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CHAPTER 1

Introduction
Parts of this chapter are adapted from “Morlet Weatvigiltering and Phase Analysis to Reduce the
Limit of Detection for Thin Film Optical Biosensdrgublished in ACS Sensors and reproduced
with permission from publisher, and “Reduction enSor Response Time using Long Short-Term
Memory Network Forecasting” published in SPIE Pealirgs and reproduced with permission
from publisher.
S. J. Ward, R. Layouni, S. Arshavsky-Graham, E.a§eand S. M. Weiss, “Morlet Wavelet
Filtering and Phase Analysis to Reduce the LimiDetection for Thin Film Optical Biosensors,”
ACS Sensor$(8), 2967—-2978 (2021).
© 2021 American Chemical Society
S. J. Ward, and S. M. Weiss, “Reduction in Sensesp@nse Time using Long Short-Term
Memory Network ForecastingProc. SPIE12675(126750E), 1-6 (2023).
© 2023 SPIE

Biosensors, devices to detect biological molecudéfgr many advantages compared to
alternative analytical tools, including compact nfiorfactor and portability; relative cost-
effectiveness; ability to provide rapid detectidmavide range of analytes; and typically relatyvel
simple operation and sample preparation. Bioseraerplaying an increasingly important role in
civilization today, with applications spanning mealidiagnostics, food safety, and environmental
monitoring [1-3]. However, the commercializatiorfoef for the vast majority of biosensing
platforms has been unfruitful, due in part to ifisignt performance metrics, including detection

limit, response time, stability and robustness, gpeLificity, which fail to meet the requirements
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for many applications, offering little to no advagés above existing analytical tools and
technologies [4-6]. The aim of this work is to emta the performance, in particular the
robustness, cost, response time, and detectionsliofi biosensors, using machine learning,
statistics, and signal processing. To develop thestodologies, the platform of porous silicon
(PSi) was used, which is a promising biosensinglickate due to its high surface area, strong light
matter interaction with surface adsorbed molecuéas] simple inexpensive fabrication [7].
However, the approaches presented in this thesiglesigned, as far as possible, to be broadly
applicable to any sensing modality.

In this chapter, a general description of biosensord point-of-care diagnostics will be
followed by discussion of machine learning, withaaticular focus on relevant algorithms which
have either previously had significant impact ore tfield of biosensing or other sensor
technologies, or have great potential of improvbigsensor performance. Subsequently, the
nanomaterial and biosensing platform of PSi will discussed, including formation, optical
characterization, versatility (in terms of the ds& range of one-dimensional structures that are
easily fabricable and commonly used), and the Inisisg mechanism of PSi thin film structures.
Finally, the current challenges facing wider bissmnadoption and commercialization are
introduced, and steps towards addressing theséerbabs using machine learning and signal

processing are presented in an overview of thedetson.

1.1 Biosensors
Biosensors are self-contained integrated analyteaices, used to detect molecules of

biological interest [8—10] which can range fromroarkers for disease providing critical medical
2



diagnostic information [3] to foodborne pathogenaltergens to ensure food safety [2] and heavy
metals or pesticides providing crucial environméntanitoring [1]. Biosensors typically consist
of three components. The first is a capture agehigh specifically binds to the target molecule
in the analyte via a lock-and-key interaction sashenzyme-substrate interactions, antibody-
antigen interactions, oligonucleotide interactions,peptide interactions [11-13]. The second
component of a biosensor is a transducer, whiclverts this binding into a measurable signal,
via optical, electrochemical, thermal, or microddlemechanical means [5,14-18]. Finally, a data
processing unit converts the transducer signal imoform of a useful output to the user. This
framework differentiates biosensors from bioassaysich do not in general incorporate a
transducer as an integral part of the analyticstesy. This thesis will focus on optical biosensors,
specifically the platform of porous silicon (PSi).

To address the challenge of biosensor portabihity @st, significant research effort has
been devoted to developing point of care (POC)rdbatics which are operable by non-specialists
in non-laboratory settings, providing fast and aatei results. These devices facilitate disease
prevention and early detection, as well as manageofanedical conditions through continuous
real-time monitoring, not just in wealthy geographiegions but also in resource-limited
environments. The alternative is centralized chhitab tests run on large and expensive
instrumentation which can achieve impressive deteclimits [19-23], but often have long
associated test turn-around times: it can be dayseeks to receive a result. POC systems
therefore are vital to enable earlier diagnosesmjorove patient outcomes, continuous health

monitoring, and more agile testing and trackindast-moving infectious diseases [24,25]. POC



tests have also been shown in many cases to rddiloe up clinical visits, better optimize
treatment programs, and reduce the number andhlefdospital visits [26,27].

Aside from glucose monitors which were the firsample of a commercially successful
biosensor [28], POC tests are usually paper-bas@8]| since paper is a cost-effective substrate
which drives analyte flow through capillary forcaisd, to some extent, can provide filtering of
non-target or contaminant molecules. Commonly ymsgrkr-based tests include pregnancy tests,
and rapid diagnostic tests for diseases such asIBCWMV, and Hepatitis C [30]. In addition,
there has been much early stage development of €€ incorporating smartphones [31]. For
example, smartphone enabled POC tests have bednfarsgenetic testing to detect multiple
pathogens including E-coli [32], testing of sexyathnsmitted infections using the equivalent of
an ELISA assay [33] and to demonstrate paper beskxdimetric quantification by measuring
pH [34]. Among the many advantages of using smariph are their ubiquity, owned by roughly
66% of the world’s population at the start of 2Q31], their provision of increasingly expansive
computing power, high quality cameras, their ovghtlisource in the form of the LED flashlight,

and often an internet connection enabling cloudmaing and data sharing.

1.2 Machine Learning
In the past few decades, machine learning has iexped a surge in research interest
across almost every discipline, partly facilitalgdthe exponentially increasing volumes of data
generated and accessible computational powerelndhtext of biosensing, machine learning has
been used for the removal of background noise augerference and biofouling [35], for pattern

recognition to identify a molecule on the basig®fesponse to a sensor array [36], and for irvers
4



design of optical nanophotonic structures for sem§d7]. However, there is still huge untapped

potential for machine learning to bridge the gapMeen the performance of current biosensor
technologies and the requirements across a brqaataion space, to achieve clinical relevancy,

among other goals. This thesis explores ways madkearning can be applied to biosensor data
to overcome key challenges to commercialization.

The field of machine learning focuses on data-drigkgorithms, which have the capacity
to learn through experience [38]. Algorithms cathei be supervised, for which training data
includes associated ‘ground truth’ labels, unsuigen; where labels are either not provided or are
unknown, or based on reinforcement learning, wia@r@gent learns optimal behavior based on
the rewards it receives. Supervised models camutbeelr divided into classification algorithms,
aiming to predict the category of a data examplemisome prior information, and regression
algorithms, where instead of discrete categoriespitedicted output is a continuous variable.
Unsupervised models consist of clustering algor#thwhich group data points based on similarity
in a particular metric, and dimensionality redusti@lgorithms, which are used to simplify the
expression of the data with minimal informationdpgseful for feature extraction, visualization,
or noise reduction. Some of the machine learningst;most commonly utilized in this thesis are
described below [35,39,40], and are illustrate#igure 1.1.

1.2.1 Principal Component Analysis

Principal component analysis (PCA) (Figure 1.1 (&))an unsupervised statistical
technique often used to reduce dimensionality @dtaset by finding and projecting the data onto
orthogonal linear combinations of the original dma®ns of the data, representing maximum

variance in lower dimensional space [41]. The pigas are the eigenvectors of the covariance
5



matrix of the data, with associated eigenvaluescaiohg the proportion of the variance that is
represented. Often the number of projections isehsuch that they capture at least 95% of the
original variance in the data.
1.2.2 Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) (Figure 1.1 (biy a supervised statistical method
often used to reduce dimensionality by determirmisgries of linear projections of a given dataset
that best separate data points by their assoc@sss [42]. This is achieved by solving the
generalized eigenvalue problem for the ratio oieein-class to with-in-class covariance matrices,
which represents the maximum separation betwessasavith the tightest clusters within classes.
1.2.3 Support Vector Machines

Support vector machines (SVMs) (Figure 1.1 (c))sangervised optimal margin classifiers,
which have the advantages of interpretability, $itgband applicability to small datasets [43].
The power of SVMs lies in their compatibility withe ‘kernel trick,” which allows the data to be
mapped to a high (even infinite) number of dimensjallowing SVMs to learn complex non-
linear decision boundaries. Common kernels inclundar, sigmoidal, polynomial, and radial bias
function.
1.2.4 K Nearest Neighbor

The K-nearest-neighbor (KNN) algorithm (Figure 1(d)) is one of the simplest
classification methods, predicting class labels aigopular vote of the nearest k neighbors
according to a pre-defined distance metric, anghisicularly powerful when there is little prior

knowledge about the underlying distribution of teea [44].



1.2.5 Atrtificial Neural Networks

Artificial neural networks (ANNSs) (Figure 1.1 (g@re universal approximators and are
consequently able to learn features and relatipsdbetween features rather than requiring feature
selection or prior knowledge of an analytical exggien to fit the data [45,46]. As a result, ANNs
need more training data, but when that requirensesdtisfied, they can significantly outperform
other machine learning approaches.
1.2.6 Random Forest

Random Forest classifiers (Figure 1.1 (f)) use thoweof ensembling called ‘bagging’ to
aggregate predictions of a multitude of decisiae tclassifiers [47,48]. Each decision tree is
trained on a bootstrapped dataset, generated bylisgmwith replacement. Random forest
significantly lessens the problem of overfittingesf encountered when using individual decision
trees.
1.2.7 Generalized Linear Models

Generalized Linear Models (GLMs) (Figure 1.1 (egrevdeveloped for application to data
described by a distribution from the exponentianifg. Common examples are normally
distributed continuous data which equates to limegression, and Bernoulli distributed discrete
data which corresponds to logistic regression [49].
1.2.8 Recurrent Neural Networks

Recurrent neural networks (RNNs) (Figure 1.1 (Ing) avariant of neural network which
include an internal memory state, allowing predics to be made using time series or sequential

data as input, with the output dependent on batlentiand prior inputs [50]. The internal memory



is a summarization of relevant information fromads¢en earlier in the sequence, both in the near
and distant past. Accordingly, RNNs are said toehav “infinite lookback window.”
1.2.9 Long Short-Term Memory Networks

Long short-term memory (LSTM) networks (Figure i)}, a variant of recurrent neural
networks (RNN), were developed to address the iswanishing and exploding gradients that
limit the ability of traditional RNNs to learn loagnge dependencies in sequential data [51].
LSTMs have been widely applied to all manner ofetiseries forecasting and anomaly detection
tasks, amongst others, in domains ranging from madiealth [52], to speech enhancement [53],
weather forecasting [54], and text classificatibB][ LSTM networks have much greater long-
term memory of previous time points in sequentiafadthan traditional RNNs, owing to the
enhanced gradient flow in the network due to aermdl memory which runs through each
sequential LSTM cell, and is maintained with thigages. The first is the input gate, which
determines the extent to which the current inpuh&LSTM cell should be stored in the internal
cell memory, the second is the output gate whidtutzes the proportion of internal cell memory
that should be included in the output of the catigd the third is the forget gate which identifies
less relevant information currently stored in thiernal cell memory which should be forgotten.
This architecture, enabling LSTMS to learn long ahdrt-range dependencies in sequential data
makes them particularly suitable to learn the caxMinetics of sensor responses such as the

exposure of a target biomolecule to PSi biosensors



Figure 1.1.lllustrations of several common machine learnirafels, used for dimensionality reduction:
(a) principal component analysis [41], and (b) dindiscriminant analysis [42]; classification: &)pport
vector machines [43], (d) k-nearest neighbour [4d), generalized linear models [49], and (f) random
forest [47]; and deep learning models: (g) ar@#ficheural networks [45], and (h) recurrent neural

networks [50], (i) long-short term memory netwofk4]




1.3 Porous Silicon (PSi)

There are many approaches to biosensing that loawvel fsSuccess both academically and
commercially, such as optical surface plasmon rasom[56], electronic FET-based [57], and
electrochemical amperometric [58] biosensors. Hmmevhis thesis focuses on the optical
biosensing platform of porous silicon (PSi), a maaterial originally discovered in the 1950s [59],
which has been the subject of wide research irttésesver two decades [60—-63]. PSi is formed
by electrochemical etching using a hydrofluoricda@ilF) electrolyte (Section 1.3.1). By tuning
etch duration and etching current density to codnger thickness and pore size, PSi supports the
design and easy fabrication of arbitrary 1D phatastructures (Section 1.3.4) without the need
for cleanroom conditions, rendering PSi a tremestouversatile platform. Furthermore, unlike
traditional colorimetric approaches which requice,example, a fluorescent species, nanoparticle
aggregation, or an enzymatic reaction to causda cbange, PSi sensors can operate in a label-
free manner while still experiencing a color chadge to thin film interference. The advantages
of PSi for sensing include a large surface areE0@>nt/cn¥) presenting many sites for molecular
binding and enhanced light-matter interaction farrface adsorbed molecules, CMOS
compatibility, low cost and scalable manufactured asupport of a wide range of surface
chemistries. As a result, PSi biosensors show m®fioir use in POC devices. However, PSi faces
many of the same challenges as other biosensitfgipies, in particular poor mass transport [64—
66] which hinders response times, and reducestsatysalongside unmitigated noise signatures
which degrade signal to noise (S/N). These chadlsngstrict the benefits provided by the large

surface area inside the pores. As a result of tlre#ations, typically it can take many hours for
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a PSi biosensor to reach a stable equilibrium staie detection limits often fall short of clinical
relevancy for many applications and lag behind oti@sensing systems [63,67,68].
1.3.1 PSi Fabrication

A schematic diagram of the electrochemical etcluelytypically used for PSi fabrication
is shown in Figure 1.2. A programmatically contedllcurrent source is connected between a
platinum wire cathode, commonly in the form of asim@r a spiral to achieve an approximately
uniform electric field, and an aluminum plate imtact with the bottom side of the silicon wafer
which acts as the anode. A current is applied tjmotine HF/ethanol electrolyte, driving the
reaction between fluoride ions, silicon, and thsifpee charge carriers (holes) in the typically p-
doped silicon wafer, leading to anodization of Itk silicon wafer. At sufficiently low current
densities, rather than etching away a homogenees bf silicon at the surface of the wafer,

known as electropolishing, nanoscale pore formatimurs.

Platinum Wire/Mesh
Cat.hode
- o
. - ]
+ o—
HF/Ethanol
Electrolyte
Current .................................. O_rlngs
Source
J Alumim:lm Anode

Porous Silicon

Figure 1.2.lllustration of an electrochemical etch cell usedporous silicon etching.
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This process is a result of a combination of efféntluding instability of Si-H bonds,
which are more strained in th&00 compared to thelll crystal direction; charge carrier
depletion in the pore walls compared to the buika@n due to resistive and space charge limited
transport; and enhancement of the electric fieidimny the reaction at the tips of the pores due to
the high radius of curvature of the silicon [7].pTeiew and cross-sectional scanning electron
microscopy (SEM) images of PSi shown in Figure 1e¥eal that the pores propagate
unidirectionally into the silicon wafer, with lietlinterconnection, and that the pores are not of
uniform size but follow a distribution dictated tye etching current density. For a given current
density, the etch rate, pore size and morphologd, orosity are determined by the electrolyte

concentration, level of doping in the Si wafer, anc lesser extent temperature and photon flux.

Figure 1.3. SEM images of PSi showing (a) top view and (bksreectional profile of the nanoporous
structure.
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1.3.2 Effective Index Approximation

PSi is not a uniform material with a single wellfided refractive index across all size
scales, since a PSi film is comprised of silicod anvarying proportions. However, because the
characteristic pore size of PSi films is much serathan the shortest wavelength of visible light,
PSi can be treated as a uniform effective mediumd,leence the optical thickness and refractive
index are referred to as the effective optical khé&ss and effective refractive index,
respectively [69]. For PSi biosensing applicatiomere the pores are partially filled with
molecules, the effective refractive index of PSpeleds on the volume fraction of air, silicon, and
biological molecules in the pores. This relatiopskban be approximated using an effective
medium approximation, such as those proposed bywdkxGarnett [70], Bruggeman [71], and
Looyenga [72]. Typically the Bruggeman effectivelén theory is used, since it is better suited
for the irregularly shaped pores and relatively Iparosities characteristic of PSi[69] and is

usually in best agreement with experimental obgems [73—75], which can be expressed as:

(1.1)
where and are the volume fraction of silicon, air, void spamd biological
material respectively, and . This predicts a roughly linearly decreasing
trend of effective refractive index with increasipgrosity ( ), shown in Figure 1.4, and a

linearly increasing trend in effective refractivelex as the volume fraction of biological material

— surface adsorbed biomolecules — increases.
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Figure 1.4. Comparison of three commonly used effective medapproximations, Bruggeman [71],
Looyenga [72], and Maxwell-Garnett [70], used técakate porous silicon effective refractive indexa

function of porosity.

1.3.3 PSi 1D Photonic Structures

One unique advantage of PSi is the ease with wdnehdimensional stacks of layers with
arbitrary effective refractive indices and thickses can be fabricated through the alteration of the
current density during the etching process.

Single Layer

The simplest PSi structure most commonly used ifmsdnsing is a single PSi layer, also
termed a thin film interferometer, etched with dans$ current density. The reflectance spectrum
of a thin film PSi layer is characterized by FaBgrot fringes [76] (Figure 1.5 (a)), which are
caused by interference from successive reflectimm the front and back faces of the film. The

reflectance of a prototypical Fabry-Pérot etalon, is given in Eqn. (1.1).

(1.1)
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In this equation, is the square of the reflection coefficient atregke interface (i.e.,

where is the Fresnel amplitude reflection coefficiefif)e round-trip phase shift is given by
'— where is the effective refractive index of the thin filthis the thickness of the film

which must be less than the coherence length ohthdent light, and is the wavelength of light.
The derivation of Eqn. (1.1) assumes negligibleogitson, normal incidence of light on the thin
film, and that the front and back sides of the filim interface with the same material. The latter
assumption is not strictly valid for many thin fikensors, which often interface with a solution of
biomolecules at the front surface and a substréte awdifferent effective refractive index at the
back surface. Accordingly, for many thin film serssothe intensity of reflected light will be
modified from the ideal Fabry-Pérot etalon casel tere may be @phase shift in the Fabry-
Pérot fringes. Nevertheless, the relationship mgid by Eqn. (1.1) that minima in reflectance
spectra occur a& & %' , where'& & (() , holds for all thin film sensors. This phase
relationship corresponds to wavelengths that satie& relation, #& &'$ . Hence, plotting
against inverse wavelength (i.e., wavenumber) yweld a series of equally spaced sinusoidal
fringes if no external noise sources are considefé@ frequency of these fringes, directly
proportional to the product of the thickness arfdative refractive index of the thin film (2nL), is
known as the effective optical thickness (EOT). €amuently, such reflectance spectra are well-
suited to fast Fourier transform (FFT) processimlgich in the ideal case contains a single peak
analogous to the Fourier transform of a sine waapping to a Dirac delta function, and in practice
allows identification of the dominant peak corresging to the effective optical thickness as

discussed further in chapter 2. We note that sineendependent variable — wavenumber — is in
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units of inverse distance, the frequency of theeatdince fringes is given, in this case, in units o

distance.

