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Abstract
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experiments using GCxGC-TOFMS: application to aerospace fuel analysis
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Chair of the Supervisory Committee:
Robert E. Synovec
Chemistry

Comprehensive two-dimensional gas chromatography with time-of-flight mass
spectrometry detection (GCxGC-TOFMS) is a prominent instrumental technique which produces
information rich datasets for the analysis of complex volatile mixtures. Due to this fact advanced
data analysis methods are required and chemometric supervised discovery approaches excel at by
exploiting class-based experimental design to extract useful chemical information. Analysis of
aerospace kerosene-based fuels benefit from these approaches as the samples often contain
thousands of unique compounds and features-of-interest may be minute in concentration. This
dissertation describes several studies pertaining to the development and application of supervised

discovery experiments (tile-based Fisher ratio (F-ratio) and 1v1 analysis) to fuels, focused on



extracting pertinent information. First, tile-based F-ratio results were used alongside measures of
peak shape consistency to statistically determine which m/z were pure (comprised of a single
compound) for each hit for accurate relative quantitation. Next, building on the ideas of the first
project, tile-based F-ratio results are used to statistically determine which m/z are consistent
between classes to enable the extraction of a purified mass spectrum representing the differences
between classes for reliable compound identification. Next, a class-based experiment is set up to
target the identities of extractable polar contaminants in rocket fuel using solid-phase extraction.
This approach is then applied to multiple fuels for the purpose of inter-batch analysis for errant
fuel detection. The extraction behavior of polar compounds within a fuel matrix is then
investigated with tile-based 1v1 analysis. Differences in extraction profiles are investigated for
several for two different stationary phases as a function of load volume. Finally, partial least
squares (PLS) is combined with tile-based variance ranking and RreliefF to improve modeling of
carbonaceous deposits in thermal fuel lines, a measure of thermal stability, for a dataset of rocket
fuels. The results are then used to identify the compounds that are highly correlated with

increased carbon deposition.
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Chapter 1. Introduction

Parts of this chapter were reproduced from Caitlin N. Cain, Timothy J. Trinklein, Sonia Schéneich, Grant S. Ochoa,
Sarah C. Rutan, Robert E. Synovec, Comprehensive Two-Dimensional Chromatography with Chemometric Data
Analysis. In: Nelu Grinberg, Peter W. Carr, editors. Advances in Chromatography Vol. 59 Boca Raton, FL (USA):
CRC Press 2023, p. 173-176.

1.1. Gas chromatography fundamentals
1.1.1. Principles

Chromatography is an important analytical technique for assessing the composition of
chemical mixtures. It is broadly defined as the act of separating chemicals based on their
interactions between a mobile and stationary phase [1]. How a compound partitions between

these two phases can be described with the distribution coefficient Kp:

__ [analyte]sp
p=——"

(1)

[analyte]myp

where [analyte]sp is the analyte concentration in the stationary phase and [analyte]mp is the
analyte concentration in the mobile phase. Analytes with a high Kp will have a higher affinity for
the stationary phase while analytes with a low Kp will have a higher affinity for the mobile
phase. As the names suggest, the stationary phase is static and is generally a solid or liquid, and
the mobile phase flows over the stationary phase and is either a liquid or solid. As the mobile
phase flows over the stationary phase, it pulls along analytes from the chemical mixture at a rate
indicated by their Kp, with analytes that have a low Kp travelling more quickly than analytes
with a high Kp. By carefully selecting the phases and adjusting other parameters to obtain
desirable Kp’s a chemical mixture can be separated into its constituent compounds [1,2]. How
these parameters are adjusted specifically will depend on the type of chromatography being
performed (e.g., thin-layer chromatography, gas chromatography, ion chromatography, liquid

chromatography, etc.). Chromatography is invaluable and is ubiquitous in both gualitative and



quantitative work from chemical synthesis to chemical analysis [3-6]. This dissertation will
focus on gas chromatography (GC), the technique utilized in all research within, however the

fundamentals described are applicable to most forms of chromatography.

Gas chromatography, first introduced in 1952, has become an invaluable multi-
disciplinary technique for the analysis of volatile and semi-volatile compounds [7]. In GC the
analytes partition between a liquid stationary phase coating the inside of a long silica column
housed inside an air-bath oven and a gaseous mobile phase which carries the analyte(s) in the
injected sample. Here the analyte Kp’s are due in some part to intermolecular interactions with
the stationary phase but are largely governed by analyte volatility. Thus, for a given temperature
analytes with low volatility will spend more time in the stationary phase and move down the
column slower than more volatile analytes. The mobile phase for flame ionization detection
(FID) is generally hydrogen (H>) gas due to its high optimal linear flow velocity over other
gases. For mass spectrometry (MS) detection helium (He) is preferred as inertness avoids any
unwanted fragmentation artifacts after ionization, as well as for achieving optimum vacuum
conditions. The stationary phase is generally a non-polar cross-linked polydimethylsiloxane
(PDMS) backbone that can be functionalized with phenyl, cyanopropyl, and trifluoropropyl
groups as a liquid coated along the walls of a silica-glass column. Typical column lengths (L) are
between 15-60 m, the column inner diameter (dc) ranges from 100-530 um, and stationary phase
film thickness (df) can range between 0.1-1.5 um. For polar applications polyethylene glycol
(PEG) can be used to separate mixtures with predominantly polar heteroatom-containing
compounds such as alcohols, ketones, and esters. However, these columns have a lower
maximum operating temperature, thus must be used with care to avoid stationary phase

degradation [1,8].



The elution order for a homologous series of compounds (compounds with similar
structures) in GC will be in order of boiling point. However, differences in compound structure
and polarity can affect the retention time, thus elution order will not necessarily match boiling
point order. In GC the mobile phase gas is generally inert thus analyte retention will be affected
not by analyte-mobile phase interactions but by analyte volatility and analyte-stationary phase
interactions. For each stationary phase, an analyte has a specific retention factor, k’, that the
analyst can use to relate thermodynamic information to chromatographic retention. The retention

factor, k’, is defined as:

k/ — tr—to (2)

to

where to is the dead time, or the retention time of a compound which does not interact with the
column. Among analytes with similar volatility, those with a low k’ will have a low affinity for
the stationary phase and have a shorter t; while those analytes with high k> will have a high
affinity for the stationary phase and have a longer t; [1]. The retention factor k is more
specifically influenced by enthalpy caused by the analyte’s physical properties such as volatility,
entropy by the analyte’s interaction with the stationary phase, and the ratio of mobile phase to

stationary phase volume, detailed by the following equation:
r_ _AHT AT
Ink' = — T Inp (3)

Where A4H° is the enthalpy of vaporization, R is the universal gas constant, T is the temperature

of the chromatographic system, 4S° is the entropy term, and £ is the phase volume ratio.

Analytes eluting from the column are detected according to a Gaussian profile

concentration distribution:



VinjCinj —0.5(:-11)2
CO=Fome 7 @

where t; is the analyte retention time, o is the distributions standard deviation, t is time, Vinjand
Cinj are the volume and concentration of sample injected, respectively, and F is the column flow
rate [9]. When t = t, the exponent drops out and the concentration reaches a maximum value at
the analyte’s retention time. Thus, the detectors will produce an electrical signal proportional to
the concentration of the analyte with the most common detectors for GC being FID and MS. FID
is a versatile univariate detector, which detects compounds which burn in a hydrogen flame, i.e.,
mainly hydrocarbons. For hydrocarbons the FID signal is proportionate to the number of carbons
and hydrogen contained in the molecule, with the presence of heteroatoms (nitrogen, sulfur,
oxygen) lowering the combustion efficiency of the compounds and in turn lowering their signal
[10]. A MS detector on the other hand, is a universal multi-channel detector, in that it can detect
any ionizable compound and provides data for several mass channels, m/z. These ionized
compounds fragment, creating many detectable m/z signals, which serve as a chemical
“fingerprint” which can be used for unique compound identification [11]. Thus, GC-MS
chromatograms are inherently two dimensional in nature, with one separation dimension and one

mass spectrum dimension.

1.1.2.Figures-of-Merit

The goal of chromatographic separations is to separate compounds effectively and
efficiently, and to this end it is important to consider both the width and resolution of analyte
peaks. The width of peaks is measured at their base, why, and is equal to 4, representing 95% of
the total peak area. With wy we can calculate the degree of overlap between two peaks, the

resolution:
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where t;1 and t; > are the retention times of the earlier and later eluting peaks respectively and wy
is the average peak width of base for the two peaks. For peaks to be baseline separated they must
have a resolution Rs = 1.5, which is preferred for analyte identification and quantification. Unit
resolution (Rs = 1.0) is when the separation between peaks is the same as their peak width at
base. In practice it is easier to obtain peaks with Rs = 1 than 1.5, though it does limit the
quantification of such peaks. Below a resolution of 1 the peaks start to overlap more heavily and
by a Rs = 0.5 their individual peak apexes have merged into one peak. For peaks such as these,
mathematical deconvolution is required to separate the combined peak into its individual
components for accurate quantitative and qualitative analysis. Examples of these resolutions are
demonstrated in Figure 1.1 with each peak plotted individually as red and blue with the observed

chromatographic signal (their sum) plotted in black.

For optimal and efficient chromatographic separations, it is best to obtain as narrow
peaks as possible, and with maximal resolution in as little as separation run time as possible.
Experimental steps the analyst can take to reduce peak width include changing column
dimensions, applying temperature programming to the GC oven, and adjusting the carrier gas
flow rate. The three parameters of a GC column, length (L), inner diameter (dc), and film
thickness (ds), alter how efficient the separation will be. Longer columns can allow greater
separation between overlapping compounds, but at the risk of wider peaks due to separation run

time. Decreasing the dc of a column will lead to higher
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Figure 1.1. Example of overlapped chromatographic peaks at various resolutions. Individual peaks are
plotted in red and blue with their sum, i.e., the observed chromatographic signal, plotted in black.

efficiency, i.e. more interactions of the analyte with the stationary phase, but at the cost of lower
column capacity and increased column head pressure. Finally, the ds affects the retention time of
analytes, with a thicker dr increasing retention time which can allow greater Rs between coeluting
compounds, at the cost of wider peaks. Temperature programming can help mitigate the General
Elution Problem (GEP) where earlier eluting compounds with low k’ have poor resolution and
narrow wy and later eluting compounds with high k> have superfluous resolution and wide wy. By
optimally increasing the temperature of the oven over time, all compounds will elute with k> ~ 0
and the same wy. Thus, when designing chromatography methods, it is important to use Rs as a
metric to determine when the separation results are satisfactory and/or optimal. Finally, the
carrier gas flow rate may be increased to shorten analysis time, but generally at the expense of
resolution. Thus, by balancing these parameters, we can achieve efficient separations with

narrow peaks and ideal resolution between analytes.



To assess the overall performance of a GC method an analyst can calculate the peak
capacity nc, estimated using the following equation for an optimized temperature programmed

separation,

tse
ne = w_: (6)

where tsep IS the total separation time, wy is the average peak width and nc represents the
maximum number of unit resolution peaks that can fit in the separation. It is desirable to achieve
high peak capacities which allows for greater resolution of complex mixtures. Thus, narrow
peaks will produce higher peak capacities, which also helps with detection sensitivity since
narrower peaks are taller than wide peaks (holding injected concentration constant, see Eq. 4).
Producing wide peaks is inefficient because not only does it hamper the resolution of closely
eluting compounds, but it will also interfere with the detection of low concentration compounds.
To achieve the production of narrow peaks the analyst can adjust many instrumental parameters
such as the injection volume, carrier gas flow rate, temperature programming affecting the
aforementioned GEP, column dimensions, and stationary phase thickness. By adjusting these
parameters, we are looking to reduce band broadening of the analyte ‘packet’ in the column by

affecting its mass transfer and longitudinal diffusion kinetics.
1.1.1. Comprehensive two-dimensional gas chromatography

One dimensional (1D) GC has long stood as an effective separation technique for volatile
mixtures, serving as an invaluable tool for both qualitative and quantitative analysis. However, as
mixtures grow in complexity the efficacy of 1D-GC decreases as compounds crowd the
separation space, creating what are referred to as unresolved complex mixtures (UCM). As an

example of this issue take diesel separations, there are potentially thousands of unique organic



compounds present in diesel with high overlap in boiling points. In 1D-GC these compounds are
unable to be fully resolved on reasonable time scales and raise the baseline considerably as the

compounds coelute in what is referred to as a ‘petroleum hump’ [12].

Various instrumental advancements have been made to improve upon the resolving
power of 1D-GC, referred to collectively as multidimensional gas chromatography (MGC). The
primary approach is referred to as heart-cutting, or GC-GC, collecting selected fractions of the
effluent from the first GC column dimension to be reinjected onto a second GC column to
achieve further separation of the coeluting compounds [13,14]. The transfer of effluent between
columns in GC-GC is generally accomplished with a simple flow-switching device [13,14].
However, GC-GC is limited in scope since the extra separation is applied to targeted compounds
and not the whole chromatogram. Addressing this, Liu and Phillips developed comprehensive
two-dimensional gas chromatography (GCxGC) in 1991, achieving full transfer of all first

dimension (*D) effluent to a second dimension (2D) column [15].

A GCxGC instrument is generally set up with a D column of about 30 m in length
connected in series by a modulator to a shorter 2D column (2-5 m) of differing polarity, whereby
the modulator acts as a secondary injector. The purpose of the modulator is to trap the effluent
exiting the *D column into a narrow band and reinject it to the 2D column, and process can be
accomplished in two ways: thermal versus flow modulation. Thermal modulators use cryogens to
rapidly cool the 1D effluent into a narrow band which is then reinjected by heating with a puff of
hot gas. Whereas flow modulators use auxiliary flow of carrier gas to direct portions of the ‘D
effluent to the 2D column. These processes are repeated continuously throughout the separation
on a timing called the modulation period, Pm. Thus, after an initial *D separation the sample will

experience a series of very fast 2D separations, thus providing the opportunity to separate



analytes that overlapped on *D with the 2D column. A typical column selection for D could be a
non-polar stationary phase (e.g. Rxi-1 100% dimethylpolysiloxane) connected to a mid-polar to
polar 2D column (e.g. Rxi-17Sil MS phenyl crosslinked dimethylpolysiloxane), however a
reverse column configuration can be employed (polar D and non-polar ?D) which generally
achieves better separation between non-polar compounds on the 2D dimension for certain

samples, i.e., alkanes and cycloalkanes in diesel.

The modulation process is demonstrated in Figure 1.2 for simulated GCxGC data. In Fig. 1.2A
the unfolded GCxGC chromatogram of the simulated data is provided, with red dashed lines
representing a Pm of 1 s. Here peaks are seen separated within each modulation, and peaks that
represent the same analyte between modulations are marked by green, violet and orange
asterisks. Notice that for each set of peaks a Gaussian shape is displayed following the analyte’s
1D separation. Cutting and folding the data along these modulations yields a contour plot
revealing three analytes are separated on 2D while remaining overlapped on D (Figure 1.2B). In
Figure 1.2C the 2D dimension has been summed away to represent the data as if it were collected
by 1D-GC, where it appears there are two unresolved peaks. This underscores the power of
GCxGC to resolve complex mixtures and the benefit gained from the added second separation

dimension.

With the improved resolution of GCxGC comes the ability to fit more peaks into the 2D
chromatographic separation space without overlap, that is, an increase in peak capacity. Klee et.
al. stated that given the same separation time GCxGC has the potential to achieve 10-fold or
greater peak capacity gain over 1D-GC [16]. Figure 1.3 demonstrates this impressive gain in
peak capacity, with a 1D-GC chromatogram of an RP-1 rocket fuel in Fig 1.3A with the

complementary GCxGC chromatogram in Fig 1.3B. In Figure 1.3A it is clear that the separation
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Figure 1.2. Example of GCxGC modulation process. (A) Modulated gas chromatograph signal, showing
apparent rise and fall of peaks across modulations, indicated by dashed red line. (B) 2D contour plot of the
modulated data, folded along the modulation periods. Here three analytes are seen separated on 2D whereas
they are overlapped on 1D. (C) 1D plot with the second dimension summed away showing that without the
second dimension it is difficult to determine how many analytes are present.

has many unresolved compounds, displaying the classic “petroleum hump” baseline rise
indicative of the complex mixture. To improve on this for 1D-GC an analyst may need to use a
longer separation time, however that is not necessary with GCxGC. Compared to Fig 1.3A,
hundreds of individual analyte peaks are visible, with good use of the 2D separation dimension.
This GCxGC chromatogram was collected with a reverse column configuration, using a mid-

polarity *D column (Rxi-17Sil MS) and a non-polar 2D column (Rxi-1MS).
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Figure 1.3. Demonstration of the increase in peak capacity gained from transitioning from 1DGC to
GCxGC. (A) A 1DGC chromatogram of an RP-1 rocket fuel. (B) A GCxGC chromatogram of the same
RP-1 rocket fuel. (C) Example of the peak widths associated with GCxGC.
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The peak capacity of GCxGC chromatograms for an optimized temperature programmed
1D separation can be calculated as the product of the peak capacity in the first and second

dimension respectively, or expanded:

1t Py
lwb 2Wb

()

— 1 2 —
nc,ZD_ nc>< ne =

where nc and ?nc are the peak capacity in the first and second dimension respectively, 't is the
total run separation time in seconds, P is the modulation period in s, and ws, and 2wy, are the
average peak widths-at-base in the first and second dimensions in s respectively. For a typical
peak from the rocket fuel chromatogram the w is 12 s and the 2wy is 200 ms or 0.2 s. Given the
total separation time 't = 30 min and Pm = 3 s that gives a nc = 150 and ?n. = 15 respectively,
resulting in nc2p = 2,250. Thus, the peak capacity gain over 1D-GC falls in line with theoretical

expectations.

1.2. Chemometric data analysis
1.2.1. Challenges to address

Despite the advantages of GCxGC relative to 1D-GC, the data produced can be large and
complex, especially for multi-channel detection. Because each 2D peak contains anywhere from
2-4 modulated peaks from D to 2D, conventional analysis such as quantification and
identification of compounds becomes cumbersome and impractical. Thus, hands on analysis for
complex samples of this size, especially if there are multiple replicates, is not practical.
Therefore, more advanced analytic methods (i.e., chemometrics) are required to process the data
and glean useful information, preferably involving less manual intervention and computation
time. Chemometrics is the use of linear algebra and statistical methods to extract meaningful

chemical information from analytical data. These techniques have generally been slow to limited
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in their application and adoption, owing to the need for programming experience in software
such as MATLAB, R, or Python, and specialized expertise to handle data in these programs.
Fortunately, more and more commercial software has been incorporating chemometric
approaches, with LECO ChromaTOF Tile and SepSolve ChromCompare+ offering both

supervised and unsupervised non-target analysis [17-20].

Chemometric techniques can be categorized into two main approaches based on the
analytical objective, targeted and non-targeted. Targeted methods refer to the quantification and
identification of pre-selected analytes of interest and is the most basic type of analysis. If the
analytes of interest are well-resolved chromatographically, or effectively so due to the detector
selectivity (e.g., MS), then advanced chemometrics is generally not required. However, if the
analyte is coeluting and poorly resolved, then attempts to quantify or identify analytes of interest
will be hindered. In such cases, chemometric decomposition can be employed to obtain the pure
signal from the contributing compounds. Two popular methods for this analysis are multivariate
curve resolution alternating least squares (MCR-ALS) and parallel factor analysis (PARAFAC),
and both work off linear algebra principles [21,22]. Non-targeted techniques can further be
classified as either supervised or unsupervised, depending on whether the method makes use of
class-based membership. Unsupervised, non-target methods include principal component
analysis (PCA), clustering algorithms and unsupervised feature selection while supervised non-
target method encompass the Fisher ratio method (F-ratio) for feature selection, and partial least
squares (PLS) regression. While these methods will be introduced separately, they may be
applied in any order to the data at hand depending upon the analytical objective. For example,

quantitative results of targeted methods can be input to build non-target models for data
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visualization, or non-target methods can be used to discover important analytes for targeted

quantification and identification.

1.2.2. Preprocessing

1.2.2.1. Baseline correction

Baseline correction methods are important for removing unwanted background signal
contributions to chromatographic data due to low-frequency detector drift and noise, stationary
phase degradation, or temperature fluctuations. Applying baseline correction differs depending
on if the data utilized single or multi-channel detection. For single channel detection, such as
GC-FID data or a GC-MS total ion current (TIC), it is appropriate to apply the correction to the
data as is. For multi-channel detection, such as the full range of m/z with GC-MS, the correction
can be performed iteratively on each individual m/z as the background fluctuation may be mass
channel dependent. Doing so benefits chemometric methods that rely on utilizing every m/z such
as MCR-ALS and the Fisher Ratio method (further discussion later). Furthermore, GCxGC data

must be unfolded along the Pw intervals prior to baseline correction.

The simplest form of baseline correction is subtracting the signal of a blank sample from
the data on a pixel level, assuming that the background fluctuations due to temperature
programming and stationary phase are consistent run-to-run. A method which uses only the
sample’s data is to leverage the identify regions of noise in the chromatogram as minimum signal
values and subtract these values from the entire chromatogram. Often the minimum signal will
vary with time and local analyte concentration, thus a rolling-ball minimum baseline correction
method can be implemented, which records the minimum signal value in a small region defined
as the ball size. This ball is then iteratively shuffled down the chromatogram, recording the

minimum signal as it goes, defining the minimum signal and thus baseline for the whole
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chromatogram [23]. This method works well with GCxGC data, where defining the ball size as
the size of the Pwm results in defining the minimum values for the chromatogram on a modulation-

by-modulation basis.

While these methods are useful and perform well when correcting minor baseline
fluctuations, more aberrant fluctuations require advanced baseline fitting approaches. Eilers
published a method which estimates the baseline with a penalized asymmetric least squares
algorithm with user defined parameters to fit a high-order polynomial using a to each data point
in an effort to isolate non-analyte signal [24]. Because of the tunable parameters the model
requires careful optimization to ensure that the analyte signal is properly preserved, and the

baseline is not overfit, which would result in the loss of important chemical information.

1.2.2.2. Normalization

When analyte concentration is to be determined across replicates of a sample or between
samples of similar composition, it is important to use normalization methods to minimize
extraneous analyte signal variation whether the source of variation be due to sample preparation
or injection volume. The most common and popular method of sample normalization is the
internal standard method, whereby a non-native analyte is spiked into each sample at a known
concentration prior to further sample preparation [25-28]. The method is completed by
normalizing all samples to give the internal standard the same signal across all samples. This
method assumes that each analyte in the sample can be correctly normalized with one internal
standard, occasionally different sections of the chromatogram may be subject to localized
variations, requiring the use of multiple internal standards. For the method to work the internal
standard peak must either be chromatographically resolved or mathematically resolvable from

other peaks. These constraints may make it difficult to apply to samples of unknown
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composition, thus one can select an internal standard after exploratory analysis or utilize

alternative methods of normalization.

When the internal standard method is not viable, one may alternatively use the sum
normalization method, which sums up all the signal in each sample to use as a normalization
factor, by which all signal in the chromatogram is divided [29-32]. The sum normalization
method relies on the assumption that all samples are of similar composition and have similar
analyte response factors such that a given volume of each sample should have similar total
signal. While this method does not retain quantitative information as well as the internal standard
method it does preserve relative signal information useful for qualitative comparisons [31,32].
Given this limitation, application of sum normalization to heterogenous datasets may result in
unnecessary additional signal variation [29]. To solve the normalization of *H-NMR
metabolomic data the probabilistic quotient normalization procedure was suggested by Dieterle
et al. [33]. The method functions by identifying the median dilution value between a quotient of
the chromatogram and a reference chromatogram and using this as the normalization factor for
the entire sample. Thus, when applying normalization to data sets it is important to carefully
consider the nature of your samples and the analysis goal when deciding what normalization

technique to apply.

1.2.2.3. Retention time alignment

Variation in chromatographic parameters and conditions, such as column degradation or
injection method, can result in shifts in retention times from day to day and sometimes run to
run. Some chemometric methods rely on the data having reproducible retention times between
samples thus it is important to have protocols to align chromatograms to ensure optimized

performance of these methods. Popular alignment methods range from simple chromatogram
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shifts with retention time locking to more robust algorithms such as piecewise alignment and
correlated optimized warping (COW) [34-39]. These approaches, however, are difficult to
implement with GCxGC data since individual 2D peaks in a modulated ‘D peak may be aligned
unevenly, introducing variability that is difficult to account for. While there have been
algorithms to apply retention time alignment to GCxGC data specifically, it may be easier to

simply mitigate the retention time shifting through binning.

Binning a chromatogram involves summing up data in specified regions, or “tiles”
spanning specified length on both separation dimensions, of the chromatogram resulting in a
chromatogram that appears coarse with many of the fine details ironed out. With a tile size that is
slightly bigger than the size of the average peak, many minor retention time shifting effects can
be simply summed up, eliminating the need to perform retention time alignment. Furthermore, it
has been demonstrated that binning a chromatogram gives comparable chemometric results to
raw chromatograms and in many cases improves the result [39]. However, a single tile grid
binning system is often inadequate for chemometric discovery techniques as peaks may be split
between tiles. Thus, a quad tile-based system, first described by Marney et. al in 2013, which
utilizes four tile grids with half tile offsets in each dimension can be implemented to be sure that
one of the four tile grids optimally encapsulates each peak (Fig. 1.4) [40]. This system has been
applied to numerous other chemometric discovery techniques from F-ratio analysis to variance

ranking and pairwise analysis [23,40-43].
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Figure 1.4. Demonstration of the quad-grid tiling system. The four grids use no tiling offset, offset by
half a tile width in the first dimension, by half a tile width in the second dimension, and a grid where both
offsets are applied. This ensures that for any analyte present, there is a grid that optimally encapsulates its
peak volume.

1.2.3. Targeted Methods

Analysis of GCxGC data is generally classified as either targeted or non-targeted analysis
based upon the analytical objective. Targeted analysis methods involve confirming the
identification of targeted compounds followed by their quantification in samples when the
analyte of interest is known a priori and are used for routine analysis in many industries and
applications. However, it may not be straightforward to quantify known analytes due to coelution
with interfering compounds. To address this, deconvolution (aka decomposition) algorithms are
implemented to allow the analyst to both identify and quantify targeted analytes from component

signals. Example algorithms that are commonly used are MCR-ALS and PARAFAC.
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1.2.3.1. Decomposition Methods

MCR-ALS is a peak deconvolution algorithm that purifies two-way chromatographic
data into its substituent components [21,44,45]. For 1D-GC-MS the two dimensions are the
separation dimension and the mass spectrum dimension. For GCxGC-MS data, the separation
dimensions must be unfolded into one, with the remaining dimension representing the mass
spectrum. Typically, a small region around the target region is submitted to limit the number of
interfering components included. The algorithm works by first making initial estimates for each
of the n components dimensions, then applying an iterative alternating least squares algorithm to
improve the estimates and fit the modeled components to the data until convergence criteria are
met (number of iterations, minimized residuals, lack-of-fit improvement, etc.) [21]. In the
absence of a priori knowledge of the number of components, the analyst may iteratively fit
models with successively more components until signs of overfitting occurs (i.e. peak-splitting
between components) or apply rank estimation techniques such as evolving factor analysis [46].
MCR-ALS relies on two assumptions, one, that the data is a linear combination of its
components and the contribution due to chemical noise is minimal, and two, that the components
are bilinear, that is having unique profiles in each dimension. Additionally, separate components
must be sufficiently unique from each other for successful modeling. Constraints can be applied

to MCR-ALS to aid in model fitting, such as non-negativity, unimodality, or local rank [21].

MCR-ALS can be applied either on a single sample or multiple sample basis. For single
samples the decomposition yields pure spectral information for each component, which in the
case of MS detection allows for the components to be identified through the use of a NIST mass
spectrum library search. The components concentrations may also be quantified relative to each

other. For multiple samples, the samples may be concatenated together along the separation axis,
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allowing for variation in concentration between samples to distinguish between components.
Furthermore, in this way standards may be concatenated to the sample allowing accurate

quantification of the target analytes by their relation to the standards [47].

PARAFAC is a peak deconvolution algorithm that also utilizes alternating least squares
for its model. It requires the data to be three dimensional and can model each component of
trilinear data as the outer product of their three fixed vectors[22]. For GCxGC-MS data,
PARAFAC decomposes the chosen chromatographic region into n components as the sum of all
analyte and background components, with three vectors describing the D peak profile, 2D peak
profile, and mass spectrum profile for each component [41,44,48-50]. In addition to allowing the
analyst to isolate the mass spectrum of each component, PARAFAC can also isolate the
background component(s), clearing up the analyte component profiles. Several constraints can be
placed on the three dimensions to help improve the model convergence. Typical constraints
would include unimodality or nonnegativity for both separation dimensions and nonnegativity

for the mass spectrum dimension.

Unlike MCR-ALS, PARAFAC requires the data to be sufficiently trilinear, which adds
an extra layer of complexity for GCxGC-MS data as small 2D retention time shifts (e.g., due to
temperature programming) can cause peaks between modulations to shift slightly. Strategies to
address this could involve aligning the modulations should the shifting be great, or utilizing
multiple samples and reshaping the data so each separation dimension is represented as one with
mass spectra and samples making up the other two dimensions. Recently, the successor to
PARAFAC, referred to as PARAFAC2 was introduced which loosened the trilinearity

requirement, allowing it to handle retention time misalignment more efficiently [51-53].
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1.2.4. Non-targeted methods

While targeted methods are useful for identifying and quantifying known analytes of
interest in sample chromatograms, non-target methods aim to discover interesting chemical
features and patterns across a wide range of chromatograms. Non-targeted methods are classified
as either unsupervised or supervised depending on whether they utilize class information about
the samples. Supervised methods (discussed later) which utilize class labels are suitable for
regression and making specific inquiries on datasets such as cause and effect studies.
Unsupervised methods do not require any a priori information about the samples. Therefore,
unsupervised methods are well suited to exploratory analysis to identify any patterns or outliers
among the samples. These methods are generally applied at the beginning of a chemometric
inquiry when visualizing the data to identify such patterns can inform further analysis efforts. A
common unsupervised method, principal component analysis (PCA), is applied to visualize and

identify features which discriminate between samples.

PCA is a very important method for exploratory analysis as it reduces the
chromatographic data to the sets of variables which describe a majority of the variance seen in
the dataset [54-57]. This reduction is achieved by finding the axes of maximum variance in the
dataset and projecting the data onto these new linearly orthogonal axes called principal
components (PC). For analysis of a given dataset the number of PCs is equal to the number of
samples, which are then ranked by the amount of variance they explain. Therefore, PC1 explains
the maximum variance in the data and PC2 explains the maximum variance not explained by
PC1, and so on and so forth. Generally, the first two PCs are the only ones used for visualizing

the data since variance beyond these two is less likely to be important.
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The outputs from PCA are called scores and loadings and are the metrics used to evaluate
how samples relate to each other. The scores are how each sample ranks in each PC. These
scores can be plotted against each other (i.e., PC1 on the x-axis versus PC2 on the y-axis) and
allow a visual interpretation as to how the samples in the dataset relate to each other. From this
PC scores plot the analyst can determine whether there are any obvious clusters of samples,
patterns or outliers that present themselves. The quality of sample clusters can be quantified
through metrics such as the degree-of-class separation (DCS) [58]. These differences that present
themselves may be due to real differences between the samples or due to other sources of
variation such as instrumental noise or time series effects (samples collected on different days)
so this visualization step is important in isolating these effects and mitigating their influence
before further steps of the analysis process. Next, the PC loadings describe how each variable
interacts with each PC and detail which chemical features (variables) are important for
describing the difference seen on the given PC. For example, if whole chromatograms are used
as PCA inputs then the loadings variable can be interpreted chromatographically, detailing which

peaks are important for discriminating samples in that PC [59-61].

All forms of variance will be picked up by PCA, thus it is important to apply proper pre-
processing to the data to ensure chemically meaningful results. In addition to baseline correction
and signal normalization, any retention time shifting should be mitigated. If the shifting is not
addressed, then the first few PCs will capture variance due to shifting rather than sample related
differences [62]. This issue can be addressed either through retention time alignment as
previously mentioned or reduction of the input data to peak tables, which minimizes retention
alignment effects. However, use of peak tables as PCA inputs is susceptible to missing features

that overlap with each other. Mean centering can be applied to the dataset to obtain a PC scores
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plot that is centered around zero, but otherwise does not affect the samples separation on the PC
space relative to each other. Even with proper chromatographic pre-processing the PCA results
may not show any separation between samples. This could be because there is no meaningful
differences or that the chemically meaningful variance is dwarfed by the remaining signal. To
overcome this, the analyst can implement feature selection techniques, most commonly

accomplished through the use of supervised non-targeted analysis methods.

1.2.4.1. Supervised Methods

While unsupervised approaches are appropriate for initial investigations into a
chromatographic data set, supervised approaches are well suited for studying cause and effect
experiments by leveraging a priori information, specifically known sample class membership.
Supervised algorithms utilize target variables such as class labels or independently measured
sample properties to discover features, build regression models, and/or classify samples. Feature
discovery, also known as feature selection, finds a subset of the original chromatographic data
that is highly correlated with the target variable(s). For chromatographic data sets, Fisher ratio
(F-ratio) analysis is typically used to discover class-distinguishing analytes. It is important to
note that unsupervised methods like PCA are commonly used to visualize the results obtained
from non-targeted, supervised feature selection methods. Along with identifying significant
analytes (feature selection), methods used for property prediction and sample classification fall
under the umbrella of supervised analysis techniques. Note that in this context, a “property”
refers to either a chemical or physical quantity that was collected separately from the
chromatographic data set. The most common property prediction method is partial least squares

(PLS) regression, which develops a multivariate calibration model to discover which analytes



23

correlate with the sample property that is being modeled. This section will detail the principles

and preprocessing considerations for each supervised technique.

