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Abstract

Chemical sensors play an important role in our understanding of chemical and biological
systems, providing sensitive and rapid detection of a variety of substrates. Array-based
sensing approaches avoid the ongoing challenge of designing and synthesizing selective
receptors for particular analytes, a labor-intensive process that can frustrate the development
of sensors. Instead, cross-reactive sensor arrays utilize multiple sensing elements that interact
uniquely with each analyte and produce a distinct pattern of responses, enabling identification.
To date, there are a variety of strategies both to gain cross-reactivity and diversity of sensors
required for array-based sensing, and to broaden the scope of analytes for detection. Sensor
arrays constructed using macromolecular components, such as polymers and nanoparticles,
offer an attractive route to the discrimination of multiple, similar analytes, particularly within
the context of biological sensing, where recognition over large areas is often required. Here,
we focus on macromolecular sensing arrays underpinned by optical detection methods, which
can enable rapid, sensitive detection of a range of analytes. We discuss the current state-of-
the art and explore the challenges to be overcome in translating exciting scientific advances
to applications beyond the laboratory.
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1. Introduction

Chemical sensors have enabled improvements in our understanding of many biological and
natural processes." There are a great number of sensors that have been developed to study
cells and tissues, to understand and monitor cellular function? and to investigate metal and
redox homeostasis,®* drug uptake® and disease progression.® Furthermore, optical sensors
are also a promising strategy for the detection of contaminants in the environment.” Natural
receptor species such as enzymes, antibodies and other proteins are often a source of
inspiration for chemists when designing sensors capable of analyte recognition, on account of
their unparalleled selectivity.® Chemical sensors can also be categorized based on the sensing
approach (specific lock-and-key® vs cross-reactive sensors),'® the sensor material (e.g. small
molecule vs macromolecule) and signal output (electrochemical, thermal and optical).'®"
Judicious selection of the respective sensor elements can address the demand to create new
sensors that enable rapid, robust, inexpensive and sensitive detection. The goal of this review
is to provide a general overview of macromolecular optical sensor arrays and the current
status of the field. Initially, we present a brief overview of each focus area, namely optical



sensing techniques, array-based sensing and polymeric sensing materials, followed by a
detailed discussion of the statistical techniques which underpin array-based sensing
methodologies. In subsequent sections we examine recent studies that utilize different
strategies for array design. Finally, we discuss the future directions of macromolecular optical
arrays in chemical sensing.

1.1 Optical sensing - A key function of a sensor, in addition to analyte recognition, is the
generation of a detectable signal. In some cases, the recognition unit is attached to the
reporter element (Figure 1a), while in other examples the sensing element can play the role
of both recognition and signaling (Figure 1b).">"® For optical sensors, the reporter is either a
chromophore or fluorophore, and detection involves the absorption and emission of infrared,
visible or UV-light, and a change in either the intensity or wavelength of light upon analyte
binding. The attractiveness of optical sensors lies in both their sensitivity, and the broad range
of readily-accessible optical elements. Optical sensors using colorimetric'” or fluorometric
responses’® generally enable rapid detection and can provide considerable flexibility as an
analytical technique.’®'® In some cases, fluorescence based-measurements allow for
detection of analytes at the single-molecule level.?’ These types of responses can be used in
a variety of systems, for example in indicator displacement assays?' or analyte-directed
aggregation techniques.?? The properties of these materials have been well-studied and are
tunable, and sensors can be selected based on desired properties such as wavelength of
absorbance/emission, quantum yield, ease of synthesis or capacity for selective recognition.?®
Environmental sensitivity to aspects such as ionic strength, pH and polarity can cause
aggregation and subsequent enhancement or quenching of a response.?*?° Thus, the
versatility and broad scope of optical reporters makes them ideal candidates to produce a
detectable signal upon analyte binding.

1.2 Approaches to analyte detection - Sensors can be broadly defined as operating using
one of two primary mechanisms for analyte detection: reactivity- and reaction- based
sensing.?® Reactivity-based sensors, or chemodosimeters, rely on a selective chemical
reaction between the analyte and the sensing element to produce a dose-dependent
response.?’” The process of analyte recognition is irreversible, with the sensor effectively
consumed during detection.

Recognition-based sensors harness supramolecular interactions between the analyte and
the recognition domain of the sensor to facilitate detection.® Interactions between the sensor
and the analyte are reversible, and the sensitivity of the system is determined to a significant
extent by the Ky of the sensor-analyte interaction.

Indicator displacement assays (IDAs) are a popular route to analyte detection, presenting a
convenient method to obtain an optical read-out from a receptor.?®2° In an IDA, an indicator is
reversibly bound to a receptor, and competitive binding with an analyte will displace the
indicator from the host, leading to an optical change of the indicator (Figure 1c). IDAs have
been developed for a wide range of analytes, but it may be difficult to distinguish between high
concentrations of weakly displacing analytes and low concentrations of strongly displacing
analytes. IDAs lend themselves well to array-based sensing, since multiple receptor-indicator
pairs of varying affinities can be used to detect analytes.***2 Multivariate analysis of a system
takes into account multiple responses: for example, multiple absorbance and fluorescence
wavelengths and fluorescence anisotropy. The combination of these responses may yield
more information about displacing analytes and allow them to be discriminated.

The macromolecular optical sensor arrays reported to date have largely focussed on
recognition-based sensing or indicator-displacement, and these systems will be the primary
focus of this review.
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Figure 1. Schematic representation of a) a modular optical sensor containing a receptor with
recognition ability, attached to an optical reporting element, b) a sensing element capable of both
recognition and subsequent signaling, c) an indicator displacement assay (IDA), d) a ‘lock-and-key’
fluorescent sensor with selectivity for a particular analyte and e) an array of cross-reactive fluorescent
sensors which produces a fingerprint response for each analyte.

1.3 Single sensors vs array-based sensors - The detection of analytes in complex systems
is an ongoing challenge in chemical sensing due to the presence of interfering analytes. To
date, the majority of sensing systems have been designed using the traditional ‘lock-and-key’
approach, in which a sensor is designed to be highly selective and specific for a single analyte
of interest (Figure 1d).>® Whilst presenting a valuable feature for analytical tools, highly
specific analyte recognition is not always achievable. From a design standpoint, the creation
of these highly selective sensors can often be time consuming and expensive, particularly for
application in complex solutions such as biological or environmental samples. Additionally,
when moving from analytical studies to practical applications, retaining this specificity is often
challenging due to the presence of similar, competing analytes.® Furthermore, this sensor
design requires the preparation of a unique sensor for each analyte. Recently, differential
sensor arrays have gained attention, as they can address some of these difficulties.®*>* These
systems enable the discrimination of multiple, potentially similar, analytes through the analysis



of interactions with numerous cross-reactive sensing components.®® Rather than being
specific or selective for a particular analyte, interactions create a unique pattern, or
‘fingerprint’, of responses between all sensors and analytes (Figure 1e). If the combination of
responses is sufficiently distinct, pattern-recognition strategies can be used to identify and
distinguish multiple analytes. Thus, sensors with good cross-reactivity are beneficial in a
sensor array approach and can avoid the issues associated with designing sensing elements
with high selectivity.

Differential sensor arrays consider the simultaneous interactions of multiple analytes in an
entire system and can therefore monitor overall changes in complex mixtures, a feature which
is particularly well suited to analysis of biological systems.***® Cross-reactive arrays are also
advantageous in that they are hypothesis-free, meaning that individual interactions between
sensors and analytes do not need to be understood to interpret results, facilitating the rapid
development of sensor arrays to address emerging analytical challenges. Array-based
sensing systems have been reported for a broad range of systems, including analysis of
volatile organic compounds and explosives,*~° food and drink analysis,***'*2 environmental
monitoring**~*° and to probe biological systems.*68

1.4 Polymeric receptors — The design of sensor arrays requires the careful selection of
sensor materials to ensure stability, system compatibility and recognition ability. A range of
sensor arrays have been reported using small molecules,**** proteins,*’® nanomaterials,**-
%2 quantum dots,* and polymers'® as sensing elements. In this review we focus on the use of
synthetic polymers as recognition elements. Macromolecules, in particular polymeric
materials, often provide a robust and inexpensive method of producing sensing elements.>*
Advances in the controlled synthesis of polymers have enabled good control over the
composition, dimensions and molecular architecture of the resultant materials, offering
attractive candidates to act as sensor elements.'>**%® This synthetic control allows robust
functionalization with reporter elements, such as chromophores or electrochemical elements.
It also enables the fine-tuning of the hydrophobic and electrostatic properties of polymers,
which proves useful for modifying these principal interaction mechanisms and controlling
water solubility.® Furthermore, robust tunability of polymer size enables the construction of
optimally-sized recognition surfaces with multiple interaction sites, presenting the necessary
cross-reactivity for array-based detection.®” Polymeric receptors are particularly appealing in
the context of biological sensing, as they can enable multiple recognition events over large
area scales, such as those encountered in proteins, bacteria and cell surfaces.®%°
Incorporating these multivalent interactions into the design and synthesis of polymeric
materials opens up an exciting opportunity to produce inexpensive diagnostic tools for
biological macromolecules. In addition to presenting attractive receptor species, polymers can
also offer a matrix to deposit or ‘dope’ small molecule recognition elements upon, allowing the
construction of sensor arrays with desirable solubility and lipophilicity.

2. Analysis using multivariate statistical techniques

Cross-reactive sensor arrays generally contain multiple sensing elements and analytes,
yielding large data-sets of high dimensionality.”® In principle, each additional sensor
contributes to the ability of the array to distinguish different analytes, but also leads to higher
dimensionality, creating challenges in data visualization and interpretation.®® Multivariate
statistical techniques are commonly used to identify trends and predictability in data-sets and
improve the analysis and presentation of multidimensional data-sets by reducing
dimensionality (Figure 2a).

