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Dedicated to the
undying spirit to go all the way

What Matters Most is How Well You Walk Through the Fire, 1999
Charles Bukowski

“If you're going to try, go all the way. Otherwise, don't even start. This could mean not
eating for three or four days. It could mean freezing on a park bench. It could mean jail.
It could mean derision. It could mean mockery--isolation. Isolation is the gift. All the
others are a test of your endurance, of how much you really want to do it. And, you'll do
it, despite rejection and the worst odds. And it will be better than anything else you can
imagine. If you're going to try, go all the way. There is no other feeling like that. You
will be alone with the gods, and the nights will flame with fire. You will ride life straight
to perfect laughter. It's the only good fight there is.”



Abstract

Copper is essential for energy production, antioxidant defense,
and neurotransmitter synthesis; its dysregulation is implicated in
disorders such as Wilson’s, Menkes, and Alzheimer’s disease. This
thesis addresses the need for sensitive, rapid copper(ll) detection
to improve clinical monitoring and diagnosis.

The thesis focuses on the development of an automated
nanopore-based biosensor platform for copper(ll) detection to
address the clinical need for rapid and accurate copper monitoring.
The results of this thesis are summarized in three papers.

Paper | reports the development of an efficient synthetic protocol
to the fluorescently labelled Amino-Terminal Cu(ll) and Ni(ll) binding
(ATCUN) peptides. Various coupling conditions are investigated and
improved coupling protocols significantly increase yields. Physico-
chemical properties of the rhodamine-labelled ATCUN peptide were
investigated, resulting in optimized quenching and binding
efficiencies at pH 6.5.

Paper Il describes about platform with multiplexed voltage-to-
current (IV) and fluorescence measurements of the samples. This
automated platform was called Bio-Sensei, which incorporates a
robotic pipetting arm, picoampermeter and fluorescence
measurement diode. This platform enables measurement,
collection of data from instruments and storage of the data. The
platform is tested with ATCUN functionalized nanopore membranes
in Cu(ll) spiked MES/KCL buffer at pH 6.5. Results show the ability
to detect Cu(ll) up to femtomolar concentrations in buffer.

Paper Ill presents the integration of reconfigurable microfluidics
with the automated platform, and measurements in human serum
mimics samples, by spiking them with Cu(ll). This is followed by
data analysis using neural network algorithms to predict Cu(ll)
concentrations in the solution. Results of this study show that
nanopores functionalized with rhodamine labelled ATCUN peptide
showed improved sensitivity to Cu(ll) ions than previously used
FAM labelled ATCUN.

The results of this thesis contribute to the development of the
platform with the potential to enable the measurement of Cu(ll) in
clinical samples, such as Wilson’s disease diagnosis or monitoring.
Future directions include expansion to other metal ions, integration
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with wearable technology, and further refinement of machine
learning algorithms to enhance clinical utility.



Sammanfattning

Avhandlingen fokuserar pa utvecklingen av en automatiserad
nanopordbaserad biosensorplattform for koppar(ll)-detektion for att
adressera det kliniska behovet av snabb och noggrann
koppardvervakning. Resultaten fran  denna  avhandling
sammanfattas i tre artiklar.

Artikel | redovisar utvecklingen av ett effektivt syntetiskt protokoll for
fluorescensmarkta Amino-Terminala Cu(ll) och Ni(ll) bindande
(ATCUN) peptider. Olika kopplingsforhallanden understks och
forbattrade kopplingsprotokoll 6kar signifikant utbytena. Fysikalisk-
kemiska egenskaper hos rhodaminmarkta ATCUN-peptider
undersoktes, vilket resulterade i optimerad slacknings- och
bindningseffektivitet vid pH 6.5.

Artikel 1l beskriver en plattform med multiplexade spanning-till-
strom (IV) och fluorescensmatningar av proverna. Denna
automatiserade plattform kallades Bio-Sensei, vilken inkorporerar
en robotisk pipetteringsarm, pikoamperemeter och
fluorescensmatningsdiod. Denna plattform majliggér matning,
datainsamling fran instrument och datalagring. Plattformen testades
med ATCUN-funktionaliserade nanoporimembran i Cu(ll)-spikade
MES/KCI-buffrar vid pH 6.5. Resultaten visar formagan att detektera
Cu(ll) upp till femtomolara koncentrationer i buffert.

Artikel 1l presenterar integrationen av rekonfigurerbar mikrofluidik
med den automatiserade plattformen, och matningar i humana
serumimitatprover genom spikining med Cu(ll). Detta foljdes av
dataanalys med neurala natverksalgoritmer for att prediktera Cu(ll)-
koncentrationer i I16sningen. Resultaten fran denna studie visar att
nanoporer funktionaliserade med rhodaminmarkta ATCUN-peptider
uppvisade forbattrad kanslighet for Cu(ll)-joner jamfort med tidigare
anvanda FAM-markta ATCUN.



Resultaten fran denna avhandling bidrar till utvecklingen av
plattformen med potential att mojliggéra matning av Cu(ll) i kliniska
prover, sasom for diagnos eller dvervakning av Wilsons sjukdom.
Framtida riktningar inkluderar expansion till andra metalljoner,
integrering med Dbarbar teknik, och vidare forfining av
maskininlarningsalgoritmer for att forhoja klinisk nytta.
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Chapter 1

1.0 Introduction

Numerous biological processes rely on copper homeostasis for
proper functioning. This includes energy production, antioxidant
defense, and neurotransmitter synthesis.! Dysregulation of copper
levels can lead to severe health issues, such as Menkes disease;*
3 Wilson's disease,* and neurodegenerative conditions like
Alzheimer's disease.? 5 Accurate detection of copper ions in human
serum is essential for early diagnosis, treatment monitoring, and
understanding the pathophysiology of copper-related disorders.? 3

Recent advances in biosensor technology significantly improve our
ability to detect and quantify copper ions in biological samples.
Several approaches emerge, among them enzyme-based
biosensors have shown high sensitivity and selectivity for various
analytes, including pesticides and heavy metals.® These biosensors
often exploit the inhibition of specific enzymes by copper ions,
providing a "physiologically relevant" method of detection.
Nanomaterials have also played a crucial role in enhancing
biosensor performance. For instance, Cu-MOFs (Metal-Organic
Frameworks) nanoparticles with sizes from 7 to 19 nm have been
used as biosensors for triiodothyronine hormone (T3) detection,
while HKUST-1 (a specific type of Cu-MOF) composites with
glucose oxidase have been utilized for glucose biosensing.”® These
materials offer unique properties such as high surface area, tunable
pore size, and excellent biocompatibility, making them ideal
candidates for biosensor development.” Near-infrared (NIR)
persistent luminescent nanoparticles emerge as powerful tools in
the realm of optical sensing for biosensing and bioimaging in cancer
analysis.% ' While not specifically designed for copper detection,
these advancements in NIR technology could potentially be adapted
for metal-ion sensing, offering improved tissue penetration and
reduced background interference.® However, existing technologies
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often struggle to combine the sensitivity, selectivity, and robustness
required for clinical copper detection, particularly in complex
biological matrices like human serum, where interferents and
dynamic physiological conditions pose significant challenges.

Furthermore, the development of microfluidic platforms have
revolutionized biosensor design and testing.! These systems allow
for high-throughput screening, rapid optimization, and integration of
multiple sensing modalities. The combination of microfluidics with
electrochemical and fluorescence-based detection methods has
proven particularly effective for metal-ion sensing.!" In the context
of clinical applications, there is growing interest in developing point-
of-care devices for rapid and accurate copper detection.?

This thesis aims to develop and validate an automated, nanopore-
based biosensor platform for highly sensitive and selective
detection of Cu(ll) ions in biological fluids, with a view toward clinical
application in disorders such as Wilson’s disease.
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Chapter 2

2.0 Background

2.1 Potential of biosensors

The biosensor field is rapidly expanding due to rising demand for
early chronic disease diagnosis, point-of-care testing, and
sustainable healthcare solutions. Driven by technological
advancements as shown in Figure 1, the global biosensor market is
projected to grow from $27 billion in recent years to $62 billion by

2032, reflecting a compound annual growth rate (CAGR) of 8.8%.1%
17
Biosensor Market

B.
Technology
B Electrochemical
= Optical
¥ Piszoslectric
B Thermal
2032
C. 2023 Market Share by Region (%)
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40.0
. 3.3
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138
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Figure 1: (A) Market Growth: The biosensor market is projected to grow from $27.1 billion in 2022 to $62.7 billion
by 2032, with a compound annual growth rate (CAGR) of 8.8%. (B) Technology Market Share (2023):
Electrochemical: 70.2%, Optical: 16.7%, Piezoelectric: 5.6%, Thermal: 7.5%. (C) Regional Market Share (2023):
The map illustrates the distribution of market share globally, with darker regions indicating higher market share

percentages, reaching up to 40%.

North America dominates regional demand, driven by advanced

healthcare infrastructure, with the medical sector accounting for

over 60% of applications, particularly in point-of-care diagnostics.'*

18 Specifically, the United States market is projected to experience
16



significant growth from 2019 to 2032 where POC (point-of-care)
testing consistently will hold a substantial share.’® This growth
highlights the increasing demand for rapid and accessible
diagnostic solutions, reflecting advancements in technology and a
shift towards decentralized healthcare.™

2.2 Biosensors

Bioreceptor
‘ ” Biocompatible

Layer «——Flectronics —————

- "

< =~ Transducer
ri \ Amplifier  Processor  Display

O

Figure 2: The components and process of a biosensor system are displayed, illustrating how a bioreceptor interacts
with an analyte, with the response converted into a signal by a transducer. The signal is then amplified, processed,
and displayed, highlighting the integration of biocompatible layers and electronics.

Biosensors are analytical devices that convert biological interaction
into a readable signal, enabling the detection of specific analytes.?°
24 |ts functional units comprise a bioreceptor, a transducer, and
signal-processing components all integrated into a coordinated
system as shown in Figure 2. The bioreceptor—such as enzymes,
antibodies, nucleic acids, or molecularly imprinted polymers—
interacts with the analyte via specific biochemical and biophysical
mechanisms like enzyme-substrate binding, nucleic acid
hybridization, or antigen-antibody recognition. 252° This interaction
induces a physicochemical change which is detected and
processed by the transducer (electrochemical, optical,
piezoelectric, etc.), allowing for analyte quantification. The nature of
the signal depends on the transduction mechanism used in the
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biosensor. One can differentiate the signal based on their type and
intensity to quantify the analyte. The signal from such elements is
enhanced by an amplifier and processed by a processor to convert
it into a readable format.?® Finally, the results are shown on a
display, often as graphs or numerical data.?°

Electrochemical biosensors detect analytes by measuring changes
in electrical properties upon interaction with the target molecule (or
analyte) by deploying a biorecognition element. The measured
changes in current (amperometry), voltage (potentiometry), or
impedance (electrochemical impedance spectroscopy), where
curves plotting peak current or impedance shift against analyte
concentration enable quantification. This method is widely used for
its sensitivity, specificity, and ability to provide real-time analysis.'*
20,22 For example, amperometric glucose sensors measure current
generated by the enzymatic oxidation of glucose, where the
resulting current peak height correlates with glucose
concentration.?® Potentiometric sensors, such as pH meters, track
voltage changes proportional to ion concentration.?*

Optical biosensors, such as fluorescence-based systems, detect
changes in fluorescence intensity or wavelength. A DNA
hybridization assay using fluorescently labeled aptamers shows
increased fluorescence upon target binding, producing sigmoidal

intensity-wavelength curves that quantify analyte concentration.?%
26

Nanopore-based systems record transient ion current blockades in
resistive pulse sensing, where analytes like DNA strands transiently
block ion currents as they pass through nanopores. The resulting
current-time traces show characteristic blockage patterns (e.g.,
duration and amplitude), enabling single-molecule detection and
sequencing.?’ Further sections focus on deeper explanation of the

nanopore-based biosensors.
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Lateral flow assays (LFAs) represent a widely used biosensor
format that employs capillary action to transport samples across
antibody-functionalized membranes. Unlike nanopore systems
requiring sophisticated electronics, LFAs generate colorimetric
signals through gold nanoparticle aggregation, visible as colored
bands. While LFAs offer rapid results (<15 minutes) and simple
visual interpretation (e.g., COVID-19 rapid tests), they lack the
quantitative precision and single-molecule resolution of nanopore
platforms.?4 27