1.2.4.2. Feature Selection

F-ratio analysis is a popular feature selection technique for chromatographic data because
it inherently provides data reduction, focusing the overall data analysis before performing further
targeted and non-targeted chemometric methods. This feature selection method utilizes the
analysis of variance (ANOVA) statistical hypothesis test, which compares the variance of
observations and discovers significant differences between groups. The total variance, defined as
the squared standard deviation, can be partitioned into two contributions: variance between
classes of samples and within classes of samples. The between class (BC) variance, which

describes how each class mean varies from the grand mean, is defined as
2 _ 1 )
ggc = v 2(Xi — D)y (8)

where k is the number of classes, n; is the number of measurements in the it class, x; is the mean
of the i" class, and x is the grand mean. The within class (WC) variance, which indicates how

much each measurement varies from its class mean, is
2 = L Yy —x)? 9)
Owc = N—k (xl] X;)

where N is the total number of measurements, and xij is the j" measurement of the i class.

Finally, the F-ratio is then obtained by taking the ratio of these two quantities:

2
F —ratio = :_%C (10)
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The results from the F-ratio analysis are compiled in a “hit list,” which ranks the F-ratio
values in descending order. The analyst then mines the hit list in a top-down approach,
identifying and quantifying peaks with larger F-ratios, since a high F-ratio generally corresponds
to class-distinguishing analytes. A class-distinguishing analyte is an analyte whose concentration
is statistically different between classes, which is typically based upon a t-test having a p-value <
0.05 (95% confidence limit). Thus, the results of the t-test show that the concentration ratio for a
given analyte hit between classes sufficiently differs from one. These class-distinguishing
analytes are commonly referred to as true positives. However, this data mining approach can be
hindered by the presence of both false positives and negatives. A false positive refers to the
discovery of an analyte that is not statistically different between classes, while a false negative is
the inability to discover a class-distinguishing analyte. The presence of false positives and/or
negatives can be present in all implementations of F-ratio analysis (peak table, pixel-based, and
tile-based). Therefore, along with discussing the different approaches for F-ratio analysis,

strategies to reduce the false discovery rate will be introduced in this section.

Peak table-based [63-65] and pixel-based [61,66,67] are the most straightforward
approaches for F-ratio analysis. A peak table-based approach typically uses the instrument
software to baseline correct and quantify signals for each peak in the chromatograms. These peak
tables are then aligned based upon user-defined time windows and mass spectrum match criteria
prior to F-ratio analysis [63]. While this approach aids in limiting the pool of potential features to
only those with measurable signals, it is important to note that this approach is limited by the
capability of the peak finding software and thus, potentially class-distinguishing analytes with
low S/N can be missed. A pixel-based approach, on the other hand, calculates an F-ratio for

every data point in the chromatogram (i.e., at every 2D retention time on every detector channel).
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The advantage of a pixel-based approach is that it utilizes the entire data set; however, the
number of false positives can increase rapidly since 2D retention time alignment on pixel-level
data performs at a limited level of success. Even if misalignment is mitigated to some extent by
2D retention time alignment, random detector fluctuations can artificially inflate F-ratios and

increase the number of false positives [40].

To address this challenge, a new tile-based approach for F-ratio analysis of
comprehensive 2D chromatographic data was developed for GC x GC-TOFMS data [23,40] (Fig
1.4) demonstrated in Figure 1.5 with 8 chromatograms with known class membership (Fig.
1.5A). Here, the chromatogram is divided into regular repeating rectangular sections called
“tiles,” where the encapsulated signal is summed (binned) to a single value. This tiling procedure
not only reduces the overall size of the chromatogram but also reduces the effect of retention
time shifting. To ensure that peaks are not split between tiles, F-ratio analysis is performed using
four different tiling grids, where each grid is offset from the original tile grid by half a tile width
in either dimension. A four-grid tile scheme ensures that each peak in the chromatogram is
adequately captured by at least one tile. The resulting tiled data sets are then compared using F-
ratio analysis on a per-m/z basis. These F-ratios can be visualized as a distribution as shown in
Figure 1.5B to determine the extent of class-distinguishing features. Next, a pin approximating
the location of the peak for each hit is calculated using the maximum signal difference for each
tile, and pins with similar retention times are clustered together. This pinning and clustering step
ensures that each feature in the hit list is only represented by one pin with the highest F-ratio.
Examples of these pins are shown in Figure 1.5C as red circles plotted over the GCxGC TIC

chromatogram at retention time for the five highest F-ratio features from the dataset. Viewing the
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Figure 1.5. Examples of F-ratio analysis results as demonstrated on a 4 vs 4 class comparison. (A)
Examples of sample chromatograms colored by class. (B) F-ratio distribution resulting from the tile-based
F-ratio analysis. (C) GCxGC TIC chromatogram of one sample with the pin locations of the top 5 F-ratio
hits plotted as red circles. (D) One-dimensional chromatogram of the pin location for the top F-ratio hit,
demonstrating the change in concentration that was discovered by the analysis.

top F-ratio hit for all 8 samples as a one-dimensional chromatogram in Figure 1.5D demonstrates

the feature discovered was a peak whose concentration increased two-fold between classes.

Proper reduction of false positives and false negatives using tile-based F-ratio analysis
first requires optimization of the tile size for both dimensions, D and 2D. Ideally, the tile
dimensions should encompass the average peak width along both dimensions with any
misalignment [23,68]. If the tile size is too large, then interferent signals could mask the signal of
true positives at low concentration [68]. Conversely, the hit list generated after using a tile
smaller than optimal can result in numerous redundant hits, which may be interpreted as false
positives [68]. Other strategies to reduce the presence of false positives require optimization of

different parameters involved in calculating F-ratios and ranking the discovered features. Reaser
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et al. demonstrated that the occurrence of false positives can be mitigated by using a S/N of 10
and ranking F-ratios based on the average of the top 10 m/z [69]. Likewise, Sudol et al. showed
that in part by ranking the hit list using only the m/z that produced the top F-ratio for a given hit
allowed for the discovery of features at concentrations as low as 1 ppm [68]. For data sets
consisting of control and treatment classes, F-ratios can be calculated using solely the variance of
the control class in the denominator [70]. This calculation, termed control-normalized F-ratio,
was shown to discover class-distinguishing features that were initially missed by traditional F-
ratio analysis due to their non-uniform/high variance in the treatment class [70]. An analyst can
evaluate the effectiveness of changing these different parameters on the true and false positive
rates with receiving operator characteristic (ROC) curves [69]. The area under the curve (AUC)
for the ROC curve can then quantify the optimization of different parameters, where higher

AUCs indicate more true positives appear at the top of the hit list [69].

Along with optimizing the calculation and ranking parameters, a reduction of the hit list
can be achieved by selecting an F-ratio threshold, deeming any feature above the threshold to be
important for further analysis. Traditionally, a manual cutoff can be selected by determining the
point where the frequency of false positives increases. However, this method is both time-
consuming and subjective toward the false positive tolerance limit defined by the analyst. An F-
critical threshold can also be applied, but this approach generally picks small cutoffs that keep
too many false positives. Null distribution analysis has been demonstrated to be a more robust
method for cutoff determination [23]. This method develops false positive F-distributions from
repeated F-ratio analyses on classes built from redistributing samples evenly and randomly into
classes. A distribution of F-ratios from the null comparisons is developed at a desired null

probability. The F-ratio threshold is then chosen by identifying the F-ratio that corresponds to a
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user-defined confidence level. Ultimately, null distribution analysis allows for the objective
determination of an F-ratio threshold, which is unique and accurate because it naturally considers

the underlying noise for a given data set.

Recent developments have utilized the tile-based framework to apply different metrics to
achieve different results. The 1v1 rank metric (RM) was introduced to enable discovery of
distinguishing features between two chromatograms, vastly reducing the amount of data needed
compared to the F-ratio method, which needs at least three samples per class. The 1vl RM is

defined as:

abs(B—A)

RM = «100 (11)

where A and B are the signal of each sample respectively. This RM is unitless and ranges from 0-
100 depending on how different the two signals are from each other. Studies using 1v1 analysis
have demonstrated the RM performs better than alternative pairwise comparison techniques such
as the Jensen-Shannon divergence, and/or with nearly the same efficacy as the F-ratio method
[43,71]. Furthermore, the tile-based framework has been applied to unsupervised analysis with
the calculation of the RSD? (squared relative standard deviation), a metric which considers the
variance among all samples regardless of class [42]. This method, called variance rank initiated
unsupervised sample indexing (VRI-USI) allows feature selection of potentially class
distinguishing features without knowledge of class membership and has been demonstrated to

aid in discovery of subclasses within datasets [42,72].
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1.2.4.3. Regression

While the discovery of chemical compounds is very important, it is also true that their
quantitative relation to either physical properties or chemical properties of a sample set can be
equally important. Establishing this relationship is accomplished through chemometric
regression. Partial least squares (PLS) is a multi-variate regression algorithm that correlates the
sample information in a data matrix (X) to another data matrix (), which may be a single-
column vector or multi-column matrix (i.e. n-PLS) [73]. PLS works by applying PCA
individually to the X and Y block. For PCA, the direction of the loadings for each matrix is
chosen to maximize the variance within their respective matrix. However, the direction of
loadings for PLS is chosen to maximize the covariance between the X and Y block. This
approach is commonly used to model the relationships between chromatographic data (X) and
measured properties of samples (Y) such as bulk physical properties like viscosity, density, and
heat of combustion or to other chemical properties such as relating biomarker concentration to
IgG concentrations in blood serum [74]. Once a model has been established it can be used to

predict the Y block response of new X block data.

For application with GCxGC data the chromatograms must be unfolded into a vector and stacked
in a matrix (X) with the rows comprising separate samples and the columns containing the
chromatographic variables. The data to be predicted (Y) should then be set up as a vector with
the same number of rows as the X block and as many columns as there are properties to predict.
A single PLS model can be constructed just using these X and Y blocks, however there is no
indication as to well the model reacts to data not part of the original X training set. This can be
addressed by either withholding data to be used as a validation set to evaluate how close the

model predicts the Y values or by running cross-validation which performs the same check using
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all of the training data. Leave-one-out cross validation (LOOCYV) is a method where a PLS
model is constructed using all but one sample. The resulting model is used to predict the value of
the withheld sample. This process is then repeated leaving each sample out one at a time and
predicting the values until each sample has been predicted once. These cross-validated
predictions then give a better gauge of model performance. In addition to the calibration and
prediction data, PLS also outputs linear regression vectors (LRV) which detail how each variable
relates to predicting the modeled property. For GCxGC data these LRVs can be interpreted
chromatographically like PCA loadings, allowing the analyst to learn for example whether

variables are positively or negatively correlated with a given property [75,76].

1.3. Overview of fuel analysis, its importance to defense industries, and

chemometrics place in fuel analysis

Given GCxGC-MS is an ideal approach for analyzing the chemical composition of
volatile complex mixtures, this makes GCxGC-MS well suited to characterize hydrocarbon fuels
such as kerosene-based propellants, such as jet fuel Jet-A and JP-5 and rocket fuel RP-1 and RP-
2. Industries that are interested in propellant chemistry are fuel manufactures, airlines, and
defense industries. Fuel manufactures, airlines, and government regulatory agencies are
gradually replacing the existing fuel in use today with greener alternatives such as biofuel and
sustainable aviation fuel (SAF) with the US Department of Energy setting a goal for companies
to create fuel that achieves a minimum of 50% reduction in lifecycle greenhouse gas compared
to conventional fuels to meet 100% of aviation fuel demand by 2050 [77]. GCxGC
characterization of such alternative fuels will be important for understanding and furthering their
development [78-84]. For defense industries the performance and reliability of propellant fuels

is of utmost importance necessitating methods to analyze fuels for trace contaminants and
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modelling of properties. For example, a large area of hydrocarbon fuel research is understanding
the dynamics involved in carbonaceous deposit formation, an area that robust chemical
composition information will undoubtedly aid [85-88]. Whether it be for characterization and
property prediction of biofuels and sustainable aviation fuels, or the development of better rocket
fuels, GCxGC and chemometric analysis play an important role and their continued development

is important and at the heart of the motivation for this dissertation.

1.4. Overview of following chapters

1.4.1. Statistical inference of mass channel purity from Fisher ratio analysis using
comprehensive two-dimensional gas chromatography with time-of-flight mass

spectrometry data

Tile-based Fisher ratio (F-ratio) analysis has recently been developed and validated for
discovery-based studies of highly complex data collected using comprehensive two-dimensional
gas chromatography coupled with time-of-flight mass spectrometry (GCxGC-TOFMS). In
previous studies, interpretation and utilization of F-ratio hit lists has relied upon manual
decomposition and quantification performed by chemometric methods such as PARAFAC, or via
manual translation of the F-ratio hit list information to peak table quantitative information
provided by the instrument software (ChromaTOF). Both of these quantification approaches are
bottlenecks in the overall workflow. In order to address this issue, a more automatable approach
to provide accurate relative quantification for F-ratio analyses was investigated, based upon the
mass spectrum selectivity provided via the F-ratio spectral output. Diesel fuel spiked with 15
analytes at four concentration levels (80, 40, 20, and 10 ppm) produced three sets of two class
comparisons that were submitted to tile-based F-ratio analysis to obtain three hit lists, with an F-

ratio spectrum for each hit. A novel algorithm which calculates the signal ratio (S-ratio) between
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two classes (eg., 80 ppm versus 40 ppm) was applied to all mass channels (m/z) in the F-ratio
spectrum for each hit. A lack-of-fit (LOF) metric was utilized as a measure of peak purity and
combined with F-ratio and p-values to study the relationship of each of these metrics with m/z
purity. Application of a LOF threshold coupled with a p-value threshold yielded a subset of the
“most pure” m/z for each of the 15 spiked analytes, evident by the low deviations (< 5%) in S-
ratio relative to the known spiked-in concentration ratio. A key outcome of this study was to
demonstrate the isolation of pure m/z without the need for higher level signal decomposition

algorithms such as MCR-ALS and PARAFAC.

1.4.2. Class comparison enabled mass spectrum purification for comprehensive

two-dimensional gas chromatography with time-of-flight mass spectrometry

Tile-based Fisher ratio (F-ratio) analysis is emerging as a versatile data analysis tool for
supervised discovery-based experimentation using GC x GC-TOFMS. None the less, analyte
identification can often be marred by poor 2D resolution and low analyte abundance relative to
overlapping compounds. Linear algebra-based chemometric methods, in particular MCR-ALS,
PARAFAC, and PARAFAC?2, are often applied in an effort to address this situation. However,
these chemometric methods can fail to produce an accurate spectrum when the analyte is at low
2D resolution and/or in low relative abundance. To address this challenge, we introduce class
comparison enabled mass spectrum purification (CCE-MSP), a method that utilizes the
underlying requirement for signal consistency of the background interference compounds
between the two classes in the F-ratio analysis to purify the mass spectrum of the analyte hits.
CCE-MSP is validated using a dataset obtained for a neat JP-8 jet fuel spiked with 14 sulfur
containing compounds at two levels (15 ppm and 30 ppm), using the p-value and LOF for each

analyte hit as consistency metrics. A purified mass spectrum was produced for each spiked
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analyte hit and their mass spectrum match value (MV) was compared to the MV obtained by
MCR-ALS, PARAFAC, and PARAFAC2. The resulting MV for CCE-MSP were found to be as
good or better than these chemometric methods, e.qg., for 2-butyl-5-ethylthiophene with an
analyte-to-interference relative signal abundance of 1:87 and a 2D resolution of 0.2, CCE-MSP
produced a MV of 831, compared to 476 for MCR-ALS, 403 for PARAFAC, and 336 for
PARAFAC2. CCE-MSP is also extended to obtain the purified spectrum for more than one
analyte, e.g., two analyte hits in overlapping hit locations. The spectra produced by CCE-MSP

can also be utilized as estimates to facilitate quantitative signal decomposition using MCR-ALS.

1.4.3. Using solid-phase extraction to facilitate a focused tile-based Fisher ratio
analysis of comprehensive two-dimensional gas chromatography time-of-flight

mass spectrometry data: comparative analysis of aerospace fuel composition

Tile-based Fisher ratio (F-ratio) analysis of GCxGC-TOFMS data is a powerful, supervised
discovery methodology for pinpointing sample class-distinguishing analytes between two or
more sample classes. Herein, we extend this analytical methodology to focus upon specific
chemical groups in kerosene-based aerospace fuel using solid-phase extraction (SPE). Treating
samples with SPE removes specific compounds depending on the SPE stationary phase (i.e.,
silica), creating an altered “pass” sample, identical to the original “neat” sample except for the
extracted compounds. Application of F-ratio analysis to the neat samples against the pass
samples provides global discovery with a numerically sorted hit list of all analytes affected by
the SPE procedure. Sections of GCxGC-TOFMS data from the top analyte hits are reconstructed
to form a “stitch” chromatogram to visualize the sample class-distinguishing compounds,
revealing excellent agreement with the extract chromatogram. Additionally, utilizing the four-

grid tiling scheme developed for tile-based F-ratio analysis, we demonstrate a tile-based pairwise
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analysis method, referred to as 1v1 analysis, to discover analytes that differ in concentration
between two fuel chromatograms. Application of 1v1 analysis is highly efficient since replicates
do not necessarily need to be run on the GCxGC-TOFMS instrument, which is beneficial for
sample-limited applications. The 1v1 analyses discovered most of the same features as F-ratio
analysis, ranging from 69 to 81% of the features discovered by F-ratio analysis while requiring
one-sixth the data. Lastly, the overall methodology is applied to three candidate rocket fuels to
better understand the compound class-distinguishing differences. The separate hit lists produced
for high-concentration bulk hydrocarbon differences and low-concentration level polar

compound differences provided valuable insight into these candidate rocket fuels.

1.4.4. Investigating analyte breakthrough under non-linear isotherm conditions
during solid phase extraction facilitated by non-targeted analysis with
comprehensive two-dimensional gas chromatography time-of-flight mass

spectrometry

Solid phase extraction (SPE) sample preparation for the analysis of complex organic
mixtures is often applied assuming all analytes of interest will preconcentrate on the stationary
phase. This assumption ignores the reality that extraction is a dynamic interactive process and a
diverse range of affinities for the stationary phase will result in equally diverse breakthrough
volumes due to competitive binding processes. To study this dynamic interactive process, and
further to take advantage of it, we extracted a JP-8 jet fuel spiked with 40 ppm of a polar
compound mix with silica and alumina SPE cartridges and analyzed sequential extracted
fractions of the fuel to both assess the shifting chemical landscape present in the extraction and
the impact of both SPE stationary phases on this process. Tile-based 1v1 comparative analysis (a

recently reported extension of tile-based Fisher ratio analysis) was used to discover the (polar)
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compounds whose concentrations change between extracted fractions, discovering 27
compounds extracted with alumina and 21 compounds extracted with silica with at least a factor
of 2 change in concentration from the neat sample relative to the first 1 mL pass fraction sample.
These compounds were quantified in each fraction to construct concentration ratio profiles,
defined as the concentration ratio for a given SPE fraction per analyte compound relative to the
analyte concentration in the neat fuel, for which the extraction behavior for each analyte could be
assessed. These analyte compounds were found to breakthrough at different rates, with some
analytes remaining on the column indefinitely (until extracted with a subsequent polar solvent)
and other analytes eluting before the extraction is complete. Furthermore, in comparison of the
effect of selected stationary phase, alumina was found to retain oxygen-containing phenolic
compounds to a greater extent than silica. PCA was used to analyze the concentration ratio
profiles of the various trace analytes in the JP8 fuel (phenols, indoles, etc.) in the context of their

stationary phase affinity (alumina or silica) and competitive binding behavior.

1.4.5. GCxGC-TOFMS and Chemometric Data Analysis Applied to Aerospace

Fuels: Modeling Thermal Stability of Complex Hydrocarbon Mixtures

Ensuring reliability, reusability, and operability of propulsion systems motivates
quantitative connections between fuel composition, properties, and performance. In turn, the
need for predictive models places greater emphasis on accurate fuel property measurements and
detailed compositional information, especially for multicomponent fuels like RP-1 and RP-2. To
facilitate informed decisions regarding composition, specification, and fit-for-purpose behavior
of complex fuels, we apply comprehensive two-dimensional gas chromatography with time-of-
flight mass spectrometry (GCxGC-TOFMS) and multivariate “chemometric” data analysis

methods to better understand how fuel performance depends upon chemical composition in the
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challenging context of fuel thermal stability. A primary objective is modeling the relationship
between chemical composition of complex fuels and their application-specific thermal
performance acquired in the Compact Rapid Assessment of Fuel Thermal Integrity (CRAFTI)
experimental platform. The availability of multivariate thermal integrity datasets — pressure drop
increase and carbonaceous deposit formation acquired in CRAFTI for several rocket and
advanced aerospace fuels — offers an ideal opportunity to utilize powerful chemometric methods
to advance fundamental composition-performance relationships in the pursuit of predictive
models. We present a feature selection method combining variance ranking, partial least squares
(PLS), and RreliefF to select chemical features from a dataset fusing GCxGC-TOFMS
chromatograms of neat and solid phase extracts of fuels which optimally correlate to
carbonaceous deposit data obtained via the CRAFTI testing platform. Variance ranking was used
to pre-select chromatographic features and RreliefF was used rank PLS results based upon how
well they correlated to the physical data and find an optimum correlation weight threshold for
improving the model. This method achieved lower cross-validation modeling errors for each
form of carbon investigated. The linear regression vectors (LRV) from the final PLS models
were used to discover the chemical compounds highly correlated with the deposition of carbon in
heated fuel lines. These compounds were found to be mainly diaromatic compounds such as
naphthalene, oxygen-containing compounds such as phenols and alcohols, and nitrogen-

containing compounds such as quinoline.
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Chapter 2. Statistical inference of mass channel purity from fisher ratio analysis
using comprehensive two-dimensional gas chromatography with time-of-flight

mass spectrometry data

This chapter was reproduced from Grant S. Ochoa, Sarah E. Prebihalo, Brooke C. Reaser, Luke
C. Marney, Robert E. Synovec, “Statistical Inference of Mass Channel Purity from Fisher Ratio
Analysis using Comprehensive Two-Dimensinoal Gas Chromatography with Time-of-Flight
Mass Spectrometry Data” J. Chromatogr. A 1627 (2020) 461401

2.1. Introduction

Comprehensive two-dimensional (2D) gas chromatography (GCxGC), pioneered in
1991 by Liu and Phillips [1], has been extensively developed and is a powerful tool for the
analysis of complex mixtures [2-14]. While traditional one-dimensional gas chromatography
(1D-GC) can efficiently separate, identify and quantify volatile and semi-volatile analytes, the
separation power may be inadequate for many complex samples [15]. Indeed, addition of the
second chromatographic dimension with a complementary stationary phase can increase the
separation and resolving power of GCxGC over 1D-GC about 10-fold [16-19]. When coupled
with time-of-flight mass spectrometry (TOFMS), GCxGC-TOFMS facilitates improved
identification and quantification of trace level analytes [3,5,6,14,20].

The inherent complexity of GCxGC-TOFMS data, with its third order data structure
[20,21] presents unique data analysis benefits and challenges, which are further impacted by the
addition of a fourth dimension due to consideration of multiple sample classes as defined by the
experimental design [20,21]. Fortunately, significant effort directed at developing chemometric
tools to elucidate chemical information from GCxGC-TOFMS data have improved the quality of
results obtained [18]. Broadly, chemometric methods aim to analyze analytical data qualitatively
(signal decomposition (deconvolution), pattern recognition, one and multi class classification)

and quantitatively (regression and projection-based methods) [22—25], while reducing
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computation time concurrent with enhancing the ability to ascertain prominent differences
between samples [18]. There are a wide variety of chemometric methods, including overlapped
peak decomposition (mathematical resolution) methods to enable analyte identification and
quantification such as Parallel Factor Analysis (PARAFAC) and Multivariate Classical
Resolution Alternating Least Squares (MCR-ALS) [22-25], and discovery-based, pattern
recognition-based, and property prediction methods such as Principal Component Analysis
(PCA) [26-29], Fisher Ratio (F-ratio) Analysis [20,21,26,30-34], Partial Least Squares (PLS),
and Partial Least Squares — Discriminant Analysis [35,36].

Chemometric methods are often implemented to extract useful class distinguishing
chemical features, and can be further distilled into supervised or unsupervised methods,
depending on whether sample class membership is known a priori [18,19,37,38]. Supervised
pixel-based F-ratio analysis was first applied to GCxGC-TOFMS data in 2006 and operates on
the conditions that class membership is known, and between class (chemical) variations of
discoverable analytes will be larger than within-class (random noise) variations [34]. The F-ratio
is mathematically defined as the class-to-class variance divided by the sum of the within-class
variance and prioritizes statistical significance over absolute signal [18].

F-ratio analysis has been applied in diverse fields such as metabolomics [8,39], fuel
[21,40], food [41], and forensics [42]. However, the nature of differentiating chromatographic
regions via F-ratio analysis necessitates having sufficiently aligned chromatograms without run-
to-run retention time shifting [30,31]. At the initial stage in the F-ratio software development,
due to the limitations of the pixel-based data structure, retention time misalignment resulted in
the true positives (class distinguishing features) being overly intermingled with false positives

(features that are falsely recorded as class distinguishing); a cumbersome approach to address
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this issue was to require alignment prior to F-ratio analysis to overcome the retention time
shifting [25,43-45]. To more effectively address the production of false positives due to
retention time misalignment, tile-based F-ratio software was developed [30,31].

Briefly, tile-based F-ratio analysis implements four spatially offset 2D grids, referred to
as “tile grids” [30]. Summing the baseline corrected pixel-based signal within each tile per m/z
optimally captures a given analyte peak feature within a tile from one of the four tile grids for the
purpose of calculating F-ratios as a function of mass channel (m/z), written as F-ratio(m/z). The
user-selected 2D tile dimension not only captures the entire analyte peak within a given tile from
one of the four tile grids, but also the tile dimension is selected to be large enough to mitigate the
sample run-to-sample run retention time shifting issue. Since the four tile grids initially produce
redundant analyte “hit” information, the redundant hits are removed using a pinning and
clustering algorithm that preserves the single “optimal” tile per analyte hit with the maximum F-
ratio(m/z), and focuses the multiple 2D tile locations back to the original high-resolution 2D
chromatographic data for each analyte hit [31]. In a previous study, for a given hit, the average
F-ratio for the top 10 m/z was reported per 2D tile location, each hit requiring at least 3 m/z
above the signal-to-noise ratio (S/N) and F-ratio thresholds [20]. However, further exploration of
the most appropriate use of the F-ratio(m/z) output is warranted. The initial development and
several performance and validation studies demonstrate the capabilities of tile-based F-ratio
analysis for the discovery of trace class distinguishing characteristics while also reducing false
positive rates [8,20,21,30,31]. Regrettably, F-ratio “spectra”, i.e., F-ratio(m/z), for a given
analyte hit have been an underutilized feature. Hence, one of the primary goals of the current
study is to carefully examine the chemical information that can be unmasked and better utilized

by capitalizing on the m/z selectivity provided by F-ratio analysis.
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Specifically, we expand upon the computational capabilities of tile-based F-ratio analysis
by introducing additional statistical-based algorithmic features that identify analyte-selective m/z.
By doing so, analyte hits per m/z that exhibit high quality statistical metric outputs will provide
accurate analyte quantification without a priori requiring analyte identification. Despite
advances to data analysis software, current prevailing data analysis workflows frequently require
significant analyst intervention post-discovery, such as chemometric decomposition, to perform
analyte quantification [37,38]. Thus, a statistical metric-based validation of mass spectral
selectivity provided via F-ratio(m/z) spectra will provide rapid quantification of analytes with
confidence without requiring decomposition a priori for a large fraction of analyte hits.
Herein, the capability of tile-based F-ratio analysis to provide accurate quantitative information
is evaluated and validated by calculating the signal ratios (S-ratio) as a function of m/z between
pairs of diesel samples spiked at four concentration levels, i.e., four sample classes (resulting in
three different pairwise class comparisons), and comparing the results to the true concentration
ratios. The S-ratio algorithm is a new feature incorporated into the tile-based F-ratio software.
While the initial F-ratio analysis “discovers” the location of the spiked analytes, providing a hit
list, the S-ratio algorithm provides relative quantification for each hit on a per m/z basis. Diesel
fuel samples spiked with 15 non-native analytes at four concentration levels, then analyzed by
GCxGC-TOFMS, were subjected to F-ratio analysis with S-ratio calculations performed on the
15 spiked analytes. This data set was ideal for this proof-of-principle study as it contains regions
of peak overlap which often require decomposition prior to quantification. While the
methodology described above is aimed to minimize the need for chemometric decomposition,
the S-ratio(m/z) results were validated using both initial knowledge of the analyte spike level

coupled with PARAFAC [20]. Based upon the F-ratio and S-ratio results obtained per analyte
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hit on a m/z basis, statistical metric tools are implemented to ascertain mass spectral selectivity,
and hence, quantitative accuracy of the S-ratios, since for a pure m/z the S-ratio will match the

true concentration ratio.

2.2. Computational Principles

Following “discovery” based upon the F-ratio(m/z) output, the total signal for either a
data pixel or F-ratio tile, as a function of m/z, can be defined as,

S(m/z) = R(m/z)C + L= R(m/2),C; (2.1)
where R(m/z) is the analyte response factor, C is the analyte concentration, and R(m/z); and C; are
the interferent i response factor and concentration, respectively, for n interferences. For two
sample classes, A and B, the S-ratio as a function of mass channel, S-ratio(m/z), is defined as the
total signal of class A, Sa total, divided by the total signal of class B, Sgtota, Where “total” implies

contributions from the analyte and all interferences,

. _ Satotal _ R(m/z)Cp+ ¥i_, R(m/2)iCia
S-ratio (m/z) = g (M/2) = G /2)0s + S, RGm/2)iCig (22)

with Ca the concentration of the analyte in class A, Cg the concentration of the analyte in class
B. Additionally, in Eg. (2.2), Ci a is the concentration of interferent i in class A, and Cip the
concentration of an interferent i in class B, accompanied by the generic response factor R(m/z);.
The signal of the analyte in class A can be written as,

Sa(m/z) = R(m/z)Cy (2.3)
and the total signal from all interferences in class A, denoted by subscript i, written as,

Spa (Mm/2) = Xi=  R(m/2)iCia (2.4)
Likewise, the signal of the analyte in class B can be written as,

Sg(m/z) = R(m/z)Cy (2.5)

and the signal from all interferences in class B, denoted by subscript i, written as
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Sye(m/z) = LiL1 R(m/z)iCip (2.6)
Using Egs. (2.3)-(2.6), now Eq. (2.2) can be simplified as,

Sa(m/z) + Sy a(m/z) 2.7

S-ratio(m/z) =

In the current study, the two sample classes are spiked with analytes so the number and
concentration of interferences in class A are equal to the number and concentration of
interferences in class B, such that, S; a(m/z)= Sis(m/z). However, this condition is not a method
requirement. Under any circumstances, when S;a(m/z) and S;g(m/z) both go to 0, such as in the
case of pure m/z for an analyte, then R(m/z) cancels and the S-ratio(m/z) is equal to the true

concentration ratio of the analyte, Ca/Cg, between the two classes,

R(m/z)CA _ Ca
R(m/z)CB - Cg (28)

S-ratio(m/z) =
However, in the case of non-selective m/z, when S a(m/z) and S;g(m/z) are equal and much larger
relative to Sa(m/z) and Sg(m/z), then the S-ratio(m/z) goes to 1. Additionally, when S; a(m/z) and
Si,8(m/z) are either sufficiently large relative to Sa(m/z) and Sg(m/z), or when S; a(m/z) and
Si,8(m/z) are not equal, then the S-ratio(m/z) will be intermediate between Ca/Cg, and a value of

1. Statistical metrics implemented with the S-ratio algorithm seek to explore this transition so

analyte selective m/z can be identified with confidence to obtain an accurate Ca/Csg.

2.3. Experimental

Diesel fuel spiked with 15 non-native compounds (Table 2.1) at four nominal
concentration levels (10 ppm, 20 ppm, 40 ppm, and 80 ppm) were analyzed by GCxGC-TOFMS
(Pegasus Il TOFMS with a quad-jet thermal modulator , LECO, St. Joseph, MI), that included
an Agilent 6890N gas chromatograph with a 7683 autosampler (Agilent Technologies, Palo Alto,

CA) [20]. A reverse column configuration was employed with a polar primary column, 1D



51

(Restek Rxi-17Sil MS, 29.75 m x 250 um i.d. % 0.25 um film thickness) and a nonpolar
secondary column, 2D (Restek Rxi-1 MS, 1.5 m x 180 um i.d. X 0.18 pum film thickness).
Ultrahigh purity helium (Grade 5, 99.999%, Praxair, Seattle, WA, USA) was used as the carrier
gas at a constant flow of 2.0 ml/min. The 1D column was maintained at 40 °C for 1 min and then
increased to 300 °C using a temperature program rate of 5 °C/min, where it was held for 2 min.
The 2D column and modulator block followed the same temperature program with a +15 °C and
+60 °C offset, respectively. The modulation period was 2 s. The ion source was set to 225 °C,
and mass channels, m/z 35-300, were collected at a 100 spectra/s after a 10 s acquisition delay.
Six injection replicates of each of the four concentration spike levels were collected to create
four sample classes containing 6 samples each.

Data analyses were performed in Matlab R2018a (The Mathworks Inc., Natick, MA,
USA) and were imported from the LECO ChomaTOF software v 3.32 (LECO, St. Joseph, MI)
via an in-house developed data converter [20]. The data were analyzed with in-house developed
tile-based F-ratio software [8,20,21,30,31]. There were three class comparisons, the 20 ppm
versus 10 ppm spike level, the 40 ppm versus the 20 ppm spike level, and the 80 ppm versus 40
ppm spike level, so for each comparison a total of 12 samples were analyzed with 6 in each class.
Most of the results presented are for the 80 ppm versus 40 ppm spike level comparison, while in
some instances all three comparisons are related to each other. The F-ratio tile dimensions were
12 s on 1D by 100 ms on 2D reducing the size of the data tensor from 200x1644x267 to
20x274x267 data points representing the 2D, 1D, and m/z respectively, and the cluster tile
dimensions were 8 s on 1D by 60 ms on 2D; a S/N threshold of 10 was applied and at least 3 m/z

were required to define a reported F-ratio [20].
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Table 2.1. S-ratio results for each of the 15 spiked analytes in the 80/40 ppm comparison, arranged by
decreasing maximum F-ratio. The S-ratio for the top m/z (which also passed the p-value and LOF
thresholds) is provided and compared against the actual concentration ratio. Average concentration ratio
deviation was 1.0% with a standard deviation of 1.4%.