2.1 Multivariate statistical analysis

In general, analysis of cross-reactive arrays utilizes two classes of statistical methods:
descriptive and classification techniques.'®" Descriptive analysis generally uses
unsupervised techniques, meaning analyte class information is withheld and the analytical
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Figure 2. Schematic representation of a) a high dimensional data set (3% sensors, 4x analytes, 4x
replicates) reduced to two dimensions through multivariate statistical analysis, b) a HCA bottom-up
agglomerative approach and the resulting dendrogram illustrating the connectivity of data points, c)
PCA method of determining the center of the data, projecting points onto a new vector and calculating
the maximum variance and thus best-fitting line, d) LDA method of projecting points onto a new vector
F1 that fulfils the criteria of maximizing the ratio of between-class to within-class variance, e) the SVM
optimization process: the decision boundary (solid line) is optimized in an iterative process to
discriminate classes while maximizing the size of the margin (dashed line), f) Use of an ANN for
classification: the total input for the threshold unit is the weighted sum of all inputs. A transfer function
is applied, and the output function is defined as 1 or 0 depending on whether or not it exceeds a
threshold value. The threshold unit can classify points that are separated by a hyperplane (dashed line).
Blue points correspond to data points assigned a value of 0, and red points to those assigned values
of 1 by a threshold unit.

method is tasked with identifying trends and extracting elements that best cluster the data.®’
Since unsupervised techniques are unbiased towards analyte class, they use relatively simple
algorithms to describe general trends in data sets, present a qualitative evaluation of whether
classes are well-separable, and provide information about relationships amongst samples to
identify redundant sensing elements. While descriptive techniques can provide useful
information when evaluating datasets, they are less effective at predictive analysis, limiting
the ability of the array to identify unknown interactions.

In contrast, classification analysis involves supervised techniques, which utilize analyte
class information in order to distinguish data according to these classes. The ability to identify
each replicate as the correct analyte is known as the classification accuracy. An algorithm is



developed during analysis of the ‘training set’, which can then be used to assign unknown
samples into a class. The classification accuracy of both known and unknown samples
indicates both the effectiveness of the algorithm and whether the system requires further
training or additional sensing elements. Algorithms with accurate predictive power can be
difficult to achieve and require a large number of samples to create an effective training set.

Thus, classification techniques are often supplemented by initial descriptive analysis to
optimize the composition of the sensor array prior to classification analysis. The detailed
calculations involved in statistical analysis techniques for cross-reactive sensing have been
well described and we therefore include only a brief overview of the most commonly-used
techniques."

2.2 Hierarchical Cluster Analysis (HCA)

HCA is an unsupervised descriptive technique that describes a data-set using a discrete
number of steps to forms clusters of data. ® Cluster formation obeys a chosen metric of
dissimilarity (Euclidean distance or Mahalanobis distance, which are distance metrics in
multivariate space®), either by a top-down divisive approach which successively divides
clusters based on differences until no clusters remain, or a bottom-up agglomerative approach
which forms clusters by pairing nearest-neighbor points based on similarities until all clusters
are merged.% The latter is more common in sensor arrays, where each data point is treated
as its own cluster with no variance, and clusters form by pairing neighboring data points whilst
minimizing the variance (Figure 2b).%? Data is often presented as a tree-like dendrogram, with
the metric for distance/dissimilarity on the x-axis, and clustering/connectivity on the y-axis. In
array-based sensing, each data point represents an analyte, with clustering indicating which
analytes are similar to one another and distance representing how similar they are to each
other.

There are, however, a number of limitations to the method, primarily the fact that HCA has
no predictive ability for unknown data. Furthermore, dendrograms need to be recalculated to
include any additional data points and can be susceptible to misinterpretation (for example,
the order of clusters already connected in a dendrogram may be swapped without any
meaningful change to the dendrogram). HCA remains a useful technique for descriptive
analysis, presenting a clear indication of similarities between data points in an easy to visualize
manner and semi-quantitatively identifying trends in large-data sets.®

2.3 Principal Component Analysis (PCA)

PCA is another descriptive technique that is used as a tool for dimension reduction of
datasets and for reducing the number of sensors in an array, whilst retaining discriminatory
power. PCA involves the calculation of a set of orthogonal eigenvectors using linear
combinations of the original dimensions. The new dimensions are known as principal
components (PCs) and are calculated to retain the maximum variance within a data-set.®® The
first PC lies in the direction of the highest variance, meaning that data vary the greatest amount
across that dimension. This process can be more easily explained in a simple two-dimensional
case with six variables (Figure 2c).6"® Firstly, the center of the data is determined by
calculating the average measurement of all variables and the data is shifted so this average
becomes the origin. A best-fitting line is plotted that intersects the origin and each point is
projected on to this new vector. The best-fitting line contains the maximum variance and is
determined by calculating the maximum sum of the squared distances of each data point from
the origin. Each subsequent PC is orthogonal and calculated, following the same criteria, as
the dimension with the next largest variance.

PCA is a useful technique for reducing the dimensionality of multi-dimensional data-sets, as
the first few PCs concentrate the majority of information and data can therefore be presented
in lower dimensional space. Score plots of the first few PCs allow high dimensional data to be
more easily visualized and interpreted. Typically, the number of PCs extracted will be
adequate if they account for 95% of the variance.

A closer interrogation of the PCA corresponding to a sensor array may also help to identify
redundant or highly correlated sensors. Loading plots project the contribution of each sensing



element as a vector along each PC.?® The sensing elements with the lowest contribution to
the first few PCs can potentially be removed without significantly affecting the discriminatory
power of the array. Additionally, sensing elements that contribute similar loadings to each PC
and are highly correlated may also be redundant. Re-applying PCA to the reduced array will
produce a new set of PCs and evaluating the variance across these PCs will indicate if the
analysis is still adequate without these sensing elements. This ability to pre-screen larger
libraries of sensor elements and subsequently minimize the number of elements to a simpler,
more experimentally-convenient system is a major benefit of PCA.

PCA is an unsupervised technique, meaning that PCs are extracted without any bias
towards analyte class. Thus, if the analysis shows obvious clustering of analyte classes, one
may qualitatively say that a supervised technique is likely to have high classification
accuracy.'® The inverse, however, is not necessarily true, and data that is poorly separable by
PCA may still have high classification and discrimination ability. Overall, PCA is useful for
identifying optimal sensing elements and general trends in large data sets, but a better-
optimized classification technique is preferable for further discrimination and classification
studies.

2.4 Linear Discriminant Analysis (LDA)

LDA is a classification technique, and similar to PCA, is a dimension reduction method
involving the construction of a set of orthogonal, linear combinations that represent the original
data and concentrate this information in a minimal number of dimensions. In contrast to PCA,
LDA is a supervised technique and retains information about analyte class during the
construction of the classification algorithm.”® Using an analogous two-dimensional case with
six variables, a particular vector (F1) is calculated, and each data point is projected onto this
vector (Figure 2d). This new dimension, F1, is optimized by a specific criterion using known
class information. Specifically, the dimension is a linear combination of variables selected to
maximize the distance between sample means (us and uz2) and minimize the separation within
classes (s1 and s) (Figure 2d).”" Each subsequent dimension or ‘factor’ is orthogonal to the
previous dimensions and similarly obeys the same criteria; to maximize the ratio of between-
class variance to within-class variance.

A major benefit of LDA as a classification technique for sensor arrays is its predictive
ability.® Initially LDA creates a mathematical algorithm, constructed using a training set, that
can be validated with unknown samples. A set of sample variables can be left out during initial
analysis, and the accuracy of the model determined by how successfully it classifies these
removed variables. Alternatively, a cross-validation method may be used to test the predictive
power of an array. A common cross-validation technique is leave-one-out (or jack-knife) cross-
validation, where one sample is removed, and the discriminant function is recalculated.” The
removed sample is then used to test the model, to determine whether the algorithm can
accurately identify the sample without knowing its analyte class. The process is repeated using
all samples one at a time, to determine a cross-validation accuracy. Other cross-validation
methods involve removing subsets of data and repeating a similar process.

LDA score plots allow for a visual evaluation of class clustering and the degree of
discrimination. The majority of the information within a data-set can be presented by plotting
the discriminant scores against the largest factors. The inclusion of 90-95% confidence
intervals further highlights how well analyte classes are discriminated, and are often included
in sensor array applications.***®73 Other useful outputs from LDA include confusion matrices
and loading scores.”* A confusion matrix presents accurate classifications on the main
diagonal, misclassifications on the off-diagonal, and allow easy identification of analytes that
are being commonly misclassified. Loading plots illustrate how each sensing element in an
array contributes to each discriminant factor. Sensing elements that have poor loading scores
for the first few discriminant factors may be unnecessary, as they are only contributing a small
amount to discrimination.”® LDA is the most commonly utilized supervised technique in recent
sensor array applications.

2.5 Support Vector Machines (SVMs)



Support vector machines are supervised machine learning models that enable classification
within datasets.' The technique focusses on identifying decision boundaries that separate
classes. These decision boundaries, or ‘hyperplanes,” are defined and improved through
multiple optimization cycles to maximize the distance between clusters and minimize
misclassification errors. Optimization focuses on a small subset of data points, those close to
the decision boundary, with these points defined as support vectors (Figure 2e). Data points
that are not linearly separable can be mapped to higher dimensional feature space through

the application of a weighting function, a process known as ‘kerneling’.”®

SVMs can offer advantages over discriminant analysis in that there is no requirement for large
training sets in order to enable effective discrimination. SVMs can function with small sample
populations, since only data points close to the decision boundary need to be considered.
SVM models have been optimized to function with multivariate datasets, and can be used very
effectively in array-based sensing applications.

2.6 Artificial Neural Networks (ANNs)

Artificial neural networks mimic early models of sensory processing, by simulating a network
of model neurons.”” Each model neuron, or ‘threshold unit processes information from
multiple sources and reports a binary outcome based on the weighted sum of these inputs in
relation to a programmed threshold value (Figure 2f). Each threshold unit defines a
hyperplane, which separates input values which satisfy threshold conditions from those that
do not. Classification problems where two classes can be separated by a hyperplane can be
solved by a threshold unit, if the weighting factors and threshold have been appropriately set,
usually through a machine learning process where the threshold unit is supplied with a training
dataset for which classification is known. More complex linearly inseparable classification
problems can be solved by the introduction of more threshold units in a layered arrangement
known as a feed-forward network. These networks contain an additional layer of ‘hidden’
threshold units which partially classify inputs and direct their outputs to a third layer of
threshold units that combine partial classifications to produce a final output.

ANNs present some advantages over other classification techniques for the processing of
sensor array data. While more commonly-used methods like PCA and LDA provide descriptive
analysis or classification, ANNs can be designed to provide similar descriptive outputs, or to
provide regression results, enabling outputs consisting of continuous rather than discrete data.
The type of output is specified by the function applied at the final layer: classification tasks use
probability related functions, while regression task employ linear functions.”® ANNs can also
process non-linear input values more effectively than other techniques, by using a combination
of threshold functions. This feature presents an advantage for chemical sensing systems
where signal responses may not be linearly related to inputs (e.g. analyte concentration) over
the range of input values.®

When using ANNs, however, the user must be vigilant towards the possibility of ‘overfitting,’
arising when small datasets are fitted using functions with too many parameters.”” Overfitting
can lead to large variations in output arising from small variations in input data. Strategies to
avoid overfitting include regularisation of data, averaging over multiple networks and using
Bayesian statistical tools.”*®° ANNs should also be rigorously evaluated, either through testing
on independent datasets, or through cross-validation procedures.

