-mtDNA levels and other mtDNA-related signals can be altered in cancer, motivat-
ing its investigation as a complementary liquid biopsy biomarker [12|. At the same
time, ccf-mtDNA is also influenced by non-cancer processes such as tissue injury and
inflammation, which may limit specificity if relying only on absolute concentration
measures.

The mutational component of ccf-mtDNA has shown mixed results: tumor-specific
mtDNA variants can be difficult to detect in plasma in many settings, likely due to di-
lution by background mtDNA from non-tumor sources and technical limitations at very
low allele fractions. For example, tumor-specific mtDNA variants have been reported
to be rarely detectable in ¢fDNA in some cohorts [17]. These findings suggest that
mutation-only approaches may be insufficient in general and motivate the exploration

of additional mtDNA-derived signals, including fragmentation patterns.

1.6 Fragmentation Profiles of ccf-mtDNA

ccf-mtDNA exhibits fragmentation behavior that differs markedly from nuclear cfDNA.
Because mtDNA is not protected by nucleosomes, circulating mtDNA fragments tend
to be substantially shorter and may show distinct end-motif composition and region-
dependent fragmentation patterns. Studies that improved recovery of short ¢fDNA
molecules demonstrated that very short mtDNA fragments are abundant in plasma
and can dominate the mtDNA fragment length distribution [19].

Recent large-scale analyses indicate that cancer is associated with aberrant ccf-
mtDNA fragmentomic features and that these features can support accurate multi-
cancer detection [5]. Reported signals include shifts in fragment length distributions,
altered fragment-end motif frequencies, and genomic localization patterns along the
mitochondrial genome. These results provide strong motivation for fragment-level,

multiparametric modeling of mtDNA, where multiple fragment attributes are consid-
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ered jointly rather than in isolation.

1.7 Mutation Detection in ccf-mtDNA

Although plasma mtDNA mutation detection is challenging, it remains an important
complementary signal. Detection sensitivity depends on the heteroplasmy level in tu-
mor tissue, the extent of tumor DNA shedding, and the background abundance of
wild-type mtDNA in circulation. Evidence suggests that in certain contexts, incorpo-
rating mtDNA-derived tumor signals can improve detection; for example, experimental
models have shown that plasma mitochondrial tumor DNA can enhance detection per-
formance in glioblastoma settings [8]. Nevertheless, across broader cohorts, the rarity
of detectable tumor-specific mtDNA variants in ¢fDNA highlights the need for robust
modeling strategies that leverage both mutational and non-mutational mtDNA fea-

tures.

1.8 Machine Learning for mt DNA-Based Liquid Biopsy

The diversity and potential co-occurrence of mtDNA-derived signals (e.g., fragment
length, genomic position, end motifs, and mutation-related attributes) naturally moti-
vates machine learning approaches. Classical ML models (e.g., logistic regression, ran-
dom forests, gradient boosting) can integrate multiple features and capture interactions
that may be diluted by simple aggregation. Recent work demonstrates that mtDNA
fragmentomics, analyzed via predictive modeling, can yield high diagnostic perfor-
mance in multi-cancer detection tasks [5|. Beyond single-modality models, broader
liquid biopsy research increasingly moves toward multi-modal integration, combining
fragmentomics with mutations and other signals. Understanding how these paradigms
translate to mtDNA is a central motivation for multiparametric, fragment-level mod-

eling.

1.9 Related Work in Nuclear cfDNA Fragmentomics

Nuclear ¢cfDNA fragmentomics provides essential methodological context for mtDNA-
based approaches. Genome-wide fragmentation profiles have been used to detect cancer
[2], and related studies extended fragmentomic analysis to characterization of tumor-
associated fragmentation patterns and cancer classification [9]. Many feature engineer-
ing ideas from nuclear fragmentomics (e.g., regional fragmentation summaries, end-
motif statistics, learned representations) can be adapted to mtDNA with careful con-

sideration of mtDNA-specific biology and technical confounders (such as NUMTs and
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the short-fragment bias of library preparation).

