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1 Abstract

The development of minimally-invasive diagnostic tools is crucial for improving outcomes
and managing complex diseases such as cancer or sepsis. Cell-free DNA (cfDNA), frag-
ments of DNA circulating in body fluids, holds promise as a basis for such diagnostic tools.
While previous research has focused on nucleosomal cfDNA fragments, emerging evi-
dence suggests that shorter double-stranded cfDNA (short ¢cfDNA) fragments, between
20 and 60 base pairs in length, may offer unique insights due to their origin from interac-
tions with non-histone DNA binding proteins, including transcription factors, which are
key regulators of gene transcription and human physiology. Consequently, short cfDNA
may provide a comprehensive view of the body’s response mechanisms to physiological
alterations, from which diagnostic potential can be derived. However, this potential has
remained underexplored. This thesis aims to develop a technology for identifying novel
biomarkers based on short cfDNA fragments and to establish a tailored bioinformatic ap-
proach for their corresponding analysis.

Chapter 4 presents a method for enriching short cfDNA from blood plasma. This method,
combined with a custom bioinformatic pipeline, enables high-throughput sequencing and
quantification of such ¢fDNA fragments. The study demonstrates the accumulation of
these fragments at regulatory genomic elements, confirms their origin from transcription
factor binding events, and characterizes the relationship to chromatin status and gene
transcription. This method facilitates an untargeted identification of transcription fac-
tors potentially implicated in clinical conditions with the discovery of putative biomarkers.
Analyses of a pilot cohort demonstrated the ability to distinguish between patient samples
from two different gastrointestinal carcinoma types and between septic and non-septic
patients as well as healthy individuals. Chapter 5 further explores the clinical potential of
short ¢cfDNA fragments for sepsis diagnostics. Sepsis, a severe disease characterized by
a dysregulated host response to an infection, presents significant diagnostic challenges.
The analysis of short cfDNA fragments provided insights into the host response and func-
tionality of organ systems, as well as superior discrimination of bacterial or viral sepsis
and early prediction of mortality risk compared to established metrics.

In conclusion, this thesis presents an approach for identifying and analyzing short cfDNA
as a new biomarker class for different clinical indications. The findings underscore the
potential of these short cfDNA fragments to improve diagnostics of complex diseases, of-
fering a new approach for more accurate and minimally invasive clinical diagnostic tools.
This work lays the foundation for developing targeted analysis approaches of the identi-
fied biomarkers and, thereby, the clinical application in precision medicine.



2 Zusammenfassung

Die Entwicklung minimal-invasiver Diagnoseverfahren ist entscheidend fiir die Verbesserung
der Uberlebenschancen und Behandlung komplexer Krankheiten wie Krebs oder Sepsis.
Zellfreie DNA (cfDNA), d.h. DNA-Fragmente, die in Korperfliissigkeiten zirkulieren, sind
eine vielversprechende Grundlage fiir solche Diagnoseverfahren. Wahrend sich die bish-
erige Forschung auf nukleosomale cfDNA-Fragmente konzentrierte, deuten neue Erken-
ntnisse darauf hin, dass kiirzere doppelstrangige cfDNA-Fragmente (short cfDNA), die
zwischen 20 und 60 Basenpaaren lang sind, einzigartige Einblicke bieten konnen, da
sie aus Wechselwirkungen mit nicht-histonischen DNA-bindenden Proteinen stammen,
darunter Transkriptionsfaktoren, die wichtige Regulatoren der Gentranskription und der
menschlichen Physiologie sind. Folglich kann kurze cfDNA einen umfassenden Einblick

in die Reaktionsmechanismen des Korpers auf physiologische Veranderungen geben, woraus
sich wiederum ein diagnostisches Potenzial ableiten lasst. Dieses Potenzial ist bisher je-
doch noch nicht ausreichend erforscht worden. Ziel dieser Arbeit ist es, eine Technologie
zur Identifizierung neuartiger Biomarker auf der Grundlage kurzer cfDNA-Fragmente zu
entwickeln und eine darauf abgestimmte bioinformatische Analyse zu etablieren.

In Kapitel 4 wird eine Methode zur Anreicherung kurzer cfDNA aus Blutplasma vorgestellt.
Diese Methode, kombiniert mit einer speziellen bioinformatischen Pipeline, ermoglicht
die Hochdurchsatz-Sequenzierung und Quantifizierung solcher cfDNA-Fragmente. Die
Studie zeigt die Anhaufung dieser Fragmente an regulatorischen genomischen Elementen,
bestatigt ihren Ursprung aus Transkriptionsfaktor-Bindungsereignissen und charakter-
isiert die Beziehung zum Chromatinstatus und zur Gentranskription. Diese Methode er-
moglicht eine ungerichtete Identifizierung von Transkriptionsfaktoren, die bei Erkrankun-
gen eine Rolle spielen konnten, und erdéffnet die Moglichkeit, neue Biomarker zu ent-
decken. Die Analysen einer Pilotkohorte haben gezeigt, dass es moglich ist zwischen Pa-
tientenproben von zwei verschiedenen gastrointestinalen Karzinomtypen und septischen
und nicht-septischen Patienten sowie gesunden Personen zu unterscheiden. In Kapitel
5 wird das klinische Potenzial von kurzen cfDNA-Fragmenten fiir die Sepsisdiagnostik
weiter untersucht. Sepsis, eine schwere Erkrankung, die durch eine dysregulierte Reak-
tion des Wirts auf eine Infektion gekennzeichnet ist, birgt erhebliche diagnostische Her-
ausforderungen. Die Analyse kurzer cfDNA-Fragmente ermoglichte Einblicke in die Wirt-
sreaktion und die Funktionalitit von Organsystemen sowie eine genauere Unterschei-
dung von bakterieller oder viraler Sepsis und eine frithzeitige Vorhersage des Mortalitat-
srisikos im Vergleich zu etablierten Metriken.

Zusammenfassend wird in dieser Arbeit ein Ansatz zur Identifizierung und Analyse
kurzer cfDNA als neue Biomarkerklasse fiir verschiedene klinische Indikationen vorgestellt.
Die Ergebnisse unterstreichen das Potenzial dieser kurzen cfDNA-Fragmente zur Verbesserung



der Diagnostik komplexer Krankheiten und bieten einen neuen Ansatz fiir genauere und
minimalinvasive klinische Diagnoseverfahren. Diese Arbeit legt den Grundstein fiir die
Entwicklung gezielter Analyseansitze fiir die identifizierten Biomarker und damit fiir die
klinische Anwendung in der Prazisionsmedizin.



3 Introduction

3.1 Chromatin and gene regulation

Deoxyribonucleic acid (DNA) serves as the molecular blueprint for the development, func-
tioning, growth, and reproduction of all known living organisms and many viruses. Its
central role in the storage and transmission of genetic information makes it the funda-
mental building block of life, and regulating its correct use is of utmost importance (Graw,
2015, p. 22).

DNA consists of a double helix formed by two complementary strands of nucleotides.
Each DNA nucleotide consists of a phosphate group, a deoxyribose sugar, and one of the
four nitrogenous bases: adenine (A), thymine (T), cytosine (C) and, guanine (G) (Graw,
2015, p. 23). The double helix structure is stabilized by hydrogen bonds between com-
plementary bases, with the bond of the base pair (bp) G-C being stronger than that of A-T
(Graw, 2015, p. 29). The helical structure of DNA creates two distinct grooves along the
exterior, the major and minor grooves, which are critical for the binding of proteins and
other molecules that regulate the function of DNA (Graw, 2015, p. 23). Due to its size and
the need to regulate physical access to genetic information, the DNA in the cell nucleus
is highly compacted with the help of proteins, forming chromatin. The fundamental unit
of chromatin is the nucleosome, which consists of a segment of DNA wrapped around an
octamer of histone proteins (Histone H2A, Histone H2B, Histone H3, and Histone H4)
(Graw, 2015, p. 216). Additional proteins such as histone H1 and DNA topoisomerase, as
well as modifications of the DNA or the histone proteins, can increase compaction, result-
ing in more condensed chromatin known as heterochromatin. The less condensed state
is referred to as euchromatin (Graw, 2015, 220—221, 231-232).

The genetic information stored in the DNA is transcribed into messenger RNA and then
into proteins by translation, a process called gene expression (Graw, 2015, p. 64). Gene
regulation involves the control of timing, location, and amount of gene expression, which
is essential for cellular differentiation, development, and response to environmental stim-
uli (Graw, 2015, p. 279). Chromatin structure is a key aspect of gene regulation. The or-
ganization of chromatin and nucleosome occupancy regulates gene accessibility and ex-
pression. Heterochromatin and high nucleosome occupancy is typically transcriptionally
inactive, while euchromatin and low nucleosome occupancy are associated with active
transcription (Figure 1 a (1, 2) and b) (Graw, 2015, pp. 286—287). Chromatin structure is
dynamic and can be altered through various mechanisms that either promote or inhibit
gene transcription. Chemical modifications of histone proteins, such as acetylation and
methylation, can either promote or inhibit gene transcription. Histone acetylation is typi-
cally associated with active transcription, while histone methylation can either activate or
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repress transcription depending on the specific histone residue that is methylated. DNA
methylation is generally associated with inactive regulatory elements and gene repression,
while gene bodies of actively transcribed genes are methylated (Figure 1 — a (3) and b) (Is-
bel et al., 2022). Regulatory genome elements, i.e., cis-regulatory elements, such as pro-
moters or enhancers, influence the transcription of neighboring genes by providing spe-
cific DNA sequences (motifs) for the binding of the transcription machinery, e.g., the RNA
polymerase, and additional regulatory proteins, known as transcription factors (TF) (Fig-
ure 1 — a (4, 5) and b ). Transcription factors play a pivotal role in orchestrating the gene
regulatory network. They can function as activators, repressors, or, depending on the con-
text, switch between these roles. TFs usually contain one or more DNA-binding domains
(DBD) that enable the interaction with their respective DNA motif. These DNA-binding
domains are also used to classify TFs into groups (Wingender et al., 2018). Common
types of DNA-binding domains include C2H2-zinc finger, Homeodomain, basic helix-
loop-helix, basic leucine zipper, and nuclear hormone receptor (Lambert et al., 2018).
In addition to the DBD, transcription factors often possess effector domains that medi-
ate their regulatory function to the target, such as the recruitment of the transcriptional
machinery, such as RNA polymerase II and its co-regulators. Transcription factors that
are part of the transcription machinery, like general transcription factor ITA (GTF2A) or
GTF2B, are often referred to as ‘general’ TFs. ‘Specific’ transcription factors regulate a de-
fined set of genes as a response to a signal, like steroid hormone receptors or nuclear factor
kappa B (NF-xB) (Eun, 1996). Pioneer factors, like forkhead box A1 (FOXA1) or SRY-box
transcription factor 2 (SOX2), are a special class of transcription factors that can bind to
compacted chromatin and initiate its opening, thereby making it accessible (Barral and
Zaret, 2024). TFs, like CCCTC-binding factor (CTCF) or SATB homeobox 1 (SATB1), are
also involved in the organization of the genome into higher-order structures. They play a
critical role in the formation of chromatin loops and insulator functions, influencing gene
expression by shaping the three-dimensional architecture of the genome (Holwerda and
de Laat, 2013). Transcription factors are crucial for various biological processes, includ-
ing cell growth, differentiation, response to external stimuli, and underlie many different
aspects of human physiology or disease (Lambert et al., 2018). Altered TF regulation can
be used as a response to a disease or be the source of it, as dysregulation of transcription
factor activity can lead to numerous diseases, including cancer, autoimmune disorders,
and developmental abnormalities. For instance, the gene of transcription factor p53 is
the single most frequently mutated gene in human cancer (Vaddavalli and Schumacher,
2022). These diverse and critical functions of TFs highlight the valuable insight about the
physiological state of an individual that can be gained from them.

3.2 Genomics and Bioinformatics

All the factors of gene regulation and chromatin described, along with those not covered,
such as the crucial non-coding RNAs, constitute a highly complex gene regulatory net-
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Figure 1: a) Schematic representation of the mechanisms that regulate gene expression at the chromatin
level. The higher-order chromatin environment (hetero- or euchromatin state; 1) and the local degree of
nucleosome occupancy (2) determine whether the chromatin is in a compacted (closed chromatin) or an
accessible state (open chromatin). Epigenetic modifications (3), such as the addition or removal of chem-
ical groups (e.g., acetylation, methylation) on histones or DNA, play a crucial role in modulating the chro-
matin structure. These modifications can either promote a relaxed chromatin state that favors transcription
or maintain a tightly packed, transcriptionally inactive state. In regions of open chromatin, transcription
factors (4) bind to specific DNA sequences and interact with cis-regulatory elements (5), such as promot-
ers and enhancers, to recruit and position RNA polymerases at the start of a gene. RNA polymerases will
then transcribe the DNA into RNA to produce proteins, the functional units, after translation and subse-
quent processing. b) Chromatin features at active regulatory elements. Gene activation is accompanied by
TF binding and clear nucleosome organization, with strong positioning near the transcription start site (TSS)
and nucleosome-free region (NFR) and around high-affinity TF binding sites. The assay for transposase-
accessible chromatin (ATAC) and DNase detect open chromatin and are located at NFRs, i.e., at the pro-
moter and at bound regulatory regions. Activation is accompanied by a loss of DNA methylation at upstream
regulatory elements of the promoter and an increase in active chromatin marks such as monomethylated,
dimethylated, and trimethylated histone H3-lysine 4 (H3K4) or acetylated histone H3-lysine 277 (H3K27ac)
besides these elements. Adapted from Isbel et al. (2022) and created in BioRender by Miiller, J. [2025,
https://BioRender.com/t85e075, https://BioRender.com/w45a104 ].
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work. In this network, numerous components influence each other and thus enable the
finely tuned biological functions that are necessary for life but also create an exceptionally
complex system. Studying this system has gained a lot of momentum since the develop-
ment of high-throughput, next-generation sequencing (NGS) of DNA and RNA (Bentley
et al., 2008). Today, these technologies enable multiplexed sequencing and, thereby, the
quantification of billions of DNA fragments, consisting of up to 2-3 trillion nucleotides,
in a single experiment with continuously reducing prices per sequenced base. This ad-
vancement has introduced the field of genomics, which involves analyzing the structure,
function, evolution, mapping, and editing of genomes, offering profound insights into the
genetic basis of diseases and the mechanisms of complex biological systems. An essential
aspect of genomics is the ability to handle and analyze data from the NGS platforms using
bioinformatic methods.

The simplest sequencing assay, the sequencing of fragmented pieces of genomic DNA,
known as whole genome sequencing, also provides the basic bioinformatics methods used
in most subsequent sequencing assays. The quality control of sequencing data and the re-
moval of the platform- and procedure-specific artifacts, such as adapter sequences, using
tools like FastQC and Trimmomatic, is the first step (Andrews, 2010; Bolger et al., 2014;
Koboldt et al., 2010). Quality-filtered reads are then aligned to a reference genome using
mapping tools like the Burrows-Wheeler Alignment tool or NextGenMap (Koboldt et al.,
2010; Li and Durbin, 2009; Sedlazeck et al., 2013). Following whole genome sequencing,
more specialized sequencing assays were developed to analyze more detailed aspects of ge-
nomics. Chromatin immunoprecipitation assays (ChIP-Seq) are used to identify binding
sites of TFs across the genome or to determine the positioning of nucleosomes with spe-
cific modifications, like H3K27ac (Johnson et al., 2007). Open chromatin and, therefore,
nucleosome-free regions can be identified with enzymes that only interact with freely ac-
cessible DNA like DNase I (DNase-Seq) or today’s more common transposase (ATAC-Seq)
(Boyle et al., 2008; Buenrostro et al., 2013). Since these assays generate non-uniformly
distributed sequencing reads across the genome, local enrichments are identified with
peak callers like MACS or more tailored ones like HINT (Li et al., 2019; Zhang et al., 2008).
Such peaks or the mapped reads in general are used in a wide range of downstream anal-
yses, with two important examples being the identification of enriched TF binding motifs
using tools like MEME or differential read count enrichment analysis between experimen-
tal condition, mostly with tools developed for RNA-Seq, like DESeq (Bailey et al., 2015;
Love et al., 2014; Nakato and Sakata, 2021; Yan et al., 2020). Whilst ChIP-Seq directly
maps single TF’s binding sites, DNase-Seq and ATAC-Seq can also capture traces of mul-
tiple TF’s binding, so-called footprints. Here, a footprint refers to a pattern where a TF
binds to DNA and prevents enzymatic cleavage within a detected region of open chro-
matin. This leaves a relative depletion within a peak (‘peak-dip-peak’) but also requires a
comparably large sequencing depth to effectively retrieve footprints (Liu et al., 2019; Yan
et al., 2020). These in vitro assays are proven reliable and powerful tools for studying bi-
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ological processes and the importance of TFs but require intact genomic DNA, which can
only be obtained from cell cultures or primary tissue samples. Hence, their application in
diagnostic use cases is limited as these source materials are only accessible through inva-
sive procedures. This makes it challenging to routinely obtain the necessary samples for
diagnostic purposes, thereby restricting the broader clinical application of these assays.
As a result, there is a need for alternative methods that can provide similar insights with
less invasive sampling techniques.

3.3 Cell-free deoxyribonucleic acids

Nucleic acids were first detected in circulation in human blood plasma in 1948 by Mandel
and Metais. Since then, and especially with the advent of modern high-throughput se-
quencing technologies for nucleic acids, much has been learned about what is now called
cell-free deoxyribonucleic acid (cfDNA) or cell-free ribonucleic acid (cfRNA). CfDNA is
abundant in blood plasma, originates from a wide range of tissues and cell types, contains
a plethora of biological information, and provides valuable insights into human physiol-
ogy in vivo with easily accessible sample material (Kustanovich et al., 2019).

The DNA released into the bloodstream is digested by nucleases and rapidly cleared
from the bloodstream, with a half-life of less than 30 minutes (Lo et al., 1999). Assum-
ing a steady state, the rapid degradation is balanced by the rapid supply of cfDNA from
the sources. Healthy subjects’ cfDNA originates predominantly from leukocytes: granulo-
cytes (30%), megakaryocytes (30%), monocytes or macrophages (20%), erythrocyte pro-
genitors (5%), and lymphocytes (3%). Solid tissues contributing to ¢fDNA include vascu-
lar endothelial cells (6%) and hepatocytes (3%) and others in lower percentages, as iden-
tified through DNA methylation-based deconvolution of tissues by Loyfer et al.. These
proportions may vary depending on the patient’s current physiology and disease status.
CfDNA is mainly produced by cell death processes, including apoptosis, pyroptosis, fer-
roptosis, or necrosis, but also by excretory mechanisms such as NETosis, the activation,
and release of Neutrophil Extracellular Traps, or cell-to-cell communication via extracel-
lular vesicles (Mouliere, 2022). The majority of ¢cfDNA originates from human cells, but
pathogenic microbes also contribute to the circulating nucleic acids, especially during in-
fections (Figure 2). Various forms of cell-free nucleic acids have been characterized, most
of which are nucleosomal cfDNA, i.e., DNA that is wrapped around a nucleosome core
particle and thus protected from nuclease digestion. Other DNA-bound proteins, vesi-
cles, or secondary structures also slow down degradation. Unprotected nucleic acids are
also in circulation, albeit in much smaller quantities (Mouliere (2022); Figure 2). In ad-
dition to cfDNA, c¢fRNA is also found in the bloodstream, but it has not yet been studied
and characterized as intensively (Zhong et al., 2024).

Most ¢fDNA in blood plasma is present as the nucleosomal type (regular cfDNA), with
fragment lengths ranging from 147 bp to 167 bp, owing to the binding of core histones and
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Figure 2: Release mechanisms and forms of circulating nucleic acids in the bloodstream. Various cellular
processes such as necrosis, apoptosis, NETosis, pyroptosis, and microbial activity contribute to the release
of nucleic acids into the bloodstream. In addition, cell communication pathways can release nucleic acids
through extracellular vesicles. Once the nucleic acids enter the bloodstream, they can be present in different
forms: protected by proteins, either histones or other proteins, encapsulated in extracellular vesicles, or as
unprotected nucleic acids with or without secondary structures. Adapted from Loy et al. (2024) and created
in BioRender by Miiller, J. [2025, https://BioRender.com/m77e911].

linker histone 1. Incompletely digested genomic DNA can comprise multiples of the single
nucleosome unit, resulting in larger fragments at intervals. (Fan et al., 2010). In addition
to the nucleosomal cfDNA, the presence and potential origins of shorter cfDNA fragments
were first reported in 2016 by Burnham et al. and Snyder et al.. They found that sequenc-
ing of regular cfDNA provides a genomewide map of in vivo nucleosome occupancy, while
short ¢cfDNA fragments, ranging from 35 to 80 bp, directly map transcription factor oc-
cupancy. However, due to the tiny amount of short cfDNA fragments, extremely deep
sequencing depths (10%) per single sample were required (Snyder et al., 2016). A crucial
step in high-throughput DNA sequencing is converting DNA molecules into a library of
fragments suitable for sequencing on an NGS platform. The objective of DNA sequenc-
ing library preparation is to attach adapters to the ends of these fragments, allowing for
their amplification and sequencing. The two most commonly used methods involve either
ligating double-stranded DNA adapters to both ends of the DNA fragment or ligating a
single-stranded DNA adapter to one end. These two approaches fundamentally affect the
analysis of short cfDNA (Burnham et al., 2016). As a first solution, single-stranded DNA
sequencing library preparation methods yielded more shorter fragments but also a wider
range of cfDNA types, including single-stranded cfDNA and severely degraded cfDNA
(Burnham et al., 2016). Subsequent research showed that single-stranded cfDNA com-
bined with in vitro size selection using gel electrophoresis of fragments yields this mixture
of short cfDNA fragments that demonstrated a diagnostic potential for cancer diagnostics
(Hudecova et al., 2022). Since these methods also extract fragments of other biologi-
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cal origin than those protected by DNA-binding proteins, e.g., DNA secondary structures
like G4 quadruplexes, the direct mapping of transcription factor occupancy described by
Snyder et al. is blurred. As an alternative, Ulz et al. developed a bioinformatic method
to extract TF occupancy using nucleosomal cfDNA. This approach enabled accurate col-
orectal tumor subtype prediction and tumor detection (Ulz et al., 2019). However, the
quantification of TF binding via nucleosome positioning is an indirect measurement, as
it quantifies the absence of nucleosomes rather than the direct binding of the TF itself.
This indirect approach still necessitates deep genomewide read coverage. The substan-
tial amount of data, resources, and financial investment required for achieving sufficient
sequencing depth, ranging from approximately 50 to 500 million paired-end sequencing
reads, makes it relatively costly for diagnostic procedures. Therefore, obtaining infor-
mation about TF occupancy in vivo is most readily and efficiently achieved through di-
rect analysis of fragments protected by TFs, which is intact short double-stranded cfDNA
(from now on referred to as ‘short cfDNA’, unless explicitly stated otherwise, e.g., short
single-stranded cfDNA).

3.4 Liquid biopsy and cfDNA biomarker

Much of the research on ¢fDNA aims to develop so-called liquid biopsy applications. Liq-
uid biopsy represents a disruptive approach to diagnostics, enabling the detection and
monitoring of disease through minimally invasive sampling of body fluids, such as blood.
In this way, liquid biopsy approaches offer a minimally invasive and easily repeatable al-
ternative to established tissue biopsies. Liquid biopsies can use a wide range of analytes
known as biomarkers or biological markers, i.e., any measurable indicator of a biological
state or condition. In addition to metabolites or proteins in the bloodstream, biomarkers
based on cfDNA have been gaining importance over the last 25 years.

