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Summary

This PhD thesis investigates how thermodynamic insights into the prop-
erties of DNA hybridization can improve the selectivity of biosensors for
mutation detection. By understanding, characterizing, and exploring ways
to control the underlying interactions, this research contributes to the de-
velopment of more accurate biotechnological applications.

Chapter 1 outlines the scientific context and describes, starting from fun-
damental principles, the selectivity problem within a universal model. In
this framework, selectivity is reduced to a single parameter with a direct
physical interpretation.

Chapters 2, 3, and 4 present three scientific articles that together form
the core of this work. Each article was prepared in collaboration with
a different experimental research group and approaches the selectivity
problem from a different perspective. Various experimental platforms are
employed, demonstrating the broad applicability of the concepts.

In addition, Chapter 5 investigates “kinetic inversion” , a phenomenon
in systems with multiple reaction steps. We formulate a mathematical
description of this behavior, which has the potential to improve existing
biosensors.

Finally, Chapter 6 provides an overview of the main conclusions of this
research and discusses possible directions for future work.







Samenvatting

Dit doctoraatsproefschrift onderzoekt hoe thermodynamische inzichten in
DNA-hybridisatie de selectiviteit van biosensoren voor mutatiedetectie kun-
nen verbeteren. Door de onderliggende interacties beter te begrijpen,
nauwkeuriger te beschrijven en gericht te beinvloeden, draagt dit onder-
zoek bij aan de ontwikkeling van nauwkeurigere biotechnologische toe-
passingen.

Hoofdstuk 1 schetst de wetenschappelijke context en beschrijft, vertrek-
kend vanuit basisprincipes, het selectiviteitsprobleem binnen een universeel
model. Daarbij wordt selectiviteit herleid tot één parameter met een di-
recte fysische interpretatie.

In Hoofdstukken 2, 3 en 4 worden drie wetenschappelijke artikels gep-
resenteerd die samen de kern van dit proefschrift vormen. Elk artikel
werd opgesteld in samenwerking met een andere experimentele onder-
zoeksgroep en benadert het selectiviteitsprobleem vanuit een andere in-
valshoek. Daarbij wordt gebruikgemaakt van verschillende experimentele
platformen, wat de brede toepasbaarheid van de concepten aantoont.

Daarnaast onderzoekt Hoofdstuk 5 het fenomeen van ‘kinetic inversion’ in
systemen met meerdere reactiestappen. We formuleren een wiskundige
beschrijving van dit gedrag, dat potentieel bestaande biosensoren kan ver-
beteren.

Tot slot geeft Hoofdstuk 6 een overzicht van de belangrijkste conclusies
van dit onderzoek en worden mogelijke toekomstige onderzoeksrichtingen
besproken.
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Chapter 1

1.1 Research Context and Motivation

Increased life expectancy and demographic aging have led to a rising
global burden of chronic and genetic diseases. Many of these diseases,
particularly cancer, are driven by molecular changes that accumulate over
time [1, 2, 3]. As healthcare systems shift from reactive intervention to
early detection and prevention, there is a growing demand for scalable
and cost-effective molecular diagnostics that enable early identification
and longitudinal monitoring of disease [4, 5]. Precision medicine relies on
detecting and interpreting specific genetic variants that determine disease
subtype, therapeutic response, and prognosis. Consequently, the ability
to accurately detect genetic variants is central to modern clinical practice.

The molecular basis of many diseases lies in DNA, which encodes pro-
teins that perform most structural and functional tasks within the cell.
A change in the DNA sequence can therefore alter protein structure and
function. While most genetic variations are harmless, certain mutations
can disrupt regulatory pathways, impair repair mechanisms, or activate
uncontrolled cell growth. In cancer, such mutations drive tumor initiation
and progression [6]. Modern therapies inhibit pathways that are known to
be associated with particular mutations [7]. This has given rise to person-
alized medicine, where targeted therapy is guided by a patient’s unique
genetic variants [8]. However, tumors are not static systems. Under
therapeutic pressure, new mutations can arise that lead to treatment re-
sistance [9]. Importantly, these resistant variants often exist at extremely
low abundance long before they become clinically dominant. For effective
disease management, it is therefore essential not only to identify muta-
tions at diagnosis but also to monitor their presence over time. Detecting
rare emerging variants before relapse occurs is a key objective of precision
medicine.

Traditional tissue biopsies provide only a snapshot of a tumor at a single
location and time point. In contrast, liquid biopsy analyzes circulating tu-
mor DNA in body fluids such as blood [10, 11]. This minimally invasive
approach enables repeated sampling and improved monitoring of tumor
dynamics [12, 13, 14]. The major challenge, however, lies in the ex-
tremely low relative concentration of mutant DNA in these samples, which
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Introduction

can fall below 0.1% [15]. When this is the case, mutant sequences are
vastly outnumbered by nearly identical wild-type DNA, which easily ob-
scures their detection. The detection task, therefore, becomes one of ex-
treme selectivity: distinguishing a mutation within a large background of
wild-type sequences. This challenge becomes most severe when the mu-
tant and wild-type sequences differ by only a single nucleotide, creating a
needle-in-a-haystack problem. At its core, this is fundamentally a physics
problem. The detection probes interact with both mutant and wild-type
DNA, and thermodynamic principles govern their binding behavior [16].

Although cancer monitoring provides a primary motivation for this work,
highly selective DNA detection extends far beyond oncology. In infectious
diseases, single-nucleotide mutations can lead to antibiotic resistance and
must be identified with high specificity [17]. In transplantation medicine
and non-invasive prenatal testing, rare genetic variants must be detected
within a large background of closely related DNA [18, 19, 20]. Beyond
healthcare, control over hybridization processes is crucial for emerging
technologies such as DNA computing and DNA origami, where sequence-
dependent binding governs information processing and self-assembly [21,
22]. The problem of selective mutant detection is therefore not only
clinically relevant but also, more broadly, fundamental to programmable
biomolecular systems.

This work takes a thermodynamic approach to study DNA hybridization and
to improve biotechnological applications. We adopt a physics-based frame-
work that reduces the complex system to its essential interacting compo-
nents, leading to a consistent description of DNA hybridization behavior.
This introduction briefly presents the DNA structure and relevant proper-
ties for this thesis, followed by a thermodynamic description of DNA-based
biosensing. We put particular emphasis on how single mismatches affect
the binding free energy and thereby the sensor selectivity. Within this
framework, selectivity is quantified by the free-energy difference (AAG)
between the desired and undesired binding, and this quantity serves as
the fundamental constraint in low-abundance mutant detection. Subse-
quently, we outline the strategies explored in this thesis to overcome this
intrinsic limitation and improve selectivity detection beyond conventional
bounds.
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1.2 DNA

The central molecule of this thesis is deoxyribonucleic acid (DNA). This
polymer consists of smaller building blocks called nucleotides, which come
in four versions depending on the nitrogen-containing bases: adenine (A),
cytosine (C), guanine (G), and thymine (T). These can bind to form a
chain of nucleotides, featuring a semi-rigid sugar-phosphate backbone and
exposed bases in a sequence. The asymmetric backbone gives each DNA
strand a 5’ end and a 3’ end, named after the fifth and third carbon atoms
to which the phosphate group is attached. The sequence of the single-
stranded DNA (ssDNA) presented in Figure 1.1 is denoted by 5-GCAT-3".

The exposed bases allow for binding to enzymes and other biomolecules,
but its main property is the binding to another ssDNA. As two ssDNA bind
to form double-stranded DNA (dsDNA), called hybridization, they natu-
rally twist to form a double helix structure or duplex [24]. Hybridization is
driven by hydrogen bonds between opposing nucleobases, as well as stabi-
lizing 7-7 stacking interactions between adjacent base pairs. Hybridization
occurs when duplex formation is thermodynamically favorable, i.e., when
the Gibbs free energy change (AG) is negative under the given conditions.
This depends on multiple factors, including the length of the binding region,
the temperature, and reaction conditions such as salinity. The three and
two hydrogen bonds in the G-C and A-T bindings, respectively, result in
stable base pairs (bp’s), such that binding occurs selectively when the A-T
and G-C complementarity is fulfilled along the length of the DNA. We refer
to these complementary bindings as Watson-Crick (WC) base pairs. This
base-pairing rule means that each strand can essentially “read” or “check”
the sequence of another strand and will serve as the basis for the DNA
biosensor. This property is widely used in nature, where DNA complemen-
tarity allows each strand to serve as a precise template for copying genetic
information with precision during DNA replication, gene expression, and
for controlled biological function [25]. Importantly, duplex formation is
not an all-or-none process but is governed by thermodynamic equilibrium
between single-stranded and double-stranded states [26]. When many
DNA molecules are present, hybridization must therefore be understood
statistically. At any given time, only a fraction of strands is in the duplex
state, while the rest remains single-stranded. At equilibrium, this fraction
is determined by the duplex stability quantified by AG under the given
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Building blocks of DNA DNA strand

nucleotide

/g+l—»
sugar base

phosphate

double-stranded DNA DNA duplex

hydrogen-bonded
,base-pairs

O

@I turn

~10.4 bp

Figure 1.1: Schematic illustration of the structure of DNA. The combination of
a phosphate group, a deoxyribose sugar, and a nitrogenous base forms a nu-
cleotide. Sugar phosphates link together to form a chain of nucleotides, result-
ing in a single DNA strand. Two complementary strands can hybridize to form
double-stranded DNA through hydrogen bonding between complementary base
pairs: adenine (A) pairs with thymine (T), and guanine (G) pairs with cytosine (C).
The double-stranded molecule naturally coils into the characteristic DNA double-
helical structure, with a helical turn over ~10.4 base pairs. Adapted from [23].
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conditions. The fraction is then maintained by a balance between ssDNA
associating to form dsDNA, and dsDNA dissociating back into ssDNA.

If WC complementarity is not fulfilled at one or more sites, duplex for-
mation becomes less favorable but not impossible. Instead of the A-T
and G-C bp’s, eight possible mismatched bp’s can form (e.g., A-G or C-
T). These mismatches (MM) locally disrupt hydrogen bonding and stacking
interactions, thereby reducing overall duplex stability [27]. Although hy-
bridization can still occur, the equilibrium shifts toward the single-stranded
state. The magnitude of this destabilization depends on several factors,
including the identity of the mismatch, its position within the duplex, and
the surrounding sequence context. For most applications, including DNA
biosensing, such cross-hybridization is undesirable because it reduces se-
quence selectivity. A probe designed to detect a specific target sequence
should ideally hybridize only with perfectly complementary strands while
strongly discriminating against mismatched ones. Understanding and con-
trolling the differences between perfectly matched and mismatched du-
plexes, therefore, plays a crucial role in the design of hybridization-based
biotechnology. Biological systems face a similar challenge: identifying
specific genes or, during DNA replication, preventing incorrect base incor-
poration that leads to mutations. To maintain the high fidelity required
for operation and reliable genetic information transfer, cells employ sev-
eral error-correction strategies [28]. Among these are mechanisms that
ensure high selectivity during base pairing, mismatch repair systems that
recognize and remove incorrectly paired nucleotides after replication, and
repeated proofreading steps that exploit kinetic differences between cor-
rectly matched and mismatched hybridization [29, 30, 31].

Finally, it is important to note that a single strand of DNA can interact with
itself. If partial complementarity exists within its own sequence, an ss-
DNA molecule can fold back onto itself and form intramolecular base pairs.
This self-interaction leads to the formation of secondary structures such as
“hairpins”, where a single-stranded loop connects a double-stranded stem.
Depending on the sequence, more complex structures involving multiple
loops and stems may also form. These secondary structures can influ-
ence hybridization behavior by reducing the accessibility of certain bases
or by introducing additional barriers that must be overcome during duplex
formation [32, 33].
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1.3 Hybridization Biosensor & Free-energy Dif-
ference

In a typical hybridization-based biosensor, a ssDNA functions as a probe
as it is designed to be complementary to a specified sequence. This is the
‘target’ sequence, as we are specifically aiming to detect the presence of
these target DNA. For the oligonucleotides of interest (~ 5-100 bp long),
the hybridization process can often be approximated by a two-state model
[26, 34], where probe P and target T are either in the duplex (hybridized
or bound) state or remain in the unbound state.

ke
P+T = PT (1.1)
e

This system is then described using a mean-field approach, not describing
individual molecules but their average behavior using concentrations of
probe, target and duplex, denoted by square brackets, [P], [T] and [PT]
respectively. The association and dissociation rates are given by

Association rate: ki [P][T] (1.2)
Dissociation rate: k_[PT) (1.3)

The association rate constant is k* and the dissociation rate constant is
k~. While these rate constants are in fact constant, the association and
dissociation rates depend on the currently available concentrations. As-
suming that no duplex is initially present, the dissociation rate increases
during the binding process, while the association rate decreases as ssDNA
becomes bound. The rate constants determine the equilibrium constant
K and relate to the free-energy AG and gas constant times temperature
RT:

k* —AG/RT
K = k‘i =€ (1.4)

This represents the stability of the duplex, where a negative AG results
in a forward-driving reaction whose magnitude determines the affinity of
the probe and target towards each other. The free-energy AG and there-
fore also K, depends on the DNA sequences of both strands, their lengths
and the reaction conditions. For now, we are interested in the binding at
equilibrium. A detailed balance exists between the association of ssDNA
and the dissociation of dsDNA, allowing the duplex concentration [PT] to
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be determined by equating Eq. (1.2) and (1.3).
[PT] = [P[T]K = [P][T)e”2¢/"T (1.5)

If only a small amount of duplex is formed, [P] and [T] are close to their
initial or supplied concentrations [P], and [T],, such that the duplex con-
centration is linear in ssDNA concentrations and binding affinity K.

Reservoir condition: [PT] = [Plo [T)o K (1.6)

The ssDNA functions as an effective reservoir, which will turn out to be
the ideal situation for a hybridization-based biosensor. However, at high
binding affinity and concentrations, the reduction of available ssDNA limits
the formation of duplexes considerably:

[PT] = ([Plo — [PT]) ([Tlo - [PT]) K (1.7)

probe saturation target depletion

When probes run out during the binding process, probe saturation occurs
[35], and when probes largely capture the target, target depletion takes
place [36, 37, 38]. Usually, target is in excess compared to probes, such
that [T]o > [PT] and target depletion can be neglected. In this case, the
equilibrium solution becomes

[Plo[T]oK

Probe saturation: [PT] = 1+ [T K
0

(1.8)

The denominator captures the saturation effect, leading to less hybridiza-
tion than in the reservoir conditions. At low binding, [T]oK < 1, the linear
relationship is recovered. The opposite effect occurs when target becomes
the limiting component, i.e. when a large amount of probes depletes the
available target. As a result of the symmetry between target and probe,
the concentration [PT] takes on the form

[Plo[T]oK

Target depletion:  [PT] = =25 o
0

(1.9)

Again, at low binding [P]oK < 1, the linear relationship is recovered. No-
tably, both of these effects shift the equilibrium towards the unbound
state. Counterintuitively, the reservoir condition occurs at low concen-
trations or affinity. In general, it is possible that the effects of probe sat-
uration and target depletion occur simultaneously, and one should solve
the quadratic form of Eq. (1.7). Such an approach leads to a general
description of [PT], at the cost of interpretability [39, 38].
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Figure 1.2: (A) DNA melting curves for sequences with different GC content, show-
ing that higher GC content increases duplex stability and melting temperature. (B)
Absolute detection: sensor response increases sigmoidally with target concentra-
tion ¢, with the dashed red line indicating the detection threshold. (C) Relative
detection: response depends on mutant fraction cmut/ctor at fixed total concentra-
tion.

As temperature increases, the balance between stabilizing interactions,
including base pairing and base stacking, and the entropic cost of du-
plex formation shifts towards the single-stranded state. Consequently,
duplex stability decreases. This process is referred to as DNA melting.
The temperature dependence of hybridization is typically characterized by
a melting curve, obtained by measuring the amount of dsDNA as a function
of temperature (Figure 1.2A). At sufficiently high temperature, hybridiza-
tion becomes thermodynamically unfavorable and almost no duplexes are
present. In contrast, at low temperature duplex formation is strongly fa-
vored and most ssDNA resides in the bound state, unless duplex formation
is limited by probe saturation or target depletion. A useful characteristic
of the melting curve is the melting temperature 7,,, defined as the tem-
perature at which half of the DNA is hybridized (i.e., half of the limiting
component between [P, or [T]o). Around T,,, the duplex concentration is
particularly sensitive to changes in thermodynamic parameters and con-
centrations, making this region well suited to study hybridization while
remaining sufficiently above the background signal.

This brings us to the basic function of a biosensor: relating a change in
input to a measurable change in output. A large field of DNA biosensors is
concerned with absolute target detection for which our probe-target sys-
tem can be used [40, 41]. Section 1.4 details some technologies that
relate the amount of duplexes to a measurable output, e.g., a fluorescent
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intensity, electrical readout, or even absolute number of duplex copies
[42, 43, 44]. When probes are subject to an increasing amount of tar-
get, the readout results in a dose-response curve. For ease of notation,
we denote the initial target concentration simply by ¢ = [T]y. Figure 1.2B
shows an example of the sensor response in function of ¢, taking on the fa-
miliar sigmoid curve. Above the background, the signal initially increases
rapidly with increasing ¢, where proportional target binding occurs in the
reservoir condition. As c continues to rise, probe saturation starts to limit
the readout. The slope therefore decreases and the response reaches a
plateau, where additional increases in ¢ produce only small changes in
signal. In this regime, the sensitivity is substantially reduced. The mea-
surable change in output is therefore focused on the initial linear segment,
defining the sensor’s dynamic range, within which the measured signal can
be inverted to quantify the target concentration c.

For low-abundance mutant detection, we need to consider two types of tar-
get, mutant Tt and wild-type Ty, whose initial concentrations we denote
by cmut @and cwt, respectively. Instead of absolute detection, we are con-
cerned with the detection of mutant DNA in the presence of a large amount
of wild-type DNA. Here, relative detection limits matter [45]. From an ap-
plication point of view, a sample is taken at a fixed total concentration
ctot = cmut + cwt @and we determine if mutant DNA is present and at which
relative amount. For this purpose, little emphasis is put on the total con-
centration, as the target DNA mixture could be amplified to the desired
amount. Our approach once again exposes the mutant matching probe
P to the target sample. If the sample consists of both mutant T;,,t and
wild-type sequences Ty, the output reflects the total amount of hybridized
complexes, as, importantly, the readout cannot distinguish between mu-
tant or wild-type bound probes.

Readout ~ [PTwt] + [PTmut] (1.10)

The dose-response curve now varies the mutant fraction, or equivalently
the fractional abundance or variant allele frequency (VAF) given by

Mutant fraction = ‘™ (0% — 100%) (1.11)
Ctot

An example of a dose-response curve in relative mutant detection is il-
lustrated on Figure 1.2C. Although this takes on a similar form as be-
fore, there are some important differences we should highlight. Instead
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of adding more target going to the right, wild-type molecules are replaced
by mutant ones, keeping the total concentration fixed. In contrast to ab-
solute detection, a definite endpoint exist, where the target consists of
100% mutant DNA. At these high mutant fraction probe saturation might
occur if the total concentration is high enough. For low-abundance mu-
tant detection, we are interested in the behavior at low mutant fractions
where probe saturation can be neglected. At low mutant fractions, the ma-
jority of hybridization originates from the large amount of wild-type DNA
and no measurable change in output is observed between a sample with
or without a small amount of mutant DNA. At a higher mutant fraction,
the behavior transitions to a responsive linear region, where mutant DNA
contributes significantly to the readout. We should mention the effect of
target depletion: as the mutant probes have a higher affinity to probe P,
they are more easily subject to the effect of depletion, which negatively
impacts the dose-response curve and shifts it to the right. Interestingly,
target depletion can be used to our advantage by introducing a second
kind of probe that depletes wild-type over mutant [46]. This strategy of
wild-type target depletion is part of Papers A and B, and will be discussed
in detail in this thesis.

Under reservoir conditions, the P + Tht and P + Ty bindings are inde-
pendent [39]. As above, the affinities are represented by Kmy and Ky,
or equivalently by free energies AGmut and AGw:. The total readout is
described by

[P]thKwt + [P}Cmuthuty (1-12)

and the relative contribution of mutant isolates an important physical pa-
rameter, AAG, that quantifies the selectivity of probe P:

[PTmut] cmutKmut o CmuteAAG/RT (1_13)

[P th] B cwtKwt Cwt

The mutant fraction at which the system transitions from wild-type dom-
inated to mutant dominated behavior therefore depends on the differ-
ence in free-energy between the mutant and wild-type binding, AAG =
AGuwt — AGmut- In our case of interest, the wild-type binding involves
a single-nucleotide MM while the mutant binding is perfectly matching.
Therefore AAG > 0 quantifies and isolates the contribution of the MM to
the duplex stability. The free-energy penalty of the MM AAG is the central
quantity in this work. Using a representative values for the penalty and
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temperature, a single MM roughly reduces binding by a factor of ~5-30 fold
[47, 48, 49]. This might sound like a large change, but in samples with
10000 times more wild-type compared to mutant, the signal originating
from mutant gets completely overshadowed by wild-type contributions.

In paper B, an elegant equation is presented that connects the penalty
AAG to the lowest detectable mutant percentage, defined as the limit of
detection LoD:

LoD = Spjn e BAG/RT (1.14)

This provides a general expression that is valid for any readout mecha-
nism, experimental conditions or DNA sequences involved. The relative
detection limit is determined by two factors: the first is a technical fac-
tor, captured by Smin, and the second is the AAG, a fundamental property
of the mutation under consideration. In order to reach a low LoD, the
sensor should have a small Sy, and a large AAG. Shin reflects the noise
characteristics of the detection system, and represents the minimum de-
tection signal required for differentiating a pure wild-type sample from
a mutant-containing mixture. In essence, the signal should be above a
certain threshold to account for noise on the pure sample, which is why
considerable efforts have been made to optimize this threshold. The LoD
is linear in Spin, such that improvements in measurement uncertainty pro-
portionally reduce the LoD. In contrast, the LoD depends on AAG in a fun-
damentally different way. There is an exponential dependence on AAG,
such that small increments to AAG lead to exponential improvements in
the LoD.

The mismatch penalty AAG is, however, fully determined by the physico-
chemical properties of the DNA mutation involved, suggesting that AAG is
fixed and imposes a hard lower limit on the LoD. For many mismatches,
the AAG is significantly large such that no detrimental implication occurs
due to this limit, but some mismatches are close to the stability of the
perfectly matching situation, having a small AAG and a limit on the LoD
resulting from a large amount of cross-hybridization.
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1.4 Readout Techniques

A variety of physical and biochemical techniques have been developed to
detect and quantify nucleic acids. Some of the earliest methods rely on
basic physical properties of DNA. For example, DNA has strong ultraviolet
absorption around 260 nm, allowing concentration measurements through
the Lambert-Beer law. Furthermore, structural differences between ssDNA
and dsDNA lead to measurable optical effects: ssDNA absorbs approx-
imately 30% more ultraviolet light than dsDNA, allowing the two to be
distinguished. Early analytical methods also exploited differences in mo-
bility during electrophoresis, that lead to nucleic acids of different sizes or
conformations being separated and detected.

Over time, more advanced detection technologies have emerged, broadly
categorized into three major types: hybridization-based assays, poly-
merase chain reaction (PCR), and next-generation sequencing (NGS) [50].
These methods differ in their mechanisms for recognition, readout, and
operation, but all ultimately rely on the ability to identify DNA sequences
specifically. They are often combined to leverage each other’ s strengths
and achieve higher performance and versatility [51, 52]. It should be
stressed that hybridization is frequently a crucial step, and improvements
in selective hybridization therefore have implications across a wide range
of applications.

A major development in nucleic-acid detection was the introduction of co-
valent labeling. In many assays, reporter molecules, most commonly flu-
orophores, are attached to nucleic acid strands, allowing their presence
to be detected through fluorescence. The fluorescence signal serves as a
proxy for strand concentration and can also provide spatial information if
used on imaging-based platforms. Fluorescence-based detection also en-
abled multiplex analysis for the parallel detection of multiple specified se-
quences [53]. On the other hand, label-free approaches remain attractive
due to their simplicity, reduced cost, and the absence of chemical modifi-
cation of nucleic acids. Examples include techniques that detect changes
in mass such as quartz crystal microbalance sensors, changes in refractive
index in surface-plasmon-resonance-based platforms or even changes in
heat-transfer resistance upon denaturation [54, 55, 43].
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In the context of this thesis, the primary interest is not the development of
new readout methods but improving the fundamental recognition process
as described in the previous chapter. The hybridization processes must
however be translated into measurable signals. Below, we briefly introduce
several readout techniques that are particularly relevant to our work.

1.4.1 The Microarray

sssssasass W

spot 1 spot 2 spot 3
0000000000 Seq 1 Seq?2 Seq3
# spots = 16000 L T d
BY DESIGN
Target with Fluorescent readout

i il

@B Binding proportional to Probe + Target affinity: High binding Low binding  ~ no binding

Figure 1.3: DNA microarrays rely on parallel hybridization to many probes immo-
bilized on a solid substrate. Each spot contains millions of copies of a predefined
probe sequence to which fluorescently labeled targets are allowed to hybridize.
The degree of binding depends on probe-target affinity, such that after washing to
remove unbound strands, fluorescence intensity provides a quantitative readout
of binding strength.

The ability to spatially localize bound DNA strands forms the basis of DNA
microarray technology [56]. A microarray consists of tens of thousands
of spatially separated spots of immobilized ssDNA probes on a surface
substrate (Figure 1.3). Each spot contains probes of a known and pre-
defined sequence. A fluorescently labeled target sample, potentially a
complex mixture, is deposited on the array under controlled hybridization
conditions. After equilibration, unbound target strands are removed by
washing, and the fluorescence intensity at each spot is quantified using
laser scanning. As hybridization is mostly sequence-specific, the fluores-
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cence intensity at each location reflects the relative abundance of com-
plementary sequences in the sample. Microarrays have been extensively
used for gene expression profiling and genotyping. Although many di-
agnostic applications have increasingly shifted toward sequencing-based
approaches, microarrays still retain an important role in controlled stud-
ies where many predefined sequences are tested in parallel. A key lim-
itation is that microarrays must be designed in advance: they can only
detect sequences for which corresponding probes are included on the ar-
ray. Sequencing, in contrast, reports the sequences present in a sample
more directly and provides much richer information. As sequencing costs
have decreased substantially in recent years, this has further shifted many
applications toward sequencing-based technologies [57]. In addition, mi-
croarray measurements can be affected by surface effects, limited dynamic
range, and cross-hybridization. But, while cross-hybridization complicates
quantitative gene expression analysis and rare mutation detection, it also
offers a controlled framework for studying the stability decrease associ-
ated with single-base mismatches. In particular, microarrays provide a
powerful platform to systematically probe mismatch effects [48]. By de-
signing probe sets that include the perfectly matching sequence alongside
all possible single-nucleotide substitutions, one can quantitatively eval-
uate cross-hybridization, mismatch position dependence, and sequence-
context effects.

1.4.2 The Molecular Beacon

In addition to fluorophore labeling, DNA strands can also be modified with
a quencher molecule. A quencher absorbs the fluorescence emitted by a
nearby fluorophore. This mechanism extends the utility of fluorophores:
whereas a fluorophore alone reports the presence or location of a labeled
molecule, the combination of a fluorophore and quencher enables mea-
surement of their relative proximity. A straightforward implementation
is to attach a fluorophore to the probe strand and place a quencher on
the complementary base of the target strand (Figure 1.4). Hybridization
then brings the fluorophore and quencher into close proximity, resulting
in gquenching of the fluorescence signal. Consequently, the observed flu-
orescence intensity becomes inversely correlated with the amount of hy-
bridization taking place. An alternative design places both modifications
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Figure 1.4: Schematic of molecular beacon-based DNA readout. In its closed
formation, the beacon adopts a stem-loop hairpin structure that brings the flu-
orophore (F) and quencher (Q) into close proximity, suppressing fluorescence.
Hybridization with a target sequence opens the hairpin, separating F and Q and
resulting in a fluorescent readout.

on the same ssDNA, typically near the 5’ and 3’ termini of a probe strand.
In this configuration, fluorescence depends on the distance between the
fluorophore and quencher, which reflects the secondary structure and spa-
tial conformation of the ssDNA. A more advanced approach uses donor-
acceptor fluorophore pairs that enable Forster resonance energy transfer,
where transfer efficiency is sensitive to their separation [58]. These con-
formational dynamics are commonly investigated using single-molecule
fluorescence techniques.

A particularly important conformation is the hairpin structure, in which
complementary sequences at the ends of the ssDNA form a short double-
stranded stem while leaving a single-stranded loop region exposed. If
the loop sequence is designed to be complementary to a target strand,
the resulting probe is known as a Molecular Beacon (MB) [59]. In the
absence of target, the hairpin conformation keeps the fluorophore and
quencher close to each other, suppressing fluorescence. When the target
is present, it hybridizes with the loop region, which opens the hairpin. This
structural transition separates the fluorophore from the quencher, restor-
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ing fluorescence and thereby producing a detectable signal. This design
offers several advantages: the stability and responsiveness of the hair-
pin can be tuned by adjusting the stem length, allowing optimization of
sensitivity and specificity, and no labeling of the target strand is required,
simplifying assay design and reducing costs [60, 32].

1.4.3 Polymerase Chain Reaction (PCR)

A widely used strategy is amplification via Polymerase Chain Reaction
(PCR) [61]. In PCR, target DNA is amplified using synthetic DNA primers
and the DNA polymerase enzyme [62]. The reaction is driven by repeated
thermal cycling between high and low temperatures (Figure 1.5). During
the denaturation step (typically ~95 °C), dsDNA gets separated into ss-
DNA. After being cooled to the annealing temperature, primers hybridize to
their complementary target sequences, and the DNA polymerase extends
the primers, synthesizing complementary strands as new dsDNA. Each cy-
cle ideally results in a doubling of the target DNA, leading to exponential
amplification. Importantly, amplification efficiency is determined primar-
ily by primer-target complementarity, and the sequence internal to the
primer region does not influence replication unless it affects primer bind-
ing or polymerase progression. Consequently, conventional PCR ampli-
fies both wild-type and mutant targets with similar efficiency when primer
binding regions are conserved.