3. Strategies for the production of macromolecular optical sensor arrays

In this review, we have considered examples of sensor arrays that exhibit good analyte
discrimination, as well as unique ways to achieve diversity in sensor elements and effective
utilization of multivariate statistical techniques. Four main classes of polymeric materials that
have been utilized frequently in optical sensor arrays are featured: conjugated polymers;
polymers modulated with fluorophores and chromophores; molecularly imprinted polymers;
and polymer films. Each of these polymer materials is discussed with a focus on recent studies



that utilize them effectively in sensor array systems, highlighting examples that move into
applications beyond the laboratory.

3.1 Conjugated Polymers - Conjugated polymers are macromolecules that contain
alternating single and double (or triple) bonds along their backbone, resulting in extended
delocalization of p-electrons, which gives rise to the optical properties of these polymers.®'
Fluorescent conjugated polymers contain this extended conjugated chain, and interactions
with analytes at one or more sites can be amplified across the entire polymer system, resulting
in fluorescence quenching.'®® Many conjugated polymers with varying backbones have been
utilized as sensing elements in arrays, including poly(p-phenylenevinylene)s,®® poly(p-
phenyleneethynylene)s,'® polyfluorenes® and polythiophenes.?® Poly(p-phenylenevinylene)s
(PPVs) are synthesized via a number of methods, the predominant method being the Wessling
polymerization route, involving the polymerization of p-xylylene precursors generated by the
base-induced elimination of p-xylene derivatives.®® Poly(p-phenyleneethynylene)s (PPEs) and
poly(p-aryleneethynylene)s (PAEs) are synthesized by Sonogashira coupling,®® and
polyfluorenes are generally prepared by Suzuki coupling” or less commonly by Yamamoto
coupling.®® Polythiophenes can be accessed by chemical oxidation polymerization and metal-
catalyzed polycondensation.®
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Figure 3. a) PPE sensors P1-P9 with various pendant arms enabling diverse analyte recognition. b)
Three-dimensional LDA score plot obtained from the fluorescence responses of P1-P6 against 17
protein analytes. Reprinted (adapted) with permission from J. Am. Chem. Soc. 2007, 129 (32), 9856—
9857. Copyright (2007) American Chemical Society. ¢) Two-dimensional LDA score plot of the
fluorescence responses of four different cancer cell lines using fluorescent polymers P2, P5, P7 and
P8. Reprinted (adapted) with permission from J. Am. Chem. Soc. 2010, 132 (3), 1018-1022. Copyright
(2010) American Chemical Society.

Conjugated polymer sensors can produce optical responses to analytes either by the
incorporation of receptor groups or by relying on the inherent electrostatic and chemical
properties of the polymers.'>®® Cross-reactive response to analytes can be achieved by
creating conjugated polymers that incorporate various pendant arms into the polymer scaffold,
such as charged groups or polar side chains, to create diversity along the polymer backbone.?®
These diverse functional groups can participate in various electrostatic and hydrophobic
interactions with analytes. This multivalent capacity of conjugated polymers makes them
particularly suitable for sensing macromolecules with large recognition surfaces, such as
proteins,® cell surfaces’ and other biomolecules.®*®' Furthermore, functionalization at



pendant sites along the backbone can modify the solubility properties of conjugated polymers,
enabling detection in a range of media.

Elegant work by Rotello and co-workers demonstrates the potential of this approach, with
their protein-sensor array comprising six PPE sensors, P1-P6 (Figure 3a)."®”® PPEs were
functionalized with various charged residues to both increase water solubility and target
binding of protein surfaces. This array could classify 17 proteins based on differences in their
metal cofactors, molecular weight and isoelectric point (pl), with 100% accuracy using a LDA
cross-validation routine (Figure 3b)."

Later work by the group utilized a similar PPE sensing system to discriminate healthy,
cancerous and metastatic cell types.” This array contained most of the PPE sensors from
their 2007 work, along with three additional PPE sensors with different cationic and polar side
chains, P7-P9 (Figure 3a). The environmentally-responsive polymers interact with
various lipids, proteins, and polysaccharides on the cell surface, leading to variations in
polymer fluorescence, attributed to differences in aggregation behaviour. Furthermore, by
identifying which polymers contributed to the most discrimination in LDA, the complexity of the
system could be reduced to just four polymers (P2, P5, P7 and P8). Remarkably, using this
optimized array, LDA could discriminate four phenotypically distinct cancer cell lines with
100% accuracy (Figure 3c), and 3 isogenic cell lines (normal, cancerous and metastatic) with
94% accuracy. This work highlights the versatility of array-based sensing: optimization of the
sensing system enabled the discrimination of subtle differences within protein analytes and
varied cell types.

Lavigne and co-workers utilized polythiophenes, another class of conjugated polymer, to
discriminate various structurally similar amines.??#'*2 The polythiophene sensor P10 included
a carboxylic acid functionality (Figure 4a), and produced a unique optical response across the
visible spectrum upon addition of various amines. This single-sensor array achieved
discrimination by using a combination of nine different absorption wavelengths, and initial
studies were able to discriminate six structurally similar amines.?? LDA classified each amine
at five concentrations using leave-one-out cross-validation with 99% accuracy.
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Figure 4. Polythiophene sensors a) P10 with a carboxylic acid functionality used to discriminate various
amines.?>*' Reprinted in part with permission from J. Am. Chem. Soc. 2005, 127 (15), 5695-5700,
Copyright 2005 American Chemical Society; Org. Lett. 2007, 9 (17), 3217-3220, Copyright 2007
American Chemical Society; and b) P11 containing a quaternary ammonium side chain.®® ¢) Three-
dimensional LDA score plot of the absorbance responses of P11 with 15 nucleotide
phosphates. Reproduced with permission of the Royal Society of Chemistry, from Chem. Commun.
2009, 405 (31), 4696—4698; permission conveyed through Copyright Clearance Center, Inc. Copyright
2009 Royal Society of Chemistry.

In subsequent studies, the group extended the range of analytes to include an additional 16 amines.*'
These amines included biologically relevant amines such as histamine and tryptamine, which are
proposed neurotransmitters, or structurally similar amines like aniline, pyridine and 2-aminopyridine.®’
Impressively, LDA distinguished all 22 amines with 97% cross-validated accuracy. The change in
absorbance profile was attributed to intramolecular interactions between polymers causing main-chain
twisting, and analyte-directed aggregation causing scattering at longer wavelengths. These studies



highlight the benefits of using conjugated polymers in array-based sensing as they can exhibit multiple
mechanisms of interaction.

Shi and co-workers also utilized polythiophenes in a sensor array, taking advantage of electrostatic
and hydrophobic interactions of the conjugated polymer.?® Interactions with various analytes led to
changes in both the conformation and aggregation of the polymeric backbones, thus altering the
absorbance profile. In this case, a single polythiophene sensor P11 (Figure 4b), containing a quaternary
ammonium side chain, could discriminate 15 nucleotide phosphates (adenine, uracil, guanine, cytosine
and thymine with one, two and three phosphate groups.) Discrimination was proposed to arise from a
combination of ionic-self-assembly processes between ammonium side chains and phosphates,
leading to ordered phases within the poly(thiophene) structure, and aggregation facilitated by analyte
addition. LDA of the resultant absorbance profiles allowed for the differentiation of 15 nucleotide
phosphates with 100% accuracy, using a leave-one-out cross-validation strategy (Figure 4c).

Polycyclic aromatic hydrocarbons (PAHs) are persistent environmental pollutants that damage
human health, creating a need for reliable and sensitive detection methods.”® Bonizzoni and co-workers
recently reported a series of six polyfluorene copolymers to discriminate a library of PAHs. They
attributed the differential recognition between the polymers and analytes to the inner filter effect (IFE).
The IFE arises when excitation or emitted light is absorbed within the sample, either by the fluorophore
itself, e.g. in a highly concentrated solution, or by another absorber. For example, the presence of a
PAH with an absorbance spectrum that overlaps with the excitation spectrum of the polymer sensor
reduces the amount of input excited light, and therefore the emission intensity of the fluorescent polymer
(Figure 5a). Each polymer sensor in the series, P12-P17, has a unique spectral fingerprint due to the
inclusion of a 2-phenylbenzimidazole optical modifier and either phenylene or thiophene co-monomers
(Figure 5b). Each PAH differs slightly in its absorption spectrum and can act as an optically dense
absorber through the IFE, causing slight differences in the fluorescence quenching of each polymer
due to unique regions of spectral overlap. Taking advantage of this IFE, when the absorbance profile
of the 6-series polymer system was subjected to LDA, the analysis could discriminate 16 different PAHs
with 100% accuracy.

Subsequent work by the same group also used the IFE and conjugated copolymers to
discriminate 12 azo dyes.® This system comprised 3 polyfluorene copolymers, P18-P20, with
various conjugated comonomers of ethylene, thiophene and bithiophene, creating a diverse
range of absorbance profiles (Figure 5c). The azo dyes act as dense absorbers, with
sufficiently unique spectral overlap with each conjugated copolymer to create a differential
response. Multiple absorbance and fluorescence measurements in the regions of greatest
spectral overlap were examined using LDA, enabling complete discrimination of the dyes. The
authors demonstrated the impressive sensitivity of the system by examining the dyes at a
concentration commonly encountered in wastewater of 500 nM. At this concentration, the
absorbance signals of the dyes alone are too low to effectively detect and discriminate them.
However, when utilized in the array system at this concentration with the inclusion of both
absorbance and fluorescence changes of the three polymers, all 12 dyes were successively
discriminated. The sensitivity of these measurements highlights the advantage of
fluorescence-based detection, which enables identification at concentrations beyond the limit
of a colorimetric technique.