The generated signals are processed by amplifiers and
microprocessors, often visualized as calibration curves (e.g.,
current vs. concentration) or real-time kinetic plots (e.g., resonance
angle vs. time), and displayed as numerical data or graphs for
applications in medical diagnostics (e.g., glucose monitoring) and
environmental toxin detection.?® 2°

2.3 Nanopore Biosensors

Nanopore biosensors leverage unique physicochemical interactions
between analytes and nanoscale pores to achieve molecular-level
detection, distinguishing them from conventional biosensor
architectures discussed in section 2.2. Their operation
fundamentally depends on three interdependent parameters:
nanopore dimensions, analyte geometry, and surface charge
distribution. Size exclusion governs selective passage - molecules
larger than the pore diameter are physically blocked, while smaller
analytes translocate with characteristic ion current signatures
shaped by their hydrodynamic radius and charge polarity.
Conformational changes induced by analyte binding further
modulate ionic conductance through charge redistribution or steric
effects.  Conversely, functionalized nanopores integrate
biorecognition elements to combine physical sieving with
biochemical specificity. In such cases a nanopore’s surface charge
density and effective pore geometry amplify detection sensitivity.3%
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31 This dual mechanism enables discrimination between similarly
sized biomarkers such as IL-6 (21 kDa) and TNF-a (17 kDa) or
Serum proteins (e.g., albumin, globulins) - a MoS,/Al,O3 nanopore
FET biosensor achieved 1 fg/mL prostate antigen detection by
synergizing size exclusion with pore dimension constraints with
antibody-antigen charge interactions.3? 33

A. B.

‘ Electiolyte | 5 rperemeter Wl .6 Electrical Double Layer

i

o

= : \
P

"“|counterion concentration |
| 1

- o &

=2 Analyte

Figure 3: Schematic (A) illustration of a nanopore biosensor setup. Analytes (such as DNA and proteins)
translocate through a nanopore embedded in a membrane separating two electrolyte chambers. An applied
voltage drives ionic current through the pore, and analyte passage modulates the current, which is measured by
an ammeter. Changes in the current provide information on the size, charge, and identity of the analyte. Adapted
from ACS Sensors, 2021, 6, Wen, C.; Dematties, D.; Zhang, S. L., A Guide to Signal Processing Algorithms for
Nanopore Sensors, 3536, with permission from ACS (CC-BY 4.0 license). (B) representation of the electrical
double layer (EDL) at a charged surface in contact with an electrolyte solution. The graph shows the counterion
concentration profile, highlighting the accumulation of counterions near the surface (forming the Stern layer) and
the gradual decay into the bulk solution (diffuse layer). Adapted from Langmuir, 2015, Borwn, M; Bossa, G.;
Guilherme, V; May, S., Emergence of a Stern Layer from the Incorporation of Hydration Interactions into the Gouy—
Chapman Model of the Electrical Double Layer, 11477, with permission from ACS (CC-BY 4.0 license).

The electrical double layer (EDL,Figure 3) also plays a pivotal role in
governing ionic conductance through nanopores. When a charged
surface contacts an electrolyte solution, counterions accumulate
near the surface to form the EDL, consisting of two regions: the
tightly bound Stern layer and the more diffuse outer layer.3* 35 In
nanopores with dimensions comparable to the Debye length
(characteristic thickness of the EDL), the EDL can occupy a
significant portion or even the entire pore volume.34 Such properties
make nanopore biosensors transcend traditional biosensors by
simultaneously exploiting nanoconfinement effects and molecular
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recognition, enabling ultrasensitive quantification in complex
matrices like serum or saliva.

The outlined reasons showcase nanopore biosensors as powerful
emerging tools for point-of-care (POC) diagnostics because of their
ability to detect single molecules with high sensitivity and
specificity.36: 37 They have demonstrated remarkable diagnostic
capabilities comparable to gold-standard methods. An analysis of
297 infectious fluid samples found nanopore sequencing
technology (NST) achieved 100% positive predictive
agreement with conventional culture methods in microbial-
colonized sites like respiratory and urinary tracts, alongside 95%
negative predictive agreementin cerebrospinal fluid samples.38
This high accuracy, combined with advantages such as real-time
pathogen identification, detection of antimicrobial resistance genes,
and portability, positions nanopore biosensors as promising
alternatives to traditional diagnostic methods in point-of-care
settings. Similarly, a study applied high-throughput nanopore
sequencing to characterize phage display antigen-binding
fragments (Fabs) libraries, using an in-lab sequencing device (by
Oxford Nanopore) to comprehensively analyze library composition
throughout selection processes.®® This approach allowed for rapid,
large-scale analysis of antibody sequences. Field-effect transistor
(FET) biosensors operate by detecting minute electrical changes
when target biomarkers bind to their surface. Another study utilized
a nanoporous molybdenum disulfide (MoS,) channel — engineered
with aluminum oxide (Al,O3) encapsulation — to serve as the
sensing element for prostate cancer biomarkers. The FET's
conductivity shifts as prostate-specific antigens attach to the MoS,
pores, enabling ultrasensitive detection down to 1 fg mL™".4° Such
nanopore-based biosensing systems demonstrate selective
detection of active biomarkers in a high-throughput manner from
diverse samples including saliva, cerebrospinal fluid, blood plasma,
and bacteriophages. These advancements alongside several other
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studies underscore the potential of nanopore biosensors in
revolutionizing rapid, accurate, and accessible diagnostic tools
across various medical fields.41-44

2.4 Copper-binding Moieties

Copper is an essential trace element that plays a crucial role in
various biological processes, including energy production,
antioxidant defense, and neurotransmitter synthesis.” However,
maintaining proper copper homeostasis is critical because
deficiency and excess can lead to severe health consequences.
Copper deficiency can impair immune function, neurological
development, and hematopoiesis, whereas copper overload can
cause oxidative stress, tissue damage, and organ dysfunction,
particularly in the liver and brain.?2 The dysregulation of copper
homeostasis has been implicated in several disorders, including
Menkes disease, Wilson's disease, and neurodegenerative
conditions, such as Alzheimer's disease.*® Given the critical
importance of maintaining appropriate copper levels in the body,
accurate and sensitive detection of copper ions, particularly in
human serum, is essential for early diagnosis, treatment monitoring,
and understanding the pathophysiology of copper-related disorders.

In this regard broader biological copper-binding systems, such as
natural proteins that leverage cooperative or competitive binding
mechanisms, are key to building biosensors for its detection.
Further, Table 1 shows synthetically engineered peptides and MOFs
exploit structural motifs or hybrid inorganic-organic architectures for
targeted copper interactions in physiological or environmental
applications. Recent research has also focused on developing more
selective and sensitive copper-binding peptides.
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Table 1. Summary of Copper-Binding Moieties

Type Example Binding Binding Properties
Sequence/
Structure
Six Cu-binding | Cooperative binding; non-
Ceruloplasmin sites exchangeable Cu ions.*6
HGGGW Coordination via histidine
(octarepeat imidazole and glycine
Proteins Prion Protein sequence) carbonyls.4”
Competes with free amino
Human Serum Specific acids like histidine for
Albumin binding sites Cu(ll).
High affinity for Cu(ll);
regulates gene
Peptides GHK-Cu Gly-His-Lys expression.*8
N-terminal Selective binding; used in
ATCUN Motif sequence sensing applications.*°
Strong metal-bonding
interactions; luminescence
quenching upon NO2
MOFs Cu-MOF-808 ZrsOs clusters adsorption.50
Enhanced CO/N2
Cu@Ni-MOF- Ni-MOF separation; optimized Cu
74 framework impregnation.

The Amino-Terminal Cu(ll)- and Ni(ll)-binding motif (ATCUN ) has
been extensively studied and optimized for copper sensing
applications.%? Modifications to these peptides, such as the
incorporation of non-natural amino acids or the optimization of
fluorescent labels, have led to improved binding affinities and signal
transduction.52
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2.5 Peptides on Nanopores

Recent research has focused on advanced nanopore-based
biosensing by integrating peptide probes and nanobodies for
ultrasensitive protein detection. One approach employs nanobody-
functionalized synthetic nanopores, where  directional
immobilization of nanobodies via copper-free click chemistry
enables selective recognition of proteins like green fluorescent
protein (GFP), mCherry, and a-amylase.®® This system combines
optical and electrical readouts to generate dose-response curves,
leveraging changes in surface charge density within nanoconfined
geometries to detect analytes at physiologically relevant
concentrations.®® A complementary strategy utilizes dual-nanopore
biosensors with affinity-tunable peptide probes for label-free
monitoring (i.e., detection without fluorescent tags or chemical
labeling) of the protein kinase A (PKA) catalytic subunit in single live
cells. By screening peptide probes with optimized binding affinities,
this platform achieves a detection limit of 0.04 nM for PKA, resolving
dynamic concentration changes during cellular stimulation while the
spatiotemporal resolution allows tracking of proteins abundance
fluctuations in real time, demonstrating precise monitoring of PKA
activity under pharmacological interventions in intact cellular
environments.>* Another innovative design incorporates peptide
nucleic acid (PNA) segments covalently linked via amide bonds to
ion channel-forming alamethicin monomers—a 20-residue
peptaibol with an a-aminoisobutyric acid (Aib)-rich sequence.>>>’
These chimeric molecules exploit PNA's sequence-specific
hybridization with single-stranded DNA fragments (e.g., cell-free
DNA from serum samples) to modulate alamethicin nanopore
conductivity, enabling selective detection through characteristic
current disruptions during DNA-PNA binding events.®> %8 The
integration of peptides with nanopores offers distinct advantages
compared to traditional biosensing platforms (e.g., antibody-based
assays or unmodified nanopores), particularly through enhanced
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molecular recognition capabilities and tailored functionality. While
conventional biosensors often require extensive sample
preprocessing or lack modularity, peptide-modified nanopores
enable target-specific interactions through programmable peptide
sequences that recognize biomarkers, pathogens, or environmental
contaminants with high affinity.5® This contrasts with non-
functionalized nanopores, which primarily rely on physical
parameters like size exclusion or charge-based discrimination,
limiting their applicability to structurally well-defined analytes.>® The
technology shows great potential for applications in various fields,
such as disease diagnosis, environmental monitoring, and DNA
sequencing.50 61

Studies describe advancements in nanopore-only detection
systems, which utilize materials such as poly(ethylene
terephthalate) (PET), polycarbonate, and SiO2 for track-etched
membranes.?> %3 |on-track etching enables precise control over
pore geometry (e.g., conical or cylindrical shapes) and size
distributions (2-18% variability depending on material). These
membranes serve as robust substrates due to their chemical
stability, tunable surface charge, and compatibility with
functionalization strategies.®> % For instance, PET track-etched
membranes modified with polyacrylic acid or 4-vinylpyridine have
demonstrated ultrasensitive detection of heavy metal ions (e.g.,
Cu?*, Pb?*) at pg/L concentrations.®® Similarly, graphene oxide-
polycarbonate hybrid nanosieves achieved femtomolar sensitivity
for HIV glycoprotein detection through covalent receptor
immobilization of the ion-track etched membranes.5¢

2.6 Transduction by Voltammetry - Fluorescence

Voltammetry is an electrochemical technique used in biosensing to
measure the current response of an analyte over a range of applied
voltages, as shown in Figure 4.A.%7 It is particularly useful for
detecting redox-active species and provides valuable information
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about the analyte's concentration and kinetics.”-%° This technique
was employed to characterize and optimize the functional layers of
the xanthine biosensor design, which included a xerogel with and
without embedded xanthine oxidase enzyme (XOx) and an outer,
semi-permeable blended polyurethane layer®” The study
demonstrated that doping the xerogel layer with different alkanethiol
protected gold nanoparticles (Au-NPs) enhanced biosensor
performance, including improved sensitivity, linear range, and
response time, while also stabilizing xanthine sensitivity and
discrimination against common interferent species over time.%’

