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Abstract

The development of rapid, robust, and scalable virus diagnostics is a critical global
health priority, as highlighted by the COVID-19 pandemic. This thesis introduces
innovative diagnostic approaches that integrate biophysical and computational tech-
niques to enhance virus detection and characterisation. Central to this work is the
calcium-mediated labelling of viral envelopes with single-stranded DNA, enabling the
rapid immobilisation and fluorescent tagging of viral particles. These methods are
coupled with fluorescence microscopy and machine learning to achieve fast and accu-
rate virus identification.

In addition to fluorescence-based diagnostics, this thesis explores a diffusion-based
detection method, leveraging single-particle tracking and statistical modeling to clas-
sify viral particles within seconds. This complementary approach offers ultra-fast
detection capabilities, reducing diagnostic times to under one minute while maintain-
ing high specificity and sensitivity.

Key contributions include the biophysical characterization of cation-mediated in-
teractions, focusing on the effects of pH, ion concentration, and lipid composition on
labeling efficiency. Supported lipid bilayers and virus-like particles were employed as
biomimetic systems, elucidating the roles of membrane heterogeneity and surface pro-
teins. The machine learning pipeline developed for this work distinguishes between
closely related virus strains and accurately identifies SARS-CoV-2 in clinical samples,
achieving high sensitivity and specificity.

By integrating these diagnostic methods, this thesis addresses limitations of es-
tablished technologies and aligns with the ASSURED and REASSURED criteria for
point-of-care diagnostics. These advancements not only contribute to pandemic pre-
paredness but also deepen our understanding of virus-membrane interactions, with
significant implications for the development of next-generation diagnostic and thera-

peutic platforms.
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Outline of the Thesis

This thesis is organised as follows:

e Chapter 1: Introduction This chapter establishes the motivation for the
research, emphasising the urgent need for advanced virus diagnostics in global
health, economic stability, and pandemic preparedness. Drawing on lessons
from the COVID-19 pandemic, it highlights gaps in existing technologies and
sets the stage for the novel approaches introduced in this thesis. A compre-
hensive review of established and emerging diagnostic technologies, including
PCR, ELISA, CRISPR-based tools, and biosensors, is presented. The review
evaluates the strengths and limitations of current methods, aligning them with
the ASSURED and REASSURED frameworks, and positions the diagnostic
approaches developed in this thesis as a compelling solution to address these

challenges.

e Chapter 2: Methods This chapter details the experimental and analytical
methodologies employed throughout the research. These include fluorescence
microscopy for imaging, machine learning for classification, and neutron reflec-
tometry for studying lipid bilayer systems. Together, these methods form the

technical foundation of the thesis.

e Chapter 3: Cation-Mediated Labelling Characterisation This chapter
investigates calcium-mediated labelling of viral envelopes, focusing on how fac-
tors such as pH, DNA length, and lipid composition influence labelling efficiency.
Lipid bilayers are employed specifically as model systems to study the effects of

lipid composition and to understand the underlying labelling mechanism.

e Chapter 4: Detection of Immobilized Virions in Minutes Using Deep
Learning This chapter integrates the calcium-mediated labelling method with
fluorescence microscopy and deep learning. It presents a pipeline for image
segmentation and machine learning-based classification, enabling rapid and ac-

curate detection of immobilized virions.



e Chapter 5: Clinical Validation of Detection of Immobilised Virions
This chapter validates the diagnostic framework using clinical samples. It high-
lights the sensitivity and specificity of the calcium-labelling method and explores

viral differentiation based on charge interactions with lipid bilayers.

e Chapter 6: Diffusion-Based Detection of Virions in Under One Minute
This chapter introduces a complementary method for ultra-fast virus detection.
It leverages diffusion-based single-particle tracking and statistical models, such

as PCA and KNN, to classify virions in under one minute.

e Chapter 7: Effective Resolution of Neutron Reflectometry This chap-
ter examines the resolution limits of neutron reflectometry for characterizing
lipid bilayers. It provides critical structural insights into the bilayer systems
used in this research and connects these findings to the calcium-mediated virus

detection methods.

e Chapter 8: Conclusion and Future Directions This chapter discusses
innovative diagnostic approaches that shift specificity from molecular interac-
tions to computational analysis, combining biophysical labeling with machine
learning for rapid and scalable solutions. Key challenges, including cost and
real-world implementation, are addressed alongside proposed future directions,
such as algorithm refinement and expanded pathogen detection. The chapter
concludes by highlighting the transformative potential of these technologies for

global healthcare and pandemic preparedness.



Chapter 1

Introduction

1.1 Motivation: Why are diagnostics important?

In today’s world, the significance and relevance of timely, accurate, and adaptable
viral diagnostics cannot be overstated. Our global health landscape is teeming with
both established and emerging viral threats [1| that have significant implications for
human and animal health, economic stability, and our evolving climate situation [2].
The importance of viral diagnostics in human and animal health is twofold. On
a microscale, early detection is crucial for effective treatment, as viral diseases can
quickly progress to life-threatening stages if not adequately managed. On a broader
scale, rapid identification of viral pathogens can prevent potential outbreaks from
escalating into full-blown epidemics or pandemics, reducing morbidity and mortality
rates. The 2019-2023 COVID-19 pandemic dramatically underscored the importance
of this facet of disease control, with the virus claiming millions of lives and causing
profound societal disruption due to a lack of early detection and mitigation strategies.
Beyond their substantial impact on health, viruses profoundly influence global
economic dynamics. The COVID-19 pandemic underscored this fact, with the World
Bank projecting its global economic cost could surpass $12 trillion over two years [3].
This highlights the significant fiscal burden posed by unchecked viral diseases. The
economic ramifications of such diseases transcend immediate healthcare expenditures,
encompassing a broad spectrum of both direct and indirect financial consequences.

Direct financial burdens arise from diagnosing and treating the disease, including



testing, hospital care, medications, and the execution of public health measures such
as contact tracing and disease surveillance. These costs, especially for severe viral
diseases requiring intensive or prolonged care, can be quite significant. Furthermore,
public health interventions needed to control viral spread compound these direct
economic costs.

Indirect financial impacts often exceed the direct costs and are multifaceted in na-
ture. They include diminished productivity due to illness-induced workforce incapac-
itation and business closures, disruptions in local and global supply chains inducing
shortages and sparking inflation, and declines in consumer and investor confidence.
Sectors that hinge on physical interactions, like tourism and retail, are especially
susceptible to these impacts. Uncertainties stemming from viral diseases can trig-
ger a decline in spending, a withdrawal of investments, and market volatility. These
widespread economic repercussions underscore the pivotal role of effective viral diag-
nostics in safeguarding not just public health, but also the stability and resilience of
the global economy.

Another vital aspect of viral detection pertains to animal health and, by exten-
sion, food security. Viruses that infect livestock, such as Avian Influenza, Swine Flu,
and Foot-and-Mouth Disease, can lead to severe productivity loss, undermining agri-
cultural economies and threatening global food supplies. Hence, swift detection and
control of such viral diseases are imperative to ensure food security and the stability
of farming industries. Recent examples include the highly pathogenic H5N1 avian
influenza which as of June 2023 is widespread in wild birds with sporadic outbreaks
in poultry flocks [4] and the outbreak of the African Swine Flu in China [5] which
resulted in dozens of millions of pigs being culled and an economic loss that accounts
for 0.78% of China’s gross domestic product in 2019 [6].

Lastly, climate change, in its capacity to alter ecosystems and migration patterns,
influences the emergence and spread of viruses. Changes in temperature and pre-
cipitation patterns can expand the geographical range of vector-borne viruses, like

Dengue and Zika, posing a significant risk to populations previously unaffected. Such



climate change-induced viral spread highlights the importance of developing robust
and adaptable viral detection methods to keep pace with our rapidly changing world.

In summary, the importance of viral diagnostics in the modern world is driven by
its profound implications for human and animal health, global economic stability, and
the increasingly significant interplay with our changing climate. Given these factors,
the necessity of developing novel virus detection methods that are quick, precise, and

adaptable to new viral threats is both urgent and paramount.

1.1.1 Lessons from the COVID-19 Pandemic

The COVID-19 pandemic highlighted several critical lessons in the role of diagnostics
for managing infectious diseases, emphasizing the need for a robust and scalable
diagnostic infrastructure to ensure global health security. One of the most significant
lessons was the importance of rapid, accurate, and accessible diagnostic tests. In
the early stages of the pandemic, the inability to quickly scale up testing capacity
and significant delays in test result turnaround times hampered efforts to control
viral spread. Many regions, especially rural and under-resourced areas, struggled
to access adequate testing, revealing significant vulnerabilities in both national and
international health systems [7, §].

Scalability emerged as a key factor during the pandemic, as laboratories worldwide
were overwhelmed by surges in case numbers. As countries struggled to ramp up
testing capacity, delays in results compromised the effectiveness of contact tracing
and isolation measures. Looking ahead, future diagnostic systems must be flexible
and capable of rapid scaling to accommodate sudden increases in demand. This will
likely involve developing decentralized, portable diagnostic tools and ensuring that
infrastructure can expand quickly during health crises|7].

Accessibility was another major challenge, particularly for rural and remote popu-
lations that lacked adequate diagnostic infrastructure. Many of these regions experi-
enced delays in identifying cases, leading to slower public health responses. Equitable

access to diagnostic tools is essential in managing future pandemics, which could be



addressed by creating affordable point-of-care testing options and improving distri-
bution systems to reach underserved areas [7|.

Speed of diagnostics is equally important. The pandemic demonstrated that delays
in test results, due to overwhelmed laboratories |9, 10] or logistical bottlenecks, slowed
the implementation of timely public health interventions such as isolation, contact
tracing, and treatment. Advances in molecular diagnostics, such as point-of-care tests
that deliver results within minutes, have the potential to significantly reduce these
delays in future outbreaks, enabling more rapid decision-making and containment
efforts|7].

A critical takeaway was the need for integration of diagnostic data into public
health surveillance systems. Fragmented data-sharing processes between laborato-
ries, healthcare facilities, and public health authorities hindered efforts to track and
respond to the virus. Going forward, diagnostic platforms must ensure seamless inte-
gration with centralized public health databases to enable real-time monitoring and
rapid, coordinated responses to future outbreaks [8].

The pandemic also underscored the importance of international collaboration in
diagnostics. The development and global distribution of COVID-19 tests required un-
precedented levels of cooperation between countries, research institutions, and private
companies. However, disparities in access, particularly for low- and middle-income
countries, revealed the need for better international agreements on the equitable dis-
tribution of diagnostics and the sharing of innovations. Establishing global platforms
for data sharing and collaboration will be crucial for managing future pandemics |7,
8].

In conclusion, the COVID-19 pandemic has demonstrated that without scalable,
accessible, rapid, and well-integrated diagnostics, efforts to contain and mitigate in-
fectious diseases are severely compromised. The lessons learned emphasize the need
for investment in diagnostic innovation and infrastructure to ensure global prepared-
ness for future health crises. The integration of these key principles will shape the
development of future diagnostic technologies and systems, helping to build more

resilient health frameworks capable of responding effectively to emerging threats [8|.



1.2 Virus Diagnostics

Virus diagnostics are a vital tool in the management and control of infectious diseases,
utilised in a variety of contexts by numerous professionals. They are deployed in
diverse situations, such as during disease outbreaks to identify the causative agent, in
routine surveillance to monitor disease prevalence, and in clinical settings to diagnose

individual patients.
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Figure 1.1: Radial schematic illustrating the applications, settings, and users of virus diag-
nostics. At the centre, a virus symbol represents the focus of diagnostic efforts. Surrounding
this core, the first ring categorizes the primary purposes of virus diagnostics into four do-
mains: clinical, veterinary, research, and surveillance and outbreak control. The second ring
highlights the settings in which these diagnostics are applied, including hospitals, farms,
academia, and public health environments, each represented with illustrative icons and con-
textual keywords. The outer ring depicts the end users of virus diagnostics, such as clinicians,
veterinary professionals, scientists and researchers, public health authorities, and industry
specialists. This figure illustrates the multidimensional role of virus diagnostics across dis-
ciplines, contexts, and professional domains. Figure created with BioRender.com.



1.2.1 Where Are Virus Diagnostics Used

Virus diagnostics are applied across various settings, including clinical, veterinary,
research, and public health environments, depending on the specific needs for detect-
ing, monitoring, and managing viral infections. In clinical settings, diagnostics are
primarily used in hospitals, clinics, and diagnostic laboratories. These facilities rely
on advanced molecular tools, such as PCR machines, and rapid point-of-care tests
for the timely diagnosis of viral infections. This is particularly critical in outpatient
settings [11], emergency rooms, and intensive care units [12, 13|, where swift iden-
tification of viral pathogens can guide appropriate treatment and infection control
measures.

In veterinary settings, virus diagnostics are crucial in animal hospitals, veterinary
clinics, and farms. These diagnostics help detect viral diseases in livestock, companion
animals, and wildlife, playing a key role in preventing outbreaks that could have
severe economic and health implications. For example, routine viral testing supports
the agricultural industry by identifying contagious diseases early and mitigating the
risk of large-scale animal infections. Diagnostics are also vital for controlling zoonotic
diseases, where viruses can transfer from animals to humans.

In research environments, virus diagnostics are integral to the work conducted in
academic institutions, pharmaceutical companies, and biotech firms. These diagnos-
tics enable the study of viral pathogenesis, the monitoring of antiviral drug efficacy,
and vaccine development. In field research, portable diagnostic tools help detect
viral infections in remote areas or among wildlife, contributing to broader disease
surveillance and epidemiological studies.

Within public health settings, virus diagnostics are essential for tracking outbreaks
and managing disease surveillance. Public health laboratories, government agencies,
and international organizations, such as the World Health Organization (WHO) and
the Centers for Disease Control and Prevention (CDC), use these diagnostics to mon-
itor the spread of infectious diseases. During epidemics and pandemics, such as the

COVID-19 crisis, virus diagnostics are deployed in large-scale testing programs to de-



tect cases early and help contain the spread of infections. They are also employed at
borders, ports, and airports to screen travelers for contagious viral diseases, thereby
preventing international transmission.

Lastly, in industrial and commercial settings, virus diagnostics are used during
the quality control processes in vaccine production. Ensuring that live viral products

are properly characterized is critical to the development of safe and effective vaccines.

1.2.2 What Are Virus Diagnostics Used For

Virus diagnostics are essential for the detection, monitoring, and management of viral
infections in both clinical and public health contexts. In clinical practice, diagnos-
tics help healthcare providers identify the specific viral pathogen responsible for an
infection, enabling precise treatment decisions and timely interventions. Early de-
tection of viruses like influenza, HIV, or hepatitis is crucial for initiating antiviral
therapies, which can prevent severe disease progression. Virus diagnostics also play a
role in monitoring the progression of chronic viral infections, helping clinicians adjust
treatments and manage patient outcomes effectively.

In public health, virus diagnostics are vital for outbreak management and disease
surveillance. During outbreaks of emerging viruses, such as COVID-19 or Ebola, di-
agnostics are key for identifying infected individuals, enabling isolation measures, and
tracking viral spread in real time. This information helps public health authorities
implement targeted interventions, such as vaccination campaigns or quarantine pro-
tocols, to prevent widespread transmission. Moreover, virus diagnostics support the
ongoing surveillance of endemic viruses, helping detect new viral strains or mutations
that may lead to future epidemics or pandemics, guiding vaccination strategies, and
influencing the development of new therapies.

In animal health, virus diagnostics are used to control viral diseases in livestock,
pets, and wildlife. These diagnostics allow veterinarians to identify infections early,
which is essential for preventing the spread of contagious diseases within animal popu-
lations. This is particularly important in the agricultural sector, where viral outbreaks

can lead to significant economic losses. For instance, the rapid identification of viruses



like foot-and-mouth disease or avian influenza enables swift containment measures to
protect herds and flocks. Additionally, virus diagnostics support the monitoring of
zoonotic diseases, such as rabies and avian flu, which pose a risk to both animal and
human health.

In research, virus diagnostics are indispensable for advancing our understanding
of viral biology, immune responses, and pathogen evolution. Laboratories utilize
diagnostics to identify viruses in experimental studies, assess the effectiveness of an-
tiviral drugs and vaccines, and track viral mutations. These diagnostics are crucial in
vaccine development, where they help monitor immune responses to experimental vac-
cines and evaluate their efficacy. Furthermore, diagnostics play a role in gene therapy
studies, where viruses are used as vectors to deliver therapeutic genes, necessitating

precise viral characterization throughout the process.

1.2.3 Who Uses Virus Diagnostics

A broad spectrum of professionals across healthcare, veterinary medicine, public
health, and scientific research depend on virus diagnostics. In clinical settings, health-
care providers—including physicians, nurses, and clinical laboratory technicians—use
virus diagnostics to identify viral infections in patients. The results of these tests are
crucial for guiding treatment decisions, administering antiviral therapies, and manag-
ing infection control protocols. Public health officials also rely on diagnostic data to
monitor viral outbreaks, conduct disease surveillance, and implement public health
interventions during outbreaks or epidemics.

In veterinary medicine, veterinarians and animal health technicians use virus diag-
nostics to detect viral infections in animals, particularly in agriculture, where livestock
diseases can have significant economic consequences. These professionals also play a
role in controlling zoonotic diseases by identifying and managing viral infections in
animals that have the potential to infect humans.

Researchers in academic institutions, pharmaceutical companies, and biotech firms
use virus diagnostics to study viral mechanisms, track the evolution of viral pathogens,

and develop new antiviral drugs and vaccines. In research fields such as virology
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and immunology, virus diagnostics enable the precise identification of viral strains in
experimental models and clinical trials. This is essential for understanding immune
responses, viral behaviors, and the development of new therapeutic approaches.
Government agencies and non-governmental organizations (NGOs) involved in
global health initiatives also use virus diagnostics for monitoring emerging viruses and
controlling the spread of infectious diseases. For example, organizations like the WHO
and CDC use diagnostics to track viral outbreaks and inform broader epidemiological
efforts to address global health threats. Finally, private companies involved in the
development of diagnostic technologies and vaccines use virus diagnostics for quality
control and validation throughout the product development process, ensuring that

their products meet safety and efficacy standards.

1.3 Established Diagnostic Technologies

1.3.1 Polymerase Chain Reaction(PCR)

Polymerase Chain Reaction (PCR) is a widely used molecular biology technique that
allows for the amplification of specific DNA sequences [14]. It is highly sensitive and
specific, making it a cornerstone of modern diagnostic methods for viral detection.
PCR involves the use of short DNA sequences known as primers, which are comple-
mentary to the target DNA region. The process includes repeated cycles of heating
and cooling, enabling the DNA polymerase enzyme to synthesize new DNA strands
from the original template [15]. The main steps in PCR are denaturation, annealing,
and extension. During denaturation, the double-stranded DNA is heated to around
95°C to separate it into two single strands. In the annealing step, the temperature is
lowered to 50-65°C to allow the primers to bind to the complementary sequences on
the single-stranded DNA. Finally, during the extension step, the temperature is raised
to approximately 72°C, the optimal temperature for DNA polymerase to synthesize
new DNA strands by adding nucleotides to the primers. This cycle is repeated mul-
tiple times (typically 25-35 cycles), leading to exponential amplification of the target
DNA sequence.
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PCR is used for a variety of diagnostic purposes, including the detection of viral
DNA [16], quantification of viral load [17], and genotyping and mutation detection.
It is essential in diagnosing infections such as Hepatitis B [18], Herpes Simplex Virus
[19], and Human Papillomavirus [20, 21, 22|, as well as in monitoring the progres-
sion of viral infections like HIV |23, 16]. Moreover, PCR’s versatility allows it to be
adapted to detect a wide range of viruses, making it a highly valuable tool in the
field of diagnostics. One of the main advantages of PCR is its high sensitivity and
specificity, enabling the detection of minute amounts of viral DNA [24]. Addition-
ally, quantitative capabilities of modified versions of PCR, such as quantitative PCR
(qPCR), allow for the precise measurement of viral load.

However, PCR has some limitations. It requires specialized equipment such as
PCR machines and thermocyclers, as well as trained personnel to properly execute the
technique. Furthermore, the high sensitivity of PCR makes it prone to contamination,
which can lead to false-positive results. Despite these limitations, PCR remains a

fundamental technology in viral diagnostics due to its accuracy and adaptability.

1.3.1.1 Real-Time Reverse Transcriptase PCR (RT-PCR)

Real-Time Reverse Transcriptase PCR (RT-PCR) is a variation of PCR that enables
the detection and quantification of RNA viruses by converting RNA into complemen-
tary DNA (cDNA) using reverse transcriptase before amplification [25]. RT-PCR
involves two main steps: reverse transcription 26| and real-time PCR amplification
[27]. In the reverse transcription step, RNA is reverse transcribed into ¢cDNA using
the enzyme reverse transcriptase. This cDNA is then amplified using PCR. Real-time
PCR allows for the monitoring of the amplification process in real time through the
use of fluorescent dyes or probes that bind to the DNA and emit fluorescence as the
DNA is amplified.

RT-PCR is crucial for detecting and quantifying RNA viruses, including SARS-
CoV-2, Influenza viruses, and HIV-1. It has been widely used in the diagnosis of
COVID-19 by detecting viral RNA in respiratory samples, and it plays a significant

role in identifying and subtyping different strains of influenza. In the case of HIV-1,
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RT-PCR is used to monitor viral load in patients to manage antiretroviral therapy
effectively. The ability to provide immediate results during the amplification process
enables rapid diagnosis, making RT-PCR an invaluable tool in clinical settings.

The main advantages of RT-PCR include real-time monitoring and quantification,
which allows for precise measurement of viral RNA levels. This method is highly sen-
sitive and specific, capable of detecting low levels of viral RNA, which is essential for
early and accurate diagnosis. However, RT-PCR also has its limitations. The process
is more complex than traditional PCR due to the additional reverse transcription
step, and it is more expensive due to the need for specific reagents and real-time
PCR equipment. Additionally, it requires skilled personnel to perform and interpret

the results accurately.

1.3.1.2 Real-Time PCR (qPCR)

Quantitative PCR (qPCR), also known as real-time PCR, is a variation of PCR that
allows for the quantification of DNA or RNA in real time as the amplification process
progresses. Unlike traditional PCR, which only provides end-point analysis, PCR
enables continuous monitoring of the amplification, providing quantitative data on
the amount of nucleic acid present in the sample. qPCR can be applied to both
DNA (when directly amplified) and RNA (when combined with reverse transcription,
referred to as RT-qPCR).

qPCR involves the use of fluorescent dyes or probes that emit fluorescence in
response to the accumulation of PCR products during each cycle of amplification (see
Figure 1.2a). The intensity of the fluorescence is measured at each cycle, and the
data is used to generate a quantification curve(see Figure 1.2b). The cycle threshold
(Ct) value, which is the point at which the fluorescence exceeds a certain threshold, is
inversely proportional to the initial quantity of the target nucleic acid in the sample.
This allows for the quantification of the initial amount of DNA or RNA with high
precision.

qPCR is used for a variety of applications, including the quantification of viral

load, gene expression analysis, and detection and quantification of pathogens. It is
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Figure 1.2: Overview of the qPCR process and its amplification dynamics. The left panel
highlights the four key steps in qPCR, while the right panel shows the corresponding am-
plification curve and its distinct phases. Figure created with BioRender.com.

essential in monitoring the progression of viral infections like HIV, Hepatitis B, and
SARS-CoV-2. It is also used to measure the expression levels of specific genes in
research and clinical diagnostics, and it is applied in fields like microbiology, virology,
and food safety to detect and quantify bacteria and viruses.

The main advantages of PCR include its quantitative capabilities, real-time mon-
itoring, and high sensitivity and specificity. It provides precise and quantitative data
on nucleic acid levels, allowing for immediate analysis and results during the amplifi-
cation process. This method is capable of detecting low levels of nucleic acids, which
is essential for early and accurate diagnosis. However, qPCR also has its limitations.
It requires sophisticated equipment and reagents, making it more expensive than tra-
ditional PCR. Additionally, it requires skilled personnel for accurate execution and

interpretation.
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1.3.2 Loop-Mediated Isothermal Amplification (LAMP)

Loop-Mediated Isothermal Amplification (LAMP) is a rapid and efficient molecular
diagnostic technique for amplifying DNA at a constant temperature, typically between
60°C and 65°Cv|[28|. Unlike traditional PCR, which requires thermal cycling, LAMP
operates isothermally, simplifying the equipment needed and speeding up the process.

Using four to six primers to target six to eight regions of the DNA, and a strand-
displacing DNA polymerase, LAMP creates loop structures that facilitate continuous
amplification, producing significant DNA amounts in less than an hour. This method
is highly specific due to the use of multiple primers, reducing non-specific amplifica-
tion, and highly sensitive, capable of detecting low DNA levels, which is crucial for
early virus detection [29].

LAMP has been used to diagnose infections like malaria [30, 31], tuberculosis [32],
and viruses such as Zika [33] and mumps [34], demonstrating sensitivity comparable
to RT-nested PCR. Its simplicity and cost-effectiveness, requiring only basic heating
devices, make it particularly valuable in point-of-care and resource-limited settings.

However, the complex design of multiple primers and the potential for false pos-
itives due to primer-dimer formation are challenges. Additionally, result interpre-
tation, often visual, can be subjective. More objective and quantitative readout
methods, such as lateral flow dipsticks or real-time fluorescence detection, are being

developed to address these issues.

1.3.3 Next-Generation Sequencing (NGS)

Next-Generation Sequencing (NGS) is a revolutionary technology that has trans-
formed the field of genomics and molecular diagnostics [35]. Unlike traditional se-
quencing methods, NGS allows for the high-throughput sequencing of entire genomes
[36], exomes [37], transcriptomes [38], or targeted genomic regions [39] with unprece-
dented speed and accuracy. This capability makes NGS an invaluable tool for com-
prehensive genetic analysis [40], pathogen identification [41, 42, 43], and the study of

complex biological systems.
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NGS involves several key steps, starting with the preparation of a DNA or RNA
sample. The nucleic acids are first fragmented into smaller pieces, which are then
ligated to adaptors necessary for subsequent amplification and sequencing. These
fragments are then amplified using a method such as emulsion PCR or bridge PCR,
generating clusters of identical sequences. Sequencing is performed by adding nu-
cleotides that emit a fluorescent signal when incorporated into the growing DNA
strand. These signals are captured and converted into sequence data through sophis-
ticated bioinformatics algorithms [44].

One of the primary advantages of NGS is its ability to produce massive amounts
of sequence data in a single run. This high-throughput capability enables the si-
multaneous sequencing of multiple samples, making it cost-effective and efficient for
large-scale studies [45]. NGS can generate billions of base pairs of sequence data,
allowing for comprehensive genomic coverage and the detection of rare variants that
may be missed by other methods [44].

In the context of viral diagnostics, NGS offers several distinct advantages. It can
detect and characterize a wide range of pathogens, including viruses, bacteria, fungi,
and parasites, without prior knowledge of the infectious agent [46]. This makes NGS
particularly useful for identifying novel or emerging pathogens and for studying mixed
infections where multiple pathogens are present [47, 48]. NGS also provides detailed
information on viral genomes, enabling the tracking of viral evolution, the identifi-
cation of drug resistance mutations, and the study of viral transmission dynamics
[49].

NGS has been instrumental in the response to viral outbreaks, such as the COVID-
19 pandemic. It has been used to sequence the genome of SARS-CoV-2 [50], the virus
responsible for COVID-19, providing critical information on its genetic structure,
mutation patterns, and transmission routes. This information has been essential for
the development of diagnostic tests, vaccines, and therapeutic strategies. NGS has
also been used to monitor the emergence of new variants of SARS-CoV-2 [51, 52],

guiding public health interventions and informing vaccine updates.
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Despite its many advantages, NGS has some limitations. The technology requires
sophisticated laboratory equipment and bioinformatics expertise, making it less ac-
cessible in resource-limited settings. The large volumes of data generated by NGS also
require substantial computational resources for data analysis and storage. Addition-
ally, the interpretation of NGS data can be complex, particularly when dealing with
large and diverse datasets. Other challenges include the lack of automation in some
workflows, the need for highly skilled personnel to operate and interpret the systems,
and the relatively high cost associated with implementation and routine use, which

may limit scalability and broader adoption.

1.3.4 Antibody Tests

Antibody tests, or serological tests, detect specific antibodies produced in response
to a viral infection, such as Immunoglobulin M (IgM) and Immunoglobulin G (IgG),
indicating current or past infections. Unlike nucleic acid-based tests that identify
viral genetic material, antibody tests focus on the immune response [53].

The process begins with collecting a blood sample, which is then analyzed using
an assay like the Enzyme-Linked Immunosorbent Assay (ELISA). In ELISA, viral
antigens are attached to a solid surface, and the patient’s serum is added. If antibodies
are present, they bind to the antigens. A secondary antibody linked to an enzyme is
introduced, and a substrate for the enzyme causes a detectable signal, usually a color
change, indicating the presence of antibodies.

Antibody tests are crucial for determining whether an individual has been ex-
posed to a virus and developed an immune response. They are useful in epidemi-
ological studies to understand virus spread and can identify individuals who may
have developed immunity. For example, during the COVID-19 pandemic, antibody
tests helped estimate the prevalence of SARS-CoV-2 [54, 55| and identify potentially
immune individuals.

A key advantage of antibody tests is their ability to detect past infections, unlike
tests that only identify active infections. This is important for detecting asymp-

tomatic or mild cases. However, they are not suitable for diagnosing acute infections
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as it takes one to two weeks post-infection for detectable antibody levels to develop.
Additionally, the presence of antibodies does not necessarily confer immunity, and the
duration of immunity can vary [56]. False positives can occur due to cross-reactivity
with antibodies from other pathogens [57].

Despite these limitations, antibody tests are vital in public health for evaluating
vaccine efficacy by measuring antibody response and assisting in diagnosing condi-
tions related to the immune response, such as determining the presence of protective

antibodies in managing Hepatitis B [58, 59].

1.3.5 Antigen Tests

Antigen tests, or rapid diagnostic tests (RDTS), detect specific viral proteins, such as
nucleocapsid or spike proteins, to identify current infections, often before antibodies
are present, making them useful for early diagnosis [60, 61]. Designed for quick
results within 15 to 30 minutes, they are ideal for point-of-care testing and large-
scale screening [62, 63].

For respiratory viruses, the testing involves swabbing the nasopharynx or throat
to collect a sample that is then mixed in a solution that releases viral antigens. This
solution is applied to a test strip with antibodies that bind to the antigens if present.
A visible line indicates a positive result, while no line indicates a negative result.

Antigen tests are particularly useful in settings that require rapid results, such
as airports, schools, workplaces, and large public events. Their speed and simplicity
make them suitable for mass testing and situations where laboratory facilities are
unavailable.

A major advantage of antigen tests is their speed and convenience. They don’t
require complex lab equipment or highly trained personnel, making them accessible
and scalable, which is crucial during pandemics for quickly identifying and isolating
infected individuals to reduce transmission.

However, antigen tests are generally less sensitive than PCR tests. They may not

detect low levels of viral antigens, especially early in infection or in asymptomatic
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individuals, leading to false negatives [64, 65]. To address this, negative antigen test

results are sometimes confirmed with PCR tests if clinical symptoms suggest infection.

1.3.6 Enzyme-Linked Immunosorbent Assay (ELISA)

The Enzyme-Linked Immunosorbent Assay (ELISA) is a highly sensitive and specific
laboratory technique used to detect and quantify soluble substances, such as proteins,
peptides, antibodies, and hormones. ELISA plays a crucial role in the diagnosis of
viral infections.

In ELISA, antigens are immobilized on a solid surface, typically the wells of a
microplate. A sample containing antibodies is added to these wells. If antibodies
are present, they bind to the immobilised antigens. The wells are washed to remove
unbound substances, and then a secondary antibody linked to an enzyme is added.
This enzyme-conjugated antibody binds to the antigen-antibody complexes. After
another wash, a substrate for the enzyme is introduced. The enzyme catalyzes a
reaction with the substrate, producing a detectable signal, usually a color change,
which is measured using a spectrophotometer. The intensity of the color is directly
proportional to the amount of antibody or antigen present in the sample.

There are several variations of ELISA, including direct, indirect, sandwich, and
competitive ELISA, each serving different diagnostic purposes (see Figure 1.3). ELISA
is widely used to detect antibodies against viruses such as HIV [66], Hepatitis B and C
[67, 68, 69|, Dengue [70], and SARS-CoV-2. During the COVID-19 pandemic, ELISA
was essential for identifying individuals exposed to the virus and assessing population
immunity.

The major advantages of ELISA include its high sensitivity and specificity, making
it effective for early diagnosis. It is versatile, capable of analyzing various sample types
like blood, urine, and saliva, and can be automated for high-throughput screening.
However, ELISA is time-consuming and requires careful handling to avoid errors. The
need for specific reagents can increase costs, and cross-reactivity can sometimes lead

to false positives, necessitating confirmatory tests.
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Figure 1.3: key variations and mechanisms underlying enzyme-linked immunosorbent assays
(ELISA). It includes representations of direct ELISA, indirect ELISA, sandwich ELISA, and
competitive ELISA, with an emphasis on the colorimetric changes observed upon substrate
binding. Adapted from Thermofisher [71] and Bio-Rad [72|.Figure created with BioRen-
der.com.

Despite these limitations, ELISA remains a cornerstone in diagnostic virology and
immunology. It provides reliable, quantitative results critical for diagnosing infections,
monitoring immune responses, and conducting epidemiological studies. For example,
in vaccine development, ELISA evaluates vaccine efficacy by measuring the antibody

levels generated in response to the vaccine.

1.3.7 Immunofluorescence Assays (IFA)

Immunofluorescence Assays (IFA) are laboratory techniques used to detect specific
antigens or antibodies in a sample using fluorescently labeled antibodies. This method
is widely employed in the diagnosis of viral infections due to its ability to provide
visual confirmation of the presence of target molecules.

The IFA process involves applying a sample to a microscope slide and adding a flu-
orescently labeled antibody that binds specifically to the target antigen or antibody.
After incubation, unbound antibodies are washed away. The slide is then exam-

ined under a fluorescence microscope. If the target antigen or antibody is present,
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the bound fluorescent antibodies will emit light, which can be visualized and pho-
tographed.

IFA is particularly useful for detecting viral proteins in infected cells or tissues.
It is used in the diagnosis of infections such as influenza, respiratory syncytial virus
(RSV), and cytomegalovirus (CMV). IFA can also be employed to detect antibodies
against viruses, aiding in the diagnosis of diseases like Epstein-Barr virus (EBV) and
rubella.

One of the main advantages of IFA is its high specificity, as the use of fluores-
cently labeled antibodies ensures that only the target antigen or antibody is detected.
Additionally, IFA provides a visual confirmation of the presence and localization of
the target molecules within cells or tissues. This can offer valuable insights into the
pathogenesis of infections.

However, IFA has some limitations. The technique requires a fluorescence micro-
scope and trained personnel to interpret the results, which can be subjective. The
process can be time-consuming and less suitable for high-throughput screening com-
pared to other methods like ELISA. Furthermore, the quality of the results depends

on the quality of the fluorescent antibodies and the sample preparation.

1.3.8 Discussion

Established diagnostic technologies such as PCR, RT-PCR, qPCR, LAMP, NGS, an-
tibody tests, antigen tests, ELISA, and immunofluorescence assays each have unique
strengths, but they also share several common traits. These methods leverage the
amplification of nucleic acids or detection of immune responses, enabling sensitive
and specific detection of viral infections. Most of these technologies require a certain
degree of specialized equipment and trained personnel, contributing to their reliability

but limiting their use in decentralized or low-resource settings.

1.3.8.1 Common Strengths Across Technologies

One of the key strengths shared by PCR, RT-PCR, qPCR, and LAMP is their high

sensitivity and specificity in detecting viral genetic material, even at low concentra-
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Figure 1.4: Overview of established diagnostic methods for viral infections following sample
collection. This schematic illustrates typical diagnostic workflows beginning with a throat
swab /nasopharangial aspirate (NPA) or blood sample. A throat swab can be processed using
a range of viral detection methods, including RT-PCR, next-generation sequencing (NGS),
viral culture, and lateral flow tests (LFTs). Each method is represented with associated
advantages and limitations, highlighting trade-offs in sensitivity, speed and infrastructure
requirements. In parallel, a blood sample may be analyzed by ELISA, commonly used to
detect host antibody responses to viral infections. Figure created with BioRender.com.

tions. This makes them particularly valuable for early diagnosis when viral loads
may be minimal. Technologies like NGS further extend this precision by provid-
ing comprehensive genomic data, which is crucial for tracking viral mutations and
studying emerging variants. Antibody tests and ELISA offer another layer of diag-
nostic capability by detecting immune responses, making them essential for assessing
past infections and population-level immunity. Antigen tests and LAMP distinguish
themselves with their speed and simplicity, which makes them more adaptable for
rapid testing needs in point-of-care settings. Antigen tests, for instance, are par-

ticularly valuable for large-scale screening due to their quick turnaround time and

ease of use. LAMP, with its isothermal amplification process, reduces the need for
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complex thermal cycling equipment, offering a more accessible alternative to PCR in

resource-limited environments.

1.3.8.2 Areas for Improvement

Despite their strengths, established methods have limitations that present opportu-
nities for improvement and the need for new diagnostic technologies. For instance,
PCR-based methods, including RT-PCR and qPCR, require sophisticated instru-
ments and laboratory settings, making them less accessible in low-resource or remote
areas. The high sensitivity of these methods, while beneficial, can also make them
prone to contamination, leading to false positives. Similarly, the complexity of sample
preparation and the need for skilled personnel limit their scalability in large testing
campaigns.

Antibody tests and ELISA are powerful tools for understanding immune responses
but are less suitable for detecting acute infections, as antibodies take time to develop.
Their results can also be influenced by cross-reactivity, potentially leading to false
positives. Antigen tests, while rapid and convenient, are generally less sensitive than
PCR-based methods and may fail to detect low viral loads, especially in asymptomatic
individuals. The accuracy of such tests often requires confirmation through more
sensitive methods like RT-PCR.

There is considerable scope for new diagnostic technologies that can address these
limitations. For example, advances in microfluidics and lab-on-a-chip technologies
could make nucleic acid amplification methods more portable and faster, allowing
for PCR-level sensitivity without the need for extensive laboratory infrastructure.
Similarly, new point-of-care devices that integrate the high sensitivity of molecular
tests with the simplicity and speed of antigen assays could transform diagnostics in
both developed and resource-limited settings.

Additionally, technologies that can directly detect intact viral particles or pro-
vide insights into viral infectivity, such as next-generation imaging methods and

nanoparticle-based assays, could complement existing methods. These would be par-
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ticularly valuable in distinguishing active infections from residual genetic material,
which PCR tests may detect long after a person is no longer infectious.