The detection of fetal cfDNA in maternal blood plasma by Lo et al. in 1997 laid the foun-
dation for non-invasive prenatal testing (NIPT). With the advancements in NGS, NIPT
quickly moved from concept to clinical application as an alternative to invasive tests and
serum protein screens. Initially intended for high-risk pregnancies, NIPT has now be-
come a primary screening tool, with tens of millions of applications annually (Samura,
2020). Expedited trials have consistently demonstrated its impressive accuracy in di-
agnosing aneuploidies such as trisomy 21 (Norton et al., 2015). Similar to the distinc-
tion between fetal and maternal cfDNA, Lo et al. showed in 1998 that cfDNA from organ
transplants (donor-derived cfDNA, dd-cfDNA) circulates in the blood plasma of liver and
kidney transplant recipients. With further improvements of the methodology by (Snyder
et al., 2011) and following studies of the field, the utility of dd-cfDNA as a marker of rejec-
tion is by now firmly established in heart, kidney, liver, lung, and other transplants (Loy
et al., 2024). Dd-cfDNA has become one of the best-studied biomarkers in solid organ
transplantation (Knight et al., 2019). As cancer treatment shifts more toward precision
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medicine with patient-tailored therapies, cfDNA has become an increasingly important
biomarker. NGS cancer panels aim to detect driver mutations, copy number alterations,
tumor mutational burden, and microsatellite instability. If such a panel has sufficient
sensitivity for lower tumor fractions, cfDNA-based liquid biopsy methods are a logical
enhancement over tissue-based analyses that have found their way into clinical applica-
tion (Ignatiadis et al., 2021). Aside from the guidance of personalized treatments, cfDNA
is used to assess the treatment efficacy and also to predict relapse (Moding et al., 2021).
The field of oncology diagnostics based on cfDNA is expanding rapidly and shifting to
focus on a variety of non-genetic cfDNA traits, such as epigenetic alterations or TF inter-
actions (Moser et al., 2023; Ulz et al., 2019). A prominent example of the shift towards
non-genetic cfDNA biomarkers is the development of multi-cancer early detection tests
by Illumina and GRAIL, which primarily rely on cfDNA methylation patterns. These tests
aim to revolutionize cancer screening by enabling the detection of multiple cancer types in
a large, asymptomatic population using a single, minimally invasive test (Jamshidi et al.,
2022).

The evolution of cfDNA diagnostics from prenatal testing to oncology and beyond demon-
strates its profound impact on modern diagnostic medicine. As the field advances, the
development of non-genetic cfDNA biomarkers is set to enhance diagnostic capabilities
for a broader range of conditions, including multifactorial diseases, such as oncological or
immune-mediated diseases. By enabling the detection of physiological alterations beyond
the scope of genetic markers alone, non-genetic cfDNA biomarkers open new avenues for
diagnosing complex diseases and physiology changes, highlighting their potential in the
realm of diagnostics.

3.5 Sepsis and its diagnostics

Sepsis is a severe and potentially fatal condition resulting from a dysregulated immune
response to an infection, leading to systemic inflammation and organ dysfunction (Singer
et al., 2016). The underlying infections are typically pulmonary, intra-abdominal (gas-
trointestinal or urogenital), or bloodstream-related and caused mostly by bacteria, but
also from viruses, fungi, or rarely parasites (Evans et al., 2021; Vincent et al., 2009).
Sepsis and septic shock are serious public health problems that affect millions of people
around the world every year, with one in three to six of those affected dying (Fleischmann-
Struzek et al., 2020; Rhee et al., 2017). Risk factors independently associated with a higher
risk of hospital mortality include comorbid cancer, heart failure, immunosuppression,
cirrhosis, infections with Pseudomonas, Enterococcus, or Acinetobacter species, older
age, and the need for mechanical ventilation or renal replacement therapy (Vincent et al.,
2009). Early diagnosis and prompt correct treatment are critical for improving the prog-
nosis of sepsis patients (Evans et al., 2021). To achieve this, the identification of causative
pathogens and the assessment of the patient’s current physiology and response to the in-
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3 Introduction

fection are essential to initiate early and adequate interventions for optimal treatment.

Traditional diagnostic methods to identify sepsis-causing pathogens are blood cultures
and polymerase chain reaction (PCR) assays. Both come with significant limitations.
Whilst PCR assays are fast in turnaround time and accurate, they are limited to a few
molecular targets, i.e., pathogens, that can be detected (Li et al., 2022). Given the broad
spectrum of putative sepsis pathogens, this limitation makes it challenging to comprehen-
sively test the possible causative agents of sepsis in a timely manner. Blood culture testing,
the current standard of care, suffers from even more limitations. Only 40% of patients
diagnosed with sepsis or septic shock have positive blood cultures (Li et al., 2021). Addi-
tionally, the use of antibiotics further reduces the probability of identifying the causative
pathogen (Scheer et al., 2019). While some bacterial species and various fungi do not re-
liably grow in blood cultures, viruses cannot be detected at all (Duncan et al., 2021). With
a turnaround time of at least 48-72 hours to diagnosis, there is still an urgent need for
improved diagnostic solutions (Vincent et al., 2015).

The presence of microbial DNA in the bloodstream, coupled with the fact that most tis-
sues in the body are connected to blood circulation and the minimally invasive nature of
blood sampling, makes blood plasma an attractive sample type and cfDNA an appealing
analyte for sepsis diagnostics. Sequencing-based approaches utilizing microbial cfDNA
allow for hypothesis-free screening of all DNA pathogens in a single test. With improved
turnaround times of around 24 hours, significantly increased sensitivity (60 to 70%), and
comparable specificity, these methods have the potential to become the new standard for
sepsis pathogen diagnosis (Blauwkamp et al., 2019; Brenner et al., 2021; Grumaz et al.,
2019; Park et al., 2023). This may lead to reductions in intensive care unit (ICU) or inter-
mediate care unit length of stay, mortality rate, acute kidney injury incidence, duration of
antimicrobial therapy, and costs from complications and outpatient aftercare, along with
an improvement in patient quality of life (Brenner et al., 2021). The host response plays a
crucial role in distinguishing between mere colonization and active infection, as well as in
gauging the severity of sepsis. Recent advances suggest that the limitations of current di-
agnostic methods can be addressed by integrating metagenomic cfDNA sequencing with
host response profiling.

Recent studies evaluated the potential of the integrative analysis of non-genetic cfDNA
or cfRNA biomarkers and microbial cfDNA to trace the tissue origins of cfDNA, quantify
the presence of various viral and bacterial pathogens, and assess the extent of host tissue
damage due to infection (Cheng et al., 2019, 2021; Jing et al., 2022; Kalantar et al., 2022).
Combining pathogen detection with host response evaluation may change sepsis diagnos-
tics, enhancing the precision and relevance of clinical assessments. Comparable to these
advancements, there is the opportunity to explore short cfDNA-based biomarkers and
transcription factor occupancy, which could offer further insights into the host-pathogen
interaction. These innovations have the potential not only to refine the diagnostic process
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but also to improve the treatment of sepsis and patient outcomes.

3.6 Aims of the Thesis

Understanding the pivotal role of chromatin and gene regulation in essential cellular pro-
cesses, alongside significant advancements in genomics and bioinformatics, sets the stage
for exploring the potential of cfDNA as a minimally invasive biomarker for various dis-
eases. Current diagnostic methodologies, particularly for conditions such as sepsis, face
limitations necessitating innovative approaches to improve diagnostics and patient out-
comes. Non-genetic cfDNA biomarkers, like cfDNA methylation, have emerged as promis-
ing candidates for novel biomarker developments. Short cfDNA fragments are believed to
originate from non-histone DNA binding proteins, such as transcription factors, offering a
unique insight into gene regulatory networks and cellular states. Moreover, their presence
in easily accessible blood plasma samples enhances their potential for clinical diagnostic
applications. Consequently, this thesis harnesses the properties of short cfDNA fragments
identify non-genetic biomarkers using dedicated bioinformatics analyses. The main ob-
jective of the dissertation is to establish a technology for identifying novel biomarkers
based on short ¢fDNA fragments for clinical applications. This thesis emphasizes the es-
tablishment of a dedicated bioinformatic analysis for this novel data. The first part of
the work aims to develop a robust bioinformatics and molecular biology protocol for the
enrichment of short cfDNA (approx. 40 base pairs long) from blood plasma for high-
throughput DNA sequencing to ensure the specific quantification of this class of cfDNA.
The developed bioinformatics pipeline will ensure that putative sequencing artifacts are
removed and systematic biases are addressed to achieve the most accurate quantification
of short cfDNA fragments. In addition, the properties of short cfDNA and its supposed
origin from non-histone DNA binding proteins, like transcription factors, as well as the
interaction with other genetic, epigenetic, and transcriptional information, will be char-
acterized. The analysis of pilot phase cohorts of clinical samples will provide first insights
into the diagnostic potential of short cfDNA and, thus, a first indication of the approach’s
utility for precision medicine. The pilot phase cohorts will include patients with onco-
logic diseases as well as infectious or immune-mediated diseases, specifically sepsis. The
second part of the work will focus on a deeper assessment of the diagnostic potential of
short cfDNA, especially in the example of sepsis. Specialized bioinformatic analysis will
be used for biomarker identification. With these biomarkers, predictive and diagnostic
performance will be compared to established clinical metrics to diagnose infection status
(bacterial vs. viral) and predict early death with larger cohort sizes than in the first pilot
phase. This will also yield putative short cfDNA biomarkers for deepened investigation in
future research. Moreover, this part aims to evaluate what information short cfDNA can
provide about a patient’s current physiological state. In combination, this research will
position short cfDNA in the field of precision diagnostic research and will also enable the
development of new diagnostic tools.
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4 A novel approach for in vivo DNA footprint-
ing using short double-stranded cell-free DNA
from plasma

4.1 Preamble

This publication introduces a novel method to enrich short double-stranded cfDNA frag-
ments from blood plasma for high-throughput sequencing and the dedicated bioinfor-
matic analysis of the generated data. The novel data is thoroughly characterized and in-
corporated within the field of cfDNA research.

The study confirms that short cfDNA sequencing data provides information on the genome-
wide interaction of non-histone proteins with the genome from liquid biopsy samples.
Associations to transcription factors, chromatin status, and gene transcription are de-
scribed. Moreover, the study provides a proof-of-concept for the diagnostic potential of
short cfDNA. First, putative biomarkers that distinguish two gastrointestinal carcinomas
or septic patients from non-septic controls have been identified from a few pilot samples.

These results form the basis for the use of short cfDNA sequencing as a source of biomark-
ers for minimally-invasive diagnostics of complex diseases.

4.2 Contribution of the Thesis Author

The thesis author is the first author of this publication. The thesis author and Kai Sohn
conceptualized and designed the study. The thesis author performed all bioinformatics
analyses and prepared all figures. The thesis author, along with Kai Sohn, Yevhen Vain-
shtein, and Arndt von Haeseler, interpreted the data analysis results. The thesis author,
Kai Sohn, and Mirko Sonntag wrote the manuscript.

4.3 Publication Status

Published in Genome Research (Cold Spring Harbor Laboratory Press) on September 13,
2024: Miiller, J., Hartwig, C., Sonntag, M., Bitzer, L., Adelmann, C., Vainshtein, Y.,
Glanz, K., Decker, S. O., Brenner, T., Weber, G. F., von Haeseler, A., & Sohn, K. (2024). A
novel approach for in vivo DNA footprinting using short double-stranded cell-free DNA
from plasma. Genome research. https://doi.org/10.1101/gr.279326.124
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A novel approach for in vivo DNA footprinting using
short double-stranded cell-free DNA from plasma

Jan Miiller,"%3* Christina Hartwig, "> Mirko Sonntag,'-¢ Lisa Bitzer,'
Christopher Adelmann,’ Yevhen Vainshtein,' Karolina Glanz,' Sebastian O. Decker,”
Thorsten Brenner,® Georg F. Weber,”'° Arndt von Haeseler,'''2 and Kai Sohn'

"Innovation Field In-vitro Diagnostics, Fraunhofer Institute for Interfacial Engineering and Biotechnology IGB, 70569 Stuttgart,
Germany; 2Max Perutz Labs, Vienna Biocenter Campus, 1030 Vienna, Austria; 3 University of Vienna, Max Perutz Labs, Department
of Structural and Computational Biology, Center of Integrative Bioinformatics Vienna, 1030 Vienna, Austria; *Vienna BioCenter PhD
Program, Doctoral School of the University of Vienna and Medlical University of Vienna, 1030 Vienna, Austria; SInstitute for Interfacial
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Here, we present a method for enrichment of double-stranded cfDNA with an average length of ~40 bp from cfDNA for
high-throughput DNA sequencing. This class of cfDNA is enriched at gene promoters and binding sites of transcription
factors or structural DNA-binding proteins, so that a genome-wide DNA footprint is directly captured from liquid biopsies.
In short double-stranded cfDNA from healthy individuals, we find significant enrichment of 203 transcription factor mo-
tifs. Additionally, short double-stranded cfDNA signals at specific genomic regions correlate negatively with DNA meth-
ylation, positively with H3K4me3 histone modifications and gene transcription. The diagnostic potential of short
double-stranded cell-free DNA (cfDNA) in blood plasma has not yet been recognized. When comparing short double-
stranded cfDNA from patient samples of pancreatic ductal adenocarcinoma with colorectal carcinoma or septic with post-
operative controls, we identify 136 and 241 differentially enriched loci, respectively. Using these differentially enriched loci,
the disease types can be clearly distinguished by principal component analysis, demonstrating the diagnostic potential of

short double-stranded cfDNA signals as a new class of biomarkers for liquid biopsies.

[Supplemental material is available for this article.]

Liquid biopsies are based on various types of analytes, including cir-
culating extracellular nucleic acids like cell-free DNA (cfDNA), extra-
cellular vesicles, or circulating tumor cells, for example (Bronkhorst
et al. 2019; Kustanovich et al. 2019). Physiologically, cfDNA is to a
large extent released from the hematopoietic system by apoptosis,
necrosis, or active secretion from almost all cell types and tissues
into the bloodstream (Grabuschnig et al. 2020). In addition to re-
lease from normal physiological turnover, cancer cells or microbial
pathogens are also known to release their DNA into bloodstream
circulation (Heitzer et al. 2020). Released genomic DNA is then de-
graded by DNA-digesting enzymes (nucleases), producing fragments
mainly 147 to 167 bp in size, corresponding to a single nucleosome
(Han et al. 2020; Lo et al. 2021). By high-throughput sequencing of
cfDNA fragments, nucleosome positioning can be inferred at base
pair resolution (Fan et al. 2008; Snyder et al. 2016). The exact posi-

Corresponding author: kai.sohn@igb.fraunhofer.de

Article published online before print. Article, supplemental material, and publi-
cation date are at https://www.genome.org/cgi/doi/10.1101/gr.279326.124.
Freely available online through the Genome Research Open Access option.

tions of nucleosomes and chromatin structure play a key role in
regulating gene expression by providing access to DNA for the
transcription machinery. Open chromatin structures depleted of
nucleosomes make DNA more accessible for key regulators of tran-
scription, including transcription factors, enhancers, or repressors.
However, the routine and efficient measurement of genome-wide
protection through regulatory DNA-binding proteins (DBPs) is not
yet established. Recently, a minor fraction of double-stranded
cfDNA that is significantly shorter than normal cfDNA was found,
ranging from 35 to 80 nucleotides (nt) using ultradeep sequencing
of total cfDNA (Burnham et al. 2016; Snyder et al. 2016). It has
been proposed that this short cfDNA might be protected by DNA-
binding factors and therefore could represent direct transcription
factor binding.

Here, we established an enrichment approach for short dou-
ble-stranded cfDNA fragments (20-60 bp) from blood plasma (fur-
ther referred to as “short cfDNA sequencing”). Corresponding

© 2024 Miiller et al.  This article, published in Genome Research, is available un-
der a Creative Commons License (Attribution-NonCommercial 4.0 International),
as described at http://creativecommons.org/licenses/by-nc/4.0/.
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60 bp, two size-selection steps were per-
formed using a preparative gel electro-
phoresis device. For this, fragments in
the range of 150 bp to 200 bp are en-
riched, which corresponds to double-
stranded cfDNA fragments of up to 60
bp ligated to a sequencing adapter of
140 bp (Supplemental Fig. S2). After
high-throughput sequencing of size-
selected libraries, reads were quality-
checked to ensure a size range between
20 bp and 60 bp (Supplemental Fig. S3).
The protocol revealed sequencing reads
with a mean read length of 37.9 bp across the patient conditions
and comparable read length distributions per condition despite
varying sample storage durations (SD = 6.6 bp, =2 x 10 reads uni-
formly sampled from the total reads of 20 individuals: four healthy
individuals, four patients with pancreatic ductal adenocarcinoma
[PDAC], four patients with colorectal carcinoma [CRC], four pa-
tients with sepsis, and four nonseptic postoperative clinical con-
trol patients [Post-OP]) (Supplemental Fig. S4; Supplemental
Table S1). Short cfDNA reads revealed an elevated average GC con-
tent of 57.8% (SD=1.9%) (Supplemental Fig. S5) in contrast to
40.9% for average human genomic DNA (Piovesan et al. 2019).
We mapped short cfDNA to the human genome and compared
it with the mapping of regular cfDNA of four additional healthy in-
dividuals. Coverage profiles of short cfDNA and regular cfDNA dif-
fered considerably as short cfDNA tends to accumulate either in
single narrow peaks or in clusters of narrow peaks (clustered peaks),
which are frequently located at transcriptional start sites (TSSs) or
ChlIP-seq-validated transcription factor binding sites (TFBSs) (Fig.
1A). Nucleosome-free regions (NFRs) were analyzed in comparison
to clustered peaks, because the absence of regular cfDNA can be an
indicator of the presence of other DBPs. Assignment of clustered
peaks from short cfDNA and NFRs to annotated functional ele-
ments of the genome shows that an approximately four- and a six-
fold higher proportion of clustered peaks are found in promoters
(>1 kb upstream of the TSS) and 5’ UTRs of genes, respectively.
Moreover, the proportion of clustered peaks assigned to exons is

Figure 1. Short cfDNA is enriched in regulatory regions of genes and open chromatin. (A) Coverage
profile of short cfDNA (green; S03) and regular cfDNA (violet; average of S05-S08). The short cfDNA pro-
file shows narrow and clustered peaks, whereas regular cfDNA shows nucleosome-free regions (NFRs;
depletion of reads). RefSeq genes, ENCODE promoter-like structures (PLSs), and ENCODE transcription
factor binding sites (TFBSs) based on ChlIP-seq experiments are included as references. (B) Pie charts dis-
play the proportions of annotated genomic features for clustered peaks from short cfDNA and NFRs from
regular cfDNA. The bar plot shows the ratio between clustered peaks and NFRs for each genomic feature.
(C) Average coverage profiles for short cfDNA (503) and regular cfDNA (506) along all annotated protein-
coding genes. The gene bodies of all genes are scaled to 5 kb. Dashed vertical lines indicate the interval
shown in the subplot. The subplot shows average profiles at the transcription start site without rescaling
of the gene body. (D) Average coverage profiles for short cfDNA, regular cfDNA, and publicly available
ATAC-seq data at DNase | hypersensitive sites (DHSs) derived from publicly available DNase-seq data.

about four times higher than the proportion of NFRs (Fig. 1B). A
more detailed examination of the genomic coverage for protein-
coding genes reveals an opposite profile between short cfDNA
and regular cfDNA. Although short cfDNA is enriched at TSSs, reg-
ular cfDNA is depleted at these sites. In addition, short cfDNA pos-
sesses a reciprocal pattern oscillation compared with regular
cfDNA, with short cfDNA exhibiting an inverted pattern 1 kb
downstream from the TSS in regular cfDNA (Fig. 1C, inset). In ad-
dition to enrichment at the TSS, short cfDNA also exhibits a prom-
inent signal at DNase I hypersensitive sites (DHSs) from a reference
annotation of the B cell line GM12878, whereas the regular cfDNA
signal oscillates at neighboring genomic locations and is depleted
at the DHS (Fig. 1D). Taken together, short cfDNA accumulates at
open chromatin or TSS of genes, whereas regular cfDNA, namely,
nucleosomes, was clearly depleted in these regions.

Short cfDNA sequencing detects binding of transcription factors

Because short cfDNA could be protected from nuclease digestion
by binding to regulatory DBPs, peak regions were examined for en-
compassing transcription factor binding motifs. Accordingly, a
consensus peak set was defined from peaks of short cfDNA se-
quencing data of four healthy individuals. Transcription factor
motif enrichment analysis at the genomic locations of these con-
sensus peaks revealed a significant enrichment of 203 transcrip-
tion factor binding motifs out of 401 listed in the reference
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motif database HOCOMOCO (Kulakovskiy et al. 2018). The 203
transcription factor motifs belong to 46 transcription factor fami-
lies from nine transcription factor superclasses. ChIP-seq-validated
TFBSs from ENCODE3 reveal clear enrichment signals for nuclear
factor, erythroid 2 (NFE2), RE1 silencing transcription factor

(REST), and Spi-1 proto-oncogene (SPI1) in short cfDNA, for exam-
ple. On the other hand, regular cfDNA is depleted at these binding
sites. Overall, the average profile of all ChIP-seq-based TFBSs shows
a clear enrichment of short cfDNA in contrast to regular cfDNA in-
dependent of the transcription factor (Fig. 2A). ChIP-seq-validated
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Figure 2. Short cfDNA sequencing directly captures the protection of DNA across the genome by various transcription factors. (A) Treemap showing
transcription factors whose DNA motif was significantly enriched in short cfDNA consensus peaks from four healthy individuals. More than 200 transcrip-
tion factor motifs of all nine transcription factor superclasses in the database were identified as enriched in short cfDNA peaks. The size of squares in the
treemap encodes the relative number of transcription factor motifs per class (thin outlined boxes) and superclass (thick outlined boxes). As examples, av-
erage coverage profiles of short cfDNA (S03) and regular cfDNA (S06) are shown for three transcription factors (NFE2, REST, and SPI1) from three different
transcription factor superclasses. Average profiles are based on the 1000 most robust binding sites annotated in the Gene Transcription Regulation
Database (GTRD). In addition, the average profile of all ChIP-seq TFBSs annotated in ENCODE3 is shown for short cfDNA in comparison to regular
cfDNA. (B) Average coverage profile of short cfDNA, regular cfDNA, DNase-seq, and ATAC-seq at CTCF binding sites (CTCF BSs). (C) Inferred molecular
model for the formation of short cfDNA at the binding site of a DNA-binding protein (DBP) surrounded by two nucleosomes on either side. Arrows indicate
the endpoints of DNA fragments for the respective sequencing technique. The resulting theoretical coverage tracks are depicted for each sequencing
technique.
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binding sites of CCCTC-binding factor
(CTCF) show an even more pronounced
signal for short cfDNA, whereas regular
cfDNA exhibits a high-frequency oscilla-
tion occupancy adjacent to these bind-
ing sites (Fig. 2B). In good agreement,
DNase-seq data show a combination of
afootprint peak with adjacent oscillation
patterns, whereas ATAC-seq detects a
peak representative for open chromatin
at the CTCF binding sites (Fig. 2B). Our
data suggest that short cfDNA most spe-
cifically reveals protection of DNA
through DBPs at regulatory sites
with high resolution as exemplified by
CTCF, NFE2, REST, or SPI1 (Fig. 2C).
Previously, it has been shown that a sig-
nificant fraction of short cfDNA exists
as short single-stranded DNA (ssDNA).
To analyze how short ssDNA signals
compare to short cfDNA signals, we ex-
amined transcription start sites and
TFBSs with data from Snyder et al.
(2016) for short cfDNA sequencing (sin-
gle-stranded library preparation). We
found a superior signal-to-noise ratio
for DBP footprints, allowing the detec-
tion of signals, for example, tumor pro-
tein p53 binding protein 1 (TPS3BP1),
that were not detectable in the short
sSDNA of Snyder et al. (Snyder et al.
2016; Supplemental Fig. S6). These data
suggest that short cfDNA represents a bi-
ological entity that captures DBP
footprints.