For detection purposes, accumulation of amplified DNA can be monitored
in real time using fluorescence-based methods in quantitative PCR (gPCR),
where signal intensity correlates with the amount of duplex at each cycle.
The initial target concentration is quantitatively described by the number
of cycles Ct or C, required for the intensity to exceed a threshold value.
Alternatively, analysis can be performed after a predefined number of cy-
cles. To enable relative quantification in mixed samples, parallel reactions
are often performed using mutant-specific and wild-type-specific primers,
each labeled with spectrally distinct fluorophores. The difference in quan-
tification cycles, AC,, then reflects the relative abundance of mutant ver-
sus wild-type. However, imperfect specificity due to cross-hybridization,
primer dimer formation, or late-cycle nonspecific amplification can limit
sensitivity, particularly when the mutant fraction is very low [50].
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Figure 1.5: Polymerase Chain Reaction (PCR)-based amplification and detection.
Repeated cycles of DNA denaturation and extension by DNA polymerase amplify an
input target sequence. (A) Quantitative PCR (gPCR) monitors fluorescence during
amplification, where a lower threshold cycle (Ct) value indicates a higher initial
target concentration. (B) Digital PCR partitions samples into discrete partitions for
quantification based on positive/negative reads in each partition.

A more precise and robust approach for rare variant detection is digital
PCR (dPCR) [63, 64]. Here, the sample is partitioned into a large number
(typically >10000) of nanoliter-scale volumes such that individual parti-
tions contain only a small amount of target molecules. After amplification,
each partition is classified as positive (1) or negative (0), depending on
whether amplification occurred. Absolute target concentration is then in-
ferred using Poisson statistics to account for the probability of multiple
molecules per partition. As in qPCR, target-specific primers or probes la-
beled with distinct fluorophores enable simultaneous quantification of mu-
tant and wild-type targets within the same assay. Because dPCR relies on
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binary classification rather than amplification kinetics, it is less sensitive
to variations in amplification efficiency and is widely regarded as a gold
standard for low-abundance mutation detection. Detection limits on the
order of ~0.5% mutant fraction in a wild-type background are routinely
reported, making dPCR viable for applications such as minimal residual
disease monitoring and liquid biopsy analysis [65].

1.4.4 Next-generation Sequencing (NGS)

Sequencing aims at determining the exact nucleotide order of DNA mol-
ecules within a sample. In contrast to hybridization-based assays, which
detect the presence of specific sequences through binding, sequencing
provides direct base-by-base information.

The first widely adopted method was Sanger sequencing, developed in the
1970s and ultimately used to sequence the entire Human Genome Project
[66, 67]. The method is based on chain termination: during DNA synthe-
sis by DNA polymerase, modified nucleotides are occasionally incorporated
that stop further elongation. This generates DNA fragments of different
lengths, each terminating at a specific base. The fragments are separated
by size using electrophoresis, and fluorescence detection uniquely identi-
fies the terminal nucleotide at each position. From this information, the
DNA sequence can be reconstructed. Although highly accurate, Sanger
sequencing is low-throughput, requires a relatively pure DNA sample con-
taining essentially a single sequence. and is not well-suited for complex
mixtures of different sequences.

Next-generation sequencing (NGS) technologies overcome this limitation
by massively parallelizing the sequencing process [57, 68] (Figure 1.6).
In widely used platforms such as those developed by Illumina, amplified
DNA fragments (possibly mixtures) are immobilized on a flow cell and se-
quenced simultaneously. The chemistry is highly controllable, so that nu-
cleotides are incorporated one base at a time. Each event is detected
by fluorescence imaging, allowing the identity of the added base to be
recorded before the next cycle begins. This cyclic imaging process gener-
ates short sequence reads for each spatially separated cluster. Alternative
NGS approaches use different detection principles, such as semiconductor-
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Figure 1.6: Next-generation sequencing (NGS) workflow for analysis of complex
DNA mixtures. A sample containing multiple DNA sequences is processed and
generates large numbers of DNA sequence “reads” from individual DNA strands.
Data processing then accurately reflects relative abundances in the sample.

based sensing or single-molecule real-time sequencing [69, 70]. NGS
achieves some of the most sensitive detection limits currently available, of-
ten reaching mutant fractions below 1%, and in optimized workflows (e.g.,
with molecular barcoding and error suppression strategies) substantially
lower [44]. However, practical sensitivity is constrained by sequencing
errors arising from polymerase misincorporation, incomplete fluorophore
cleavage, and bioinformatic errors. Additionally, NGS requires substan-
tial infrastructure, significant upfront investment in instrumentation, and
non-negligible per-run costs. Library preparation, amplification bias, and
data analysis complexity further contribute to variability. Despite these
limitations, NGS has become a central tool in genomics, oncology, and
rare variant detection, providing an excellent combination of multiplexing
capacity, quantitative readout, and nucleotide-level resolution.

The techniques discussed above illustrate only a subset of the many avail-
able strategies for nucleic-acid detection. Despite their different readout
mechanisms, they all depend, directly or indirectly, on the thermodynamic
properties of DNA hybridization. To understand and predict DNA hybridiza-
tion, the next section introduces the nearest-neighbor model, which pro-
vides a practical framework for estimating duplex stability from a given
DNA sequence.
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1.5 Nearest-Neighbor model

The Modeling of DNA can be approached in many different ways, each
with distinct goals and levels of detail. At the most detailed level, all-
atom molecular simulations are used to describe structural and dynamical
properties of DNA, such as DNA bending, base-pair opening, major and mi-
nor groove dynamics, and DNA hydration [71, 27]. All-atom simulations
are computationally demanding, which is why coarse-grained models have
been developed that describe not every atom, but view DNA as simpli-
fied building blocks representing e.g. the backbone or specific nucleotides
[72, 73]. This reduction allows simulations of larger systems and longer
timescales. Typically, coarse-grained models rely on parameters obtained
from experiments or from all-atom simulations. Some of these approaches
can also provide estimates of duplex stability and melting behavior [74].

While these provide valuable insights into the mechanics and dynamics of
DNA, they are often unnecessarily complex for estimating the thermody-
namic stability of hybridization (AG). The nearest-neighbor (NN) model
provides a practical method for predicting the stability of DNA based on
their sequence and hybridization conditions [75, 47, 76]. It forms the
basis of many widely used prediction tools in biotechnology, for calculat-
ing melting temperatures, designing primers, or determining secondary
structures.

The central assumption of the NN model is that the stability of a DNA
duplex is determined by hydrogen bonding between opposing bases and
stacking interactions between adjacent base pairs. Importantly, the stack-
ing interactions depend on the identity of neighboring base pairs, but not
on the sequence further away, such that the NN model is a local theory.
As a result, the free energy can be expressed as a sum of contributions
from neighboring base-pair steps. For example, the free-energy change
of duplex formation can be written as

GCATG GC CA AT
o{02AT0) (09 1 ac(C2) - ac(2) (.15
TG
+AG <AC) + AGinit,

= —2.24 —1.45 —0.88 — 1.45 + 1.96 = —4.06 kcal/mol (1.16)
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where the top strand is always in the 5’->3' orientation and the bottom
strand 3'->5". The neighboring base pairs AG(XY/X'Y") form the NN pa-
rameters [47]. Of the 16 possible combinations of two consecutive match-
ing base pairs, some symmetry exists, reducing the variables to 10 inde-
pendent parameters. On top of these, the model uses an initiation pa-
rameter and a correction for terminal AT base pairs. These parameters
have been determined using multiple linear regression fluorescent mea-
surement on ~100 sequences and have been refined since. Additionally,
repeating such an analysis allows the separate determination of enthalpy
(AH) and entropy (AS), allowing the estimation of AG at an arbitrary
temperature.

Beyond perfectly complementary pairing, the NN model can also predict
duplex stability involving mismatches. This results in 48 additional NN
parameters. Analogous as before, the free energy of a mismatched duplex
can be calculated as

GCATG B GC CA AT
8¢ (OGCAO> = a0 (OG) TAC <GC> tac (OA> (1.17)
TG
+AG (AC) + AGinit,

= —2.24+0.75 + 0.77 — 1.45 + 1.96 = —0.21 kcal/mol  (1.18)

where mismatched base pairs are underscored. Notice that, while this
is not always the case, the mismatched NN parameters are not just lower
than their matching variant, but even positive. Equation (1.15) and (1.17)
may represent the binding of a detection probe to the mutant and wild-
type sequences, such that a comparison leads to the quantitative measure
of selectivity, AAG. Terms besides those involving the MM cancel, and we
are left with

CAT

AAG(GCA

) = 3.85 kcal/mol (1.19)

The binding difference here isolates the impact of the mismatch. It is the
mismatch penalty, such that

AGwr = AGyr + AAG (1.20)

Notice here that the binding difference is given by the local impact of the
mismatch and is not dependent on the binding length (which changes both
AG's with the same amount). We should note that AG does affect the total
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amount of binding in both cases, and should usually be tuned to avoid
probe saturation and target depletion.

One implication of the local nature of the NN model is that multiple MM con-
tribute additively to the total stability. The free-energy penalty of having
two MMs is estimated to be equal to the sum of their individual penalties.
Previous research has studied this property and suggests that additivity
breaks down when MMs are close and interact with each other [48]. On
average, an exponentially decaying stabilizing interaction takes place be-
tween two MMs depending on their separation, revealing behavior beyond
the NN model. In contrast, the interaction can become destabilizing under
specific conditions. In such cases, the deliberate introduction of a sec-
ond MM can lead to probe designs with improved selectivity (larger AAG).
Paper C investigates this property in the context of mutant DNA detection.

1.6 Aims of this Thesis

This doctoral work aims to bridge the gap between thermodynamic insights
into DNA hybridization and the development of new, highly selective detec-
tion strategies. The overarching objective is to improve the functionality
and detection limits of hybridization-based sensors, starting from an un-
derstanding of DNA hybridization on the thermodynamic level. The work is
motivated by the challenge of detecting low-abundance mutations in liquid
biopsies, where rare mutant sequences must be identified against a large
background of wild-type DNA. In such systems, detection is fundamen-
tally constrained by the binding free-energy difference AAG, which cap-
tures the discrimination between the desired and undesired binding. Sev-
eral strategies explored in this thesis therefore aim to effectively increase
this beyond the value imposed by a single mismatch. Rather than focus-
ing on the development of a specific technology or method, this research
emphasizes general concepts that are transferable across different plat-
forms. More broadly, this work highlights the relation between theoretical
insights and the design of hybridization systems. In this sense, this the-
sis contributes to an improved understanding of how sequence-dependent
interactions, penalties, and structural constraints determine selectivity in
DNA hybridization.
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Figure 1.7: Overview of the equilibrium-based methods presented in this thesis.
Papers A, B, and C introduce three strategies to enhance the detection of low-
abundance mutants. Selectivity is quantified through the free-energy difference
AAG and is improved via depletion interactions, probe-induced strain, or interac-
tions involving an intentionally introduced second mismatch (MM).

In paper A, the concept of wild-type target depletion is presented on a
microarray platform using clinical patient samples from the Jessa Hospi-
tal in Hasselt, Belgium. The detection method relies on a comparison to
reference probes measured simultaneously in parallel, enabling the defini-
tion of a robust ratio-based detection signal [39, 46]. The thermodynamic
description connects experimental readout to the AAG of the involved MM
and we investigate if the signal can be inverted to accurately determine
the amount of mutant (%) present in a sample. To show the impact of
wild-type target depletion, a comparison is made between a setup where
a large amount of wild-type matching depletion probes are present ver-
sus where they are absent. This enables the quantification of the depletion
effect, and leads to a ~14-fold improvement in the smallest detectable mu-
tant percentage. Remarkably, for samples containing the highest amount
of mutant, an apparent disagreement in predicted mutant percentage was
visible between the method with versus without depletion probes. We pro-
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pose an extended model that includes an additional interaction between
the reference probes and the targets, that correctly predicts a reduction in
signal at the highest mutant fractions and recovers consistency between
the two methods (Figure 1.7A). The sensor therefore has a large dynamic
range. Interestingly, this extension introduces a second MM to the model,
whose destabilizing effect is again present as a mismatch penalty AAG.
The penalty is lower than expected from NN model calculations, consistent
with the fact that it is present in close proximity to another mismatch, gen-
erally lowering its destabilizing penalty [48]. In summary, we present a
robust method for low-abundant mutant detection utilizing wild-type de-
pletion, where thermodynamic insights allowed us to describe all interac-
tions and enable a large dynamic range.

Paper B employs an additional strategy to increase the selectivity of mutant
detection. On top of wild-type depletion by ‘blockers’, mutant probes are
modified to incorporate strain that selectively reduces the binding affinity
of wild-type over mutant target (Figure 1.7B) [77]. Under optimal de-
tection conditions, the effective AAG is then given by the sum of three
distinct contributions: the mismatch penalty, strain contribution, and the
blocker interaction. The thermodynamic description allows the AAG to be
fitted, and we investigate if the individual contributions to AAG can be
quantified. We clearly present the relation between AAG and the low-
est detectable mutant percentage, framing how improvements to AAG
beyond the mismatch penalty improve the detection limit. Notably, the
blocker provided a dual effect: in addition to increasing AAG, the pres-
ence of blocker suppressed mutant-probe-induced depletion that nega-
tively impacts detection, and therefore the optimal detection conditions
are more easily reached when blocker is present. On top of these insights,
we operate in-solution at room temperature and reach a detection limit
of 0.058% mutant in a wild-type background, illustrating the potential for
cost-effective application of the involved methods [33].

The research of Paper C is concerned with non local effects of mismatches
in the DNA duplex. In this case, the penalty of a MM is different when
another MM is present somewhere in its vicinity which can be described
as using an interaction taking place between the MMs (Figure 1.7C). Usu-
ally, this interaction is stabilizing, such that the presence of another MM
lowers the impact of the MM relevant for distinguishing SNVs, and con-
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Figure 1.8: Non-equilibrium approaches for studying hybridization systems. Under
specific reaction conditions, kinetic inversion can occur, where the perfect match
(PM) reaches equilibrium faster than the mismatched (MM) target, leading to an
optimal discrimination window during the reaction. Periodic perturbations lead to
dynamic responses that reveal properties inaccessible at equilibrium.

sequently lowers the selectivity of the mutant probe [48, 78]. Our re-
search explores under what conditions this interaction is positive, and if
this leads improved discrimination and probe design. For this purpose, a
highly controlled sequence is used to systematically study the interactions
between MMs, depending on MM type and their (relative) positions. A
high-throughput sequencing approach allows parallel measurements that
are quantitatively described by thermodynamics. With the obtained re-
sults, the insights are applied to two clinically relevant sequences and a
consistent probe design leads to improved discrimination: the SNV should
be placed in the middle of the detection probe, and the intentional MM
near one of the probe termini. To validate this design, the best probes
are tested on a separate detection platform that uses a different readout
mechanism [42]. The interaction strengths reach close to 20% of the size
of a typical MM penalty, and the resulting probe selectivity is observed to
improve ~3 times.

In addition to equilibrium measurements, studying how binding changes
over time can provide useful information about a DNA hybridization system
and be used to distinguish mutant versus wild-type samples. The speeds
of binding and unbinding can differ between a perfectly matching sequence
and one with a mismatch, and by tracking these kinetic differences, mutant
and wild-type sequences can be distinguished [79, 80]. As the mismatched

38



Introduction

binding dissociates more easily, its timescale is shorter and reaches equi-
librium faster compared to a matching probe-target pair. An important
consequence of this is that mutant and wild-type target are most easily
discriminated at equilibrium. Chapters 5 challenges this, where instead
of a simple probe-target system, a multi-step hybridization system is pre-
sented, based on the sensor employed in Paper B. We investigate an effect
termed ‘kinetic inversion” where, under certain conditions, the matching
system is faster compared to the mismatched situation [81]. An important
consequence is that in the case of kinetic inversion, optimal discrimination
happens not at equilibrium but at a specified time during the kinetics. The
optimal time can be controlled by changing concentrations and other de-
sign parameters, which allows the kinetic response and signal magnitude
to be fine-tuned. As a result, kinetic inversion could enable faster detec-
tion while improving the trade-off between sensitivity and selectivity in
existing biosensors.

Finally, we present here a brief overview of an out-of-equilibrium method
that takes a very different approach. By continuously perturbing the DNA
system, it constantly adapts and reacts to reach its ever-changing equi-
librium state. This enables a continuous monitoring of kinetics that are
related to the properties of the sample. Specifically, in the system un-
der consideration, we periodically perturb the temperature with a given
frequency (Figure 1.8B). If this frequency is low, the system is in quasi-
equilibrium, and the response nicely follows the applied perturbation. At
higher frequencies, the system fails to catch up, and a lag appears be-
tween the applied temperature oscillation and the response. A frequency
response of the measured amplitude and phase lag characterizes the sys-
tem. A key strength of the technology is the continuous acquisition of
kinetic data, allowing the noise to be reduced and the detection limit to be
improved by increasing the measurement duration. This method of char-
acterizing properties of hybridization systems is the result of a combined
effort and research topics in our research group, Theory Lab. This has
led to a patent application, of which I am co-inventor, as well as a tech-
nical paper (Paper D) presenting a cost-effective experimental platform
for implementing the method. Several promising research directions are
currently being explored. However, further work on this topic is not dis-
cussed in this thesis in order to preserve potential intellectual property as
they represent promising opportunities for future research and technology.
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ctDNA Detection in Clinical Samples

Abstract

In a liquid biopsy approach, targeted mutation analysis of circulating tu-
mor DNA (ctDNA) is a valuable tool for diagnosis, monitoring and person-
alization of therapy. The ctDNA usually makes up only a small fraction of
the total circulating free DNA (cfDNA), and ctDNA often only differs from
cfDNA at a single nucleotide. This sets strong requirements on the ana-
lytical performance of hybridization-based biosensors, which is the focus
of this paper. We use clinical samples and apply the concept of wild-type
target depletion. Along with this, we develop an accurate thermodynamic
theory for the competitive hybridization and use it for selecting optimal
experimental conditions and for data analysis. The result is a biosensor
with improved quantification of ctDNA mutations, both the sensitivity and
dynamic range are improved by an order of magnitude. As reference tech-
niques, we used a clinically-validated real-time PCR assay and digital PCR
for absolute quantification. Our approach can be applied to a broad range
of hybridization-based biosensors, providing a robust and effective method
to improve the performance of existing biosensors.

2.1 Introduction

The use of biosensors for clinical applications has increased greatly in re-
cent years [1]. Biosensors research is driven by clinical needs, and new
research influences clinical practice. An important example is the need to
detect somatic gene variants for cancer diagnosis, prognosis, and treat-
ment monitoring. While tissue biopsy is the standard for genetic profil-
ing of tumors, analyzing circulating free DNA (cfDNA) in liquid samples,
such as blood, offers a less invasive alternative [2, 3]. Known as liquid
biopsy (LB), this approach enables frequent testing and at the same time
reduces discomfort, risk and cost. LB also overcomes the limitations of tis-
sue biopsy, which may miss tumor heterogeneity [4, 5]. Studies highlight
circulating tumor DNA (ctDNA) as a valuable biomarker for survival, mu-
tational burden, and treatment benefit for different tumor types [6, 7, 8].

From a biosensor point-of-view, it is important to pinpoint the analytical
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challenge associated with its application in oncogene mutant detection.
Tumor-derived ctDNA (mutant), is present in an abundance of cfDNA from
healthy cells (wild-type). Often, mutant and wild-type sequences differ in
only a single nucleotide and ctDNA represents only a small fraction of the
total cfDNA, less than 0.1% in early stages of tumor development [9]. By
its classical definition, a biosensor is an analytical device composed of a
biological sensing element in intimate contact with a physical transducer,
which together relate the concentration of an analyte to a measurable
signal. With the LB application in mind, however, it is not just the con-
centration of the analyte, but the relative concentration of mutant over
wild-type that poses the new challenge. This increases the importance of
the biological sensing element of the biosensor, because it must be able
to distinguish between two very similar molecules present in a very asym-
metric abundance. In many sensitive detection techniques, the biological
sensing element is a DNA probe, hybridizing with the clinical target DNA
sequence. This basic process is the focus of this work, showing how the
quantification of the relative mutant concentration can be improved, both
in its sensitivity and dynamic range.

In current clinical practice, detection of single nucleotide variants (SNVs)
is typically achieved with real-time polymerase chain reaction (PCR), dig-
ital PCR (dPCR) for single gene analyses, and targeted next-generation
sequencing for multigene testing, but for cfDNA analysis, sensitivity re-
mains an issue irrespective of the used technique and body fluid type
[10, 11, 12, 13, 14]. The use of direct hybridization-based biosensors has
increased, both in the number of applications and the diversity of its appli-
cation conditions [11, 15, 16]. Therefore, we study direct hybridization-
based biosensing for SNV quantification in cfDNA samples. The approach
starts from the basic biological sensing element and does not depend on
the specific readout technology of the biosensor. Here, we have chosen
a mature and reliable technology with optical readout, namely microar-
rays, but the results of our work are easily transferable to a wide variety
of sensing technologies, including multiplex and cost-effective biosensor
devices [17, 18, 19, 20, 21, 22, 23, 24].

Hybridization-based sensors use single-stranded oligonucleotide probes to
capture and bind DNA targets of interest. The detection of SNVs relies fun-
damentally on the difference in binding thermodynamics between perfectly
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complementary and partially mismatched DNA sequences. Here, knowl-
edge about competitive hybridization of non-mutant target sequences to
the probes is used to improve quantification of low-abundant mutations
[25, 26]. The application of capture probes selected for their thermody-
namic properties leads to the intentional depletion of the corresponding
wild-type target. This methodology has previously been demonstrated to
increase the sensitivity of hybridization-based SNV detection to a level
comparable with current PCR-based benchmarking methods, and is there-
fore suitable for clinical applications of LB-based gene analysis [27, 28, 29,
30]. In the current work, we explore the sensitivity and the applicability
of the methodology for the first time on LBs. We use clinical cfDNA sam-
ples from non-small cell lung cancer (NSCLC) patients that were tested for
the p.T790M mutation of the epidermal growth factor receptor (EGFR).
This biomarker is known to be associated with resistance to first- and
second-generation tyrosine kinase inhibitor treatment [31]. The detec-
tion of the mutation is done on an assay subject to wild-type target de-
pletion, and compared to one without depletion capture probes. Both are
in turn compared to two reference techniques: a clinically-validated real-
time PCR and dPCR, which is considered the golden-standard technique
for low-abundant mutant detection [12, 32]. A schematic overview of the
workflow is presented in Supplementary Information S1. In addition, we
expand the thermodynamic theory, enabling us to estimate mutant ratios
from samples with both low and high relative mutant ratios. The expan-
sion leads to important insights for future probe designs. This crucial step
increases the dynamic range of the biosensor and consequently the range
of applications [33].

2.2 Materials and Methods

2.2.1 Hybridization method: the reference probe and
the concept of depletion

A hybridization-based sensor detects the presence of single-stranded (ss)
mutant DNA by ssDNA hybridization probes. The detection is based on
the formation of a stable double helix, where the two strands obey the
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Watson-Crick pairing rule. The binding of mutant target Tmut to the probe
indicates the presence of mutant DNA. If the mutant DNA is present in
a background of wild-type target Twt, i.e. as a mix in the same sample,
the sensor’s performance is impeded by cross-hybridization with wild-type
targets. This cross-hybridization is most severe when Tmut is a SNV of
Twt, where only a single nucleotide differs between T'mut and Twt. While
traditionally, cross-hybridization leads to a reduced detection sensitivity,
we will show in Section 2.2.1 how cross-hybridization allows one to define a
robust mutant detection signal. More specifically, we focus on the situation
where target sequences Tmut and Twt are known, and we aim to detect a
minority of mutant targets in a majority of wild-type background.

An important aspect of sensor design is the selection of probe sequences
needed to detect mutant DNA in a sample. The mutant probe (Pmut)
is designed to physically cover the mutant sequence in a region around
the SNV with roughly a few dozens of nucleotides (see Section 2.2.6).
In Section 2.2.1 and 2.2.1, we explain how the use of additional probes
improves performance of the hybridization-based sensor. These probes
will either match the wild-type sequence (probe Pwt) or be used as a
reference signal (probe Pref).

When the hybridization between the sample targets and the probes has
reached thermal equilibrium, the readout occurs. Many technologies and
means are available for experimental readout, including fluorescence emis-
sion, changes in heat transfer resistance, or microgravimetric sensors
[22, 34]. We use microarray technology, which provides a mature sens-
ing platform and enables readout spanning up to five orders of magnitude.
In microarrays, probes are spatially organized into spots and targets are
fluorescently labeled. The optical readout of a spot provides a fluorescent
intensity I. For example, the intensity Ip,,.; is proportional to the fraction
of Pmut bound to a target, whether it is Twt, Tmut or a combination of the
two targets. Notably, no distinction can be made between Twt or Tmut
being bound to Pmut. This emphasizes the need for a reference probe,
which is introduced in the next section.
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Reference probes allow for a robust sensor design

To obtain a mutant-specific signal for sample mixtures, one can introduce
an additional probe Pref as a reference, which is designed in such a way
that Twt has an equal affinity toward the Pref as it does toward the Pmut.
An appropriate reference sequence can be found by exploring, theoretically
and experimentally [29], cross-hybridizations between different variants
of the Pwt, containing one or two mismatches to Twt (one or two nucleotide
pairs that do not obey the Watson-Crick pairing rule). The reference probe
then allows the mutant detection signal S to be defined as a robust ratio-

metric quantity, given by
S—1In (Ipm“t) 2.1)

Pref

By design, if only Twt is present, cross-hybridizations Twt + Pmut and
Twt + Pref will occur equally often, i.e. Ipy,. = Ipy.s, and the signal S
will be zero. However, when some amount of mutant is present, Ip,,.; will
increase, and the signal will be positive, indicating the presence of mutant
in the sample (Fig. 2.1A and B).

The mutant detection signal, given by equation (2.1), is described by stan-
dard Langmuir theory, which relates the occupancy of probes to target
concentrations c,,..:/c,+ @and affinities between probes and targets [35]. At
a low fractional abundance of the mutant target, the signal is described
by:

Signal without depletion:

_ Cmut AAGPmut
Sno_depl - |n (1 + Cot eXp (M)) (22)

where R is the universal gas constant, T is the absolute temperature and
AAG p,.: represents the difference in hybridization free energy (AG) be-
tween the mutant probe and its two targets, mutant and wild-type. No-
tably, the sensor benefits from having a large AAGpw..¢, amplifying the
mutant ratio c¢,,.:/c.: @nd increasing sensitivity. However, this free-energy
difference is determined by the target sequences and it is not a design pa-
rameter. The following section will introduce a way to further improve the
sensor performance, using the concept of depletion.
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Figure 2.1: Overview of the hybridization method-based mutant detection assay
[28, 29]. (A) When the assay is subject to a pure wild-type sample, the same
amount of target will bind to Pmut and Pref, the intensity readout is the same
and the mutant ratio is predicted to be zero. (B) When mutant DNA is present, the
additional hybridization to Pmut will result in a higher intensity for Pmut compared
to Pref. This signals the presence of mutant DNA.

Depletion probes enrich the mutant content in a sample

By introducing an abundance of wild-type matching probes Pwt, a large
number of wild-type targets will bind to Pwt and become unable to con-
tribute to the signal. The available amount of wild-type gets depleted.
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A No-depletion B Depletion:
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"% 21 Trout Pmut Pref Pwt
S
% 14 Twt 3’-TTC CCG TAC TCG ACG CAC TAC TC-5’
s Sno_depl Tmut 3°-TTC CCG TAC TCG ACG TAC TAC TC-5’
g Pwt 5’-AAG GGC ATG AGC TGC GTG ATG AG-3’
(O Pmut 5°-AAG GGC ATG AGC TGC ATG ATG AG-3’

104 105 102 10t Pref 5’-AAG GGC ATG AGC GGC GTG GTG AG-3’

Mutant ratio Cmut/Cwe

Figure 2.2: The concept of depletion in the hybridization method [28, 29]. (A) and
(B) When a large amount of wild-type target depletion probes Pwt are present, the
difference between the Pmut and Pref intensities becomes larger. (C) Theoretical
predicted signal of the hybridization assay under depletion condition (S, €qua-
tion (2.3)) and no-depletion condition (Sn._depi, €quation (2.2)) in terms of mutant
ratio cmut/cwt. Vertical lines demonstrate how the same mutant ratio results in
a larger signal in the depletion case. Horizontal lines show how an experimental
measurement of the signal can be used to obtain the mutant ratio. (D) Target
and probe sequences used in the hybridization experiments. Only the 23 bp probe
binding region is shown for the clinical NSCLC targets. Differences between the
wild-type target sequence or the wild-type probe sequence are highlighted in red.

Of course, the available amount of mutant is also lowered, but by design
there is a selective reduction of available target concentrations, such that
the mutant ratio is enlarged to an effective ratio &, /c®T. Because avail-
able concentrations are lowered, this usually requires an increase in total
target concentration. Depletion by wild-type probes enriches the mutant
content in the sample, which increases the ratio Ip,,../Ip..; and the sig-
nal S (Fig. 2.2B). The enrichment is determined by the difference in free

energy between the wild-type probe and its two targets Twt and Tmut,
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AAGp,:. When the affinity to wild-type probes is high, a condition we
call strong depletion [28], the enrichment of the mutant ratio reaches the
theoretical maximum of a factor exp (AAGp,:/RT), and consequently the
signal is maximally enhanced and given by:

Signal with depletion:

(2.3)

Stept = 1N <1 4 &Mt exp <

Cwt

AACTVPmut + AACTVPwt
RT

Depletion of wild-type targets further increases sensitivity and produces a
higher signal when mutant targets are present in the sample compared to
the no-depletion case (equation (2.2)). As in our previous work, the limit
of detection (LoD) is defined as the mutant fractional abundance corre-
sponding to a signal equal to three times the standard deviation of a pure
wild-type negative control sample [29]. The higher signal in case of target
depletion results in an improved LoD.

Hybridization assay allows determination of mutant content

In the hybridization experiment, the intensities of the mutant and refer-
ence probes are measured, and their ratio is used to determine the signal
via equation (2.1). Figure 2.2C shows the theoretical signals of the hy-
bridization assays as a function of the mutant ratio c,,.:/cut, €quations
(2.2) and (2.3). Conversely, one can invert the equation of signal S to
allow the determination of the mutant ratio ¢,,.:/cwt in @ sample after ex-
perimental measurement. The mutant ratio of the sample is calculated
using equations (2.4) and (2.5). In Section 2.3.3, we will show that these
equations are only valid for samples with low signals or mutant ratios, and
that accurate determination of the mutant ratio for high signals requires
an extension to the model concerning the interaction between Tmut+ Pref.