Finally, improvements in machine learning and artificial intelligence could enhance
data interpretation for complex methods like NGS, making them more user-friendly
and accessible to non-specialists. Al-driven analysis could also improve the precision
of pattern recognition in tests like immunofluorescence assays, offering deeper insights

into viral behavior and immune responses.

1.4 Up and Coming Technologies

The domain of viral diagnostics is persistently progressing, yet there remains a press-
ing need for new technologies. Traditional diagnostic methods often present a di-
chotomy between accuracy and speed: high-precision techniques typically require lab
facilities and extended processing times, while point-of-care methods may compromise
accuracy for the sake of rapid results. The COVID-19 pandemic underscored these
challenges, with supply chain disruptions exacerbating issues in diagnostic capacities
[73].

Despite the emergence of innovative technologies and methodologies, such as
CRISPR-based tools and Next-Generation Sequencing, there is still a significant de-
mand for further advancements [74]. These new techniques offer unique advantages,
including increased sensitivity, specificity, and the ability to detect multiple pathogens
simultaneously. However, challenges such as the need for sophisticated equipment,
bioinformatics expertise, and the ability to rapidly scale up testing in response to
outbreaks remain [75].

Therefore, the development of novel, efficient, and scalable diagnostic technologies
remains a critical area of research. As we continue to confront new viral threats,
the evolution of diagnostic technologies will be crucial in enhancing our capacity to

respond effectively.
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1.5 Emerging Diagnostic Technologies

1.5.1 Clustered Regularly Interspaced Short Palindromic Re-
peats (CRISPR)-based Diagnostics

CRISPR-based tools have revolutionized molecular diagnostics, providing precise and
versatile methods for detecting viral infections |76]. CRISPR, or Clustered Regularly
Interspaced Short Palindromic Repeats, utilizes CRISPR-associated (Cas) proteins
[77] to accurately target and cleave specific viral DNA or RNA sequences |78]. The
core component is the Cas protein, typically Cas9 or Casl2, which is guided by a
custom-designed RNA sequence (gRNA) that matches the viral target. When the
Cas protein binds to the target sequence, it cleaves it. This cleavage activates a
reporter molecule to generate a detectable signal, such as fluorescence or a color
change, indicating the presence of the virus.

1.5.1.1 Specific High Sensitivity Enzymatic Reporter UnLOCKing (SHER-

LOCK)

Specific High Sensitivity Enzymatic Reporter UnLOCKing (SHERLOCK) [79] is a
CRISPR-based diagnostic method designed for high sensitivity and specificity in de-
tecting viral infections. Utilizing the CRISPR-~Cas13 enzyme, SHERLOCK targets
viral RNA sequences with a gRNA [80]. In virus diagnostics, SHERLOCK functions
by programming Cas13 with a gRNA that matches the target viral RNA. When Cas13
binds to the target, it cleaves nearby reporter molecules, producing a detectable sig-
nal, such as fluorescence or a color change, indicating the presence of the viral RNA.
The key advantage of SHERLOCK is its ability to detect low concentrations of viral
RNA, which makes it ideal for early-stage infection detection [81]. Its high specificity
ensures accurate targeting of viral genomes [82]. The method typically takes around
1 to 2 hours from sample preparation (lysis, RNA extraction, Reverse Transcription)

to result.
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1.5.1.2 DNA Endonuclease-Targeted CRISPR Trans Reporter (DETECTR)

DETECTR is an advanced CRISPR-based diagnostic platform utilizing the CRISPR-
Casl2 enzyme for precise and rapid viral DNA detection|83]. It employs a guide
RNA (gRNA) designed to match specific viral DNA sequences. Upon binding, the
Casl2 enzyme activates and cleaves nearby reporter molecules, producing a detectable
signal such as fluorescence or color change. This system offers results within about
30 to 60 minutes from sample preparation to result, making it ideal for point-of-
care applications. DETECTR is highly sensitive and specific, reducing false positives
and ensuring accurate diagnostics. Its versatility allows adaptation to various DNA
viruses by altering the gRNA sequence. Clinicallyy, DETECTR has been effective
in detecting viruses such as Human Papillomavirus (HPV) [84] and SARS-CoV-2
[85]. The method’s rapid turnaround and robust performance make it a valuable
tool in both clinical and field settings, enabling timely and accurate viral detection
during outbreaks. In summary, DETECTR represents a significant advancement in
CRISPR-based diagnostics, offering a powerful, efficient, and adaptable approach to

viral detection.

1.5.2 Nanopore Sequencing

Nanopore sequencing is an advanced technique that has significantly impacted viral
diagnostics[86] by enabling real-time analysis of long DNA or RNA molecules. This
method utilizes nanopores—tiny holes through which nucleic acids pass—allowing
for the direct sequencing of genetic material. In nanopore sequencing, DNA or RNA
molecules are threaded through a nanopore embedded in a membrane[87|. As each
nucleotide passes through the pore, it causes characteristic disruptions in an ionic
current, which are recorded and analyzed to determine the sequence. This real-
time sequencing capability facilitates the rapid identification and characterization of
viral genomes. Nanopore sequencing offers several advantages in viral diagnostics.
Its speed provides near-instantaneous sequencing results, crucial for timely outbreak

responses. The portability of devices like the Oxford Nanopore MinION [88] allows
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Nanopore Sequencing
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Figure 1.5: Schematic representation of nanopore sequencing. (1) DNA is unwound by a
motor protein, and a single strand is translocated through the nanopore toward the positively
charged side of the membrane. (2) As each nucleotide passes through the pore, it causes a
characteristic reduction in the ionic current, enabling the DNA sequence to be determined
in real time. Original creators of figure Flo Glencross and Daid Ahmad Khan. Figure created
with BioRender.com.

for on-site viral surveillance and diagnostics in field settings. The ability to read
long nucleotide sequences helps in assembling complex viral genomes and identifying
genetic variations, while its versatility enables the sequencing of both DNA and RNA,
making it adaptable to a wide range of viruses.

This technology has been effectively used to sequence viral genomes during out-
breaks, including Ebola [89, 90|, Zika [91], and SARS-CoV-2 92, 93|, providing critical
information on viral evolution, transmission, and mutation patterns. Nanopore se-
quencing’s rapid and comprehensive capabilities make it a valuable tool in the fight

against viral infections, aiding in both diagnostics and epidemiological studies.
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1.5.3 Surface-Enhanced Raman Spectroscopy (SERS)

Surface-Enhanced Raman Spectroscopy (SERS) is a highly sensitive analytical tech-
nique that amplifies Raman scattering signals of molecules on nanostructured metallic
surfaces, such as gold or silver nanoparticles. Originally, Raman spectroscopy was dis-
covered in 1928 by C.V. Raman [94], and SERS was first observed in the 1970s [95],
revolutionizing the sensitivity of molecular detection. This enhancement allows for
the detection of viruses and their biomarkers at very low concentrations by identify-
ing unique molecular fingerprints of viral components like proteins, nucleic acids, and
lipids. In virus diagnostics, SERS involves binding viral particles to a SERS-active
substrate, which significantly boosts the Raman signal, enabling precise identification
and quantification.

SERS offers several advantages for virus diagnostics, including rapid detection,
high sensitivity that often exceeds traditional methods like PCR, and the capabil-
ity for multiplexed assays to identify multiple viruses or biomarkers simultaneously.
Portable SERS devices facilitate point-of-care testing, enhancing accessibility and
timely diagnosis essential for outbreak control and treatment initiation. However,
challenges such as ensuring consistent and reproducible SERS-active substrates, han-
dling interference from complex biological samples, and the need for standardized
protocols must be addressed. Additionally, the cost and accessibility of high-quality
SERS equipment can limit its use in resource-constrained settings.

Recent advancements have improved SERS applications in virus diagnostics through
the development of novel nanostructures, integration with microfluidic platforms for
automated detection, and the use of machine learning algorithms to analyze com-
plex spectra, thereby increasing diagnostic accuracy. Ongoing clinical validations
are crucial for establishing SERS-based diagnostics alongside established methods,

facilitating regulatory approvals and broader clinical adoption.
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1.5.4 Biosensors

Biosensors are emerging tools in viral diagnostics, offering diverse mechanisms for the
rapid and specific detection of viral pathogens. Electrochemical biosensors operate
by measuring electrical changes that occur when a virus interacts with the sensor’s
recognition elements. For example, electrochemical sensors coated with anti-HIV an-
tibodies can detect HIV particles by monitoring alterations in current or impedance
upon virus binding [96, 97|, while paper-based electrochemical sensor chip can detect
SARS-CoV-2 antigens through electrical signals [98, 99]. Optical biosensors utilize
light-based techniques to detect viruses by observing changes in properties such as
absorbance, fluorescence, or refractive index. An example includes Surface Plasmon
Resonance (SPR) sensors used for influenza detection, which monitor refractive index
changes when viruses bind to antibodies on the sensor surface. Piezoelectric biosen-
sors detect viruses by measuring mass or mechanical changes on the sensor surface
using piezoelectric materials. Quartz Crystal Microbalance (QCM) sensors, for in-
stance, identify Hepatitis B Virus (HBV) by detecting frequency shifts caused by
viral binding to immobilized antibodies [100]. Additionally, thermal biosensors mea-
sure temperature changes resulting from biochemical reactions during virus-antibody
interactions, such as microcalorimetric sensors used for influenza detection. Magnetic
biosensors employ magnetic nanoparticles to capture and detect viral components
through changes in magnetic properties, with Giant Magnetoresistance (GMR) sen-
sors being used to detect HBV by measuring resistance changes from bound magnetic
nanoparticles [101]. While Surface-Enhanced Raman Spectroscopy (SERS) is a no-
table optical biosensor, it is one of many optical methods and is not the primary
focus in the broader context of biosensor applications. Overall, these various types of
biosensors provide versatile approaches for virus detection, each with unique advan-
tages that contribute to enhancing diagnostic capabilities in clinical and point-of-care

settings.
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1.5.5 Digital PCR (dPCR)

Digital PCR (dPCR) is a highly precise molecular technique for quantifying nucleic
acids, offering unparalleled sensitivity and absolute quantification without the need
for calibration curves [102|. By partitioning the sample into thousands of tiny reac-
tions and using fluorescence detection to measure the presence of target sequences,
dPCR is uniquely suited for detecting rare targets, low viral loads, and subtle genetic
variations.

There are two main formats: chip-based dPCR, such as the Thermo Fisher
QuantStudio Absolute QQ, where partitioning is achieved through microfluidic chan-
nels or nanowells; and droplet digital PCR (ddPCR), used in systems like the Bio-Rad
QX200, where samples are emulsified into thousands of nanoliter-sized droplets sus-
pended in oil. In both cases, amplification and fluorescence detection occur in each
individual partition, but the droplet-based method is generally more scalable and bet-
ter suited to high-throughput workflows, while chip-based systems often offer more
integrated and streamlined protocols.

Other notable platforms include the Stilla Naica and RainDance RainDrop, which
use their own proprietary partitioning technologies with advanced multiplexing ca-
pabilities. Widely used for pathogen detection [103, 104], mutation analysis [105],
viral load monitoring|[106|, and vaccine development [107], dPCR stands out for its
accuracy and reproducibility in challenging diagnostic scenarios. Digital PCR is not
yet widely adopted due to its high cost, complex workflows, and limited throughput
compared to qPCR. Additionally, a lack of standardization and the need for special-
ized training further hinder its widespread use, though its precision and sensitivity

make it valuable for niche applications.

1.5.6 Lab-on-a-Chip (LoC) Devices

Lab-on-a-Chip (LoC) devices integrate laboratory processes, such as sample prepara-
tion, nucleic acid amplification, and detection, onto compact microfluidic platforms,

enabling rapid and precise virus diagnostics [108]. Notable examples, like the Cepheid
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GeneXpert and Abbott ID NOW, automate complex workflows in self-contained car-
tridges, reducing sample and reagent use while offering portability for point-of-care
testing. However, their adoption is limited by high development costs, scalability

challenges, and the need for specialized expertise.

1.5.7 Molecular Imprinted Polymers (MIPs)

Molecular Imprinted Polymers (MIPs) are synthetic materials designed to recognize
specific viral particles or biomarkers through tailored binding sites, offering advan-
tages like stability, reusability, and cost-effectiveness compared to biological elements
[109, 110]. While they hold promise for virus diagnostics and are being actively re-
searched for applications such as SARS-CoV-2 [111] and influenza detection [112],
MIPs remain largely in the experimental stage. Challenges like scaling, reproducibil-
ity, and achieving clinical-level sensitivity must be addressed before they can transi-

tion into widely adopted commercial products.

1.5.8 Single-Molecule Real-Time (SMRT) Sequencing

Single-Molecule Real-Time (SMRT) sequencing is a high-throughput DNA and RNA
sequencing technology that enables real-time analysis of nucleic acids at the single-
molecule level [113]. Developed by Pacific Biosciences (PacBio), SMRT sequencing
uses zero-mode waveguides (ZMWSs) to observe the activity of DNA polymerase as
it incorporates fluorescently labelled nucleotides. This approach provides long-read
sequences with high accuracy, making it ideal for detecting complex genetic variations,
structural rearrangements, and epigenetic modifications.

The long-read capability of SMRT sequencing offers several advantages over short-
read platforms: it enables the resolution of repetitive regions, the phasing of genetic
variants, and the accurate assembly of complete genomes without the need for exten-
sive computational stitching. This is particularly important in virology, where viral
genomes may contain high levels of sequence complexity, structural diversity, and

quasispecies variation.
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In virus diagnostics, SMRT sequencing is valuable for characterising viral genomes,
identifying mutations, and studying viral evolution [114, 115]. The commercial plat-
form, PacBio Sequel Ile, is widely used for applications such as whole-genome sequenc-
ing of viruses like SARS-CoV-2 and HIV. Its long-read capabilities are particularly
beneficial for resolving repetitive regions and structural variants in viral genomes.
While highly accurate, the cost and complexity of SMRT sequencing limit its use to
specialised research and clinical laboratories. Advances in cost reduction and work-

flow simplification aim to expand its accessibility for broader diagnostic applications.

1.5.9 Field-Effect Transistor (FET) Biosensors

Field-Effect Transistor (FET) biosensors are highly sensitive diagnostic devices that
detect viral particles or biomarkers by monitoring changes in the electrical properties
of a semiconductor-based platform [116]. A recognition element, such as an anti-
body or nucleic acid, is immobilized on the FET surface, and binding of the target
viral biomolecule alters the local charge distribution. This change modulates the
conductivity of the FET channel, producing an electrical signal that allows real-time,
label-free detection. FET biosensors have been studied for virus diagnostics, including
SARS-CoV-2 [117, 118], where graphene-based FETs have demonstrated the ability
to detect spike proteins and viral RNA with high sensitivity.

While most FET biosensors remain in the research stage, advancements are bring-
ing them closer to commercialization, with companies like Nanowear and Grolltex
exploring related technologies. Their key advantages include rapid response times,
high sensitivity, and potential for miniaturization into portable devices. However,
challenges such as complex fabrication, environmental interference, and scalability
need to be addressed for broader adoption. Ongoing research aims to enhance their
robustness and integrate FET biosensors into cost-effective, point-of-care platforms

for virus diagnostics.
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1.5.10 Paper-based Analytical Devices (PADs)

Paper-based Analytical Devices (PADs) are cost-effective, portable platforms that
use capillary action to transport fluids through porous paper, enabling chemical or
biochemical reactions for virus diagnostics [119]. Commercial examples like the Bi-
naxNOW and CareStart COVID-19 Antigen Tests detect viral antigens via lateral
flow, producing visible lines as a readout. Studies also focus on multiplexed detection
of viruses like dengue and Zika [120, 121|. Their affordability and simplicity make
PADs ideal for resource-limited settings, though challenges in sensitivity and reagent

stability remain areas for improvement.

1.5.11 Multiplexed Assays using Barcoded Nanoparticles

Multiplexed assays using barcoded nanoparticles are advanced platforms that enable
the simultaneous detection of multiple viral targets within a single test [122|. These
assays use nanoparticles encoded with unique identifiers, such as optical, magnetic,
or chemical "barcodes," to correspond to specific viral antigens or nucleic acids [123,
124]. Upon binding of the target molecule, interactions are detected and decoded
using fluorescence, spectroscopy, or similar techniques.

While much of the technology remains in the research phase, commercial platforms
like Luminex xMAP Technology and Nanostring nCounter System have demonstrated
the potential for multiplexed viral detection, including respiratory viruses like in-
fluenza and RSV. Such systems offer high sensitivity, specificity, and scalability for
clinical and research applications. However, challenges like production complexity
and the need for specialized instrumentation remain barriers to widespread adop-
tion. Continued development aims to create cost-effective, point-of-care-compatible

solutions for routine virus diagnostics.

1.5.12 Surface Plasmon Resonance (SPR)

Surface Plasmon Resonance (SPR) is an optical sensing technique that measures

changes in the refractive index near a sensor surface to detect biomolecular interac-

33



Schematic of an SPR Sensor

Antibodies in bulk »\ \ >
solution (governed by — /(

mass transport) - / (
\\§ /
|
S . / Antibody
Antibodies approaching konl Kot k
: o o -

surface-immobilized —

proteins by diffusion
«———Protein

S é lgﬁSurface linker

Glass prism

Gold SPR sensor —+=

Incident light

Figure 1.6: Schematic representation of an SPR sensor [125]. Antibodies in bulk solution
diffuse toward the surface, where they interact with immobilized proteins on a gold SPR
sensor. Incident light passes through a glass prism to excite surface plasmons, enabling the
detection of biomolecular interactions in real time. Figure created with BioRender.com.

tions in real time. It relies on the excitation of surface plasmons—oscillating electrons
at the metal-dielectric interface—by polarized light. When a biomolecule, such as a
viral antigen or antibody, binds to the sensor surface, the resonance angle or inten-
sity changes, enabling label-free and quantitative analysis of binding events [126] (see
Figure 1.6).

In virus diagnostics, SPR is used to study viral antigens, antibodies, and in-
hibitors, providing data on binding kinetics, affinity, and specificity [127, 128]. Com-
mercial products include Cytiva’s Biacore systems, which are widely used in research
and diagnostics, and Nicoya OpenSPR, a benchtop platform designed for affordable
and accessible biomolecular interaction studies. While SPR offers high sensitivity and
real-time analysis, its cost and need for specialized equipment limit its routine use in
diagnostics. Efforts to miniaturize and integrate SPR into portable systems aim to

expand its applications in point-of-care viral testing.

34



1.5.13 Coherent Anti-Stokes Raman Spectroscopy (CARS)

Coherent Anti-Stokes Raman Spectroscopy (CARS) is a powerful nonlinear optical
technique used to detect and characterize molecules based on their vibrational modes
[129]. In CARS, two laser beams (pump and Stokes) interact with a sample to
generate a coherent signal at a higher frequency (anti-Stokes), which is specific to
the vibrational energy levels of the molecules. This method provides highly sensitive,
label-free chemical imaging with exceptional spatial and temporal resolution.

In the context of virus diagnostics, CARS has been explored for detecting viral
particles, analyzing their chemical composition, and identifying infected cells [130].
Its ability to provide real-time, non-invasive analysis makes it a promising tool for
studying viral structures and interactions [131]. However, the complexity of the setup,
high cost of equipment, and sensitivity to environmental factors limit its current use
to research applications rather than routine diagnostics. Ongoing advancements in in-
strumentation and data analysis are focused on improving accessibility and expanding

its clinical potential.

1.5.14 Smartphone-based Methods
1.5.14.1 Cough Analysis for COVID-19 Detection

Cough analysis for COVID-19 detection leverages artificial intelligence (AI) and ma-
chine learning (ML) to identify unique acoustic features of cough sounds associated
with the disease [132|. Using audio recordings, algorithms analyze parameters such
as frequency, amplitude, and duration to differentiate COVID-19-related coughs from
those caused by other conditions. These systems often utilize large datasets to train
models, improving their accuracy and generalisability.

Several studies and prototypes have demonstrated the potential of cough analysis
as a non-invasive, low-cost screening tool, particularly in resource-limited settings.
Apps like Coughvid [133] and research from institutions like MIT have shown promis-
ing results in identifying COVID-19 with high sensitivity and specificity. However,
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challenges include ensuring robust performance across diverse populations, address-
ing privacy concerns, and integrating these tools into clinical workflows. Ongoing
development aims to validate and standardize cough analysis for broader adoption in

public health and clinical settings.
1.5.14.2 Smartphone-based Imaging for Viral Detection

Smartphone-based imaging for viral detection leverages the advanced cameras, sen-
sors, and computational capabilities of smartphones to identify viral particles, biomark-
ers, or diagnostic signals[134]. These platforms typically integrate smartphone cam-
eras with external components such as microfluidic chips, fluorescence readers, or
lateral flow assays to capture and analyze diagnostic results [135]. Image processing
algorithms then interpret the data to detect the presence of viral targets with high
sensitivity and specificity.

Applications include detecting viral antigens, nucleic acids, or antibodies in dis-
eases like COVID-19, influenza, and dengue. Commercially available examples in-
clude smartphone adapters for lateral flow assays, such as the Ellume COVID-19
Home Test [136, 137], which pairs with a smartphone app for result interpretation,
and research prototypes that use smartphone cameras for fluorescence or colorimetric
detection. While offering portability, low cost, and ease of use, challenges include
ensuring consistent image quality across devices, achieving clinical-grade sensitivity,
and maintaining data privacy. Continued advancements aim to enhance accuracy and

expand smartphone-based imaging for point-of-care and at-home diagnostics.

1.5.14.3 Mobile Apps for Symptom Tracking and Diagnosis

Mobile apps for symptom tracking and diagnosis offer digital platforms to monitor
symptoms, assess risk, and guide users toward appropriate actions, such as seeking
testing or medical care [138]. In viral infections like COVID-19 and influenza, these
apps gather user-reported symptoms such as fever, fatigue, and respiratory distress,
often using Al or decision-tree algorithms to analyse patterns and provide risk assess-

ments or recommendations.
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Table 1.1: Comparison of emerging virus diagnostic technologies grouped by detection type. Techniques are evaluated for their detection
targets, label-free capability (LF), multiplexing potential (MPX), cost, portability, readout method, and key limitations. Groupings are
color-coded: blue for nucleic acid detection, yellow for antigen/antibody detection, purple for molecular signature detection, and green
for symptom-based or indirect detection methods.

Technique Category Target LF MPX Cost Portable Readout Limitation
CRISPR Detection [76, 77] Nucleic Acid Viral RNA/DNA A v Medium Medium Fluorescence Needs amplification, false
positives
Nanopore Seq. [88, 87] Nucleic Acid Nucleic acids X High Low Electrical signal Cost, error rate, data
processing
Digital PCR [102, 104] Nucleic Acid Nucleic acids X v High Low Quant. Instrument cost, technical
fluorescence skill
SMRT Sequencing [113] Nucleic Acid Nucleic acids X v High Low Optical signal Expensive, complex
Lab-on-Chip [108] Nucleic Acid DNA/RNA, proteins A v Medium High Mixed Integration complexity
Biosensors [96, 98, 99] Nucleic Acid Antigens, antibodies, A A Medium Medium Electrical /optical Environment sensitivity
nucleic acids
FET Biosensors [116] Nucleic Acid Viral proteins, nucleic v A Med-High High Electrical Fabrication complexity
acids
PADs [119, 120] Antigen/Ab Viral antigens X v Low High Visual (LFA) Low sensitivity, reagent
stability
Barcoded NP Assays [122,  Antigen/Ab Antigens, nucleic acids X v Med-High Medium Optical /fluorescence Special equipment
124, 123]
SPR [125, 126] Antigen/Ab Binding interactions v A High Low Optical shift Cost, not POC-friendly
SERS Molecular Sig. Molecular vibrations v A High Low Raman shift Complex instrumentation
CARS [131] Molecular Sig. Molecular vibrations v/ A Very Low Anti-Stokes Raman  Setup, environmental
High sensitivity
MIP Sensors [109] Molecular Sig. Protein/antigen v A Low High Binding detection Selectivity, reproducibility
templates
Smartphone Methods [137,  Symptom-based Cough, images, v A Low High Audio, visual, Privacy, device variation

136, 134, 135]

Symptoms
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Examples include the ZOE COVID Symptom Study [139], which aggregates large-
scale symptom data for public health insights, and Ada Health, an Al-powered app
offering tailored symptom assessments. These tools are scalable and accessible, pro-
viding valuable resources for both individual users and public health systems. How-
ever, challenges include ensuring data privacy, improving diagnostic accuracy, and
addressing biases in user-reported information. Integrating symptom tracking with
wearable devices and diagnostic technologies is a key area for future development.

Evidence from large-scale deployments has demonstrated the effectiveness of mo-
bile symptom tracking apps in supporting public health efforts. The ZOE COVID
Symptom Study, for example, engaged over four million users in the UK and provided
real-time data that accurately predicted regional COVID-19 prevalence and hospital
admission trends [140]|. Its data also influenced national health policy, such as ex-
panding the list of recognised symptoms. Similarly, the COVID Radar app in the
Netherlands showed strong correlation between user-reported symptoms and official
case numbers, validating its use for early outbreak detection [141]. In Singapore,
the TraceTogether app reduced contact tracing time from four days to under two,
significantly improving the speed of quarantine measures [142]. These examples il-
lustrate how symptom tracking apps, when widely adopted and properly integrated
with public health systems, can offer timely insights, accelerate response measures,

and improve disease surveillance at the population level.

1.6 Entrenched Systems and the Challenges of Inno-
vation in Virus Diagnostics

The dominance of large companies in the virus diagnostics market can be understood
through an analogy to transportation. Imagine a groundbreaking new mode of trans-
portation that promises unparalleled speed, efficiency, and convenience. However,
this new system comes with substantial challenges: it would require the construction
of millions of miles of specialized roads, a network of fueling stations spaced every

few miles, and the establishment of entirely new industries for manufacturing, main-
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tenance, insurance, and driver training. The cost for individuals would be exorbitant,
with tens of thousands of pounds needed upfront for the vehicle, alongside ongoing
expenses for fuel, maintenance, and insurance.

At first glance, such a proposal might seem absurd—an unreasonably complex,
expensive, and impractical solution compared to simpler alternatives. Few would
endorse building such a system from scratch, let alone maintaining it. However,
this system already exists; it is the car. What appears untenable in theory becomes
completely rational in practice because the infrastructure for cars is so entrenched.
Roads, gas stations, and repair shops are ubiquitous, and the sunk costs invested
over decades make the car the default mode of transportation. It is not that the car
was the simplest or most logical solution; it is that the system supporting it grew
incrementally into an unshakable norm, making alternative modes of transportation
difficult to imagine or adopt.

A similar dynamic exists in the virus diagnostics market. Just as the car relies
on a vast, entrenched infrastructure, the market for virus diagnostics is dominated
by large companies like Abbott, Roche, and Thermo Fisher, which have developed
systems deeply integrated into laboratory workflows. Over decades, these companies
have established extensive networks of diagnostic machines, reagents, and protocols
that laboratories worldwide depend on. This infrastructure is as ubiquitous and relied
upon as the roads and gas stations that support cars.

For a new diagnostic technology, entering this market is akin to proposing an
entirely new mode of transportation. Laboratories would need to purchase new ma-
chines, overhaul existing workflows, and retrain staff. Supply chains for reagents and
consumables would need to be rebuilt or replaced. Even if the new technology of-
fers clear advantages, such as greater speed or sensitivity, the barriers to adoption
make it a formidable challenge. Laboratories, like transportation users, are naturally
reluctant to disrupt systems that are already functional and familiar.

The existing diagnostic infrastructure creates a system of inertia that resists
change. The cost of switching to new technologies is high, both in terms of financial

investment and time required for adaptation. Logistics are already solved under the
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current system, with reliable supply chains and robust workflows in place. Further-
more, familiarity breeds trust—laboratories rely on established diagnostic methods
because they are proven and understood. This creates a self-reinforcing cycle where
innovation is discouraged, not because it lacks merit, but because it disrupts the
entrenched norm.

Breaking this cycle requires intentional effort. Just as alternative transportation
systems have gradually gained traction through subsidies, pilot programs, and gradual
integration into existing infrastructure, the adoption of new diagnostic technologies
must be incentivized. Policies that lower the cost of transition, streamline regulatory
approvals, and foster collaboration between innovators and established players can
help overcome these barriers. The success of new technologies often hinges not only
on their technical superiority but also on their ability to integrate into or enhance the
existing infrastructure without causing major disruptions.

In conclusion, the dominance of large companies in the virus diagnostics market
is supported by a deeply entrenched infrastructure that creates significant barriers to
the adoption of new technologies. This dynamic parallels the transportation industry,
where cars have become the default mode due to the vast system built around them.
Understanding and addressing the factors that perpetuate this inertia is essential
for fostering innovation in virus diagnostics, enabling laboratories to adopt more

advanced and efficient technologies

1.7 Opportunities for New Technologies in Point-of-
Care Diagnostics

While established diagnostic technologies dominate laboratory settings, they are not
well-suited for point-of-care (POC) applications. Current solutions for POC diag-
nostics, such as lateral flow tests (LFTs) and loop-mediated isothermal amplification
(LAMP), have certain limitations that constrain their broader utility. These tech-
nologies often require trade-offs between speed, sensitivity, and specificity, meaning

they can deliver rapid results or high accuracy, but rarely both. Moreover, these
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technologies are reaching the limits of their potential; much like squeezing the last
drops of juice from a lemon, further improvements yield diminishing returns.

This creates a unique opportunity for new technologies to enter the POC diagnos-
tics market, both because established players have not yet cracked this segment and
because the existing solutions were not designed with this context in mind. The poten-
tial is transformative: imagine knowing the exact infection you have—if any—during
your consultation with a doctor, or being able to perform a diagnostic test at your
local pharmacy. Even more ambitiously, envision a future where such tests could
be performed from the convenience of your own home. These possibilities represent
significant advancements for healthcare systems in developed countries, but they also
highlight an urgent need in low-resource environments.

In many parts of the world, such as rural areas in developing countries, central
laboratories and pharmacies are either scarce or entirely absent. Here, the importance
of reliable, portable, and easy-to-use diagnostic tools cannot be overstated. During
epidemics or pandemics, when healthcare resources are stretched thin, POC diagnos-
tics could play a pivotal role in identifying and controlling outbreaks. Whether in
the field, at makeshift clinics, or in remote areas, these tools could provide critical
information to healthcare workers and patients alike, guiding timely interventions and
saving lives.

The challenge is to develop technologies that meet these needs without compro-
mising on accuracy, reliability, or accessibility. Current gaps in the market provide
a clear entry point for innovators who can design diagnostics tailored specifically for
POC settings. These tools must be rapid, portable, affordable, and user-friendly,
while maintaining high levels of accuracy and reliability. By addressing these unmet
needs, new technologies have the potential not only to disrupt the market but also to
redefine how and where diagnostics are performed, bringing high-quality healthcare

to even the most resource-constrained environments.
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1.8 Frameworks for Point-of-Care Viral Diagnostics:
ASSURED and REASSURED

Given the lack of a perfect product—or even technology—for point-of-care (POC)
diagnostics, the World Health Organization (WHO) has established clear metrics to
guide the development of new diagnostic tools. Known as the ASSURED [143] cri-
teria, this framework emphasizes seven key attributes that ensure diagnostic tests
are both practical and accessible across a variety of settings. These attributes in-
clude affordability, sensitivity, specificity, user-friendliness, rapidity and robustness,
equipment-free operation, and deliverability to end-users (see Table 1.2 for further
details). Together, they serve as a blueprint for creating tools that can effectively
address the challenges of diverse healthcare environments, particularly in resource-
limited settings.

Recognizing the evolving landscape of diagnostic technology and healthcare needs,
the REASSURED guidelines were later introduced to expand upon the original AS-
SURED framework. In addition to retaining the core attributes, the REASSURED
criteria add two critical elements: real-time connectivity and ease of specimen col-
lection. Real-time connectivity allows for seamless integration of diagnostic data
into digital systems, enabling enhanced disease surveillance and swift public health
responses. Prioritizing ease of specimen collection addresses patient comfort while re-
ducing technical barriers, making diagnostics more accessible and feasible for a wider
range of users.

These criteria are particularly pertinent for POC viral diagnostics, where rapid
and accurate results are paramount. Beyond technical performance, such tools must
also be robust enough to function in varied and often challenging environments, from
urban clinics to remote field settings. The focus on connectivity within the REAS-
SURED |[144] framework aligns with modern trends in digital health, paving the way
for data-driven decision-making during outbreaks (see Table 1.2 for further details).

By adhering to these principles, the development of new diagnostic technologies can
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A | < | Metric Description

v | v | Affordable Cost-effective for the target population and
healthcare systems

v | v/ | Sensitive High true-positive rate to correctly identify
infected individuals

v’ | v/ | Specific High true-negative rate to correctly exclude
non-infected individuals

v | v | User-friendly Simple operation requiring minimal training

v | v | Rapid and Robust Delivers results quickly and functions reli-
ably under variable conditions

v | v | Equipment-free Does not require complex instrumentation,
suitable for low-resource settings

v’ | v | Deliverable Easy to distribute and deploy to the point of
need

v Real-time connectivity Enables digital integration for enhanced dis-
ease surveillance and data sharing

v Ease of specimen collection | Minimally invasive and straightforward sam-
ple acquisition for patient comfort

Table 1.2: Consolidated ASSURED [143] and REASSURED [144| metrics for point-of-care
diagnostics. Shared metrics are marked in both columns with ticks, while unique metrics
are marked only in the respective framework. Grey cells highlight the ticks.

not only fill existing gaps but also enhance global health initiatives, ensuring equitable

and effective healthcare delivery worldwide.

1.9 Limitations of Established Diagnostic Technolo-
gies in Meeting ASSURED and REASSURED
Criteria

Point-of-care (POC) diagnostics aim to provide rapid, accurate, and accessible testing
at or near the site of patient care, addressing critical needs in resource-limited settings.

The ASSURED framework (Affordable, Sensitive, Specific, User-friendly, Rapid and
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Robust, Equipment-free, Deliverable) and its expanded REASSURED version (adding
Real-time Connectivity and Ease of Specimen Collection) offer benchmarks for eval-
uating the suitability of diagnostic technologies for such purposes. However, as the
comparison table illustrates, none of the established diagnostic technologies fully sat-
isfy all ASSURED and REASSURED criteria (see Table 1.2), highlighting significant
gaps that must be addressed to optimise POC diagnostics.
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v | v | Rapid and Robust X | X | X |V |V
v' | v | Equipment-free X | X | x|V |V
v' | v | Deliverable X | X | x|V |V
v Real-time Connectivity VIV | x| X
v Ease of Specimen Collection | v/ | vV | vV | V | V

Table 1.3: Evaluation of common diagnostic technologies against the ASSURED [143] and
REASSURED [144] criteria. Each method is assessed for affordability, sensitivity, specificity,
usability, and operational suitability in resource-limited settings. REASSURED extends
ASSURED by incorporating real-time connectivity and ease of specimen collection.

PCR, including real-time and reverse-transcription variants, is highly sensitive
and specific, making it a cornerstone of diagnostic virology. However, it requires
expensive equipment, skilled personnel, and a controlled laboratory environment,
which contradicts the criteria for affordability, user-friendliness, and equipment-free
operation. Similarly, while LAMP addresses some of the operational challenges of
PCR by eliminating the need for thermal cycling, it still depends on specialized
equipment and reagents. Neither method is fully affordable or deliverable in resource-

limited settings.
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Next-generation sequencing (NGS) offers unparalleled sensitivity, specificity, and
scalability for comprehensive genomic analysis. However, its high cost, complex work-
flows, and reliance on sophisticated infrastructure make it unsuitable for most POC
settings. NGS technologies fail to meet the criteria for affordability, user-friendliness,
equipment-free operation, and deliverability. While they offer real-time connectivity,
their high technical barrier prevents broader adoption in non-specialized environ-
ments.

Antibody and antigen tests are more aligned with the ASSURED criteria. They
are affordable, user-friendly, rapid, equipment-free, and deliverable, making them
well-suited for POC applications. However, they are less sensitive and specific com-
pared to molecular methods, particularly in detecting early-stage or low-burden in-
fections. Additionally, they lack real-time connectivity, which limits their integration
into centralized healthcare systems for surveillance and epidemiological monitoring.

The inability of any single technology to satisfy all ASSURED and REASSURED
criteria underscores the need for continued innovation in POC diagnostics. Existing
molecular methods like PCR and NGS prioritize sensitivity and specificity at the
cost of accessibility, while immunoassays prioritize accessibility at the cost of diag-
nostic accuracy. Bridging these gaps requires leveraging emerging technologies, such
as CRISPR-based diagnostics and lab-on-a-chip devices, to develop solutions that
balance accuracy, affordability, and operational simplicity.

No established diagnostic technology currently fulfills all the requirements of the
ASSURED and REASSURED frameworks, highlighting the trade-offs between accu-
racy, cost, and accessibility. Future POC diagnostic tools must integrate advance-
ments in real-time connectivity, ease of specimen collection, and affordability without
compromising sensitivity and specificity. This balanced approach will be crucial for
addressing diagnostic challenges in resource-limited and decentralized settings, en-

abling equitable access to high-quality healthcare.
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1.10 Challenges and Limitations of Emerging Diag-
nostic Technologies in Meeting Point-of-Care
Needs

Emerging diagnostic technologies hold significant promise for transforming point-of-
care (POC) diagnostics. However, most of these technologies are either not com-
mercially available or lack sufficient clinical validation. While they demonstrate
innovative approaches to addressing diagnostic challenges, their real-world applica-
bility remains limited. Two of the most critical factors for effective POC diagnos-
tics—portability and speed—are particularly challenging for most emerging technolo-
gies to achieve consistently (see Table 1.4). Many of these tools require specialized
equipment and can only meet the under-15-minute waiting time limit in highly con-

trolled or limited scenarios.
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Table 1.4: Comparison of emerging diagnostic technologies based on ASSURED and RE-
ASSURED metrics.
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Smartphone-based methods exemplify this tension. While they leverage the porta-
bility of smartphones, their primary applications include interpreting results from
pre-existing tests like lateral flow assays or performing cough analysis for respiratory
diseases. These applications are not standalone diagnostic tools but rather enhance-
ments to existing workflows. Additionally, many smartphone applications focus on
symptom tracking, aggregating user-reported data to monitor disease progression or
assess risk. While valuable for public health and individual management, this does not
constitute diagnostic testing and fails to address the need for rapid, comprehensive
diagnostics at the POC.

CRISPR-based diagnostics demonstrate exceptional sensitivity and specificity,
making them promising candidates for early and accurate disease detection. How-
ever, these tools typically require specialized reagents and equipment, such as Cas
proteins and advanced detection systems, which compromise their portability. While
CRISPR platforms like SHERLOCK and DETECTR can produce results in under
15 minutes in limited scenarios, this speed often depends on ideal conditions that are
not representative of real-world environments.