Correlation to epigenetic activation
and gene transcription

Given that short ¢cfDNA fragments are
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Figure 3. Short cfDNA is enriched at loci with markers of epigenetic activation and transcriptionally

active regions. (A) Annotated PLSs from ENCODE are clustered based on publicly available cell-free
H3K4me3 ChlIP-seq signal strength into two clusters, representing active (red) or inactive (blue) pro-
moters. Average coverage profiles for short cfDNA and regular cfDNA at active or inactive promoters
demonstrate the influence of the promoter activation status. (B) Annotated CpG islands are clustered
based on cell-free methyl-CpG-binding domain (cfMBD) sequencing signal strength into two clusters.
Average coverage profiles for short cfDNA and regular cfDNA at methylated or unmethylated CpG
islands reveal the influence of methylation levels at CpG islands. (C) Histogram showing average ex-
pression levels of protein-coding genes in publicly available cell-free RNA sequencing data. For each
category, 5% of all analyzed genes were selected (938 genes each for no expression [dark blue], low
expression [blue], medium expression [red], and high expression [dark red]). (D) Average coverage
profiles for short cfDNA and regular cfDNA at the transcription start sites of the defined gene groups
of Creveal the influence of transcriptional activity. All data in A and D were generated from samples
of healthy individuals. SO3 was used as the short cfDNA data set, and S06 was used as the regular
cfDNA data set.

likely derived from the protection of reg-

ulatory DBPs and are overrepresented at

open chromatin regions, we investigated a potential relationship
between short cfDNA signal strength (i.e., local read enrichment)
and promoter activation state. Annotated promoter-like structures
were classified as active or inactive promoters based on cell-free
histone 3 lysine 4 triple-methylation (H3K4me3) signals from pub-
licly available ChIP-seq data of a healthy individual (Sadeh et al.
2021). Active promoters with a strong H3K4me3 signal showed a
higher coverage of short cfDNA than did promoters with weak or
no H3K4me3 signal, whereas regular cfDNA shows exactly the op-
posite behavior (Fig. 3A). Moreover, the strongest signals for
H3K4me3, representing the nucleosome positions, occur at local
minima of short cfDNA. DNA methylation is known to be an es-
sential regulator of gene activity and is associated with transcrip-
tion factor binding and thus, potentially, DNA footprint signals.
Consequently, we classified CpG islands (CpGis) into methylated
and unmethylated CpGis based on the signal strength of cell-free
methyl-CpG-binding domain sequencing (cfMBD-seq) data from a
healthy individual. Strongly methylated CpGis show a weaker ac-
cumulation of short cfDNA compared with unmethylated CpGis,
whereas regular cfDNA again behaves the opposite (Fig. 3B), dem-

onstrating the relationship between DNA methylation and short
cfDNA. To further analyze a connection between localized short
cfDNA signals and downstream gene transcription, we used pub-
licly available cell-free RNA-seq data from five healthy individuals
(Zhu et al. 2021). Based on the average transcript abundance level
of protein-coding genes, four subsets of genes were defined: “no
expression,” “low expression,” “medium expression,” and “high
expression” genes (Fig. 3C). Genes with medium or high expres-
sion show considerable enrichment of short cfDNA reads at their
respective TSSs, whereas genes with low or no expression show
no substantial enrichment. Regular cfDNA again behaves contrary
to short cfDNA and shows a much less pronounced difference be-
tween active expression (high and medium) and low, or no, ex-
pression (Fig. 3D). Consistent with the definition of these gene
subgroups, H3K4me3 histone modifications increase and DNA
methylation levels decrease as expression levels increase at the re-
spective TSS of the genes (Supplemental Fig. S7B,C). For a more de-
tailed analysis of the joint effect of DNA footprint signals and DNA
methylation in regulatory elements of genes on its transcription,
we used matched sequencing data from four septic patients.
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Different combinations of short cfDNA and DNA methylation sig-
nals also seem to affect the gene expression levels (Supplemental
Fig. S8A). Genes with clearly decreased DNA methylation in
their proximal CpGis and significantly elevated short cfDNA
abundance at their core promoter seem to be associated with high-
er transcription levels (clusters 2 and 4), whereas genes with in-
creased DNA methylation and reduced short cfDNA abundance
seem to be associated with lower transcription levels (clusters 5,
8, and 9). Between these clear cases, the associations of regulatory
signals with the resulting transcription levels of the genes are more
complex and becoming less clear (Supplemental Fig. S8B). In sum-
mary, the signal strength of short cfDNA is higher in active pro-
moters than in inactive promoters, higher in unmethylated
CpGis than in methylated CpGis, and higher in TSSs of actively
transcribed genes than in TSSs of untranscribed genes. Thus, short
cfDNA is enriched at loci with markers for epigenetic activation
and transcriptionally active genomic regions.

Disease-specific short cfDNA signatures in liquid biopsies

To identify disease-specific signatures, short cfDNA data were gen-
erated for four biological replicates of four different clinical indica-
tions: two types of gastrointestinal carcinomas (PDAC and CRC),
as well as sepsis and Post-OP controls (Supplemental Table S1).
Post-OP patients were selected as controls because this patient
group is prone to develop a sepsis after surgery, and therefore, a
tight control and separation are of clinical relevance (Chen et al.
2019b; Lukaszewski et al. 2022). Comparison of consensus peak
sets for PDAC versus CRC revealed 136 differentially enriched
loci (Fig. 4A; Supplemental Fig. S10) and 241 loci with a differential
enrichment comparing sepsis with Post-OP (Fig. 4B; Supplemental
Fig. $10). Principal component analysis (PCA) based on all differ-
entially enriched regions (DERs) demonstrated a clear separation
of all four clinical indications as well as the healthy samples by
the first two principal components (Fig. 4C). Two exemplary
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Figure 4. Comparison of short cfDNA data reveals condition-specific protection of TFBSs. (A) Differential enrichment analysis for pancreatic ductal ad-
enocarcinoma (PDAC) samples with colorectal cancer (CRC) samples identifies differentially enriched TFBSs (Adj. P-value <0.05 and |log,(FC)| > 1). (B)
Differential enrichment analysis for sepsis samples with postoperative (Post-OP) samples identifies differentially enriched TFBSs (Adj. P-value <0.05 and
|log2(FC)| > 1). (C) Principal component analysis based on identified differential TFBSs separates all conditions and healthy individuals. Four biological rep-
licates were used per condition. In addition to the samples, a centroid for each group is depicted as a larger data point. Variance explained: PC1 =29.6%,
PC2=20.9%. (D) Example for a differentially enriched TFBS in PDAC with novel TF binding near the alternative transcription start site of CD86. (E) Example
for a differentially enriched TFBS in sepsis with novel TF binding in the promoter of KEAP1. (F-I) Top 10 differentially enriched TF motifs. (F) CRC consensus
peaks in comparison to PDAC consensus peaks. CTCF and CTCFL were identified as well but were not included in the figure. (G) PDAC consensus peaks in
comparison to CRC consensus peaks. (H) Sepsis consensus peaks in comparison to Post-OP consensus peaks. (/) Post-OP consensus peaks in comparison to
sepsis consensus peaks. CTCF and CTCFL were identified as well but were not included in the figure.
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DERs demonstrate a distinct differential DNA footprint near a TSS
in the context of a larger locus with TFBSs (Fig. 4D,E). A differen-
tially enriched TFBS was detected near the alternative transcription
start site in the promoter of the CD86 gene in PDAC patients com-
pared with CRC patients (Fig. 4D), whereas another protected TFBS
was detected near the promoter of the kelch-like ECH associated
protein 1 (KEAPI) in sepsis patients in contrast to Post-OP patients
(Fig. 4E). In addition to differential analysis of signal strength at de-
fined consensus peaks, differential enrichment of transcription
factor binding motifs was also analyzed in all consensus peaks.
For this purpose, the relative abundance of transcription factor
motifs in the consensus peaks of one condition was compared
with the abundance in the consensus peaks of the respective refer-
ence condition. Enrichment of 14 different transcription factor
motifs was detected for PDAC in comparison to CRC, 19 for CRC
in comparison to PDAC, 14 for sepsis in comparison to Post-OP,
and 126 for Post-OP in comparison to sepsis (E-value <10) (Fig.
4F-I). The binding motif with the strongest enrichment in PDAC
patients compared with CRC patients belongs to the recombina-
tion signal binding protein for immunoglobulin kappa J region
(RBP)) (Fig. 4F), for example. In this context, one of the physiolog-
ical roles of the transcription factor RBPJ is the regulation of early
pancreatic cell development. Overall, short cfDNA sequencing en-
ables the detection of condition-specific enrichment signatures in
liquid biopsies, which can be used to discriminate different diseas-
es for diagnostic purposes. In addition, short cfDNA sequencing
might also help identify transcription factors that may have phys-
iological relevance to the condition.

Discussion

In this study, we present a novel approach for comprehensive
DNA footprinting in liquid biopsies by analysis of short double-
stranded plasma cfDNA. Our short ¢cfDNA sequencing approach
comprises preparative gel electrophoresis to specifically enrich
cfDNA fragments with a mean length of ~40 bp in combination
with high-throughput sequencing. We observed an enrichment
of short cfDNA at the TSS of genes, in which regular cfDNA is de-
pleted. A closer inspection of the average signals at the TSS also
showed an oscillation pattern reciprocal to that of regular cfDNA
at the 5" UTR. These findings indicate a regular shift of nucleo-
somes from the promoter to the 5 UTR of genes and protection
by regulatory DBPs between displaced nucleosomes as revealed
by short cfDNA enrichment. In line with the enrichment of short
cfDNA at TSS, we also found that short cfDNA fragments showed a
higher GC content than the human genome on average (short
cfDNA=57.8%, human genome=40.9%). Gene regulatory ele-
ments in humans possess an increased GC content. Consequently,
short cfDNA fragments and TFBSs that are enriched in such regions
of the genome have elevated GC contents. Short cfDNA also accu-
mulates at DHSs. At these open chromatin locations, regular
cfDNA exhibits a combined signal originating from high-frequen-
cy and low-frequency nucleosomal oscillation signals, as described
by Ulz et al. (2019). Comparable to this finding, we observed two
different types of short cfDNA signals created by DBPs with a nar-
row binding signal, such as CTCF, and multiple adjacent protein
binding events that result in a broader signal. The observed narrow
signal of regulatory proteins, like CTCF, SPI1, or REST, can be ex-
plained by their ability to initiate nucleosome displacement in
closed chromatin (pioneer factors) (Fu et al. 2008; Heinz et al.
2010; Barozzi et al. 2014; Vanzan et al. 2021). Pioneer factors can
bind directly to closed chromatin without the need or presence

of auxiliary proteins. In contrast, the binding sites of regulatory
proteins such as MYC proto-oncogene, bHLH transcription factor
(MYC), or TP53BP1 exhibit a much broader signal. These regulato-
ry proteins bind in open chromatin, accompanied by the presence
of additional regulatory proteins. Consequently, we also found a
striking correlation between DNA footprint signals and markers
representative for transcriptional regulation. In this context, we
determined that promoters with H3K4me3 histone modifications,
a characteristic for active gene transcription, revealed stronger
short cfDNA signals than those without. Furthermore, we observed
an opposing correlation between methylation levels of CpGis and
corresponding enrichment of short cfDNA. Because unmethylated
CpGis are considered markers of epigenetic activation, depletion
of regular cfDNA and the presence of DNA footprinting signals in-
dicate a protection from regulatory activating factors at such loci.
Regarding gene expression, short cfDNA signals at the TSS are in-
creased at actively transcribed genes compared with genes with
low expression. However, short cfDNA does not strictly capture
continuous dynamics of gene expression levels, rather more it
exhibits a binary switch between high and low expression. Com-
parable findings were obtained through the analysis of the joint ef-
fect of DNA footprint signals and DNA methylation in regulatory
elements of genes on their transcription. Here, the change be-
tween low and high gene expression levels can be detected to a cer-
tain extent, but not so precisely to exactly quantify gene
expression levels. These aberrations are likely owing to the multi-
tude of other epigenetic regulatory mechanisms that fine-tune
gene expression levels. Although this holds also true for other reg-
ulatory signals of gene expression, such as DNA methylation, this
might reflect a potential limitation of our approach to quantita-
tively predict an individual’s physiology exactly. Further targeted
studies are needed to assess the extent of this limitation. Neverthe-
less, short cfDNA is clearly correlated with DNA-methylation sig-
natures, H3K4me3 histone modifications, and transcriptional
activity of downstream gene loci. We found consistent enrichment
of short cfDNA where regular cfDNA is depleted. Hence, we pro-
pose that the molecular origin of short cfDNA most likely is dou-
ble-stranded cfDNA, which has been protected from enzymatic
digestion by regulatory proteins, including transcription factors.
In agreement with this model, we found that short cfDNA consen-
sus peaks comprise a plethora of transcription factor motifs and
that known TFBSs revealed clear enrichment for short cfDNA. Tak-
en together, our data provide evidence that short cfDNA represents
a characteristic subset of cfDNA that is distinct from nucleosomal
cfDNA and therefore most likely does not originate from the deg-
radation of regular cfDNA.

In contrast to short cfDNA, which is characterized by short
double-stranded DNA (short dsDNA), publications by Snyder
et al. (2016), Hisano et al. (2021), and Hudecova et al. (2022)
reported on the presence of short ssDNA. Contrary to short
dsDNA, short ssDNA fragments may represent a significant frac-
tion of total cfDNA, comprising as much as 20% of a sequencing
library. However, short ssDNA demonstrated that the relative sig-
nal strength at transcription start sites or TFBSs of proteins, such
as MYC, is very low compared with short dsDNA. Therefore, we as-
sume that cfDNA originally protected by regulatory DBPs is short
dsDNA, whereas short ssDNA might be of other biological origin
with higher signal-to-noise ratios. Hisano et al. (2021) and
Hudecova et al. (2022) suggested that much of the short ssDNA
could originate from noncanonical DNA structures, such as G4
quadruplexes, which may largely superimpose signals from regula-
tory protein DNA-binding events.
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Transcription factor motifs from short cfDNA revealed sets of
differentially enriched transcription factors between different con-
ditions including samples from septic, CRC, and pancreatic cancer
(PDAC) patients, suggesting a diagnostic potential for liquid biop-
sy applications. Sepsis is characterized by a complex interplay of
proinflammatory and anti-inflammatory processes orchestrated
by regulators of the immune system. Seven out of the top 10 differ-
entially enriched transcription factor motifs identified in septic
samples are linked to regulatory pathways of the immune system.
For example, transcription factor 4 (TCF4; also known as E2-2 or
ITF2) regulates genes for the differentiation of dendritic cells into
interferon-producing plasmacytoid dendritic cells (Reizis 2010).
TCF4 also regulates the immune response as a downstream target
of toll-like receptor 2 (TLR2) signaling to induce the expression
of immunoregulatory genes such as interleukin 10 (IL10)
(Manoharan et al. 2014). The identified transcription factor zinc
finger protein X-linked (ZFX) is known to be involved in the main-
tenance of peripheral T cells as well as expansion and maintenance
during B cell development and peripheral homeostasis (Arenzana
et al. 2009; Smith-Raska et al. 2018). For CRC patients, Sp1 tran-
scription factor (SP1) was identified as the top hit, and several
FOS/JUN family transcription factors were identified as differen-
tially enriched. SP1 is a ubiquitous transcription factor and medi-
ator of critical physiological pathways, including cell cycle,
proliferation, and metastasis. SP1 plays a key role in regulating
genes involved in CRC growth and metastasis (Bajpai and
Nagaraju 2017). Two members of the FOS/JUN family—FOS-like
1, AP-1 transcription factor subunit (FOSL1), and FOS-like 2, AP-1
transcription factor subunit (FOSL2)—are known to promote tu-
morigenesis and metastasis in colon cancer (Li et al. 2018; Liu
et al. 2021). For PDAC patients, RBP] was identified as the corre-
sponding top hit. RBPJ is known to form a heterocomplex with pan-
creas associated transcription factor la (PTF1A), and their
interaction is required in the early stage of pancreatic growth, mor-
phogenesis, and lineage fate decision (Masui et al. 2007). In addi-
tion, peroxisome proliferator-activated receptor gamma (PPARG)
and retinoid X receptor alpha (RXRA) were identified, which are
known to form a heterocomplex (Lehrke and Lazar 2005). PPARG
is a key regulator of adipocyte differentiation, regulates insulin
and adipokine production and secretion, and is associated with
PDAC. In addition, RXRA promotes proliferation and inhibits apo-
ptosis of pancreatic cancer cells (Chen et al. 2019a). Moreover, we
found disease-specific differentially enriched loci that may enable
clear separation of patients with PCA. For example, in PDAC pa-
tients, we found differential protection from DBPs near the alterna-
tive TSS of the CD86 gene compared with CRC patients. In PDAC,
the tumor microenvironment is highly immunosuppressive and
characterized by a dense stroma and an abundance of immunosup-
pressive cells such as myeloid-derived suppressor cells and regulato-
ry T cells, as well as increased levels of monocytes in peripheral
blood (Gautam et al. 2023; Hansen et al. 2023). CD86 is an impor-
tant costimulatory molecule involved in T cell activation. CD86, to-
gether with other immune markers such as integrin subunit alpha X
(ITGAX; also known as CD11c¢) and CD274 molecule (CD274; also
known as PD-L1), can serve as a prognostic indicator in PDAC, in
which increased expression of CD86 on peripheral blood mono-
cytes of PDAC patients significantly correlates with disease severity
(Hansen et al. 2023). In septic patients, we found an additional sig-
nal of short cfDNA near the TSS of the KEAPI gene compared with
postoperative controls. KEAP1 regulates oxidative stress and inflam-
mation in sepsis via the NFE2-like bZIP transcription factor 2
(NFE2L2; also known as NRF2) signaling pathway. Inhibition of

KEAP1 allows NRF2 to activate antioxidant responses, thereby re-
ducing the damage caused by sepsis. Enhanced NRF2 activity is as-
sociated with better outcomes, whereas impaired signaling worsens
sepsis in mouse studies. The use of protein—protein interaction (PPI)
inhibitors targeting the NRF2-KEAP1 signaling pathway are consid-
ered and evaluated in various studies for the treatment of sepsis by
increasing NRF2 activity (Gunne et al. 2020; Wang et al. 2023).

Taken together, analysis of short double-stranded cfDNA
might provide the most accurate picture of a genome-wide tran-
scription factor footprint in liquid biopsies. With the ability to
identify disease-specific TFBS enrichment for patient classifica-
tion, we see considerable potential in the application of short
cfDNA sequencing for liquid biopsy applications.

Many studies explore the properties and information to be in-
ferred from various cfDNA fragments and fragmentation patterns.
Often the clinical relevance of the obtained information is not yet
well evaluated. Although we started to explore the clinical rele-
vance and potential of short cfDNA sequencing with clinical sam-
ples, the results presented in this study are based on a limited
number of samples. Further studies with more clinical samples
are still required to validate the potential of this approach. In
addition to validity and utility, cost-effectiveness is an essential
factor for clinical diagnostic methods. Although our workflow
already represents a resource-efficient alternative to ultradeep
high-throughput sequencing of total c¢fDNA, a targeted and
even-more-economical approach might be advantageous for im-
plementation. With the new short cfDNA sequencing approach,
which directly maps the protection across the genome via regula-
tory proteins, we want to add a new tool to liquid biopsy diagnos-
tics that could improve the detection of cancer or enable clinically
relevant differential diagnosis of cancer types.

Methods

Blood samples

This study included blood samples from nine healthy individuals,
four individuals with PDAC, four individuals with CRC, four indi-
viduals with sepsis, and four individuals that underwent major ab-
dominal surgery (Supplemental Table S1). Blood from the healthy
individuals was acquired commercially from Biomex. Septic pa-
tients participated in a previously published, prospective observa-
tional clinical study that was conducted in the surgical intensive
care unit of Heidelberg University Hospital, Germany between
November 2013 and January 2015 (S13-S16 and S$S25-S37;
German Clinical Trials Register: DRKS00005463) (Decker et al.
2017). Treatment of these sepsis patients included early-goal
directed therapy, elimination of the septic focus, and broad-spec-
trum antibiotic therapy. Identified pathogens of all sepsis patients
and blood cell counts are included in Supplemental Table S2.
Patients without cancer (nonseptic controls, i.e., Post-OP) that un-
derwent major abdominal surgery and all individuals with cancer
were recruited at the University Hospital of Erlangen with the ap-
proval of the local ethics committee and the clinical trial number
180_19 B (S09-S12 and S17-524). All experiments were performed
in accordance with the study protocol approved by the ethics
committee.

cfDNA isolation

Plasma was prepared by centrifugation of whole blood for 10 min
at 1600g and 4°C. Afterward, blood plasma was centrifuged again
for 10 min at 16,0008 and 4°C. Afterward, 1.1 mL of the superna-
tant was transferred into a fresh 1.5 mL DNA LoBind tube and
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stored at —80°C. If necessary, the sample volume was filled up with
freshly prepared 1 xphosphate-buffered saline solution. cfDNA
was isolated with the QIAsymphony SP DNA preparation system
and the QIAsymphony DSP circulating DNA kit (Qiagen) accord-
ing to the manufacturer’s advice. Eluted cfDNA was quantified
with the Qubit dsDNA HS assay kit (Thermo Fisher Scientific),
and the cfDNA quality was assessed by the fragment analyzer
high-sensitivity DNA kit (Agilent).

High-throughput sequencing

Sequencing libraries for regular cfDNA were prepared with the
NEBNext Ultra I DNA library prep kit (New England Biolabs) ac-
cording to the manufacturer’s protocol; 0.5 ng isolated cfDNA
was used as input. The NEBNext adaptor was diluted 1:25 for all re-
actions. PCR was performed with 10 PCR cycles and 4 pL primers.
Sequencing was performed on a NextSeq 2000 (Illumina) with 100
bp single-end reagent Kkits.

Sequencing libraries for short double-stranded cfDNA (short
cfDNA) were prepared from 3 ng to 15 ng of cfDNA, depending
on the clinical condition, using the NEXTFLEX cell free DNA-seq
kit (V2; PerkinElmer) according to the manufacturer’s advice
with one exception: The final library after PCR amplification was
eluted in 20 pL nuclease-free water. Library generation was per-
formed with a Biomek FXP workstation (Beckman Coulter).
Library quality was assessed by the fragment analyzer high-sensi-
tivity DNA kit (Agilent), and the concentration was measured by
the Qubit dsDNA HS assay kit (Thermo Fisher Scientific). Size selec-
tion of the cfDNA libraries was performed using a BluePippin in-
strument (Sage Science). To select the short ¢cfDNA portion in
the range of 150-200 bp, samples were applied to a 3% agarose
BluePippin cassette according to the manufacturer’s protocol.
Briefly described, samples were filled up with water to 30 pL and
were mixed with 10 pL of supplied internal marker (100 bp to
250 bp). Twenty-three microliters of the eluted, size-selected sam-
ple was reamplified with 25 pL of NEXTFLEX PCR master mix 2.0
and 2 L of 1:10 diluted NEXTFLEX primer mix 2.0 as described in
the NEXTFLEX cell free DNA-seq kit (V2; PerkinElmer), step C PCR
amplification. Afterward, samples were purified with 1.2 x the vol-
ume of AMPureXP beads (Beckman Coulter) according to the man-
ufacturer’s advice. Size-selection performance was evaluated by the
fragment analyzer high-sensitivity DNA kit (Agilent). If the sample
still contained fragments outside the target range of 150 bp to 200
bp, size selection was repeated as previously described, with the ex-
ception that the input sample was adjusted to 30 pL with water
and the reamplification step was performed with five to eight cy-
cles. After size selection, sequencing was performed on a
NextSeq 2000 (Illumina) with 100 bp single-end reagent kits.

Methylation enrichment of cfDNA was performed using the
EpiMark methylated DNA enrichment kit (New England Biolabs)
according to the manufacturer’s instructions. Two reactions with
5-15 ng of cfDNA input each were performed in parallel per sam-
ple. Methylated cfDNA was eluted sequentially from both reac-
tions using the same 50 pL of nuclease-free water to increase
yield. Sequencing libraries were prepared with the NEBNext Ultra
IT DNA library prep kit (New England Biolabs) according to the
manufacturer’s protocol. Fifty microliters of methylated cfDNA
from the EpiMark procedure was used as input. The NEBNext adap-
tor was diluted 1:25 for all reactions. PCR was performed with 17
PCR cycles and 3 pL primers. Sequencing was performed on a
NextSeq 2000 (Illumina) with 100 bp single-end reagent Kits.

For whole-blood RNA-seq, blood of patients was collected in
PAXgene blood RNA tubes (BD Biosciences), incubated at room tem-
perature for 2 h to achieve complete lysis of blood cells, and frozen at
—80°C until further processing. Before nucleic acid isolation, tubes

were thawed at room temperature for 2 h. Nucleic acid isolation
was performed using the QIAcube (Qiagen) and the PAXgene blood
miRNA kit according to the manufacturet’s protocol to extract gene-
encoding mRNAs. Nucleic acids were eluted in 2 x 40 uL buffer BRS.
The quantity and quality of the isolated RNA were determined with
a Qubit fluorometer (Thermo Fisher Scientific) and a fragment ana-
lyzer (Agilent), respectively. Library preparation and sequencing
were performed using 250 ng RNA with the ScriptSeq kit v2
(Ilumina). Sequencing of the libraries was performed with HiSeq
2500 (Illumina), with 100 bp single-end reagent Kkits.