Fluorescent labeling of peptides has emerged as a cornerstone in
biosensing, enabling real-time monitoring of molecular interactions
through optical readouts. State-of-the-art approaches often employ
environment-sensitive fluorophores or Forster resonance energy
transfer (FRET) pairs, where analyte binding induces
conformational changes or proximity-dependent quenching (on-off
state shown in Figure 4.B).”% 7' For metal ion detection,
coordination-sensitive probes like coumarin derivatives or dansyl
tags are widely used, as their fluorescence is modulated by metal-
induced electron transfer or chelation-enhanced quenching.” 73
Another study exemplifies the synergy between nanopore
functionalization and optical sensing wherein conjugating
nanobodies to track-etched nanopores via click chemistry, dual
optical-electrical detection of proteins like a-amylase was
achieved.%3

Among the examples which combine nanopore based
electrochemical/fluorescence detection are represented by recent
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developments in the Tietze Lab and will be described in detail in
chapter 4.
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Figure 4: (A) lllustration detailing the complete process of electrochemical biosensing, emphasizing the role of
biological recognition elements and signal processing along with the characteristic voltammetric signal
illustrating how current varies with applied voltage. This response provides insights into the concentration and
kinetics of the analyte, demonstrating the sensor's sensitivity and specificity. Adapted from Chemical
Engineering Journal Advances, 2023, 16, Shanbhag, M. M.; Manasa, G.; Mascarenhas, R. J.; Mondal, K.;
Shetti, N. P., Fundamentals of bio-electrochemical sensing, 100516, with permission from Elsevier (CC BY-NC-
ND 4.0 license). (B) lllustration of fluorescence quenching mechanism used in sensing applications. Initially, the
fluorescent dye is in an "ON" state, emitting light. The analyte interacts with the fluorescent dye by attaching to
it. This interaction leads to quenching, where the fluorescence is reduced or turned "OFF." The presence of the
analyte is detected by the change from the "ON" to "OFF" state, indicated the analogous on-off switch
mechanism associated with the quenching.
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2.7 ATCUN functionalized Nanopore

The ATCUN (Amino Terminal Cu(ll) and Ni(ll) binding) motif is
derived from the protein sequence and is known to exhibit high
specificity for binding metal ions, such as copper and nickel, making
it an excellent candidate for various applications in spectroscopy,
imaging, and biosensor design.”* The ATCUN motif typically
consists of a three-amino acid sequence at the N-terminus of a
peptide, with the general structure Xaa-Xaa-His, where Xaa can be
any amino acid and His is histidine. This specific arrangement
allows for the formation of a square planar complex with metal ions
upon binding, primarily Cu(ll) and Ni(ll), through coordination with
the N-terminal amine, two deprotonated amide nitrogen, and the
imidazole side chain of histidine(Figure 5.A).”® Structural studies on
ATCUN demonstrate that sequence variations like the addition of a
second histidine residue at position 1 or 2 (e.g., HWHG and HGHW)
enhance Cu(ll) uptake kinetics without altering thermodynamic
stability. Further, modifications such as phosphorylation of residues
adjacent to the ATCUN motif have been shown to weaken Cu(ll)
binding affinity by disrupting coordination geometry.”® 77 This
conformational change often leads to alterations in the electronic
and structural properties of the peptide, which can be exploited for
sensing purposes as also utilized in this thesis.*- 4> 75 The
understanding of optimal binding conditions for selective binding of
ATCUN motif to the Cu(ll) ion is crucial for the biosensor
development process.

Functionalization of ATCUN peptides to ion-track etched
membranes with nanopores creates a robust biosensor platform
capable of detecting metal-ions at low concentrations as illustrated
in Figure 5.A.50. 78 These peptides, when anchored to nanopore
surfaces, enable metal-ion-selective binding and redox-active
sensing, leveraging their innate coordination chemistry to enhance
specificity for targets like transition metals or metalloproteins.64 79
This approach capitalizes on the synergy between the nanopore’s
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single-molecule resolution and the peptide’s molecular recognition
properties, as exemplified in the Tietze Lab’s work on Cu?* detection
using ATCUN functionalized membranes. Such systems bypass the
limitations of non-functionalized nanopores, which lack intrinsic
biorecognition elements, and traditional biosensors, which suffer
from slow throughput and complex workflows.
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Figure 5: (A) Schematics of a fluorescently labelled ATCUN peptide functionalized on a nanopore. The ATCUN
motif binds metal ions, such as copper (M*), resulting in a conformational change that enhances fluorescence
quenching. This process is crucial for developing biosensors with high sensitivity and selectivity for metal ion
detection. Adapted from Chemistry-A European Journal, 26 (39), Muller, L. K.; Duznovic, |.; Tietze, D.; Weber,
W.; Ali, M.; Stein, V.; Ensinger, W.; Tietze, A. A., Ultrasensitive and Selective copper(ll) Detection: Introducing
a Bioinspired and Robust Sensor 2020, 8511-8517, with permission from Wiley. (B) Schematics of the
Electrochemical Cell Setup with Nanopore Membrane, with permission from Darmstadt University and State
Library Darmstadt (CC BY-NC-ND 4.0 license). (C) Lock-and-key mechanism in ATCUN-nanopore ion transport.
Before ligand interaction, the nanopore shows balanced ion distribution with limited conductance. After Cu(ll)
(key) binds to ATCUN peptides (lock), positive charges form an electrical double layer (EDL) which creates an
anion-selective channel, dramatically increasing current flow. This lock-and-key interaction transforms the
nanopore from a non-conductive state to a highly conductive one, enabling sensitive Cu(ll) detection through
measurable changes in IV curves.

Figure 5.B illustrates the basic electrochemical cell schematic used
in this thesis, which involves two electrodes immersed in an
electrolyte solution. A potential is applied across the electrodes, and
the resulting current is measured.®* 8 The nanopore membrane at
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the center of the electrodes plays a crucial role by allowing selective
passage of ions, which is essential for detecting specific analytes
through changes in their electrical properties. Before Cu(ll) binding
occurs, the modified nanopore exists in a "rectifying" state that
restricts anion passage, effectively functioning in an "off" state with
minimal current flow (Figure 5.C Left).#* When Cu(ll) ions bind to
the ATCUN crafted onto the nanopore walls, they generate
positively charged complexes that fundamentally modifies the
surface charge density of the nanopore (Figure 5.C Right).5 The
redistribution of ions within the EDL (Electric Double Layer) leads
to increased ionic conductance (Figure 5.C Right). The positively
charged complexes attract anions (e.g., CI or SO,*7), which
accumulate near the pore walls and enhance anion transport
through the pore. This effect is amplified as more Cu(ll) ions bind to
ATCUN peptides, progressively increasing the positive charge
density and strengthening anion selectivity. With increasing Cu(ll)
concentrations, the local ionic strength near the nanopore surface
rises due to the accumulation of counter-ions in response to newly
formed positive charges. Higher ionic strength reduces the Debye
length by compressing the diffuse layer and concentrating ion
transport closer to the pore walls. The Debye length is inversely
proportional to the square root of ionic strength. This compression
further enhances current flow by reducing resistance within the
nanopore. This shift to anion selectivity manifests as a progressive
increase in current that correlates directly with increasing Cu(ll)
concentration.®

Fluorescence-based biosensors utilize the emission of light by
fluorophores upon excitation to detect target molecules.?’- 82 This
method is highly sensitive and can be used to monitor biological
interactions in real-time.83 8 Fluorescence quenching occurs when
the fluorescence of a dye (Figure 4.B) is reduced due to interaction
with a quencher, such as a metal-ion.8% 86 This principle is used in
biosensing to detect the presence of specific analytes by observing
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changes in fluorescence intensity , as presented in this thesis.?7- 88
In the context of this thesis, ATCUN peptides functionalized with
fluorophores like 6-carboxyfluorescein or Rhodamine B provide a
quenching-based Cu(ll) sensing platform. The quenching
mechanism in ATCUN peptide-Cu(ll) systems arises from
photoinduced electron transfer (PET), where Cu(ll) acts as an
electron acceptor. Upon binding to the ATCUN motif’s N-terminal
tripeptide sequence, Cu(ll) facilitates non-radiative decay of the
fluorophore’s excited-state electrons, effectively suppressing
fluorescence emission.”> 8 The PET mechanism between the
fluorophore and Cu(ll)-ATCUN complex allows quantification of
Cu(ll)  concentrations via dose-dependent fluorescence
attenuation.#1-44

2.8 Signal Quantification: from raw data to insights

Beyond the design and selection of the biosensors, their
performance relies on robust methods to translate raw signals (e.g.,
current, fluorescence) into analyte concentrations. This is typically
achieved through the construction of calibration curves, where
signals from known analyte concentrations are recorded and used
to establish a mathematical relationship between signal output and
concentration. Linear calibration models are employed when the
response is directly proportional across the concentration range;
however, many biosensing applications, particularly those involving
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cooperative binding or multi-step interactions, are better
represented by sigmoidal models.

Characteristics of Sigmoid Function

4 Linear to + 1
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Figure 6: lllustration of Sigmoid function with three similar characteristics: 1) an Initial Lag or period of Slow
Growth, 2) Rapid Linear Range, and 3) a period of Reduced Growth-Rate (Saturation Behaviour). Adapted
from Neurolmage, 2014, 84(742), Douglas, D. C.; O' Muircheartaigh, J.; Dirks, H.; Waskiewicz, N.; Lehman,
K.; Walker, L.; Han, M. ; Deani, S., Modeling healthy male white matter and myelin development: 3 through 60
months of age, with permission from Elsevier (CC BY-NC-ND 4.0 license).

These S-shaped curves (Figure 6) are prevalent in biosensing
because they effectively model various binding phenomena,
including cooperative interactions, allosteric regulation, and multi-
step binding processes such as those observed in ATCUN-metal
systems and other ligand-receptor interactions.?%-92 These
mathematical representations capture both the threshold response
and saturation behavior common in molecular recognition events,
providing crucial insights into underlying biological or chemical
mechanisms essential for understanding sensor performance and
optimizing design.?397 Such dose-response modeling proves
particularly valuable in biochemical diagnostic procedures where
the relationship between analyte concentration and signal output
forms the basis of detection.929 In cases of asymmetry, a four-
parameter logistic (4PL) or five-parameter logistic (5PL) curve have
shown to be accurate ways to represent these relationships.?# Using
sigmoidal models like the 4PL or 5PL for calibration curves in
biosensors can lead to more accurate determination of important
parameters such as the limit of detection (LOD).92 94 For example,
in a study on the detection of squamous cell carcinoma antigen
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using a surface plasmon resonance biosensor, the 4PL model
yielded more precise LOD values compared to classical methods.??

Recent reports highlight various approaches to validate biosensor
efficacy across different applications. In a study on transdermal
alcohol biosensors, researchers employed time-series models to
compare the temporal dynamics of wrist-worn sensors with
traditional ankle monitors. The analysis revealed that the new-
generation wrist-worn sensor detected alcohol peaks over an hour
earlier than its counterpart.®> Another study utilized multiple
statistical models (partial least squares, random forest, elastic net,
and C5.0) to build diagnostic classifiers for autism spectrum
disorder based on biosensor data. Model performance was
evaluated using receiver operating characteristics (ROC) and
kappa statistics, demonstrating moderate discriminatory power
between autism spectrum disorder and typically developing
participants.® In the context of COVID-19 forecasting, researchers
compared the m-ADBio model with the traditional SEIR model using
statistical significance testing. The results showed no statistically
significant difference between the m-ADBio model's forecasts and
observed data at the community level, indicating high accuracy.®”

When signal differences are minimal or data complexity increases—
such as at very low analyte concentrations or in complex biological
matrices—machine learning algorithms become valuable tools for
improving interpretation. These algorithms can process multimodal
and nonlinear data, identifying subtle patterns that traditional
calibration approaches might miss, thus maintaining sensitivity and
accuracy across a broader concentration range. The integration of
machine learning with conventional calibration models has been
shown to enhance prediction accuracy, particularly in challenging
analytical scenarios.®® This process is essential for optimizing
sensor design and functionality, making the application of machine
learning techniques more effective.%®
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2.8.1 Machine Learning

Machine learning is a branch of artificial intelligence that enables
systems to learn and improve from experience without being
explicitly programed.'%: 101 Unsupervised learning involves training
algorithms on data without labeled responses, which allows the
model to identify patterns and structures. Principal Component
Analysis (PCA) is an unsupervised learning technique used to
reduce data dimensionality while preserving variance (Figure 7.E).
This technique is relied upon in this study because it is commonly
used in biosciences to identify patterns and trends in complex
datasets.'90. 102 Sypervised learning is a type of machine learning in
which models are trained on labeled data to make predictions or
decisions. Labeled data refers to datasets that include input
features paired with corresponding output values (labels) that
indicate the correct prediction or classification for each example. It
includes various algorithms, such as decision tree, logistic
regression, neural network, naive bayes, boosting.