Nanopore sequencing, known for its portability and ability to perform real-time
genomic analysis, offers a potential solution for decentralized diagnostics. However,
the technology’s reliance on trained personnel, sophisticated infrastructure, and com-
plex workflows limits its applicability outside of specialized settings. Achieving rapid
results within the 15-minute threshold is particularly challenging for nanopore se-
quencing, given the time required for sample preparation and analysis.

Technologies like surface-enhanced Raman spectroscopy (SERS) and field-effect
transistor (FET) biosensors face similar challenges. While SERS excels in sensitivity
and specificity, its dependence on nanostructured substrates and advanced instrumen-
tation makes it difficult to scale for portable and rapid use. FET biosensors, though
conceptually portable, often require precise fabrication and environmental controls to
function effectively, limiting their robustness and speed in POC applications.

Digital PCR (dPCR), lab-on-a-chip (LoC) devices, and molecularly imprinted

polymers (MIPs) showcase significant advancements in precision and sensitivity. How-
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ever, these technologies often involve intricate workflows and specialized instruments
that detract from their portability. Rapid results are typically achieved only in spe-
cific scenarios, such as when testing small, pre-prepared samples in ideal laboratory
conditions.

Single-molecule real-time (SMRT) sequencing and surface plasmon resonance (SPR)
further illustrate these constraints. Both are highly accurate and capable of detailed
molecular analyses but are inherently tied to laboratory infrastructure and long pro-
cessing times. Their potential for rapid diagnostics in decentralized settings is limited
by these operational demands.

Paper-based analytical devices (PADs) and smartphone-based methods stand out
for their portability and user-friendliness, aligning with several ASSURED criteria.
PADs, for example, are highly portable and capable of providing results in under
15 minutes in many scenarios. However, their sensitivity and specificity are often
sacrificed for simplicity and cost-effectiveness. Similarly, smartphone-based methods
capitalize on portability but are typically adjunctive tools that depend on existing
diagnostics rather than serving as independent solutions.

In summary, while emerging technologies offer innovative solutions, most fall short
of meeting the critical requirements of portability and speed for POC diagnostics.
The reliance on specialized equipment and the inability to consistently deliver results
within 15 minutes remain significant barriers. Smartphone-based methods and PADs
show potential in these areas but lack the diagnostic accuracy of more complex tools.
Bridging these gaps will require focused innovation to integrate portability, rapid
response times, and high diagnostic performance into a unified platform. This balance

is essential for fulfilling the promise of POC diagnostics in diverse healthcare settings.

1.11 The Potential of Smartphones in Bridging Di-
agnostic Gaps

From the above discussion, it is evident that achieving sensitivity and specificity com-

parable to laboratory-based diagnostic tests will almost certainly require some form
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of specialized equipment. This reliance on advanced tools often limits portability, af-
fordability, and accessibility, especially in resource-limited or decentralized healthcare
settings. However, this challenge presents a unique opportunity to harness a device
that is nearly ubiquitous in modern society: the smartphone.

Smartphones offer a compelling platform for diagnostic innovation. They combine
significant computational power with advanced imaging capabilities, are inherently
small and portable, and have robust connectivity features for data sharing and real-
time updates. These attributes make smartphones ideal candidates for extending
diagnostic capabilities through the development of extra attachments or modular
add-ons. Leveraging this device effectively could revolutionize point-of-care (POC)
diagnostics, bringing advanced testing capabilities to virtually any location.

The real opportunity lies in creating diagnostic technologies that can fully exploit
the smartphone’s potential. For this to succeed, a technology must be developed
that makes the most of the smartphone’s computational and imaging strengths. Such
a technology should be capable of high sensitivity and specificity without requiring
complex workflows or laboratory-grade equipment. Ideally, it would enable universal
pathogen detection using a single, versatile reagent. Crucially, the ability to adapt
to new pathogens through software updates, rather than by modifying reagents or
surfaces, would mark a dramatic shift in diagnostic capabilities.

This vision represents a fundamental departure from the current paradigm of di-
agnostics, which relies on the specificity of biological reagents or engineered surfaces.
Instead, it proposes a universal detection method, where pathogens are differentiated
by computational algorithms rather than by the physical properties of the diagnostic
system. This software-driven approach would allow for unprecedented flexibility, en-
abling rapid adaptation to emerging pathogens without requiring hardware changes
or new reagents.

Such a shift would dramatically reduce the time and cost associated with updating
diagnostic tools, making them more responsive to evolving public health threats. For
instance, during a pandemic, new pathogens could be added to the detection system

with a simple software update, rather than the laborious and expensive process of
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developing, manufacturing, and distributing new biological reagents. This adaptabil-
ity would be transformative, enhancing global readiness for emerging diseases and
reducing barriers to high-quality diagnostics.

In summary, the smartphone presents a unique opportunity to bridge the gap
between laboratory-grade sensitivity and specificity and the accessibility required for
POC diagnostics. By developing a technology that fully leverages the computational
and imaging capabilities of smartphones, it may be possible to create a universal,
software-driven diagnostic platform. This approach has the potential to redefine the
field of diagnostics, enabling rapid, portable, and adaptive testing solutions that meet

the needs of a rapidly changing healthcare landscape.
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Chapter 2

Methods

Scientific inquiry starts with
observation. The more one can see,
the more one can investigate.

Martin Chalfie

2.1 Fluorescence Microscopy

Fluorescence microscopy is a powerful and versatile tool used in various scientific
disciplines, particularly in the fields of biology and medicine. It is a type of light
microscopy that uses fluorescence and phosphorescence instead of, or in addition to,
reflection and absorption to study the properties of organic or inorganic substances.

The history of fluorescence microscopy can be traced back to the early 20th cen-
tury. Sir George Gabriel Stokes discovered the concept of fluorescence itself in 1852
[145], but it wasn’t until 1911 that Oskar Heimstadt [146] built the first fluorescence
microscope.

One of the major milestones in the field was the development of the confocal
microscope in the 1950s by Marvin Minsky [147|. This technology enabled three-
dimensional imaging of specimens by using a pinhole to eliminate out-of-focus light
in specimens that are thicker than the focal plane [148].

In the late 20th century, the advent of genetically encoded fluorescent proteins
like Green Fluorescent Protein (GFP) [149] revolutionized fluorescence microscopy.

These proteins, introduced into the cells or attached to proteins of interest genetically,

o1



allow scientists to observe processes within living cells in real-time [150].

The field of fluorescence microscopy has seen rapid advancements in the 21st
century. Super-resolution microscopy techniques, such as STED (Stimulated Emis-
sion Depletion) and PALM [151]/STORM [152] (Photo-Activated Localization Mi-
croscopy/ Stochastic Optical Reconstruction Microscopy), have broken the diffraction
limit, allowing scientists to visualize structures at the nanoscale [153].

In recent years, advancements in computational techniques and the development
of novel fluorescent probes have further expanded the capabilities of fluorescence mi-
croscopy. Techniques like light-sheet fluorescence microscopy (LSFM [154]) and adap-
tive optics (AO) [155] have improved imaging speed, depth, and resolution, enabling
more detailed and precise observations.

The field of fluorescence microscopy continues to evolve, with ongoing research
and development promising even more sophisticated tools for scientific exploration in
the future such as the recent work of Reinhardt et al [156] who introduced resolution
enhancement by sequential imaging (RESI) to improve the resolution of fluorescence

microscopy down to the Angstrom scale.

2.1.1 How Does a Fluorescence Microscope Work?

The "fluorescence microscope" refers to any microscope that uses fluorescence to gen-
erate an image, whether it is a more simple setup like an epifluorescence microscope or
a more complicated design such as a confocal microscope which uses optical sectioning
to get better resolution of the fluorescent image.

The basic task of the fluorescence microscope is to let excitation light radiate the
specimen and then sort out the much weaker emitted light to make up the image. A
fluorescence microscope has several key components that allow it to function properly.

These include:

e Light Source: The light source provides the initial illumination that the mi-

croscope uses to view the sample. In a fluorescence microscope, this is typically
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Figure 2.1: Schematic of a fluorescence microscope. Excitation light from the light source
passes through an excitation filter, selecting the appropriate wavelength for fluorophore
excitation. The light is then reflected by a dichroic filter and focused onto the specimen by
the objective lens. Fluorescence emitted by the specimen passes back through the objective,
then through the dichroic filter and an emission filter that isolates the emitted wavelength.
The filtered fluorescence signal is captured by a detector, forming the final image. Figure
created with BioRender.com.

a high-intensity light source such as a mercury-vapor lamp, xenon arc lamp, or

more recently, LEDs.

e Excitation Filter: This is a filter that only allows light of a specific wave-
length to pass through (the excitation wavelength). This light will excite the

fluorophores in the sample.

e Dichroic Mirror (or Beam Splitter): This is a special mirror that re-
flects light at certain wavelengths and allows light at other wavelengths to pass
through. In a fluorescence microscope, it reflects the excitation light onto the

sample, and then allows the longer wavelength emitted light to pass through.
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¢ Emission Filter: After the light from the sample passes through the dichroic
mirror, it goes through the emission filter. This filter only allows light of the

emission wavelength to pass through, blocking out all other light.

e Objective Lens: The objective lens collects the fluorescence emissions and
focuses them to create the image. The quality and type of the objective lens

can greatly affect the resolution and quality of the image.

e Detector: The detector captures the image created by the emitted light. This
could be an eyepiece for direct viewing, or more commonly in modern systems,
a camera or photomultiplier tube that can capture and digitize the image for

viewing and analysis on a computer.

e Stage: The stage holds the sample. It can usually be moved in all three

dimensions to allow different areas of the sample to be viewed.

2.1.2 Epifluorescence (EPI) Microscopy: A Mainstay in Fluo-
rescence Imaging

Epifluorescence (EPI) microscopy stands as one of the foundational techniques in the
world of fluorescence imaging, offering a straightforward yet powerful approach to
visualizing biological specimens. At its core, EPI microscopy involves illuminating the
sample with a broad spectrum of light and then detecting the fluorescence emitted
by the sample, all through the same objective lens. This concurrent illumination
and detection mechanism distinguishes EPI from other microscopy techniques and is
responsible for its widespread adoption in biological research.

The operational principle of EPI microscopy is relatively simple. A light source,
typically a mercury or xenon lamp, emits a broad spectrum of light which is then
passed through an excitation filter to select a specific wavelength range. This filtered
light illuminates the sample, exciting any fluorescent molecules present. Upon relax-
ation, these molecules emit light at a longer wavelength, which is then separated from
the excitation light using a dichroic mirror and further filtered by an emission filter

to ensure only the desired fluorescence is detected. The resulting image provides a
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Figure 2.2: Schematic of epifluorescence (EPI) illumination in fluorescence microscopy. A
laser beam is directed through the microscope’s objective lens, which focuses the light
through a thin layer of immersion oil and onto a glass slide containing the specimen. The
excitation beam penetrates directly into the sample, uniformly illuminating the volume of
interest. Fluorescently labelled viruses within the specimen are excited throughout the il-
luminated path and emit fluorescence, which is collected back through the same objective.
This wide-field excitation mode allows visualization of all fluorophores in the illuminated
volume, including out-of-focus light above and below the focal plane. Figure created with
BioRender.com.

clear view of the distribution and intensity of fluorescent molecules within the sample
[157].

While EPI microscopy offers several advantages, including ease of use, rapid imag-
ing, and compatibility with a wide range of fluorescent probes, it is not without its
limitations. The technique inherently captures fluorescence from the entire thick-
ness of the specimen, leading to potential background noise from out-of-focus planes.
However, despite this limitation, EPI microscopy remains a staple in many biolog-
ical laboratories due to its versatility and the wealth of information it can provide

about cellular structures, protein localization, and dynamic processes within living

cells [158].

2.1.3 Highly Inclined and Laminated Optical Sheet (HILO)
Microscopy: Illuminating the Near-Surface Region

In the realm of optical microscopy, the ability to selectively illuminate and visualize

specific regions within a specimen is of paramount importance, especially when study-
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ing dynamic processes near the cell surface. Highly Inclined and Laminated Optical
Sheet (HILO) microscopy emerges as a powerful technique tailored for this purpose,

offering enhanced imaging of the near-surface region of biological samples.
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Figure 2.3: Schematic of HILO (Highly Inclined and Laminated Optical sheet) illumination
in fluorescence microscopy. A laser beam is directed into the specimen at a highly inclined
angle through the microscope’s objective lens. After passing through the immersion oil and
glass slide, the beam enters the sample at an oblique angle, creating a thin, inclined illumi-
nation sheet. This configuration selectively excites a narrow section of the sample, reducing
background fluorescence from out-of-focus regions. Fluorescently labelled viruses within the
inclined illumination volume are excited, and their emitted fluorescence is collected by the
same objective. HILO illumination improves signal-to-noise ratio compared to wide-field
epifluorescence while maintaining greater penetration depth than TIRF. Figure created with
BioRender.com.

HILO microscopy employs a highly inclined laser beam to produce a thin, oblique
plane of illumination within the specimen. This inclined beam intersects with the cov-
erslip, creating a laminated optical sheet that illuminates a restricted, near-surface
region of the sample. The result is a significant reduction in background fluorescence
from regions outside this thin illuminated slice, leading to enhanced contrast and
improved signal-to-noise ratio in the acquired images [159]. This is particularly ad-
vantageous when observing fast cellular dynamics or single-molecule events near the

cell membrane, as it minimizes the interference from out-of-focus fluorescence.
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2.1.3.1 Single Particle Tracking (SPT)

Single Particle Tracking (SPT) is a powerful technique used in fluorescence microscopy
[160] to study the motion and dynamics of individual particles, such as molecules,
nanoparticles, or fluorescently labeled virus particles, in various environments like a
solution, on a membrane, or within a cell.

The fundamental principle behind SPT involves labeling the particles of interest
with a fluorescent tag. These tags can be fluorescent proteins, small organic dyes, or
even quantum dots, each chosen based on the specific requirements of the experiment.
The labeled particles are then visualized using fluorescence microscopy, and the signal

from each particle can be followed over time.

2.1.4 Total Internal Reflection Fluorescence (TIRF)

Total Internal Reflection Fluorescence (TIRF) microscopy [161] is an optical technique
used to observe fluorescent molecules and structures near the surface or interface
of a specimen with high sensitivity and spatial resolution. TIRF microscopy takes
advantage of the phenomenon of total internal reflection, which occurs when light
passes from a medium with a higher refractive index (e.g., glass) to a medium with a
lower refractive index (e.g., liquid or air) at a certain critical angle.

When the incident light reaches or exceeds the critical angle, instead of being
refracted into the specimen, it undergoes total internal reflection at the interface be-
tween the two media. This reflection creates an evanescent wave, an electromagnetic
field that penetrates a few hundred nanometers into the specimen but decays expo-
nentially with distance from the interface. The evanescent wave excites fluorophores
in this thin region of the specimen near the surface, enabling selective illumination
and imaging of structures in that specific region.

TIRF microscopy offers several advantages over other fluorescence microscopy
techniques. Firstly, it provides excellent axial (vertical) resolution, as only fluo-
rophores within the evanescent wave region are excited, while out-of-focus background

fluorescence is greatly reduced. This leads to a high signal-to-noise ratio and improved
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Figure 2.4: Schematic of Total Internal Reflection Fluorescence (TIRF) microscopy illu-
mination. In TIRF microscopy, a laser beam is directed through the objective lens at an
angle exceeding the critical angle for total internal reflection at the interface between the
glass slide and the aqueous sample. This generates an evanescent field that penetrates only
100-200 nm into the sample above the glass surface. As a result, only fluorescently labelled
viruses or molecules within this thin near-surface region are excited, while fluorescence from
deeper in the sample is largely excluded. The emitted fluorescence is collected by the same
objective, enabling high-contrast imaging with exceptional signal-to-noise ratio near the sur-
face. Figure created with BioRender.com.

image contrast. Secondly, TIRF microscopy allows for high temporal resolution imag-
ing, making it well-suited for capturing dynamic processes at the cell membrane or
near interfaces. It is particularly useful for studying molecular interactions, membrane
dynamics, and trafficking events.

The setup for TIRF microscopy involves directing a laser or other light source at
an angle beyond the critical angle through a high numerical aperture objective lens.
The incident light undergoes total internal reflection at the glass/sample interface,
generating the evanescent wave that excites the fluorophores. The emitted fluores-
cence is then collected by the same objective lens and detected using a camera or

other imaging system.

2.1.5 Super Resolution Microscopy: Beyond the Diffraction
Limit

The study of cellular and molecular structures has been historically constrained by

the diffraction limit of light, which restricts the resolution of conventional optical

o8



microscopes to approximately 200-250 nm. However, the advent of super-resolution
microscopy (SRM) has revolutionized the field of optical imaging, allowing scientists
to visualize biological structures at the nanoscale, far beyond the traditional diffrac-
tion barrier.

One of the pioneering techniques in SRM is Stimulated Emission Depletion (STED)
microscopy. Introduced by Hell and Wichmann [162], STED employs a focused beam
(the STED beam) to effectively 'switch off” fluorescence from molecules around a
tiny volume, leaving only a sub-diffraction-sized volume to fluoresce. This results in
images with resolutions better than the diffraction limit.

Another groundbreaking method is Photoactivated Localization Microscopy (PALM)
and its related technique, Stochastic Optical Reconstruction Microscopy (STORM)
[152]. These methods rely on the controlled activation and time-resolved localiza-
tion of individual fluorescent molecules. By determining the centroid of each isolated
molecule’s image, PALM and STORM achieve resolutions down to 20 nm.

Structured Illumination Microscopy (SIM) is yet another approach that doubles
the resolution of traditional microscopes by illuminating the sample with patterned
light [163]. The resulting interference patterns, when processed, provide finer details
than conventional imaging methods.

Lastly, Expansion Microscopy (ExM) offers a unique approach by physically ex-
panding the sample. Tissue samples are embedded in a swellable polymer network,
which, when expanded, allows for super-resolution imaging using standard micro-
scopes [164].

In conclusion, super-resolution microscopy has ushered in a new era of biological
imaging, enabling unprecedented insights into cellular structures and functions. As
the field continues to evolve, it promises to unlock even more intricate details of the

biological world.
2.1.5.1 Stochastic Optical Reconstruction Microscopy (STORM)

Stochastic Optical Reconstruction Microscopy (STORM) represents a significant leap

in the realm of super-resolution microscopy, enabling researchers to visualize biologi-
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cal structures at the nanoscale, far beyond the diffraction limit of conventional optical
microscopes. Developed in the mid-2000s, STORM capitalizes on the stochastic (ran-
dom) activation and time-resolved localization of individual fluorescent molecules to

reconstruct high-resolution images [152] (see Figure 2.5).
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Figure 2.5: STORM (Stochastic Optical Reconstruction Microscopy) achieves super-
resolution imaging by utilizing the stochastic activation and precise localization of indi-
vidual fluorophores. This method relies on the sequential activation of a sparse subset of
fluorophores, their localization with nanometer precision, and the reconstruction of an im-
age from these localized points. The figure illustrates the process, showing (A) the actual
structure of the sample, (B) the image with overlapping fluorophores, and (C) the final
super-resolved reconstruction, revealing fine structural details beyond the diffraction limit.
Adapted from Rust et.al. [152] Figure created with BioRender.com.

The fundamental principle behind STORM is the ability to temporally separate
the fluorescence emission of individual molecules within a densely labeled sample.
This is achieved by using photoswitchable or photoactivatable fluorophores that can
be toggled between a fluorescent "on" state and a non-fluorescent "oftf" state. During

a STORM imaging session, only a sparse subset of these fluorophores is activated to
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the "on" state at any given time, ensuring that their emitted fluorescence spots are
well-separated and can be precisely localized. By repeating this process thousands
to millions of times and localizing the position of each molecule in each frame, a
super-resolved image is reconstructed from the cumulative positions of all localized
molecules [165].

STORM’s ability to achieve resolutions on the order of 20 nm has opened new av-
enues in biological research, allowing for the detailed visualization of intricate cellular
structures, protein complexes, and other nanoscale entities. However, the technique
requires specialized fluorophores, careful sample preparation, and sophisticated imag-
ing setups. Despite these challenges, STORM has been instrumental in advancing our
understanding of cellular and molecular biology, offering unprecedented insights into

the nanoscopic world that were previously unattainable with traditional microscopy

methods [166].

2.2 Machine Learning

Machine Learning (ML) is a subset of artificial intelligence (AI) that provides sys-
tems the ability to automatically learn and improve from experience without being
explicitly programmed. The concept of machine learning is centered around the idea
that systems can learn from data, identify patterns, and make decisions with minimal
human intervention.

The history of machine learning dates back to the mid-20th century. The term
"machine learning" was first coined by Arthur Samuel in 1959, who was a pioneer in
the field of artificial intelligence and computer gaming. He defined machine learning
as a "field of study that gives computers the ability to learn without being explicitly
programmed" (Samuel, 1959) [167].

The first major milestone in the history of machine learning was the development
of the perceptron in 1957 by Frank Rosenblatt. The perceptron was the first algo-
rithm that could learn from its mistakes, making it a significant step towards the

development of modern machine learning [168].
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In the 1990s, the development of the Support Vector Machine (SVM) marked
another major milestone in the field. SVMs are a set of supervised learning methods
used for classification and regression analysis, and they played a crucial role in the
advancement of machine learning [169].

The 2010s saw the rise of deep learning, a subset of machine learning that focuses
on algorithms inspired by the structure and function of the brain called artificial neural
networks. Deep learning has been responsible for many of the recent advancements in
machine learning, including the development of advanced speech recognition, image
recognition, and natural language processing systems [170].

Machine learning has a wide range of applications across various industries. In
healthcare, machine learning algorithms are used to predict disease outcomes and
personalize treatment plans. In finance, they are used for credit scoring and algo-
rithmic trading. In transportation, machine learning is used in the development of
autonomous vehicles. In e-commerce, machine learning algorithms are used for rec-

ommendation systems and customer segmentation.

2.2.1 Machine Learning in Diagnostics

Machine learning has been increasingly utilized in the field of disease diagnostics, as
highlighted by several key studies. Fatima and Pasha (2017) conducted a compre-
hensive survey of machine learning algorithms used for diagnosing various diseases,
including heart disease, diabetes, liver disease, dengue, and hepatitis. They em-
phasized the crucial role of machine learning in enhancing computer-aided diagnosis
applications and improving the accuracy of disease perception and diagnosis [171].
In the realm of dermatology, Haenssle et al. (2018) developed a deep learning-
based approach for melanoma detection using dermoscopic images. Their study com-
pared the diagnostic performance of a deep learning convolutional neural network
with 58 dermatologists. Remarkably, the network outperformed the dermatologists
in terms of specificity, demonstrating the potential of machine learning in advancing

diagnostic accuracy [172].
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Similarly, in cardiology, Coenen et al. (2018) employed a machine-learning ap-
proach to improve the performance of coronary computed tomographic angiography
(CTA) in detecting functionally obstructive coronary artery disease. Their findings
showed that the machine-learning approach not only improved the diagnostic accu-
racy of CTA but also performed equally well as a computationally more demanding
method [173].

In the field of behavioral sciences, particularly autism research, Bone et al. (2014)
critically evaluated the use of machine learning. While they acknowledged the po-
tential of machine learning in enhancing diagnostic research in autism, they also
cautioned against its use in the absence of clinical domain expertise. Their study
underscores the importance of integrating machine learning with clinical knowledge
for effective and reliable diagnostics [174].

In summary, these studies underscore the transformative potential of machine
learning in disease diagnostics across various medical fields. However, they also high-
light the importance of integrating these advanced computational methods with clin-

ical expertise to ensure reliable and effective diagnostic outcomes.

2.2.2 Machine Learning in Microscopy

Machine learning has been increasingly leveraged in the field of fluorescence mi-
croscopy, as demonstrated by several key studies. Mannam et al. (2020) explored the
application of machine learning techniques to fluorescence lifetime imaging microscopy
(FLIM), a powerful tool in biomedical research. They highlighted how machine learn-
ing can efficiently extract and interpret measurements from multi-dimensional FLIM
datasets, thereby improving speed and accuracy over conventional methods. They
also discussed the potential for further enhancements to FLIM through machine learn-
ing [175].

In a study by Koydemir et al. (2017), a field-portable and cost-effective microscopy
platform was developed for the automated detection and counting of Giardia cysts

in water samples. The researchers compared the sensitivity and specificity of their
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platform using multiple supervised classification models, demonstrating that a boot-
strap aggregating approach provided the best performance for automated detection
of Giardia cysts [176].

Wu and Rifkin (2015) introduced a computational pipeline capable of distinguish-
ing the true signal of fluorescently labeled molecules from background fluorescence
and noise. Their software, which uses a supervised random forest classifier, recognizes
and classifies individual mRNA spots by measuring several features of local intensity
maxima. Importantly, their software can estimate the error introduced by image clas-
sification, providing a unique measure of image quality and classification confidence
[177].

Borgmann et al. (2016) presented a workflow that combines high-resolution flu-
orescence microscopy, image processing, and machine learning for the identification
of the Rhesus D antigen. Their technique enables the identification of even small
amounts of D antigen at the cellular level, allowing for automated population analy-
ses and resulting in high classification test accuracies [178].

In summary, these studies underscore the transformative potential of machine
learning in fluorescence microscopy, demonstrating its capacity to enhance speed,

accuracy, and the overall quality of image analysis.

2.3 Overall Method Development and Stages

The methodological development presented in this thesis was structured to address
the limitations of existing viral diagnostics, with a focus on achieving universality,
scalability, and portability. The work followed a logical sequence, progressing through
four conceptual stages, each informing the next and shaping the subsequent experi-
mental design.

The first stage, Problem Identification, involved a critical evaluation of existing
diagnostic technologies and recognition of a significant gap: the absence of a universal,
reagent-agnostic, and portable method capable of meeting ASSURED/REASSURED

standards. This realisation defined the strategic direction of the research. Founda-
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4. Imaging Platform: Immobilisation and TIRF Microscopy

* Developed a method to immobilise viruses for imaging.
o Achieved consistent and reproducible particle localisation.

5. Specificity via Deep Learning

» Specificity introduced through CNN-based image classification.
e Machine learning distinguishes virus types and strains.

Specificity and Validation

6. Clinical Validation

e Method applied to real patient samples.
« Demonstrated clinical relevance and
robustness.

7. Portability Challenge Identified

e TIRF microscopy setups are complex and not easily portable.
« Need for simplified diagnostic readouts identified.

Adaptation

8. Diffusion-based Rapid Detection

o Developed a system to track diffusing labelled virions.
o Enables rapid, simplified, and field-deployable diagnostics.

Figure 2.6: Schematic overview of method development and stages. The research progressed
through four interconnected stages: identifying the diagnostic gap (Problem Identification),
establishing a universal labelling and imaging platform (Foundation Building), introducing
computational specificity and validating performance on clinical samples (Specificity and
Validation), and adapting the methodology for field deployment through diffusion-based
detection (Adaptation). Colour groupings represent conceptual themes, reflecting the logical
structure underpinning the methodological development.
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tion Building formed the second stage. A cation-mediated labelling approach was
adopted due to its potential for universal applicability across enveloped viruses. Ex-
tensive characterisation of the labelling mechanism was performed using fluorescence
microscopy and other biophysical methods, systematically assessing the effects of
DNA length, ion concentration, pH, lipid composition, and surface protein content.
Based on these findings, an imaging platform was developed by immobilising labelled
viral particles on surfaces and imaging them with total internal reflection fluorescence
(TIRF) microscopy, thereby enabling reproducible and stable acquisition of particle-
level fluorescence signals.

The third stage focused on Specificity and Validation. Specificity was introduced
through the development of convolutional neural networks (CNNs) capable of clas-
sifying viral types and strains based on subtle differences in fluorescence imaging
features. The approach was then validated using clinical samples, demonstrating
sensitivity, specificity, and robustness in real-world diagnostic settings.

The final stage, Adaptation, addressed the practical limitations of the immobilisation-
based TIRF method. Recognising the challenges associated with translating this sys-
tem into portable, field-deployable formats, a diffusion-based detection approach was
developed. By tracking the movement of labelled virions in solution, this method
has the potential to enable rapid, simplified diagnostics using optical setups more
amenable to point-of-care deployment.

The overall methodological progression is summarised schematically in Figure 2.6,
illustrating the sequential development from problem identification to the construc-
tion of a field-adaptable diagnostic platform. Each of the subsequent chapters corre-
sponds to one or more elements of this framework, beginning with the characterisation

of the cation-mediated labelling strategy described in the following chapter.
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Chapter 3

Cation-Mediated Labelling
Characterisation

We don’t start from scratch; we
continue the narrative.

3.1 Previous Work

The research paper "Rapid functionalisation and detection of viruses via a novel
Ca2+-mediated virus-DNA interaction" by Nicole Robb, Achillefs N. Kapanidis and
colleagues, which was published in Scientific Reports[179], serves as the foundational
basis for the labelling technique that I will be employing throughout this project.
This innovative method leverages a calcium-mediated interaction between the surface
of enveloped viruses and DNA, enabling the functionalisation of virus particles with
chemical groups attached to the DNA.

The technique utilises DNA modified with fluorophores for the labelling and de-
tection of viruses, such as influenza, through single-particle tracking and particle-size
determination. Remarkably, this approach enables the detection of clinical isolates
of influenza in just one minute, a significant improvement over existing diagnostic
tests. The method has been validated on all enveloped viruses tested, including those
present in clinical samples, and does not necessitate any amplification or purification

steps.
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As I progress further into this project, I will be extending the foundational work
to probe deeper into the underlying mechanisms of this labelling technique. 1 plan
to explore its compatibility with other elements not yet tested, and scrutinize how
it interacts with different variables such as pH and lipid composition. This explo-
ration aims to provide a more holistic understanding of this method and its potential
applications in the realm of virus detection.

While the labelling technique swiftly labels viruses, it does so indiscriminately,
attaching DNA to any entity with a lipid membrane. Therefore, I aim to develop an
assay or method to introduce specificity to the labelled particles, thereby enhancing
the precision and utility of this technique. Moreover, a significant portion of my DPhil
research will be dedicated to characterising this labelling process using biophysical

methods which is the main topic of this chapter.

3.2 Methods and Materials

3.2.1 Lab-grown Viruses and Virus-like Particles

The study utilized WSN (HIN1 A/WSN/33) and recombinant Chikungunya Virus-
Like Particles (VLPs) for different experimental setups. WSN was employed for
microscopy experiments and was propagated in Madin—Darby canine kidney (MDCK)
cells, with viral concentrations determined using a plaque assay.

Recombinant Chikungunya VLPs were used for quartz crystal microbalance (QCM)
experiments. These VLPs were produced in mammalian HEK293 cells, where Chikun-
gunya structural proteins were transiently expressed to form particles comprising the
El, E2, and capsid proteins. The VLPs lacked non-structural proteins and genomic
material, making them completely non-infectious. The resultant particles were greater

than 90% pure and were procured from the Native Antigen Company.

3.2.2 Single Stranded DNAs

We procured single-stranded oligonucleotides modified at the 5" end with ATTO647N

dye from IBA, based in Germany. Our choice of oligonucleotides was guided primar-
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ily by their length and the use of a bright and photostable fluorophore. To eliminate
concerns about secondary structure formation, we specifically used poly-thymidine
sequences, as these do not form stable secondary structures under experimental con-
ditions.

For our microscopy experiments, we employed single-stranded DNA of varying
lengths: a 40mer (5’TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTT
TTTT3), a 20mer (5’'TTTTTTTTTTTTTTTTTTTTS’), a 14mer (5’TTTTTTTT
TTTTTT3’), and an 8mer (5’'TTTTTTTT3’). Each oligonucleotide was labeled at
the 5" end with ATTOG647N, ensuring consistent fluorescence labeling. These labeled
oligonucleotides were critical for fluorescence microscopy, enabling the visualization
of single molecules under our experimental conditions.

For quartz crystal microbalance (QCM) experiments, we used single-stranded
DNA derived from calf thymus, procured from Sigma-Aldrich. We did not focus
on a specific DNA sequence because the purpose of the experiments was to study
bulk interactions between DNA and lipid bilayers, rather than sequence-specific ef-
fects. Calf thymus DNA was used as a convenient, natural source of nucleic acids
for surface functionalisation and interaction studies, and was sonicated to fragment
it into smaller pieces, improving diffusion and access to the bilayer surface without

introducing sequence-dependent variability.

3.2.3 Lipid Mixtures

POPC (1-hexadecanoyl-2-(9Z-octadecenoyl)-sn-glycero-3-phosphocholine), POPS (1-
hexadecanoyl-2-(9Z-octadecenoyl)-sn-glycero-3-phospho-L-serine, sodium salt), POPE
(1-hexadecanoyl-2-(9Z-octadecenoyl)-sn-glycero-3-phosphoethanolamine), and Liver
Total Lipid Extract (Bovine) were procured from Avanti Polar Lipids (Alabaster,
AL, USA) and used without further purification.

Artificial lipid membranes were used to mimic biological membranes. Lipids (de-
scribed) were supplied in high concentrations, either freeze-dried or suspended in
chloroform. To prepare these lipids for use, the chloroform was removed, and dif-

ferent lipid types were combined before being suspended in the desired buffer. The
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preparation began with the cleaning of glass vials, which were washed with ethanol,
dried with nitrogen, and rinsed with chloroform in a fume hood. The desired amount
of lipid was withdrawn from the concentrated stock solution, calculated based on the
final concentration and volume requirements, using a pre-rinsed Hamilton syringe.
The chloroform was then evaporated under a gentle nitrogen gas flow to prevent the
lipid solution from splashing. Once the lipid appeared hazy with no visible liquid, it
was vacuum-dried for at least one hour or overnight. Finally, the dried lipid was re-
suspended in the desired buffer at the calculated volume and concentration. Prepared
lipid mixtures were stored at —20°C for up to six months and diluted as needed for

specific experiments, such as QCM-D.

3.2.4 Quartz Crystal Microbalance with Dissipation Monitor-
ing (QCM-d)

Quartz Crystal Microbalance with Dissipation Monitoring (QCM-D) is a technique

that allows for the real-time study of surface interactions. At the heart of the tech-

nique is a thin quartz crystal disk, sandwiched between two electrodes. The piezo-

electric properties of quartz cause the crystal to oscillate at its resonant frequency

when an alternating voltage is applied to the electrodes.

This resonant frequency is highly sensitive to mass changes on the crystal’s surface.
When a substance, such as a liquid or gas, interacts with the crystal, it alters the
crystal’s mass and consequently its resonant frequency. This frequency shift (Af) can
be used to calculate the mass change (Am) on the crystal surface. This relationship
is described by the Sauerbrey equation, given as:

Am = — CAf (3.1)

n

where C'is the mass sensitivity constant for the crystal (depends on the properties
of the quartz and the overtone), n is the overtone number (integer multiples of the
fundamental frequency), and Af is the change in frequency. This equation assumes

the layer forming on the crystal is rigid and evenly distributed.
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However, for viscoelastic layers, such as polymers or biological membranes, the
Sauerbrey equation is not sufficient. This is where dissipation monitoring becomes
crucial. Dissipation (D) measures the energy loss in the oscillation system per oscil-
lation cycle, providing information about the viscoelastic properties of the layer. A
higher dissipation value indicates a softer, more viscoelastic layer, while a lower value
suggests a more rigid layer.

QCM-D measures both the frequency shift and the dissipation simultaneously,
offering a comprehensive understanding of the layer forming on the crystal surface.
For instance, a decrease in frequency (indicating a mass increase) with constant dis-
sipation suggests the formation of a rigid layer. If the dissipation also increases, it
indicates the formation of a viscoelastic layer.

One of the key advantages of QCM-D is its ability to monitor surface interactions
in real-time. This enables the observation of layer formation and changes over time,
providing valuable insights into the kinetics of the process. Therefore, QCM-D is a
powerful tool for studying surface interactions, offering information about the mass,

structure, and viscoelastic properties of layers on a surface.

3.2.5 Supported Lipid Bilayers

To create a supported lipid bilayer, lipids were first combined in glass vials at specific
concentrations to achieve the desired composition. Initially, the lipids formed large
vesicles, which were sonicated to reduce their size to less than 200 nm. This size re-
duction was visually indicated by the solution transitioning from a cloudy appearance
to a transparent blue hue due to decreased light scattering by smaller vesicles. Once
prepared, the lipid vesicle mixture was pumped into the flow cell (see Figure 3.1 A).

The initial step involved using a high concentration of NaCl to saturate the sur-
face with vesicles. Following this, a low NaCl concentration or salt-free buffer was
introduced to induce osmotic shock. This caused the vesicles to absorb water, grow
in size, and rupture into fragments, which adhered to the surface and merged to form

a continuous supported lipid bilayer(see Figure 3.1 B).
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Figure 3.1: Preparation and formation of a supported lipid bilayer. (A) Lipids were mixed at
desired compositions and concentrations, forming large vesicles that were sonicated to reduce
their size to less than 200 nm, indicated by a shift from a cloudy to a transparent blue hue.
(B) High-concentration NaCl was used to saturate the surface with vesicles, followed by
low or no salt to induce osmotic shock, causing vesicle rupture and bilayer formation. (C)
The supported lipid bilayer was used to study cation-mediated labeling by flowing single-
stranded DNA (ssDNA) in calcium chloride solution.

The resulting bilayer was utilized for studies involving cation-mediated labeling. In
this process, single-stranded DNA (ssDNA) suspended in a calcium chloride solution

was pumped through the bilayer to facilitate labeling interactions (see Figure 3.1 C).

3.2.6 Formation of Viral Supported Bilayers

To create a supported viral bilayer, chikungunya virus-like particles (VLPs) were

prepared and introduced into the system. Initially, the VLPs were suspended in a

high-salt buffer (460 mM NaCl, 20 mM HEPES, 2mM CaCly, ph 7) at a controlled
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temperature of 37°C and a flow rate of 0.25mL/min. The high NaCl concentration
facilitated the deposition of VLPs onto the SiO, sensor surfaces.

Once the VLPs were adsorbed onto the surface, the system was transitioned to
a low-salt or salt-free buffer (0 mM NaCl, 20 mM HEPES, 2mM CaCly, pH 7). This
change induced osmotic shock, causing the VLPs to swell, rupture, and release frag-
ments of their viral membrane. These fragments adhered to the surface and spread

to form a continuous viral supported bilayer (see Figure 3.2).
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Figure 3.2: Schematic representation of viral supported bilayer formation. (1) Osmotic shock
induced by transitioning from high to low salt buffer causes the viral envelope to swell. (2)
The viral envelope ruptures, releasing membrane fragments. (3) The fragments adhere to
the surface, forming a continuous viral supported bilayer.

The resulting bilayer was used for cation-mediated DNA labeling studies. In
this step, single-stranded DNA (ssDNA) in a calcium chloride solution (e.g., 200 mM
CaCly, 20mM HEPES, pH 7) was flowed through the system. The calcium ions
facilitated interactions between the ssDNA and the viral bilayer, enabling effective

labelling.