Double Layer

Another simple type of PSi structure consists sfaxk of two PSi thin film layers with
different effective refractive indices, fabricatesing two different current densities. The
reflectance spectra of a double layer PSi strugtiggire 1.5 (b)) can be intuitively understood by
considering partitioning of the structure into goper layer, a lower layer, and a layer which
encompasses the entire double layer structure,hwidwe optical thicknessés, _ 91230
*+. 1401230 » and*+, 1030 , respectively. The optical thicknesses are relatedbllows:
*+, 112300 *+ 01230 ¥+, 1401230 - Light can be reflected at the interface of each
of these layers, and as a result, the reflectapeetrmim in Figure 1.5 (b) is a superposition of
sinusoidal Fabry-Pérot fringes with three distiinejuencies corresponding to the three different
EOTs, each clearly visible in the FFT spectrum.
Bragg Mirror

Bragg mirrors are formed by an alternating pairlafers with carefully designed
thicknesses and effective refractive indices t@ gheoretically 100% reflectance around a central
wavelength. While the effective refractive indexeaich of the two layers is different, the EOT of
both is the same due to different thicknessesdoh @f the two layers, and is equal to one quarter
of the central wavelength of the high reflectantmp $and. As such, Bragg mirrors are often
referred to as quarter-wavelength stacks. This E@8ures that reflected light undergoes perfect

constructive interference and transmitted lightengdes perfect destructive interference. Bragg
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stacks are commonly used for optical componentk asdilters and mirrors. The index contrast
between the two layers is proportional to the widthhe high reflectance stop band. A narrow
band Bragg mirror with low index contrast is showrigure 1.5 (c). For extremely narrow stop
bands, rather than having discrete steps betweetwih effective refractive indices of the two
layers, current density can be continuously vaegive a sinusoidally varying effective refractive
index, which is known as a rugate filter. This ¢canintuitively thought of as the inverse case to
the single layer, in terms of Fourier analysis.Heathan a sinusoidal reflectance spectrum with a
single Dirac delta function peak in the Fourier @amcorresponding to one layer with a single
EOT, the sinusoidally varying EOT for an effectiyehfinite number of layers gives an
approximately sinusoidally varying spectrum in theurier domain. Under the inverse Fourier
transform this gives a single Dirac delta funcfi@ak in the reflectance spectrum, which manifests
as a narrow high reflectance stopband with a wildéoretically approaching an infinitesimally

small value.

Microcavity

The microcavity is closely related to the Braggronir with identical structure apart from
a cavity introduced by inverting the alternatingwence of the pair of layers in the middle of the
stack, which creates an imperfection in the pedatructure. This inversion leads to a half-
wavelength thickness layer, bounded by two peBeatyg reflectors, which confines light and, in
the reflectance spectrum, leads to a sharp resaliyaat the central wavelength in the otherwise

high reflectance Bragg mirror stop band, illustdaite Figure 1.5 (d).
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Figure 1.5.Common PSi structures utilized for optical bio$egspplications and their associated optical
reflectance spectra: (a) single-layer interferomdt®) double-layer inteferometer, (c) Bragg stéickv
index contrast), (d) microcavity. High and low eeftive index layers are shown in red and blue,
respectively.

1.3.4 PSi Optical Measurements

Optical properties of PSi films can be characterizerough the reflectance spectra,
measured using the experimental setup shown inréigé. Light from a quartz tungsten halogen
broadband white light source is coupled into are#ited optical fiber and is focused onto the PSi
biosensor on an optical stage with a microscopeabig lens secured in a lens tube housing. The
height of the lens relative to the PSi sample @aadjusted to achieve the desired spot size on the

surface of the PSi film.
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Figure 1.6.Experimental setup to measure the reflectancergmeof a porous silicon thin film structure.

The reflected light is then collected by the saamesland coupled via the other arm of the
bifurcated fiber into a USB CCD spectrometer, wisphits the light into constituent wavelengths
using a diffraction grating onto a CCD pixel arr@ypical dynamic range is between 200 and
1100nm with a spectral resolution of 10 to 0.1nime Spectrometer is connected to a PC running
software to integrate, average, and record spémtfarther processing.

1.3.5 PSi Biosensing Platform

The sensing mechanism of PSi relies on the inidina diffusion and adsorption of target
molecules inside the pores upon analyte exposums. grocess leads to an increase in effective
refractive index of the PSi layer (or layers) sitive refractive index of the biological material is
higher than that of air (typically, 13, 5 67), causing a shift in the optical reflectance sgzect
to higher wavelengths, the magnitude of which caruged to quantify the number of adsorbed

molecules in the pores. Conversely, removal of madter dissolution of the PSi matrix will cause

19



a decreased effective refractive index, shiftingcsgal features to lower wavelengths. For a single
layer of PSi with sinusoidal spectral intensity igdons in wavenumber space, an increase in
effective refractive index increases the frequeoicthe fringes. It is common practice for single
layer PSi biosensors to be used to measure biomeletiffusion and adsorption profiles by
tracking the peak in the FFT spectrum [77]. Howewer work presenting an alternative signal
processing technique, discussed in chapter 2, skimatsvavelet processing can achieve better
immunity to commonly encountered noise signatuailewing lower detection limits [78]. For
double layer PSi structures, the peaks in the FfeEtsa corresponding to each of the two layers
can be tracked independently, elucidating not dhly number of molecules adsorbed in the
structure as a whole but also identifying the lagevhich they reside. This can mitigate biofouling
and provide size selectivity of molecules, amorgeobenefits [77]. For other photonic structures
such as microcavities (Figure 1.5 (d)) or low-ing@xntrast Bragg stacks (Figure 1.5 (c)), peak

detection methods can be used to sensitively gyasgectral shifts [79-81].

1.4 Key Biosensor Challenges
Despite the commercial success of many biosenstersyg [82], such as glucose monitors,
pregnancy tests, and other lateral flow assayse tlegnain a vast array of applications which are
out of reach of current biosensor platforms anéirtetogies, and for which the solution, if one
exists, often requires highly sophisticated, costhd complex instrumentation. Accordingly, the
current gold standard mainstream technologiesdtealing important biomolecules, providing an
alternative to biosensors, include polymerase chasaction (PCR) [21], enzyme-linked

immunosorbent assay (ELISA)[22], and mass spedmyni23]. These can achieve high
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specificity, sensitivity, and often low detectiomits and are widely used in laboratories and
hospitals. However, these approaches generallyreemstrumentation that is prohibitively large,
expensive, and complex to operate, often invohstrgct sample preparation procedures. This
restricts their use for many applications, particlylin low-resource environments without trained
personnel, where cost effectiveness, portabilitg, @ase of use are of paramount importance. One
example is light chain (AL) amyloidosis, a deadlgedise which at an early stage leads to an
imbalance in serum free light chains (SFLC). Agriigresses, AL amyloidosis causes abnormal
deposition and build-up of amyloid fibrils in thiedue and organs. This condition often remains
undiagnosed during a patient’s lifetime [83], dwethe complex and costly gold standard
laboratory testing approach using mass spectromehigh precludes routine screening and early
stage diagnosis.

To overcome these limitations and provide viabletsans to the most pressing problems
across medical diagnostics, food safety, and enmiemtal monitoring, several biosensor
performance metrics [84] need significant improvamealongside other considerations such as
cost, ease of use, and form factor.

1.4.1 Detection Limit

The limit of detection (LOD) of a biosensor is imnimum concentration or number of
molecules that can be reliably detected. A nornmgtlidution of measurements can be built up
both before and after biomolecule exposure, terrtte@l blank and shifted distributions,
respectively. The LOD is typically quantified a® tboncentration of the target molecule leading

to a response such that the lower bound of theekigh?o of the blank distribution, which lies 1.65
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standard deviations above the mean, coincidesthéttpper bound of the lowest 5% of the shifted
distribution, which lies 1.65 below the mean [85juivalently stated,
89:<= 8sp@a  (CiCioga  (CiCy.<- 5 E(EC.,na (2.2)

whereF 1, s andFy, are the mean of the blank and shifted distribjoaspectively,
andJq,¢ andJy  are the standard deviations of the blank and eshiftlistributions,
respectively. The standard deviations are typicablgumed to be approximately equal. It is
important to note tha.,gagthe average sensor response in the absencetafget biomolecule,
is in general not zero; making the assumption8ba$,s  can lead to inflated LOD estimates
and ignores adsorption of non-target moleculesos@mn, and other cumulative changes in the
sensor response. However, we note that this asgaumiptfalsely applied across the literature,
which in addition to the practice of collecting pnéxperimental data at relatively high
concentrations and extrapolating to much lower eatrations, can form the basis of unrealistic
claims of wildly overestimated detection limits.

For many applications, the best detection limitseed by state-of-the-art biosensors are
not sufficient for clinical, physiological, or emenmental relevancy, lagging behind the gold
standard laboratory analytical instrumentation - Additionally, the lowest LODs achieved
in the literature using PSi biosensors are typychlgher than those based on other biosensing
systems [63,67,68]. To improve detection limitsjdasfrom signal processing techniques
discussed in chapter 2, other sensitivity enhanamgghods include incorporating secondary-

detection capture-agent probes [62] or quantum [88(90].
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1.4.2 Stability and Robustness

It is important for a biosensor’s response to bablstover time, without deterioration due
to light exposure or varying temperature and hutpjdiince environmental instability and drift
lead to inaccurate test results and restrict dtielfThe weak link, in terms of biosensor stalilit
and robustness, is usually the capture agent [§1v@dch typically denature or degrade in
extreme climates such as those experienced indgadrce developing nations, where there is
often the greatest need for cheap and reliable P@dical diagnostics suitable for use outside of
controlled environments. Additionally, capture atgeoften require low temperatures to be
maintained for long-term storage and transportcving not always feasible.
1.4.3 Response Time

The response time of a biosensor is the time tékeaturn the test result, usually when
the response has reached equilibrium. Response dim& sensor is an important metric,
particularly in safety critical applications. Foraanple, there is a great need for biosensors with
fast response times to enable rapid tests for rakdiagnostics, which can increase healthcare
access and markedly improves patient outcomesjP4The challenge is that many sensing
modalities have inherently slow response timesgrofiue to poor mass transport limited by
diffusion as well as the timescales of adsorptiot desorption [96].
1.4.4 Specificity

Specificity is defined as the ability of a sensmiptovide an isolated response to a target
species, irrespective of the presence of other catds and contaminants, to avoid false positive
test results. Traditionally, capture agents, whictlude antibodies, enzymes, nucleic acids,

aptamers, and molecularly imprinted polymers, mtewspecificity through strong and selective
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affinity to the target molecule. However, foulingdanon-specific binding, both of which reduce
specificity, pose a pervasive problem, subjecbtustderable research effort [97-99]. Furthermore,
capture agents are often expensive, can be contpledesign and manufacture, and have
significant associated development time. It wohleréfore be advantageous to eliminate the need
for a capture agent and provide the high selegtaniid strong affinity of capture agents by another
means. To address these issues, sensor arrayséenedeveloped to mimic the mammalian
olfactory system, which is thought to be able taéedetrillions of different volatile odorant
molecules by using hundreds of cross-reactive tfgicreceptor epithelial cells with varying
affinity for a wide range of molecules and pattexcognition in the brain [L00—102]. In synthetic
“electronic noses,” [36,39,103] the collection tfhotory receptors are replaced with array-based
sensors relying on one of the following mechanisomtical sensors comprising fluorometric or
colorimetric dyes [104], electrochemical sensorshsas amperometric [105] and metal oxide
semiconductor sensors [106], and microelectromaechbn mass sensors such as
piezoelectric [107] and surface acoustic wave (SA@fsors [108]. Machine learning is then used

to classify and quantify different molecules uspaitern recognition and prediction algorithms.

1.5 Overview of Dissertation
Biosensors are playing an increasingly importald no keeping people around the world
healthy and safe. The focus of this dissertatioonistrategies which employ machine learning,
statistics and signal processing to enhance bios@esformance, enabling applications which are
out of reach with current biosensor technologid® first challenge to be addressed is reducing

detection limits (Chapter 2) by applying wavelenhdising to PSi reflectance spectra, filtering
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noise signatures and providing a more sensitivesareaof spectral shifts for thin film optical
sensors. This approach brings clinically relevamathin reach for many medical diagnostic
applications. The second advance is the developofemtapture-agent-free sensor (Chapter 3),
by creating a biosensing system using PSi arrayk wsing machine learning to identify
biomolecules, increasing robustness and reducisgarad complexity. This novel sensor design
could ensure that populations of low resource gmagc regions which experience extreme
climates can also reap the benefits of effectiwsdmsors. The third challenge to be addressed is
that of reducing sensor response time (ChaptewHich enable quicker medical diagnostics
allowing earlier treatment, identification of toxinolecules in food or the environment more
rapidly to minimize their harmful impact, and opap the possibility for many biosensing
platforms to reformulated as point-of-care devicEmally, Chapter 5 summarizes the key
outcomes of this dissertation and discusses thaderoimpact and implications of the results

within the fields of biosensing, machine learniagplied statistics, and signal processing.
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CHAPTER 2

Reducing Detection Limits using Signal Processing

Parts of this chapter are adapted from “Morlet Weatvigiltering and Phase Analysis to Reduce the
Limit of Detection for Thin Film Optical Biosensdrgublished in ACS Sensors and reproduced
with permission from publisher, and “Reducing dateclimits of porous silicon thin film optical
sensors using signal processing” published in FRtEeedings and reproduced with permission
from publisher.
S. J. Ward, R. Layouni, S. Arshavsky-Graham, E.a§eand S. M. Weiss, “Morlet Wavelet
Filtering and Phase Analysis to Reduce the LimiDetection for Thin Film Optical Biosensors,”
ACS Sensor$(8), 2967—-2978 (2021).

© 2021 American Chemical Society
S.J. Ward, and S. M. Weiss, “Reducing detectimntdi of porous silicon thin film optical sensors
using signal processingProc. SPIE, 1166416620J), 1-9 (2021).

© 2021 SPIE

2.1 Introduction
Detecting low levels of an analyte is crucial fowale variety of sensing applications,
including medical diagnostics in which early dei@cof low concentrations of disease biomarkers
enables preventative measures and treatments wptinentially higher rates of positive patient
outcomes [109], and environmental monitoring inahhiletection of toxic substances harmful to
humans at ultra-low levels can save lives [110]tl@&f many ways to improve limit of detection

(LOD), arguably the cheapest and easiest strategsignal processing, which can enhance
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detection limits by removing various noise signasurSignal processing for noise reduction is
applicable to all systems, from costly, high refioluand highly accurate laboratory instruments
to compact, simple and cheap point-of-care devices.

Signal processing has been used in a wide varfdippsensing platforms to enhance noise
immunity, achieve lower detection limits, and pa®/ideeper insight into the physical properties
of the sensor and the sensing mechanism. For sysfasmon resonance sensors, one of the most
prevalent optical biosensing platforms, technigeash as polynomial fitting [111], centroid
detection [79] and tracking [80], complemented pgamic baseline algorithms [112], linear data
analysis [81], locally weighted parametric regresqil13], and the radon transform
technique [114] have been used for higher resalut@sonance detection and reduced noise
susceptibility. The performance of quartz crystatnobalance sensors, another effective and
widely used biosensing platform, has also benéfifitem signal processing methods, such as the
fractional Fourier transform [115], heterodynind.¢], and moving average and Savitzky-Golay
filtering [117]. Additionally, frequency locking ahg with nonlinear filtering has been used to
lower the noise floor of microtoroid optical biosens, enabling single molecule detection [118],
and a range of signal processing methods have dqgaied to measure spectral shifts of guided
mode resonant filter biosensors such as cross laboe and maximum likelihood
techniques [119]. The most appropriate signal @msiog approach to utilize depends on the
application and the characteristics of the meassigathl.

For many applications, including biosensing, thisrparticular interest in being able to
determine small changes between two measuredilimroptical spectra: several different signal

processing approaches can be applied to help metetipin film optical spectral shifts. In this
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chapter, we introduce a signal processing apprbastd on Morlet wavelet convolution and phase
analysis that can dramatically lower the detecliont of thin film biosensors, which are among
the simplest optical biosensor platforms. We wdilporous silicon (PSi) thin film biosensors for
our demonstration of the benefits of this signabcessing approach. One common signal
processing approach to measure changes in the-Paoy interference fringes due to adsorbed
biomolecules is the reflective interferometric Heur transform spectroscopy (RIFTS)
method [77], which involves determining the dominimequency of these fringes by carrying out
a Fast Fourier Transform (FFT) on the reflectanpecsa, and then identifying the peak
interference fringe frequency. This method givepontiant physical information about the optical
properties of the film, but its accuracy is deteated by noise. More recently, promising
improvements in LOD of PSi thin films have beenamgd [120,121] using the Interferogram
Average over Wavelength (IAW) technique. Howevhg tobustness of the IAW method is an
issue when there are offset and amplitude variatimodulating the Fabry-Pérot interference
fringes. These noise sources, found in most dé&sadginate from the measurement system (e.g.,
light source, spectrometer, imperfect calibratibrihe system), as well as scattering of light by
molecules adsorbed to the surfaces of the PSiitimrand to the surfaces of microfluidic channels
when they are utilized [122]. Moreover, noise ciinitions tend to be more pronounced in sensing
assays carried out in complex media.

