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ABSTRACT

Volatile organic compounds (VOCs) are prevalent in everyday life, ranging from
household chemicals, naturally occurring scents from common plants and animals, to
industrial-scale chemicals. Many of these VOCs are known to cause adverse health and
environmental effects and require regulation to prevent pollution. Detecting VOCs plays
a critical role in food quality control, environmental quality control, medical diagnostics,
and explosives detection. Thus, development of adequate sensing devices for detection
and discrimination of VOCs is of great importance. In recent years, use of quartz crystal
microbalance (QCM) based sensor arrays for analyses of VOCs has attracted significant
interest. Detection of VOCs using QCM-based sensors is dependent upon coating
materials; hence, development of suitable coating materials is also of great importance.
Over the years, QCM-based sensors have provided great promise for detecting VOCs;
however, they have not provided this same potential for discrimination between different
VOCs. Thus, this dissertation is focused on development of reusable QCM-based sensor
arrays for detection and discrimination of VOCs using ionic liquids (ILs) and a group of
uniform materials based on organic salts (GUMBOS) as coating materials. GUMBOS
and ILs are similar classes of ionic materials, where GUMBOS represent solid phase
organic salts with melting points between 25°C and 250°C, while ILs are organic salts

with melting points below 100°C and are typically liquid at room temperature.

Within this dissertation the synthesis and characterization of novel ILs and
GUMBOS are discussed. Moreover, composite materials using IL-polymer blends are
also presented. Vapor sensing properties of all ILs, GUMBOS, and composites were
evaluated for use as coating materials in sensor arrays for detection and discrimination

Vil



towards a wide range of VOCs. Two different sensor array schemes, multisensor array
(MSA) and virtual sensor array (VSA), are described and examined throughout this
dissertation. Finally, statistical techniques, such as principal component analysis (PCA)
and discriminant analysis (DA), were used to develop predictive models to quantify the
accuracy of MSAs and VSAs.

The first reports of a QCM-based MSA to discriminate VOCs by classes, and a
QCM-based VSA for discrimination of closely related chlorinated VOCs are presented
within this dissertation. Overall, these studies demonstrate capabilities of QCM-based
vapor sensor arrays with ionic coating materials for accurate discrimination and detection

of VOCs.

viii



CHAPTER 1. INTRODUCTION

1.1. Volatile Organic Compounds Effects and the Impact of Detection
1.1.1. Volatile Organic Compounds

Volatile organic compounds (VOCs) are a group of carbon-based organic
chemicals that evaporate easily at room temperature and atmospheric pressure. In fact,
the Environmental Protection Agency (EPA) defines VOCs as any organic compound
having an initial boiling point less than or equal to 250° C when measured at a standard
atmospheric pressure of 101.3 kPa.!

VOCs can be classified into three categories based on their boiling points that
indicate their ease of emission. Very volatile organic compounds (VVOCSs), volatile
organic compounds (VOCs), and semi-volatile organic compounds (SVOCs) have
respective boiling points of < 0° to 50-100° C, 50-100° C to 240-260° C, and 240-260° C
to 380-400° C.1 VOCs, in singular form or complex mixtures, are emitted from both natural
and artificial sources. Natural sources include, but are not limited to plants, animals, and
volcanoes.>* There are various reasons for natural sources to emit VOCs, such as self-
defense mechanisms®’ or communication.®1? Artificial sources are primarily
anthropogenic, including industrialization, agricultural activities, solvent use, and motor
vehicles.* 1316 Since VOCs are present in everyday life, detecting and analyzing these
vapors is of great concern.t’

1.1.2. Impact of VOC Detection

While some VOCs are harmless, many of them can cause adverse environmental

and health effects. For instance, the formation of ozone at surface level as well as smog

are often consequences of pollution due to VOCs in the environment.® 18-1° Furthermore,



it has been found that indoor air can contain as much as ten times more pollutants than
outdoor air due to VOCs emitted from many household products.®29 For example, paints,
upholstered fabrics, and cleaning products contain VOCs and thus release VOCs while
in use.'® 2! Health effects of VOC exposure are dependent on length of exposure time.
Short-term exposure results in acute health effects such as epistaxis, dizziness,
headaches, or dermatitis. In contrast, long-term exposure can result in respiratory
complications, damage to kidneys, cancer, or reproductive issues.?> 22 The EPA
estimates that Americans spend 90% of their time indoors; therefore, the development of
vapor sensing techniques for detection and discrimination of VOCs has become a
prevalent target among scientists.?® Detection of VOCs is not limited to environmental
protection; it also includes industry, health and safety applications.?*2” More specifically,
detection of explosives,?®32 disease conditions,?* 3437 and food quality®®4?> can be
monitored due to the presence of certain VOCs. In this regard, several methods for VOC
detection and analyses have been developed.
1.1.3. Common VOC Detection Techniques

The most traditional technique for VOC detection is gas chromatography coupled
to mass spectrometry (GC-MS); however, such instrumentation can be expensive,
complex, and require a skilled employee for efficient operation.*344 Other common
techniques, such as ion mobility spectrometry,*> photoionization detector,*¢ and flame
ionization detector,*’ face similar burdens; thus, the need for more cost effective and
simplistic techniques has become the focus of recent research. In this respect, electronic

noses (e-nose) has gained substantial interest.



1.2. Electronic Noses

The term “e-nose” was coined by Julian Gardner and Philip Bartlett in 1988.4¢ E-
noses are engineered to simulate the human olfactory system. There are 400 scent
receptors in the human nose.*® When the nose encounters a scent, those receptors will
interact with it to detect components of the scent and send a signal to the brain. The brain
then processes the signal and, ultimately, identifies the scent. Drawing inspiration from
this process, an e-nose typically consists of several chemically distinct sensors that act
as cross-reactive elements within an array configuration. This concept is also known as
cross-reactive sensor arrays (CRSAs).>® When sensors are exposed to vapors from
VOCs, the sensors will interact with the vapors to generate analyte specific response
patterns. Eventually, sensor responses are analyzed using pattern recognition
techniques, specifically, statistical techniques, such as artificial neural networks (ANN),
linear regression, analysis of variance (ANOVA), principal component analysis (PCA), or
discriminate analysis (DA) to discriminate or identify the vapor. A schematic of the
operating principle is illustrated in Figure 1.1. E-noses utilize several types of materials
for vapor sensing, such as metal-oxides,%'-3 conductive polymers,54-%° electrochemical,®®

optical,%” and acoustic wave.5'- 58

ANN
Analyte S— > > ANOVA >
Vapor IE PCA CH;OH
— Analyte Specific
Sample Response Pattern DA
Pattern Recognition
Sensor Array Techniques

Figure 1.1. Schematic for operating principle of e-noses and CRSA.



Metal-oxides are comprised of a ceramic support tube containing a heater spiral
that is typically composed of platinum, and operates based on changes in resistance and
conductivity.*® These sensors are known for detecting oxidizing and reducing compounds
and having high sensitivity; however, coating materials are limited and require high
operating temperature, which results in increased power consumption.*® Similar to metal-
oxides, conductive polymers have a method of detection that is based on conductivity
and resistance change. Conductive polymer gas sensors exhibit high sensitivity to a
variety of VOCs, have short response times, and offer a more diverse range of coating
materials with respect to metal-oxides.*® While this class of e-noses has many benefits,
there are a few challenges. For example, polymer sensors typically have a higher chance
of being overloaded by analytes, ultimately limiting the lifetime, and often times they are
not reusable.

Electrochemical sensors allow detection of VOCs based on voltage or current
change and are advantageous in their ability to operate at ambient temperature and low
power consumption, but are limited to sensing only VOCs of low molecular weight.*®
Unlike electrochemical sensors, optical sensors are sensitive, wide range detectors of
VOCs, regardless of molecular weight. Detection principles for optical sensors are
typically based on light modulation and optical changes such as absorbance%%-%0 or
fluorescence.®” 8! The optics and electrical components required for these sensors are
delicate, and thus reduces portability and ultimately constrains them to laboratory testing.

Acoustic wave sensors allow measurement of mass change and are classified as
gravimetric transducers. Common types of acoustic wave gas sensors include bulk

acoustic wave (BAW),58 62 surface acoustic wave (SAW),% 62 and thickness shear mode



(TMS).5%8 6263 SAW devices are based on surface waves that propagate on the surface of
the substrate, whereas for BAW devices the wave propagates through the substrate. TMS
devices are based on elastic waves propagating through the substrate upon excitation
from an appropriate voltage. These devices are inexpensive and typically sensitive to
most VOCs.*® The focus of this dissertation is on use of a TMS device, more specifically
a quartz crystal microbalance (QCM). Operation and theory of the QCM will be discussed
in section 1.4. In order to understand the process by which the QCM is employed as a
gas sensor, CRSA schemes must first be examined.
1.2.1. QCM-based Multisensor Arrays

The most common CRSA scheme is a multisensor array (MSA). This system
consists of multiple sensors with chemically distinct coatings that respond to a vast range
of chemical vapors. When exposed to analyte vapor, each sensor will generate a single
response. Although each sensor will produce one response, responses will vary
significantly between sensors. An example of a QCM-based MSA scheme is illustrated in
Figure 1.2. Individual responses are collectively compiled to generate analyte specific
response patterns. As previously mentioned in section 1.2, patterns are analyzed using
pattern recognition techniques. PCA and DA are used for data analysis in this dissertation
and will be explained in detail in section 1.3. Although this scheme is simple and reliable,
researchers have explored other QCM-based CRSA schemes to address certain
limitations of MSAs, such as increased preparation time for sensors. In this regard, virtual

sensor arrays have been investigated.
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Figure 1.2. Schematic for QCM-based MSA. Red, green, and blue represent chemically
distinct coatings corresponding to three different sensors. Each sensor generates a single
response, represented by the small sensor labeled one. The graph is a visual
representation of the analyte specific responses generated by each sensor.
1.2.2. QCM-based Virtual Sensor Arrays

Virtual sensor arrays (VSAs) consist of a single sensor that produces multiple
pseudo-independent responses. Essentially, the VSA represents a large number of
sensors; however, there is only one physical sensor and remaining “sensors” are
imaginary. An example of a QCM-based VSA is depicted in Figure 1.3. Similar to MSAs,
VSA responses will vary among the sensors, resulting in analyte specific response
patterns that can be analyzed using statistical analyses. Since VSAs are comprised of

one sensor, only one coating material is required to achieve multiple responses, which

addresses the limitation of extensive preparation time encountered with MSAs.
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Figure 1.3. Schematic for QCM-based VSA. Red represents one chemically coated
sensor that produces multiple responses. Smaller sensors, labeled 1 — 13, represent
“‘imaginary” sensors. The graph is a visual representation of analyte specific responses
generated by each sensor.
1.3. Statistical Techniques

The field of statistical techniques is a branch of pattern recognition used by
researchers to analyze data and gain more information on the capabilities of each
sensing device.%* Essentially, statistical techniques provide additional interfaces for data
presentation as well as further interpretation of aforementioned data. These techniques
include methods for prediction, classification, and discrimination of data (ANN, linear

regression, ANOVA, PCA, DA, etc.). Within this dissertation PCA and DA are used to

develop sensor arrays.



1.3.1. Principal Component Analysis

Principal component analysis (PCA) is a multivariate, unsupervised technique
used to reduce dimensionality of a data set.54%% This is a mathematically intensive
technique; however, with advancement of technology, statistical software such as SAS,
MATLAB, and JMP has been developed to reduce labor intensity for analysts. Herein, a
non-mathematical description of PCA is presented.

The objective of PCA is to create a smaller number of predictors that are based on
the full set of originally measured variables and retain as much of the variability in the
original variables as possible. These new variables are linear combinations of original
variables and referred to as principal components (PCs).%> PCs are based on
eigenvectors and eigenvalues, which are based on the number of variables in a data set.
Briefly, every eigenvector has a corresponding eigenvalue. Here, an eigenvector indicates
direction of variance while an eigenvalue provides the amount of variance.
Fundamentally, PCs are directions for where the most variance occurs in a data set. In
this regard, an eigenvector with the highest eigenvalue is the first PC, indicating the most
variance, while an eigenvector with the second highest eigenvalue is the second PC,
indicating the second most variance, and so forth until 100% of total variance in the
original data set is accounted for. Qualitative information of a data sets variance can be
achieved by displaying PCs graphically; however, to obtain quantitative information DA
must be implemented. Traditionally, PCs produced from PCA are used as predictor
variables for analysis; however, in Chapter 2 of this dissertation the original data set was

used as predictor variables in the analysis.