3.3 Results
3.3.1 Single-stranded DNA Length Effect

This study investigates a novel mechanism for labeling diffusing virions using fluorophore-
modified ssDNA and cation-mediated interactions. By exploring the effects of ssDNA

length and calcium ion (Ca?") concentration at pH 8, we aimed to better understand
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how these factors influence binding efficiency and single-particle tracking (SPT) out-
comes.

The number of tracks varied significantly with ssDNA length and Ca®" concentra-
tion. The 8mer produced no detectable tracks at any Ca?" concentration, suggesting
it was too short for stable binding. In contrast, the 14mer, 20mer, and 40mer showed
clear trends. The 14mer peaked at 1M Ca?" but fell to zero at 0.75M, while the
20mer and 40mer also peaked at 1 M but decreased more gradually. The 40mer re-
tained more tracks at lower Ca?" concentrations, highlighting the advantages of longer
ssDNA for robust binding.

We extended the original work from Robb et.al. [179], which suggested the 20mer
was the minimum effective length, by showing that the minimum ssDNA length de-
pends on the Ca?" concentration. Unlike previous studies, we selected ssDNA se-
quences composed entirely of thymine residues, ensuring the absence of secondary
structures. This demonstrates that the labeling mechanism is not driven by sec-
ondary structure but instead relies on direct interactions mediated by the cationic
environment. Our results reveal that higher Ca?" concentrations at pH 8 enhance la-
beling efficiency for all ssDNA lengths except the 8mer, highlighting how the interplay
of these factors influences binding and revising the conclusions of earlier studies.

This work sheds light on the interplay between ssDNA length, Ca?" concentration,
and pH in cation-mediated labeling. Stronger electrostatic interactions at higher
Ca?" levels likely promote more stable binding, particularly for longer ssDNA. The
inability of the 8mer to generate tracks even under the stated experimental conditions

underscores the importance of length for this mechanism.

3.3.2 pH Effects

The pH of the experimental environment significantly influences the efficiency of ss-
DNA labeling of WSN virions, as demonstrated by experiments with the 14mer and
20mer ssDNA constructs at pH 8 and pH 9. The average number of tracks per Ca?"
concentration for each condition is presented in Figure 3.4a (14) and Figure 3.4b

(20mer).
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Figure 3.3: The number of tracks obtained from single-particle tracking experiments as a
function of Ca*" concentration for single-stranded DNA (ssDNA) lengths of 8, 14, 20, and
40 nucleotides (all thymine residues). Each condition was measured in biological triplicates.
The 8mer showed no detectable tracks at any Ca?" concentration, indicating insufficient
binding. The 14mer exhibited a peak in tracks at 1.0 M, but decreased to zero by 0.75 M.
The 20mer and 40mer also peaked at 1.0 M, with a gradual reduction in track number as
Ca®" concentration decreased. The longer ssDNA (40mer) displayed greater persistence
of tracks at lower Ca?t concentrations, highlighting the role of ssDNA length and cation-
mediated interactions in labeling efficiency. Error bars represent the standard error of the
mean across triplicates. Statistical comparisons between different mers at each concentration
were performed using Welch’s two-tailed t-test. Significant differences were found at low
Ca?" concentrations: at 7.81 x 1073 M, the 40mer differed significantly from the S8mer,
14mer, and 20mer (p = 0.030); at 1.56 x 10~2 M, similar significant differences were observed
(p = 0.015); and at 3.12 x 1072 M, again the 40mer differed significantly from the shorter
mers (p = 0.024). At higher concentrations, no statistically significant differences were found
between the different ssDNA lengths (p > 0.05).

For the 14mer, the number of tracks was substantially higher at pH 9 compared to
pH 8, indicating enhanced binding efficiency at the higher pH. At pH 8, the number
of tracks peaked at 1 M Ca?" and declined to zero at 0.75 M. In contrast, at pH 9, the
tracks also peaked at 1 M but dropped to zero more rapidly, reaching zero at 0.25 M
Ca?". This suggests that while the overall binding efficiency of the 14mer improves
at pH 9, the interaction becomes less stable at lower Ca?" concentrations under these

conditions.
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For the 20mer, the trend was similar, with generally higher track counts observed
at pH 9 compared to pH 8. However, the increase in tracks at pH 9 was less pro-
nounced than for the 14mer. At both pH values, the number of tracks peaked at
1M Ca?" and decreased as the Ca?" concentration dropped, eventually reaching zero
at lower concentrations. This suggests that the 20mer maintains more consistent
labelling performance across pH values compared to the 14mer.

The differences observed between pH conditions can be attributed to the effect
of pH on the effective charge of the virions. At higher pH, the surface charge of
the virions becomes more negative due to deprotonation of acidic residues. This
increased negative charge likely enhances the interaction with the positively charged
calcium ions, facilitating stronger ssDNA binding. However, this interaction also
becomes more dependent on maintaining high Ca?" concentrations to neutralize the
increased negative charge. Consequently, at pH 9, the enhanced binding efficiency is

accompanied by a steeper decline in tracks as Ca?" concentrations decrease.
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Figure 3.4: Average number of tracks per calcium concentration at pH 8 and 9.

To further investigate the influence of pH on ssDNA labeling, the average maxi-
mum photocount per track was analyzed for each ssDNA length (8mer, 14mer, 20mer,
and 40mer) across all Ca?" concentrations at pH 8 and pH 9 (see Figure 3.5). The
photocount data provide additional insights into the efficiency and effectiveness of

ssDNA-mediated labeling under varying pH conditions.
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The results show that the photocount increases with ssDNA length, with the 40mer
exhibiting the highest average maximum photocount at pH 9, significantly surpassing
the other lengths. At pH 8, however, the photocount for the 40mer decreases and
becomes comparable to the values observed for the 20mer and 14mer. Between these
two, the 20mer consistently produces slightly higher photocounts than the 14mer at
both pH values, reflecting its enhanced binding stability. The 8mer, in contrast, shows
a significantly lower photocount at pH 9 and no detectable tracks (photocount = 0)
at pH 8.

The stark difference in photocounts for the 40mer between pH 9 and pH 8 high-
lights the importance of pH in enhancing labeling efficiency for longer ssDNA con-
structs. At pH 9, the increased negative charge of the virion surface promotes stronger
cation-mediated interactions, allowing the 40mer to achieve superior fluorescence sig-
nals. The 20mer and 14mer show moderate sensitivity to pH changes, maintaining
reasonable photocounts across both conditions, albeit with reduced efficiency at pH
8. In contrast, the 8mer’s performance is highly pH-dependent, with detectable pho-
tocounts only at pH 9, further emphasizing that the minimum ssDNA length required
for successful labeling is pH-sensitive.

These findings reinforce the conclusion that pH not only affects the efficiency of
ssDNA labeling but also determines the minimum ssDNA length required for stable
interaction. Longer ssDNA constructs, such as the 40mer, benefit the most from the
increased negative charge of the virion surface at higher pH, while shorter ssDNA
lengths struggle to form stable interactions, particularly at pH 8. This understanding
is crucial for optimizing experimental conditions for cation-mediated labeling in single-

molecule fluorescence experiments.

3.3.3 Reversible Interactions Between ssDNA and Bilayers

The initial stage of the experiment involved the formation of a supported lipid bi-
layer (SLB) on the SiOs sensor surface, which served as a biomimetic platform for
studying DNA binding dynamics. The lipid mixture, consisting of 1 mg/mL 5:2:3
POPE:POPS:POPC, was introduced in a buffer containing 500 mM NaCl and 2 mM
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Figure 3.5: Average maximum photon counts per track for ssDNA of different lengths (8mer,
14mer, 20mer, and 40mer) at pH 8 and pH 9. For each condition, triplicate measurements
were performed. Statistical significance between pH 8 and pH 9 was assessed for each
DNA length using an unpaired t-test. The resulting p-values were: Smer: 1.0 x 10710,
14mer: 3.545551 x 1071, 20mer: 1.522439 x 10~!, and 40mer: 9.049814 x 1072, Statistical
significance is indicated as ns (not significant, p > 0.05), * (p < 0.05), ** (p < 0.01), or ***
(p <0.001). Horizontal brackets mark comparisons between pH 8 and pH 9 for each DNA
length.

CaCl, at pH 8. This resulted in a significant decrease in frequency and an increase in
dissipation, as observed in the QCM-D data. These changes indicated the adsorption
of lipid vesicles onto the sensor surface, followed by their rupture and fusion to form a
continuous bilayer. The frequency decrease during this process reflected the addition
of mass, while the stabilization of dissipation values demonstrated the transition to
a rigid and well-ordered bilayer. The presence of calcium ions was critical for this
process, as they neutralized the negative charges on the lipid headgroups, reduced
electrostatic repulsion, and promoted vesicle fusion. Once the SLB was established,
ssDNA was introduced to assess its binding behavior. The binding of ssDNA to the
bilayer was driven by electrostatic interactions and calcium-mediated bridging, result-
ing in concentration-dependent changes in the QCM-D signals. At 100nM ssDNA,

the largest frequency decrease and dissipation increase were observed, indicative of
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Figure 3.6: QCM-D data illustrating the formation of the supported lipid bilayer (SLB)
and subsequent ssDNA interactions. The frequency (Af) and dissipation (AD) shifts are
shown as a function of time for the SiO2 sensor surface. The initial decrease in frequency
and dissipation corresponds to the adsorption and fusion of POPE:POPS:POPC vesicles,
forming a stable bilayer. Subsequent injections of 100 nM, 50 nM, and 10 nM ssDNA result
in concentration-dependent decreases in frequency and increases in dissipation, reflecting
DNA binding and layer viscoelasticity. Washing steps with HEPES buffer containing 1 mM
EDTA reverse the binding, restoring the system toward baseline. This figure highlights the
dynamic and reversible interactions between DNA and the SLB.

robust binding and the formation of a thick, viscoelastic layer on the surface (see Fig-
ure 3.6). In contrast, the introduction of 50 nM ssDNA resulted in a smaller response,
consistent with partial surface saturation, while 10nM ssDNA elicited the smallest
changes, reflecting minimal binding due to reduced DNA availability.

The reversibility of the DNA attachment was assessed by washing the system with
20 mM HEPES buffer containing 1 mM EDTA. The chelation of calcium ions by EDTA
disrupted the interactions between DNA and the bilayer, leading to mass removal
from the surface and a return of frequency and dissipation values toward baseline
levels. This recovery was consistent across all DNA concentrations, demonstrating
the system’s ability to reverse the binding process.

These results highlight the successful formation of a supported lipid bilayer and
its utility as a platform for studying DNA interactions. The observed concentration-

dependent binding dynamics and the reversibility of DNA attachment provide valu-
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able insights into the biophysical behavior or membranes and the effect of DNA bind-
ing via a cation mediated mechanism. These findings have implications for applica-

tions requiring controlled binding and reversible interactions on biomimetic surfaces.

3.3.4 Lipid Composition Effects

The experiment investigated the dynamics of bilayer formation and subsequent inter-
actions with calf thymus DNA using SiO, sensors under controlled conditions. Sensor
1, Sensor 2, and Sensor 3 data provided complementary insights into the system’s re-
sponse to buffer changes, lipid deposition, osmotic shock, and DNA addition/removal.
Measurements of frequency shifts (A f) and dissipation changes (AD) at multiple har-
monics were employed to monitor mass adsorption, bilayer formation, and interaction
events.

Initial measurements established baselines in MilliQQ water for all sensors, fol-
lowed by the introduction of a high-salt buffer (20 mM HEPES, 460 mM NaCl, 2mM
CaCly, pH 7). The subsequent addition of lipid vesicles (6:2:2 PC:PS:PE for Sensor
2, 8:2 PC:PS for Sensor 1, and 50:2:3 PC:PS:PE for Sensor 3) resulted in significant
frequency decreases (Af) and dissipation changes (AD) across multiple harmonics,
indicative of vesicle adsorption. Osmotic shock was induced by switching to a low-salt
buffer (20 mM HEPES, 0 mM NaCl, 2mMCaCly, pH 7). This step ruptured the lipid
vesicles, facilitating the transition from vesicle adsorption to bilayer formation. The
release of lipids and their subsequent reorganization into bilayers was evidenced by an
increase in dissipation (AD) and partial recovery of frequency (Af). The differences
in bilayer formation can be attributed to the distinct characteristics of the lipids
used. POPC (1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine), present in all sen-
sors, is known for its zwitterionic, neutral charge, which contributes to bilayer stabil-
ity and fluidity. POPS (1-palmitoyl-2-oleoyl-sn-glycero-3-phospho-L-serine), present
in all sensors, introduces a negative charge, facilitating interactions with divalent
cations like calcium and enhancing the adsorption of charged molecules. POPE (1-

palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine), more prevalent in Sensor 3, is
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Figure 3.7: Frequency and dissipation changes during lipid deposition, osmotic shock, and

DNA interactions. Sensor 1 shows stability, Sensor 2 exhibits enhanced reorganization, and

Sensor 3 demonstrates balanced bilayer properties influenced by lipid composition.
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known for its small headgroup and hydrogen-bonding capabilities, which promote
bilayer rigidity and influence the bilayer’s mechanical properties.

The differences in osmotic response can be further linked to lipid composition.
Sensor 2, with a higher proportion of PC and PE, showed the most significant dissi-
pation increase, indicative of greater bilayer reorganization. Sensor 3, with its balance
of POPC, POPS, and POPE, exhibited the largest frequency changes, particularly at
higher harmonics, indicating strong DNA adsorption and bilayer perturbation. Sen-
sor 1, dominated by POPC and POPS, displayed minimal changes, suggesting a more
stable bilayer structure.

Following bilayer stabilization, calf thymus DNA was introduced at two concen-
trations: 100 pg/mL and 20 pg/mL, in a high-CaCly buffer (20 mM HEPES, 200 mM
CaCly, pH 7). The initial injection of DNA (100 pgmL™") produced a pronounced
frequency shift and dissipation change (Af < 0, AD > 0), indicating significant mass
adsorption and a corresponding viscoelastic change in the bilayer. This response is
consistent with DNA binding to the bilayer, potentially mediated by calcium bridg-
ing between DNA and negatively charged lipids. Subsequent rinsing steps with buffer
(20 mM HEPES, 2 mM CaCly, pH 7) partially reversed these changes (Af > 0,
AD < 0), reflecting the removal of loosely bound DNA. The lower DNA concentra-
tion (20 pg/mL) showed a smaller but qualitatively similar response, supporting a
concentration-dependent binding mechanism.

Comparing the responses from the three sensors, several distinctions are apparent
(see Table 3.1). Sensor 1 (8:2 PC:PS) exhibited the smallest frequency and dissipation
changes, reflecting a stable bilayer with minimal reorganization or DNA adsorption
(see Figure 3.7a). Sensor 2 (6:2:2 PC:PS:PE) showed moderate frequency and dissipa-
tion changes, highlighting enhanced bilayer fluidity and better DNA interaction due
to PE (see Figure 3.7b). Sensor 3 (50:2:3 PC:PS:PE) displayed the largest frequency
changes, particularly at higher harmonics, and moderate dissipation changes, indi-
cating strong DNA adsorption and significant bilayer perturbation driven by POPE’s

influence (see Figure 3.7c).
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Table 3.1: Summary of key findings from QCM-D measurements across different lipid com-

positions.

. €3]

§ £ | Bilayer Bilayer DNA DNA Key Ob-

8 A Formation | Properties | Binding Removal servations

8 (Osmotic (100 (Rinse)
Shock) pug/mL)

1 8:2:- | Minimal Stable, low Weak: small | Largely Highly
Af/AD reorganiza- Afl, ADT | reversible stable
changes; tion bilayer;
stable minimal
bilayer DNA

interaction

2 6:2:2 | Largest Intermediate | Moderate Partially PE
dissipation fluidity and | Af ], AD T | reversible promotes
increase; rigidity flexibility
strong reor- and
ganization moderate

DNA
interaction

3 5:2:3 | Moderate Viscoelastic, | Strongest Least POPE
dissipation; sensitive to Afl, reversible enhances
largest Af perturbation | moderate DNA
shifts at AD 7T adsorption
higher and bilayer
harmonics perturbation

During osmotic shock, Sensor 2 showed the most pronounced dissipation increase,
reflecting significant bilayer reorganisation, while Sensor 3 exhibited strong frequency
changes, demonstrating its sensitivity to DNA interactions. Sensor 1 displayed mini-
mal changes, underscoring its stability. These differences underscore the critical role
of lipid composition in modulating bilayer properties and interactions with nucleic
acids. DNA removal during rinsing was more effective in Sensor 1, further supporting
its lower binding affinity, while Sensors 2 and 3 retained more DNA| highlighting the
influence of bilayer composition on binding strength.

The osmotic shock appeared to enhance bilayer fluidity, as evidenced by the dis-
sipation dynamics during low-salt buffer exposure. This step likely facilitated subse-
quent DNA binding by optimising the bilayer’s electrostatic and structural properties.

DNA adsorption was characterized by a rapid frequency decrease and increased dis-
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sipation, suggesting the formation of a hydrated, viscoelastic layer. DNA removal
was incomplete during rinsing, indicating strong binding affinity under high-CaCl,
conditions. The observed concentration dependence of DNA binding supports the
hypothesis of multivalent interactions between DNA and the bilayer. These find-
ings highlight the interplay between osmotic conditions, bilayer structure, and DNA-
binding dynamics, providing insights into the molecular mechanisms governing nucleic

acid-lipid interactions.

3.3.5 Cholesterol Effects

The experimental investigation on Sensor S4 aimed to form a supported lipid bilayer
(SLB) and study its interactions with DNA. This was achieved using a natural liver
extract (0.1 mg/mL) in a buffer containing 20mM HEPES, 460 mM NaCl and 2 mM
CaCly at pH 7. The SLB formation was monitored using QCM-D, which showed
characteristic changes in frequency and dissipation (see Figure 3.8). These observa-
tions suggested the adsorption of lipid vesicles onto the SiO, sensor surface, followed
by their rupture and fusion into a continuous bilayer. Unlike Sensors S1-S3, which
employed isolated lipid mixtures, Sensor S4 used a total lipid extract. This extract
included cholesterol and a more diverse lipid composition, reflecting the natural het-
erogeneity of biological membranes. The presence of cholesterol likely contributed
to differences in bilayer properties, such as increased rigidity and altered fluidity, as
compared to bilayers formed on S1-S3.

The process was marked by a substantial decrease in frequency, indicative of mass
addition on the sensor surface, and a transient increase in dissipation, signifying ini-
tial viscoelastic properties. Over time, the dissipation values stabilised, indicating
the formation of a rigid and well-ordered bilayer. The presence of calcium ions was
critical in this context, as they mitigated electrostatic repulsion between lipid vesicles
and facilitated vesicle fusion by neutralizing the negative charges on the lipid head-
groups. Subsequent to SLB formation, calf thymus DNA was introduced to study its
binding behaviour. The addition of 100 g/mL DNA resulted in the most pronounced

frequency decrease and dissipation increase on S4, signaling the formation of a dense,
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Figure 3.8: QCM-D data for Sensor S4 showing frequency and dissipation changes during
SLB formation with a natural lipid extract and subsequent DNA binding. The presence
of cholesterol and diverse lipid composition contributed to a rigid bilayer and enhanced
viscoelastic properties during calcium-mediated DNA interactions.

viscoelastic layer on the SLB. Lower concentrations of DNA (20 g/mL) elicited a less
pronounced response, consistent with partial coverage of the bilayer surface. These
concentration-dependent changes highlighted the role of electrostatic interactions and
calcium bridging in facilitating DNA binding.

Compared to S1-S3, Sensor S4 exhibited elevated baseline noise relative to the
other sensors, particularly S1 and S3, which could have influenced the precision of
measurements during the bilayer formation and DNA binding phases. The use of a
total lipid extract on S4, containing cholesterol and a diverse lipid profile, introduced
differences in bilayer properties, such as increased rigidity and altered interaction
dynamics with DNA, compared to the isolated lipid mixtures used in S1-S3. Specifi-
cally, the presence of cholesterol likely increased the bilayer’s packing density, which
may have enhanced calcium-mediated bridging interactions between the bilayer and
DNA. While S4 exhibited significant frequency decreases and dissipation increases
during lipid deposition and DNA binding, the magnitude of these changes was gen-
erally comparable to those observed for S1-S3. However, the dissipation changes in

S4 suggest a slightly more viscoelastic layer, likely due to cholesterol’s contribution
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to lipid heterogeneity. The dissipation stabilization on S4 following SLB formation
was similar to that of S1-S3, suggesting that despite the initial noise, a rigid and
well-ordered bilayer was achieved. Cholesterol may have contributed to this rigidity,
further stabilizing the bilayer. The responses to DNA concentrations on S4 aligned
well with the trends observed on S1-S3. However, the slightly higher dissipation val-
ues during DNA binding on S4 may reflect the presence of cholesterol, which could
promote a more viscoelastic interaction layer by stabilising calcium-mediated binding
sites. These observations validate the utility of Sensor S4 for studies on lipid bilayers
and DNA interactions, despite its noisier baseline. The presence of cholesterol and a
diverse lipid composition on S4 provided additional insights into the role of natural
lipid heterogeneity in biomimetic systems, particularly in enhancing the stability and

dynamics of calcium-mediated DNA interactions.

3.3.6 Surface protein effects

The experiments utilizing virus-like particles (VLPs) produced in HEK293 cells re-
vealed significant insights into the role of surface proteins, lipid heterogeneity, and
environmental pH on DNA interactions. Unlike artificial lipid bilayers, which lack the
complexity of biological membranes, or the total liver lipid extract, which lacks sur-
face proteins, the VLPs employed in this study incorporate cholesterol, diverse lipid
species, and a range of surface proteins, closely mimicking native viral envelopes.
The QCM-D analysis demonstrated distinct binding dynamics across experimen-
tal phases. The largest changes in dissipation and frequency were observed at pH
6, followed by pH 8, with the smallest responses recorded at pH 4 (see Figure 3.9).
At pH 6, the increased dissipation indicates the formation of a highly viscoelastic
layer, potentially driven by optimal conformational states of surface proteins that
facilitate stronger interactions with DNA. The intermediate behavior at pH 8 is con-
sistent with robust but less dynamic binding, where calcium-mediated electrostatic
bridging remains a dominant mechanism. At pH 4, the binding interactions dimin-
ished, as evidenced by smaller changes in frequency and dissipation. This is likely

due to the disruption of calcium-mediated bridges and conformational alterations
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in surface proteins, reducing their capacity to mediate DNA attachment. The role
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Figure 3.9: QCM-D analysis of DNA binding to a viral supported bilayer (Chikungunya
VLPs) under varying pH conditions. The largest changes in frequency and dissipation were
observed at pH 6, indicating the formation of a highly viscoelastic layer. Moderate responses
at pH 8 suggest robust but less dynamic binding, while minimal changes at pH 4 reflect
disrupted calcium-mediated interactions and reduced protein-lipid activity.

of surface proteins in these interactions is critical. At pH 6, surface proteins may
adopt configurations that maximize electrostatic complementarity and hydrophobic
interactions, promoting enhanced DNA binding. In contrast, the reduced interaction
strength at pH 8 reflects a less optimized state for protein-mediated binding. The
highly acidic conditions at pH 4 appear to destabilize protein structure and inter-
fere with lipid-mediated interactions, further diminishing DNA attachment. These
findings emphasize the interplay between surface protein dynamics, calcium bridging,
and environmental pH in regulating DNA interactions on VLPs.

In comparison to artificial lipid bilayers and total liver extracts, the presence of
surface proteins on VLPs introduces additional complexity and functionality. While
artificial bilayers and liver extracts are primarily influenced by lipid composition and
cholesterol content, the inclusion of surface proteins on VLPs enhances their capac-
ity for selective and dynamic interactions. Surface proteins likely contribute to the
observed differences in binding behavior across pH conditions, with their conforma-
tional states playing a pivotal role at pH 6 in facilitating enhanced interaction dynam-

ics. This added complexity makes VLPs a more representative model for studying
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biomolecular interactions on native viral surfaces.

These findings provide a nuanced understanding of how VLPs, with their protein-
lipid heterogeneity, behave across different pH environments. The results highlight
the critical role of surface proteins in modulating DNA interactions, particularly un-
der mildly acidic conditions, and offer valuable insights into the interplay between
membrane composition, protein structure, and environmental factors in biomimetic

systems and their interactions with DNA.

3.4 Discussion

This chapter explored the cation-mediated labeling of viruses using fluorophore-
modified single-stranded DNA (ssDNA), focusing on the effects of ssDNA length,
pH, and calcium ion (Ca?") concentration. Building on the foundational work by
Robb et al. [179], we refined the understanding of the labeling mechanism and its
dependence on these parameters, while identifying areas for further investigation and

application.

3.4.1 Role of ssDNA Length, Ca?" Concentration, and pH

Our findings confirmed that ssDNA length is a critical determinant of labeling ef-
ficiency. The 8mer was insufficient for stable interactions at pH 8 across all tested
Ca?" concentrations, whereas the 14mer, 20mer, and 40mer exhibited robust labeling,
with track counts peaking at 1 M Ca?". The 40mer displayed superior performance,
retaining significant track counts even as Ca?" concentrations decreased, highlighting
the benefits of longer ssDNA. The results also demonstrated that higher pH enhances
labeling efficiency, with pH 9 promoting stronger cation-mediated interactions due to
the increased negative charge on the virion surface. This was particularly evident in
the improved performance of the 14mer and the detection of nonzero photocounts for
the 8mer at pH 9, which were absent at pH 8.

The photocount analysis further supported these observations. The 40mer exhib-

ited significantly higher photocounts at pH 9 than at pH 8, reflecting its enhanced

88



labeling efficiency under alkaline conditions. The 20mer and 14mer maintained mod-
erate photocounts at both pH values, while the 8mer was detectable only at pH 9.
These results underscore the importance of optimizing pH and Ca?" concentration

for efficient ssDNA labeling, particularly for shorter constructs.

3.4.2 Insights from Viral Supported Bilayers

The viral supported bilayers produced in this study offer valuable insights not only
for ssDNA labeling but also as model systems for studying the viral envelope. These
bilayers, derived from virus-like particles (VLPs), mimic key features of viral mem-
branes, including lipid composition and the presence of surface proteins. They pro-
vide a planar, biomimetic platform for probing virus-membrane interactions under
controlled conditions, enabling investigations into the effects of pH, ionic strength,
and binding agents on membrane dynamics.

While these supported bilayers are powerful tools, it is important to note that
they represent a planar system, unlike the spherical geometry of actual virions. This
structural difference is a limitation for the QCM-D experiments, as it may result
in deviations from the natural curvature and spatial organization of viral envelopes.
These differences could influence the binding dynamics of ssDNA and other interacting
molecules. Future studies could explore methods to incorporate curvature into such

systems, for instance, by using curved substrates or intact VLPs.

3.4.3 Mechanistic Insights

The use of poly-thymine ssDNA ensured that the observed interactions were not in-
fluenced by secondary structure, confirming that the labeling mechanism is driven
by electrostatic and cation-mediated interactions rather than structural features of
the DNA. However, the role of secondary structure in ssDNA labeling remains unex-
plored and warrants further investigation. For example, sequences capable of forming
hairpins or other secondary structures may exhibit altered binding properties due to

changes in effective length, charge distribution, or rigidity.
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3.4.4 Future Directions

This work provides a solid foundation for extending the study of cation-mediated
labeling to new contexts and applications. Several avenues for future research are as

follows:

e Testing a Broader Range of Viruses: While this study focused on WSN
virions, it would be valuable to test additional enveloped viruses to assess the
universality of the cation-mediated labeling mechanism. Understanding how
differences in lipid composition, surface protein content, and envelope architec-

ture affect labeling efficiency could expand the utility of this method.

e Exploring the Role of ssDNA Secondary Structure: Future experiments
could investigate how sequences capable of forming hairpins or other structures
impact labeling efficiency. This could reveal whether structural properties in-

fluence binding strength, stability, or fluorescence signal.

e Compatibility with Other Labeling Methods: Investigating the compat-
ibility of cation-mediated labeling with established techniques, such as fluo-
rescence in situ hybridization (FISH) assays, could open new possibilities for

multiplexed or complementary labeling strategies.

e Optimizing for Specificity: While this technique labels enveloped viruses
indiscriminately, integrating it with additional functionalization methods or de-
tection assays could increase specificity. For instance, combining this approach
with sequence-specific hybridization or antibody-based methods might enable

selective labeling of target viruses in complex samples.

e Improving Model Systems: Developing systems that better mimic the cur-
vature of native viral membranes would address the limitations of planar sup-
ported bilayers. This could include using curved substrates or intact VLPs to

provide a more representative model for studying virus-envelope interactions.
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3.4.5 Broader Applications

The insights gained from this study have broad implications for the development
of advanced diagnostic tools and experimental techniques. By refining the cation-
mediated labeling process and identifying its key parameters, this work sets the stage
for more efficient and robust methods for detecting and studying enveloped viruses.
Additionally, the use of viral supported bilayers as model systems offers a versatile
platform for probing virus-membrane interactions and could inform the design of

novel therapeutics and diagnostics.

3.4.6 Conclusion

This chapter demonstrates the critical roles of ssDNA length, pH, and Ca?" concen-
tration in cation-mediated virus labeling. By extending the foundational work and
introducing systematic variations in these parameters, we have provided a deeper un-
derstanding of this mechanism and identified promising directions for future research

and application.

91



Chapter 4

Detection of Immobilised Virions in
Minutes using Deep Learning

"Great things are done by a series
of small things brought together.”

Vincent Van Gogh

4.1 Graphical Abstract
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Figure 4.1: Cation-mediated fluorescent labelling of viruses enables TIRF imaging and
machine learning analysis: Known samples are labelled and imaged, pre-processed
images train a convolutional neural network, which then predicts the identity of
viruses in unknown samples. Figure created with BioRender.com. Reproduced from
the author’s own work previously published in ACS Nano, 2023, 17 (7), 6276-6298.
https://doi.org/10.1021/acsnano.2¢10159. Copyright ©) 2023 American Chemical Society.
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4.2 Introduction

The SARS-COV-2 virus has affected a vast number of individuals since its appearance,
leading to significant fatalities and causing global upheaval. The rise of multiple
strains that impact transmission rates, disease severity, or vaccine effectiveness has
further challenged containment efforts.

Common diagnostic methods for this virus encompass tests that detect its genetic
material, its presence through antigens, and the antibodies produced in response to it.
The widely recognized standard for diagnosis involves a specific genetic amplification
technique. While accurate, this method can be time-consuming, necessitates special-
ized facilities, and can face supply constraints. Alternative amplification techniques
offer quicker results without the need for complex equipment but still face similar lo-
gistical challenges. Rapid tests using colorimetric labels for immediate virus detection
are available but might compromise on accuracy. Identifying specific strains primarily
depends on sequencing the virus’s genetic material. Given these challenges, there’s
a pressing demand for innovative detection techniques, especially those suitable for
field deployment.

In prior research, we introduced an efficient technique to swiftly label virus par-
ticles using a combination of divalent cations, short DNA sequences, and a particle
with a specific charge. This method allowed for the creation of brightly fluorescent
particles for any enveloped virus examined. Our extensive evaluations confirmed the
specificity and reliability of this labeling approach.

To meet the demand for innovative detection methods, we’ve harnessed this label-
ing technique to devise a diagnostic test based on fluorescence imaging. The process
begins with rapid fluorescence labeling of viruses in a specimen, followed by immo-
bilizing these labeled particles for imaging. Subsequent image analysis and machine
learning techniques are employed to discern different viruses in various samples. This
strategy capitalizes on the unique characteristics of different virus types and strains,
which influence the distribution and density of fluorescent markers on their surfaces.

Advanced computational models, like convolutional neural networks (CNNs), have
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proven effective in classifying and detecting virus particles based on these distinct

features.

4.3 Methods and Materials

4.3.1 Lab-grown virus Strains

The study utilized several influenza strains, naamely HIN1 A /Puerto Rico/8/1934
(PR8), H3N2 A /Udorn/72 (Udorn), HIN1 A/WSN/33 (WSN), and H3N2 A /Aichi/68
(X31). The strains WSN, PRS8, and Udorn were cultivated in either Madin-Darby
bovine kidney (MDBK) or Madin—Darby canine kidney (MDCK) cells. In contrast,
X31 was propagated in embryonated chicken eggs. After cultivation, either the cell
culture supernatant or allantoic fluid was harvested, and the viral concentrations were
determined using a plaque assay. The recorded titers for PR8, Udorn, WSN, and X31
were 1x108 PFUmML ™, 1x10" PFUmML ™, 2x10° PFUmML ™}, and 4.5x 108 PFUmL ™,
respectively. Additionally, the coronavirus IBV (Beau-R strain) [180] was cultivated
in embryonated chicken eggs and had a titer of 1 x 10° PFUmL ™' as determined by
a plaque assay. Both influenza and IBV were rendered inactive with a 2% (w/v)
formaldehyde addition prior to their application in the study. As for SARS-CoV-
2, it was cultivated in Vero E6 cells, with a titer of 1.05 x 10° PFUmL ™, and was

inactivated using a 4% (w/v) formaldehyde solution before its utilization.

4.3.2 Single Stranded DNAs

We procured single-stranded oligonucleotides modified with either “red” or “green”
dyes from IBA, based in Germany. When choosing oligonucleotides, our primary
considerations were their length (ensuring they exceeded 20 bases) and the type of
fluorophore modification (prioritizing bright and enduring dyes). The specific se-
quence of the oligonucleotides was of secondary importance, as effective labeling was
observed irrespective of sequence, provided the aforementioned conditions were sat-
isfied. The DNA labeled with a “red” hue in our study was modified at its 5 end
with ATTO647N, having the sequence 5’ ACAGCACCACAGACCACCCGCGGAT
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GCCGGTCCCTACGCGTCGCTGTCACGC. Conversely, the “green” labeled DNA
was altered at its 3’ end with Cy3, with the sequence 5GGGTTTGGGTTGGGTTG
GGTTGGGTTTTGGGTTTGGGTTGGGTTGGGAAAAA3’. For super-resolution
imaging purposes, we used DNA modified at the 5’ end with Alexa647, bearing the
sequence 5" TCCGCTCTCACAATTCCACACATTATACGAGCCGAAGCATAAA
GTGTCAAGCCTS3'.

4.3.3 Sample Preparation

The preparation process for both positive and negative samples was identical. For
instance, they were inactivated using the same formaldehyde concentration or labeled
in a consistent buffer. Only samples that underwent identical preparation were anal-
ysed in comparison to each other. Glass slides underwent a treatment process with
0.015mg/mL chitosan, a linear polysaccharide, in 0.1M acetic acid for a duration
of 30 minutes. Subsequently, they were rinsed three times with Milli-Q water. Al-
ternatively, they were treated with 0.01% poly-l-lysine (from Sigma) for 15 minutes.
Although both agents introduced some background in the control samples, they fa-
cilitated swift immobilization of the virus, which is crucial to prevent virus clumping.
Unless specified otherwise, virus stocks, usually about 10uL, were diluted in either
0.23M CaCly or SrCly (as detailed in the figure legends) combined with 1nM of each
dye-labeled DNA, resulting in a total volume of 20uL. This mixture was then ap-
plied to the slide. For the imaging of SARS-CoV-2, the cationic labeling solution
was buffered using 20mM Tris at pH 8. The method of virus labeling with CaC'l,
has been documented earlier; SrCl, yields comparable outcomes. For lab-cultivated
virus stocks, negative samples were produced using either virus-free Minimal Essen-
tial Media (from Gibco) or allantoic fluid sourced from uninfected eggs, substituting

the virus.

4.3.4 Imaging

Three wide-field Nanoimager microscopes were utilized to capture the images. "Mi-

croscope 1" featured a Hamamatsu Flash 4 LT.1 sCMOS camera, while "Microscopes
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2 and 3" were fitted with a Hamamatsu Flash4 V3 sCMOS camera. Apart from these
distinctions, the systems were identical in their specifications. The imaging of the
sample was conducted using total internal reflection fluorescence (TIRF) microscopy,
combined with a 100x oil-immersion lens. The laser light was directed at an angle
of 53° relative to the perpendicular. Short movies, consisting of 5 frames for each
field of view (FOV) that spanned 75 x 49um, were recorded at a rate of 33Hz with
a 30ms exposure time. The laser intensities were consistently set at 0.78%kW/cm? for
the red (640nm) laser and 1.09kWW /cm? for the green (532nm) laser. To automate the
process and ensure unbiased FOV selection, the entire sample underwent scanning us-
ing the microscope’s multi-acquisition feature, capturing 81 FOVs within 2 minutes.
An automated autofocus system meticulously managed defocusing, positioning the
sample at a predetermined axial location before each FOV was illuminated by the
excitation lasers. This positioning was accomplished by observing the reflection of
a near-infrared laser on the glass/sample medium boundary and aligning the image
with a previously stored reference image.

The data presented in Supplementary Figure 6 was gathered using a Zeiss Elyra
7 microscope, which was equipped with two pco.edge sSCMOS (version 4.2 CL HS)
cameras. TIRF images were captured using the alpha Plan-Apochromat 63 x /1.46
oil lens. For imaging Atto647N, a laser intensity of 10% from the 641nm laser was
employed. For capturing Cy3 images, laser intensities were set at 6% for the 561nm

and 3% for the 488nm laser, with an exposure duration of 50ms.

4.3.5 Super-resolution Imaging

For capturing images at super-resolution, we prepared microscope slides with a pas-
sivation process. Initially, these slides were cleaned using acetone and then treated
with a Vectabond solution (from Vector Laboratories). Subsequently, they were ex-
posed to a mixture of NHS-PEG and Biotin-NHS-PEG (sourced from Laysan Bio) at
aratio of 80 : 1. Just before adding the virus, the slide was treated with 0.5mg/mL of
neutravidin for a 10-minute duration at ambient temperature. The viruses underwent

biotinylation by being treated with 1mg/mL of Sulfo-NHS-LC-Biotin (sourced from
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ThermoFisher) for 3 hours at a temperature of 37°C. Post this, they were labeled
using 0.23 M CaCly, and 1nM of DNA tagged with Alexa647, resulting in a final
volume of 20u L, which was then applied to the slide.

After a 30-minute incubation at room temperature, the slide was rinsed three times
using 1x PBS. The imaging process was conducted in a solution containing 50mM
MEA and an enzyme-based oxygen scavenging system, which comprised 1mg/mL glu-
cose oxidase, 40p1g/mL catalase, and 1.0% (by weight /volume) glucose. The Nanoim-
ager software’s built-in features were used to extract super-resolution localizations,
which were then further analyzed using Matlab. The DBScan method was employed
to cluster these localizations, setting a minimum cluster size of 50 and an epsilon
value of 30nm. This was followed by calculating the convex hull to determine the

area covered by these clustered points.