No-depletion:

Cnit _ (exp (Sno.aent) — 1) €XP < (2.4)

Cwt

AAC;Pmut
RT
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Depletion:

(2.5)

Crut _ (eXp (Sdepl) _ 1) exp <_

Cwt

AACTVPmut + AAC:Pwt
RT

In this article, we use the same design as in our previous work [29],
where we showed that adding depletion probes improves the detection
sensitivity of the EGFR T790M mutation using synthetic DNA samples and
surface-tethered probes. Synthetic DNA samples of differing mutant ratios
were used to perform a least-square fit to equations (2.2) and (2.3), and
free energies AAGp,i/RT and AAGp,:/RT were obtained. These val-
ues, determined to be 4.7 and 1.86 respectively, were in close agreement
with values expected from thermodynamic nearest-neighbor parameters
[36] and are used throughout this article. The LoD was determined to be
Cmut/Cwt = 0.0060 (crmut/ctot = 0.60%) under the no-depletion condition and
improved to cuut/cwt = 0.00048 (crut/ctor = 0.048%) in the depletion case
[29]. When ¢t /cw: IS below the LoD, samples are classified as negative.
Details of the experimental implementation are given in Section 2.2.6.

2.2.2 NSCLC patients’ cfDNA samples

Leftover cfDNA from 18 NSCLC patients were obtained from the Jessa Hos-
pital (Hasselt, Belgium) with ethical approval of the Ethics Review Com-
mittee of the Jessa Hospital under code 2021/023. The QIAamp circu-
lating nucleic acid kit (Qiagen, Hilden, Germany, #55114) was used for
extraction of cfDNA and residual samples were stored for up to 3 years
at -20 °C in DNA LoBind tubes (Eppendorf). A volume of 30 - 35 uL per
sample was received together with information on their EGFR ¢.2369C>T
p.(T790M) mutational status based on real-time PCR (using the EGFR Mu-
tation analysis kit from EntroGen, Woodland Hills, CA, #E£GFR-RT52 and a
Rotor-Gene X device from Qiagen) performed on freshly extracted cfDNA
by the Jessa Hospital as part of their molecular diagnostic workflow. In
the clinical assay, a threshold cycle (Ct) value of the housekeeping gene
beta-2-microglobulin (B2M) reaction was subtracted from the Ct value for
EGFR T790M in order to determine a delta Ct (ACt) value.
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EGFR T790M samples were classified as positive when the ACt < 7.4. Ac-
cording to this criterion, six samples were classified as positive and twelve
as negative in the real-time PCR clinical assay. Clinical diagnostic infor-
mation is provided in Supplementary Information S2.

2.2.3 dPCR

A QX200 Droplet Digital PCR System (ddPCR, Bio-Rad Laboratories, Her-
cules, CA) was used to perform dPCR-based mutation detection of the
EGFR 790M mutation. The reaction mixture contained 11 pL 2x ddPCR su-
permix for probes (No dUTP, Bio-Rad Laboratories, #1863023), 1.1 uL 20x
primers and probes (Bio-Rad Laboratories, assay ID: dHsaMDV2010019),
2.4 pL nuclease-free water and 7.5 L of cfDNA sample or no-template con-
trol (NTC). Droplets were generated using the QX200™ Droplet Generator
and transferred to a 96-well plate before sealing the plate using the PX1
PCR Plate Sealer according to the manufacturer’s instructions. For PCR,
the following amplification conditions were used: 95 °C for 10 minutes; 40
cycles of 94 °C for 30 seconds, 55 °C for 1 minute and 98 °C for 10 minutes
at a temperature ramp rate of 2 °C/second and a C1000 Touch™ Thermal
Cycler with 96-deep well reaction module were used. After the amplifica-
tion, the plate was kept at 4°C for 30 minutes. A QX200™ Droplet Reader
was used for the fluorescence intensity readout and results were analyzed
using QuantaSoft™ Analysis Pro 1.0.596 Software (Bio-Rad Laboratories).
For analysis, the inclusion criterion was > 10,000 droplets/well and fluo-
rescence thresholds for the EGFR assay were set at 2275.10 for channel 1
(mutant) and 2051.14 for channel 2 (wild-type). Droplet counts and mu-
tant ratios of the clinical samples with corresponding confidence intervals
calculated by the software are presented in Supplementary Information
S3.

2.2.4 PCR amplicon generation

For DNA hybridization experiments, amplicons of the NSCLC cfDNA sam-
ples of 107 bp comprising the region of the EGFR T790M mutation were
generated. The PCR reaction mixture contained 25 ul 2x Platinum™ II Hot-
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Start PCR Master Mix (Invitrogen, ThermoFisher Scientific, Merelbeke, Bel-
gium, #14000013), 2.5 uL forward primer (10 zM): 5" ATC TGC CTC ACC
TCC AC 3', 2.5 uL reverse primer (10 pM) with 5’-end phosphate modi-
fication: 5’ /Phos/ CTG GCG TCA TAG CTG TTT CCT GTG TGA TTG TGT
TCC CGG ACA TAG TC 3’, 12.5 uL nuclease-free water and 7.5 pL cfDNA
sample. A 1.0% mixture of EGFR T790M mutation in a wild-type back-
ground of 500 bp gBlocks™ Gene Fragments (IDT, Leuven, Belgium) and
nuclease-free water as NTC were taken along as positive and negative
control, respectively. The sequence is available in Supplementary Infor-
mation S4. Purification of the amplicons was done using the Zymo DNA
Clean & ConcentratorTM-5 Kit (Zymo Research, Irvine, CA, #2ZY-D4013).
Gel electrophoresis was performed on a FlashGel™ System (Lonza Group
AG, Basel, Switzerland #57067) to check the binding of the primers and
verify the amplicon length (see Supplementary Information S4).

2.2.5 Lambda exonuclease digestion

After PCR amplicon generation, the DNA concentration of the purified PCR
product was determined using a NanoDropTM 1000 Spectrophotometer
(Thermo Fisher Scientific), and the amplicons diluted to 10 ng/uL in a
total reaction volume of 50 uL containing 2 uL of 1.25 U/uL Lambda ex-
onuclease (Thermo Fisher Scientific, #EN0561) and 5 pul of 10x supplied
reaction buffer. The reaction mixture was heated to 37 °C for 30 minutes
followed by 85 °C for 10 minutes on a VeritiTM 96-Well Thermal Cycler for
the selective digestion of the 5’-phosphorylated strands to generate 107
bp long single-stranded DNA. The exonuclease digestion efficiency was
previously confirmed by [29]. Samples were stored at -20 °C and used
without further purification.

2.2.6 DNA hybridization experiment

To perform the hybridization experiment for EGFR T790M detection, we
used two custom 8x 15K Agilent microarray slides (Agilent Technologies,
Santa Clara, CA, USA, #G2509F) with the same design as described in
[29]. Briefly, one slide contained 8 EGFR depletion arrays and the other
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contained 8 no-depletion arrays. Depletion was induced by introducing a
large number of spots containing Pwt (14900 spots) on one of the arrays
compared to Pmut (20 spots) and Pref (20 spots). The no-depletion array
contained equal numbers of Pwt, Pmut and Pref (20 each). The 20 repli-
cates determine the 95% confidence interval. The readout of the slides is
presented in Supplementary Information S5. Oligonucleotide sequences
are presented in Fig. 2.2D. The Gene Expression Microarrays Hybridization
Kit (Agilent Technologies, #5188-5242) was used and the hybridization
mixture contained: 25.0 uL of 2x GEx hybridization buffer, 5.0 uL 10x
blocking agent, 3.5 uL of Lambda exonuclease-digested EGFR amplicons
(1 nM for the depletion array and 0.01 nM for the no-depletion array), 2.0
uL 5’ Cy-3 labeled barcode oligonucleotides (1250 nM, 5’- /5Cy3/AAA AAC
TGG CGT CAT AGC TGT TTC CTG TGT GA -3’) and 14.5 pL nuclease-free
water in a total volume of 50 pL. Hybridization and washing were done
according to the manufacturer’s instructions. Briefly, 40 L of hybridiza-
tion mixture was placed on an 8-well gasket slide (Agilent Technologies,
#G2534-60016) that was placed inside a hybridization chamber (Agilent
Technologies, #G2534A). The microarray slide was placed on top (with the
active side down), the hybridization chamber was closed with the cham-
ber cover and the assembly was clamped in place. It was checked that
there were no stationary bubbles present in the assembly. The hybridiza-
tion chamber was placed inside a hybridization oven (Agilent Technologies,
#G2545A) and rotated at 10 rpm at 65 °C for 17 hours. Array scanning was
performed on an Agilent G2565CA (G2505C) Series Microarray Scanner
System and Scan Control Software A8.4.1 (Agilent Technologies) with set-
tings for scan region: Agilent HD (61 x 21.5 mm), resolution: 5um, TIFF
image: 20-bit, photomultiplier tube: 100% and no eXtended Dynamic
Range feature. Agilent Feature Extraction Software 10.7.3.1 (Agilent Tech-
nologies) was used to analyze the array images with automatic gridding,
intensity measurement, background subtraction and quality checks.

The 18 cfDNA samples were analyzed in three runs, each performed on
the same slides after regeneration. Each run contained a negative control
which was used for baseline subtraction, as was done by [29]. Between
each run, the two slides were regenerated by washing them for 44 min-
utes in a 1:1 mix of wash buffer 2 from the Gene Expression Microarrays
Hybridization Kit with Milli-Q water at 65 °C and drying before storage at
room temperature.
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2.3 Results and Discussion

2.3.1 Application to clinical samples

The sample set of this work consisted of 18 cfDNA samples from NSCLC
patients. In general, these samples contained wild-type cfDNA and pos-
sibly a small fraction of tumor-originating EGFR T790M mutant cfDNA. All
samples were tested for the presence of this point mutation in a clinically-
validated real-time PCR assay. This assay relies on a ACt value: the
difference in PCR amplification cycles before it reaches a detection thresh-
old between the mutation, EGFR T790M, and a housekeeping gene (see
Section 2.2.2). A higher ACt value corresponds to a lower mutant ratio.
Both panels of Fig. 2.3 show the ACt values on the (reversed) x-axis.
Samples that did not reach the detection threshold for EGFR T790M after
40 PCR cycles were classified as negative and are indicated as NaN (Not a
Number) since no ACt value could be calculated. Samples with ACt > 7.4
were above the clinical threshold and classified as negative (12 samples)
and samples with ACt < 7.4 were classified as positive (6 samples).

Next, the set of 18 samples set was evaluated using the hybridization as-
say of Section 2.2.1. This assay is thermodynamics-based, it uses DNA
probes to capture specific target sequences in the sample and the result-
ing readout is determined by hybridization free-energy parameters of the
sequences at hand, and by the ratio cpu:/cut, i.€. the mutant over the
wild-type cfDNA concentration in the sample. The assay signal provides
a quantitative measurement of the mutant ratio ¢,,.+/c.: (s€e Fig. 2.2C
and equation (2.4) and (2.5)). The hybridization assay was developed in
a no-depletion and a depletion version. The latter depletes the wild-type
cfDNA in the sample leading to a lower LoD for the mutant ratio (see Sec-
tion 2.2.1 for details and numerical values). When a mutant ratio is below
LoD, it is classified as negative and represented by zero on Fig. 2.3. The
resulting values are presented on the y-axis of Fig. 2.3.

We observed a correlation between ACt values and mutant ratios c,,.:/cuwt
of both hybridization assay variants for the clinically positive samples. For
samples that were clinically assigned as negative, the majority was also
negative (i.e. below LoD) in both hybridization assays. Hence, there
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Figure 2.3: Scatter plot of mutant ratios c,..:/c.: Obtained by the hybridization
assay under no-depletion condition (A) and depletion condition (B) versus ACt
values obtained by real-time PCR for 18 cfDNA samples from NSCLC patients.
Errorbars show the 95% confidence interval. Horizontal dashed lines represent
the respective LoD for each hybridization assay condition. Vertical dashed lines
represent the clinical threshold between positive and negative samples for the
real-time PCR assay. Samples that were both below the LoD and had no ACt value
(NaN) are depicted with an open circle symbol.

was a general concordance between the clinical PCR and the hybridiza-
tion assays. However, there were some interesting exceptions. Both hy-
bridization assays detected the mutation in sample 18 (further discussed
in Section 2.3.2) whereas no mutation was detected using real-time PCR.
Samples 12 and 15 have a ACt > 7.4, hence clinically classified negative,
but received a non-zero mutant ratio c¢;;.:/c: @above the LoD in the deple-
tion hybridization assay. This suggested that these samples could contain
a low number of mutant targets. Further, the real-time PCR assay was
not able to measure a ACt value for samples 8 and 16 (assigned NaN),
but again, the depletion hybridization assay detected a non-zero mutant
concentration.
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2.3.2 Evaluation of the quantitative agreement with
dPCR

Since real-time PCR does not provide an absolute quantitative description
of the mutant fraction in a sample, we performed also dPCR measurements
on the clinical samples. Digital PCR is a sensitive technique for absolute
quantification and regarded as the gold-standard for low-abundant mu-
tant detection [12, 32]. All 18 clinical samples were run in a dPCR assay
as described in Section 2.2.3. The assay has a technical control criterion,
stating that the droplet count has to be > 10,000 droplets/well. This in-
clusion criterion resulted in the rejection for further analysis of samples 3,
7 and 8. For all other samples a mutant ratio ¢,,.:/c.: was determined by
dPCR, and compared with those of the two hybridization assays (Fig. 2.4).
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Figure 2.4: Scatter plot of mutant ratios c,../c.: obtained by the hybridization
assay under no-depletion condition (A) and depletion condition (B) versus dPCR
for 18 cfDNA samples from NSCLC patients (1-18). Errorbars show the 95% con-
fidence interval. A dashed diagonal is shown as a visual guide. Horizontal dashed
lines represent the respective LoD for each hybridization assay condition. Samples
are shown as dots, except when the number of mutant positive droplets < 3, in
which case they are denoted with a triangle. Samples 3, 7 and 8 did not meet
the technical control criterion for dPCR and are not shown. The open circle sym-
bol represents cases for which no mutant was detected in both the hybridization
assays and dPCR.

Firstly, the samples which are classified as positive by the clinical assay
(real-time PCR, Fig. 2.3) all show a strong quantitative correlation be-
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tween the dPCR and hybridization assays with Pearson correlation coef-
ficient of 0.89 and 0.84 for the no-depletion and depletion assays, re-
spectively. Despite this correlation, it was found that the depletion assay
underestimated the mutant ratio, which is further examined in the next
section. Also, samples 2, 4, 5 and 6 were in full agreement, i.e. no mu-
tant detected. Next, samples 12 and 16 were negatively classified by the
clinical assay but showed the presence of the mutation in the depletion hy-
bridization assay which was confirmed by the dPCR. These results showed
the increased sensitivity of the depletion assay over the no-depletion as-
say, and confirmed that the outcome of the hybridization assays, devel-
oped on synthetic DNA, can be translated to clinical samples and lead to
improved diagnostics of SNV mutations.

Furthermore, the samples in subset 9, 15, 17 and 18 (each indicated by
a triangle in Fig. 2.4) were around the detection limit of the dPCR: these
samples had only one or two mutant-positive droplets, which is below the
three positive droplets generally adopted as a cut-off for positivity in good
practice according to the manufacturer [37]. Of this subset, samples 9
and 17 were negative across all other analysis methods, indicating that
either dPCR detected a very low abundance of mutants, or the mutant-
positive droplets were false positives. A single mutant-positive droplet
was detected in sample 18, but the measured mutant ratio by dPCR was
lower than the expected ratio from the hybridization assay. Since in both
hybridization assays the mutant ratios in sample 18 were equally high
and well above the LoD, we suspected that the observed ratio in the hy-
bridization assay was the result of sample contamination. Sample 15 was
negative in the no-depletion hybridization assay, positive in the depletion
hybridization assay, and received a ACt value in the real-time PCR, which
suggested a positive but very low mutant content.

2.3.3 Extension of the model to accurately determine
high mutant concentrations

In the previous section we compared the difference between the two hy-
bridization assays for positively classified samples. While both correlated
well with the dPCR (Fig. 2.4), the depletion assay underestimates the
mutant ratio. This issue is due to an interaction not taken into account
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in the theory of section 2.2.1. This interaction will be discussed below
and lead to an extension of the theory of section 2.2.1. The extension to
the model will results in a more accurate description of the signal for high
mutant ratios, and consequently, high mutant ratios are more accurately
quantified.

The mutant ratios from the depletion and no-depletion assays are plotted
in Fig. 2.5A. Again, this figure shows the concordance between the two
assays for the majority of the samples and the improved LoD for the de-
pletion assay, visible for samples 8, 12, 15, and 16. A clear correlation
is visible in the upper-right quadrant. However, depletion-derived values
are lower than no-depletion, and an apparent deviation from the diagonal
is visible at the highest mutant ratios.

To address this issue, we re-evaluate the data analysis which leads to the
mutant ratio ¢, /cwe- Figure 2.2C illustrates how, for both the depletion
and no-depletion method, a measurement leads to the determination of
the mutant ratio in a sample. When theory and experiment match, the
two assays agree on the amount of mutants in the sample.

Using equations (2.4) and (2.5), the same was done for the clinical sam-
ples on Fig. 2.5C. The experimental signal is plotted on the y-axis ver-
sus the derived mutant ratio on the x-axis for both depletion and no-
depletion. Corresponding samples for depletion and no-depletion assays
are connected by dashed lines, which should be vertical when theory and
experiment match. The discrepancy between the two assays is apparent
for samples with a high mutant fraction. This observation points to the
solution of the issue: the physical model used in Fig. 2.5C (see Section
2.2.1) was developed to accurately describe samples with low mutant frac-
tions. In this limit, it is correct to neglect the interaction between T'mut and
the reference probe Pref. Since the mutant ratio in some of the current
samples is higher than those used in the work of [29], the interaction of
the mutant target with the reference probe cannot be neglected for these
samples. Intuitively, while for low mutant ratios, the reference probe in-
tensity can be considered approximately constant and only dependent on
the amount of Twt, the intensity of the reference probe at high c,,u:/cwt IS
dependent on both the amount of Twt and T'mut in the sample. The ob-
served discrepancy between the depletion and no-depletion assay is then
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Figure 2.5: The effect of the extension of the thermodynamic hybridization model.
The binding of the mutant target to the reference probe is neglected in (A) and
(C) or taken into account in (B) and (D). (A) and (B) Scatter plots of mutant ratios
cmut/cwt Obtained by the two hybridization assays with and without wild-type target
depletion. Horizontal and vertical lines represent the LoD for the depletion and no-
depletion assay condition, respectively. The open circle symbol represents cases
for which no mutant was detected using both the hybridization conditions. (C) and
(D) Determination of mutant ratio ¢,,u:/cw: from the signal without (C) and with (D)
taking into account the mutant target (T'mut)-reference probe (Pref) interaction.
Solid curves represent equations (2.2) and (2.3) (C), and (2.7) and (2.8) (D). For
both depletion and no-depletion hybridization conditions, the experimental signal is
plotted on the y-axis against the calculated mutant ratio. The dotted lines connect
corresponding samples for the depletion and no-depletion assay.
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understood by the fact that the effect occurs at lower ¢t /cw: vValues for
the depletion assay, because this assay actively changes the ratio of Tmut
over Twt in the sample.

For a quantitative description we extended the applicability range of the
physical hybridization model by incorporating all target interactions with
Pref. A detailed derivation of the extended theory is provided in the Sup-
plementary Information S6. The extension adds an additional term to
equations (2.2) and (2.3), leading to:

No-depletion:

“ma AA mu
Sno_depl =In (1 + Comut exp (C;Pt>)

Cuwt RT
Crut AAGPref
—In(1 —_— 2.7
(e () @
Depletion:
o Cmut AACTVPmut + AACTVPwt)
Sdepr = IN <1 + o exp < AT ))
“In(1+ Cmut exp AACTYPref + AAGP’u)t) (28)
Cuwt RT

where the extra parameter AAGp,.; represents the target interactions
with Pref. Specifically, AAGp,.; is the difference in hybridization free
energy between the reference probe and the two targets, AG(Pref + Twt)
- AG(Pref + Tmut). Since Pref + Tmut contains an additional mismatch
(see Fig. 2.5), AAGp,.s is negative.

The additional terms in equations (2.7) and (2.8) are not identical, which
explains quantitatively the discrepancy between the two assays. More
specifically, for the depletion assay, the depletion interaction AAGp.: is
present in the additional term, which is why the new interaction has a
larger influence in the case of depletion. When all free-energy differences
are known, similar to section 2.2.1, the mutant ratio of a sample is ob-
tained by inverting equations (2.7) and (2.8). The resulting equations are
provided in Supplementary Information S7.

The effect of the extended model is visible in Fig. 2.5B, where (as opposed
to Fig. 2.5A) the depletion and no-depletion assays now agree on the
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amount of mutants in the samples. The dynamic range is enlarged ~10-
fold by including the Pref+Tmut interaction. The extension of the model is
also illustrated by the solid curves of Fig. 2.5C with 2.5D: for high mutant
ratios the signal curves flatten out, i.e. they become sigmoidal. For small
mutant ratios the curves of Fig. 2.5C and 2.5D remain identical. The
additional subtraction in equations (2.7) and (2.8) becomes important for
high mutant ratios, where the signal was overestimated and therefore the
predicted mutant ratio was underestimated. Hence, the extension allows
for a more accurate determination of the amount of mutant in a sample,
relevant at high mutant ratios, by introducing a single extra free-energy
parameter AAGp,.; With a clear physical meaning.

The parameter AAGp,.; can be extracted from the data. Any sample that
is measured in both the depletion and no-depletion conditions contains
the same amount of mutant for both conditions. Eliminating c,,,:/c.: from
equations (2.7) and (2.8) provides a mapping of the depletion signal onto
the no-depletion signal for the same sample. This curve can be fitted
for the values of AAGp,; and AAGpy; — AAGppmu. Since AAGpmut
is known from previous work by [29], this allows the value of AAGp,.s
to be determined. The derivation, along with the fitting procedure can
be found in Supplementary Information S8. The free-energy values are
summarized in Table 2.1. The fit provides a way to determine AAGp,.s. By
adding the value of AAGp,,i/RT = 4.7, we obtain AAGp,.;/RT = —0.45
as presented in the last column. The fitted value of the wild-type probe
parameter AAGp,; provides an independent determination of this free-
energy difference. The agreement with the value reported by [29] shows
the consistency of the hybridization method and the fitting procedure.

It is instructive to compare the value of AAGp,.; with the theoretical value
of a simple nearest-neighbor model for hybridization free energy [36].
The nearest-neighbor calculation predicts a value of -2.3 for AAGp,¢s/RT.
The measured value (Table 2.1) is noticeably smaller. This can be un-
derstood by identifying the locations of the mismatches present in the
Tmut + Pref binding (Fig. 2.5). Three mismatches are present in close
proximity of each other, only being separated by two nucleotide pairs
that obey the Watson-Crick pairing rule. It is known that, when the dis-
tance between two mismatches is closer than five nucleotides, the addi-
tivity principle, which is the basis of the nearest-neighbor model, breaks
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Table 2.1: Overview of free-energy parameters relevant in the hybridization assay.
[29] determined the thermodynamic parameters from synthetic samples at low
mutant ratios. Adding AAGpmut t0 AAGprey — AAGpmu: Fesults in an estimation
of the reference probe interaction AAGp,.s, as presented in the last column.

Reference
Fit to clinical data Van Hoof et al. (2022) probe
interaction
Free-
energy AAng;fm AAGprey gTAAGme AAI?FIF,“,t AA%‘;,",” AAng s
parameter
Value 1.80 £ 0.06 —5.15 £ 0.17 1.86 £ 0.15 4.7 £ 0.1 —-0.45 £+ 0.27

down, and the free-energy penalty of the model is an overestimation [36].
This effect becomes even more pronounced when three mismatches are
near each other, as is the case for the mutant-reference probe interac-
tion. The overestimation (more negative) of AG(Pref + Tmut) implies
AAGp,.;/RT > —2.3, which explains the observed value presented in Ta-
ble 2.1. The Tmut + Pref binding is therefore more stable than predicted
using the nearest-neighbor model because the mismatches are in close
proximity of each other. As a result, the Tmut + Pref interaction, which
can be seen as a flattening of the curve due to a lower increase in the
signal, occurs at a lower mutant ratio than expected without accounting
for the proximity of the mismatches. This thermodynamic insight leads to
an important design concept for future reference probes, namely that the
additional mismatch of the reference probe to Tmut compared to Twt is
ideally separated more than five nucleotides from the mismatches already
present in Pref + Twt in order to maximize the free energy penalty.

The determined value of the physical parameter AAGp,.; can now be used
in our extended model to accurately determine the mutant ratio in the hy-
bridization assay. The signal as a function of c¢,.:/c,: for the extended
model is shown in Fig. 2.5D. The extension resolves the disagreement be-
tween depletion and no-depletion results, and agreement is observed in
Fig. 2.5B. We finally note that the theoretical extension and the addition
of parameter AAGp,.; are important only at high mutant ratios, where it
allows a more accurate determination of the mutant ratio, and the exten-
sion has a negligible effect on samples with a low mutant ratio and the
analysis of the previous sections is retained.
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2.4 Conclusions

We have successfully applied the thermodynamics-based concept of wild-
type target depletion to clinical circulating free DNA samples using a hy-
bridization assay for single nucleotide variation detection, demonstrating
a 10-fold increase in sensitivity. We found an agreement between our
data and the qualitative results of a clinically-validated assay, as well as
a quantitative agreement on mutant ratios present in the samples com-
pared to digital PCR. By incorporating all relevant molecular interactions in
the thermodynamic model, we enlarged the dynamic range within which a
quantitative determination of the mutant ratio can be obtained by a factor
10. The assay therefore becomes suitable for both sensitive detection of
low mutant levels in early diagnosis as well as the accurate determina-
tion of high mutant abundances which are clinically relevant e.g. in the
follow-up of advanced cancer. In addition, the thermodynamic analysis
gave insight into future reference probe designs. The possibility for paral-
lel detection of multiple nucleotide variants needs to be further explored
since parallelization is a strength of the hybridization technology.

Our thermodynamic approach starts from physicochemical properties of
DNA and is independent of the readout system of the used sensor. It
can therefore be applied to a wide range of hybridization-based biosens-
ing technologies and platforms, including cost-effective sensors operable
at room temperature. This method can be utilized as a multiplex plat-
form for the simultaneous detection of various single nucleotide variations
(SNVs) using the same depletion mechanism and reference probe. Sup-
plementary Information S9 outlines the steps required to transfer the hy-
bridization method to alternative platforms or to modify the design for
detecting different target sequences.

It is a robust and effective method to improve the performance of existing
biosensors which currently lack the sensitivity required for the analysis of
single nucleotide variations.
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Supplementary Information

S1 Overview and workflow of assays
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Figure S1: Overview and workflow of the used mutation detection assays. The hy-
bridization method is tested in two variants, without and with depletion, for which
separate microarray slides are used. The depletion slide, with 8 identical microar-
rays, has microarrays that contain a large amount of wild-type matching probes,
that induce wild-type target depletion and result in a better limit of detection. The
reference techniques are the clinically validated real-time PCR performed at Jessa
hospital and digital PCR.
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S2 Clinical diagnostic information on cfDNA samples

Table S1: Clinical diagnostic information on cfDNA samples obtained from 18 NSCLC patients. Real-time PCR threshold cycle
(Ct) values are obtained for the EGFR T790M mutation and for the housekeeping gene beta-2-microglobulin (B2M). The Ct
value for B2M was subtracted from the Ct value for EGFR T790M in order to determine a delta Ct (ACt) value and EGFR T790M

mutational status, which is positive when ACt < 7.4.

cfDNA sample DNA concentration Ct B2M Ct EGFR T790M ACt EGF_R T790M
number (ng/uL) mutational status
1 0.42 26.6 31.4 4.8 positive
2 0.46 26.2 37.2 11 negative
3 7.12 24.5 31.0 6.5 positive
4 0.26 26.0 >40 / negative
5 0.21 26.3 >40 / negative
6 0.72 26.0 >40 / negative
7 0.89 26.6 >40 / negative
8 0.50 26.1 >40 / negative
9 0.37 25.9 >40 / negative
10 2.91 27.1 28.9 1.8 positive
11 1.19 27.1 33.8 6.7 positive
12 9.02 25.6 38.0 12.4 negative
13 10.5 25.2 31.6 6.4 positive
14 0.42 25.6 31.4 5.8 positive
15 0.39 25.7 35.6 9.9 negative
16 0.71 25.4 >40 / negative
17 0.42 N/A >40 / negative
18 0.33 26.2 >40 / negative
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S3 Digital PCR information

Table S2: Digital droplet PCR analysis on cfDNA samples obtained from 18 NSCLC
patients. Mutant ratio and 95% confidence intervals are obtained using Poisson
statistics. Two template negative controls (NTC) are included and showed the
expected result.

Droplets Mutant content
cfDNA
s;:z " counte Mpu::i'jt P‘z’:;_ Mutant ratio 95%  95%
. . Cmutf Cut CI Min CI Max
num- tive tive
ber
1 17391 63 391 0.160 0.117 0.202
2 17334 0 479 0
3 2776 56 1066 /
4 18047 0 263 0
5 16601 0 307 0
6 17620 0 744 0
7 6168 11 217 /
8 4363 0 110 /
9 18088 1 523 0.002 0 0.006
10 15600 1847 3131 0.562 0.530 0.595
11 15848 50 1100 0.044 0.031 0.056
12 14354 49 5115 0.008 0.006 0.010
13 14569 432 6256 0.054 0.048 0.059
14 16439 15 500 0.030 0.014 0.045
15 16874 1 285 0.003 0 0.012
16 17869 9 953 0.009 0.003 0.015
17 17355 2 399 0.005 0 0.013
18 17175 1 260 0.004 0 0.013
NTC 17285 0 0
NTC 18423 0 0
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Figure S2: Mutant ratio and 95% confidence intervals resulting from digital droplet
PCR analysis. cfDNA Samples on x-axis are sorted according to increasing mutant
content. Samples where the number of mutant positive droplets < 3 are denoted
with an X"

S4 PCR amplicon information
S4.1 EGFR template sequences

Sequence of EGFR template gBlocks™ Gene Fragments with deviating nu-
cleotides C/T for the wild-type and the EGFR T790M mutant, respectively:

5 TAA ACG TCC CTG TGC TAG GTC TTT TGC AGG CAC AGC
TTT TCC TCC ATG AGT ACG TAT TTT GAA ACT CAA GAT CGC
ATT CAT GCG TCT TCA CCT GGA AGG GGT CCA TGT GCC CCT
CCT TCT GGC CAC CAT GCG AAG CCA CACTGA CGT GCCc TCT
CCCTCC CTC CAG GAA GCC TAC GTG ATG GCC AGC GTG GAC
AAC CCC CAC GTG TGC CGC CTG CTG GGC ATCTGC CTC ACC
TCC ACC GTG CAG CTC ATC AC/TG CAG CTC ATG CCC TTC
GGC TGC CTC CTG GAC TAT GTC CGG GAA CAC AAA GAC AAT
ATT GGC TCC CAG TAC CTG CTC AAC TGG TGT GTG CAG ATC
GCA AAG GTA ATC AGG GAA GGG AGA TAC GGG GAG GGG
AGA TAA GGA GCC AGG ATC CTC ACATGC GGT CTG CGC TCC
TGG GAT AGC AAG AGT TTG CCA TGG GGA TAT GTG TGT GCG
TGC ATG CAG CAC ACA CAC ATT CCT TTA TTT TGG ATT CAA
TC 3’
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S4.2 Gel electrophoresis

For gel electrophoresis, 4 pL of 5 ng/uL PCR product from wild-type EGFR
gBlocks™ Gene Fragments, NTC PCR product or nuclease- free water (as
NTC for the gel electrophoresis) was mixed with 1 uL of 5x loading dye. The
mixtures or 5 uL of 5 times diluted FlashGel™ DNA marker 50 bp - 1500
bp (Lonza Group AG, #57033) were loaded in a well of a 2.2% Agarose
FlashGel™ DNA Cassette (Lonza Group AG, #57031). The gel was run at
275V, and images were taken using the FlashGel™ camera and capture
software (Lonza Group AG).

