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Abstract

Liquid biopsies provide a minimally invasive approach for analyzing tumor derived
material in blood plasma. These samples contain circulating tumor DNA (ctDNA),
which reflects tumor biology and has potential applications in cancer detection and
disease monitoring when distinguished from healthy cell free DNA (cfDNA). How-
ever, ctDNA is typically present at low abundance, which limits reliable detection and
poses significant analytical challenges. Fragmentomic features have emerged as infor-
mative signals of fragment origin that may improve discrimination between ctDNA
and healthy cfDNA. These features capture patterns related to DNA fragmentation,
providing complementary information to conventional mutation based approaches.
In this thesis, we investigated multiple fragmentomic features, including fragment
length, end motifs and mismatch rates, to characterize differences between ctDNA and
healthy cfDNA fragments and determine predictive power. The results demonstrated
consistent differences across several feature types. The ctDNA fragments exhibited
shorter fragment lengths across nucleosome associated peaks, altered end motif fre-
quencies and elevated overall mismatch rates. Notably, mismatch related features
emerged as a previously underexplored source of fragmentomic signal, highlighting
their potential relevance for future liquid biopsy research. A predictive model fur-
ther confirmed that these features contain information relevant for fragment origin
classification, with fragment length and mismatch rates identified as the most impor-
tant contributors. However, the overall predictive performance indicated that these
features alone are insufficient for robust classification.
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