Since the Fabry-Pérot fringes characteristic ofn thilm reflectance spectra are
approximately sinusoidal, they are well suitedaadb pass filtering, designed to remove undesired
low frequency variations as well as white noisalbtrequencies above and below the pass band,

which improves robustness and enables lower detediinits. In this chapter, we show that
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application of complex Morlet wavelet convolutiomhich has previously been used to filter
electrical signals generated from electrodes mangdorain or heart activity [123], and seismic
activity [124], is a highly effective approach tduce noise signatures in optical spectra of thin
films such as PSi single layer biosensors. We toenname, Morlet wavelet phase method, to
describe our approach that utilizes both a complaxelet and extracted phase information. The
Morlet wavelet phase technique enables a reducfitime LOD by almost an order of magnitude
relative to RIFTS and IAW, and makes thin film sanss such as those based on PSi, potentially
viable options for many clinical applications. Weta that the Morlet wavelet phase signal
processing technique does not negatively impacufaaturability, cost, complexity, or response
time, and can be applied alongside other sengitavihancing and noise reduction techniques. We
additionally note that although the RIFTS, IAW, avdrlet wavelet phase methods are applied
only to single layer thin films in this work, thesignal processing techniques could also be applied
to analyze any signal containing a finite number agproximately sinusoidal frequency
components. The noise immunity, sensitivity anebdirity of Morlet wavelet phase method is
benchmarked against several other signal processgtigods by applying the different techniques
to a large set of simulated porous silicon thimfibptical spectra that contain various types of
noise signatures.
2.1.1 RIFTs and IAW Methods

One approach to characterizing the reflectancetispet thin films is to measure optical
thickness by monitoring the frequency of the FaBéyet fringes in wavenumber-space. We note
that it is essential to plot the reflectance offtlme as a function of wavenumber so that the Fabry

Pérot fringes are equally spaced across the spec@hanges in optical thickness of thin films are
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characterized by changes in the frequency of tRabey-Pérot fringes. The RIFTS method aims
to identify the dominant frequency of the FabrydRéiringes, corresponding to the optical
thickness, from the FFT of the reflectance spedthe. RIFTS technique consists of the following
four operations:
1 Plot the reflectance spectra against wavenumbagusibic spline interpolation to generate
equally spaced points (Figure 2.1 (a) (i)).
2 Apply a Hann window to the chosen spectral measenémange to enforce periodicity and
consequently reduce spectral leakage (Figure 2 (lija
3 Increase the length of the data by zero paddimgatize the desired resolution of 2nL values
when the FFT is applied (Figure 2.1 (a) (ii)). Ntitat the highest efficiency is achieved when
the number of points is a power of two.
4  Carry out an FFT and identify the frequency of dieeninant peak (Figure 2.1 (a) (iii)).
Changes in optical thickness caused by biomoleaitachment can therefore be
determined in a straightforward manner, by moniigprine change in the peak frequency result
from the RIFTs method applied to spectra measuegor® and after exposure of the thin film to
biomolecules.
Since a change in Fabry-Pérot fringe frequencyestise Fabry Pérot fringes to shift (by
an amount proportional to wavenumber), anothetegijsato measure biomolecule attachment is
to calculate the difference between spectra bedoik after biomolecule exposure. The IAW

method uses this approach, and is implementedlagvfo
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1 Find the difference between a ‘reference’ refleceaspectrum before exposure of the target
biomolecule, and an ‘analyte’ spectrum after biosoale exposure, termed the
‘interferogram’ (Figure 2.1 (b) (i)).

2  Zero the interferogram by subtracting the mean feawh value (Figure 2.1 (b) (ii)).

3 Integrate the absolute value of each point in titerierogram over the chosen spectral
measurement range (Figure 2.1 (b) (iii)).

It should be noted that the magnitude of the IA@hal change is strongly dependent on
the changing amplitude of the Fabry Pérot fringesagh given wavenumber in the reference and
analyte spectra, which in turn makes the technmoee susceptible to noise contributions that
affect the measured amplitude of the spectra. Tl R technique, on the other hand, is not
strongly affected by the relative amplitudes of spectra.

2.1.2 Alternate Candidate Signal Processing Appeches

Directional IAW
Directionality can be introduced to the IAW methbyd first summing sections of the

difference spectrum, or interferogram, correspogdim regions between adjacent peaks and
valleys in the reference spectrum, which can bedaith the assistance of a polynomial fit [125].
If the analyte spectrum is red-shifted relativéhe reference spectrum, then this summation will
lead to a positive value. Next, separately sumi@estof the interferogram corresponding to
regions between adjacent valleys and peaks inefegence spectrum. If the analyte spectrum is
red-shifted relative to the reference spectrunm thés second summation will lead to a negative
value. Finally, subtract the latter summation fritv@ former summation and the sign of the result

indicates the direction of the spectral shift betwéhe analyte and reference spectra (i.e., pesitiv
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sign = red-shift). To our knowledge, there are omouwented prior implementations of such a

directional IAW method.

Least Squares Fitting Fabry-Perot Fringes

One method of extracting physical parameters oermsiag system is to calculate an
analytical function of the theoretical responseq &émen optimize the unknown parameters to
minimize mean squared error between the analytieadiction and the experimental data. This
approach has been applied to many sensing platiocheling quartz crystal microbalance [117].
In a similar way, the frequency of thin film interénce fringes can be measured by performing
least squares fitting of the Fabry-Perot fringectional form, optimizing parameters of amplitude,
phase, and frequency. Refractive index changesaaubange in Fresnel amplitude coefficients,
and consequently the amplitude of the Fabry-Petogds. Hence, the amplitude could be
combined with frequency to enhance the signalt dees for the IAW method, but this approach
would also suffer from false positive responsesmwamplitude variations are part of the noise
contributions of the measurement system. We naeiththe case of PSi thin films, refractive
index changes not only change the amplitude, aat mdodify the frequency of the Fabry-Perot
fringes.
Cross Correlation

Cross-correlation is a signal processing technitpa¢ is widely used in the context of
sensing, including optical sensors based on opfibals [126,127]. The cross-correlation is a
measure of similarity of signals and has good nameunity. It therefore provides good
discrimination between noise variations in the abeeof a target molecule and a change in the

signal caused by the presence of the target m@guwilich decreases the signal similarity and
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therefore the cross-correlation. While cross-catreh has not been applied to thin film optical
sensors, to our knowledge, summing the cross-atioel of a reference spectra and analyte
spectra is a promising way of measuring spectriftissbf Fabry-Perot fringes. A combination of
autocorrelation, the cross-correlation of a sigm#h itself, and peak detection was also explored
to measure frequency, but was found to be lesstaefée[125].

Multiple Signal Classification (MUSIC)

The MUSIC algorithm was developed to estimate patars of noisy sinusoids by
performing covariance matrix eigenvalue decompasitilt is used for direction finding and
resolving multiple sources, as well as for specpatameter estimation [128], but to our
knowledge has not been applied specifically to fiim optical spectra. The advantages of this
approach include super-resolution frequency esiimatot limited to discrete frequency bins, and
the ability to specify the number of sinusoidal stilnents resulting in more efficient noise
rejection.

Finite Impulse Response (FIR) Filtering

FIR is a category of digital filter which is ubigqous in the domain of signal processing
and is commonly used in sensing applications, dugsttunability by using least squares linear
phase filter design. FIR filters have been succdlgsépplied to Fabry-Perot fringes of optical
fiber interferometric sensors [129], and consedyestiow promise for the similar problem of
filtering thin film optical spectra. For this purg®, the superior performance and stability of FIR
fillers compared to Infinite Impulse Response (lfikers are worth the extra computational

complexity [130].
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2.1.3 Complex Morlet Wavelet Convolution: Morletwavelet phase method

Because the LOD for thin film sensors is limitedtdmth high frequency white noise and
low frequency noise signatures in the reflectanmecum, band pass filtering is a promising
signal processing approach to apply. In particldamplex Morlet wavelet convolution [131] is
well suited for filtering the spectra of thin filsensors as a means of maximally removing noise
while retaining the desired optical signal. A coexppMorlet wavelet is a complex exponential
with a Gaussian envelope, which is localized inetiand results in a Gaussian line shape in
frequency space. As a result, a Morlet waveletikerdlternative band-pass filtering approaches,
is able to provide an optimal tradeoff between terapand spectral precision [132], or in the case
of optical thin film biosensors, resolution in batlavenumber and fringe frequency. In contrast,
the Fourier transform implicitly assumes signatisterity which is violated for thin film fringes
due to dispersion, leading to a variation in thegfrency of fringes as a function of wavenumber.
Consequently, the dominant frequency peak in the §pectrum of optical thin film sensors is
smeared, reducing the resolution, and diminishivegrhinimum frequency shifts of the fringes
that can be reliably measured and results in stiprapdetection limits. Through careful choice
of the width of the wavelet, the optimal tradeoétween resolution in wavenumber and fringe
frequency can be achieved, maximizing the filterighoise sources superimposed on the thin
film fringes in tandem with the best preservatidnttee thin film fringes with non-stationary
frequency. The convolution of a Morlet wavelet wihsignal is equivalent to multiplication in
frequency space, which can act as a strict barlfi@s. Since the wavelet is complex, the filekre

result is a complex signal from which phase andlange can be extracted. The first stage of the
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Morlet wavelet phase method, complex Morlet wavbhatd pass filtering, is summarized by the

following steps:

1

Plot reflectance spectra against wavenumber, usiegr interpolation so points are equally
spaced (Figure 2.1 (c) (i)).

Zero pad the data to obtain the desired resolutidrequency space.

Carry out an FFT and identify the center frequeaegt full width at half maximum (FWHM)

of the dominant peak (Figure 2.1 (c) (ii)).

Use the center frequency and FWHM of the dominaakyo define a complex Morlet wavelet,
shown in the green trace in Figure 2.1 (c) (i) mvenumber space. An FFT of the complex
Morlet wavelet is shown in the green trace in Fegdrl (c) (ii) and reveals the band pass
filtering ability of the Morlet wavelet. The spagibetween wavenumber values of the wavelet
should be the same as for the interpolated refieetapectra.

Convolve the wavelet with the reflectance datayFeg.1 (c) (i)) to obtain the complex filtered
output, the real part is shown in Figure 2.1 (ig). (i

The phase and amplitude can then be extractedtiremeal and imaginary components of the
filtered output over the spectral measurement raihgeextracted amplitude is shown in Figure
2.1 (c) (iii) alongside the real part of the fikeroutput. The amplitude can subsequently be
used to normalize the Fabry-Pérot fringes (Figute(@) (iii), (iv)).

By carrying out a FFT of the uniform amplitude naitinred fringes using a Hann window

function, it becomes clear in frequency space tiiathigh and low frequency noise components

have been removed from the filtered data (Figutd®.(v)). For the Morlet wavelet phase method,

only the phase is used, as this was found to benttst accurate way of transducing frequency
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shifts; however, for some applications, it may beful to obtain normalized fringes, for example

as a preprocessing step to remove noise signdtefee carrying out the IAW or RIFTS methods.

The first three steps of complex Morlet waveletdaass filtering are calculated in a similar way

to the RIFTS method, with the exception that nomHamdow is applied to avoid broadening the

dominant frequency peak (i.e., to give a more ateur\WHM of the frequency peak that is used
in defining the wavelet), at the expense of havgngater spectral leakage and extra lobes
introduced. Additionally, through empirical studiege found that linear interpolation gave the
best performance for Morlet wavelet filtering, iontrast with the RIFTS method which performs
best with cubic spline interpolation.

The Morlet wavelet phase method [133] uses comiglexet wavelet filtering to measure
changes in optical thickness as follows:

1 Apply complex Morlet wavelet band pass filtering, @escribed previously, to a ‘reference’
reflectance spectrum before exposure of the tdnigetolecules and to an ‘analyte’ spectrum
after biomolecule exposure (Figure 2.1 (d) (i))eTkal part of the filtered output is shown in
Figure 2.1 (d) (ii).

2 After extracting the phase from the complex resuoftdiltering the reference and analyte
spectra (step 6 in Morlet wavelet band pass filtggri unwrap the phase by adding &ery
time it goes through another complete cycle to giveontinuous linearly increasing phase,
rather than being confined to the interval [Q,Zor both the reference and analyte spectra
(Figure 2.1 (d) (ii)).

3 Correct for the phase of reference and analytetigpstarting in different cycles. For example,

if the initial phase of the reference spectra at lbhwest wavenumber in the measurement
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window has a phase just below, Biomolecule adsorption could cause the initiaggto shift
into the next cycle with a phase just above OHeranalyte spectra, which causes an additional
2 difference between the reference and analyte @tasesry value of wavenumber, unrelated
to biomolecule adsorption. To correct for this elifince in the initial phase of the reference
and analyte spectra, a coarse value of initial @@estimated using the FFT dominant fringe
frequency, alongside the accurate Morlet Waveletaeied phase, to determine when the
phase has entered a different cycle. The coarsaastcan be defined agK$ ; , where
2nL is the optical thickness given by the RIFTS moett andb,  is the higher wavelength

bound for the spectral measurement range. TheeBtimate is the extracted phase from the

Morlet wavelet filtered signal at the lowest vahfe/vavenumber,,#. The difference between
MNO

coarse and fine estimates for the reference angtarspectra are compared; when they differ
by a multiple of 2, this is corrected.

4 Average the difference between the unwrapped lipkase for the reference and target spectra,
which yields the Morlet wavelet phase result (Fegrl (d) (iii)).

5 Optionally, a scaling factor and offset can be egojlo convert the Morlet wavelet phase result
to units of effective optical thickness changeleathan arbitrary units. The scaling factor is
calculated by generating many spectra with increéaignincreasing effective refractive
indices over a large range, carrying out both RIBR8 Morlet wavelet phase analysis, and
finding a linear fit to convert between them.

To optimize the performance of all signal procegsimethods, the spectral measurement

range to analyze should be chosen to include a$ miuthe measured spectra as possible while

37



rejecting the extremes of the spectra with poonaligo noise ratio (S/N). Hence, the most
appropriate spectral range for the signal procgssiethods is dependent on the limitations of the
optical components and spectrometer utilized in ieasurements. In this work, a spectral
measurement range of 500-800 nm was used unlesswidb noted in order to facilitate

comparison between techniques and previous studies.
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Figure 2.1.lllustration of signal processing techniques:R&FTS, (b) IAW, (c) complex Morlet wavelet
convolution, and (d) Morlet wavelet phase, appliedxperimentally measured reflectance spectra of a
single layer PSi thin film. The steps for each rodthare described in detail in section 2.1.3.

2.1.4 Computational Generation of Spectra

To provide a comprehensive comparison betweenrdiifesignal processing techniques,
reflectance spectra of a single layer PSi thin filmlre simulated using the transfer matrix
method [76]. White Gaussian noise was added tagithalated spectra to better mimic measured
data. The simulated thin film was defined as aj@mthick layer with effective refractive index

of 1.2, which are realistic parameters comparable experimental data sets. To rigorously test
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each signal processing method and mirror noisewerieced in real experimental spectra as closely
as possible while keeping the analysis simple amealizable, three different noise contributions
were considered: (1) a simple shift of the FabryePginges due to a refractive index change with
added white Gaussian noise, (2) a refractive ird@xge with white Gaussian noise and a unitary
wavelength dependent linear offset applied to thiery=Pérot fringes, and (3) a refractive index
change with white Gaussian noise and a unitary leagéh-dependent linear amplitude variation

applied to the Fabry-Pérot fringes. These noiséritrtions can be expressed as

$ $H 20 $ $H 20 (2.2)
P$ $ R S J
c $/ $|-| 20 $/ $H 20

where $ is the wavelength dependent reflectance generstied) the transfer matrix
method,R is the amplitude variation term,is the offset variation ternd, is the white Gaussian
noise term$, and$, o, are the upper and lower bounds of the wavelengésorement range,
respectively, an® $ is the resulting noisy spectra. The S/N when comgahe signal to the
white Gaussian noise was 27.7 dB. The S/N decraasé® dB and 7.7 dB when the linear offset
was superimposed or the linear amplitude variat@s introduced, respectively. A linearly
varying offset and amplitude are simple modificaido fringes with a relatively complex spectral
composition, testing the signal processing methhmasunity to a wide variety of noise signatures
seen experimentally.

When introducing the offset or amplitude gradientte reflectance spectra, the resulting
change in response was isolated by calculatingltrk distribution with and without the gradient
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at a constant refractive index. The effect on &sponse of each signal processing technique when
applying a gradient to the offset or amplitud®), was added to the blank-distribution standard
deviationJ 1, ¢ , resulting in a LOD oE6E) 1, TU . Including this effect as part of the
standard deviation of the blank distribution enaltedeling a distribution of offset or amplitude
gradients that occur in tandem with any refractimdex change and white noise-induced
interference fringe shifts. The mean and standaxation of the blank and shifted distributions,
as well as the blank distributions incorporating @ffset or amplitude gradient, were each
calculated from 1000 separately generated spedtinaawwandom white noise contribution.
MATLAB (R2019b) was used to generate the noisy spedn addition, the Signal
Processing Toolbox in MATLAB was utilized to implemt each of the signal processing
algorithms investigated in this work. The algorifbroode was run on both simulated data and

experimental data.

2.2 Experimental Methods

Signal processing approaches were applied to ttesuned data from two experimental
systems: (1) non-specific bovine serum albumin (B&#say in buffer to investigate the LOD, and
(2) anterior gradient 2 (AGR2) protein biosensoineestigate (i) the robustness of the signal
processing approaches in buffered and complex naedidii) selectivity in comparing target and
non-target proteins. Non-specific adsorption of BSAcommonly utilized to demonstrate the
proof-of-concept performance of biosensing platrand AGR2 is a biomarker for many types
of cancer. These assays were executed in diffees(\Vanderbilt University and Technion Israel

Institute of Technology), with different experimahsetups, different experimental procedures,
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and different materials, to demonstrate the brogplieability of the Morlet wavelet phase
technique when encountering different noise fingatg.

2.2.1 BSA Assay (carried out at Vanderbilt)

Materials

Chemicals were all analytical grade, used withauthier purification. De-ionized (DI)
water with resistivity 15 M cm, from a Millipore Elix water purification systewas used for all
solutions. Single side polished, boron doped silmafers (100, 0.01 0.02 c¢m, 500 550 m)
were purchased from Pure Wafer. Ethanol and BSA& werchased from Thermo Fisher Scientific,
and pH 4 reference standard buffer, used for BSAtisns, was obtained from Sigma-Aldrich.
Aqueous hydrofluoric acid (HF) (48-51%) was pur@thfom Acros Organics. Solution pH was
measured using a Mettler Toledo Seven Easy pH-meter
Fabrication of Single Layer PSi

Single layer PSi thin films were fabricated by aicagtching of p-type silicon wafers with
HF, described in detail elsewhere [7,134]. A solutof 15% (v/v) HF in ethanol was used, and
the wafer was etched using an Advanced Micromaegifiools (AMMT) MPSB porous silicon
wafer etching system. First, a sacrificial layesveached with a current density of 70 mA?dor
100 s and then dissolved in 1 M KOH solution. Néix¢, sample was thoroughly cleaned with DI
water and ethanol and then etched again at 70 mAfoma further 50 s. Finally, the wafer was
oxidized in ambient air at 800°C for 10 min usingiadberg/Blue M box furnace to passivate the
silicon by forming an insulating layer of SiOrhe PSi films were 1.77 um thick, with a porosity
and average pore diameter of 67% and 49 nm, regplctas determined by scanning electron

microscopy (SEM) image analysis and effective @ptitickness measurements.
42



Optical Reflectance Measurements

Broadband white light from a Newport Oriel 6000ight source was fiber coupled to an
Ocean Optics USB4000 CCD spectrometer, averagidgeanording 100 spectra per second using
the Ocean Optics Spectra Suite software. The spetwgas focused to a 5 mm diameter on the

surface of the PSi films, achieved using an OlympB&an 10x microscope objective lens.