Analyte Name True Concentration Ratio F-ratio m/z S-ratio Deviation, %
bromobenzene 1.97 7404 38 1.98 0.5
1,6-dichlorohexane 1.99 6112 67 1.97 -1.0
1-chlorohexane 2.04 5351 91 2.04 0
5-decyne 212 3597 77 2.09 -1.4
2,5-dimethylthiophene 2.07 2173 111 2.07 0
1-nonanol 2.05 1979 43 2.05 0
limonene 2.07 1533 53 2.06 -0.5
ethyl salicylate 2.15 1404 92 2.13 -0.9
aniline 2.27 1337 92 2.27 0
2-decanone 2.28 1318 41 2.17 -4.8
methy| caproate 2.23 989 87 221 -0.9
butyrophenone 2.12 972 106 2.14 0.9
2-heptanol 2.25 682 45 2.33 3.6
3-octanone 1.92 529 42 1.92 0
cyclohexyl isothiocyanate 1.96 298 82 1.94 -1.0
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Figure 2.1. Flow chart depicting the data processing steps of the S-ratio(m/z) algorithm for 1-
chlorohexane. For each F-ratio(m/z), illustrated for m/z 91 with a star (upper left), a 2D S-ratio tile is
cutout around each hit (upper right) from each chromatogram centered at the average 1D x 2D pin
location. The data within the 2D S-ratio tile is unfolded and concatenated into a vector laying each
modulation section end to end, with the average 1D x 2D pin location represented by the large red X in
the bottom left plot. Initial 2D pins are then assigned to each modulation based off the average 1D x 2D
pin, separated by the modulation period, which serve as initial estimates to the peak maxima for each 2D
peak, represented by the small red x’s. These initial pins are then repositioned to the 2D peak maxima,
indicated by the black arrows. Finally, the 2D peak heights are summed, yielding a single signal value for
each selected m/z (lower left). The summed signals are then averaged for both sample classes and divided
to yield the S-ratio(m/z) spectrum, with the S-ratio for m/z 91 indicated with a star (lower right).

Directly following removal of redundant hits by the pinning and clustering algorithm step
[31], S-ratio(m/z) were obtained, for each F-ratio(m/z) as illustrated in Fig. 2.1, with the S-ratio
algorithm flow chart provided in Fig. A1l (Appendix A). The S-ratio(m/z) algorithm is based in

part upon a previously developed algorithm for aligned chromatograms [25,46], though the new
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version does not require alignment. For each hit identified by F-ratio analysis, data for a given
analyte was extracted from each chromatogram, one chromatogram at a time. First, the D and
2D pin location from the F-ratio hit list was applied to an individual chromatogram. Then, a 2D
S-ratio tile with dimensions equal to the D dimension of the F-ratio tile (6 s) and double the
dimension of the 2D cluster tile dimension (120 ms) was centered on the pin. Next, the algorithm
determines where the average (original) F-ratio pin location is on the peak for the particular
chromatogram at hand, i.e. whether it is on the right, left or top of the analyte peak maxima.
Using an iterative process, the 2D peak maxima for all modulations located within the 2D S-ratio
tile (as illustrated in Fig. 2.1) are recorded. Then, beginning from the modulation which
corresponds to the largest 2D peak maximum, the D boundaries are determined by checking
subsequent modulations to the right and left for an increase in signal, which indicates the
modulation belongs to another analyte and/or interferent. Finally, the signals for the 2D peak
maxima from all modulations identified as belonging to the analyte are summed, as to give one
signal per m/z from the F-ratio spectrum of the hit. This algorithm is repeated across all
chromatograms in the F-ratio class comparison. The process described above was repeated for all
m/z identified as class distinguishing at each pin location. Following these signal intensity
calculations, the algorithm calculated S-ratio(m/z) at every identified F-ratio(m/z) for each hit
between class A (the class containing the higher spike level) and class B (lower spike level).
Quantitative accuracy was evaluated through comparison of the true concentration ratio and the
experimental S-ratio(m/z). Based upon the experimental design, all S-ratios, and hence
experimentally determined concentration ratios, for the spiked analytes should nominally be 2.
Combinatorial null distribution analysis (CNDA) has been previously demonstrated to

provide a statistically robust F-ratio threshold in which false positives are minimized, while
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maximizing the true positive discovery rate, defined as the “limit of discovery” [8,20,30,31]. An
extension of CNDA to study F-ratio(m/z) distributions for the three class comparisons (20 ppm
versus 10 ppm spike, 40 ppm versus the 20 ppm spike, and 80 ppm versus 40 ppm spike) is
provided to determine an F-ratio threshold that correlates with quantitative accuracy via the S-
ratio(m/z) calculations. Null class comparisons were analyzed by creating two “null classes,”
which consist of intermingling samples from class A and class B and submitting the null classes
to the tile-based F-ratio analysis algorithm. For a six versus six sample class comparison, there
are 200 possible null permutations of sample class membership that are obtained. Unlike
previously demonstrated applications of CNDA, where all 200 hit lists were constructed to create
an average null probability distribution for threshold determination, this study used a null
probability distribution of all F-ratio(m/z) as a method for determining a threshold above which
quantitative accuracy is anticipated to be maximized. A null probability level of 99.999% was
applied to each probability plot, yielding three distributions with 200 F-ratio threshold values.
Then a 95% confidence interval was applied to each distribution to select a single F-ratio
threshold, from there an average of the three class comparisons was calculated and applied.
Independent from the inference of mass spectral purity provided by the F-ratio threshold
via CNDA, the consistency of analyte peak shapes between classes was analyzed and quantified
using a lack-of-fit (LOF) statistic using an in-house developed algorithm, with the LOF
algorithm flow chart provided in Fig. A2 (Appendix A). To begin, as with the determinations of
the S-ratio(m/z) signal (per Fig. 2.1), a LOF tile whose D dimension matches the F-ratio tile D
dimension (6 s) and 2D dimension is double the F-ratio tile °D dimension (240 ms) was pulled
from a chromatogram from class A (80 ppm) and class B (40 ppm) for each m/z for a given hit.

For a sufficiently pure m/z, an increase in concentration will increase the area under the 2D peaks
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while the peak shapes will remain constant. To test this concept, the pattern of 2D peaks within a
LOF tile for class B were normalized to the area of the corresponding modulations in class A.
Next, the pattern of 2D peaks in class B was aligned to class A by interpolation such that the
original 2D peak shapes remain intact, minimizing the squared residuals between classes. The

data were then unfolded into a concatenated vector and the LOF was calculated according to Eq.

(v—x)2
LOF (m/z) = 100 /zg—x;‘) (2.9)

where x is the concatenated pattern of 2D peaks for class B, and y is the concatenated pattern of

(2.9),

2D peaks for class A [47]. Purer m/z result in smaller residuals indicated by a lower LOF, while a
larger LOF is indicative of a change in the pattern of 2D peaks between classes, indicative of
interfering compounds. However, a low LOF can also be obtained when there is only an
interferent present in the LOF bin at a particular m/z. This results from a fully non-selective m/z
that produces an extremely low F-ratio. So, in combination with the LOF metric, the S-ratio
algorithm also calculates the p-value for each hit per m/z, and a combination of a sufficiently low
LOF and low p-value are required to infer identification of pure m/z.

While the methodology described above is aimed to minimize the need for chemometric
decomposition, the S-ratio(m/z) results were validated using both initial knowledge of the analyte
spike level coupled with PARAFAC [20]. Small 2D chromatographic regions surrounding the hit
locations were input into PARAFAC, and the number of components were iteratively adjusted
until explained variance was maximized. Profiles belonging to the spiked analytes were
confirmed through NIST library search. The pure analyte profiles in each class were then

integrated to obtain the true concentration ratio.
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2.4. Results and Discussion
The GCxGC separation of the diesel fuel spiked with 15 analytes at the 80 ppm level is

presented in Fig. 2.2A. The locations of the spiked analytes span the 2D separation space and are
indicated by circles. Tile-based F-ratio analysis was employed for the class comparison using six
injection replicates of 80 ppm spiked diesel (class A) and six injection replicates of 40 ppm
spiked diesel (class B) to generate a hit list on a per m/z basis for each hit. Comparisons were
also made between the 40 and 20 ppm spiked diesel samples and between the 20 and 10 ppm
spiked diesel samples, yielding an F-ratio(m/z) distribution for all three two-class comparisons,
provided in Fig. 2.2B. Note that most of the F-ratio(m/z) are relatively low, and the concentration
dependence, i.e., S/N dependence, is evident with the 80/40 ppm F-ratio(m/z) distribution shifted
preferentially to higher F-ratios, followed by the 40/20 ppm comparison, and finally the 20/10
ppm produced the lowest F-ratios. Combinatorial null distribution analysis (CNDA) was then
applied to the three null class comparisons, to provide insight into determining a statistically
robust F-ratio threshold in which one would anticipate that false positives are minimized for the
true class comparisons in Fig. 2.2B. The CNDA workflow and results are presented in Appendix
A (Fig. A3) for all three comparisons, and an average F-ratio threshold of 97 was obtained.
Based upon the probability levels applied, an F-ratio(m/z) exceeding this threshold hasa 1 in
100,000 chance of being a false positive at a 95% confidence level, to purposely provide a very
restrictive “statistically implied quantitative accuracy” filter via CNDA. Note that this implied
quantitative accuracy filter is further investigated by more direct m/z purity metrics, specifically

the LOF and p-values for the S-ratio(m/z) outputs.
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Figure 2.2. (A) GCxGC chromatogram (TIC) of the 80 ppm spiked diesel. Alkanes (top), cycloalkanes
and branched alkanes (middle), and aromatic (bottom) compound classes are distinctively separated. The
15 spiked analyte locations are denoted with circles. (B) F-ratio(m/z) distribution of spiked diesel at three
different concentration level comparisons: 20/10 ppm in gold, 40/20 ppm in cyan, and 80/40 ppm in
magenta. As the concentration levels of each comparison increase, the overall frequency of F-ratio(m/z) >
100 increases, due to the increased signal per m/z overcoming the user-selected S/N threshold. The
majority of the F-ratio(m/z) > 100 will be shown to be attributed to the spiked analytes.
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F-ratio(m/z) and S-ratio(m/z) spectra were calculated for each spiked analyte in the 80/40
ppm comparison to begin to visualize how these two outputs are related in the context of m/z
purity, beginning with a representative pure analyte (1-chlorohexane) in Fig. 2.3A, and a
representative overlapped analyte (methyl caproate) in Fig. 2.3B. The signal for 1-chlorohexane
in the 80 ppm sample is presented for both the top F-ratio at m/z = 91 in Fig. 2.3A(i), and the
total ion current (TIC) in Fig. 2.3A(ii) with a red box outlining the 2D bin used by the S-ratio
algorithm. The 1-chlorohexane peak is not overlapped with any interferences. Likewise, the top
F-ratio at m/z = 87 and TIC are presented for methyl caproate in Fig. 2.3B(i-ii). While the signal
for the top F-ratio(m/z) for methyl caproate is framed by the red box, suggesting m/z = 91 might
be pure, most of the TIC signal falls outside of the red box, suggesting interferences are
overlapping with methyl caproate. Indication that 1-chlorohexane is a pure peak, while methyl
caproate is not a pure peak is provided by the visual comparison of the mass spectrum of the
signal in the 2D bin versus the library spectrum for each, in Figs 2.3A(v) and 2.3B(v),
respectively. Most, if not all, of the m/z match for 1-chlorohexane between the 2D bin spectrum
and the library spectrum, while for methyl caproate there are several m/z in the 2D spectrum that
are not in the library spectrum. Note that providing the library spectrum is not needed for
application of the method presented herein, rather, the library spectra are merely provided in Fig.
2.3 to aid in understanding the interrelationships of the F-ratio(m/z), S-ratio(m/z), and other

quantitative metrics.
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Figure 2.3. lllustration of the F-ratio(m/z) and S-ratio(m/z) spectra from the 80/40 ppm comparison for
two representative analytes: (A) one pure, 1-chlorohexane, and (B) one overlapped, methyl caproate.
Two-dimensional data for the region around each analyte for the top F-ratio m/z (i), inferred to be pure,
and the total ion current (TIC) (ii). The red box outlines the tile space used by the S-ratio algorithm. Each
compound F-ratio(m/z) and S-ratio(m/z) spectrum is provided in (iii) and (iv), respectively. The mass
spectrum from the red box region is also provided (v) for both analytes and compared to the library
spectrum. Finally, a plot of S-ratio(m/z) as a function of F-ratio(m/z) in (vi) provides insight into the
correlation between high F-ratio(m/z) and having the S-ratio(m/z) correspond to the true concentration

ratio of 2.
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The F-ratio(m/z) spectrum for each hit provides a “chemical fingerprint” to determine
which m/z are most likely to distinguish the two sample classes. For example, Figs. 2.3A(iii) and
3B(iii) provide the F-ratio(m/z) spectra for 1-chlorohexane and methyl caproate, respectively. A
lower F-ratio(m/z) implies lower spectral selectivity (and/or lower S/N), with an adverse impact
on quantitative accuracy anticipated, while a higher F-ratio(m/z) implies higher spectral
selectivity. However, since the F-ratio(m/z) is principally a tool to prioritize which m/z per hit
may likely be statistically different in concentration between the two classes, we turn to the S-
ratio(m/z) to bridge this gap between analyte discovery and quantification. For 1-chlorohexane
and methyl caproate, the S-ratio(m/z) spectra are provided in Figs. 2.3A(iv) and 2.3B(iv),
respectively. For a pure analyte (1-chlorohexane), the S-ratio(m/z) spectrum exhibits a consistent
S-ratio(m/z) around 2 in Fig. 2.3A(iv), while the presence of interferences (with methyl caproate)
results in two distinct S-ratio(m/z) levels in Fig. 2.3B(iv), belonging to both the analyte and an
interferent. An S-ratio(m/z) of 2 is obtained for nominally pure m/z for methyl caproate, while an
S-ratio(m/z) of about 1 suggests the signal obtained is dominated by an interferent that is
invariant between the two sample classes. Finally, in Figs. 2.3A(vi) and 2.3B(vi) the S-ratio(m/z)
is plotted as a function of F-ratio(m/z), for 1-chlorohexane and methyl caproate, respectively.
Here, the relationship between obtaining an accurate S-ratio(m/z) and its connection to requiring
a sufficiently high F-ratio(m/z) provides two key observations. First, the S-ratio(m/z) trends
toward the true concentration ratio for the spiked analyte for a high F-ratio(m/z), indicating
guantitative accuracy. Second, as the F-ratio(m/z) magnitude decreases the S-ratio(m/z) deviate
from the true concentration ratio, leveling off at 1. Indeed, the transition from obtaining the true
concentration to a biased concentration ratio appears to occur at an F-ratio ~ 100, which is fully

supported by the F-ratio threshold of 97 provided by the CNDA (Fig. A3). Similar trends were
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also observed for the remaining the 13 spiked analytes in all three F-ratio comparisons, with

results such as in Fig. 2.3 provided for 1-nonanol in Fig. A4 in Appendix A.
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Figure 2.4. The S-ratio(m/z) for all m/z selected by F-ratio analysis for the 15 spiked analytes plotted
versus their respective F-ratio(m/z) for each comparison: (A) 80/40 ppm, (B) 40/20 ppm, and (C) 20/10
ppm. Each plot shows a similar pattern of the S-ratio(m/z) tending toward an accurate concentration ratio
of 2 at high F-ratio(m/z). The inset in each plot shows the distribution of S-ratio(m/z) above the F-ratio
threshold of 97 determined by combinatorial null distribution analysis (Supplementary Material). The
occurrence of accurate S-ratio(m/z) = 2) increases with higher concentration comparisons.
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A summary of the S-ratio(m/z) as a function of F-ratio(m/z) for all three comparisons is
provided in Fig. 2.4, where an S-ratio(m/z) = 2 is obtained for an F-ratio(m/z) > 97. As the S/N of
the analyte signal within each comparison increases, the number of m/z that exceed the F-ratio
threshold of 97 also increases, since more m/z have passed the S/N threshold. Specifically, for the
15 spiked analytes, 248 of the F-ratio(m/z) are > 97 for the 80/40 ppm comparison, while there
were 136 for the 40/20 ppm comparison, and then dropping down to only 76 for the 20/10 ppm
comparison. While the results in Fig. 2.4 suggest that an F-ratio(m/z) > 97 may very well serve as
a suitable metric to infer quantitative accuracy for determining the analyte concentration ratio via
the S-ratio(m/z), a firmer connection to the LOF and p-value statistical metrics was warranted.

For each hit, the LOF statistic was calculated to determine the extent of m/z purity. Figure
2.5A-D provides an example of applying the LOF algorithm, via Eq. (2.9), for four m/z
“discovered” by F-ratio analysis for methyl caproate. Here the chromatographic data provided by
the S-ratio(m/z) algorithm are utilized before and after normalization. In Fig. 2.5A for m/z = 43,
doubling the analyte concentration between sample classes results in a consistent peak shape.
Following the normalization step for the LOF algorithm, low residuals are obtained, which
experience some variance due to sampling frequency, ultimately resulting in a low LOF of 5.5%
indicative of a sufficiently pure m/z. In contrast, as the interferences become a more dominant
contributor to the signal, the consistency in peak shape pattern suffers when the analyte
concentration is doubled between sample classes. This is recognized with both m/z = 101 (Fig.
2.5B) and m/z = 41 (Fig. 2.5C), where after area normalization the presence of interferences
causes the peak pattern to misalign and subsequently increases the size of the residuals, resulting
in large LOF values of 22.4% and 29.1%, respectively. If the interference signal dominates to the

extent that the analyte signal is negligible, the LOF returns to a smaller value, indicating that the
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m/z is essentially pure, or at least a constant contribution from class to class, for the interference.
This situation is illustrated in Fig. 2.5D for m/z = 105, where a LOF of 1.6% is obtained.
However, there is a key distinction between the two low LOF conditions, Fig. 2.5A versus Fig
2.5D. For m/z = 43, the p-value = 1.6x107'?, indicating the concentration ratio is significantly
different than 1, while for m/z = 105, the p-value = 0.47, indicating the concentration ratio is not
significantly different than 1. Thus, it is the combination of using the LOF and p-value metrics,
both provided directly from the S-ratio(m/z) output, that provide an inferred, but statistically
confident, assessment of pure m/z. For the purpose of this study, we elected to require the LOF <
20% concurrent with a p-value < 0.001 in order to deem a m/z to be sufficiently pure to provide
accurate quantitative analysis, i.e., an accurate S-ratio(m/z) corresponding with the true

concentration ratio.
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Figure 2.5. Demonstration of the LOF metric determination for four selected m/z from methyl caproate.
An overlay of the original concatenated 2D data for a chromatogram from class A (80 ppm) and one from
class B (40 ppm) is provided for each m/z in the left panel. The right panel for each m/z shows the same
concatenated 2D data after normalization and alignment, with the residuals plotted underneath, offset for
clarity. (A) A pure m/z = 43, yields excellent consistency between classes with low residuals, LOF =
5.5%. (B) For m/z = 101, a small relative contribution from an overlapped compound, increases the
residuals, LOF = 22.4%. (C) For m/z = 41, more significant contribution from the overlapped compound
is indicated, and the residuals become very large relative to the analyte signal, LOF = 29.1%. (D) At m/z
= 105, essentially a pure m/z for the overlapped compound, with negligible analyte contribution, with no
change between classes the residuals are very low, yielding a low LOF of 1.6% (but the p-value would be
high).
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These LOF and p-value metrics are applied to all F-ratio(m/z) in Fig. 2.6 for the 80/40
ppm comparison. The first statistical filter applied is the p-value. All F-ratio(m/z) with a p-value
> 0.001 are indicated as blue dots. Next the LOF filter was applied, and all F-ratio(m/z) with a
LOF > 20% are indicated as red dots. This leaves a region filled with green dots indicating pure
m/z, with representations of these results put into the context of the S-ratio(m/z) in Fig. 2.7 for all
three comparisons. It is interesting to relate the S-ratio(m/z) results in Fig. 2.4 prior to applying
these metrics, in contrast to in Fig. 2.7 after their application. There are 170 pure m/z for the
80/40 comparison as indicated in Fig. 2.7A. Note that use of the LOF and p-value metrics to
determine pure m/z does not rely upon the F-ratio > 97 threshold applied in Fig. 2.4, where there
were 248 m/z for the 80/40 comparison that were deemed good candidates to be determined to be
pure m/z. Hence, the combination of the LOF and p-value metrics filter the candidate m/z,
forming a more robust cohort of pure m/z. The LOF and p-value metrics applied to all F-
ratio(m/z) for the other two comparisons are provided in Appendix A (Fig. A5). Likewise, for the
other two comparisons, substantially fewer m/z met the LOF and p-value metrics relative to the
F-ratio > 97 threshold. For the 40/20 ppm comparison there were 91 m/z (Fig. 2.7B) versus 136
m/z (Fig. 2.4), and for the 20/10 comparison even fewer with 70 m/z (Fig. 2.7C) versus 76 m/z

(Fig. 2.4).
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Figure 2.6. F-ratio(m/z), p-value(m/z), and LOF(m/z) for all m/z of all 15 spiked analytes. The dashed
lines represent the regions defined by the p-value < 0.001 and LOF < 20 % thresholds (A) Blue m/z have
not passed either threshold, red have only passed the p-value threshold, and green m/z have passed both
thresholds. (B) A 2D projection of the LOF and p-value dimensions illustrates these two metrics
independent of the F-ratio dimension. The blue m/z carry insignificant m/z belonging to interfering
compounds. Red m/z have statistically significant signal differences between classes however they are
interfered to a large extent with overlapping compounds. Lastly the green m/z are considered both
statistically significant and sufficiently pure to be used for signal quantification, while not relying upon
the F-ratio(m/z).
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Figure 2.7. S-ratio versus F-ratio plots for all three concentration comparisons after applying p-value and

LOF metric thresholds in Fig. 2.6 with the top F-ratio(m/z). The combinatorial null distribution analysis
F-ratio threshold = 97 is marked for context. Inset in each plot are histograms of the m/z that pass these

two metrics along with a count.
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The S-ratio(m/z) as a function of F-ratio(m/z) in Fig. 2.7 also reveals that the application
of the LOF and p-value metrics did not rid the m/z selected of all apparent outliers. There were a
small number of m/z that while meeting the LOF and p-value metrics, they exhibited an F-ratio <
97. For example, with the 80/40 ppm comparison, there were 6 m/z with an F-ratio < 97 that met
the LOF and p-value metrics. One approach to improve this situation is to lower the LOF
threshold, but this is at the expense of discarding an m/z that may be sufficiently pure for the
purpose of a given quantitative application (see Appendix A, Fig. A6 for application of a LOF
thresholds of 10% and 15%). None the less, it is tempting to consider the notion of inferring m/z
purity strictly by applying the F-ratio(m/z) > 97 threshold provided by the CNDA. By doing so,
the analyst would be relying upon the correlation between how well the LOF and p-value metrics
performed their task as manifested in the S-ratio(m/z) dependency on F-ratio(m/z) in Fig. 2.7.
This approach involves taking the S-ratio(m/z) at the maximum F-ratio(m/z) as the best estimate
of the analyte concentration ratio. For the 80/40 ppm comparison in Table 2.1, all of the
concentration ratio estimates are reasonably accurate with an average deviation of 1.0%, albeit
benefited by the maximum F-ratio(m/z) being much greater than the 97 threshold for all 15
analytes. Indeed, all 15 of the maximum F-ratio(m/z) also passed the LOF and p-value threshold
metrics. Tables for the other two comparisons are provided in the Supplementary Material,
Tables Al and A2, with diminished accuracy due to the maximum F-ratio(m/z) decreasing as the
analyte concentration levels decrease. While this approach does not require the analyte to be
identified a priori in the process, the analyst must realize that other m/z purity metrics are needed

to ensure an accurate quantification, as demonstrated in this study.
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2.5. Conclusion

In this study, we evaluated the level of mass channel selectivity afforded by tile-based F-
ratio analysis through statistical inference. Following F-ratio analysis of spiked diesel at two
concentration levels (80/40 ppm), a novel S-ratio algorithm and novel LOF algorithm were
implemented to study the statistical relationship between F-ratio, p-value, LOF, and m/z purity,
as they relate to quantitative accuracy. Application of a suitable LOF threshold coupled with a p-
value threshold yielded a subset of the most pure m/z for each of the 15 spiked analytes, evident
by the low deviations (< 5%) in S-ratio relative to the true concentration ratio, for the top m/z for
each analyte. Thus, the ability to isolate pure m/z without the need for higher level signal
decomposition algorithms was demonstrated. The analyst may also consider inferring m/z purity
based solely on the F-ratio (m/z) threshold provided by CNDA. The LOF metric was applied for
the case where the analyte was present in both classes at sufficient concentrations. In the case
that an analyte is not present in one class, a separate algorithm step would need to be included to
identify this situation, e.g., any m/z present in one class but not the other (below the S/N
threshold) would identify that m/z as belonging to an analyte of interest. Additionally, samples
with analytes of interest that are native to the unspiked samples are also amenable to this method.
However, spiking analytes with appreciable pre-existing concentration will result in smaller S-
ratios. A future study is warranted to discover the limits of S-ratio quantification using this
method, as the current study focused on non-native analytes at a factor of 2 concentration ratio.
Future application to discover spectrally pure m/z will be utilized not only for analyte

identification but as an advanced feature selection for inputs to methods like PCA and PLS.
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Chapter 3. Class comparison enabled mass spectrum purification for
comprehensive two-dimensional gas chromatography with time-of-flight mass

spectrometry

This chapter was reproduced from Grant S. Ochoa, Paige E. Sudol, Timothy J. Trinklein, Robert
E. Synovec, “Class comparison enabled mass spectrum purification for comprehensive two-
dimensional gas chromatography with time-of-flight mass spectrometry” Talanta 236 (2022)
461401

3.1. Introduction

Comprehensive two-dimensional (2D) gas chromatography (GCxGC), has proven to be a
powerful method for the separation and analysis of complex samples containing volatile/semi-
volatile compounds [1-6]. Utilization of time-of-flight mass spectrometry (TOFMS) detection
provides a third dimension to the GCxGC-TOFMS data structure, facilitating a confident analyte
identification and accurate quantitative analysis [7—20]. Despite the many advantages for
GCxGC-TOFMS, chromatographic overlap is generally inevitable, and lower abundance analyte
peaks are often overshadowed by higher abundance co-eluting interference peaks [21,22]. These
difficulties hinder identification and quantification of analytes of interest. Thus, advances in data
analysis are an ongoing challenge in this field.

Fisher ratio (F-ratio) analysis is emerging as a powerful method for analyte discovery in
“supervised” sample class comparisons that discern analyte concentration differences amid
complex GCxGC-TOFMS datasets [11,12,15-20,23-25]. The F-ratio, defined as the ratio of the
class-to-class variance to the sum of the within-class variance, prioritizes class distinguishing
significance over absolute signal amplitude [11]. Application to GCxGC-TOFMS datasets with
two (or more) sample classes results in the ranking of class distinguishing features in a hitlist.

This list provides analyte hit location, mass channels (m/z) of interest at each hit location, and the
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F-ratio for each m/z discovered, allowing for significant data reduction. This focused dataset is
readily analyzed, producing statistics that are useful for exploiting the benefits of the “hypothesis
driven” class-based experimental design; namely, which regions of the dataset statistically differ.

Two F-ratio analysis approaches have been primarily used, peak table- based [15-20] and
tile-based [11,12,23-25], which is now implemented in commercial software [26,27] and can
readily discover changes at the low ppm concentration level between two sample classes, while
providing the 2D retention time(s) and spectrum for each analyte hit [12,23-25,28]. Recently, we
explored using the tile-based F-ratio analysis outputs to obtain pure analyte m/z, which in turn
determined the concentration ratio via the signal-ratio (S-ratio) across the two sample classes
[29]. By calculating p-value and lack of fit (LOF) statistical metrics, sufficiently pure m/z for the
analyte were identified from background interference m/z allowing for an accurate concentration
ratio determination without the need for chemometric or other software-based decomposition
(i.e., mathematical resolution) of the peak profiles. Beyond obtaining the concentration ratio for
analyte hits, we now recognize other hidden benefits from the use of these statistical metrics to
aid in analyte identification, which we explore herein. Specifically, by also focusing on the m/z
whose statistical metrics imply unchanging signal indicative of non-analyte background
components, these m/z signals can be used as a fine-tuning step with background normalization
and subtraction to obtain a high-quality analyte mass spectrum. We refer to this new method as
class comparison enabled mass spectrum purification (CCE-MSP).

Obtaining a pure analyte mass spectrum is vital to its identification. Chemometric
methods are often implemented for this purpose, such as multivariate curve resolution alternating
least squares (MCR-ALS), parallel factor analysis (PARAFAC), PARAFAC2, and related

methods [30-40]. However, methods such as MCR-ALS can have difficulty modeling
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components that are at low chromatographic resolution and/or if the desired components are
minor contributors to the net signal, even in low rank environments [30]. The shortcomings in
the modeling can result in a low-quality extracted spectrum. To overcome these challenges, we
demonstrate herein that the class-based experimental design employed by tile-based F-ratio
analysis coupled with CCE-MSP provides an alternative route to spectrum extraction, which can
then serve as input constraints to improve peak profile extraction using chemometric methods.

CCE-MSP leverages information provided by tile-based F-ratio analysis whereby the
“hit” spectra are initially handled as though they are composed of two components, the analyte
spectrum and the background interference spectrum. At a basic level, CCE-MSP is the
subtraction of the hit spectrum for a run in one sample class from the hit spectrum for an
arbitrarily paired run in the other sample class. Sample-to-sample variation can alter the intensity
of the underlying background interference spectrum, even after a dataset has been initially
normalized via the total ion current [7,18-20] or an internal standard [9], making the quality of
simple spectrum subtraction dubious. Thus, signal consistency metrics (p-value and LOF per
m/z) are leveraged to optimize the hit spectrum subtraction that isolates the analyte spectrum
from the background interference spectrum. The core of the CCE-MSP method is to find the pure
m/z in the background interference spectrum (or simply the interference spectrum) using the p-
value and LOF metrics [29], then normalize the hit spectrum from the two classes to these pure
interference m/z signals prior to subtracting the two hit spectra to obtain the “purified” mass
spectrum for the analyte hit. This process is repeated for all qualifying “pure” interference m/z to
obtain an average analyte spectrum that has been optimally purified.

Herein, the principles of CCE-MSP are presented using JP-8 jet fuel spiked with 14

sulfur containing compounds at two concentration levels (30 ppm and 15 ppm) to go along with
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the neat fuel sample, providing a dataset that expresses a wide range of interference overlap
conditions. The MV for each of the 14 sulfur-containing compound “hits” is compared to the
MYV obtained using MCR-ALS, PARAFAC and PARAFAC?2, to demonstrate that CCE-MSP
provides a distinct advantage for low relative intensity analytes coupled with low 2D resolution.
In doing so, we note that with CCE-MSP, unlike with similar methods, it is not necessary to
know the identity of discovered analytes a priori [41]. Finally, for the case in which two or more
analyte hits are in overlapping hit locations, we demonstrate that CCE-MSP can also be readily

implemented and extended to obtain the purified spectrum for each of the analyte hits involved.