Sequencing data processing

After initial quality control of short cfDNA sequencing of raw se-
quencing reads with FastQC (v0.11.8), the following steps were per-
formed sequentially to remove sequencing artifacts: (1) removal of
sequencing adapters, terminal poly(G) sequences (min 10 sequen-
tial G’s), and quality trimming (BBTools bbduk.sh v38.67); (2) re-
moval of terminal single A nucleotide added during library
preparation (BBTools bbduk.sh v38.67); (3) size selection of se-
quenced fragments allowing read lengths >20 bp and <60 bp
(BBTools bbduk.sh v38.67); (4) removal of sequencing reads with
low complexity, that is, dust scores smaller than seven (prinseq-
lite v0.20.4) (Andrews 2010; Schmieder and Edwards 2011;
Bushnell et al. 2017); (5) processed reads mapped to the human ref-
erence genome assembly GRCh37 using NextGenMap (v0.5.5) with
default settings (Sedlazeck et al. 2013); and (6) mapped reads dedu-
plicated with SAMtools rmdup (v1.9), reads in blacklisted regions re-
moved with BEDTools intersect (v2.30.0), and reads with a MAPQ
value lower than one removed with SAMtools view (v1.9) (Li et al.
2009; Quinlan and Hall 2010; Amemiya et al. 2019). These reads
were converted to bigWig format for visualization and other down-
stream analyses with deepTools (bin size=10, normalization=
counts per million [CPM], bamCoverage v3.5.1) (Ramirez et al.
2016). This workflow is graphically summarized in Supplemental
Figure S3. Realigning the reads to GRCh38 or newer assemblies
would not significantly affect the results and conclusions, as only
Chromosomes 1-22, X, and Y were analyzed, which are highly con-
served across different genome versions. Using the ENCODE black-
list with GRCh37 helps to avoid potential sequencing artifacts in
poorly mappable regions of these chromosomes, such as centro-
meres and telomeres, by excluding such problematic regions.

After initial quality control of regular cfDNA raw sequencing
reads with FastQC (v0.11.8), the following steps were performed
(Andrews 2010): (1) removal of sequencing adapters, removal of
terminal poly(G) sequences (min 10 sequential G’s), removal of
reads <50 bp, and quality trimming (BBTools bbduk.sh v38.67)
(Bushnell et al. 2017); (2) processed reads mapped to the human
reference genome assembly GRCh37 using NextGenMap (v0.5.5)
with default settings (Sedlazeck et al. 2013); and (3) mapped reads
deduplicated with SAMtools rmdup (v1.9), and reads in blacklisted
regions removed with BEDTools intersect (v2.30.0) (Li et al. 2009;
Quinlan and Hall 2010). Mapped reads were converted to bigWig
format for visualization and other downstream analyses with
deepTools (bin size=10, normalization=CPM, bamCoverage
v3.5.1) (Ramirez et al. 2016).

cfMBD-seq data were processed as regular cfDNA sequencing
data.

Public sequencing data processing

FASTQ files of five publicly available cell-free RNA sequencing data
sets of different healthy individuals from Zhu et al. (2021) were ob-
tained from the NCBI Sequence Read Archive (SRA; https://www
.ncbi.nlm.nih.gov/sra). Accession numbers and unique identifiers
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are listed in Supplemental Table S3. All samples were sequenced in
paired-end mode with a read length of 150 bp and about 10 million
reads per sample on average. After initial quality control of raw se-
quencing reads with FastQC (v0.11.8), the following steps were per-
formed to obtain read counts for individual genes (Andrews 2010):
(1) removal of sequencing adapters, quality trimming, and removal
of reads <100 bp (BBTools bbduk.sh v38.67) (Bushnell et al. 2017);
(2) mapping of processed reads to the human reference genome as-
sembly GRCh37 using NextGenMap (v0.5.5) with default settings,
keeping only reads with a MAPQ value greater than two
(Sedlazeck et al. 2013); (3) gene quantification in raw read counts us-
ing featureCounts (v2.0.1) with the UCSC Genes annotation (avail-
able at https://hgdownload.soe.ucsc.edu/goldenPath/hg19/bigZips/
genes/hg19.knownGene.gtf.gz) (Liao et al. 2014), and only protein-
coding genes on the autosomal chromosomes included in the final
readcount matrix to reduce confounding by the gender of sample
donors; and (4) if required, raw read counts converted to transcripts
per million (TPM) using R (R Core Team 2024).

FASTQ files of ¢fDNA sequencing data sets of a healthy in-
dividual from Snyder et al. (2016) were obtained from the
SRA. Accession numbers and unique identifiers are listed in
Supplemental Table S3. After initial quality control of raw sequenc-
ing reads with FastQC (v0.11.8), the following steps were performed:
(1) removal of sequencing adapters and quality trimming (cutadapt
v4.0) (Martin 2011); (2) mapping of trimmed reads to the human
reference genome assembly GRCh37 using NextGenMap (v0.5.5)
with minimum map quality of 10 (Sedlazeck et al. 2013); (3) in silico
size selection of the mapped reads with 35-80 nt for short cfDNA
and 120-180 nt for regular cfDNA; (4) removal of low complexity
reads and deduplication (prinseq-lite v0.20.4) (Schmieder and
Edwards 2011); (5) removal of reads in blacklisted regions with
BEDTools intersect (v2.30.0) (Quinlan and Hall 2010); and (6) for
downstream analysis and visualization, bigWig files generated
with deepTools (bin size =10, normalization = CPM, bamCoverage
v3.5.1) (Ramirez et al. 2016).

ATAC-seq and DNase-seq data from ENCODE (see
Supplemental Table S3) were retrieved as processed BAM files
and only converted to other data types, like bigWig for down-
stream analysis. Cell-free H3K4me3 ChIP-seq data from Sadeh
et al. (2021) (see Supplemental Table S3) were retrieved as pro-
cessed BED files and only converted to other data types, like
BAM and bigWig for downstream analysis.

Peak calling and NFR calling

For short cfDNA sequencing data, narrow peaks and clustered
peaks were called with MACS2 callpeak (narrow: --nomodel
--extsize 32 --call-summits --min-length 30 -q 0.05, clustered: --broad
--nomodel --extsize 32 --max-gap 100 --min-length 500 --broad-
cutoff 0.05) (Zhang et al. 2008). Consensus peaks of a condition
were identified using R and defined as genomic sites where a nar-
row peak was identified in at least three of four samples (R Core
Team 2024). In addition, consensus peaks <31 nt apart were com-
bined. For regular cfDNA, NFRs were called on the merged data set
of four biological replicates to increase genome-wide coverage and,
thus, reliability. NFRs were identified with the R packages NucDyn,
utilizing nucleR, with default settings (Buitrago et al. 2019). Peaks
and NFRs were annotated to genomic features in R with the
ChlIPseeker package and default settings (Yu et al. 2015).

Average coverage profiles and heatmaps

Average coverage profiles and heatmaps were created from bigWig
files with deepTools (computeMatrix, plotHeatmap, and
plotProfile; v3.5.1) (Ramirez et al. 2016). Different genomic refer-

ence locations were used for average coverage profiles. For Figure
2 and Supplemental Figure S2, validated binding sites of transcrip-
tion factors were retrieved from the Gene Transcription Regulation
Database (GTRD) (Kolmykov et al. 2021). Here, TFBSs were ranked
according to their robustness across different cell lines and tissues,
namely, the number of tissues and cell lines in which the respec-
tive binding site was found. Only the top 1000 binding sites
were used for average coverage profiles. Promoter-like structures
from ENCODE were converted from GRCh38 to GRCh37 with
the liftOver tool from UCSC and used as reference regions in
Figure 3A (available at https:/www.encodeproject.org/files/
ENCFF379UDA/) (Hinrichs et al. 2006). CpGis were used as refer-
ence regions in Figure 3B (available at UCSC TableBrowser, track
name = cpglslandExt) (Karolchik et al. 2004). The heatmaps in
Figure 3, A and B, were clustered in two groups using the imple-
mented k-means clustering based on the line-wise average.
Missing data in heatmaps were plotted in black.

Composite effect of DNA methylation and DNA footprint
signals on gene transcription

From four sepsis patients, matched short ¢fDNA, cfMBD, and
whole-blood RNA sequencing data were acquired (S26-S37). For
a combined analysis, different genomic annotations were com-
bined. The same gene annotation as used with the cfRNA sequenc-
ing data from Zhu et al. (2021) was utilized. A core promoter
annotation for GRCh37 was retrieved from the eukaryotic promot-
er database (EPD; version 6; available at https://epd.expasy.org/ftp/
epdnew/H_sapiens/006/Hs_EPDnew_006_hg19.bb) (Dreos et al.
2015; Meylan et al. 2020). For each gene, only the best-matching
core promoters were kept (“_1" flag). As for CpGis, the aforemen-
tioned CpGis from UCSC were used again. CpGis were assigned to
genes based on their proximity to the EPD promoter of the gene in
the genome, with a maximum absolute distance of 5 kb. With
these assignments, from the roughly 20,000 protein-coding genes
in the annotation, about 12,000 remained with an associated core
promoter and CpGis. Counts of sequencing reads of each sequenc-
ing data type and each patient were retrieved for the curated gene
bodies, core promoters, and CpGis with featureCounts (v2.0.1)
and converted to TPM (Liao et al. 2014). From the patient repli-
cates a mean TPM value was calculated per region and sequencing
type. Additionally, a pseudocount of 0.01 was added. For better
comparability of the signals, the cfMBD-seq data in CpGis and
short cfDNA sequencing data in core promoters were additionally
adjusted for GC content. The GC content of the respective regions
was extracted from GRCh37 using BEDTools nuc (v2.30.0)
(Quinlan and Hall 2010). The adjusted signal was calculated as fol-
lows: A locally weighted regression function was fitted with the
mean readcount value and GC content for each annotation type
(R lowess function). Each mean readcount value (observed) is di-
vided by its fitted value (expected) to obtain an observed over ex-
pected (OoE) ratio. For better interpretability and visualization, the
values are also log,-scaled. Genes with comparable composite sig-
nals in the core promoter and in the CpGis were identified by k-
means clustering (k=10) and visualized in a heatmap using R
and ComplexHeatmap (Fig. 3E; Gu et al. 2016). The average gene
expression values were added as an annotation but had no influ-
ence on clustering. For better visualization and comparison of
the distributions of gene expression values, the RNA-seq data
were also visualized in a ridge plot in R with ggplot2, according
to the clusters from the heatmap, and sorted by descending medi-
an value (Fig. 3F). Clusters with fewer than 200 genes were exclud-
ed from this visualization as the sample size was considered too
small for a representative distribution.
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Transcription factor motif enrichment analysis

Enriched transcription factor motifs were identified with the AME
tool from MEME suite (--scoring avg --method fisher; v5.4.1)
(McLeay and Bailey 2010). Input DNA sequences were retrieved
from consensus peak sets and analyzed for the enrichment of mo-
tifs listed in the HOCOMOCOv11_core_HUMAN_mono database
(Kulakovskiy et al. 2018). DNA sequences of consensus peaks from
short cfDNA sequencing data of healthy individuals were com-
pared with control sequences, generated by shuftling the letters
in the input while preserving the frequencies of k-mers (--shuffle).
The proportions of identified transcription factor motif classes and
their respective superclasses were summarized in a treemap plot us-
ing R and the treemap package (v.2.4.3); https://cran.r-project.org/
web/packages/treemap/index.html). Short cfDNA sequencing
data from other than healthy states were compared with each oth-
er. The DNA sequences underlying each consensus peak set were
used as control sequences, for example, consensus peak DNA se-
quences from CRC as input compared with consensus peak DNA
sequences from PDAC as control.

Differential enrichment analysis

Identification of DERs was performed with the R package
DEBrowser (v1.2.0) using the implemented edgeR method with
raw read counts in the combined consensus peak sets of two
compared conditions, TMM normalization, a glmLRT, and
dispersion=0 (Robinson et al. 2010; Kucukural et al. 2019). The
use of this analysis is based on the observation that the read counts
in the consensus peak sets are best modeled with a negative bino-
mial distribution in comparison to a Poisson of geometric dis-
tribution (Supplemental Fig. S9). Genes were considered as
differentially expressed between two conditions (four biological
replicates per condition) with an adjusted P-value smaller than
0.05 and a log,(fold change) <—1 or >1. Volcano plots for the dif-
ferential enrichment analysis were generated with the R package
EnhancedVolcano (v1.8.0). The identified DERs of both compari-
sons were used for a PCA, and the first three principal components
were visualized in R with pca3d (v0.10.2). Samples of each condi-
tion were linked to the centroid of the respective condition with a
line.

Data access

The raw high-throughput sequencing data generated in this study
have been submitted to the NCBI BioProject database (https:/
www.ncbi.nlm.nih.gov/bioproject/) under accession number
PRJNA1033613. Processed high-throughput sequencing data of
samples SO1-S33 are available as genome coverage tracks in a
UCSC Genome Browser session (https://genome.ucsc.edu/s/jnmllr/
Short_cfDNA_seq_manuscript) or as files at Figshare (https://doi
.0rg/10.6084/m9.figshare.25211525.v2). Custom data analysis
code created for this work is available on GitHub (https://github
.com/janmueller17/short_ds_cfDNA) and as Supplemental Code.
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Supplementary Figure S1. Visual summary of short cfDNA extraction and sequencing
from blood plasma. Cell-free DNA was extracted from the blood plasma of patients using
an automated magnetic bead-based kit. Sequencing library preparation was performed
by fragment end-repair and adapter ligation. Only intact double-stranded DNA fragments
are enriched in the final sequencing library because of the PCR amplification. Short
cfDNA is enriched by size selection from sequencing libraries. Short cfDNA sequencing
libraries are sequenced on an Illumina platform in single-end mode. This figure was

created with biorender.
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Supplementary Figure S2. Depiction of the full short cfDNA enrichment process from
cell-free DNA for high-throughput sequencing. The steps shown correspond to: 1.
Isolated cell-free DNA. 2. Double-stranded DNA sequencing library. 3. Size-selected
sequencing library. 4. PCR-amplified sequencing library. 5. Sequencing library after
second size selection. Size selection was performed using an automated preparative gel
electrophoresis instrument. For each step, the Fragment Analyzer profiles of S19 are
shown. The library preparation adds around 100 bps to the DNA fragments resulting in
the fragment size shift seen from 2. onwards. The purple color indicates DNA fragments
that can be assigned to nucleosomes or regular cfDNA, while the green color indicates
DNA fragments that can be assigned to short cfDNA. The icons originally created with
biorender for the supplementary figure S1 were reused in this figure.
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Supplementary Figure S3. Visual summary of the short cfDNA data processing pipeline.

In short, the raw short cfDNA sequencing data is cleaned and filtered, mapped to a

human reference genome, and filtered again before further downstream analysis. The

individual steps are described in detail in the methods section. This figure was created

with biorender.
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Supplementary Figure S4. Analysis of read length distributions. (a) Histogram depicting

the observed length of fully processed short cfDNA sequencing reads. One million

random reads were taken from all twenty sequenced short cfDNA samples and their read

lengths were plotted in a histogram (total n = 20 million). The observed distribution has

a mean read length of = 37.9 bp () and a standard deviation = 6.6 bps (g). (b) Boxplot

with data from (a) split by patient conditions.
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Supplementary Figure S5. Average GC content of processed sequencing reads for regular
cfDNA and short cfDNA sequencing. Data from the samples S01 - S24 were used for this
analysis (see Supplementary Table S1). The bar lengths represent the mean value, while

error bars indicate standard deviations.
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Supplementary Figure S6. Comparison of our short cfDNA sequencing data to single-
stranded cfDNA sequencing data from Snyder et al. (Snyder et al. 2016). (a, c, e)
Average coverage profiles based on our short cfDNA sequencing data (Sequencing
depths: Short cfDNA (S03) = 8.29x106, Regular cfDNA (S06) = 2.60x107). (b, d, f)
Average coverage profiles based on sequencing data from Snyder et al. generated with a
single-stranded library preparation method (Sequencing depths: Short cfDNA =
1.33x108, Regular cfDNA = 3.84x108). These average coverage profiles are also plotted
on a smaller scale to better visualize the dynamics of the data. (a and b) Average

coverage profiles of annotated transcription start sites for short cfDNA and regular

cfDNA. (c and d) Average coverage profiles of one thousand ChIP-seq validated tumor
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protein p53 binding protein 1 (TP53BP1) binding sites for short cfDNA and regular
cfDNA. (e - f) Average coverage profiles of one thousand ChIP-seq validated MYC proto-
oncogene, bHLH transcription factor (MYC) binding sites for short cfDNA and regular
cfDNA. The purple color indicates data from regular cfDNA, while the green color
indicates data from short cfDNA. Ultra-deep sequencing data by Snyder et al. was
produced from the blood plasma of a healthy individual with a single-stranded library
preparation method (Snyder et al. 2016). Raw sequencing data were retrieved from SRA
(file ID = SRR2130051) and split into short cfDNA (35-80 nt) and regular cfDNA

(120-180 nt) in silico.
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Supplementary Figure S7. Relationship of cell-free MBD-seq and cell-free H3K4me3

ChIP-seq with expression levels of genes. (a) Histogram showing average expression

levels of protein-coding genes in publicly available cell-free RNA sequencing data. For

each category 938 genes were selected (5 % of all analyzed genes): no expression (dark

blue), low expression (blue), medium expression (red), and high expression (dark red).

(b) Average coverage profiles for cell-free MBD-seq reads at selected transcription start

sites.

transcription start sites.
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(c) Average coverage profiles for H3K4me3 ChIP-seq reads at selected
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Supplementary Figure S8. Analysis of joint influence of short cfDNA abundance and DNA
methylation on gene expression levels. (a) Clustered heatmap with average short cfDNA
signals at core promoters and average cfMBD signals at CpG islands of protein coding
genes. Average gene expression levels from whole blood are annotated. (b) Sorted
ridgeplot of the gene expression annotation per cluster from (a) shows the composite
influence of short cfDNA abundance and DNA methylation on gene expression level

distributions. Data were created from samples S26-S37.
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Supplementary Figure S9. Distribution fitting and evaluation for observed read count

data from short cfDNA. (A) Histogram of observed read count data (black), with three

different fitted distributions as line plots (negative binomial (NB) = red, geometric (G) =

green, poisson (P) = blue). An inset plot shows the read count range from 0 to 40. (B)

Cumulative distribution function (CDF) plots for observed and fitted data. (C) Probability-

probability plot (P-P plot) for observed and fitted data. (D) Quantile-quantile plot (Q-Q

plot) for observed and fitted data.
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Sepsis vs Post-OP

CRC vs PDAC

Comparison PDAC vs CRC  Sepsis vs Post-OP

High in PDAC CRC  Sepsis Post-OP

# DERs 105 30 155 85

Supplementary Figure S10. Comparison of loci with differential enrichment of short
cfDNA. The table shows the number of differentially enriched regions (DERs) derived
from short cfDNA sequencing data for the comparisons of pancreatic ductal
adenocarcinoma (PDAC) versus colorectal carcinoma (CRC) and post-operative controls

(Post-OP) versus sepsis. The Venn diagram shows the overlap of the two sets of DERs.
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Supplementary Table S1. Metadata for the generated patient sequencing datasets

included in this study. All sequenced datasets in this table are available at the SRA

(PRINA1033613).
Sequenci Sampl Conditio Ag Gend Staging Diagnosis

ng type e n e er
Short Sso1 Healthy 50 male - -
Short S02 Healthy 50 male - -
Short S03 Healthy 45 female - -
Short S04 Healthy 45 male - -
Regular S05 Healthy 47 female - -
cfDNA

Regular S06 Healthy 61 female - -
cfDNA

Regular S07 Healthy 50 male - -
cfDNA

Regular S08 Healthy 52 male - -
cfDNA
Short S09 Post-OP 20 female - Sigmoid colon
cfDNA perforation
Short S10 Post-OP 38 female - Colitis ulcerosa
Short S11 Post-OP 29 female - Gastroparesis
Short S12 Post-OP 56 female - Cholelithiasis with
cfDNA chronic cholecystitis
Short S13 Sepsis 50 male - Sepsis
Short S14 Sepsis 65 female - Sepsis
Short S15 Sepsis 74 male - Sepsis
Short S16 Sepsis 71 male - Sepsis
Short S17 PDAC 68 male I11 Pancreatic head ductal
cfDNA adenocarcinoma
Short S18 PDAC 75 male II Pancreatic tail
Short S19 PDAC 60 male I Pancreatic ductal
cfDNA adenocarcinoma
Short S20 PDAC 63 female III Pancreatic corpus
cfDNA carcinoma

13
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Short
cfDNA

Short

Short
cfDNA

Short
cfDNA

cfMBD-seq
Short
Short
Short
Short
cfMBD-seq
cfMBD-seq
cfMBD-seq
cfMBD-seq
RNA-seq
RNA-seq
RNA-seq
RNA-seq

S21 CRC 84 male
S22 CRC 65 male
S23 CRC 72 female
S24 CRC 86 male
S25 Healthy 45 female
S26 Sepsis 75 male
S27 Sepsis 57 male
S28 Sepsis 45 male
S29 Sepsis 59 male
S30 Sepsis 75 male
S31 Sepsis 57 male
S32 Sepsis 45 male
S33 Sepsis 59 male
S34 Sepsis 75 male
S35 Sepsis 57 male
S36 Sepsis 45 male
S37 Sepsis 59 male

(regressio

4.13 Supplementary Materials

II Adenocarcinoma of
colon ascendens

II Coecal carcinoma

111 Deep-seated rectal
carcinoma

0 Deep-seated rectal
carcinoma

n)

- Sepsis
- Sepsis
- Sepsis
- Sepsis
- Sepsis
- Sepsis
- Sepsis
- Sepsis
- Sepsis
- Sepsis
- Sepsis

- Sepsis

Supplementary Table S2. Detailed metadata of sepsis patients. Sepsis samples S30-S37

correspond to the same four individuals as S26-S29. Abbreviations: Erythrocytes =

Erythro, Thrombocytes = Thrombo, Leukocytes

Leuko. Units: Erythrocytes = 1012

cells/L, Thrombocytes = 109 cells/L, Leukocytes = 10° cells/L.

Sampl Ag Gende Pathogens Erythr Thromb Leuko
e e r o o
S13 50 male Bacteroides fragilis; 2.4 1127 13.67
Escherichia coli
Si14 65 female Bordetella petrii; Human NA NA NA

herpesvirus 5; Klebsiella
pneumoniae;
Pseudomonas mendocina;
Salmonella enterica

14
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S15
S16
S26

S27

S28
529

74
71
75

57

45
59

male
male

male

male

male

male

Enterococcus faecium
Enterococcus faecium

Bifidobacterium animalis;
Enterococcus faecium;
Escherichia coli; Klebsiella
pneumoniae; Lactobacillus
fermentum;
Staphylococcus warneri

Haemophilus influenzae;
Haemophilus
parainfluenzae

NA

Propionibacterium spp.

15

2.7
3.3

3.5

2.9

273
338
156

221

457
83

10.06
24.13
2.12

18.15

17.33
4.39
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Supplementary Table S3. Metadata for the utilized public datasets in this study. Cell-free
H3K4me3 ChIP-seq data are available from Zenodo: https://zenodo.org/records/
4277001. ATAC-seq data from ENCODE were downloaded with the GRCh38 assembly and

converted locally to the GRCh37 assembly with liftOver.

Data type Sample type Source ProjectID File ID
ATAC-seq Cell line ENCODE ENCSR095QN ENCFF646NWY
(GM12878) B
Cell-free RNA-seq Plasma of healthy SRA PRINA598835 SRR10822588,
individuals SRR10822583,
SRR10822579,
SRR10822594,
SRR10822591
Cell-free H3K4me3 Plasma of a Zenodo - HO013.1
ChIP-seq healthy individual
DNase-seq Cell line ENCODE ENCSROOOEMT ENCFF783ZLL
(GM12878)
DNase Cell line ENCODE ENCSROOOEMT ENCFF273MVV
hypersensitive sites (GM12878)
Double-stranded Plasma of a SRA PRINA291063 SRR2130050
cell-free DNA healthy individual
Single-stranded Plasma of a SRA PRINA291063 SRR2130051
cell-free DNA healthy individual
REFERENCES

Snyder M, Kircher M, Hill A, Daza R, Shendure J. 2016. Cell-free DNA Comprises
an In Vivo Nucleosome Footprint that Informs Its Tissues-Of-Origin. Cell 164:

57-68. doi:10.1016/j.cell.2015.11.050.
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5 Human in vivo footprints from blood plasma
samples for improved diagnostics of septic pa-
tients

5.1 Preamble

Building on the initial proof-of-concept methodology introduced in the first publication,
that distinguished septic from non-septic patients with a limited sample set, this pub-
lication extends the application of the newly established short double-stranded cfDNA
sequencing to a cohort of 121 clinical patient samples to further evaluate its diagnostic
potential.