Experimental Procedure

PSi samples 5 mm x 5 mm were cleaved from the dtaefader, washed with water and
ethanol, and dried under nitrogen. Reflectancetsp&eere then measured to obtain a baseline
effective optical thickness and an IAW and Morletwelet phase reference spectrum. A further
100 measurements were taken to quantify the ntose for each method: the blank distribution
standard deviatiod 1, ¢ . Different concentrations of BSA were prepare@®% pH 4 reference
standard buffer, 20% DI water solutions v/v (3 p&00 pM, 30 nM, 300 nM, 3 uM, 30 uM,
300 uM) and were drop cast on the samples anddeftcubate for 2 hours. The samples were
subsequently washed in a water bath for 10 s, wigaioves unbound and potentially a small
number of weakly bound molecules in the pores aoih the surface. The change in reflectance
after this wash step showed almost no dependeneeash duration. After washing, the PSi was
dried under nitrogen and measured again. There Werepeats performed at each concentration.
A number of adsorption isotherms were fit to théadasing a least squares fit weighted by the
variance due to the heteroscedasticity of the data, the chi-squared goodness of fit was
calculated to quantify quality of model fit and el@hine the most appropriate adsorption model.
The predicted LOD was then calculated, given by ¢bacentration where the best fit line

intersectE6E], ¢ V, whereVis the intercept of the adsorption model line estfit.
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2.2.2 AGR2 Biosensor (carried out at Technion)

Materials
Chemicals were all analytical grade, used withauthier purification. Double distilled
water (ddHO) with resistivity 18.2 M cm from a Milli-Q water purification system was dder

all solutions. Heavily p-doped silicon waferd@0, 0.90 0.95 m cm) were purchased from &l

tronix Silicon Technologies. Aqueous 48% HF, arfthabl were purchased from Bio-Lab Itd. (3-
Aminopropyl)triethoxysilane (APTES), diisopropylgtamine (DIEA), succinic anhydride, N-(3-
Dimethylaminopropyl)-N-ethylcarbodiimide hydrochloride (EDC), N-Hydroxysinimide
(NHS), acetonitrile and all buffer salts were suggbby Merck. Anti-AGR2 aptamer sequence33,
5-TCT-CGG-ACG-CGT-GTG-GTC-GGG-TGG-GAG-TTG-TGG-GGGEG-GTG-GGA-
GGG-TT-3’, was purchased with a 5-amino modifieatirom Integrated DNA Technologies.
AGR2 protein was purchased from MyBio-Source InabBit Immunoglobulin G (IgG) was
purchased from Jackson ImmunoResearch Labs IncaHuUmood plasma from healthy subjects
was purchased from Merck. Selection buffer (SB) e@sposed of 137 mM NaCl, 20 mM KClI,
10 mM NaHPQO, and 2mM KHPQy (pH 7.4).
Fabrication of Single Layer PSi

Single layer PSi thin films were fabricated by aicagtching of p-type silicon wafers with
HF. First, a sacrificial layer was etched with arent density of 300 mA crfor 30 s, using 3:1
(v/v) aqueous HF to ethanol solution, and thenaivesl in 0.1 M NaOH solution, to remove
surface impurities and oxides. Another layer isrfed using identical conditions to the sacrificial
layer, and the resulting PSi films were thermalkidized at 800°C for 1 hour in a Thermo

Scientific, Lindberg/Blue M Split-Hinge tube furrecThe PSi film thickness and range of pore
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sizes were measured with a Carl Zeiss Ultra Plgk-hesolution SEM at an accelerating voltage
of 1 keV, and were found to be ~4.6 and 40-60 nm, respectively, and the average fipnwas

determined to be 74% using the spectroscopic ligqiliration method (SLIM) [135]

Surface Chemistry Preparation

Amino-terminated aptamers, consisting of the ariR® sequence, were attached to the
surface of the PSi films by carbodiimide couplifemistry and amino silanization, as detailed
elsewhere [136,137]. Briefly, the oxidized PSi #lnvere amino-silanized in a solution of 1%
APTES and 1% DIEA in dd#D (v/v) for 1 h and annealed at 100°C for 15 minb&quently,
surface carboxylation was carried out in a solutibh0 mg mL* succinic anhydride and 2% (v/v)

DIEA in acetonitrile for 3 h, followed by surfacetavation with 10 mg mit EDC and 5 mg mtt

NHS in 0.5 M MES buffer (pH 6.1) for 1 h. The aetied surface was then reacted with the 50 uM
amino-terminated aptamers for 1 h, followed by king with Tris buffer (50 mM Tris base, pH
7.4).
Optical Reflectance Measurements

For the biosensing experiments, the anti-AGR2 apiss was mounted in a custom-made
Plexiglas cell, detailed elsewhere [138]. Lightnfr@ tungsten light source was fiber-coupled to
an Ocean Optics USB4000 CCD spectrometer. A spetaiapproximately 1mfron the surface

of the PSi was measured, focused using an objdetnge

Experimental Procedure
All experiments were performed without flow, in &@t&c mode. Firstly, a baseline was

established by incubating the aptasensor in SBt,Md&xAGR?2 protein solution either in SB or in
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50% blood plasma in SB was injected into the gl imcubated on top of the sample for one hour.
It should be noted that the blood plasma was dildté in SB to ensure aptamer's proper folding
and functionality in the complex media. Finallyetbample was washed with SB with a volume

of ~10 mL until equilibrium was reached and all uabd molecules were removed.

2.3 Results and Discussion

2.3.1 Simulation Results Comparing LOD of Candidi Signal Processing Techniques

The minimum detectable refractive index changetbirafilm was calculated by applying
different signal processing techniques to reflectaspectra simulated using the transfer matrix
method with additive white Gaussian noise. In otdesystematically evaluate the robustness of
the signal processing techniques to noise contabsit often arising during experimental
measurements, the LOD analysis was carried out(djtho added systematic noise contributions,
(2) alinearly varying signal offset, and (3) aglanly varying amplitude increase. Figure 2.2 shows
the calculated LOD in each of these cases, givearims of the minimum resolvable (i.e., 3.3
refractive index unit (RIU) change of analyte smntexposed to the PSi thin film, after application
of the signal processing techniques to the simdlapectra, sorted in approximately descending
order. In all cases, the lowest LOD was found whrely Gaussian white noise was present. RIFTS,
Morlet wavelet filtered IAW, and the Morlet wavelghase method all demonstrated relatively
good noise immunity to linearly varying amplitudeaoges. FIR filtered IAW and the Morlet
wavelet phase method demonstrated relatively gamsenmmunity to linearly varying offset
changes. Overall, the Morlet wavelet phase methasl faund to be most effective regardless of

the type of noise present.
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(@)

Constant Offset and Linearly Varying Linearly Varying

Amplitude Offset Amplitude
MUSIC 6.5x10* 1.8x107? 1.0x10!
Cross-Correlation 3.8x10 5.5x10? 6.8x10?
RIFTS 8.3x1¢ 9.4x10° 9.2x10*
IAW 4.4x10% 2.3x10? 2.0x10?
Fabry-Perot Fringe Fit 5.6x10 6.2x10? 1.2x10?
FIR filtered 1AW 1.8x16 2.4x10* 1.9x10?
Morlet Wavelet Filtered IAW 5.9x10° 1.7x10% 1.1x10%
(sign added) (1.3x10% (9.2x10% (2.0x10%
Morlet Wavelet Phase 5.9x%0 1.5%x104 7.9x10°

(b)

Figure 2.2. Limit of detection in refractive index units (RIWf analyte solution for several signal
processing techniques applied to PSi thin film egitireflectance data generated computationally with
added noise, shown in the form of (a) a table &hd @D plot: the closer to the origin, the betteroverall
noise immunity.
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Because the Morlet wavelet is well matched to tlaeigSian line shape of the dominant
peak of the Fabry-Perot fringes in frequency spltm]et wavelet convolution is able to apply
much stricter band pass filtering than FIR filtgrimnd as a result was much more successful. We
note that although Morlet wavelet filtered IAW appeto be competitive with the Morlet wavelet
phase method in terms of LOD, for practical appiaaof the technique with PSi sensors, the sign
of the reflectance fringe shift must be considdred, directional IAW), which increases the LOD
by a factor of approximately 2 — 5 depending ontjipe of noise present in the signal.

The LOD achievable with each signal processingriegte applied to the simulated data
sets was then investigated as a function of S/burgi 2.3 shows that in the cases of added (a)
Gaussian white noise alone and in combination wither (b) offset variation or (c) amplitude
variation, increasing S/N leads to a reduction @CLfor nearly all signal processing approaches.
For the simulations including only white Gaussiamsg, the constant ratio between LOD for any
two signal processing techniques indicates thatdlaive performance of each signal processing
method is independent of S/N. However, this isar@ér the case in the presence of offset and
amplitude variations. For example, the MUSIC altjon performs exponentially worse as offset
variations are increased, whereas other methodsogimg filtering are relatively insensitive to
such noise signatures. When considering the LOaet by the RIFTS method, it is interesting
to note that although RIFTS vyields the highest Léen applied to simulated reflectance spectra
that only include white noise, this method is rigklly robust when offset and amplitude changes
are introduced. When offset and/or amplitude vemet are present in the reflectance spectra,
RIFTS outperforms all other signal processing apphes that do not include a separate filtering

step. Overall, there is a clear separation in L@Bveen methods employing filtering and those
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that do not, which is even more pronounced in tiesgnce of offset and amplitude changes. The
exception is FIR filtering which is unable to reneommplitude variations. While amplitude
normalization techniques can be applied as a fustep after FIR filtering, for example using the
Hilbert transform, these techniques were found & lbss effective than Morlet wavelet
convolution and more expensive computationally remytwere not explored further. The final
conclusion of the simulation results shown in Feg@r3 (a-c) is that the Morlet Wavelet Phase
method outperforms all other signal processing oughnvestigated, regardless of the type of
noise or S/N. Moreover, there is an approximateigdr relationship between S/N and signal
processing response in most cases for Morlet WaRtase. Finally, the normalized output of
each signal processing technique applied to siedlagflectance data with different refractive
index changes was calculated. As shown in Figusé&}®.the Morlet Wavelet Phase, RIFTS and
Fabry-Perot fringe fitting methods exhibit a lin@asponse to refractive index change, which is
advantageous for sensing applications and sugtiegtthese signal processing techniques can be

applied to data with a large dynamic range of Fabeyot fringe shift.
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Figure 2.3. Trend between limit of detection and noise level(@ white Gaussian noise, (b) offset
variations and (c) amplitude variations, for a ecfion of signal processing methods applied to kited
PSi thin film reflectance spectra. (d) Responseauth signal processing technique as a functiomeof t
refractive index change of analyte applied to atRi&ifilm.

In contrast, all techniques built around the IAWthoel have a non-linear response with
respect to refractive index change. Furthermome JAW method returns the maximum response
for a shift of the fringes equal to the free spaatange, beyond which the response begins to fall,
rendering further shifts unmeasurable. Also notablbat the IAW response is symmetric about

the line of zero refractive index shift, meaningtthegative refractive index changes cannot be

50



distinguished from positive refractive index chasmgmless directionality is introduced into the
technique, as shown in the red trace. The crogglation approach also suffers from problematic
nonlinearities, as does the MUSIC algorithm tossée extent. Considering the linear relationship
of Morlet wavelet phase signal processing outputetioactive index change, and its superior
performance in LOD in the presence of multiple g/pénoise contributions over a large range of
S/N, Morlet wavelet phase is clearly a signal pssaegy approach that can improve the
performance of thin film optical sensors such asdesors.
2.3.2 Simulation Results Comparing Morlet wavelephase Method to Gold Standard

As shown in Table 2.1, the Morlet wavelet phasérégue achieves a substantially lower
LOD than both gold standard RIFTS and IAW methadsall cases of additive white Gaussian
noise, linearly varying offset and amplitude sigveiiations. Since a linear relationship was found
between S/N and LOD for each signal processingnigale (Figure 2.3), such that the relative

merit of the techniques shown in Table 2.1 candresiclered independent of Gaussian noise level.

Table 2.1.LOD in refractive index units (RIU) for several sgj processing techniques applied
to single layer PSi reflectance data generated atatipnally using the transfer matrix method
with added noise.

Simple refractive index Refractive index change Refractive index change
change with with
linearly varying offset  linearly varying amplitude

RIFTS 8.2x1(* 2.5x1(3 8.9x1(*
IAW 3.9x1(¢4 1.7x1C3 1.9x1(?
Morlet wavelet phas 5.7x1(° 1.3x1(4 7.4x1(°
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The RIFTS method performs relatively poorly in gresence of offset variations since the
maximum of the dominant fringe frequency peak ifieth by the superposition of lower frequency
components. On the other hand, the LOD for RIFT&n®st unchanged for amplitude variations,
which only change the power of the dominant frifrggluency peak rather than its position. The
IAW method is negatively affected by both offsedamplitude variations; both increase the
difference between fringes, which manifests as isparcontributions to the IAW signal. In
contrast, the Morlet wavelet phase method givesnaparably low LOD with and without offset
or amplitude variations. This reduced sensitivity noise is a result of the Morlet wavelet
convolution, which is an effective technique fdtefiing thin film interference fringes because it
acts as a very strict band pass filter. The shapaviorlet wavelet closely resembles the shape of
Fabry-Pérot fringes in terms of fundamental fregquyesonstituents.

Additionally, due to dispersion, the Fabry-Pérahde frequency will not be constant
across the spectra; the Morlet wavelet filteringaide to capture this variation because it is
localized in wavenumber, while the RIFTS and IAWthoels process the data across the spectra
simultaneously. Other than noise immunity, compoxlet wavelet convolution also provides an
integrated way of extracting and therefore nornwadjzamplitude variations; other filtering
methods require an additional step, such as apmplthe Hilbert transform. Furthermore, the
inclusion of an FFT in the signal processing pipelhas another advantage, which is a coarse
frequency indicator enabling an unlimited measurgmange. The IAW method, which does not
utilize an FFT, is thus limited to measuring relaly small spectral shifts, particularly when the
reference fringe frequency is high: the IAW sigstarts to decrease once the peaks of the analyte

spectra shift further than the valleys of the reffiee spectra.
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While the computational complexity of the Morlet wedet phase method may initially
appear to be a potential concern for future pofrtawe applications, given the combined steps of
a FFT, wavelet convolution, and phase differendeutation, embedded implementation of real
time FFT and wavelet convolution algorithms haveerbeealized [139]. Accordingly, no
insurmountable difficulty is anticipated in desiggian instrument using these techniques that can
update its readout every few seconds, particulsiige such computation time is negligible
compared to sensor response times.

Further reduction in achievable LOD with the Monedivelet phase technique could be
achieved by using a thicker film, optimizing waugb@rameters, and tuning the range of filtered
data. Thicker films have higher frequency FabryeP@&inges and an increased optical thickness,
which enables better discrimination between thare@ssignal frequency and unwanted low
frequency noise contributions.

However, thick PSi layers may suffer from massdpamt challenges that result in longer
response times and sensitivity limitations. Mitigatof these challenges may be possible by using
larger pore diameters, mixing approaches, and florwugh configurations [64,65], although
selecting the most appropriate PSi thickness utBijadepends on a balance between noise
mitigation and mass transport limitations. Lower[L@ay also be achievable by optimizing the
width of the wavelet. In this work, the width oktiwavelet was intuitively selected to be equivalent
to the FWHM of the dominant FFT peak to enable mmaxn generalizability to any given system.
However, there is no fundamental reason why chgadsiis width would provide the best rejection
of noise while retaining the maximum useful portiwinthe signal. The optimum width of the

wavelet depends on the nature of the noise ofyistes: if the noise is closer in frequency content
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to the fringe frequency, a narrower wavelet widili provide a better signal to noise ratio, and
vice versa. In this investigation, the range ofcsae data filtered and processed is the samdlfor a
signal processing techniques. However, in pracsiome sensing systems will benefit from
filtering a wider range of spectral data, but tkigstarding sections of filtered data at the highest
and lowest wavenumber values before processinghtaining the Morlet wavelet phase result.
Finally, higher resolution of the interpolated datal wavelet will improve accuracy at the expense
of computational complexity, which is a tradeoffvgoned by sensor performance requirements.

2.3.3 Comparison Signal Processing Techniques Algd to Experimental Data

BSA Assay

The LOD achievable through application of the Mbreavelet phase and gold standard
signal processing methods to an experimentallyiobtbdata set was investigated by exposing
PSi thin film sensors to a series of BSA concemngt from 0 to 300 M. The spectra were
analyzed, and several adsorption isotherms [140¢ \fieto the data using nonlinear regression.
We assumed that the measurements were indepemakendamally distributed, while recognizing
the heteroscedasticity of the data. As a resudtatifisorption model fit required the minimization
of the sum of the squared residuals weighted bintrerse of the variance, according to maximum
likelihood estimation.

The Redlich-Peterson adsorption isotherm, whichpglied to calculate the trend lines
shown in Figure 2.4, was the best fit to the datadetermined by calculating the reduced chi
squared goodness of fit metric. This adsorptiorthisan model implies imperfect monolayer
adsorption.