Schanze et al. used meta- and para-linked PPEs and polythiophenes in homopolymer and
copolymer sensors to create initial structural diversity, and variant pendant arms to generate
charge diversity.®* The conjugated polymer array could discriminate seven proteins with
varying pl and molecular weight by measuring the variation in protein induced aggregation of
the six polymers, through fluorescence correlation spectroscopy. Jiang and co-workers used
combinations of PPEs and polythiophenes as sensors, using interaction-based fluorescence
responses to discriminate various nitroaromatics.*® Polcha and co-workers introduced
combinations of fluorene, vinylene, anthracene and benzothiadiazole units along the polymer
backbone to obtain the sensor diversity necessary to discriminate various explosives.®* The
clear advantage of modifying the conjugated units along the polymer backbone is the variation
in fluorescence properties of each polymer. In particular, the unique fluorescence and
aggregation properties of different polymer backbones provides a useful platform for cross-
reactivity and thus differential sensing applications.®®
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Figure 5. a) An illustration of the spectral overlap between analyte and a sensor necessary for the
detection of PAHs through the IFE. Reproduced with permission of the Royal Society of Chemistry,
from Chem. Sci. 2019, 10 (44), 10247-10255; permission conveyed through Copyright Clearance
Center, Inc. Copyright 2019 Royal Society of Chemistry. b) Conjugated polymer sensors P12-17 used
in an array to discriminate PAHs and c) Conjugated polymer sensors P18-P20 with various conjugated
co-monomers.®® Reprinted (adapted) with permission from ACS Sensors 2020, 5 (6), 1541-1547,

Copyright 2020 American Chemical Society.

By far the most comprehensive studies using conjugated polymer sensors in optical arrays
have been performed by Bunz and various co-workers. Since 2005, the Bunz group has
published over 20 papers in the area, both with a variety of polymer systems and a diverse
library of analyte systems. The most prevalent conjugated polymers to appear in their sensor
arrays are PPEs and PAEs. With a range of polymer analogues, array studies have focused
on sensing diverse analytes including organic acids,® carboxylic acids,® nitroaromatics,®’
flavonoids,®® amino acids,*'% phosphates,'" nitroarenes*® and saccharides.'®® In addition to
small molecule analytes, the group have also demonstrated progress towards using
polyelectrolytes to study complex mixtures, with various sensor arrays able to discriminate
antibiotics, ' whiskies,* anti-inflammatory drugs, fruit juices,'® syrups and honeys.'® It is
remarkable to see such a diverse range of studies and the broad scope of analytes identified
using small libraries of conjugated polymers. This success may be attributed to the fact that
they have exploited the numerous interaction capabilities of conjugated polymers and
balanced these interactions in finely optimized sensing libraries.

A key strategy in the work of Bunz and colleagues involves the use of a combination of
positively-charged, neutral and negatively-charged functional arms. lonic interactions between
polymers and analytes can provide the cross-reactivity necessary for effective discrimination.
For example, in 2017 the group reported a study to discriminate different whisky brands and



blends.* Initially they screened a library of 22 different PAEs, of which nine were positively-
charged, four were neutral and nine were negatively-charged. Using PCA, the array could be
reduced to just 3 elements: one positively-charged and two negatively-charged polymers,
P21-P23 (Figure 6a). Elimination of the charge-neutral polymers suggests that electrostatic
interactions play an important role in discriminatory capacity. Using this small 3-element
tongue, LDA was able to discriminate 24 different types of whisky with 99% cross-validation
accuracy.

Electrostatic interactions can also be employed to distinguish analytes through the formation
of complexes between different conjugated polymers. Additional work by Bunz and colleagues
illustrated this approach using five complexes, comprised of one positively-charged PAE, P24,
and five negatively-charged PAEs, P25-P29 (Figure 6b).”> Complexation of P24 with each
negative PAE caused a different degree of quenching. The addition of various organic acids
either caused quenching by further complexation or enhanced the fluorescence by disrupting
the PAE complex. With just five complexes, LDA could discriminate 13 different organic acids
with 94% cross-validation accuracy.
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Figure 6. PAE sensors with various functionalities R-R4, a) P21-23 used in an array to discriminate
different whiskies;* reprinted (adapted) from Chem 2017, 2 (6), 817-824, Copyright 2017, with
permission from Elsevier; and b) P24-P29 utilized in an array to discriminate different organic acids;*
reprinted (adapted) with permission from Chem. Eur. J. 2016, 22 (10), 3230-3233, Copyright 2016 John
Wiley and Sons.



Another well-explored strategy by Bunz and co-workers to increase discrimination involves
creating multiple pH channels for each sensing element. Many of the analytes that exist in
biology and nature vary their behavior with pH. We can therefore also expect that sensor-
analyte interactions will also be affected by environmental pH. This effect is highlighted by
recent work in the Bunz group on distinguishing flavonoids, which are polyphenols abundant
in many foods and drinks.%® This study used three PPEs and two poly(tetraphenylethene)s
(PTPEs) with diverse pendant functionalities (Figure 7a). The emission spectra of the five
polymers were recorded at different pH values (pH 4, 7 and 10) in the presence of each
analyte, effectively giving a 15-element array. LDA confirmed successful discrimination of 11
flavonoids. Through PCA, six key elements were identified as contributing most significantly
to the discriminatory power of the array. LDA of the optimized 6-element array could effectively
discriminate all 11 flavonoids, including clustering of sub-populations of structurally similar
flavonoids, further illustrating the structural sensitivity of the array (Figure 7b). Notably, the
work also includes structure-activity relationship studies of the hydrophobic and electrostatic
behaviour of the conjugated polymers, exemplifying the important role both types of
interactions play in the discrimination of analytes. These studies highlight how increasing
understanding of the molecular recognition events underpinning complexation can enable
effective optimization of sensor arrays.
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Figure 7. a) PPE and PTPE sensors P29-P33. b) Two-dimensional LDA score plot of the fluorescence
responses with 11 flavonoids. Reprinted (adapted) with permission from ACS Appl. Polym. Mater. 2019,
1(6), 1301-130798. Copyright 2019, American Chemical Society.

The discriminatory power of conjugated polymer-based arrays can be increased by using
other non-covalent interactions in addition to electrostatic interactions. PPEs contain aromatic
units along the polymer backbone, capable of undergoing (-1 stacking interactions.'® Bunz
and co-workers explored these interactions in their recent work discriminating 13 nitroaromatic
compounds, including known explosives or compounds used in their preparation.®” They
sought to increase recognition of these electron-poor aromatic species by developing an array
of electron-rich PPEs. Sensors P34-P37 exhibited conjugation that extended beyond the
backbone through appendage of benzylic side chains to two of the polyelectrolytes (Figure



8a). Nitroaromatic compounds caused fluorescence quenching, proposed to be due to =n-
n stacking with the aromatic arms. Differential quenching responses for the 13 analytes,
enabled classification using LDA with 99% cross-validation accuracy.
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Figure 8. Conjugated polymer sensors a) P34-P37 used to discriminate nitroaromatics;®” . reprinted
(adapted) with permission from Macromolecules 2017, 50 (11), 4126—4131, Copyright 2019, American
Chemical Society; and b) P38-P39 used to study anti-inflammatory drugs;>® reprinted (adapted) with
permission from ACS Appl. Mater. Interfaces 2017, 9 (1), 790-797, Copyright 2017, American Chemical
Society.

Combining the strategies described above is likely to enhance the discriminatory capacity
of a sensor array. This extra depth of discriminatory power is particularly beneficial when
identifying analytes within a large library, or within complex mixtures, where individual
interactions are difficult to discern. An elegant example of this approach was conducted by the
Bunz group in their 2017 paper on detecting anti-inflammatory drugs.®® Building on their
previous work on the discrimination of structurally similar aromatic acids,® they selected a
highly fluorescent cationic polymer (P38) and a complex of this polymer with a weakly
fluorescent anionic polymer (P39) to form the two elements of their sensor array (Figure 8b).
Different analytes disrupt the P38-P39 complex and either enhance or quench the
fluorescence. The experimentally determined binding constants of the complex are pH
dependent, so measurements of each analyte-sensor combination were conducted at both pH
10 and pH 13. As expected, the interaction behaviour of sensors and analytes is also pH
dependent. LDA of the 4-element array revealed 100% cross-validation classification accuracy
of 11 different anti-inflammatory drugs.

Rotello and colleagues used an IDA strategy with conjugated polymers.*8° Their 2007 study
used different nanoparticles to create six non-covalent gold nanoparticle-conjugated polymers
with various surface functionality. These nanoparticles quench the fluorescence of the PPE
polymer, which they previously reported for protein discrimination, P1.%° Interaction with
proteins disrupts the nanoparticle-polymer interaction and produces a change in polymer
fluorescence. The six sensing elements enabled discrimination of seven proteins of differing
size, charge and pl with 100% accuracy using LDA, and an additional study with 56 unknown



protein samples led to classification with 96.4% accuracy. Impressively, the study went on to
achieve protein identification at varying concentrations, to meet the requirements for real-
world applications.

More recently, Rotello, Bunz and colleagues designed an IDA-based sensor array
comprised of conjugated polymers, and the green fluorescent protein (GFP) as the indicator,
with Forster resonance energy transfer (FRET) quenching of the polymer by the protein. The
FRET-based sensor array comprised the supramolecular complexes of GFP with four
conjugated polymers, P2, P7, P8 and P33, all of which had shown effective discrimination
capacity in previous studies.'®’*% Multivalent binding of the polymers with cell surfaces
disrupts the FRET signal of the polymer-GFP complexes to produce a ratiometric response,
and LDA was able to differentiate and identify unknown cell lines. 16 different cell types were
tested with this array, revealing 100% cross-validation accuracy of 3 different isogenic cell
lines, 100% accuracy of four site-specific metastatic cell lines, 100% accuracy of four
glycosaminoglycan (GAG)-modified cell lines and 94.5% accuracy of 128 unknown samples
of all cell types. Importantly, using the conjugated polymers alone, only 63% and 72% cross-
validated accuracy was achieved for GAG-modified cell lines and metastatic sublines
respectively, highlighting the importance of the ratiometric response arising from the pairing
between the polymers and GFP.

Another example by Bunz and colleagues utilized P1 paired with four different antimicrobial
peptides, which partially quench the polymer fluorescence, to discriminate bacteria in urine.*®
The interactions between the polymer complexes and each bacterial species were found to
be dependent on the components on the bacterial surface. These interactions produced a
pattern-based fluorescence response, due to either aggregation of complexes or displacement
of the polymer, and responses for each unique bacterial species were classified using LDA
with 100% accuracy.

The work addressed in this section highlights the broad scope of analytes that can be
detected by conjugated polymers and has explored various interactions responsible for
discrimination. Many systems tune the balance between two of the major interactions
responsible for discrimination — hydrophobic interactions and electrostatic interactions — by
varying elements such as the polymer backbone, the functionalization of ionic pendant arms,
cationic/anionic complexes, pH, hydrophobicity of side chains, or various combinations of
these factors.