4.3.6 Data Segmentation

For each field of view (FOV) in the red channel, we converted it into a binary format
using MATLAB’s integrated imbinarize function, setting the adaptive filtering sen-
sitivity to 0.5. This adaptive filtering technique determines if a pixel is part of the
foreground or background based on the statistics of its surrounding pixels. The filter
sensitivity is a parameter that, when increased, lowers the threshold for a pixel to be
considered as foreground. To filter out free ssDNA and aggregates, we utilized the
bwpropfilt function, excluding objects with an area not within the 10-100 pixels range
(with 1 pixel equivalent to 117 nm). Through imaging of individual fluorophores, we
observed that their area did not surpass 10 pixels, setting our lower boundary. We
selected 100 pixels as the upper boundary to eliminate extensive aggregates or cellular
remnants. The regionprops function was then applied to derive various attributes of
each detected object, such as its area, the ratio of its semi-major to semi-minor axis,
its center’s coordinates, its encompassing bounding box (BBX), and the peak pixel
intensity inside the BBX.

Each FOV is paired with a location image (LI) that provides an overview of

the signal locations from both channels (red and green). In the LI image, signals
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that are colocalized are represented in yellow. Objects identified in the red FOV
were cross-referenced with their corresponding signal in the related LI. Objects not
originating from colocalized signals were discarded. The approved BBXs were subse-
quently superimposed onto the original FOV, and images containing the individual

viruses within were preserved.

4.3.7 Deep Learning

We utilized the Convolutional Neural Network (CNN) with only the red channel as its
input. Incorporating both channels didn’t enhance the accuracy. While the images
weren’t normalized, the bounding boxes (BBXs) from data segmentation varied in
size. However, they never exceeded 17 pixels in any direction due to size constraints.
To standardize, all BBXs were padded (by adding zero-value pixels) to achieve a
uniform size of 17x17 pixels.

These adjusted images served as input for our 15-layer CNN. This network was
constructed using Matlab 2020b and underwent training on the computer’s GPU,
which boasted specifications like NVIDIA 2080Ti, 32 GB RAM, and an i7 processor.
The architecture included three convolutional layers: the initial two had 2x2 kernels,
while the last one utilized a 3x3 kernel. We fixed the learning rate at 0.01, maintaining
a consistent learning schedule rate throughout. All hyperparameters, including a mini
batch size of 1000, a maximum epoch count of 100, and a validation frequency of 20
iterations, remained unchanged for all models.

For classification, the trainNetwork function utilized the softmax function’s values.
It then allocated each input to one of the K distinct classes using the cross entropy

function for a 1-of-K coding scheme, represented as:

loss = Z Z ti; In(yi;) (4.1)

i=1 j=1
where N denotes the sample count, K represents the class count, ¢;; indicates that
sample ¢ belongs to class j, and In(y;,) is the output for the ith sample for the jth
class. Essentially, it’s the probability that the network correlates the ith input with
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the jth class. The optimization process employed a stochastic gradient descent with

a momentum of 0.9.

4.3.8 Zeta Potential Measurements

All zeta potential measurements were conducted using the Zetasizer Nano S, employ-
ing disposable folded capillary cells (DTS1070). We maintained the temperature at
25 °C and allowed the system to equilibrate for 120 seconds. Depending on the pH
levels, the samples were diluted in different solutions: 20 mM sodium acetate was
used for pH 4-5, 20 mM HEPES for pH 6-7, and 20 mM Tris for pH 9. The buffer
details for each pH level were input into the software to compute the viscosity and
dielectric constant. For the type of material sample, a combination of 50% lipid and
50% protein was used to determine the absorption and refractive index. The software
was set to "auto" mode for analysis. The software also decided the measurement
duration, with a range between a minimum of 10 runs and a maximum of 100 runs.

We recorded three measurements for each sample at every pH level.

4.3.9 Statistical Analysis
4.3.9.1 Confusion Matrices

Each network validation is represented through a confusion matrix, utilizing the fol-

lowing definitions:
e True Positive (TP): Correctly recognized positive bounding boxes (BBXs).
e False Positive (FP): Mistakenly recognized positive BBXs.
e True Negative (TN): Correctly recognized negative BBXs.
e False Negative (FN): Mistakenly recognized negative BBXs.

The term "Sensitivity" denotes the test’s capability to accurately detect positive
BBXs. It’s derived from the ratio of true positives to the sum of true positives and

false negatives:
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TP

—_— 4.2
TP + FN (42)

Sensitivity =

On the other hand, "Specificity" indicates the test’s proficiency in accurately
detecting negative BBXs. It’s determined by the ratio of true negatives to the sum

of true negatives and false positives:

TN
TN+ FP

The trained model’s accuracy in predicting BBXs is categorized into two metrics:

Specificity = (4.3)

the positive predictive value (PPV) represents the percentage of correctly predicted
BBXs, while the negative predictive value (NPV) denotes the percentage of incorrectly
predicted BBXs:

TP

PPV = — 4.4
v TP + FP (44)
TN
NPV = ——— 4.
v FN+ TN (45)

The model’s comprehensive validation accuracy, considering both positive and

negative predictions, is expressed as:

Sensitivity + Specificity
2

Balanced Accuracy = (4.6)

4.3.9.2 Limit of Detection

To determine the limit of detection (LOD), we labeled and imaged escalating concen-
trations of IBV, diluted in allantoic fluid. After pre-processing the images, individual
signals were input into the trained network. We then computed the normalized aver-
age of True Positives (TP/TP + FP) and its standard deviation (STD). These values
were plotted against their respective concentrations in a scatter plot. This data was

then fit into a linear regression model described by:

y=axr+b (4.7)
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In this equation, the virus concentration is the independent variable, and ’a’ signi-
fies the LOD. The final LOD value was determined using the equation a+ (3%xSTD) =
6 x 10* PFU/mL, which aligns with a 99.85% confidence interval under the assump-
tion of a normal distribution. Experiments involving the influenza strain A/WSN /33
followed a similar procedure.

For determining the LOD of SARS-CoV-2, we used a similar approach, but the

data was fit into a sigmoidal curve described by:

L

y= 1+ e—k(Concentration-xo)

+b (4.8)

In this equation, L is the maximum normalized positive value (interpreted as the
model’s sensitivity), b introduces a bias to the output, adjusting its range from [0, L]
to [b, L+10], k scales the input, and X represents the point where the sigmoid outputs
the value L/2.

4.4 Lab-Grown viruses

4.4.1 Efficient Labeling, Immobilization, and Visualization of
Viral Particles

To illustrate our capability in labeling, immobilizing, and visualizing viral particles,
we initially employed the infectious bronchitis virus (IBV), a known avian coronavirus
(CoV). For labeling, IBV was treated with a divalent cation, specifically Sr2*, which
exhibited performance characteristics analogous to Ca2™ (elaborated further below),
in conjunction with a combination of green and red fluorescent DNAs (tagged with
Cy3 or Atto647N fluorophores, see Figure 4.2 B). These labeled particles were sub-
sequently immobilized on a chitosan-coated glass substrate and visualized through
total-internal-reflection fluorescence microscopy (TIRF) (Figure 4.2 A). The fluores-
cence labeling was achieved expeditiously through a singular addition of the labeling
mixture, followed by immediate immobilization of the viruses. The resultant images
displayed particles with distinct green or red fluorescence emissions (represented as

green and red particles), as well as those with colocalized green and red fluorescence
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Figure 4.2: Schematic of virus labelling and immobilisation strategy. A. Labelled
viruses were immobilised on a chitosan-coated glass slide and illuminated with red and green
laser light on a widefield. Total Internal Reflection Fluorescence (TIRF) microscope. B.
Positively charged cations (i.e. calcium, strontium) bridge the lipid membrane of the virus
and the negatively charged phosphate groups on the ssDNA, binding fluorescently labelled
ssDNA to the surface of the virus. C Representative fields of view (FOVs) of fluorescently
labelled infectious bronchitis virus (CoV (IBV)). The virus sample, at a final concentration
of 1% 10* PFU/mL, was immobilized and labelled with 0.23nM CaCly, 1nM Cy3 (green)
DNA and 1nM Atto647N (red) DNA before being imaged. Green DNA was observed in the
green channel (top panels) and red DNA in the red channel (middle panels); merged red and
green localisations are shown in the lower panels. Scale bar 10um. A negative control where
DNA was replaced with water is included. D Plot showing the mean number of BBXs per
FOV for labelled CoV (IBV) and the negative controls. Error bars represent the standard
deviation of 81 FOVs from one slide. Statistical significance was determined by one-way
ANOVA, *P<0.0001. Reproduced from the author’s own work previously published in ACS
Nano, 2023, 17 (7), 6276-6298. hitps://doi.org/10.1021/acsnano.2¢10159. Copyright (C)
2028 American Chemical Society.

emissions (depicted as yellow particles) (Figure 1B-D). Effective viral labeling was
realized using either CaCl2 (Figure 4.2 C-D) or SrCly (Figure 4.3 b). Nonetheless,

both solutions yielded a certain number of colocalised signals in the virus-negative
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controls, potentially due to stochastic coincidences or cation-mediated aggregation of
DNAs on the substrate. Exclusion of DNAs culminated in a complete abrogation of

the fluorescent signal (Figure 4.2 C, right panels).

4.4.2 Image Segmentation

Before their use in machine learning algorithms, viral images were pre-processed to
separate individual image signals into bounded boxes (BBX) by segmenting the field of
view (FOV) using adaptive filtering (Figure 1E). Employing a BBX-centric approach
over full FOVs for classification is advantageous as it negates potential artifacts arising
from variations in viral concentration or disparities in background and illumination
patterns. The pristine FOVs from the red channel (Figure 4.3 1E-i) were transmuted
into a binary format (Figure 4.3 1E-ii), and area filtering was employed to exclude
entities with a cumulative area (i.e., width x length) less than 10 pixels (1170nm;
singular fluorophores) or exceeding 100 pixels (11700nm; aggregates or cellular frag-
ments) (Figure 4.3 1E-iii). Concurrently, to augment our viral sampling and exclude
non-viral signals, the location image (depicting the green, red, and yellow signals from
both channels; Figure 4.3 1E-iv) was utilized to discern colocalized signals (Figure
4.3 1E-v). This data, amalgamated with the signals discerned in the filtered binary
image (Figure 4.3 1E-iii), facilitated the rejection of signals that did not satisfy the
colocalization criterion (Figure 4.3 1E-vi; cyan boxes) and the retention of those that
did (Figure 4.3 1E-vi—vii; red boxes).

The segmentation process was entirely automated, with each FOV being processed
in approximately 2 seconds. In this experimental setup, the average count of colocal-
ized BBXs per FOV in the presence of IBV was approximately six times greater than
in its absence (Figure 4.3 1F), corroborating that our preprocessing step is adept at

capturing virus-specific images.
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Figure 4.3: Fluorescent labeling and imaging strategy to detect viruses. A. Process
Outline: (i) Viruses were labeled and imaged. Signals were segregated, and a CNN was
trained to identify viruses using their unique attributes. (ii) Signals from unknown samples
were input into the pre-trained CNN, enabling (iii) virus classification. B. Fields of view
(FOVs) for infectious bronchitis virus (CoV (IBV)) at 1 x 10* PFU/mL, labeled with 0.23M
SrCle, InM Cy3 (green) DNA, and InM Atto647N (red) DNA. Green and red DNA were
visualized separately (top and middle panels), with combined localizations shown below.
Scale bar: 10um. A water control (no DNA) is also shown. C & D. Magnified views
from B; white rectangles indicate co-localizing particles. Scale bar: 5um. E. Segmentation:
(i) Red-spectrum FOV. (ii) Intensity filtering produces a binary image. (iii) Area filtering
retains 10-100 pixel entities. (iv) Corresponding spatial image. (v) Co-localized signals
in the spatial image. (vi) Bounding boxes (BBXs) from (iii) overlaid on (v); cyan objects
lacking co-localization are discarded. (vii) Co-localized entities (red) overlaid on (i). Scale
bar: 10pum. F. Average BBX sizes for labeled CoV (IBV) vs. controls. Error bars: standard
deviation across 81 FOVs from one slide. Statistical significance: one-way ANOVA, *P =
6.01 x 10 22. Reproduced from the author’s own work previously published in ACS Nano,
2023, 17 (7), 6276-6298. hitps://doi.org/10.1021 /acsnano.2¢10159. Copyright ©) 2023
American Chemical Society.
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Figure 4.4: Design of a CNN to classify imaged viruses. A. Fields of view (FOVs) for
CoV (IBV), H3N2 variants (Udorn, X31), HIN1 (PRR), and a virus-free control. Samples
were tagged with 0.23 M SrCla, 1nM Cy3 (green) and Atto647N (red) DNA. Colocalizations
are highlighted (white rectangles). Scale bar: 10 um. B—D. Frequency plots of peak pixel
brightness, area, and axis ratio for 81 FOVs per virus. P-values from one-way ANOVA. E.
15-layer CNN: three convolutional stages, followed by a fully connected layer and softmax for
classification. Reproduced from the author’s own work previously published in ACS Nano,
2023, 17 (7), 6276-6298. https://doi.org/10.1021/acsnano.2¢10159. Copyright ©) 2023

American Chemical Society.

4.4.3 Positive and Negative Virus Images Can Be Distinguished
Using Deep Learning

Having successfully imaged viral samples and segmented the resultant signals into

BBXSs, I theorized that a convolutional neural network (CNN) could discern between

signals from virus-positive and virus-negative samples, as well as differentiate be-

tween different viruses. To validate this, I employed fluorescent labeling and imaging
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on IBV, three lab-cultivated influenza A strains—H3N2 A /Udorn/72 (Udorn), H3N2
A/Aichi/68 (X31), and HIN1 A/PR8/8/34 (PR8)—and a control devoid of viruses
using virus-free cell culture media (Figure 4.4 A). These viruses, while similar in
morphology, are indistinguishable to the naked eye in diffraction-limited microscope
visuals of fluorescently marked particles (Figure 4.6). However, after image segmenta-
tion and analysis of the BBXs’ attributes, I observed subtle but statistically relevant
variations in pixel intensity, area, and the ratio of semimajor to semiminor axes
within the BBXs (Figure 4.4 B-D). For instance, IBV exhibited greater brightness

than influenza, while Udorn spanned a more extensive area than its counterparts.

Influenza
Udorn (H3N2) X31(H3N2) PRS(H1N1

)

Cov (18Y).

- Virus

Figure 4.5: Super-resolution images of cation-labeled virus particles. A. Schematic
of immobilization: biotinylated virus was labeled with 0.23 M CaCl, and 1 nM DNA-
Alexab47, incubated on biotin-PEG slides treated with neutravidin, and imaged. B.
Diffraction-limited TIRF FOV and corresponding super-resolved image. C-E. Super-
resolved images of PR8, Udorn, and X31 viruses (scale bar: 10um; zoom-in: 100nm).
F. Histogram of virus areas from PR8 (4 FOVs), Udorn (2 FOVs), and X31 (1 FOV). G.
Histogram of major/minor axis ratios for PR8, Udorn, and X31.

This observation was further corroborated by super-resolution imaging of cation-
tagged viral entities. Utilizing fluorescence-driven super-resolution microscopy, I cap-
tured both diffraction-limited and high-definition visuals of identical fields of view.
This offered a juxtaposition between the BBX-isolated signals for machine learning
and their super-resolved counterparts. Biotinylated viruses were anchored on pegy-
lated coverslips, subsequently labeled with CaCly and a DNA tethered to a switchable
Alexa647 dye. During imaging, the fluorescent outputs from the Alexa647 DNAs
on the viral entities were documented, and each resulting localization was meticu-

lously adjusted to reconstruct a super-resolved visual. Cluster analysis of these super-
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Figure 4.6: Super resolution images of cation-labelled virus particles. Represen-
tative fields of view (FOVs) of fluorescently labelled CoV (IBV), influenza A (Udorn, X31
and PR&) and a virus-negative control (- Virus). The samples were immobilized and la-
belled with 0.23 M SrCI2, 1 nM Cy3 (green) DNA and 1 nM Atto647N (red) DNA be-
fore being imaged. FOVs from the red channel are shown. Scale bar 10um. Reproduced
from the author’s own work previously published in ACS Nano, 2023, 17 (7), 6276-6298.
https://doi.org/10.1021/acsnano.2¢10159. Copyright ©) 2023 American Chemical Society.
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Figure 4.7: Training Progress for CoV (IBV) and the virus-negative control (-
Virus). A. Graph describing the validation accuracy of the network per iteration. B.
Graph showing the loss function value for each. C. Overall validation accuracy and training
time. Reproduced from the author’s own work previously published in ACS Nano, 2023, 17
(7), 6276-6298. hitps://doi.org/10.1021 /acsnano.2¢10159. Copyright ©) 2023 American
Chemical Society.

resolved localizations indicated that the fluorescent outputs seen in the diffraction-
limited visuals of labeled specimens align with virion-sized particles. Moreover, dis-
tinct viral classes seemed to exhibit minor variations in labeling density, area, and
morphology (Figure 4.5). I believe that deep learning algorithms can harness these
minute disparities, along with more intricate image attributes like pixel correlations,
to categorize the viruses.

For sample classification, I devised a 15-layer CNN (Figure 4.4 E, details in leg-
end). The initial step involved imaging IBV and a virus-negative control, comprising
solely SrCl2 and DNA. Both samples underwent independent imaging across three
days, with four sessions each. This three-day imaging span ensured the capture of any
inherent variability in the imaging process, such as minor temperature fluctuations,
thereby bolstering the trained models’ capability to categorize data from subsequent
datasets. The extracted BBXs for each specimen were then arbitrarily split into a
training set (70%) and a validation set (30%). The training set facilitated the CNN’s
learning to distinguish IBV from negative signals, utilizing approximately 3000 BBXs
for each sample. The trained network underwent validation with the untouched 30%

of the data. The inaugural data point during network validation registered at 50%
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accuracy, anticipated for a wholly arbitrary categorization of entities into two groups.
This was succeeded by a swift surge in validation accuracy as the network identified
prominent parameters, with a more gradual ascent as iterations multiplied (Figure
4.7 A). Concurrently, there was a corresponding decline in the Loss Function (Figure
4.7 B). The entire training-validation cycle culminated in 12 minutes (Figure 4.7 C).

The network validation outcomes are depicted as a confusion matrix, a standard
tool for illustrating classification task performance metrics Figure 4.8 A. Rows rep-
resent the predicted class, columns indicate the true class, and the bottom-right cell
denotes the model’s overall validation accuracy for each categorized particle. For
the IBV vs. negative comparison, the trained network adeptly distinguished between
positive and negative samples, achieving an impressive accuracy (91.4%), sensitivity
(91.9%), and specificity (90.9%) (Figure 4.8 B). Importantly, these probabilities per-
tain to the identification of individual viral particles in the specimen, not the entire
sample. Consequently, the likelihood of accurately identifying a sample teeming with

hundreds or thousands of viral particles is expected to rise (discussed subsequently).

4.5 Efficient Classification of Virus Strains Across
Optical Systems Using Deep Learning

We evaluated the network’s ability to distinguish between different virus types and
strains by training it on BBXs derived from images of IBV and various influenza
strains (Udorn, X31, PR8, and HIN1 A/WSN/33). The network achieved high accu-
racy, with 95.5% for IBV vs. Udorn (Figure 3C) and 94.3% for IBV vs. PR8 (Figure
3D). It could also differentiate between closely related influenza strains, achieving
79.6% accuracy for WSN vs. PR8 (Figure 3E), likely reflecting the homogeneity be-
tween these HIN1 strains. Importantly, the network’s classification was independent
of the host cell line, as both WSN and PR8 were grown in MDCK cells. It also dis-
tinguished IBV from a pooled dataset of virus-negative controls and influenza strains
with 92.2% accuracy (Figure 4.8 F'), and performed well in a multi-class experiment,

distinguishing IBV, PR8, and WSN with 81.9% accuracy (Figure 4.9).
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Figure 4.8: Network validation results for laboratory-grown virus strains. A.
Confusion matrix with predicted vs. true class, showing predictive values, sensitivity, and
specificity. B. Confusion matrix for CoV (IBV) positive and negative samples. C, D. Con-
fusion matrices comparing CoV (IBV) vs. influenza strains Udorn and PR8. E. Confusion
matrix for influenza PR8 vs. influenza WSN. F. Confusion matrix for CoV (IBV) vs. a
pooled dataset of virus-negative control and three influenza A strains. G. Network stabil-
ity over 135 days, with sensitivity and specificity shown for each time point. H. Limit of
detection determined as 610* PFU/mL based on the linear increase in normalized positive
particles with virus concentration. Error bars represent standard deviation. Reproduced
from the author’s own work previously published in ACS Nano, 2023, 17 (7), 6276-6298.
https://doi.org/10.1021/acsnano.2c¢10159. Copyright ©) 2023 American Chemical Society.
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Figure 4.9: Multi-classifier network validation for virus strains. Confusion matrix
showing the network’s ability to differentiate between IBV, PR8, and WSN. 5200 BBXs per
strain were split into 70% training and 30% validation datasets. The trained CNN accurately
classified IBV from the two influenza strains, which were also distinguished from each other
with high accuracy. Reproduced from the author’s own work previously published in ACS
Nano, 2023, 17 (7), 6276-6298. hitps://doi.org/10.1021/acsnano.2¢10159. Copyright (C)
2023 American Chemical Society.

To demonstrate broader applicability, we repeated the experiments using a differ-
ent optical system (Zeiss Elyra 7 with a 63x objective vs. ONI Nanoimager with a
100x objective). The network successfully distinguished two influenza strains (WSN
and Udorn) from virus-negative controls and from each other, with accuracies ranging
from 74% to 78% (Figure 4.10). This confirms that virus classification is independent
of imaging conditions and microscope type. Additionally, the network maintained
stable performance over 135 days without retraining, with no loss in sensitivity or
specificity (Figure 4.8 G).

We also estimated the limit of detection (LOD) by testing the network’s ability
to detect decreasing concentrations of IBV, WSN, and SARS-CoV-2 (Figure 4.8 H,
Figure 4.11). Using virus samples of known titers, the network produced LODs of 6 x
10%, 4.6 x 10, and 5.4 x 10* PFU/mL for IBV, WSN, and SARS-CoV-2, respectively.
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Figure 4.10: Data taken on a Zeiss Elyra 7 shows similar results. A. Confu-
sion matrix showing that a trained network could differentiate between Udorn and nega-
tive control B. Confusion matrix showing that a trained network could differentiate be-
tween WSN and negative control. C. Confusion matrix showing that a trained net-
work could differentiate between two strains of influenza (WSN and Udorn). Reproduced
from the author’s own work previously published in ACS Nano, 2023, 17 (7), 6276-6298.
https://doi.org/10.1021/acsnano.2c¢10159. Copyright ©) 2023 American Chemical Society.

While this sensitivity is lower than RT-PCR (approximately 10*> PFU/mL [181]), it
remains clinically relevant, as viral loads for SARS-CoV-2 typically range from 10*

to 107 copies/mL in clinical samples [182].

4.6 Discussion

Our initial proof-of-concept experiments using lab-grown viruses demonstrated that
single-particle fluorescence microscopy, combined with deep learning, could effectively
distinguish between virus-positive and negative samples. The CNN achieved high ac-
curacy in differentiating avian coronavirus IBV from various influenza strains, with
over 90% accuracy per particle (e.g., IBV vs. Udorn, IBV vs. PRS8). These results
were validated using multiple virus stocks and different microscopes, showing con-
sistent performance. However, a fully independent validation was not possible with
lab-grown viruses, as the stocks were derived from the same virus type, cultured in
identical conditions. Despite this, the experiments established that our approach
can differentiate between closely related viruses, even those prepared under the same

conditions, as demonstrated with H3N2 strains.
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Figure 4.11: Limit of detection for influenza and SARS-CoV-2. A. Confusion matrix for
WSN wvs. virus-negative control. B. Confusion matrix for SARS-CoV-2 vs. virus-negative
control. C. WSN: normalized positive particles increased with virus concentration; LOD =
5.4 x 10* PFU/mL. D. SARS-CoV-2: same as C; LOD = 4.6 x 10* PFU/mL. Error bars
represent standard deviation. Reproduced from the author’s own work previously published in
ACS Nano, 2023, 17 (7), 6276-6298. https://doi.org/10.1021/acsnano.2¢10159. Copyright
© 2023 American Chemical Society.
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Chapter 5

Clinical Validation of Detection of
Immobilised Virions

Every virus tells a story, not just in
its structure, but in its motion.

5.1 Methods and Materials
5.1.1 Single Stranded DNAs

Same as in Chapter 4.

5.1.2 Clinical Samples

We secured ethical clearance to utilize anonymized samples taken from the oro- or
nasopharynx of patients for diagnosing influenza and other respiratory pathogens, in-
cluding SARS-CoV-2. This approval was granted by the North West-Greater Manch-
ester South Research Ethics Committee (REC reference: 19/NW/0730). Before in-
activation, these specimens were preserved in Copan Universal Transport Medium
(UTM). The inactivation process involved treating them with a 4% formaldehyde so-
lution for 30 minutes at ambient temperature. However, for the 104 samples used in
the subsequent validation study, a 1% formaldehyde solution was used for 5 minutes
at room temperature. The presence or absence of SARS-CoV-2 in samples was con-

firmed using either the Public Health England 2019-nCoV real-time RT-PCR RdRp
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gene test or the RealStar SARS-CoV-2 RT-PCR Kit by Altona Diagnostics. For de-
tecting other respiratory pathogens and identifying specific strains of seasonal human
coronavirus (hCoV) like OC43, HKU1, or NL63, we employed the BioFire FilmArray
Respiratory Panel (by Biomerieux) and the Cepheid Xpert Xpress Flu/RSV test.

In our study, we analyzed 213 clinical samples collected from patients between
November 2020 and July 2021. For training our network, we captured images of sam-
ples from varied patients over a span of 3 days, ensuring different sample preparations
from the same patient samples each day. We allocated 70% of the bounding boxes
(BBXs) extracted from all images taken during these 3 days for training purposes,
reserving the remaining 30% for validating the network. The outcomes of this valida-
tion are depicted in the provided confusion matrices, with each matrix representing a
uniquely trained model. In total, 58 clinical samples were employed for both training
and validation.

Subsequently, we conducted two separate evaluations of the trained networks using
clinical samples that hadn’t been used in either the training or validation phases. The
initial test involved 51 patient samples, which included negative samples or those
positive for SARS-CoV-2, Flu A, or seasonal hCoVs. The latter test utilized 104
patient samples, either negative or positive for SARS-CoV-2. Among the positive
samples, 14 were identified as the original Wuhan variant, 12 as the Alpha variant
(as indicated by a spike gene target failure in RT-PCR using the TaqPath COVID-19
combo kit by ThermoFisher), and 10 were confirmed as the Delta variant through
RT-PCR using the Tagman SARS-CoV-2 mutation panel by ThermoFisher.

5.1.3 Sample Preparation

The preparation process for both positive and negative samples was consistent, in-
cluding inactivation using the same formaldehyde concentration and labeling in a
uniform buffer. Only samples prepared in the same manner were compared. For clin-
ical samples, the treatment used was limited to chitosan and the labeling with calcium
chloride. Glass slides were coated with 0.015, mg/mL chitosan, a linear polysaccha-

ride, in 0.1, M acetic acid for 30 minutes, followed by three rinses with Milli-QQ water.
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Although chitosan introduced some background in control samples, it facilitated rapid
virus immobilization, which is essential to prevent virus aggregation. Virus stocks,
typically 10, L, were diluted in 0.23, M, CaCl, along with 1, nM of each dye-labeled
DNA, resulting in a final volume of 20, ;1 LL, which was applied to the slide. For SARS-
CoV-2 imaging, the cationic labeling solution was buffered with 20, mM Tris at pH
8.

5.1.4 Imaging

Three wide-field Nanoimager microscopes were utilized to capture the images. "Mi-
croscope 1" featured a Hamamatsu Flash 4 LT.1 sCMOS camera, while "Microscopes
2 and 3" were fitted with a Hamamatsu Flash4 V3 sCMOS camera. Apart from these
distinctions, the systems were identical in their specifications. The imaging of the
sample was conducted using total internal reflection fluorescence (TIRF) microscopy,
combined with a 100 oil-immersion lens. The laser light was directed at an average an-
gle of 53° relative to the perpendicular. Short movies, consisting of 5 frames for each
field of view (FOV) that spanned 75 x 49um, were recorded at a rate of 33Hz with
a 30ms exposure time. The laser intensities were consistently set at 0.78kW/cm? for
the red (640nm) laser and 1.095WW/cm? for the green (532nm) laser. To automate the
process and ensure unbiased FOV selection, the entire sample underwent scanning us-
ing the microscope’s multi-acquisition feature, capturing 81 FOVs within 2 minutes.
An automated autofocus system meticulously managed defocusing, positioning the
sample at a predetermined axial location before each FOV was illuminated by the
excitation lasers. This positioning was accomplished by observing the reflection of
a near-infrared laser on the glass/sample medium boundary and aligning the image

with a previously stored reference image.

5.1.5 Data Segmentation

Same as in Chapter 4.
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5.1.6 Deep Learning

Same as in Chapter 4.

5.1.7 Zeta Potential Measurements

All zeta potential measurements were performed using the Zetasizer Nano S with
disposable folded capillary cells (DTS1070). The temperature was maintained at 25
°C, with an equilibration time of 120 seconds. Samples were prepared in different
buffers based on their pH: 20 mM sodium acetate for pH 4-5, 20 mM HEPES for
pH 6-7, and 20 mM Tris for pH 9. The buffer details were used in the software to
specify the dispersant properties, allowing for the calculation of viscosity and dielectric
constant. For the sample material, a composition of 50% lipid and 50% protein was
selected to determine the absorption and refractive index. The analysis model was set
to “auto” mode, and the software automatically adjusted the measurement duration,
with a minimum of 10 runs and a maximum of 100 runs. Each sample was measured

three times at each pH level.

5.1.8 Statistical Analysis
5.1.8.1 Confusion Matrices

Same as in Chapter 4.

5.1.8.2 Chi-Squared Test

To transition from classifying individual bounding boxes (BBX) to determining the
result for an entire clinical sample, we employed the Chi-squared test. This test factors
in the total count of bounding boxes, the number of BBXs identified as positive or
negative, and the model’s specificity (that is, the likelihood of correctly identifying a
negative signal). By incorporating the model’s specificity and the total signal count
in a sample, we adjust for variations in signal detection across samples. The test
also acknowledges that a certain number of bounding boxes might be misclassified.

The Chi-squared test is a statistical method that, under its null hypothesis, expects
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observed frequencies for a categorical variable to align with its anticipated frequencies.

The test can be represented by the following equation:

=Y i= 1n(0"TE—iEZ’)2 (5.1)

In this equation, y? stands for chi-squared, Oi represents the observed value, Fi is the
expected value, and n is the total number of labels. The threshold p-value can differ
based on the specific model, but it’s generally set to be less than 0.01, corresponding
to a confidence level exceeding 99%. In this study, the null hypothesis presumes the
sample is negative. It’s only dismissed when the p-value falls below the threshold, at

which point the sample is deemed positive.

5.2 Accurate Classification of Clinical Samples

After demonstrating our assay on laboratory-grown viruses, we proceeded to evalu-
ate clinical samples (workflow shown in Figure 5.1 A). Throat swabs were collected
from 33 patients who tested negative for viruses or positive for SARS-CoV-2, sea-
sonal hCoVs (0OC43, HKUI1, or NL63), or human influenza A, as determined by
RT-PCR. These samples were inactivated using formaldehyde before being labeled
and immobilised (see Experimental Methods). The labeling process for viruses in
clinical samples was consistent and reproducible (Figure 5.2). Images of the samples,
taken over three different days, were used to train and validate the network for var-
ious paired classification tasks (e.g., SARS-CoV-2 vs. negative or SARS-CoV-2 vs.
hCoVs). Details of the clinical samples used for network training and validation can
be found in Appendix A, Table A.1. The network validation results were presented
as confusion matrices, similar to the earlier analysis.

Our initial results with SARS-CoV-2 clinical samples showed lower validation ac-
curacy compared to laboratory-grown virus strains (approximately 70% at the BBX
level, Figure 5.3 A). However, accuracy significantly improved when labeling was per-
formed at a higher pH (pH 8). This improvement is likely due to the higher isoelectric
point (pI) of SARS-CoV-2 (around 9) compared to influenza (around 6) [183, 184,
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Figure 5.1: A deep learning network distinguishes viruses in clinical samples. A.
Workflow for training and validation: Samples from 33 patients were labeled, imaged over
three days, and processed into BBXs. A convolutional neural network (CNN) was trained
using 70% of the BBXs, while the remaining 30% validated the model, with results shown in
a confusion matrix. B. Confusion matrix demonstrating the network’s ability to differentiate
SARS-CoV-2 Wuhan strain (10 samples) from seasonal human coronaviruses (hCoVs HKU1,
NL63, and OC43; 28 samples). C. Confusion matrix showing differentiation of influenza A (6
samples) from negative samples (17 samples). D. Confusion matrix displaying the network’s
ability to distinguish the SARS-CoV-2 Alpha variant (3 samples) from negative samples (3
samples). Figure created with BioRender.com. See Appendiz A Table A.1 for further details
on the clinical samples. Reproduced from the author’s own work previously published in ACS
Nano, 2023, 17 (7), 6276-6298. hitps://doi.org/10.1021/acsnano.2¢10159. Copyright ©)
2028 American Chemical Society.
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Figure 5.2: Comparison of imaging results from clinical samples. A. Represen-
tative fields of view (FOVs) of fluorescently labeled SARS-CoV-2, three seasonal human
coronaviruses (hCoV), influenza A (Flu A), and a virus-negative control. Samples were
immobilized and labeled with 0.23MCaCly, 1nM Cy3 (green) DNA, and 1nM Atto647N
(red) DNA before imaging. Scale bar: 10 pm. B-D. Normalized frequency plots of maxi-
mum pixel intensity, area, and semi-major-to-semi-minor axis ratio within BBXs from five
randomly selected SARS-CoV-2 clinical samples, illustrating labeling robustness and repro-
ducibility. Data were obtained from 81 FOVs per slide for each virus, with each sample
shown in a different color. Reproduced from the author’s own work previously published in
ACS Nano, 2023, 17 (7), 6276-6298. https://doi.org/10.1021/acsnano.2c10159. Copyright
@© 2023 American Chemical Society.

185|, making the virions more negatively charged at higher pH. This enhanced neg-
ative charge allowed for more efficient labeling with the cationic solution and better
capture by the charged chitosan surface, leading to more accurate SARS-CoV-2 de-
tection. Using the optimized protocol, the network achieved a validation accuracy of
approximately 93% when distinguishing between SARS-CoV-2-positive and negative
BBXs (Figure 5.1 B).

The network also demonstrated a validation accuracy of about 84% for differenti-
ating Flu A-positive from negative BBXs (Figure 5.1 C) and around 78% for distin-
guishing seasonal hCoVs from negative samples (Figure 5.3 B). It could differentiate

between SARS-CoV-2 and seasonal hCoVs with an accuracy of about 73% (Figure
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Figure 5.3: Network validation results for clinical samples. A. Confusion matrix for
differentiating SARS-CoV-2 Wuhan strain (10 samples) from negative samples (8 samples).
B. Matrix showing differentiation between seasonal human coronaviruses (hCoV HKUI,
NL63, and OC43; 29 samples) and negative samples (9 samples). C. Matrix for distin-
guishing influenza A (6 samples) from SARS-CoV-2 Wuhan strain (12 samples). D. Matrix
showing differentiation between SARS-CoV-2 strains (Wuhan and Alpha; 6 samples) and
negative samples (4 samples). E. Matrix for distinguishing between the SARS-CoV-2 Wuhan
strain (3 samples) and Alpha variant (3 samples). See Appendix A Table A.1 for further
details on the clinical samples. Reproduced from the author’s own work previously published
in ACS Nano, 2023, 17 (7), 6276-6298. https://doi.org/10.1021/acsnano.2¢10159. Copy-
right (©) 2023 American Chemical Society.
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5.1 D) and between SARS-CoV-2 and Flu A with approximately 70% accuracy (Fig-
ure 5.3 C), useful for identifying co-circulating infections. Additionally, the network
achieved about 75% accuracy in distinguishing negative samples from combined data
of the original Wuhan strain and the Alpha variant of SARS-CoV-2 (Figure 5.3 D),
and around 70% accuracy when distinguishing between these two variants (Figure

5.3E).

5.3 Validation of Trained Networks Using Indepen-
dent Clinical Samples

I then evaluated the trained network’s ability to diagnose independent clinical samples
not previously used in training or validation. A total of 51 new samples (from different
patients) were analysed, including negative samples and those positive for SARS-
CoV-2, Flu A, or seasonal hCoVs. These samples were imaged on a fourth day and
classified by the trained networks within seconds. Comparing the results to RT-PCR
and performing chi-squared tests where needed (Figure 5.4 A and Figure 5.5, Steps
1 and 2), we found that 50 out of 51 samples were correctly classified, achieving an
overall accuracy of 98.0% (Figure 5.4 B and Appendix A, Table A.2). All 11 negative
samples were accurately identified, resulting in a specificity of 100%, while 39 out
of 40 positive samples were correctly classified, yielding a sensitivity of 97.5%. The
single misclassified sample had significantly fewer BBXs than the others (Appendix
A, Table A.2), suggesting a viral load near the detection limit, which may explain
the misclassification.

In this analysis, we also examined whether different SARS-CoV-2 variants could
be distinguished. BBXs from images of seven clinical samples, initially classified
as positive by a SARS-CoV-2 vs. negative network, were further analyzed by a
second network to identify whether they were the original Wuhan variant or the
Alpha variant, which first appeared in the UK in 2020 (Figure 5.5, Steps 3 and 4).

All seven samples were correctly classified (Figure 5.4 B).
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Figure 5.4: Independent testing of the trained network with clinical samples. A.
Workflow overview: Unseen samples are imaged, processed into BBXs, and analyzed by a
trained network. A chi-squared test is used to classify samples as positive or negative based
on a pre-set confidence threshold. B. Summary of testing results for 51 new patient samples
using various trained networks. Chi-squared tests were applied to classify the samples, with
50 out of 51 correctly identified, yielding an accuracy of 98.03%. C. Results of testing 104
samples using a single trained network (SARS-CoV-2 vs negative).D. Matrix showing differ-
entiation between SARS-CoV-2 strains (Wuhan and Alpha) and negative samples. E. Vari-
ant classification of positive samples from C using a second network to differentiate between
Wuhan/Alpha and Delta variants. Reproduced from the author’s own work previously pub-
lished in ACS Nano, 2023, 17 (7), 6276-6298. hitps://doi.org/10.1021/acsnano.2c10159.
Copyright ©) 2023 American Chemical Society.