The Redlich-Peterson isotherm is of the form showign. (2.1)
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XY (2.1)
zY!

where is the response of the signal due to biomolecd$®iption.Y; is the equilibrium
concentration of BSA solution, and the fitting paeters areV, the intercept or predicted response
to a pure buffer controk, the Redlich-Peterson isotherm constanta constant, and, another
constant between 0 and 1. The IAW line of begsftomplicated by the inherent nonlinearity of
the method, as evidenced by the IAW response deaggavhen the BSA concentration is
increased from 3 to 300M (Figure 2.4 (b)). The Morlet wavelet phase an#FR3 responses,
which are linear, show that this concentration eaisgnearing the saturation region (Figure 2.4 (a)
and (c)), and thus the response should continugtease in this range. The apparently different
trend for IAW can be accounted for by observing tha largest spectral shift for a concentration
of 300 M, exceeds the free spectral range limit of the |AW&thod (Figure 2.4 (d) inset). To take
the nonlinearity into account, the deviation fronlireear response as a function of percentage
change in RIFTS response was determined by siroalatsing the transfer matrix method and
was fit with a second order polynomial. The adsorptisotherm was then scaled by this
nonlinearity using the measured percentage chan§HTS response, but was otherwise fit to
the data in the same way as the other methods.LO2 was determined by finding the
concentration at which the Redlich-Peterson adswrpsotherm line of best fit exceeds its
intercept byE6GEJ,  , the noise floor in the blank. The fitting paraerstand LOD for the RIFTS,
IAW and Morlet wavelet phase methods are showrainld 2.2, and the data, the Redlich-Peterson
adsorption isotherm line of best fit and the ndiser for each method are shown in Figure 2.4.
The Redlich-Peterson adsorption models simplibebé Langmuir isotherm whén . For all
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three signal processing methods, the optimal vidug is close to 1, suggesting only a small
perturbation from ideal monolayer formation on anlegenous surface.

The relative differences in LOD values between slgmal processing techniques seen
experimentally (Table 2.2) are in good agreemeri wie theoretical predictions of Table 2.1.
Since the BSA assay is a simple experiment in bgfiution, the presence of noise signatures is
minimal and compares favorably with the simpleaefive index change case in Table 2.1. The
lowest LOD achievable for BSA is 200 pM (4 femtoe®in a 20 L solution) when the Morlet
wavelet phase method is applied, which is one astisragnitude lower than for IAW and RIFTS
methods. The LOD values shown in Table 2.2 areasdibw as those recently reported in the
literature for a PSi sensor [121]. The predomimaason lies in the method of calculating LOD.
Common practice is to center the noise floor ardyrather than centering the noise floor around
the intercept of the line of best fit. However, w¥mg the noise floor around 0 is misleading
because if the intercept is increased, the LODmaartificially decreased and, more-over, the
LOD becomes undefined when the intercept is outisidanoise floor. Hence, the method we use
for calculating LOD in this paper is a more consditxe, and importantly, a more robust approach,
and is consistent with the formulation defined byPAC and others [85,141]. A similar LOD to
that reported here is obtained when this approaeh ¢entering the noise floor at the intercept) i

applied to other comparable published datasetg[121
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Figure 2.4. Results of exposing a single layer of oxidized RSisolutions of BSA in buffer, with
concentrations between 0 and 300, analyzed using (a) Morlet wavelet phase, (b) 12dd (c) RIFTS
signal processing methods, shown on a semi-log Al&edlich-Peterson adsorption isotherm line aftbe
fit is overlaid, as well as the noise floor for bawmethod. The insets show the data, noise flootramdline
in the region of the LOD. Responses of all sigmatpssing techniques as a function of BSA conceoira
normalized by the saturation response (d) on afigeale, with an inset illustrating the maximuriftsh
caused by 300M BSA exposure, and by the noise floor (3.8e) on a log scale.
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Table 2.2.LOD for BSA exposure analyzed using IAW, RIFTS &haorlet wavelet phase signal
processing methods, showing noise level and Re@atierson adsorption isotherm fit

parameters.
3.3 (a.u. LOD (nM) | (a.u. A(LM B(LMY)
RIFTS 1.62x1C* 3.2 8.7¢ 50.1¢ 0.2¢ 0.92
IAW 1.0(x1C? 2.5 0.3 4.0z 0.37 0.9t
Morlet wavelet phas 1.85x1C* 0.2 0.0¢ 0.8 0.47 0.8¢

AGR2 Assay

The robustness of the Morlet wavelet phase methdalat frequency offset and amplitude
variations, in comparison to the RIFTS and IAW noelsy, was investigated through the
application of the signal processing techniquesxjeerimental data of an aptamer-based single-
layer PSi biosensor. This biosensor is designeeliectively target AGR2 protein and consists of
oxidized PSi thin films, in which amino-terminatadti-AGR2 aptamers [142] are immobilized
via NHS/EDC coupling chemistry [137]. Reflectanceeasurements of the biosensor upon
exposure to the target AGR2 protein and non-tdgggtprotein (at a concentration of 100 pg-mL
and 200 pg mt, respectively) in buffer solution and 100 ug MAGR2 in plasma were carried
out. The reflectance data shown in the insets giifei 2.5 reveal that both offset and amplitude
variations are present in the measured data.

We note that the magnitude of the RIFTS, IAW, andrlket wavelet phase processed
signals were normalized to lie within the same eaftg ease of comparison. Common trends are
shown in the data processed with RIFTS, IAW, andl®&avavelet phase: (1) a relatively stable
baseline value is established during buffer sotutiocubation, (2) a large increase in signal
magnitude occurs when the AGR2, IgG protein, osipia alone is introduced due to the change

in the refractive index of the introduced solutemmpared to the baseline buffer and diffusion into

58



the pores, (3) as the solution is incubated orofdpe PSi, for solutions containing AGR2 there
is a more gradual increase in signal due to tgygsein binding to the aptamers immobilized on
the pore walls, conversely for control solutiongliggble additional signal change occurs, (4) a
signal reduction occurs when a buffer rinse isiedrout to remove unbound protein from the

pores, and (5) a relatively stable new baselineev& established in most cases upon incubating

the sample with buffer solution once again.
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Figure 2.5.Comparison of signal processing techniques appdiestperimental data collected by exposing
the single-layer PSi biosensor to (a) 100 pug'nAGR2, the target protein, in buffer solution, (b)
200 pg mLt non-target protein IgG in buffer, (c) 100 ug MAGR?2 spiked in 50% plasma in buffer, and
(d) 50% neat plasma in buffer. In all cases, tliegepre- and post-wash in buffer. Insets shovectdince
spectra taken during the pre- and post-wash swigsal offset and amplitude variations (i.e., noise
signatures) can be observed.

Key differences in S/N, ability to resolve proteapture dynamics, and accuracy of the
biosensing result can be seen by comparing thalsigmocessed by RIFTS, IAW, and Morlet

wavelet phase methods in Figure 2.5. When using 8]Fhe noisy signal makes it difficult to
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determine the magnitude of the signal change dpedi®in capture with high accuracy and also
makes it more challenging to ascertain target protapture dynamics. Low frequency noise
signatures lead to false trends for protein cagtutAW data, which is of significant concern for
the accuracy of the PSi biosensor. In Figure 2\5tkle IAW method suggests that there is a large
signal change when the sensor is exposed to théanget protein, giving a false positive result.
In Figure 2.5 (d), artifacts in the IAW signal gneesent due to the IAW response predominantly
to offset changes. Moreover, in Figure 2.5 (a,tl IAW method suggests an unexpected
continually increasing signal during the post-pi&xposure buffer rinse and incubation, which
is not consistent with the RIFTS and Morlet wavglease results and is physically misleading.
Such an increase in the optical signal would typidze attributed to molecules diffusing into the
porous layer, leading to a corresponding increadbe PSi effective refractive index; however,
no protein is present in the solution on top oftiftsensor at this stage [65]. It is importantdten
that because the IAW processed response can baai@aiby the change in offset and amplitude
of the reflectance spectra, instead of by frequestujts that are present due to molecular
attachment, caution must be taken to eliminateegyatic noise sources in experiments when
utilizing the IAW method. Otherwise, it is possilthat the IAW result may be disconnected from
the physics of the system, as exemplified in FiguEe(c, d). We note that the data presented in
Figure 2.5 are representative of all the data ctdlE the IAW response exhibited artifacts or a
false response that did not reflect the physicsiesy in more than 50% of all experiments and in
100% of the non-specific protein experiments.

In all cases studied in Figure 2.5, the Morlet watyphase method is shown to be the most

robust and reliable signal processing approachreTisea clear distinction between signal changes
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for target protein capture, negligible signal chemdhen the biosensor is exposed to a non-target
protein in buffer, and a small non-specific bindinguced signal change when the biosensor is
exposed to non-spiked plasma. While the Morlet wavehase and RIFTS signal processing
techniques lead to similar final results for massknsing experiments, the Morlet wavelet phase
signal has a much higher S/N ratio than the RIFgsas, which should lead to a lower
experimentally demonstrated LOD. Moreover, the Montavelet phase method clearly elucidates

the target protein capture dynamics.

2.4 Summary

Applying the Morlet wavelet phase technique, whgbased on complex Morlet wavelet
band pass filtering and calculation of average ehdi$ference, to PSi thin film biosensor
reflectance data provides a robust, low noise nreaefi frequency shifts that arise due to
biomolecular recognition and binding events inplees. The key benefits of the Morlet wavelet
phase method are reducing the effect of noise preseoss the frequency spectrum and mitigating
spurious signal changes that otherwise result flmm frequency variations in the offset and
amplitude of measured spectra. Analysis of bothukated data and experimental data from a BSA
assay demonstrate that the Morlet wavelet phashaneichieves a LOD that is approximately
one order of magnitude lower than that of RIFTS &AW — two other signal processing
approaches used to analyze data from PSi thirsiinsors and biosensors. Moreover, it was shown
that the Morlet wavelet phase method can be rgliapplied to noisy data acquired in complex
biological media. Improved S/N and selectivity welemonstrated by applying Morlet wavelet

phase to data from an aptamer-based biosensaarfyeting a cancer biomarker, AGR2 protein,
62



compared to the application of RIFTS and IAW to $aene data set. The robustness and lower
detection limit achievable by employing the Mome&tvelet phase signal processing technique can
benefit many applications where noise in datacatsot be perfectly controlled and low detection

limits are required for clinical relevancy.
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CHAPTER 3

Capture Agent Free Biosensing using Porous SilicdBensor Arrays and Machine Learning
Parts of this chapter are adapted from “Proteimtifleation and Quantification Using Porous
Silicon Arrays, Optical Measurements, and Machirearhing” published in Biosensors and
reproduced with permission from publisher, and “Kees of Machine Learning Techniques for
Capture Agent Free Biosensing with Porous Silicorays” published in SPIE Proceedings and
reproduced with permission from publisher.
S.J.Ward, T. Cao, X. Zhou, C. Chang, and S. Misg/éProtein Identification and Quantification
Using Porous Silicon Arrays, Optical Measuremesutsl Machine LearningBiosensord 3(879),
1-12 (2023).
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S. J. Ward, Tengfei Cao, Catie Chang, and S. M.s8yeiAnalysis of Machine Learning
Techniques for Capture Agent Free Biosensing witfols Silicon Arrays,’Proc. SPIE, 11979
(1197907), 1-6 (2022).
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3.1 Introduction
The need to detect biological analytes for appbeet including medical diagnostics,
environmental monitoring, and food safety, is tgtlig met by a biosensor composed of three
primary components: a capture agent (also sometirefssred to as a probe molecule or
bioreceptor), which specifically binds to the deditarget analyte, a transducer, which converts

the binding of the target species into a measuralpical, electrochemical, thermal, or
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microelectromechanical signal [5,6,14-18], and #adarocessing unit which converts this
measurable signal into a user friendly and acckssibtput such as a reading on a display.
Examples of specific capture agent—target analgtk ‘and key’ interactions are antibody—antigen
interactions, enzyme-—substrate interactions, peptichteractions, and oligonucleotide
interactions [11-13]. However, despite their effgmtess and well-established use in many
applications, the reliance on capture agents falyégdetection can bring about several challenges.
The first is that a capture agent, by design, Blpiconly binds to one species. If the aim is to
identify and quantify multiple molecular constitd®rnin a solution of unknown composition,
multiple capture agents are required, which leamldatger, more complex, and expensive
biosensors. Furthermore, if the appropriate capagents are not present on a sensor, there is a
possibility of hazardous species going undetedtedddition, many capture agents denature or
degrade over time and/or in harsh environments;hvmmits the shelf life, ease of transportation,
and types of locations where the sensor can be [@4e83]. Finally, when challenged with
detecting a new target molecule of interest forahhhere is no existing capture agent, it can take
significant time to develop an effective capturerstgnith sufficient specificity and affinity [143—
145].

While there are molecular sensing approaches thabtirequire capture agents, they are
not without their challenges as well. For examgjeectroscopic techniques and many other protein
detection assays typically require costly and buhstrumentation, and their performance for
analytes in complex media can often be limited [1Moreover, cost, ease and scalability of
manufacture, and high sensitivity remain significaihallenges for molecular imprinting

approaches [147,148]. In addition, electronic nage®ngues typically face a trade-off between
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sensitivity and robustness, stability, complexdapnd cost, especially when operating outside of
controlled environments [36,39,149-154]. Differsahsor platforms used in cross-reactive sensor
arrays have their own inherent limitations. Forragpée, colorimetric sensor arrays, which have
been the subject of wide research interest, angelihin terms of their number of array elements
due to the complexity of their manufacture, repbllity, and printing quality; the minimum
spot size of chemo-responsive dyes as a resuligd effects and a limited printing resolution;
and their utility in detecting analytes in the agu® phase, which poses additional significant
challenges and often results in underwhelming dietetimits (>1 M) [149].

In this chapter, we report an initial demonstratgiowing that, under the appropriate
preparation conditions, an array of porous sili¢Bi®i) sensors [7,60,63,68,155-157] has the
potential to robustly classify, quantify, and disgnate a select number of molecular species
without capture agents, based on their size, cordbion, and surface charge. In particular, we
demonstrate the detection of three proteins—boserem albumin (BSA), chicken ovalbumin
(OVA), and avidin—separately, without the use gbtcae agents. These proteins, suspended in
buffer solutions with varying pHs, are exposed & fms with different pore sizes. The proteins
were chosen for this initial demonstration basedh&ir overlapping combinations of isoelectric
points and molecular weights, and because theywaikcharacterized, which allows for the
incorporation of prior knowledge into the machirearhing analysis. The proteins can be
discriminated at concentrations down to at lea$l r8d@, meeting clinically relevant detection
limits for many applications [158-160] with 100%cacacy when the discrete set of possible
concentrations is known, and 87.5% accuracy whassiflying the protein type only for unseen

concentrations. Given the large internal surfaea and strong light matter interaction afforded
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by PSi, we anticipate that lower detection limite achievable with further refinement of the
platform and the inclusion of more degrees of fomedin the array element design and
experimental testing conditions. The novel apprgaesented here for protein identification and
guantification uniquely bridges the trade-off beéwethe robustness and sensitivity of current
sensor arrays by probing a wide reactivity spacecdmpassing more than purely
hydrophobicity [39]) without requiring any surfatteatments. Furthermore, PSi sensor arrays are
cost effective, straightforward to fabricate, aagily scalable to high-volume manufacturing and
large numbers of sensor array elements, to an textbith is not possible with most other
platforms. This work opens the door to more advdrstadies investigating the limits of using
capture-agent-free PSi arrays for molecular ideatiion and quantification in mixtures and other

complex solutions.

3.2 Experimental Methods

3.2.1 Preparation of Single Layer PSi

Single-layer PSi thin films were fabricated [7,80] electrochemically etching p-type
single-side polished, boron-doped silicon wafed@, 0.010.02 cm, 500550 m, Pure
Wafer, San Jose, USA) using a 15% v/v solutiongefemus hydro-fluoric acid (HF; 48-51%,
Acros Organics, Antwerp, Belgium) in ethanol (Therfisher Scientific, Waltham, USA) in an
Advanced Micromachining Tools (AMMT, Frankenthalei@any) MPSB PSi wafer-etching
system. Note that HF is an extremely dangerous wat@nd should be handled with the utmost
caution [7], and that alternative fabrication methexist [161]. The wafer was secured in a wafer

holder, which was immersed in a HF bath. The whadédder was subsequently clamped against an
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inner wall of the etching tool with an o-ring seahich isolated two half cells, each containing a
platinum mesh electrode. The anode was in contiicttiie exposed back side of the wafer in one
of the half cells, the cathode was immersed irHRéath in the other half cell, and a voltage was
applied between the electrodes to provide a conhstaehing current. Firstly, a sacrificial layer was
etched using a current density of 70 mA<for 100 s, which was subsequently dissolved in a
1 M NaOH solution. Secondly, the wafer was washeith \@eionized (DI) water (resistivity
15 M cm, Elix water purification system, Millipore, Bungton, USA) and ethanol to remove
the HF residue and then etched again at a cureerdity of either 55 mA ciy 40 mA cn¥, or
25 mA cn?, to form thin films with different pore size digtutions for the different elements in
the sensing array. The etching time used to fataritae PSi films (57 s, 66 s, and 93 s for
55 mA cm?, 40 mA cn?, and 25 mA cm, respectively) was tailored to give approximatislg
same thickness, regardless of the etching curemtity (and associated etch rate). We note that,
if experimental conditions such as the HF electelyoncentration, temperature, and electrode
size, position, and conductivity are precisely colfed, then the fabrication is repeatable. Thirdly
the wafer was diced into square 5 mm x 5 mm samyslie) a DISCO (Tokyo, Japan) DAD3220
dicing saw. Finally, the samples were oxidized @@ 8C in ambient air for 10 min, forming a
passivating surface layer of SiQvhich is hydrophilic and accumulates a negativéase charge
in pH > 2 conditions.
3.2.2 Material Characterization

The properties of the PSi films were measured layaing scanning electron microscope
(SEM) top-view and cross-sectional images; onede8sor for each etching current density was

imaged to calculate the pore size distribution Fég3.1) and four PSi sensors for each etching
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current density were imaged to compute the meae giae, porosity, and thickness (Table 3.1).
To extract the pore distribution and average piaze, @analysis was carried out in MATLAB
(R2022b) [162] in a similar manner to that previgusported [89,163]. First, the contrast of the
top-view SEM images was made uniform across the@@&end enhanced using the adapthisteq
MATLAB function [164], and then a threshold was dger conversion into a binary image.
Isolated pixels were removed and a median filtes saplied. The perimeter and area of each of
the pores were found using the regionprops MATLABdtion, and the pixel to nm conversion
was performed using the scale bar in the SEM imafes count of pores in each bin of the pore
distribution histogram was weighted by the avenagremeter length for each of the pores in that
bin. The four top-view SEM images for each etchmgrent density, representing an area of
5.3 m? or approximately 0.1% of one PSi sensor, wereyaedl and the results were averaged to
extrapolate the pore size distribution of the RSaavhole. Similarly, ten measurements across
four cross-sectional images were used to calctitetehickness of the PSi layer for each etching
current density. For both the pore size distribuaod thin film thickness, the errors reported are
the standard deviation of the measurements.
3.2.3 Optical Reflectance Measurements

Reflectance spectra were collected by fiber-cogptiroadband white light from a quartz
tungsten light source into a bifurcated opticakfilthrough one fiber port and measuring the
reflected light using an Ocean Optics (Orlando, Y8&B 4000 CCD spectrometer connected to
the second fiber port. The height of the fiber adgisted to form a spot size with a 5 mm diameter
on the PSi sensor surface. The result from avegalfid successive output spectra was saved once

per second.
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3.2.4 Experimental Procedure