Decision tree is a binary tree structure used for classification and
regression. It splits data into branches based on feature thresholds,
which allows intuitive decision-making processes(Figure 7.A).103, 104
Logistic regression is used for binary classification tasks. It models
the probability that a given input belongs to a particular category
and is particularly useful when the relationship between features
and target variable is linear. Logistic regression is a popular choice
in applications because it can handle binary outcomes and provide
probabilistic predictions(Figure 7.B).103 195 Neural network is a
machine learning model inspired by the human brain comprising of
interconnected nodes (neurons) organized in layers. It can learn
complex patterns from data through a process called
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Figure 7: lllustration of machine learning algorithms such as (A) Decision Tree: where features are used to make
decisions at each node. The tree branches out based on feature values, ultimately leading to a decision or
classification. (B) Logistic Regression: a statistical method used for classification. The S-shaped curve shows
how the probability of an outcome changes with the input features. (C) Neural Network: The diagram shows a
multilayer perceptron architecture with input, hidden, and output layers. Each layer is composed of nodes that
are interconnected, demonstrating that the data flows forward unidirectionally, through the network for processing
and learning. (D) Naive Bayes Algorithm: which is based on applying Bayes' theorem with strong independence
assumptions between features. It is commonly used for classification and other probabilistic tasks. (E) Principal
Component Analysis (PCA): a dimensionality reduction technique that transforms data into a new coordinate
system. The principal components are shown as axes, capturing the directions of maximum variance in the data.
(F) ETL Process (Extract, Transform, Load): This flowchart outlines the ETL process used in data warehousing
and integration. Data is extracted from various sources, transformed into a suitable format, and loaded into a
target system for analysis. Adapted from Current Research in Food Science, Volume 8, Zhou, Z.; Tian, D.; Yang,
Y.; Cui, H; Li, Y.; Ren, S.; Han, T.; Gao, Z., Machine learning assisted biosensing technology: An emerging
powerful tool for improving the intelligence of food safety detection, with permission from Elsevier.

backpropagation, by adjusting its internal parameters to minimize
prediction errors. They are versatile and can be applied to various
biosensing tasks, including classification, regression, and pattern
recognition (Figure 7.C).103. 106, 107 Najve Bayes is a probabilistic
classifier based on Bayes' theorem, assuming independence
between features (Figure 7.D). It is highly efficient for large datasets
and performs well with categorical data.'?3 1% Neural Boosting is an
ensemble learning technique that combines multiple weak learners
to form a strong learner. It iteratively adjusts the weights of weak
learners based on their performance, improving overall accuracy.'%%
109
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Deep learning utilizes neural networks with multiple layers to learn
effectively from data. Within biosensors, neural network algorithms
have been instrumental in improving sensitivity, selectivity, and
accuracy.''%-12 The Multilayer Perceptron (MLP) is a type of Feed
Forward Neural Network (FNNN) within deep learning model that
consists of an input layer, one or more hidden layers, and an output
layer(Figure 7.C)."2. "3 |t is capable of capturing complex non-linear
relationships between inputs and outputs, making it a powerful tool
for biosensor data analysis.00: 114, 115

Extract Transform Load (ETL) Pipeline process involves extracting
data from various sources, transforming it into a suitable format, and
loading it into a data warehouse for analysis(Figure 7.F)."6 117 This
process is already an essential practice for managing and analyzing
large volumes of medical or clinical data efficiently.'8-120 The ETL
process plays a vital role in data warehouse architecture, enabling
effective decision-support implementation and maintaining data
integrity. "7, 121

2.9 From manual to automated screening

Manual measurements in biosensor development involve the direct
handling of samples and reagents, typically requiring human
intervention for tasks such as pipetting, mixing, and data recording.
For instance, fluorescence-based biosensors and surface plasmon
resonance (SPR) sensors are commonly used in environmental
monitoring to detect water pollutants manually. These methods
often rely on visual or spectroscopic readouts, with researchers
manually preparing samples and interpreting results. SPR
biosensors, for example, have been widely employed due to their
high sensitivity, but they require precise manual calibration and
handling to achieve optimal detection limits. At the Tietze lab, the
development of the ATCUN nanopore-based based biosensor for
detecting copper(ll) ions initially utilized traditional setups such as
measurement cells with electrolyte solution and confocal laser
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scanning microscopy (CLSM) for |-V and fluorescence
measurements, respectively.** 64 This allowed for high-resolution
imaging of molecular interactions alongside precise electrochemical
measurements. Such dual detection workflows are particularly
useful for studying complex biosensor designs where both optical
and electrochemical properties are critical. However, due to the
manual nature of these workflows, such sophisticated operations
can be labor-intensive and prone to variability due to manual errors.

Automation significantly enhances the efficiency and reliability of
these processes. Automated testing platforms streamline repetitive
tasks such as liquid handling, sample preparation, and data
acquisition, enabling simultaneous testing of multiple samples.
These platforms allow for the simultaneous testing of multiple
samples, speeding up the development cycle.'?? 122 They enhance
precision as automation reduces human error, ensuring consistent
and accurate results across experiments. Automated systems
optimize resource usage by minimizing the manual handling of
samples and reagents, thereby reducing waste and lower costs. %
They facilitate innovation with faster testing and iteration,
researchers can explore a wider range of designs and materials,
leading to more innovative biosensor solutions.2% 126
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The incorporation of sophisticated technologies such as robotics,
precision dispensing mechanisms, and integrated software for task
automation with liquid handling systems makes them truly advanced
in capability (Figure 8.A). Such systems automate the precise
delivery and mixing of reagents, which are crucial for high-
throughput biosensor screening.'?” These systems ensure
repeatability and accuracy in experimental conditions, facilitating
the development of reliable biosensors.125'127
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Figure 8: Schematic illustration of a typical automated biosensor platform featuring robotic arms for (A) liquid
handling, (B) a microfluidic system for precise sample processing. The setup also includes a (C) microcontroller
and (D) an analytical method for data generation and analysis, with results displayed on a digital device. Adapted
from ACS Sensors, 9 (3), Raju, C. M,; Elpa, D. P.; Urban, P. L., Automation and Computerization of (Bio)sensing
Systems. 2024, 1033-1048, with permission from ACS.

2.9.1 Microfluidics in Automated Platforms

In particular, the incorporation of microfluidics into automated

testing platforms allow for real-time analysis and seamless

integration with electronic components, making them particularly

suitable for point-of-care diagnostics due to reduced sample

consumption and increased sensitivity (Figure 8.B). They enable
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precise control over fluid handling and enhance the integration of
biosensors with electronic systems, making them ideal for point-of-
care diagnostics.28 129

For example, robotic digital microfluidics (RDMF) platforms have
been developed to manipulate droplets mechanically on
superhydrophobic cartridges. These systems perform diverse
operations such as droplet dispensing, mixing, and splitting, all
while integrating detection techniques like urinalysis tests with high
precision and versatility.”® Similarly, optofluidic biosensing
platforms combine advanced microfluidic techniques with photonic
components to study diseases at the molecular level.'3'- 132 Such
setups integrate micro-pumps and valves with optical resonators,
enabling label-free detection methods that are compact and
efficient.’3® Microfluidics enhances automation by enabling
miniaturization and integration with complementary microsystems.
For instance, automated microfluidic chips used in next-generation
sequencing (NGS) streamline DNA library preparation by combining
magnetic bead transport with electrokinetic flow. This reduces
reagent use and manual intervention while maintaining high
sequencing  accuracy.'™ 135 Furthermore, paper-based
microfluidics has simplified isothermal nucleic acid amplification
tests by automating nucleic acid extraction, amplification, and
detection processes on a single platform. These systems are
particularly valuable for low-resource settings due to their cost-
effectiveness and ease of use.'® 3 By seamlessly merging
microfluidics with automated setups, researchers can achieve
higher throughput, greater reproducibility, and faster iteration
cycles, paving the way for innovative biosensor solutions that
address complex analytical challenges.
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Chapter 3

3.0 Finding the Optimal Protocol for Coupling Various Dyes to
ATCUN-like Structures (Paper I)

In chapter 2 the state-of-the art status of the development of
fluorescently labeled ATCUN peptide has been described in section
2.7. Starting from there, we explored if other fluorescence dyes
could increase the performance of the peptide, namely if quenching
properties could be enhanced depending on the type of the dye
attached to ATCUN. In this regard, three different dyes were tested
in Paper |, namely 6-carboxyfluorescein (FAM),'3® Rhodamine B
(RhoB),™3° and 4,4-Difluoro-4-bora-3a,4a-diaza-s-indacene
propanoic acid (BODIPY-FL)."40

Further, the optimal protocol for coupling the dyes to ATCUN was
also studied since it was a yield limiting step. The ATCUN peptides,
represented in Figure 9.A were synthesized using a standard Fmoc-
based protocol solid-phase peptide synthesis (SPPS) on Gly-

preloaded Wang resin.*'

3.1 ATCUN-Fluorophore Coupling Optimization

The study compares conventional peptide coupling reagents
(HATU, HBTU, PyBOP) with pentafluorophenol (PFP) esters
activated by 1-ethyl-3-(3-dimethylaminopropyl)carbodiimide (EDC)
for labeling primary amines on ATCUN peptides using fluorescein
(FAM), Rhodamine B (RhoB), and BODIPY-FL dyes. Conventional
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Figure 9: (A) Metal-ion Binding to Peptide Conjugates: Complexation behavior of the ATCUN motif Dap-B-Ala-His
with Cu(ll) or Ni(ll), the coordinating nitrogen atoms are highlighted in blue. (B) Characterization of Metal-ion
Interactions with Fluorophores and Peptide Conjugates. Structures of FAM (top, orange), RhoB (middle, purple),
and BODIPY-FL (bottom, blue), including spirolactamization of RhoB and FAM, leading to their respective non-
fluorescent isomers, Adapted from ACS Organic & Inorganic Au 2024, Volume 4, Issue 5, Hintzen, J. C. J.; Devrani,
S.; Carrod, A. J.; Bayik, M. B.; Tietze, D.; Tietze, A. A., Fluorescence Labeling of Peptides: Finding the Optimal
Protocol for Coupling Various Dyes to ATCUN-like Structures, with permission from ACS.

methods show low efficiency, with yields of 3—10% for FAM-ATCUN-
Gly and trace—6% for BODIPY-ATCUN-Gly (see Table 2). In
contrast, PFP/EDC significantly improves yields due to enhanced
activation kinetics and reduced steric hindrance as shown in Table
2. For example, FAM-ATCUN-Gly synthesis achieved 44% yield
with PFP/EDC versus 3% with HATU/HBTU. Similarly, BODIPY-FL
labeling efficiency rose from <1% (HATU/PyBOP) to 44% when
PFP/EDC was combined with microwave irradiation (80°C, 10 min),
which accelerated ester formation.4!
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For secondary amines (e.g., sarcosine-modified peptides),
conventional reagents like PyBOP performed better (29% yield for
RhoB-Sar-ATCUN-Gly, see Table 2), highlighting context-
dependent optimization. The PFP/EDC strategy’s efficacy stems
from its ability to form stable active esters, minimizing side reactions
and enabling scalable synthesis under mild conditions. This
approach expands the toolkit for developing fluorescent ATCUN-
based biosensors, particularly for Cu(ll)/Ni(ll) detection, without
compromising metal-binding or quenching properties.