123



Recognising the clinical importance of a test that can identify SARS-CoV-2 vari-
ants without sequencing, we expanded the study with 104 additional clinical samples.
These included 68 virus-negative and 36 SARS-CoV-2-positive samples, determined
by RT-PCR (Appendix A Table A.3). Collected between November 2020 and July
2021, the positive samples comprised 14 original Wuhan, 12 Alpha (identified by spike
gene target failure in RT-PCR), and 10 Delta variants. Samples were labeled, im-
mobilized, and imaged as usual, and the images were processed into BBXs. In the
first analysis step, the 104 samples were classified as either SARS-CoV-2-positive or
negative (validation results in Figure 5.6 A). Two negative samples were inconclusive
due to fewer than the 5 BBXSs required for the chi-squared test. Of the remaining 102
samples, all but three were correctly classified (Figure 5.4 C), resulting in an overall
accuracy of 97.1%, with a sensitivity of 94.4% and specificity of 98.5%.

In the next step, the BBXs from the 35 samples identified as positive were passed
through a second model trained to distinguish between Wuhan/Alpha variants and
Delta SARS-CoV-2 (Figure 5.6 B). Two samples were inconclusive due to closely
matched p-values ( Figure 5.5, Steps 3 and 4). The single misclassified negative
sample was identified as Delta, and six positive samples were misclassified (two each of
Delta, Alpha, and Wuhan variants), resulting in a 77.1% accuracy, a 5.7% inconclusive
rate, and a 17.1% misclassification rate (Figure 5.4 D and Appendix A, Table A.4).
Although the variant classification accuracy was lower than the positive vs. negative
test accuracy, this method could still be valuable for rapid variant screening when

sequencing facilities are unavailable.

5.4 Mechanisms of Virus Differentiation: Charge In-
teractions and Deep Learning Insights

We further explored the underlying mechanisms that enable the network to distin-
guish between different viruses by examining the role of charge interactions and the

specific patterns the network identifies in the images. This analysis involved both
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Figure 5.5: Workflow for sample classification. Step 1: Unseen samples are imaged,
processed into BBXs, and analyzed by a trained network (e.g., SARS-CoV-2 vs. negative).
Step 2: Samples are classified as negative if the proportion of BBXs classified as nega-
tive exceeds the network’s specificity. Otherwise, a chi-squared test is used to determine
if the sample is positive. Step 3: SARS-CoV-2 positive samples are further analyzed to
identify the variant using a second trained network. Step 4: If the proportion of BBXs
classified as a specific variant exceeds the network’s sensitivity, the sample is classified as
that variant. Otherwise, chi-squared tests are used for final classification, with inconclu-
sive results sent for sequencing if needed. Figure created with BioRender.com. Reproduced
from the author’s own work previously published in ACS Nano, 2023, 17 (7), 6276-6298.
https://doi.org/10.1021/acsnano.2c¢10159. Copyright ©) 2023 American Chemical Society.
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Figure 5.6: Validation results for the trained network on clinical samples. A.
Confusion matrix demonstrating the network’s ability to distinguish SARS-CoV-2 positive
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the clinical samples. Reproduced from the author’s own work previously published in ACS
Nano, 2023, 17 (7), 6276-6298. hitps://doi.org/10.1021/acsnano.2c¢10159. Copyright )
20238 American Chemical Society.
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zeta potential measurements and visualizations of the features that the convolutional

neural network (CNN) uses for classification (Figure 5.7).

5.4.1 Zeta Potential Measurements

The zeta potential, which measures the surface charge of particles in solution, provides
insights into how viruses interact with the cationic labeling solution used in our
assay. We measured the zeta potential of three influenza strains—WSN (HIN1), PR8
(HIN1), and Udorn (H3N2)—across a range of pH values. The results indicated
that all strains became more negatively charged as the pH increased, reflecting the
general trend of increasing surface charge negativity at higher pH levels (Figure 5.7
A). Notably, even closely related strains exhibited differences in zeta potential at
the same pH. These variations suggest that charge-based interactions between the
virus surface and the labeling molecules could affect the efficiency and uniformity of
labeling, creating subtle but consistent differences in the fluorescence images. Such
differences in labeling could contribute to the CNN’s ability to distinguish between
virus strains, as variations in charge can alter the overall density and distribution of

fluorescent signals on the viral particles.

5.4.2 Visualization of Learned Patterns

To understand how the CNN differentiates between virus samples, we used the Matlab
DeepDreamlImage function, which highlights the image features that the network finds
most relevant for classification. This approach involves feeding an image through the
trained network and adjusting the image to amplify the activations in a specific layer,
revealing the patterns the network uses to distinguish between categories.

For the network trained to classify samples as either negative or positive for SARS-
CoV-2, the visualized patterns indicated a focus on high-intensity, rounded structures
in the positive samples (Sup. Fig. 12B, right panel). These features likely correspond
to the fluorescent signals from the labeled virus particles. In contrast, the negative

samples showed patterns with much lower intensity in the center of the bounding
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Figure 5.7: Zeta potential measurements and visualization of patterns learned by
the CINN using the Matlab DeepDreamlImage function. A. Zeta potential measure-
ments for influenza strains WSN (HIN1), PR8 (HIN1), and Udorn (H3N2) across different
pH values, with error bars showing the standard deviation from triplicate measurements.
B. Visualized patterns identified by a network trained to distinguish between negative and
SARS-CoV-2 positive samples, using image gradients to highlight key features. C. Patterns
identified by a network trained to differentiate between the Wuhan and Delta variants of
SARS-CoV-2. Reproduced from the author’s own work previously published in ACS Nano,
2023, 17 (7), 6276-6298. https://doi.org/10.1021/acsnano.2¢10159. Copyright ©) 2023
American Chemical Society. 128



boxes (BBXs), suggesting that the network can distinguish the presence of virus
particles based on the brightness and structure of the labeled regions.

A similar analysis was performed for the network trained to differentiate between
two SARS-CoV-2 variants—the original Wuhan strain and the Delta variant. Here,
the visualized patterns revealed that the network identified differences in the intensity
distribution and shapes between the two variants (Sup. Fig. 12C). These distinctions
could reflect subtle changes in the virus surface structure or labeling efficiency due to
mutations in the viral glycoproteins that alter the isoelectric point and, consequently,

the surface charge of the particles.

5.4.3 Implications for Virus Differentiation

The combined insights from the zeta potential measurements and feature visualiza-
tions support the hypothesis that the CNN leverages subtle differences in size, shape,
and labeling patterns to classify viruses accurately. As each virus strain or variant
may exhibit unique electrostatic properties and structural features, these differences
become encoded in the fluorescent images and are learned by the network during
training. This ability to detect nuanced variations between virus particles allows
the CNN to achieve high accuracy in distinguishing even closely related viruses and
variants.

The capability to visualize what the network "sees" further underscores the ro-
bustness of our approach. By focusing on isolated signals from individual virus par-
ticles rather than entire fields of view, the network’s classification remains unaffected
by variations in virus concentration or imaging conditions. This property enhances
the reliability of the test, making it suitable for diverse clinical samples, including
those with low viral loads or prepared under varying conditions. Thus, these findings
emphasize the potential of our method for rapid and accurate virus detection in a
diagnostic setting, even in the absence of high-resolution imaging or complex sample

preparation steps.
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5.5 Discussion

We expanded our study to include 155 clinical samples, achieving high overall accu-
racies of 98.0% and 97.1% in two independent tests. The samples varied in collection
methods, viral transport media volumes, and storage conditions, which could affect
virus particle integrity. Despite these variations, our method showed promise as a re-
liable diagnostic tool. Using clinical samples allowed for truly independent validation,
as these samples came from patients not involved in network training or validation.
Our network accurately classified unseen samples, proving its capability to identify
SARS-CoV-2 and differentiate between variants like Wuhan and Alpha. Although
the variant classification accuracy was slightly lower, it demonstrated potential for
rapid, sequencing-free variant detection. Further optimization, such as improving
virus immobilization or using multi-classifier networks for detecting various respira-
tory viruses, could enhance sensitivity and broaden the diagnostic capabilities of this

method.
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Chapter 6

Diffusion-based Detection of Virions
in under 1min

Every virus tells a story, not just in
its structure, but in its motion.

6.1 Graphical Abstract
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Diffusion reveals viral identity
A rapid, label-free method for distinguishing viruses
using motion signatures and machine learning
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Figure 6.1: A one-minute workflow rapidly classifies viruses by leveraging diffusion-based
motion signatures and machine learning. Viruses are labeled, imaged, and tracked at the
single-particle level; motion patterns are then analyzed using a fine KNN classifier to distin-
guish viral species with high accuracy. This method achieved up to 97.5% accuracy across
six virus types, including clinical samples. While powerful, the approach is sensitive to time
and temperature, and further clinical validation is required for broader deployment. Figure
created with BioRender.com.
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6.2 Introduction

Accurate and rapid diagnostics are essential in the fight against infectious diseases.
The ability to detect and identify viruses quickly is critical, not only during pandemics
but also for routine disease management. Many current diagnostic methods rely on
complex laboratory techniques, such as nucleic acid amplification or antigen-based
assays, which, while effective, often fall short of the requirements for true point-of-care
(POC) diagnostics. These methods typically require specialized equipment, trained
personnel, and controlled laboratory environments, making them difficult to deploy in
resource-limited settings or for immediate field use. Additionally, even when portable
diagnostic devices are available, challenges with I'T interfacing — such as difficulties in
integrating devices with electronic health records, ensuring secure data transmission,
and maintaining user-friendly software interfaces — can hinder the seamless use of
diagnostics at the point of care. Addressing both the biological and digital challenges
is therefore crucial for developing truly effective POC diagnostic solutions.

The growing demand for diagnostics that are truly POC—not adaptations of
laboratory techniques but systems designed for simplicity, portability, and real-time
operation—calls for innovation in both detection methodologies and analytical ap-
proaches. Current alternatives, such as lateral flow assays, provide rapid results but
often trade accuracy and sensitivity for speed and ease of use. To address these lim-
itations, it is necessary to develop diagnostic methods that combine the precision of
laboratory techniques with the usability required for decentralized deployment.

In this context, we have developed a method leveraging fluorescence imaging to
detect and classify diffusing virus particles. Using a combination of rapid fluorescence
labeling and High-Intensity Laser Oblique (HILO) microscopy, this technique allows
for the visualization of virus particles diffusing in solution. HILO microscopy provides
high-contrast fluorescence imaging with minimal background, enabling the detection
of even faintly labeled particles.

Once imaged, the labeled particles are analyzed using particle tracking to deter-

mine their trajectories over time. The physical and optical properties of viruses, such
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as size, diffusion coefficients, and fluorescence intensity, manifest as unique features
in these trajectories. These features are then used to classify viruses using machine
learning techniques, specifically k-Nearest Neighbors (kNN). By comparing the trajec-
tory and fluorescence characteristics of each particle to known samples, kNN enables
accurate classification with minimal computational requirements, making it suitable
for POC applications.

This approach eliminates the need for immobilizing virus particles or extensive
sample preparation, focusing instead on real-time, in-solution analysis. By combining
advanced fluorescence labeling, particle tracking, and simple yet effective machine
learning algorithms, this method achieves the speed, portability, and accuracy needed
for truly point-of-care diagnostics. It represents a shift from adapting laboratory-
based techniques to creating systems inherently designed for decentralized, rapid,

and actionable diagnostics.

6.3 Methods and Materials
6.3.1 Lab-grown virus Strains

Same as in Chapter 4.

6.3.2 Clinical Samples

Same as in Chapter 4.

6.3.3 Single Stranded DNAs

We procured single-stranded oligonucleotides modified with fluorescent dyes from
IBA, based in Germany. The DNA labeled with a “red” fluorophore in our study was
modified at its 5" end with ATTO647N, with sequence ACAGCACCACAGACCAC
CCGCGGATGCCGGTCCCTACGCGTCGCTGTCACGC. The DNA labeled with
a “green” fluorophore was modified with Cy3b, modified at its 3’ end, with sequence
GGGTTTGGGTTGGGTTGGGTTGGGTTTTGGGTTTGGGTTGGGTTGGGA
AAAA.
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6.3.4 Sample Preparation

The preparation process for both positive and negative samples was identical. For
instance, all samples were inactivated using the same formaldehyde concentration and
labeled in a consistent buffer. Only samples that underwent identical preparation were
analyzed in comparison to one another.

Virus samples were prepared by mixing 3 uLi of virus with 15 uLL of buffered CaCl,
solution (0.45 M concentration) and 2 uL of 20nM of fluorescently-labeled ssDNA,
resulting in a final volume of 20 ul.. This mixture enabled immediate labeling of
enveloped viruses without the need for incubation time. The labeled virus solution

was then placed on a glass slide for imaging.

6.3.5 Imaging

Two Nanoimager microscopes employing Highly Inclined and Laminated Optical
Sheet (HILO) microscopy were used to capture images for this study. Both systems
were equipped with Hamamatsu Flash4 V3 sCMOS cameras and 100x oil-immersion
objectives, ensuring identical specifications. HILO microscopy was chosen for its abil-
ity to illuminate a thin optical section by directing the laser at a steeply inclined angle,
creating a laminated optical sheet near the coverslip.

For each microscope, a single field of view (FOV) measuring approximately 75 x
49 pm was imaged. Imaging consisted of continuous movies of 1000 frames, recorded
at a frame rate of 33 Hz with a 30 ms exposure time, resulting in a total acquisition
time of approximately 30 seconds per movie. Laser intensities were maintained at
0.78 kW /cm® for the red (640 nm) laser and 1.09kW/cm® for the green (532 nm)
laser to ensure consistent and reproducible illumination.

Manual focus adjustments were performed at the start of imaging to position
the sample accurately within the optimal illumination plane. The experimental de-
sign focused on a single FOV for each microscope, enabling detailed observation and
tracking of diffusing particles over time. The use of HILO microscopy, with its highly

inclined illumination, provided exceptional contrast and resolution, making it ideal
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for studying the dynamic behavior of particles in solution across two independent
systems.

Despite its advantages, fluorescence microscopy also presents several challenges
and limitations. Photobleaching, where fluorescent dyes lose their ability to emit
light over time under continuous illumination, can limit the duration of imaging ex-
periments and affect quantitative measurements. Additionally, phototoxicity may
occur, especially at high laser intensities, potentially altering the behavior of live
samples. Achieving consistent focus and minimizing background fluorescence are also
critical for maintaining image quality, particularly in dynamic experiments like par-
ticle tracking. Furthermore, the requirement for specialized fluorescent labeling and
the potential for dye-related artifacts must be carefully considered when interpreting

results.

6.3.6 Single Particle Tracking

In this study, single particle tracking (SPT) was employed to analyze the dynamic
behavior of individual virus particles imaged using Highly Inclined and Laminated
Optical Sheet (HILO) microscopy. SPT involves identifying and connecting the po-
sitions of individual fluorescent particles over multiple frames, forming continuous
trajectories that reveal their motion.

The positions of virus particles in each frame were extracted from the videos using
the Nanoimager software (NimOS). These positions were then linked into trajectories
based on a maximum step distance threshold. The maximum step distance was

calculated using the Stokes-Einstein relation for diffusion:

kT
- 6mnr’

(6.1)

where D is the diffusion coefficient, kp is Boltzmann’s constant, T is the temper-
ature, 7 is the fluid viscosity, and r is the effective radius of the particle. The mean
squared displacement ((z?)) for a particle diffusing over time interval At was then

calculated as:
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(x?) = 4DAL. (6.2)

From this, the maximum step size L for tracking in 2D was determined as:

L = /A(z?). (6.3)

An exclusion radius was applied within NimOS to differentiate between true viral
trajectories and spurious connections due to noise or free dye molecules. This ensured
that only biologically relevant tracks were retained for analysis.

Using this method, trajectories were generated for each labeled virus particle, al-
lowing for the calculation of key parameters such as diffusion coefficients and trajec-
tory lengths. These trajectories were later used as input features for machine learning
algorithms, such as k-Nearest Neighbors (kNN), to classify virus particles based on
their dynamic properties. The SPT method enabled robust and high-resolution track-

ing of diffusing particles, providing critical insights into their behavior in solution.

6.3.7 Statistical Analysis
6.3.7.1 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) was employed to perform dimensionality re-
duction by identifying the key dimensions that capture the majority of the variance
in the dataset. PCA begins by defining a hyperplane that minimizes the squared
distances between the data points and their projections onto the plane. The axis that
maximizes the variance of the dataset was determined first, followed by subsequent
orthogonal axes that account for progressively less variance.

The variance of each principal component (PC) was calculated using the equation:

> (z; — 1)

Variance =
n—1

, (6.4)

where x; represents the value of the ¢-th data point along a particular dimension, z is
the mean of all data points along that dimension, and n is the total number of data

points.
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The proportion of the dataset’s variance explained by each PC, termed the vari-

ance ratio, was then computed as:

Variance of PC;
>~ Variance of all PCs’

Variance ratio =

(6.5)

To ensure the retention of at least 95% of the dataset’s variance, the variance ratios
were summed cumulatively, starting from the largest component, until the threshold
was reached. The PCs selected in this manner defined the reduced-dimensionality
space. This approach avoids arbitrary selection of dimensionality and ensures that

the reduced representation preserves the maximum possible variance.

6.3.7.2 K-Nearest Neighbour (KNN)

K-Nearest Neighbour (KNN) is a supervised machine learning algorithm commonly
used for classification. It operates under the assumption that similar inputs have
similar outputs, meaning that data points close to one another in feature space are
likely to belong to the same category.

For a dataset D and a test point z, the KNN algorithm identifies a set of the k
nearest neighbors to x, denoted as S,, where S, C D. This set is defined such that

the distance from z to any point y in S, satisfies:
dist(z, y) < max (dist(x, x;)) , (6.6)

where x; are the k nearest neighbors of x in D, and dist is a distance metric, typically
Euclidean distance.
The algorithm assigns a label to the test point x based on the most frequent label

among the k neighbors. Formally, the classification rule is expressed as:

h(x) = mode ({y; : (z;,y;) € S:}), (6.7)

where h(z) is the predicted label for z, y; is the label of neighbor x;, and mode selects
the label with the highest frequency among the neighbors.
In this project, the KNN classifier was implemented with £ = 1 and k£ = 3 to

evaluate performance. When k = 1, the test point takes the label of its single nearest
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neighbor. For k& = 3, the test point is classified based on a majority vote among its
three nearest neighbors.

The KNN algorithm assumes that the feature space is adequately populated to al-
low for meaningful comparisons. However, at higher dimensions, the distance between
data points increases, leading to challenges in classification accuracy, a phenomenon
known as the “curse of dimensionality.” To mitigate this, preprocessing steps, such as
normalization and dimensionality reduction, were performed to improve the perfor-

mance of the KNN classifier.

6.3.7.3 Confusion Matrices

Same as is in Chapter 4.

6.4 Track Pre-Processing

To ensure sufficient data for training the machine learning model, preprocessing steps
were applied to the extracted tracks to expand the dataset. A minimum track length
of 10 steps was enforced to filter out incomplete or noisy trajectories, with shorter
tracks being discarded. Tracks exceeding this minimum length were split into smaller
sub-tracks to increase the dataset size while preserving relevant information. Each
original track, 7T}, containing n; steps, was divided into overlapping sub-tracks, v;,

each containing 10 steps (10 z-coordinates and 10 y-coordinates), such that:

v;={(i,...,i+9)}, forie[l,n; —9|. (6.8)

This overlapping approach ensured that sub-tracks retained the trajectory in-
formation essential for classification while significantly increasing the dataset size.
Smaller step sizes, such as 5 or 7, were tested but resulted in minor accuracy drops,
likely due to insufficient trajectory information. Conversely, larger step sizes, such
as 20, produced fewer sub-tracks and reduced model performance due to the smaller

training set size. The choice of a 10-step sub-track length balanced dataset expan-
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sion and model accuracy, as it retained sufficient trajectory information for effective
feature extraction.

Splitting tracks into sub-tracks also provided several benefits beyond dataset ex-
pansion. Virus particle trajectories often exhibit variations in dynamics, such as
changes in diffusion coefficients or directional movement, which are particularly rel-
evant in solution where viruses tend to aggregate. Dividing tracks into shorter sub-
tracks allowed these local variations to be captured and analyzed separately, providing
more detailed insights into particle behavior and aggregation dynamics. Additionally,
long tracks can accumulate noise or artifacts over time, which may affect the accuracy
of downstream analyses. By sub-dividing tracks, the impact of noise was limited to in-
dividual segments, as each sub-track represented a shorter, more stable time interval.
Furthermore, splitting tracks created a larger and more diverse dataset, improving
the generalization capability of the machine learning model and reducing the risk of

overfitting to specific trajectory patterns.

6.5 Training and Validation of Models using Lab Grown
samples

6.5.1 The Data

The dataset used in this study was generated over four days with triplicates for each
sample, ensuring robust and representative data. Each experiment produced tracks
corresponding to the motion of individual virus particles or negative control samples
under different conditions. These tracks were extracted from fluorescence microscopy
videos and subjected to preprocessing as described above. This approach not only
increased the number of usable tracks but also captured localised particle dynamics.

The preprocessing resulted in varying track counts depending on the virus type or
medium. Table 6.1 summarizes the track counts for each virus and negative medium
after preprocessing. Virus samples, such as PR8, Udorn, WSN, X31, IBV, and SC2,
produced track counts ranging from 3,543 (SC2) to 15,584 (Udorn). Negative control
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samples (ALLA, DMEM, and MEM) yielded larger datasets, with MEM producing
the largest dataset of 30,751 tracks.

Sample Track Count

PRS 11,138
Udorn 15,584
WSN 13,603
X31 12,228
IBV 11,895
SC2 3,543
ALLA 15,956
DMEM 13,474
MEM 30,751

Table 6.1: Track counts for virus and negative medium samples after preprocessing.

To create balanced datasets for machine learning, tracks from these samples were
combined into distinct training sets tailored for specific comparisons. Table 6.2 out-
lines the dataset sizes for virus vs negative sample comparisons and virus vs virus
comparisons. For comparisons involving more than two classes (e.g., MEM vs WSN
vs PRS), the dataset was classified as a multiclassifier. For virus vs virus tests involv-
ing SC2, only 3,000 tracks per sample were used to maintain balance, while 11,000

tracks were used for other virus-only comparisons.

Comparison Dataset Type Track Count
ALLA vs X31 vs IBV Multiclassifier 33,000
DMEM vs Udorn Virus vs Negative Sample 22,000
MEM vs WSN vs PR8 vs SC2 Multiclassifier 12,000
MEM vs WSN Virus vs Negative Sample 22,000
MEM vs WSN vs PRS Multiclassifier 33,000
PR8 vs SC2 Virus vs Virus 6,000
All Flu A Virus vs Virus 44,000
All Flu A + SC2 Virus vs Virus 15,000
All Flu A + IBV Virus vs Virus 55,000
All Viruses Virus vs Virus 18,000

Table 6.2: Dataset sizes for virus vs negative sample and virus vs virus comparisons.

This careful preparation ensured that datasets were balanced and representative
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of the experimental conditions. The resulting datasets facilitated robust training and
testing of machine learning models, supporting accurate classification and analysis of

virus particle dynamics.

6.5.2 Model Selection

To evaluate and compare the performance of various machine learning algorithms,
MATLAB’s Machine Learning Toolbox was utilized. The dataset was split into two
subsets: 70% of the data was used for training, while the remaining 30% was reserved
for validation. This split ensured sufficient data for training while maintaining a
robust test set to assess the generalizability of the models.

The training process involved testing all available models within the toolbox to
identify the algorithm best suited for the classification tasks. These models in-
cluded decision trees (FineTree, Medium Tree, Coarse Tree), support vector ma-
chines (SVMs) with linear, quadratic, cubic, and Gaussian kernels, k-nearest neigh-
bors (KNN) with varying configurations, discriminant analysis (linear and quadratic),
naive Bayes classifiers (Gaussian and kernel), and ensemble methods such as bagged
trees and boosted trees. Model performance was evaluated on the validation set us-
ing percentage accuracy as the primary metric. By testing all models under identical
data splits and preprocessing conditions, this approach ensured a fair comparison and
enabled the selection of the most effective algorithms for classifying virus particle dy-
namics. The heatmap (Figure 6.2) illustrates the performance of various machine
learning models across different datasets. Among the tested models, k-nearest neigh-
bors (KNN) classifiers consistently outperformed other approaches, with Fine KNN
and Weighted KNN achieving the highest accuracies. Specifically, Fine KNN achieved
accuracies of 94.2%, 94.9%, 77.7%, and 89.5% on the ALLA vs X31 vs IBV, DMEM vs
Udorn, MEM vs WSN vs PR8 vs SC2, and All Flu A datasets, respectively. Similarly,
Weighted KNN demonstrated comparable performance, underscoring its robustness
across diverse dataset conditions.

Ensemble methods, particularly Bagged Trees, also performed well, achieving high

accuracy (92.4%, 92.2%, 73.4%, and 86.5% on the respective datasets). These meth-

141



Model Performance Across Different Datasets (Sorted by Performance)
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Figure 6.2: The heatmap shows the performance of machine learning models across datasets,
sorted by average performance. Rows represent models (e.g., FineTree, Medium KNN),
and columns correspond to datasets: ALLA vs X31 vs IBV, DMEM vs Udorn, MEM vs
WSN vs PR8 vs SC2, and All Flu A. Each cell displays the model’s percentage accuracy.
The color gradient from light to dark green highlights performance, with darker shades
indicating higher accuracy (e.g., above 80%). Annotations provide exact values, enabling
direct comparison. The visualization identifies models with consistently strong performance
across datasets and specific strengths in individual comparisons.
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ods benefit from combining predictions from multiple models to reduce variance and
improve generalization. In contrast, simpler models such as linear discriminant anal-
ysis (LDA) and quadratic discriminant analysis (QDA) exhibited lower performance,
particularly on more complex datasets like MEM vs WSN vs PR8 vs SC2, indicating
their limitations in handling high-dimensional or non-linear data.

The preprocessing approach played a pivotal role in enhancing model accuracy.
Splitting tracks into sub-tracks significantly expanded the dataset, providing machine
learning models with sufficient examples for training. This was particularly beneficial
for models like KNN, which rely on proximity-based decision-making and require a
diverse training dataset for optimal performance. Sub-track segmentation not only
increased data availability but also captured local dynamics, such as changes in dif-
fusion coefficients or directional motion, which are critical for accurate classification.
Moreover, this process reduced the impact of noise by segmenting longer tracks into
shorter, more stable intervals, ensuring that essential trajectory features were pre-
served.

Given the consistent superiority of k-nearest neighbors (KNN) classifiers, par-
ticularly Fine KNN and Weighted KNN, these models were selected for subsequent
analyses. Their high performance across all datasets, coupled with their ability to
effectively utilize the expanded and preprocessed dataset, makes them ideal for clas-
sifying virus particle dynamics. Future steps leverage the strengths of KNN models

to extract meaningful insights and improve classification accuracy further.

6.5.3 PCA: Effect on Accuracy and Prediction Speed

The classification performance of influenza A virus subtypes was evaluated using Fine
KNN, both with and without the application of principal component analysis (PCA).
The results are summarized in Figure 6.3 and Table 6.3.

The confusion matrices in Figure 6.3 highlight the trade-offs between dimension-
ality reduction and classification accuracy. Without PCA (A), the model achieves
high accuracy, with true positive rates exceeding 95% for all subtypes and minimal

misclassification. For instance, PRS is correctly classified 96.9% of the time, with only
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Figure 6.3: Confusion matrices for influenza A virus classification. (A) PCA Off, overall
accuracy 96.3%; (B) PCA On, overall accuracy 89.8%. Values represent percentages of
predictions.

minor confusion with Udorn, WSN, and X31 (1.1%, 1.3%, and 0.6%, respectively).
Similarly, X31 has a true positive rate of 97.1%.

When PCA is applied (Figure 6.3 B), the overall accuracy drops to 89.8%, and
misclassification rates increase. For example, PR8’s true positive rate decreases to
90.4%, with increased confusion with other subtypes, such as WSN (4.4%) and Udorn
(3.0%). These results demonstrate that while PCA accelerates prediction speeds, it
does so at the expense of critical information necessary for distinguishing closely

related virus subtypes.

Dataset Accuracy (%) Prediction Speed (obj/s) PCA
PR8 vs Udorn vs WSN vs X31 (All FluA viruses) 96.3 3,000 OFF
PR8 vs Udorn vs WSN vs X31 (All FluA viruses) 89.8 150,000 ON
PR8 vs Udorn vs WSN vs X31 vs IBV (FluA vs IBV) 95.4 2,300 OFF
PR8 vs Udorn vs WSN vs X31 vs IBV (FluA vs IBV) 87.3 160,000 ON
All viruses (FluA vs IBV vs SC2) 83.3 7,800 OFF
All viruses (FluA vs IBV vs SC2) 77.2 150,000 ON

Table 6.3: Performance of Fine KNN with and without PCA for virus classification tasks.

Table 6.3 further underscores the trade-offs. Prediction speeds are significantly
improved with PCA| increasing from approximately 3,000 objects/s without PCA to
150,000 objects/s with PCA for influenza A viruses. However, this speed comes at
the cost of reduced accuracy, highlighting the challenge of balancing computational

efficiency and model performance.
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To address this trade-off, expanding the training dataset can help compensate for
the loss of information introduced by PCA. This strategy ensures that the classifier
remains robust and accurate, even when dimensionality reduction techniques are ap-
plied. Consequently, the choice to use PCA should consider the specific requirements

of the task, such as the need for high prediction speeds or maximum accuracy.

6.5.4 Positive vs Negative

Distinguishing viral samples from negative controls is a critical step in developing
diagnostic tools, as it ensures that only relevant viral signals are captured and false
positives are minimized. Effective classification between virus and negative samples
enables a reliable foundation for downstream analysis, including virus strain differ-
entiation. The accuracy of this distinction is crucial for both clinical diagnostics
and research applications, where precise identification of viral presence can inform
treatment decisions and improve understanding of viral behavior. Figure 6.4 presents
confusion matrices summarizing the performance of the Fine KNN model across four
datasets: DMEM vs Udorn, MEM vs WSN, MEM vs WSN vs PR8, and ALLA vs
IBV vs X31. The overall average accuracies achieved in these datasets demonstrate
the model’s robustness in separating viral and negative samples. Specifically, the av-
erage accuracies were 94.3% for DMEM vs Udorn, 91.9% for MEM vs WSN, 88.1%
for MEM vs WSN vs PR8, and 94.2% for ALLA vs IBV vs X31.

The high accuracy across all datasets underscores the reliability of the Fine KNN
model for this task. Binary classifications, such as DMEM vs Udorn and MEM
vs WSN, performed exceptionally well, benefiting from simpler decision boundaries.
Multiclass scenarios, like MEM vs WSN vs PR8 and ALLA vs IBV vs X31, presented
greater complexity but still achieved competitive performance. These results highlight
the model’s suitability for distinguishing viral from negative samples, providing a

strong basis for further analyses, including virus strain classification.
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Figure 6.4: Confusion matrices summarizing the performance of the Fine KNN model for
classifying viral and negative samples across four datasets. Each matrix displays the average
classification accuracy as percentages for DMEM vs Udorn (A), MEM vs WSN (B), MEM
vs WSN vs PR8 (C), and ALLA vs IBV vs X31 (D). The diagonal entries represent true
positives, while off-diagonal entries indicate misclassifications. A consistent green color
gradient is used, where darker shades correspond to higher accuracy.
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6.5.5 Virus Multiclassifiers

The performance of classification models for virus vs. virus datasets was evaluated
using confusion matrices (Figure 6.5). Three multiclassifiers were analyzed: (1) PRS,
Udorn, WSN, and X31 (Virus A); (2) IBV, PR8, Udorn, WSN, and X31 (Virus
B); and (3) PR8, SC2, Udorn, WSN, and X31 (Virus C). These datasets were
constructed to test the models’ ability to differentiate between closely related virus
types and subtypes.

Virus A Multiclassifier o Virus B Multiclassifier o Virus C Multiclassifier
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Figure 6.5: Confusion matrices for virus vs. virus classification. (Left) Virus A
multiclassifier: PR8, Udorn, WSN, and X31. (Middle) Virus B multiclassifier: IBV, PRS,
Udorn, WSN, and X31. (Right) Virus C multiclassifier: PR8, SC2, Udorn, WSN, and X31.

In the Virus A multiclassifier, each class consisted of 11,000 sub-tracks, which
allowed the model to achieve high accuracy. The true positive rates exceeded 90% for
most classes, with X31 having the highest accuracy (91.7%) and PRS following closely
(90.4%). Misclassification rates were minimal, with minor confusion between PRS8
and WSN (4.4%) and between WSN and Udorn (3.8%). These results demonstrate
the model’s robustness in distinguishing influenza A subtypes when sufficient data is
provided.

The Virus B multiclassifier, which introduced IBV alongside influenza A subtypes,
maintained strong performance with 11,000 sub-tracks per class. IBV achieved a true
positive rate of 87.1%, and the influenza A subtypes showed consistent accuracy, with
X31 (90.4%) and WSN (86.5%) performing particularly well. However, the inclusion

of IBV increased complexity, leading to slightly higher misclassification rates, such
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as between IBV and PR8 (4.1%) and between PR8 and WSN (4.4%). These results
highlight the need for more nuanced differentiation as dataset complexity increases.

The Virus C multiclassifier included SC2, and each class consisted of only 3,000
sub-tracks. The reduced data volume likely contributed to the lower overall accuracy
compared to the other multiclassifiers. SC2 achieved the highest true positive rate
(87.6%), indicating the model’s ability to effectively identify a distinct virus type.
However, PR8 showed a reduced accuracy of 73.7%, with increased misclassification
rates between PR8 and Udorn (5.5%) and PR8 and WSN (6.9%). The influenza A
subtypes also exhibited moderate performance, with true positive rates ranging from
77.1% (WSN) to 84.8% (X31). These results emphasize the impact of data volume
on classification performance, as models trained with fewer sub-tracks per class may
lack the robustness seen in larger datasets.

Figure 6.5 provides a visualization of the confusion matrices, illustrating the clas-
sification performance for each multiclassifier. The lower accuracy observed in the
Virus C multiclassifier, particularly for influenza A subtypes, underscores the im-
portance of ensuring sufficient data availability for each class to maintain reliable
predictions.

These findings highlight the critical role of data volume in machine learning model
performance, especially in distinguishing between viruses with overlapping character-
istics. Future experiments should prioritize ensuring sufficient sub-track counts for

all classes to enhance model robustness and accuracy.

6.6 Testing Unseen Datasets
Testing and Comparison of Trained Models

The trained machine learning models were evaluated using independent validation
sets, ensuring robust assessment of their classification performance. The results,
visualized in the confusion matrices and sensitivity /specificity tables (Figure 6.6),
reveal the strengths and limitations of the models across various virus classification

tasks. The first classification task focused on influenza A viruses (PR8, Udorn, WSN,
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Figure 6.6: The confusion matrices and sensitivity/specificity tables illustrate the classifi-
cation performance across different virus datasets. The total number of tracks per matrix
varied: Figure 1 (8,553 tracks) classified influenza A viruses (PR8, Udorn, WSN, X31), with
PRS8 having 453 tracks, Udorn 4,189, WSN 2,570, and X31 1,341. Figure 2 (49,991 tracks)
included IBV, influenza A viruses, and SC2, with track counts of IBV (8,892), PR8 (8,239),
SC2 (2,248), Udorn (11,314), WSN (10,069), and X31 (9,229). Figure 3 (9,448 tracks) fo-
cused on IBV and influenza A viruses, with IBV (1,038), PR8 (421), Udorn (4,178), WSN
(2,514), and X31 (1,297). Finally, Figure 4 (41,096 tracks) classified PR8 (8,126), SC2
(2,066), Udorn (11,565), WSN (10,023), and X31 (9,316). Reduced data volumes for SC2 in
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and X31). With a total of 8,553 tracks, distributed as PR8 (453 tracks), Udorn
(4,189 tracks), WSN (2,570 tracks), and X31 (1,341 tracks), the models achieved high
accuracy. X31 exhibited the highest specificity, exceeding 97%, indicating minimal
misclassification as other viruses. Sensitivity values were consistently high across
all viruses, highlighting the models’ robustness when sufficient training data was
available.

Expanding the classification to include IBV and SC2 (Figure 6.6 CM2) increased
the dataset to 49,991 tracks, with IBV (8,892 tracks), PR8 (8,239 tracks), SC2 (2,248
tracks), Udorn (11,314 tracks), WSN (10,069 tracks), and X31 (9,229 tracks). The
inclusion of SC2, which had a significantly smaller dataset compared to other viruses,
introduced challenges, resulting in lower overall accuracy for SC2. However, IBV
maintained robust sensitivity and specificity, reflecting its distinct signal characteris-
tics.

The classification of IBV and influenza A viruses (PR8, Udorn, WSN, X31) in
Figure 6.6 CM3 utilized 9,448 tracks, distributed as IBV (1,038 tracks), PR8 (421
tracks), Udorn (4,178 tracks), WSN (2,514 tracks), and X31 (1,297 tracks). Despite
the smaller dataset size compared to Figure 6.6 CM2, the models demonstrated strong
performance, particularly for IBV, which achieved a sensitivity of over 87%.

In the final task (Figure 6.6 CM4), PR8, SC2, Udorn, WSN, and X31 were classi-
fied using 41,096 tracks, with PR8 (8,126 tracks), SC2 (2,066 tracks), Udorn (11,565
tracks), WSN (10,023 tracks), and X31 (9,316 tracks). Similar to Figure 6.6 CM2,
the smaller dataset for SC2 contributed to reduced sensitivity and specificity, under-
scoring the importance of balanced datasets for optimal classification performance.

Overall, the models performed well across all tasks, with the confusion matrices
and sensitivity /specificity tables revealing high accuracy for viruses with sufficient
training data. The reduced performance for SC2 highlights the challenges posed by
smaller datasets, emphasizing the need for data augmentation or advanced ensemble

techniques to maintain robustness in more complex multiclass scenarios.
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6.7 A Preliminary Clinical Sample Classifier

The fine KNN algorithm was tested for its ability to differentiate between two strains
of SARS-CoV-2: the Wuhan variant and the Delta variant, using clinical samples.
Negative control samples, which contained no viruses, exhibited no tracks, resulting
in a specificity of 100%. For differentiating between the two strains, the sensitivity
to Delta matched the specificity for the Wuhan variant, and the positive predictive
value (PPV) for Delta was equivalent to the negative predictive value (NPV) for the
Wuhan variant.

A total of 64,761 sub-tracks from 7,095 distinct tracks were used in this anal-
ysis. The fine KNN algorithm achieved an overall accuracy of 97.5% (Figure 6.7).
This accuracy is calculated per sub-track, meaning individual samples consisting of

multiple sub-tracks would yield even higher accuracy. The workflow for this method
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Figure 6.7: Confusion matrix and sensitivity /specificity table for classifying Delta and
Wuhan SARS-CoV-2 variants in clinical samples. A total of 10 Wuhan samples and 9 Delta
samples were used. Correct predictions are shaded green in the confusion matrix, while the
table highlights sensitivity and specificity percentages with a blue gradient (0-100%).
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includes 20 seconds for sample preparation, instantaneous viral labeling, 30 seconds
for imaging, and seconds to process the data through the trained model. The entire
process is completed in approximately one minute. While these preliminary results
are promising, they were obtained with a limited number of samples. A larger vali-
dation study is required to confirm the model’s robustness and generalisability across

diverse clinical datasets.