3.2. Class Comparison Enabled Spectrum Purification Principles

Application of CCE-MSP takes advantage of the sample class experimental design of
tile-based F-ratio analysis and initially operates under the condition that an analyte “hit” is
changing between the two classes while all other components in the hit tile are constant. This
creates a simplified situation where no matter how many components are present, we can reduce
the problem to two components, the analyte (A) and the background interference (Int),

S(m/z); = k1[R(m/2)aCa 1 + Ziz1 R(M/Z) 10t Cing1 ] 31)

S(m/z); = kz[R(m/2)aCpz + Xit1 R(M/2) 10t Cint 2] 3.2)
where S(m/z); and S(m/z)2 are the hit spectra, R(m/z)a is the analyte mass spectrum, and R(m/z)nt
is the interference spectrum, for class 1 and class 2, respectively. Likewise, the analyte
concentration is Ca 1 and Ca 2, and the overall interference concentration is Cint,1 and Cint 2, for
class 1 and class 2, respectively. Thus, under the conditions stated above, Cint,1 = Cint,2.
However, Ca1 # Ca2 inorder for the analyte to be discovered by the F-ratio calculation. Even
though the dataset has been initially normalized via application of tile-based F-ratio analysis,

relatively small yet significant differences in ky and ko initially exist in the dataset for each hit,



79

making the quality of simple spectrum subtraction dubious. Specifically, by assuming ki = k» the
“initial difference” of Eq. (3.1) from Eq. (3.2) produces a rough estimate of the analyte spectrum,
which can be severely contaminated by the interference spectrum,

S(m/z), — S(m/z), = Analyte Spectrum + Residual Interference Spectrum =

= {kaR(m/2)pCpz — ks R(M/Z)pCp 1} + {ko Xitq R(M/Z)1nCine2 — k1 Zit1 R(M/ 2D 1ntCine1} (3.3)

where the analyte spectrum is given by,
Analyte Spectrum = k,R(m/z)sCaz — k1R(M/Z)pCp1 (3.4)

and the residual interference spectrum is given by,

Residual Interference Spectrum = k, YLy R(m/z)1ntCint2 — k1 Xiv1 R(M/2) 10t Ciner (3.5)
Note that the spectrum in Eq. (3.4) is indeed that of the analyte, R(m/z)a, which has simply been
scaled by the quantity koCa» — kiCa 1. Furthermore, when the interference spectrum is large
relative to the analyte spectrum in the context of their relative concentration, R(m/z)aCa <<
R(m/z)intCint, then the residual interference spectrum quantified by Eq. (3.5) can produce a
contaminated analyte spectrum via Eq. (3.3) unless either ki = k2, or additional normalization is
applied (as is performed by CCE-MSP). The severity of the spectrum contamination will depend
upon the ratio of the interference signal, sint, to the analyte signal, sa, both scalars, obtained by

summing the spectrum contributions defined in Egs. (3.1) and/or (3.2),

Sine _ LEits R(M/2)intCint
saA X R(m/z)aCA (3.6)

Thus, to obtain the analyte spectrum, pure interference m/z are initially identified using the p-
value and LOF information. Then, the ratio ki/k> is calculated using the signal at the pure

interference m/z from the hit spectra S(m/z)1 and S(m/z).,

s(m/z); _ ks

Normalization Factor = =
s(m/z); ky

(3.7)
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where s(m/z) is a scalar. Normalization factors from Eqg. (3.7) can be applied to S(m/z), to

eliminate the residual interference spectrum contamination from Eq. (3.5),
Residual Int. Spectrum = Z—zkz L1 R(M/2)1ntCine 2 — k1 2ie1 R(M/Z)10¢Cines = 0 (3.8)

The ratio ki/kz is determined for all pure interference m/z that qualify via p-value and LOF
metrics. When such conditions in Eq. (3.8) are met, the normalized hit spectra may be subtracted

from each other to reveal the purified analyte spectrum,

(DS(m/2), — S(m/2); = R(m/2)ak1(Caz — Cax) (39)
whereby the analyte spectrum R(m/z)a is scaled by the quantity ki(Ca 2 — Ca,1). Note that this
scaling of the analyte spectrum does not impact its utility for identification purposes or for input
as a constraint into other computational tools, e.g., MCR-ALS. Equation (3.9) is derived with the
condition that Ca1 < Caz, to obtain a “positive” mass spectrum. However, the signal ratio (S-
ratio) for each analyte hit, i.e., the ratio of Eq. (3.2) to Eq. (3.1), yields an accurate concentration

ratio, Ca2/Ca 1, using pure analyte m/z based upon p-value and LOF metrics [29],

S — ratio = 2z _ /6 (3.10)

s(m/z); ~ “Caa
Thus, since the concentration ratio for each hit is determined, the assignment of class 1 versus
class 2 when applying Eq. (3.9) can be flipped such that Ca 1 < Ca 2, to obtain a positive mass
spectrum. We will experimentally observe that ki/kz varies from 1 by about + 0.25 (~25%). This
variation in ki/k> will be demonstrated to not impact the accuracy of the concentration ratios
determined by the S-ratio via Eq. (3.10), nearly as much as when the same variation is
manifested in the residual interference spectrum in Eqg. (3.5), especially when the énalyte signal

is much less relative to the interference signal as expressed by Eqg. (3.6).
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3.3. Experimental

JP8 jet fuel was spiked with a mixture of 14 sulfur-containing compounds at
concentrations of 30 ppm (mg/kg) and 15 ppm per compound. Sulfur is present in aviation fuels
at a typical level of ~ 600 ppm sulfur, while the content in ultra-low sulfur jet fuel (ULSJ) is 15
ppm, thus, it is reasonable to find sulfur compounds in jet fuel at the spiked levels [42]. The
GCxGC-TOFMS method for the analysis of the spiked and neat jet fuel dataset has been
previously reported [28], so the details are provided in the Supplementary Material. The
GCxGC-TOFMS chromatograms were imported into MATLAB 2019a (The Mathworks Inc.,
Natick, MA) from the LECO ChromaTOF for BT software v5.20 (LECO, St. Joseph, MI) via a
ChromaTOF data converter. The chromatograms were normalized to the total ion current (TIC)
intensity, baseline corrected, followed by tile-based F-ratio analysis to “discover” the spiked
analytes [11,12,23-25]. This was performed for three “4 versus 4” sample class comparisons: 30-
ppm versus 15-ppm, 30-ppm versus neat, and 15-ppm versus neat, although the primary focus is
on the 30-ppm versus 15-ppm comparison. The following conditions and steps were applied to
all three F-ratio analyses. The tile dimensions were 12 s on D by 600 ms on 2D with a S/N
threshold of 10, and the cluster tile dimensions were 12 s on *D by 350 ms on 2D. The maximum
F-ratio (1 m/z) was then used to rank the hitlist [28]. However, all m/z signals passing the S/N
threshold for each of the 14 sulfur-containing analytes were saved and further analyzed to obtain
their p-value, LOF, and S- ratio [29]. Also, all m/z signals that pass the S/N threshold define the
“F-ratio spectrum,” which is the F-ratio as a function of m/z. The peak shape consistency
statistic, LOF, was calculated as follows. The data within a “LOF tile” centered upon the hit
location (with a *D dimension of 9 s by 2D dimension of 600 ms) was extracted from each m/z
for a given hit from both sample classes. The data were normalized such that corresponding

modulations between classes have the same area. Each modulation was interpolated such that the
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peak shape remains intact and aligned between classes. The data were then unfolded and

concatenated into a single vector and the LOF was calculated,

(v—x)2
LOF (m/z) = 100 /zg—x;‘) (3.11)

where x is the concatenated pattern of 2D peaks for one class and y is the concatenated pattern of
2D peaks for the other class [40]. These were calculated for four pairs of samples which were
then averaged yielding one LOF per m/z. Peaks that are consistent between classes result in a low
LOF, while perturbations in the peak shape between classes results in a higher LOF. A low LOF
can be obtained for pure analyte m/z that experience a concentration change between classes (i.e.,
the hit with a high F-ratio), as well as for pure m/z for the interference species that remain
unchanged between classes. Indeed, it is the p-value statistic that distinguishes between these
two cases. A high LOF with an intermediate p-value is generally observed for interference
species m/z that are interfering with the analyte.

The combination of the p-value and LOF statistics facilitate CCE-MSP. On the heels of
the F-ratio analysis, for each hit of interest the signal was examined, with the p-value and LOF
calculated on a m/z basis. The p-value was calculated from the signals of all samples per class.
However, the LOF was calculated by arbitrarily pairing the signals between the two classes.
Based upon the p-value and LOF per m/z, “pure” interference m/z were identified for each hit;
this could be several m/z. To qualify as a pure interference m/z, a p-value > 0.1 and a LOF <20%
was required. The ki/k> normalization factor in Eq. (3.7) was then calculated for the qualifying
m/z. The four hit spectra per class were then arbitrarily paired, and the class 2 hit spectrum was
then normalized to the class 1 hit spectrum by each individual ki/k. of a given m/z, equalizing the
interference component between classes per paired spectra per Eq. (3.8). The paired hit

normalized spectra were subtracted from each other, resulting in the purified analyte spectrum
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per Eg. (3.9), with their mass spectrum match value (MV) calculated using an in-house library
spectrum collected on the same instrument using a standard mixture of the 14 sulfur containing
analytes. A flow chart for the method workflow is provided in the Supplementary Material (Fig.
B1).

These spectra obtained by CCE-MSP were compared against three chemometric
methods, whereby the analyte hits were processed using MCR-ALS, PARAFAC, and
PARAFAC?2 as part of the PLS Toolbox 8.8 (Eigenvector Research Inc., Wenatchee, WA) to
obtain the isolated analyte spectra. Starting with MCR-ALS, a section of data with D x 2D
dimensions of three modulations (9 s) by 600 ms was cut out around each hit location for each
sample which are then augmented and submitted to MCR-ALS. The number of components
input to MCR-ALS was determined by visual inspection of the chromatographic section in both
the TIC and selective analyte m/z found by F-ratio analysis, and then testing + 2 components to
optimize the rank determination. The MCR-ALS model with the lowest number of components
and whose spectrum loadings best matched the in-house analyte library spectrum was selected
and a MV recorded. Additionally, using the rank determined from this step, data was submitted
for each hit to both PARAFAC and PARAFAC?2 with the three-way data structure retention x
spectra x samples, obtaining modeled spectra for each hit. A MV was also calculated for each of

these spectra for comparison with CCE-MSP and MCR-ALS.

3.4. Results and Discussion
The GCxGC-TIC chromatogram of the JP-8 jet fuel spiked with the 14 sulfur containing

compounds at the 15-ppm level is presented in Fig. 3.1A. Tile-based F-ratio analysis was applied
for the “discovery” of the spiked sulfur containing compounds for the comparison of 30 ppm
versus 15 ppm spiked JP-8 jet fuel. All 14 spiked analytes possessed a high F-ratio as indicated

in the F-ratio distribution in Fig. 3.1B, as summarized in the hitlist in Table 3.1. A mass
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spectrum MV was calculated for each of the initial pin locations in the GCxGC chromatogram,
by comparison to an in-house library reference spectrum for each analyte. All of the hits initially
had a very low MV with large variation indicating a poor mass spectrum quality at each hit
location in the 15 ppm class chromatograms. The S-ratio, p-value, and LOF were calculated on a
per m/z basis for each analyte hit. Pure analyte m/z result in a high F-ratio and an S-ratio that is a
good estimate of the concentration ratio per Eg. (3.10) [29]. This relationship between S-ratio
and F-ratio is observed in Fig. 3.1C where a majority of the spiked analytes have the expected
concentration ratio = 2 (30 ppm/15 ppm) for pure analyte m/z at higher F-ratio, then dropping
down to a concentration ratio = 1 for interference m/z that also exhibit a lower F-ratio.

Table 3.1. Analyte hitlist obtained from tile-based F-ratio analysis. All hits are ranked by their top F-ratio
m/z alongside the p-value and LOF statistics from the S-ratio analysis as well as the average match value
(MV) of the hit spectrum (with standard deviation) at the pin location against in-house library spectra.
Redundant hits per Fig. 3.1B have been omitted for clarity.

Hit Analyte 1tR, min 2tR, s F-ratio MatcTo\C/:LtiJ;nat Pin
1 [2,5-dimethylthiophene 7.25 0.50 27873 482 +126
2 |2-methylthiophene 5.00 0.14 17471 643 £ 205
3 [thiophene 3.20 2.69 14225 611 +233
4  [2-chloroethyl phenyl sulfide 23.85 0.18 12192 455 + 58
5 [3-methylthiophene 5.20 0.21 8576 637 + 198
6 [2-butyl-5-ethylthiophene 17.85 0.63 6731 276 £ 65
7 |2-methylbenzothiophene 21.8 0.22 6289 330 +47
8 [|2-hexylthiophene 18.40 0.70 4563 427 + 146
9 [tetrahydrothiophene 6.30 0.25 3289 544 + 65
10 [2-propylthiophene 9.75 0.42 2314 368 + 82
11 |benzothiophene 19.30 0.13 1441 418 +53
12 |1,4-thioxane 9.35 0.12 1257 507 £ 50
13 [3-methylbenzothiophene 22.45 0.13 1060 381 +40
14 (3-acetyl-2,5-dimethylthiophene 20.45 0.27 870 413 + 55
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Figure 3.1. (A) GCxGC-TIC chromatogram of JP-8 jet fuel spiked with 14 sulfur containing analytes
spiked at 15 ppm. Circles indicate the analyte locations. (B) F-ratio distribution for the 30 ppm versus 15
ppm spike level comparison, ranked by the top F-ratio per m/z for each hit. The 14 sulfur containing
analytes are indicated by asterisk; the F-ratio for each analyte hit exceeded 800, lifting them to the top of
the hitlist. A few redundant hits from the spiked analytes are interspersed with the primary hits. (C) S-
ratio for each of the 14 spiked sulfur containing analytes plotted against their respective F-ratio, on a per
m/z basis, i.e., all m/z with S/N > 10. The nominal concentration ratio was ~ 2, i.e., 30 ppm/15 ppm,
which can be seen is reflected by the S-ratios at the higher F-ratios which are likely to be pure analyte m/z
[29].
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The CCE-MSP method is demonstrated for 2-butyl-5-ethylthiophene (hit 6) in Fig. 3.2.
The TIC at the hit location for the 30 ppm (Fig. 3.2A) and 15 ppm (Fig. 3.2B) spike
chromatograms look identical since the analyte concentration level and change is insignificant in
the TIC. Figure 3.2C shows this location for analyte selective m/z 125, while Fig. 3.2D shows
m/z 145 which is selective for the most intense overlapping interference peak. Comparison of
Figs. 3.2C,D indicates the analyte and interference are highly overlapped with a 2D resolution of
~ 0.2, determined based upon the Euclidean distance separating the two peaks utilizing their
respective 2D retention times and peak widths [43]. Furthermore, the maximum intensity on the
color scale for Fig. 3.2C for the analyte is 10-fold less than that of Fig. 3.2D for the interference
peak, and 100-fold less than that of Figs. 3.2A and 3.2B for the TIC data, indicating the sin/Sa
ratio per Eq. (3.6) for 2-butyl-5-ethylthiophene is approaching 100. Due to the low 2D resolution
and low relative analyte abundance, this is a severely challenging situation to provide a high-
quality analyte mass spectrum. Testing this, MCR-ALS was applied in an effort to obtain the
mass spectrum for 2-butyl-5-ethylthiophene. Unfortunately, MCR-ALS was unable to accurately
model the analyte, with the closest matching component having on average a MV of 476 with a
concentration ratio of 1.01 + 0.08. In this case, MCR-ALS is modeling the background
interference in the data with negligible contribution from the analyte. In contrast, as we shall see,
CCE-MSP leverages the class-based experimental design of the F-ratio analysis in favor of the
analyte to obtain a pure spectrum even in these circumstances. Additional plots for three other
analytes that significantly benefited from CCE-MSP are provided in the Supplementary Material

(Figs. B2-B4).
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Figure 3.2. (A) Section of the JP-8 jet fuel GCxGC-TIC chromatogram showing the location of 2-butyl-
5-ethylthiophene (hit 6) spiked at 30 ppm. (B) The same section as (A), now at the 15-ppm spike level.
(C) The same section of the 15-ppm spiked JP-8 jet fuel chromatogram is displayed for a selective and
most sensitive m/z 125 for the analyte. (D) A highly overlapped, and intense interference peak at a
selective m/z 145 in the 15-ppm spiked JP-8 jet fuel. The difference in the intensity scales indicate the
analyte is at much lower signal than the background interference.

For CCE-MSP, only m/z experiencing a signal change between classes belong to the
analyte hit (unless there is more than one analyte changing between classes in overlapping hit
tiles which can also be handled as will be demonstrated), all other m/z contribute to the
interference. This is demonstrated for data obtained for 2-butyl-5-ethylthiophene, where the hit
spectrum at the 30-ppm spike level (Fig. 3.3A) is subtracted from the hit spectrum at the 15-ppm
spike level (Fig. 3.3B), which in principle provides the analyte spectrum (Fig. 3.3C). However,

in practice, run-to-run background variation due to detector noise, injection variation, and
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Figure 3.3. lllustration of implementation of CCE-MSP using data for 2-butyl-5-ethylthiophene (hit 6).
(A) The hit spectrum at the 15-ppm spike level, S(m/z),. (B) The hit spectrum at the 30-ppm spike level,
S(m/z)1. (C) Initial difference spectrum using Eq. (3.3) is obtained by subtracting the spectrum S(m/z)1in
(B) from the spectrum S(m/z)2in (A) without normalization (ki/k, = 1), resulting in a MV = 852 relative
to the in-house library spectrum. (D) The purified analyte spectrum is obtained by applying CCE-MSP
via Eq. (3.9). The spectrum S(m/z), is normalized by ki/k», in this example equal to 1.0175, such that the
signal of the blue starred pure interference m/z 145 is the same between both hit spectra. The two
normalized hit spectra are then subtracted from each other leaving the purified analyte spectrum that has a
MV = 890 relative to an in-house library spectrum. The green starred m/z 125 is the most intense m/z for
2-butyl-5-ethylthiophene, initially a small feature in either hit spectrum.

differences in the baseline correction must be corrected. This is accomplished by CCE-MSP by
normalizing to “pure” interference m/z via Egs. (3.7) and (3.8), illustrated in Fig. 3.3D, whereby
in the hit spectra the blue star denotes the interference m/z 145 used for normalization to obtain
ki/k> (equal to 1.0175 in this example) while the green star denotes the top F-ratio m/z 125 for 2-
butyl-5-ethylthiophene. When ki/k> normalization is applied via Eq. (3.9), the purified analyte
spectrum is obtained (Fig. 3.3D). The purified analyte spectrum has a MV = 890 compared with

the in-house library spectrum, whereas the initial difference spectrum via Eq. (3.3) in Fig. 3.3C
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had a MV = 852 (prior to ki/k. normalization). An example of CCE-MSP applied to 2-butyl-5-
ethylthiophene with a ki/k> much less than 1 is provided in the Supplementary Material (Fig.
B5). Beyond this illustration in Fig. 3.3, objective selection of pure interference m/z on a larger
scale is required. Qualifying m/z must meet criteria based upon peak signal intensity and shape
consistency. Signal intensity consistency is handled by the p-value, a statistic that determines
how likely the two populations are the same, with smaller numbers indicating a higher likelihood
to be different. Class-to-class peak shape differences are quantified by calculating the LOF
metric per Eq. (3.11).

The LOF statistic is demonstrated for the selective analyte m/z 125 and interference m/z
145 for 2-butyl-5-ethylthiophene in Fig. 3.4A-B, respectively. Peak shape comparisons between
classes in Fig. 3.4A for m/z 125 results in a relatively low LOF = 6.2%, with a p-value = 1.9x10
°. The combination of the low LOF and low p-value is indicative of a pure analyte m/z, thus, the
S-ratio = 1.99 is an accurate estimate of the concentration ratio [29]. Likewise, for m/z 145 in
Fig. 3.4B, the peak profiles are nearly identical, resulting in a very low LOF = 1.8%, however
the p-value = 0.54. Now the combination of the low LOF and high p-value (S-ratio = 0.9916) is
indicative of a pure interference m/z. Identification of pure interference m/z using the p-value and
LOF facilitates spectrum normalization by ki/kz to obtain a purified analyte spectrum per Fig.

3.3.
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Figure 3.4. Demonstration of the LOF statistic calculations for 2-butyl-5-ethylthiophene (hit 6) for the
unfolded and concatenated tile of data around the hit location. The red trace is the 30-ppm analyte spike
level, while the blue trace represents the 15-ppm analyte spike level. Two m/z are presented, m/z 125,
selective for the analyte (top), and m/z 145, selective for the interference (bottom). For each m/z, the left
plot provides the original chromatographic data, while the right plot provides the data after they have
been normalized to the same area between samples classes, while the green traces are the residuals
between the normalized data.

Utilizing 2-butyl-5-ethylthiophene, the relationship between p-value, LOF, and S-ratio is
interrogated in Fig. 3.5. Sets of plots as in Fig. 3.5 are provided for all 14 analytes in Fig. B6 in
the Supplementary Material. By examining various metric combinations, the requirements to
identify pure analyte m/z and pure interference m/z are illuminated, and appropriate thresholds
can be established. The S-ratio is plotted in relation to the LOF (Fig. 3.5A), the p-value (Fig.
3.5B), and the p-value after filtering m/z with high LOF and low signal (Fig. 3.5C). Because the

spike level was a 2-fold concentration change, pure analyte m/z exhibit an S-ratio = 2, while pure
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interference m/z exhibit an S-ratio = 1. Any m/z composed of analyte and interference will have
an intermediate S-ratio. Likewise, pure analyte m/z and pure interference m/z exhibit a low LOF,
as in Fig. 3.4, while m/z composed of analyte and interference have a high LOF. Based upon
previous studies, only m/z with LOF < 20% were selected as good candidates for either pure
analyte or pure interference m/z [29,40]. The S-ratio versus LOF plot in Fig. 3.5A indicates there
are 19 m/z with a LOF > 20%, which are ultimately discarded during CCE-MSP. The S-ratio
versus p-value plot in Fig. 3.5B identifies m/z that indicate whether or not the two sample classes
are statistically different in “apparent” concentration, expressed as the S-ratio. While the S-ratios
for 2-butyl-5-ethylthiophene spanned the range from 1 to 2 along a continuum due to various
degrees of analyte-to-interference overlap, p-value thresholds were also implemented for the
purpose of categorizing sufficiently pure analyte and interference m/z. Taking into account the p-
value and LOF results for all 14 analytes, a p-value < 10 threshold was selected to be
categorized as a pure analyte m/z (S-ratio = 2), while a p-value > 10" was selected to be
categorized as a pure interference m/z (S-ratio = 1). Putting the LOF and p-value thresholds to
work, a refined version of Fig. 3.5B is provided in Fig. 3.5C. Here, a LOF < 20% threshold was
applied first to filter high variability peaks followed by a p-value filter to separate pure analyte
m/z (p-value < 10, green dots) from pure interference m/z (p-value > 1072, blue dots).
Furthermore, a 5% signal threshold of the maximum signal among the interference m/z was
applied to remove inclusion of m/z with low S/N whose variability can cause highly errant ki/k>
normalization ratios. Next, all of the qualifying pure interference m/z were used to normalize the
paired spectra between classes, via the ki/k> applying Egs. (3.7) — (3.9), to obtain a purified
analyte spectrum as illustrated in Fig. 3.4 for just one pure interference m/z. For example, if there

are n pure interference m/z for a hit, there will be 4n purified analyte spectra obtained, since this
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is a 4 sample versus 4 sample F-ratio comparison. The resulting spectra for each sample pair are
then averaged to obtain 4 analyte spectra. The MV was determined for each of these 4 average

spectra, with a final average reported for the MV. More details on the ki/k. normalization are

provided in the Supplemental Material (Fig. B7).
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Figure 3.5. Statistical comparison plots of S-ratio, p-value, and LOF for 2-butyl-5-ethylthiophene (hit 6)
where each dot corresponds to a specific m/z. (A) The S-ratio versus LOF plot separates the m/z
depending upon the relative analyte-to-interference contributions. Pure interference m/z exhibit a low
LOF with S-ratios = 1, pure analyte m/z also exhibit a low LOF but with S-ratios = 2, and m/z with
intermediate S-ratios ranging from 1 to 2 exhibit a much higher LOF. A LOF < 20% was selected as the
threshold for pure analyte or pure interference m/z (dashed red line) [30]. (B) The S-ratio versus p-value
plot identifies m/z that indicate whether or not the two sample classes are statistically different in
“apparent” concentration, expressed as the S-ratio. While the S-ratios spanned the range from 1 to 2 along
a continuum due to various degrees of analyte-to-interference overlap, p-value thresholds can be
implemented to categorize sufficiently pure analyte and interference m/z. A p-value < 10 was selected
as a threshold for pure analyte m/z (dashed green line) while p-value > 10 was selected for pure
interference m/z (dashed blue line). (C) The S-ratio versus p-value plot from (B) has been filtered,
keeping m/z from (A) with a LOF <20% and distinguishing the remaining m/z according to p-value:
analyte m/z (p-value < 107, green dots) and interference m/z (p-value > 10, blue dots), and mixed
component m/z (gray dots). Additionally, a 5% signal threshold was applied to the interference m/z to
remove inclusion of low S/N m/z.



Table 3.2. Summary of CCE-MSP results for the 14 sulfur containing analytes in the 30 ppm
versus 15 ppm spike level comparison. For each analyte, from left to right, the 2D resolution, the
interference-to-analyte signal ratio, sin/Sa via Eq. (3.6), using the 15 ppm spike level data, and the average
match value (MV) for the initial difference spectrum via Eq. (3.3), CCE-MSP spectrum via Eq. (3.9),
MCR-ALS spectrum, PARAFAC spectrum, and PARAFAC?2 spectrum using the in-house library
spectrum are provided.
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Hit Analyte 2D N RWAR MV MV MV MV MV
Resolution Initial | CCE-MSP [ MCR-ALS | PARAFAC | PARAFAC2
1 [2,5-dimethylthiophene 0.89 1.98 | 920+17 (92010 876 965 956
2 |2-methylthiophene 1.34 1.29 [ 953+6 |955+6 941 959 954
3 [thiophene 1.87 038 [ 989+1 |989+1 956 952 945
4 |2-chloroethyl phenyl sulfide 0.36 1.13 | 891+89 (942 +13 854 920 892
5 [3-methylthiophene 1.34 1.49 | 901+16 (902 %5 896 855 912
6 |2-butyl-5-ethylthiophene 0.2 86.78 [ 759 £73 | 831+11 476 403 336
7 |2-methylbenzothiophene 0.5 0.32 | 974+3 |968+7 940 945 931
8 |2-hexylthiophene 0.49 5.53 [899+22]928+20 674 670 705
9 [tetrahydrothiophene 0.89 249 [ 936+9 |937+11 707 810 828
10 |2-propylthiophene 0.27 37.22 |786 £ 131|965+ 7 803 812 649
11 |benzothiophene 1.1 0.28 | 986+2 |982+5 953 979 955
12 |1,4-thioxane 1.13 3.87 [906+21|918+11 845 841 771
13 [|3-methylbenzothiophene 1.78 0.14 | 989+3 |991+3 974 987 991
14 Zz]cjttg;f}’j;phene 067 | 1.97 | 93545 | 93946 | 858 808 883

The CCE-MSP method was also carried out for the remaining 13 sulfur containing analytes,

with a MV summary provided in Table 3.2, along with the 2D resolution between the analyte and

primary interference peak, and the interference-to-analyte signal ratios, sint/sa. The MV relative

to the in-house library was determined for each analyte spectrum obtained by five methods: the

initial difference spectrum by Eq. (3.3), the purified mass spectrum using CCE-MSP by Eq.

(3.9), and the mass spectrum obtained using the three chemometric methods: MCR-ALS,

PARAFAC and PARAFAC2. The interference-to-analyte signal ratios, sint/Sa, were obtained by

summing signals at each m/z for the interference spectrum and the analyte spectrum using Eq.

(3.6). To measure the 2D resolution for each analyte hit, the retention time difference along both
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Figure 3.6. (A) Match values (MV) of each analyte provided in Table 3.2 plotted against their respective
interference-to-analyte signal ratios, sin/Sa. Blue circles represent the initial subtraction spectrum results
without normalization, light and dark green triangles represent the result of the best matching component
from MCR-ALS for 15 ppm and 30 ppm spike level samples respectively, and red squares represent the
CCE-MSP method results. (B) Match values (MV) of each analyte provided in Table 3.2 plotted against
their respective 2D resolution with the primary interference peak.

GC dimensions was obtained for the interference peak nearest to the spiked analyte. Peak widths
were measured using the peak profile for the top F-ratio m/z for the analyte and one of the
selected pure interference m/z. The peak widths and retention time measures were used to
calculate the 2D resolution [43]. The results in Table 3.2 are plotted in Fig. 3.6, with the MV
Versus Sint/Sa in Fig. 3.6A, and the MV versus 2D resolution in Fig. 3.6B. The initial difference
spectrum results reported in Table 3.2 are omitted in Fig. 3.6 for clarity. CCE-MSP produces a
higher quality analyte mass spectrum relative to the three chemometric methods, approximately
when sint/sa > 1 and/or when 2D resolution < 0.5. Furthermore, the theoretical principles for
when the analyte hit is in only one of the two classes is provided in Supplementary Material,
along with complementary table and plots comparing MVs for the 30 versus neat and 15 ppm

versus neat F-ratio comparisons (Table B1, Fig. B8), which provide the same conclusions as Fig.

3.6.
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While this proof-of-principle study has not definitively uncoupled the relative impacts of
Sint/Sa and 2D resolution, the results are highly supportive of the benefit of applying CCE-MSP.
The trend in mass spectrum quality deterioration using MCR-ALS when the relative contribution
from the background interference increases has been previously reported [30]. This is due to the
tendency of MCR-ALS to return one of many feasible solutions for samples with heavy spectrum
and temporal overlap due to rotational ambiguity of the decomposition matrices [44]. PARAFAC
and PARAFAC?2 also struggled to provide a high-quality analyte spectrum when sin/Sa and 2D
resolution were unfavorable. The 2D retention times are reproducible to within £30 ms, while the
1D retention times were very reproducible with peaks shifting no more than a fraction of the
modulation period, resulting in a slight change in the phasing of the modulated 2D peak patterns.
Thus, the performance of all these chemometric methods was not hampered by retention time
reproducibility. Instead, we assert that these shortcomings to be due to a “chemometric”
multiplex disadvantage, similar to the well-known multiplex disadvantage observed with some
spectroscopic instrumentation, whereby the noise of large signals at one wavelength interferes
with measuring small signals in other wavelengths for simultaneous collection techniques such
as Fourier and Hadamard transform [45-48]. For the chemometric methods examined herein, this
disadvantage presents itself since the entire m/z dimension is simultaneously analyzed and
minimizing residuals for the modeled components introduces adverse effects such as modeling
noise and/or the signal from all components from one m/z into another. In contrast, CCE-MSP
takes its weakness which is the analyte at low signal abundance and turns it into a strength to
readily determine sufficiently pure interference m/z to provide an accurate normalization step.

Overall, CCE-MSP serves as a useful tool to obtain a high-quality analyte spectrum when there



is moderate to severe interference overlap where the use of typically applied chemometric

decomposition approaches may not effectively isolate the analyte spectrum.
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Table 3.3. Concentration ratio (CR), defined as the analyte concentration in the 30 ppm spike level data
relative to the 15 ppm spike level data for the 14 spiked sulfur containing analytes using the S-ratio, and
MCR-ALS both unconstrained and constrained using the spectrum obtained by CCE-MSP. Analyte 2D
resolution with the closest interference peak, along with the interference-to-analyte signal ratio, Sin/Sa,
using the 15 ppm spike level data to give chromatographic context. Analytes that did not possess any pure
analyte m/z (labeled as N/A, so an accurate S-ratio was not provided), did possess pure interference m/z
so were quantified using CCE-MSP by initially obtaining the purified analyte spectrum which was then
used as a constraint for MCR-ALS.

Hit Analyte 2D ‘ 5. /s, CR usi.ng MCR-ALS MCR‘-ALS
Resolution S-ratio Unconstrained CR| Constrained CR
1 2,5-dimethylthiophene 0.89 1.98 2.38+0.06 2.45+0.14 2.38+0.12
2 2-methylthiophene 1.34 1.29 1.99+0.09 2.08+0.10 2.07 +£0.04
3 thiophene 1.87 0.38 2.17 +0.05 2.19+0.08 2.19+0.07
4 2-chloroethyl phenyl sulfide 0.36 1.13 2.26+0.11 2.13+0.10 2.43+0.08
5 3-methylthiophene 1.34 1.49 2.28 +0.06 2.15+0.09 2.26+0.10
6 2-butyl-5-ethylthiophene 0.2 86.78 2.05+0.07 1.01+0.08 1.8+0.44
7 2-methylbenzothiophene 0.5 0.32 1.78 £ 0.05 1.75+0.05 1.81+0.03
8 2-hexylthiophene 0.49 5.53 2.26 +0.05 0.93+0.17 2.21+0.27
9 tetrahydrothiophene 0.89 2.49 N/A 3.33+0.03 3.86+0.16
10 |2-propylthiophene 0.27 37.22 1.94 +0.03 1+0.04 2.49+0.10
11  |benzothiophene 11 0.28 2.23+0.07 2.18+£0.02 2.19+0.03
12 |1,4-thioxane 1.13 3.87 N/A 2.59+0.05 2.07 £0.04
13 |3-methylbenzothiophene 1.78 0.14 1.6+£0.03 1.6 £0.07 1.62 £0.03
14 |3-acetyl-2,5-dimethylthiophene 0.67 1.97 N/A 2.1+0.05 2.39+£0.13

The spectra obtained by CCE-MSP may then be used as constraints for MCR-ALS to

model the analyte more accurately allowing for quantitative analysis. Table 3.3 gives the

quantification results for each analyte using the S-ratio method via Eg. (3.10) and MCR-ALS

both unconstrained and constrained using the CCE-MSP spectra as inputs. The S-ratio provides

the analyte concentration ratio and was calculated using the signal for all pure analyte m/z

defined as having a p-value < 10 and a LOF < 20%. In the S-ratio calculation, the signals were
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weighted by the inverse of the p-value, because m/z purity for the analyte is expected to increase
as the p-value decreases. For 2-butyl-5-ethylthiophene in Fig. 3.5C, there are two pure analyte
m/z (green dots), and an S-ratio = 2.05 was obtained. Overall, other than the 3 analytes (1,4-
thioxane, tetrahydrothiophene, 3-acetyl-2,5-dimethylthiophene) that did not have pure analyte
m/z (green dots) and considering that two analytes were natively present (3-
methylbenzothiophene, 2-methylbenzothiophene), the S-ratios in Table 3.3 are in good
agreement with the expected concentration ratio of 2 for the 30 ppm versus 15 ppm analyte spike
levels. In contrast, before constraints are applied, MCR-ALS quantification is poor or fails
approximately when sint/sa > 1 and/or when 2D resolution < 0.5, consistent with the MV results
in Fig. 3.6. Using the analyte spectra obtained by CCE-MSP as input constraints to MCR-ALC
allowed for concentration profiles to be obtained from which concentration ratios were
calculated which agreed well with those calculated by the S-ratio method.

