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Study Design and Procedures

Background

Analysis of cfDNA fragment distributions, or fragmentomics, can yield
Information about the transcriptional activity of genes.
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chromatin profile & ﬂ BC patients (Stg. | - 1V) Cell-free DNA (cfDNA) was isolated from plasma for  Fastq files were run N = 3 RNA samples excluded for N =29 paired fragmentomic and RNA samples were
Cpenchiamatin  Closed chromatin et provided samples (plasma, whole genome sequencing (40x WGS). RNA was through ExpressCT™ poor quality and n = 28 cfDNA randomly split into train and test sets (2:1). Elastic net
n =66; tumor, n = 58). analyzed from tumors (100mil reads/sample). fragmentomics pipeline. excluded for no tumor content. models were generated to predict RNA expression.
= Fragmentomic features may enable the development of classifiers reflective = Train and test sets were assessed for balanced ER/HER2 status, ESR1/ERBB2 RNA expression, and cfDNA

" WGslibrary prep was performed from two difrerent library prep kits (IDT or Twist). estimated tumor content. Six of eight cfDNA samples without paired RNA passed tumor content threshold.

Multi-Gene Fragmentomic Model of ESRT and ERBB2 RNA Expression

RNA expression of individual genes can be more accurately modeled using fragmentomics from multiple, biologically relevant features. = ExpressCT fragmentomics resulted in

classifiers for ER and HER2 status with
strong concordance to tissue-based |IHC

of discrete tissue expression markers such as hormone receptor and HERZ2.

Genome-wide cumulative comparisons of the correlation between
fragmentomic features (F1, F2, and F3) and RNA expression of associated

genes (A) show only a small positive shift. However, closer inspection of
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