1.3.2. Discriminant Analysis

Discriminant analysis (DA) is a set of supervised techniques used to distinguish
and identify patterns within a data set. DA is based on known continuous responses, i.e.
supervised. Predictor variables are analyzed to construct a new set of axes, called
canonical axes, that best maximize separation of data groups.®® Without going into
mathematical detail, DA is similar to PCA in that eigenvectors are used to determine new
variables, in this case, canonical axes. However, unlike PCA, canonical axes indicate
directions with the most separation between groups, not variance. Group classification is
established by estimating the distance from each point to each group’s multivariate mean,
or centroid, using Mahalanobis distance.?® Essentially, Mahalanobis distance is the
distance from a point to the mean point of the group. Thus, analytes are classified into
the closest group. Cross validation must be performed to quantify the accuracy of DA.
The work in this dissertation employs quadratic discriminant analysis (QDA) with cross-
validation to quantify accuracy. Typically in QDA, members of the same group are tightly
clustered together, while different groups are spatially separated. QDA assumes the
covariance matrix is different within each group, which allows for a better fit of data;
however, this requires estimation of more parameters. Cross-validation was used to
provide the least biased and most accurate assessment of QCM sensors in this

dissertation.

1.4. Quartz Crystal Microbalance Based Sensors
The quartz crystal microbalance (QCM) is a simple, sensitive, cost effective
instrument with rapid response that is traditionally used as a mass detector. However,

within this dissertation the QCM is utilized as a vapor sensor. QCM-based sensors are

9



composed of a quartz crystal resonator (QCR) with a suitable chemosensitive coating
material for detection of VOC vapors. This section of the dissertation will discuss the
fundamental details of the QCM.
1.4.1. Piezoelectric Effect

In 1880 the Curie brothers, Pierre and Jacques, discovered the piezoelectric effect
when studying structures of crystalline materials.®” It was found that when crystalline
materials with asymmetrical structures, such as quartz and topaz, undergo mechanical
deformation an electric voltage is generated.®® Alternatively, a mechanical deformation is
produced when an electric voltage is applied, which is known as the converse, or reverse,
piezoelectric effect. Quartz crystal was the piezoelectric material of choice for studies in
this dissertation.
1.4.2. Quartz Crystal Resonators

Electrical and physical properties of QCRs are determined by orientation and cut
of the quartz. The most common types of cuts are AT- and BT-cut quartz. AT-cut crystals
are used for studies conducted within this dissertation, and the cutting scheme is
presented in Figure 1.4. QCRs are comprised of an AT-cut quartz crystal sandwiched
between two metal electrodes. QCRs in this dissertation are comprised of gold metal

electrodes as depicted in Figure 1.5.

| ™, |
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Figure 1.4. Schematic of an AT-cut crystal. Dashed line represents angle of cut.
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Top View Bottom View
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Figure 1.5. Schematic of QCR with gold electrodes.
1.4.3. Acoustic Shear Waves

As previously discussed in section 1.2, the QCM is a TMS device that is based on
elastic waves propagating through the substrate upon excitation from an appropriate
voltage. In this regard, an AC voltage is applied across gold electrodes on the QCR,
causing the crystal to oscillate, which results in an acoustic shear wave. The wavelength
of the wave is dependent on the thickness of the crystal due to nodes of the wave being
inside the crystal and antinodes being at the surface. This relationship is given by the

following equation:

C C

=9 _ q
f_/l_Z(dq+df) (1)

where fis frequency, cq is speed of sound, A is wavelength, dy is thickness of QCR, and
dr is the film thickness.®® This generated wave is known as resonance frequency and,
herein, will be referred to as such. Based on equation 1.1, an increasing thickness of the
QCR would result in decreases of resonance frequency. Essentially, addition of materials
on the surface of the QCR would ultimately decrease resonance frequency. This
relationship led Gunter Sauerbrey to discover that the QCM was useful as a mass

detector.”® The German physicist derived an equation, now known as the Sauerbrey

11



equation (1.2), relating the change in resonance frequency to change in mass on the

surface of the QCR.
Af = Am = prt 1.2
f c cr (1.2)

Where Afis change in resonance frequency, n is harmonic number, ¢ is mass sensitivity

which is 17.7 ngecm2Hz" for a 5 MHz AT-cut crystal as used in this dissertation; pr is
density of the film, and t; is film thickness.”®

1.4.4. Harmonics

The natural resonance frequency of a QCR is known as the fundamental
frequency. It is possible, however, to generate higher resonance frequencies from the
fundamental frequency, which are known as harmonics. Harmonics can only be
generated in odd multiples of the fundamental frequency due to nodes of the wave
residing inside the crystal. Thus, the amount of nodes inside the crystal will dictate the
harmonic number. In this respect, a wave with one node inside the crystal represents the
fundamental frequency, or 15t harmonic, while a wave with three nodes inside the crystal
indicates the 3™ harmonic. Figure 1.6 illustrates this relationship. Since wavelength
decreases as the number of nodes increases, harmonics exhibit higher frequencies as
compared to the fundamental frequency. Within this dissertation, sensor development

employed fundamental frequency alone, as well as with multiple harmonics.
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Figure 1.6. Schematic of wave behavior inside a QCR for (a) fundamental frequency, and
(b) 3" harmonic. Dashed line represents acoustic shear wave, while red dotted circles
indicate nodes.

In order to generate these multiple harmonic states, voltage was applied to the
QCR across a range of frequencies and resultant currents of the system were measured.
Frequency with peak current is denoted as the harmonic, as depicted in Figure 1.7.71
QCRs used in this work are capable of seven harmonics. The first harmonic, denoted as
the fundamental frequency, exhibits a frequency at 5 MHz and remaining harmonics are
odd multiples of this frequency. Thus, the 3™ harmonic would exhibit a frequency at 15
MHz, 5% harmonic at 25 MHz, 7t harmonic at 35 MHz, 9" harmonic at 45 MHz, 11t
harmonic at 55 MHz, and 13! harmonic at 65 MHz. The bandwidth presented in Figure

1.7 is related to energy dissipation, which will be further discussed in section 1.4.5, and

is expressed by equation 1.3.71-72

p=2L (13
== _

Where D is the dissipation factor, I' is bandwidth, and f is resonance frequency. The

dissipation factor is defined as:

Edissipated
D = Zpdted (4 4)
2nEstored

where Eqissipated IS €nergy lost per oscillation cycle and Estoreq is total energy stored in the

oscillation system.”3
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Figure 1.7. Generic plot of frequency versus current.
1.4.5. QCM with Dissipation Monitoring

QCM with dissipation monitoring (QCM-D) is a type of QCM capable of measuring
frequency and dissipation at multiple harmonics. The operating principle of the QCM-D is
based on a technique described by Kasemo, known as the ring-down-approach.’ In this
approach, voltage is applied to the QCR for a short amount of time, and then, the

amplitude of the oscillation decay is measured. Figure 1.8 illustrates a schematic of this

decay, while equation 1.5 defines amplitude decay.”

14
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Time
Figure 1.8. Schematic of amplitude decay versus time.
t
A, =Ayse Tsin(wt+¢)+c,t =0 (1.5)
Where At is amplitude at time t, Aois amplitude ¢ = 0, ris the decay time constant, w is
angular frequency, ¢ is the phase, and c is the dc offset. Thus, the dissipation factor is

calculated as:

D—2 1.6
== (16)

where D is dissipation factor, 7is the decay time constant, and w is angular frequency.
The QCM-D is capable of monitoring frequency and dissipation at multiple harmonics due
to impulse excitation of the QCR. In this respect, the fundamental frequency is excited
and resonance decay is monitored. The 3™ harmonic is then excited and resonance decay
is monitored. This process is repeated as fast as 200 times per second until all seven

harmonics are excited and resonance decays are monitored.”®
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1.4.6. QCM Gravimetric and Non-gravimetric Sensing

Traditionally, the QCM has been used as a gravimetric sensing technique, which
is defined by the Sauerbrey equation (1.2). This equation expresses that change in
frequency is directly proportional to change in mass deposited on the QCR surface.
Essentially, deposition of mass on the QCR surface should result in a decreased
frequency. This is known as ideal Sauerbrey behavior, which only applies to rigid, thin,
and uniform films. These materials would exhibit small dissipation values, if any. Films
that do not meet these characteristics, such as soft and thick films, deviate from ideal
behavior and are said to exhibit non-ideal Sauerbrey behavior with larger dissipation
values.”® Thus, resonance, thickness, and viscoelasticity of each film will affect detection
response.5® 76 Viscoelastic films demonstrate elastic and viscous properties, which result
in behavioral changes under resonant conditions as compared to rigid films. Due to these
properties, viscoelastic materials are exploited to develop QCM-based sensor arrays.

QCM-based sensor arrays are based on non-gravimetric sensing, where change
in frequency is directly proportional to change in mass deposited on the QCR surface;
however, rather than calculating change in mass, change in frequency is used to measure
vapor detection. Essentially, physical changes of film materials will affect sensor
response, as illustrated in Figure 1.9. This plot was adapted from a study investigating
effects of viscoelasticity and film thickness on sensor response.’® It should be noted that
these films could exhibit positive frequency responses, a trait that is indicative of non-
ideal Sauerbrey behavior. Consequently, the QCM as a transducer is fundamentally non-
selective. Thus, chemosensitive materials are necessary for proper function of QCM-

based sensor arrays.
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Figure 1.9. Schematic of frequency response based on viscoelasticity and film thickness.
1.5. Materials for QCM-based Sensors

Materials for QCM-based sensors are coated on the QCR surface, which
determine selectivity and sensitivity of the sensor. For vapor sensing, these materials also
affect sorption-desorption profiles of analytes and, ultimately, sensor performance.
Therefore, research has been focused on expansion of novel chemosensitive materials
for vapor sensing. These materials should meet certain criteria, such as stability under
operating conditions, reversible sorption-desorption, cost efficiency, and partial selectivity
to a range of analytes. A broad range of materials have been employed as coating
materials for QCM-based sensor arrays including molecularly imprinted polymers,7-80
calixarenes,?'-83 zeolites,®* metalloporphyrins, -8 and conventional polymers®”-°0 among
many others. However, there are limitations associated with use of such materials

including intricate deposition procedures, slow response times, and high material cost.
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Due to these disadvantages, a class of organic salts has been investigated as coating
materials for QCM-based sensors.
1.5.1. lonic Liquids and GUMBOS

lonic liquids (ILs) and GUMBOS are a class of materials based on organic salts
that address limitations associated with materials detailed in section 1.5. ILs are organic
salts composed of bulky cations and/or anions with melting points below 100°C.°" ILs can
be further classified into two groups: room temperature ionic liquids (RTILs) and frozen
ionic liquids (FILs). RTILs are liquid at room temperature, while FlLs are solid at room
temperature. ILs exhibit a number of tunable properties such as low vapor pressure, high
conductivity, and high thermal stability.®'-°2 A large selection of cations and anions can
produce 10'8 possible ternary combinations of ILs.®3 The tunable properties and countless
possibilities of ILs has led these materials to be used in a wide range of applications. The
acronym GUMBOS was introduced by the Warner Research Group and derived from a
group of uniform materials based on organic salts.% This class of compounds resembles
ILs in the ability to vary a counterion and tune desired properties; however, GUMBOS
represent solid phase organic salts with melting points between 25°C and 250°C.%
Similar to ILs, these materials have been employed for many applications including dye-
sensitized solar cells,%" organic light emitting diodes,*® biomedical imaging,®
chemotherapeutic agents, %9193 matrices for MALDI mass spectrometry,'%* sensors,105-106
and vapor sensing.'07-112

The first application of ILs as coating materials in QCM-based vapor sensing was
explored in 2002 by Liang, et al."'® In this study, sensing properties of an IL was

investigated by detecting a range of VOCs and exploiting the viscosity of the IL. It was
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found that exposure to VOC vapors resulted in positive frequency changes, which is
characteristic of non-ideal Sauerbrey behavior. This study suggested that ILs exhibit
partial selectivity to an assortment of VOCs and that variation of a counterion could further
tune that selectivity. The first QCM-based IL sensor array was developed in 2006 by Jin,
et al."# In this research, seven RTILs were used as coating materials to create a sensor
array and detect four VOCs at high temperatures. Using DA, it was found that this sensor
array was 100% accurate discriminating between the four VOCs. Following this
development in sensor arrays, Xu, et al, designed a QCM-based IL sensor array
demonstrating selectivity of imidazolium halides towards alcohols.'® With advancements
in QCM IL based sensor arrays, Toniolo, et al, developed a sensor array capable of real
sample analysis in 2013.3° This study focused on monitoring food quality control by
detecting and discriminating between 31 VOCs and two complex mixtures. Although there
has been great advancement in QCM-based sensor array developments, limitations
remain present with a low range of sensitivity, as well as little to no reversibility and
reusability. The work presented in this dissertation is aimed at addressing these
limitations.
1.6. Scope of Dissertation

The objective of this dissertation was to develop reusable QCM-based sensor
arrays for detection and discrimination of VOCs using GUMBOS and ILs as coating
materials. The second chapter of this dissertation is focused on the synthesis of four novel
phthalocyanine based GUMBOS for use as recognition elements in a MSA. Gas-sensing
properties of GUMBOS was investigated by exposing the MSA to a set of ten VOCs.