1.10 Challenges and Opportunities

Despite strong recent progress, several challenges remain. From a technical perspective,
mtDNA constitutes a small fraction of total plasma cfDNA in many settings, and
mtDNA fragments are often extremely short, which can lead to biased recovery and
reduced effective coverage. Accurate mapping is complicated by nuclear mitochondrial
DNA segments (NUMTSs), requiring careful alignment and filtering strategies. From
a biological perspective, ccf-mtDNA signals are influenced by non-cancer processes
(e.g., inflammation), which may reduce specificity unless models leverage more cancer-
informative combinations of features.

These challenges also indicate clear opportunities. Fragment-level, multiparamet-
ric models can explicitly represent and learn co-occurrence patterns across length,
localization, and mutation-related signals, potentially improving robustness relative
to single-feature or purely aggregated approaches. In addition, mtDNA’s compact
genome makes ultra-deep targeted sequencing more feasible, enabling dense fragment-
level characterization. Together, these factors motivate the methodological direction
of this thesis: exploiting joint mtDNA fragment attributes for cancer-versus-control

discrimination through multiparametric modeling.
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Chapter 2

Data and Preprocessing

2.1 Datasets

This thesis builds on internal plasma c¢fDNA sequencing cohorts provided in collabo-
ration with Geneton s.r.o., where mitochondrial reads (chrM) are available for down-
stream analysis. As an initial step, we conducted preliminary baseline experiments
(developed originally as a course project) using only sample-level quality control (QC)
summaries and insert-size statistics exported by QualiMap [10]. These experiments
served two purposes: (i) to validate that mtDNA-derived, fragmentation-related in-
formation contains class-discriminative signal within a study, and (ii) to quantify the
extent to which such signals generalize across independent cohorts.

We used two independent datasets:

e PreveLynch: n = 976 samples, including 753 healthy controls and 223 colorectal

cancer patients.

e GenoScan: n = 453 samples, including 380 healthy controls and 73 prostate

cancer patients.

Both datasets exhibit substantial class imbalance (approximately 3:1 controls to cases).
Importantly, some patients contributed multiple samples collected at different time-
points. This motivates patient-level grouping in model evaluation to avoid data leakage
(Section 5.3.1).

2.1.1 Baseline sample-level representation from QualiMap re-

ports

For the preliminary baselines, each sample was represented by a vector of features
parsed from QualiMap BamQC report outputs [10]. We define the following feature-set

families (notation used consistently throughout the thesis):

11
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e Foc (aggregated QC summaries; 14 features): features from genome_results.txt
including total reads, mapped reads, chrM coverage, error rate, mean mapping
quality, GC content, and summary insert-size statistics (mean/median/SD), as

well as derived ratios (e.g., mtDNA fraction, coverage coefficient of variation).

o Frray (selected fragmentation descriptors; 26 features): a compact set of
fragmentation-related descriptors computed from insert_size_histogram.txt
(percentiles, skewness, kurtosis, and proportions of fragments in selected size
ranges) and coverage-uniformity summaries derived from coverage_histogram.txt

(e.g., coverage inequality metrics).

o Fuist (full histogram-derived descriptors; 57 features): an extended rep-
resentation including the full set of histogram-derived descriptors extracted from

insert-size and coverage histograms.

o Fuyria (QC + fragmentation; 36 features): a hybrid representation that
combines Fgc with a curated subset of fragmentation descriptors, aiming to

retain the strongest signals while avoiding excessive dimensionality.

These sample-level baselines are intentionally simpler than the fragment-level rep-
resentation developed later in this thesis; they provide a reference point and highlight

potential pitfalls such as batch effects and limited cross-cohort transfer.