This study reveals that sequencing of short cfDNA offers comprehensive insights into
the host response in sepsis patients, providing information about key organ systems and
physiological functions such as the liver, kidney, immune response, and oxygen trans-
port. The results demonstrate the diagnostic potential of the novel biomarkers, enabling
superior discrimination of infection types and prediction of early mortality risk in septic
patients compared to established clinical metrics.

The publication substantiates the diagnostic and prognostic utility of short cfDNA biomark-
ers. The identified biomarkers hold promise for the development of novel, targeted, and
more efficient analytical methods, opening the route for their translation into real-world
diagnostic applications.

5.2 Contribution of the Thesis Author

The thesis author shares the first authorship of this publication. The thesis author, Mirko
Sonntag, and Kai Sohn conceptualized the presented study. The thesis author performed
the computational and statistical analysis of all data with guidance from Arndt von Hae-
seler. The thesis author contributed to the further interpretation of the results alongside
Mirko Sonntag and Kai Sohn. Additionally, the thesis author prepared the figures. The
thesis author, along with Mirko Sonntag and Kai Sohn, wrote and revised the manuscript.

5.3 Publication Status

Preprint published at medRxiv (Cold Spring Harbor Laboratory Press) on January 29,
2025: Sonntag, M., Mueller, J., Brenner, T., Decker, S. O., Haeseler, A. von, Sohn,
K., German Anaesthesia and Intensive Care Trials Group (2025). Human in vivo foot-
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prints from blood plasma samples for improved diagnostics in septic patients. MedRxiv.
https://doi.org/10.1101/2025.01.29.25320179
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Summary

Background

Liquid biopsy based on cell-free DNA (cfDNA) is an established approach in clinical
diagnostics. In recent years, a fraction of ¢fDNA comprising short fragments has been
discovered, that is enriched at gene promoters and binding sites of DNA-binding proteins.
However, the diagnostic potential of such short double-stranded cell-free DNA (footprint
DNA) remains to be fully explored. Therefore, we characterized the clinical utility of footprint

DNA in septic patients.
Methods

We enriched for footprint DNA based on size selection and subsequent high-throughput DNA
sequencing to receive an unbiased, genome-wide picture of the host response to the infection.
Footprint DNA occupancies were analyzed for correlation with clinical metrics including urea,
hemoglobin, or alanine aminotransferase (ALT). Additionally, footprint DNA markers were
benchmarked by read and receiver operating curve (ROC) analysis against procalcitonin (PCT)
as an established marker for infection status as well as against clinical parameters for early

death prediction.

Findings

We found that levels of occupancy of footprint DNA at defined genomic loci semi-
quantitatively correlated with physiological markers like ALT or urea from major organ
systems including liver or kidney. In a small proof-of-concept cohort, differential signatures of
DNA footprints distinguished between patient groups with bacterial and viral infections with
an area under the ROC (AUROC) of 1.0, which is considerably better than PCT with an AUROC
of 0.75. Likewise, footprint DNA could also predict early death in septic patients with an
AUROC of 0.983, compared to the SOFA (Sepsis-related organ failure assessment) score with

an AUROC of 0.76.
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Interpretation

Our findings show that footprint DNA delivers quantitative information on physiology at the
DNA level, demonstrating its diagnostic and prognostic potential. Identified footprint
biomarker regions could be helpful in the clinical assessment of septic patients and other

complex diseases outperforming current state-of-the-art clinical diagnostics.

Funding

This study was financed with internal funds from Fraunhofer society.

Keywords

Next-Generation diagnostics; Short cell-free DNA; Biomarker identification; Sepsis; Liquid

biopsy

Introduction

The potential of liquid biopsy in clinical diagnostics has revolutionized the field of clinical
diagnostics for multiple indications [1]. Especially cell-free DNA is widely used as a biomarker
class for prognosis and diagnosis in non-invasive prenatal testing, cancer, sepsis and organ
rejection, among others [2—4]. Exemplarily, several studies underline the potential of cfDNA
based biomarkers for clinical sepsis diagnostics [5—7]. For pathogen detection in sepsis, it is
well known that the clinical gold standard of culture-based analysis (e.g., blood culture) is
associated with considerable limitations [8—10]. Using metagenomic high-throughput
sequencing of plasma cfDNA, a six times higher sensitivity for pathogen detection than blood
culture can be achieved [11]. More recently, in contrast to regular cfDNA, with an average
fragment size of 167 bp, a very small subset of double-stranded cfDNA with a significantly
shorter fragment length of 35 - 80 bp has been found to be protected by non-histone DNA-

binding proteins, like transcription factors [12,13]. Using ultra-deep high-throughput DNA-
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sequencing, it has been described that short cfDNA directly maps to genomic regions that are
occupied by DNA binding proteins like transcription factors, indicating first potential for
clinical application for example in breast cancer diagnostics [12,14]. Alternative approaches to
infer the transcription factor occupancy make use of nucleosomal positioning therefore
detecting open chromatin, where DNA regulatory binding protein may bind [15]. Quite
recently, we have developed a workflow to specifically enrich short double-stranded cfDNA
from plasma (footprint DNA) and could show that these fragments accumulate at open
chromatin and gene regulatory elements [16]. The signals extracted from the footprint DNA
were found to have the clinical potential to distinguish between two different types of
gastrointestinal cancer as well as to discriminate sepsis from non-infected postoperative

controls and healthy individuals [16].

Sepsis, defined as a “life-threatening organ dysfunction caused by a dysregulated host response
to infection” [17], is a major health threat with high mortality rates and a global incidence of
estimated 48.9 mio sepsis cases with 11 mio deaths per year [18]. However, precise and reliable
biomarkers for sepsis diagnosis and prognosis are still in their infancies. One standard
assessment for sepsis diagnosis represents the Sequential (Sepsis-related) Organ Failure
Assessment (SOFA) score, which evaluates multiorgan failure in ICU patients [19] and has
been described to have predictive value for mortality risk [20,21]. Another important clinical
parameter frequently used in sepsis is procalcitonin (PCT) which is an indicator for bacterial
sepsis and primarily suggested to guide antibiotic treatment [22—24]. Still, PCT and SOFA,
although routinely used in clinical practice, do not represent reliable predictors of infection
and outcome, thus indicating that further research is needed to overcome limitations and to

establish more precise biomarkers [25,26].

In this study, we evaluated the diagnostic potential of footprint DNA in the context of sepsis.
Consequently, we identified footprint DNA target regions that have the potential to semi-
quantitatively retrace patient physiology. Based on the host response, footprint DNA allowed
to more accurately distinguish between bacterial and viral sepsis and to predict early deaths

versus survivors better than established biomarkers, including SOFA and PCT.
5
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Methods

Ethics Approval and patient consent

Septic patient samples from the monocentric clinical study S-097/2013, conducted in the
surgical intensive care unit of Heidelberg University Hospital (November 2013 - January 2015,
German Clinical Trials Register: DRKS00005463) [11] and from the multicentric study S-
084/2017 (March 2019 - August 2020, German Clinical Trials Register: DRKS00011911,
ClinicalTrials.gov: NCT03356249) [27] were used, with study and control patients or their
legal representatives signing written informed consent. Both studies were conducted in
accordance with the Declaration of Helsinki and the professional code of conduct for
physicians of the competent state medical association in the current versions, approved by the
Institutional Ethics Committee of the Medical Faculty of Heidelberg University. Samples from
S-097/2013 were used for correlating clinical metrics with footprint DNA signals [11,28]. For
infection type and outcome prediction, septic samples from the study S-084/2017 [27] and

postoperative, non-infection controls from S-097/2013 [11,28] were used.

Blood plasma preparation and cell-free DNA isolation

Plasma and cfDNA was isolated as described previously [11]. CfDNA was isolated with the
QIAsymphony SP and the QIAsymphony DSP Circulating DNA Kit as well as the QiaCube
connect and the QIAamp MinElute ccfDNA kit (Qiagen, Hilden, Germany) according to the
manufacturer’s instructions. Eluted cfDNA was quantified with the Qubit dsDNA HS Assay Kit
(Thermo Fisher, Waltham, USA) and cfDNA quality was assessed by the Fragment Analyzer

High Sensitivity DNA Kit (Agilent, Santa Clara, California, USA).

Library generation and Next-Generation sequencing

Footprint DNA sequencing libraries from isolated cfDNA were prepared as already described
in [16], with 15 ng of ¢fDNA as input and final elution in 20 pL of nuclease-free water. Library
generation with the NEXTFLEX Cell free DNA-Seq Kit (V2) (Perkin Elmer, Pittsburgh, USA)

was automated using the Biomek FXP (Beckman Coulter, Brea, USA). Library quality was
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assessed with the Fragment Analyzer High Sensitivity DNA Kit (Agilent, Santa Clara, USA) and
concentration was measured by the Qubit dsDNA HS Assay Kit (Thermo Fisher, Waltham,
USA). Size selection of ¢cfDNA libraries was performed as described in [16] using BluePippin
and 3% agarose cassettes (Sage Science, Beverly, USA) with one minor modification: following
the second size selection, samples were purified with 1.8 x the volume of AMPureXP beads
(Beckman Coulter, Brea, USA). Size selection performance was evaluated by the Fragment
Analyzer High Sensitivity DNA Kit (Agilent, Santa Clara, USA) and by Qubit dsDNA HS Assay
Kit (Thermo Fisher, Waltham, USA). After size selection and molarity normalization,
sequencing was performed with a NextSeq 2000 (Illumina, San Diego, USA) using 100 bp

single read kits with a targeted sequencing depth of 50 million reads per sample.

Raw data processing

After quality control of raw sequencing reads with FastQC (vo.12.1), the following steps were
performed to remove sequencing artifacts: 1) Removal of sequencing adapters, terminal polyG
sequences (min 10 G’s), and quality trimming (BBTools - bbduk.sh v39.01). 2) Removal of
terminal single A introduced by library preparation (BBTools - bbduk.sh v39.01). 3) Size
selection of sequenced reads allowing lengths greater than 20 bp and smaller than 60 bp
(BBTools - bbduk.sh v39.01). 4) Removal of sequencing reads with dust scores smaller than 7
(prinseq-lite v0.20.4) [29—31]. 5) Processed reads were mapped to the human reference
genome GRCh37 using NextGenMap (vo.5.5) with default settings [32]. 6) Mapped reads were
deduplicated with samtools rmdup (v1.6), reads in blacklisted regions were removed, and reads
with a MAPQ value < 1 were removed with samtools view (v1.6) [33,34]. Resulting reads were
converted to BigWig for visualization and other downstream analyses with deeptools (bin size

= 10, normalization = counts per million (CPM), bamCoverage v3.5.2) [35].

Peak calling and annotation

For footprint DNA data, peaks were called with MACS2 callpeak (narrow: --nomodel --extsize
32 --call-summits --min-length 30 -q 0.05; v2.2.9.1) [36]. Consensus peaks of a condition were

identified with R if narrow peaks were identified in at least fifty percent of samples of a given
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condition. In addition, consensus peaks less than 31 nucleotides apart were merged. Consensus
peaks were annotated to genomic functional elements with bedtools (nuc; v2.30.0) [37]
including gene bodies, CpG islands, cis-regulatory elements (CREs) and transcription factor
binding sites (TFBS). References for functional elements are provided on github and were
originally retrieved from UCSC (CpG islands: UCSC TableBrowser, track name=cpglslandExt;
TFBS: UCSC TableBrowser, track name=encRegTf{bsClustered) and ENCODE (CREs:

https://doi.org/doi:10.17989%2FENCSR461KLY,  https://doi.org/doi:10.177989%2FENCSR471KRT,

https://doi.org/doi:10.17989%2FENCSR676 GWZ, https://doi.org/doi:10.17989%2FENCSR405FRQ).

Transcription factor motif enrichment analysis

Enriched transcription factor motifs were identified with MEME (AME; --scoring avg --
method fisher; v5.4.1) [38]. Input DNA sequences were retrieved from consensus peaks with
bedtools (nuc; v2.30.0) and analyzed for enrichment of motifs in the
HOCOMOCOv11_core_ HUMAN_mono database [37,39]. DNA sequences from each
condition's consensus peak set served as test or control, e.g., consensus peak DNA sequences
from bacterial sepsis as test for consensus peak DNA sequences from viral sepsis as control.

Motifs with adjusted p-values < 0.05 were considered significantly enriched.

Identification of differentially occupied genomic regions

Differentially enriched genomic regions were identified from the respective consensus peak
sets of two conditions of sepsis outcomes or sepsis infection types. Genomic GC content of the
consensus peak set used in a comparison was extracted with bedtools (nuc; v2.30.0), for later
normalization of read counts [37]. Raw read counts were obtained with deeptools
(multiBamSummary; v3.5.2) [35]. The read count matrix, GC content information and
experiment design were used as input for differential enrichment analysis in R with EDASeq
and edgeR packages (EDASeq v2.32.0; withinLaneNormalization (y="GC’, which="full’),
betweenLaneNormalization (which="full’), glmFit, glmLRT) [40,41]. Genomic regions with an
adjusted p-value < 0.05 and a |log2(fold change)| > 0.5 were considered as differentially

enriched regions (DERs). In addition, regions were ranked by p-values per fold change
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direction. From the ranked regions, the top 5 per fold change direction were selected. The top
5 DERs for the early death condition of the outcome comparison also includes regions with an
adjusted p-value > 0.05. Normalized read counts from top regions were visualized as heatmaps
with gplots (heatmap.2; v3.1.3; log2(normalized read count + 1), z-scaling per region,
clustering by regions and samples using Euclidean distance and ward.D2 clustering).
Normalized read counts of the top regions per condition were used as input for a principal
component analysis (PCA) in R (prcomp; center=TRUE, .scale=TRUE). The first two principal
components were evaluated for their discriminative power of the experimental conditions with

receiver operating characteristic (ROC) analysis in R (pROC; v1.18.0).

For the infection type comparison, bacterial and viral sepsis samples were separately compared
to non-infected control samples. All three comparisons, bacterial vs. viral, bacterial vs. no
infection, and viral vs. no infection, yielded each 10 top DERs, in total 30. The GC content,
sequencing depth, and region size normalized read counts from these regions were used for

PCA.

Correlation analyses between clinical metrics and short cfDNA

For the correlations between footprint DNA and clinical metrics, two patient groups were used.
The 'Identification' cohort (n = 28) included time course samples from six sepsis patients over
21 days, with eight samples missing due to unavailability or exclusion as described earlier [11].
Afterwards, identified correlates were validated with independent samples of varying time
points from additional sepsis patients (‘Test’ cohort, n = 34). Correlations were derived from
read counts of genomic bins to ensure an analysis that encompasses the entire genome, rather
than focusing solely on regions with detectable peaks in the samples. This approach allows the
detection of variations across the full dynamic range of read counts, including low or zero
values, which might be missed by peak-calling methods. The genome was split in 30,962,143
bins of length 100nt and the short ¢cfDNA reads per bin were counted. Read counts of bins were
adjusted for GC content in R with EDASeq (EDASeq v2.32.0; withinLaneNormalization
(y="GC’, which="full’)) [40]. After GC adjustment, values were transformed to transcripts per

million (TPM), to account for the sequencing depth of each sample [42]. Pearson correlations
9
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were calculated between normalized read counts of each bin and the following clinical metrics:
activated partial thromboplastin time, alanine aminotransferase, albumin, alkaline
phosphatase, aspartate aminotransferase, bilirubin, C-reactive protein, creatinine,
erythrocytes, hemoglobin, leukocytes, procalcitonin, Quick s value, thrombocytes, and urea.
Correlation values were computed for each patient individually and all samples combined. For
the latter , p-values were adjusted for multiple testing using the false discovery rate (FDR) [43].
For metrics with over 50 bins having an FDR < 0.05, the top 50 bins were selected based on
the sum of the combined and patient-wise correlation values. The correlates from the
identification cohort were evaluated for robustness with the test cohort. This evaluation was
based on the correlation value in the test cohort and the mean absolute error (MAE) to a linear
model fitted on the identification cohort. Outliers, defined as values outside the identification
cohort's clinical metric data range, were excluded from thew test cohort. Correlates with the
strongest correlation and smallest MAE were manually manual inspected to ensure that the
correlation was not overestimated by a subset of data points. All correlation analyses were

executed with python.
Statistics

Summary statistics for sepsis infection type and sepsis outcome cohorts were calculated in R
(tidytlg; vo.1.4). For numerical metrics, mean with standard deviation, median, range, and
interquartile range are reported. Categorical metrics are reported as percentages. Numerical
metrics were tested for difference of medians using a two-sided Wilcoxon rank-sum test.
Categorical metrics were tested for differences in proportions using a two-sided Fisher's exact
test. The discriminatory power of numerical metrics for the patient groups in the two cohorts
was evaluated using the area under the receiver operating characteristic (AUROC) curve
calculated in R (pROC; v1.18.0). 95 % confidence interval values of AUROC values are reported
and were calculated using DeLong’s method. Differences between ROC curves were tested for
significance with the bootstrap method of pROC. Optimal classification thresholds are

provided that have been calculated using the Youden criterion.

10
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Optimal classification thresholds derived from ROC analyses were used to categorize patients
in the outcome cohort into high-risk or low-risk groups for mortality. Subsequently, time-to-
event analyses were conducted to evaluate potential differences between these groups. Cox
proportional hazards models were fitted using R, and significance of differences was assessed
with pairwise_survdiff function from survminer (v0.4.9) and survival (v3.5.7). Hazard ratios

were calculated and tested for statistical significance using the Wald test.

Role of the funding source

This study was financed with internal funds from the Fraunhofer society, which had no direct
role in the study design, in the collection, analysis, and interpretation of data, in the writing of

the manuscript, or in the decision to submit the paper for publication.

Results

Characterization of footprint DNA

Released DNA in the bloodstream gets rapidly degraded by DNA digesting enzymes, like DNase
I, generating circulating cell-free DNA (cfDNA). Histones and other DNA binding proteins
(DBP), like transcription factors, protect cfDNA from degradation (Figure 1a). Footprint DNA
fragments originating from DBPs are generally shorter compared to ¢fDNA from histones,
which facilitates specific enrichment and high-throughput sequencing of these fragments.
Sequencing reads of footprint DNA are enriched at regulatory genomic sites like promoters,
enhancers, transcription factor binding sites (TFBS), at CpG islands or in proximity to
transcription start sites (TSS) [12,44] (Figure 1a, b, Supplement Figure 1 and
Supplement Figure 2). An exemplary genomic region with enrichment of footprint DNA
reads is shown for the NOCT gene (Figure 1b). Enrichment and sequencing of footprint DNA
provides genome-wide information on regulatory interactions between DBPs and the genome,
which correlates with the host response of sepsis patients and thus can be used to identify

valuable biomarkers. Accordingly, genomic regions with differentially enriched footprint DNA
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reads, potentially revealing bona fide biomarkers, were inferred from peak calls, while
correlations between footprint DNA signals and clinical metrics were identified from genomic

partitions (bins) of 100 bp in size (Figure 1b zoom).
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Figure 1: Origin of footprint DNA and genome-wide signal extraction approaches. a) CfDNA is
protected from enzymatic digestion in the bloodstream either by histones (purple) or other DNA-binding proteins
(DBP, footprint DNA, green). Isolating cfDNA from the plasma of patients, enriching DBP-bound footprint DNA
according to size and sequencing it yields amplified signals at regulatory elements such as promoters or
transcription start sites (TSS) of genes. Created in BioRender [Sonntag M., 2025, https://BioRender.com/i06x610].
Exemplary footprint DNA read enrichment at the NOCT gene promoter, enhancer, CpG island, and various TFBS.
Either by peak calling (left) or by dividing the human genome into bins, footprint DNA signals can be extracted and
analyzed (right, zoom in).
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Footprint DNA contains information about sepsis patient physiology

Footprint DNA provides genome-wide information about the interaction of regulatory proteins
with the genome. Next, we investigate whether this information can be linked to known
physiological functions measured by established clinical parameters. Blood and plasma
samples were collected from sepsis patients over a period of 21 days for routine clinical
measurements and plasma extraction (Figure 2a). Patient characteristics and physiological
parameter are depicted in Supplement Table 1 and Supplement Table 2. Plasma was used
for footprint DNA enrichment, sequencing, and extracted signals from the bin approach were
evaluated for correlations to routine laboratory parameters. Parameters were evaluated for
liver function (alanine aminotransferase (ALT), albumin, alkaline phosphatase (ALP),
aspartate aminotransferase (AST), and bilirubin), kidney function (creatinine and urea),
immune response (C-reactive protein (CRP), leukocytes, and procalcitonin (PCT)), blood
coagulation system (activated partial thromboplastin time (aPTT), Quick's value and
thrombocytes), as well as oxygen transport (erythrocytes, hemoglobin). The correlations
between footprint DNA signals and described metrics were tested both patient-centered and
between patients (‘identification’ cohort) as well as validated in completely independent

samples (‘test’ cohort).

For four physiological parameters, significant footprint DNA correlations were identified,
including kidney function (urea; Figure 2b), immune response (PCT; Figure 2c¢), oxygen
transport (hemoglobin; Figure 2d), and liver function (ALT; Figure 2e). Additionally,
weaker correlates for additional liver functions (ALP, AST, and bilirubin; Supplement
Figure 3a-c) and oxygen transport (erythrocytes; Supplement Figure 3d) were also
identified. Patient physiology can change dynamically within a few days, leading to an
exponential decrease of PCT in patient S33, for example (Figure 2¢). Within the identification
cohort for all six patients combined, footprint DNA signals correlate significantly and strongly
with clinical parameters including urea (Pearson r: 0.766) or PCT (Pearson r: 0.806) (Figure
2b-e). At the individual patient level, correlations also showed similar trends (Supplement

Figure 4, Supplement Figure 7). These correlations were then further validated using
13
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samples from an independent test cohort (Supplement Table 3). Although extent of
correlations decreased (Pearson r: 0.586 for urea and 0.440 for hemoglobin) and the MAEs of
the linear fits increased, a moderate correlation with the clinical parameters was still observed
(Figure 2b-e right plot). These results suggest that sequencing footprint DNA can provide
semi-quantitative information to describe dynamic physiological changes of clinical metrices,

which are used to assess the current status of the patient, e.g., organ function.
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Figure 2: Correlation of footprint DNA signals to physiological markers. a) Experimental design for the
identification and verification of footprint DNA correlates. Routine clinical metrics as well as short cfDNA
sequencing data were acquired from six septic patients over 21 days (Identification, n=28 samples, 6 individuals).
Independent samples from other septic patients were used for validation (Test, n=34 samples, 19 individuals).
Created in BioRender [Sonntag M., 2025, https://BioRender.com/w86w257]. b-e) In the identification cohort,
footprint DNA markers from the six patients were correlated patient wise to routine clinical metrics (left three plots)
and across all patients (second right plot). In the test cohort, independent samples from sepsis patients were used
for validation of identified correlation results. Reported correlations are pearson correlation values (r). Adjusted p
values of correlations across patients: urea: r=0.766, p=0.0011; PCT: r=0.806, p=0.0163; hemoglobin: r=0.820,
p=0.0424; ALT: r=0.784, p=0.0165. The red lines show the fitted linear function based on the identification cohort
from which the MAE is calculated. PCT, procalcitonin; ALT, alanine transaminase: MAE, mean absolute error.
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Footprint DNA accurately predicts type of infection in sepsis

In clinical sepsis diagnostic, PCT is routinely measured to monitor bacterial sepsis, with
potential use in detecting bacterial sepsis. However, PCT not always provides reliable results
to differentiate between bacterial and non-bacterial sepsis. Therefore, our cohort was used to
determine whether footprint DNA markers are able to differentiate between sepsis infection
types and uninfected controls already at the day of admission to the ICU (Figure 3a and
Supplement Table 4). Bacterial and viral sepsis groups of the cohort do not differ
significantly in any of the measured standard clinical parameters (Supplement Table 5). In
clinical routine, procalcitonin (PCT) is often used as an indicator for bacterial sepsis, however,
we found PCT values only significantly different between non-infected postoperative controls
(POP) and infected patients, but not between bacterial and viral septic patients (Supplement
Figure 9). Footprint DNA markers were identified by differential read coverage analysis from
the consensus peaks of each condition (Supplement Figure 10). The top five differentially
enriched regions (DER) per condition and per comparison (POP vs. viral, POP vs. bacterial,
bacterial vs. viral; in total 30 DERSs) separate the three infection types by the first and second
principal components applying a principal component analysis (PCA) (Figure 3b and
Supplement Figure 11). Separation of these groups based on the top 30 DERs from the three
comparisons is also accomplished by hierarchical clustering (Supplement Figure 12 and
Supplement Figure 13a-c). Differential enrichment analysis for bacterial vs. viral sepsis
revealed 220 DER in bacterial and 68 DER in viral sepsis, respectively (Figure 3c). Among
significantly enriched bacterial DERs, a distinct differential DNA footprint in the promoter
region of the AP1B1 gene could be detected (Supplement Figure 12). Among significant viral
DERs, differential footprint DNA signals could be exemplarily detected in the promoter of the
RNA Polymerase III subunit B (POLR3B) or the solute carrier family 30 member 10
(SLC30A10), respectively (Supplement Figure 12). Receiver operating characteristics
(ROC) analysis was used to compare the discriminatory and predictive power of the top DER
with PCT. Results show that footprint DNA is a significantly better predictor of sepsis infection

type than PCT (area under the ROC curve (AUROC): footprint DNA=1.000 vs. PCT=0.750;
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p=0.0354) (Figure 3d). Additionally, differential enrichment of transcription factor binding
motifs analysis was performed to identify regulatory proteins that may be involved in the
discrimination of the conditions. In total, 37 significantly enriched transcription factor motifs
for bacterial and 186 for viral sepsis were detected, respectively (Figure 3e,f). For viral sepsis
the most significantly enriched binding motif belongs to SMAD family member 3 (SMAD3),
while two Kruppel-like factors (KLF12 and KLF9) were detected among the top 10 most

significant motifs in bacterial sepsis (Figure 3e,f).
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Figure 3: Discrimination of sepsis infection types by footprint DNA. a) Experimental design: For 23
samples (8 viral sepsis patients, 10 bacterial sepsis, 5 non-infected postoperative controls) plasma was prepared,

footprint DNA

enriched

and  sequenced.