Furthermore, when two or more analyte hits are in overlapping hit locations, CCE-MSP can
also be readily implemented to obtain the purified spectrum for each of the analyte hits involved.
Application of CCE-MSP to two overlapping hit locations produces two spectra that are linear
combinations of the two analytes that are changing in concentration between the two sample
classes. Since all background interference has been removed, these two spectra can be processed
with ALS to obtain a purified spectrum for each changing analyte. To demonstrate this, as the
spiked fuel data did not produce this situation, we simulated GCxGC-TOFMS data such that the
2D chromatographic space was highly overlapped for five components (2 analytes changing
between classes and 3 interference components) as explained in the Supplementary material and

summarized in Table B2. Figure 3.7A shows the location of the 5 components in the 2D space
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Figure 3.7. (A) Simulated GCxGC-TOFMS chromatogram showing the locations of the 5
components whereby the ellipse signifies TIC outline of each peak width-at-base (4 standard
deviations): (1) fluoranthene, (2) 1-undecanol, (3) 1-iodohexane, (4) 1-bromohexane, and (5)
pentane. (B) The CCE-MSP obtained spectra obtained from processing the chromatogram, labeled
Hits A and B. Each spectrum contains different proportions of the two analyte spectra as they were
obtained from nearby (overlapping) hit locations. (C) The results of applying ALS using the CCE-
MSP spectra from (B) yields two outputs: the signal contributions for the two components in each
of the CCE-MSP spectra and the purified spectrum for the two components.

for 1 of the 10 chromatograms simulated, where the concentration of components 1 and 2 change
2-fold between classes, producing two analyte hits when F-ratio analysis was applied. Next,
application of CCE-MSP produced analyte “combination” spectra for these two hits, from the
two hit locations that are scaled by the different relative amounts of each analyte component
present (Fig. 3.7B). Note that the spectra in Fig. 3.7B only contain the analyte contributions as
the background contributions have been removed by the CCE-MSP method. These spectra are
linear combinations of the two analytes that are readily separated using an ALS algorithm,
obtaining both the contribution (relative concentrations) of the six replicates per sample class and
the purified spectrum for each analyte (Fig 3.7C). This approach should be readily extended to

situations with more than 2 analyte hits in overlapping hit locations, which is likely to be rare.
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3.5. Conclusion

Class comparison enabled mass spectrum purification (CCE-MSP) extracts an analyte mass
spectrum relatively free of background interferences for analytes discovered in class-based
experiments such as tile-based F-ratio analysis. Following supervised tile-based F-ratio analysis
of JP-8 jet fuel spiked at the 30 ppm and 15 ppm level for 14 sulfur containing compounds, the
statistical metrics of p-value and LOF were calculated for each m/z for each analyte. Applying
thresholds on these statistics to select the most consistent m/z purified spectra were readily
obtained yielding a high MV for each analyte. The CCE-MSP spectra quality was generally
superior to MCR-ALS, PARAFAC, and PARFAC2 decomposition spectra when sin//sa> 1, i.e.,
when the interference signal outweighed the analyte signal, and/or when 2D resolution < 0.5.
The CCE-MSP method provides an effective way to extract purified spectra for severely

interfered hits without a priori knowledge of analyte identity.
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Chapter 4. Using solid phase extraction to facilitate a focused tile-based Fisher
ratio analysis of comprehensive two-dimensional gas chromatography time-of-

flight mass spectrometry data: Comparative analysis of aerospace fuel composition

This chapter was reproduced from Grant S. Ochoa, Matthew C. Billingsley, Robert E. Synovec,
“Using solid phase extraction to facilitate a focused tile-based Fisher ratio analysis of
comprehensive two-dimensional gas chromatography time-of-flight mass spectrometry data:
Comparative analysis of aerospace fuel composition” Anal. Bioanal. Chem. (2022) 1-13.

4.1. Introduction

To ensure consistent and optimal performance in aerospace applications, the chemical
composition of kerosene-based rocket propellants is either directly controlled by maximum
allowable limits for certain heteroatomic and unsaturated species, or indirectly controlled by
limits on physical and thermochemical properties. Small variations in chemical composition can
have a demonstrable effect on fuel physical and thermal behavior in engine systems [1-7]. For
example, sulfur-, nitrogen-, and oxygen-containing compounds contribute to fuel reactivity at
elevated temperatures and surface fouling such as corrosion and carbonaceous deposit formation
in regenerative cooling systems [8—12]. Fuel specifications are in place to ensure that procured
fuels meet required property and performance metrics before use [13]. However, analytical-
computational methods capable of resolving chemical differences (variations in compound
identity and/or concentration between fuels) offer a rapid, cost-effective solution for digital fuel
design and development.

Gas chromatography coupled with mass spectrometry (GC-MS) is an effective technique
for fuel analysis [14-16]. Information gained from the mass spectrum dimension not only
benefits compound identification but also improves the quality of chemometric data analysis

[17-20]. Comprehensive two-dimensional (2D) gas chromatography with time-of-flight mass
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spectrometry (GCxGC-TOFMS) offers significantly improved separation power that benefits the
analysis of highly complex samples such as kerosene-based fuels. When equipped with a reverse
column configuration consisting of a polar first dimension (*D) column coupled to a non-polar
second dimension (°D) column, GCxGC achieves near complete compound class separation for
kerosene-based fuels [15, 20-22]. Thus, the wealth of information afforded by GCxGC-TOFMS
can be utilized to help discriminate the differences between fuels through comparative analysis.
Relevant specification property measurements and fit-for-purpose performance testing
reveal differences between fuels but do not provide insight into the underlying cause of observed
physical behaviors. This is precisely what a chemical composition-based comparative analysis
aims to accomplish. The supervised discovery method referred to as tile-based Fisher ratio (F-
ratio) analysis is well suited for this task. F-ratio analysis utilizes column separation (temporal)
and mass channel (spectrum) dimensions to find sample-class-distinguishing features among the
fuels being compared [17, 21-29]. This method calculates the F-ratio, the ratio of between-class
variance to within-class variance, for regions of the 2D chromatogram at each mass channel
(m/z). Thus, the magnitude of the F-ratio reflects the degree of chemical difference present for a
given sample feature [23], facilitating a complete interrogation of the chemical compositional
differences across the sample classes. Each neat (untreated) fuel may constitute a sample class.
However, new sample classes may be created by treating the fuel to alter specific compounds
(i.e., compound types within a fuel). Solid phase extraction (SPE) is commonly utilized for
analyzing polar constituents and other compound types in jet and rocket fuel [30-36].
Application of SPE with the appropriate stationary phase creates a fuel deficient in the selected
target compounds, which may then be treated as a new sample class; in turn, F-ratio analysis

readily locates compounds affected by SPE treatment. Leveraging SPE facilitates comparison of
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compositionally complex fuels, allowing deviations in fuel chemistry — whether low-level
contaminants or bulk hydrocarbon types — to be quickly identified and correlated with observed
physical property or thermal performance behavior.

Herein, we demonstrate application of tile-based F-ratio analysis in a methodology that
utilizes SPE to isolate and investigate key compound types. In the first study, a proof-of-concept,
an RP-1 (rocket-grade kerosene) fuel with exhibited poor thermal performance is examined [20].
For this study, three samples are analyzed by GCxGC-TOFMS: (1) the untreated (neat) fuel; (2)
the SPE-treated (pass) fuel, which is collected during extraction of polar compounds; and (3) the
extract eluted from the SPE column stationary phase with methanol. The neat and pass fuels are
examined using tile-based F-ratio analysis, resulting in a hit list comprising compounds extracted
by SPE and retained on the cartridge stationary phase as the pass sample is collected. This F-
ratio comparison reveals the polar contaminant profile, which is subsequently validated by the
GCxGC-TOFMS data acquired from the extract sample. While direct analysis of the SPE extract
is possible and is commonly practiced, one objective of this study is establishing a generalized
framework for using tile-based F-ratio analysis in the discovery of low-level chemical
compositional differences among two or more samples.

The framework described above is then applied in a case study involving three similar but
compositionally distinct formulations of a multicomponent hydrocarbon product being evaluated
as a rocket fuel. These formulations were produced by the same process with one exception:
measures were taken to reduce detrimental compound types in one fuel. By applying SPE
coupled with F-ratio analysis as described above, the neat and pass samples of these fuels are
examined to determine the extent and nature of compositional differences in their bulk and

contaminant profiles. This practical demonstration of the analytical methodology introduced and
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discussed herein reveals critical compositional differences that are not evident at first glance in
the GCxGC-TOFMS data.

One shortcoming of tile-based F-ratio analysis in rapidly comparing sample classes is that
F-ratio calculation of hit list ranking necessitates collection of multiple GCxGC-TOFMS
separation replicates for each sample, i.e., often six replicates per sample class [21,22,24]. Data
collection to apply tile-based F-ratio analysis can therefore be time consuming and prohibitive
for some applications. To address this issue, we also implement a tile-based pairwise analysis
method, referred to as 1v1 analysis [37]. This method discovers analytes that are different in
concentration between two chromatograms while utilizing the same four-grid tiling scheme as
developed for tile-based F-ratio analysis [22—-24,28,38,39]. However, instead of calculating F-
ratios, 1v1 analysis utilizes a rank metric based upon a sum-normalized absolute difference
between the signals in the two chromatograms being compared. Implementation of the tiling
algorithm mitigates run-to-run retention shifting that would otherwise imperil simply taking the
difference between two chromatograms on the pixel-level data [38]. We envisage widespread
implementation of tile-based 1v1 analysis, thereby broadening the application and usefulness of
comparative analyses employing GCxGC-TOFMS data. Thus, a primary aim of the studies
presented is to develop an analytical methodology that provides a comprehensive list of chemical

differences for any fuel pair quickly and efficiently to improve fuel performance and compliance.

4.2. Experimental

Samples
Four rocket fuels were supplied and analyzed in the studies communicated here: RP-1
(Batch B0112868) was the subject of the first study, and three highly paraffinic formulations

referred to as RF-A, RF-B, and RF-C were used for the second study (Edwards AFB, CA). Each
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fuel was subjected to the following experimental procedures followed by tile-base d F-ratio
analysis [21,22,24,28,38,39].
Solid phase extraction

SPE cartridges were used to isolate polar compounds from each fuel sample. A nominally
~1 mL silica phase SPE cartridge (SepPak, Waters) was rinsed with 5 mL methanol to clean the
cartridge. Next, the cartridge was conditioned with 15 mL of hexanes (Sigma-Aldrich, St. Louis,
MO), followed by loading the cartridge with 8 mL of sample at a flow rate of 1-3 mL/min. The
first mL of sample to pass through the cartridge was collected and set aside for analysis as the
“pass” sample. The cartridge was then rinsed with 15 mL of hexanes to remove any non-polar
compounds left on the cartridge. Finally, the pre-concentrated polar compounds were eluted with
0.5 mL of methanol. This extract was then analyzed alongside the neat and pass fuel by GCxGC-
TOFMS. The process is summarized in Fig. C1 in the Supplementary Material.
GCxGC-TOFMS procedure

GCxGC-TOFMS data were collected for the neat fuel, pass fuel, and fuel extract samples
as previously reported, with the details in Supplementary Material [29,40]. The GCxGC-TOFMS
chromatograms were imported into MATLAB (version 2019a; The MathWorks, Inc., Natick,
MA) from the LECO ChromaTOF for BT software v5.20 (LECO, St. Joseph, MI). All
chromatograms were baseline corrected prior to one-point normalization using the sum of the
total ion current (TIC) relative to the average TIC, which was applied on a comparison basis. In
short, samples belonging to the same comparison were normalized together. Tile-based F-ratio
analysis was performed for each neat versus pass fuel comparison to discover analytes affected
by the SPE procedure. For all F-ratio analyses, six-versus-six (6v6) comparisons were used, with

six replicates of each sample per class. The following conditions were applied to all F-ratio
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analyses. The tile dimensions were 12 s on D by 300 ms on 2D with a signal-to-noise ratio (S/N)
threshold of 10. Two samples must pass the S/N threshold to be included in the final hit list. The
mass channel (m/z) providing the maximum F-ratio was used to rank the hit list [29].

Tile-based 1v1 analyses were applied for the direct comparison of two chromatograms,
utilizing the same tiling scheme and pinning and clustering algorithms that form the basis of tile-
based F-ratio analysis. However, instead of calculating F-ratios, the sum-normalized absolute
difference rank metric (RM) is calculated for each tile-based 1v1 analysis [37],

R = S 100 @)
where s(m/z). and s(m/z). are the summed signals at a given m/z for a given tile in one sample
(class 1) versus another sample (class 2). This dimensionless metric ranges from 0% to 100%
and allows the ranking of significant differences high on a hit list regardless of the direction of
change. The tile size parameters for tile-based 1v1 analysis were the same as for tile-based F-
ratio analysis. Similarly, the maximum RM at a specific m/z was used to rank the hit list. As with
F-ratio analysis, with 1v1 analysis if the S/N threshold is raised then the number of false
positives is reduced at the expense of reducing the true positives as well. Indeed, the
performance of the F-ratio and 1v1 analyses were previously demonstrated to produce nearly
identical results using ROC curves [37].

Chromatographic visualization of the hits from the F-ratio and 1v1 analyses is achieved
by piecing together data from each of the hit locations into a single ‘stitch’ chromatogram via the
following algorithmic process, based on the principles for the enhanced total ion current
chromatogram algorithm [41]. For each hit selected from the top of a given hit list, a tile of data
with the same dimensions as above is cut around its pin location from the m/z with the top F-ratio

or top RM (for 1v1 analysis). The algorithm then unfolds the tile and locates all the 2D peak
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maxima present in the tile above a S/N threshold of 10, keeping one peak per modulation that is
detected. Thus, the maximum number of modulations kept per sample is the D tile size plus one.
A window of data is then cut around each 2D peak based upon the average wp from the relevant
chromatogram, in this case that 2D window corresponded to 180 ms, i.e., 18 data points (spectra)
wide with the mass spectrum collection frequency of 100 Hz. These windows are then pasted
into an array of zeros the same size of the 2D chromatogram from the same coordinates from
which they were cut. This process is repeated for each hit, creating a stitch chromatogram
highlighting the class distinguishing features from the rest of the data. If a peak is not found there
will be no data cut from the tile for that hit. To minimize scale issues, each hit may be auto
scaled making each hit the same height for broad class visualization. One can imagine the
finished stitch chromatogram to be a “quilt” of peaks obtained from the top of a given hit list,

constructed from the best m/z for each hit obtained from the sample-class comparison software.

4.3. Results and Discussion

Low-level polar compounds analysis in the RP-1 fuel: F-ratio of neat vs pass samples

The GCxGC-TOFMS total ion current (TIC) chromatograms of the RP-1 fuel
(B0112868) are presented in Fig. 4.1, with the neat fuel sample shown in Fig. 4.1a, the pass fuel
collected during the extraction of polar compounds from the fuel using the silica gel SPE
cartridge shown in Fig. 4.1b, and the methanol extract obtained from the SPE cartridge shown in
Fig. 4.1c. At first glance, there are no discernable differences between the neat and pass fuel
samples since any affected polar compounds are present at low concentration in the
predominantly non-polar fuel matrix. However, the extract shows several peaks eluting in the 2D
section between 15 min to 25 min on D, and 0 s to 1 s on 2D. Since the extracted-then-eluted

compounds were removed from the neat fuel, they are significantly reduced or undetectable in
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Figure 4.1. (a) GCxGC-TOFMS TIC chromatograms for neat RP-1 fuel (batch B0112868), (b) the post
silica-SPE extracted pass RP-1, and (c) the extract eluted from the silica-SPE cartridge. There are initially
no visible differences between the neat and pass fuels in (a) versus (b). However, the extract in (c) shows a
collection of peaks between 15-25 min on *D and around 0.5 s on 2D, indicating that the compounds
producing these peaks must be present in the neat fuel and therefore significantly reduced or undetectable
in the pass fuel, albeit at too low of a concentration to be visible in (a) versus (b).

the pass fuel. Thus, comparison of the neat and pass fuel via tile-based F-ratio analysis should
reveal focused information on the compounds affected by the extraction.

Tile-based F-ratio analysis was performed on a 6v6 sample comparison of the neat and
pass samples of RP-1, yielding a hit list with the location of significant differences between the
classes. The top fifty hits were inspected, followed by false positive and redundant hit removal
by visual inspection of chromatographic profiles and retention time association respectively,
leaving thirty-nine true positive hits that are plotted as an overlay on the GCxGC-TOFMS TIC
chromatogram of the neat fuel in Fig. 4.2a. The true positives of the hit list correspond to
compounds extracted from the neat fuel and indicate areas of the chromatogram to investigate for
these compounds. The majority of the thirty-nine hits lie in a band underneath the aromatic
compounds (15-25 min on D and 0-1 s on ?D), which for the reverse column GCxGC
configuration implies the hit compounds are greater in polarity than aromatic hydrocarbons.
Figure 4.2b magnifies a region of the chromatogram encapsulating thirty-two of the thirty-nine
plotted hits, revealing that most of the hits have too small a signal to appear in the TIC

chromatogram of the neat fuel. To remedy this situation, the stitch chromatogram tool enables
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Figure 4.2. (a) GCxGC-TOFMS TIC chromatogram of RP-1 (batch B0112868) with circles
indicating the location of the top 39 true positive F-ratio hits (from top 50 hits in the hit list). These
hits mainly cluster along a band between 15-25 min on D and 0.5 s on 2D, underneath the
aromatics band. These hit locations are in the same 2D separation region in which peaks were
found in the extract chromatogram in Fig. 4.1c. (b) A zoom in of this region (15-25 min on ‘D and
0-1 s on 2D) where the majority of the 39 hits from the F-ratio analysis are observed.
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Figure 4.3. (a) Stitch chromatogram constructed using the top F-ratio hits pulling data from pure m/z for
each hit from the neat RP-1 (batch B0112868) chromatogram. (b) The top F-ratio hit markers, which were
obtained without information of the extract, have been included over the extract chromatogram,
demonstrating good agreement with the extract peaks. Visually, the stitch chromatogram matches well to
the extract chromatogram from Fig. 4.1c.




114

visualization of the hits from neat-versus-pass fuel analysis in chromatographic space, bringing
together data from selective m/z for each hit into a single chromatogram absent of superfluous
compounds that were unaffected by the SPE treatment.

The stitch chromatogram resulting from F-ratio analysis for the RP-1 fuel (B0112868) is
provided in Fig. 4.3a. Several peaks appear in the same 2D separation region that was inspected
in Fig. 4.2b. Most of the peaks have nearly the same 2D retention time, indicating a similarity in
polarity resulting from their chemical structure. To assess the accuracy of this visualization tool,
we compare the stitch chromatogram against the TIC of the methanol SPE-extract chromatogram
for the same region in Fig. 4.3b. There is remarkable likeness between both chromatographic
regions (2D section between 15 min to 25 min on D, and 0 s to 1 s on ?D). At each location that
a peak appears in the stitch chromatogram, a corresponding peak is found in the extract
chromatogram, albeit not with the same intensities due to SPE preconcentration and stitch-
chromatogram-algorithm effects. This demonstrates the effectiveness of utilizing the information
obtained from tile-based F-ratio analysis to visualize compound types affected by the SPE
procedure. Similarly, the F-ratio hit markers in Fig. 4.3b correspond to peaks from the extract
sample, covering the majority of the features from the extract chromatogram. Table 4.1 shows
the tentative mass spectrum identifications using a NIST library along with both their match
value (MV) and reverse match value (RMV) determined for the top ten hits of the F-ratio
comparison, suggesting these compounds are oxygenates with the majority phenolic in character.
These compounds are likely primary contributors to the observed poor thermal performance for

this RP-1 fuel [11].
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Table 4.1. Top 10 hits from the neat versus pass F-ratio comparison of RP-1 fuel (batch B0112868)
providing compound identification as well as contrasting the performance of the tile-based F-ratio and

1v1 analysis methods.

II-:I-i':aI:lloo. Name 1[) Time, min ZD Time,s | MV | RMV |Top m/z| F-ratio 1v|\]|':|t J::rli(c
p  [L(2dsopropyl-5- 15.2 079 | 803|816 | 110 | 4638 6 78.45
methylcyclopentyl)ethanone
2 m-isopropylphenol 18.0 0.40 870 | 956 136 1526 1 92.77
3 2,5-diethylphenol 19.3 0.41 818 | 891 135 1381 9 68.01
4  |carvacrol 19.85 0.45 860 | 878 135 1324 3 89.30
5 2-isopropylphenyl ester formic acid 22.4 0.57 704 | 830 107 1314 13 53.90
6 [thymol 20.35 0.42 863 | 907 150 1221 19 40.50
7 carvacrol isomer 19.5 0.45 853 | 871 150 1088 8 72.45
8  |4-secbutylphenol 20.2 0.46 886 | 910 121 1060 5 86.28
9 1-methoxy-4-sec-butylbenzene 21.8 0.47 809 | 841 135 1032 12 56.37
10 [3-methyl-6-propylphenol 21.2 0.49 747 | 867 121 1021 10 66.60

Application of 1v1 analysis to the neat vs pass RP-1 fuel samples

The preceding F-ratio comparison provided in-depth and illuminating information

regarding subtle changes between the neat and pass fuel samples of the RP-1 formulation.

However, a shortcoming of the tile-based F-ratio analysis methodology is the need to collect

replicates. Collecting several (i.e., six) replicates for tile-based F-ratio analysis is often
prohibitive, especially when working with a large number of samples. Thus, implementation of
tile-based 1v1 analysis may be more appealing. Accordingly, we demonstrate application of tile-
based 1v1 analysis on the same set of six replicates each of the neat and pass RP-1 fuel samples,
arbitrarily arranged to make six neat versus pass RP-1 fuel sample pairs. The RM calculated via
Eq. (4.1) for 1v1 analysis yielded high values for the features whose signal differed greatly
between the two sample classes, even if that difference was due to natural variance. Thus,
interspersed with the true positives are some false positives. These were identified using a
follow-up peak detection step that removed hits that did not have a peak present within the given

hit tile. The top fifty hits are shown in Fig. 4.4 for the six stitch chromatograms resulting from
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the 1v1 analyses for the analyte region of interest (the entire chromatographic region is provided
in Fig. C2). The 1v1 analysis hit lists from each pair of chromatograms vary slightly due to the
nature of the rank metric employed but are generally very similar to the hit list from tile-based F-
ratio analysis (Fig. 4.3b). The fidelity of each hit list compared to the F-ratio hit list was
quantified as the proportion of hits represented by the 1v1 hit lists, resulting in values ranging
from 69 - 81%. Of the thirty-two hits from the F-ratio analysis, thirty-one were present in at least
one of the 1v1 analyses. Twenty-seven were present in at least four analyses, with most of these
belonging to peaks along the 0.4 s 2D retention band. Four of the remaining hits were present in
three or fewer analyses with one hit absent entirely. The less-frequently discovered hits by 1v1
analysis were generally of much lower signal compared to the other hits, thus, their RM was not
significant enough to rank higher than other similarly ranked false positive hits within the top
fifty hits. Despite the modest variability of the 1v1 analyses, these results demonstrate that 1v1
analysis provides sufficient information to capture the major differences between sample classes
(for SPE-treated multicomponent distillate fuels).

In the previous proof-of-concept study for the RP-1 fuel, the tile-based 1v1 analysis
method was shown to be useful for the focused comparison of analyte classes resulting from SPE
treatment of a single fuel formulation. However, comparing the chemical composition between
different fuels is desirable, for example, when evaluating against a reference (baseline) fuel with
known performance, or when characterizing the effects of changes in production (e.g., feedstock
source and refinery conditions) and post-production processes (e.g., chemical treatment,
filtration, etc.). Comparative analysis can also be performed to determine the compositional

differences between samples for both the “bulk” hydrocarbons and “low-level” polar species.
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Figure 4.4. Stitch chromatograms of the top fifty hits for the tile-based 1v1 analyses for each of the six
chromatogram neat versus pass fuel pairs displaying the region of interest (15-25 min on D and 0-1 s on
2D). Even though there is some experimental variation from one 1v1 analysis to the next, each of the sample
pairs captured a majority of the top 39 true positive hits in the F-ratio hit list with the following capture
percentages of these true positives: (a) Pair 1 at 68.8%, (b) pair 2 at 81.3%, (c) pair 3 at 78.1%, (d) pair 4 at
75.0%, (e) pair 5 at 75.0%, and (f) pair 6 at 68.8%.

While bulk hydrocarbons typically account for >99% of fuel mass (e.g., n-alkanes and
aromatics), low concentration level polar species include oxygenates and other heteroatom
containing compounds. F-ratio and/or 1v1 analysis of neat fuels is primarily useful for
comparing bulk hydrocarbon differences along with the low-level polar species, eg., oxygenates
and other heteroatom containing compound differences between samples. In contrast, analysis of
the pass fuel samples resulting from using the SPE step will yield information regarding only the
bulk hydrocarbon differences since the low-level polar species have been removed from the pass
fuel samples. These two strategies were applied next in the comparative analysis of three

candidate fuel formulations produced in a gas-to-liquid process: RF-A, RF-B, and RF-C.
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InterComparative analyses for three fuel formulations

Figure 4.5a-c shows the TIC chromatograms for the three fuels: RF-A, RF-B, and RF-C.
First-look visual comparison suggests they are multicomponent fuels with similar composition.
However, adjusting the color scale to emphasize lower concentration peaks reveals subtle
differences between them, namely, compounds present in RF-A and RF-B that are absent from
RF-C (Fig. 4.5d-f). The same silica-based SPE procedure applied to RP-1 in the previous proof-
of-principle study was applied to each of these, again generating a pass fuel for each neat fuel
formulation. Meanwhile, the extract chromatograms (Fig. 4.5g-i) were obtained from application
of SPE of the fuels diluted 1:10 with hexane in order to obtain a better extraction of the low-level
polar species. The extract chromatograms indicate that RF-A and RF-B contain similar polar
compounds between 0 and 1.8 s on 2D, whereas RF-C is a relatively clean fuel in this regard.
These extract chromatograms qualitatively highlight the differences in the low-level polar
species between these fuels.

To facilitate a deeper examination of the differences in the low-level polar species
present in the neat fuels, each of the three pass fuels, depleted in polar compounds due to SPE
treatment, was compared to its corresponding neat fuel using tile-based F-ratio analysis. The
resulting F-ratio distributions for hit list ranking are provided in Fig. 4.6a for each fuel. In
contrast to the other two fuels, RF-C has essentially no F-ratios > 100 (i.e., above the primary
distribution of F-ratios), as evidenced by the sharp decrease in the red trace compared with the
blue and green traces. When comparing the neat and pass samples, if concentration changes
between the sample classes are insignificant, the majority of F-ratios are present in the hit list
merely because they generate sufficient signal above the S/N threshold to calculate a (low) F-

ratio. Hits that are likely indicative of significant concentration differences between the neat
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Figure 4.5. GCxGC-TOFMS TIC chromatograms for the three neat fuel formulations (a) RF-A, (b) RF-
B, and (c) RF-C, indicating apparent compositional similarity. Use of a different color scale to emphasize
low-level signals, compositional differences are revealed for the same GCxGC-TOFMS TIC
chromatograms (circled regions in red, for (d) RF-A, () RF-B, and (f) RF-C, suggesting one limitation of
relying on visual inspection when comparing complex fuels. Chromatograms of the SPE extract of the
fuels diluted 1:10 in hexane are provided for (g) RF-A, (h) RF-B, (i) RF-C. Fuels RF-A and RF-B exhibit
relatively high concentrations of polar compounds relative to RF-C.

versus pass fuel classes will have F-ratios that extend beyond the cluster of low F-ratios. Thus,
the lack of high F-ratio hits for the RF-C distribution indicates a similar composition between the
neat and pass fuel samples. The implication is that RF-C is a cleaner fuel compared with the
others in terms of polar compounds, as indicated by the RF-C extract chromatograms.

Based upon the distribution of the neat versus pass RF-C analysis, an F-ratio threshold of
100 was selected to inspect all three hit lists. This threshold retains 148 hits for RF-A, 123 hits
for RF-B, and 1 hit for RF-C. The locations for these hits are plotted on their respective

chromatograms in Fig. 4.6b-d. The pattern of hits is similar for both RF-A and RF-B (Fig.
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Figure 4.6. (a) Histogram of the intra-fuel neat versus pass F-ratio comparisons alongside GCxGC-
TOFMS -TIC chromatograms of each of the three rocket fuels, (b) RF-A, (c) RF-B, and (d) RF-C, with
circles indicating the locations of all hits with a F-ratio > 100. Fuels RF-A, RF-B, and RF-C had 148 hits,
123 hits, and one hit with an F-ratio > 100, respectively. The patterns of these hit markers demonstrate the
ability of the tile-based F-ratio analysis to discover the minute signal changes affected by the SPE
treatment. The hit markers for RF-A and RF-B show very similar patterns indicating a similar profile of
polar compounds present in these two fuels.

4.6b,c), suggesting the polar compounds present in these fuels may be a byproduct of the
production process of these paraffin-rich fuels. In contrast, RF-C had one extracted hit passing
the F-ratio threshold (Fig. 4.6d). Visual inspection of these regions in each chromatogram at low
signal levels confirms the lack of signal for RF-C compared to the other fuels (Fig. 4.5d-f). Table
4.2 lists several hit locations spread about the 2D separation space and their tentative
identification. Each of these compounds was determined to be oxygenates, including alcohols,
aldehydes, ketones, and furanones. Several of the polar compounds eluting after 18 min on D
could not be tentatively identified due to the similarity in their mass spectra. However, their mass
spectra were indicative of long chain alkanes likely with an oxirane or alcohol group. Next, we
performed F-ratio analysis on inter-fuel pairs of fuel formulations, investigating both neat versus
neat as well as pass vs pass comparisons. Through this we aim to reveal a comprehensive
perspective to uncouple the bulk hydrocarbon compositional differences from the low-level polar

species present for these three fuel formulations.
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Inter-fuel comparative analysis for the three fuel formulations

Next, the bulk hydrocarbon compositional differences between fuel formulations were
examined alongside the low-level polar compounds through inter-fuel analysis of the neat versus
neat and pass versus pass samples. Performing tile-based F-ratio analysis on the three inter-fuel
pairs (RF-A versus RF-B, RF-A versus RF-C, and RF-B versus RF-C) results in F-ratio
distributions for the neat versus neat fuel comparisons (Fig. 4.7a) and pass versus pass fuel
comparisons (Fig. 4.7b) that are shifted toward higher values than the intra-fuel (neat versus pass
fuel) comparisons (Fig. 4.6a). Using the previously selected F-ratio threshold of 100, the
comparisons retained 344 (RF-A versus RF-B), 389 (RF-A versus RF-C), and 270 hits (RF-B
versus RF-C) for the inter-fuel neat versus neat fuel comparisons (Fig. 4.7a). In these hit lists are
a mix of hits due to bulk hydrocarbon and low-level polar species differences sporadically
distributed among the hits passing the threshold, initially complicating the analysis. Fortunately,
the F-ratio analysis performed on the inter-fuel pass versus pass fuel pairs (Fig. 4.7b), yield hit
lists that retain the bulk hydrocarbon compositional differences but are simpler since they lack
the low-level polar-compound differences. Applying the F-ratio threshold of 100, these pass
versus pass inter-fuel comparisons retained 310 (RF-A versus RF-B), 314 (RF-A versus RF-C),
and 200 hits (RF-B versus RF-C). For the sake of brevity, the most compositionally extreme pair
(RF-A versus RF-C) will be discussed with the other two fuel pairs available in the
Supplementary Material (Fig. C3-4).

F-ratio analysis of fuels RF-A and RF-C, being the most dissimilar fuels per Fig. 4.7a,b,
resulted in a multitude of high F-ratio values for the inter-fuel comparison of both neat
(untreated, 344 hits) and pass (SPE treated, 310 hits) fuel as indicated by the markers in Fig.

4.8a,b. The hit markers in Fig. 4.8a (neat versus neat fuel comparison) encompass both bulk
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Table 4.2. NIST identification of compounds representing the polar compound band present in fuels RF-
A and RF-B. Mass spectra of compounds after 20 min on D were very similar and did not provide
confidence to their identification.

1|) Time, min z|) Time, s Compound Name Mv RMV
2.75 0.19 |2,2-dimethoxybutane 744 754
3.9 0.25 [2-hexanone 889 921
6.1 0.54 |2-heptanone 885 910
6.4 0.72  |3-methyl-4-heptanol 733 737
8.3 0.66  |(Z)-2-methyl-2-penten-1-ol 734 743
8.75 0.75 |2-octanone 916 928
10.65 1.39 |(3,7-dimethyl-6-nonenal 727 729
11.3 1.26  |4,7-dimethyl-4-octanol 809 894
11.55 0.88 |2-nonanone 912 946
11.55 1.26  |2-methyl-2-nonanol 810 856
11.65 0.22  |4-methl-3-pentenoic acid 878 898
12.95 1.34 |2-methanol-2-decanol 730 824
13.2 1.06 |2-methyl-2-undecanal 779 840
13.8 1.27 |2-decanol 848 932
14.3 1.39 |2-methyl-2-decanol 789 845
14.3 0.99 |2-decanone 911 925
14.55 0.31 |5-ethyldihydro-3-methyl-2(3H)-furanone 897 982
15.8 1.15 |dodecyloxirane 738 774
16.05 1.42 |3-dodecanol 769 849
16.95 1.13  |2-undecanone 842 902
17.05 0.39 [trans-3-methyl-4-octanolide (whiskey lactone) 797 874
19.55 0.47 |dihydro-5-methyl-5-(2-methylpropyl)-2(3H)-furanone 780 823

hydrocarbon and low-level polar species differences, while the hit markers in Fig. 4.8b (pass

versus pass fuel comparison) represent primarily the bulk hydrocarbon differences. By

subtracting the set of hits from Fig. 4.8b from the set of hits from Fig. 4.8a, a refined list of hits

due to the low-level polar species is obtained. This hit list is visualized in Fig. 4.8c where these

hits are plotted on top of the RF-A extract chromatogram (Fig. 4.59), exhibiting close agreement

with the pattern of peaks. Additionally, the bulk hydrocarbon hits from the pass versus pass

inter-fuel comparison plotted in Fig. 4.8b are more visible in some portions of the separation
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Figure 4.7. F-ratio distributions for the (a) inter-fuel neat versus neat F-ratio comparisons and (b) inter-
fuel pass versus pass F-ratio comparisons. Dashed line indicates the applied F-ratio threshold of 100. The
inter-fuel comparison distributions are shifted to higher F-ratios compared to the intra-fuel neat versus
pass comparisons in Fig. 4.6a.

space when plotted on a more intense color scale in Fig. 4.8d. Numerous hits are present on the
n-alkane band (after 15 min on D and ~ 2.5 s on D) in Fig. 4.8d, suggesting they result from
RF-A having a higher concentration of these compounds relative to RF-C. Several other hit
markers can be seen tracing the branched alkane bands between 10-20 min on D and 1.5-2.2 s
on 2D, indicating the distribution of these compounds varies between the fuels. The hit markers
from 7-15 min on D and 0.8-1 s on 2D indicate the presence of aromatic compounds present in
RF-A but absent from RF-C. These differences are readily visualized by utilizing the stitch
chromatogram approach to generate chromatograms of both the bulk hydrocarbon and low-level
polar compound hits separately for both fuels in each pair. Furthermore, dividing these stitch
signal data into each other yields a signal-ratio stitch chromatogram, which is essentially the
concentration ratio for each peak feature, provided in Fig. C5 [28].