EGFR PCR
PRODUCT

Figure S3: Evaluation of PCR amplification products. 1: FlashGel™ DNA marker
50 bp - 1500 bp (M), 2-4: PCR product from wild-type EGFR gBlocks™ Gene
Fragments (EGFR PCR product), 5-7: no template control PCR product (NTC PCR),
8-9: no template control gel electrophoresis (NTC gel), and 10: FlashGel™ DNA
marker (M).
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S5 Hybridization method: microarray results
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Figure S4: Microarray results for the hybridization method. cfDNA samples from
18 NSCLC patients were analyzed in three runs. For each run, depletion and no-
depletion conditions were evaluated using a mutant-matching probe and a refer-
ence probe for boxplots are shown. The mutant detection signal is calculated from
these data using Eq. (2.1). Whiskers indicate the furthest point in the interquartile
range, and outliers beyond these are plotted as open circles. In addition, 0% and
1% control samples were included for baseline subtraction.
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S6 Derivation of the extension of the model
for larger mutant ratios

Let 0;; denote the fraction of probes of type i hybridized to target of type ;.
When targets are present at concentrations ¢; and probes at concentrations
a;, dynamics are governed by

do;; - i -
dt] — k;;; (1 — Z 9zm> <Cj — Zanenj> —kijﬂij, (S1)
m=1 n=1

saturation of probe i depletion of target j

where kj; and k;; are the association and dissociation constants. In the

case where we have three probes (P,¢, Pnut and Py, i = 1,2 and 3 re-

spectively), two targets (7T, and T,,.:, j = 1 and 2 respectively), and avoid
saturation of the probes, this becomes

do;;

dt

= k:; (Cj — a191j — a292j — a393j) —kijeij, (SZ)

eff
¢

with 6, = 6;; + 6;» representing the fraction of probes that are occupied
by any target, such that I; ~ 0;. We also introduced an effective target j
concentration ¢, At equilibrium

97;]‘ = C;e-ffKij7 (53)

where the K;; = k;/k;j = e~ AGi/ET gre equilibrium constants.

Without depletion probes, the reservoir condition is satisfied and effective
target concentrations are practically equal to ¢;.

S = ¢ (S4)

No-depletion: :
(S5)

In case of a large amount of wild-type matching depletion probes, effective
wild-type and mutant concentrations are lowered significantly. When a; is
large, we can assume depletion is only due to wild-type matching probes,

C]e-ﬁ= =C; — a101j — G,ngj — a393]’ (86)

~ Cj —a101j. (57)
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When the effective target concentration is low, 6y, is linear to effective
target concentration 2" and therefore

eff eff
Cj ~Cj— alcj Klj (58)

eff o G S9

C] 1+ alKlj : ( )

Finally, in case of strong depletion a,K;; > 1 and the effective concentra-
tion in case of depletion become

P eff _ G S10

Depletion: c; 7Q1K1j7 ( )

resulting in an enhanced effective mutant ratio

eff

' Kl e (AAG P, /RT o €2 (S11)
EfF T oK c e

¢ 14412 1 1

The detection signal is given by

g — | Jpmut (S12)
Opref
021 + Oa2
=|n—-—>*=2 S13
031 + 032 ( )
C?ﬂ:Kgl + CgffK22 14
=In SR+ e K (514)
1 31 T Co 32
| ceffK22
_|_ -
K eff
“in(22) 40| fn (S15)
K31 CeffK32
Cefngl
Koy chfK 22 chfK 32
=In{—)+In|{1+—=—|-In[1+—=F—], S16
(K?)l) ( C?fngl C?fngl ( )

The first term is a baseline Sy, which is close to zero due to the probe
sequence selection of Ps. The second term represents the mutant probe
interaction, and the last term represents the reference probe interaction.
The baseline-subtracted signal (which is described in the main text as just
the signal S) is how given by

. c2 Koo c2 K32
No-depletion: S—-Sy=In[1+ —In[1+ , (S17)
c1 Ko c1 K31
c2 Ko Koy c2 K32 Koy
Depletion: S—S=In|14+——-1]-1 4+ —1]. (S18
P 0 ( C1K21K11> ( C1K31K11> ( )
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Finally, one can write the signal in terms of free-energy differences by
substituting the ratios of equilibrium constants.

S7 Mutant ratiodetermination in the extended
model

Inverting the equations from the signal in terms of the mutant ratio results
in the equations to obtain the mutant ratio from the signals.

No-depletion signal:

Sno_dept = 1N <1 4 Gmut exp <AAGP"““‘)>

Cuwt

“In (1 + et ayp (AAGPf)) (S19)

wt

Depletion signal:

Cmau AACTYPmut + AACTYPwt)
o =1 L
Sde!)l n ( T e Cuwt Xp ( RT

—In <1 + Crmut exp (AAGPref + AAGPwt))) (S20)
Cuwt RT

No-depletion mutant ratio:

(521)

Cmut _ eXp (Sno_depl) -1
AAGPM)

B AAG P,
Gt exp (S8FRm) —exp (Sno_depl + = &T

Depletion mutant ratio:

Cmut _ EXp (Sdepl) -1 eXp (_ AAGpwt> (522)
Cut  exp (A2%emu) _ exp (Sdepz + AACE ef) RT
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S8 Determination of AAGp,.; and fitting pro-
cedure

For ease of notation, let us introduce parameters

A(L‘l = AAGPmut/RT7 (523)
Azy = AAGpres/RT, (S24)
Azg = AAGpur/RT, (S25)

and abbreviate S,; = Spo_depr @Nd Sy = Sqep. Using this notation, the mu-
tant ratio calculated from the hybridization experiment without depletion

is expressed as

Cmut _ esnd -1

- eAI1 _ 6A:E2+Snd

(S26)

Cwt

The hybridization experiment with depletion for the same sample, results
in a signal Sy that is given by

C . . @ .
Sy =In (1 + m’”emﬁmcﬁ) —1In (1 + ’Wemzwld) (S27)
Cuwt Cuwt
Inserting equation (S26) into equation (S27) we find:
eSnd — 1 Az1+Azg
Sdzln 1+€Ar1 _eAIZ"rSnde (528)
eS"d -1 Azxo+Ax
_ 2 d
In (14 e (529)
—In (eAgcl _ €A12+5n,d + eAz1+Sn,d+Axd _ 6A11+Azd) (530)
—In (eAzl _ ¢Az2+Sna + eAz2+Snat+Aza _ 6A51?2+A30d,) (S31)
1 — eAz2—Az1+Sna | gASnatAza _ pATa
=1In (1 — eAT2—Az14+Snq | eAT2—Azi1+SnatAza _ eszAmlJrAwd) (532)
1— eA-T2_A£1+Snd + eASnd+A5Ed _ eA.’I:d
Sd =1In (1 _ eAa:Z—Azl (esnd + esnd+Amd _ eACEd)> (533)

Equation (S33) represents the depletion signal S, in function of the no-
depletion signal S,4 on the same sample, given the values of Az, and the
difference Az, — Az;. This allows Az, and Az, — Az, to be fitted when
both depletion and no-depletion measurements are performed on multiple
samples. Figure S5A shows Sy in function of S,,; for the clinical data, along
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with a fit to equation (S33).

Fit parameters were determined to be

Azg = AAGpy:/RT = 1.87 £ 0.08 (S34)
A.’Eg - A.Z‘l = AAGpref/RT - AAGPmut/RT = —5.15+0.17 (535)

Adding AAGpp./RT = 4.7 to equation (S35), we obtain AAGp,.;/RT =
—0.45 as presented in the main text.

Additionally, Fig. S5B shows two lines, one showing equation (S33) and
one line where the mutant-reference probe interaction is omitted from the
theory i.e. where the second term is removed from equation (S27). Figure
S5 shows once again that the extension of the model only affects samples
with large signals, and shows that sample 1 and sample 10 do indeed fol-
low the suggested model, which now includes the mutant-reference probe
interaction.

51 . e 5
A
4
,/
o
4
4 1 ,/ 4
3 7/
%413 ,/
© . ’ ©
c 11 ’ e
o3 ©18 e 8 3
7] [}
c °14 e c
2 / 2
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Figure S5: Depletion signal in function of the no-depletion signal of the same
sample. (A) Clinical NSCLC cfDNA sample measurements. The orange line is a
fit of parameters Az, and Az, — Az, to equation (S33). (B) The effect of the
addition of the P,.; + T)..: interaction. The addition of the P,.; + T).: interaction is
only noticeable at larger signals and mutant ratios and does not significantly affect
smaller signal. As a visual guide a dashed diagonal is plotted in black.
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S9 Transfer of the hybridization method to
other platforms

Here we provide an overview of the general steps involved in adapting
the hybridization method to a new target sequence or transferring it to
a different readout instrument. The goal remains the same: one would
like to detect single-stranded mutant DNA in a majority of SNV wild-type
background. The method makes use of three different probes: the mutant
matching probe P,,.;, the wild-type matching probe P,; and a reference
probe P,.;. The ratio of the readouts of P,,,, and P,.; determine the signal,
and the wild-type matching probes are used to induce depletion, so there-
fore no readout mechanism is required for P,;. Readout of P,,,; and P,.s
can occur on many platforms and through various mechanisms where the
readout is linear in the bound concentration to the probes, examples in-
clude Surface Plasmon Resonance (SPR) [18], Electrochemical impedance
spectroscopy (EIS) [19] or in-solution fluorescence [25].

1. Select the length of the binding region of mutant matching probe
P,,.. depending on the used instrument and temperature of operation.
Preferably center the position of the mismatch in the P,,,,+T,,; binding
to maximize the free energy penalty due to the mismatch.

2. To maximize the effect of depletion (strong depletion), either the
number of wild-type matching probes in the system can be made
large or the binding affinity of the wild-type matching probes can
be increased (by e.g. increasing the length of the binding region).
We recommend increasing the amount of probes over increasing the
length because the latter will increase the time required for the sys-
tem to reach equilibrium. Depletion of wild-type target can be achieved
using different mechanisms, possibly in solution by introducing match-
ing strands attached to magnetic beads or other capture mechanisms
resulting in selective capturing of the wild-type target. Depletion can
take place at the same time or as a separate step before the sample
is allowed to bind to the mutant and reference probes.

3. The reference probe should fulfill the following two conditions:

e The affinity of the reference probe toward wild-type target should
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be the same as the wild-type target towards the mutant matching
probe to ascertain equal binding to P,,,; and P,.; in case of a wild-
type only target.

e The affinity of the reference probe to the mutant target should
be kept as low as possible to avoid a decrease in the signal at
higher mutant ratios and to keep a large dynamic range.

For the first condition, nearest-neighbor predictions can be used to
explore sequences with one, two or more mismatches and determine
their affinity towards wild-type targets. Additionally, equal binding
can be experimentally tested for candidate reference probes [29].
For the second condition, we recommend selecting a reference probe
sequence where the additional mismatch occurs at a location ideally
separated more than five nucleotides from the other mismatch loca-
tions [36]. This will minimize the (stabilizing) interaction between
the mismatches, which is not predicted using nearest-neighbor cal-
culations.

4. An appropriate target concentration should not saturate the probes.
We recommend determining the concentration by testing a dilution
series of the total concentration, for each of the 0%,10% and 50%
mutant containing sample and ensuring the P,,,; readout is above
background and not close to saturation.

After probe selection, the free-energy penalties are to be checked experi-
mentally by constructing a dose-response curve where the percentage of
mutant in control sample is varied. The exponents of equations (520) can
be fitted and used in equation (522) for quantification of the mutant ratio

Cmut/cwt .

On top of this, the method can be extended to design a multiplex platform
for the detection of different SNVs at the same time, using the same de-
pletion mechanism and reference probe. Multiple mutant probes are used
and they should match the SNV sequences, i.e. P, Pnu’,.... Each
SNV has a corresponding signal S; = log(Z,,.+'/I..f) that can be used to
determine the relative mutant concentration in the sample.
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Strain-forming Probes and Wild-type Blocker

Abstract

DNA hybridization is a fundamental molecular recognition process in na-
ture and biotechnology. However, the finite free energy difference be-
tween matched and mismatched duplexes limits detection of rare vari-
ants. This challenge is particularly acute in liquid biopsies, where single-
nucleotide variants in circulating tumor DNA must be distinguished from
a vast excess of wild-type DNA. Here, we present a quantitative frame-
work to analyze and improve the hybridization selectivity. We provide an
expression for the Limit of Detection which nicely separates all parame-
ters of the detection system from the intrinsic DNA properties. At first
sight, it sets a fundamental physical constraint on low-abundant mutant
detection. To overcome this limitation, we implement two complemen-
tary strategies: introducing conformational strain into the probe design
and employing blocker strands to selectively deplete wild-type DNA. Using
a clinically relevant EGFR mutation, we demonstrate a 21-fold improve-
ment in detection performance, enabling identification of mutant DNA at
a fractional abundance as low as 0.058%. Within our framework, both
strategies contribute additively to the effective free energy penalty, and
their individual effects are independently quantified. These concepts es-
tablish a general thermodynamic basis for understanding and improving
hybridization selectivity and provide transferable principles for enhanced
single-nucleotide variant detection in future technologies.

27 Sstrain probe + AAGStrain + AAC"YBlocker
i h /, h ..
Mutant
(—U Blocker / AAG
g /7 of mutation
n Wild-type ,// ‘..’
_ e .
0' — N _ NN Hﬁ:lllilll-----‘- NOISe
>20-Fold improvement LoD
0% 0.058% % Mutant
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3.1 Introduction

Hybridization of single-stranded nucleic acids to form a duplex is a re-
versible chemical reaction that serves as the foundation for many bio-
logical processes and biotechnological techniques. Its utility arises from
the inherent sequence selectivity of hybridization, making the quantita-
tive understanding and exploitation of this property an active area of re-
search. The importance of this field continues to grow with the increas-
ing integration of sequence information into diagnostic applications. In
recent years, liquid biopsies have emerged as a minimally invasive diag-
nostic tool in clinical diagnostics [1]. A particularly critical application is
the detection of circulating tumor DNA (ctDNA) in patient samples, where
single-nucleotide specificity is required. Since ctDNA is typically present in
extremely low fractions of total circulating free DNA [2, 3], a major chal-
lenge remains to lower the detection limit. Many technologies, including
PCR and next-generation sequencing, rely on hybridization performance
[4, 5, 6]. Here, we develop a framework to understand, quantify, and im-
prove the sequence specificity of DNA hybridization and demonstrate its
impact on improving the detection limit in a relevant experimental setting.
The concepts and conclusions are independent of the specific experimen-
tal implementation and are transferable to other hybridization-based tech-
nologies. We address the most challenging scenario of a minor fraction of
a single-nucleotide variant (mutDNA) within a vast majority of wild-type
DNA (wtDNA). The concentrations of these single-stranded targets are de-
noted as cmyut and cyt respectively. Given our focus on hybridization, the
primary detection tool consists of a single-stranded DNA oligonucleotide
probe complementary to the mutDNA. Although the probe preferentially
binds mutDNA, cross-hybridization with wtDNA is inevitable and limits the
detection of mutDNA at low c¢mut/cwt ratios [7, 8]. The Results section com-
mences with a rigorous analysis of the underlying principles of the Limit
of Detection (LoD, the smallest detectable ratio cmut/cwt) and we provide
a suitable definition for the signal S derived from the probe-readout. We
demonstrated that within the concentration regime relevant for optimal
detection, an accurate description is captured by the following elegant ex-
pression:

LoD = Spin e 2ACG/ET, (3.1)
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In equation (3.1), Smin is the minimal experimental signal, correspond-
ing to the noise measured for a negative sample (¢mut = 0). Further, R
is the universal gas constant, T is the temperature and AAG is the free
energy penalty of the point mutation being studied. The merit of this
expression lies in its ability to encapsulate all parameters of the detec-
tion system into a single factor, Smin, while isolating the physicochemical
properties of the DNA within the other factor. When the detection system
is defined, the LoD is fully determined by AAG revealing a fundamental
physical constraint that leaves no room for further improvement at first
sight. The situation is analogous to optical microscopy, where the resolv-
ing power is fixed by the numerical aperture and the wavelength of the light
used. The numerical aperture captures the total optical configuration, and
once set, the wavelength of light represents a fundamental 'hard limit’ on
the resolving power imposed by the laws of physics. However, much as
super-resolution techniques were developed for optical microscopy, it is
nonetheless possible to circumvent the physical constraints on the LoD for
low-abundant mutDNA.

The central hypothesis is that the effective free-energy difference AAG be-
tween matched and mismatched probe-target complexes can be increased
well beyond conventional limits through rational probe design. To demon-
strate and quantify this, we apply two complementary strategies. The first
strategy increases the binding selectivity through the introduction of con-
formational strain in the DNA probe. The second strategy does not alter
the probe-target interaction, but depletes the wtDNA by complementary
blocker strands. We show that, in the optimal regime, equation (3.1)
remains fully valid, while the effective free energy penalty AAGes is en-
hanced:

AAGer = AAG + AAGstrain + AAGBjocker- (3-2)

Since the free energy penalty enters equation (3.1) via the exponential,
small adjustments of it have a big impact on the LoD. This work introduces
a thermodynamic framework for the elegant and quantitative interpreta-
tion of various LoD-improvement strategies as additive free energy terms.
We provide a method for determining these terms and demonstrate their
experimental application for a clinically relevant point mutation of the epi-
dermal growth factor receptor (EGFR) [9, 10, 11].
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3.2 Materials and Methods

3.2.1 Reagents

All solutions were made using DNAse- and protease-free water purchased
from Fisher Scientific. Synthesized oligonucleotides were obtained from
Integrated DNA Technologies, Inc. (Coralville, IA). Concentrations of oli-
gonucleotides stock solutions were determined via absorbance at 260 nm
on a ThermoScientific NanoDrop One spectrophotometer (Waltham, MA).
Mixed target samples were prepared by combining mutant and wild-type
EGFR at the desired ratios. EGFR target sequences and sensor component
sequences are listed in Supplementary Information S1.

3.2.2 Sensor annealing and reaction conditions

The OWL2 sensor was assembled by combining oligonucleotide compo-
nents into a 2.0 mL microcentrifuge tube containing hybridization buffer
(50 mM Tris-HCI, 50 mM MgClI2, 0.1% (w/v) Tween-20, pH 7.4) to a final
volume of 1.0 mL. Samples were heated to 95°C for 5 min in a 2L water
bath and left to cool overnight (~8-10h). Components T1, T2, T3 and T4
were kept constant and equal to the target concentration for each exper-
iment. Following sensor annealing, the UMB probe was added at a fixed
concentration of 50 nM. Target, blocker, and P-strand concentrations were
varied as indicated for each experiment.

3.2.3 Fluorescent assay and analysis

The fluorescence of each sample was measured at 25°C in a quartz cu-
vette on a Shimadzu RF-6000 spectrometer with excitation and emission
wavelengths of 485nM and 517 nM, respectively. Milli-Q water was added
to samples with all oligonucleotide sequences but without target to allow
for background subtraction. Three independent repeat measurements re-
sult in a mean estimation of the signal S and standard deviation error
bars. Determination of AAGes and its standard error was done by fitting
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the dose-response curves using the /Imfit module in Python on equation
(3.11). The errors in the differences of AAG.s are propagated using ab-
solute error propagation.

3.3 Results

3.3.1 Detection Signal and Limit of Detection

To establish the relation between the LoD and thermodynamics, we first in-
troduce a general scenario for the detection of mutDNA in a mixture using
the concept of a "basic sensor”. The basic sensor utilizes a single-stranded
DNA probe designed to match the mutDNA sequence, but partial comple-
mentarity still leads to some hybridization with wtDNA at reduced affinity.
A sample contains single-stranded target DNA at a fixed total concentration
crot = ewt+cmut (Figure 3.1). The sensor’s readout, e.g. a fluorescent inten-
sity F, is measured at equilibrium and is proportional to the concentration
of probe-target complexes. We restrict our analysis to the linear-response
regime, i.e. where neither probes nor target run out during binding: the
unbound probe and target concentrations effectively remain at their to-
tal concentrations. One can prove that in this regime the sensor has the
best performance in distinguishing mutDNA from wtDNA (Supplementary
Information S2). Under these conditions, wtDNA and mutDNA contribute
independently to F, each proportional to their respective concentrations
and association constants. The background-subtracted fluorescence can
therefore be written as

F = A (ewtKp:wt + cmutKp:mut), (3.3)

where A is a sensor-specific proportionality factor. The association con-
stants follow the standard thermodynamic relation Kp.x = exp(—AGp:x/RT),
where AGp.x is the binding free energy of probe (P) to target X (wtDNA or
mutDNA).

To detect mutDNA in a sample, a comparison is made to a reference
sample containing only wtDNA, see Figure 3.1 , for which the readout
iS Fref = A ctot Kp:wt- TO quantify the comparison, we define the ratio-based
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Sample Reference
measurement F measurement Fref

Target c Target
Mutant = (Cmut ild-
Wildtype ~N—y— C 5 } G Wild-type ==~ Ctot
Probe —
Probe
Mutant detection Signal [Dose-Response Curve|
2 -
)
F 5 AAG
S = ln c
Fref L% 14
Smin LoD
Nomutant = S =10 0 ———— N0|se

Mixture = S>0 0% O.i%' l 1<Iyo o 10%

Mutant percentage

Figure 3.1: Schematic for low-abundant mutant detection. The fluorescent readout
of a (possibly) mutant-containing sample is compared to a wild-type only reference
sample at the same total concentration. The ratio-based mutant detection signal
S changes with the mutant percentage cmut/ctot, leading to a dose-response curve
which is characterized by the binding free-energy difference AAG of the probe
towards its two targets. The relative detection limit LoD is identified as the mutant
percentage at which the signal exceeds the minimum detection threshold Smin.
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mutant detection signal S = In(F/F), leading to a robust unitless quan-
tity [12, 13]. When no mutDNA is present S, = 0, but if present, S is
positive. Expressing the mutant detection signal S in terms of the relative
concentration cmut/ctot @nd association constants provides insight into the
determining physical parameters.

F cmutKp:mut
S:In( >:In<1+m”> 3.4
Frer ctot Kpwt ( )
=In <1 + c”““teMG/RT> (3.5)
Ctot

Signal S increases with cmut/crot, resulting in a dose-response curve that is
characterized by the free-energy penalty of the mutation AAG = AGp.wt —
AGp.mut > 0. Notably, the sensor benefits from having large AAG, as
the mutant percentage cmut/cor is multiplied with the exponent of AAG,
leading to a large signal (Figure 3.1).

The LoD is the mutant percentage at which the signal exceeds a mini-
mum detection threshold Snin, required to reliably distinguish a mutDNA-
containing mixture from a pure wtDNA sample. In practice, this is of-
ten set at three times the standard deviation of the wtDNA reference
signal, Smin = 3 x Std(Sy) [14]. In Supplementary Information S3, we
show that Sni, is proportional to the multiplicative noise of the measuring
system. The connection between the free energy penalty AAG and the
LoD = (c¢mut/ctot)min becomes evident from Eq. (3.4):

Smin = In(14 LoD ¢A4G/RT) (3.6)
LoD = (eSmin — 1) ¢~ AAG/RT (3.7)
~ Smin e AAG/RT (3.8)

Accordingly, the relative detection limit is determined by two key factors:
(1) a technical factor, the measurement uncertainty, captured by Smin,
which reflects the noise characteristics of the detection system, and (2)
a fundamental property of the sensor, its selectivity, quantified by AAG.
Ideally, to detect low fractions of mutDNA in wtDNA background, a sensor
therefore has small S, and large AAG. A crucial observation in Eq. (3.8)
is the fundamentally different way in which the LoD depends on the tech-
nical parameter compared to the free-energy penalty. The LoD is linear
in Smin, such that improvements in measurement uncertainty proportion-
ally reduce the LoD. In contrast, there is an exponential dependence on
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AAG, such that small increments to AAG lead to exponential improve-
ments in the LoD. It is important to notice that, for the basic sensor,
AAG is fully determined by the mismatch penalty of the DNA mutation
involved. At first sight, this suggests that AAG is physico-chemically fixed
and imposes a hard lower limit on the LoD. Despite this apparent limit,
we demonstrate in this study how two complementary strategies improve
the LoD by increasing the effective AAG.

3.3.2 Strategies to enhance AAG

The first strategy increases the binding selectivity through the introduction
of structural strain in the sensor design. For this, the solution-based OWL2
hybridization sensor is used, whose improved selectivity is attributed to
the structural conformation adopted by the OWL structure shown in Fig-
ure 3.2A [15, 16]. The multi-stranded sensor makes use of intermediate
adapter strands R and P, and a molecular beacon reporter that forms a
stem loop structure in the unbound state [17]. In the presence of target,
the adapter strands can hybridize adjacent to each other and bind to the
molecular beacon in its elongated form, thus producing a high fluorescent
readout at room temperature [15]. In order to do so, the adapter strands
fold and bring the 3" and 5’ ends in close proximity, where stacking interac-
tions are present. The 'locked ends’ of strand P introduce a structural strain
in the complex, which is essential for the high selectivity of the OWL sensor
[16]. Strain in the OWL sensor destabilizes the mismatched complex with
wtDNA more than it does the matched complex with mutDNA, increasing
the system’s AAG by an additional free-energy contribution AAGstrain-

The second, complementary strategy does not alter the probe-target in-
teraction but instead changes the relative availability of the targets in the
solution [6, 18]. This is achieved by the concept of wild-type depletion,
by introducing a high concentration of blocker strands that are perfectly
complementary to the wtDNA sequence [13]. These blockers selectively
hybridize to and deplete the abundant wtDNA from the solution, reduc-
ing interference with mutant detection. Of course, the blockers will also
cross-hybridize to mutDNA, but the larger affinity of blocker to wtDNA
will result in a selective depletion of wtDNA leading to an enrichment in
the relative availability of mutant target as illustrated in Figure 3.2B. In
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Figure 3.2: Two strategies to enhance mutant detection in DNA mixtures. (A) OWL
structure introduces a strain penalty, leading to increased selectivity captured by
AAG. This multi-stranded hybridization sensor uses intermediate strands R and P
that fold and whose 3’ and 5’-ends interact to form locked ends and provide strain
in the complex, improving the selectivity towards mutant target. Sequences for all
strands used in this study are listed in Table S1. (B) Blocker strands lower effective
concentrations, and as a result of selective binding to wtDNA lead to an increased
relative availability cmut/ctot.

Thermodynamic contribution:

previous studies, the strategy of wild-type depletion has demonstrated a
~10-fold improvement in LoD and its clinical utility has been validated us-
ing low-abundance mutant samples [19, 20]. The amount of depletion is
dependent on the blocker concentration, but in the regime of strong de-
pletion, this dependence disappears as maximal enrichment is achieved.
In this optimal regime, wild-type depletion manifests as an additional free
energy contribution to AAG, determined by the free energy difference of
the blocker towards the two targets, AAGg|ocker-

The two strategies are integrated into a thermodynamic framework that
provides a quantitative description of their impact on sensor performance.
The mutant detection signal in terms of concentrations and binding affini-
ties is given by Eqg. (3.9) (see derivation in Supplementary Information

S4).
cmut Kp:mut| 1+ cpKp:wt + cBKB:wt

§=1n (1 + ctot Kp:wt [1 + cpKp:mut + CBKB:mut:|) (39)
The detection signal is determined by ¢mut/ctot, @and the factor by which it
is multiplied. The factor outside the square brackets describes the strain-
enhanced binding affinity of the probing strand to matching mutDNA and
mismatched wtDNA. As before, the ratio Kp.mut/Kp.wt resolves to the mis-
match penalty of the probe AAGpope increased with the strain contribu-
tion AAGsain. The factor in the square brackets is concerned with tar-
get depletion and introduces probe and blocker concentrations, c¢p and cg,
and affinities of the blocker strands to matching wild-type Kg.yt and mis-
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matched mutant Kg.myt. Since Kg.wt > Kp:mut, the presence of blocker
results in a selective depletion of wtDNA over mutDNA, leading to higher
detection signals. The opposite is true for the mutant matching probes, as
Kp.mut > Kp.wt, @ large probe concentration leads to probe-induced mutant
depletion and a reduced detection signal. The signal is maximal in the
optimal detection regime at low cp and high cg, where it is given by

cmut Kp:mut KB:wt
S=1In (1 + ) 3.10
ctot Kp:wt Kp:mut ( )

=In <1+Cm“teMGeff/RT), (3.11)
Ctot

and the system’s effective AAGgs is given by
AAGeff = AAGProbe + AAGStrain + AAG’Blocker- (3- 12)

Optimal performance coincides with the situation where the thermody-
namic description simplifies considerably and takes on the form of Eq. (3.4).
The signal, for a given c¢mut/ctot and temperature, is determined by a single
physical parameter related to three contributions: the standard mismatch
penalty AAGprope, the strain penalty AAGstain, and the depletion interac-
tion of the blocker AAGEgoker- This elegant thermodynamic framework,
captured by Eq. (3.12), provides a basis for understanding how individ-
ual components contribute to overall performance and provides insight
into the free-energy contributions and relative importance of each com-
ponent. In what follows, we first describe the sensor’s performance in the
optimal detection regime and construct a dose-response curve to deter-
mine AAGqs. Following this, either the strain component or the blocker
strands are removed to separately quantify the individual contributions of
the mismatch penalty, the structural strain and the blocker to the sensor’s
selectivity.