In particular, while conjugating Rhodamine B to the primary amine
of ATCUN peptides, we observe spirolactamization (Figure 9B).#!
This compromised fluorescence quenching by locking the dye into
a non-fluorescent closed-ring conformation. This structural
transformation prevented the fluorophore from existing in its open-
chain fluorescent state, which is essential for metal-induced
quenching through electron/energy transfer mechanisms. As a
result, the quenching efficiency decreased significantly because the
spirolactam form remains optically inactive even after Cu(ll)/Ni(ll)
binding to the ATCUN motif. This issue was resolved by introducing
sarcosine as a spacer, preventing the formation of the non-
fluorescent spirolactam form.*' The prevention of unwanted side
reactions, such as spirolactamization in RhoB-labeled peptides,
leads to more stable biosensors with consistent performance over
time and potential for long-term storage and repeated use without
significant degradation. Therefore, the linker length between the
fluorophore and the ATCUN motif is an important parameter, which
affects fluorescence quenching efficiency. Increasing the linker
length prevents spirolactamization but reduces quenching efficiency
by Cu(ll) binding. However, it did not affect metal-binding
constants.*! This finding highlights the importance of optimizing the
spatial relationship between the fluorophore and the metal-binding
site for maximum sensor performance.
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Table 2. Comparison of Dye Labeling Yields for ATCUN Peptides

Coupling Method FAM- RhoB- BODIPY-
ATCUN- ATCUN-Gly | ATCUN-Gly
Gly Yield Yield Yield
HATU 3% 25% 1%
PyBOP 10% 6% 1%
PFP/EDC 44% 31% 6%
PFP/EDC + N/A N/A 44%
Microwave

The binding constants of ATCUN variants in solution form were
determined using fluorescence spectroscopy. The interaction of
Cu(ll) ions with the ATCUN motif leads to fluorescence quenching,
allowing for the calculation of binding constants.*' 72 As shown in
Table 3, the binding constants (K) for ATCUN-RhoB and ATCUN-
FAM peptides highlight a significant difference in their affinity
towards Cu(ll) ions. ATCUN-RhoB showed a much higher binding
constant (4.32x1012 M-1), corresponding to a log K of 12.64,
compared to ATCUN-FAM's 2.10x109 M-1 with a log K of 9.32.4"
147 This suggests that ATCUN-RhoB has a significantly stronger
interaction with Cu(ll) ions, which is crucial for effective sensing
applications.

The structures of ATCUN-RhoB and ATCUN-FAM (Figure 9.B) are
crucial in determining their binding efficiency. As depicted in Figure
9.B, ATCUN-RhoB includes a Rhodamine B moiety linked via a
sarcosine spacer, while ATCUN-FAM incorporates a Fluorescein
moiety. The presence of Rhodamine B, known for its high
fluorescence quantum vyield and photostability, enhances the
peptide's ability to bind Cu(ll) ions effectively. The ATCUN motif
coordinates Cu(ll) ions through a square planar geometry involving
the N-terminal amine, histidine's imidazole, and backbone
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amines.'#? 143 This strong interaction induces conformational
changes that enhance fluorescence quenching, particularly in
ATCUN-RhoB due to Rhodamine B's properties.'** 145 The inclusion
of sarcosine, a secondary amine, in the peptide sequence
contributes to this efficiency by providing additional stabilization to
the spirolactam ring of Rhodamine B, preventing its cyclization into
a non-fluorescent form.'* This stabilization ensures that the
Rhodamine B remains in its open, fluorescent state, enhancing the
peptide's ability to quench fluorescence upon metal-ion binding.5
146 The presence of sarcosine provides structural rigidity, which aids
in maintaining the optimal orientation for metal-ion coordination.
ATCUN-FAM lacks this stabilization mechanism, making it less
stable compared to ATCUN-RhoB. The two hydroxyl groups in FAM
can lead to the formation of various isomers and potential
cyclization, reducing its binding efficiency and stability.

Table 3. Cu(ll) and Ni(ll) binding constants for ATCUN peptides

determined by fluorescence or UV-Vis spectroscopy.

Peptide lon K (mol/l) logK
RhoB-Sar-ATCUN-Gly*! Cu?* 4.32X10% 12.64
FAM-ATCUN# Cu2* 2.10 X 10° 9.32

As from previous studies, the selective binding of ATCUN-FAM was
detected to CU(Il) over NI?* or Zn?* at pH=6.5.4 147 48 Paper |
demonstrates the solution-based selectivity, Figure 10. A & B
illustrate the selective binding of Cu(ll) over Ni(ll) at pH 6.5 using
UV-Vis spectroscopy. The distinct absorbance peaks for Cu(ll)
complexes (Figure 10.A) and the pH-dependent binding profile
(Figure 10.B) highlight the preference for Cu(ll) under these
conditions. As shown in Figure 10.B, at pH 6.5 a substantial
increase in absorbance for Cu(ll) indicates optimal binding
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conditions due to formation of a square planar complex by ATCUN
motif with Cu(ll) ions.*!
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Figure 10: Results from Paper | that show selective binding of Cu?* over Ni?* at pH 6.5 using UV-Vis
spectroscopy. (A) shows the absorbance spectra of Cu(ll) and Ni (II) complexes with ATCUN peptides. The
distinct peaks indicate a stronger interaction with Cu(ll), especially in the visible yellow color at 500-565 nm
range. (B) depicts the pH-dependent absorbance changes, highlighting optimal selective binding conditions for
Cu(ll) around pH 6.5, whereas Ni(ll) shows increased binding at higher than 9.5 pH. Adapted from ACS Organic
& Inorganic Au 2024, Volume 4, Issue 5, Hintzen, J. C. J.; Devrani, S.; Carrod, A. J.; Bayik, M. B.; Tietze, D;
Tietze, A. A., Fluorescence Labeling of Peptides: Finding the Optimal Protocol for Coupling Various Dyes to
ATCUN:-like Structures, with permission from ACS.

3.2 Mechanism of Selectivity

As explained in section 2.7, the ATCUN motif forms a highly stable
square planar complex with Cu(ll) via coordination of the N-terminal
amine, two backbone amides, and the histidine side chain,
conferring selectivity at physiological pH.”® This specific
arrangement is energetically favorable for Cu(ll) due to its d9
electronic configuration that allows for optimal overlap between the
metal's d-orbitals and the ligand's lone pairs, contributing to the high
stability of the complex.’*® The specific pH of 6.5 ensures that the
nitrogen atoms in the ATCUN motif are deprotonated and available
for optimal coordination with Cu(ll), enhancing selectivity over other
ions like Ni(ll). This has also been demonstrated at pH values lower
than 10 and closer to physiological pH.'% 15 Ni(ll) and other
competing ions, such as Co(ll) and Mg(ll), do not form similarly
stable complexes at this pH.1%% 152 Specifically, Ni(ll) tends to prefer
octahedral coordination.®? 1% As shown in Figure 10.B, pH values
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lower than 9.65, such as 6.5, result in the complexation of Ni(Il) with
the ATCUN motif which is much less stable than Cu(ll) ion, as
indicated by lower absorbance values and supported by similar
studies at physiological pH.”®
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Chapter 4

4.0 Automated Microfluidic Platform for High-throughput
Biosensor Development (Paper Il)

Paper Il presents the Bio-Sensei platform, designed to streamline
biosensor development by integrating microfluidics,
electrochemical, and fluorescence measurements. It focuses on
optimizing nanopore-based biosensors for detecting copper ions,
incorporating machine learning for enhanced performance, and
demonstrating high-throughput screening capabilities for biosensor
applications.

41 Preceding Work

The results reported in the initial studies are the measured
conductance versus Cu(ll) concentration and fluorescence
quenching versus Cu(ll)/peptide ratio separately, each with a single
sample repetition (N=1) as shown in Figure 11.A and Figure 11.B,
respectively.44 64

The S-shaped sigmoidal curves observed in these measurements
are crucial for calibration in biosensors. Such curves represent
binding interactions across concentration ranges, including
threshold responses and saturation phenomena commonly
observed in molecular recognition events.'%% 156 |n our system, the
curve represents the progressive occupation of ATCUN binding
sites by Cu(ll) ions, where the sigmoidal shape reflects the transition
from minimal detection at low concentrations to signal saturation
when all binding sites are occupied.’®” 198 This distinctive response
profile enables precise quantification of Cu(ll) concentrations within
the nanopore sensor's dynamic range. The ATCUN peptide, labeled
with a fluorescent marker (FAM), binds selectively with Cu(ll),
causing changes to conductance and fluorescence quenching,®
160 which is used as a measure of Cu(ll) concentrations and Cu(ll)
to Peptide ratio, respectively.’’”- 158 However, the two
measurements - |-V and fluorescence - fall under distinct categories
of electrochemical and spectroscopic methods, respectively. These
methods utilize different measurement principles with distinct
instrumental setups that require separate physical and analytical
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workflows. This implies separate sample and assay preparation,
measurement, data collection, and analysis. A notable difference in
sample preparation is that the electrochemical readings were taken
on ATCUN functionalized nanopore membrane samples, while the
fluorescence readings were obtained on ATCUN sample solutions
in bulk.

Due to these differences, the two measurements could not be taken
for the same samples and at the same Cu(ll) ion concentrations of
the assay, hindering precise calibration and comprehensive
analysis. This limitation restricted the statistical robustness of the
data as it was not possible to obtain both measurements with
repetition at the same concentrations.

4.2 Transition to the Bio-Sensei Platform

The development of the automated, multiplexed platform marks a
significant transition from traditional methods in biosensor research.
This evolution highlights the integration of separate workflows—
electrochemical and fluorescence measurements—into a unified
system that enhances data collection and analysis. As described in
Paper I1,'%? the Bio-Sensei platform automates and synchronizes I-
V and fluorescence measurements (Figure 11.C), allowing for
multiplexed readings at the same Cu(ll) concentration. This is
demonstrated in the combined sigmoidal curve of conductance
(N=6) and fluorescence quenching (N=3) as shown in Figure 11.D,
significantly enhancing precision and reliability, 83 which is crucial to
obtain accurate calibration based on the combined signal output for
the biosensor.

The incorporation of Bio-Sensei offers numerous advantages such
as it automates sample handling and data collection, reducing
human error and increasing throughput. It enables simultaneous
electrochemical and fluorescence measurements, providing
comprehensive data at each concentration level.'8* The ability to
collect more data points per experiment allows for detailed analysis
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Figure 11: (A) Conductance vs. Cu(ll) Concentration: This graph shows the relationship between conductance
(in nano siemens, nS) and the logarithm of Cu(ll) concentration (in mol/L). The curve is sigmoidal, indicating the
binding interaction as the concentration of Cu(ll) increases. (B) Fluorescence Quench vs. Cu(ll)/Peptide Mole
Ratio: This graph displays fluorescence quenching (in Absorbance units, AU) as a function of the Cu(ll)/peptide
mole ratio. The data suggests an increase in quenching with higher mole ratios, likely due to binding interactions.
Adapted from Chemistry-A European Journal, 26 (39), Muller, L. K.; Duznovic, |.; Tietze, D.; Weber, W.; Ali, M,;
Stein, V.; Ensinger, W.; Tietze, A. A., Ultrasensitive and Selective copper(ll) Detection: Introducing a Bioinspired
and Robust Sensor 2020, 8511-8517, with permission from Wiley. (C) Bio-Sensei System Setup: A schematic of
the platform is shown, detailing various components: I. Microfluidic setup: The core component where samples
are processed. Il. Autosampler: Automates sample introduction into the system. Ill. Fluorescence
Counter: Detects changes in fluorescence as part of the measurement process. IV. Picoammeter: Measures
electrical signals generated by the biosensor. V. Microcontroller: Manages data collection and system operations.
VI. Cloud Server: Facilitates data storage and analytics, allowing stakeholders to access the platform remotely
via a dashboard. (D) Combined Conductance and Fluorescence Quench vs. Cu(ll) Concentration: Bio-Sensei
generated sigmoidal response of conductance and fluorescence quenching against the logarithm of Cu(ll)
concentration. Blue circles represent conductance measurements (N=6), while green circles indicate fluorescence
quench measurements (N=3). Error bars suggest variability in measurements, with curves fitted to show trends
in sensor response.

and better statistical validation, crucial for developing highly
sensitive and selective sensors.'®* By integrating previously
separate workflows into a single platform, Bio-Sensei streamlines
experimental procedures and significantly reduces time and
resource consumption compared to manual methods.'®* This
facilitates precise calibration across different detection modalities
and supports enhanced throughput screening necessary for
developing next-generation biosensors.'® The sigmoidal nature of
the curves is better calibrated using Bio-Sensei due to its
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multiplexed measurements(Figure 11.C). By enabling synchronized
data collection at identical Cu(ll) concentrations, it is possible to
perform comprehensive analyses, crucial for developing sensors
with high sensitivity and selectivity.'®!: 166 This capability not only
accelerates sensor development but also enhances the accuracy
and reliability of analytical results.6". 166

Table 4 presents a comparison of calibration metrics between the
Bio-Sensei platform and traditional setup methods. Bio-Sensei
provides specific sensitivity values for both fluorescence quenching
and conductance, offering a comprehensive understanding of the
sensor's performance across different concentration ranges. In
contrast, studies using traditional methods show LOD only for
fluorescence quenching, and along a narrow sensitivity range.*+ 64
Furthermore, traditional methods don't report bias, limiting insight
into the measurement accuracy of the biosensor. The analysis
performed on the Bio-Sensei platform provides average sensitivity
and bias for both fluorescence quenching and conductance,
indicating potential systematic errors in measurements, which is
crucial for refining sensor accuracy. It also helps to compute the
biosensor's LOD values, highlighting its ability to test extremely low
concentrations across a much wider sensitivity range.