3.2 Polymers decorated with chromophores and fluorophores

Another common method used to create optically active polymers involves appending both
recognition motifs and optical reporters to a polymer scaffold in a modular approach. The
modular strategy involves the synthesis of parent polymer architectures that can be
functionalized with both a recognition unit and a chromophore/fluorophore in a post-
polymerization modification step, enabling both components to be modified to achieve cross-
reactivity and diversity of response. These systems have shown many successful applications
for the discrimination and identification of various biomolecules, particularly for proteins.5"%%1%7

Kurita and co-workers utilized two copolymers, P40-P41, functionalized with a cationic
lysine recognition site and two environmentally sensitive fluorophores (Figure 9a), to
distinguish protein post-translational modifications (PTMs).'%” They postulated that the lysine
would undergo multiple electrostatic and hydrophobic interactions with analytes due the
charged amino group and the n-butyl group respectively.'®®'% Proteins with different PTMs
would likely interact in a unique way to environmentally sensitive fluorophores and increase in
fluorescence due to a decrease in polarity in the microenvironment surrounding the
fluorophore upon protein binding. Both P40 and P41 demonstrated fingerprint responses to
four different serum albumins, before PTM. P40 was selected for further sensing experiments
as it displayed a markedly larger fluorescence enhancement upon analyte addition, enabling
improved precision and sensitivity for subsequent experiments. The fluorescence response of
P40 with various analytes was dependent on both the pH and ionic strength of the system,
supporting the hypothesis that electrostatic and hydrophobic interactions between P40 and
proteins contributed to complexation. The researchers therefore optimized the array to one



comprising P40 in six different buffer solutions of varying pH and ionic strength at four
wavelength channels. The array could discriminate 12 protein analytes comprising six proteins
in the presence and absence of various PTMs including phosphorylation, acetylation,
methylation and glycation. LDA presented individual proteins in well-separated classes, and
100% accuracy in a leave-one-out classification procedure (Figure 9b).

.The data was also explored using HCA, with clustering of data indicating that ionic strength
was the most important discriminating factor, followed by pH, supporting earlier observations
about the important role of electrostatic and hydrophobic interactions in differentiation. While
the system enables accurate discrimination of known protein samples, the reliance on ionic
strength may limit its applicability for identifying unknown protein solutions, as the ionic
strength of a solution is likely to be an unknown quantity.
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Figure 9. a) Poly-L-lysine copolymers P40-P41 with environmentally sensitive fluorophores and b)
three-dimensional LDA score plot of the fluorescence responses to various PTMs of different proteins.
Reprinted (adapted) with permission from ACS Appl. Mater. Interfaces 2017, 9 (27), 22970-22976.
Copyright 2017, American Chemical Society

Subsequent work by the same group again utilized the dansyl-modified poly-L-lysine
copolymer scaffold P40, in this case to discriminate different human cell lines.""® As the
scaffold had already displayed cross-reactive sensitivity to proteins and PTMs of proteins, the
authors hypothesized that the sensor could also bind non-specifically to hydrophobic and
charged components of cell surfaces, in a mechanism similar to that used by Rotello and co-
workers, as described above.'®”3 By measuring emission at multiple wavelengths in buffers of
varying pH and ionic strength, then employing LDA, they were able to discriminate eight
human cancer cell lines from different tissue types, with 100% cross-validation accuracy.
Applying their original protein sensor system to a more complex cell system highlights the
benefits of array-based sensing. Translation of chemical sensors from single analytes to
complex biological systems often results in considerable errors related to biocompatibility,
arising particularly through the presence of interfering and competing species. Array-based
sensing avoids this complication by characterizing the analyte based on the entire complex



system. Thus, by employing a small number of optimization steps and re-training the array in
biological fluid, Kurita and colleagues were able to avoid the vast redesign efforts often
required to apply sensors to biological systems.
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Figure 10. a) PONI random copolymers containing a benzoate solubilizing group and fluorophores
pyrene (P42), dapoxyl (P43) and PyMPO (P44).3° Reproduced (adapted) from Adv. Mater. 2018, 30
(28), 2—7, under a Creative Commons CC BY licence. b) PONI random copolymers P45-P47 containing
different recognition groups (R1) and fluorophores (Rz2). ¢) Normalized fluorescence response of P45-
P47 and to five unique biofilms and d) two-dimensional LDA score plot of sensor responses to biofilm
analytes. Reprinted (adapted) with permission from ACS Appl. Mater. Interfaces 2019, 11 (12), 11202—
11208. Copyright 2019, American Chemical Society.

Rotello and colleagues have presented another approach to the design of macromolecular
sensor arrays, based upon polymer scaffolds decorated with optical elements.®® Their
approach involves a poly(oxanorborneneimide) (PONI) random copolymer produced via a
ring-opening metathesis polymerization, enabling a high level of synthetic precision. The
scaffold consists of a benzoate group that acts as a recognition element for proteins and either



a pendant pyrene, dapoxyl or PyMPO fluorescent dye, creating a library of three polymers,
P42-P44, with distinct signal responses (Figure 10a). These environmentally responsive dyes
were proposed to function as both cross-reactive recognition components and reporting
groups for serum proteins implicated in liver fibrosis. Interestingly, the array design involved
combining the three polymers in solution to enable a multichannel output from a single sample
measurement. Initially, the array was tested against a number of common serum proteins to
confirm the system was sensitive to fluctuations in protein levels in human samples. Five
human serum proteins (human serum albumin, immunoglobulin, transferrin, fibrinogen and
alpha-1-antitrypsin) were added to human serum and could be distinguished using LDA with
86% classification accuracy.

The ability of the array ability to classify fibrotic liver tissue was explored through a study of
65 clinical human serum samples. A set of 50 samples were tested and using LDA, the array
could discriminate healthy and fibrotic samples with 80% accuracy. Using this as a training
set, 15 additional samples were identified and correctly classified with 80% accuracy. Further
tests examined whether classification accuracy was correlated to biomarkers linked to liver
fibrosis, by comparing the concentration of each biomarker in the fibrotic tissue and any
misclassification results. Ultimately, it was found that no single biomarker was responsible for
classification results, indicating that multiple biomarkers were required to generate the
signature response enabling discrimination between healthy and fibrotic samples. Importantly,
the results of the sensor array were found to be comparable to other tests identifying these
biomarkers, but with a faster and robust method that does not require specialist equipment.’’

Subsequent work from the Rotello group used a similar PONI scaffold, with each polymer

incorporating a cationic unit for recognition and an environmentally sensitive fluorophore as a
signaling element.*” Using various post-polymerization modification strategies, a guanidine
unit, a benzyl unit and a trimethylammonium unit (R1) were functionalized on the PONI scaffold
with pyrene, NBD and naphthalimide derivatives respectively (Rz2) (Figure 10b). The three
resultant cationic fluorescent polymers P45-P47 were again combined in solution, generating
six distinct wavelength channels due to excimer formation and FRET-based interactions
between different polymers. In this instance, the sensor array was used to identify different
species of bacteria known to be present in biofilms. The polymers interact with the surfaces
of biofilms, consisting of live and dead bacterial cells, proteins, DNA, polysaccharides and
other biomolecules, depending on the species on bacteria present. Interaction with different
biofilm matrices created a distinct fingerprint response for five different biofilm models
containing a single species of bacteria (Figure 10c), and LDA produced 100% correct
classification accuracy (Figure 10d).
The array was further validated with 40 ‘blind’ samples of biofilms which were correctly
classified with 95% accuracy. Additional studies revealed the array was also able to
discriminate biofilm models consisting of mixed species of bacteria and these were LDA-
classified with 100% accuracy. The strategy of mixing all polymers together for biofilm
classification not only simplifies sample preparation and measurement, but also increases the
discriminatory power of the array. The two wavelength channels from the FRET-based
interactions resulted from the mixing of polymers, and when LDA was performed without these
channels, the prediction accuracy dropped to below 80%.

In a recent paper, Rotello and colleagues created an assembly between P45 and GFP to
create a FRET-based sensor array system to discriminate different macrophage polarization
phenotypes.''? Similar to their previous PONI polymer scaffolds, a single well containing both
components of the sensor provided five unique fluorescence channels based on different
interactions. The fluorescence responses provided enough discriminating power to identify
five different macrophage polarization states using LDA with 100% classification accuracy.

In the context of new diagnostics, it is important to consider straightforward and robust
sensor systems that are advantageous when compared to common protocols.?* The PONI
polymer systems discussed achieve this, as rather than including an individual measurement
for each sensor, they mixed sensors together and decreased sample preparation and
measurement time to produce more rapid and robust sensor systems. Despite this success of
mixing polymer sensors and exploiting intermolecular interactions, this one-pot sensor array



concept has not been explored far beyond these key examples, presenting ample scope for
the development of next-generation diagnostics for a wide range of diseases.

Recent work by Albrecht and co-workers has also explored the use of pyrene-labelled
polymers, combining emission responses for monomer and excimer species to enable
discrimination of proteins.®® A co-polymer, P48, consisting of (2-(dimethylamino)ethyl
methacrylate) (DMAEMA) and a pyrene-functionalized methacrylamide was synthesized via
RAFT polymerization (Figure 11a), and presented an optical fingerprint response to various
metallo- and non-metalloproteins (Figure 11b). The combination of hydrophobic pyrene and
hydrophilic DMAEMA functionalities results in intermolecular assembly and aggregation. At
neutral pH, hydrophilic PDMAEMA segments are partially protonated and form an outer shell
that is able to interact with biomolecules, such as the charged surfaces of proteins. Pyrene
units produce two distinct emission bands at 384 nm and 394 nm, and an excimer band at
488 nm, suggesting the presence of domains of aggregated pyrenes as well as isolated
pyrenes. The molecular characteristics of each protein influenced its interactions with the
polymer assembly and resulted in structure dependent disassembly of aggregates and either
a fluorescence turn-on or quenching effect. These interactions resulted in an optical fingerprint
of the monomer and excimer wavelengths for eight different proteins. Negatively-charged non-
metalloproteins caused disassembly of aggregates due to strong Coulomb interactions
between the analyte and partially protonated DMAEMA segments, resulting in disruption of
the hydrophobic interactions in the pyrene domains and subsequent quenching of excimer
fluorescence. Positively-charged non-metalloproteins were observed to have minimal effect
on fluorescence, presumably due to their limited interactions with the partially positively-
charged polymer subunits. Finally, metalloproteins quenched both the monomer and excimer
fluorescence of the polymer aggregates, an observation which was attributed to electron or
energy transfer effects.
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Figure 11. a) Copolymer P48 b) Schematic representation of the interaction of P48 with various non-
metallo and metalloproteins.®® Reproduced with permission of the Royal Society of Chemistry, from J.
Mater. Chem. B 2018, 6 (41), 6599-6606; permission conveyed through Copyright Clearance Center,
Inc. Copyright 2018 Royal Society of Chemistry.