2.2 Preprocessing Pipeline

2.3 Addressing Mitochondrial DNA Challenges



Chapter 3

Fragment-level Feature Extraction

3.1 Fragment Definition and Filtering Rules
3.2 Fragmentation Features

3.3 Mutation-related Features

3.4 Co-occurrence and Joint Patterns

13
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Chapter 4

Multiparametric Modeling

4.1

4.2

4.3

4.4

Problem Formulation
Baseline Methods
Proposed Multiparametric Model

Training Protocol
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Chapter 5

Experiments and Results

5.1 Experimental Setup and Metrics

5.2 Comparison of Baseline and Multiparametric Mod-

els

5.3 Preliminary baseline experiments: sample-level

QC and fragmentation features

Before developing fragment-level multiparametric models, we performed preliminary
experiments using only sample-level features exported by QualiMap [10]. The goal was
to establish a baseline for cancer/control discrimination using mtDNA-associated QC
and fragmentation summaries, and to assess generalization across independent cohorts.

Feature sets are denoted as Foc, Frrag, FHist, and Frypria (defined in Section 2.1.1).

5.3.1 Evaluation protocol

All baselines were implemented in scikit-learn [11] using a pipeline that imputes
missing values (median strategy), standardizes features, and trains a classifier. To
prevent data leakage when multiple samples originate from the same patient, we used
grouped cross-validation (5-fold GroupKFold), where the group identifier corresponds
to patient ID. This ensures that all samples from a given patient are assigned exclusively

to either training or test folds.

5.3.2 Models and metrics

We evaluated three standard classifiers with class-balancing due to the strong control /-

case imbalance:

17
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Table 5.1: Comparison of QualiMap-derived feature sets in preliminary baselines.

Feature set # features PreveLynch AUC GenoScan AUC
Foc (aggregated QC summaries) 14 0.760 0.630
Frrag (selected fragmentation descriptors) 26 0.674 0.675
Fhris (full histogram-derived descriptors) 57 0.664 0.703
Fryoria (QC + fragmentation) 36 0.814 0.693

Table 5.2: Performance on PreveLynch using the hybrid feature set Fpypriq under 5-

fold grouped cross-validation.

Model ROC-AUC Precision Recall F1
Random Forest 0.791 £ 0.019 0.708 0.336  0.453
SVM (RBF) 0.814 £+ 0.021 0.484 0.659  0.557

Gradient Boosting 0.809 £ 0.021 0.678 0.440  0.530

e Random Forest (100 trees, max depth 10, balanced class weights),

e Support Vector Machine with RBF kernel (probability estimates enabled, bal-

anced class weights),
e Gradient Boosting (100 estimators, max depth 5).

Performance is reported primarily using ROC-AUC, which is threshold-independent

and appropriate under class imbalance.

5.3.3 Within-study performance and feature-set comparison

Table 5.1 summarizes the impact of feature engineering across both datasets. The
histogram-heavy representation Fy;s did not consistently improve performance com-
pared to simpler sets, while the hybrid representation Fpsriq achieved the best within-
study results on both cohorts.

For PreveLynch, Fpypriq improved ROC-AUC by approximately 0.054 (from 0.760
to 0.814), indicating that combining coarse QC summaries with selected fragmentation

descriptors captures more predictive signal than either alone.

5.3.4 Feature importance signals

Across both cohorts, several of the strongest predictors were technical QC metrics (e.g.,
error rate and mean mapping quality), raising concerns that some of the model signal
may reflect dataset-specific technical differences rather than biology. The top-ranked

features included:
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Table 5.3: Cross-study validation results for preliminary baselines using Frypria (train

on one cohort, test on the other).

Training — Test SVM AUC RF AUC
PreveLynch — GenoScan 0.436 0.411
GenoScan — PreveLynch 0.382 0.386

Table 5.4: Direction of effect for selected fragmentation-variability features.