Statistical analyses were performed to evaluate accuracy of the MSA.
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The third chapter is a description of two sensing systems for detection and
discrimination of closely related VOCs. Three novel phosphonium ILs were synthesized
and their gas-sensing properties were examined and compared to phosphonium IL-
polymer composites. Using phosphonium ILs and phosphonium IL-polymer composites,
two sensing schemes were developed and compared using statistical analyses.

The fourth chapter of this work is focused on a sensor array development for
mixture analysis. IL-polymer composites were prepared and their gas-sensing properties
were investigated. Mixture analysis of alcohols was evaluated using various statistical
analyses. The fifth chapter concludes this dissertation by summarizing findings and
discusses future research aims for the work presented.
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CHAPTER 2. CLASS SPECIFIC DISCRIMINATION OF VOLATILE
ORGANIC COMPOUNDS USING A QUARTZ CRYSTAL
MICROBALANCE BASED MULTISENSOR ARRAY"

2.1. Introduction

Although many volatile organic compounds (VOCs) are non-toxic, many of them
can cause harmful health and environmental effects including, but not limited to,
headaches, nerve disease, or cancer.'? Furthermore, VOCs play a critical role in food
quality control,3* explosives detection,®>’” and medical diagnostics.®'° Therefore, it is very
important to develop vapor-sensing techniques for detection and discrimination of various
types of VOCs.

A variety of techniques, including optical sensors and colorimetric sensors, have
been used for VOC analysis.'-'* However, more recent use of electronic noses (e-nose)
has gained considerable popularity'® since e-nose devices are designed to mimic the
human nose. In this regard, when the human nose encounters a scent, a signal travels
from multiple receptors in the nose to the brain, which processes the receptor response
pattern and identifies the scent. A mechanized analogue of an e-nose will typically
comprise multiple chemically distinct coatings that act as cross reactive elements within
a multisensor array.'®'” Upon exposure to vapors, sensor-vapor interactions generate
analyte specific response patterns that can be analyzed using statistical analyses such
as artificial neural networks (ANN), cluster analysis, analysis of variance (ANOVA),

principal component analysis (PCA), and discriminate analysis (DA). E-noses can be

"This chapter previously appeared as S. R. Vaughan, N. C. Speller, P. Chhotaray, K. S.
McCarter, N. Siraj, R. L. Pérez, Y. Li,and I. M. Warner, Class specific discrimination of
volatile organic compounds using a quartz crystal microbalance based multisensor array.
Reprinted with permission from Talanta, 188, 423-428, Elsevier, (2018).
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categorized into many classes, including metal oxides, gas chromatography-mass
spectrometry (GC-MS), and many others.’ However, these approaches have distinct
disadvantages; for example, GC-MS is complex, expensive, and typically requires an
expert operator,'® while metal oxides require operation at high temperatures, high power
consumption, and have a limited selection of sensor coating materials.'® To overcome
these disadvantages, use of a quartz crystal microbalance (QCM) as an e-nose has been
proposed due to its good precision, high sensitivity, and diverse range of sensor coating
materials.?

The QCM is a thickness shear mode device that consists of an AT-cut quartz crystal
resonator (QCR), sandwiched between two metallic electrodes and based on the reverse
piezoelectric effect. In such a system, an external voltage is applied causing the QCR to
oscillate, resulting in the generation of an acoustic shear wave. At the interface of a QCR
and coating material, the shear wave undergoes an attenuation and phase shift, resulting
in a change in frequency.?° The operating principle of a QCM is based on the Sauerbrey

equation:

Af =—Zam=—ppt
=AM = T Prly

where Afis change in resonance frequency, n is harmonic number, ¢ is mass sensitivity
which is 17.7 ngcm=Hz™" for a 5 MHz AT-cut crystal as used in this study; p; is the density
of the film, and ¢; is film thickness.?" Essentially, change in mass on the QCR surface is
directly related to change in frequency on the oscillating crystal as reflected in the above
equation. Thus, change in frequency allows an estimation of the mass of analyte

adsorbed onto the surface of the QCR. Since these terms are directly proportional, the
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resonance frequency should decrease as mass is added to the QCR surface, which is
characterized as ideal Sauerbrey behavior. In essence, the QCM has commonly been
used simply as a mass detector. Selectivity and sensitivity of a QCM sensor depends on
the characteristics of the coating material. In this regard, QCM sensors typically employ
chemosensitive materials such as ionic liquids, imprinted polymers, and composite
materials.% 2224 However, there are some limitations associated with use of such materials
including complex synthesis, intricate deposition procedures, and slow response times.®
22-26

Phthalocyanines and their derivatives are an appealing class of sensing materials
due to their flexible synthesis and ability to interact with a large number of organic
vapors.?’29 In addition, conversion of these materials into GUMBOS may allow
optimization of both sensitivity and selectivity.3° The acronym GUMBOS is derived from
group of uniform materials based on organic salts as coined by Warner, et al.3! This class
of compounds are similar to ionic liquids (ILs) in that both are organic salts using similar
counterions; however, GUMBOS represent solid phase organic salts with melting points
between 25°C and 250°C,3! while ILs have melting points below 100°C and are typically
liquid at room temperature. Both classes of compounds have tunable properties such as
hydrophobicity, melting point, toxicity, etc. simply by alteration of the counterion.

Herein, a QCM-based multisensor array is described for class specific
discrimination of VOCs. To achieve this goal, a novel set of GUMBOS were synthesized
using copper (llI) phthalocyanine tetrasulfonate as anions and four different cations as
recognition elements for VOC detection. Thin films of each compound were deposited on

the surface of the QCRs via use of electrospray and then exposed to a set of ten VOCs
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in order to evaluate gas-sensing properties. The set of sensors exhibited cross-reactive
patterns, thus rendering them as adequate candidates for development of a sensor array.
The resulting data from these four sensors were then used to develop a statistical model
for distinguishing four classes of compounds (alcohols, aliphatic hydrocarbons, aromatic
hydrocarbons, and chloro-hydrocarbons). PCA was used to assess the dimensionality of
the observed sensor data and to obtain a visual representation of separation among the
four compound classes. DA was used to develop the predictive model for distinguishing
among the present compound classes, using the four sensor variables directly as
predictor variables. It is often necessary to reduce the dimensionality of the predictor
space in an experiment because of small sample size, and PCA can be used in this
regard. However, in this manuscript, and for this analysis, compound classes are
predicted rather than individual compounds, and thus adequate data allows use of the
four sensor variables directly as predictor variables in this DA.
2.2. Materials and Methods
2.2.1. Materials

Copper () phthalocyaninetetrasulfonic acid (CuPcSs4) tetrasodium salt,
tetrabutylammonium (TBA) bromide, tetrabutylphosphonium (Pa44s) bromide, 3-
(dodecyldimethyl-ammonio)propanesulfonate (DDMA), anhydrous methanol, anhydrous
1-propanol, anhydrous dichloromethane (DCM), anhydrous chloroform, anhydrous
toluene, anhydrous heptane, hexane, and anhydrous benzene were purchased from
Sigma-Aldrich (St. Louis, MO USA). Tributyl-n-octylphosphonium (Pa44s8) bromide was

purchased from TCI (Portland, OR USA). Xylenes was purchased from Mallinckrodt
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(Paris, KY USA) and ethanol was purchased from Koptec (King of Prussia, PA USA). All
chemicals were used as received without further purification.
2.2.2. Instrumentation

A Q-Sense QCM-D E4 system and associated QCRs were purchased from Biolin
Scientific (Stockholm, Sweden). Each QCR is an AT-cut gold-coated quartz crystal with
a diameter of 14 mm, thickness of 0.3 mm and fundamental frequency of 4.95 MHz +/-
50 kHz. Both readout equipment (Model 5878) and mass flow controllers (Model 5850E)
were obtained from Brooks Instrument, LLC (Hatfield, PA, USA).
2.2.3. Synthesis and Characterization of GUMBOS

GUMBOS were synthesized using a biphasic metathesis reaction.3® As an
example of a typical synthetic procedure, [Na]s[CuPcS4] was dissolved in water while
[TBA][Br] was dissolved in DCM at a 1:4 mole ratio. Prepared solutions were mixed
together and left to stir in the dark for 48 hours to obtain [TBAJ4[CuPcS4]. Following
completion of the reaction, the DCM layer was rinsed several times with water to remove
byproducts (NaBr). DCM was removed by rotary evaporation and any residual water was
removed via freeze-drying. The reaction procedure referenced above was followed to
obtain remaining GUMBOS by reacting [Na]s[CuPcS4] with [P4444][Br], DDMA, and
[Pa448][Br] to obtain [P4444]4[CuPcSs4], [DDMAJ4[CuPcS4], and [P444s]4{CuPcS4],
respectively. The final products for all GUMBOS were blue, tacky solids. Structures of
starting materials are shown in Figure A1 (supporting information).

All compounds were characterized using electrospray ionization mass
spectrometry (ESI-MS) and Fourier transform infrared spectrometry (FT-IR). ESI-MS was

accomplished using an Agilent 6210 system in positive and negative ion modes. FT-IR
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was performed using a Bruker Alpha & Tensor 27 FT-IR instrument. Thermal properties
were also investigated using thermogravimetric analysis (TGA), which was completed
using a Hi-Res Modulated TGA 2950 instrument (TA instruments).
2.2.4. Preparation and Characterization of Sensing Films

Prior to coating , each QCR was cleaned using RCA standard clean 1 solution
(5:1:1 deionized water, 30% hydrogen peroxide, and ammonium hydroxide).3? Stock
solutions of [TBAJ4[CuPcS4], [P4444]4[ CuPcS4], [DDMA]4[CuPcS4], and [P444s]4[ CuPcS4] (1
mg/mL) were prepared using DCM in 20 mL borosilicate glass scintillation vials. A fairly
uniform deposition of GUMBOS onto each QCR was achieved using electrospray.
Parameters for electrospray remained constant for each thin film: deposition time of 2
minutes, flowrate of 100 uL/min, current of 30 yA, voltage of 16.6 kV and a working
distance of 7 cm. After coating, films were blown with nitrogen and subsequently stored
in a desiccator for at least 24 hours. The change in frequency between coated and
uncoated QCRs in all of the studied GUMBOS was maintained at ~ -2000 Hz. Once
coated with GUMBOS, QCRs are referred to as sensors. GUMBOS thin films were
analyzed using scanning electron microscopy (SEM).
2.2.5. Data Collection

In these studies, analyte vapors were generated using a flow type system. In brief,
each analyte was exposed at three different instrumentally controlled dilutions of flow rate
ratios (0.1, 0.2, and 0.3 Fs/Ftt) which correspond to 10%, 20%, and 30% of equilibrated
headspace in a 20 mL vial of VOC and argon gas. This flow system consisted of two
independent gas flow channels, one for sample vapors and the other for carrier gas

(ultrapure argon). To begin, a stable baseline was established by purging the system with
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ultrapure argon. After a stable baseline was obtained, a vial containing the VOC of interest
was bubbled with argon to generate a sample of equilibrated headspace. The sample and
carrier channels merged to allow dilution of the sample flow to yield respective flow rate
ratios.33 Digital mass flow controllers were used to control and adjust the total flow rate to
100 sccm. VOC vapors mixed across 1-meter length of tubing and then flowed over each
sensor. Analyte vapor was removed from sensors by purging the system with argon at
room temperature until the baseline was recovered. A schematic of the system described

is shown in Figure 2.1.