3.3.3 Optimal detection

To evaluate the selectivity enhancing strategies under realistic conditions,
we applied the thermodynamic framework to experimental measurements
using synthetic EGFR DNA. Specifically, we targeted the clinically relevant
p.T790M mutation, which arises from a C—T transition in the EGFR wild-
type sequence and is known to confer resistance to first- and second-
generation tyrosine kinase inhibitors [21, 11].
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Figure 3.3: Left: probe and blocker concentration optimization. Signal S becomes
maximal and enters the optimal detection regime when ¢p < 8nM and cg > 1000 nM,
where a plateau is reached and the concentration dependence disappears. Right:
the dose-response curve in the optimal detection regime determines AAGe, re-
flecting the contribution of probe selectivity, strain contribution and the blocker
interaction.

To maximize the mutant detection signal of the OWL sensor with strain and
in the presence of blocker strands, we first varied probe concentrations to
reach the optimal detection regime. We used a fixed target concentration
of 500 nM that contains 1% mutant in excess of wild-type target. Outside
of the optimal detection regime, the mutant detection signal Eq. (3.9) is
dependent on probe (P-strand) concentration ¢ and blocker concentration
cg. Various combinations of ¢p and cg were tested to determine the signal
of this 1% sample. As predicted by the theory, small ¢p in combination with
large cg resulted in the highest detection signal. We experimentally de-
termined that optimal concentrations of 8 nM of probe and 1 M of blocker
resulted in accurate readout with high detection signals. To explicitly verify
optimality, either cp or cg was fixed while the other concentration was var-
ied (Figure 3.3). The blocker optimization indeed shows that beyond 1 M
(twice the amount of target) the concentration dependence disappears,
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indicative of the optimal detection regime. Using higher cg will further
deplete targets from the solution and thus lower the fluorescent readout,
but the relative availability of unbound mutant targets no longer increases.
Similarly, cp optimization shows that the signal S is maximal and constant
up to 8 nM of probe and only begins to decrease above this value. This is
the undesired probe-induced mutant depletion: a large amount of mutant
matching probes deplete mutDNA over wtDNA and lower the signal. This
is absent at concentrations 8 nM and below, where the optimal detection
regime is reached.

The dose-response curve shown in Figure 3.3 shows the signal for vary-
iNng cmut/ctot @nd provides data to fit the selectivity as captured by AAG-
The curve follows a sigmoidal shape and flattens at high mutant fractions,
where extensive binding leads to probe saturation. For these data points
the fluorescent readout is greater than 50% of the maximal readout, re-
sulting in a reduction to the sensor’s sensitivity. Probe saturation may
safely be neglected at lower mutant fractions, where the signal is fitted by
the thermodynamic model of Eq. 3.10. The total AAG¢¢ resulting from the
penalty for mismatch, strain and blocker is found to be 3.6040.04 kcal/mol.
From this, the system’s LoD can be determined using Eq. (3.7). Using
20 repeats, the standard deviation of the wild-type reference signal was
quantified as Std(Sp,) = 0.08, leading to a minimum detection threshold
Smin = 0.24. This translates into LoD = 0.058% mutDNA in the presence of
excess WtDNA.

3.3.4 Contribution of Strain

In order to quantify the contribution of structural strain in the OWL struc-
ture, we compared the sensor performance with and without strain while
keeping all other conditions identical. The strain, caused by stacking inter-
actions at the locked ends (Figure 3.2A), is relieved by the introduction of
a polyethylene glycol (PEG) linker into the P-strand of the OWL structure
[15]. As was shown earlier, the flexible PEG linker removes the structural
strain of the OWL sensor complex [15]. This was followed by the com-
parison of the OWL sensors differing by the P stands as shown in Figure
3.4. Both sensors were subject to excess blocker strands to ensure opti-
mal dose-response curves. Since the effect of the blocker is equivalent in
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Figure 3.4: Contribution of strain to the sensor selectivity. Both dose-response
curves are subject to a large amount of blocker strands. For the case without
strain, the P-strand is adapted to have a flexible PEG linker that removes the
strain in the sensor structure. The increased performance and the contribution of
strain AAGswain is quantified by the difference in fitted AAGes values and leads to
a 1.5-fold improvement to selectivity over the sensor without strain.

both sensors, the observed differences reflect the strain effect in the OWL
structure. Introducing strain produced higher signals and improved selec-
tivity compared to the sensor with a flexible P-strand and no strain (Fig-
ure 3.4). Fitting the dose-response curves revealed that strain increases
AAGeg from 3.34 4+ 0.04 kcal/mol to 3.60 + 0.04 kcal/mol. The correspond-
ing difference represents the strain-based free-energy penalty AAGstrain
determined to be 0.26 + 0.08 kcal/mol. For comparison, this contribution
equates to approximately 20% of a single mismatch penalty, which trans-
lates into a exp(0.26/RT) ~ 1.5-fold improvement in selectivity.

3.3.5 Contribution of Blocker

To determine the contribution of blocker strands to the overall sensor per-
formance, we similarly performed experiments with and without the use
of wild-type-matching blocker. Strain is maintained in both conditions to
provide high signals, and because it is present equally in both cases, any
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differences are attributed to the blocker interaction. Without blocker, the
system is once more optimized for probe concentration cp. The generic
form of Eq. (3.9) reduces to

cmut Kp:mut | 1+ cpKpiwt
S:In<1+ [ }) 3.13
cot Kp:wt |1+ cpKp:mut ( )

Analogous to the selective depletion of wtDNA by wild-type-matching block-
er strands, the mutant-matching probes will selectively deplete mutDNA.
As Kp.mut > Kp.wt, the signal decreases with ¢p as a result of probe-induced
mutant depletion. This undesired effect vanishes at sufficiently low probe
concentrations, where the signal reaches a maximum. In this optimal
regime, the signal is characterized by an effective AAGs representing the
standard mismatch penalty increased by the strain contribution. The left
side of Figure 3.5 shows experimental measurements of the mutant de-
tection signal for varying probe concentration cp. We used a 5% mutant
sample at a reduced total target concentration of 20nM to avoid probe
saturation since without blocker the probes are exposed to all targets. Ex-
perimentally, the optimal detection regime was not reached, resulting in
the underestimation of the fitted AAGek values. While ideally the probe
concentration should be lower, the accessible range is limited to 1nM,
below which fluorescent intensities become indistinguishable from back-
ground noise [22]. At these low probe concentrations, the minimal detec-
tion threshold Sn, increases, leading to worse LoD following Eq. (3.7).
Supplementary Information S3 contains a detailed description of the sig-
nal uncertainty in terms of probe concentration. A probe concentration of
2nM was selected as an optimal compromise between signal quality and
measurement uncertainty, and was used to construct the dose-response
curve.

Figure 3.5 shows a comparison of the dose-response curves with and with-
out the blocker. The use of blocker strands leads to significantly higher
signals for all mutant fractions. This is particularly visible in the range of
0.01-1%, where the sensor without blocker produces near-zero signals and
the presence of blocker leads to clearly distinguishable, positive signals.
This shows the significant contribution of the blocker interaction to the
LoD. Fitting the experimental dose-response curves to the thermodynamic
model quantifies the importance of blockers. Parameter AAGqs was found
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Figure 3.5: Contribution of blocker to the sensor selectivity. Left: The signal
without blocker does not reach the optimal detection regime when lowering cp.
Right: at ¢p = 2nM, the dose-response curve for the system without blocker is
compared to the system with blocker strands. Lower signals are observed without
the selective depletion of the blocker, whose contribution AAGgeker IS quantified
by comparing the fitted AAG.¢ parameters, and leads to a 14-fold improvement to
selectivity.

to change from 3.60 & 0.04 kcal/mol to 2.06 4= 0.07 kcal/mol when the blocker
interaction is removed. The selective wild-type depletion, induced by the
blockers, therefore leads to an increase of AAGg|ocker = 1.5440.11 kcal/mol.
As expected, this value is approximately a single mismatch penalty, since
it corresponds to the free-energy difference of the blocker binding to its
two targets. The blocker interaction results in a exp(1.54/RT) ~ 14-fold im-
provement in selectivity compared to the system without blockers. These
results are consistent with prior studies, where surface-bound blocker
strands led to a 12.5-fold improvement for the same target sequences
[19, 20].
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3.3.6 Blocker strands counteract probe-induced mu-
tant depletion

Beyond their direct role in enhancing selectivity, blocker strands provide
an important secondary benefit: they counteract the undesired depletion
of mutant targets by the mutant probes. From the previous results, we
observe that the probe concentration ¢p behaved differently depending on
the presence of blockers. With blockers, concentrations as high as 8nM
could be used while remaining in the optimal detection regime (Figure
3.3). In contrast, in the absence of blockers, even the lower ¢p of 1nM
results in an impacted signal due to undesired depletion by mutant probes
and produces larger statistical errors (Figure 3.5). Equation (3.9) provides
insight into this additional benefit. Probe concentration cp starts to impede
the signal when cpKp.mut > 1 + cg Kp:mut, l€ading to an upper bound on the
probe concentration of ¢p ~ cg Kg:mut/Kp:mut t0 be in the optimal detection
regime. The presence of blocker strands effectively increases the limit by
a factor cgKg:mut- Consequently, blocker strands allow the use of higher
probe concentrations, resulting in improved signal-to-noise ratios, which
are especially important for samples with low mutant fractions.

3.3.7 Standard Mismatch Penalty

Lastly, the discrimination of the sensor was assessed in the absence of
both blocker strands and structural strain. In this configuration, the P-
strand was again adapted to have a flexible linker and analyzed under the
no-blocker conditions. This setup isolates the binding free-energy differ-
ence of the probe, AAGpope, representing the standard mismatch penalty.
Supplementary Information S5 contains the corresponding dose-response
curve, and fitting the data quantifies AAGprope = 1.40 £ 0.08 kcal/mol. As
encountered before without blocker, the system operates close to, but not
fully within, the optimal detection regime, leading to an underestimation
of the mismatch penalty.

This measurement provides an independent means of assessing the strain
contribution by comparing dose-response curves obtained without the use
of blocker strands. A larger free-energy difference of 0.66 & 0.15 kcal/mol
is observed in this comparison, resulting from the fact that the systems
are operating outside the optimal detection regime. Under such condi-
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tions, the difference between the fitted AAGes values no longer isolates
the strain contribution, leading to an inaccurate estimate. The addition of
blocker strands therefore allowed for reliable quantification of the strain-
based contribution, while simultaneously contributing to the sensor per-
formance. Although strain accounts for only ~20% of a single-mismatch
penalty under optimal conditions, the larger apparent penalty observed
here indicates that it can become a major contributor in situations where
blockers cannot be used, for example at low sample concentrations [20].

3.4 Discussion

Motivated by the exponential dependence of the relative detection limit
LoD on the binding free energy difference AAG, in this study, we em-
ployed two strategies to improve the detection of low-abundant mutant
DNA in wild-type background: structural strain in the probing complex,
and wild-type depletion by blocker strands. Our thermodynamic descrip-
tion allows the quantification of AAG from dose-response curves. The
individual effects of blocker and strain were subsequently quantified from
experimental measurements where each effect was included or excluded,
as summarized in Table 3.1. The structural strain led to a 1.5-fold im-
provement to sensor performance, and the addition of blocker strands
showed a 14-fold improvement, leading to a remarkable ~21-fold increase
in selectivity compared to the sensor without strain and blocker strands.
The combination of these strategies resulted in a remarkably low LoD of
0.058%, purely through thermodynamic optimization of selectivity gov-
erned by AAG. This must be emphasized, because many reported ap-
proaches reach an LoD in the range of 0.01-1%, but only at the cost of
increased assay complexity or enzymatic processing [18, 23, 24]. Hence,
our sensor is highly competitive with state-of-the-art methods.

Beyond improving selectivity, the strain-based OWL sensor uses adapter
strands and a universal molecular beacon reporter, making it operable at
room temperature and in a broad temperature range of 5-38°C [15, 25].
Thus, while this study focused on EGFR as a case example for detection
of low-abundance single-nucleotide variants, the sensor design is read-
ily adaptable to alternative sequences in a cost-effective manner. Addi-
tionally, it permits the use of shorter strands, that exhibit faster binding
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Table 3.1: Free-energy contributions in the strain-based OWL2 sensor with wild-
type depletion. Contributions are presented relative to a typical mismatch (MM)
penalty or as the fold change resulting from the improvement. The optimal sen-
sor’s limit of detection (LoD) is the relative amount of mutDNA detectable in a
background of wtDNA.

AAGeff = AAGProbe + AAGStr‘ain + AAGBIocker
Value 3.60 £ 0.04 1.40 £ 0.08 0.26 £ 0.08 1.54 +0.11
(kcal/mol)
Contribution ~1MM ~20% of MM ~1MM
Fold change J 1.5-fold 14-fold

LoD 0.058%

kinetics suitable for a homogeneous biosensor for point-of-care applica-
tions. The OWL2 sensor also introduced unfolding arms (Supplementary
Information S1), which allows for selective detection even for long target
sequences with stable secondary structures [16].

Wild-type blocker strands provided an additional benefit by allowing the
use of higher mutant probe concentrations without compromising perfor-
mance. This led to more robust dose-response curves, which allowed an
accurate study of the strain-based interaction. From a broader perspec-
tive, this dual role of blockers, improving selectivity through wild-type de-
pletion and enabling detection at higher probe concentrations, illustrates
their versatility in the design of hybridization-based biosensors.

These findings suggest several promising directions for future research.
The integration of strain and blocker strands into existing hybridization-
based biosensors could offer immediate increases in performance without
requiring major redesigns, as the concepts are easily transferable to other
detection platforms and could facilitate parallel detection of multiple vari-
ants of interest. Further investigation into the mechanisms and sequence
dependence of strain will help understand design principles and improve
modeling. Importantly, the effectiveness of strain relies on the presence
of an asymmetric destabilization that favors the mutant, thereby increas-
ing AAG. This opens an interesting opportunity to explore diverse mech-
anisms by which mechanical stress introduces selective destabilization,
leading to improved detection. The selective destabilization may originate
from torsional stress in the OWL structure, as used here, but could also

114



Strain-forming Probes and Wild-type Blocker

be introduced by allosteric effects [26, 27], local perturbations [28, 29],
or the formation of secondary structures like stem-loops [30]. In ongo-
ing work, we are exploring the use of a second intentional mismatch [5]
to introduce additional strain, with the aim of extending this approach to
new sensor designs. It is also important to note that the blocker contribu-
tion, AAGgiocker, @analogous to AAGprope, is determined by the difference in
binding free energy of the blocker towards its two possible targets. In the
same way that the selectivity of the mutant-matching probe was enhanced
through the introduction of structural strain, one could envision designing
blocker strands that incorporate a strain component. Such an approach
would increase the effectiveness of wild-type depletion and further enrich
the mutant content of a sample. This would improve overall selectivity,
resulting into an even larger AAGqs and improved LoD.

In summary, we addressed the intrinsic selectivity limitations of conven-
tional hybridization assays by employing two synergistic strategies: struc-
tural strain within the DNA probe and wild-type blocker strands, achieving
a limit of detection of 0.058% mutDNA in a majority wtDNA background.
Importantly, we quantified the individual contribution of strain and blocker,
providing insights for future sensor design. Together, these results estab-
lish both a theoretical and experimental validation for the development of
more selective and robust nucleic acid biosensors. Given that DNA hy-
bridization forms the basis of numerous biotechnological applications, the
principles established here extend well beyond this specific implementa-
tion, with broad relevance to nucleic acid sensing and molecular diagnos-
tics.
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Supplementary Information
S1 OWL2 Structure with Unfolding Arms

T2 T3 T4
- — -

ttt “‘J\[‘tt Locked Ends
UMB probeﬂ /Q
. T2arm > | ; }S”a'” T4arm

LJ
SNV Site

Figure S1: Diagram of OWL2 sensor in complex with complementary DNA. Se-
quences T1, T2, T3 and T4 function as scaffolding for active components of the
unfolding arms (T2 arm and T4 arm) and bring adapter strand R in binding range
to the target sequence. Binding with mutant specific P strand subsequently fa-
cilitates the opening of universal molecular beacon (UMB) probe and allows for a
fluorescent readout. The sequences for all strands are listed in Table S1.

wV,

S1.1 Oligonucleotide Sequences

Table S1: Oligonucleotide sequences used in experiments for EGFR p.T790M detec-
tion using the OWL2 Sensor. Target and probe sequences used in the hybridization
experiments. The 80 nt long targets EGFR WT and EGFR Mut differ at the high-
lighted single nucleotide C—T. Binding regions to R strand, (flexible) P strand and
WT Blocker are colored, and binding regions of the UMB are underlined. High-
lighted yellow are the nucleotides at the mutation site and the nucleotide of P
strand complementary to EGFR Mut at the mutation site.

Oligo Binding region sequence

EGFR WT 5'- ATC TGC CTC ACC TCC ACC GTG CAG CTCA TCAC GCAG CTCAT GCCCT
TCGG CTG CCT CCT GGA CTA TGT CCG GGA ACA CAA -3'

EGFR Mut 5'- ATC TGC CTC ACC TCC ACC GTG CAG CTCA TCAT GCAG CTCAT GCCCT
TCGG CTG CCT CCT GGA CTA TGT CCG GGA ACA CAA -3'

UMB-15 5'- FAM-CG C GTTC CCATA CAAC CAATC GCG-BQL -3'

T1 5'- GTA TCA GTC ATT ACC AGT AGT CGGAC CTAGG CTCTCGGT CTA G CCAC TTAAC -3'
T2 5'~ ACT ACT GGT AAT GAC TGA TAC ttt ACA TAG TCC AGG AGG CAG CCGA -3'

T3 (R) 5'- CCTAG GTCCG ttt GAACG AGGGC ATGAG TATGG -3'

T4 5'- TGA GCT GCA CGG TGG AGG TGA GGC ttt GTT AA GTGG CTAG ACCGAGAG -3'

P 5'- GITG CTGC ATGA GATTG -3'

Flexible P 5'- GTTG CTGC ATGA /iSp9/ GATTG -3'
WT Blocker 5'- CTGC GTGA -3'
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S2 Optimal Discrimination for the Basic Sen-
sor

We consider a probe-target system with a simple reaction model given
below.

k+

P+T = PT (S1)

i
with association and dissociation rate constants k£t and k—, which deter-
mine association constant K = k*/k~. The dynamics of this system is
governed by the differential equation

d[PT)

S =k (Pl = [PT]) (1T — [PT])—4"[PT] (52)

probes saturation target depletion

where one identifies the origin of probe saturation, i.e. probes running out
during the binding process, and target depletion, where target runs out. At
equilibrium, d[PTleq/dt = 0 and one gets an expression for the equilibrium
concentration of the probe-target complex.

[PT]eq = K ([Plo = [PTleq) ([T]o = [PT]eq) (S3)

This expression allows the comparison of the probe subject to mutant tar-
get versus wild-type target under the same conditions, we get

[PTmut]eq _ Kmut ([P]O - [PTmut}eq) ([Tmut]o - [PTmut}eq)
[PTwtleq  Kwt  ([Plo — [PTwtleq)  ([Twtlo — [PTwtleq)

<1 <1

(54)

Given that [PTmutleq > [PTwt]eq, both probe saturation and target depletion
effects negatively impact discrimination between mutant and wild-type
target. Finally, maximal discrimination is achieved when these effects can
be neglected where [PT]eq = K[P]o[T]o and [PTmutleq/[PTwtleq = Kmut/Kwt
which resolves to the free energy difference between the two bindings,
AAG.
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S3 Signal Uncertainty Std(5))

Suppose I is the fluorescent measurement of a sample of interest (which
might contain some amount of mutant target), F, the reference wild-type
only measurement and B a background measurement without target. The
(measured) signal is defined as

oo

~ F— X

S=l09(po_3)=log(57o)- (S5)
The measurement results deviate from their true values F and B, which
we assume are drawn from a normal distribution with multiplicative noise
om (the uncertainty is e.g. 5% of the fluorescence). The background

subtracted intensities are then

X=F-B (S6)
=F(1+e1)— B(l+e2) (S7)
=X+ Fey — Bey (S8)

X=X+96 (S9)

with 1,65 ~ N(0,02,) and § the resulting error drawn from the new distri-
bution with additive noise ox. The variance of the background subtracted
measurement is subsequently given by

Var(X) = F?Var(e;) + B?Var(e,) (S10)
or equivalently
ox =\/F?0}, + B%2, (S11)
= omVF? + B? (S12)
For small errors, a linear approximation is used:
log X ~log X(1+44/X) (S13)
~log X + % (S14)
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Which results into the signal

S =log X —log X, (S15)
B 5 8o
flogXJrY—IogXo—fO (S16)
L8 &
=Sty -3 (517)

where Var(s) = 0% and Var(d) = 0%,

Combined, this leads to an error on the measurement of the signal

0% 0% 2<F2+32 F2+B2>

2*7 —
srxtx T\ (- B

ot (S18)

that is dependent on the single multiplicative error o,,, but also on the (true)
intensities and background. The contribution from the sample measure-
ment is present in the first term, and the reference measurement in the
second.

In particular, one is interested in the standard deviation of the reference
signal, Std(Sy) = os,, Obtained by setting F = Fy, resulting into a closed
expression for the signal uncertainty.

F§ + B?
(Fo — B)?
The lowest value of Std(Sy) is obtained when F, > B, where the background
can be neglected and Std(Sy) = V2 o,,. The relative detection limit LoD is
dependent on the minimal detection threshold Spin = 3 x Std(Sy), such that

Std(SO) = \/i Om (519)

LoD = (eSmin — 1) ¢~ AAG/RT (S20)
R Spin e AACG/RT (if Smin < 1) (S21)
~ 3V2 o, e AACG/ET (S22)

The LoD is therefore linear in the multiplicative error o,, of fluorescent
readout.

On the other hand, Std(Sy) increases when fluorescence F, becomes close
to background levels, which increases Smin and leads to a worse LoD. This
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is important in the optimization for probe concentration c¢p. The optimal
detection regime (see main text) is expected at low cp, but this lowers the
fluorescence Fy, leading to higher Std(Sy). To quantify the probe concen-
tration dependence, realize that the background subtracted intensities are
linear in probe concentration, I — B = mcp, such that

Std(So) = \/iam\/(B cpm)” + B2 (523)
(cpm)?

For given experimental parameters o,,, B and m, this expression allows

one to determine the lowest probe concentration that keeps the signal

uncertainty Std(Sy) below a defined value. Experimentally, the above pa-

rameters are determined to be (see Figure S2)

om =~ 0.02 B =~ 500 a.u. m = 80 a.u/nM (S24)

Setting a threshold of Std(Sy) = 0.2 results in probe concentrations ¢ no
lower than 2nM.

Std log(F) F versus probe concentration
0.10 - 700
—e— Strain —e— Reference intensity Fo—B  #®
Blocker 600 - linear fit with slope m=82.71
0.08 7" —— No blocker & Strain
o —e— No blocker & No strain ':? 500 ~
‘81 0.06 1 - -~ Overall mean std=0.017 ©
o 2
= :
o 0.04 A
&
0.02 A
B =500 a.u.
0.00 A
T T T T — T T T T T
2 4 6 8

& S° _QQC\O Q.@?\o Q‘éé?;:’}%\?;@o’ﬁ %\g\eﬁ\:ﬁ\\;@b Probe concentration cp [nM]
Figure S2: Top: Standard deviation on the logarithm of fluorescent measurements.
Constant standard deviation indicates multiplicative error across the measurement
range. Bottom: Probe concentration dependence of reference intensity. The back-
ground subtracted fluorescence F, — B indicates a linear relationship with probe
concentration cp and results in a fit of coefficient m.
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S4 Derivation of the Signal under Depletion
Conditions

We consider the regime where probe saturation does not occur, i.e. in the
dose-response curve for low mutant percentages. In this case, the mutant
and wild-type target can be considered independent. The target can bind
to the mutant matching probe P, and the wild-type matching blocker B,
leading to the system below.

P4+T 225 pr (S25)
kp_

B+ T 225 gr (S26)
kp_

with their respective association and dissociation rate constants, which
determine association constants Kp = kpy/kp_ and Kp = kpy/kp_, that
are both different dependent on the target type. Without probe saturation
but with target depletion the concentrations will be given by

[P] = [Plo =cp, [B]=[B]o=cs, and [T]=c—[PT]— [BT]. (527)

Therefore at equilibrium

{[PT] = Kp[P|[T] (s28)
[BT] = Kp[B][T]
{[PT] = ¢pKp(c— [PT] — [BT)) (529)
[BT] = cg Kp(c — [PT] — [BT))
Solving for [PT] results into
ipr) = ke (S30)

14+ cpKp+cgKp'

121



Chapter 3

In a mixture, the signal is consequently described by

o [PT ] mix
S(%) (PT pure) (S31)
( Pth] + PTmut]) (532)
[PTpure
cpewt Kwt n cpemut Kmut
<1+FPKwt+PBKB wt 1+ cpKmut + cgKB:mut (S33)
cpcrot Kwt
1+ cpKwt + ce KB:wt
n (1 . Cmut Kmut [ 1+ cpKwt + ce Kp:wt }) (S34)
ctot Kwt |1+ cpEmut + cB Kp:mut
(S35)

since cwt ~ ot fOr low mutant percentages, resulting in the expression as
presented in the main article.
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S5 Full Dose-Response Curves

Figure S3 shows the dose-response curves for the three systems consid-
ered in the main article up to 100% mutant (a pure mutant sample). The
theoretical fit considers only the region where an exponential increase is
observed. For these low-abundant mutant mixtures, the theory from the
main article is valid since probe saturation can be neglected. Beyond these
percentages, saturation effects do take place, which lowers the signal re-
sponse of the sensor. Because the systems with blocker use a larger total
target concentration, the percentage at which saturation becomes impor-
tant is reached earlier since saturation is largely dependent on the total
concentration of mutant target.

Dose-Response Curve

3
s s & @
]
Thermodynamic model
[
-—- AAG = 3.60 kcal/mol Blocker s 8 08 &
2 AAG = 3.34 kcal | & Strain :
=3.34 kcal/mo ® Blocker !
Ll ——=- AAG = 2.06 kcal/mol b4 & No Strain & ¢ @
g AAG = 1.40 kcal/mol s
n [ ¢ No Blocker
& Strain
14 3 ® .
{ [ ] [ ] [ ]
® [ ]
3 .
b b r & No Blocker
| ! f g1 & No Strain
01 #————mmm—— ® °
TR O I
0% 0.001% 0.01% 0.1% 1% 10% 100%

Mutant percentage

Figure S3: Dose-response curves in the full range of pure wild-type to pure mutant
samples for the systems with and without blocker, and with and without strain.
Error bars represent the standard deviation over three independent repeats.
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Double Mismatch Interactions

Abstract

Achieving high selectivity between mutant (MT) and wild-type (WT) se-
quences at low variant allele frequencies is challenging because the im-
pact of sequence context and mismatch (MM) positioning on hybridiza-
tion energetics is poorly understood. To establish design principles for
single-nucleotide variant discrimination, we used a newly developed high-
throughput platform to systematically quantify the energetics of single
and double MMs within a controlled synthetic architecture. This unbi-
ased analysis demonstrated that strategically introducing an intentional
MM significantly improves MT/WT selectivity, while further characterizing
the distance-dependent interactions that govern duplex stability. By ap-
plying this framework to the clinically actionable mutations KRAS p.G12C
and BRAF p.V600E, we evaluated libraries of 884 probe variants per tar-
get, where each probe carried one intentional MM relative to the MT and a
dual-MM state relative to the WT. Through over 100,000 measurements,
we identified pronounced positional effects, particularly at probe termini,
that optimize discrimination. Benchmarking on a photoelectrochemical
biosensor confirmed that these insights translate into improved MT/WT
target selectivity. This study provides a data-driven framework for the
predictive design of highly selective hybridization assays for clinical muta-
tion detection.

Classic probe design: Improved probe design:
Limited AAG Increased AAG
-AG ———
Intentional MM
MT
MT target - L MT target
57 37 AAGMMI S 3
AAG MM +
3 ! — 5 ! — AAG interaction 3 ! —‘- 5 !
Probe wr Probe
WT target — WT target
wT
! ————— 3’ / — e 3’
> SNV MM >
3/ —— 5’ 3 — 5
Probe Probe
Selectivity = AAG MM Selectivity = AAG MM + AAG interaction
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4.1 Introduction

Nucleic acid hybridization serves as the foundational mechanism for mod-
ern molecular diagnostics, yet the reliable discrimination of single-nucle-
otide variants (SNVs) remains a persistent challenge. This difficulty is
most acute in clinical samples characterized by low variant allele frequen-
cies (VAFs), where a minute quantity of mutant (MT) DNA is obscured
by a vast excess of the corresponding wild-type (WT) sequence [1, 2].
Because an SNV represents only a single-base substitution within an oth-
erwise identical sequence, the MT and WT sequences exhibit near-perfect
homology, resulting in nearly identical binding affinities for a MT com-
plementary probe. Consequently, the thermodynamic selectivity, defined
as the difference in Gibbs free energy (AAG) between the probe-MT and
probe-WT complexes, is small compared to the binding affinities [3]. If the
AAG does not provide enough selectivity, the probe binds non-specifically
to the WT, leading to a cross-hybridized DNA. Because the WT is present
in large excess, the combined signal from WT-probe binding becomes in-
distinguishable from that of the MT. This overwhelming background signal
effectively drowns out the rare MT signal, resulting in a loss of sensitivity
and potential false negatives [4].

Conventional methods that mitigate cross-hybridization primarily focus on
increasing the yield of the intended duplex. Strategies include adjusting
probe lengths, incorporating artificial nucleobases (e.g. LNAs, PNAs), or
capturing the WT target using WT complementary probes [5, 6, 7, 1, 8].
A considerable limitation of these "equilibrium-shifting” approaches is that
the binding energies of both the intended and unintended targets tend to
evolve in the same direction. Consequently, the AAG remains largely un-
affected, which means that intrinsic thermodynamic differentiation does
not improve. This forces a compromise where any enhancement in se-
quence selectivity must come from increased stringency, which requires a
corresponding deterioration in yield [9].

To break this inherent trade-off, we utilize a strategy of deliberate destabi-
lization. Our method intentionally introduces an additional mismatch (MM)
into a probe designed for the MT sequence, forcing the WT target into a
highly unstable dual-MM state while the MT target carries only a single en-
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gineered MM. Even though previous studies like double-MM allele-specific
(DMAS)-gPCR or MM-Introduced Probes (MIPs), have explored this, they
have primarily treated the extra MM as a static affinity tuner, much like
LNAs, to find an experimental window where the WT is less stable [10, 11].
Our approach, however, moves beyond mere affinity tuning; by optimiz-
ing the MM configuration, we actively increase the AAG, fundamentally
improving the thermodynamic difference between two targets.