Despite establishing a fingerprint response towards multiple proteins, conditions and
polymer wavelengths, the study did not include any multivariate analysis to classify them. In
a simple, one-protein per well model with a specific pH and ionic strength, this is an adequate



system to distinguish proteins. However, any further studies in more complex mixtures will
likely encounter issues with interfering species and system variation and some of these effects
could be addressed by multivariate statistical analysis.

Bonizzoni and colleagues have reported a number of IDA-based array systems based on
polymers decorated with various dyes.'*'"® Early work employed a water-soluble poly-
(amidoamine) dendrimer (PAMAM) that incorporated a fluorescein dye to discriminate
physiological phosphates.'® The fluorescence of 5(6)-carboxyfluorescein was quenched upon
binding to the dendrimer host, and displacement of the dye by various phosphates revived the
intense fluorescence. PCA resolved the four biological phosphates in well-separated clusters,
which was not possible by a univariate approach. Including additional dyes in IDA systems is
likely to increase variability within a dataset and thus improve discrimination capacity.

Subsequent work by Bonizzoni and co-workers demonstrated the advantage of
incorporating additional dyes, by including both fluorescein and 4-methylumbelliferyl
phosphate dyes in their dendrimer IDA to discriminate organophosphates, including
environmental contaminants and compounds used in the preparation of chemical warfare
agents.”"*""" The degree of displacement of each dye from the PAMAM dendrimer depends
on the relative affinities of the dye and the analyte guest to the dendrimer host. The inclusion
of a second guest dye with the dendrimer host increased the number of distinct displacement
interactions between analytes and host, and therefore increased the discriminatory power of
the array. The multi-dye IDA was able to discriminate four organophosphates and phosphate
at 800 yM using LDA with a 100% cross-validation accuracy (Figure 12a). Remarkably, the
array achieved additional concentration dependent discrimination of three phosphates from
10 uM to 2 uM with 96% jack-knifed cross-validation accuracy (Figure 12b).

Carbohydrates play important roles in biology as fuel sources,’”® and in cellular
recognition,"® and there is therefore much interest in the detection and distinction of sugars.
This task is challenging, as most mono- and disaccharide species have minimal structural
differences beyond the configuration of selected stereocentres. Sensing of carbohydrates is
commonly achieved through a boronic acid-diol displacement strategy, as aromatic boronic
acids have a strong affinity for the vicinal diols found in sugars.'®® This affinity can by
harnessed in an IDA strategy, in which a dye is covalently bound to a boronic acid and
subsequently displaced by competitive binding of the boronic acid to a carbohydrate, with
release of the dye resulting in an optical signal change.

Bonizzoni and colleagues utilized this boronic acid-diol IDA approach in the development of
a sensor array for sugars, comprising two boronic acid modified PAMAM dendrimers and two
fluorescent dyes, 4-methylesculetin and alizarin red S.""® The displacement of each dye from
the two dendrimer complexes at two pH values (7.4 and 10) was monitored by absorbance
and fluorescence spectroscopy and fluorescence anisotropy. The combined results were
processed using LDA, discriminating four sugars into well-separable clusters.

Another recent example of sugar-sensing by Bonizzoni and colleagues is a polymer-dye
complex involving a copolymer of poly(methacrylic acid) and 3-(acrylamido)phenylboronic
acid (PMAA-co-AAPBA).""® Both a hematoxylin and cyanidin chloride dye illustrated suitable
binding to the boronic acid functionality on the polymer and were examined as sensing units
in an IDA approach. The dyes and their polymer-dye complexes were exposed to eight
common sugars, and spectra were collected across multiple absorbance and emission
wavelength channels. LDA revealed distinct responses to all eight sugars. Further
examination of the data indicated that the cyanidin chloride dye and complex presented a low
contribution to the discriminatory capacity of the array. Re-analysis using LDA of the eight
sugars with only the hematoxylin dye complex successfully resolved all analytes. The authors
noted that whilst clustering is slightly tighter in the multi-dye array, the single dye array
presents a more practical option. After reducing to a single sensor system, another factor to
consider is whether multivariate analysis was necessary for analyte identification in this case,
or if closer analysis of absorbance and emission profiles would have been adequate to identify
analytes.



a)

<$27 §
X
© -
- v g
N -2
L
-4 -
-6 - <& MPA
m HPO> A PMP
-8 v GyP e EMP
T ' T ¢ T v T
-40 -20 0 20 40

F1(95.1%)
31 —8— HPO>
—O— MPA

2 1 —v¥— GlyP
< 1
N
N
& 0 A
N
g

-1 4

-2 A

10puM->40uM->100puM->200uM->400uM->700uM-> 1TmM—>1.5mM—>2.0mM

-4 -2 0 2 4 6
PC1 (64.6%)
Figure 12. a) Two-dimensional LDA score plot for the response of five organophosphates, phosphate,
glyphosate (GlyP), pinacolyl methylphosphonate (PMP), methylphosphonate (MPA) and ethyl
methylphosphonate (EMP) at 800 uM. b) Two-dimensional LDA score plot for the analysis of three
phosphates over a concentration range from 10 uM to 2 mM. Reprinted (adapted) with permission from
J. Am. Chem. Soc. 2014, 136 (40), 14223-14229. Copyright 2014, American Chemical Society.

The broad scope of analytes detected by the sensor arrays in this section highlights the
benefit of using a modular approach between polymer and chromophore/fluorophore to create
sensor diversity. A wide range of polymer architectures and optical elements are available,
presenting an opportunity to produce large libraries of sensors by modifying either partner.
The ability to choose different optical elements provides the flexibility to select and fine tune
optimal features relating to wavelength, quantum yield and functionalization sites.
Furthermore, the various polymer structures, namely dendrimers, homopolymers and
copolymers, create different interaction surfaces, sizes and structures for sensors, allowing
the detection of biomolecules as large as proteins and bacteria all the way down to small
molecules such as phosphates and saccharides.

3.3 Molecularly imprinted polymer sensor arrays - Molecularly imprinted polymers'?'
(MIPs) have, in recent years, been used as artificial receptors in a variety of sensing
applications.'?'?®> The molecular imprinting process involves the assembly of building
blocks/monomers around a target template molecule through supramolecular interactions,
and subsequent cross-linking polymerization to fix the spatial arrangement of these
monomers.® Removal of the template yields a matrix containing cavities with specific
functionality, geometry and size to enable selective recognition of the template molecule. MIP
sensors provide access to the detection of analytes that may be difficult to sense selectively
due to non-specific binding interactions. By including additional specifications regarding



orientation, shape and size, MIPs narrow the opportunity for non-selective binding. Upon initial
consideration, it seems that MIP sensors would be poor candidates in a sensor array, where
optimal sensing elements are preferentially cross-reactive rather than selective. It is therefore
important to note that despite their successes, MIPs suffer from a few key limitations. In
general, highly cross-linked materials have fairly rigid structures, which decrease the number
of available binding sites.'? Furthermore, these binding sites may not be uniform throughout
the material and often consist of more lower affinity sites rather than high-affinity sites,
because templating proceeds under kinetic rather than thermodynamic control.®'2*
Additionally, imprinted sites created by larger structures, such as proteins, may also have
affinity to smaller biomolecules with similar binding sites.'?® These limitations generally lead
to reduced selectivity and it is these shortcomings that often redirect these sensors for use in
cross-reactive arrays.

Shimizu and colleagues conducted early work incorporating MIPs as sensing elements in
cross-reactive arrays (Figure 13a)."2"'24 |njtially, they synthesized an eight polymer array,
using seven different aryl amines as template molecules and one in the absence of a
template.”” The aryl amines were both pharmaceutically and biologically important amines
such as propranolol, ephedrine and pseudoephedrine, as well as other structurally similar
analytes (Figure 13b). The affinity of each polymer to each amine was examined by measuring
the ratio of amine absorbance at 258 nm before and after shaking in acetonitrile. The imprinted
polymers showed higher affinities than the non-imprinted polymer and also showed a
significant change in absorbance not only for their imprinted analyte but also other structurally
similar aryl amines. Responses for the first six aryl amines were analyzed using LDA, revealing
94% correct classification of analytes using a leave-one-out cross-validation method (Figure
13c). The study illustrated the effectiveness of using MIPs in the array, as each analyte
showed the best response to its corresponding imprinted polymer, suggesting that selectivity
within the array was likely due to the imprinting process. Whilst effective at discriminating
these amines, each analyte required absorbance at the appropriate wavelength (258 nm),
limiting the studies to UV-active analytes. Typically, MIPs contain no intrinsic signaling
component, which is why this study utilized the absorbance of the unbound analyte and its
modified response upon binding for discrimination of each analyte. An attractive strategy to
address this limitation involves incorporating a chromophore as a signaling element within the
MIP. Analyte binding will ideally cause a change in the spectral properties and signal response
of the chromophore.'?*

Subsequent work by Shimizu and co-workers moved beyond sensing of UV-active analytes,
by incorporating an IDA strategy into their MIP-based sensor array.?' Similar to their previous
study, they synthesized seven polymers, six imprinted with various aryl amines and one non-
imprinted polymer. The final additional step in preparing the sensors involved the incorporation
of a benzofurazan dye in each polymer scaffold. Benzofurazan is a small dye with similar
functionality to aryl amines, so has sufficient binding affinity with each polymer, but strong
absorption in a different region of the visible spectrum, reducing any potential interference
from analyte absorbance. Each polymer was tested with seven amine analytes and the relative
dye displacement response was measured. LDA was used to separate these responses into
seven distinct clusters for each analyte, with 94% classification accuracy using leave-one-out
cross-validation (Figure 13d).
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Figure 13. a) Schematic representation of MIP sensor arrays. b) Structures of seven aryl amines utilized
as templates for MIPs. c) Two-dimensional LDA score plot of the responses of six amines tested against
the MIP array. a)- ¢) Reproduced with permission of the Royal Society of Chemistry, from Chem.
Commun. 2004, 1172—-117; permission conveyed through Copyright Clearance Center, Inc. Copyright
2004, Royal Society of Chemistry. d) Three-dimensional LDA score plot of the responses of seven
amines against the MIP array. Reprinted (adapted) with permission from J. Am. Chem. Soc. 2005, 127
(15), 5695-5700. Copyright 2005, American Chemical Society.