Mass flow
controller

l -

Mass flow
controler

1 Meter

QCM-D

Argon

Figure 2.1. Schematic of QCM flow system.
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2.2.6. Data Analysis

A single data set was acquired from vapor sensing studies expressed by change
in frequency (Af) in units of hertz (Hz). PCA was used to assess the dimensionality of the
observed sensor data and to obtain a visual representation of separation among the four
compound classes with respect to the principal components. DA was used to develop the
predictive model for distinguishing four VOC classes, using the four sensor variables
directly as predictor variables.
2.3. Results and Discussion
2.3.1. Characterization of GUMBOS

Each synthetic compound was confirmed using ESI-MS (Fig. A2 — A6) and FT-IR
(Fig. A7 — A10). Thermal properties of our GUMBOS were evaluated using TGA and
these curves are shown in Fig. A11 — Al14. All four compounds exhibited good thermal
stability. The onset temperature of decomposition for [TBAJs[CuPcSa4], [P4444]4[CuPcSa4],
[DDMA]J4[CuPcS4], and [P4448]4[CuPcS4] is found to be 256°C, 172°C, 175°C, and 364°C,
respectively.
2.3.2. Characterization of Sensing Films

GUMBOS sensing films were analyzed using SEM. Here, the entire sensor was
investigated using SEM. However, the images represent only a portion of the sensor.
SEM images shown in Fig. A15 — A18 show that most of the QCRs surface are covered
with GUMBOS.
2.3.3. Evaluation of Vapor Sensing Properties

Four QCM sensors with [TBAJ4[CuPcS4], [P4444]4[ CuPcS4], [DDMA]4[CuPcS4], and

[Pa444s]a[CuPcS4], respectively, as recognition elements were inserted into QCM-D
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chambers to evaluate vapor sensing properties. All sensors were introduced to a set of
ten VOCs that included: methanol, ethanol, 1-propanol, dichloromethane, chloroform,
xylenes, toluene, heptane, hexane, and benzene. Sensors were exposed to three
different instrumentally controlled sample flow rate ratios (0.1, 0.2, and 0.3 Fs/Ft:) of
respective VOCs at 3-minute intervals for a total exposure time of ~10 minutes and
changes in resonance frequency were measured. Three replicate measurements were
performed for each VOC. Plots of Af versus flow rate ratios are depicted for each sensor,
[TBAJ4[CuPcS4], [P4444]4[CuPcS4], [DDMAJ4[CuPcS4], and [P4448]a| CuPcS4] in Figures 2.2,
2.3, 2.4, and 2.5, respectively. Each sensor was determined to have a stable baseline
and reversible sorption, thus rendering them reusable (data shown in Fig. A19 — A20).
Furthermore, sensor responses were stable and reproducible. Due to inherent differences
in chemical properties of the tested VOCs, flow rate ratios for different VOC vapors are
not the same when expressed as concentrations in milligram per liter (mgL-"); calculated
concentrations are presented in Table A1. Thus, to compare sensitivity of each thin film
towards a set of analytes, sensitivities were calculated. The sensitivity of GUMBOS has
been previously defined as sensor response corresponding to 1 mgL™" of an individual
VOC vapor.3* Figure 2.6 illustrates the calculated sensitivities while Tables A2 and A3
summarize calculated sensitivities and detection limits of [TBAJ4[CuPcS4],
[Pa444]a[CuPcS4], [DDMAJ4[CuPcS4], and [Pa444s]s[CuPcSs4]. Based on calculated
sensitivities and sensor responses, these sensors demonstrated cross reactivity, which

allowed for MSA fabrication.
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Figure 2.2. Sensor response when coated with [TBA]4[CuPcS4] and exposed to ten
VOCs at three saturated vapor pressures. Error bars represent standard deviation for
three replicate measurements.
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Figure 2.3. Sensor response when coated with [P4444]4[ CuPcS4] and exposed to ten
VOCs at three saturated vapor pressures. Error bars represent standard deviation for
three replicate measurements.
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Figure 2.4. Sensor response when coated with [DDMA]4[CuPcS4] and exposed to ten
VOCs at three saturated vapor pressures. Error bars represent standard deviation for
three replicate measurements.
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Figure 2.5. Sensor response when coated with [P4448]4[CuPcS4] and exposed to ten
VOCs at three saturated vapor pressures. Error bars represent standard deviation for
three replicate measurements.
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Figure 2.6. Graphical representation of calculated sensitivities of [TBA]4[CuPcS4],
[P4444]4[CuPcSs], [DDMA]J4[CuPcS4], and [P4448]4[ CuPcS4] sensors.
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To fabricate a MSA, the complete data set must be analyzed. Notably, each sensor
produced analyte specific response patterns, but more specifically three of the four
sensors exhibited class specific responses. For instance, the sensor coated with
[TBAJ4[CuPcS4] in Figure 2.2, exhibited its highest sensor responses to the
chlorohydrocarbons (chloroform and DCM), followed by alcohols (methanol, ethanol, and

1-propanol), aromatic hydrocarbons (benzene and toluene) and minimal response to
41



aliphatic hydrocarbons (hexane and heptane). Interestingly, the response of xylenes was
comparable to that of the aliphatic hydrocarbons with minimal response as compared to
aromatic hydrocarbons. Sensor [Pa444]4[CuPcS4] exhibited similar class specific
responses to that of [TBAJ4CuPcS4]; however, an increased response to hexane,
heptane and xylenes as compared to [TBAJ4[CuPcS4] sensor can be seen in Figure 2.3.
Similarity in sensitivities and sensor responses for [TBAJ4[CuPcSa4] and [P4444]4[ CuPcS4]
could be attributed to chemical similarity in the cations heteroatoms and carbon chain
length. As shown in Figure 2.4, the [DDMA]4[CuPcS4] sensor demonstrated an overall
lower response as compared to other sensors, with maximum change in frequency being
approximately -40 Hz. It can also be seen that contrary to the [TBA]4[CuPcS4] and
[P4444]4[CuPcS4] sensors, [DDMA]4[CuPcS4] sensor had an increased response to both
aromatic and aliphatic hydrocarbons compared to alcohols. This response pattern and
lower sensitivity could be attributed to the zwitterionic charge of DDMA; however, more
experiments are being explored to fully understand the mechanism of this interaction. In
comparison to previous sensors, the [Ps44s]a[CuPcS4] sensor exhibited its highest
response to the chlorohydrocarbons. However, it does not show class specific responses
to the remaining VOCs (Fig. 2.5). Although [P4448]4[ CuPcS4] does not demonstrate class
specific responses for all VOCs; it does have increased sensitivities for most analytes as
compared to previous sensors. This may be attributed to the P444s cation having a longer
carbon chain length. These observations lead us to infer that increasing the carbon chain
length of GUMBOS will likely result in a more homogenous coating on the QCR, which in
turn would make the sensor more sensitive. This hypothesis is supported by the SEM

images (Fig. A15 — A18).
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2.3.4. Evaluation of MSA

Due to the unique responses of the reported sensors, it was hypothesized that the
MSA could discriminate between these ten different VOCs by compound classes. To
accomplish this, the raw Af data collected from the four sensors were used in developing
a predictive model using DA. The hypothesis that the covariance matrices associated with
the four sensor variables were the same across all four compound classes was strongly
rejected (p-value < 0.0001); thus, quadratic DA (QDA) was used, which fits a model that
estimates the covariance matrices separately for each compound class.

The first two principal components accounted for 99.44% of the variability in the
four predictors. The first principal component, which accounted for 97.09% of the
variability, essentially represents the sum of the four sensor measurements. The second
principal component, which accounted for an additional 2.35% of the total variation,
represents a comparison between the [DDMA]J4[CuPcS4] and [P444s]4[CuPcS4] sensor
measurements. Based on a plot of the first two principal component scores, shown in
Figure 2.7, the principal components provided a great visual separation between chloro-
hydrocarbons and alcohols, as well as between chloro-hydrocarbons and the combined
classes of aliphatic hydrocarbons and aromatic hydrocarbons. However, the first two
principal components provided no visual separation between the aliphatic hydrocarbons
and aromatic hydrocarbons. This suggested that there may be difficulty in distinguishing
between these two classes of compounds with the model produced by DA. The values
for the first two principal components could be used as predictor variables in DA for

developing the predictive model. However, due to the large number of observations within
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each compound class, this was not necessary and the measurements from the four

sensors were used directly as predictor variables.
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Figure 2.7. Principal component plot for discrimination of ten VOCs based on classes with
respect to a four sensor MSA. Plot considers 90 total measurements consisting of three
replicate measurements at three different flow ratios for each VOC (9 measurements per
sample).

To assess the predictive accuracy of the resulting QDA, cross-validation
classification was used. Cross-validation provides a less biased and more accurate
assessment of the predictive accuracy of a model than the default resubstitution method,
which is biased upwards. Using cross-validation, the QDA predictive model accurately
classified, with exception of only one, all of the compounds into their correct compound
classes. The one misclassification was due to an aliphatic hydrocarbon being classified
as an aromatic hydrocarbon. It was previously mentioned that aliphatic hydrocarbons and
aromatic hydrocarbons completely overlapped in a plot of the PCA scores (Fig. 2.7).
Therefore, it was an interesting result that only one of these compounds was

misclassified. Using uniform prior classification probabilities, the overall error rate was

estimated to be 1.39%, corresponding to an overall accuracy rate of 98.6%.
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For comparison purposes, in a QDA model using just the first principal component
as a predictor, which again accounted for 97.09% of the variation in the sensor variables,
the overall cross-validation classification error rate was 19.91%. In that model, two (2) of
the alcohols were misclassified as hydrocarbons, seven (7) of the 27 aromatic
hydrocarbons were misclassified as alcohols while another eleven (11) were misclassified
as aliphatic hydrocarbons, and one (1) aliphatic hydrocarbon was misclassified as an
aromatic hydrocarbon. In a QDA using the first two principal components as predictors,
the overall cross-validation classification error rate dropped to 5.09%. In that model, four
(4) aromatic hydrocarbons were misclassified as aliphatic hydrocarbons, and one (1)
aliphatic hydrocarbon was misclassified as an aromatic hydrocarbon. Therefore, when all
four sensor variables were used as predictors in the QDA, a more accurate predictive
model was achieved than when the first two principal components were used as

predictors.

2.4. Conclusion

In this study, four novel GUMBOS using copper (ll) phthalocyanine tetrasulfonate
were synthesized, and their gas-sensing properties were investigated using a QCM-
based MSA. These GUMBOS showed good thermal stability, sensing characteristics, and
cross-reactive responses for use in a MSA. By employing this phthalocyanine based
GUMBOS multisensor array, ten different analytes were able to be discriminated into four
classes with 98.6% accuracy. It should be noted that this high accuracy is achieved by
using the original data set as predictor variables in QDA, as compared to the first two
principal components, which is traditionally used. While the exact interaction of VOC

vapors with GUMBOS sensing films is still being investigated, this work has given
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considerable insight into their use as VOC sensors using a MSA. When one considers

the high accuracy in discriminating classes of VOCs, this sensor array shows great

potential for use in applications such as food quality control.3
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CHAPTER 3. QUARTZ CRYSTAL MICROBALANCE BASED SENSOR
ARRAYS FOR DETECTION AND DISCRIMINATION OF VOCS USING
PHOSPHONIUM IONIC LIQUID COMPOSITES

3.1. Introduction

Many volatile organic compounds (VOCs) cause detrimental health and
environmental effects after both acute and chronic exposure, which has led to an increase
in development of new techniques for detection of these compounds.*3 However, it is still
a challenge to detect and discriminate between closely related VOCs. In this regard,
electronic noses (e-noses), which mimic the human nose, are of great interest due to their
large selection of transducers.*® Among possible transducers, the quartz crystal
microbalance (QCM) coupled with ionic liquids (ILs) has proven to be a suitable e-nose.®
10 The QCM is a sensitive and fast responding transducer with a large selection of sensing
materials that makes it ideal for fabricating sensor arrays. ILs have proven to be good
sensing materials due to their tunable properties and ability to detect a wide range of
VOCs.''13 Briefly, ILs are a class of organic salts with melting points below 100°C, and
by a simple counterion exchange, toxicity, hydrophobicity, thermal properties, etc. can be
tuned.* Due to these redeeming qualities of ILs, and with the QCM as a transducer, IL-
based QCM sensor arrays proved to be beneficial in vapor sensing studies.>1’

E-noses, or cross reactive sensor arrays (CRSAs), have two major sensing
schemes. The most common is a multisensor array (MSA) that consists of several
sensors based on chemical affinity. In this scheme, differences in each sensing material
allows for interaction to a large range of VOCs. Each sensor will generate analyte specific
response patterns that can be analyzed using statistical analyses techniques, such as

artificial neural networks (ANN), principal component analysis (PCA), cluster analysis
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(CA), discriminant analysis (DA), etc., to identify or discriminate the analyte in question.
The second CRSA scheme is a virtual sensor array (VSA) that is based on a single
sensor. The VSA generates multiple analyte specific response patterns and can be
analyzed in the same manner as a MSA. In this regard, a VSA reduces cost and
complexity of sensing materials as compared to a MSA.

QCM-based VSAs were first introduced by the Warner research group in 2015,
and are based on film thickness, viscoelasticity, and harmonics.*® Briefly, a viscoelastic
material is used to coat the sensor, which results in significantly different behavioral
changes under resonant conditions as compared to rigid films due to its elastic and

viscous properties. This theory is based on the Sauerbrey equation:
Af = ——Am=——pt; (3.1
f = c m = Cpff (3.1)

where Afis change in resonance frequency, n is harmonic number, ¢ is mass sensitivity
designated as 17.7 ngcm=2Hz" for the 5 MHz AT-cut crystal used in this study; py is film
density, and tf is film thickness.'® Thus, harmonic number, thickness, and viscoelasticity
of each film will have an effect on sensor response. Harmonics are generated from the
fundamental frequency at odd multiples. The quartz crystal resonators (QCRs) used in
this work are capable of seven harmonics. In this regard, each harmonic response is
recorded and utilized as a sensor. For QCM-based MSAs and VSAs, the selectivity and
sensitivity depend on coating material.