The transition from traditional methods to the Bio-Sensei platform
represents an advancement in biosensor development capabilities.
By integrating automation and multiplexing capabilities, it's possible
to explore the potential of biosensors more effectively, ensuring
robust testing and reliable results across various applications. 155 163
By utilizing sigmoidal models for both I-V and fluorescence data, the
platform achieves high sensitivity across a uniform yet broad
concentration range, from femtomolar to micromolar levels. The
platform possesses the ability to provide detailed calibration metrics
such as sensitivity, bias, LOD, etc. across multiple measurements
which is critical for developing robust biosensors.
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Table 4. Calibration Metrics for Bio-Sensei Platform against the Tradition
measurement setups of |-V measurement cell and Confocal Laser
Scanning Microscopy (CLSM)

Calibration using
Calibration on traditional
Bio-Sensei (Paper lIl) I-V measurement cell and
CLSM*4. 64
Fluorescence | conducta | Fluorescence | conductan
Quenching nce Quenching ce
Avg. 1.86 273.9 i
Sensitivity %/Log(M) nS/Log(M)
Most
Sensitive 107-10* M 102108 M 10%-10* M -
Range
Bias -3.14 % -1277 nS -
LOD 10° M 1075 M 13.5X10°M -

4.3 ATCUN Functionalization on Nanopore membranes

Previous reported studies used lon-track etched nanopore
membranes that were obtained from the GSI in Darmstadt,
Germany.** 187 |n this study, commercially available membranes
were used from ip4it for grafting peptides to the nanopores.

In the proposed biosensor, ATCUN peptide is the bioreceptor that is
functionalized on nanopore membranes which acts as the
biocompatible layer to the bioreceptor (as discussed in section 2.2
and Figure 2). Initially, nanopore membranes are functionalized by
incorporation of the COOH-groups. These carboxyl groups were
generated following alkaline hydrolysis of PET esters during the
track etching process where exposure of the PET surface to NaOH
selectively etches ion-irradiated regions to create nanochannels
while generating terminal carboxylate groups on the polymer
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surface. These surface-bound carboxyl groups undergo activation
via a carbodiimide-mediated reaction using EDC and PFP in
ethanol, forming highly reactive Pentafluorophenyl esters. The
activated membrane is subsequently treated with ethylenediamine
(EDA), which covalently couples to the esters through nucleophilic
substitution, introducing primary amine functionalities as shown in
Figure 12.A.

For ATCUN-dye conjugation, the peptide's N-terminal amine reacts
with the activated carboxylic acid group of the fluorophore using
HATU as the coupling agent as shown in Figure 12.B. This reaction
occurs in DMF with N,N-diisopropylethylamine (DIPEA) as a base,
facilitating the formation of amide bonds through HATU's uronium-
based activation mechanism. The procedure follows established
protocols for carbodiimide chemistry and modern peptide coupling
techniques.*- 168

A‘ [ = PET surface

1.EDC, PFP, EtOH, 1 h, RT ‘é\f: FAM/Sar-RhoB
OH 2. EDA, EtOH, y h, RT |:|\f

HN
~~"NH,
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ﬁ _ATCUN
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r DIPEA, HATU, DMF, y h, RT ﬁ H i
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y = Reaction Time

Figure 12: (A) Schematic of the chemical functionalization process on a PET surface. The PET surface is first
activated with EDC and PFP in ethanol for 1 hour at room temperature, followed by reaction with EDA in
ethanol for a specified reaction time (y hours). (B) Further functionalization with ATCUN peptide using DIPEA
and HATU in DMF for a specified reaction time (y hours) at room temperature.
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4.4 Nanopore-based Selectivity towards divalent ions
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Figure 13: Results from Paper Il that show selective binding of Cu?* over other metal ions at pH 6.5 using the Bio-
Sensei platform. (A) presents fluorescence counts showing significant quenching only in the presence of Cu?,
indicating selective binding. Other ions like Co?*, Mg?*, and Ni?* do not significantly affect fluorescence. (B) shows
current measurements at -0.5 V, where Cu?* causes a marked decrease in current, unlike other ions, confirming
selective electrochemical response.

In Paper I1,'%? the selectivity of ATCUN-functionalized nanopore
membranes was tested against a range of other ions using
multiplexed fluorescence and |-V measurements on the Bio-Sensei
platform. This approach validated the biosensor's practical
applicability by using a broader set of competing metal ions beyond
Cu(Il) and Ni(ll). Figure 13.A shows the fluorescence quenching as
the fluorescence signal significantly decreases in the presence of
Cu(ll) due to quenching upon binding. Other ions do not cause
similar quenching, indicating minimal interaction as has also been
indicated in another study.'®®

Similarly, Figure 13.B presents the |-V Measurements where the
current changes dramatically only with Cu(ll) ions, confirming
selective electrochemical response. Statistical analysis using t-
ratios and p-values further supported the biosensor's response to
selected ions as shown in Table 5. High t-ratios and low p-values
(<0.0001) for Cu(ll) in both multiplexed readings indicate significant
selectivity compared to buffer conditions, the significance of such
values is well established.70. 171
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The selectivity coefficient parameter quantifies the biosensor's
preference for Cu(ll) over other ions, with lower K values for non-
target ions confirming minimal interference,’”? which implies both
fluorescence and |-V measurements. Cross-reactivity percentages
are used to assess how much the sensor's response to non-target
ions mimicked its response to Cu(ll)."® Low cross-reactivity
percentages indicates high specificity to Cu(ll), minimizing false
positives from other ions.'”* 175 These parameters collectively
validate the biosensor's ability to selectively detect Cu(ll) ions with
high accuracy and minimal interference from other metal ions,
enhancing its reliability in practical applications. The selective
nature of ATCUN motifs for Cu(ll) ions at pH 6.5 in solution based
and nanopore-functionalized form are highlighted in Paper |,*' and
11162 Several preceding studies have also highlighted the ability of
ATCUN motif for Cu(ll) ion detection.44 147, 148

Table 5. Summary of the M2+ selectivity analysis in comparison to
response in buffer of the nanopore-based biosensor from multiplexed
fluorescence (Fluor.) and I-V measurements (Paper II)

Cu®*to Co* to Mg? to Ni?* to
buffer buffer buffer buffer

Fluor. -V Fluor. -V Fluor. -V Fluor. -V

|t -Ratio| 110 53 1.1 0.7 0.7 0.7 1.8 0.1

Prob > || | <.0001 | <.0001 | 0.27 0.5 0.5 0.5 0.07 0.9

Selectivity

Coefficient - - 0.01 0.18 0.01 0.18 0.02 0.18
(K)

. Cross 1% | 17.6% | 0.66% | 17.6% | 1.7% | 18.5%
eactivity
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4.5 IV /Fluorescence — Based Models for Cu(ll) Prediction

Following the evaluation of the nanopore-based biosensor's
stability, selectivity, and sensitivity using the Bio-Sensei platform,
the focus shifts to the data analysis methodologies employed for
accurate Cu(ll) concentration prediction. The primary objective was
to calibrate the sensor signal dependence against known analyte
concentrations, enabling the development of predictive models for
unknown sample concentrations. This section details the
progression from initial data processing and signal correction,
through the application of traditional 1-V and fluorescence-based
models and culminating in the implementation of supervised
machine learning algorithms to enhance prediction accuracy and
reliability.

As explained in section 2.8 and Figure 6, sigmoidal models provide
a comprehensive representation of sensor response across a wide
range of analyte concentrations. These capture the initial lag phase,
the linear dynamic range, and the saturation phase, offering a more
detailed understanding of sensor behavior.””® They enhance
sensitivity in the mid-range concentrations where changes are most
detectable, with steep slope in this region allows for precise
detection and differentiation between small changes in analyte
concentration.’”® The non-linear nature of sigmoidal curves
provides superior fitting to experimental datasets from multiple
sensors, significantly reducing errors associated with linear
approximations in automated analysis pipelines. This mathematical
robustness enables more reliable calibration and prediction models
when processing data from numerous sensing elements
simultaneously, particularly at extreme concentration values where
linear models typically fail.%

Initial efforts to correlate the sensor signal with Cu(ll) concentration
in 6.5 pH buffer involved analyzing the individual fluorescence and
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Figure 14: Selectivity of the nanopore-based biosensor (0.03 um pore size, 5 x 10° pores, MES/KCI buffer 100
mM, pH 6.5) (A) fluorescence in buffer (N = 52) with increasing concentrations of Cu(ll) in 6.5 pH buffer (N = 4).
(B) comparison of best-fit models (linear, Gompertz 4P and Probit 4P) for the fluorescence data. (C) current vs.
voltage diagram reported for 6.5 pH buffer (N = 78) and increasing concentrations of Cu(ll) in buffer(N = 6). (D)
Conductance for each reported Cu(ll) concentrations at -0.5 V and comparison of best-fit models (linear,
Gompertz 4P and Probit 4P) for the |-V data. Performance of Actuat vs. (E) Fluorescence based logistic model.
(F) IV (conductance at -0.5 V) based logistic model. (G) Machine Learning (Boosted Neural Network) model that
combines input features derived collectively from fluorescence and |-V measurements. Adapted from Advanced
Sensor Research, 4, Devrani, S.; Tietze, D; Tietze, A. A., Automated Microfluidic Platform for High-Throughput
Biosensor Development, (2400116) with permission from Wiley.

conductance (I-V) responses. The fluorescence signal show a
gradual decrease as Cu(ll) concentration increases, particularly in
the higher nano- to micromolar range (Figure 14.A), consistent with
Cu(ll)-induced fluorescence quenching. To address potential
membrane denaturation effects, the relative change in fluorescence
(rel. A fluorescence) is calculated and plotted against increasing
Cu(ll) concentrations on a logarithmic scale as shown in Figure
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14.B. This adjustment reveals higher variance at lower Cu(ll)
concentrations, impacting model accuracy within this range.

Complementary to fluorescence, the observed |-V curves show
increasing slopes as the Cu(ll) concentration increases (Figure
14.C). Specifically, conductance values calculated at -0.5 V exhibit
a sigmoidal relationship with Cu(ll) concentration in log scale as
shown in Figure 14.D, which is consistent with prior findings alluded

to in section 4.1, Figure 11.D and Paper 11.'%2 Regression models

based on sigmoidal fits are then applied to both fluorescence and I-
V data, reflecting standard practices in biosensor analysis.

Despite their utility, models based solely on fluorescence or |-V data
demonstrated limitations in accuracy across the entire
concentration range. As illustrated in Figures 14.AB the
fluorescence-based model shows higher prediction accuracy at
higher Cu(ll) concentrations but struggle at lower concentrations
due to higher variance. Conversely as shown in Figure 14.C,D the
I-V model achieves superior accuracy at lower concentrations but
plateau at higher ranges with lower error and higher prediction
accuracy at lower concentrations, contrary to the fluorescence
model which displays greater accuracy at higher concentrations.
These complementary strengths and weaknesses underscored the
need for a more advanced approach to leverage the combined data
from both sensing modalities for improved prediction accuracy. This
motivated the integration of machine learning algorithms, which are
designed to handle complex and non-linear relationships, to achieve
robust predictions across the full range of Cu(ll) concentrations.