The PSi samples (5 mm x 5 mm) were washed withaatd ethanol and dried under
nitrogen. The reflectance spectra of the sensiigehts in an array were measured before protein
incubation to establish a baseline reference sp@ctrepresentative reflectance spectra for each
etching current density are shown in Figure 3.1 Td) keep the experimental conditions as
consistent as possible across the large numbexp#rienents needed to compile a reasonable
dataset for analysis, bulk protein solutions weeppred in DI water (10 g/L) and stored at 4 °C.
The bulk protein solutions were further diluted lwaither pH 10 and pH 4 reference standard
buffers (Sigma-Aldrich, Burlington, USA) and water prepare three concentrations of each
protein (2 g/L, 0.2 g/L, and 0.02 g/L). The ratiddd water:reference standard buffer (pH 4 or pH
10) was maintained at 1:4 for all the experimetiigs ratio was chosen as a tradeoff between
maximizing the proportion of the buffer for optimat control and stability and a sufficiently high
volume of protein solution to enable a large dyrmarange of accessible concentrations using 10
g/L stock protein solution. The pHs of the solusarsing the pH 4 buffer and pH 10 buffer were
found to be 4.0 + 0.1 and 10.0 + 0.1, respectivalgasured using a Mettler Toledo (Columbus,
USA) Seven Easy pH meter. The corresponding molacentrations of the protein solutions were
30 M,3 M, and 300 nM for BSA (pl =4.63, MW = 66.4 kDa,darmo Fisher Scientific), 45M,
4.5 M, and 450 nM for OVA (pl = 4.54, MW = 44.3 kDa, ditmo Fisher Scientific), and 30,
3 M, and 300 nM for avidin (pl = 10, MW = 66—-67 kDBhermo Fisher Scientific). A 20L
volume of protein solution was drop cast on eacisisg element in the array and left to incubate
for 2 h under ambient conditions in a sealed coetaio prevent evaporation. Afterwards, the

sensors were placed in an 800 mL water bath fa, 80d then removed and dried under nitrogen.
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The purpose of this wash was to remove unboundaulge from the PSi surface and inside the
pores. A much smaller number of weakly bound mdexwere also removed, but the reflectance
change during the washing was small and almostefntindependent of the wash duration,
indicating that most molecules were adsorbed styampugh to remain in the pores. Each sensing
element in the array was then dried under nitragghmeasured again, and the resulting spectrum
was compared to the reference spectrum beforeipisafition exposure by calculating the Morlet
wavelet phase response (Section 2.1.3) [78]. Tia¢é namber of elements in each array that were
exposed to one concentration of a given proteintwadse, corresponding to three average pore
sizes, two buffers, and two repeats which wereapest. Since each sensor element was 5 mm x
5 mm, the total area of each sensor array was 309 hinear discriminant analysis (LDA) was
used to reduce the dimensionality and visualizestk@limensional sensor array responses in 3D,
elucidating the separability of the three proteins.
3.2.5 Data Analysis

A selection of machine learning models, with tbéeptial of making accurate predictions
on this comparatively small training dataset, wenplemented using Scikit-learn [165] and
trained on both the original and reduced dimengitynaaining datasets. The accuracy of the
machine learning models was estimated using leaeeoot cross validation due to the limited
training data. The specific models investigatedengerpport vector machines (SVMs) with linear,
radial bias function and sigmoid kernels, randoredg logistic regression, and k nearest neighbor
classifiers [166]. Additionally, the accuracy ached when averaging the response matrices from
two sensor arrays was compared to the case where Was no averaging. For the pairwise

averaging training dataset, the pairs of repeated doints to average were randomly selected,
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and similarly for the non-averaged training datasdftthe data points were randomly selected and
the other half were discarded to keep the traigiatn set size consistent, which ensures a fairer

comparison.

3.3 Results and Discussion

The PSi thin films were fabricated using threeatéht current densities, achieving three
distinct pore size distributions with different aage pore sizes. The pore size distributions were
weighted by the circumference of the pores, whecproportional to the number of binding sites.

Table 3.1 shows the average pore diameter andrissik which were determined by
analyzing the SEM images; porosity, which was daled from the optical reflectance
measurements; and average effective optical theskard refractive index, which were calculated
through an analysis of the reflectance spectra,faaction of the etching current density.

The appropriate selection of PSi formation condgioincluding current density, etching
time, HF concentration, and silicon wafer dopinggldes a relatively wide range of tunability in
the PSi properties shown in Table 3.1 [7]. BothuFéyg3.1 and Table 3.1 show the pore size
distributions shifting to larger diameters as thehimg current density was increased. Important
for size selectivity, the fraction of larger (>3t pores dramatically increased by an order of
magnitude as the etching current density increfrsed 25 mA cn¥ to 40 mA cn? and increased
again by a factor of nearly three as the etchirrgeot density was increased to 55 mATiwe
believe this metric was a dominant effect governing response of the PSi films to protein
exposure compared to the average pore size, wkithited only a modest increase with etching

current density. While the porosity also increaag@ function of the etching current density,
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Figure 3.1.Pore diameter distributions and SEM top-view insige three PSi films, one for each etching
current density, formed with current densitiesa)fZ5 mA cn?, (b) 40 mA cn?, and (c) 55 mA cm (d)
Measured reflectance spectra for each of theséIfSi Scale bars on SEM images are 500 nm.

Table 3.1.Average pore size, porosity, thickness, and fraatibpores larger than 30 nm
determined from measurements of four PSi thin fifarseach of the three etching current
densities used to fabricate elements of the sesay.

Etching Current Densi 25mAcn? 40 mAcn? 55 mA cn?
Mean Pore Diameter (ni 12.0+0.: 15.1 £0.2 17.3+0.:
Pore Diameter Standard Deviation (I 6.0+ 0. 6.7 £ 0. 7.9%0.
Thickness (m) 1.78 £ 0.0 1.94+0.0 2.04+0.0
Mean Effective Optical Thickness in Airrf) 6.91 6.3¢ 5.82
Mean Effective Refractive Index in / 1.94+0.0 1.63 +0.01 1.43+0.0
% Porosit 53+ 61+1 66 + ]
Fraction of Pores > 30 r 0.2+0.19 2.0+ 04% 5.8+ 1.2%
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porosity changes would alter the response of alptoteins proportionally and, consequently,
would provide no additional discriminatory infornat, unlike the pore size, which had an
important differential effect [167]. We note thatiroanalysis of the top-view SEM images
established a clear general trend of an incregsarg size with an increasing etching current
density. Thresholding to convert the images froeygcale into binary was performed manually
and the fine structure of the pore branches witténpores was not rigorously taken into account.
Consequently, although the standard deviationefépeated independent measurements was low,
there could have been systematic uncertainty assakcivith the resolution of the SEM images
and manually chosen thresholds. Further detailedyses of the pore size and morphology for
PSi layers fabricated using a range of differenthieg conditions can be found
elsewhere [155,168,169].

Solutions of BSA, OVA, and avidin at three diffeteoncentrations and a negative control
with no protein were prepared in DI water and eitbld 4 or pH 10 buffers at a ratio of 1:4,
resulting in overall solvent pHs of 4.0 £ 0.1 aridQL+ 0.1, respectively. The solutions were drop
cast and incubated for 2 h on the PSi films withe¢hdifferent pore sizes, resulting in six
combinations of pore sizes and pHs in the sensirgy.aSixteen of these sensor arrays were
constructed for every concentration of each protaind randomly sampled pairs of array
measurements were averaged to reduce the variative response arising from the nature of the
adsorption phenomenon, yielding eight independepeats, allowing for an estimation of the
mean and variance for every experimental condifitve. reflectance spectrum of each sensor array

element was measured before and after the praikitien exposure, and spectral shifts indicative
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of infiltration and adsorption in the pores wernsduced by processing the spectra using Morlet
wavelet phase analysis [78]. Here, infiltrationersfto the diffusion of molecules into the pores
and adsorption refers to the attachment of the cotds to the pore walls.

From the response of each sensor in the arrayr@R2), it was clear that the differences
between the proteins were subtle at low concentigfibut easily discriminable by eye at the
highest concentrations, allowing for several obatons to be made. Firstly, the response to all
the protein solutions was proportional to the [®ize: as the pore size distribution shifted to Argh
diameters and the average pore size increaseedpense increased, as expected [170]. Notably,
the relationship between the response and porda@izegiven protein was not linear, and there
were three regimes to consider: (1) at higher aeernpore sizes, the proteins experienced
essentially uninhibited entry and diffusion inte tmajority of the pores, (2) at lower average pore
sizes, inhibited molecular transport began to pioitlthe response because there were few pores
large enough to permit infiltration and adsorptiand (3) at intermediate pore sizes, there was a
transition between the other two regimes.

A second observation can be made regarding thetedfeoH on the response of the PSi
films. Multiple studies have shown that the maximunfiitration of proteins in the pores occurs
when the pH environment is at the isoelectric pahthe protein, resulting in a net neutral
molecular charge [171,172]. This condition provitles minimum inhibition of protein transport
and promotes close packing in the pores by avoiditgnsive protein—protein and protein—PSi
interactions. Accordingly, the results in Figur2 8how that the largest response of the PSi to each
of the proteins occurred when the pH of the soluti@as approximately equal to the isoelectric

point of that given protein. We note that the scefaf the oxidized PSi was negatively charged
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when the pH of the environment was above 2, whiak the case for all the experiments carried
out in this work [173]. We further note that, whilee pH at which maximum adsorption occurred
was indicated simply by a molecule’s isoelectridnpothe dependence of the adsorption
characteristics on the pH will generally have dedént shape for every molecule, providing
another fingerprinting mechanism: the propertiegegoing infiltration and adsorption, such as
protein charge distribution [174], agglomerationg @onformational changes [175], are unique to

any given molecule and are pH-dependent.

Figure 3.2. Morlet wavelet phase response as a function df btithing current density (proportional to
average pore size) and concentration for threeem®t-OVA, BSA, and avidin—and a negative control
with no protein, in solutions of DI water and (&) g and (b) pH 10 buffer, in a ratio of 1:4 (v/ithe data
points represent the average value of sixteen mememts taken at the same condition and the earsr b
represent the standard deviation of the measuremeEach response curve was fit with the Redlich—
Peterson adsorption isotherm [176].
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Thirdly, by combining the first two observationse wan understand that, when the pH 4
buffer was used, close to the isoelectric poiriaih OVA and BSA, a higher response was given
by OVA due to its smaller molecular size.

Finally, for the solutions using the pH 10 buffére baseline was negative due to the
oxidation and dissolution of the PSi matrix by thydroxide ions present in the basic protein
solutions [7,177], which competed with the risirgponse due to the protein adsorption in the
pores. This dissolution effect diminished the seas@y response to all three proteins and notably
caused the sensor array response to avidin inkhg&Opbuffer to be lower than that of avidin in
the pH 4 buffer, even though the latter conditi@sviarther from avidin’s pl. Importantly, machine
learning models can utilize all this informationdigcriminate between proteins, implicitly taking
the complex interplay of adsorption and dissolutdffiects into account.

To summarize, each protein at each different canagon gave a unique combination of
responses to each of the sensor elements in tisersamay, which all had different properties.
The resulting fingerprint of the responses for fiistein was distinct from that of other proteins.
For example, while 2 g/L of BSA gave a very similesponse to 2 g/L of avidin when exposed to
a sensor etched with 55 mA @n the pH 4 buffer, when the pH 10 buffer was usestiead, the
BSA response was negligible and the two protein®gwasily distinguishable.

Following the optical measurements and Morlet watvehase analysis, LDA was used to
reduce the dimensionality of the sensor array nespanatrices from six-dimensional (due to the
combination of the three unique formation condiiaf the PSi flms and two pH values used in

the experiments) to three-dimensional, enablingsaalization of the degree to which the three
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proteins could be separated. LDA was selectedt$oability to maximize the ratio of between-
class variance to with-in-class variance [42].

Next, the concentrations of each of the three prsteere classified with several different
machine learning algorithms, including support gechachines (SVMs) with linear, radial bias
function and sigmoid kernels, random forest, lagistegression, and k nearest neighbor
classifiers [166]. Given the labor intensity of tti&ta collection process, the training data set is

relatively small for typical machine learning agpliions.

Figure 3.3.Canonical score plot of the three dominant facbbtsined from LDA for (a) 3 proteins (OVA,
BSA, and avidin) at 3 concentrations (2 g/L, 02, gihd 0.02 g/L) and a negative control with notgir

and (b) the same 3 proteins at the lowest condantrfd.02 g/L) and a negative control. The ease of
classification and quantification of the proteinshee higher concentrations can be observed, dsawéhe
separability at a low concentration.
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As a result, to avoid overfitting, no hyperparamdieing was carried out. Instead,
hyperparameters were chosen either using prioitioriuor estimation of reasonable values. The
number of neighbors for k nearest neighbors wasgtly chosen to be 7 (1 less than the number
of members of each class), the number of trees wiagmng the random forest algorithm was
chosen to be 100, and the regularization parardetested as ‘C’ was chosen to be 100 for SVMs
(regardless of kernel) and 10 for logistic regressiall informed by the analysis of a small
preliminary dataset. A larger dataset would allowdross validation to tune hyperparameters and
provide a better idea of how the algorithms gemszabut the results shown here give an indication
of the accuracy that can be achieved, and whiabrighgns hold more promise.

The accuracy of prediction for each of the macheaening algorithms investigated was
compared when applied to the original 6D datasdttarthe 3D reduced dimensionality datasets
generated using PCA or LDA. Four scenarios weréoegq. Firstly, leave one out cross validation
was used to indicate the accuracy with which modedsable to predict both concentration and
type of protein when both have been seen befaiteeitraining dataset. This scenario was carried
out with both randomly sampled pairwise averagifigyre 3.4 (a)) and no averaging (Figure 3.4
(b)). Secondly, to test the ability of the modetlassify unseen concentrations, the same machine
learning models were retrained to classify the garotype only, and a test set was compiled by
carrying out further experiments, in which sixtesmsor arrays were exposed to OVA at a new
concentration of 0.1 g/L. accuracy of predictiorispomotein type for an independent test set
collected using an intermediate concentration, twhi@s not used to train the models, was
examined. This choice of protein and concentratias made to rigorously test the system. It was

clear that avidin could be trivially classified digethe large differential effect of pH, whereas in
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the training dataset (Figure 3.3), OVA and BSA wess easily discriminable, particularly at low
concentrations. Again, this scenario was carrigdaotin both pairwise averaged (Figure 3.4 (c))
and non-averaged data (Figure 3.4 (d)). To predatet leakage, the mean and standard deviation
of the training set were used to standardize Hwttraining and test set. Similarly, the PCA and
LDA analyses were applied to the training data, Hredtest dataset was transformed by the
resulting principal components or linear discrinmtga For leave one out cross validation, the test
set refers to the one data point left out of thentng set and on which predictions are made.

Typically, dimensionality reduction techniques ased as a preprocessing step to reduce
the complexity and computational burden of trainenghodel, or to visualize high dimensional
data (Figure 3.3). However, another advantageroédsionality reduction can be to reduce noise
while retaining maximum signal, which can lead ighler accuracy predictions, as seen in Figure
3.4. Generally, using LDA as a preprocessing stegeases accuracy compared to training models
on the original dataset. On the other hand, usitg Pan be seen to lower accuracy, suggesting
the signal to noise ratio is being deteriorated @seful information is being lost, causing models
to underfit the data; with a larger dataset, cnealgdation could be used to examine whether
retaining different numbers of principle componecusld yield higher accuracy classification.

We note that, while the third canonical factor igUfe 3.3 represented a small percentage
of the discriminatory power (3.1%), it played dtical role in separating BSA and OVA, which
have a similar pl but different molecular weiglasd almost identical trajectories when projected
only onto the first two canonical factors. Consedlye the third canonical factor has a large
contribution to the accuracy of models trained lo@ dimensionality reduced training set. As a

result, the discriminatory power was not the bedidator of feature importance in the context of
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discriminating proteins, which was partly a consate of investigating different concentrations
of each target molecule.

The accuracy of many of the algorithms shown inuFeg3.4 drops dramatically when
applied to unseen concentrations, compared to otrat®ns that were present in the training
dataset. The source of this instability can be fbumFigure 3.3, namely the unique trajectories
followed by each of the proteins when varying coniion. An unseen concentration should be
classified according to the closest protein traggtrather than the protein cluster within the
smallest Euclidian distance, which is explicitlgtbase for k nearest neighbors resulting in severe
reduction in classification accuracy. Similar loggplies to the thresholds given by random forest
classification as well as support vector machinis mdial bias function and polynomial kernels:
these models are overfitting and placing too muaipteasis on proximity to individual clusters
rather than protein concentration trajectoriess fiossible regularization or instilling informatio
about the trajectory of each protein would imprdkiese models and lead to more accurate
predictions. Conversely, SVM with linear kernelsigmoidal kernel, and logistic regression do
much better at avoiding overfitting and capturinfprmation about the trajectories of each protein,
resulting in higher accuracy.

The effect of averaging multiple independent repeéaheasurements is twofold. Firstly,
when classifying concentrations previously seeth@training dataset, pairwise averaging almost
always increases accuracy. Since variance of the idaeduced, each class is clustered more

tightly and is consequently easier to discriminate.
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(@) Previously Seen Concentration:
Pairwise Averaging

(b) Previously Seen Concentration:
No Averaging

Machine Learning

. Original Machine.Learning Original
Algorithm Dimensionality =~ PCA  LDA Algorithm Dimensionality PCA  LDA
Linear Kernel 98% 98% 100% Linear Kernel 91% 89%  90%
RBF Kernel 94% 96% 98% RBF Kernel 91% 80%  94%
SVM Sigmoidal 55% 50% 51% SVM Sigmoidal 55% 43%  46%
Kernel Kernel
Polynomial 98% 93% 99% Polynomial 90% 80%  91%
Kernel Kernel
Random Forest 98% 88% 94% Random Forest 91% 79%  91%
Logistic Regression 96% 94% 90% Logistic Regression 88% 90%  86%
K Nearest Neighbors 93% 94% 93% K Nearest Neighbors 83% 80% 91%
(c) Previously Unseen Concentration: (d) Previously Unseen Concentration:
Pairwise Averaging No Averaging
Machine Learning Original Machine Learning Original
Algorithm Dimensionality =~ PCA  LDA Algorithm Dimensionality PCA  LDA
Linear Kernel 75% 13% 88% Linear Kernel 100% 0%  100%
SUM RBF Kernel 0% 0% 0% RBF Kernel 0% 0% 0%
Sigmoidal 100% 88% 100% SVM Sigmoidal 100% 25% 100%
Kernel Kernel
Polynomial 0% 0% 38% Polynomial 0% 0% 50%
Kernel Kernel
Random Forest 0% 0% 38% Random Forest 0% 0% 63%
Logistic Regression 88% 100% 88% Logistic Regressio 100% 50% 100%
K Nearest Neighbors 0% 0% 25% K Nearest Neighbors % 0 0% 38%

Figure 3.4.Accuracy of a selection of models trained on thgiiwal and reduced dimensionality datasets,
when (a,b) classifying and quantifying concentragi@reviously seen in the training set using leave
out cross validation and (c, d) classifying an petedent test set obtained using a concentratioiqusy
unseen in the training set. The effect of averagnvgrandomly sampled data points on accuracy)(s, ¢
compared to the case of no averaging (b, d)

However, the opposite is true for previously unseamcentration in the independent test
set: training on the higher variance unaveraged ddt lead to a more conservative model, with
looser decision boundaries, which will be more galieable to data not seen in the training set.