Yan and co-workers have constructed a number of sensor arrays using molecularly
imprinted mesoporous silica as a sensing matrix.'>'?® They reported a metal ion sensor array
system consisting of an 8-hydroxyquinoline (8-HQ) monomer covalently attached to the
mesoporous silica, in the presence of two templates, Zn(Il) and Cd(ll), and in the absence of
template during cross-linking.'® 8-HQ was chosen as the fluorescent receptor as it forms
fluorescent chelates with a number of metal ions. Unsurprisingly, the two imprinted sensors
showed a higher affinity and fluorescence turn-on with each corresponding metal template
than the non-imprinted sensor. The sensor array was subsequently tested with three additional
metal analytes, Mg(ll), Ca(ll) and Al(lll), at two different concentrations (10* M and 10° M).
The characteristic response pattern for each metal ion was then analyzed using PCA to
evaluate the discriminatory capabilities of the array. Each metal ion was clustered into a
distinct group, as well as apparent sub-clustering of the two concentrations of each metal ion.
The authors noted that the array was able to discriminate non-templated ions, together with
templated ions, highlighting that using molecularly imprinted materials with high levels of
cross-reactivity increases the number of analytes the array is capable of discriminating.

Subsequent work by the same group utilized a similar mesoporous silica matrix and an IDA
strategy for saccharide discrimination.’®® The materials were constructed by covalently
attaching a phenylboronic acid moiety to the mesoporous silica for saccharide discrimination,
using D-fructose and D-xylose as templates, along with a nonimprinted material prepared
without a carbohydrate template.'®® The two sugars selected as templates varied in size and
structure, with different binding affinity to boronic acid, to create binding sites distinct enough
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Figure 14. a) Structurally similar amine templates and analytes and b) metalloporphyrin dye structures
with the metals Zn(ll), Co(ll) and Co(lll). c) Two-dimensional LDA score plot for the response of 4
polymer channels combined with Zn(ll)-porphyrin. d) Two-dimensional LDA score plot for the response
of 4 polymer channels and Zn(ll)-, Co(ll)- and Co(lll)- metalloporphyrins. Reprinted (adapted) from
Tetrahedron Lett. 2013, 54 (22), 2890-2893, Copyright 2013, with permission from Elsevier.

to capture a more diverse library of carbohydrates. Employing an IDA, the fluorescent dye
Alizarin Red S binds to phenylboronic acid through adjacent diols present on the scaffold,
resulting in a fluorescence response which is quenched upon displacement by various
carbohydrates. Subsequent studies investigated a library of 10 saccharides: four five-carbon
saccharides; five six-carbon saccharides and one disaccharide. PCA analysis illustrated tight
non-overlapping clusters of all 10 saccharides, indicating both good reproducibility and great
discriminatory power of the sensor array. The authors then tested their sensor array with three
brands of orange juice, of which the major ingredients included fructose, sucrose and glucose.
After confirming that other components of juice such as citric acid, sodium citrate and
carotene, had no effect on the fluorescence response, the array was run and analyzed by PCA



to confirm successful discrimination of the three juices. Translation of this saccharide
imprinted sensor array to real-world samples illustrates the advantages and feasibility of this
type of system, particularly for future sensing systems.

Hong and co-workers have reported a system involving doping MIPs with metalloporphyrins
in an array to discriminate a variety of structurally similar amines.'” These amines comprised
both primary and secondary amines and amines with other functional groups including a
pharmaceutical agent. The four MIPs are synthesized using three amines as templates,
phenethylamine, tyramine and (+)-norephedrine as well as a non-imprinted version (Figure
14a). The three metalloporphyrin dyes were prepared using 5,10,15,20-tetrakis-(3,5-di-tert-
butylphenyl)-21H, 23H-porphine and the metals Zn(ll), Co(ll) and Co(lll) (Figure 14b). The
array was constructed by mixing amine analytes with each MIP, allowing the mixture to
equilibrate, removing the MIPs and testing the supernatant containing all unbound amines
with a solution of a metalloporphyrin. Absorbance measurements with different concentrations
of MIP established that the spectral change of the dyes was a consequence of binding to
analytes remaining in the supernatant, and therefore presented an indirect measure of the
binding affinity of each analyte to the MIP. An initial test array utilized all four polymer channels
combined with Zn(Il)-porphyrin, against the three imprinted amines and two additional amines,
L-tyrosine methyl ester and 4-methylbenzyl amine. LDA enabled accurate classification of all
analytes, including the two amines not used during the imprinting process (Figure 14c). A 12-
channel array consisting of the four polymers and all three metalloporphyrins was also tested
with the five amines and resulted in a higher degree of visual discrimination using LDA,
specifically tighter clusters and smaller confidence intervals (Figure 14d). The combination of
MIPs and metalloporphyrins in this study capitalized upon the advantages of both materials,
without the addition of costly design and synthesis processes. Specifically, the pattern
recognition capabilities of MIPs and the useful absorbance properties of metalloporphyrins
upon binding to analytes were together able to discriminate structurally similar amines, with
improved distinguishability compared to one system alone.

It is evident that molecularly imprinted sensors are useful in array-based sensing
applications on account of their capacity for molecular recognition, and the facile production
of sensors. MIPs have the benefit of presenting large interaction surfaces to produce general
differential responses to analytes, as well as containing regions tailored towards selective
recognition created during the imprinting process.?' Furthermore, this optimal combination of
general and specific recognition properties in MIP arrays is accessed through minimal
synthetic effort compared to other types of receptor, and large sensor libraries can be
generated relatively quickly through modification of the template molecule only.

Since first reported in the early 1970s by Sarhan and Wulff,'?® MIPs have been extensively
explored as receptor species in the academic literature, but their commercial exploitation has
rarely been demonstrated. This gap in their development may be a consequence of limitations
in production capabilities, such as challenges associated with preparing MIPs on a large scale,
or issues with reproducibility arising from the kinetically-controlled nature of the templating
process. More recent research developments, including ‘smart’ molecular imprinting
approaches may accelerate the development of MIP-based receptors and sensors for
commercial use.'??

3.4 Sensor arrays constructed on polymer films

In addition to functioning as macromolecular receptor species, polymers can also present a
convenient matrix upon which small molecule sensors can be deposited, or ‘doped’ to facilitate
convenient fabrication of sensor arrays. A solid-state array is generally prepared by inclusion
of sensing dyes within a polymer matrix such as polyurethane, or by the deposition of a
pigment onto a porous polymer film, such as polyethylene terephthalate (PET). These polymer
film sensor arrays are beneficial as they can improve the compatibility of aqueous systems,
and in some cases are more user-friendly as they often do not require the dissolution or
pipetting of sensors."'?

Anzenbacher and colleagues have demonstrated the success of a doping strategy in an
anion sensor array.'® Their system incorporated a fluorescent calix[4]pyrrole probe (Figure



15a) with affinity to various anions, into ten poly(ether-urethane) hydrogel copolymer matrices
(Figure 15b). The proportions of ethylene glycol ether and butylene glycol ether were varied
to create different hydrophilic environments, with the aim to exploit the effect this would have
on the transport of anions within the gel after exposure to water. Eight anions were tested with
the ten polymer films doped with the fluorescent probe, namely acetate, benzoate, chloride,
fluoride, hydrogen sulfide, cyanide, hydrogen phosphate, and hydrogen pyrophosphate. LDA
of the fluorescence response illustrated 100% cross-validated classification accuracy. The
sensor array was also applied to eight urine samples, providing a complex multi-electrolyte
system to validate the array’s versatility. The 10-sensor array was able to correctly classify the
eight urine samples with 100% accuracy.
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Figure 15 a) Structure of calix[4]pyrrole fluorescent probe. b) General structure of the 10 poly(ether-
urethanes) hydrogel copolymer films used. Reprinted (adapted) with permission from Chem. Eur. J.
2013, 19 (26), 8497-8506, Copyright 2013 John Wiley and Sons.

Another example utilizing a polymer matrix by Anzenbacher and colleagues is their sensor
array for metal ion discrimination.”™' The system involves six sensors, P49-P54, made up of
an extended conjugated fluorenes and a pyrene moiety attached to an 8-hydroxyquinoline (8-
HQ) metal receptor (Figure 16), which are immobilized in a polyurethane film. The conjugated
chromophores are partially quenched by 8-HQ, depending on the length of the fluorene
bridges, with emission changes resulting from coordination to various metal ions. The
hydrophilic film draws in the aqueous solution of metal ions, assisting complexation to the 8-
HQ receptor and overcoming issues with solubility and lipophilicity. The responses to 9 metal
cations were investigated with the six sensors and LDA classified all replicates with 100%
accuracy. The authors performed an additional study to reduce the number of sensors
required for metal ion discrimination.’? PCA identified the key sensors responsible for the
most variance within the dataset, and the original set of six sensors could be reduced to two
sensors (P50 and P52) that enabled accurate discrimination of 10 metal ions using LDA. The
array’s versatility was explored by determining its ability to discriminate different complex
mixtures based on different concentrations of metal cations. Further studies of electrolyte
drinks identified the best combination of sensors (P50, P51 and P53) to achieve 100%
classification accuracy in these complex samples.
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Figure 16. Structures of fluorene and pyrene sensors, P49-P54, modified with 8-
hydroxyquinoline. Reproduced with permission of the Royal Society of Chemistry, from Chem.
Commun. 2007, 7345 (36), 3708-3710; permission conveyed through Copyright Clearance Center, Inc.
Copyright 2007 Royal Society of Chemistry.