Herein, a comparative study of QCM-based MSAs and VSAs for detection and
discrimination of common chlorinated VOCs is described. To accomplish this, three
phosphonium-based ILs were synthesized using trihexyltetradecylphosphonium as the

cation with three different anions as coating materials for VOC detection. Phosphonium
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ILs are known to have good chemical stability, viscosity, and
trinexyltetradecylphosphonium, in particular, exhibits partial selectivity to a wide range of
VOCs.' 2021 Composite materials were then created using an IL-polymer blend with
phosphonium ILs and polydimethylsiloxane (PDMS). PDMS is known to increase
sensitivity of gas sensors,??> and IL-polymer blends have been shown to increase
discrimination of VOCs due to enhanced viscoelastic properties.?*?* In order to
investigate vapor sensing properties of each IL and IL-PDMS composite, thin films of each
were deposited on the surface of QCRs via electrospray deposition and subsequently
exposed to a set of five chlorinated VOCs. Each set of sensors (pure IL and composites)
exhibited cross reactive patterns and were determined to be suitable for MSA fabrication.
The resulting data from each set of sensors (pure IL sensors and composite sensors)
were used to develop statistical models for discriminating five VOCs. PCA was used to
assess the dimensionality of each data set and to obtain a visual representation of
separation among the chlorinated VOCs. DA was used to develop the predictive models
for discriminating chlorinated compounds. Lastly, each composite sensor exhibited
multiple harmonic responses and each data set was used to fabricate three different

VSAs.

3.2. Materials and Methods
3.2.1. Materials

Trihexyltetradecylphosphonium (Pe6614) chloride, sodium
dodecylbenzenesulfonate (DBS), chloropropane, chlorobutane, and tetrachloromethane
were purchased from Sigma-Aldrich (St. Louis, MO USA). Sodium benzenesulfonate (BS)

and polydimethylsiloxane (PDMS) were purchased from Acros Organics (New Jersey,
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USA). Sodium 4-n-octylbenzenesulfonate (OBS) was purchased from Alfa Aesar
(Haverhill, MA USA), dichloromethane (DCM) was purchased from BDH VWR Analytical
(Radnor, PA USA), and chloroform was purchased from Macron Fine Chemicals (Center
Valley, PA USA). All chemicals were used as purchased without further purification.
3.2.2. Instrumentation

A Q-Sense QCM-D E4 system and associated QCRs were purchased from Biolin
Scientific (Stockholm, Sweden). Each QCR is an AT-cut gold-coated quartz crystal with
a diameter of 14 mm, thickness of 0.3 mm and fundamental frequency of 4.95 MHz +/-
50 kHz. Both readout equipment (Model 5878) and mass flow controllers (Model 5850E)
were obtained from Brooks Instrument, LLC (Hatfield, PA, USA).
3.2.3. Synthesis and Characterization of ILs

Three ILs were synthesized using a biphasic ion exchange reaction. As an
example of a classic synthetic procedure, [Na][DBS] was dissolved in water, while
[Pess14][Cl] was dissolved in DCM at a 1:1 mole ratio. Prepared solutions were mixed
together and allowed to stir for 48 hours to obtain [Pess14][DBS]. After completion of ion
exchange, NaCl (byproduct) was removed from DCM layer by washing with water several
times. To achieve final product, DCM was removed using rotary evaporation followed by
lyophilization to remove any residual water. The reaction procedure referenced above
was used to obtain remaining ILs by reacting [Pess14][Cl] with [Na][BS], and [Na][OBS] to
obtain [Pess14][BS], and [Psss14][OBS], respectively. All three ILs were colorless and
viscous liquids. Structures of starting materials are shown in Figure B1.

Electrospray ionization mass spectrometry (ESI-MS) and Fourier transform

infrared spectrometry (FT-IR) were used to characterize ILs. ESI-MS was accomplished
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using an Agilent 6210 system in positive and negative ion modes. FT-IR was performed
using a Bruker Alpha & Tensor 27 FT-IR instrument.
3.2.4. Preparation of IL Stock Solutions

Stock solutions of [Pess14][DBS], [Psss14][BS], and [Pess14][OBS] (1 mg/mL) were
prepared using DCM in 20 mL borosilicate glass scintillation vials.
3.2.5. Preparation of Composite Stock Solutions

Stock solutions of [Pess14][DBS] (1 mg/mL) with PDMS (0.5 mg/mL), [Pess14][BS] (1
mg/mL) with PDMS (0.5 mg/mL), and [Psss14][OBS] (1 mg/mL) with PDMS (0.5 mg/mL)
were prepared using DCM in 20 mL borosilicate glass scintillation vials.
3.2.6. Preparation of Sensing Films

Prior to coating, each QCR was cleaned using RCA standard clean 1 solution
(5:1:1 deionized water, 30% hydrogen peroxide, and ammonium hydroxide).?> An
electrospray method was used for deposition of ILs and composites onto each QCR
surface. Parameters for electrospray remained constant for each thin film: flowrate of 100
ML/min, current of 30 YA, voltage of 16.6 kV and a working distance of 7 cm. After coating,
films were dried with nitrogen then stored in a desiccator prior to use. The change in
frequency between coated and uncoated QCRs in all of the studied ILs and composites
was maintained at ~ -2000 Hz. Once coated with materials, QCRs are referred to as
sensors.
3.2.7. Data Collection

Each analyte was introduced at five different instrumentally controlled dilutions of
flow rate ratios (0.05, 0.1, 0.2, 0.3, and 0.4 Fs/Fit) which correspond to 5%, 10%, 20%,

30%, and 40% of saturated vapor pressure in a 20 mL vial of VOC and argon gas. To
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achieve this, a flow system that consisted of two independent gas flow channels, one for
analyte vapors and another for carrier gas, was used. Prior to data collection, the system
was purged with ultrapure argon to achieve a stable baseline. Subsequently, a vial
containing the VOC of choice was bubbled with argon to generate a sample of equilibrated
headspace. The analyte and carrier channels merged to allow dilution of the analyte flow
to yield respective flow rate ratios.?® The total flow rate was kept constant at 100 sccm by
using digital mass flow controllers. VOC vapors mixed across 1-meter length of tubing
and then flowed over each sensor. To remove analyte vapors, the system was purged
with argon at room temperature until the baseline was recovered.
3.2.8. Data Analysis

Multiple harmonic data was generated from vapor sensing studies expressed by
change in frequency (Af) in units of hertz (Hz). PCA was used to assess the dimensionality
of the observed sensor data (MSA and VSAs) and to obtain a visual representation of
separation among the chlorinated compounds with respect to the principal components.
DA was used to develop the predictive model for distinguishing chlorinated VOCs, using
the principal components as predictor variables.
3.3. Results and Discussion
3.3.1. Characterization of ILs

Each IL was confirmed using ESI-MS (Fig. B2 — B4) and FT-IR (Fig. B5 — B7). All
three ILs were liquids at room temperature, thus thermal properties were not investigated.
3.3.2. Evaluation of IL Sensor Responses

Vapor sensing properties of [Pess14][DBS], [Psss14][BS], and [Pees14][OBS] were

evaluated by inserting three QCM sensors coated with respective ILs into QCM-D
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chambers. Collectively sensors were exposed to a set of five chlorinated VOCs, which
included  dichloromethane, chloroform, chloropropane, chlorobutane, and
tetrachloromethane, at five different instrumentally controlled sample flow rate ratios
(0.05, 0.1, 0.2, 0.3, and 0.4 Fs/Fwt ). Changes in resonance frequency were measured by
exposing sensors to individual VOCs at indicated flow rate ratios for 3-minute intervals
for a total exposure time of approximately 15 minutes. Three replicate measurements
were completed for each VOC. Sensor responses for [Peess14][DBS], [Pes614][BS], and
[Pe6614][OBS] are presented in Figure 3.1 expressed as change in frequency (Af) versus
flow rate ratios. While each sensor exhibited reversible sorption and a stable starting
baseline, some sensor drift occurred over the course of the experiment. Furthermore, all
sensors exhibited reproducible responses with the exception of low flow ratios (0.05 and
0.1), which resulted in large standard deviations (Figure 3.1). It should also be noted that
[Pe6614][OBS] exhibited poor reproducibility in response to dichloromethane across all flow
ratios. Based on pattern responses observed in Figure 3.1, fabrication of a MSA is
possible, and these results will be discussed in section 3.3.4. In an attempt to increase
sensor response and reproducibility at low flow ratios, the incorporation of PDMS with ILs

to create composite materials was investigated.
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Figure 3.1. Sensor response of chlorinated VOCs at five flow ratios for A) [Pess14][DBS],
B) [Pess14][BS], and C) [Pees14][OBS]. Error bars represent standard deviation for three
replicate measurements.
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3.3.3. Evaluation of Sensor Responses for Composites

It was hypothesized that incorporation of PDMS with phosphonium ILs would
increase the sensor response to chlorinated compounds.?? Thus, vapor sensing
properties of [Pess14][DBS]-PDMS, [Psss14][BS]-PDMS, and [Pees14][OBS]-PDMS  were
evaluated using similar parameters as ILs studies. Briefly, three QCM sensors coated
with respective IL-polymer composites were inserted into QCM-D chambers and exposed
to the same set of chlorinated VOCs at identical flow ratios. Similar to IL studies, sensors
were exposed to VOCs at indicated flow ratios for 3-minute intervals for a total exposure
time of approximately 15 minutes with three replicate measurements. Sensor responses
for [Pes614][DBS]-PDMS, [Pess14][BS]-PDMS, and [Psss14][OBS]-PDMS are presented in
Figure 3.2 expressed as change in frequency (Af) versus flow rate ratios. All sensors were
found to be reusable, which is attributed to each sensor exhibiting a stable baseline and
reversible sorption, as shown in Figure B8. Moreover, each sensor produced analyte
specific response patterns as compared to each other, as well as to their IL counterparts.

With respect to [Pees14][DBS], [Pes614][DBS]-PDMS exhibited similar response
patterns; however, there was an increase in overall sensor response, as well as smaller
error bars with all analytes except tetrachloromethane. Overall, response patterns
generated from IL-PDMS composites showed enhanced reproducibility and increased

sensor response to chlorinated compounds, with the exception of tetrachloromethane.
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Figure 3.2. Sensor response of chlorinated VOCs at five flow ratios for A) [Pess14][DBS]-
PDMS, B) [Ps6614][BS]-PDMS, and C) [Psss14][OBS]-PDMS. Error bars represent standard
deviation for three replicate measurements.
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[Pe6614][BS]-PDMS demonstrated an entirely different response pattern as compared to
[Pess14][BS]. [Pee614][BS]-PDMS exhibited both positive and negative changes in
frequency, whereas all responses were negative values in [Pess14][BS]. Interestingly,
sensor responses for chloropropane and chlorobutane were negligible at lower flow
ratios, whereas the pure IL sensor generated significantly larger responses. Notably,
tetrachloromethane was the only compound to achieve negative changes in frequency
over all five flow ratios. Similar to [Pees14][BS]-PDMS, [Pess14][OBS]-PDMS exhibited
positive and negative changes in frequency and tetrachloromethane achieved negative
values over all flow ratios. In contrast to [Pees14][BS]-PDMS, [Pss614][OBS]-PDMS
exhibited an overall lower sensor response. It should be noted that composite sensors
exhibited multiple harmonic responses, which was not exhibited by pure IL sensors.
Figures 3.3, 3.4, and 3.5 depict sensor responses across multiple harmonics for
[Pe6614][DBS]-PDMS, [Pss614][BS]-PDMS, and [Pess14][OBS]-PDMS respectively. The
positive and negative shifts in resonant frequency can be attributed to incorporation of
PDMS, which changes the viscoelasticity of the sensor coating.?” Based on pattern
responses observed in Figures 3.2, 3.3, 3.4, and 3.5 fabrication of a MSA and VSA are

possible and these results will be discussed in sections 3.3.4 and 3.3.5.
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Figure 3.3. [Pess14][DBS]-PDMS sensor response to chlorinated VOCs at multiple
harmonics at A) 0.2 flow ratio, B) 0.3 flow ratio, and C) 0.4 flow ratio. Error bars represent
standard deviation for three replicate measurements.
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Figure 3.4. [Pess14][BS]-PDMS sensor response to chlorinated VOCs at multiple
harmonics at A) 0.2 flow ratio, B) 0.3 flow ratio, and C) 0.4 flow ratio. Error bars represent
standard deviation for three replicate measurements.
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Figure 3.5. [Pes614][OBS]-PDMS sensor response to chlorinated VOCs at multiple
harmonics at A) 0.2 flow ratio, B) 0.3 flow ratio, and C) 0.4 flow ratio. Error bars represent
standard deviation for three replicate measurements.
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3.3.4. Evaluation of MSAs

Based on pattern responses observed in Figures 3.1 and 3.2, fabrication of two
MSAs to discriminate between the chlorinated compounds was possible. The first MSA
was developed using sensor responses from pure IL sensors, [Pess14][DBS], [Pss614][BS],
and [Pse614][OBS]. While the second array was developed using sensor responses from
composite sensors, [Pess14][DBS]-PDMS, [Pess14][BS]-PDMS, and [Pess14][OBS]-PDMS.
To achieve the first array, the raw Af data collected from the pure IL sensors at the first
harmonic were used to develop a predictive model using DA. The hypothesis that the
covariance matrices associated with the three sensor variables were the same across all
VOCs was strongly rejected (p-value < 0.0001). Thus, quadratic DA (QDA) was used,
which fits a model that estimates the covariance matrices separately for each VOC.?6 The
composite MSA was achieved using the same parameters.