The intrinsic, hybridization-driven effects of multiple MMs remain poorly
understood, and standard nearest-neighbor (NN) models do not include
these non-additive effects, thus providing limited guidance for truly predic-
tive probe design [12, 13]. Foundational in silico analyses have established
general heuristics for single-nucleotide MMs, such as the relative stabil-
ity of terminal versus internal substitutions. However, empirical insights
to increase the AAG by the placement of secondary MMs are still lack-
ing [14, 15]. To address these challenges, we utilized a newly developed
high-throughput Next Generation Sequencing (NGS)-based hybridization
platform that enables a more systematic analysis of MM interactions. Us-
ing a controlled synthetic poly-thymidine (polyT) sequence, we evaluated
430 unique probe designs (in triplicate) to quantify the intrinsic thermody-
namics of single- and double-MM states. This large-scale thermodynamic
dataset leads to insights beyond the predictive limitations of current mod-
els, and allows the identification of specific locations where the intentional
placement of an additional MM can disproportionately penalize the WT tar-
get.

Building on this foundation, we applied this platform to two clinically ac-
tionable mutations, KRAS p.G12C and BRAF p.V600E. We screened 884
probe designs per target across diverse MM identities, positions, and in-
tentional MM configurations. All probes were evaluated simultaneously in
pooled hybridization assays and quantified by NGS, with all experiments
performed in duplicate. Screening KRAS across 12 assay conditions and
four MT/WT mixtures to simulate competitive binding produced 84,864
hybridization measurements, while a focused screen of BRAF generated
an additional 15,912 measurements. This comprehensive dataset reveals
pronounced sequence- and position-dependent effects in MM behavior,
demonstrating that intentional MMs can disproportionately destabilize WT
binding. Finally, selected probes were benchmarked on a photoelectro-
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chemical biosensor, confirming that insights derived from high-throughput
hybridization translate directly into improved MT/WT discrimination [16].
Beyond the specific application illustrated in this work, a better under-
standing of MM interactions directly translates to improved detection lim-
its in high-stakes clinical scenarios, such as monitoring minimal residual
disease (MRD), where the ability to resolve rare mutant alleles against a
vast WT background is the critical bottleneck for precision oncology [17].

4.2 Materials and Methods

4.2.1 Probe enrichment experiment

Biotin-labeled polyA (homopolymer adenosine), MT and WT target (KRAS
or BRAF) oligonucleotides (Integrated DNA technologies - IDT) were used
at 0.1 uyM (Supplementary table 1). For immobilization, 10 uL of strep-
tavidin-coated Dynabeads M-280 (ThermoFisher Scientific) were washed
with 1 mL TE buffer, resuspended in 500 uL TE, and incubated with 500 uL
of biotinylated target on a rotary shaker (10rpm, 15min). Beads were
then captured on a magnetic rack and the supernatant removed. Beads
were resuspended with 500 uL TE buffer, followed by 500 uL of probe pool
(Annex 1 for polyT, Annex 2 for KRAS, Annex 3 for BRAF), adjusted to
maintain a 1:25 molar ratio of each individual probe to biotinylated tar-
get. For MT-to-WT competition experiments, the TE buffer contained the
appropriate amount of non-biotinylated WT target. Tubes were vortexed
and incubated on a thermal mixer (600 rpm) for hybridization, then re-
turned to the magnetic rack. Beads were washed three times with 800 pL
TE buffer, transferring the solution to fresh tubes after the second wash.
Hybridization was performed under varying conditions of salt, tempera-
ture, and MT/WT target ratios (Hybridization conditions). After washing,
beads were resuspended in 20 uL 95% formamide buffer (10 mM EDTA,
pH 8.2) and incubated at 65°C for 5min to release bound target-probe
complexes. Beads were separated on a magnetic rack, and the super-
natant transferred to fresh tubes. To prevent PCR inhibition from resid-
ual formamide, 10 pL of supernatant was immediately diluted in 190 pL
nuclease-free water. Enrichment yield was assessed by gPCR. For each
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primer pair, 2.5uL SsoAdvanced Universal SYBR Green Supermix (Bio-
Rad) and 0.25pL of each primer (5uM) were mixed with 2 pL of eluted
DNA in a final 5L reaction. gPCR was performed on a LightCycler 480
(Roche) using the program in (Supplementary table 2). In addition to
serving as quality control, the gPCR step determined the optimal number
of PCR cycles for Illumina library preparation: the fluorescence amplifica-
tion curve identified the cycle corresponding to 50% of maximum signal,
from which 2 cycles were subtracted to account for higher input volume.

4.2.2 Hybridization conditions

Hybridization for all targets was conducted under reservoir conditions of
probe and target to ensure that binding kinetics were not limited by reagent
depletion. The polyT sequence melting temperature (Tm) was established
at 60°C (IDT OligoAnalyzer™). Because Tm values varied across the KRAS
and BRAF probe pools (Supplementary table 3 and Supplementary table
4), different hybridization temperatures were tested. For KRAS, six tem-
peratures (58°C, 60°C, 62°C, 64°C, 66°C, and 68°C) were tested in TE
buffer (pH 7.5; 5 mM Tris-HCI, 0.5 mM EDTA, 1% Tween-20) at two ionic
strengths (600 mM and 1000 mM NaCl). Probe performance was evalu-
ated against MT and WT targets. Additionally, competitive assays were
performed using mixtures of MT and WT, where only the target of in-
terest was biotinylated. KRAS mixtures included MT/WT ratios of 100%
/0%, 50%/50%, 25%/75%, and 0%/100%. The presence of competitive
unbiotinylated targets did not influence hybridization of the target of in-
terest, which confirms the reservoir conditions. A streamlined subset was
used for BRAF, testing three temperatures (56°C, 60°C, 64°C), a single
salt concentration (1000 mM NaCl), and three MT/WT ratios (100%/0%,
25%/75%, and 0%/100%).

4.2.3 Library preparation

For library preparation, 1 L forward and 1 pL reverse primer were mixed
with 10 uL enriched DNA and 8puL 2X KapaGrobust HotStart ReadyMix
(Kapa Biosystems) (Supplementary table 1). PCR was performed on a
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2720 Thermal Cycler (Thermo Fisher Scientific) using the program de-
tailed in Supplementary table 5, which includes cycles of denaturation,
annealing, and extension to incorporate Illumina adapters. PCR prod-
ucts were purified using AMPure XP beads (Beckman Coulter) at a 1.8:1
bead-to-sample ratio. Beads were mixed thoroughly, incubated 10 min at
room temperature, and captured on a magnetic rack. Beads were washed
three times with 80% ethanol (200 pL each), air-dried for 3 min, and DNA
eluted in 14 pL nuclease-free water. After a final magnetic separation,
12 uL of eluate was transferred to fresh tubes. DNA fragment size and in-
tegrity were assessed using the Fragment Analyzer 96-capillary system
(Advanced Analytical Technologies) with PROSize 2.0 software, scaling
against an internal standard (Supplementary Fig. S1). This confirmed
the presence of the correctly sized Illumina library fragments, including
sequencing adapters and inserts.

4.2.4 Sequencing & data processing

DNA libraries from bead-cleaned samples were pooled equimolarly based
on Qubit dsDNA HS quantification (Thermo Fisher Scientific) and sequenced
paired-end on a NextSeq 2000 (Illumina) using the NextSeq 1000/2000
P1 kit. Libraries were loaded at 650 pM with 15% PhiX. Raw BCL files were
converted and demultiplexed into FASTQ files using Illumina Bcl2fastq
v2.20. Read quality was assessed with FastQC v0.11.9. For target identi-
fication, probe motifs for KRAS and BRAF (Annex 2 and 3) were mapped
directly using SeqgKit v2.10.0. However, for the polyT sequences, unique
barcode motifs were utilized for mapping (Annex 4). This barcoding strat-
egy was implemented to circumvent the inherent non-homogeneity of
the polyT tracts; by replacing the low-diversity polyT signals with high-
diversity synthetic barcodes, we prevented potential base-calling errors
and registration failures that often occur when the sequencer encounters
repetitive, monochromatic sequences. Ultimately, the mapped reads were
converted into sequence counts, providing a quantitative readout of the
relative binding affinity for each probe configuration. Annex 1-4 and more
information can be found on:

https://github.com/OncoRNALab/Probe-enrichment-platform.
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4.2.5 Free-energy Penalty Calculation
Affinity from sequence-based quantification

Sequencing-based quantification per probe, represented by countsp, was
used to infer binding affinities and relative free energy penalties. In this
experimental setup hybridization occurs with a single target sequence,
present in excess, and thermodynamic equilibrium is reached without sat-
urating the probes. Under these assumptions, the number of counts for
any specific probe is linear in probe concentration (c¢p), in target concen-
tration (c¢7), and in the binding affinity (Kp.t). The counts of probe P can
be expressed as:

countsp = A X ¢p X er X Kp.t (41)

where A is a technology-dependent proportionality factor, including the
PCR amplification. The binding affinity Kp.t relates to the free energy by
the standard thermodynamic relation Kp.t = exp AGp.t/RT, such that a
stable complex has a negative AG < 0. Experimental access to differences
of AG's are needed, which corresponds to ratio’s of K's. As a first step,
counts are expressed as a ratio relative to the perfectly matching (PM)
probe and denoted by an overline, this leads to:

—_  counts c K
countsp = —— 2 _ P P

4.2
countsppm CpPM Kpm ( )

The factors A and ¢t are, by design, completely identical for all probes and
drop out of the expression. In principle also cp/cpm = 1, but here technical
variability cannot be excluded. To measure cp/cpm, a reference pool (R) is
used, which does not undergo pulldown. For the reference pool one gets

countsf  cp

countsy = F =
countspy  C¢pMm

(4.3)
This value is used to produce the fully normalized counts of probe P (double
overline):

countsp  Kp
countsf  Kem
All technical variability is removed, and experimental access is provided to

the affinity ratio of the probe+target over perfectly-matching-probe+target.

countsy = (4.4)
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Equivalently, using AG = RT log(K), the free energy penalty of probe P rel-
ative to the PM probe is given by:

AAGp = RT Iog(;;{—P) — RT log(countsp) (4.5)

PM

In our setup, a single experiment provides the normalized probe count
for many probes to a single target. Note that this value depends on both
probe- and target sequence. When different experiments are combined, it
can be important to mention the target T explicitly, and we use the notation
countsp.t.

Selectivity from sequence-based quantification against two tar-
gets

Repeating the above for a specific probe P against both MT and WT target
reveals the binding selectivity of the probe. This can either be expressed
as a binding fraction between MT and WT, from the ratio of the normalized

counts:
MT/WT Binding . countsp.mt . Kp.vT KPM(WT)

= = 4.6
fraction of probe P countsp.,y Kpmvm) Kp:wt (4.6)
Or as the binding difference towards MT versus WT:
AAGpwt — AAGpar — RT log [ 24Nt (4.7)
countsp
= AAG + Constant (4.8)

Here AAG is the quantity of interest: for a given probe it is the differ-
ence in AG between a hybridization towards the MT or the WT target. It
is a direct measure of how well the probe can distinguish between MT
and WT. The constant is probe-independent (the small free energy dif-
ference between perfectly matching MT binding versus perfectly matching
WT binding). For this purpose, the perfectly matching reference counts of
the centrally located binding (scaffold 9) were used for both MT and WT.
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4.2.6 Photoelectrochemical biosensor

This biosensor employs a sandwich assay with a capture probe (3’ linked
with Biotin on magnetic beads) and a photosensitizer-labelled (Chlorin €6)
detection probe to detect the target of interest. Functionalized magnetic
beads were deposited onto the working electrodes of a 96-well carbon
electrode array (DRP-96X110), where an underlying magnet ensured bead
attraction to the electrode surface [18]. Upon target recognition and illu-
mination, 0, oxidizes hydroquinone (HQ) to benzoquinone (BQ), which is
subsequently reduced back to HQ at the electrode surface (-0.2V). This
electrocatalytic cycle generates the amperometric response [16].

4.3 Results

4.3.1 Mismatch Interactions

For short oligonucleotide sequences, hybridization is accurately described
by a two-state model, where a single stranded DNA probe is either bound
or unbound [17]. In equilibrium, the amount of DNA in the duplex state
is determined by ssDNA concentrations and the binding free energy AG,
quantifying the strength of the binding. Classic hybridization-based assays
make use of a probing strand whose sequence is designed to match that of
a target sequence, such that binding of the probe signals its presence. For
many purposes, however, it is of critical importance to be highly selective
for the MT that differs from the WT sequence by a single nucleotide (in
case of a SNV). Despite not being perfectly complementary, the probe
can still bind the WT, forming a single base-pair MM. The MM destabilizes
the duplex, introducing a free-energy penalty AAGum compared to the
perfectly matching SNV binding (Fig. 4.1). The selectivity of this classic
probe is described by the difference in free-energy towards MT versus WT,

AAG = AGwr — AGut = AAGwuu, (4.9)

which for the classic probe is equal to the MM penalty. The AAG is of
high importance, since it quantifies and provides a measure of selectivity
and performance. From a measurement point of view, the fold-change
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between MT and WT binding (i.e. the ratio of their experimental readouts)
is determined by exp(AAG/RT). For mixtures of MT and WT, the AAG
directly relates to the lowest VAF that can be detected. Importantly, it has
been shown that increases in AAG lead to exponential improvements in
performance [Paper in submission]. However, AAGum is determined by
the MM under consideration and therefore the selectivity in distinguishing
MT versus WT is supposedly fixed.

MT Target
5/ arge 37
. . 3[ 5 ’
Classic probe design Probe
5 WT Target ¥ Y
AAG MM
37 57
Probe
Selectivity = AAG MM
MT Target
> 3" AAG intentional
Improved probe design 5 A 5 intentiona
e Probe
5 WT Target Vs 37 AAG intentional +
A AAG MM +
37 5" AAG interaction
Probe

Selectivity =AAG MM + AAG interaction

Figure 4.1: Comparison of classic and improved probe designs. Classic probe
design: Selectivity is fixed by the thermodynamic penalty of a single mismatch
(AAGwm) at the SNV site; red triangle. Improved probe design: Introduction of an
intentional mismatch (blue triangle) targets both MT and WT. Selectivity is broad-
ened by the interaction term (AAGinteraction). Optimal discrimination occurs when
the interaction is destabilizing (AAGinteraction > 0), widening the thermodynamic
window beyond classic limits.

Here, we explore whether introducing an additional intentional MM can en-
hance selectivity as quantified by AAG. The binding with MT now contains
a MM, introducing the penalty AAGintentional Over the probe that perfectly
matches the SNV sequence (Fig. 4.1). The binding to WT has two MMs
that impact the stability of the duplex. The intentional MM contributes
AAGintentional, the variant position AAGwm, and on top of this, the MM’s
might interact and contribute an interaction AAGinteraction- The difference
in binding free-energy between this new probe towards MT versus WT is
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now given by

AAG = AGwt — AGMmT (4.10)
= AAGMM + AAGinteraction (4.11)

The selectivity is therefore additionally depends on the interaction strength
AAGinteraction, Which could lead to better performance if the interaction is
destabilizing and therefore AAGinteraction IS positive.

In previous work, the relative interaction strength between MMs was in-
vestigated using a clinically relevant sequence [19, 20]. Averaging over
multiple MM types and positions, the interaction was found to be predomi-
nantly stabilizing and strongly dependent on the separation between MMs.
Specifically, the interaction decayed exponentially over a distance of ap-
proximately 5 nucleotides (nts), beyond which the interaction vanished
and MM penalties became effectively additive. However, in specific cases,
a large interaction between MMs takes place, that is possibly even desta-
bilizing. Notably, some of these strong interactions took place when the
MM separation was as large as 10 nts, possibly hinting at the periodicity of
a helical turn in duplex DNA. However, a systematic correlation between
interaction strength and MM separation, position, or identity could not be
established. This limitation arose from the complexity of the sequence
context, including neighboring base-pairs and the intervening sequence.

A better understanding of MM interactions, specifically the conditions in
which the binding is further destabilized due to a positive AAGinteraction,
could therefore lead to higher selectivity and better performance. Thus,
we decided to investigate this using a controlled sequence consisting of 21
consecutive AT base-pairs, eliminating sequence complexity.

4.3.2 High-throughput platform

A controlled hybridization system was established using a PM polyT probe
complementary to a 21-nt polyA target. This simple setup eliminated
sequence-context effects and enabled systematic investigation of MM sta-
bilities and their interactions. PM probe binding, quantified by gPCR,
showed that overnight incubation at 60 °C in 1000 mM NaCl reaches equi-
librium without probe saturation, ensuring that observed differences in
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Figure 4.2: 1) Different pooled probe designs that are flanked by PCR handles
are hybridized to a biotinylated target. 2) Following streptavidin pull-down, 3)
probes are converted into a probe library 4) which is quantified by next generation
sequencing (NGS).

binding efficiency reflect intrinsic free-energy penalties (Supplementary
Fig. S2).

To enable high-throughput quantification of probe-target interactions un-
der these conditions, we developed a novel and scalable hybridization and
sequencing workflow (Fig. 4.2). Biotinylated targets were immobilized on
streptavidin-coated beads and hybridized with a probe pool under defined
temperature and salt conditions. All probes contained Nextera adapter
sequences to allow Illumina library preparation and sequencing (Supple-
mentary table 1). Following stringent washes, probes were eluted, am-
plified, sequenced, and quantified. Sequencing read counts provided a
direct, quantitative measure of probe-target binding, enabling systematic
evaluation of affinity and specificity across probes (Sequencing & data pro-
cessing).

Using this platform, we first evaluated a pool of 20 probes containing 0-
4 MMs to the target sequence. The measured binding strengths showed
strong correlation with theoretical predictions, validating the ability of the
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platform to capture probe-target affinities (Supplementary Fig. S3).

4.3.3 Poly T

With the platform validated, we designed a probe set to systematically
study MM effects of probe binding to a polyA target sequence. Probes
were designed to be 21 nt in length, and single-nucleotide substitutions
were introduced to generate one or two MMs. In the first set (MM1), probes
contained a single MM at each position (1-21), with T replaced by A, G,
or C. In the second set (MM2), probes carried two MMs: one (MM1) fixed
at positions 21, 19, 17, 15, 13, or 11 and a second (MM2) systematically
varied at every 5’ position, substituting T with either C or G (Fig. 4.3A).
These substitutions lead to a highly destabilizing A-C type MM or a less
impactful A-G type MM.

Following hybridization, pull-down, and sequencing, binding affinities are
quantified as described in (Affinity from sequence-based quantification).
Briefly, sequencing counts are compared to those of the PM probe while
a non-hybridized probe pool is used to normalize for differences in probe
abundance. These parallel measurements eliminate all technical variabil-
ity and result in a robust measure for binding affinity. The highest affinity
is observed for the PM, to which those of other probes are quantified using
AAG values. Probes designed to have a single MM showed the expected
behavior, A-G MMs are the least destabilizing, followed by A-A and AC,
having the highest AAG penalty in this sequence context. Consistent with
prior research, the free-energy penalty of a single MM near the termini
was observed to be slightly lower than more central MMs (Supplementary
Fig. S4) [20]. As expected, the AAG penalties further increased with the
addition of a second MM (Supplementary Fig. S5). When two MMs are
present, the interaction free-energy penalty AAGinteraction €an be deter-
mined by comparing the AAG penalty of the individual MMs with the total
(for two MMs) penalty.

AAGinteraction = AAGAB - AAG(A - AAGB (4- 12)

Here, AAGA and AAGg represent the free-energy penalties of the individ-
ual MMs, and AAGg is the measured penalty when both MMs are present
in the same probe. To put the interaction strength relative to the present
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MMs and their types, we normalize AAGinteraction and define the relative in-
teraction AAGinteraction/ AAGA+AAGg). A negative AAGinteraction iNdicates a
stabilizing interaction between two MMs, whereas a positive value reflects
cooperative destabilization beyond the sum of the individual MM penal-
ties (Fig. 4.3B). At short distances, values were predominantly negative,
indicating strong stabilizing interactions between nearby MMs. With in-
creasing MM distance, the interaction weakens and decays toward zero
with a characteristic decay length of ~three nucleotides. Interestingly,
a large variance around zero is present at distance 10, 11 and 12, pos-
sibly indicating that distortions can propagate more efficiently over the
length of one helical turn (~10.5 bp) of the B-DNA duplex. Importantly,
positive values correspond to additional duplex destabilization relative to
the additive expectation, which directly enhances discrimination between
SNVs and WT targets. Consequently, the intentional placement of a MM
at positions yielding positive AAGinteraction Provides a design strategy for
improving probe selectivity.

To focus on the most informative cases, we restricted our analysis to du-
plexes in which the position of the first MM (MM A) was fixed at positions
11, 13, 15, or 17 (dashed vertical lines in Fig. 4.3C). The complete dataset
is provided in Supplementary Fig. S6. Each panel shows AAGinteraction @S
a function of the position of the second MM (MM B). When MM B was po-
sitioned close to MM A, we consistently observed negative AAGinteraction
values, indicating stabilizing interactions between nearby MMs. By con-
trast, positive interactions occurred predominantly when MM B was lo-
cated near either probe termini. Internal MMs produced significantly lower
AAGinteraction than terminal MMs (p < 0.001) (Fig. 4.3D). Notably, a strong
positive interaction occurred when two T>G transversions were present,
leading to two highly destabilizing A-G-type MMs. In contrast, the T>C
transition resulted almost exclusively in stabilizing interactions. This sug-
gests a possible mechanical origin of these interaction free-energies: purine-
purine MMs are known to cause high structural distortion, whereas A-C MMs
result in a more flexible helix that may be less susceptible to long-range
distortions [21]. In short, these findings demonstrate that MM interactions
are governed by a combination of spatial separation and base identity, pro-
viding a predictable framework for leveraging cooperative destabilization
to engineer selective hybridization probes.
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Figure 4.3: Systematic characterization of MM interactions in a polyT:polyA model
system. (A) Experimental design: Probes contain a fixed MM (T>C, T>A or T>G) at
positions 11-21 (MM A) and a second (T>C or T>G), systematically varied MM at all
5’ positions (MM B). (B) Relative interaction strength AAGinteraction/AAGA + AAGs)
as a function of MM separation Az. (C) Interaction energy as a function of the
position of MM B relative to fixed MM A (dashed lines); blue dots indicate a positive
interaction energy, while orange triangles indicate a negative interaction energy.
(D) Interaction energy in function of the additional MM.

4.3.4 KRAS & BRAF

Based on the systematic characterization of MM effects in a controlled
sequence context, we applied this framework to clinically actionable SNVs:
KRAS p.G12C and BRAF p.V600E. We designed 17 probe scaffolds (17-nt
sequences shifted along the target; Fig. 4.4) that perfectly matched the
MT target. To enhance the selectivity of binding to the MT over WT target,
each scaffold was modified to generate 52 designs by introducing a single
intentional MM at each position (three substitutions per position). Thus,
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Figure 4.4: A 17-nt capture probe was systematically shifted along the target
sequence (resulting in 17 probe-target binding scaffolds) to cover all possible SNV
sites (top panel, classic probe design). Each probe was fully complementary to
the MT target and contained a single MM with the WT sequence. To improve MT
over WT selectivity, an additional intentional MM was introduced at every position
by substituting each nucleotide with the three non-complementary bases (bottom
panel, improved probe design). This yielded, for each of the 17 probe positions
(scaffolds), one perfectly matched MT probe and 51 single-nucleotide variants (17
x 52 = 884 probes per target), resulting in probes with one MM to MT and two to
WT.

17 x 52 = 884 probes were designed for both KRAS and BRAF (Annex 2
and Annex 3).

We first evaluated binding affinity for the KRAS p.G12C probe set by screen-
ing all 884 probes in two replicates across 12 hybridization reaction con-
ditions against MT, WT, and two MT/WT mixtures to simulate competitive
binding. This resulted in a total of 84,864 data points. As before, the
non-hybridized probe pool was sequenced to normalize for differences in
probe abundance induced during probe synthesis.

Among the 52 probes with the KRAS p.G12C variant positioned centrally
(position 9) and hybridized to the MT target (68 °C, 1000 mM NaCl), the
PM (classic probe) exhibited one of the highest binding affinities, with nor-
malized counts averaging 4.9-fold higher than those of MM probes (Fig.
4.5A). Notably, three probes carrying substitutions at position 1 (probe
417: T>A, probe 418: T>C, and probe 419: T>G) slightly outperformed
the PM probe, with a 72%, 67%, and 5% higher binding strength, respec-
tively. This trend was consistent across hybridization conditions (Sup-
plementary Fig. S7). Within each set of 52 probes, one probe perfectly
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matches the WT sequence due to an intentional MM at the variant posi-
tion. When hybridized to the WT target, this WT-matching probe displayed
normalized counts 14.2-fold higher than the MT probe, further validating
assay performance (Fig. 4.5A). Importantly, binding of the MT probe to
the WT target introduces an A-G MM (relative binding strength: 0.07),
whereas binding of the WT probe to the MT target introduces a C:T MM
(relative binding strength: 0.05). These MMs differ in stability, explaining
the observed asymmetry in off-target binding between MT and WT probes
[22]. Together, these results demonstrate that normalized counts provide
a reliable and interpretable measure of probe affinity across probe variants
and hybridization conditions (Supplementary Fig. S7).

We then evaluated the MT/WT binding fraction as a measure for probe
selectivity (Fig. 4.5A). Among the 52 probes with the KRAS p.G12C variant
positioned in the middle of the probe, the probe perfectly matching the MT
target showed a ratio of 15.23 (AAG = 1.85 kcal /mol) while the probe
perfectly matching the WT target showed a count ratio of 0.04 (AAG =
-2.09 kcal/mol). Consistent with expectations on MM positioning, probes
with the additional MM near the edges outperform those with central MMs.
In particular, probe 419 (T>G at position 1) and probe 421 (A>G at position
2) exhibited MT/WT ratios of 17.05 and 16.53 (AAG = 1.92 and 1.90
kcal /mol) respectively, slightly exceeding the selectivity of the perfectly
matched MT probe (AAG = 1.85 kcal /mol). The same trend was observed
at 600mM NaCl and different hybridization temperatures (Supplementary
Fig. S7). Generally, these results further validate that off-center MMs can
enhance discrimination between MT and WT targets.

We expanded our analysis to all 884 probes, covering 17 variant position
scaffolds (position 1 at the 5’ end to position 17 at the 3’ end) (Fig. 4.4).
Within each scaffold, the position of an intentional MM was systematically
shifted across the sequence (Fig. 4.5B). This design revealed an emergent
selectivity pattern: as the SNV moves (scaffold nhumber) from the 5’ end
toward the 3’ end, the AAG of the WT-matching probes increases when
the SNV is located near either duplex terminus. This is consistent with
prior studies showing reduced MM penalties at duplex ends [21]. For each
scaffold, the varying intentional MM position results in a characteristic "V-
shape” pattern centered at the SNV location. This represents a stabilizing
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Figure 4.5: (A) Average results of two independent pulldown experiments at 68 °C
in 1000 mM NacCl. Data for 52 probes containing the KRAS G12C variant positioned
centrally (position 9). Binding profiles are shown against the MT and WT targets,
in addition to the MT/WT count ratios on a log scale. (B,C) Hybridization results for
all 884 probes targeting KRAS and BRAF against MT and WT targets. Red indicates
MT-perfect matches, green indicates WT-perfect matches, and blue denotes probes
containing an additional substitution relative to the MT target. AAG values for
probes that outperformed their MT-perfect-match counterparts within scaffolds 7-
11 are shown on the heatmaps.
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effect when two MMs are in close proximity. To validate these observations,
we integrated these proximity effects into a NN model, which successfully
replicated the experimental free-energy pattern (Fig. 4.5B). While this
model correctly identifies central variant positioning (positions 5-13) as
a primary driver of selectivity (mean AAG for the MT-matching probes =
1.49 kcal/mol), the data reveals that absolute central alignment is not a
strict requirement for peak performance. Specifically, MT-matching probes
in scaffolds 10, 12, and 13 yielded AAG values of 1.60, 1.80, and 1.92
kcal/mol respectively, aligning with or exceeding the 1.85 kcal/mol of the
canonical central probe. More importantly, we identified 16 probes in this
central region where intentional MMs considerably enhanced selectivity
compared to perfectly matched MT counterparts (Fig. 4.5C). This "MM-
enhancement” is most notable in probes 419, 421 and 362 which achieved
AAG gains of 0.07, 0.05, and 0.41 kcal/mol, respectively. These findings
suggest that a strategic terminal intentional MM (positions 1-2) combined
with a central variant location (7-11) can lead to the increased free-energy
penalty of an SNV, providing an design rule for highly-selective variant
detection (Fig. 4.5B). These trends were confirmed across a temperature
range (58-68°C) and at another salt concentration (600mM) (Supplemen-
tary Fig. S8).

To further substantiate these findings, we screened an independent target,
BRAF V600E, using 884 probes in duplicate across three temperatures (56-
64 °C), one salt concentration (1000 mM NacCl), MT, WT and one MT/WT
mixture to simulate competitive binding, yielding 15,912 additional data
points. The BRAF results strikingly mirrored the KRAS data: in the cen-
trally positioned scaffold (position 9), the MT probe exhibited high affinity
(5-fold above the average across all probes), yet was again outperformed
by terminal intentional MMs (Supplementary Fig. S9). Specifically, probes
419 and 421 achieved 39% and 93% higher binding strength, respectively,
than the perfectly matched MT probe. When hybridized to the WT target,
the WT-matching probe showed 16.6-fold higher binding than the MT probe
(relative binding strength: 0.06), reflecting the higher stability of the re-
sulting T-T MM compared to the A-A MM formed in the reciprocal condition
(relative binding strength: 0.03). These trends were reproduced at differ-
ent hybridization conditions (Supplementary Fig. S10). As with KRAS, our
NN model accurately predicted the global selectivity trends, identifying the
central region (scaffolds 5-13) as the primary window for high discrimi-
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nation (Fig. 4.5C). Similarly, while the NN-model suggests the best se-
lectivity for the MT-matching probes, we identified 40 mismatched probes
within these central scaffolds that outperformed the theoretical optimum
(Fig. 4.5C). Specifically, probes with MMs at the 3’ end (position 17: mean
AAG = 1.98 kcal/mol; position 16: mean AAG = 2.09 kcal/mol) and the
5’ end (position 2: mean AAG = 1.99 kcal/mol; position 1: mean AAG
= 2.09 kcal/mol) exceeded the performance of the canonical MT-matching
probes. The highest average selectivity was recorded for position 1 vari-
ants, yielding a AAG gain of 0.29 kcal/mol over the perfectly matched
sequence (Fig. 4.5C). These trends remained robust across a range of
temperatures (Supplementary Fig. S10).