Suslick and colleagues have developed numerous colorimetric sensor arrays based on
metalloporphyrins and other colorimetric dyes to discriminate diverse libraries of analytes.' A
notable strategy involves the immobilization of a range of chemically responsive dyes onto an
ormosil matrix and printing onto polyethylene terephthalate (PET) films.32'33-1% The printed
array is exposed to each analyte and a before and after image taken using a flatbed scanner.
A difference map using RGB values can be generated from the difference between these
images, creating a fingerprint response for each analyte. This approach has been
demonstrated to discriminate a wide range of analytes, using a combination of different dye
classes, namely metalloporphyrins, pH indicators, vapochromic dyes and redox responsive
metal salts. A 36-element sensor array using these dye classes was printed and tested against
19 different toxic industrial chemicals (Figure 17).1%33* HCA of the color-difference responses
correctly classified all 19 toxins with 100% accuracy. The sensitivity of the array system was
further investigated in a study testing a similar library of toxic, retaining 100% classification
accuracy with estimated limits of detection in the ppb range.'®
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Figure 17. Example of a colorimetric sensor array with various dyes and pigments printed on a
polyethylene terephthalate (PET) film. Reprinted (adapted) with permission from Anal. Chem. 2010, 82
(22), 9433-9440. Copyright 2010, American Chemical Society.
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Suslick and colleagues also used their sensor array system to discriminate various natural sugars
and artificial sweeteners.3>'% In this case, an IDA strategy was utilized, harnessing boronate ester
formation between carbohydrate diols and boronic acids, which reduces the pH of the solution. 16
chemically responsive dyes were printed onto a PET film, and 3-nitrophenylboronic acid was included
in the buffer solution. The addition of sugars altered the pH of the solution, causing changes in the
colors of pH indicators in the array. The responses of 15 different sugars and sweeteners were
processed using HCA and all replicates were classified correctly with 100% accuracy 3¢ A subsequent
study was also able to accurately discriminate different teas infused with sweeteners, demonstrating a
potential real-world application for the sensor array.3?

Recent work by Suslick and colleagues has yielded a hand-hand device reader containing
colorimetric sensor array cartridges to improve the speed and sensitivity of gaseous analyte
detection."” Sensors are printed onto a polypropylene (or similar) film, mounted to the cartridge and
sealed. The cartridge is designed to be compatible for gaseous analytes by allowing a low-volume flow
path for exposure. A cartridge of this design was subsequently utilized for the discrimination of
aldehydes and ketones '3 Exploiting the rapid reactivity between gaseous analytes and the solid-state
sensor array elements, three amine-containing colorimetric dyes were printing onto the sensor array
under various acidic conditions. The reaction of the printed anilines and phenylhydrazines with
aldehydes and ketones led to imine formation and a subsequent change in UV-absorption. Color
difference maps illustrated a cross-reactive response between the dyes and analytes. Seven aldehydes
and eight ketones were measured at concentrations of both 25 and 0.5 ppm, and were easily
discriminated using HCA, with 99.4% classification accuracy. Analysis also showed that aliphatic
aldehydes were clustered separately from aromatic aldehydes. The same sensor array was also tested
with various complex alcoholic liquid samples to demonstrate its potential in food inspection and
security screening. After pre-oxidation of the alcohol analytes and exposure to the array, SVM analysis
was performed, demonstrating effective discrimination of 6 liquor samples with 100% cross-validated
accuracy. Additional work by Suslick and colleagues utilizing their rapid, gaseous detecting colorimetric



sensor array includes discrimination of air pollutants at risk of damaging sensitive artworks, other
alcoholic liquors and volatiles emitted during fruit ripening.'3%-141

Bueno et al. have recently developed a colorimetric sensor array immobilized on cellulose acetate
film to discriminate volatile amines.™? The amines studied were identified as present during food
spoilage and have the potential to give early warning signs for rotting food that may lead to food
poisoning. Five pH sensitive dyes were immobilized by mixing with cellulose acetate and drying, before
a small sample of each polymer-dye sensor was placed on a dish in a closed chamber. Exposure to
each analyte caused a pattern-based colorimetric response of the sensor array and a before and after
color map was captured. RGB values generated a unique pattern to discriminate between three amines
(triethylamine, isobutylamine, isopentylamine). PCA and HCA of these responses revealed distinct
clusters of each amine and no misclassifications, with successful discrimination achieved of samples
at concentrations of 5 ppm, 2.5 ppm and 1 ppm. The applicability of the system for food quality
applications was also demonstrated by testing in meat samples contaminated with each amine, again
illustrating separate clusters of each amine contaminant.

Polymer films provide clear benefits for the development of optical sensor arrays. Primarily, the
polymer matrix allows properties such as hydrophilicity and lipophilicity to be easily adjusted to suit the
application without affecting the choice of indicator. Additionally, solid-state arrays enable convenient
detection of both solution-phase and gaseous analytes and often avoid time-consuming solvent
handling and pipetting of sensors required for traditional solution-based sensor systems. Finally,
compared to previous polymetric materials, polymer film sensor arrays have seen the greatest progress
towards the development of sensor array cartridges and portable and accessible devices to detect and
analyze responses.

4. Conclusion and future directions

Whilst still a developing field, macromolecular optical sensor arrays have already been utilized in a
number of successful sensing applications. In particular, significant progress has been made in sensing
challenging biological systems such as bacteria, proteins and cellular surfaces. This review has
highlighted the benefits of the cross-reactive array technique for these systems, specifically the different
strategies that have been used to achieve cross-reactive recognition and the interpretation of these
results using multivariate statistical analysis. We have focused on the use of polymers as a sensing
element to emphasize the benefits of polymeric materials, both for their robust functionalization and
their tunability of size, allowing for large diverse recognition surfaces and thus a capacity for good cross-
reactivity. Finally, we have explored the optical detection strategies utilized in these systems, through
either the inherent absorption or emission properties of the material, or the covalent attachment of
chromophores/fluorophores. Importantly, it is the optimal combination of these aspects that we believe
is responsible for the successful discrimination capacity within these sensor systems and the broad
scope of analytes scrutinized in this review.

Unsurprisingly, in most cases the addition of more sensors gave better discrimination of analytes.
However, a new generation of cross-reactive arrays has begun to emerge, involving other strategies to
achieve diverse recognition capabilities. A common strategy involves using the same sensor in multiple
channels and altering the pH, solvent, ionic strength and wavelengths of absorbance, excitation and
emission. These array simplification strategies often improve the applicability of the system, by reducing
the sensor-to-analyte ratio and decreasing the time spent designing and synthesizing additional
sensors. Whilst a seemingly desirable strategy, it is crucial that these simplification steps do not limit
the compatibility of the system in end-user applications. For example, a benefit of optical sensors within
array systems lies in the ability to select a number of wavelengths for a single sensing element and has
been successfully demonstrated in a number of systems. However, if the absorbance and emission
wavelengths of these arrays do not match the common filters in optical instruments, it will be difficult to
translate these systems beyond high-specification laboratory instruments. Similarly, altering the ionic
strength of a solution to identify different proteins may be useful for training a sensor array, but would
be of limited use for identifying unknown analytes in the likely event that the ionic strength of the protein
solution is also unknown. IDAs are a popular approach in sensing applications and the examples
addressed in all sections of the review highlight the benefits of including them in an array-based sensing
approach. In particular, the marriage of the techniques provides added advantages for IDAs by
discriminating between strongly and weakly displacing analytes at multiple concentrations.

While good discrimination was achieved using purely polymeric materials as sensing elements, there
are numerous examples of systems that incorporate composite materials such as proteins,
nanoparticles, peptides, mesoporous silica and photonic crystals, together with polymeric materials. In
many of these instances, very good discrimination was achieved and allowed for more flexibility during



the design process. The success of these systems suggests that polymer composite materials present
an exciting future direction for macromolecular sensor arrays.

The field of optical sensing, both selective sensors and sensor arrays, is dominated by the use of
sensors decorated with only one recognition/reporter system. More recent work has highlighted the
promise of tethering multiple sensors to a single scaffold, with small molecule systems reported that
distinguish different drug molecules,'*® a broad range of inorganic and organic analytes™* and -
amyloid aggregates.’*® Since macromolecular systems lend themselves to multifunctionalization, this
strategy is likely to be promising for the future development of sensor arrays that comprise fewer
discrete sensing elements.

Multivariate statistical techniques are the standard approach to analyze and interpret array responses
to analyte addition. PCA, and more recently LDA, are commonly used to evaluate systems and classify
analytes. Most examples display data in reduced dimensionality 2D and 3D score plots, allowing for
easy interpretation of the results. To date, there are few examples of macromolecular sensor arrays
harnessing more sophisticated multivariate techniques such as SVMs and ANNSs, presenting exciting
opportunities for progress in array development. A few key examples have presented further
interrogation of the analysis by looking at loading plots, building an understanding of how sensors are
responding to analytes. Whilst the hypothesis-free approach to the generation of sensing arrays allows
for a more general interpretation of results, further examination of the data output and better
understanding of sensor-analyte interactions may pave the way for the next generation of sensors.

Despite the benefits of macromolecular optical sensing arrays, there remain other challenges and
limitations in the studies discussed above that must to be addressed to access the true potential of
these systems, as is the case for all sensor arrays. Primarily, when designing and evaluating an array
system, it is crucial that the end-user and application of the system are considered. Whilst all the studies
we examined identified a key application for the sensing system, array systems which move out of the
lab, and conduct analysis in clinical and environmental samples are the most impressive and highlight
the necessity for the successful translation of these systems into the real world. Generally, sensing
platforms based on optical detection strategies may require multiple sample preparation or clean-up
steps, which increase the complexity of the analytical protocol, and may be sensitive to background
interferants. Systems that rely on colorimetric responses have the advantage of easy interpretation by
untrained users, as demonstrated by the success of lateral flow testing for pregnancy. Other optical-
based detection strategies, such as fluorescence, typically display far greater sensitivity but require a
more complex experimental setup and an increased level of user skill in interpretation of results.
Consideration of these factors is important if the platform is to be used beyond the confines of the
laboratory.

A great challenge of detection within clinical samples is the presence of different background
interferents. For systems to be practically useful, it is important to explore discrimination beyond ‘spiked’
lab samples in a controlled environment and investigate if the system is robust enough to function in
the presence of these contaminants and across the variable nature of clinical samples.

It is key that the sensing ability matches the application, for example having adequate limit of
detection that is relevant to real samples, such as concentration levels of toxic metal contaminants.®®
Furthermore, the ability to distinguish not only different analytes, but high concentrations from low
concentrations is often relevant, and a few examples impressively illustrate this kind of testing.5%:'14

More broadly, the development of functional sensing platforms requires a broad range of expertise,
from fundamental (bio)chemical research to device and interface design, along with the need to
establish rigorous quality analysis and ensure compliance with regulatory frameworks. An interesting
discussion on the challenges of bringing biosensing devices to the market can be found in an excellent
article by Sia and coworkers. 46

Finally, improvements in technology will certainly play a role in the future of array-based sensing. The
development of smart phone technology may provide a scope for improving the accessibility of sensor
array technology, however it is important to ensure the system is compatible with constantly evolving
technology. Instead, the development of portable devices for testing methods may be more applicable
for array-based sensing and have already shown some promise for colorimetric sensor arrays.
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