For the pure IL MSA, the first two principal components accounted for 99.3% of
the variability in the three predictors. The first principal component, which accounted for
92.6% of the variability, represents the sum of the three sensor responses. While the
second principal component represents a comparison between [Pess14][BS] and
[Pess14][OBS] responses, which accounted for 6.7% of the total variation. Figure 3.6
depicts a plot of the first two principal component scores, where some visual separation
between DCM, chloroform, and tetrachloromethane is provided. However, the first two
principal components do not provide any visual separation between chlorobutane and
chloropropane, and there is severe overlap between chlorobutane, chloropropane and

remaining VOCs.
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Figure 3.6. Principal component plot for discrimination of five chlorinated VOCs with

respect to a three sensor MSA. Plot considers 75 total measurements consisting of three
replicate measurements at five different flow ratios for each VOC (15 measurements per
sample) using pure IL sensors.

Based on this plot, it is suggested that there will be difficulty distinguishing between
these VOCs, especially between chlorobutane and chloropropane with the model
produced by DA. The values for the first two principal components were used as predictor
variables in QDA. The QDA predictive model resulted in 30 misclassifications,
corresponding to an error rate of 40%. Of these misclassifications, six (6) DCM
measurements were misclassified as chlorobutane, two (2) as chloropropane, one (1)
chloroform measurement was misclassified as chlorobutane, one (1) as chloropropane,
four (4) as tetrachloromethane, nine (9) chloropropane measurements were misclassified
as chlorobutane, one (1) as DCM, one (1) chlorobutane was misclassified as

chloropropane, and five (5) tetrachloromethane measurements were misclassified as

chlorobutane. This corresponded to an overall accuracy of 60%. With an excess of
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misclassifications and low accuracy, the discriminate scores from the QDA model were
further investigated. It was found that majority of these classifications were occurring in
the 0.05 and 0.1 flow ratios across all VOCs. Thus, new principal components using Af
measurements from 0.2, 0.3, and 0.4 flow ratios were evaluated and used to develop an
optimized QDA model.

Data obtained from 0.2 — 0.4 flow ratios showed the first two principal components
accounted for 99% of the total variability in the three predictors. The first principal
component accounted for 87.9% of the variability and similar to the original principal
components, represents the sum of the three sensor measurements. Like the original
principal components, the optimized second component represents the comparison
between [Pess14][BS] and [Psss14][OBS] measurements, but accounts for 11.1% of the total
variability. Based on the optimized PCA plot shown in Figure 3.7, an improvement in visual
separation between tetrachloromethane and DCM, tetrachloromethane and chloroform,
and between DCM and chloroform is provided. However, the optimized components are
still unable to provide visual separation between chloropropane and chlorobutane, and
an overlap of chlorobutane, chloropropane, DCM and tetrachloromethane is shown. This
optimized PCA plot suggests that there may difficulties discriminating between these
VOCs, but improvement in discrimination as compared to the original PCA plot in Figure
3.6. To test this theory, the optimized principal components were used as predictor
variables in QDA. The optimized QDA model resulted in a total of seven (7)
misclassifications, which corresponds to an error rate of 15.55%. The misclassifications
consisted of one (1) DCM measurement classified as chloropropane, four (4)

chloropropane classified as chlorobutane, one (1) chloropropane classified as DCM, and
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one (1) chlorobutane classified as chloropropane. The overall accuracy of the optimized
QDA model was found to be 84.45%, which was a large improvement compared to the
original model. It should be noted that all of the tetrachloromethane and chloroform

measurements were accurately classified, which was suggested by the PCA plot in Figure

3.7.
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Figure 3.7. Principal component plot for discrimination of five chlorinated VOCs with
respect to a three sensor MSA. Plot considers 45 total measurements consisting of three
replicate measurements at three different flow ratios for each VOC (9 measurements per
sample) using pure IL sensors.

Upon examination of the composite MSA, 99.5% of the total variability in the three
predictors was accounted for by the first two principal components. The first principal
component accounted for 81.1% of variance and represented the sum of the three sensor

responses. The second principal component, which accounted for 18.4% of the variability,

represented a comparison between [Pess14][DBS]-PDMS and [Psss14][BS]-PDMS
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responses. Based on Figure 3.8, it was proposed that using the predicative QDA model

will result in VOCs being misclassified as chloropropane or chlorobutane.
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Figure 3.8. Principal component plot for discrimination of five chlorinated VOCs with
respect to a three sensor MSA. Plot considers 75 total measurements consisting of three
replicate measurements at five different flow ratios for each VOC (15 measurements per
sample) using composite sensors.

This hypothesis is the result of significant overlap of chloropropane and chlorobutane with
DCM, chloroform, and tetrachloromethane. This proposal was evaluated by using the first
two principal components as predictor variables in QDA. The QDA model had an error
rate of 36%, which accounted for 27 misclassifications. These misclassifications were
comprised of five (5) DCM measurements classified as chlorobutane, six (6) chloroform
measurements classified as tetrachloromethane, nine (9) chloropropane measurements
classified as chlorobutane and three (3) as DCM, one (1) chlorobutane classified as DCM,

and three (3) tetrachloromethane measurements classified as chlorobutane. This model

was found to have an accuracy of 64%, which lead to further investigation of the
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discriminate scores. Similar to the original pure IL MSA, most of the misclassifications
were due to the lower flow ratios (0.05 and 0.1). Therefore, new principal components
using Af measurements from 0.2, 0.3, and 0.4 flow ratios were evaluated and used to
develop an optimized QDA model.

In this examination, the first two principal components accounted for 99.6% of the
total variability in the three predictors and represented the same factors as the original
components. The optimized first principal component accounted for 89.3% of the
variability, while the second component accounted for 10.3%. An optimized PCA plot is
depicted in Figure 3.8, where enhanced visual separation between tetrachloromethane,
chloroform, and DCM is provided. Nonetheless, poor visual separation persisted between

chlorobutane and chloropropane of the optimized principal components.
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Figure 3.9. Principal component plot for discrimination of five chlorinated VOCs with
respect to a three sensor MSA. Plot considers 45 total measurements consisting of three
replicate measurements at three different flow ratios for each VOC (9 measurements per
sample) using composite sensors.
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The optimized principal components were used as predictor variables to develop the
optimized QDA model. With the exception of two measurements, this model accurately
discriminated between the five chlorinated VOCs and resulted in an error rate of 4.44%.
The misclassification was due to two (2) chloropropane measurements being classified
as chlorobutane. As previously mentioned, chloropropane and chlorobutane overlapped
in the optimized PCA plot (Fig. 3.9). Thus, this misclassification was not alarming. The
overall accuracy of this model was determined to be 95.56%, which is a drastic
improvement from the original QDA model as well as the pure IL QDA model.
3.3.5. Evaluation of VSAs

[Pe6614][DBS]-PDMS, [Pss614][BS]-PDMS, and [Pess14][OBS]-PDMS exhibited
sensor responses across multiple harmonics, as shown in Figures 3.3, 3.4, and 3.5
respectively. To evaluate the capability of VSAs for discrimination of chlorinated VOCs,
each sensor was analyzed as an independent system. To accomplish this task, raw
changes in frequency (Af) data collected from each sensor across multiple harmonics
was used to develop a predictive model using QDA. [Pess14][DBS]-PDMS exhibited five
harmonics (15, 319, 5, 7t and 9%), [Pees14][BS]-PDMS exhibited four harmonics (1, 319,
5t and 71, and [Pess14][OBS]-PDMS exhibited six harmonics (1%, 3, 5, 7t 9t and
11™). For each sensor the hypothesis that the covariance matrices associated with the
five, four, and six sensor variables, respectively, were the same across all VOCs was
strongly rejected (p-value < 0.0001). Thus, QDA was used, which fits a model that
estimates the covariance matrices separately for each VOC.?® Based on the optimization
of the composite MSA, these QDA models only consider Af measurements for 0.2, 0.3,

and 0.4 flow ratios.
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In regards to [Psss14][DBS]-PDMS, four principal components were used as
predictor variables to develop the QDA model. This model resulted in 100% accuracy in
discriminating the five chlorinated VOCs. In contrast, [Pess14][BS]-PDMS used three
principal components as input variables for QDA, which resulted in 91.11% discrimination
accuracy. These misclassifications consisted of one (1) chlorobutane measurement being
classified as chloropropane, and three (3) chloropropane measurements classified as
chlorobutane. Lastly, [Pess14][OBS]-PDMS used five principal components as predictor
variables for the development of the QDA model, which resulted in 100% accuracy. Due
to these models using more than two principal components, and hence three-dimensional
or more, it is not possible to illustrate the score plots. For simplicity, two-dimensional QDA
canonical plots for each VSA are provided in Figures B9 — B11.

3.4. Conclusions

In this study, two novel phosphonium ILs and one previously reported
phosphonium IL were synthesized and vapor sensing properties were investigated using
a QCM-based MSA. To further evaluate the vapor sensing properties of these ILs, PDMS
was incorporated to create composite materials. Incorporation of PDMS resulted in
significantly different sensor responses than pure ILs. Ultimately, the composite materials
vapor sensing properties were investigated using a QCM-based MSA and VSA. It was
found that pure ILs and composite materials were not useful at vapor detection of
chlorinated VOCs at low flow ratios (0.05 and 0.1). However, by employing the composite
MSA, five chlorinated VOCs were accurately discriminated at 95.56%, which was an
increase in accuracy as compared to pure ILs MSA (84.45%). It should be noted that pure

ILs were not capable of VSA fabrication, while composite sensors were capable of this
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endeavor. With the exception of [Pess14][BS]-PDMS (91.11%), the VSAs exhibited higher

accuracies than the MSA at 100%. Although, further studies need to be investigated to

fully understand vapor interaction with sensing materials, these studies have provided

more insight on the benefits of incorporation of polymers for enhancing discrimination

accuracies for QCM-based sensor arrays.
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CHAPTER 4. IONIC LIQUID-POLYMER COMPOSITES FOR MIXTURE
ANALYSIS

4.1. Introduction

Regulating beverage adulteration, also known as illegally tampering with legal
beverages, has been an issue in food safety, forensics, and quality control. Depending
on the amount of adulteration, severe illness or even death can occur upon consumption.!
Alcohols are common adulterants in beverages.! While many are simple in their
structures, isomeric forms and alcohols of various sizes can be toxic to humans and the
environment. Methanol is a laboratory solvent and a component in antifreeze; however,
it is the most frequently used adulterant in alcoholic beverages.? 1-propanol is used in
brake fluid while 2-propanol is used in hand sanitizers, but both are used as adulterants
in alcoholic beverages. Lastly, 1-butanol is a component in paint thinner and has been
found in adulterated beverages as well.! Given the detrimental effects to human health
and the environment, it is important to develop a simple, cost effective technique that can
detect adulterant compounds, such as simple alcohols. Many techniques, including gas
chromatography coupled with mass spectrometry (GC-MS) and direct analysis in real
time mass spectrometry (DART-MS), have been used to detect adulterants in beverages;
however, there are limitations associated with these techniques, such as cost and
complexity.® 35 An alternative technique, such as a quartz crystal microbalance (QCM)
based sensor array, would eliminate many of the instrumental drawbacks associated with
traditional techniques due to a large selection of coating materials, simplicity, and cost

effectiveness.
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Traditionally, the QCM has been used as a mass detector and is fundamentally
non-selective; however, when combined with a suitable coating material, a vapor sensor
can be developed. Thus, sensitivity and selectivity of a QCM vapor sensor is dependent
on coating material. A variety of materials such as, carbon nanotubes and calixerenes,
have been used as coating materials, but are limited in sensing capabilities due to slow
response times, complex synthesis, and selectivity.®® To address these limitations, ionic
liquids (ILs) have been found to be selective to a wide of range volatile organic
compounds (VOCs) and exhibit good vapor sensing properties when coupled with QCM
sensors.®12 |t was recently discovered in the Warner Research Group, that by creating
an IL-polymer composite, detection, discrimination, and molecular weight approximation
of VOCs was possible.13-14