To further evaluate the robustness of these design motifs on longer probes,
we extended our screening to 20- and 25-nucleotide KRAS sequences.
Consistent with our observations on 17-nt probes, mismatched probes with
substitutions at positions 1 or 2 from either terminus maintained superior
selectivity, demonstrating that terminal substitutions enhance MT/WT dis-
crimination even as the total duplex length increases (Supplementary Fig.
S11).

Together, the results of the polyT, KRAS and BRAF libraries identified a con-
sistent motif that maximizes thermodynamic discrimination. Probes that
outperformed the perfectly matched MT probes shared a common design:
a centrally located SNV (positions 7-11) paired with an intentional MM at
a duplex terminus (positions 1 or 2). Interestingly, peak selectivity con-
sistently occurs at a separation of 8-9 nucleotides, a distance that tracks
closely with one full turn of the B-DNA helix. Future research is needed,
however, to pinpoint if this effect is driven by the terminal placement of
the MM or by the distance between the MMs.

4.3.5 Photoelectrochemical benchmark

To benchmark the utility of intentional MM introduction as a functional
strategy for enhancing MT/WT selectivity, we transitioned our findings to
a photoelectrochemical (PEC) detection platform. In this system, assay
selectivity is intrinsically governed by the sequence-specific hybridization
between a surface-immobilized capture probe and the target nucleic acid.
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For the KRAS p.G12C mutation, a maximum MT/WT ratio of 6.25 had been
previously reported using this platform [16]. We first evaluated this bench-
mark probe (probe 416) and confirmed its reported performance (Supple-
mentary Fig. S12).

Based on this baseline, we selected three probes from scaffold 9. We chose
the perfectly matched MT probe (468) as a control, alongside probes 419
and 421. These specific variants were selected because they consistently
emerged as the most selective probes in our previous screens, where the
placement of an intentional MM at the probe termini (T>G at position 1
and A>G at position 2, respectively) maximized the AAG and outper-
formed the canonical MT-matching probe (AAG gains of 0.07 and 0.05,
respectively). As expected, the absolute photocurrent generated upon MT
hybridization was highest for the perfectly matched probe 468, indicating
that the introduction of a secondary MM results in a modest reduction in
sensitivity. However, analysis of MT/WT discrimination revealed a decisive
advantage for the mismatched designs (Fig. 4.6). Specifically, probe 421
achieved the highest MT/WT ratio of 29.4-fold, outperforming the perfectly
matched probe 468 (7.87-fold) by nearly 4-fold, representing a substantial
reduction in non-specific WT signal. Compared to the previously reported
benchmark (probe 416), probe 421 exhibited a ~3.3-fold improvement
in MT/WT discrimination, underscoring the superior performance of our
rationally designed configurations (Fig. 4.6).

The clinical relevance of these thermodynamic refinements is most evident
in the fractional abundance (FA) analysis, the ratio of MT signal to the total
(MT+WT) signal. At low VAFs, even marginal WT cross-reactivity can dis-
proportionately suppress the FA, obscuring the presence of rare mutant
alleles. To illustrate the impact of our design, we compared the perfor-
mance of the classical MT probe (468, 7.87-fold selectivity) against our
optimized double-mismatched variant (421, 29.4-fold selectivity) across
two key clinical benchmarks. At a 10% VAF, the FA increases from 46.7%
to 76.6%, representing a 1.6 times increase in the relative MT signal. The
impact is even more pronounced at a 1% VAF, where the FA rises from
7.4% to 22.9%:; this triple increase in fractional signal effectively rescues
the variant from the WT noise (Fig. 4.6B).

To confirm the generalizability of this strategy, we extended PEC valida-
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Figure 4.6: (A) Chronoamperometric responses recorded for KRAS p.G12C and
BRAF V600E targets (blue), WT targets (red), and no-target controls (green) fol-
lowing hybridization at 68 °C for KRAS or 60 °C for BRAF. The sequences and
designs of the probes used are shown right to these results. (B) Observed frac-
tional abundance (FA = MT signal/[MT signal + WT signal]) as a function of VAF,
simulated across a MT/WT ratio of 7.87 and 29.4 at a VAF of 1%, and a VAF of
10%.

tion to the BRAF p.V600E sequence. Consistent with the KRAS results,
the classical perfectly matched MT probe and the improved mismatched
variants followed a nearly identical hierarchical trend, with probes incor-
porating intentional mismatches again exhibiting the highest MT/WT fold
discrimination (Fig. 4.6B). Together, these data validate the introduction
of strategically placed mismatches as a robust and broadly applicable ap-
proach to improving SNV discrimination on PEC-based nucleic acid detec-
tion platforms.
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4.4 Discussion

The ability to distinguish SNVs from an overwhelming background of WT
DNA is a fundamental requirement for liquid biopsy and early cancer detec-
tion. While traditional hybridization-based assays rely on the free-energy
penalty of a single MM (AAGwmwm), it is often too small to prevent cross-
hybridization at low VAFs [23, 13]. In this study, we demonstrate that
the rational introduction of a second, intentional MM does not merely shift
the binding equilibrium, but actively broadens the thermodynamic dis-
crimination window by exploiting non-additive MM-MM interactions. While
MM-MM interactions are generally stabilizing (a trend we confirmed fol-
lows an exponential decay in terms of MM separation), we identified an
important spatial transition [24]. As one of the MMs moves closer to the
probe termini, the interaction occasionally shifts from stabilizing (negative
AAGinteraction) to destabilizing (positive AAGinteraction). Since destabilizing
interactions increase the penalty associated with an SNV MM, intentional
MMs provide a new design parameter to enhance probe selectivity.

Our data indicated specific design rules for the placement of the SNV
and intentional MM. The high-throughput analysis revealed that in the
improved probe design, the SNV placement should be central, with the
intentional MM at one or two nucleotides from the probe termini. The SNV
position can be moved slightly off-center while maintaining high selectivity
in the improved probe design. This has significant practical importance,
for example in avoiding sequence complexities, such as high GC-content
clusters or unfavorable secondary structures. Although positional rules
for the intentional MM placement proved to be remarkably robust across
the KRAS, BRAF, and polyT sequences, the optimal substitution type var-
ied. Our finding that T>G substitutions (forming G-A pairs) are effective
for polyT, was not transferable to the clinical sequences, highlighting the
influence of sequence context. We propose that while the "where” is a
universal design motif, the "what” should be screened or modeled against
multiple diverse sequence contexts to find the maximum AAG gain.

The observed selectivity improvement possibly originates from structural
destabilization of the duplex. The intentional MM disrupts the local base-
pairing, thereby introducing mechanical strain into the duplex. This im-
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pact could propagate along the duplex and affect stability of base pair-
ing at remote locations. Another possibility is related to the partition-
ing of the duplex into to shorter segments by the central SNV. The addi-
tional terminal MM (at position 1 or 2) further shortens one segment, ap-
proaching the minimum length required for stable hybridization [24, 25].
The selectivity gain might therefore arise from the presence of unstable
fragments adjacent to the SNV, which disproportionately destabilize the
double-mismatched duplex. Future work should investigate the underly-
ing mechanism and the role of MM type in the observed selectivity en-
hancement, as different MM types are known to induce distinct structural
distortions and thermodynamic penalties.

A central perception in molecular diagnostics is the inherent compromise
between sensitivity and selectivity. Our results are valid far from satu-
ration, and we improved the selectivity on the level of the free-energy
penalty AAG. Thus, while our results indicate that adding a MM incurs a
reduction of sensitivity, concentrations can be adjusted to offset this re-
duction while maintaining the increase in selectivity. This is supported by
established thermodynamic frameworks that demonstrate that improve-
ments in AAG have an exponential impact on binding discrimination. Con-
sequently, the relative detection limit improves exponentially with increas-
ing thermodynamic selectivity [26]. These exponential gains are critical
for applications such as monitoring MRD, where the primary diagnostic
challenge is not the detection of the MT itself, but the suppression of the
vast WT background that can obscure rare alleles [27].

In our PEC biosensor benchmarking, a modest reduction in absolute pho-
tocurrent was offset by a 3.7-fold reduction in non-specific WT signal. This
decoupling allows for a non-linear amplification of the FA at ultra-low VAFs.
By effectively tripling the relative MT signal at a 1% VAF, this strategy
provides the resolution required to identify rare oncogenic mutations that
would otherwise remain obscured, a prerequisite for high-sensitivity ap-
plications such as post-treatment monitoring.

In conclusion, we provided a data-driven framework for the rational design
of MM-introduced probes. By exploiting non-additive MM-MM interactions,
we move beyond traditional probe design rules. This strategy is platform-
agnostic and cost-effective, offering a clear path toward the development
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of highly selective SNV assays for clinical diagnostics without the need for
complex chemical modifications or expensive artificial nucleotides.
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Supplementary Information

Data Availability

Sequencing data

Raw sequencing data (FASTQ files) have been deposited in the Sequence
Read Archive (SRA) of the National Center for Biotechnology Information
(NCBI) under BioProject accession PRINA1442078. Individual datasets are
available under the following SRA submission accessions:

polyT experiments (SUB16080050)

KRAS G12C experiments with 17-mer probes (SUB16078753)

KRAS G12C experiments with 20-mer probes (SUB16081042)

KRAS G12C experiments with 25-mer probes (SUB16081095)

BRAF V600E experiments (SUB16079470)

The code used for the probe enrichment platform, together with pro-
cessed data (including metadata and count matrices), is publicly available
at GitHub: https://github.com/OncoRNALab/Probe-enrichment-platform.

Quantitative PCR
Quantitative PCR data obtained to optimize reaction conditions (Fig. S2)
will be made available online according to MIQE guidelines.

Photoelectrochemical readout
Electrochemical readout (uA current) of the photoelectrochemical detec-
tion platform (Fig. 6 and Fig. S12) will be made available online.
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Supplementary Methods

Free-energy penalty computations with edge and sep-
aration correction

Given a probe sequence P and target sequence T, a MM is located and
its free-energy penalty is predicted in the context of its neighbors using
parameters from [30]. For example,

AAG ACG
336 - 56(89) - 36(22) s

isolates the contribution of the MM. Subsequently, a first empirical correc-
tion is applied: the penalty is lowered based on its distance from either
end of the duplex using a proportionality factor

AAGHw; = AAGyums (l—e_d-’f//L“‘> (l—e_d5’/Le>7 (S2)

where ds and ds are the distances (number of nucleotides) of the MM from
the 3' or 5' end, respectively, and L. is the persistence length of this edge
effect. If the distance from the edges is much larger than L., the penalty
of the MM remains unchanged. If the MM is near an edge, its penalty is
lowered significantly.

A second empirical correction is applied only when two MM are present,
possibly already influenced by the edge effect, e.g. AAGyy; and AAGyu,-
The idea is that the configuration where two MMs are present is less desta-
bilizing than the sum of the two penalties, and the effect depends on the
distance between the MMs Az. This is captured by:

1
AAG;MM = (AAGF\(/'Ml + AAG;;'MZ) <1 - 5 eAl’/La> 5 (S3)

such that when the MM separation is much larger than the persistence
length of the interaction L,, the total penalty is just the sum of the two
individual MM penalties, but when they are close there is a stabilizing in-
teraction.

The above allows for comparison of stabilities of a probe towards MT versus
WT (where in the latter possibly two MMs are present), resulting in the
selectivity measure AAG:

AAG = AGwt—AGwmT, or equivalently, the MT/WT Binding Ratio = eAAG/RT
(S4)
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Supplementary Tables

Table S1: Sequences used in the probe enrichment experiments and in the subsequent PCR step. The position of the variant

(KRAS G12C or BRAF V600E) is highlighted.

Oligonucleotide

5’ modification

Sequence (5'—3')

Nextera Transposase Adapter -i5

Nextera Transposase Adapter -i7

Index 2 (i5) Adapters

Index 1 (i7) Adapters

Poly A

KRAS G12C Target WT

KRAS G12C Target MT

BRAF V600E Target WT

BRAF V600E Target MT

Biotin-TEG

Biotin-TEG

Biotin-TEG

Biotin-TEG

Biotin-TEG

5'-
5'-
5'-

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAG -3
GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAG -3
AATGATACGGCGACCACCGAGATCTA
CAC[i5] TCGTCGGCAGCGTC -3'
CAAGCAGAAGACGGCATACGAG
AT[i7]GTCTCGTGGGCTCGG -3
AATGACTGAATATAAACTTGTG
GGCAAAAAAAAAAAAAAAAAAAAACG -3'
AATGACTGAATATAAACTTGTGGTAGTTGGAGCTGGT
GGCGTAGGCAAGAGTGCCTTGACGATACAGCT -3'
AATGACTGAATATAAACTTGTGGTAGTTGGAGCTTGT
GGCGTAGGCAAGAGTGCCTTGACGATACAGCT -3'
TTCAAACTGATGGGACCCACTCCATCGAGATTTCTCT
GTAGCTAGACCAAAATCACCTATTTTTACTG -3'
TTCAAACTGATGGGACCCACTCCATCGAGATTTCACT
GTAGCTAGACCAAAATCACCTATTTTTACTG -3'

¥ Joadeyd
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Table S2: gPCR cycling program for probe enrichment quantification

Temperature (°C) Time (s)

Pre-incubation 95 300

Denaturation 95 10
Annealing 60 10 45 cycles

Replication 72 10

Melting curves 95 5

Continuous acquisition 65 60

Cooling 40 30

Table S3: The position of the variant in the probe sequence, the delta Tm, and the
GC% content of the 17 MT probes (perfect match MT target) developed for KRAS

G12C
Position of the variant Probe sequence (5'—~3') AT, (MT -WT) GC%
1 CTCTTGCCTACGCCACA 0.1 58.82
2 TCTTGCCTACGCCACAA 4.9 52.94
3 CTTGCCTACGCCACAAG 5.2 58.82
4 TTGCCTACGCCACAAGC 4.9 58.82
5 TGCCTACGCCACAAGCT 4.8 58.82
6 GCCTACGCCACAAGCTC 4.9 64.71
7 CCTACGCCACAAGCTCC 5.0 64.71
8 CTACGCCACAAGCTCCA 5.2 58.82
9 TACGCCACAAGCTCCAA 4.9 52.94
10 ACGCCACAAGCTCCAAC 5.0 58.82
11 CGCCACAAGCTCCAACT 5.1 58.82
12 GCCACAAGCTCCAACTA 5.2 52.94
13 CCACAAGCTCCAACTAC 5.4 52.94
14 CACAAGCTCCAACTACC 5.4 52.94
15 ACAAGCTCCAACTACCA 6.1 47.06
16 CAAGCTCCAACTACCAC 5.4 52.94
17 AAGCTCCAACTACCACA 0.3 47.06
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Table S4: The position of the variant in the probe sequence, the delta Tm, and the
GC% content of the 17 MT probes (perfect match MT target) developed for BRAF
V600E.

Position of the variant Probe sequence (5'—3') AT, (MT-WT) GC%

1 TTTGGTCTAGCTACAGT 2.0 41.18
2 TTGGTCTAGCTACAGTG 7.9 47.06
3 TGGTCTAGCTACAGTGA 7.9 47.06
4 GGTCTAGCTACAGTGAA 7.9 47.06
5 GTCTAGCTACAGTGAAA 8.0 41.20
6 TCTAGCTACAGTGAAAT 7.7 35.20
7 CTAGCTACAGTGAAATC 8.0 41.18
8 TAGCTACAGTGAAATCT 7.7 35.30
9 AGCTACAGTGAAATCTC 8.0 41.18
10 GCTACAGTGAAATCTCG 5.0 47.06
11 CTACAGTGAAATCTCGA 7.9 41.18
12 TACAGTGAAATCTCGAT 7.7 35.30
13 ACAGTGAAATCTCGATG 7.8 41.18
14 CAGTGAAATCTCGATGG 7.7 47.06
15 AGTGAAATCTCGATGGA 8.0 41.18
16 GTGAAATCTCGATGGAG 7.8 47.06
17 TGAAATCTCGATGGAGT 0.9 41.18

Table S5: PCR cycling conditions for Illumina library creation

Temperature (°C) Time (s)

Pre-incubation 95 15
Denaturation 95 15
Annealing 63 10 X cycles
Replication 72 15
Extension 72 60
Cooling 4 00
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Supplementary Figures
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Figure S1: Fragment analyzer electropherogram showing a single, sharp peak
corresponding to the 158 bp expected amplicon (KRAS target). This results con-
firms the specificity of the PCR conditions and the effectiveness of AMPure XP bead
cleanup (1.8x ratio) in removing primer dimers and non-specific products.
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Figure S2: gPCR quantification of probe binding (perfect match) as a function of
temperature (55-75 °C). 60 °C was identified as the optimal hybridization temper-
ature for the polyT:polyA system. At 60 °C, the system reaches a stable thermo-
dynamic equilibrium without probe saturation, ensuring that the measured binding
efficiencies accurately reflect intrinsic free-energy penalties (AAG). On the Y-axis
the Cq results are shown, on the X axis the corresponding hybridization tempera-
ture in the pulldown experiment.
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AAG from counts vs NN model with edge & MM interactions
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Figure S3: Correlation of measured versus calculated free-energy penalties AAG
of 20 test probes involving 0-5 mismatches (MMs). Theoretical predictions involve
a nearest neighbor (NN) model estimation in addition to two empirical corrections
as outlined in supplementary methods: a reduction in penalty when the MM is
close to the duplex end, and a mutual stabilizing interaction between mismatches.
The remaining deviation from the one-to-one (dashed line) behavior is the result
of higher order stabilizing effect or slightly out-of-equilibrium measurements.

1.0 {

’E‘ b .8 $ { { L) : [} i i T
. RS ERRN L'

¢

1 23 456 7 8 91011121314151617 1819 20 21
Position of MM

Figure S4: Binding affinities (AAG) for the single-mismatch (MM1) probe library.
Position-dependent penalty profiles demonstrate that MM destabilization is max-
imal in the central region of the 21-nt duplex and decreases as the substitution
approaches the termini. Influence of mismatch identity on duplex stability is con-
sistent with established thermodynamic models: A-G mismatches were found to
be the least destabilizing, while A-C mismatches yielded the highest free-energy
penalties.

162



Double Mismatch Interactions

2.0
S 15 -
£
[\
o
S
=10
(O] 3
g ]
<

0.5

H
0 0 ———————————
0 1 2

# MMs
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Figure S7: Average results from two independent pulldown experiments using
the 884-probe KRAS G12C pool. A set of 52 probes containing the KRAS p.G12C
variant centrally positioned (position 9) are shown. Results are presented for the
MT target with 600mM salt, MT/WT ratio of 50/50, MT/WT ratio of 25/75, and for
the WT target without MT 600mM salt. In addition, the normalized MT/WT count
ratio is shown in log scale for 52 probes carrying the KRAS p.G12C variant centrally
positioned (position 9). Experiments were performed under different hybridization
conditions: 68 °C, 600 mM NaCl; 60 °C, 1000 mM NaCl; and 62 °C, 1000 mM NacCl.
In all panels, red denotes probes perfectly matched to the MT target, green marks
WT-perfect matches, and blue indicates probes carrying an additional substitution
relative to the MT target. The X-axis shows the position and type of substitution.
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Figure S8: Average results from two independent pulldown experiments using the
884-probe KRAS G12C pool against MT and WT targets at 600mM and a temper-
ature range 58-66°C with 1000mM NaCl. The normalized MT/WT count ratio is
shown in log scale for the complete 884-probe KRAS p.G12C pool. In all panels,
red denotes probes perfectly matched to the MT target, green marks WT-perfect
matches, and blue indicates probes carrying an additional substitution relative to
the MT target. The X-axis shows the scaffold number.
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Figure S9: Average results from two independent pulldown experiments using
the 884-probe BRAF V600E pool. A set of 52 probes containing the BRAF V600E
variant centrally positioned (position 9) are shown. Results are presented for the
MT target with 1000mM salt, MT/WT ratio of 25/75 and for the WT target. In
all panels, red denotes probes perfectly matched to the MT target, green marks
WT-perfect matches, and blue indicates probes carrying an additional substitution
relative to the MT target. The X-axis shows the position and type of substitution.
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Figure S10: Average results from two independent pulldown experiments using
the 884-probe BRAF V600E pool. The normalized MT/WT count ratio is shown
in log scale for the complete 884-probe BRAF V600E pool at 56°C and 64°C. In
all panels, red denotes probes perfectly matched to the MT target, green marks
WT-perfect matches, and blue indicates probes carrying an additional substitution
relative to the MT target. The X-axis shows the scaffold humber.
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Figure S11: Average results from two independent pulldown experiments using
20 and 25nt long probe designs for the KRAS G12C variant. At In all panels,
red denotes probes perfectly matched to the MT target, green marks WT-perfect
matches, and blue indicates probes carrying an additional substitution relative to
the MT target. The X-axis shows the scaffold number.
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Figure S12: Chronoamperometric responses were recorded for the KRAS p.G12C
targets (blue), WT target (red), and no-target control (green) following hybridiza-
tion at 68°C KRAS in buffer containing 0.1% Tween-20.
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Abstract

Hybridization-based sensors are often optimized in terms of equilibrium
selectivity, but the path toward equilibrium can also determine how well
two targets are distinguished. Here, kinetic discrimination is analyzed by
comparing one-step and two-step hybridization mechanisms. In a sim-
ple one-step process, mismatched targets equilibrate faster because their
lower affinity is associated with faster dissociation. For two-step detec-
tion, however, saturation effects can reverse this behavior: the matched
target reaches equilibrium first, while the mismatched signal continues to
increase. This kinetic inversion creates an optimal readout time before
equilibrium is reached. Wild-type blockers further strengthen the effect
by selectively reducing the wild-type target available for probe binding.
Experimental OWL2 measurements support these theoretical predictions.

5.1 Introduction

Previous chapters of this thesis have focused exclusively on DNA hybridiza-
tion at equilibrium. However, the non-equilibrium dynamics of hybridiza-
tion systems also contain valuable information that can be exploited for
target discrimination [1, 2]. In contrast to equilibrium, where the final
concentrations are determined solely by the ratio of reaction rates, kinetic
measurements track complex formation over time, providing access to in-
dividual rates as additional information [3]. This opens the possibility of
distinguishing mutant from wild-type targets beyond differences in equi-
librium affinity alone.

In single-nucleotide variant (SNV) hybridization sensors, selectivity usu-
ally arises from differences in binding affinity between the matched (mu-
tant) and mismatched (wild-type) targets. These systems are typically
described by a single-step (two-state) binding process, characterized by
an association rate (k™) and a dissociation rate (k~). Experimentally, it
is well established that mismatches have little effect on the association
rate, while significantly increasing the dissociation rate [4, 5]. As a result,
mismatched duplexes not only exhibit lower equilibrium stability but are
also expected to reach equilibrium more rapidly.
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However, this expectation does not hold for more complex hybridization
systems. When studying the kinetics of the multi-stranded OWL sensor
presented in Paper B, we observed the opposite behavior: the matched
(mutant) target equilibrates faster than the mismatched (wild-type) tar-
get. This observation is counterintuitive, as higher stability is typically as-
sociated with longer residence times and slower relaxation. We attribute
this inversion to the presence of multi-step reaction mechanisms operat-
ing under specific conditions of saturation or depletion. Here, the effective
kinetics are no longer determined solely by the dissociation rate of a single
duplex, but instead emerge from the rates of multiple reaction steps.

Interestingly, similar behavior was reported in earlier work that used multi-
stranded detection under non-equilibrium conditions, where improved se-
lectivity was achieved through faster equilibration of matched targets [6].
This phenomenon was termed kinetic inversion, but the origin of the in-
version was neither formalized mathematically nor clearly understood.

In this chapter, we develop a theoretical framework to explain this effect.
We begin by analyzing the kinetics of a simple one-step binding model,
which serves as a reference. We then extend the analysis to a two-step
process representative of the multi-stranded OWL sensor [7]. This ap-
proach reveals how, under specific conditions, selectivity shifts from being
governed by differences in dissociation rates to differences in effective as-
sociation rates. As a consequence, the ordering of relaxation times is re-
versed, with matched systems equilibrating faster than mismatched ones,
resulting in kinetic inversion. This behavior naturally defines an optimal
time window for mismatch discrimination, which differs from the equilib-
rium limit.

Finally, we introduce blocker strands and investigate their impact on the
system’s kinetic behavior. In previous chapters, blockers were shown to
improve equilibrium selectivity by increasing effective affinity differences
through selective depletion [8, 9]. Here, we extend this analysis and ex-
amine how these mechanisms influence the system’s kinetics. We find
that the presence of blockers not only amplifies equilibrium selectivity but
also significantly enhances kinetic discrimination. In particular, the blocker
interaction alters the effective reaction rates in the system, leading to a
greater separation in relaxation times between matched and mismatched
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targets. Consequently, the conditions under which kinetic inversion occurs
are broadened, and the inversion itself becomes more pronounced. Build-
ing on this theoretical framework, we present preliminary experimental
results obtained with the OWL sensor platform introduced in Chapter 3.
These results establish a general framework for understanding kinetics in
multi-step hybridization processes and extend naturally to enzymatic ap-
proaches used for single-nucleotide variant (SNV) discrimination [10, 11].
Moreover, they suggest new strategies that exploit kinetic inversion to
enhance mismatch detection sensitivity.

5.2 Kinetics of the one-step process

We study the hybridization of a basic one-step process in which probe
strands P bind to target strands T, forming a duplex PT as shown in the
reaction diagram below. L+
P+T = PT (5.1)
-

As previously described in section 1.3, dynamics are described in a mean-
field approach assuming mass-action kinetics, where reaction rates are
proportional to concentrations of reactants, and forward/reverse rate con-
stants are ¥+ and k~. Together, they determine the binding equilibrium
constant K, which is related to the free-energy difference AG < 0 between
the bound and unbound state. We assume the system starts in an initial
state in which only ssDNA is present. The duplex concentration [PT] then
evolves according to the general kinetic equation:

d[PT]

—— = K [PI[T] - k[PT], (5.2)

where available concentrations of probes [P] and targets [T] might change
during the reaction and deviate from their initial values [P], = a and [T, = c.
At any time, they are given by

[Pl=a—[PT], [T]=c—[PT). (5.3)

These result in a decreasing association rate during the binding process
and lead to the effects referred to as probe saturation and target depletion.
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In summary:
d[PT)

T k™ (a — [PT)) (c — [PT]) =k~ [PT). (5.4)

saturation depletion

[PT] = duplex conc.

kt
= K =.—=¢ 29" (55)

k

o k— = off-rate
c = initial target conc.

o kT = on-rate
a = initial probe conc.

Saturation: occupied probes no longer contribute to duplex formation

Depletion: captured target no longer contributes to duplex formation

This is a nonlinear ordinary differential equation (ODE) that is solved after
rewriting the ODE in terms of its fixed points h4, leading to the complete
solution for the kinetics [8]:

 hyhe (1 - e—t/T)

[PT](t) = '

. owith 7= [kt (hy —h )], (5.6)

hy —h_ e t/T

hi:%{1+aK+cKj:\/(1+aK+cK)274acK2] (5.7)
Although this does not describe a simple exponential process, the timescale
is given by a single characteristic value r. At times beyond ¢ >> 7, the solu-
tion converges to h_, which is a stable fixed point, whereas h, is unstable.
The equilibrium solution is therefore [PT)eq = [PT]|(t — o0) = h_. While
this description provides a general solution for the behavior of this one-
step system, the expressions are complicated, and interpretation is quite
difficult. We will therefore consider simplified cases in which either satura-
tion or depletion is taken into account. To start, however, we analyze the
reservoir condition, where both saturation and depletion can be neglected.

Reservoir condition:  only depends on i~

Under reservoir conditions, available ssDNA concentration remains at its
initial values such that probe saturation and target depletion do not occur.
This approximation is valid in a low-binding regime, e.g., at low concen-
trations or low affinities, where the reduction in available ssDNA can be
neglected.
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The ODE simplifies considerably,
d[PT)

— teg — b
7 =k ca— k™ [PT], (5.8)
leading to the solution
[PT)(t) = acK (1%7’”) (5.9)
equilibrium N——~—
kinetics

In contrast to the general description from before, this represents sim-
ple exponential decay towards the equilibrium solution. The equilibrium
concentration is given by acK, consistent with the linear relationship of Eq.
(1.6). The time t appears only in the exponent, such that the characteristic
time 7 is given by the factor in the exponent, - = 1/k~. This indicates the
system’s timescale and serves as a measure of the total time required to
reach equilibrium. Specifically, at time ¢t = 7, the system has reached 63%
of its final value, and at times t = 27,3 7,47 and 57, the system is 86%,
95%, 98% and 99% towards equilibrium. Roughly, one can estimate that
the system reaches equilibrium after t ~ 37. Early in the kinetics, the con-
centration increases linearly with time by [PT](t) = kTcat, which can be
seen by approximating the exponent for small ¢ <« 7 or by setting [PT] =0
in Eq. (5.8).

For SNV detection, we analyze the difference between perfectly matched
(PM) and mismatched (MM) targets by comparing their kinetics, as illus-
trated in Figure 5.1. At equilibrium, the matched duplex reaches a higher
equilibrium concentration compared to the mismatched one, which has a
lower affinity K = k*/k~ as a result of the increased dissociation rate %_.
During the kinetics, both cases exhibit the same initial behavior, which is
independent of k_. A difference is visible in the timescales of the two: the
mismatched duplex reaches equilibrium faster as a result of the higher k_,
consistent with known behavior of short DNA strands [4].

Although discrimination is possible based on kinetic behavior, the differ-
ence between matched and mismatched cases strictly increases over time.
Notably, in this simple model, the equilibrium time is independent of on-
rate k™, and ssDNA concentrations a and c. One way to understand this is
as follows: the initial behavior is linear in kT, a, and ¢, but the equilibrium
value kTca/k~ is also linear in these. The two effects cancel out, making
the necessary time to reach equilibrium independent of k*ca.
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(A) Reservoir conditions

(B) Saturation or Depletion
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Figure 5.1: Kinetic response of perfectly matched (PM) and mismatched (MM)
duplex formation in a one-step process. (A) Under reservoir conditions, the PM
system reaches a higher equilibrium and takes longer to reach equilibrium com-
pared to the MM system. (B) Saturation or depletion lead to shorter timescales,
that are closer to each other, and lower equilibrium values.

Saturation introduces t*cin 7,
The effect of probe saturation lowers the available probe concentration as
probes bind to the target, leading to the following description.