The inter-fuel comparisons (neat versus neat and pass versus pass) and extract
chromatograms allow determination of individual fuel polar profiles, facilitating the

interpretation of both the bulk hydrocarbon and low-level polar species differences via the F-
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Figure 4.8. (a) GCxGC-TOFMS TIC chromatograms of rocket fuel RF-A with 344 hit markers with an
F-ratio > 100 for the inter-fuel neat RF-A versus neat RF-C comparison, and (b) 310 hit markers with an
F-ratio > 100 for the inter-fuel pass RF-A versus pass RF-C comparison. Both comparisons contain many
of the same hits (due to the bulk hydrocarbon differences), however the pass versus pass comparison will
lack hits due to compounds extracted from the neat fuels (low-level polar species). Thus, by comparing
the two hit lists, a hit list representing the low-level polar species is created from the hits only present in
the neat versus neat comparison. (c) These low-level polar species hits have been plotted over the 1:10
diluted RF-A extract chromatogram. (d) The hits of the pass versus pass hit list, representing the bulk
hydrocarbon (HC) compound hits, are plotted over the TIC chromatogram of fuel RF-A with a more
intense color scale to better visualize the location of relevant compounds.

ratio comparisons. By combining the two comparisons, low-level polar species differences are
discriminated from the bulk hydrocarbon differences between fuels. Since discriminated
compounds are determined by the SPE cartridge silica stationary phase, an analyst may target
desired compound types through careful selection of the SPE phase and procedure. This process

may be generalized beyond extraction to identify compounds using other sample treatments.
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4.4. Conclusion

In this work, we have introduced a procedure that advances both targeted polar
compound discovery and comprehensive fuel comparison. Fuels treated with SPE to remove
polar compounds allows their discovery with supervised F-ratio analysis, and visualization with
the stitch chromatogram method. Moreover, this process can be completed with a fraction of the
data utilizing tile-based 1v1 analysis. The procedure may be coupled with comparisons of
untreated (neat) and SPE-treated (pass) fuel to generate hit lists detailing the comprehensive
differences in high-concentration compounds (bulk hydrocarbon) and low-concentration (SPE-
extracted) compounds. The comparative analytical methods introduced and demonstrated herein
are a significant advancement toward a deeper understanding of the chemical compositional

reasons behind variations in physical properties and thermal performance.
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Chapter 5. Investigating analyte breakthrough under non-linear isotherm
conditions during solid phase extraction facilitated by non-targeted analysis with
comprehensive two-dimensional gas chromatography time-of-flight mass

spectrometry

This chapter was reproduced from Grant S. Ochoa, Robert E. Synovec, “Investigating analyte

breakthrough under non-linear isotherm conditions during solid phase extraction facilitated by

non-targeted analysis with comprehensive two-dimensional gas chromatography time-of-flight
mass spectrometry” Talanta, Submitted (2023)

5.1. Introduction

Sample preparation is a critical step to any instrumental analysis technique, and solid
phase extraction (SPE) serves as a rapid and popular method for isolating and preconcentrating
analytes from complex sample matrices for various applications [1-14]. With SPE, analytes are
adsorbed/absorbed to the solid stationary phase from the mobile phase, isolating them from the
majority of the initial sample matrix. The extracted analytes are then typically recovered by
eluting them into a minimal volume of a suitable solvent to achieve preconcentration of these
extracted compounds. However, the effectiveness of SPE can be hampered by limited adsorption
capacity of the stationary phase, leading to non-linear isotherm elution conditions and/or
competitive binding processes resulting in premature breakthrough of many analyte compounds
in complex matrices where the amount of compounds extractable by the stationary phase may be
unknown [15-18]. The limited adsorption capacity is a result of the dead volume of the SPE
cartridge being much smaller than the volume of sample passed through the cartridge in a typical

SPE experiment.

Breakthrough elution of compounds from an SPE cartridge can be described using

displacement chromatography principles, where the various components in the sample act as
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displacers of other less retained components. Thus, the concentration of compounds adsorbed to
the cartridge at any point during the initial sample loading step will be a function of the volume
of sample passed through the cartridge. This opens the opportunity to study SPE as a
chromatographic process, by sequentially analyzing fractions to monitor the retention of all
compounds. Comprehensive two-dimensional gas chromatography with time-of-flight mass
spectrometry (GCxGC-TOFMS) is particularly well suited to this task with its ability to provide
rich chemical information for diverse sample matrices [19-26]. Indeed, GCxGC-TOFMS has
often been paired with SPE for complex sample preparation and subsequent analysis of the
preconcentrated fractions such as petroleum-based fuels. Fuels such as kerosene-based jet fuel,
such as JP-8, have thousands of organic compounds and the fuels must meet specification limits
on heteroatom containing or polar compounds, necessitating the use of SPE to facilitate a
focused analysis of the trace polar compounds [14,27-29]. This makes kerosene-based jet fuel
samples well suited for the investigation of the retention behavior of extracted polar compounds

using SPE.

Two general approaches can be taken to study (and perhaps implement) SPE as a
chromatographic process in which sequential fractions of an introduced fuel sample can be
monitored to assess the dynamic retention behavior of a broad range of analyte compounds,
either via a targeted approach or a non-targeted approach. The targeted approach involves
spiking the fuel with curated polar compounds to study their interaction with the SPE cartridge.
This provides points of interest in the data set which are known and can be quantified directly. In
contrast, a non-targeted approach must consider all the data impartially to find the extraction
differences. A technique fitting of the task is tile-based 1v1 analysis, a non-targeted discovery

technique for locating distinguishing analyte “features” between two chromatograms [30].
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Based on the algorithmic framework of the tile-based F-ratio analysis software, the 1v1
analysis algorithms tile the 2D chromatographic space using four overlapping tile grids to
minimize the effect of misalignment, followed by redundant hit removal; however, unlike tile-
based F-ratio which requires several samples per sample class, with 1v1 analysis only two
chromatograms are required [31-34]. In previous work we have demonstrated the 1v1 analysis
approach to be more effective than other analysis approaches to compare two chromatograms.
Indeed, tile-based 1v1 analysis has been found to discover analytes in complex samples with a

similar fidelity to tile-based F-ratio analysis [30].

In the present study, we aim to gain insight into what extent SPE can be used as a
“comprehensive” sample preparation method when applied to a complex sample matrix such as
jet fuel, and further to explore the possibility of using the sequential fractions obtained from a
SPE cartridge as another chromatographic dimension. Specifically, we investigate the retention
behavior of extractable compounds in JP-8 jet fuel by sequential collection of the pass fractions
using silica-based SPE, and then alumina-based SPE. The collected sequential pass fractions
from the two types of SPE cartridges are then separated and detected by GCxGC-TOFMS,
producing a data set for the neat fuel and 9 sequential pass fractions for each SPE stationary
phase. To facilitate this, we spike the fuel with 10 heteroatom-containing polar compounds and
analyze the data set with tile-based 1v1 analysis to discover a broad range of native compounds
that are also affected by the SPE process. Regarding the experimental design, the spiked
compounds are introduced at a very low fraction of the fuel itself so as not to impact the
extraction of compounds native to the fuel. Thus, the spiked compounds serve to provide an in

situ observation and calibration of the dynamic SPE process. The two SPE stationary phases,
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alumina and silica, facilitate the investigation of the differences in polar compound extractability

and their impact on the final extract obtained from both cartridge types.

5.2. Experimental
5.2.1. Solid phase extraction

A JP-8 jet fuel spiked with 10 polar compounds at 40 ppm each (Table 5.1) was prepared
for extraction using SPE. A nominally ~1 mL alumina phase SPE cartridge with a dead volume
~0.4 mL (SepPak, Waters, Milford, MA) was rinsed with 5 mL methanol followed by 15 mL of
hexanes (Sigma-Aldrich, St. Louis, MO) to condition the cartridge. Next, 9 mL of spiked fuel
sample were loaded onto the cartridge at a flow rate at about 2 mL/min. During this step, every 1
mL of sample exiting the cartridge is kept and saved as a ‘pass fraction’ resulting in 9 total pass
fraction samples. The total sample load volume, 9 mL, being much larger than the cartridge dead
volume, 0.4 mL, results in nonlinear isotherm retention behavior, due to the limited adsorption
capacity of a cartridge. Finally, polar compounds that were preconcentrated onto a SPE cartridge
without eluting in any of pass fractions are extracted from the SPE cartridge with 0.5 mL
methanol. This overall process was repeated with a silica phase SPE cartridge (SepPak, Waters).
The neat sample (fuel + spiked compounds), 9 pass fractions, and SPE extract samples, collected

using both SPE phases, were then analyzed by GCxGC-TOFMS.

5.2.2. GCxGC-TOFMS procedure

From the SPE experiments using both stationary phases, the spiked JP8 jet fuel, 9 pass
fractions, and SPE extract samples were analyzed by GCxGC-TOFMS (Pegasus BT TOFMS,
LECO, St. Joseph, MI), that included an Agilent 7890 gas chromatograph with an L-PAL3
autosampler (LECO, St. Joseph, MI). A “reverse” column GCxGC configuration was used with

a polar primary column, D (Restek Rxi-17SilMS 30 m x 0.250 mm i.d. x 0.25 pum film
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thickness) and a nonpolar secondary column, 2D (Restek Rxi-1MS 2 m x 0.180 mm i.d. x 0.18
um film thickness) connected by a SilTite u-Union (Trajan Scientific Americas, Austin, TX).
Ultrahigh purity helium (Grade 5, 99.999%, Praxair, Seattle, WA, USA) was used as the carrier
gas at a constant flow of 2.0 mL/min. The temperature program held the oven at 40°C for 1 min,
ramping to 200°C at a rate of 5°C/min, where it was held for 1 min. The 2D oven and modulator
had a temperature offset from the oven of +18°C and +20°C, respectively. The modulation
period was 3 s. The ion source was set to 225 °C, and mass channels, m/z 30-334, were collected
at a 100 spectra/s after a 2 min acquisition delay. One injection replicate was collected per

fraction, yielding 11 chromatograms per SPE phase, totaling 22 chromatograms.

5.2.3. Data Processing

The GCxGC-TOFMS chromatograms were imported into MATLAB 2021a (The
Mathworks Inc., Natick, MA) from the LECO ChromaTOF for BT software v5.20 (LECO, ST.
Joseph, MI). All subsequent data analyses were performed in MATLAB, including principal
component analysis (PCA) using the built-in singular value decomposition (SVD) function. The
signal of six native compounds in all of the samples (adamantane, 1,4-dimethylcyclohexane,
tetradecane, m-cymene, tetralin, and 6-methyltetralin) that were not extracted by either SPE
stationary phase to any noticeable extent were averaged for each of the 11 chromatograms and
used as in situ internal standards for normalization purposes to account for sample-to-sample
injection variation. Tile-based 1v1 analysis, which is based upon the same framework as tile-
based F-ratio analysis, was utilized for the direct comparison of two chromatograms in this work
[30]. Instead of F-ratios, the sum-normalized absolute difference rank metric (RM) is calculated

for tile-based 1v1 analysis,
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121\41 — |5(m/z)neat_5(m/z)i| * 100% (51)

s(m/z)neat+s(m/z);

where s(m/z); and s(m/z)neat are the summed signals for a given hit tile per m/z in a given pass
fraction (sample class i) versus the neat spiked fuel (neat sample class). This unitless rank metric
ranges from RM of 0% to 100% and allows the ranking of significant differences high on a hitlist
regardless of the direction of signal change. Tile-based 1v1 analysis was applied to the sequential
comparison of chromatograms to find differences between the spiked neat fuel and the various
pass fractions. Initially, comparisons were performed on the spiked neat fuel versus each pass
fraction for both SPE phases, yielding nine 1v1 analysis comparisons per SPE phase (neat versus
1 mL pass fraction, neat versus 2 mL pass fraction, and so on to neat fuel versus 9 mL pass
fraction). However, it was observed that nearly all of the compounds discovered from these nine
1v1 analyses were found in the neat versus 1 mL pass fraction comparison, and further analysis
of the remaining pass fractions did not discover any new analytes to consider, thus the
subsequent data analysis steps were based upon the hitlist generated from the neat sample versus
1 mL pass fraction sample comparison for each SPE phase. Thus, the rank metric calculation

used for the 1v1 analysis hitlist generation were obtained using the following equation,

RM1 — |5(m/z)neat_5(m/z)1| * 100% (5.2)

s(m/z)neat+s(m/z),

where s(m/z)1 is the signal for a given analyte hit from the first 1 mL pass fraction chromatogram

and s(m/z)neat is the signal for a the same analyte hit from the neat spiked fuel chromatogram.

To evaluate the change in concentration of each discovered analyte compound via the
hitlist generated using Eqg. (5.2) ranked by RM; throughout the entire extraction-elution process,

concentration ratios (CR;) are calculated for each analyte in the neat versus each pass fraction
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comparison using Egs. (1) to provide the RM; for each pass fraction. Each CRi may be obtained

directly from the RM; by the following two equations,

1
cr, = o (e

RM;

, Where s(m/z)i > s(M/z)neat (5.3)

1
__s(m/z)  _ (R_Mi‘l) .
CR; = P (1+L)’ where s(M/Z)neat > S(M/z)i (5.4)

RM;

where s(m/z)neat is the signal of a given analyte hit in the spiked neat fuel and s(m/z); is the signal
of the same analyte hit in the i" pass fraction. If s(m/z)neat is equal to s(m/z)i than CRj s exactly 1.
A plot of CR;jagainst their extract fraction (neat, 1 mL fraction, 2 mL fraction....9 mL fraction)
provides concentration ratio profiles (CR profiles), allowing for interpretation of the discovered

analyte extraction behavior on each SPE phase.

The following computational conditions were applied to all 1v1 analyses to generate
hitlists, to analyze the hitlists, and to prepare stitch chromatograms. The tile dimensions for the
initial 1v1 analysis discovery were 12 s on D by 300 ms on 2D with a S/N threshold of 10. The
m/z providing the maximum RM was used to rank the hits in each hitlist [35]. Visualization of
the hits from each neat versus 1 mL fraction 1v1 analysis is accomplished by piecing together
data from each of the hit locations into a single ‘stitch’ GCxGC chromatogram via the following
algorithmic process based off the principles of the enhanced total ion current chromatogram
algorithm [27,36]. Starting from the top of the hitlist, on a per hit basis a tile of data with the
same dimensions as stated above used for 1v1 analysis hit discovery is cut around each pin
location using the signal from the m/z with the top RM. These tiles of signal are unfolded and

then all the 2D peak maxima are detected above a S/N threshold of 10, keeping one peak per
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modulation, thus the maximum number of modulations kept per sample is the D tile size plus
one. A window of data is cut around each 2D peak equaling the average wy (40 width-at-base) of
the chromatogram. In this study this 2D window corresponded to 180 ms, i.e., 18 data points
(spectra) wide with the mass spectrum collection frequency of 100 Hz. These peak windows are
then pasted into an array of zeros the same size of the 2D chromatogram from the same
coordinates from which they were cut. This process is repeated for each hit, yielding a 2D
chromatogram with all of the peaks from the hits of interest ‘stitched’ together, like making a
quilt, hence the name ‘stitch’ chromatogram. The resulting stitch chromatogram highlights the
class distinguishing features without being encumbered by a significant amount of interfering
signal. If there is signal in a hit location without a peak maximum, there will be no data cut from

the hit tile for that location for the purposes of constructing the stitch chromatogram.

Table 5.1. Polar compounds spiked into the JP-8 jet fuel along with their D and 2D retention times (RT)
for the alumina phase separation. Characteristic m/z represent base and other major peaks of the
compounds mass spectrum. The type of heteroatom present in each spiked analyte is also indicated.

Name ’DRT,s D RT, min | Char. m/z | Type
1-decanol 1.15 16.20 70,112 Oxygen
dibenzofuran 0.50 25.80 168, 139 Oxygen
methyl decanoate 1.16 17.60 74,87,143  Oxygen
phenol 0.32 10.05 66, 94 Oxygen
p-cresol 0.38 12.90 77, 107 Oxygen
2-butyl-5-ethylthiophene 1.02 16.00 125, 168 Sulfur
2-hexylthiophene 1.04 16.60 97, 168 Sulfur
2-methylbenzothiophene 0.50 19.85 147, 148 Sulfur
o-toluidine 0.25 13.95 106, 107 Nitrogen
indole 0.14 21.30 90, 117 Nitrogen




138

5.3. Results and Discussion

Ten compounds containing heteroatoms (oxygen, sulfur, and/or nitrogen) were spiked
into JP-8 fuel for method development (Table 5.1). Figure 5.1 shows GCxGC-TOFMS
chromatograms (TIC) of JP-8 jet fuel collected for both the alumina (Fig. 5.1A) and silica (Fig.
5.1B) phase data with the location of the 10 spiked compounds overlaid. These chromatograms,
collected with a reverse column GCxGC configuration (polar D by non-polar 2D) separates the
compound classes by relative polarity on the 2D dimension, with alkanes at the top, followed by
cycloalkanes beneath them and then aromatic compounds toward the bottom. The oxygen and
nitrogen containing spiked compounds are situated at shorter 2D retention times than the
aromatics due to the polarity imparted by their heteroatoms, while the sulfur containing spiked
compounds are located within the aromatic region. Note, the 2D retention times between the
alumina and silica-based chromatograms differ because they were collected months apart on
GCxGC columns that were of the same phase but slightly different lengths. Figure 5.1C-D show
the methanol extract chromatograms obtained from the SPE procedure outlined in the methods
for alumina and silica, respectively. Each chromatogram shows native compound peaks that are
not readily visible in the initial fuel TIC chromatograms from Fig. 5.1A-B that fall in a region
beneath the aromatics, suggesting higher polarity. However, the pattern of native compound
peaks between the two phases differs, with the alumina extract compounds eluting between 10
and 23 min, while the silica extract compounds eluting later from 23-30 min. This suggests that

each phase interacts with the spiked fuel matrix differently, as anticipated.
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Figure 5.1. GCxGC-TOFMS chromatograms of the TIC for the JP-8 jet fuel, collected for both the
alumina (A), and the silica phase data sets (B). The locations of the 10 polar compounds spiked at 40 ppm
are overlaid. Chromatograms of the methanol extracts for both the alumina (C) and silica (D) extractions

show differences in compounds retained by each phase.

Next, in order to study analyte breakthrough under non-linear isotherm conditions via

competitive binding during SPE, alumina and silica SPE was performed on the JP-8 jet fuel

spiked with the 10 polar compounds at 40 ppm each, sequestering each milliliter of fuel passing

through the SPE cartridge as a pass fuel fraction. GCxGC-TOFMS data was collected on the

neat, spiked fuel, and each of the pass fuel fractions, and followed by non-targeted 1v1 analysis

of the neat, spiked fuel versus the first pass fuel fraction. To investigate how the concentration of

each spiked compound changes throughout the SPE elution process, each spiked compound was

quantified in each pass fraction by the method outlined in Fig. 5.2. A tile with a 1D interval of 3

modulations and 2D interval of 31 mass spectra is drawn around the retention time of each spiked
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compound. The signal in this region at the m/z that provided the highest RM for the given spiked
compound in the 1v1 analysis (spiked fuel versus the first pass fuel fraction) to rank the hits is
summed for the neat fuel and each pass fuel fraction. Normalizing these summed signals for each
pass fraction to the summed signal of the given analyte in the neat fuel yields an estimate of the
CRi, applying either Eq. (5.3) or (5.4), showing how the concentration changes during the SPE
elution compared to the concentration in the spiked neat fuel (initial state). Plotting the CR; as a
function of volume passed through the SPE cartridge yields CR profiles that provide
visualization of each spiked compound interaction with the SPE stationary phase throughout the

extraction process.
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Figure 5.2. Process for calculating CR profiles using data from the 1v1 analysis, demonstrated with a spiked
compound, indole. Signal for the analyte peak is summed in a tile centered on the peak at the top RM1 m/z for each
pass fraction volume as well as for the spiked neat fuel. These signals are divided by the analyte signal in the spiked
neat fuel and plotted against the pass fraction volume to yield concentration ratio profiles (CR profiles). Rank metrics
(RM;) are provided that are used in turn to calculate each concentration ratio (CR;) using data from the 1v1 analysis.
The CR; values are then used to form the CR profile vector.

While 1v1 analysis “discovery” of these ten spiked compounds was not necessary, due to
previous knowledge of their retention times when the mix was run alone, it is important to treat
the GCxGC-TOFMS data as if the spiked compound identity were unknown to verify the quality
of RMs obtained by 1v1 analysis and overall method development for untargeted analysis. Figure
5.3 shows the RM distributions via Eq. (5.2), and the CR; distributions using either Eq. (5.3) or

(5.4) for the ten spiked compounds for the neat versus 1 mL comparison for both the alumina
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(top row) and silica (bottom row) extractions. The RMz distribution for the alumina SPE
experiment for the neat versus 1 mL comparison in Fig. 5.3A shows several compounds exhibit
high RMy, a trend seen for the silica SPE experiment comparison as well (Fig. 5.3C). Similarly,
the CR distribution of the spiked compounds shows several CR1 close to zero for both the
alumina and silica SPE comparisons, while some remain around a CR of 1 (Fig. 5.3B, D). For
this study to focus on the hits which change the most in the subsequent analysis of the native
polar compounds likely present in the JP-8 jet fuel we impose a RM; threshold of > 33.33 %
(equivalent to a CR1 < 0.5), indicated by the dashed vertical lines in Fig. 5.3. This threshold
excludes compounds that do not change in concentration appreciably during the extraction
process, however, these compounds possess sufficient signal to be initially discovered by the

tile-based 1v1 analysis software; such hits are simply further down the hitlist.
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Figure 5.3. (A) Rank metric (RMy) distribution and (B) concentration ratio (CR:) distribution of the
spiked polar compounds for the neat versus 1 mL pass fraction 1v1 comparison in the alumina data. The
RM; distribution and CR; distribution for the spiked compounds in the silica data are provided in (C) and
(D), respectively. Thresholds for determining if a given hit makes the final hitlist are indicated by the
vertical dashed lines, at a RM; of 33.33 % corresponding to a CR; of 0.5.
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Next, all ten spiked compounds CR profiles are compared between the alumina and silica
SPE phases in Figure 5.4. The CR profile comparisons for phenol and p-cresol indicate that both
compounds interact similarly on alumina relative to silica. Each compound is well retained by
the alumina phase as evident by the CR; of each compound dropping and remaining low for all of
the pass fractions. In contrast, for the silica phase the CR; for each compound drops low but
starts to return to neat levels for the later pass fractions, eventually exceeding a concentration
ratio of 1 indicating these compounds are more concentrated in these pass fractions than the
spiked neat sample. These differences are likely due to acid-base interactions of the phenolic
compounds with the terminal hydroxyl groups on the stationary phase surface. Silica is slightly
acidic while alumina is slightly basic leading to stronger interactions of the slightly acidic
phenolic compounds with alumina. The nitrogen containing compounds, o-toluidine and indole,
also interact with the two phases differently, though seemingly less drastically as the CR profile
of each returns to and eventually exceeds 1 albeit at a different pace. The four spiked compounds
that extracted well for both SPE phases (phenol, p-cresol, o-toluidine and indole) serve as
examples of the CR profiles to anticipate for the true positive hits likely to be (simultaneously)
obtained for the native (trace level) polar compounds in the JP8 fuel via tile-based 1v1 analysis.
Another spiked compound, methyl decanoate, was slightly extracted by the silica phase initially
but remained unaffected by the alumina phase. However, its CR profile returns to 1 more rapidly
than the previous four compounds, possibly due to its lack of hydrogen bonding capability. 1-
decanol was slightly retained by silica, as its CR profile decreases and increases 6 mL into the
extraction. Lastly, dibenzofuran and the spiked sulfur compounds, 2-hexylthiophene, 2-butyl-5-
ethylthiophene, and 2-methylbenzothiophene were not significantly extracted by either phase.

Thus, alumina and silica phase SPE do not appear to be suitable for the general extraction of
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Figure 5.4. Plots comparing the CR profiles of the 10 spiked polar compounds for the alumina and silica
extractions as a function of the pass fraction volume. Structures are provided for each spike to aid in
interpretation.

aromatic sulfur compounds in this JP-8 jet fuel under the conditions employed herein. Using the
threshold of RM1 > 33.33 % which equates to a CR1 < 0.5, as intended naturally excludes the
spikes which did not interact with the stationary phases, retaining four spiked analytes for

alumina and five spiked analytes for silica.

While these CR profiles of the ten spiked compounds demonstrate differences in
extraction behavior between the two SPE phases that are discoverable by 1v1 analysis, a
complete explanation cannot be provided based upon the stationary phase interactions alone.
While these compounds are all spiked at 40 ppm they only represent = 2% of the polar
compounds found in the extract (Fig 5.1C-D). The dynamic retentivity of each compound is
affected by the other compounds present in the overall fuel sample matrix; thus, it is important to
contextualize the extraction behavior of the spiked compounds relative to native polar
compounds likely present in the JP-8 jet fuel. For the purposes of this study, we accept that the
presence of the spiked compounds may slightly affect the retention behavior of the native

compounds, but without significantly impacting the overall interpretation of the native
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Figure 5.5. (A) Rank metric (RM,) distribution and (B) concentration ratio (CR;) distribution for the neat
versus 1 mL pass fraction 1v1 analysis hitlists of the alumina data. The RM; distribution and CR;
distribution for the neat versus 1 mL pass fraction 1v1 analysis hitlist of the silica data are provided in (C)
and (D), respectively. Thresholds for determining if a given hit makes the final hitlist are indicated by the
vertical dashed lines at a RM; of 33.33%, corresponding to a CR; of 0.5. The rank metric distributions
(A, C) have been marked with a threshold at a RM; of 33.33 %. This corresponds to the concentration
ratio threshold of 0.5 (B, D) (vertical dashed lines).

compound CR profiles. Indeed, the spiked compounds serve as in situ calibrants of the overall

SPE extraction process. To discover the host of other compounds extracted by each phase tile-

based 1v1 analysis is applied to comprehensively discover all compounds changing in
concentration for the neat versus 1 mL pass fraction comparison for the alumina and silica
GCxGC-TOFMS data. In this study, for each phase, note that the hitlist for the native
compounds and spiked analytes is a single list with the spiked analyte hits interspersed in the
native compound hits. Based upon the hitlist, the RMy distributions and CR distributions for the
tile-based 1v1 analysis of the neat versus 1 mL pass fraction for both SPE phases are provided in

Figure 5.5. The RM;y distributions in Fig. 5.5A and C show a large abundance of hits at high RM;
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for both the data collected with alumina and silica SPE, respectively. Likewise, the CR:
distributions for the two phases is provided in Fig. 5.5B and D. Each comparison has many hits
with a CRz around one with several hits occurring at lower CR1. These plots demonstrate that
there are many hits from the JP8 jet fuel that occur due to the extraction process, and with low
CR1 occurring in the first pass fraction (1 mL) that are likely polar compounds. Again, the RMy
and thus CRy threshold criteria defined in Fig. 5.3 for the spiked analytes (method development)
are invoked to focus on the most highly extracted compounds in the JP8 jet fuel. Table 5.2 lists
the hits from the alumina neat versus 1 mL pass fraction comparison hitlist which meet the
threshold criteria along with their associated location in the silica neat versus 1 mL pass fraction
hitlist. Identities are provided along with forward and reverse match values (MVs) obtained from
a NIST library search. Table 5.3 lists the same type of information for the hits meeting the RM1
and CR; criteria for the silica SPE hitlist, with their associated location in the alumina SPE
hitlist. There are 27 hits for the alumina hitlist and 21 hits for the silica hitlist with a RM1 > 33.33
% (CR1 < 0.5). Between the two hitlists there were 38 unique hits, with 28 hits shared between
the alumina and silica hitlists which had a RM; > 33.33 % (CR1 < 0.5) in at least one of the two

hitlists.

The 1D x 2D retention time location of the hits with a CR; < 0.5 are plotted over the TIC
for both the alumina and silica SPE data in Fig. 5.6A,D. The majority of hits for both phases are
located beneath the aromatic band on 2D, indicating these compounds are more polar than
aromatic compounds. To visualize these hits directly (analyte hits in Tables 5.2 and 5.3), we
construct stitch chromatograms which displays the signal for each peak using the top RM1 m/z
for each hit. Figures 5.6B,E display these stitch chromatograms for the alumina and silica SPE

phase results, respectively, free of interfering compounds. Each phase had several compounds
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Table 5.2. Ranked hitlist of the neat versus 1 mL pass fraction 1v1 analysis comparison for the alumina
data. Only hits with a RM1 > 33.33 % (CR: < 0.5) are reported. Compounds are tentatively identified with
the NIST match value (MV) and reverse match value (RMV) provided, along with their D and 2D
retention times (RT). Corresponding hits in the silica hitlist are also provided, if present, otherwise
indicated as N/A.

Alumina Silica
Hit 1 2 Alumina silica | ! 2 Silica
Number Compound ID MV | RMV 'r)n'i*:' DST' RV, % R, | oo 'r’n?nT' D:Tr A% CR,
1 [thymol 847 | 867 |19.00| 056 | 87.47 |0.07| 14 19.02 | 0.65 | 37.65 | 0.45
2 |2,6-dimethylphenol 846 | 846 |13.95|044 | 8732 |007| 43 13.92 | 0.40 | 22.39 | 0.63
3 [2,3,5-trimethylphenol 835 | 885 |17.60|0.50 | 82.10 | 0.10 5 17.52 | 0.64 | 53.14 | 0.31
4  [2-ethyl-6-methylphenol 881 | 921 |16.15|0.48 | 82.09 | 0.10 8 16.07 | 0.59 | 46.07 | 0.37
5 3,4,5-trimethylphenol 875 | 830 |18.45|050 | 78.87 | 0.12 2 18.47 | 0.65 | 66.05 | 0.20
6  [2-methyl-6-propylphenol 802 | 861 |18.15| 058 | 77.82 |0.12| 106 | 18.17 | 0.67| 822 |0.85
7 |2,5-diethylphenol 847 | 879 |18.60| 055 | 77.67 | 0.13 | N/A N/A | N/A| N/A | N/A
8  [2,3-dimethylphenol 888 | 888 |15.00|0.45| 76.03 |0.14 4 14.97 | 0.63 | 58.94 | 0.26
9  |2,4,6-trimethylphenol 840 | 933 |16.65|0.53 | 71.84 | 0.16 3 16.62 | 0.64 | 63.63 | 0.22
10 |indole 898 | 907 |21.30|014| 7157 |017| 12 21.32 | 0.34 | 41.06 | 0.42
11 [3-ethyl-5-methylphenol 865 | 869 |17.15|050 | 71.13 |0.17 | 129 | 17.17 | 0.65| 4.45 |0.91
12 |o-toluidine 934 | 938 1395|025 | 6835 |0.19| 43 13.92 | 0.40 | 22.39 | 0.63
13 [3,5-dimethylphenol 762 | 801 |15.65| 044 | 6819 | 019 | 138 | 1562 | 068 | 3.84 |0.93
14  |p-sec-butylphenol 882 | 893 [19.30|0.58 | 64.06 |022| 76 19.32 | 0.73 | 11.34 | 0.80
15  |4-methyl-2-propylphenol 784 | 878 |19.15|0.58 | 59.58 | 0.25| N/A N/A | N/A | N/A | N/A
16 |2-ethyl-4,5-dimethylphenol | 863 | 944 |20.65| 0.54 | 59.43 | 0.25 6 20.67 | 0.65 | 50.61 | 0.33
17 |sulfolane 941 | 951 [21.10|2.83| 54.88 | 029 | 15 21.12 | 0.07 | 35.98 | 0.47
18 |p-cresol 940 | 940 1290|038 | 5345 |030| 46 12.87 | 0.57 | 20.34 | 0.66
19 |phenol 898 | 915 [10.05|0.32| 49.42 |034| 30 10.02 | 0.55 | 28.76 | 0.55
20  [2-propylphenol 903 | 910 |16.85|0.53 | 4758 | 0.36 | N/A N/A | N/A| N/A | N/A
21 [3-sec-butylanisole 844 | 866 |21.40|063| 4620 |037| 116 | 2142 |0.74| 6.41 |0.88
22 |beta-Isopropyltropolone 796 | 812 |21.60|0.62 | 4601 | 037 | 89 21.62 | 074 | 9.95 |0.82
23 |4-tert-butyl-o-cresol 810 | 837 |2040|064| 4592 |037| 31 20.27 | 0.68 | 28.50 | 0.56
24 [2-ethylphenol 911 | 914 |1465|045| 4588 |0.37| 28 14.62 | 0.65 | 30.22 | 0.54
25  |o-cresol 932 | 937 [12.30(039| 4339 |039| 83 12.22 | 071 | 10.76 | 0.81
26  [2-methyl-4-propylphenol 857 | 925 [19.75| 057 | 42.98 |040| 16 19.82 | 0.67 | 35.98 | 0.47
27  [2-ethyl-5-n-propylphenol 816 | 899 [20.20| 063 | 39.79 | 043 | N/A N/A | N/A | N/A | N/A

extracted between 10 and 25 min on D and 0 to 1 s on 2D, representing phenolic compounds.
The silica SPE data contained hits outside this region, between 5 and 10 minon!Dand 1to 2 s
on 2D. The top RM1 m/z for these hits in this cycloalkane region are characteristic of cycloalkene
fragmentation patterns. It is noted that the compounds seen eluting between 23 to 30 min on D
in Fig. 5.1D do not appear in the hitlist. The likely reason for this is that the compounds seen
eluting are below the limit of detection for the GCxGC and are not discovered. However, they

still preconcentrate on the silica SPE cartridge and elute in the extract, giving rise to the peaks
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Table 5.3. Ranked hitlist of the neat versus 1 mL pass fraction 1v1 analysis comparison for the silica
data. Only hits with a RM: > 33.33 % (CR: < 0.5) are reported. Compounds are tentatively identified with
the NIST match value (MV) and reverse match value (RMV) provided, along with their D and 2D
retention times (RT). Corresponding hits in the alumina hitlist are also provided, if present, otherwise

indicated as N/A.