Herein, a QCM-based multisensor array is described for detection and analysis of
11 alcohol samples, with an ultimate objective of molecular weight discrimination within
mixtures. Alcohols selected for this work were common adulterants, such as methanol, 1-
propanol, 2-propanol, and 1-butanol. Ethanol was selected because it is a main
component in alcoholic beverages and 2-butanol is an isomer of a common adulterant.
Since methanol is the most common adulterant, the remaining five alcohol samples are
made up of 1:1 ratios of respective alcohols with methanol (methanol:ethanol,
methanol:1-propanol, methanol:2-propanol, methanol:1-butanol, methanol:2-butanol). A
set of four IL-polymer composites that were previously used to detect alcohols'3'* were
used as coating materials for detection of alcohols and change of frequency (Af) and
dissipation (AD) were measured. The set of sensors exhibited cross-reactive response

patterns, and ratios of A/AD were used to develop a statistical model for discriminating
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between 11 alcohol samples. Principal component analysis (PCA) was used to evaluate
the dimensionality of the observed sensor data and to obtain a visual representation of
separation among 11 alcohol samples. Discriminant analysis (DA) was used to develop a
predictive model for discriminating between alcohol samples using the four A#7AD sensor
responses directly as predictor variables.
4.2. Materials and Methods
4.2.1. Materials

Poly (methyl methacrylate) (PMMA molecular weight ~ 500,000 Da) was
purchased from Polysciences, Inc. (Washington, PA, USA). 1-n-butyl-2,3-
dimethylimidazolium trifluoromethanesulfonate ([BM2lm][OTf]) and 1-n-butyl-2,3-
dimethylimidazolium hexafluorophosphate ([BMzlm][PFs]) were purchased from lonic
Liquids Technologies, Inc. (Heilbronn, Germany). 1-butylpyridinium hexafluorophosphate
([BPyr][PFe]) was purchased from Acros Organics (New Jersey, USA). 1-hexyl-3-
methylimidazolium bis(trifluoromethylsulfonyl)imide ([HMIm][NTfz]) was obtained from a
previous study and synthesized using a previously reported procedure.'* 1-propanol, 2-
propanol, and 2-butanol were purchased from Sigma-Aldrich (St. Louis, MO USA).
Methanol and dichloromethane (DCM) were purchased from BDH VWR Analytical
(Radnor, PA USA), ethanol was purchased from Koptec (King of Prussia, PA USA), and
1-butanol was purchased from Fisher Scientific (Hampton, New Hampshire, USA). All
chemicals were used as received without further purification.
4.2.2. Instrumentation

A Q-Sense QCM-D E4 system and associated quartz crystal resonators (QCRS)

were purchased from Biolin Scientific (Stockholm, Sweden). Each QCR is an AT-cut gold-
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coated quartz crystal with a diameter of 14 mm, thickness of 0.3 mm and fundamental
frequency of 4.95 MHz +/- 50 kHz. Both readout equipment (Model 5878) and mass flow
controllers (Model 5850E) were obtained from Brooks Instrument, LLC (Hatfield, PA,
USA).
4.2.3. Preparation of Composite Stock Solutions

Stock solutions of composites were prepared using 1 mg/mL of respective IL with
0.5 mg/mL of PMMA dissolved in DCM in 20mL borosilicate glass scintillation vials. The
resulting composites were [HMIM][NTf2]-PMMA, [BM2Im][OT{]-PMMA, [BMzIm][PFs]-
PMMA, and [BPyr][PFs]-PMMA.
4.2.4. Preparation of Sensing Films

RCA standard clean 1 solution (5:1:1 deionized water, 30% hydrogen peroxide,
and ammonium hydroxide)*® was used to clean QCRs prior to deposition of composites.
Quartz crystal resonators (QCR) were coated using electrospray deposition. Parameters
for electrospray remained constant for each QCR: flowrate of 100 yL/min, current of 30
MA, voltage of 16.6 kV and a working distance of 7 cm. After electrospraying, the QCRs
were dried using nitrogen and stored in a desiccator until testing. The change in frequency
between coated and uncoated QCRs with composites was maintained at approximately
-2000 Hz. Once materials are deposited on the surface, QCRs are referred to as sensors.
4.2.5. Data Collection

A flow system was used to expose sensors to each analyte at three different
instrumentally controlled dilutions of flow rate ratios (0.2, 0.3, and 0.4 Fs/Ftwt) which
correspond to 20%, 30%, and 40% of equilibrated headspace in a 20 mL vial of sample

and argon gas. The flow system consisted of two independent gas flow channels, one for
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sample vapors and the other for carrier gas (ultrapure argon). Before collecting data, the
system was purged with carrier gas to achieve a stable baseline. Once a baseline was
obtained, a vial containing the sample of choice was bubbled with argon to generate a
sample of equilibrated headspace. The sample and carrier channels merged to allow
dilution of the analyte flow to yield respective flow rate ratios.'® The total flow rate was
maintained at 100 sccm by using digital mass flow controllers. Sample vapors were
allowed to mix across 1-meter length of tubing and subsequently flowed over each sensor.
To remove sample vapors, the system was purged with carrier gas at room temperature
until the baseline was recovered.
4.2.6. Data Analysis

Two predicative models were developed using change in frequency (Af) alone and
in combination with change in dissipation (AD). PCA was used to assess the
dimensionality of the observed sensor data and to obtain a visual representation of
separation among pure alcohols and 1:1 mixture of alcohols with respect to the principal
components. DA was used to develop the predictive models for discriminating between
11 alcohol samples using the four sensor variables directly as predictor variables.
4.3. Results and Discussion
4.3.1. Evaluation of Vapor Sensing Properties

Four QCM sensors coated with [HMImM][NTf2]-PMMA, [BMz2lm][PFs]-PMMA,
[BM2Im][OTf]-PMMA, and [BPyr][PFs]-PMMA were inserted into QCM-D chambers to
evaluate their vapor sensing capabilities. All sensors were exposed to six pure alcohols
(methanol, ethanol, 1-propanol, 2-propanol, 1l-butanol, 2-butanol) and a 1:1 ratio of

respective alcohols with methanol (methanol.ethanol, methanol:1-propanol, methanol:2-
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propanol, methanol:1-butanol, methanol:2-butanol) at three instrumentally controlled
sample flow rate ratios (0.2, 0.3, and 0.4 Fs/Fwt). Changes in frequency (Af) and
dissipation (AD) were measured by exposing sensors to individual samples at indicated
flow ratios for 3-minute intervals for a total exposure time of approximately 9 minutes in
triplicate. Af and AD sensor responses for [HMIm][NTf2]-PMMA, [BMzIlm][PFs]-PMMA,
[BM2Im][OTf]-PMMA, and [BPyr][PFs]-PMMA are depicted in Figures 4.1, 4.2, 4.3, and

4.4, respectively.
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Figure 4.1. [HMIm][NTf2]-PMMA sensor response of 11 alcohol samples at three flow
ratios for A) Af, and B) AD. Error bars represent standard deviation for three replicate
measurements.
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Figure 4.2. [BMz2Ilm][PFs]-PMMA sensor response of 11 alcohol samples at three flow
ratios for A) Af, and B) AD. Error bars represent standard deviation for three replicate
measurements.
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Figure 4.3. [BM2lm][OTf]-PMMA sensor response of 11 alcohol samples at three flow
ratios for A) Af, and B) AD. Error bars represent standard deviation for three replicate
measurements.
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Figure 4.4. [BPyr][PFes]-PMMA sensor response of 11 alcohol samples at three flow ratios
for A) Af, and B) AD. Error bars represent standard deviation for three replicate
measurements.

With the exception of [HMIm][NTf2]-PMMA, which exhibited slight sensor drift, each
sensor displayed stable baselines. Although, [HMIM][NTf2]-PMMA exhibited some sensor
drift, each sensor was found to be reusable and exhibited reversible sorption as seen in
Figure C1. Furthermore, all sensors generated analyte specific response patterns. It was
originally hypothesized that alcohol mixtures at 1:1 ratios would exhibit additive responses

of their respective alcohols. However, this was not seen in any of the four sensors. For

instance, in Figure 4.1 at 0.4 flow ratio, methanol generated a response of approximately
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15 Hz and ethanol is generated a response of about 2 Hz. An additive response for the
methanol:ethanol mixture is expected to generate a response of about 17 Hz, but the
actual response generated was approximately 5 Hz. This behavior is shown in all sensor
responses (Figures 4.1, 4.2, 4.3, and 4.4). In fact, the mixture responses are similar to
each other, but vary from respective alcohols with the exception of methanol. This may
be attributed to methanol being the most volatile alcohol and when mixtures are being
exposed to the sensors, methanol is adsorbing to the sensors before the second alcohol
component does. However, experiments are ongoing to fully understand the mechanism
of this interaction.

Figure 4.5 allows the entire Af data set to be analyzed visually. In this figure,
[HMIm][NTf2]-PMMA exhibits the lowest overall sensor response, and is the only sensor
to generate both positive and negative sensor responses. [BMzlm][PFs]-PMMA and
[BPyr][PFs]-PMMA exhibit similar sensor response patterns, which is likely attributed to
the PFe counterion. Upon further examination, [BM2Im][OTf]-PMMA demonstrates the
overall highest sensor response. This could be attributed to the OTf counter-anion, which
is the only difference between previous sensor. Sensor responses, however, are
drastically different. Although [BMzIm][PFs]-PMMA and [BPyr][PFs]-PMMA exhibit similar
Af sensor responses, a closer look at AD sensor responses reveals that each sensor
exhibits different response patterns. Based on this observation, it was hypothesized that
new analyte specific response patterns could be observed by plotting Af/AD versus flow
ratio. Based on pattern responses shown in Figures 4.6, 4.7, 4.8, and 4.9, it was

determined that MSA development was possible.
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Figure 4.5. Comparison of sensor responses of 11 alcohol samples for A) 0.2 flow ratio,
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[BM2Im][PFs]-PMMA, [BM2Im][OTf]-PMMA, and [BPyr][PFe]-PMMA, respectively. Error
bars represent standard deviation for three replicate measurements.
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flow ratios. Error bars represent standard deviation for three replicate measurements.
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86



Flow Ratio
0.3 0.4

0.2

=10 -

Af/AD

15 4

2 I I

J. Methanol = Ethanol = 1-Propanol

.25 = 2-Propanol m 1-Butanol 2-Butanol

= Methanol:Ethanol = Methanol:1-Propanol =Methanol:2-Propanol
Methanol:1-Butanol = Methanol:2-Butanol

Figure 4.8. [BM2Im][OTf]-PMMA Af/AD sensor response of 11 alcohol samples at three
flow ratios. Error bars represent standard deviation for three replicate measurements.

Flow Ratio
0 -
-20 -
-40 -
60 -
Q .80 -
< |
N
< -100 -
-120 -
140
-160 1 w Methanol m Ethanol u 1-Propanol
1 m2-Propanol m 1-Butanol 2-Butanol
-180 - g Methanol:Ethanol m Methanol:1-Propanol = Methanol:2-Propanol
Methanol:1-Butanol = Methanol:2-Butanol
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4.3.2. Evaluation of MSA

Figures 4.6, 4.7, 4.8, and 4.9 suggest that MSA fabrication to discriminate between
the six pure alcohol samples and five alcohol mixtures is possible. The raw Af/AD data
collected from the four sensors were used to develop a predictive model using DA. More
specifically, quadratic DA (QDA) was used because it assumes that the covariance

matrices are different for each alcohol sample.
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It was determined that the first two principal components accounted for 99.9% of
the total variability in the four predictors. The first principal component, which accounted
for 98.9% of variability, represents the sum of the four sensor measurements. The second
principal component, which accounted for an additional 1.06% of the total variation,
represents a comparison between [HMIm][NTf2] and [BPyr][PFe] sensor measurements.
Based on a plot of the first two principal component scores (Figure 4.10), the principal

components provided no visual separation between the 11 alcohol samples.
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Figure 4.10. Principal component plot for discrimination of 11 alcohol samples with
respect to a four sensor MSA. Plot considers 99 total measurements consisting of three
replicate measurements at three different flow ratios for each sample (9 measurements
per sample).
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This overlap of data values indicated that the MSA would be unable to discriminate
between any of the 11 alcohol samples. To evaluate the accuracy of this observation, a

QDA predictive model was developed using Af/AD measurements from the four sensors
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directly as predictor variables. The subsequent QDA model resulted in 15
misclassifications, which corresponds to an error rate of 15.15%. In this model, one (1) 2-
propanol measurement was misclassified as 1-butanol, one (1) methanol:ethanol
measurement was misclassified as methanol:2-propanol, one (1) as methanol:2-butanol,
one (1) methanol:1-propanol measurement was misclassified as methanol:2-butanol, two
(2) as methanol:2-propanol, one (1) as methanol:ethanol, one (1) methanol:2-propanol
measurement was misclassified as methanol:1-propanol while another four (4) were
misclassified as methanol:2-butanol, one (1) methanol:1-butanol was misclassified as
methanol:2-propanol, and one (1) methanol:2-butanol measurement was misclassified as
methanol:2-propanol. This predictive model resulted in an overall accuracy rate of
84.85%.