@ = k*c(a— [PT]) — k™ [PT), (5.10)

=ktca— (k= +ktc)[PT] (5.11)

This has the same form as before, and results in the solution

[PT](t) = ff};{ (1 e terrar) (5.12)
Saturation therefore leads to a lower equilibrium value and a timescale that
is given by 7 = (k= + kT¢)~!, which is slightly faster. The initial behavior is
not affected by saturation, as only a small amount of duplex forms at the
start of the reaction. We can now better understand the reduced equilib-
rium time. While the initial increase remains linear in k*¢, the equilibrium

value is lowered by saturation, so it is reached faster with increasing k*c.

Depletion introduces .*a in 7,

Similarly, target depletion results in lower equilibrium and timescales,
while leaving the initial kinetics unaffected. The results of this one-step
process are summarized in Table 5.1. Kinetic discrimination of SNVs, as
with equilibrium discrimination, becomes more difficult due to saturation
and depletion, as a change in £k~ has a lower impact on the timescale r.
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Case Initial behavior: <+ Timescale (r) Equilibrium
Reservoir
Saturation x
kTcat 1/k~ acK
Depletion x
Saturation
kTcat 1/(k= + kte) ack
Depletion X L+ cK
Saturation x K
kftcat 1/(k~ + k*a) ac
Depletion 1+aK

Table 5.1: Kinetic behavior of the one-step process with saturation or depletion.
5.3 Kinetics of the two-step process

The two-step process is inspired by the multi-stranded OWL sensor of Pa-
per B. Here, binding of the probe to target can be followed by the binding
of a reporter strand, resulting in a target-probe-reporter complex that con-
tributes to the detection signal. A simplified illustration of the detection
process is shown in Figure 5.2. The reaction diagram is expanded to in-
clude this reporter and two new rate constants, k}; and k;, which also
determine the reporter’s binding affinity Ky to PT.

k4
P+T — PT (5.13)

k_

ki
PT+R —— PTR (5.14)

kg
Importantly, the reporter is insensitive to whether the probe-target is per-
fectly matching or contains a mismatch, i.e., k4 and k};, do not change
when the underlying target is the mutant or wild-type sequence. For our
analysis, the reporter rate constants are assumed to be much lower than
those of the probe-target interaction. The reporter is present at an initial
concentration of [R], = r, and when available concentrations are lowered,
similar to probe saturation, the second step is subject to reporter satura-

tion: [R] =r — [PTR].
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reporter R
probe P — =
VAVAVAVAV AV VAVAVAVAV AV
target T
A\N\N\N\N/

Figure 5.2: Simplified reaction diagram of the two-step process. Only after the
selective binding of probe P to target T' can the reporter interact with the PT
complex to form the detectable, fluorescent PTR complex.

The two-step process is then described by two time-dependent variables,
[PT](t) and [PTR](t), that evolve according to the coupled ODEs:

PT
diPT] _ k* (a — [PT)) (c — [PT)) =k~ [PT]| — k[PT] (r — [PTR]) +k[PTR],
dt N————
probe target reporter
saturation depletion saturation
(5.15)
dIPTR| = k5 [PT) (r — [PTR]) —kz[PTR] (5.16)
dt N————
reporter
saturation
k~ = off-rate of probe
PT] = duplex conc.
[PT] P kt = on-rate of probe
[PTR] = target-probe-reporter o+
= K="_= efAG/RT
complex conc. k-
_ (5.17)
¢ = initial target conc. ky = off-rate of reporter}
a = initial probe conc. ki = on-rate of reporter

k-‘r
= Kp = B _ c~AGr/RT

kg

r = initial reporter conc.

Saturation: occupied probes no longer contribute to duplex formation
Depletion: captured target no longer contributes to duplex formation

Reporter saturation: occupied reporter no longer contributes to target-
probe-reporter complex formation
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Reservoir condition: no kinetic inversion

Once again, the analysis starts with the case where P, T and R form a
reservoir and saturation/depletion effects can be neglected. Moreover, in
the low-binding regime [PTR] « [PT], the reporter does not influence the
probe-target system and the ODEs decouple. In this case, substituting the
one-step solution of Eq. (5.9) into Eq. (5.16) (without reporter saturation)
leads to solution

[PTR|(t) =acKrKp |1— (5.18)

1=k [k, 1—kp/k— |’
At equilibrium, the exponents decay and the complex concentration is
given by ac K rKg, now additionally linear in r and Kr. The two-step sys-
tem has two timescales that can be extracted from the exponents:

szl/k_ & TR:]./]f;%, (519)

that obey r « 7z by our assumption. The exponents can be approximated,
leading to a quadratic regime followed by a linear regime.

[PTR](t) = %ackﬂ“ kht? fort< < g (5.20)

[PTR|(t) =acKrkj,t forr <t < g (5.21)

Comparing the responses of matched and mismatched targets, differing
only in the off-rate £~ of the middle step, reveals the effect on SNV detec-
tion (Figure 5.3). As kTt is the same for both cases, the initial quadratic
part is identical for the mutant and wild-type targets, but the signal tran-
sitions to the linear regime earlier for the mismatch than for the match.
Interestingly, in the linear region, the signals rise with a slope that is de-
pendent on the probe-target affinity K. Finally, equilibrium is reached on
the reporter’s timescale, and, as with the one-step process without deple-
tion or saturation, the equilibrium time is fully determined by its off-rate.
Because 7 > 7, the difference in probe affinity does not change the total
equilibrium time, and no kinetic inversion is present under the current con-
ditions. When significant reporter binding occurs outside the low-binding
regime, the probe-target system is influenced by reporter binding, and
its equilibrium shifts to the right. The timescales 7» and 7z mix and the
equilibrium time increases from 1/kj to 1/ky (1 + rk};/k~). Although this
introduces &k~ into the expression, the matching target is still slower and
no kinetic inversion takes place.
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Figure 5.3: Two-step hybridization kinetics under reservoir conditions. Both per-
fect match and mismatch follow identical quadratic behavior, followed by a linear
regime with slopes determined by probe affinity. The mismatch transitions earlier
and grows more slowly. Equilibrium is reached on the reporter timescale 1/k};, and
is identical for both cases, demonstrating the absence of kinetic inversion.

Reporter saturation: kinetic inversion

To facilitate our further analysis, we note that the P+T step is much faster
than the R interaction. This leads to a separation of timescales (SOT) such
that the reporter kinetics can be described by assuming quasi-steady-state
behavior of the first step. Although this description fails to describe ki-
netics at the timescale of the first step, early kinetics are still accurately
predicted by Eq. (5.20) since reservoir conditions hold at short timescales.
In general, SOT reduces the complexity considerably, leading to more in-
terpretable results.

Under low-binding conditions of the reporter, the first step is completely
determined by the equilibrium description of section 5.2. In the simplest
case, [PT] =a c K, and inserting into Eq. (5.16) leads to the solution with
reporter saturation:

_ _acKrKg _ —(kp+tacKk}) ¢t
[PTR](t)—lJraCKTKR l1—e (5.22)
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This result is straightforwardly adapted to cases where the probe-target
system is subject to probe saturation or target depletion by substituting
[PT] with the corresponding equilibrium solution. As expected, the equi-
librium is lower compared to that under reservoir conditions of Eq. (5.18).
As a result of the SOT, only a single timescale is present (Figure 5.4) and
the time to reach equilibrium is characterized by

1

= — . 5.23
i kE—FaCKkE ( )

Similar to the results of the one-step system, reporter saturation intro-
duces an additional term to the characteristic time 7. Notably, the probe-
target affinity K is present in this expression, such that - changes for a PM
or MM target. We observe kinetic inversion: higher affinity lowers 7 and
therefore decreases the total equilibrium time. In contrast to the one-step
process, the PM situation equilibrates faster than the MM situation.

Two-step process: simulation Separation of timescales
—e— Perfect Match
; Mismatch
o | --- 3t
= i
= i i
Q. 1 1
— I 1
R 1 1
g | |
8 ) 4
: L Kinet |
Sl P Klnet_lc !
ol | inversion H
£l i > i
O | i MM slower H
O £ 1 - .
0 Timet 0 2 4 Timet

Figure 5.4: Kinetic inversion in the two-step system with reporter saturation. Left:
Simulation of the system shows that the characteristic time depends on affinity
and that the perfect match reaches equilibrium faster than the mismatched case.
Right: Theoretical model of Eq. (5.22) employing the separation of timescales
approach, where information on early timescales is lost, but a description including
kinetic inversion remains.

5.3.1 Optimal discrimination time

Kinetic inversion has a direct implication concerning the discrimination of
SNVs. Specifically, the optimal time to distinguish between matching and
mismatched targets occurs during the kinetics rather than at equilibrium.
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Once the matching target reaches equilibrium, its signal plateaus, while
the mismatched target (being further from equilibrium) continues to in-
crease (Figure 5.5). As a result, the difference between the matched and
mismatched targets decreases only when the systems are allowed to fully
equilibrate. In the regime before 7, the response can be approximated by

[PTR|(t) =acKrkj,t fort < 7. (5.24)

The initial behavior is linear and proportional to K, such that the ratio
between PM and MM targets is constant and related to the free-energy
binding difference AAG.

PTRIPM(t)  KPM
[[PTR}]MM((t)) = gomr = (5.23)

The ratio between PM and MM responses further reduces after ¢t = 7p),,
indicating an optimal discrimination time just before rp); where the sen-
sitivity is largest. The optimal time is easily illustrated by comparing the
kinetics of matching and mismatched bindings in the presence of a back-
ground contribution (Figure 5.5). This ratio is non-monotone and has a
maximum value at a finite time, whereas without kinetic inversion the best
time to discriminate is at ¢t = oo, i.e., equilibrium.

An appropriate trade-off between selectivity and sensitivity is provided by
the fold-change parameter 3, which compares the desired PM signal to the
undesired background and MM contribution [12].

B ([PTR)F™ /VAF)
~ background + [PTR)MM’

B(t) (5.26)

This formula was originally introduced for mixtures at a given VAF, but also
works when comparing two sample responses containing only PM or MM
targets. The background can represent all unavoidable sources of signal
as a result of experimental artifacts, but it can also represent the minimal
signal required by the detection mechanism.

The definition of 8 makes it a useful measure for the trade-off between
selectivity and sensitivity. In the limit where the background is zero, s re-
duces to the usual PM/MM ratio, and therefore describes selectivity. When
the background is non-zero, however, a low response will reduce 3 be-
cause the background term remains present in the denominator. In this
way, 3 also accounts for sensitivity. Kinetic inversion does not necessarily
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Figure 5.5: Optimal discrimination time in a system with kinetic inversion and a
background contribution. The matching signal saturates earlier, while the mis-
match continues to increase, leading to optimal discrimination at finite time.

improve the intrinsic selectivity at the level of AAG, which remains deter-
mined by the PM/MM affinity difference. Instead, it improves the practical
trade-off between selectivity and sensitivity by allowing discrimination at a
finite time, before equilibrium saturation becomes limiting. Higher probe
concentrations can therefore be used to accelerate the kinetics and in-
crease the signal, while retaining a high PM/MM ratio in the optimal time
window.

5.3.2 Two-step process differentiates in on-rate

The reporter molecule, binding after the selective probe-target interac-
tion, introduced a second, non-selective step. Under reservoir conditions,
the characteristic timescale is determined solely by k. However, a k},
dependence appears when reporter saturation takes place. This behavior
mirrors that of the one-step process, where the characteristic timescale is
determined by k= and additionally by ck* in the presence of probe satu-
ration. In the two-step system, the concentration in front of &}, therefore
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corresponds to the equilibrium concentration of the probe-target complex,
which differs significantly between matched and mismatched binding. A
major consequence of this is that the difference in k= of the target is
present in the on-rate of the reporter, whereas it was present in the off-
rate in the one-step process. The two-step process therefore translates
the difference in the off-rate of the selective probe, which differs between
the targets, into a difference in the on-rate of the reporter. This effec-
tively required saturation to enable discrimination based on the equilibrium
timescale. Simultaneously, this also maximizes the magnitude of the re-
sponse and allows differentiation early in the kinetics of existing detection
mechanisms using a two-step process.

e One-step process: Affinity differentiation in off-rate:

1 1
> TMM = —— (527)

k;]\l k]T/[M

TPM =

o Two-step process: Affinity differentiation in on-rate:

1 1
< M =
kl_% +aCKpMk‘E MM k;% -l-aCKMMk‘E

TPM =

(5.28)

5.4 Enhanced Kinetic Inversion using Wild-
type Blockers

The effect of wild-type target depletion previously resulted in improved de-

tection limits at equilibrium by increasing the effective free-energy penalty

AAGqs for mutant versus wild-type binding. Wild-type target depletion

was achieved by introducing a large number of short blocker strands com-

plementary to the wild-type sequence, which prevent binding of the mutant-
matching probes. The mutant target will also cross-hybridize with the

blocker, so the target concentration is increased to maintain a sufficiently

high concentration to interact with probes. Here, a short description is

presented of the impact of blocker strands on the kinetics of the two-step

process and its implications for kinetic inversion.

Blocker B introduces an additional interaction to the two-step process,
the formation of BT, to which the reporter cannot bind. Although blocker
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strands could run out, they are usually supplied in excess concentration
[B]o = b > ¢, such that blocker saturation can be neglected. Importantly,
blocker contributes to the depletion of target, and its high affinity to wild-
type leads to a selective reduction of wild-type over mutant target. Under
conditions of strong depletion, the effective target concentration is fully
determined by the blocker interaction and given by ¢* = ¢/bKg. In sum-
mary:

T _ oty - iyl
B+T=BT = [T] = ¢ — [PT) — [BT)] (5.29)
~ WK g

The blocker introduces a third timescale, 7, that we will assume is similar
to that of the probe, 7p, and much smaller than 7z. We describe the
initial kinetics and the changes to the characteristic time due to the blocker
interaction. Initial formation of [PTR] is given by

1 .
[PTR](t) = éackﬂ"kg k3 fort < g = 7p < TR, (5.30)

where, interestingly, the off-rate of the blocker & is present and the rise
is cubic in time. Blocker strands perfectly match the wild-type and have a
single mismatch against the mutant target, such that & is larger for the
mutant target. This leads to an early difference in kinetics compared to
the system without blocker, where the initial behavior was quadratic and
the same for both targets.

The SOT approach leads to the kinetic solution with a similar form as in
Eq. (5.22), now given by

_ c "
CLC*KT'KR (kR+abI(KkR> t
PTR)(t) = —————— |1 — B 5.31
[PTR](®) l4+ac*KrKpg ( )
From this expression, the timescale is subsequently given by
_ (5.32)
T = . .
_ acKkf
kp + L&
R bKp

Here, kinetic inversion is once again present. In addition to probe affinity
K, blocker affinity Kp is present reciprocally. The difference in timescale
between mutant (PM to probe, MM to blocker) and wild-type (MM to probe,
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PM to blocker) is therefore amplified by the addition of blockers (Figure
5.6). One might think that the blocker concentration o lowers the dif-
ference in timescales between the two, as the k, term becomes more
important, but this is counteracted by the required increase of target con-
centration c.

Without blocker With blocker

—— Perfect Match
Mismatch
-=-- 37

Enhanced
Discrimination

1§
14

Complex conc. [PTR] (a.u.)

é Time t

o
N
I
o
o
N
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Figure 5.6: The addition of wild-type blockers enhances kinetic inversion. Within
the separation-of-timescales framework, blocker-induced depletion amplifies the
timescale difference between matching and mismatched cases, highlighting its
benefit for both equilibrium and kinetic discrimination.

5.5 Preliminary Experimental Results

A limited number of experiments were conducted to investigate kinetic
inversion using the multi-stranded OWL2 sensor involving a two-step de-
tection mechanism. The OWL2 sensor contains long target-binding arms
that unfold the target’s secondary structure and allow the R-strand, P-
strand, and universal molecular beacon (UMB) to interact with the target
in its unfolded state [13]. The two-step process involves the binding of
the selective P-strand, followed by the opening of the UMB. When the UMB
opens, a fluorophore and quencher become spatially separated, resulting
in a fluorescent readout. To isolate the interaction of the two-step pro-
cess, the target was incubated overnight with the unfolding arms and the
R-strand. The kinetic measurements are then performed by first adding
UMB, and then adding P-strand to initiate the two-step process.
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Figure 5.7 shows the fluorescent response of the pure mutant target and
the pure wild-type target over 60 min. The initial signal is quadratic in
time, followed by a linear increase with a slope that differs between mutant
and wild-type. As the mutant signal approaches its equilibrium value, the
wild-type signal is still linearly increasing. The time to reach equilibrium
for the matching target is lower than that of the mismatched target, and
kinetic inversion occurs. As a result, the ratio between the mutant and
wild-type signals shows an optimal time to distinguish the SNVs.

60 OWL Kinetics High amount of P-strand Blocker Enhancement
—— Perfect Match e 10% Mutant mixture
— Mismatch
5 | — ratio
s
v Mutant
S Ratio
Q
(%]
9]
—_
o
=2
[FIN
0 . f . | .
0 30 min 60 min 0 30 min 60 min 0 15 min 30 min

Figure 5.7: Experimental validation of kinetic inversion using the OWL2 sen-
sor. Fluorescence kinetics show quadratic-to-linear behavior, with mutant reach-
ing equilibrium faster than wild-type, leading to kinetic inversion and an opti-
mal discrimination time. Increasing the P-strand concentration accelerates the
timescales, while the addition of wild-type blockers enhances slope and timescale
differences.

The measurement was repeated using a 10x higher amount of P-strand.
This results in a much larger formation of the intermediate complex to
which the UMB can bind, increasing the reporter saturation. As before,
the mutant signal is observed to increase and reach equilibrium faster
than the wild-type signal, and as a result of the increased P-strand con-
centration, the overall timescales have become lower, as predicted by Eq.
(5.23). Data for a mixture containing 10% mutant is also presented, show-
ing an intermediate slope and equilibrium time. Finally, the OWL2 sensor
kinetics were measured in the presence of wild-type blockers. Target con-
centrations were increased, and the expected result is observed: a larger
difference in the slopes in the linear part, and a larger difference in equilib-
rium times between matching, mismatched, and even mixed targets. The
initial kinetics are very fast and the cubic behavior is difficult to detect.
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Although these experiments remain preliminary, they provide useful guid-
ance for future work. They show that kinetic inversion can emerge in
a realistic multi-stranded sensor with reporter saturation. The broader
insight is that multi-step hybridization systems can convert an affinity dif-
ference in an early selective step into a difference in the effective rate of
a later detection step. Kinetic design may therefore improve the practical
trade-off between sensitivity and selectivity.

Further development requires a more systematic exploration of the de-
sign space. Theoretically, the hybridization system can be adjusted in
terms of concentrations, reaction rates and binding affinities. These make
simulation-guided approaches useful for identifying conditions where ki-
netic inversion maximally improves performance. Experimentally, future
work should focus on precise control of hybridization rates and early ki-
netic measurements. For this, toehold-mediated strand displacement is
a promising model system, because it provides tunable and predictable
multi-step kinetics [14]. Finally, the analysis should be extended to low-
abundance mixtures to test whether kinetic measurements can improve
SNV discrimination beyond equilibrium limits.
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6.1 Thermodynamics as a design principle

This thesis has explored the detection of single-nucleotide variants (SNVs)
through a unified approach based on DNA thermodynamics. Rather than
focusing on a specific biosensing technology or readout mechanism, the
central idea has been that molecular recognition and selectivity are fun-
damentally determined by hybridization behavior, and that manipulating
this behavior provides a general route to improved performance. A key
strength of this approach is its platform independence. The thermody-
namic principles that govern DNA hybridization are universal and do not
depend on whether the readout is optical, electrochemical, or sequencing-
based. This abstraction allowed us to develop strategies that can be trans-
ferred across a wide range of biosensing technologies. At the same time,
we demonstrated these concepts using emerging, cost-effective sensing
platforms, which further highlight their practical relevance for point-of-
care diagnostics and scalable applications.

Improvements start from a detailed understanding of DNA hybridization.
We described the thermodynamics of duplex formation and established
that, under optimal conditions, selectivity is determined by the free-energy
difference between the mutant and wild-type bindings, AAG. Chapters 2,
3 and 4 present three research papers, along with three approaches that
increase the effective free-energy difference. These pushed detection lim-
its to clinically relevant levels or provided valuable insight into proper-
ties that help guide future sensor design. Kinetic properties of hybridiza-
tion were discussed in Chapter 5, and a kinetic method based on periodic
perturbations was briefly mentioned in the introduction (Paper D and the
patent application).

Across the studies presented in this thesis, a consistent theme emerged:
thermodynamic optimization enables both enhanced sensitivity and im-
proved selectivity without increasing the complexity of the detection mech-
anism. Moreover, hybridization-based technologies are inherently well-
suited for parallelization, making these design principles readily adaptable
to multiplexed platforms for the simultaneous detection of multiple SNVs.
While the primary focus has been on biosensing applications, the results
also provide broader insights into the fundamental properties of selec-
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tive DNA hybridization. They contribute to the development of a more
quantitative and predictive framework for understanding and controlling
hybridization behavior in the context of SNV detection.

6.2 Selectivity improvement beyond AAG

A central result of this work is that the detection limit of mutant DNA
in a wild-type background depends exponentially on the free-energy dif-
ference, AAG. Together with the noise of the readout mechanism, this
directly determines the lowest detectable mutant fraction. AAG, there-
fore, is the key parameter that determines selectivity, and maximizing it
is essential for low-abundance mutant detection. While AAG is tradition-
ally limited by the intrinsic penalty of a single mismatch (MM), we showed
that its effective value can be increased through several thermodynamics-
based strategies that act independently and can be synergistic. Three such
mechanisms were investigated in detail:

o Wild-type depletion via blocker strands
e Structural strain in probe-target complexes

¢ Non-additive mismatch-mismatch interactions

Each mechanism contributes to an increase in AAG, but does so through
distinct physical origins. Wild-type depletion selectively reduces the avail-
able concentration of targets, thereby amplifying the relative contribution
of mutant binding. In contrast, structural strain and MM-MM interactions
introduce asymmetric destabilization that preferentially affects wild-type
duplexes.

An important insight of this thesis is that these strategies are not mutually
exclusive. On the contrary, their combination leads to enhanced perfor-
mance beyond what can be achieved individually. For example, the use of
blocker strands allows strain-based selectivity improvements to be more
effectively expressed. This can be extended: structural strain or inten-
tional mismatches could be introduced into the blocker design to further
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increase depletion efficiency. These results point toward a framework of
thermodynamic design, in which multiple strategies are combined depend-
ing on the sensing context. Because DNA hybridization underlies amplifica-
tion and sequencing technologies, these improvements have the potential
to achieve robust discrimination at ultra-low mutant fractions [1, 2].

6.3 Depletion as a versatile strategy

Wild-type depletion emerged as a particularly versatile strategy. Beyond
its primary role in enhancing selectivity, it allows the use of higher probe
concentrations without compromising discrimination, as supported by both
theory and experimental results.

This has several implications. First, an important experimental advantage:
using higher probe concentrations improves signal robustness and reduces
noise, leading to more reliable signals and more accurate determination
of the amount of mutant DNA. Second, they enable more precise quan-
tification of thermodynamic parameters, facilitating the extraction of AAG
from experimental data. In this sense, wild-type depletion is not only a
practical tool for improving detection, but also a methodological tool for
studying hybridization thermodynamics in more complex sensors.

Wild-type blockers, however, reduce the readout signal, requiring higher
target concentrations to remain above background. While increased probe
concentrations partially compensate for this effect, balancing sensitivity
and selectivity within diagnostically relevant concentration ranges remains
a challenge [3]. Future work should therefore focus on a detailed explo-
ration of the concentrations involved. Optimizing probe, blocker, and tar-
get concentrations and affinities could allow the design to be tuned for
specific diagnostic regimes. Examples include sensors that are maximally
sensitive in a narrow range of low mutant fractions, relevant for early de-
tection, or that improve quantitative accuracy at higher abundances for
treatment monitoring.
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6.4 Strain and Mismatch interactions: a uni-
fied perspective?

The improved performance of the OWL sensor was attributed to structural
strain present in the selective probe-target binding. Formation of the flu-
orescence complex requires the probe to bend in a specific way, bringing
its termini into close proximity for stacking interactions. Because such
stacking depends on a well-defined rotational orientation, this suggests
torsional strain within the duplex that propagates to the selective binding
site and preferentially destabilizes the mismatched binding, leading to an
increased AAG. Although the structural origin of this effect is reasonably
well understood [4], it remains difficult to identify the precise design re-
quirements needed to achieve improved SNV discrimination. While the
OWL sensor provides a highly selective, cost-effective platform with rel-
ative detection limits as low as 0.058%, it is less suited for isolating the
molecular contributions of strain. The OWL2 architecture, for instance,
relies on long unfolding arms and an additional intermediate strand that
must also bend. These components are essential to the sensor’s operation,
but they introduce additional interactions that may influence the strain at
the selective binding site, complicating a more direct interpretation.

Similarly, AAG was increased by the introduction of intentional mismatches
in the probe design, revealing hybridization thermodynamics beyond the
nearest-neighbor (NN) model. Rather than behaving as independent con-
tributions, mismatch-mismatch (MM-MM) interactions were found to be
strongly non-additive and highly position-dependent. In particular, we ob-
served a transition from stabilizing to destabilizing interactions as a mis-
match approaches the duplex termini. These observations indicate that
mismatches not only introduce local perturbations but also influence the
global structure and stability of the duplex. The dependence on both mis-
match position and type further indicates that the resulting affinities are
determined by a complex interplay of structural distortion, base-stacking
interactions, and conformational flexibility [5]. While our results estab-
lished general design principles, such as the advantage of placing an inten-
tional mismatch near the termini, the optimal mismatch type remains un-
clear and lacks a unifying framework. Itis not yet understood whether the
optimal type mismatch depends on the specific SNV mismatch involved,
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nor whether the observed effects are primarily driven by enthalpic or en-
tropic contributions. Additionally, it remains to be determined whether
these effects arise from structural perturbations or from the instability of
short binding segments. These questions are currently being addressed in
follow-up work, in which sequences covering all possible mismatch types
are being investigated to describe the underlying physical mechanisms of
these effects.

A useful perspective emerges by comparing MM-MM interactions with struc-
tural strain in the OWL sensor. Although the mechanisms underlying se-
lective destabilization differ, the phenomenology is similar: both intro-
duce perturbations that propagate along the duplex and modify its stability
nonlocally. This raises the question of whether MM-MM interactions and
structural strain are fundamentally distinct or can be understood within a
common framework.

One possible unifying view is to study the DNA duplex as a mechanically
coupled system, in which disruptions, whether caused by mismatches or
external constraints, influence stability at remote base-pairs. Such an ap-
proach could isolate general principles and conditions required for the am-
plification of mismatch penalties. This perspective also explains why these
effects are context-dependent, as the propagation of structural perturba-
tions depends on sequence composition, duplex length, and boundary con-
ditions. These systems can be studied using several approaches. Coarse-
grained models, such as spring-based representations of DNA, could iden-
tify essential features and help determine whether the destabilizing in-
teractions are primarily enthalpic or entropic [6, 7]. More detailed com-
putational methods, such as molecular dynamics simulations, can further
investigate the contributions of steric effects, torsional strain and whether
perturbations propagate along the backbone or through adjacent base-
stacking interactions [8, 9]. Experimentally, torque can be applied to DNA
duplexes using magnetic optical tweezers, enabling direct investigation of
how externally imposed mechanical strain influences mismatch stability
[10]. Alternatively, strategies that are designed to introduce strain, such
as the deliberate formation of secondary structures or DNA-protein inter-
actions, provide additional routes to probe these effects and isolate their
physical origin [11, 12]. Several of these approaches are currently being
pursued within our research group.
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In general, establishing a common framework for MM-MM interactions and
structural strain has important implications for probe design. Instead of
separate tools, they could be turned into generalized concepts, where local
sequence modifications or structural constraints maximize selectivity and
result in a physics-based optimization of hybridization probe design.

6.5 Beyond equilibrium

While this thesis has primarily focused on equilibrium thermodynamics,
Chapter 5 introduced hybridization kinetics as an alternative route to se-
lectivity. In particular, the concept of kinetic inversion, where mismatched
systems take longer to equilibrate than matched ones, provided a funda-
mentally different perspective on mutant versus wild-type discrimination.

In simple one-step hybridization, discrimination arises from differences in
off-rate: mismatched duplexes equilibrate faster because of their reduced
stability. In multi-step systems such as the OWL sensor, an additional re-
porter binding step changes this picture. As the reporter interacts with the
probe-target complexes, discrimination shifts from the probe’s off-rate to
the reporter’s effective on-rate. When saturation effects become relevant,
the overall equilibration time can depend on the probe-target affinity itself,
leading to an inversion of equilibrium times.

Unlike equilibrium approaches, where selectivity is determined solely by
AAG, kinetic strategies depend on rate constants and reaction mecha-
nisms. This introduces a larger parameter space, but also additional de-
sign flexibility. An important question is therefore: under which conditions
do kinetic effects provide a clear advantage over equilibrium-based opti-
mization? In particular, kinetic inversion may enable trade-offs between
sensitivity and selectivity that are not accessible at equilibrium.

Further development requires both theoretical and experimental advances.
Solving kinetics with all relevant interactions is theoretically challenging,
making computational approaches better suited to identify conditions where
kinetic effects improve performance [3, 13]. Extending current models
to include additional reaction steps or strands may further amplify these
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effects. Experimentally, precise control over hybridization rates and time-
resolved measurements is essential. A promising hybridization system for
studying these kinetics is toehold-mediated strand displacement, as it pro-
vides tunable, predictable reaction kinetics and inherently involves multi-
ple steps [14]. This makes it well-suited for studying and evaluating kinetic
design principles. The analysis should also be extended to mixtures, par-
ticularly for low-abundance mutant detection, to evaluate whether kinetics
enables improved discrimination beyond equilibrium limits.

6.6 Reflection on the past four years: theory
and experiment

One of the defining aspects of my PhD has been the continuous exchange
between theoretical modeling and experimental research. As a physicist
working primarily on theory, many ideas begin as concepts or thought
experiments. However, their feasibility and true value only become clear
through experimental validation.

At the same time, experimental researchers often develop strong intuition
through hands-on experience, and theoretical modeling helps translate
these insights into quantitative and predictive models. In this way, theory
and experiment continuously strengthen one another.

This project also involved multiple disciplines, including physics, chem-
istry, and medicine, which highlighted the importance of communication.
Bridging the differences in scientific language and perspective between
these fields was sometimes challenging but, in the end, highly rewarding.
The exchange of ideas across disciplines improved the quality of our work
and opened new directions for future research.

Overall, the combination of theory and experiment, physics and other dis-
ciplines, proved more powerful than either approach alone: the whole was
truly greater than the sum of its parts. I am particularly pleased that these
collaborations will continue beyond this project, allowing future PhD stu-
dents in our research group to benefit from the same close interaction with
other research teams.
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