Created

in

BioRender [Sonntag M., 2025,

https://BioRender.com/d50d259]. b) Principal component analysis based on the top 30 identified differentially
enriched regions separates viral from bacterial sepsis and from non-infected postoperative controls. c¢) Differential
enrichment analysis volcano plot for the comparison of viral and bacterial sepsis. Differentially enriched regions
are colored according to their respective condition (adjusted p-value < 0.05 and |log2 (fold change)| = 0.5). d)
Receiver operating characteristics analysis based on the top 10 identified Liquid Footprinting (LF) biomarkers from
¢) and for the routine clinical parameter PCT (95% confidence intervals are included for AUROC values; p=0.0354).
e) and f) Top 10 most significant differentially enriched transcription factor motifs in bacterial sepsis (e) and in viral

sepsis (f).
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Footprint DNA accurately predicts early death in sepsis

Prognostic biomarkers for the prediction of outcome in sepsis can be crucial to administer the
most suitable treatment options and to reduce adverse outcomes. We therefore defined a
cohort of severe sepsis cases (‘outcome’ cohort) including 22 sepsis survivors (survival > 28
days) and 21 early death sepsis cases (death < 3 days). Based on the outcome cohort, we aim to
identify footprint DNA biomarkers for identification of early death in sepsis (Figure g4a and
Supplement Table 7). The outcome cohort groups differ significantly in eight of the 27
measured clinical metrics, with the SOFA score showing the lowest p value and the highest
AUROC of 0.76 (Supplement Table 8). Differential enrichment analysis identified one DER
for early death and seven for sepsis recovery, respectively (Figure 4b). Based on the top 5
footprint DNA signals per condition, early death and recovery from sepsis could be separated
by the second principal component from PCA (Figure 4c), as well as by hierarchical clustering
(Supplement Figure 13d). ROC analysis of the top 10 footprint DNA signals and the most
established clinical metric SOFA yielded a significantly better predictive power for the
footprint DNA biomarkers (AUROC: footprint DNA=0.983 vs. SOFA=0.760; p=0.002;
Figure 4d). Additionally, time-to-event analysis revealed that the low-risk group identified
by footprint DNA biomarkers had a significantly lower hazard ratio (HR) for death compared
to the group identified by the SOFA score (HR: footprint DNA=0.042 (95 % confidence
interval: 0.009-0.186), SOFA=0.364 (95 % confidence interval: 0.148-0.896); p=0.015;
Supplement Figure 14). Differential enrichment analysis of transcription factor binding
motifs identified 123 significantly enriched transcription factor motifs for early death and two
for sepsis recovery, respectively (Figure ge,f). For recovery in sepsis, the top binding motif

reflects the transcription factor BTB domain and CNC homolog 1 (BACH1) (Figure 4e,f).
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Figure 4: Discrimination of sepsis outcome by footprint DNA. a) Experimental design: From 43 septic
patients samples (22 early death sepsis patients and 21 recovery patients) plasma was obtained, footprint DNA
enriched and sequenced. Created in BioRender [Sonntag M., 2025, https://BioRender.com/b36q835]. b)
Differential enrichment analysis volcano plot for the comparison of early death and recovery in sepsis. Differentially
enriched regions are colored according to their respective condition (adjusted p-value < 0.05 and |log2 (fold
change)| = 0.5). ¢) Principal component analysis based on the top 10 identified differentially enriched regions
separates early death from recovery in sepsis. d) Receiver operating characteristics analysis based on the top 10
identified Liquid Footprinting (LF) biomarkers from b) and for the routine clinical metric SOFA (95% confidence
intervals are included for AUROC values; p=0.002). e) and f) Top 10 most significant differentially enriched
transcription factor motifs in recovery (e) and early death in sepsis (f).
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Discussion

Sepsis remains a global health threat, in part due to the lack of specific diagnostic tools to assess
the condition of septic patients. Monitoring the host immune response in sepsis offers valuable
insights but is currently underutilized in clinical practice [45]. Several approaches aim to
utilize host immune response information, for example gene expression data for pathogen
detection or miRNA expression data for host response characterization [46,47]. However,
dedicated sepsis biomarkers could facilitate early diagnosis, guide anti-infective therapy and
track the severity of sepsis over time [48]. Accordingly, our approach aims to identify dedicated
sepsis biomarkers based on cell-free DNA that capture the host response on the basis of a non-

invasive liquid biopsy.

Footprint DNA sequencing provides genome-wide information on the interaction between
regulatory proteins and the genome, hence signals mainly occur at regulatory genomic
elements such as promoters or TFBS (Figure 1 and Supplement Figure 1, Supplement
Figure 2). Individual footprint signals correlate to clinical, physiological parameters, such as
liver (for ALT, r = 0.784) and kidney (for urea, r = 0.766 (Figure 2). These footprint DNA
markers capture rapid changes of the clinical metrics on single patient level as well as across
all patients (Supplement Figure 4, Supplement Figure 7, Supplement Figure 8),
underlining that the dynamic in patient’s physiology can be assessed during disease
progression, i.e., during a stay on the ICU. Despite the moderate correlation strength observed
in the test cohort, the identified correlates suggest that DNA footprinting provides semi-
quantitative data about dynamic changes in the physiological state of a patient. Footprint DNA
allows body- and genome-wide the monitoring of different organ systems beyond the
hematologic system by capturing the dynamics of clinical metrices. These results also imply
that a DNA-based liquid biopsy marker can deliver physiological insights about the patient’s
status, similar to gene expression data from sources such as whole blood [49]. While this gene
expression analysis only depicts signal mainly from the hematopoietic system, footprint DNA
is capable deliver additionally information system-wide, e.g., from different organ systems or

tumors. Advanced models that integrate multiple footprint DNA signals might further increase
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correlation and therefore the prediction of established clinical metrics. However, directly
replicating well-established, reliable, and inexpensive clinical metrics offers limited added
value. Furthermore, the development of such models is limited by the comparably small cohort

size.

Inadequate treatment is associated with increased mortality in septic patients, while adequate
and early administration of anti-infective treatment leads to improved survival chances
[50,51]. Based on the top 30 DERs, we could distinguish non-infected controls from bacterial
and viral sepsis (Figure 3b). and with the top 10 DERs discriminate viral sepsis cases from
bacterial cases with an AUROC of 1.000, outperforming all clinical routine biomarkers for
infection including PCT (AUROC = 0.750) (Figure 3c,d; Supplement Table 6). Among
significant DERs enriched in bacterial sepsis, a footprint signal at the promoter of AP1B1 was
detected. AP1B1 is located at the Golgi complex to mediate recruitment and sorting of
intracellular processes. It is a known regulator of Stimulator of interferon genes (STING) and
thereby the cyclic GMP—AMP synthase (cGAS)-STING pathway. STING functions as a receptor
for bacterial cyclic dinucleotides and small molecules that activates immunity during bacterial
infection [52]. An enhancer in the AKT serine/threonine kinase 3 (AKT3) gene body was also
identified as DER. AKTS3 is known to be manipulated by bacterial infection and takes part in
immune cell signaling including macrophages [53,54]. For viral sepsis, a significant DER in
the promoter of POLR3B was detected. POLR3B is a part of the RNA polymerase III complex
and senses common DNA viruses, such as cytomegalovirus, vaccinia, herpes simplex virus-1
and varicella zoster virus. This polymerase detects and transcribes viral genomic regions to
generate AU-rich transcripts that bring to the induction of type I interferon [55,56]. Based on
the transcription factor motif analysis, transcription factors enriched in either bacterial or viral
sepsis were identified (Figure 3e,f). While the transcription factor SMAD3 is known to be
activated during viral infection[57], the family of KLF transcription factors are induced during
bacterial infection [58,59]. Also, footprint DNA sequencing outperforms common clinical
routine metrics that were summarized in a recent review by Ahuja et al. [60]. Exemplarily for

PCT, studies are described to reach an AUROC of 0.85 or lower discriminating bacterial sepsis,
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which is in concordance with our infection cohort for PCT [61]. Other approaches using either
miRNA signatures for host response profiling reach AUROC of 0.90 and 0.83 for bacterial or
viral vs. non-infection, respectively [62], while integrated host response analysis for microbe
detection reaches 0.96 [63]. Current clinical metagenomics detects microbial-derived cfDNA
and is therefore limited in their analysis to bacteria and DNA viruses [4,11]. With footprint
DNA biomarkers, also RNA-based microorganisms, e.g., RNA viruses, should be detected
based on the host response analysis. Overall, our results show that footprint DNA biomarkers
have the potential to discriminate sepsis infection types at an early time point solely on the

host response, thereby delivering important information for adequate treatment decisions.

In addition, we used ten footprint DNA markers to prognostically differentiate between early
death in sepsis and recovery cases on the day of ICU admission (Figure ga-c¢). With an
AUROC of 0.983, footprint DNA marker’s discriminatory power is significantly better than
that of clinical disease severity scoring tools such as the SOFA score (AUROC = 0.760) (Figure
4d, Supplement Table 9). The SOFA score for prediction of early death in critically ill
patients had a sensitivity of 80% in a study by Ferreira et al. [64]. Also, other clinical
parameters like lactate (AUROC = 0.66), lactate and SOFA (AUROC = 0.679 for initial
sampling), presepsin (91.5 % sensitivity 28-day mortality) or a combination of several
biomarkers including interleukin 6 and PCT (AUROC = 0.823) did not perform as promising
as footprint DNA markers [65—68]. Recent approaches utilizing machine learning models with
readily available clinical data were able to reach AUROCs between 0.83 to 0.89 depending on
study and used data [69—71]. The top TF motifs enriched in early death cases, include different
cell fate determining transcription factors including myocyte enhancer factor 2 (MEF2) and
Nanog homeobox (NANOG). However, a direct causality to sepsis severity or survival remains

elusive, yet.

Footprint DNA sequencing offers promising results for the quantitative assessment of the
dynamic physiological changes and functionality of organ systems and for the prediction of the
infection type and outcome of sepsis. At the current stage, the main limitation of this proof-of-

concept study is its small sample size of the analyses. Follow up studies are essential to verify
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the results. The complete procedure for footprint DNA sequencing and quantification has
currently a turnaround time of two days, which is valuable time for critically ill patients.
Therefore, a future improvement of the approach will involve the quantification of the most
promising footprint DNA markers in a targeted approach to shorten the turnaround time for
clinical applicability. Nonetheless, footprint DNA sequencing represents a promising new
platform to identify liquid biopsy biomarkers, here presented for application in sepsis
diagnostics. By combining the evaluation of the host response using footprint DNA with the
evaluation of pathogens using clinical metagenomics, a more holistic assessment of sepsis
could be achieved in the future. Footprint DNA biomarkers might be valuable not only for
sepsis but also in other complex diseases including autoimmune diseases, cancer or other

related fields [16].
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Supplement Figure 1: Characterizing of footprint DNA signals in regulatory elements for the
infection type cohort. Obtained peaks from footprint DNA signals were mapped against the human genome (a).
All annotated peaks were further mapped against annotated regulatory elements including transcription factors
bindings sites (TFBS, b), genes (¢), cis-regulatory elements (CRE, d) and CpG islands (e).

Outcome 8.5%
Non-annotated
a
Annoctated
91.5%
1.0%
Non-TFBS
b c 40.1%
Non-genes
Genes
59.9%
TFBS
99.0%
19.1%

d Non-CRE e

46.8%
Non-CpG
e 53.2%
80.9%
CRE

Supplement Figure 2: Characterizing of footprint DNA signals in regulatory elements for the
outcome cohort. Obtained peaks from footprint DNA signals were mapped against the human genome (a). All
annotated peaks were further mapped against annotated regulatory elements including transcription factors
bindings sites (TFBS, b), genes (c), cis-regulatory elements (CRE, d) and CpG islands (e).
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Supplement Figure 3: Correlation of footprint DNA signals to additional physiology markers.
Routine clinical metrics as well as short ¢cfDNA sequencing data were acquired from six septic patients over a 21
days timespan (Identification, n=28 samples). Independent samples from other septic patients were used for
validation (Test, n=34 samples). In the identification cohort, footprint DNA markers from the six patients were
correlated to routine clinical metrics across patients (left plot). In the test cohort, independent samples from sepsis
patients were used for validation of identified correlation results (middle plot). Correlation of footprint DNA signals
to a) Alkanine phosphatase (ALP), b) Aspartate aminotransferase (AST), c¢) Bilirubin, d) Erythrocytes. Reported
correlations are pearson correlation values (r). Adjusted p values of correlations across patients: ALP: r=0.775,
p=0.0011; AST: r=0.844, p=0.0163; bilirubin: r=0.843, p=0.0424; Erythrocytes: r=0.869, p=0.0165. The red lines
show the fitted linear function based on the identification cohort from which the MAE is calculated. MAE, mean
absolute error.
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Supplement Figure 4: Correlation of footprint DNA markers to the physiological parameter PCT for
single patients. a-f) Footprint DNA markers were analyzed for correlation to clinical metric PCT for all patients
in the physiological cohort identification set. In the left and middle panel, PCT and normalized readcounts for the
footprint, respectively, is depicted over time. The correlation of footprint DNA normalized counts and the clinical
metric PCT is shown in the right panel. Results for patients are depicted the following: a) Patient S10, b) Patient

S33, ¢) Patient S39, d) Patient S42, €) Patient S43 and f) Patient S49. PCT, procalcitonin.
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Supplement Figure 5: Correlation of footprint DNA marker to the physiological parameter
hemoglobin for single patients. a-f) Footprint DNA markers were analyzed for correlation to the clinical metric
hemoglobin for all patients in the physiological cohort identification set. In the left and middle panel, hemoglobin
and normalized readcounts for the footprint, respectively, is depicted over time. The correlation of footprint DNA
normalized counts and the clinical metric hemoglobin is shown in the right panel. Results for patients are depicted
the following: a) Patient S10, b) Patient S33, ¢) Patient S39, d) Patient S42, €) Patient S43 and f) Patient S49.
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Supplement Figure 6: Correlation of footprint DNA marker to the physiological parameter ALT for
single patients. a-f) Footprint DNA markers were analyzed for correlation to clinical metric ALT for all patients
in the physiological cohort identification set. In the left and middle panel, ALT and normalized readcounts for the
footprint, respectively, is depicted over time. The correlation of footprint DNA normalized counts and the clinical
metric ALT is shown in the right panel. Results for patients are depicted the following: a) Patient S10, b) Patient
S33, ¢) Patient S39, d) Patient S42, e) Patient S43 and f) Patient S49. ALT, alanine aminotransferase.
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Supplement Figure 7: Correlation of footprint DNA marker to the physiological parameter urea for
single patients. a-f) Normalized readcounts of footprint DNA markers were analyzed for correlation to the clinical
metric urea for all patients in the physiological cohort identification set. In the left and middle panel, urea and
normalized readcounts for the footprint, respectively, is depicted over time. The correlation of footprint DNA
normalized counts and clinical metric urea is shown in the right panel. Results for patients are depicted the
following: a) Patient S10, b) Patient S33, ¢) Patient S39, d) Patient S42, ) Patient S43 and f) Patient S49.
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Supplement Figure 8: Patient-wide correlation of footprint DNA markers to physiological
parameters. a-d) Normalized readcounts of footprint DNA markers were analyzed for correlation to each clinical
metric combined for all patients in the physiological cohort identification set. Results for clinical metrics are
depicted the following: a) urea, b) PCT, c¢) hemoglobin and d) ALT. PCT, procalcitonin; ALT, alanine

aminotransferase.
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Supplement Figure 9: PCT concentration in the infection type cohort. The concentration of Procalcitonin
(PCT) was measured for each sample and categorized to non-infection, postoperative controls (blue), viral sepsis
(pink) and bacterial sepsis (yellow). Statistical testing was performed using a two-sided Wilcoxon rank-sum test.
Resulting p-values are indicated above the brackets for each comparison.
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Supplement Figure 10: Differential enrichment analysis for non-infection controls and sepsis
samples with viral or bacterial sepsis, respectively. Differentially enriched regions (DERs) were analyzed
between two conditions for enriched transcription factor binding sites (log1o Adj. p-value < 0.05 and log2 Fold
change > 2). Significant results are colored and depicted in a Volcano plot. a) non-infection controls (blue) were
analyzed against bacterial sepsis cases (yellow) b) non-infection controls (blue) were analyzed against bacterial
sepsis cases (pink).
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Supplement Figure 11: Discrimination of non-infection, postoperative controls, viral and bacterial
sepsis via PCA. Based on the top 5 differential enriched regions (DERs) per condition, principal component
analysis (PCA) was performed. The following conditions of the infection type cohort were investigated a) bacterial
sepsis against viral sepsis b) non-infection control against bacterial sepsis ¢) non-infection control against viral

sepsis.
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Supplement Figure 12: Heatmap and hierarchical clustering of differential enrichment analysis of
the infection type comparison of non-infected controls (blue), viral (pink) and bacterial sepsis
(yellow). Based on the top 5 DER per condition, hierarchical clustering was performed. DER signals are
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Supplement Figure 13: Heatmap and hierarchical clustering of differential enrichment analysis of
the infection type and outcome cohort. Based on the top 5 DER per condition, hierarchical clustering was
performed. DER signals are normalized per row according to Z-score and color-coded. a) Heatmap for DERs for
bacterial (yellow) in comparison to viral sepsis (pink). b) Heatmap for DERs for bacterial sepsis (yellow) in
comparison to non-infected, postoperative controls (blue). ¢) Heatmap for DERs for viral sepsis (pink) in
comparison to non-infected, postoperative controls (blue). d) Heatmap for DERs for early death (black) in
compaison to recovery in sepsis (green).
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Supplement Figure 14: Time-to-event analysis comparing footprint DNA and SOFA risk groups.
Based on disease severity scoring with SOFA and footprint DNA signals, 43 patients from the outcome cohort were
assigned to the low risk SOFA (SOFA < 6; green dashed line) or high risk SOFA (Sofa > 6; black dashed line) and to
the low risk footprint DNA (low risk LF, green line) or the high risk footprint DNA group (high risk LF, black line).
Over the course of 28 days, the survival probability is depicted for each group.
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Supplement Table 1: Patient metadata summary for sepsis cases over time (physiological status

cohort).
Patient Age BMI Gender }{3‘?1}]“ RRT Weight [kg]
S10 71-80 27.36 male 171 yes 80
S33 61-70 19.05 female 162 no 50
S39 71-80 24.34 male 172 no 72
S42 71-80 20.44 male 167 yes 57
S43 61-70 25.38 male 183 no 85
S49 61-70 37.11 female 160 yes 95

Key: BMI=Body mass index, RRT=Renal replacement therapy.

Supplement Table 2: Patient metadata summary for sepsis cases over time for each physiological
parameter and time point (physiological status cohort identification).

Patient S10

Time point To T1 T2 T3 T4 Ts5
Albumin [g/L] 20.2 12.2 13.6 20.1 21.3 NA
ALT [U/L] 96 104 62 77 37 NA
AP [U/L] 73 60 78 96 389 NA
aPTT [s] 20.3 31.6 31.6 35.7 38.8 NA
AST [U/L] 40 139 304 92 135 NA
Bilirubin [uM] 10.2624 28.56368 13.6832 24.45872  51.312 NA
Creatinine [uM] 162.42 205.89 138.78 186.06 77.78 NA
CRP [mg/dL] 40.89 28.28 31.93 24.26 16.31 NA
Erythrocytes [1/pL] 2.9 2.4 2.3 2.7 2.4 NA
Her&‘}%ﬁ?me 8.2 7 6.9 7.9 7.2 NA
Hematocrite [%] 25 21 20 24 21 NA
Leukocytes [gpt/I] 10.37 16.28 11.9 10.06 8.58 NA
PCT [ng/mL] 6.40 11.67 9.96 6.80 4.88 NA
Potassium [mM] 4.7 5.87 4.39 4.96 4.26 NA
Quick [%] 87.9 64.9 92.1 57.2 109 NA
Sodium [mM] 145 142 143 139 133 NA
SOFA 6 13 13 13 14 NA
ThrE’gIB]tD/(f]ytes 501 319 243 273 125 NA
Urea [mM] 15.984 17.316 10.323 12.8205 6.1605 NA
Patient S33
Time point To T1 T2 T3 T4 Ts5
Albumin [g/L] 5.8 23.2 23.3 20 22.9 24.1
ALT[U/L] 43 18 18 6 9 8
AP [U/L] 35 46 122 125 192 172
aPTT [s] 56.5 60.1 42.8 25.8 25.2 24.8
AST[U/L] 93 39 34 14 17 12
Bilirubin [uM] 3.4208 18.8144 8.552 3.4208 3.4208 3.4208
Creatinine [uM] 43.46 59.48 48.80 44.23 36.60 34.31
CRP [mg/dL] 2.83 15.87 20.83 15.49 15.63 11.95
Erythrocytes [.1/pL] 3.4 3.2 3.7 3 3 3.8
Heﬁ(’/%lﬁ?me 9.5 8.6 10.5 8.2 8.7 10.2
Hematocrite [%] 29 26 32 25 26 31
Leukocytes [gpt/I] 2.07 7.46 19.68 23.16 21.61 20.66
PCT [ng/mL] 55.91 30.32 12.63 0.53 0.16 0.11
Potassium [mM] 3.98 3.94 NA NA NA 4.35
Quick [%] 30.7 40.5 66 63.4 61.8 63.4
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Sodium [mM] 149 146 NA NA NA 141
SOFA 11 11 11 11 8 8
Thrfg;g‘ic]ytes 345 160 105 207 612 634
Urea [mM] 5.328 5.661 6.1605 10.989 5.4945 5.4945
Patient S39
Time point To T1 T2 T3 T4 T5
Albumin [g/L] 19.9 24.9 22.3 27.4 NA NA
ALT [U/L] 13 19 70 24 NA NA
AP [U/L] 101 81 92 150 NA NA
aPTT [s] 41.2 34.8 30.2 29 NA NA
AST [U/L] 30 52 128 44 NA NA
Bilirubin [uM] 99.2032 109.4656  106.0448  25.656 NA NA
Creatinine [uM] 70.92 73.20 76.25 69.39 NA NA
CRP [mg/dL] 21.66 20.76 13.45 11.65 NA NA
Erythrocytes [1/pL] 2.5 2.5 2.5 2.2 NA NA
HerE;%lg?me 7.4 7.9 8 6.7 NA NA
Hematocrite [%] 23 23 23 21 NA NA
Leukocytes [gpt/I] 16.74 9.33 4.77 3.46 NA NA
PCT [ng/mL] 2.75 2.32 1.94 0.56 NA NA
Potassium [mM] 4.73 4.81 4.37 4.15 NA NA
Quick [%] 59.1 69.9 83.5 80.8 NA NA
Sodium [mM] 138 143 147 139 NA NA
SOFA 15 15 15 2 NA NA
Thrﬁ;;l)/(f]ytes 92 69 78 197 NA NA
Urea [mM] 6.66 7.8255 9.324 5.4945 NA NA
Patient S42
Time point To T2 T3 T4 Ts5 Ts5
Albumin [g/L] 31 NA NA 12.1 26.3 30.6
ALT [U/L] 5 NA NA 4 5 5
AP [U/L] 45 NA NA 223 183 137
aPTT [s] 25.3 NA NA 47.9 43.6 25.3
AST[U/L] 14 NA NA 15 16 16
Bilirubin [uM] 6.8416 NA NA 5.1312 3.4208 3.4208
Creatinine [uM] 93.79 NA NA 136.49 92.27 77.78
CRP [mg/dL] 15.16 NA NA 19.33 15.37 10.37
Erythrocytes [1/pL] 4 NA NA 2.8 2.3 2.7
Helg’/%g])me 1.7 NA NA 8.3 6.9 7.9
Hematocrite [%] 34 NA NA 25 21 24
Leukocytes [gpt/I] 2.12 NA NA 13.04 9.04 10.95
PCT [ng/mL] 32.90 NA NA 2.87 0.78 0.19
Potassium [mM] 3.71 NA NA 4.46 4.14 4.01
Quick [%] 91 NA NA 91 110 101.3
Sodium [mM] 136 NA NA 141 134 132
SOFA 14 NA NA 13 8 6
Thngr;Bc;f]ytes 156 NA NA 147 468 350
Urea [mM] 6.1605 NA NA 10.656 5.994 6.1605
Patient S43
Time point To T1 T2 T3 T4 Ts
Albumin [g/L] 30.7 14.1 15.5 27.1 NA NA
ALT [U/L] 22 23 18 29 NA NA
36

79



medRxiv preprint doi: https://doi.org/10.1101/2025.01.29.25320179; this version posted January 29, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRkxiv a license to display the preprint in

It is made available under a CC-BY-NC 4.0 International license .