Silica Alumina
Number Compound ID mv | Ry [T, DR, o] s | e |10 T DAL, Aumive |
1 [3-methylindene 845 | 918 |17.92] 053 | 66.84 |0.20| 30 |17.95|041| 2427 |o0.61
2 [3,4,5-trimethylphenol 817 | 859 |18.47|0.65| 66.05 |0.20] 5 |1845|050| 78.87 |0.12
3 [2,4,6-trimethylphenol 797 | 835 |16.62|0.64 | 63.63 |022| 9 |16.65|0.53| 71.84 |0.16
4 [2,3-dimethylphenol 881 | 905 |14.97|0.63 | 58.94 |0.26| 8 |15.00|045| 76.03 |0.14
5 [2,3,5-trimethylphenol 821 | 828 |17.52| 064 | 53.14 |031| 3 |1760|050| 82.10 |0.10
6 [2-ethyl-4,5-dimethylphenol 863 | 944 |20.67|0.65| 50.61 |0.33| 16 |20.65|0.54| 59.43 |0.25
7 |a,8-dimethyl-7-nonen-2-one | 755 | 797 |14.37|0.97 | 47.73 |035| 105 |14.40|101| 263 |0.95
8  [2-ethyl-6-methylphenol 881 | 921 |16.07| 059 | 46.07 |037| 4 |16.15|048| 8209 |0.10
9 |4-sec-butylanisole 807 | 851 |21.12]0.71| 43.06 |0.40| 47 |21.10|063| 10.84 |0.80
10 |o-isopropylphenol 787 | 872 |16.22|0.64 | 4170 [041] N/A | N/A | N/A| N/A | N/A
11 lindole 898 | 907 |21.32]0.34| 41.06 |042| 10 |21.30|014| 7157 |0.17
12 |limonene 775 | 817 | 6.22 | 1.43 | 39.23 |044| N/A | N/A [N/A| N/A | N/A
13 [thymol 832 | 874 |19.02| 065 37.65 |045| 1 |19.00|056| 87.47 |0.07
14 |sulfolane 941 | 955 |21.12] 007 | 3598 |047| 17 |21.10|2.83| 54.88 |0.29
15 [2-methyl-6-propylphenol 857 | 920 |19.82|0.67 | 35.98 |0.47| 26 |19.75|057| 4298 |0.40
16 |[cyclopropylidenecyclohexane 715 | 717 | 5.22 | 1.1 | 35.27 [ 0.48 N/A N/A | N/A N/A N/A
17 ;gsm‘séxr’thy'e”e' 696 | 708 | 4.62 | 1.01 | 34.96 [0.48| N/A | N/A [N/A| N/A | N/A
18 [1-methylenespiro[4.4]nonane 751 | 877 | 7.97 | 1.46 | 34.58 |0.49 N/A N/A | N/A N/A N/A
19  |methyl decanoate 728 | 738 |17.62| 1.17 | 34.10 |049| 95 |17.60|1.19| 337 |0.93
20 i;f};rree;:g:s'clo[lz&]heptane 733 | 805 | 592 | 1.4 | 33.81 [049] N/A | N/A | N/A| NA | N/A
21 ixi:;:f[t;‘é']jc?:t::f”el 791 | 865 | 7.27 | 1.73| 33.33 |0.50| 43 | 7.35 |2.02| 1416 |0.75

observed. Finally, CR profiles for the hits that passed the applied RM1 threshold for each phase

are provided in Fig. 5.6C,F (i.e., analytes in Tables 5.2 and 5.3), for alumina and silica,

respectively. By careful observation, one will note that the CR1 values for the hits in Tables 5.2

and 5.3 are slightly larger for some hits relative to the same given hit CR: value in the CR

profiles in Fig. 5.6C,F. This is a result of using a tile size of 3 modulation on D to capture the

hit signal for the preparation of Fig. 5.6C,F, however the 1v1 analysis used to arrive at the hitlists

in Tables 5.2 and 5.3 used a tile size of 5 modulations, thus the resulting RMy in the tables for
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Figure 5.6. (A) The hits with a RM; > 33.33 % (CR1 < 0.5) for the neat versus 1 mL pass fraction 1v1 analysis of
the alumina data are plotted over the TIC GCxGC-TOFMS chromatogram of the alumina phase data. (B) These hits
in (A) are then used to create the stitch chromatogram which allows the hits to be visualized free of interferences.
(C) The CR profiles for the alumina hits show that all of the hits experience an initial decrease in concentration in
the first pass fraction, being extracted by the alumina phase cartridge. (D) The hits with a RM; > 33.33 % (CR; <
0.5) in the silica hitlist are plotted over the TIC chromatogram of the silica phase data are provided, along with (E)
the stitch chromatogram of these same hits. (F) Many of the CR profiles of the silica hits possess very different
shapes compared to the alumina profiles, with the majority rising to a CR of 1 by a pass fraction volume of 2 mL
after an initial decrease in the first mL pass fraction.

some hits may be lower. The larger tiles were used for hit discovery to ensure mitigation of any
retention time shifting, but once discovered the hits were quantified using a smaller tile that has
been centered on each hit peak on a per sample basis in order to optimize the quantification

accuracy by minimizing potential inclusion of interference signal. Thus, the CR profiles reflect

the effort to provide accurate quantification at the top RM1 m/z.

Broadly comparing the CR profiles in Fig. 5.6C,F for alumina and silica we see that the
polar compounds native in the JP8 jet fuel had stronger affinity for the alumina phase, because

the earliest eluting compounds in the silica SPE data return to a CR of 1 by the second mL pass
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fraction of fuel, whereas for the alumina extraction it takes until the fourth mL pass fraction to
see any compound return to a CR of 1. Furthermore, the polar compounds appear to have a wider
range of affinities for the silica phase, as evident by the wider range of compound breakthrough
volumes. A common pattern seen in these CR profiles are for the CR; to drop below 1 before
increasing above 1, then dropping back to 1, which demonstrates and underpinning mechanism
of analyte retention in SPE. This CR profile pattern suggests that the SPE cartridge has begun to
reach its adsorbent capacity leading to the compounds to begin to elute off the cartridge,
breaking through in the later pass fuel fractions. For some analytes, this breakthrough adds to the
analyte concentration in the neat fuel, resulting in a rise in signal relative to the neat fuel causing
the CR profile to increase over 1. In this instance, such analyte compounds may be initially
strongly adsorbed (CR; < to << 1), but then are being displaced by compounds with stronger
affinity for the SPE phase which are being supplied by the influx of new sample to the cartridge.
Analytes with weaker affinity naturally elute first followed by the next weakest, and so on. Thus,
the breakthrough volume for each compound depends upon how much sample is introduced to
the SPE cartridge, how many compounds from the samples are extractable by the selected
stationary phase, and their stationary phase affinity relative to each other. To further evaluate the
differences in retention behavior both by phase and compound we analyze the CR profiles

individually using PCA, followed by augmenting the CR profiles from both phases prior to PCA.

Scores and loading plots of the PCA of the CR profiles for all analyte 28 hits shared
between the alumina SPE and silica SPE hitlists are provided in Figure 5.7. These scores
demonstrate that the compounds interacted with each phase to different degrees, as the profiles
tend to separate by phase, with most of the silica SPE CR profiles clustered on the negative side

of PC1 with the alumina SPE CR profiles spread out throughout the remainder of PC1. The PC1
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Figure 5.7. PCA scores plot of the alumina and silica CR profiles analyzed separately for hits
present in both hitlists. The profiles generally cluster by extraction phase, with two “outlier” silica
profiles. Loadings for PC1 and PC2 are plotted against the pass fraction volume and give insight to
the features responsible for separating the phases.

loadings indicate that CR profiles which remain at low CR; longer beyond the first mL pass
fraction (CR1) were scored positively on PC1, with the right most samples on PC1 having CR
profiles which did not return to neat concentration levels and the left most returning to neat
concentration levels right after CR1. Conversely, PC2 captured variance in the extent to which
each CR profile decreased in concentration relative to the neat concentration level, with the
second mL pass fraction concentration (CR2) weighting the effect most heavily. Thus, the PC2
loading indicates that the closer a given CR profile approaches zero between the first and third
mL pass fractions, the more negative they are scored on PC2 (e.g. as in Figure 5.6C,F). Thus, the
region on PC2 between -1 and -0.5 contains both alumina and silica CR profiles at similar PC1
scores, making these CR profiles the most similar between the two phases. However, because
each analyte is represented twice in this PCA scores plot it is difficult to infer the differences in

the stationary phase interactions between the analytes. To accomplish this, PCA can be carried
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Figure 5.8. PCA scores plot of the alumina and silica CR profiles augmented together for hits present in
both hitlists. Spike compounds are denoted with yellow dots while native compounds are denoted with
purple dots. Structures have been provided for each dot for reference and ease of interpretation of the
variation captured by the PCs. Two dots are left offscreen for clarity. Phenolic compounds tend to
increase in alkyl substitution as the PC1 score increases. Loadings for PC1 and PC2, plotted against each
phase pass fraction volume, respectively, are given for the augmented profiles to aid in description of the
underlying reasons for the variance captured by each PC.

out on the augmented CR profiles, joining alumina CR profile and silica CR profile for a given

analyte hit one after the other in a single vector.

Scores and loading plots of the PCA analysis of augmented alumina and silica CR
profiles for all 28 hits shared between the alumina and silica hitlists are provided in Figure 5.8.
Structures of each analyte have been added to provide molecular context for the PC separation.
Based on the loadings vectors the variance captured by PC1 describes differences in alumina
affinity, with affinity decreasing from left to right. Thus, the analytes on the far left of the scores
plot have alumina CR profiles which decrease and remain at low CR; for the duration of the
extraction process, while the alumina CR profiles of analytes on the right side of the scores plot

decrease and return to neat concentrations in the first few pass fractions. Conversely, the
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variance captured by PC2 describes differences in silica affinity, with affinity increasing from
bottom to top, where the silica CR profiles of the analytes in the negative PC2 scores space
decrease and return to neat concentrations promptly while the analytes in the positive PC2 scores
space remain at low CRi longer. Note that two analytes are outside the limits of the plot,
sulfolane and 8,8-dimethyl-4-methylene-1-oxaspiro[2.5]oct-5-ene, at PC coordinates of
(0.43,2.18) and (0.32,1.65) respectively. Both analytes have silica CR profiles which decrease

and do not return to neat concentrations.

In general, based upon the trends in the scores plot in Fig. 5.8 per the compound
identification, the affinity for the alumina phase appears to correlate with a decrease in both an
increase in the degree of alkyl substitution for the phenolic compounds and increase in stearic
hindrance of the hydroxyl group. Additionally, there are interesting trends for analytes with
similar degree of alkyl substitution. Take 2,3-dimethylphenol, the leftmost analyte at coordinates
(PC1, PC2) of (-1.36, -0.26), and 2,6-dimethylphenol at coordinates (0.51, -0.44). Both of these
compounds have the same degree of alkyl substitution, but 2,3-dimethylphenol has a high
affinity for alumina while 2,6-dimethylphenol has lower affinity. This difference could possibly
be due to the proximity of the methyl groups to the hydroxyl group. A similar trend is seen with
the rest of the analytes, with the phenolic compounds on the right side of the scores plot
possessing alkyl substitutions directly adjacent to the hydroxyl group while the hydroxyl groups
of the compounds on the left side of the scores plot are unencumbered. Because the retention
mechanism of the SPE cartridges is an adsorption of the molecules with the stationary phase
surface the presence of alkyl substituents adjacent to the hydroxy group imparts a steric

hindrance effect, limiting the affinity the molecule can exhibit toward the stationary phase.
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Figure 5.9. Plots directly comparing the CR profiles of 10 discovered analytes against pass fraction volume,
chosen from across the PC1 space. Structures are provided for each analyte.

Plots directly comparing the extraction behavior of 10 compounds between alumina and
silica phases, selected from across the PC space of the augmented profiles in the Fig. 5.8 scores
plot, are shown in Fig. 5.9. The first four compounds (A-D) all extract strongly and remain
extracted at a steady-state CR; for the alumina while they begin to elute from the silica cartridges
by the second mL of fuel (CR2). These compounds were all selected from the left side of the PC1
space and represent compounds that have high affinity for the alumina phase and have
unhindered hydroxyl groups. The next three compounds (E-G) display a lower affinity for the
alumina phase than the preceding compounds, with their concentration returning to neat levels
around halfway through the extraction. These compounds were selected from the right side of the
PC1 space, and all have alkyl substituents adjacent to their hydroxyl groups which may
contribute to their lower affinity with the stationary phase. The eighth compound (H), 3-
methylindene, was well extracted and retained by both phases, though interestingly this was the
one analyte discovered which did not contain a heteroatom. In both phases the affinity was
sufficiently low that 3-methylindene began to rapidly elute partway through the extraction. The

ninth compound (1), 4,8-dimethyl-7-nonen-2-one, is an example of a native compound which



154

was well extracted by the silica phase but not the alumina phase. This can be seen in the PCA
scores plot in Fig. 5.8 at the far right of PC1, where the compounds with lowest affinity for
alumina reside. Finally, the tenth compound (J), sulfolane, was extracted well by both phases but
displayed higher affinity for the silica phase. Sulfolane is an industrial solvent commonly used

for the desulfurization of hydrocarbon mixtures so its presence could be due to that use.

In the context of this JP-8 jet fuel the alumina phase SPE appears to be more effective at
extracting the phenolic compounds than silica phase SPE. Because alumina is slightly basic it
more strongly interacts with the slightly acidic phenols than the relatively more acidic silica
phase. This does not necessarily mean silica is a poor choice for phenol extraction, but that the
phenols have less affinity for silica than the late eluting compounds, tentatively identified as
cyclothianes by their RMV, in silica SPE extract in Fig. 5.1D. The preference for these
compounds, eluting between 23-30 min on D, outcompeted the phenols, causes them to elute
from the cartridge earlier than for alumina for the given sample volume. Had the extraction
ended after passing the first mL of sample, the silica extract would have likely been very similar
to the alumina extract, given most phenol compounds would still be adhering to the cartridge.
Thus, given a sample whose polar constituents are unknown, it would be beneficial to perform
extractions at several different volumes to explore the range of compounds extractable by the

chosen SPE phase [37].
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5.4. Conclusion

A workflow is provided for the discovery of analytes in a complex sample (JP8 jet fuel)
subjected to dynamic SPE extraction using two phases (alumina and silica) following by tile-
based 1v1 analysis of GCxGC-TOFMS. We demonstrate that the extractable analytes
breakthrough at different rates and that their breakthrough volumes are due in part to analyte
concentration in the sample, analyte affinity for the stationary phase, and the chemical
complexity of the sample resulting in a competitive extraction environment. Furthermore, the
extraction affinity of discovered compounds were compared directly, discovering that among
phenols a higher degree of alkyl substitution and stearic hindrance led to decreased affinity for
both SPE phases. Thus, it is important to consider the overall chemical environment of possible
extractable and other interactive compounds to ensure your target compound classes are
efficiently analyzed. More broadly, this research provides a platform for more comprehensively
analyzing the trace compounds in complex samples by coupling SPE prior to GCxGC-TOFMS,
with the 1v1 analysis being integral for the discovery and thorough analysis of the analytes with
interesting extraction behavior, so the SPE can be thought of as another separation dimension

providing additional chemical information.
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Chapter 6. Property correlation-driven chemometric feature selection: modeling
thermal stability of aerospace fuels with GCxGC-TOFMS

6.1. Introduction

The presence of impurities (i.e., sulfur, olefins, oxygenates, and aromatics) in kerosene-
based fuels has known impacts on the performance and system reliability [1-4]. For instance, the
presence of these impurities in kerosene-based fuels can cause the decomposition of
hydrocarbons into carbonaceous deposits (“‘coking’), which in turn, can effect the regenerative
cooling in rocket and jet engine s [5-7]. It is generally accepted that there are three basic
mechanisms governing the formation of carbon deposits [1-3,8]. These mechanisms include (a)
production of condensation (amorphous) carbon via formation of polycyclic aromatic
hydrocarbons (PAHS) in the hydrocarbon stream which condense on the tubing, catalyst, and/or
reactor wall surfaces, (b) free radical growth reactions between the hydrocarbon stream and the
surface coke, and (c) formation of filamentous carbon via catalytic reactions with surface metals
found in the tubing, catalyst, and/or reactor wall surfaces. Given the detrimental impact of these
impurities on fuel performance, the chemical composition of candidate fuels must be carefully
assessed prior to use in in systems imposing high levels of thermal stress and surface reactivity.

Investigation into the thermal stability of fuels has taken a three-fold approach: (1) fuel
composition [9], (2) cooling surface substrates (i.e., copper, stainless steel, etc.) [10-12], and (3)
testing conditions (i.e., pressure and flow rates) [13].Compact Rapid Assessment of Fuel
Thermal Integrity (CRAFTI) is a laboratory scale experiment that follows this three-fold appro
ach, providing quantitative data under conditions relevant to rocket regenerative cooling systems
[14-16]. Briefly, fuel flows through a copper test article, a section which is resistively heated

(the heated zone) to temperatures that promote the onset of fuel chemical degradation. Thermal
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(and catalytic) conditions at the cooling channel inner surface accelerate reactivity with fuel
constituents, resulting in the formation of carbonaceous deposits in the heated and unheated
downstream surfaces of the test article. The physical metrics obtained from CRAFTI analysis,
and the subsequent temperature-programmed oxidation of carbonaceous test article deposits are
(a) the change in test article pressure drop as function of time, and (b) the carbon deposition in
mass as a function of test article position. Pressure change in the test article has been identified
as a critical physical property since it may be indicative of significant deposition leading to local
wall overheating and, in the worst case, catastrophic failure of a rocket engine. Coupling the
information gained from CRAFT]I analysis to analytical information about the chemical
composition of these fuels offers an experimental platform that can interrelate the chemical and
physical properties of these fuels.

Gas chromatography (GC) is a traditional analytical technique that is amenable for the
separation and analysis of volatile and semi-volatile mixtures. When GC is coupled with mass
spectrometry (MS), spectral information can be gathered allowing for further selectivity and the
ability to identify chemical compounds. GC-MS has been shown to be a powerful tool for the
analysis of kerosene-based fuel [17-21]. Comprehensive two-dimensional (2D) gas
chromatography coupled with time-of-flight mass spectrometry (GCxGC-TOFMS) can further
improve upon the separation power of one dimensional GC and provide additional insight into
complex mixtures of volatile compounds such as those present in kerosene-based fuels [21-24].
With GCxGC, the two separation columns should provide “complementary” chemical
selectivity. This means either the first separation dimension uses a non-polar stationary phase
while the second dimension uses a polar stationary phase, which is referred to as a standard-

column configuration, or alternatively, a reverse-column configuration (polar first dimension and



162

non-polar second dimension) has also been shown to provide good selectivity for petroleum
based samples [24].Despite the obvious analytical advantages of applying GCxGC to the
analysis of kerosene-based fuels, the large amount of information-rich data produced can be
challenging to manually interpret. These challenges are further compounded when analyzing
multiple injection replicates for a large set of fuels. Yet, the challenge of obtaining meaningful
information can be overcome through application of powerful chemometric software methods
that can aid in the interpretation of such complex data sets.

Non-targeted chemometric methods can be beneficial in explaining differences in fuel
performance by providing insight into the underlying differences in chemical composition.
Partial least squares (PLS) analysis is a chemometric method that associates the differences in
measurable information for two different data sets [25].For example, PLS has been used to
associate the chemical information obtained from GCxGC chromatograms to physical properties
of kerosene-based fuels [26—-31].Briefly, PLS analysis mathematically relates, via linear
algebra, two data matrices (X- and Y-block) through extraction of factors referred to as latent
variables (LVs). Using PLS, in the study herein, models are constructed to account for the
variance (ideally, the relevant chemical differences) in both the GCxGC-TOFMS data for a fuel
sample set, i.e., the signal intensities (which constitute the X-block) and the respective measured
property values, for the same fuel sample set (which constitute the Y-block). PLS yields two
important outcomes: (1) a linear correspondence of the chemical/physical properties to the
GCxGC-TOFMS data, which can subsequently be used to predict chemical/physical properties
without having to directly measure these properties in new samples, and (2) the underlying
relationship between the chemical composition of the samples and the predicted

chemical/physical measurements, provided by the linear regression vectors (LRVS).
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However, PLS analysis can be computationally expensive and prone to prediction errors
when performed on large data sets with a high degree of noisy and/or irrelevant variables [30].
Feature selection, also known as variable selection, can be beneficial in improving the
performance of PLS models by removing these uninformative features from the data set.
Recently, tile-based Fisher ratio (F-ratio) analysis is used as a feature selection method for
GCxGC-TOFMS data [32,33]. This method calculates the F-ratio metric for the summed
chromatographic signal within a small, rectangular section (i.e., tile) on a per-mass channel (m/z)
basis [32,33].The tile-based algorithm offers two advantages for feature discovery: (1) mitigation
of retention time misalignment across chromatograms and (2) enhancement of the signal-to-noise
ratio [32,33].Tile-based F-ratio analysis has been beneficial in comparing the chemical
composition of petroleum-based fuels [34-36].However, when performing a large-scale analysis
of many candidate fuels, the experimental design may not be conducive to F-ratio analysis due to
sample and/or time limitations. An alternative feature discovery approach, termed tile-based
variance ranking, has recently been developed to discover compositional differences in large data
sets without the need for multiple injection replicates per sample [37].Using the same tile-based
algorithm originally developed for F-ratio analysis, tile-based variance ranking calculates the
relative signal variance (RSD2) between samples [37].This algorithm showed promising results
in discovering both non-native compounds spiked at different concentrations and larger-scale
compositional differences between three jet fuels [37].

Using these analytical and computational methods, we aim to establish the relationship
between the thermal stability of 30 kerosene-based fuels evaluated via CRAFTI analysis and
their differences in chemical composition. The GCxGC-TOFMS analysis herein leverages the

use of solid phase extraction (SPE), which allows for deviations in fuel chemistry — whether low-
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level contaminants or bulk hydrocarbon types — to be quickly identified and correlated with the
observed thermal performance behavior [36].Next, tile-based variance ranking is utilized to
narrow down the chromatographic analysis to a key list of analyte (chemical features) with
significant (meaningful) deviation between the fuels. The signal variances observed for each
discovered analyte is then correlated with the measured physical properties of the fuels using two
methods: (1) by individually regressing each feature against the physical property of interest
[15,38], and (2) through the RReliefF machine learning algorithm [30].Ideally, this feature
selection workflow will be beneficial in improving the PLS modeling of these fuels to ensure
informative connections are made between the chemical information provided by GCxGC-

TOFMS and the measured physical properties from thermal stressing in the CRAFTI apparatus.

6.2. Experimental
SPE Extraction

SPE cartridges with alumina and silica phases were used to isolate polar compounds from
the fuels. Each cartridge was rinsed with 5 mL methanol followed by conditioning with 15 mL
hexanes. The fuel samples were then diluted 1:10 with hexane and 8 mL were loaded at a flow
rate of 1-3 mL/min. The cartridges were then rinsed with 15 mL of hexanes to wash non-polar
compounds from the cartridge. Finally, the pre-concentrated polar compounds were eluted from
the cartridge with 0.5 mL of methanol. The neat fuels and their corresponding SPE methanol

extracts (alumina and silica) were analyzed by GCxGC-TOFMS.
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GCxGC Analysis

To investigate the chemical composition of the fuels and fuel SPE extract samples, a
GCxGC-TOFMS instrumental platform was used, consisting of an Agilent 7890N GC (Agilent
Technologies, Palo Alto, CA, USA), and a Pegasus 4D BT with a thermal modulator (LECO, St.
Joseph, MI, USA). Aliquots of the fuel samples were introduced to the GCxGC-TOFMS
instrument via a 7683B auto-injector (Agilent Technologies, Palo Alto, CA, USA). The auto-
injector was set to inject 0.5 pl of sample at a 100:1 split for the fuels and 30:1 split ratio for the
fuel extracts, both at an inlet temperature of 275 °C. Prior to injection, HPLC grade acetone and
hexane (Fisher Scientific) were used as solvent rinses. The primary GCxGC column (!D) was a
Rxi-17Sil MS: 24 m x 250 um inner diameter (i.d.) x 0.25 um film thickness, and the secondary
GCxGC column (°D) was a Rxi-1MS 2 m x 180 um 1.D. x 0.18 um film thickness. Ultrahigh
purity helium (Grade 5, 99.999%, Praxair, Seattle, WA, USA) was used as the carrier gas at a
constant flow rate of 2.0 ml/min. The primary D oven was held at 40 °C for 1.5 min before
being ramped at 5 °C/min to 200 °C where it was held for 1 min. The secondary 2D oven was
held at a +25 °C offset relative to the primary oven and the modulator block was held at a +18 °C
offset to the primary oven. The modulation period was 3 s (separation run time of the 2D column)
with 0.75 s hot and cold pulses for each stage. The transfer line was set to 285 °C and the ion
source was 225 °C. Mass channels, m/z, 40-334 at unit resolution were collected with an
ionization voltage of 70 eV at 100 spectra/s after a 120 s acquisition delay. Two replicates were
collected for each fuel. A summary of the fuels is provided in Table 6.1. Note that while 38 fuels
were analyzed by the CRAFTI platform, two fuels were excluded from PLS modeling due to

contamination issues, a further six fuels were excluded due to insufficient available fuel sample
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to perform SPE, leaving a total of 30 fuels in the current study. Thus, PLS modeling was

performed on the remaining 30 fuels, as indicated in the second column of Table 6.1.

Fuel Thermal Performance in CRAFTI Apparatus

Previously, the thermal stability of 38 fuels was assessed using the CRAFTI experimental
platform at standard run conditions, complemented by subsequent analysis of the types and
amount of carbonaceous deposits via temperature-programmed oxidation (TPO) using an RC612
Carbon Determinator (LECO Corporation), as summarized in Table 6.1. Reduction of the data
set to 30 fuels is described in Table 6.1. During the course of the experiment, the pressure drop
AP, the difference between the test article inlet and outlet pressure, was measured as a function
of time. The pressure data for repeat experimental tests were averaged together to obtain a single
AP versus time vector for each fuel. To account for the variation in starting (run time = 0) AP
values for each fuel, we determined the change in AP over the time period of 300 to 900 s, or
A(AP), defined as AP at 900 s minus the AP at 300 s. Note that the AP values used to calculate
A(AP) are the average of 10 s intervals surrounding 300 s, and just prior to and including 900s.
Following each 900 s duration thermal integrity test, the test article was cut into 21 roughly
equivalent length segments (~1.27 cm) for TPO analysis. In previous reports, carbon deposition
was reported in counts as obtained directly from the Carbon Determinator measurements. To
provide a chemically and physically more meaningful measurement, the signal in counts
corresponding to the measurement of CO2 was converted to carbon mass via calibration. For
each type of carbon (determined for specified time ranges during which CO was detected in the

TPO analysis), the mass was normalized by the area of the corresponding test article segment to
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yield mass/area for each segment of the test article. For each fuel analysis run, the normalized
mass/area was calculated for each zone (i.e., heated and exit) by calculating the total mass
deposited in the zone and dividing by the total area of the segments that comprise the zone. The
two zones of the test article were defined as follows: the heated zone (segments 4-11), and the
exit zone (segments 12-21). Multiple runs were averaged to provide a single mass/area value for
each sample (for each form of carbon and test article zone). Table 6.1 provides AP values at 900
s, and A(AP) values, along with the deposit mass/area of three types of carbon (chemisorbed,
amorphous, and filamentous) measured in the heated and exit zones of the test article via TPO
analysis, respectively. We refer the reader to our previous reports for additional information
regarding experimental conditions, instrumentation, and test article analysis along with the

carbonaceous deposit measurements in counts [15,38].

Data Analysis

The GCxGC-TOFMS chromatograms were imported into MATLAB 2021a
(MathWorks, Natick, MA) from ChromaTOF (LECO Corporation) as CDF files. To reduce
modeling errors and discover chromatographic features associated with measures of thermal
stability, a three-step feature selection protocol leveraging the property-chemical correlation of
PLS was implemented. For the first step, the fuel and fuel extract chromatograms were reduced
to features that have significant variation amongst the whole dataset using tile-based variance
ranking, which is based on the four tile-grid framework of the tile-based F-ratio algorithm. For
each dataset, a tile size of 4 modulations on D and 30 spectra on D was used alongside a cluster

window size of 4 modulations on 1D and 20 spectra on ?D. A signal-to-noise ratio (S/N)
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threshold of 30 was implemented to remove low signal false positive hits. On each tile and each
m/z the RSD? was calculated, and redundant hits were removed. The final hitlist was populated
with hits which had at least three m/z pass the S/N threshold and were ranked by value of the top
RSD? m/z. This hitlist was then cleaned up to both remove false positives and readjust the
ranking to account for inconsistent baseline between samples. First, an area of data equal to the
tile size used for variance ranking was cut out around the top RSD? m/z for each hit and unfolded
into a vector. These data were then baseline corrected by fitting a line between the first and last
data points of each modulation and subtracting it from the data vector. Now that the data has
been readjusted the RSD? is recalculated and the hitlist reranked. Lastly, a one-dimensional peak
detection algorithm was run on each hit and every hit which did not have a peak apex present in
the retention window was excluded from the hitlist. This procedure was run for each
chromatographic dataset (neat, alumina extract, and silica extract), resulting in three final hitlists
containing the regions of each dataset with high signal variation, cutting out superfluous noise
and reducing the amount of data needed to model.

The second step of the feature selection protocol is to use the data from each hit’s
multiple m/z from the three hitlists to model the carbonaceous deposits and pressure data using
PLS. PLS Toolbox 8.61 (Eigenvector Research Inc., Wenatchee, WA, USA) was used to build
models for relating the mean-centered chromatographic features to the property data. PLS
analysis was performed on the 30 fuel and fuel extract samples in Table 6.1, using Venetian
blinds cross validation with 10 splits and a blind thickness of 1 (i.e. grouping together the
replicates for each fuel). To determine the “goodness of fit” of the PLS models, the root mean

square error of cross validation (RMSECV) was calculated as defined by

1 0.5
RMSECV = [ﬁ * Z(yi,cv - yi,meas)z] (61)
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This analysis was performed for each hit and each m/z from each hitlist, modeling against each
of the two properties individually, and recording an NRMSECYV and slope of the calibration plot
for each one. The slope was then plotted against the NRMSECV values, spreading the well
correlated features from the poorly correlated features. Then, NRMSECYV thresholds were set to
retain the top 100-200 features (m/z from hits) with the lowest NRMSECYV for modeling the
given property. These thresholds were set for each hitlist (neat, alumina, and silica) for each
property, resulting in 6 feature sets.

Finally, these 6 feature sets were ranked by their importance in describing the modeled
properties using the RReliefF algorithm. RReliefF uses k-means to weight features based on their
association with a property, giving features whose neighbors correlate to the property similarly
high weights while giving features whose neighbors correlate to the property differently lower
weights [39-41]. Then, PLS models were constructed using the 10 features with the highest
weights, recording the NRMSECYV, and iteratively adding more features and repeating the PLS
process until models using all features were tested. An RReliefF weight threshold was then
selected at the value which resulted in a minimum of the NRMSECYV for each of the 6 feature
sets. The resulting feature sets for the neat, alumina, and silica data were fused for each modeled
property, resulting in two fused-feature sets. These fused sets were then used to produce a final
PLS model for each modeled property, producing both an optimized NRMSECV and linear

regression vectors from which the features relationship to the property could be investigated.
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Table 6.1. Summary of the fuel properties measured via CRAFTI and the LECO RC612 Carbon
Determinator. The change in pressure AP, at 900 s, and A(AP), the difference of AP at 900 s and 300 s, is
measured in psi, and carbon measurements are provided in mass per unit area (ug/cm?). The heated zone
is defined as segments 4-11, and the exit zone is defined as segments 12-21, of the test article. Omitted
samples are indicated in the Sample Number column: (a) omitted due to contamination, (b) omitted due to
insufficient sample to perform SPE.