In other words, pairwise averaging overfits to freteins and concentrations the models have
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seen before, reducing model robustness. The ercefatithis rationale is when PCA is used as a
preprocessing step. In this case, since the rissaliteady leading to models underfitting the data,
the lower variance from pairwise averaging increaszuracy.

Overall, the best performance machine learninglpipe was obtained using pairwise averaging,
preprocessing the data with LDA, and then appl@N with a linear kernel, giving an accuracy
of 100% for previously seen protein concentratioapd 87.5% for previously unseen
concentrations (one protein was misclassified efdight in the independent test set), illustrating
the promise of this approach for classifying pnagedf an unknown concentration. The accuracy
of the classification for all models (Figure 3.@Quld be increased with a larger array incorpogatin
more pore sizes and pH values to give more disnatimg power. Additionally, because no cross
validation for the model selection or hyperparaméat@ing was carried out due to the limited
amount of data, the accuracies reported here bwex bound of what could be achieved with
more data and a more complex optimized model. Vestigate the capability of this new approach
to sensing without capture agents in more compégsiag scenarios, including detecting target
molecules in biologically relevant media, future rtvavill explore increasing the size of the
sensing array to encompass additional degreeseflém (e.g., including the ionic strength of
analyte solution, surface charge and hydrophohi@td the real-time optical monitoring of
adsorption and diffusion). It is anticipated thhistlarger array would be able to distinguish
between a larger number of proteins and other spediinterest. Given that the average pore size
of PSi is tunable in the range from <2 nm to >160[i], the sensing array is potentially applicable
to a wide range of molecules with a size df00 nm. Moreover, the detection limits of the segs

array can be improved simply by reducing the sizthe individual PSi sensor elements while
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maintaining the same volume of solution, increasilgnumber of molecules per unit area, and,
consequently, the magnitude of the spectral dFiifially, we note that a scalable and cost-effective
smartphone-based imaging approach to measurirgptiwal signals [178] could be implemented,
enabling the response of an almost arbitrarilydangay of PSi sensors to be captured as a function

of time.

3.4 Summary

We report the first demonstration of a new apprdaamolecular identification and
guantification based on an array of porous silisensors, each with a unique combination of
properties but no functionalization or capture dgenhis system was able to classify and
guantify three proteins separately with a similaecular size down to concentrations of
~300 nM using optical reflectance measurements aawhme learning analysis. An accuracy of
100% was achieved for the proteins and concentrafioeviously encountered in the training
set, and a previously unseen independent tesbletted using an intermediate concentration of
one of the proteins was classified with 87.5% aacyr The design of this system could obviate
the need for capture agents, paving the way foamée more robust, and quicker-to-develop
sensors that provide medical diagnostics, envirariah@nonitoring, and food safety systems to

resource-limited environments.
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CHAPTER 4

Sensor Response Time Reduction using Long-Short TrerMemory Network Forecasting
Parts of this chapter are adapted from “Reductio6ensor Response Time using Long Short-
Term Memory Network Forecasting” published in SHPEoceedings and reproduced with
permission from publisher.

S. J. Ward, and S. M. Weiss, “Reduction in Sensesp@nse Time using Long Short-Term
Memory Network ForecastingProc. SPIE, 1267%126750E), 1-6 (2023).

© 2023 SPIE

4.1 Introduction

Detecting a target molecule quickly is crucial fowide variety of safety critical sensing
applications, spanning biosensing and chemicalisgng faster turn-around time for medical
diagnostic test results can improve patient outsoj24,25,94,179-181], swifter warning of
toxins in food or the environment can prevent h&wrhuman health or wider ecosystems [182—
186], and the sooner hazardous gases can be iddritie more effectively preventative action
can protect people, assets, and equipment [187—-H8®Jever, rapid sensor response times can
be inhibited by diffusion and advection as welbasding kinetics, all of which dictate the time it
takes for the sensor to reach equilibrium [64,190]1 There are several strategies for
improvement of sensor response times, ranging fsptimizing sensor architecture to achieve a
more direct and less tortuous path from the bul&lyge solution to the sensing element or
otherwise speed up the sensing mechanism [191-188htroducing pumps to increase the

analyte flow rate [64,170]. However, a much sim@ed more cost-effective approach is to use
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machine learning to predict the ultimate equilibrigtate of the sensor based on initial time series
response measurements collected over a much shioréscale. This method requires no change
in sensor design or additional components to aehéeliigher flow rate, and it can be applied in

parallel to such improvements for further gain @sponse-time reduction. Moreover, machine

learning enabled time series forecasting for respdime reduction is potentially applicable to a

plethora of different systems focused on deteagitiger biological or chemical analytes, ranging

from accurate, large and expensive benchtop ingintation to cheap, easy to use and portable
devices.

Machine learning and signal processing previouslyehbeen used to improve sensor
response times by extracting features that proadenore expedient measure of sensor
response [199-204], fitting analytical expressitmshe incoming time series data [205,206], or
predicting sensor response either dynamically basetthe data available or by using a fixed or
sliding window [207-210]. Often filtering is appdién conjunction with these strategies to provide
a more stable prediction [200,202,203,205]. Howetbere are several drawbacks to these
approaches. Firstly, they are often sensor-platfspecific and require prior knowledge of the
shape and form of the sensor response, either aytiaal expression to approximate the time-
evolution of the response or features that areaci@ristic of a given sensor architecture and
system design. This prerequisite knowledge limésegalizability of the approach since it may
not be portable between different sensor types®n across the same sensor platform. Secondly,
noise susceptibility is a pervasive challenge, ipalarly for deconvolution algorithms which
amplify noise [205]. Thirdly, in many previous retet studies, dataset size is

limited [199,204,205,207,208], sometimes consistihigss than 15 experiments because they are
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expensive to perform, which makes it hard to clagiemeralizability. Additionally, uncertainty
guantification, widely considered an important pairtpredictive modeling and, consequently,
commonly incorporated across many fields [211], has to our knowledge, previously been
considered in other work aiming to make predictitmslecrease sensor response time. Finally,
there has been little application of these techesgio biosensing. Almost all prior work focuses
on gas sensing applications despite the fact tieatdsponse time of biosensors is typically more
than one order of magnitude slower than gas sensbis is due to lower diffusion coefficients
for biomolecules, which are three orders of magtatlarger than gas molecules and are usually
immersed in complex solution with many other cdnstit molecules, and thus biosensors have
more to be gained by computationally reducing respdime.

In this chapter, we introduce a machine learningedaapproach, incorporating an
ensemble of long short-term memory (LSTM) netwdtkaccurately predict the final response of
biosensors by a mean factor of 18.6x and mediatorfaxf 5.1x faster than the timescale of
molecular attachment and capture. Importantly, #yiproach also provides an associated
uncertainty of the predicted response. To estinuaigertainty, we followed the approach of
aggregating probabilistic outputs of an ensemblmofiels as detailed elsewhere [212], due to its
simple, scalable, well calibrated and high accutawertainty estimation capabilities. Predictions
are made dynamically at each time step from rea¢-theasurements. Accordingly, the time taken
to return the final result is variable based ordjmtgon uncertainty and stability so the user igare
waiting longer than necessary. If the uncertairitthe predicted response is unacceptably high,
the test run-time can be extended until confidendke predicted result improves sufficiently, or

the test is concluded invalid. This data drivenrapph has the key advantage of portability
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between sensor platforms and generalizability withi given sensing system because LSTM
networks can learn (1) features from data rathem tequiring manual feature engineering, (2) the
distribution of response curve shape as a functbnconcentration without theoretical
approximations, and (3) how to best distinguisimaigrom noise.

To demonstrate the utility of this approach leverggensembles of LSTM networks, we
elected to use porous silicon (PSi) optical biosesisa well-established sensing platform which
has found success in applications including deiactof DNA [213,214], glucose [215],
bacteria [216] and other biological molecules [23,6While PSi has many advantages for
biosensing, including tunable pore size and momuigl inexpensive and straightforward
fabrication of thin film structures, and large imtal surface area presenting a multitude of binding
sites for biomolecule adsorption, mass transpatf@midable challenge for PSi biosensors [64—
66]. Hence, demonstrating a method for reducingrésponse times of PSi biosensors could

facilitate the use of PSi biosensors for point-afecdiagnostic devices.

4.2 Methods
4.2.1 Materials
All chemicals were of analytical grade and wereduséhout further purification. Boron
doped, single side polished, silicon wafers00, 0.010.02 cm) 100 mm in diameter and
500 550 m thickness, purchased from Pure Wafer, were usddbricate PSi thin films. De-
ionized (DI) water with a resistivity of 15 Mcm from a Millipore Elix water purification system

was used to wash equipment and samples. HEPESr budife acquired from Sigma-Aldrich,
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ethanol and BSA were obtained from Thermo Fisheéeriific, and aqueous hydrofluoric acid
(HF) (48-51%) was purchased from Acros Organics.
4.2.2 Single Layer PSi Biosensor Fabrication

Single layer PSi thin films were fabricated viaottechemical etching of p-type silicon
wafers immersed in a HF electrolyte using a platinmesh cathode, described in detall
elsewhere [7,217]. An Advanced Micromachining ToAMMT) MPSB etching system was
used for wafer scale PSi etching. First a sacalfidyer was etched using a current density of
60 mA cm? for 100 s, and then removed through dissolutiod.inM aqueous NaOH mixed with
ethanol in a ratio 1:4, in order to control surfpoge size and remove any surface contaminants.
The wafer was washed with ethanol, dried undeogén stream, and subsequently etched again
using the same conditions as for the sacrificigta60 mA-cn? for 100 s. The resulting PSi layer
had an average pore size of 18 nm, and was 3.68jck) as determined by scanning electron
microscopy (SEM) and both top view and cross seationage analysis [217]. The etched wafer
was thermally oxidized in a Lindberg/Blue M boxriace at 800°C for 10 min to passivate the
surface forming a layer of SOwhich increases stability, is less prone to oo, and is
hydrophilic to allow analyte solution to fill thepes and promote infiltration of the target molecul
into the pores. Finally, the wafer was diced intx 8 mnt square samples using a DISCO
DAD3220 dicing saw.
4.2.3 Optical Reflectance Measurements

Broadband white light from a Thorlabs SLS201L tuegshalogen light source was
coupled into one arm of a bifurcated optical fiaad focused to a spot size 5 mm in diameter onto

each PSi biosensor using an Olympus SPlan 10x stop® lens. Reflected light was collected
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by the other arm of the bifurcated fiber and codptdéo an Ocean Optics USB4000 spectrometer
connected via USB to a PC running Ocean Insighta@dgirect software. The average of 300
consecutive spectra were collected using an intiegraime of 3.8 ms, resulting in a total
measurement time of 1.14 s.
4.2.4 PSi Reflectance Spectra

Because the nanoscale pores comprising PSi aatlypsmaller than the shortest visible
wavelengths of light used for measurement, PSiaften be considered an effective medium
described by a single refractive index. The reflace spectra of PSi single layer thin films contain
approximately sinusoidal Fabry-Pérot interferenggges, which are equally spaced as a function
of wavenumber, the inverse of wavelength. The feegy of the Fabry-Pérot fringes is equal to
the effective optical thickness (EOT) of the thimf 2nL, where n is the effective refractive index
and L is the physical thickness of the film. As ewlles infiltrate and adsorb inside the PSi layer,
the volume fraction of air decreases, as it isaegdl by higher refractive index biological material
increasing the effective refractive index and, adcwly, EOT of the PSi layer. The corresponding
increase in frequency of the fringes can be quadtiising the fast Fourier transform (FFT)-based
reflective interferometric Fourier transform spestopy (RIFTS) method [77].
4.2.5 Real-Time Sensor Response Data Collection

A large experimental throughput is necessary tdleneollection of sufficiently large
datasets to allow analysis by machine learning rdalgus. Typically, real time optical
measurements of PSi are collected one sensor iateaim a single channel fluidic cell, or
occasionally a fluidic cell with multiple channdias been used to measure a few (<5) locations

on a PSi sensor [218,219]. However, in order todase experimental throughput by many orders
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of magnitude, we present the novel design of a ipleked fluidic cell (Figure 4.1 (a))
accommodating a large number of PSi sensors winiechnaasured in an automated and sequential
manner using an addressable stepper motor to iecrtatty step between samples. The multi-
channel fluidic cell was designed to house up ®lmmdred individual 8 x 8 nfPSi biosensors.
The fluidic cell consisted of two plexiglass she®ts75 mm thick, laser-cut into disks 260 mm in
diameter with several screw holes to hold the shemgether, and guide holes to align them
correctly. An inlet and outlet for each channeltloé fluidic cell were also laser-cut to have a
diameter of 1 mm. For each channel, the silicorsate side of a PSi sample was secured to the
lower plexiglass sheet using double sided scofgb. t@-rings 8 mm in diameter and with 1 mm
thickness were placed over each PSi sensor. Ther ygxiglass sheet was then guided onto the
lower assembly, ensuring all o-rings lay within bmeindaries of each PSi sensor and encompassed
both the inlet and outlet of the upper plexiglasses to create an effective seal. Once secured with
screws, the multi-channel fluidic cell was affixéml a Polulu 1206 stepper motor using the
mounting hub. Python code was used automate aretlglehboth the setting of stepper motor
position via the Tic T500 USB stepper motor corémoboard and yaml library, and processing
and saving reflectance spectra using the OcearctDAel. We note that it is imperative for the
stepper motor to return to the same position wigjin laccuracy for every sensor to prevent any
non-uniformity of PSi film optical thickness fromnmtroducing error into the measurements;
however, we found that even an inexpensive, lowloé®n stepper motor was able to return to
the same position with micron precision, which pded sufficient repeatability and negligible
error. To the best of our knowledge, this is thstfexperimental protocol in which real-time

measurements of numerous PSi sensors are coliegbedallel.
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4.2.6 Experimental Procedure

Thirty PSi samples from an etched and diced watmewvashed using ethanol and dried
under nitrogen stream before being secured intartbkichannel fluidic cell. We note that the
total capacity of the fluidic cell was 100 sensdng, there is a tradeoff between the time taken for
each measurement in addition to the time to stéwdmn sensors, and the time resolution of
consecutive measurements. Further speed optimigatimuld further increase experimental
throughput. A dark spectrum corresponding to 0% ctdfince measured without illumination from
the light source and a reference spectrum indigafio0% reflectance measured with an
unprotected gold mirror were collected to calibthiereflectance measurements. A vial of 200 puL
of BSA solution was prepared at one of 13 differeahcentrations: 40 mg/mL, 20 mg/mL,
10 mg/mL, 4 mg/mL, 2 mg/mL, 1 mg/mL, 0.4 mg/mL, ®®/mL, 0.1 mg/mL, 0.04 mg/mL,
0.02 mg/L, 0.002 mg/mL, and a control solution asiirsg of 100% HEPES buffer. The optimum
stepper motor positions, as close as possiblegdadhter of each PSi sample, were determined
and hard coded into the python control software fleasurement cycle was initiated, which first
measured each sensor in turn before applicati@nalfyte solution. On the second rotation, the
control software paused for an additional 10s every PSi sensor channel to allow the injection
of 25 L protein solution into the inlet of each fluidibannel in turn. Subsequent measurement
loops continued for 250 measurements of each seagoivalent to an experiment length of 13
hours. The entire measurement setup, includingaldiber, reflectance probe, stepper motor and
multi-channel fluidic cell were encased in an giuti container, with a beaker of water also
enclosed to maintain a high humidity locally, whpmevented BSA solution evaporation over the

extended experiment runtime.
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The time series of reflectance spectra for eachsBi@or were analyzed using the RIFTS
method, and normalized according to the foIIowiqgaIion:%, where*+, , and*+,
are the effective optical thicknesses of the PSihat first timestep and the nth timestep,
respectively. In total, the dataset consisted af @§perimental sensor response examples spread
across the 13 concentrations.
4.2.7 Uncertainty Quantification

Of the numerous ways to quantify uncertainty asgedi with machine learning model
predictions, including Bayesian neural network2zand Markov chain Monte Carlo
(MCMC) [221], we follow the methodology outlined Ref 211, to estimate uncertainty of the
predictions. This work established that a partidyladimple, scalable and effective way of
estimating uncertainty for deep neural networks i@ssume the output of the network is normally
distributed, parameterized by predicted mean (ja) \ariance { ) which are captured by two
nodes in the output layer. An ensemble of suchalewatworks were each individually trained by
minimizing the negative log likelihood, and the memnd variance predictions of each of these
base learners was aggregated to give a more ae@ndtbetter calibrated predicted uncertainty.
In this study, these principles were applied to Msdetworks. The predictions of u add were
averaged for each of the LSTM network base learnaking into account both within class and
between class variance, yielding a point predictioticated by mean p and a measure of
uncertainty or prediction spread indicated by varea) .

Rather than varying the architecture of the basebrs or bootstrapping the dataset, which

significantly reduces the amount of data each m@dedined on, the diversity of the base learner
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predictions is solely a result of random initiatinas of parameters and randomly reshuffling the
data. This approach has been empirically foundwe superior performance [212].