4.6 Impact of Machine Learning

The standard practice for machine learning implementation in this
thesis involves capturing data from the Bio-Sensei platform's
hardware layer for ATCUN functionalized nanopore membranes.
This data passes through a data analytics pipeline in the software
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layer, where signal processing and feature engineering are applied
to prepare it for supervised machine learning algorithms.'62
Typically, the data is split into training, validation, and test sets as
60%, 15%, and 25%, respectively and the model is trained to
classify Cu(ll) concentration in buffer.

The ability of machine learning models to handle complex,
multiparameter data has been established in medical applications,
where various algorithms including extreme gradient boosting,
random forest, neural networks, and logistic regression have been
successfully applied to predict breast cancer diagnosis delays.'”” As
shown in prediction vs output plots of Figure 14.G, machine learning
models based on the combined features captured from the |-V and
fluorescence measurements, outperform individual sigmoidal
models based solely on each of the measurement principles( See
Figure 14.E,F). This approach offers an elegant method to build
models to predict Cu(ll) concentration performed on the biosensor.

The three best performing algorithms are shown in Table 6 from
Paper 11,82 these are identified for further consideration based on
its potential in performance, scalability and practical utility in the
proposed biosensor.178

The brief evaluation of Table 6 shows the performance results of
several of the discussed algorithms on test set post processing. The
Decision Tree performs the best with a perfect Receiver-Operator
Area under Curve (ROAUC) score indicating no misclassification
with high accuracy as well as low error along with an excellent fit.
This high accuracy is consistent with the performance of decision
tree models in other classification tasks, where they have shown
excellent results in multiclass classification problems.'® The low
misclassification rate suggests that the model is capable of
accurately categorizing different concentration levels, similar to how
decision trees have been successfully applied in classifying various
types of data with high precision.’® While known for their
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adaptability, Decision Trees can overfit complex datasets.'8!.182, 183
In this case, they report a tendency towards overfitting as multiple
splits ranging up to 31 are observed which severely limits its utility
especially when large datasets need to be trained.

Table 6. The performance results of the three best machine learning
models for the test set.

Method Set N Misclassification | ROA RASE R2
Rate uc
D‘?FC‘S‘O” Test | 4745 0.000 1.000 | 0.004 | 1.000
ree
Neural Test | 4745 0.007 0.999 | 0.090 | 0.995
Boosted
TW‘“?' Test | 4745 0.137 0.978 | 0.339 | 0.945
ogistic

Boosted Neural Network demonstrates a near-perfect classification
and slightly higher error rates than Decision Tree but still low in
value. Further, a generalized R? value of 0.995 indicates its robust
performance. It demonstrates strong performance with a low
misclassification rate, suggesting its robustness in handling diverse
concentration profiles. This is consistent with the performance of
neural networks in other complex classification tasks, such as
mosquito species detection, where deep convolutional neural
networks have achieved high average accuracies of 97.7%.84
Nominal Logistic Fit present metrics that suggest good performance
but lower than the other models presented in Table 6. Their
performance is also indicative of similarity in approach to
conductivity or fluorescence based sigmoidal modelling done in
section 4.5. Logistic Models, while useful, report lower performance
and scalability compared to neural networks as shown in multiple
studies. 185187
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4.6.1 Rationale for Selecting Neural Networks

Neural networks are favored for their ability to manage complex
data relationships,'88.18 which is crucial for biosensors dealing with
diverse input features derived from multiplexed [V and
fluorescence readings. They have also been shown to adapt to
various conditions and improve generalization performance when
trained on diverse datasets.'®® Further they offer scalability when
expanded with more layers or nodes to improve performance as
more data becomes available,’' which allows neural networks to
handle increasingly complex tasks and larger datasets, making
them suitable for a wide range of applications.'%? A study on acute
stroke outcome prediction, the generalized regression neural
network model showed better performance based on sensitivity,
specificity, and accuracy compared to logistic regression.'86
Similarly, in predicting dry eye disease after vitrectomy, artificial
neural networks consistently outperformed the logistic regression
model in terms of predictive power.'®® Their robustness and
adaptability prevent overfitting while allowing for scalability with
additional data, making them ideal for real-world applications with
high data variability and large datasets.'® 193 These factors favored
neural networks as the ideal choice as they were expected to
maintain high prediction accuracy across diverse concentration
ranges, making them ideal for biosensor applications in detecting
Cu(ll) ions in human serum.
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Chapter 5

5.0 Multimodal Microfluidic Biosensor with Neural Network
Analytics for Accurate Detection of Cu(ll) in Human Serum
(Paper Ill)

Paper Ill presents a method for detecting copper ions in human

serum by integrating multimodal microfluidics with neural networks.

The study addresses limitations of traditional methods and

proposes a solution for improved diagnosis and monitoring of

copper-related disorders.

5.1 Design Consideration in Microfluidic Systems

Microfluidics enhances biosensor sensitivity and specificity by
controlling fluid dynamics at the microscale.'®* 19 |ts relevance to
automated platforms and POC devices for medical diagnostics and
environmental monitoring are discussed in section 2.9.1.

For microfluidics design, the choice of materials and flow path
configurations has significantly shown to impact the performance
and reliability of such devices.'% 197 For instance, such factors can
influence fluid transport efficiency by minimizing dead volumes to
improve the overall functionality of microfluidic systems,’®” and the
configuration of flow paths determines the chip architecture, directly
affecting the performance of microfluidic biochips.'® In biochips
with electrochemical cells, electrode design is crucial as it directly
influences the surface area exposed to the electrolyte, which
governs the density of active sites and defect density—structural
imperfections such as voids or grain boundaries that arise during
fabrication.  Unequal electrode masses create asymmetrical
surface areas, leading to heterogeneous charge distribution and
preferential ion flow pathways.'%® For example, electrodes with
higher mass exhibit greater surface roughness and defect density
due to uneven electrodeposition, which alters local electrochemical
kinetics and electric double-layer (EDL) dynamics.'®%-202 These
defects, modulated by electrode volume and deposition parameters
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(e.g., voltage, duration),?%32%4 disrupt ion transport uniformity,
causing rectification effects in current-voltage (I-V) profiles and
reducing measurement accuracy.?’42% Thus, optimizing electrode
symmetry and defect density through controlled manufacturing
processes is critical for achieving linear, reproducible
electrochemical responses in microfluidic biosensors.

5.1.1 Glass-Based vs. PMMA-Based Microfluidics

The Bio-Sensei platform in Paper Il integrated a vendor made glass-
based microfluidic system (procured from Mesobiotech®),'6? with
electrochemical and fluorescence measurement capabilities (Figure
11.C,D) to facilitate high-throughput biosensor screening. It utilized
a simpler flow path with top and bottom fluid channels in parallel
(Figure 15.A and Figure 16.A), which were not particularly designed
to provide the favorable fluid flow dynamics. This often results in
bubble formation and had to be counteracted by higher flows.
Further, inconsistent Au electrode surface areas on either side of
the chips (Figure 15.B) with unequal thickness formed due to
unstandardized gold deposition on either side of the electrochemical
cell. The cumulative effect of factors such as flow inconsistencies,
unequal mass configuration that altered charge distribution, and
electrochemical kinetics led to rectification in the calibrated I-V
curves. Previous literature confirms that rectification behavior is
defined by specific directional preference for ion transport that
results in a non-linear (cubic fit) I-V calibration curve (as shown in
Figure 16.B).2% Further, such glass-based designs are prone to
breaking and leakage, they are not feasible for usage to a design
with several moving parts such as the one proposed here to
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maintain the reconfigurability of the microfluidics to test more than
one sample membrane.

Figure 15: (A) Microfluidic system design from Paper II, illustrating the integration of Au electrodes on a glass chip
with sample inflow and outflow (in blue) channels for fluid handling. (B) Isometric view of the Au electrode
deposition on the glass chip (from Paper Il) with inconsistencies in surface area due to unequal mass
configurations which can be observed by difference in patterns of the top and bottom Au electrode patterns. (C)
Microfluidic system design from Paper lll, featuring a nanopore membrane integrated with Au electrodes on PMMA
chips for enhanced functionality. (D) Shows an isometric view of the Au electrode deposition on the PMMA chip
(from Paper Ill) with even mass configurations, ensuring symmetry in surface area and defect density, this can be
observed by similarity in top and bottom Au electrode deposition patterns.

In contrast, Paper Ill presents an in-house fabricated reconfigurable
electro-fluorochemical microfluidic cell (Figure 15.C), that provided
robustness and reduced the risk of breakage compared to glass-
based microfluidics used previously in Paper Il. This PMMA-based
microfluidic cell is designed to sustain pressures up to 105.17 kPa
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(calculated in Paper IlIl), ensuring reliable operation under typical
microfluidic conditions owing to the material’s low brittleness and
high tensile strength which has long been established previously.?°’-
209 The flow paths are designed to cross and intersect at the center
of the microfluidics where the measurements are taken (Figure
16.C). This ensures no invasive mass transfer between the two
channels until their intended mixing at the intersection. This also
provides a more complex flow profile and controlled mixing of the
fluid inflow on either side of the electro-fluorochemical cell that leads
to promoting a more even distribution and interaction of the sample.
Further the gold electrodes on either side of the electrochemical cell
are deposited to have even mass configuration (as shown in Figure
15.D) which creates symmetry in surface area, defect density, and
overall electrode structure and hence avoids potential rectification
due to electrode characteristics.

The high Peclet numbers as reported in Paper Il indicated efficient
analyte transport to the sensor surface, enhancing the sensor's
performance by maintaining a higher local concentration of the
analyte. The significance of this metric in sensor design has been
already established.2% This design results in a linear calibration 1-V
curve (Figure 16.D), indicating a more predictable and consistent
response that improved precision, reliability in measurements and
symmetry of ion flow in both directions.

5.1.2 Impact on Detection Accuracy

The transition from Paper II's glass-based microfluidic system to
Paper IlI's PMMA design enhances durability and
reconfigurability.?°® 210 This change contributes to a more linear
calibration curve (Figure 16.D), improving the predictability and
consistency of Cu(ll) detection. This implies that the microfluidic
system in Paper lll offers enhanced sensitivity and accuracy for
Cu(ll) detection, which is crucial for precise quantification. The
sixfold increase in N (number of repetitions) value from Paper I
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(Figure 16.B) to Paper Il (Figure 16.D) indicates more repetitions of
current measurements at each voltage, reflecting enhanced stability
and repeatability in the new design. The symmetry about the y-axis

A_ Microfluidic C Microfluidic
Fluid Channel Fluid Channel
Top View (Paper Il) Top View (Paper Il)

TopFlow ——
Bottom Flow -

1Cubic Calibration Curve Linear Calibration Curve
R%0.99 R%0.99
N=9 d N=58

current

(=1

T T T T

0 0
voltage voltage

Figure 16: Microfluidic Pathway (Top view): The sample fluid channels with the flow on top (solid blue line) and
bottom (dashed blue line) of the sample membrane. (A) Paper Il microfluidics utilizes a simpler flow path with top
and bottom channel flows in parallel. (B) Corresponding cubic calibration curve for current vs. voltage with an R?
value of 0.99, based on 9 repetitions (N = 9). (C) Schematic of the microfluidic fluid channel design from Paper lll,
showing intersecting flow path that cross at the center to promot even flow distribution and interaction of the sample.
(D) Corresponding linear calibration curve for current vs. voltage with an R? value of 0.99, based on 58 repetitions
(N = 58). The transition of the cubic (Paper Il microfluidics) to a linear calibration curve in Paper Ill implies improved
accuracy and reliability in Cu(ll) detection, with increased N(repetitions) values reflecting enhanced measurement
stability, the improved design in Paper Il utilizes a reconfigurable pathway that supports a more efficient flow,
reducing rectification and leading to a symmetric calibration curve about the y-axis, indicating balanced sensor
responses.

(linear calibration curve) represents a balanced system with
reduced variability and no rectification, which is crucial for
minimizing distortion so that clearer and more reliable data
interpretation can be provided. The use of PMMA in Paper lll offers
robustness and reconfigurability compared to glass in Paper I,
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reducing breakage risk and allowing for more flexible integration
with other components leading to increased repetitions as has also
been demonstrated elsewhere.?07: 208, 210 Qyerall, this significantly
improves the durability and adaptability of the electro-
fluorochemical cell that is integrated at the core of the Bio-Sensei
platform.