To verify the necessity of the combination of these two values, a QDA model using
only Af measurements from the four sensors as predictor variables was developed. This
predictive model resulted in an overall error rate of 27.27%, which corresponds to a total
of 27 misclassifications. These misclassifications consisted of one (1) ethanol
measurement classified as methanol:ethanol, one (1) 1-propanol measurement classified
as 2-propanol, two (2) 1-butanol measurements classified as 2-butanol, three (3)
methanol:ethanol measurements classified as methanol:2-propanol, one (1) methanol:1-
propanol measurement classified as methanol:1-butanol and one (1) as
methanol:ethanol, one (1) methanol:2-propanol measurement classified as
methanol:ethanol, one (1) methanol:1-butanol measurement classified as methanol:2-
propanol, and two (2) methanol:2-butanol measurements classified as methanol:ethanol.

The overall accuracy rate for this model was found to be 72.73%. Therefore, combining
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Af and AD measurements for use as sensor responses directly as predictor variables in
QDA, resulted in a more accurate predictive model than using Af sensor responses alone.
4.4. Conclusion

This work is a blueprint for development of a QCM-based MSA for discrimination
of pure alcohol samples and 1:1 mixtures of alcohol samples. To achieve this, a MSA was
fabricated using four previously synthesized IL-polymer composites as coating materials.
Overall, these composites showed good sensing characteristics and cross-reactive
responses to six pure alcohol samples and five alcohol mixtures. However, it was found
that a higher degree of discrimination between samples could be obtained from these
sensors by using A/AD measurements rather than Af measurements than Af alone. The
MSA was developed using Af/AD measurements from all four sensors as predictor
variables in QDA, which resulted in an 84.85% accuracy in discriminating 11 alcohol
samples. This was an improvement as compared to the QDA model using Af
measurements as predictor variables, which resulted in 72.73% accuracy. Currently, more
analyses are being explored to identify the components of the alcohol mixtures, and these
results show promise for use in discriminating and identifying complex mixtures for
adulteration of beverages.
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CHAPTER 5. CONCLUSIONS AND FUTURE WORK

5.1. Conclusions

Volatile organic compounds (VOCs) are a group of carbon-based organic
chemicals that are emitted from both natural and artificial sources. VOCs are present in
everyday life and many of them are known to cause adverse environmental and health
effects. For this reason, detecting and analyzing these vapors is of great concern. In this
regard, electronic noses (e-nose) have been used for vapor sensors. A variety of
transducers with suitable coating materials have been investigated; however, within this
dissertation the quartz crystal microbalance (QCM) has been employed as an e-nose.
lonic liquids (ILs) and a group of uniform materials based on organic salts (GUMBOS)
were selected as coating materials due to their appealing properties, such as tunable
physicochemical properties, simple synthesis, and negligible volatility. Although QCM-
based vapor sensors have shown great potential for detecting VOCs, they are not capable
of discrimination between different VOCs. Thus, ionic materials coated QCM-based
sensor arrays were employed for this dissertation. In Chapter 1, an introduction to VOCs,
e-noses, sensor arrays, statistical techniques, ILs, GUMBOS, and theory of the QCM is
reported.

Chapter 2 described the synthesis of four novel phthalocyanine-based GUMBOS
for use as coating materials in a QCM-based multisensor array (MSA). Vapor sensing
properties of these GUMBOS was investigated by exposing the MSA to a set of ten VOCs.
It was found that by employing this phthalocyanine-based GUMBOS MSA, ten different
analytes were discriminated into four classes with an accuracy of 98.6%. These studies

present the first QCM-based MSA to discriminate VOCs by classes.
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In Chapter 3, two sensing schemes for detection and discrimination of chlorinated
VOCs was presented. In this work, phosphonium ILs were synthesized and vapor sensing
properties were examined and compared to phosphonium IL-polymer composites. Pure
IL sensors were used to develop a QCM-based MSA, while IL-polymer composites were
used to develop a MSA and virtual sensor arrays (VSASs). It was found that by employing
the composite MSA, five chlorinated VOCs were accurately discriminated at 95.56%,
which was an increase in accuracy in comparison to pure ILs MSA (84.45%). Two out of
three VSAs discriminated chlorinated VOCs with 100% accuracy. These studies have
provided more insight on the benefits of incorporating polymers in coating materials for
enhanced discrimination accuracies of QCM-based sensor arrays.

Development of a QCM-based MSA for discrimination of pure alcohol samples and
1:1 mixtures of alcohol samples was described in Chapter 4. IL-polymer composites were
prepared and their gas-sensing properties were investigated. Using change in frequency
and dissipation ratio (A7/AD) measurements, an MSA was developed from all four sensors
as predictor variables in a predictive model, which resulted in an 84.85% accuracy in
discriminating 11 alcohol samples. These studies show promise for use in discriminating
and identifying complex mixtures for adulteration of beverages.
5.2. Future Work

The work described in this dissertation demonstrates the capability of QCM-based
vapor sensor arrays with GUMBOS and ILs as coating materials for accurate
discrimination of VOCs. However, further research needs to be investigated in the area
of vapor sensors for the identification of individual components within a complex mixture.

The QCM-based sensor array presented in Chapter 4 is the first attempt at discriminating
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and identifying individual components within a known mixture. Future work for this project
is aimed at developing another predictive model that is capable of identifying components
within a binary mixture. Once this is accomplished, more complex mixtures may be
analyzed.

In addition, the QCM as an e-nose is an attractive technology due to its simplicity,
and sensitivity; however, it is a slightly bulky instrument. Thus, it is of great interest to
develop a miniaturized QCM. This would allow for “on the field testing” of QCM-based
sensor arrays for detection of VOCs in real time. Our group is currently working in
collaboration with Professor Jinwoo Choi in LSU’s Electrical Engineering Department to

consult and assist in analysis and development of a miniaturized QCM.
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APPENDIX A. SUPPORTING INFORMATION FOR CHAPTER 2
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Figure Al. Structures of compounds used to synthesize GUMBOS. 1)
Tetrabutylammonium bromide (TBA), 2) Tetrabutylphosphonium bromide (Paaaa), 3) 3-
(dodecyldimethyl-ammonio)propanesulfonate (DDMA), 4) Tributyl-n-octylphosphonium
bromide (Pas44s), and 5) copper (II) phthalocyaninetetrasulfonic acid (CuPcSa)
tetrasodium salt. 96
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Figure A2. Electrospray ionization mass spectrometry (ESI-MS) spectra for CuPcSas,
where A) is in positive mode and B) is in negative mode. Solvent used was water.
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Figure A3. Electrospray ionization mass spectrometry (ESI-MS) spectra for
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Figure A4. Electrospray ionization mass spectrometry (ESI-MS) spectra for
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was DCM.
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Figure A5. Electrospray ionization mass spectrometry (ESI-MS) spectra for
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Figure A7. Fourier transform infrared (FT-IR) spectra for [TBA]s[CuPcSa4]. S=0 stretching
in CuPcS4 ~1184 shifts to ~1197 in [TBA]4[CuPcSa].
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Figure A8. Fourier transform infrared (FT-IR) spectra for [P4444]a[CuPcS4]. S=0 stretching
in CuPcS4 ~1184 shifts to ~1195 in [P4444]a[CuPcS4].
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Figure A11. Thermogravimetric analysis (TGA) curve for [TBA]4[CuPcSa4].
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Figure A13. Thermogravimetric analysis (TGA) curve for [ DDMA]4[CuPcSa4].
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Figure A14. Thermogravimetric analysis (TGA) curve for [Paaas]a[CuPcSa].

105



Figure A16. Scanning electron microscopy (SEM) image for [Pa444]4[CuPcSa].
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Figure A18. Scanning electron microscopy (SEM) image for [Pa44s]4[CuPcSa].
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Figure A19. Sensorgram for three replicate measurements of set of ten VOCs at multiple
flow ratios for all four sensors.
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Figure A20. Inset of sensorgram in Fig. S19 for first replicate measurement. Arrows
indicate the VOC being measured at multiple flow ratios in 3-minute increments.

Table A1.

Analyte concentration ranges.

Class Analyte Concentration (mgL™)

n-alcohols Methanol 41 - 82
Ethanol 18 — 47
1-Propanol 8-20

Chlorohydrocarbons  Dichloromethane 425 - 861
Chloroform 161 — 405

Aromatic Xylene

Hydrocarbons 6-15
Toluene 12-41
Benzene 41 - 126

Hydrocarbons
Heptane 20-75
Hexane 88 — 258
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Table A2. Summary of calculated sensitivities for all sensors.

[TBA]4[CuPcSs [P4444]s[CuPcSs [DDMA]4CuPcSs [Pa44s]s[CuPcS,
] ] ] ]

Analyte Sensitivity Sensitivity Sensitivity Sensitivity

(Hz/mgL™) (Hz/mgL™?) (Hz/mgL™?) (Hz/mgL™?)
Methanol 0.245 0.662 0.062 0.139
Ethanol 1.046 0.783 0.885 0.700
1-Propanol 2.595 2.221 0.252 2.724
Dichloromethane 0.159 0.134 0.037 0.162
Chloroform 0.362 0.310 0.085 0.635
Xylenes 0.428 0.669 0.555 1.547
Toluene 0.169 0.376 0.218 0.669
Heptane 0.034 0.075 0.071 0.128
Hexane 0.006 0.036 0.032 0.060
Benzene 0.155 0.165 0.087 0.279

Table A3. Summary of calculated detection limits for all sensors.
[TBA]4[CUPCS [P4444]4[CUPCS4 [DDMA]4[CUPCS4 [P444s]4[CUPCS4
4] 1 ] ]

Analyte Detection Detection Detection Limit Detection

Limit (mgL™) Limit (mgL™) (mgL?) Limit (mgL™?)
Methanol 3.79 0.237 5.40 6.35
Ethanol 0.8883 0.201 0.379 1.26
1-Propanol 0.3581 0.0707 1.33 0.324
Dichloromethane 5.85 1.17 9.07 5.45
Chloroform 2.57 0.507 3.93 1.39
Xylenes 2.17 0.235 0.605 0.570
Toluene 5.50 0.418 1.54 1.32
Heptane 27.5 2.10 4.72 6.89
Hexane 147.5 4.41 10.7 14.6
Benzene 5.99 0.951 3.87 3.16
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APPENDIX B. SUPPORTING INFORMATION FOR CHAPTER 3
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Figure B1. Structures of starting materials used to synthesize ILs.
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Figure B2. Electrospray ionization mass spectrometry (ESI-MS) spectra for [Psss14][DBS],
where A) is in positive mode and B) is in negative mode. Solvent used was DCM.
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Figure B3. Electrospray ionization mass spectrometry (ESI-MS) spectra for [Psss14][BS],
where A) is in positive mode and B) is in negative mode. Solvent used was DCM.
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Figure B4. Electrospray ionization mass spectrometry (ESI-MS) spectra for [Pees14][OBS],
where A) is in positive mode and B) is in negative mode. Solvent used was DCM.
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Figure B5. Fourier transform infrared (FT-IR) spectra for [Pess14][DBS]. S=0 stretching in
DBS ~1182 shifts to ~1195 in [Pess14][DBS].
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Figure B6. Fourier transform infrared (FT-IR) spectra for [Pes614][BS]. S-O stretching in
BS ~732 shifts to ~725 and ~750 shifts to ~755 in [Pess14][BS].
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Figure B7. Fourier transform infrared (FT-IR) spectra for [Pess14][OBS]. S=0 stretching in
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Figure B9. Canonical plot for discrimination of five chlorinated VOCs with respect to a five
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Figure B10. Canonical plot for discrimination of five chlorinated VOCs with respect to a
four sensor VSA. Plot considers 45 total measurements consisting of three replicate
measurements at three different flow ratios for each VOC (9 measurements per sample)
using [Pees14][BS]-PDMS.
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APPENDIX C. SUPPORTING INFORMATION FOR CHAPTER 4
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Figure C1. Sensorgram for first replicate measurement. Arrows indicate alcohol sample
being measured at multiple flow ratios in 3-minute increments.
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