4.2.8 Data Analysis

LSTM networks are well suited for the rapid prewictof equilibrium sensor response due to their
ability to learn features without requiring mantedture selection, to learn to distinguish signal
from noise, and to learn long and short-term depeai@s in sequential data, all of which promote
generalizability. Models were implemented in Tef$ow using the Keras API [222] and built-in
LSTM layers. Each LSTM layer was configured to reta sequence of 250 outputs, one for each
input time step. The target output, used to comphgeloss, is the final element of each input
sequence, repeated in a vector with 250 elemeat$ &utput prediction in the sequence is made
having only seen data from the current and pastgieps, so will typically become increasingly
more accurate as the sequence goes on and mofeotiathe input sequence is seen by the model.
The data was first randomly shuffled and split itmeon, validation and test sets at a ratio of B:1:
stratified by BSA concentration. Ensembles of 15ebkarners [223] were trained in turn, by
minimizing the negative log likelihoodcde&f g h ), using softplus activation at the output layer
to ensure predictions are positive, and adam opéation [224]. Ensembles were used to increase
accuracy and prediction stability, and for bettalibzated uncertainty quantification [212,223].
The base learner architecture, informed by limitgperparameter tuning using the validation set,
was the following: 50 input neurons, 1 hidden lawéh 500 neurons, and 2 output neurons. The
maximum and minimum sensor response values actbsisa steps and all examples in the

training set were used to normalize the train,dadlon and test sets, to avoid data leakage.
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4.3 Results and Discussion

The achievable reduction in response time usingptieglictions from an ensemble of
LSTM networks was investigated using the experimletitaset measured by exposing buffered
BSA solutions to PSi biosensors and comparingritigli intrinsic experimental sensor response
time to the response time of the model’s prediction
4.3.1 Experimental Dataset

The experimental dataset of real-time optical mflace measurements collected by
exposing BSA in HEPES buffer at one of 13 differemmcentrations to PSi biosensors is shown
in Figure 4.1 (b, c). PSi reflectance spectra aayaed using the RIFTS method and expressed
in terms of the fractional change in EOT, whicloa# comparison between PSi sensors with
slightly different baseline EOT. These variatiome due in part to the random sampling of the
distribution of pore size and morphology, and sregédltial variations in PSi. It is clear from Figure
4.1 (b, c) that even when concentration is heldstamt there is large variability in equilibrium
response, attributed primarily to the highly val&alnteractions between molecules and the
internal PSi surface rather than variation in P&iser properties. In Figure 4.1 (b), this is
manifested by the range of final equilibrium resgpemfor a single concentration, illustrated by a
single color, and in Figure 4.1 (c) this is captune the sizeable error bars which represent the
standard deviation of equilibrium responses at eacitentration. We note that in Figure 4.1 (c),
the Redlich Peterson adsorption isotherm [176}asgnting imperfect monolayer adsorption and
previously found to best fit the data [78], pro\sdgeneral agreement with the data showing how
the equilibrium fractional EOT change depends o\ BSncentration. For the purposes of this

study, the variation in equilibrium response fagiaen concentration is not a concern; in fact, it
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ensures the equilibrium values in the training daemore uniformly distributed. Additionally,
the approach of using LSTM networks is generaliganld portable to other higher affinity assays
that rely on specific binding, and for which respencurves generated using the same
concentration of target molecules would be muchenotwsely grouped, circumventing this issue.
While this BSA assay has long response times (noé&@195 hours), which even in the
context of PSi biosensors and other platforms letively slow, the focus of this work was the
relative reduction in experimental response tina gredictions from LSTM network ensembles
can provide, rather than the absolute value. Sirsfgles to improve response time for this assay,
in addition to the predictive time-series modelapgproach reported here, include flowing analyte
solution across the sensors rather than using figooation without analyte flow, decreasing the
thickness of the PSi films, and increasing the pixe, all of which promote faster mass transport.
Figure 4.1 (b, c) also demonstrates the non-libeafithe complex molecular adsorption
and diffusion dynamics of BSA in the pores, leadmg response curve with a shape that depends
on concentration, and cannot be accurately fit @wigimple analytical expression, which may be
in part a consequence of the non-uniformity ofgize and morphology of the pores across a given
silicon wafer. For BSA concentrations below 0.4 mb/ the signal to noise ratio (S/N) is

particularly low and there is no systematic diffeze in the final equilibrium response.
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Figure 4.1. Diagram of the multi-channel fluidic cell for highroughput real-time data collected by
exposing single layer PSi sensors to solu-tion89A in HEPES buffer, including the stepper motor,
mounting hub, bottom laser cut plexiglass sheet,sBfSsors, o-rings, top laser cut plexiglass sleed,
inlet and outlet tubing (a). The experimental det&xpressed in terms of the fractional changeQit Hs
shown in both (b) the raw temporal sensor responsges, and (c) adsorption isotherm fit with thellRdn
Peterson model [176] on a log scale. The inset)o$ljows the same data on a linear scale, andrihre e
bars indicate the standard deviation of betweear2b40 measurements for a single concentration.

In contrast, for concentrations between 0.2 mgimal 2 mg/ml, the equilibrium response
is highly correlated with increasing concentratemd S/N also rises accordingly. Finally, at
concentrations above 10 mg/ml, the equilibrium oese plateaus as all adsorption sites in the

pores are filled, and the PSi sensors are saturated
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4.3.2 Comparison of Models

While there are a vast number of models that caagdptied to time series forecasting
problems, many are not well suited for this spedifisk due to the non-stationary nature of the
sensor response data, including autoregressive ARINbdels and Kalman filters. Other
algorithms that rely on fewer assumptions aboutitita including stationarity, such as RNNs and
gated recurrent unit (GRU) networks, were investigaalongside LSTM networks, due to their
flexibility. As part of the neural network familyhey are all universal approximators, and are
consequently able to learn features and relatipsdbetween features rather than requiring feature
selection or prior knowledge of an analytical exgsien to approximate a sensor response.

Figure 4.2 shows the ratio between experimentalitB@s and t90 times of predictions
from LSTM, RNN and GRU models, which equates tofdotor of improvement that predictions
from these models afford, as a function of con@imn. As can be observed, for LSTM, GRU,
and RNN models, the improvements in response tiemeedg from the model predictions are
proportional to the concentration, and by extensgii@nS/N. It is also clear that the LSTM network
predictions have a much greater impact on respiimeethan RNNs and GRUs, with a mean and
median decrease in response time of up to a fattt8.5 and 32, respectively, demonstrating the
importance of enhanced gradient flow in the netwaor@ cell memory to more effectively capture

the long- and short-term dependencies in the seasponse kinetics.
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Figure 4.2. Average factor of improvement of response timepfadictions from LSTM, RNN, and GRU
networks using different concentrations of BSA iBRES buffer: between 0 g/L (control, no protein) to
40 g/L, reporting a) mean and b) median response teduction.

The improvements for LSTM, GRU and RNN predicti@mosiverge as the concentration
of BSA solutions and consequently S/N decreasess. itbecause the flexibility of maintaining
and updating the memory cell, which is supportethieyl. STM network, becomes less important
as sequential real-time sensor response measureimerume less correlated and dominated by
noise sources such as small changes in experimantditions including temperature, humidity,
and vibrations, among others.

4.3.3 Evaluation of Model Performance

Several representative examples of sensor responges from the previously unseen test
set alongside the LSTM ensemble model predictioaslaown in Figure 4.3. The ideal predictive
model response is shown with the dashed line, winitially lies at half the normalized range of
sensor responses, and instantaneously jumps totatiget equilibrium response, with an
infinitesimally small response time. The uncertaioit model predictions is illustrated by the blue
shaded regions, spanning two standard deviationsitber side of the mean prediction of the

ensemble, encompassing 95% of the predicted disoin The model’s predictive ability is
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shown through the quick convergence to the equilibrresponse valuanaking predictions on
relatively few initial time series data points andh low variance for examples with relatively
high S/N (Figure 4.3 (a), (b), and (c)). These I8¢N examples are typically obtained using higher
concentrations. In other cases, particularly fspomse curves with low S/N which correlates with
low BSA concentration, the model predictions taketdonger and a lot more time series data to
converge, sometimes never stabilizing at the coegailibrium response (Figure 4.3 (d), (e), and
(f). Noise sources which reduce S/N include dnift temperature, humidity, and precise
positioning of the experimental setup, as well d@srations. While for this work it was
advantageous to have a range of S/N examples iexihberimental dataset to test the limits of the
model, these noise signatures could be drasticatlyced when using an assay with antifouling
layers and stronger binding affinity. Furthermdies degraded model performance due to poor
S/N was reassuringly accompanied by increased girediuncertainty indicated by the shaded
regions in Figure 4.3. The uncertainty is alwaysaty high as the model is making predictions
on a very small number of data points, but in nuastes decreases over time as more data is
available, the model gains confidence, and praafistbecome more accurate. When deploying
this model, an acceptable threshold of both uniceytand prediction stability would be chosen;
the decision of when to return the test result @ahén be made dynamically according to when
the model output is within these thresholds. Teults in a test time that is never longer than

necessary, which is not the case when a predetednfixed window of data is used for prediction.

100



Figure 4.3.Series of examples of PSi biosensor time-serigzoreses from the test dataset (orange) which
are previously unseen by the model, and correspgnaiodel predictions (dark blue) at every timestep
using only data from the current and all previdosesteps. The shaded blue region is a measuresof th
predicted variance, or uncertainty, in the equilibr response prediction, encompassing two standard
deviations on either side of the ensemble mearnydag 95% of the distribution. The black dotteakliis

the ideal model prediction, which is initially arnmalized response of ~0.5 at t=0 when the modehbas
information about the sensor response, then ingtaoverges to the equilibrium sensor response.

In order to determine the best size of the ensetoblse for this application, the number
of base learners was varied and the accuracy andrle predictions was evaluated on the
validation dataset, which was not explicitly useding training. The ensemble size chosen was
15 base learners: increasing ensemble size beliahdftered negligible improvement in response
time and only served to increase the complexity @mputational burden of the model (Figure

4.4).
101



Figure 4.4. Mean and Median factor of improvement in biosensmponse time realized when using
ensembles composed of different numbers of basedesa

A comparison of the experimental response time rasg@onse time resulting from the
predictions of an ensemble of 15 LSTM networkshisven in Figure 4.5. The standard measure
of the speed of response of a sensor is the t3§) twhich is defined as the length of time taken
for a sensor response to reach 90% of its ultiragtelibrium value. This definition was slightly
modified for this work to account for the possityilof overshooting the equilibrium response, due
to low S/N or initial model prediction instabilitgnd became the time for the sensor response to
settle within 10% of the final equilibrium valuep&ifically, Figure 4.5 (b) shows a histogram
illustrating the distribution of t90 response tinfes the original experimental dataset and the
LSTM ensemble model predictions. The improvementegponse time afforded by the model
predictions is demonstrated through the large shithe overall distribution to lower response

times. However, there are still some predictionedagsponse times that remain high, which can
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be understood with reference to the normalizedawae plot in Figure 4.5 (a). The normalized

variance for each experimental sensor responsee csn whereK§ is the

o W minaion
average predicted variance, or uncertainty, foryetieme point in a given sensor response, and
Response(t=13 hrs) is the corresponding equilibsensor response at the end of the experiment.
Normalized variance is therefore a measure of tbdaks confidence (correlated to S/N); the
linearly increasing trend in Figure 4.5 (a) indesathat when the model performed poorly this was
accompanied by increased uncertainty. An altereatpresentation of the distribution of factor
of improvement in response time provided by the MSietwork ensemble model is shown in
Figure 4.5 (b, c). The ratio of original experima&Ento0 time to model prediction t90 time is
presented in the form of a box and whisker platpahcluding the summary statistics reporting
the mean and median improvement of 18.6 and 5pkotisely.

Further improvement in response time could be aelievith larger or augmented dataset.
To this end, the utility of finite element methdeEM) modeling [64,65] to provide a physics
informed simulated dataset was explored. Howewath tvansfer learning, and a single augmented
training dataset containing experimental exampteweall as FEM simulations, led to decreased
performance rather than higher accuracy. Thiskelytia consequence of the complexity of the
system, which cannot be captured using simulationa sufficiently accurate, timely, and
computationally feasible manner. Additionally, ataeagmentation strategies such as interpolation

could also enhance performance.
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Figure 4.5. Comparison of t90 response times of the unprodesggerimental data and after application
of the model comprised of an ensemble of LSTM nektwallustrated by (a) a histogram showing the two
distributions of t90 response times, and the ratiexperimental to model prediction t90 responseeti
displayed in the form of (b) descriptive statistiogl (c) a box and whisker plot. The higher thigrahe
greater the factor of improvement. Additionally) {acludes the time averaged predicted variance, or
uncertainty, of the ensemble of LSTM networks factesensor response in each bin of the histograia. T
average variance is normalized by the equilibriaue of the sensor response, indicative of S/N.

4.4 Conclusion
In summary, we have demonstrated that ensemblesS®M networks can reduce
biosensor response time by predicting the ultimegeilibrium response, alongside a well
calibrated measure of uncertainty, using a smalhtjty of initial time series sensor response data.
The key advantages of the approach presentedsimvtitk are: indication of the confidence of the
model’s predictions which lays a crucial foundation important safety-related decisions; no

requirement for prior domain knowledge of sensospomse kinetics or manual feature
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engineering; relatively high noise immunity learrgdthe model; generalizability and portability
across different concentrations, systems, and seuatiorms; scalability and high throughput
data collection methodology enabling large datasamsl applicability in tandem with other
response time reduction strategies. Through apicéao an experimental dataset collected by
carrying out a BSA assay using PSi optical biosexgor which mass transport and consequently
response time is a significant limitation, a mead median factor of improvement of 18.6 and 5.1
respectively, was realized. For the majority ofsses in the test dataset, the LSTM networks
accurately predicted the sensor response in 45tasnor less while the average experiment
required nearly 4 hours to reach the equilibriuspomse. The demonstrated dramatic reduction
in biosensor response time sets the stage forrfaséelical diagnostics, improving patient
outcomes and healthcare access, and earlier waohitagins and harmful biomolecules in food

and the environment.
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CHAPTER 6

Conclusions

6.1 Summary

Improving biosensor performance is crucial to megthe global need for robust, cheap,
portable, easy-to-use, and fast-responding poioadd tests with low detection limits in the fields
of medical diagnostics, environmental monitoringg dood safety, particularly in low resource
geographic regions experiencing extreme climatedirin need of such assays. This dissertation
demonstrates the value of a diverse range of madbarning, statistical, and signal processing
techniques as tools to improve biosensor perforemametrics, with a particular focus on lowering
limits of detection; increasing robustness whildu@ng cost and complexity; and faster response
times. First, we showed the utility of signal presg techniques to reduce the detection limit of
optical biosensors, which is often limited by vaismoise sources including those introduced by
the optical measurement setup. Among the plethbsigoal processing pipelines considered, it
was found that applying complex Morlet wavelet colation to Fabry-Pérot interference fringes
characteristic of thin film reflectometric biosensceffectively filters out white noise and low
frequency reflectance variations. Subsequent cationl of an average difference in extracted
phase between the filtered analyte and referegoals enables a significant reduction in the limit
of detection. This method was applied on experiadatdta sets of thin film porous silicon sensors
(PSi) in buffered solution and complex media ol#dirfrom two different laboratories, to
showcase the potential improvement to detectiontdirafforded by this work. Second, we

demonstrated a new biosensing approach to impravestness to harsh environments; reduce

106



cost, complexity, and development time; and poadigtincrease biosensor detection coverage
dramatically. Typically, biosensors are designed detect specific analytes through
functionalization with the appropriate capture @agehlowever, the use of capture agents limits
the number of analytes that can be simultaneouslgcted and reduces the robustness of the
biosensor. To address these issues we designedatilee capture agent free biosensor platform
based on an array of porous silicon (PSi) thindilmwhich has the potential to robustly detect a
wide variety of analytes based on their physical elmemical properties in the nanoscale porous
media. The ability of this system to reproduciblyssify, quantify, and discriminate among three
proteins is demonstrated to concentrations dowat teast 0.02 mg/mL (between 300 nM and
450 nM) by utilizing PSi array elements with a uregcombination of pore size and buffer pH,
employing linear discriminant analysis for dimemsbty reduction and support vector machines
as a classifier. This approach represents a signifistep towards a low cost, simple, and robust
biosensor platform able to detect a vast rangearhblecules. Finally, we showed how response
time of biosensors can be reduced, by using enssmabllong short-term memory networks for
time-series forecasting to predict the ultimateadyestate response of a biosensor, the direct
measurement of which can require waiting many haora much shorter time. The response time
of a biosensor is a crucial metric, particular éfesy-critical applications; however, the speed at
which a biosensor reaches a final equilibrium sgtdten limited by poor mass transport and long
diffusion times. We showed that the predictionsmgembles of long short-term memory (LSTM)
networks from a small quantity of initial time ssidata allows for a significant reduction in
response time by a mean and median factor of ingonewnt of 18.6 and 5.1, respectively. The

ensemble of models also provides simultaneous astimof uncertainty, which is vital if any
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confidence is to be placed in the predictions angent safety-related decisions are to be made on
that basis. This approach is demonstrated on ireal-¢xperimental data collected by exposing
porous silicon biosensors to buffered protein soh# using a multi-channel fluidic cell designed
to expand experimental throughput. The dramaticavwgment in sensor response time achieved
using LSTM network ensembles and associated umagrtguantification opens the door to
trustworthy and faster responding biosensors, emgalapid medical diagnostics for improved
patient outcomes and healthcare access, or quidestification of toxins in food or the

environment.

6.2 Outlook and future avenues

The exploration of applying machine learning todeiosor data, with the objective of
enhancing performance metrics to expand the apiaicapace of current and future technology,
is arguably still in its infancy. There exists aweeservoir of untapped potential in this domain.
This dissertation seeks to elucidate several waywhich machine learning can address and
potentially overcome significant obstacles hindgrithe widespread commercialization and
adoption of biosensors, and provide solutionseatiost pressing problems in the fields of medical
diagnostics, food safety, and environmental momgpr

It is evident that the insights presented in tlgsertation only scratch the surface, aiming
to inspire further ideas on how machine learning @@atively enhance biosensor technologies in
terms of specificity, sensitivity, stability, anegsponse time, by leveraging algorithms for
regression, classification, clustering, dimensiipaéduction, and potentially even reinforcement

learning.
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A major challenge in applying machine learning tosknsors lies in the expensive data
collection process. Although strides have been nradl@s dissertation to address this issue, it is
anticipated that incorporating smartphones foragbtneasurements, rather than relying solely on
spectrometers, could result in orders of magniievth in dataset size. Unlike spectrometers,
smartphones enable the parallel measurement olhamsiarbitrarily large number of sensors,
limited only by the number of pixels in the smadpk image, among other advantages such as
cost and form factor. The ultimate vision is a maeHearning enabled quantitative, sensitive,
specific, fast responding, inexpensive, and poetdiab on a chip”, compatible with a smartphone
for measurement, inference, and interface to dysy@st results. Such systems hold the potential
to democratize high-quality medical diagnostic,d@afety, and environmental monitoring tests,
making them accessible anywhere and administerednlypne, with significantly benefit to

society.
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