5.2 Determination of ATCUN-Fluorophore response

ATCUN-RhoB and ATCUN-FAM functionalized nanopore are
compared in their performance for detection of Cu(ll) ions. Based
on this, the intent is to reveal significant insights into their structural
and functional differences (Figure 17.A), as well as their application
in biosensing.”? 141

After membranes were functionalized with both ATCUN-FAM and
ATCUN-RhoB peptide (as per section 4.3), IV curves are recorded
by applying a voltage in the range of -1 to +1. Figure 17.B presents
a typical normalized current-voltage (I-V) curve highlighting regions
of positive and negative conductance and remanence. The shaded
area under the curve represents the overall electrical performance
of the peptides, indicating how structural differences influence
conductance. Similar approaches have been applied in analyzing
the electrical properties of various materials, including photovoltaic
modules and semiconductive peptides.?'" 212 The PCA biplot
(Figure 17.C) demonstrates that ATCUN-RhoB excels in both
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Figure 17: (A) Structural Representation of Peptides: The figure illustrates the chemical structures of two peptides,
ATCUN-FAM and ATCUN-Sar-RhoB. ATCUN-FAM features a fluorescein moiety, while ATCUN-Sar-RhoB includes
a Rhodamine B moiety linked via sarcosine. The structural differences significantly influence their binding efficiency
and fluorescence properties. (B) Normalized Current-Voltage (I-V) Curve: This plot displays the normalized current
as a function of voltage, highlighting regions of positive and negative conductance and remanence. The shaded
area under the curve represents the overall electrical performance of the peptides in terms of conductance. (C)
Principal Component Analysis (PCA) Biplot: The PCA biplot compares the performance of ATCUN-FAM (red dots)
and ATCUN-Sar-RhoB (blue dots) based on various parameters derived from I-V and fluorescence measurements.
Vectors indicate the direction and magnitude of features such as conductance, remanence, rectification factor, and
normalized fluorescence. (D) 3D Scatter Plot of Normalized Current and Fluorescence: This plot shows the
relationship between normalized current at -0.1 V and fluorescence (Johnson Sb), illustrating a clear separation
between ATCUN-FAM (red points) and ATCUN-Sar-RhoB (blue points). The distinct clustering indicates
differences in their electrical and fluorescence properties.

fluorescence quenching and electrical conductance. It shows that
ATCUN-RhoB clusters closely with vectors indicating high
normalized fluorescence and quenching efficiency. This suggests
robust fluorescence quenching capabilities, making it suitable for
applications requiring high sensitivity.#!- 44 145

The electrical performance of ATCUN-RhoB is also notable; its
clustering with positive conductance vectors indicates enhanced
electron transfer processes. The strong binding affinity of Cu(ll) ions
to the ATCUN motif likely facilitates electron transfer, enhancing
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electrical conductance.** The separation between ATCUN-RhoB
and ATCUN-FAM highlights their distinct functional properties. This
is supported by the structural stability provided by Rhodamine B,
which maintains the peptide's active conformation during ion
interaction (Figure 17.A).1#4 213 Reinstating their performance,
Figure 17.D presents the 3D scatter plot that further distinguishes
these peptides based on normalized current and fluorescence,
reinforcing the superior performance of ATCUN-RhoB in terms of
fluorescence intensity. 45 214

5.3 Detection in Human Serum

Paper Il further utilizes neural networks for predicting Cu(ll)
concentrations in human serum (HS) with Bio-Sensei Platform’s
multiplexed I-V and fluorescence measurements, which capture
comprehensive data indicative of Cu(ll) binding to ATCUN-
functionalized membranes. This approach aligns with prior
demonstrations of machine learning-enhanced multiplexed sensing
platforms.'83. 215 While the platform collects data across Cu(ll)
concentrations in HS, individual features such as %Quench (Figure
18.A) and current at -0.5 V (Figure 18.B) plateau at higher
concentrations, limiting their predictive utility. Fluorescence
quenching saturates as ATCUN binding sites on nanopores become
fully occupied, whereas |-V responses plateau due to maximal
compression of the Electric Double Layer (EDL) (as explained in
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section 2.3), where additional Cu(ll) binding no longer alters ion
transport dynamics despite increasing analyte levels.
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Figure 18: Sensitivity analysis of the ATCUN-RhoB functionalized nanopore membrane on the Bio-Sensei platform
with various copper (Cu(ll)) concentrations in HS (human serum) and interim buffer washes. (A) Percentage
quench of fluorescence(N=3) in Cu(ll)-HS solutions, indicating the degree of reduction in fluorescence as it reaches
saturation with increasing Cu(ll) concentration. (B) Box plot of normalised current (between -1 to 1) at -0.5 V for
different Cu(ll)concentrations in buffer(N=100) and HS(N=10), showing the saturation (plateau) effect at higher
concentrations. (C) Methodology of the Bio-Sensei platform for Cu(ll) detection in human serum via multiplexed I-
V and fluorescence measurements. Cu(ll) binding to ATCUN-functionalized membranes alters its electrical and
fluorescence (optical) properties, producing features such as normalized current, voltage, polarity, fluorescence
quenching, and cycle number. These features are fed as input into a multilayer perceptron (MLP) neural network,
which processes complex interactions to predict Cu(ll) concentrations with improved precision and reliability. This
approach outperforms individual signal-based models by utilizing combined data for enhanced prediction accuracy.

5.3.1 Multilayer Perceptron Based Prediction

To improve performance, feature engineering is expanded to
include more descriptive features as inputs to the Multilayer
Perceptron (MLP) which is a feed forward neural network. In this
regard, features extracted are normalized voltage, normalized
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current, polarity, cycle number from -V and
normalized(fluorescence), % quench from fluorescence
measurements (Figure 18.C). Here, polarity indicates the direction
of applied voltage, and the cycle number is a running count of the
cycles in the |-V waveform. Further, % quench quantifies the
reduction in fluorescence intensity. By analyzing these combined
features, MLP can identify patterns that are not apparent when
considering single features derived from IV or fluorescence data
alone, as has been previously reported aswell.'”® 215 This enhances
classification accuracy by using the full spectrum of data to predict
Cu(ll) concentrations, even when individual measurements
plateau.® The neural network model processes complex
interactions between variables or input features, allowing it to
maintain sensitivity and accuracy across a wider range of
concentrations. This approach ensures reliable detection even
when traditional methods face limitations due to signal saturation
(Figure 18.A,B), which has also been reported previously.?'5216.217
By analyzing these features together, MLP can extract more
nuanced patterns that are not apparent when examining each
feature in isolation.® 183 The metrics presented in Table 7 further
validate the robustness and accuracy of the MLP classifier from
Paper Il on the test set. The high Generalized R? and Entropy R?
values indicate that the model explains a significant portion of the
variance in the data.?'® The low RASE and Mean Absolute Deviation
values suggest minimal prediction errors, while the Ilow
Misclassification Rate confirms the model's high accuracy.?'® 219
The -LogLikelihood value provides a measure of the model's fit, with
lower values indicating better fit.2'® This analysis underscores the
potential of neural network models to enhance the accuracy and
reliability of Bio-Sensei in complex biological sample analyses.
Table 7 (along with results in Paper Ill) highlights the MLP
classifier's strengths and areas for improvement to enhance Bio-
Sensei's accuracy and reliability in complex biological sample
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analyses, their utility has also been independently verified for similar
studies.218 220-224

Table 7.Performance Metrics of Multilayer Perceptron Classifier on Test
Set

Measures Value
Generalized R? 0.997
Entropy R2 0.980
RASE 0.104
Mean Absence Dev 0.022
Misclassification Rate 0.018
-LogLikelihood 200.070
N 6413

5.4 Clinical Relevance

Typical concentrations of total copper in serum of healthy individuals
has been reported from 15.7 to 23.6 puM,* 225 with free copper ions
constituting a small fraction of this total. In Wilson's disease and
Autoimmune Hepatitis, free copper ion concentrations can rise to
levels that are several times higher than those found in healthy
individuals, often exceeding 2 uM.# 226 The Cu(ll) ranges of 0 to 8
MM in HS detected in Paper lll using MLP highlight similar

concentration ranges observed in relation to such conditions.* 225
226

5.5 Network Architectures Beyond MLP

Beyond the MLP utilized in this work, other studies on architectures
like Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks have analyzed time-series data to
identify trends, sensor degradation and contamination.??”- 228,229 By
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continuously monitoring biosensor performance and adjusting
parameters, machine learning ensures the sensor's accuracy and
reliability over time.?3° The scalability of neural networks allows
them to handle increasingly complex tasks and larger datasets,
making them highly suitable for further applications to expand this
work.
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Chapter 6

6.0 Limitations and Future Outlook

The presented work contributes to biosensor development that
enables detection of Cu(ll) ions which has potential for clinical and
environmental sample measurements.

While the developed ATCUN-based biosensor demonstrates
significant promise, several limitations remain to be addressed in
future work. The long-term stability of functionalized nanopore
membranes and ATCUN-fluorophore conjugates is not
comprehensively evaluated under varied environmental conditions,
potentially limiting their shelf life and practical application in real-
world settings such as clinical diagnostics or environmental
monitoring. This might be achieved by modification of the ATCUN
motif.

Though initial steps of using machine learning for the prediction of
the Cu(ll) concentration in fluids have been undertaken in this
thesis, further refinement of such algorithms is needed to improve
the data analysis. This would enhance the biosensor's ability to
provide reliable results, even in complex biological matrices. The
success of machine learning techniques in handling multiparameter
and non-linear problems in biosensors has been demonstrated in
several studies.?31-233

Moreover, microfluidic system can be further optimized for
enhanced resistance to biofouling when used with complex
biological matrices. Miniaturization of the sensing platform through
application-specific integrated circuits (ASICs) addresses portability
limitations, while encapsulation technologies and stabilizing
additives could extend operational lifetimes.

Further, incorporating the biosensor into wearable devices could
provide continuous monitoring of copper levels in real time. This
would be particularly beneficial for patients with conditions like
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Wilson's disease, where copper levels need to be closely
monitored. Recent advancements in wearable sensor platforms for
real-time monitoring of metabolic disorders showcase the potential
for such integration.?34235 Additionally, a handheld sensing system
based on infrared reflectivity measurement of the cornea has been
proposed for non-invasive Wilson's disease progression
monitoring.23¢

While the current focus is on copper ion detection, the platform's
adaptability could allow for the detection of other biologically
relevant metal ions. Recent research has demonstrated the
potential for detecting various heavy metals in food and
contaminated water using nanotechnological techniques.?3*

6.1 Commercialization and Clinical Trials

Transitioning biosensor technologies from laboratory research to
clinical implementation necessitates rigorous evaluation through
phased clinical trials alongside the integration of multimodal
validation frameworks. Implementing orthogonal validation
strategies—using independent methodological approaches to
cross-verify critical biosensor performance parameters— enhances
reliability for longitudinal monitoring applications where consistent
analyte detection across fluctuating physiological conditions is
paramount. Addressing these limitations through focused
engineering efforts would significantly advance the transition from
laboratory prototype to practical clinical tool. This approach has
been demonstrated by validating insulin-peptide binding
electrochemical assays with molecular dynamics simulations and
thermodynamic profiling to identify context-dependent limitations of
literature-reported biosensor.23” Similarly, osteogenic differentiation
biomarkers have been validated using SPR biosensors alongside
RNA sequencing data, with machine learning models resolving
technical variations between platforms.238 239 These approaches
ensure robustness against methodological biases—a critical
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requirement for biosensors deployed in chronic disease
management where longitudinal data integrity directly impacts
clinical decision-making.

Successful trials could lead to the commercialization of the
biosensor, making it widely available for healthcare providers and
patients. The biosimilar development and approval process, as
regulated by both the US FDA and the European Medicines Agency,
serves as a well-established model for efficiently bringing new
biological products to market by demonstrating comparability to
reference products through a rigorous, science-based evaluation.?40

The future of this biosensor platform holds potential applications
that could advance the way copper-related disorders are diagnosed
and managed. The rapid evolution of biotechnology-derived
medicinal products demonstrates the potential for innovative
biosensor platforms to make significant impacts in healthcare.?40: 241
By continuing to innovate and expand its capabilities, this
technology could play a crucial role in advancing personalized
healthcare solutions.
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