Feature PreveLynch (Cancer vs Control) GenoScan (Cancer vs Control)
frag cv Lower in cancer Higher in cancer
frag std Lower in cancer Higher in cancer
frag pct_gt250 Lower in cancer Higher in cancer

e PreveLynch: mapped reads total (10.3%), error rate (8.5%), total reads
(7.0%), mean mapping quality (5.0%), frag cv (3.5%).

e GenoScan: frag cv (7.7%), mapped reads_total (6.3%), total reads (5.7%),
mean_mapping_quality (4.7%), error _rate (4.3%).

5.3.5 Cross-study validation

A key stress test for clinical utility is generalization across cohorts. We therefore trained
on one dataset and evaluated on the other, using the best-performing within-study
representation Frypriq. As shown in Table 5.3, performance collapsed, with ROC-AUC
dropping well below 0.5 (worse than random guessing). This suggests strong dataset

shift and/or cohort-specific artifacts.

5.3.6 Opposite-direction effects across cohorts

To understand the cross-study failure, we examined whether key features changed
in consistent directions between cancer and control groups. Several fragmentation
variability features exhibited opposite directions of effect, which can mechanically invert
predictions when transferring models:

Together, these results motivate the need for careful confounder control, explicit

batch-effect handling, and more robust representations (including fragment-level mul-

tiparametric modeling) that can be evaluated under cross-cohort settings.
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5.4 Ablation Studies

5.5 Model Interpretation



Chapter 6

Discussion

6.1 Interpretation of Results
6.2 Limitations

6.3 Lessons from preliminary baselines: generaliza-

tion and confounding

The preliminary baseline experiments based on sample-level QualiMap summaries re-
vealed an important pattern: while within-study performance can appear promising
(e.g., ROC-AUC = 0.81 on PreveLynch using the hybrid representation Fppriq), cross-
study transfer can fail catastrophically (ROC-AUC < 0.5 when training on one cohort
and testing on the other). This gap highlights that high accuracy on a single dataset

is not sufficient evidence of clinically meaningful biomarkers.

6.3.1 Batch effects and technical confounders

A concerning finding was that several of the highest-importance predictors were tech-
nical QC metrics such as error rate and mean mapping quality. In principle, such
metrics should reflect sequencing and alignment quality rather than cancer biology.
If they predict labels, it suggests that cohort-specific protocols, processing time, site
effects, or other hidden variables may be correlated with case/control status. This is

consistent with the observed collapse under cross-study evaluation.

6.3.2 Cancer-type specificity and opposite-direction effects

Another plausible contributor is biological heterogeneity between cancer types. In the

baseline analysis, several fragmentation variability features (e.g., frag cv, frag std)
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exhibited opposite directions of effect between the colorectal cancer cohort (Preve-
Lynch) and the prostate cancer cohort (GenoScan). If true, such opposite trends can
invert predictions in cross-cohort transfer and imply that a universal detector might
require either explicit cancer-type conditioning or substantially more diverse multi-site

training data.

6.3.3 Implications for the main thesis approach

These preliminary results directly motivate three design principles for the remainder
of this thesis:

1. Leakage-safe evaluation: patient-level grouping must be enforced during model

validation to avoid overestimation of performance.

2. Robustness to batch effects: study/site effects should be assessed explicitly,
and batch-correction approaches such as empirical Bayes harmonization (Com-

Bat) may be considered when appropriate [4].

3. Richer, fragment-level representations: sample-level QC summaries can
conflate technical and biological variation; fragment-level multiparametric mod-
eling provides a path toward capturing co-occurrence patterns that may be more

biologically grounded and potentially more transferable.

6.4 Future Work

In addition to increasing cohort diversity, future extensions could include explicit do-
main adaptation (learning study-invariant representations), feature selection based on
cross-cohort consistency, and systematic sensitivity analyses that quantify how much

predictive signal remains after removing purely technical QC variables.
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Appendix A

In this appendix, we provide details on the implementation, pipeline parameters,

dataset descriptions, and pseudocode.

Pipeline Parameters
Dataset Details

Pseudocode
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Appendix B

This appendix contains supplementary results, including additional graphs and tables

that support the findings presented in the main text.

Additional Figures

Supplementary Tables
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