5 Short double-stranded cfDNA for sepsis diagnostics

perpetuity.

AP [U/L] 36 76 57 90 NA NA
aPTT [s] 50.2 37.8 38.7 27.2 NA NA
AST [U/L] 35 40 27 40 NA NA
Bilirubin [uM] 6.8416 6.8416 5.1312 6.8416 NA NA
Creatinine [uM] 106.76 79.30 73.97 63.29 NA NA
CRP [mg/dL] 43.03 49.99 43.01 18.11 NA NA
Erythrocytes [1/pL] 2.1 2.6 2.2 2.4 NA NA
HerElgo/%El])me 7.7 7.9 7 7.4 NA NA
Hematocrite [%] 22 25 22 22 NA NA
Leukocytes [gpt/I] 2.15 12.41 11.31 13.55 NA NA
PCT [ng/mL] 36.14 41.07 24.38 1.70 NA NA
Potassium [mM] 4.17 4.23 4.09 3.95 NA NA
Quick [%] 82.4 85.3 111 91 NA NA
Sodium [mM] 145 150 152 141 NA NA
SOFA 12 12 12 4 NA NA
Thrﬁ;;t’/(ﬁytes 187 128 152 165 NA NA
Urea [mM] 8.8245 7.8255 9.4905 7.1595 NA NA
Patient S49
Time point To T1 T2 T3 T4 T5
Albumin [g/L] 24.1 NA 17.6 NA NA NA
ALT [U/L] 23 NA 19 24 22 17
AP [U/L] 72 NA 66 123 204 219
aPTT [s] 32.3 NA 40.1 25.9 290.1 24
AST [U/L] 63 NA 118 114 43 26
Bilirubin [uM] 3.4208 NA 11.9728 10.2624 5.1312 6.8416
Creatinine [uM] 275.28 NA 128.87 50.33 39.65 30.50
CRP [mg/dL] NA NA 29.45 12.07 18.67 5.11
Erythrocytes [1/pL] 3.5 NA 3 2.9 2.4 2.4
Heﬁc}%ﬁ?lne 10.4 NA 9.4 8.7 7.3 7.5
Hematocrite [%] 29 NA 25 25 21 21
Leukocytes [gpt/I] 4.13 NA 3.62 1.07 1.23 5.15
PCT [ng/mL] 3.71 NA 2.02 0.30 0.14 0.05
Potassium [mM] 4.6 NA 4.77 4.18 4.2 3.8
Quick [%] 50.9 NA 92.8 69.9 96.9 89.2
Sodium [mM] 140 NA 141 161 150 140
SOFA 17 NA 14 8 4 1
Thrf’grggof]ytes 70 NA 62 32 53 341
Urea [mM] 41.625 NA 18.1485 21.312 11.322 7.659
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Supplement Table 3 — Patient metadata summary for sepsis cases over time for each physiological

parameter and time point from the validation set (physiological status test validation cohort).
NA=not available

Patient So3 Patient Sos Patient
S11
Time point T2 T3 T4 T1 T3 T4 T3
Albumin [g/L] 13.9 23 28.3 21.4 20.5 NA 20.1
ALT [U/L] 29 19 43 39 41 NA 36
AP [U/L] 108 240 204 129 166 NA 203
aPTT [s] 40.2 25.2 26.8 30.6 22.4 NA 30
AST [U/L] 27 23 71 11 39 NA 27
Bilirubin [uM] 27.3664 17.104 6.8416 13.6832 8.552 NA 39.3392
Creatinine [uM] 80.83 39.65 32.79 91.50 38.13 NA 105.99
CRP [mg/dL] 21.4 14.32 9.85 26.85 1.98 NA 14.1
Erythrocytes 2.9 3.3 2.7 3.9 3 NA 2.9
[1/pL]
Hemoglobine 9.1 10.2 8.1 11.8 9.4 NA 8.6
[g/dL]
Hematocrite [%] 26 29 25 36 27 NA 29
Leukocytes 16.87 24.13 14.36 26.32 17.84 NA 15.66
[gpt/L]
PCT [ng/mL] 1.78 0.20 0.08 2.62 0.13 0.04 1.29
Potassium [mM] 4.43 4.49 4.53 4.39 4.65 NA 5.07
Quick [%] 61.8 97.8 108.7 80.6 95.8 NA 73.7
Sodium [mM] 141 130 136 143 137 NA 153
SOFA 10 1 1 9 1 1 11
Thrombocytes 148 338 845 193 572 NA 392
[gpt/L]
Urea [mM] 7.326 5.661 3.663 11.1555 4.995 NA 16.65
Patient Patient Patient Patient Patient S21 Patient
S13 S14 S16 S17 S29
Time point T3 T3 T2 T4 T2 T3 To
Albumin [g/L] NA 22.9 18.9 28.6 24.8 21.3 21.3
ALT [U/L] 45 41 14 75 14 9 18
AP [U/L] 116 177 54 120 103 85 50
aPTT [s] 33.7 24.5 31.3 26.9 28.5 30.3 41
AST [U/L] 20 57 21 62 22 19 43
Bilirubin [uM] 5.1312 8.552 8.552 3.4208 5.1312 3.4208 17.104
Creatinine [uM] 93.79 47.28 83.12 57.95 223.42 73.97 92.27
CRP [mg/dL] 11.6 8.65 17.14 16.97 20.29 13.65 4.75
Erythrocytes 2.9 3 2.7 2.1 3.2 2.6 2.8
[1/pL]
Hemoglobine 8.8 8.5 7.9 6.7 9.9 8.2 8.2
[g/dL]
Hematocrite [%] 27 26 24 20 32 25 25
Leukocytes 19.92 19.66 4.55 8.14 17.23 14.69 2.58
[gpt/L]
PCT [ng/mL] 0.31 0.42 1.32 0.18 50.81 2.56 15.4
Potassium [mM] 4.7 4.37 4.26 4.28 4.83 4.67 3.82
Quick [%] 100.2 111.4 85.4 100.2 100.8 92.3 65.1
Sodium [mM] 145 148 148 135 136 140 148
SOFA 7 10 12 1 12 9 13
Thrombocytes 207 347 173 347 71 149 143
[gpt/L]
Urea [mM] 18.981 18.8145 16.317 4.4955 18.8145 11.4885 16.65
Patient S27 Patient S30 Patient S32
Time point To To To T2 T4 T2 T3
Albumin [g/L] 17.1 17.1 23.3 20.6 24.1 22.7 22.2
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ALT [U/L] 16 16 17 188 32 47 34

AP [U/L] 34 34 230 153 289 113 126
aPTT [s] 35.9 35.9 27 23.9 23.6 24.4 24.9

AST [U/L] 29 29 29 322 31 90 30

Bilirubin [uM] 6.8416 6.8416 18.8144 13.6832 10.2624 8.552 11.9728
Creatinine [uM] 137.26 137.26 66.34 124.29 47.28 74.73 68.63

CRP [mg/dL] 18.58 18.58 30.89 26.01 15.4 24.16 14.97
Erythrocytes 3.2 3.2 2.4 2.5 2.7 3 2.7
[1/pL]
Hemoglobine 9 9 6.5 7.3 8 9.6 8.6
[g/dL]
Hematocrite [%] 29 29 20 22 24 30 26
Leukocytes 17.81 17.81 13.67 34.96 9.52 19.34 15.98
[gpt/L]
PCT [ng/mL] 178.72 178.72 1.14 6.55 0.13 2.72 0.26
Potassium [mM] 5.18 5.18 3.81 4.43 4.05 5.17 4.47
Quick [%] 49.1 49.1 83.7 106 78.6 106 87.6
Sodium [mM] 143 143 136 143 143 148 144
SOFA 9 9 10 12 4 12 4
Thrombocytes 248 248 1127 505 751 258 327
[gpt/L]
Urea [mM] 9.324 9.324 4.995 7.659 3.33 11.655 12.8205
Patient S35 Patient Patient S44
S41
Time point T3 T4 T3 To T1 T6
Albumin [g/L] 24.3 19.1 24.3 17.3 15.2 19.9
ALT [U/L] 9 23 9 282 287 51
AP [U/L] 112 98 112 37 41 109
aPTT [s] 29.2 40.9 29.2 38.2 53.3 39.9
AST [U/L] 21 37 21 458 415 136
Bilirubin [uM] 11.9728 11.9728  11.9728 32.4976  22.2352 8.552
Creatinine [uM] 57.19 42.70 57.19 269.94 232.57 237.15
CRP [mg/dL] 13.72 8.7 13.72 1.92 28.18 6.32
Erythrocytes 3.2 2.7 3.2 3.5 2.7 2.1
[1/pL]
Hemoglobine 9.3 7.9 9.3 10.2 8.1 6.4
[g/dL]
Hematocrite [%] 28 25 28 30 24 20
Leukocytes 10.26 11.2 10.26 18.15 16.17 20.27
[gpt/L]
PCT [ng/mL] 3.98 0.47 3.98 75.36 90.63 3.67
Potassium [mM] 4.2 4.58 4.2 5.47 5.89 4.41
Quick [%] 82.4 87.1 82.4 67.2 84 51.4
Sodium [mM] 143 159 143 144 143 155
SOFA 4 12 4 15 13 11
Thrombocytes 263 53 263 221 203 161
[gpt/L]
Urea [mM] 9.324 22.977 9.324 18.315 14.8185  43.956
Patient S45 Patient S46 Patient S47 Patient
S51
Time point To T3 To T3 To T3 To
Albumin [g/L] 27.3 29.7 25.7 28 NA NA NA
ALT[U/L] 18 14 96 205 24 NA NA
AP [U/L] 155 150 53 107 52 NA 49
aPTT [s] 28.7 30.5 31.5 53.3 27.1 22.8 39.4
AST[U/L] 32 23 87 77 44 NA 24

Bilirubin [uM] 3.4208 3.4208 64.9952  97.4928 18.8144 NA 15.3936
Creatinine [uM] 240.96 247.06 158.61 222.66 465.91 143.36 130.39
CRP [mg/dL] 23.93 17.61 16.71 30.03 33.64 NA 36.72
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Erythrocytes 4 3.5 2.9 3.4 4.6 3.7 4.5
[1/pL]
Hemoglobine 10.5 8.9 8.6 10.3 14.5 11.1 14.2
[g/dL]
Hematocrite [%] 34 28 24 30 40 35 41
Leukocytes 17.33 26.83 4.39 17.6 8.23 15.01 2.57
[gpt/L]
PCT [ng/mL] 0.40 0.36 35.00 5.71 64.40 1.35 21.61
Potassium [mM] 4.73 4.98 4.23 4.82 3.6 5.16 4.35
Quick [%] 101.3 100.9 82.4 73.5 65.2 76.3 27.4
Sodium [mM] 141 145 146 154 137 155 138
SOFA 11 12 17 15 14 4 12
Thrombocytes 457 656 83 277 281 348 172
[gpt/L]
Urea [mM] 11.4885 15.4845 7.992 25.4745 29.304 16.65 12.1545

Key: ALT=Alanine aminotransferase, AP=Alkaline phosphatase, AST=Aspartate aminotransferase,
aPTT= activated Partial Thromboplastin Time, CRP=C-reactive protein, PCT=Procalcitonin,
SOFA=Sequential organ failure assessment, RRT=Renal replacement therapy; Note: NA reflects
missing values (not available)
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Supplement Table 4 — Patient descriptive data, pathogen burden, outcome and infection type
summary for sepsis cases in infection type cohort. Early death reflects patients that died within two days
after ICU admission. Survivors reached the end of the study at 28 days after ICU admission.

Patient Age Sex Pathogen burden Outcome Infection
type
01-061 61-70  Female Escherichia coli, Eubacterium Recovery Bacterial
rectale
01-078 71-80 Male Bacteroides spp., E. coli Recovery Bacterial
01-001 71-80 Male Morganella morgantii, Recovery Bacterial
Bacteroides fragilis
06-016 61-70 Male Propionibacterium acnes Early death Bacterial
03-004 71-80  Female Proteus mirabilis, E. coli Recovery Bacterial
01-113 71-80 Male Enterococcus faectum, Early death Bacterial

Ruminococcus sp. SR1/5,
Bacteroides vulgatus

06-017 51-60  Female Haemophilus parainfluenzae, Recovery Bacterial
Veillonella parvula
06-037 71-80 Male Escherichia coli, Enterococcus Recovery Bacterial
faecium
01-075 61-70 Male Enterococcus faectum, Recovery Bacterial

Klebsiella pneumoniae,
Enterobacter cloacae

01-118 71-80 Male Enterobacter aerogenes, Recovery Bacterial
Escherichia coli

01-104 71-80 Male Human herpesvirus 5 Recovery Viral

03-030 71-80 Male Human herpesvirus 6B Recovery Viral

03-046 81-90 Male Human herpesvirus 1 Recovery Viral

05-015 41-50  Female Human herpesvirus 6A Recovery Viral

08-015 51-60 Male Human mastadenovirus C Recovery Viral

09-047 81-90 Male Human herpesvirus 6B Recovery Viral

11-014 61-70 Male Human herpesvirus 5, Human Recovery Viral

herpesvirus 1

01-002 51-60 Male Human herpesvirus 6B Recovery Viral
POP6_T1 N.A. N.A. n.d. Recovery Non-infected
POP6_T2 N.A. N.A. n.d. Recovery Non-infected
POP1_T1 N.A. N.A. n.d. Recovery Non-infected
POP11_T2 N.A. N.A. n.d. Recovery Non-infected
POP8_T1  N.A. N.A. n.d. Recovery Non-infected
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Supplement Table 5 — Patient metadata summary statistics for bacterial and viral sepsis cases
(infection type cohort). SD = Standard deviation, IQ = Inter quartile

Infection type
Bacterial Viral
Age
N 10 8
Mean (SD) 71.1 (6.79) 66.4 (15.69)
Median 71.5 69.5
Range (57; 79) (41; 86)
IQ range (68.0; 76.0) (54.0; 78.5)
Albumin [g/L]
N 9 6
Mean (SD) 27.73 (2.310) 24.78 (7.776)
Median 26.60 26.20
Range (25.7; 32.2) (11.0; 32.5)
IQ range (26.00; 29.00) (21.75; 31.00)
ALT [U/L]
N 10 7
Mean (SD) 148.1 (158.39) 465.7 (734.08)
Median 67.0 268.5
Range (22; 473) (24; 2086)
IQ range (43.0; 291.0) (48.0; 494.0)
AP [U/L]
N 10 6
Mean (SD) 120.1 (66.60) 106.7 (62.46)
Median 104.5 89.0
Range (63; 270) (48; 192)
IQ range (76.0; 122.5) (48.6; 174.0)
aPTT [s]
N 10 8
Mean (SD) 39.0 (10.08) 34.9 (7.94)
Median 38.5 33.8
Range (25; 58) (24; 48)
IQ range (33.0; 47.0) (29.5; 40.5)
AST[U/L]
N 10 6
Mean (SD) 240.6 (316.32) 751.2 (648.67)
Median 117.0 685.0
Range (34; 1080) (72; 1747)
IQ range (68.5; 294.0) (128.0; 1190.0)
Bilirubin [uM]
N 10 8
Mean (SD) 31.984 (24.2498) 19.087 (16.5312)
Median 28.222 10.981
Range (4.28; 80.39) (8.55; 47.89)
IQ range (12.828; 53.878) (8.980; 28.164)
BMI
N 10 8
Mean (SD) 26.12 (3.748) 26.16 (4.787)
Median 27.20 26.99
Range (17.9; 30.1) (18.3; 31.8)
IQ range (24.62; 29.07) (22.33; 30.27)

Creatinine [uM]
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Infection type
Bacterial Viral
N 10 8
Mean (SD) 137.600 (91.0104) 220.083 (139.6112)
Median 88.836 179.197
Range (56.05; 269.94) (61.00; 494.50)
IQ range (73.204; 264.220) (129.043; 294.340)

CRP [mg/dL]

N 10 7
Mean (SD) 19.04 (12.300) 19.47 (10.791)
Median 17.25 15.53
Range (3.1;39.4) (5.8; 37.1)
IQ range (12.17; 27.02) (11.90; 29.03)
Sex
N 10 8
Male 7 (70.0%) 7 (87.5%)
Female 3(30.0%) 1(12.5%)
GFR [mL/min]
N 9 8
Mean (SD) 53.28 (23.440) 34.10 (22.929)
Median 57.50 26.90
Range (16.4; 87.0) (10.8; 81.0)
IQ range (52.95; 59.70) (18.28; 45.33)

Hematocrit [%]

N 10 8
Mean (SD) 28.9 (4.13) 30.9 (5.24)
Median 27.9 30.1
Range (24; 38) (25; 41)
1Q range (26.0; 29.9) (26.8; 33.5)
INR
N 10 8
Mean (SD) 1.540 (0.3237) 1.326 (0.4704)
Median 1.450 1.253
Range (1.26; 2.37) (0.90; 2.40)
IQ range (1.305; 1.600) (1.025; 1.375)
Lactate [mM]
N 10 8
Mean (SD) 6.473 (5.3764) 2.866 (1.9934)
Median 4.249 2.077
Range (1.00; 18.97) (0.65; 5.98)
IQ range (3.258; 9.100) (1.325; 4.750)
Leukocytes [gpt/I]
N 10 8
Mean (SD) 16.018 (8.9481) 16.486 (6.9768)
Median 16.223 14.860
Range (2.17; 34.80) (9.55; 30.73)
IQ range (8.900; 20.400) (11.085; 19.860)
PCT [ng/mL]
N 10 8
Mean (SD) 55.01 (80.582) 10.73 (11.803)
Median 31.93 5.74
Range (2.1; 268.4) (0.4; 34.3)
IQ range (5.45; 55.96) (2.14; 17.68)
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Infection type

Potassium [mM]
N
Mean (SD)
Median
Range
IQ range

Protein [g/L]
N
Mean (SD)
Median
Range
IQ range

Quick [%]
N
Mean (SD)
Median
Range
IQ range

RRT
N
No
Yes

Septic shock
N
No
Yes

Sodium [mM]
N
Mean (SD)
Median
Range
1Q range

SOFA
N
Mean (SD)
Median
Range
IQ range

Thrombocytes [gpt/1]
N

Mean (SD)
Median
Range

IQ range

Urea [mM]
N
Mean (SD)
Median
Range
1Q range

Vasopressors or inotropes

Bacterial Viral
10 8
4.75(0.439) 4.48 (0.542)
4.77 4.57
(4.0;5.4) (3.6;5.2)
(4.55;5 4.95) (4.08; 4.88)
7 5
45.37 (6.583) 48.20 (9.549)
48.00 50.70
(32.5; 51.0) (37.7; 59.6)

(40.45; 49.10)

10
50.0 (10.87)
52.5
(28; 62)
(44.5; 58.0)

10
6 (60.0%)
4 (40.0%)

10
2 (20.0%)
8 (80.0%)

10
144.65 (5.088)
145.00
(136.5; 151.5)
(140.00; 148.00)

10
9.7(3.53)
10.0
(4; 15)
(7.0; 12.0)

10
194.7 (129.37)
143.8
(42; 392)
(105.0; 330.0)

10
17.210 (12.5304)
12.446
(5.89; 43.00)
(8.242; 277.056)

44

(39.00; 54.00)

8
70.3 (27.90)
64.3
(30; 111)
(53.0; 93.8)

8
7 (87.5%)
1(12.5%)

8

3(37.5%)
5(62.5%)

8
141.94 (8.287)
140.00
(132.0; 155.0)
(135.50; 148.75)

7
8.9(3.13)
8.0
(5513)
(6.0;12.0)

8
195.1 (141.16)
181.5
(52; 494)
(85.5; 240.5)

8
20.324 (6.1455)
20.754
(9.74; 28.50)
(16.209; 25.213)
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Infection type
Bacterial Viral
N 10 8
No 1(10.0%) 1(12.5%)
Yes 9 (90.0%) 7 (87.5%)

Key: ALT=Alanine aminotransferase, AP=Alkaline phosphatase, AST=Aspartate aminotransferase,
BMI=Body-Mass-Index, CRP=C-reactive protein, GFR=Glomerular filtration rate, INR=International
normalized ratio, PCT=Procalcitonin, SOFA=Sequential organ failure assessment, RRT=Renal
replacement therapy; Note: N reflects non-missing values
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Supplement Table 6 - Patient metadata differences between bacterial and viral sepsis cases
(infection type cohort). Categorical features are marked with an asterisk (‘*’). P values were obtained from two-
sided Wilcoxon rank-sum test for numerical features, and Fisher's exact test for categorical features. Area under
ROC curves (‘AUROC) is reported with 95% confidence interval boundaries (AUROC_ci_I’ = lower boundary,
‘AUROC_ci_h’ = higher boundary). From the ROC analysis per metric, the decision threshold (‘Thresh’) that
maximizes the sum of specificity (‘Spec’) and sensitivity (‘Sens’) is indicated with the corresponding specificity and
sensitivity. ALT=Alanine aminotransferase, AP=Alkaline phosphatase, AST=Aspartate aminotransferase,
BMI=Body-Mass-Index, CRP=C-reactive protein, GFR=Glomerular filtration rate, INR=International normalized
ratio, PCT=Procalcitonin, SOFA=Sequential organ failure assessment, RRT=Renal replacement therapy.