6.8 Discussion

This project demonstrates a novel approach to virus classification and strain differen-
tiation using fluorescence imaging and machine learning, specifically fine KNN. The
method relies on the principle that viruses, like charged particles, diffuse in an elec-
trolyte solution, with their motion influenced by surface charge. This phenomenon
provides a unique basis for distinguishing viral strains, as differences in surface charge
affect their diffusion coefficients. By leveraging these differences, the method achieved
high accuracy in multiple classification tasks, including influenza A strains (PRS,
Udorn, WSN, and X31) and broader tasks involving IBV and SARS-CoV-2. For ex-
ample, an accuracy of 97.5% was achieved when distinguishing between Delta and
Wuhan variants of SARS-CoV-2, a particularly significant result given the similarity
between these strains.

The method’s strength lies in its ability to capture subtle differences in diffusion-
driven motion, which reflect variations in surface charge and particle size. This is
particularly valuable for differentiating closely related viral strains, where traditional
methods like genomic sequencing are typically required. Despite these promising re-
sults, the approach has several limitations. As the method relies on diffusion, it is
highly sensitive to environmental conditions, especially temperature. Fluctuations in
temperature can directly affect diffusion rates, thereby influencing classification ac-
curacy. Ensuring precise temperature control during sample preparation and imaging
is essential for consistent results. Additionally, viral particles aggregate rapidly in

solution, which alters their diffusion properties and can reduce accuracy. To mitigate
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this, rapid and consistent processing is critical, as any delays in the workflow could
impact performance.

Another challenge is data availability, particularly for multiclass classifications
involving SARS-CoV-2. For these tasks, fewer sub-tracks per class were available
compared to other datasets, resulting in reduced sensitivity and specificity. Further-
more, the study relied on controlled experimental conditions and a limited number of
clinical samples. Expanding the validation to diverse, real-world datasets is necessary
to confirm the method’s robustness and generalizability.

Several improvements could enhance this approach. Implementing precise tem-
perature regulation during experiments would address variability due to temperature-
dependent diffusion changes. Automating sample preparation and imaging steps could
minimize delays and reduce the impact of aggregation. Combining diffusion-based mo-
tion with additional features, such as fluorescence intensity or particle shape, could
further improve classification accuracy and robustness. Addressing data imbalances
through synthetic data generation or ensemble models could also enhance perfor-
mance for underrepresented classes like SARS-CoV-2. Finally, conducting validation
studies with larger and more diverse datasets would be essential for establishing the
clinical applicability of this method.

In conclusion, this project highlights a rapid and innovative approach to virus clas-
sification based on diffusion properties influenced by surface charge. The fine KNN
algorithm demonstrated remarkable accuracy, particularly for datasets with sufficient
and balanced training data. By offering a fast and cost-effective alternative to tra-
ditional diagnostics, such as genomic sequencing, this method has the potential to
transform clinical diagnostics and epidemiological monitoring. However, further opti-
mization and extensive validation are required to address environmental sensitivities,
data constraints, and generalizability, paving the way for the widespread adoption of

this promising diagnostic tool.
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Chapter 7

Effective Resolution of Neutron
reflectometry

"I am afraid neutrons will not be of
any use to any one."

Sir James Chadwick

7.1 Graphical Abstract

g ol
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[, + + I
Reflectometry Data Prior Knowledge Physical Model

Resolution is a property of the analysis — not just the data
A Bayesian framework to quantify the effective resolution by
integrating the model, prior information, and experimental data.
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Figure 7.1: A Bayesian framework integrates reflectometry data, prior knowledge, and a
physical model to quantify effective analytical resolution. Resolution is determined by the
full analysis—not just the data—and is evaluated through nested sampling and Bayes fac-
tor—based model selection. Increasing the number of contrasts improves resolution, with
Dy0Oand spin-up Permalloy outperforming HoO and spin-down. Notably, the effective res-
olution achieved exceeds the theoretical limit, highlighting the strength of model-informed
Bayesian analysis in neutron reflectometry. Figure created with BioRender.com.
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7.2 Introduction

In the elastic scattering regime, it is commonly accepted that the minimum resolvable

length scale, Ly, is defined by the maximum measured scattering vector, Qax,

27
Lmin = . 71
. (1)

This limit arises from the observation that the differential cross section for elastic

scattering is related to the scattering length density (SLD) profile through a Fourier
transform, the magnitude of which will decay to zero at scattering vectors of 27/ Lyyy.
The observation, itself, is dependent on the Born approximation [186], which assumes
that there is a single scattering event between the probing radiation and atoms which
scatter them.

Neutron and X-ray reflectometry are elastic scattering techniques that are impor-
tant in the study of interfacial structures, such as model membranes [187, 188|, surfac-
tant monolayers [189], and magnetic multilayers [190]. As with other reciprocal space
measurements, the analysis of reflectivity data presents a significant challenge due to
the phase problem [191]. Frequently, it is assumed that reflectivity measurements are
limited in resolvable resolution by the same Eqn. 7.1. It is well documented [192, 193],
however, that the Born approximation does not hold for reflectometry measurements.
The reason that the Born approximation does not hold for reflectometry appears to
be a combination of multiple factors, typically related to the scattering geometry of
the measurement.

Measurements governed by the Born approximation can be analysed by an inverse
Fourier transform, e.g., Fourier inversion of small angle scattering [194]. The same
approach has been applied to reflectometry data [195, 196, 197|, overlooking the
collapse of the Born approximation already discussed. The more common approach to
reflectivity data analysis is a model-dependent approach [198|, where a model system
is proposed and model reflectivity calculated, using the optical matrix formalism, and

the model is then refined against the experimental data.
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It is still regularly suggested that the maximum @)-value measured limits the length
scale probed by reflectometry, despite evidence that the Born approximation does not
apply in the reflection geometry. In this work, we show, analytically, that this length
scale limitation does not hold in the analysis of neutron reflectometry measurements
when a model-dependent approach is used. To achieve this, we establish an analysis
resolution metric, through the robust analysis of neutron reflectivity data by nested
sampling [199]. This metric quantifies the minimum length scale, for a given model
parameter, that can be observed.

We concentrate on a floating bilayer system [200], a widely used and well-understood
model system for studying lipid membranes. It is shown that the analytical resolution,
instead of depending on the maximum )-value, is related to both the data and the an-
alytical model. In particular, we investigated the effect of isotopic/spin contrasts and
model assumptions on the analytical resolution. By providing a better understanding
of the influence of the collected data and the analytical model on the resolution, we
believe this work can inform the development of more comprehensive models for in-
terpreting neutron reflectivity data. Specifically, our analytical methodology, which
demonstrates the enhanced resolution achievable through model-dependent analysis,
can guide the refinement of these models. Furthermore, our findings can aid in the
design of experiments by offering insights into how data collection and model assump-

tions impact the minimum resolvable length scale.

7.3 Materials and Methods
7.3.1 Materials

DPPC (1,2-dipalmitoyl-sn-glycero-3-phosphocholine) was obtained from Avanti polar
lipids (Alabaster, AL, USA) and used without further purification. The self-assembled
monolayer material (TAAA-SAM; HS—-CH,;—(CONH);5-CHy(OH),) was obtained
from Prochimia surfaces (Gdansk, Poland). Deuterium oxide (D;0O), HEPES buffer
salts, and all other chemicals were sourced from Sigma-Aldrich or Fisher Scientific

(Loughborough, UK). Silicon substrates were obtained from Crystran (Poole, UK).
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Figure 7.2: Schematic of the sample that was measured, showing the construction of the-
floating bilayer system.

7.3.2 Sample preparation

In this work, we focus on a floating bilayer system, which has been extensively stud-
ied [200, 201, 202|. The floating bilayer system was prepared as in the work of Clifton
et al. |203]. The resulting sample consisted of a substrate of silicon/silicon oxide with
a permalloy and a gold layer. On top of this substrate, the self-assembled moonolayer
of the TAAA-SAM material was deposited. The floating bilayer was then formed
adjacent to this by Langmuir-Blodgett /Langmuir-Schaefer deposition (Fig. 7.2). The

system was measured under solution in custom-built solid/liquid flow cells.

7.3.3 Neutron reflectometry measurements

Polarised neutron reflectometry (PNR) measurements where conducted at the POL-
REF reflectometer at the ISIS Neutron and Muon Source. This instrument measures
the reflection of a white neutron beam and examines the reflection of a single neutron
spin state from the sample. Polarisation was achieved using a polarizing mirror and a
spin flipper. Reflectivity data was gathered across a @), range of approximately (0.01,
0.3) AT (at 2.5 % resolution) using glancing angles of (0.25, 0.5, 1.25, and 2.5)° with
neutron wavelengths of (2, 12) A. The total illuminated sample length was 60mm.

The floating bilayer system was analyzed using six distinct isotopic/spin con-
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Sample Pe.r malloy Water
spin state
Substrate
Contrast Substrate . po mo | H20 D20 AuMW
+ bilayer
H>0/po o o
HQO/IHO ° °
D,0/po . .
D5,0O/mo o o
H,O/po/h-DPPC o o
H>,0/mo/h-DPPC . o
D50 /po/h-DPPC . °
D50 /mo/h-DPPC o o
AuMW /po/h-DPPC o o
AuMW /mo/h-DPPC o o

Table 7.1: The isotopic/spin contrasts that gave rise to the ten neutron reflectometry mea-
surements that make up the data set investigated herein.

trasts, and an additional four contrasts were measured for the substrate. This was
accomplished by adjusting the magnetic orientation of the permalloy layer with an
external magnetic field, which allowed the neutron spin to align either parallel (p)
or anti-parallel (m) to the field. Furthermore, the surrounding medium was varied
using either H,O,D50, or gold-contrast matched water (AuMW) to achieve different
contrast conditions (Tab. 7.1). A liquid chromatography pump (Knauer Smartline
1000) was connected to the liquid cell inlet for programmable control of the H20 /D20

solution mixture in the sample cell.

7.3.4 Analytical model

The model-dependent analysis of neutron reflectivity data is performed by applying
the Abeles optical matrix formalism [204] to a structure of layers with given scattering
length densities and thicknesses with interfacial roughnesses between the layers [205].
Here, we parameterise an analytical model that describes the floating bilayer system
that consists of the layers shown in Figure 7.2. Table 7.2 gives the parameter prior
distributions for those that were allowed to vary.

The substrate layers shown in Figure 7.2 were described with thicknesses (with

the exception of the semi-infinite silicon layer) and scattering length densities and
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Parameter Prior Range Prior distribution Mean Std

1 SiO2 SLD [3.41, 7.11] Truncated normal 4 2
2 SiO2 thickness [12.00, 18.00]  Truncated normal 15 1
3 SiO2 roughness [12.00, 18.00]  Truncated normal 15 1
4 Permalloy spin up SLD [9.00, 12.00] Uniform - -
5  Permalloy spin down SLD [6.00, 10.00] Uniform - -
6  Permalloy thickness [100.00, 200.00] Uniform - -
7 Permalloy roughness [5.00, 11.00] Uniform - -
8  Au thickness [100.00, 200.00] Uniform - -
9  Au roughness [4.00, 8.00] Uniform - -
10 SAM Area Per Molecule (APM)  [15.00, 30.00]  Truncated normal 23 1.5
11 SAM tail thickness [15.00, 20.00] Uniform - -
12 SAM head thickness [7.00, 11.00] Truncated normal 9 0.7
13 SAM hydrtation [0.00, 1.00] Truncated normal 0.5 1.5
14 Water Interlayer thickness [0.10, 5.00] Truncated normal 0.5 1
15 Bilayer tail volume [600.00, 1000.00] Uniform - -
16 Bilayer head volume [300.00, 380.00] Uniform - -
17 Bilayer defect hydration [0.00, 1.00] Truncated normal 0.1 0.5
18 Bilayer head hydration [0.10, 1.00] Truncated normal 0.5 1

Table 7.2: A list of all the parameters used in the model with the corresponding prior range,
and prior distribution.

interfacial roughnesses between each. The SAM layer is split into separate heads and
tails layers, and the scattering length densities, 3, for these layers were constrained

based on the area per molecule (APM) of the SAM with the following relation

b

b= JAPM

+6sol(1 - ¢)7 (72)

where, b is the sum of the scattering lengths of the atoms that make up either the
head or the tail, d is the thickness of the head or tail layer, ¢ is the volume fraction
of the head or tail material in the solvent of scattering length density (s,. By
having the same APM for both the head and tail, the chemical constraint that there
are the same numbers of head and tail groups is achieved. The DPPC bilayer is
described using two pairs of similar components, placed such that the tail layers are
adjacent. However, unlike the SAM layer, the components are described in terms
of the molecular volumes for the head and tail groups. This means that in order to

introduce the chemical constraint to ensure an equal number of head and tail groups
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the tail thickness, di,; is constrained as follows,

dheadth‘/tail
dia) = —————, 7.3
el gbtaﬂvhead ( )

where, dhead, @neaq, and Vieaq are the thickness, volume fraction, and molecular
volume of the head group respectively, and similarly for the tail group parameters.
Between the SAM and bilayer, there is a narrow interlayer of water and above the
bilayer a semi-infinite water layer.

In addition, interfacial roughness, o, is present at each of the three interfaces
(solvent-head, head-tail, and tail-air), and is modeled using an error function. No-
tably, in the study by Campbell et al, the roughness was assumed to be conformal,
such that it does not vary between interfaces. This assumption is reasonable in the
case of a monolayer of a single lipid type which is the case for our system.

We have also used the area per molecule assumption, a common simplifying as-
sumption used in the study of monolayers and thin films. It assumes that all molecules
in the monolayer or thin film have the same cross-sectional area and that the total
area of the monolayer or thin film is simply the product of the number of molecules
and their individual cross-sectional area.

The area per molecule assumption is a useful simplification because it allows for
straightforward calculations of the thickness and packing density of the monolayer or

thin film from measurements of its total area and the number of molecules present.

7.3.5 Bayesian model selection framework

Bayesian model selection is a statistical framework used to compare and select the
most suitable model from multiple options based on how well they fit the observed
data. This process involves evaluating the relative likelihoods of different models,
considering their complexity, and then choosing the model with the highest posterior
probability.

This selection process is based on Bayes’ theorem, which provides a way to cal-

culate the posterior distribution - the probability of the model parameters given the
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observed data. The theorem combines the likelihood of the data given the model
parameters and the prior probability of the parameters.

The evidence for the data given in our model, which is integral over all possible
parameter combinations, is a crucial part of this calculation. This evidence can
be efficiently estimated using nested sampling|[199], a Monte Carlo method. Nested
sampling|206| provides a measure of how well the model fits the data, taking into
account its complexity.

We then use Bayes factors|207|, a popular method for comparing the relative
likelihoods of different models in the Bayesian model selection framework. The Bayes
factor between the two models is the ratio of their evidence, calculated on the same
dataset. It is important to note that in the case where our a priori belief in the two
models is equal, the evidence ratio, called the Bayes factor, completely specifies the
relative probability of the two models.

Considering a case where we have two competing models M; and M,, both of
which describe our system. Given some data D the Bayes factor is defined as [208],

P(M\|D.I) 2 P(M|I)

BayesFactor(BF) = o ———— = 5 '
ayesFactor( ) P(M;|D,I) Zy P(Ms|1)

(7.4)

We select a parameter of interest, in this case the bilayer tail thickness, and run
the nested sampling algorithm for a range of possible values, resulting in the evidence
values associated with every parameter value. It should be noted that two models can
only be compared for the same data (Fig. 7.3 @) In this work we are working with
log evidence values and every evidence value is normalised by the highest evidence

for the particular set of data. This results in the logarithmic Bayes factors Fig. 7.3

®).

Z

In (BF; jnaz) = In (Z

) =1In (ZZ) —In (Zmaa:) (75)

This allows us to define the analytical resolution of the technique as the number
of consecutive parameter values with a Bayes factor smaller than 4.61 (which is the

most conservative value we can choose, see Table 7.3). This definition allows us to
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Figure 7.3: Analytical Resolution Estimation Workflow.
@ Optimally good data set of a well-understood system, with HoO, D20, AuMW and
spin contrasts.

Code model creating layers with SLD, thickness and roughness value-ranges found in
the literature, using all or part of the contrasts available.
@ Estimate the evidence for incremental values of the parameter of interest.
9 Analytical resolution calculation based on bayes factors.

Table 7.3: Interpretation of Bayes factor, BF; 4, between the it" and highest evidence
model.

BF, jar  (BF; jax) Interpretation
> 100 > 4.61 Decisive evidence for p,ez

30 —100 3.40 —4.61  Very strong evidence for p,,q.
10 —30 2.30 — 3.40 Strong evidence for p,,qz
3—10 1.10—2.30 Anecdotal evidence for p,.z
1-3 0—1.10 Not worth more than a mention

quantify the analytical resolution and it is a metric of the effect of the chosen model
(external information about the system) on the resulting resolution that accounts for

both the data and the model.

7.4 Results
7.4.1 Neutron reflectometry data analysis

Figure 7.4 (A) presents a comparison between the experimental data and the re-

flectometry profiles obtained for the tail thickness parameter value with the highest
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Figure 7.4: Reflectivity curve and corresponding SLD profiles.(A) The experimental
(coloured lines) reflectometry and the median values for the model with the greatest ev-
idence (black lines) for the tail thickness parameter. The different contrasts are offset by an
order of magnitude in reflected intensity. (B) SLD profile for the substrate and the floating
bilayer system. (C) Zoomed in SLD profile for the SAM and floating bilayer.

evidence when all contrasts are utilised in the analysis. Across all contrasts, a clear
agreement is evident between the experimental data and the model predictions. This

observation confirms the validity of the assumptions discussed in Section 2.4.

7.4.2 Effective resolution for a Single Dataset

Our investigation into the effective resolution of neutron reflectometry for a floating
bilayer system illustrates the potential for empirical data to surpass the boundaries
dictated by theoretical approximations. As can be seen in figure 7.5 for the tail
parameter for a single contrast the worst effective resolution achieved is 10 A and for
the head parameter 7 A which in both cases is better than the theoretical limit. For

reference the literature value for the tail thickness is 18 A and for the head thickness
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Figure 7.5: Plots of the Bayes factors below the decisive evidence value for single contrasts.
(A) Indecisive evidence plot for the bilayer tail thickness and (B) the bilayer head thickness
with and without the APM constraint.

is 8 A[209)].

The complex nature of the system under study, the occurrence of multiple scatter-
ing events, and the application of model fitting to the experimental data all contribute
to an effective resolution that exceeds the limit suggested by the Born approximation

(see equation 7.1).

7.4.3 Effect of increasing contrasts on the effective resolution

The analytical resolution for both the tail and head thickness parameters (see Figure
7.6) improves for an increasing number of contrasts. This makes sense intuitively as

with more isotropic contrasts the parameter space gets smaller. This is true for both

the APM and not APM restricted model.

7.4.4 Effect of removing APM assumption from the model

For the tail thickness parameter (Figure 7.6 A) the average value for most contrast
combinations is higher when the APM assumption is coded into the model. On the

other hand, the analytical resolution is worse when the APM assumption is used. This
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Permalloy

Sample spin state Water

Name Num. g pstrate OUPSTAC Gh - Down H20 D20 AuMW

contrasts + bilayer
10/H-D-Au/po-mo/subs 10 . . . . .
8/H-D/po-mo/subs 8 o o o o
4/H-D/po/subs 4 . . . . .
4/H-D/mo/subs 4 . . o °
4/H-D/po-mo 4 . . . .
2/H/po/subs 2 . . .
2/D/po/subs 2 . . .
2/H-D/po 2 ° .
2/H/mo/subs 2 .
2/D/mo/subs 2 .
2/H-D/mo 2 .
1/H/po 1 .
1/D/po 1 . .
1/H/mo 1 . .
1/D/mo 1 . .

Table 7.4: Details of the combinations of contrasts used in the analysis.

could be because the head thickness is calculated from the APM and tail thickness pa-
rameter when the APM assumption is used. Since the tail thickness is a well-encoded
parameter whereas the head thickness is a poorly encoded parameter calculating one
of the two combines their uncertainties. This is supported by Figure 7.6 B, where we
can see that the analytical resolution is better when the APM assumption is used.
For both parameters, the average values estimated by the model are closer to the

values reported in the literature[209] when the APM assumption is used.

7.4.5 Comparison of H20 vs D20 contrasts

The analytical resolution for both the tail and head thickness parameters (see Figure
7.7 A and C) is generally better for DoO than HsO whereas when the APM assump-
tion is not used the resolution is broadly similar for both DO and H,O contrasts.
The possible values for D,O and H,O are different likely due to the difference in

hydration parameters for the two cases.

7.4.6 Comparison of spin up vs down Permalloy

The analytical resolution for both the tail and the head thickness parameters (see

Figure 7.8 A and C) is better when the Permalloy is in the spin-up state. When the
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Figure 7.7: Comparison plots of the Bayes factors below the decisive evidence value for HoO
vs D20 contrasts only. Indecisive evidence plot for the (A) bilayer tail thickness with the
APM constraint and (B) without, (C) the bilayer head thickness with the APM constraint
and (D) without.

167



Spin up vs down tail thick - Spin up vs down tail thick no APM
22 @ Spin up
I @ spin down
20 e |iterature value
S o
o o
'\‘/‘ '\‘/‘ 18 m=fp e e e
w errTrT o ________-I__ w
) g | |
m | | 16
o 16 g l
= =
© ©
2 2 14
[ [
s M 2
[} 9]
8 8
o 12 o 12
@ SpiN Up
e spin down
10 e |iterature value 10
N N\ o o 3 \ \ o o o
Q NS © Q v © Q N v Q v o
N N \O\\%o (132‘ @\\%o Q\\’ao '\\ '\\ \Q\\eo ,132\ @\\60 0\\60
P P b‘\Q\' P PV b‘\\e\'
Contrasts used Contrasts used
C , , D . .
2 Spin up vs down head thick Spin up vs down head thick no APM
@ SpiN Up
18 I @ spin down 10
e |iterature value
o 16 =)
o )
— RN RS | NNSNIEN B E—————— —_——g e —— -
v 14 \%
@ &
o 8 s
=} =]
© 10 | ©
> >
: I :
2 8 —f————————-— ————m==Td=———g=-
2 ] 2 4
o o
o 6 ° o
@ SpiN UP

4 l 2 @ spin down
e |iterature value

2
3 \
N S I &N ¢ © &S
N » N o o » & o
rb fb b‘\Q\' PV P b‘\Q\’
Contrasts used Contrasts used

Figure 7.8: Comparison plots of the Bayes factors below the decisive evidence value for the
permalloy spin up vs down contrasts only. Indecisive evidence plot for the (A) bilayer tail
thickness with the APM constraint and (B) without, (C) the bilayer head thickness with
the APM constraint and (D) without.
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Permalloy is in the spin-up state the SLD difference between the adjacent SLD layers
is greater than when the Permalloy is in the spin-down state. This implies that a
greater difference in the SLDs of the substrate layers positively impacts the resolution
of the parameters for the system under study. On the other hand, when the APM
constraint is used (see Figure 7.8 B and D) there is no general trend of improved

resolution for either spin state.

7.5 Discussion

The findings of our study demonstrate the potential and complexities of applying
Bayesian analysis in neutron reflectometry data analysis to understand the analytical
resolution for a specific experimental setup and sample. Bayesian analysis enables a
robust comparison of different models by quantifying the evidence supporting each
one. This is achieved using Bayes factors, which provide a comprehensive measure of
the relative probabilities of different models, given an equal a priori belief in the two
models. By following the workflow established in this work we can get the analytical
resolution for the specific data, model and prior information.

Our work confirms the significant role of contrasts in the analysis process. We
found that the analytical resolution for both the tail and head thickness parameters
improves as the number of contrasts increases. This intuitively makes sense, as more
contrasts effectively reduce the parameter space, leading to more precise estimation.

The Average Per Molecule (APM) assumption introduced an intriguing dynamic
to the analytical resolution. While the APM assumption appears to worsen the res-
olution for the tail thickness parameter, it conversely improves the resolution for the
head thickness parameter. This counterintuitive relationship can be attributed to the
combination of uncertainties when one parameter is calculated from the other. Our
findings suggest that careful consideration must be given to such model assumptions,
as they can significantly impact the resolution.

We also found that the choice of contrast has a substantial effect on analytical

resolution. Specifically, D20 contrasts generally provided better analytical resolution
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than H20 contrasts. This finding underscores the importance of careful contrast
selection in neutron reflectometry studies and encourages further investigation into
the properties and behaviour of these contrasts.

Finally, our study revealed a complex interplay between the permalloy spin states
and the analytical resolution. Generally, the resolution was better when the Permal-
loy was in the spin-up state, suggesting that a greater difference in the scattering
length densities of the substrate layers can positively impact the resolution. However,
when the APM constraint was not used, no general trend of improved resolution was
observed for either spin state. This finding invites further exploration into the in-
terrelationship between spin states and model constraints, and how they collectively
influence the resolution.

Perhaps the key takeaway of this work is that the analytical resolution in neutron
reflectometry is dependent on the analysis. Model assumptions, multiple contrasts,
substrate choice, and prior information all have an impact on the analytical resolution
which as demonstrated above can be better than the common knowledge 7.1.

In conclusion, our study illuminates the intricate factors that can impact the effec-
tiveness and accuracy of Bayesian analysis in neutron reflectometry data analysis. By
shedding light on the implications of contrast selection, model assumptions, and spin
states, our findings can inform more accurate and reliable model selection in future
studies. It is anticipated that continued exploration of these factors will significantly

advance our understanding and application of neutron reflectometry.
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Chapter 8

Conclusion and Future Directions

8.1 Discussion and Implications

The diagnostic approaches developed in this thesis highlight a transformative shift
in virus detection and characterization. Traditional methods usually rely on specific
molecular interactions to identify pathogens, requiring centralized laboratories, spe-
cialized equipment, and trained personnel. These limitations hinder timely medical
decision-making, particularly during acute conditions like viral outbreaks or pan-
demics. In contrast, the methods presented here propose a novel paradigm: labeling
all components within a sample indiscriminately and achieving specificity through
advanced computational analysis. This approach offers a scalable, adaptable, and
efficient alternative to conventional diagnostics.

Central to this thesis is the refinement and validation of a cation-mediated label-
ing technique, enabling the attachment of fluorescently labeled single-stranded DNA
to the lipid membranes of enveloped viruses. This method demonstrated versatility
across diverse experimental conditions, including different viral strains, pH levels, and
ion concentrations. It was also effective with both clinical and laboratory-grown sam-
ples. When combined with fluorescence microscopy, the labeling process facilitated
rapid immobilization and visualization of viral particles, streamlining single-particle
analysis.

Machine learning, particularly convolutional neural networks (CNNs), played a

crucial role in enhancing specificity post-labeling. These models accurately distin-
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guished virus-positive from virus-negative samples and differentiated closely related
viral strains, independent of imaging conditions and optical setups. By shifting speci-
ficity from molecular interactions to computational analysis, this approach redefines
diagnostic frameworks, making them more flexible and less dependent on complex
molecular assays.

While fluorescence microscopy, particularly Total Internal Reflection Fluorescence
(TIRF), was essential for high-resolution imaging in this research, its cost, complex-
ity, and reliance on precision optics limit its feasibility for point-of-care (POC) ap-
plications. To address this, a diffusion-based detection approach was explored as
an alternative. This method leverages particle mobility and single-particle tracking,
eliminating the need for expensive imaging systems. It aligns closely with the require-
ments of scalable, field-deployable diagnostics and holds promise for integration with
low-cost platforms such as smartphone-based microscopy. However, further research
is needed to determine whether this approach can achieve the same sensitivity and
specificity as fluorescence-based methods in clinical settings.

In comparison to existing diagnostic tools, such as RT-PCR and lateral flow assays,
the methods proposed here offer unique advantages. RT-PCR, while highly sensitive
and specific, requires centralized infrastructure and lengthy workflows, making it im-
practical for rapid, decentralized testing. Lateral flow assays, though affordable and
portable, often lack the sensitivity needed for early-stage infections. The proposed
paradigms—indiscriminate labeling combined with machine learning—strike a bal-
ance between adaptability and performance. However, the current detection limit of
~ 10 PFU/mL, though clinically relevant, remains higher than RT-PCR’s sensitivity,
highlighting an area for optimization.

Beyond clinical diagnostics, the approaches developed in this thesis have potential
applications in environmental monitoring, food safety testing, and biomanufacturing
quality control. The diffusion-based detection method, in particular, offers significant
potential for democratizing diagnostics, enabling low-cost, scalable solutions that

could support citizen science initiatives and decentralized pathogen surveillance.
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Despite their promise, these methods face challenges in transitioning from labora-
tory settings to real-world applications. Fluorescence-based systems, while effective,
must be simplified to reduce cost and complexity. Diffusion-based detection, while
inherently low-cost, requires further validation to ensure its robustness in diverse
clinical and environmental samples. Addressing these limitations will be critical to
achieving the scalability and affordability necessary for global deployment.

One notable limitation of this work is the focus on single-virus detection without
explicitly considering the challenge of co-infections, where multiple viral species may
be present simultaneously in a sample. In real-world clinical scenarios, co-infections
are common and can significantly impact both the accuracy and interpretation of diag-
nostic results. The indiscriminate labeling strategy combined with machine learning
classification has demonstrated high specificity in controlled conditions; however, it
remains to be determined how well these models can distinguish and correctly classify
multiple co-circulating viruses within the same sample. Future studies will need to
evaluate the system’s performance in complex clinical samples with mixed infections
to ensure diagnostic accuracy and to avoid potential misclassification or underreport-
ing of infections.

By shifting diagnostic specificity from molecular interactions to computational
analysis, this work lays the foundation for a new generation of diagnostics that are
rapid, adaptable, and accessible. These methods not only address the limitations
of traditional diagnostics but also open new avenues for scalable, decentralized, and
impactful healthcare solutions. With continued research and development, the ap-
proaches described here have the potential to transform diagnostics across clinical,

environmental, and industrial domains.

8.2 Future Directions
8.2.1 Refining and Expanding Algorithms

Enhancing the diagnostic accuracy and adaptability of the machine learning models

developed in this thesis requires optimizing computational approaches for fluorescence-
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based detection systems. Lightweight algorithms, such as streamlined convolutional
neural networks (CNNs), should be refined to maintain high accuracy while efficiently
operating on low-cost hardware. Advanced techniques, such as attention-based mech-
anisms, can enhance the system’s ability to focus on diagnostically relevant features,
improving classification even in noisy or incomplete datasets.

Incorporating temporal data, such as changes in fluorescence intensity or diffu-
sion patterns over time, offers another avenue for enhancing diagnostic specificity.
Leveraging pathogen behaviors dynamically, without additional hardware complex-
ity, preserves the system’s simplicity and cost-effectiveness while improving its ability
to differentiate pathogens in challenging samples.

Rather than integrating fluorescence microscopy data with expensive complemen-
tary modalities, such as Raman spectroscopy or mass spectrometry, future efforts
should maximize the utility of fluorescence data alone. Innovations in preprocessing
and augmentation—such as noise reduction, feature extraction, and synthetic dataset
generation—could enhance model training while keeping the system affordable and

portable for point-of-care applications.

8.2.2 Optimizing Diffusion-Based Detection for Smartphones

The diffusion-based detection method holds significant potential for integration with
smartphone-based microscopy platforms. Research should focus on developing com-
pact, low-cost imaging setups that leverage modern smartphone cameras. Innovations
in lens miniaturization, such as clip-on optical modules, can improve imaging quality
while minimizing costs.

Real-time data processing and analysis can be achieved through app-based soft-
ware pipelines. These applications could feature optimized particle tracking algo-
rithms and machine learning models tailored to smartphone processors. Cloud-based
analysis is another avenue to handle computationally intensive tasks, ensuring rapid

and reliable diagnostic results in resource-limited settings.
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8.2.3 Expanding Pathogen Range

Current methods are primarily tailored for enveloped viruses. To broaden their utility,
future research should adapt the cation-mediated labeling strategy to accommodate
non-enveloped viruses, bacteria, and fungi. Complementary labeling agents, such as
functionalized nanoparticles, could enable interactions with diverse pathogen surface
chemistries.

Expanding multiplexing capabilities to detect multiple pathogens within a sin-
gle sample would be invaluable, particularly in clinical settings where co-infections
are common. Additionally, addressing challenges in detecting pathogens in complex
matrices—such as blood, urine, or environmental samples—will require further im-

provements in signal-to-noise ratios and specificity.

8.2.4 Addressing Cost and Sustainability

Ensuring affordability and sustainability is crucial for scaling these diagnostic tech-
nologies. Optimizing the use of fluorescent labeling agents and exploring cost-effective
alternatives will help reduce reagent expenses while maintaining sensitivity and sig-
nal stability. Developing renewable or recyclable reagents could further minimize the
environmental impact.

Simplifying hardware to focus on essential components—such as compact excita-
tion sources, affordable detectors, and efficient optical designs—will reduce costs while
preserving functionality. Emphasizing modularity for scalability (e.g., adjustable field
of view or sample handling capacities) rather than unnecessary dual-purpose features
will also support high-throughput capabilities.

Collaboration with manufacturers and supply chain experts can optimize produc-
tion and distribution, leveraging economies of scale to standardize components and
lower costs. These efforts will balance performance, affordability, and accessibility,

ensuring feasibility in decentralized and resource-limited settings.
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8.2.5 Validation and Clinical Trials

Large-scale validation studies are vital to demonstrating the reliability and utility of
these methods in real-world settings. Key performance metrics—such as sensitivity,
specificity, reproducibility, and detection limits—should be evaluated across a diverse
range of clinical and environmental samples, including challenging matrices like blood,
urine, and saliva.

Collaborations with healthcare providers and diagnostic companies will facilitate
clinical trials and regulatory approval processes. Engaging with regulatory bodies,
such as the FDA and EMA, early in the development process can streamline ap-
provals. Compliance with international standards must be prioritized to meet safety

and quality requirements.

8.2.6 Designing for Scalability and Field Deployment

Diagnostic systems should be designed to meet the demands of large-scale testing,
particularly during pandemics. Modular systems capable of processing high sample
volumes quickly and efficiently will be essential. Portability and ease of use should
also be prioritized to enable deployment in remote or resource-limited settings.

The diffusion-based detection method, in particular, is well-suited for scalability
due to its reliance on simple hardware. Optimizing this method for high-throughput
screening, potentially incorporating automated sample handling and imaging work-
flows, could further enhance its utility. Ensuring functionality under varying environ-
mental conditions, such as temperature and humidity fluctuations, will be crucial for

global deployment.

8.2.7 Exploring New Applications

While the focus of this thesis was on pathogen diagnostics, the methods developed
have broader potential applications. These include environmental monitoring, such
as detecting waterborne or airborne pathogens; food safety testing for microbial con-

tamination; and real-time quality control in biomanufacturing. The diffusion-based
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approach, in particular, could empower citizen science initiatives and democratize

pathogen surveillance.

8.2.8 Lessons Learned and Broader Implications

This work illustrates that shifting diagnostic specificity from molecular interactions to
computational analysis offers a transformative framework for pathogen detection. The
combination of biophysical labeling with advanced software highlights the importance
of interdisciplinary innovation in addressing global health challenges.

The potential integration of diffusion-based detection with smartphone platforms
represents a pivotal step toward democratizing diagnostics, making advanced tools
accessible to underserved populations. These developments underscore the need for
affordable, scalable, and adaptable diagnostic technologies to meet the demands of
emerging diseases and pandemics. By addressing current limitations and pursuing
these future directions, the findings of this thesis have the potential to revolutionize

diagnostics across clinical, environmental, and industrial domains.

8.3 Conclusion

This thesis introduces a foundation for next-generation diagnostic tools that are rapid,
scalable, and adaptable. While transitioning these methods from laboratory-based
settings to practical point-of-care applications presents challenges, the research high-
lights clear pathways for overcoming them. By addressing these obstacles and ad-
vancing the proposed innovations, these technologies hold the potential to transform
global diagnostics, improving healthcare outcomes and strengthening preparedness

for future health crises.
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Appendix A

Clinical Samples Tables

Table A.1: Overview of clinical samples used for training and validation of the
network. Each sample was imaged across three different days (labeled as -1, -2, -3, etc.).
For network training, 70% of the BBXs generated over these days were randomly selected,
while the remaining 30% were reserved for validation (results shown in the confusion ma-
trices). Abbreviations: hCoV — seasonal human coronaviruses (including NL63, OC43, and
HKU1), Neg — negative, SC2 — SARS-CoV-2 (original Wuhan variant), Flu A — Influenza A.
‘Microscope 1’ was a Nanoimager with a Hamamatsu Flash 4 LT.1 sCMOS camera, while
‘Microscopes 2 and 3’ were equipped with a Hamamatsu Flash4 V3 sCMOS camera; other-
wise, all systems were identical.