Infection type — Bacterial vs. Viral

Metric P value AUROC AUROC_ci_l AUROC_ci_h Thresh Spec Sens
Age 0.689 0.563 0.236 0.889 64.500 0.900 0.500
Albumin 0.596 0.593 0.209 0.977 25.575 1.000 0.500
ALT 0.407  0.629 0.335 0.922 189.000 0.700 0.571
AP 0.447 0.625 0.299 0.951 103.000 0.600 0.667
aPTT 0.374 0.631 0.359 0.903 32.000 0.800 0.500
AST 0.093 0.767 0.497 1.000 446.750 0.900 0.667
Bilirubin 0.142 0.713 0.451 0.974 13.683 0.700 0.750
BMI 0.689 0.438 0.133 0.742 26.454 0.600 0.500
Creatinine 0.198  0.688 0.415 0.960 132.284 0.700 0.750
CRP 0.961 0.486 0.188 0.783 14.485 0.700 0.429
Sex* 0.588 NA NA NA NA NA NA
GFR 0.112 0.736 0.460 1.000 51.800 0.778 0.875
Hematocrit 0.477 0.606 0.324 0.888 30.775 0.800 0.500
INR 0.061 0.769 0.511 1.000 1.375 0.700 0.750
Lactate 0.142 0.713 0.456 0.969 2.779 0.800 0.625
Leukocytes 1.000 0.500 0.211 0.789 15.890 0.600 0.625
PCT 0.083 0.750 0.515 0.985 8.068 0.700 0.625
Potassium 0.424 0.619 0.338 0.899 4.425 0.800 0.500
Protein 0.516 0.629 0.215 1.000 49.900 0.857 0.600
Quick 0.068 0.763 0.503 1.000 63.000 1.000 0.625
RRT* 0.314 NA NA NA NA NA NA
Septic_shock* 0.608 NA NA NA NA NA NA
Sodium 0.477  0.606 0.312 0.901 142.500 0.700 0.625
SOFA 0.659 0.571 0.280 0.863 8.500 0.600 0.571
Thrombocytes 0.894 0.525 0.232 0.818 151.500 0.600 0.625
Urea 0.230 0.675 0.390 0.960 15.751 0.700 0.875
Vasopressors_inotropes* 1.000 NA NA NA NA NA NA
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Supplement Table 7 — Patient descriptive data, pathogen burden, infection type and outcome for
sepsis cases in outcome cohort. Early death reflects septic patients that died within two days after ICU
admission. Recovery reached the end of the study at 28 days after ICU admission.

Patient Age Sex Pathogen burden Infection Outcome
type
01-001  71-80 Male Morganella morganii, Bacterial Early death
Bacteroides fragilis
01-002  51-60 Male Human herpesvirus 6B Viral Early death
01-005 81-90 Male Enterobacter cloacae, Bacterial Early death
Escherichia coli, Cronobacter
sakazakii
01-025 71-80 Female Escherichia coli, Klebsiella Bacterial Early death
pneumoniae
01-036  71-80 Male Enterobacter cloacae Bacterial Early death
01-049 81-90  Male Escherichia coli Bacterial Early death
01-061  61-70 Female Escherichia coli, Eubacterium Bacterial Early death
rectale
01-075 61-70  Male  Enterococcus faecium, Klebsiella Bacterial Early death
pneumoniae, Enterobacter
cloacae
01-078  71-80 Male  Bacteroides spp., Escherichia coli Bacterial Early death
02-037 51-60 Female Escherichia coli, Bacteroides Bacterial Early death
fragilis, Bacteroides vulgatus,
Alistipes shahii
03-004 71-80 Female Proteus mirabilis, Escherichia Bacterial Early death
coli
03-009  51-50 Male Escherichia coli, Bacteroides Bacterial Early death
fragilis
06-017 51-60 Female Haemophilus parainfluenzae, Bacterial Early death
Veillonella parvula
06-037 71-80 Male Escherichia coli, Enterococcus Bacterial Early death
faecium
08-005 71-80 Male Enterobacter cloacae Bacterial Early death
08-015 51-60 Male Human mastadenovirus C Viral Early death
08-026 71-80  Male Escherichia coli Bacterial Early death
08-056 71-80  Male Enterococcus faecalis Bacterial Early death
08-059 81-90 Male Escherichia coli Bacterial Early death
09-031  71-80 Male Escherichia coli Bacterial Early death
16-004 51-60 Female Escherichia coli Bacterial Early death
01-006  71-80 Male Staphylococcus aureus, Torque  Bacterial, Viral Early death
teno virus
01-012  61-70 Female Pseudomonas aeruginosa, Bacterial Recovery
Lactobacillus fermentum
01-064 51-60 Female Escherichia coli Bacterial Recovery
01-070 71-80 Female Streptococcus thermophilus, Bacterial Recovery
Propionibacterium freudenreichii
01-071  81-90  Male Enterococcus faecium, Candida Bacterial, Recovery
glabrata, Escherichia coli Fungal
01-074  61-70 Female Candida glabrata, Klebsiella Bacterial, Recovery
oxytoca Fungal
01-077 81-90  Male  Klebsiella oxytoca, Streptococcus  Bacterial, Viral Recovery

pneumoniae, Lactobacillus
salivarius, Human herpesvirus

6B
01-086 81-90 Female Staphylococcus aureus Bacterial Recovery
01-090 61-70 Female Escherichia coli Bacterial Recovery
01-092  61-70 Male Escherichia coli Bacterial Recovery
01-113 71-80  Male Enterococcus faecium, Bacterial Recovery

Ruminococcus sp. SR1/5,
Bacteroides vulgatus
02-018 81-90  Male Proteus mirabilis Bacterial Recovery
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02-043 81-90  Male Escherichia coli Bacterial Recovery
03-029 81-90 Male Escherichia coli Bacterial Recovery
03-047 51-60 Female Pseudomonas aeruginosa, Bacterial Recovery
Escherichia coli
04-004  41-50 Male Clostridium perfringens Bacterial Recovery
05-005  51-60 Male Roseburia intestinalis, Bacterial Recovery
Escherichia coli, Bacteroides
vulgatus
06-003  61-70 Male Staphylococcus aureus Bacterial Recovery
06-016  61-70  Male Propionibacterium acnes Bacterial Recovery
08-034 61-70 Male Streptococcus spp. Bacterial Recovery
08-044 81-90 Female Staphylococcus aureus, Bacterial Recovery
Lactobacillus fermentum
22-001  71-80  Male  Escherichia coli, Bacteroides spp. Bacterial Recovery

48

o1



5 Short double-stranded cfDNA for sepsis diagnostics

medRxiv preprint doi: https://doi.org/10.1101/2025.01.29.25320179; this version posted January 29, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRkxiv a license to display the preprint in
perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

Supplement Table 8 — Patient metadata summary statistics for early death and recovery sepsis
cases (outcome cohort). SD = Standard deviation, IQ = Inter quartile

Outcome
Early death Recovery
Age

N 21 22
Mean (SD) 69.9 (10.76) 70.5 (11.73)
Median 74.0 70.5
Range (50; 84) (45; 87)

IQ range (57.0; 77.0) (65.0; 82.0)
Albumin [g/L]

N 15 19
Mean (SD) 27.61 (3.414) 27.43 (5.033)
Median 26.60 26.20
Range (21.8; 33.0) (19.3; 39.0)
IQ range (25.65; 31.10) (23.00; 30.70)

ALT [U/L]

N 16 19
Mean (SD) 87.3 (106.37) 08.8 (145.46)
Median 44.5 38.0
Range (7; 333) (5; 509)

IQ range (26.0; 71.0) (21.0; 112.0)
AP [U/L]

N 15 18
Mean (SD) 100.9 (52.90) 132.2 (94.21)
Median 82.0 114.3
Range (35; 206) (23; 394)
IQ range (60.0; 143.0) (63.0; 194.0)

aPTT [s]

N 21 22
Mean (SD) 33.1(8.98) 42.9 (13.90)
Median 32.0 41.3
Range (24; 58) (24; 79)

IQ range (26.5; 36.5) (32.0; 49.5)
AST [U/L]

N 15 17
Mean (SD) 156.1 (295.78) 216.4 (305.26)
Median 63.0 72.0
Range (8; 1190) (20; 1080)
IQ range (33.5;149.0) (37.5; 177.0)

Bilirubin [uM]

N 18 21
Mean (SD) 18.280 (12.9571) 19.542 (13.9339)
Median 14.966 17.000
Range (4.28; 54.73) (3-42; 53.88)
IQ range (10.262; 25.656) (10.262; 22.235)

BMI

N 21 21
Mean (SD) 27.62 (7.028) 27.86 (10.385)
Median 27.43 25.39
Range (17.9; 51.2) (15.9; 69.2)
IQ range (23.88; 29.38) (23.88; 27.78)

Creatinine [uM]

92

49



5.13 Supplementary Data

medRxiv preprint doi: https://doi.org/10.1101/2025.01.29.25320179; this version posted January 29, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in

perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

Outcome
Early death Recovery
N 21 22
Mean (SD) 155.931 (130.4415) 199.389 (110.8686)
Median 90.361 191.969
Range (32.79; 494.50) (30.50; 513.00)
IQ range (73.204; 181.485) (136.495; 269.558)
CRP [mg/dL]
N 20 20
Mean (SD) 18.48 (12.349) 19.17 (10.833)
Median 15.36 15.98
Range (3.1, 54.2) (4.7; 44.9)
IQ range (12.31; 25.95) (12.24; 23.42)
Sex
N 21 22
Male 15 (71.4%) 14 (63.6%)
Female 6 (28.6%) 8 (36.4%)
GFR [mL/min]
N 20 19
Mean (SD) 52.44 (30.011) 28.22 (16.158)
Median 55.50 22.50
Range (10.5; 101.9) (9.1; 60.0)
IQ range (21.58; 76.75) (16.35; 39.65)

Hematocrit [%]
N
Mean (SD)
Median
Range
IQ range

INR
N
Mean (SD)
Median
Range
IQ range

Lactate [mM]
N
Mean (SD)
Median
Range
IQ range

Leukocytes [gpt/I]
N

Mean (SD)
Median
Range

IQ range

PCT [ng/mL]
N

Mean (SD)
Median
Range

IQ range

21
29.9 (6.25)
28.5
(195 41)
(26.0; 36.0)

21
1.394 (0.3392)
1.305
(0.90; 2.26)
(1.150; 1.500)

21
4.795 (4.5987)
2.800
(0.75; 18.97)
(1.277; 6.000)

21
17.791 (10.1078)
15.820
(4.44; 43.68)
(10.320; 22.270)

21
52.22 (86.922)
5.87
(0.1;268.4)
(2.14; 50.36)

50

22
30.7(4.75)
30.0
(23; 38)
(25.9; 35.0)

22
1.681 (0.5847)
1.523
(1.03; 3.70)
(1.330; 1.900)

22
7.386 (5.2218)
6.368
(1.00; 18.70)
(2.581; 12.300)

22
14.615 (12.6624)
10.550
(0.66; 43.62)
(5.575; 23.500)

22
65.10 (89.933)
14.39
(0.6; 279.2)
(7.12;100.00)
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Outcome

Potassium [mM]
N
Mean (SD)
Median
Range
IQ range

Protein [g/L]
N
Mean (SD)
Median
Range
IQ range

Quick [%]
N
Mean (SD)
Median
Range
IQ range

RRT
N
No
Yes

Septic shock
N
No
Yes

Sodium [mM]
N
Mean (SD)
Median
Range
IQ range

SOFA
N
Mean (SD)
Median
Range
IQ range

Thrombocytes [gpt/I]
N

Mean (SD)
Median
Range

IQ range

Urea [mM]
N
Mean (SD)
Median
Range
IQ range

Vasopressors or inotropes

Early death Recovery
21 22
4.36 (0.703) 4.67 (0.480)
4.35 4.71
(3-3;5.4) (3-5;5.4)
(3-95; 4.93) (4-45; 5.00)
14 13
48.58 (8.706) 44.80 (9.309)
49.20 43.70
(32.5; 60.1) (29.7; 58.0)

(40.45; 55.70)

21
61.2 (20.57)
58.0
(31; 111)
(49.5; 77.0)

21
18 (85.7%)
3(14.3%)

21

7(33.3%)
14 (66.7%)

21
143.40 (5.183)
144.00
(132.0; 151.5)
(140.00; 147.00)

21
7.9 (3.68)
8.0
(1;14)
(5.0; 11.0)

21
250.6 (143.36)
240.0
(86; 697)
(140.0; 330.0)

21
14.119 (9.8640)
9.990
(5.00; 43.00)
(7.243; 18.200)

51

(36.90; 55.00)

22
51.9 (17.14)
54.3
(15; 96)
(37.0; 60.0)

22
16 (72.7%)
6 (27.3%)

22
2(9.1%)
20 (90.9%)

22
140.41 (6.607)
138.75
(128.0; 160.5)
(136.00; 143.50)

22
11.4 (3.11)
11.0
(6;18)
(9.0; 13.0)

22
161.0 (136.67)
110.0
(40; 566)
(82.0; 193.5)

22
22.721 (15.3671)
21.006
(3.41; 55.85)
(11.405; 30.137)
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Outcome
Early death Recovery
N 21 22
No 6 (28.6%) 1(4.5%)
Yes 15 (71.4%) 21(95.5%)

Key: ALT=Alanine aminotransferase, AP=Alkaline phosphatase, AST=Aspartate aminotransferase,
BMI=Body-Mass-Index, CRP=C-reactive protein, GFR=Glomerular filtration rate, INR=International
normalized ratio, PCT=Procalcitonin, SOFA=Sequential organ failure assessment, RRT=Renal
replacement therapy; Note: N reflects non-missing values
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Supplement Table 9 - Patient metadata differences between early death and survival sepsis cases
(outcome cohort). Categorical features are marked with an asterisk (“*’). P values were obtained from two-sided
Wilcoxon rank-sum test for numerical features, and Fisher's exact test for categorical features. Metrics with a p
value <= 0.05 are highlighted in bold font. Area under ROC curves (‘AUROC’) is reported with 95% confidence
interval boundaries (AUROC_ci_I" = lower boundary, ‘AUROC_ci_h’ = higher boundary). From the ROC analysis
per metric, the decision threshold (‘Thresh’) that maximizes the sum of specificity (‘Spec’) and sensitivity (‘Sens’) is
indicated with the corresponding specificity and sensitivity. ALT=Alanine aminotransferase, AP=Alkaline
phosphatase, = AST=Aspartate = aminotransferase, = BMI=Body-Mass-Index, = CRP=C-reactive  protein,
GFR=Glomerular filtration rate, INR=International normalized ratio, PCT=Procalcitonin, SOFA=Sequential organ
failure assessment, RRT=Renal replacement therapy.

Outcome — Early death vs. Recovery

Metric P value AUROC AUROC_ci_lAUROC_ci_h Thresh Spec Sens
Age 0.990 0.498 0.318 0.678 71.500 0.571 0.591
Albumin 0.835 0.523 0.323 0.723 25.525 0.800 0.368
ALT 0.716  0.538 0.340 0.736 42.000 0.563 0.579
AP 0.459 0.578 0.376 0.779 106.500 0.733 0.556
aPTT 0.011  0.727 0.574 0.881 37.250 0.8100.636
AST 0.571 0.561 0.355 0.767 70.250 0.600 0.529
Bilirubin 0.877  0.516 0.328 0.704 16.650 0.611 0.524
BMI 0.753  0.529 0.349 0.710 26.398 0.571 0.619
Creatinine 0.091 0.652 0.474 0.829 125.747 0.667 0.773
CRP 0.797  0.525 0.341 0.709 15.605 0.550 0.550
Sex* 0.747 NA NA NA NA NA NA
GFR 0.018 0.724 0.556 0.892 47.275 0.6500.842
Hematocrit 0.601 0.548 0.368 0.727 20.175 0.571 0.636
INR 0.039 0.685 0.523 0.847 1.323 0.571 0.773
Lactate 0.050 0.675 0.511 0.839 6.050 0.762 0.545
Leukocytes 0.178  0.621 0.447 0.795 13.485 0.667 0.591
PCT 0.220 0.610 0.434 0.786 9.780 0.619 0.682
Potassium 0.138  0.633 0.459 0.808 4.398 0.524 0.773
Protein 0.244 0.635 0.416 0.853 44.900 0.714 0.615
Quick 0.198  0.616 0.445 0.787 58.500 0.476 0.727
RRT* 0.457 NA NA NA NA NA NA
Septic_shock* 0.069 NA NA NA NA NA NA
Sodium 0.030 0.694 0.531 0.857 139.2500.810 0.545
SOFA 0.003 0.760 0.617 0.902 9.500 0.6670.682
Thrombocytes 0.008 0.738 0.585 0.891 118.250 0.857 0.591
Urea 0.048 0.677 0.510 0.845 11.280 0.571 0.773
Vasopressors_inotropes* 0.046 NA NA NA NA NA NA
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6 Discussion and Outlook

Non-genetic cfDNA biomarkers opened up promising opportunities for novel diagnostic
approaches (Loy et al., 2024). The primary objective of this thesis was to explore the po-
tential of short double-stranded cfDNA fragments, and thus in vivo TF footprints, as novel
biomarkers for minimally invasive diagnostics in complex diseases, particularly sepsis.

Chapter 4 of the thesis concentrated on developing a robust method for enriching and
quantifying short cfDNA fragments from blood plasma, complemented by a custom bioin-
formatics pipeline (Miiller et al., 2024). This pipeline includes specialized read trimming
and filtering prior to mapping, such as sequence complexity filtering, removal of terminal
base additions from library preparation, and in silico size selection, in addition to stan-
dard base quality trimming and adapter removal. Post-mapping, duplicate reads, multi-
mapped reads, and reads in blacklisted regions are excluded. Peak calling parameters
and thresholds were optimized separately for narrow peaks and clusters of these peaks.
The differential enrichment analysis method incorporates GC content, region size, and
sample sequencing depth adjustments during normalization, ensuring the most accurate
estimation of short cfDNA fragment abundances and thereby enhancing the reliability
of biomarker identifications. Our approach facilitated high-throughput sequencing and
provided valuable insights into the origin of these fragments, the most appropriate data
analysis strategy, and the relations of short ¢cfDNA signals to other epigenetic regulatory
factors as well as gene transcription. The results confirmed that short cfDNA fragments
accumulate at regulatory genomic sites, predominantly originating from transcription fac-
tor binding regions. We outline the advantages of short double-stranded cfDNA over
short single-stranded ¢cfDNA and nucleosomal cfDNA. Double-stranded fragments show a
higher relative enrichment of TF-derived cfDNA compared to single-stranded fragments,
which is due to the additional extraction of degraded fragments. This leads to a higher
signal-to-noise ratio for TF footprints when analyzed with double-stranded fragments.
Nucleosomal cfDNA can be used to analyze TF footprints, but it is an indirect measure-
ment that actually assesses the depletion of nucleosomes. Therefore, the dynamic range
of the signals is highly dependent on the sequencing depth, resulting in a higher required
sequencing depth compared to short cfDNA. Thus, our methodology, which enables the
efficient analysis of short double-stranded cfDNA, overcomes these limitations of the es-
tablished methods in the field. While chapter 4 demonstrates the method’s capability to
distinguish between exemplary small patient cohorts, chapter 5 demonstrates the use of
this methodology with a larger cohort of sepsis patients (Miiller et al., 2024; Sonntag et al.,
2025). The analysis revealed that short ¢fDNA fragments offer comprehensive insights
into the host response during sepsis, including information about key organ functions
and physiology. The results show superior discrimination of infection types and early pre-
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6 Discussion and Outlook

diction of mortality risk compared to established clinical markers, underlining the clinical
relevance and potential of short cfDNA biomarkers as well as non-genetic cfDNA biomark-
ers in sepsis diagnostics.

The publications, Miiller et al. (2024) and Sonntag et al. (2025), directly address the
development of a methodology for identifying novel non-genetic biomarkers based on
short ¢cfDNA fragments and establish a tailored bioinformatic approach for their analy-
sis. Additionally, the publications provide a sophisticated initial evaluation of the diag-
nostic utility of short cfDNA fragments using sepsis as a case study. While these findings
are promising, the current limitations of this research must be acknowledged. One of the
primary limitations is the size of the clinical cohorts. Although sufficient for initial val-
idation, these cohorts need expansion to strengthen the claims and robustness of both
the method and the identified biomarkers. This expansion would enable a more robust
assessment of diagnostic performance statistics and facilitate the use of advanced ma-
chine learning (ML) prediction tools to combine information from several short cfDNA
biomarkers into a single classifier. Utilizing multiple short ¢cfDNA biomarkers in a fine-
tuned ML model is also likely to improve diagnostic performance (Moser et al., 2023).
In chapter 5 (Sonntag et al., 2025), the correlation strengths of short ¢fDNA to physio-
logical parameters in the test cohort were only moderate. Larger clinical cohorts would
enhance the statistical power and reliability of the findings. Furthermore, they would
enable the use of nested cross-validation cohort splits, a common practice in ML, which
could identify and validate short cfDNA signals with more robust correlation strengths
on unseen data. The current model aims to identify straightforward, simple relationships
with physiological parameters for proof of concept. Thus, a simple linear model was used.
However, non-linear and more complex dependencies could also be captured by ML mod-
els, potentially offering enhanced accuracy. Additionally, comparing these short cfDNA
biomarkers with other cfDNA markers or any other relevant biomarker will be essential
to highlight their advantages, disadvantages, or potential synergies. Embracing a multi-
omics approach by integrating cfDNA biomarkers with genetic cfDNA biomarkers, other
non-genetic cfDNA biomarkers, cfRNA biomarkers, proteomics data, or established clini-
cal metrics could provide a richer, more comprehensive capturing of disease mechanisms,
thereby enhancing diagnostic and prognostic capabilities (Xiao et al., 2022).

Developing clinically viable assays is a crucial next step to transition the current findings
from the laboratory to real-world applications in clinics. Current methodologies, while ef-
fective in a research context, need to be adapted for clinical settings. This includes making
the assays simpler, cheaper, faster, and ensuring they can be easily integrated into exist-
ing diagnostic workflows (Drucker and Krapfenbauer, 2013). Size-selective PCR assays
for single biomarkers are a promising avenue, offering the potential for rapid and accu-
rate quantification of specific short cfDNA fragments. An example of such an assay has
been proposed by Alcaide et al. (2020) and could be adopted for short cfDNA biomarkers
in future studies. With an assay that meets clinical application requirements and proves
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the clinical utility of these biomarkers, additional clinical trials will be needed to define
their potential benefits. These trials must be meticulously designed to test the efficacy
and reliability of the biomarkers across diverse patient populations and clinical settings.
A yet underexplored aspect of the short cfDNA is the influence of factors like age, gender,
pre-existing conditions, or physical exercise. For regular cfDNA, such factors have been
evaluated, and for example, physical exercise was found to have a significant impact on
cfDNA physiology (Yuwono et al., 2021). Hence, a comparable evaluation study of poten-
tial confounding factors should be performed focusing on short cfDNA. Only such rigorous
validation can ensure that these biomarkers are truly ready for clinical application. While
this thesis has focused on sepsis, the potential applications of short cfDNA biomarkers
extend beyond this single condition. Many oncological diseases, immune-mediated dis-
orders, and other complex systemic conditions may benefit from the insights provided by
short cfDNA biomarkers due to the extensive involvement of TFs in health and disease
(Lambert et al., 2018). By broadening the scope, the full potential in diagnostics can be
evaluated. Despite the remaining challenges for the novel short ¢cfDNA biomarkers, the
research in this thesis provides the necessary foundation to overcome these challenges
and opens avenues for this new class of promising biomarkers.
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7 Abbreviations

Table 1: List of abbreviations and their meanings

Abbreviation | Meaning

ATAC-Seq Assay for transposase-accessible chromatin sequencing
bp Base pairs

cfDNA Cell-free deoxyribonucleic acids

cfRNA Cell-free ribonucleic acids

ChIP-Seq Chromatin immunoprecipitation sequencing
CTCF CCCTC-binding factor

DBD Deoxyribonucleic acid binding domain
dd-cfDNA Donor-derived cell-free DNA

DNA Deoxyribonucleic acid

DNase-Seq DNase I hypersensitive sites sequencing
FOXA1 Forkhead box A1

GTF2A General transcription factor ITA

GTF2B General transcription factor I1B

H3K27ac Histone H3 lysine 27 acetylation

H3K4 Histone H3 lysine 4

ICU Intensive care unit

ML Machine learning

NETosis Neutrophil extracellular traps

NF-kB Nuclear factor kappa-light-chain-enhancer of activated B cells
NFR Nucleosome-free region

NGS Next-generation sequencing

NIPT Non-invasive prenatal testing

PCR Polymerase chain reaction

RNA Ribonucleic acid

SATB1 SATB homeobox 1

SOX2 SRY-box transcription factor 2

TF Transcription factors

TSS Transcription start site
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