Sample ID RT-PCR Total BBXs ‘ Sample ID RT-PCR Total BBXs

hCoV vs Negative (Microscope 1)

T-Neg-1 Neg 1507 | T-hCov-3-3 HKU1 148
T-Neg-2 Neg 562 | T-hCov-4 NL63 377
T-Neg-3 Neg 451 | T-hCov-4-1 NL63 80
T-Neg-4 Neg 378 | T-hCov-4-2 NL63 279
T-Neg-1-1 Neg 5173 | T-hCov-5 NL63 500
T-Neg-2-1 Neg 122 | T-hCov-5-1 NL63 513
T-Neg-3-1 Neg 568 | T-hCov-5-2 NL63 823
T-Neg-4-1 Neg 158 | T-hCov-6 NL63 453
T-Neg-4-2 Neg 571 | T-hCov-6-1 NL63 207
T-hCov-1 HKU1 229 | T-hCov-6-2 NL63 292
T-hCov-1-1 HKU1 290 | T-hCov-7 0C43 268
T-hCov-1-2 HKU1 104 | T-hCov-7-1 0C43 131
T-hCov-1-3 HKU1 203 | T-hCov-7-2 0C43 254
T-hCov-2 HKU1 169 | T-hCov-8 0C43 897
T-hCov-2-1 HKU1 92 | T-hCov-8-1 0C43 569
T-hCov-2-2 HKU1 136 | T-hCov-8-2 0C43 342
T-hCov-3 HKU1 330 | T-hCov-9 0C43 500
T-hCov-3-1 HKU1 918 | T-hCov-9-1 0C43 145
T-hCov-3-2 HKU1 129

Total BBXs in dataset 18863 ‘

SARS-CoV-2 Wuhan vs hCoV (Microscope 1)

T-SC2-1 SC2 696 | T-hCov-3-2 HKU1 129
T-SC2-1-1 SC2 3320 | T-hCov-3-3 HKU1 148
T-SC-2 SC2 370 | T-hCov-4 NL63 377
T-SC-2-1 SC2 223 | T-hCov-4-1 NL63 80
T-SC-2-2 SC2 131 | T-hCov-4-2 NL63 279
T-SC-3 SC2 662 | T-hCov-5 NL63 500

Continued on next page
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Sample ID RT-PCR Total BBXs ‘ Sample ID RT-PCR Total BBXs
T-SC-3-1 SC2 214 | T-hCov-5-1 NL63 513
T-SC-4 SC2 861 | T-hCov-5-2 NL63 823
T-SC-4-1 SC2 218 | T-hCov-6 NL63 453
T-SC-4-2 SC2 1783 | T-hCov-6-1 NL63 207
T-hCov-1 HKU1 229 | T-hCov-6-2 NL63 292
T-hCov-1-1 HKU1 290 | T-hCov-7 0C43 268
T-hCov-1-2 HKU1 104 | T-hCov-7-1 0C43 131
T-hCov-1-3 HKU1 203 | T-hCov-7-2 OC43 254
T-hCov-2 HKU1 169 | T-hCov-8 0C43 897
T-hCov-2-1 HKU1 92 | T-hCov-8-1 0C43 569
T-hCov-2-2 HKU1 136 | T-hCov-8-2 0C43 342
T-hCov-3 HKU1 330 | T-hCov-9 0OC43 500
T-hCov-3-1 HKU1 918 | T-hCov-9-1 OC43 145
Total BBXs in dataset 17851 |

SARS-CoV-2 Wuhan vs Negative (Microscope 1)

T-SC2-1 SC2 696 | T-SC-4-2 SC2 1783
T-SC2-1-1 SC2 3320 | T-Neg-1 Neg 1507
T-SC-2 SC2 370 | T-Neg-2 Neg 562
T-SC-2-1 Sc2 223 | T-Neg-3 Neg 451
T-SC-2-2 SC2 131 | T-Neg-4 Neg 378
T-SC-3 SC2 662 | T-Neg-1-1 Neg 5173
T-SC-3-1 SC2 214 | T-Neg-2-1 Neg 122
T-SC-4 SC2 861 | T-Neg-3-1 Neg 568
T-SC-4-1 SC2 218 | T-Neg-4-1 Neg 729
Total BBXs in dataset 17968 ‘

Flu A vs Negative (Microscope 1)

T-Neg-5 Neg 514 | T-Neg-4 Neg 378
T-Neg-5-1 Neg 337 | T-Neg-4-1 Neg 158
T-Neg-5-2 Neg 471 | T-Neg-4-2 Neg 571
T-Neg-2 Neg 652 | T-Neg-4-3 Neg 154
T-Neg-2-1 Neg 77 | T-Neg-4-4 Neg 233
T-Neg-2-2 Neg 45 | T-FluA-1 Flu A 1782
T-Neg-2-3 Neg 242 | T-FluA-1-1 Flu A 289
T-Neg-3 Neg 451 | T-FluA-1-2 Flu A 246
T-Neg-3-1 Neg 568 | T-FluA-2 Flu A 61
T-Neg-3-2 Neg 308 | T-FluA-2-1 Flu A 658
T-Neg-3-3 Neg 150 | T-FluA-3 Flu A 1177
T-Neg-3-4 Neg 374

Total BBXs in dataset 10461 ‘

SARS-COV-2 Wuhan vs Flu A (Microscope 1)

T-FluA-5 Flu A 289 | T-SC-2-1 SC2 223
T-FluA-5-1 Flu A 246 | T-SC-2-3 SC2 318
T-FluA-5-2 Flu A 2416 | T-SC-4-3 SC2 122
T-FluA-6 Flu A 188 | T-SC-4-4 SC2 200
T-FluA-6-1 Flu A 748 | T-SC-4-5 SC2 546
T-FluA-6-2 Flu A 158 | T-SC-5 SC2 170
T-SC2-1-2 SC2 248 | T-SC-5-1 SC2 260
T-SC2-1-3 SC2 209 | T-SC-5-2 SC2 630
T-SC2-1-4 SC2 236 | T-SC-5-3 SC2 823
Total BBXs in dataset 8060 |

SARS-CoV-2 Alpha vs SARS-CoV-2 Wuhan (Microscope 2)

T-SC2-6 B.1.1.7 631 | T-SC2-9 SC2 483
T-SC2-7 B.1.1.7 663 | T-SC2-10 SC2 511
T-SC2-8 B.1.1.7 235 | T-SC2-11 SC2 616
Total BBXs in dataset 3139 ‘

SARS-CoV-2 (Wuhan and Alpha) vs Negative (Microscope 2)
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Sample ID RT-PCR Total BBXs ‘ Sample ID RT-PCR Total BBXs
T-SC2-6 B.1.17 631 | T-SC2-11 SC2 616
T-SC2-12 B.1.1.7 127 | T-Neg-5 Neg 655
T-SC2-13 B.1.1.7 771 | T-Neg-6 Neg 1318
T-SC2-9 SC2 483 | T-Neg-7 Neg 595
T-SC2-10 SC2 511 | T-Neg-8 Neg 1008
Total BBXs in dataset 6715

SARS-CoV-2 Alpha vs Negative (Microscope 2)

T-SC-2-6 B.1.1.7 631 | T-Neg-5 Neg 655
T-SC-2-7 B.1.1.7 663 | T-Neg-7 Neg 469
T-SC-2-8 B.1.1.7 235 | T-Neg-9 Neg 595
Total BBXs in dataset 3248

SARS-CoV-2 vs Negative (Microscope 3)

NEG-J-2 Negative 792 | NEG-J-30 Negative 310
NEG-J-3 Negative 135 | SC2-WT-02 SARS-CoV-2 483
NEG-J-4 Negative 182 | SC2-WT-07 SARS-CoV-2 511
NEG-J-5 Negative 451 | SC2-WT-13 SARS-CoV-2 616
NEG-J-6 Negative 672 | SC2-D-2 SARS-CoV-2 500
NEG-J-12 Negative 1218 | SC2 lab grown N/A 582
Total BBXs in dataset 6452

Wuhan + Alpha vs Delta variant (Microscope 3)

SC2-A-01 SARS-CoV-2 360 | SC2-D-3 SARS-CoV-2 31
SC2-A-03 SARS-CoV-2 188 | SC2-D-4 SARS-CoV-2 9
SC2-A-09 SARS-CoV-2 1022 | SC2-D-9 SARS-CoV-2 266
SC2-WT-04 SARS-CoV-2 491 | SC2-D-10 SARS-CoV-2 81
SC2-WT-05 SARS-CoV-2 572 | SC2-D-12 SARS-CoV-2 455
SC2-WT-11 SARS-CoV-2 460 | SC2-D-13 SARS-CoV-2 236
SC2-D-1 SARS-CoV-2 1680 | SC2-D-29 SARS-CoV-2 536
Total BBXs in dataset 6387 ‘

Table A.2: Results of independent testing of the network on previously unseen
samples (51 samples).Abbreviations: hCoV — seasonal human coronaviruses (including
NL63, OC43, and HKU1), Neg — negative, na — statistical test not required when the
proportion of BBXs classified as negative by the network (# negatives/total # of BBXs)
exceeds the model’s specificity, SC2 — SARS-CoV-2, Flu A — Influenza A, SC2-S0 — SARS-
CoV-2 spike gene target failure in RT-PCR, indicative of the Alpha variant. Samples that
were incorrectly classified are highlighted in turquoise.

Sample ID RT-PCR Total BBXs P-value  Result
’Microscope 1’ hCoV Neg Thresh: 0.01 hCoV Neg

hCoV-1 NL63 6467 4271 2196 5.18E-10 hCoV
hCoV-2 NL63 2672 1307 1365 5.18E-21  hCoV
hCoV-3 NL63 227 111 116 0.006 hCoV
hCoV-4 0C43 2239 1706 533 9.25E-268 hCoV
hCoV-5 0C43 653 442 211 2.80E-47 hCoV
hCoV-6 0C43 840 555 285 1.13E-53  hCoV
hCoV-7 HKU1 1342 1087 255 2.09E-206 hCoV
hCoV-8 HKU1 1898 1069 829 9.69E-48  hCoV
hCoV-9 HKU1 6745 3797 2948 2.82E-164 hCoV
NEG-1 Neg 514 198 316 0.49 Neg
NEG-2 Neg 398 141 257 na Neg
NEG-3 Neg 154 29 125 na Neg
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Sample ID RT-PCR Total BBXs hCoV Neg P-value Result
’Microscope 1’ SC2 hCoV Thresh: 0.01 SC2 hCoV

SC2-1 SARS-CoV-2 5589 3653 1936 5.18E-10  SC2
SC2-2 SARS-CoV-2 1762 1312 450 5.14E-21 SC2
SC2-3 SARS-CoV-2 284 86 198 0.917 hCoV
hCoV-7 HKU1 1342 159 1183 na hCoV
hCoV-8 HKU1 1898 593 1305 0.237 hCoV
hCoV-10 HKU1 3182 654 2528 na hCoV
hCoV-11 0C43 264 8 256 na hCoV
hCoV-12 0C43 479 21 458 na hCoV
hCoV-13 0C43 7966 2245 5721 na hCoV
hCoV-14 NL63 305 12 293 na hCoV
hCoV-15 NL63 968 89 879 na hCoV
hCoV-16 NL63 2269 349 1920 na hCoV
’Microscope 1’ SC2 Neg Thresh: 0.01 SC2 Neg

SC2-4 SARS-CoV-2 200 150 50 7.93E-21 SC2
SC2-5 SARS-CoV-2 560 503 57 1.07E-114 SC2
SC2-6 SARS-CoV-2 529 496 33 7.58E-127  SC2
SC2-7 SARS-CoV-2 173 148 25 1.11E-30  SC2
SC2-8 SARS-CoV-2 150 135 15 2.89E-32  SC2
SC2-9 SARS-CoV-2 8095 3575 4520 6.91E-4 SC2
Neg-4 Neg 158 28 130 na Neg
Neg-5 Neg 568 240 328 0.982 Neg
Neg-6 Neg 7 16 61 na Neg
Neg-7 Neg 337 132 215 na Neg
’Microscope 1’ Flu A Neg Thresh: 0.01 Flu A Neg

Flu A-1 Flu A 311 263 48 2.08E-08 Flu A
Flu A-2 Flu A 195 163 32 3.46E-05 Flu A
Flu A-3 Flu A 24383 24231 152 0.00 Flu A
Flu A-4 Flu A 212 185 27 4.13E-08 Flu A
Neg-8 Neg 1507 41 1466 na Neg
Neg-9 Neg 374 259 115 0.22 Neg
Neg-10 Neg 354 235 119 0.14 Neg
’Microscope 1’ SC2 Flu A Thresh: 0.01 SC2 Flu A

SC2-10 SARS-CoV-2 1783 1551 232 0.00 SC2
SC2-11 SARS-CoV-2 1340 818 522 2.54E-81 SC2
SC2-12 SARS-CoV-2 13915 5413 8502 3.40E-21 SC2
Flu A-1 Flu A 311 106 205 na Flu A
Flu A-2 Flu A 195 53 142 0.270 Flu A
Flu A-3 Flu A 24383 2871 21512 na Flu A
Flu A-4 Flu A 212 51 161 na Flu A
’Microscope 2’ B.1.1.7 Neg Thresh: 0.01 SC2-S0 Neg

SC2-13 SC2-S0 4979 2538 2441 0.00 B.1.1.7
SC2-14 SC2-S0 631 602 29 0.00 B.1.1.7
SC2-15 SC2-S0 127 117 10 2.18E-61 B.1.1.7
SC2-16 SC2-S0 771 738 33 0.00 B.1.1.7
Neg-8 Neg 4166 22 4144 na Neg
Neg-9 Neg 2888 130 2758 na Neg
Neg-10 Neg 3369 947 2422 0.147 Neg
’Microscope 2’ SC2 Negative Threshold: 0.01 SC2 Neg

SC2-17 SC2-S0 5024 2309 2715 0.000 SC2
SC2-14 SC2-S0 631 563 68 0.000 SC2
SC2-15 SC2-S0 127 97 30 0.000 SC2
SC2-16 SC2-S0 771 709 62 0.000 SC2
SC2-18 SC2-S0 2492 2254 238 0.000 SC2
SC2-19 SC2 4058 1302 2756 0.004 SC2
SC2-20 SC2 1609 1410 199 0.000 SC2
Neg-8 Neg 4166 33 4133 na Neg
Neg-9 Neg 2888 164 2724 na Neg
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Sample ID RT-PCR Total BBXs hCoV Neg P-value Result
Neg-10 Neg 2422 32 2390 na Neg
Neg-11 Neg 2435 741 1694 0.64 Neg

Table A.3: Results of independent testing of the network on previously unseen
samples (104 total). Abbreviations: Neg — negative; NA — statistical test not required as
the proportion of BBXs classified as negative by the trained network (i.e., # negatives/total
# of BBXs) exceeds the model’s specificity; SC2 — SARS-CoV-2. Samples with fewer than 5
BBXs required for the chi-squared test are highlighted in yellow, while incorrectly classified
samples are highlighted in turquoise.

Sample Number of Number of NEGative Positive p-value Verdict
NEGatives Positives Normalised Normalised
NEG-2-1 40 1 0.98 0.02 NA NEG
NEG-2-2 363 71 0.84 0.16 NA NEG
NEG-2-3 666 154 0.81 0.19 NA NEG
NEG-2-4 898 228 0.80 0.20 NA NEG
NEG-2-5 581 135 0.81 0.19 NA NEG
NEG-2-6 1027 363 0.74 0.26 NA NEG
NEG-2-7 641 250 0.72 0.28 NA NEG
NEG-2-8 1272 491 0.72 0.28 NA NEG
NEG-2-9 202 33 0.86 0.14 NA NEG
NEG-J-10 662 97 0.87 0.13 NA NEG
NEG-J-11 125 29 0.81 0.19 NA NEG
NEG-J-12 913 428 0.68 0.32 0.47 NEG
NEG-J-13 694 294 0.70 0.30 NA NEG
NEG-J-14 1 3 0.25 0.75 INC INC
NEG-J-15 611 286 0.68 0.32 0.57 NEG
NEG-J-16 200 48 0.81 0.19 NA NEG
NEG-J-17 51 14 0.78 0.22 NA NEG
NEG-J-18 142 14 0.91 0.09 NA NEG
NEG-J-19 185 31 0.86 0.14 NA NEG
NEG-J-2 T 145 0.84 0.16 NA NEG
NEG-J-20 771 392 0.66 0.34 0.05 NEG
NEG-J-21 490 144 0.77 0.23 NA NEG
NEG-J-22 40 13 0.75 0.25 NA NEG
NEG-J-23 185 33 0.85 0.15 NA NEG
NEG-J-24 425 155 0.73 0.27 NA NEG
NEG-J-25 335 121 0.73 0.27 NA NEG
NEG-J-26 432 135 0.76 0.24 NA NEG
NEG-J-27 305 72 0.81 0.19 NA NEG
NEG-J-28 186 57 0.77 0.23 NA NEG
NEG-J-29 749 508 0.60 0.40 5.34x107'3  POS
NEG-J-3 232 42 0.85 0.15 NA NEG
NEG-J-30 266 44 0.86 0.14 NA NEG
NEG-J-31 39 7 0.85 0.15 NA NEG
NEG-J-32 105 14 0.88 0.12 NA NEG
NEG-J-33 241 75 0.76 0.24 NA NEG
NEG-J-34 1148 445 0.72 0.28 NA NEG
NEG-J-36 788 185 0.81 0.19 NA NEG
NEG-J-37 40 6 0.87 0.13 NA NEG
NEG-J-38 450 71 0.86 0.14 NA NEG
NEG-J-39 1138 357 0.76 0.24 NA NEG
NEG-J-4 151 31 0.83 0.17 NA NEG
NEG-J-40 T 249 0.76 0.24 NA NEG
NEG-J-41 62 11 0.85 0.15 NA NEG
NEG-J-42 681 304 0.69 0.31 NA NEG
NEG-J-43 1 0 1.00 0.00 INC INC
NEG-J-44 12 2 0.86 0.14 NA NEG
NEG-J-45 7 0 1.00 0.00 NA NEG
NEG-J-46 29 1 0.97 0.03 NA NEG
NEG-J-47 30 3 0.91 0.09 NA NEG
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Sample Number of Number of NEGative Positive p-value Verdict
NEGatives Positives Normalised Normalised
NEG-J-48 12 0 1.00 0.00 NA NEG
NEG-J-49 23 1 0.96 0.04 NA NEG
NEG-J-5 939 139 0.87 0.13 NA NEG
NEG-J-50 14 0 1.00 0.00 NA NEG
NEG-J-51 22 0 1.00 0.00 NA NEG
NEG-J-52 8 0 1.00 0.00 NA NEG
NEG-J-53 38 1 0.97 0.03 NA NEG
NEG-J-55 26 0 1.00 0.00 NA NEG
NEG-J-56 15 1 0.94 0.06 NA NEG
NEG-J-57 16 2 0.89 0.11 NA NEG
NEG-J-58 25 4 0.86 0.14 NA NEG
NEG-J-59 770 298 0.72 0.28 NA NEG
NEG-J-6 808 124 0.87 0.13 NA NEG
NEG-J-60 213 54 0.80 0.20 NA NEG
NEG-J-61 930 377 0.71 029 NA NEG
NEG-J-62 1035 384 0.73 0.27 NA NEG
Neg-J-7 1202 181 0.87 0.13 NA NEG
Neg-J-8 454 117 0.80 0.20 NA NEG
Neg-J-9 652 116 0.85 0.15 NA NEG
SC2-S0-1 838 1654 0.34 0.66 0 POS
SC2-S0-10 169 144 0.54 0.46 9.44 x 1079 POS
SC2-S0-11 873 494 0.64 0.36  4.01 x 10~5 POS
SC2-S0-12 30 38 0.44 0.56 9.14 x 10~6 POS
SC2-S0-2 361 4663 0.07 093 0 POS
SC2-S0-3 1408 806 0.64 0.36 3.83x 1078 POS
SC2-S0-4 318 172 0.65 0.35 0.05 NEG
SC2-S0-5 105 826 0.11 0.89 0 POS
SC2-S0-6 73 4045 0.02 098 0 POS
SC2-S0-7 28 99 0.22 0.78 2.61 x 10730 POS
SC2-S0-8 212 559 0.27 0.73 4.81 x 10~137  POS
SC2-S0-9 13 3252 0.00 1.00 0 POS
SC2-D-1 9 8342 0.00 1.00 0 POS
SC2-D-10 243 81 0.75 025 NA NEG
SC2-D-12 708 455 0.61 0.39 210 x 1077 POS
SC2-D-13 424 236 0.64 0.36 0.01 POS
SC2-D-25 211 126 0.63 0.37  0.01 POS
SC2-D-28 739 771 0.49 0.51  9.79 x 10—64 POS
SC2-D-29 295 1052 0.22 0.78 9.54 x 107396 POS
SC2-D-3 246 945 0.21 0.79 5.65x 107285  POS
SC2-D-4 156 2159 0.07 093 0 POS
SC2-D-9 82 266 0.24 0.76  5.04 x 10~75 POS
SC2-WT-1 163 3895 0.04 096 0 POS
SC2-WT-10 189 1411 0.12 0.88 0 POS
SC2-WT-11 360 1311 0.22 0.78 0 POS
SC2-WT-12 439 1862 0.19 081 0 POS
SC2-WT-13 556 2252 0.20 0.80 0 POS
SC2-WT-14 9 4286 0.00 1.00 0 POS
SC2-WT-2 460 1149 0.29 0.71 4.10 x 107269 POS
SC2-WT-3 158 1123 0.12 0.88 0 POS
SC2-WT-4 376 830 0.31 0.69 2.02x 10177 POS
SC2-WT-5 303 1740 0.15 0.85 0 POS
SC2-WT-6 68 1264 0.05 095 0 POS
SC2-WT-7 41 2736 0.01 099 0 POS
SC2-WT-8 423 437 0.49 0.51 3.35x 1036 POS
SC2-WT-9 4 2126 0.00 1.00 0 POS
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Table A.4: Results of variant classification (35 samples). Abbreviations: Neg —
negative; NA — statistical test not required if the proportion of BBXs classified as positive
by the trained network (i.e., # positives/total # of BBXs) for either variant exceeds the
sensitivity for that variant, in which case the sample is classified as that variant; SC2 —
SARS-CoV-2. Samples with p-values that differ by less than three orders of magnitude
(inconclusive) are highlighted in yellow, while incorrectly classified samples are highlighted
in turquoise.

Sample Variant Total Negative Positive p-value p-value 2 Category
NEG-J-29 Negative 508 325 183  9.58E-09 1.30E-21 Delta
SC2-D-01 Delta 8342 409 7933  0.00 NA Delta
SC2-D-03 Delta 31 30 1 NA 1.47E-09 Wuhan/Alpha
SC2-D-04 Delta 9 4 5 0.03 0.93 Inconclusive
SC2-D-09 Delta 266 133 133 4.67E-21 0.02 Delta
SC2-D-12 Delta 455 223 232  1.59E-37 0.01 Delta
SC2-D-13 Delta 236 128 108 1.76E-13 0.00 Delta
SC2-D-25 Delta 337 109 228  4.27E-73 NA Delta
SC2-D-28 Delta 771 549 222 0.01 2.27E-56 Wuhan/Alpha
SC2-D-29 Delta 1052 184 868  0.00 NA Delta
SC2-S0-01 Wuhan/Alpha 1654 1248 406 NA 1.38E-156 ~ Wuhan/Alpha
SC2-50-02 Wuhan/Alpha 4663 4513 150 NA 0.00 Wuhan/Alpha
SC2-S0-03 Wuhan/Alpha 806 672 134 NA 1.36E-118 ~ Wuhan/Alpha
SC2-50-05 Wuhan/Alpha 526 476 50 NA 2.75E-107 Wuhan/Alpha
SC2-S0-06 Wuhan/Alpha 4045 3530 515 NA 0.00 Wuhan/Alpha
SC2-S0-07 Wuhan/Alpha 99 89 10 NA 4.28E-21 Wuhan/Alpha
SC2-S0-08 Wuhan/Alpha 559 529 30 NA 2.99E-134  Wuhan/Alpha
SC2-S0-09 Wuhan/Alpha 3252 3051 201 NA 0.00 Wuhan/Alpha
SC2-S0-10 Wuhan/Alpha 144 72 72 4.26E-12 0.09 Delta
SC2-S0-11 Wuhan/Alpha 494 147 347 2.68E-119 NA Delta
SC2-S0-12 Wuhan/Alpha 38 22 16 0.01 0.06 Inconclusive
SC2-WT-01 Wuhan/Alpha 3895 3740 155 NA 0.00 Wuhan/Alpha
SC2-WT-02 Wuhan/Alpha 1149 868 281 NA 5.50E-110 Wuhan/Alpha
SC2-WT-03 Wuhan/Alpha 1123 1025 98 NA 3.45E-234 Wuhan/Alpha
SC2-WT-04 Wuhan/Alpha 830 770 60 NA 1.92E-184  Wuhan/Alpha
SC2-WT-05 Wuhan/Alpha 1740 1541 199 NA 0.00 Wuhan/Alpha
SC2-WT-06 Wuhan/Alpha 1264 1190 74 NA 2.51E-295  Wuhan/Alpha
SC2-WT-07 Wuhan/Alpha 2736 2516 220 NA 0.00 Wuhan/Alpha
SC2-WT-08 Wuhan/Alpha 860 501 359  8.32E-30 1.61E-19 Delta
SC2-WT-09 Wuhan/Alpha 2126 574 1552  0.00 NA Delta
SC2-WT-10  Wuhan/Alpha 1411 1317 94 NA 0.00 Wuhan/Alpha
SC2-WT-11  Wuhan/Alpha 1311 1221 90 NA 2.49E-294  Wuhan/Alpha
SC2-WT-12  Wuhan/Alpha 1862 1590 272  NA 7.56E-299  Wuhan/Alpha
SC2-WT-13  Wuhan/Alpha 2252 1895 357 NA 0.00 Wuhan/Alpha
SC2-WT-14  Wuhan/Alpha 4286 3696 590 NA 0.00 Wuhan/Alpha

184



Appendix A

Ethical Approvals

This appendix contains copies of the ethical approval letter and subsequent amendments relating to the clinical
samples used in this study.
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NHS

Health Research Authority

London - Queen Square Research Ethics Committee

HRA NRES Centre Bristol
3rd floor, block B
Whitefriars

Lewins Mead

Bristol

BS1 2NT

16 August 2021

Professor Derrick Crook

Consultant Clinical Microbiologist

University of Oxford/Oxford University Hospitals NHS Foundation Trust
Microbiology Department

John Radcliffe Hospital, Level 7

Headley Way

Oxford OX3 9DU

Dear Professor Crook

Study title: Rapid extraction of pathogen nucleic acid directly from
clinical samples to investigate a whole genome
sequencing-based diagnostic solution, including predicting
antimicrobial resistance for bacterial infections

REC reference: 17/L0O/1420

Amendment number: Substantial Amendment 1
Amendment date: 05 July 2021

IRAS project ID: 228657

The above amendment was reviewed by the Sub-Committee in correspondence.

Ethical opinion

The members of the Committee taking part in the review gave a favourable ethical opinion
of the amendment on the basis described in the notice of amendment form and supporting
documentation.

Approved documents

The documents reviewed and approved at the meeting were:

Document Version Date
Completed Amendment Tool [Whole-genome sequencing-based Substantial |05 July 2021
rapid diagnostics] Amendment

1
Research protocol or project proposal [Whole-genome sequencing- |2 16 July 2021
based rapid diagnostics]

Membership of the Committee

The members of the Committee who took part in the review are listed on the attached
sheet.

Working with NHS Care Organisations



Sponsors should ensure that they notify the R&D office for the relevant NHS care
organisation of this amendment in line with the terms detailed in the categorisation email
issued by the lead nation for the study.

Amendments related to COVID-19

We will update your research summary for the above study on the research summaries
section of our website. During this public health emergency, it is vital that everyone can
promptly identify all relevant research related to COVID-19 that is taking place globally. If
you have not already done so, please register your study on a public registry as soon as
possible and provide the HRA with the registration detail, which will be posted alongside
other information relating to your project.

Statement of compliance

The Committee is constituted in accordance with the Governance Arrangements for
Research Ethics Committees and complies fully with the Standard Operating Procedures for
Research Ethics Committees in the UK.

HRA Learning

We are pleased to welcome researchers and research staff to our HRA Learning Events

and online learning opportunities— see details at: https://www.hra.nhs.uk/planning-and-
improving-research/learning/

IRAS Project ID - 228657: Please quote this number on all correspondence

Yours sincerely

W \{ QM( |

PP — Ms Danielle Wilson
Chair

E-mail: queensquare.rec@hra.nhs.uk

Enclosures: List of names and professions of members who took part in the
review
Copy to: Ms Heather House, Oxford University Hospitals NHS Foundation

Trust



London - Queen Square Research Ethics Committee

Committee Members:

Attendance at Sub-Committee of the REC

Name Profession Present Notes
Ms Lisa Marie Doherty Oncology Advanced Yes

Nurse Practitioner
Ms Danielle Wilson Clinical Research Yes

Operational Manager

Also in attendance:

Name

Position (or reason for attending)

Mr Wai Yeung

Approvals Administrator




For office use

Amendment Tool

V1.5 25 Mar 2021 QC: No
Section 1: Project information
Short project title*: Whole-genome sequencing-based rapid diagnostics
!RAS 'prOJec.t ID* (or REC reference if no IRAS project ID 228657
is available):
Sponsor amendment reference number*: Substantial Amendment 1
Sponsor amendment date* (enter as DD/MM/YY): 05 July 2021
Current ethical approval allows for development of pathogen detection in clinical samples
using long-read DNA sequencing technology only. The proposed changes will extend the
Briefly summarise in lay language the main changes methods underpinning the development of rapid diagnostic tools for the diagnosis of infection
proposed in this amendment. Explain the purpose of the by also including: 1) detection of pathogens and antimicrobial resistance potential using any
changes and their significance for the study. If the nucleic acid-based approch, including long read, short read, DNA and RNA sequencing
amendment significantly alters the research design or approaches; 2) High resolution microscopy (nano-imaging) and computer learning image
methodology, or could otherwise affect the scientific analysis to diagnose infection direct from clinical samples; 3) Detection of proteins either as a
value of the study, supporting scientific information direct signature of infection (e.g. viral antigens) or as an indirect signature of infection (e.g. by
should be given (or enclosed separately). Indicate evaluating human responses to infection, such as antibody); 4) optimising diagnostic
whether or not additional scientific critique has been workflows by applying Al/machine learning approaches to evaluating images generated as
obtained (note: this field will adapt to the amount of text part of routine microbiological diagnostics (e.g. images of culture plates generated as part of
entered)*: automated culture-based workflows). The rationale for these inclusions is outlined in the
supporting amended protocol. Short and long study titles are being updated to reflect the
above changes
®  Specific study
Project type (select): {3 Research tissue bank
O Research database
Has the study been reviewed by a UKECA-recognised Research Ethics ® Yes O No
Committee (REC) prior to this amendment?: = ~
@® NHS/HSC REC
What type of UKECA-recognised Research Ethics Committee (REC) review i
is applicable? (select): (O Ministry of Defence (MoDREC)
Is all or part of this amendment being resubmitted to the Research Ethics
Committee (REC) as a modified amendment (i.e. a substantial {3 Yes ® No
amendment previously given an unfavourable opinion)?
Where is the NHS/HSC Research Ethics Committee (REC) that reviewed England Wales Scotland | Northern Ireland
the study based?: ® @) O O
Was the study a clinical trial of an investigational medicinal product (CTIMP) oy ® N
OR does the amendment make it one?: i es b °
Was the study a clinical investigation or other study of a medical device OR . .
) X > Yes ® No
does the amendment make it one?:
Did the study involve the administration of radioactive substances, therefore S Yes ® No
requiring ARSAC review, OR does the amendment introduce this?: ~ =~
Did the study involve the use of research exposures to ionising radiation
(not involving the administration of radioactive substances) OR does the O Yes @® No
amendment introduce this?:
Did the study involve adults lacking capacity OR does the amendment - ~
; - O Yes ® No
introduce this?:
Did the study involve access to confidential patient information outside the ~ Yes @ No
direct care team without consent OR does the amendment introduce this?: = i
Did the study involve prisoners OR does the amendment introduce this?: {3 Yes @ No
Did the study involve children OR does the amendment introduce this?: ® Yes {3 No
Did the study involve NHS/HSC organisations prior to this amendment?: ® Yes {3 No
Did the study involve non-NHS/HSC organisations OR does the amendment
; . {3 Yes @® No
introduce them?:
England Wales Scotland Northern Ireland
Lead nation for the study: ® O o O
Which nations had participating NHS/HSC organisations prior to this O ] 0O
amendment?
Which nations will have participating NHS/HSC organisations after this n
amendment? o L o

Section 2: Summary of change(s)

228657_Substantial Amendment 1 _05Jul2021_Locked19Jul21_142306.pdf Page 1of4



Please note: Each change being made as part of the amendment must be entered separately. For example, if an amendment to a clinical trial of an
investigational medicinal product (CTIMP) involves an update to the Investigator's Brochure (IB), affecting the Reference Safety Information (RSI) and so the
information documents to be given to participants, these should be entered into the amendment tool as three separate changes. A list of all possible changes
is available on the "Glossary of Amendment Options" tab. To add another change, tick the "Add another change" box.

Change 1

Area of change (select)*:

Study Design

Specific change (select - only available when area of
change is selected first)*:

Participant numbers - Significant change to sample size

Further information (free text - note that this field will
adapt to the amount of text entered):

This ammendment will increase the numbers of collected clinical samples to develop
additional approaches to the rapid diagnosis of infection in samples by using an expanded
portfolio of nucleic-acid/sequencing-based approaches, by performing high-resolution imaging
diagnostics of pathogens in clinical samples,and through testing for protein-based targets. We
have also requested permission to collect images (not samples) generated as part of
automated laboratory workflows for the purposes of developing Al/machine learning based
approaches to diagnostics.

Applicability: England Wales Scotland Northern Ireland
Where are the participating NHS/HSC organisations located that will be affected 0 [ 0

by this change?*:

Will all participating NHS/HSC organisations be affected by this change, or only

some? (please note that this answer may affect the categorisation for the ® Al O  some
change):

Add another change: |

Change 2

Area of change (select)*:

Study Design

Specific change (select - only available when area of
change is selected first)*:

Background information - Change that affects scientific value of study

Further information (free text - note that this field will
adapt to the amount of text entered):

Recent research has highlighted the strong potential for the use of non long-read sequencing
based methods in rapidly diagnosing infection, such as amplicon sequencing based methods,
high-resolution nano-imaging for the detection and diagnosis of pathogens from clinical
samples, and directly targeting pathogen proteins or human antibodies generated in response
to infection. These ammendments will allow the study to explore this potential on samples
previously approved for long read DNA sequencing only.

Applicability: England Wales Scotland Northern Ireland
Where are the participating NHS/HSC organisations located that will be affected 0 [ 0

by this change?*:

Will all participating NHS/HSC organisations be affected by this change, or only

some? (please note that this answer may affect the categorisation for the ® Al O Some
change):

Add another change: 7

Change 3

Area of change (select)*:

Study Design

Specific change (select - only available when area of
change is selected first)*:

Extension to study duration that will not have any additional resource implications for
participating organisations - Please specify in the free text below

Further information (free text - note that this field will
adapt to the amount of text entered):

The planned work to optimise work on long-read sequencing-based methods has been set
back by the SARS-CoV-2 pandemic; however, our research work related to SARS-CoV-2 has
highlighted the potential of a number of different techniques and approaches that could be
used for the rapid diagnosis of infection that we wish to explore through this amendment.
Given that we are increasing the number of modalities to evaluate, and have lost time on the
formerly approved work, we would like to request a 22 month extension to the end of January
2024. Current funding for the originally approved project has been extended from March 2022
to August 2022, and since then we have secured several other grants supporting the work on
sequencing and non-sequencing modalities (John Fell Fund, Oxford Martin award) that would
cover the requested extension.

Applicability: England Wales Scotland Northern Ireland
Where are the participating NHS/HSC organisations located that will be affected 0 [ 0

by this change?*:

Will all participating NHS/HSC organisations be affected by this change, or only

some? (please note that this answer may affect the categorisation for the ® Al O Some
change):

Add another change: 7

Change 4

Area of change (select)*:

Researchers

Specific change (select - only available when area of
change is selected first)*:

PI - New PI, or temporary arrangements to cover the absence of a Pl

228657_Substantial Amendment 1 _05Jul2021_Locked19Jul21_142306.pdf
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In order to support the investigation of the new modalities for infectious diseases diagnostics
proposed in the amendment, we have added three new research team members to the
project as Investigators, namely: Prof David Eyre (sequencing, database integration and
analysis), Dr Phil Fowler (artifical intelligence, machine learning, image analysis), and Dr
Nicole Stoesser (sequencing, nanoimaging).

Further information (free text - note that this field will
adapt to the amount of text entered):

Applicability: England Wales Scotland Northern Ireland
Where are the participating NHS/HSC organisations located that will be affected 0 [ 0
by this change?*:

Will all participating NHS/HSC organisations be affected by this change, or only
some? (please note that this answer may affect the categorisation for the ® Al O  some
change):

Add another change: |

Change 5
Area of change (select)*: Study Design
Specific change (select - only available when area of Other significant change to study design that can be implemented within existing resource in
change is selected first)*: place at participating organisations - Please specify in the free text below

The extraction of data from laboratory and electronic patient records is currently done via an
existing NHS data warehouse where data are processed to ensure that they do not contain
identifiable information. In addition to data that is already being extracted for the purposes of
this study, we would like to collect the following items: (i) non-antibiotic medication that may
impact infection risk; (ii) details from structured infection control and infection clinician reviews;
(iii) details of patient vital signs, radiology and point of care test results to enable an evaluation

Further information (free text - note that this field will
adapt to the amount of text entered):

of severity.
Applicability: England Wales Scotland Northern Ireland
Where are the participating NHS/HSC organisations located that will be affected 0 [] 0
by this change?*:

Will all participating NHS/HSC organisations be affected by this change, or only
some? (please note that this answer may affect the categorisation for the ® Al O  sSome
change):

Add another change: ]

Change 6

Area of change (select)*: Administrative details for the project

Specific change (select - only available when area of

change is selected first)*: Project identification (e.g. change of title, reference numbers)

The study long title has been changed to: "Direct-from-sample approaches to infection
diagnostics using whole genome sequencing, imaging, and protein signatures to diagnose
infectious pathogens and determine antimicrobial resistance”

and the short title has been changed to: "Rapid direct-from-sample approaches to diagnosing

Further information (free text - note that this field will
adapt to the amount of text entered):

infection"s
Applicability: England Wales Scotland Northern Ireland
Where are the participating NHS/HSC organisations located that will be affected 0 [ 0
by this change?*:

Will all participating NHS/HSC organisations be affected by this change, or only
some? (please note that this answer may affect the categorisation for the ® Al O  Some
change):

Add another change: |

Section 3: Declaration(s) and lock for submission

Declaration by the Sponsor or authorised delegate

« | confirm that the Sponsor takes responsibility for the completed amendment tool
« | confirm that | have been formally authorised by the Sponsor to complete the amendment tool on their behalf

Name [first name and surname]*: Nigel Wellman

Email address*: nigel.wellman@admin.ox.ac.uk

Lock for submission

Please note: This button will only become available when all mandatory (*) fields have been completed. When the button is available, clicking it
will generate a locked PDF copy of the completed amendment tool which must be included in the amendment submission. Please ensure that the
amendment tool is completed correctly before locking it for submission.

Lock for submission

After locking the tool, proceed to submit the amendment online. The "Submission Guidance" tab provides further information about the next
steps for the amendment.
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Section 4: Review bodies for the amendment

Please note: This section is for information only. Details in this section will complete automatically based on the options selected in Sections 1 and 2.

Review bodies
UK wide: England and Wales: Scotland: Northern Ireland:
©
>
o
g
8 <
I =
c o
s g
2 ¢ & Category:
o < & ategory:
Change 1: Y ) Y) A
Change 2: Y ) Y) A
Change 3: N ) ) C
Change 4: N ) ) A
Change 5: Y Y Y C
Change 6: Y) Y ) C
Overall reviews for the amendment:
Full review: Y Y Y
Notification only: N N N
Overall amendment type: Substantial
Overall Category: A
For national coordinating function office use:
This amendment may involve an update to contact details, project end date, or other project details.
Update HARP: Ensure that HARP is updated with the current details. If this is the only change, no further study-wide
review is required.
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