Sample Chemisorbed [Chemisorbed|Amorphous| Amorphous| Filamentous |Filamentous

Sample Name| AP |A(AP) R 3 3
Number (Heated) (Exit) (Heated) (Exit) (Heated) (Exit)
1 YA2921HW10(|61]| 2.7 5.9 13.6 11.7 45.9 2.2 3.4
2 BG1121GP04 |139| 54.3 397.2 16.7 33.2 106.1 6.7 4.3
3 GRCRP-1 |68] 4.0 4.7 9.7 14.4 58.0 4.0 3.7
4 WC0721HWO01{ 62| 3.1 3.7 7.1 6.7 24.2 1.5 2.0
5 LB073009-05 [125| 40.7 20.3 7.2 15.9 107.1 1.9 3.7
6 ZI11521HW10 | 65| 5.0 3.7 8.2 7.0 27.5 2.0 3.6
7 CG0721HW10|60]| 3.4 -0.9 4.8 7.4 28.1 1.3 2.7
8 LB073009-08 [117| 39.5 53.1 14.6 28.3 151.3 6.9 5.4
9 BB0821HW10|56| 3.6 1.1 7.1 8.2 40.2 1.9 2.8
10 LB080409-05 |57 3.5 -0.1 9.1 10.7 57.2 1.9 4.0
11 Z12621HWO01 |62 | 4.4 5.5 14.0 14.6 41.7 2.3 4.7
12 ZJ1321GP0O1 [60] 3.5 6.0 13.6 12.7 32.2 2.4 3.7
13) | RG3021LS06 |55( 1.4 6.1 13.0 83.4 96.9 241.0 3.9
14 RG3021LS05 [68] 6.8 8.6 13.1 16.6 83.3 4.2 4.8
15(b) POSF 3327 |80|14.2 20.5 12.8 11.8 65.0 2.5 3.7
16 POSF 4765 |76| 8.0 7.0 6.6 9.7 41.3 2.5 2.4
17 LB073009-02 [142]| 65.9 9.3 15.4 26.5 208.0 0.2 1.9
18() B0112868 [221/88.6 1294.0 43.4 67.1 287.9 43.5 4.0
19(b) VI2621LS01 |57 4.4 4.6 8.6 8.3 42.5 3.3 4.3
20(b) DB131014 |55] 3.9 3.5 9.5 20.7 41.8 87.5 2.8
21 DC310925 |[64]| 3.1 23.8 24.6 38.2 81.2 666.0 4.5
22 DC310923 |59 2.3 2.2 11.2 21.2 89.4 140.8 4.4
23 DB131013 |[52] 3.8 3.2 7.7 6.9 27.4 2.1 29
24 DB131015 |56] 4.7 6.6 15.4 44.7 89.6 7.5 4.1
25(0) CLO31236 |[57] 3.3 3.3 8.6 9.0 41.2 2.5 4.5
26 |CB1121HW10/181/84.9 305.5 17.9 69.4 81.8 103.7 4.1
27 EA130720 |85]14.0 34.7 22.6 33.7 187.6 11.7 15.4
28 EB220705 |58] 3.6 5.1 15.0 6.7 45.7 1.2 -1.9
29 CHCJP-5 65| 4.7 3.3 7.5 4.4 43.2 1.5 4.2
30 LB080409-01 | 60| 3.7 5.6 11.7 11.7 69.8 3.1 3.7
31 LB0O73009-01 | 65| 4.7 6.7 11.5 13.0 72.8 3.2 4.2
32 A0072256 |68]| 4.5 8.6 12.2 13.0 76.0 2.9 3.4
33 CL11-3089 (64| 3.2 4.2 7.5 9.4 35.0 33 34
34 LB100413-40 |61 2.1 4.1 11.2 172.4 53.4 a47.7 3.9
35 | LB073009-03|65| 4.4 6.3 12.9 12.5 97.0 2.5 4.1
36 LB073009-10 | 63| 3.9 5.3 9.7 6.7 61.1 1.4 2.2
37 SA14211S03 [58]| 4.9 2.7 7.6 8.4 31.7 2.8 21
38 ED060739 |86(14.3 10.3 24.2 42.1 225.7 6.9 32.2
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6.3. Results and Discussion

Chemical Composition

Using GCxGC-TOFMS in the reverse-column configuration, an excellent two-
dimensional (2D) chromatographic separation of the compound classes (alkanes, cycloalkanes,
and aromatics) was achieved. Figure 6.1 shows the 2D separation of two representative fuels:
Sample 3: GRC RP-1 and Sample 8: LB073009-08. The alkanes are located from 2.0-3.0 s on
the 2D dimension, the cycloalkanes are located from 1.0-2.0 s on the 2D dimension, and the
aromatics are located from 0-1.0 s on ?D. In each chromatogram, one can visually discern
subclasses for the cycloalkanes and aromatic classes (i.e. monocyclics, dicyclics, tricyclics,
mono-aromatics, and di-aromatics). Each fuel was extracted with alumina and silica phase SPE
cartridges to extract and preconcentrate polar compounds. Figure 6.2 shows an example of a
chromatogram resulting from each phase for Sample 8: LB073009-08. Several compounds have
been pre-concentrated via SPE and now appear in the region between 0.3-1.2 s on 2D. In
principle, every hydrocarbon class (indeed every hydrocarbon) could be identified and quantified
(utilizing retention indices and mass-to-charge ratios, m/z). However, in order to create
compositional descriptions of the fuels, we have elected to approach the chemical analysis of the
fuels using a PLS-based approach. The identification of the general elution times for the three
classes (alkanes, cycloalkanes, aromatics) in the 2D chromatographic space serves a more
instructive purpose of correlating general fuel chemical composition with differences in
measured performance behavior. The broad range of fuels exhibited large compositional

variation leading to their various physical properties and thermal stability.
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Figure 6.1. Two total ion current (TIC) GCxGC chromatograms representing examples of a well-
behaving fuel and a poorly behaving fuel in terms of CRAFTI performance. (A) Sample 3: GRC RP-1

(well behaving), (B) Sample 8: LB073009-08 (poor behaving).
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Figure 6.2. Two TIC GCxGC chromatograms of the alumina and silica extracts of Sample 8:
LB073009-08, a poorly behaving fuel. The chromatograms have been limited to the polar-
eluting region between 8 to 30 min on 1D and 0 to 1.6 s on 2D.
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Fuel Thermal Performance

The time region of 300 s to 900 s was chosen to calculate A(AP) because the AP of the
well-behaving fuels reaches pseudo-steady state at roughly 300 s, producing A(AP) values
approaching 0. In contrast, the AP of the poorly behaving fuels continues to increase, resulting in
higher A(AP) values. Figure 6.2 shows CRAFTI test article pressure drop profiles as a function
of experimental time of the 30 fuels. The relationship between A(AP) and AP measured at 900 s
as reported in the previous JANNAF report is provided in Figure 6.3. The data in Figure 6.3
indicates that four fuels have a relatively large A(AP), Samples 2, 5, 8, and 17, with an additional
four fuels that have a moderate A(AP) relative to the rest of the fuels that have relatively small
A(AP). Figure 6.4 shows the 2D TPO data, detailing the deposition of the various types of carbon
and location for two different fuels. Sample 3: GRC RP-1 deposits a relatively small amount of
chemisorbed carbon in the heated zone and modest amount of amorphous carbon in the exit zone
(ACE), while Sample 8: LB073007-08 deposits a relatively significant amount of chemisorbed
carbon, which was concentrated in the heated zone, and more amorphous carbon in the exit zone.
Sample 3 is representative of fuels that perform “well” in terms of yielding a low A(AP) and
depositing a limited amount of carbon, while Sample 8 is representative of fuels that perform
“poorly” yielding a large A(AP) and depositing relatively high amounts of carbon. This suggests
that these forms of carbon may contribute to the poor fuel thermal performance. The total mass
of amorphous and chemisorbed carbon deposited was determined by summing the carbon counts
within each section for the times corresponding to the different allotropes. These sections were

then summed to represent carbon from the heated zone and exit zone. Initially, PLS modeling
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was used to predict ACE and A(AP) from the CRAFTI study utilizing the entire GCxGC-
TOFMS chromatograms of the 30 fuels. These models provided relatively high NRMSECV and
subsequent efforts to implement feature selection improved the NRMSECYV for A(AP) [38].
However, these models were only marginally informative as the models only identified aromatic
compounds as the main contributors whereas heteroatom containing polar compounds, which are
considered to be the main driver of carbonaceous deposits, were not represented [42]. Thus, to
improve this aspect the ACE and A(AP) were modeled using a data fusion strategy, joining the
neat fuel GCxGC-TOFMS data to the SPE extraction GCxGC-TOFMS data, in an effort to
unravel polar compound contributions to these properties (Figure 6.5). An improved feature
selection approach was implemented, applying a tile-based variance ranking initial step to
preselect features of the dataset which vary significantly between samples, eliminating
superfluous data. An NRMSECYV threshold was then set for each property, after which the
threshold passing features importance in describing the properties was ranked by the RreliefF
algorithm. From these ranked features a final PLS model can be created, yielding linear

regression vectors, describing how each feature contributes to predicting the modeled property.
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Figure 6.3. Pressure vectors for the fuels obtained from the CRAFTI analysis. Pressure drop as a function
of time is shown, where AP is defined as the pressure of the inlet minus pressure of the outlet. A corrected
change in pressure, A(AP), was calculated by taking the AP at 900 s minus AP at 300 s to account for
variation in starting AP between fuels.
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Figure 6.4. Instrument data from Temperature-Programmed Oxidation (TPQ) is shown for two fuels that
deposit different amounts of carbon. (A) Carbon deposition for fuel GRC RP-1 is representative of fuels
that exhibit low pressure changes. These fuels deposit a relatively small amount of chemisorbed and
amorphous carbon. (B) Carbon deposition for fuel LB073007-08 is representative of fuels that perform
poorly. These fuels deposit a relatively large amount of chemisorbed carbon in the heated zone
(segments 4-11) as well as more amorphous carbon in the exit zone (segments 12-21).
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Figure 6.5. Schematic showing the strategy for data fusion of the chromatographic data for input into PLS.
Linear regression vectors (LRVS) can then be obtained from the final PLS model representing the
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Figure 6.6A shows the PLS cross validated regression using the feature selection results
for the amorphous carbon in the exit zone (ACE) data. Initial PLS models utilizing the whole
chromatogram and data fusion without feature selection gave an NRMSECYV of 22.73%. The
NRMSECYV has been improved to 13.66% demonstrating that feature selection is effective at
focusing upon features which are closely related to the modeled property, eliminating the noise
contribution that irrelevant data adds to the model. More valuable than the accuracy of the
prediction is the PLS model linear regression vector (LRV), which describes how each feature
contributes to the property. By utilizing the retention times of these feature, we can create
“stitch” chromatograms which give a visual interpretation of the LRVs, allowing for compound
classes to be inferred based on the 2D chromatogram structure [36]. Figure 6.6B shows the 2D
LRV for the neat fuel features that contribute to ACE modeling. The features tend to cluster in
the aromatic region, the majority of which are alkyl-substituted monoaromatics and a few
diaromatics such as naphthalene and acenaphthene (Table 6.2). In contrast, the LRVs for the
alumina and silica extracts in Figure 6.6C and 6.6D pull out sets of features which are unique
from those found in the neat. These compounds elute in a broad band in a more polar region than
the aromatic compounds. Indeed, several of the compounds from the alumina LRV in Figure
6.6C were identified as oxygen containing compounds, such as 2,5-dimethylphenol and benzyl
alcohol (Table 6.2). Several partial aromatic indene compounds were also identified through the
alumina LRV. The silica extract LRV selected similar compounds that the alumina selected such
as m-cresol and 2-benzenemethanol, but it also uniquely selected 2.3-dihydrobenzofuran and
quinoline, a nitrogen containing compound (Table 6.2). These plots demonstrate that the strategy
of SPE data fusion with the neat fuel data uniquely allowed for polar compounds as contributors

to the ACE deposit phenomenon. Several more tentative compound identity assignments from
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the ACE LRVs are listed in Table 6.2 alongside their spectral match values to the NIST library
and m/z selected by the feature selection method. Notice that in Figure 6.6A only a subset of
samples are modeled well while several of the samples form a flat line. This occurs because the
selected polar compound features are not present in every sample and thus do not describe the
deposit formation formed in their CRAFTI experiments. It can be reasoned then that higher
concentrations of polar compounds contribute to an increase in amorphous carbon deposition in
the exit zone, however they are not the sole drivers. Further investigation on the subset of
samples is warranted to unravel this unexplained variance more deeply.
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Figure 6.6. (A) The PLS prediction of the amorphous carbon in the exit zone using each chromatographic
feature which was selected by the multi-step feature selection method. (B-D) LRV chromatogram
displaying the chromatographic location and regression magnitude for the features from the neat samples
(B), alumina extracts (C), and silica extracts (D) which are important for modeling amorphous carbon in
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Figure 6.7A shows the PLS cross validated regression using the feature selection results
for the A(AP) data. Like the PLS modeling for ACE, A(AP) was initially modeled with whole
chromatograms giving a NRMSECV of 18.44% which has been improved to 12.68%. Like for
ACE, the regression performs well for describing the increase in A(AP) for the samples with the
highest values which makes the LRVs important for discovering the compounds that contribute
to an increased pressure drop. Interestingly, the LRVs in Figures 6.7B-6.7D capture similar yet
distinct features which describe A(AP) when compared to ACE. For example, the neat LRV in
Figure 6.7B captures dimethylnaphthalenes, i.e., the same as ACE, however, it also selects
higher alkyl-substituted naphthalenes, different forms of diaromatics like biphenyl and
dibenzofuran, an oxygen containing compound, which is unique to the A(AP) neat LRV (Table
6.3). The alumina LRV for A(AP) selected a smaller range of features than ACE, but very similar
composition, selecting several higher alkyl-substituted phenols, such as p-isopropylphenol and p-
sec-butylphenol, as contributors to explaining A(AP) (Table 6.3). In contrast, the silica extract
LRV was unigue in that despite extracting similar compounds as the alumina extract the feature
selection method isolated a completely different set of compounds. A nitrogen containing
compound, isoquinoline, and dihydro methyl napthalenes were identified as important for
describing A(AP) (Table 6.3). Further tentative compound identities from the A(AP) LRVs are
provided in Table 6.3 with their spectral match values. From the range of compounds identified
by the feature selection in Tables 6.2 and 6.3 it appears that the main drivers of amorphous
carbon deposition and pressure increase in the CRAFTI experiment is aromatic content,
particularly di- and highly substituted aromatics, and heteroatom containing aromatic
compounds. These results offer insights for what compounds to target and monitor in order to

gauge a given fuel’s propensity for passing or failing thermal performance testing.
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Figure 6.7. (A) The PLS prediction of the A(AP) using each chromatographic feature which was selected
by the multi-step feature selection method. (B-D) LRV chromatogram displaying the chromatographic
location and regression magnitude for the features from the neat samples (B), alumina extracts (C), and

silica extracts (D) which are important for modeling A(AP).
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Table 6.2. List of compounds tentatively identified by the feature selection method for modeling ACE.
Ten compounds are provided per dataset are provided alongside their spectral match values and the m/z
identified by the feature selection. Match value (MV) and reverse match value (RMV) for the analyte
mass spectrum relative to a compound library, ranging from 0-1000, where 1000 is a perfect match.

Sample Name oo | gepz | M2 MV | RMV
Set min selected

naphthalene 14.95 0.49 3.82 64 921 939
acenaphthene 23.55 0.45 3.19 152 922 955
1,4-dimethylnaphthalene 22.3 0.54 4.73 89 902 950
1,7-dimethylnaphthalene 21.95 0.54 4.93 118 913 939
Neat 1,2,4,5-tetramethylbenzene 12.4 0.84 441 134 869 897
m-diisopropylbenzene 11.3 1.16 2.45 141 893 909
2,3-dihydro-4-methyl-1H-indene 12.2 0.86 3.49 121 857 883
3-methyl-1H-indene 10.9 0.62 10.27 52 893 904
1,4-dimethyladamantane 12.4 1.31 0.28 134 863 936
4-ethenyl-1,2-dimethylbenzene 10.7 0.73 8.36 50 884 959
indene 10 0.47 11.58 115 909 928
2,5-dimethylphenol 14.7 0.36 5.98 128 899 915
m-cresol 11.05 0.33 7.85 104 836 903
2-phenyl-2-propanol 11.6 0.36 0.96 118 812 833
benzyl alcohol 10.6 0.23 1.79 108 880 909
Alumina | 2-ethylphenol 12.8 0.38 5.92 122 905 911
2-methylbenzenemethanol 13.85 0.25 0.69 107 793 847
3-methyl-1H-indene 13.05 0.57 12.09 122 922 944
2,3-dihydro-4-methyl-1H-indene 12.5 0.66 8.98 130 908 909
2,3-dihydro-1,6-dimethyl-1H- 135 | 076 | 3.75 144 883 | 883

indene
m-cresol 11.05 0.33 7.65 104 848 906
1-naphthalenol 19.85 0.28 7.10 144 772 864
benzyl methyl ketone 13.7 0.24 0.28 107 878 886
2-methylbenzenemethanol 13.85 0.25 0.69 107 818 843
Silica ?,S-dihydrobenzofgran 15.45 0.29 2.23 120 838 857
indano[2,1-d]1,3-dioxane 20 0.27 4.78 146 841 856
1,2,3,4-tetrahydronaphthalene 13.05 0.57 8.73 107 898 906
1,2-epoxyindan 17.05 0.21 3.32 104 917 939
quinoline 17.45 0.26 1.96 130 882 889
3-methyl-2-hexanone 10.75 0.36 0.51 107 835 848
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Table 6.3. List of compounds tentatively identified by the feature selection method for modeling A(AP).
Ten compounds are provided per dataset are provided alongside their spectral match values and the m/z
identified by the feature selection. Datasets with fewer compounds had less than ten unique compounds
identified by the feature selection. Match value (MV) and reverse match value (RMV) for the analyte
mass spectrum relative to a compound library, ranging from 0-1000, where 1000 is a perfect match.

Sample Name | a5 | RsD? m/z MV | RMV
set min selected
2-isopropylnaphthalene 22.8 0.66 4.70 154 862 875
1,7-dimethylnaphthalene 20.5 0.56 18.02 156 902 931
3-methyl-1,1'-biphenyl 22.85 0.52 5.10 76 929 947
2,3,6-trimethylnaphthalene 23.55 0.45 3.19 170 892 903
cyclohexyl-benzene 17.2 0.82 7.50 104 882 908
Neat 1,6,7-trimethylnaphthalene 23.55 0.65 5.36 170 886 904
1-methyl-3-(phenylmethyl)-
ik (phenylmethyl) 24 | 048 | 277 170 911 | 915
dibenzofuran 24.15 0.49 5.28 170 876 913
1-cyclohexyl-3-methylbenzene 19.65 0.86 4.13 118 871 878
3,3'-dimethylbiphenyl 25.15 0.56 3.94 152 890 906
3-methyl-1,1'-biphenyl 22.7 0.48 4.79 168 911 920
p-isopropylphenol 15.25 0.43 17.83 121 887 899
o-isopropylphenol 14.35 0.44 17.87 121 890 896
Alumina | 3-ethyl-5-methylphenol 15.7 0.44 10.05 121 875 890
thymol 17.05 0.48 8.89 135 889 914
2-ethyl-5-methylphenol 16.3 0.41 13.68 121 885 915
p-sec-butylphenol 17.45 0.5 10.86 121 875 894
isoquinoline 17.45 0.26 1.96 129 811 887
- gg?;droxyprOpa”O'C acid 1-butyl | 4745 | 086 | 203 89 734 | 837
Silica | 4 5 gihydro-3-methylnaphthalene | 189 | 031 | 4.12 144 807 | 853
1,2-dihydro-6-methylnaphthalene 19.05 0.55 4.67 144 807 857
3-propylphenol 16.1 0.44 11.70 107 922 957
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6.4. Conclusions

The overarching goal of this research is to better understand and enhance fuel
performance through chemometric modeling by relating fuel property data (ASTM
measurements) and thermal performance (CRAFTI data) to chemical composition data
(GCxGC-TOFMS). The predictive PLS modeling approach presented herein may ultimately be
used to educate fuel selection. A feature selection method based on PLS analysis was
demonstrated in the context of fuel thermal stability (test article pressure drop increase and
carbon deposition data) in relation to chemical information present in GCxGC-TOFMS
chromatograms. Using a subset of 30 fuels and selected features, PLS modeling was successful
in predicting fuel properties based on chemical composition and determining chemical species
responsible for large changes in test article pressure over time and carbonaceous deposition,
particularly of amorphous carbon in the exit zone. This information can be used to further tailor
chemical composition of kerosene-based rocket fuels to achieve optimal fuel performance.
Future work should focus on investigating chemical compound identification that correlates to

each physical property.
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Chapter 7. Conclusion and future directions

Comprehensive two-dimensional gas chromatography with time-of-flight mass
spectrometry detection (GCxGC-TOFMS) is a powerful and versatile tool for the analysis of
volatile samples, a particular example of interest being aerospace fuels. Chemometric analysis is
indispensable for efficiently extracting relevant information from the chemically and data rich
GCxGC-TOFMS datasets, however, the unique and creative application of chemometric results
remains an active area of research. The goal of this dissertation then is to disseminate the
furthering development of supervised chemometric methods and application of the results to
facilitate improved analyte discovery, identification, and quantification. Thus, the work
presented in this dissertation will ideally be utilized as tools and methods to facilitate the
comprehensive analysis of unique chemical and biological applications, such as fuels,

environmental samples, and metabolomics studies.

7.1. Chapter 2 Summary and Future Directions

In Chapter 2, a method for determining the selectivity of m/z using tile-based F-ratio
analysis results for GCxGC-TOFMS data was explored. A dataset of diesel, spiked with 15 non-
native compounds at 10, 20, 40, and 80 ppm, was analyzed with tile-based F-ratio analysis
comparing the 10 vs 20 ppm samples, 20 vs 40 ppm, and 40 vs 80 ppm samples. A unique
metric, the lack-of-fit (LOF), was used to compare the consistency of peak shapes for discovered
F-ratio hits between classes. The results demonstrated that by combining appropriate thresholds
for the p-value of discovered hits alongside LOF thresholds the purest m/z may be obtained
which are ideal for quantification as evident by the low deviation in signal ratio (S-ratio) from
the expected values. Furthermore, the use of combinatorial null distribution analysis (CNDA)

proved to be a useful technique to set an appropriate threshold to infer m/z purity when compared
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to the statistical thresholds. The method then may aid in the quantification of subtle
concentration differences between sample classes, by giving increased confidence in the

selectivity of the discovered m/z.

The current study was performed investigating S-ratios of 2 to aid in the method
development, however there may exist a minimum detectable S-ratio through this method.
Therefore, it would be interesting to look further into this method with spiked native compounds
whose S-ratios could vary between 1 and 2, to find this limit. Furthermore, the variance of
samples in this dataset were injection limited, which necessarily aids in improving both the F-
ratio and p-value between classes. Testing this method on a metabolomics dataset with more

complex sources of variance would help find the limits of the method.

7.2. Chapter 3 Summary and Future Directions

In Chapter 3, the methodology from Chapter 2 used to infer m/z purity was instead used
to identify invariant m/z between classes to aid in obtaining pure mass spectra of class
distinguishing compounds. Tile-based F-ratio was used to discover the hits in a dataset of JP-8
jet fuel spiked with sulfur-containing compounds at 30 and 15 ppm. Then p-value and LOF
thresholds were applied to select m/z among the hits that do not change, allowing normalization
ratios to be obtained for informed subtraction of the classes’ spectra, obtaining the purified
spectra for the given hit in a method referred to as class comparison enabled mass spectrum
purification (CCE-MSP). The quality of the spectra were generally superior to those obtained
with other signal decomposition algorithms. This method, combined with the method outlined in
Chapter 2, gives both the tools to confidently identify and quantify analytes of interest using the

results from tile-based F-ratio analysis.
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The present study is not without its limitations. The investigated sulfur compounds were
relatively unabated by overlapping compounds, resulting in few instances to stress test the CCE-
MSP method. Furthermore, the method works best for chromatographic regions changing by
themselves as two or more changing compounds results in combined purified spectra. Thus, like
for the method from Chapter 2, it would benefit future studies to test against non-contrived
datasets such as a metabolomics dataset where the variations are more complex and may offer a
wider range of resolutions and relative signal intensities to test. This line of experimentation may

lead to further improvements in the workflow of CCE-MSP to handle fringe cases.

7.3. Chapter 4 Summary and Future Directions

In Chapter 4 tile-based F-ratio was used to discover polar compounds and facilitate
comprehensive fuel comparisons via solid phase extraction (SPE). Jet and rocket fuel samples
were passed through a SPE cartridge, after which it was compared against the original sample to
discover all compounds extracted by the cartridge. By using F-ratio to compare the neat and pass
samples between fuel types hitlists detailing both the high-concentration (bulk hydrocarbon) and
low-concentration (SPE-extracted) compounds may be obtained. This process aids exceptionally
in batch comparison, allowing new formulations to be assessed comparatively against a reference
fuel without the need to run every standard method for regular fuel assessment. Furthermore, the
SPE pass fuel comparison approach serves as a demonstration of applying F-ratio to discover the

changes brought on by a physical/chemical alteration to a sample.

This study used one extraction phase, silica, to assess the polar compound environment in
fuels, which may be an incomplete picture. In future studies of the fuels, it would be beneficial to
apply more varied extraction phases to find the optimal conditions for general polar compound

extraction. The more promising point of the chapter, applying a physical/chemical change to a



189

sample and gaining full assessment of its effects, is worthy of further application study. For
example, applying an electrochemical reaction using a gold electrode in fuels may serve for a
selective reaction of sulfur-containing compounds. For batch comparison it would be beneficial
to study a larger set of fuels with complementary performance data to assess whether bad fuels

could be reliably isolated based on the GCxGC-TOFMS data alone.

7.4. Chapter 5 Summary and Future Directions

In Chapter 5, the retention behavior of polar compounds in JP-8 jet fuel was explored for
two extraction phases, alumina and silica, by extracting the fuels with SPE cartridges and
isolating fractions of the pass fuel for sequential analysis. Tile-based 1v1 analysis is then applied
to the neat and pass fractions to discover the compounds that are changing in concentration
between samples. Plotting the concentration of these compounds as a function of extraction
volume gives insight to each compound’s residence on the SPE cartridges. For the polar
compounds present in JP-8 jet fuel, primarily alkylated phenols, alumina was found to retain
them more strongly than silica, which isolated different compound classes preferentially.
Furthermore, among the phenols the affinity for the stationary phase was found to be influenced
by stearic effects of the molecules. This research gives insight into the appropriate selection of
stationary phases for polar compound extraction for fuels and serves as a proof-of-principle for

applying tile-based 1v1 analysis for the evaluation of a chemical process.

Future studies of polar compounds in fuels may include testing further extraction phases,
such as fluorosil, zirconia, etc., to fully assess the extraction environment. This data should then
be used to supplement chemometric modeling efforts (e.g., partial least-squares) to understand
their effects on fuel properties and thermal performance. These models will aid not only in

identifying poorly behaved fuels but also for learning the acceptable tolerance of such
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compounds in fuels more definitively. Additionally, the sequential analysis framework should be
tested with new applications, such as the continuous sampling of a chemical reaction by GCxGC
with a valve-based injection system. Furthermore, the approach could be applied to a continuous
process for the determination of in-specification versus out-of-specification samples which could

populate chemometric models.

7.5. Chapter 6 Summary and Future Directions
In Chapter 6, a dataset of rocket fuels was analyzed with GCxGC-TOFMS to model the

fuel’s carbonaceous deposits (coke) and change in pressure in regenerative cooling lines and to
identify the compounds associated. Partial least-squares (PLS) was used in conjunction with tile-
based variance ranking and RreliefF to select the features from the dataset that most closely
correlate with the metrics of thermal integrity. The approach was successful in reducing the
modeling error obtained, yielding good association between measured and predicted property
values. The linear regression vectors (LRV) were then investigated, and the discovered
compounds identified, revealing an increasing linear relationship between compound
concentration and degree of coking. The discovered compounds were identified as oxygenated
and nitrogenated compounds, all present in low concentrations. Stitch chromatograms were
utilized for the visualization of these LRVs which helps to interpret the information in relation to
chromatogram retention times. These results give us great insight to contributing factors to poor
thermal performance to monitor in fuels and the feature selection method as a unique way to

combine supervised regression with untargeted feature discovery.

This study is not without its shortcomings, for example, the fuel dataset is relatively
limited, with the fuels properties unevenly distributed over the range of property values. This

means the fuels at the highest end of the range are given more weight for error reduction and
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makes the model more limited in scope. Furthermore, the model for amorphous carbon in the
exit zone displayed several fuels that held no correlation, because they did not contain the
selected features that were prominent among the samples with the highest amounts of coke
deposition. Thus, for future studies it would be beneficial to perform modeling of this sample
subset separately and combine the results later with the original model to more fully model the
fuels in the dataset. Expanding the fuels dataset will also be a priority, though this avenue may
be difficult as the number of poor performing rocket fuels is generally low due to high

manufacturing standards.
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This Appendix is reproduced from the Electronic Supplementary Material of Grant S. Ochoa,
Sarah E. Prebihalo, Brooke C. Reaser, Luke C. Marney, Robert E. Synovec, “Statistical
Inference of Mass Channel Purity from Fisher Ratio Analysis using Comprehensive Two-
Dimensinoal Gas Chromatography with Time-of-Flight Mass Spectrometry Data” J.
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Flow Chart Depicting the Workflow for the S-ratio Algorithm

1. Chromatograms:
Two Sample Classes
2. F-ratio Analysis

3. F-ratio hitlist with
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4. Extract data in 2D S-ratio tile,
centered at average hit location,
big red X in Fig. 1

5. Assign 2D pin in each 7. Determine which 2D
10. Described for one hit and modulation, little red peaks belong to the
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Figure Al. Flow chart depicting the workflow for the S-ratio algorithm. First, F-ratio analysis is
performed on two classes of chromatograms yielding a hitlist ordered by decreasing F-ratio with
hit locations along with a list of m/z that passed the S/N threshold for each hit (steps 1-3).
Utilizing this information, the chromatographic data in the 2D S-ratio tile is extracted for a given
hit around the average D x 2D pin represented by the large red X seen in Fig. 1 for the signal at
one m/z (step 4). Initial 2D pins are then assigned to each modulation based off the average D x
2D pin for the hit which serve as initial estimates to the peak maxima for the 2D peak in each
modulation, represented by the small red x’s in Fig. 1 (step 5). These initial pins are then
repositioned to the maxima of their respective 2D peaks, black arrows (step 6). In step 7 we
determine which 2D peaks belong to the analyte by scanning for locations where consecutive
peak maxima switch from decreasing to increasing in signal, indicating the presence of an
interfering compound. Peak maxima that start to increase in signal are discarded and the signals
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of the 2D peaks determined to belong to the analyte are summed, yielding a single signal value
for the hit at the selected m/z (step 8). The signal information is stored in an array (step 9) and
the process from steps 3-9 is repeated (step 10) for each m/z for each selected hit from the F-ratio
hitlist for each sample. At the end of the process we have now obtained the signal values for each
software selected m/z for each hit for each sample. The signal values for class A samples are then
divided by class B sample signals yielding six S-ratio values given a six versus six two class
experimental design (step 11). The S-ratios can then be averaged yielding a mean S-ratio along
with the standard deviation information.
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Figure A2. Flow chart depicting the workflow for the lack-of-fit (LOF) algorithm. Steps 1-3 are
identical to the S-ratio algorithm, using complementary outputs. Utilizing the output information,
we extract the chromatographic data in the LOF tile for a given hit around the average D x 2D
pin represented by the large red X seen in Fig. 1 for one m/z for one sample from each class (step
4). The modulations of the extracted data are then normalized such that each modulation between

has the same area between classes so that the peak shape can be evaluated with concentration

effects removed (step 5). Next the data in each modulation is interpolated such that more points
are added in between the existing points without altering the peak shape. These modulations are
then iteratively aligned between classes calculating a LOF value for each iteration in an attempt
to minimize this value so that the resulting LOF value is due to peak shape differences and not

retention time shifting (step 6). The aligned modulations are then unfolded and concatenated,
laid end to end, and the residuals are calculated between classes which are in turn used to

calculate a single LOF value for the chromatogram pair (steps 7-8). This value is then stored in

an array (step 9) and the process from steps 3-9 is repeated for each sample pair for each

software selected m/z for each hit (step 10). At the end of this process mean LOFs and standard
deviations can be calculated from the six sample pairs from each hit’s mass channels (step 11).
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Figure A3. Null distributions using CNDA for each of the concentration comparisons: (A) 80/40
ppm, (B) 40/20 ppm, and (C) 20/10 ppm, and the inset displays a zoom in of distributions (Left).
Null probability plots for each of the 200 combinatorial null class comparisons (Middle).
Probability levels marked off by dashed red lines indicate the respective percentage of features
lying below that line. For instance, for the probability curve passing the starred 0.001% line, the
F-ratio value where it crossed represents the threshold that only 0.001% of features in that
respective distribution lie above. By finding this value for each probability curve, we can create a
distribution of 0.001% null probability F-ratio values (Right). The 80/40 comparison 0.001%
probability distribution contains one F-ratio that is off scale at 881, excluded for distribution
clarity in (A). The 90, 95, and 99% confidence levels for the 0.001% probability level are
marked. Using the 95% level as an example, we can be 95% confident that an F-ratio in the true
class comparison that exceeds 63 has a 1 in 100,000 (0.001%) chance of being a true positive.
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Additional Spiked Analyte Data
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Figure A4. lllustration of the F-ratio(m/z) and S-ratio(m/z) spectra from the 80/40 ppm
comparison for a severely overlapped analyte, 1-nonanol. Two-dimensional data for the region
around each analyte for the top F-ratio m/z (i), inferred to be relatively pure, and the total ion
current (TIC) (ii) from an average 80 ppm chromatogram. The red box outlines the tile space
used by the S-ratio algorithm. The F-ratio(m/z) and S-ratio(m/z) spectrum is provided in (iii) and
(iv), respectively. The mass spectrum from the red box region is also provided (v) and compared
to the library spectrum. Finally, a plot of S-ratio(m/z) as a function of F-ratio(m/z) in (vi)
provides insight into the correlation between high F-ratio(m/z) and having the S-ratio(m/z)
correspond to the true concentration ratio of 2. Since very few F-ratio(m/z) correspond to results
with an S-ratio(m/z) = 2, this demonstrates a very challenging case.
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Additional Comparison Statistical Plots
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Figure A5. F-ratio(m/z), p-value(m/z), and LOF(m/z) for all m/z of all 15 spiked analytes for the
for the 40/20 and 20/10 ppm comparisons, (A) and (B), respectively The dashed lines represent
the regions defined by the p-value < 0.001 and LOF <20 % thresholds (A) Blue m/z have not
passed either threshold, red have only passed the p-value threshold, and green m/z have passed
both thresholds. (B) A 2D projection of the LOF and p-value dimensions illustrates these two
metrics independent of the F-ratio dimension. The blue m/z carry insignificant m/z belonging to
interfering compounds. Red m/z have statistically significant signal differences between classes
however they are interfered to a large extent with overlapping compounds. Lastly the green m/z
are considered both statistically significant and sufficiently pure to be used for signal
quantification, while not relying upon the F-ratio(m/z). We see that as the average concentration
of the comparisons decreases there are fewer m/z that pass the F-ratio S/N filter and/or have
higher LOF values.
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Additional S-ratio versus F-ratio Threshold Plots
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Figure A6. Plots of S-ratio vs F-ratio for each concentration comparison of the m/z that passed a
p-value threshold of < 0.001, but with a LOF threshold of <15% (A) and <10% (B). The CNDA
F-ratio threshold = 97 is marked for context. Inset in each plot are histograms of the m/z that pass
these two metrics along with a count. Compared to the LOF threshold of < 20 in Figure 7 there
are much fewer m/z in each comparison, reflecting the tightening of the parameter.
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S-ratio Results for 40/20 ppm Comparison

Table Al. S-ratio results for each of the 15 spiked analytes in the 40/20 ppm comparison,
arranged by decreasing F-ratio. The S-ratio for the top m/z which passed the p-value and LOF
thresholds is provided and compared against the actual concentration ratio. Cyclohexyl
isothiocyanate did not have any m/z passing these thresholds. Average concentration ratio
deviation was 1.9% with a standard deviation of 2.1%.

Analyte Name True Concentration Ratio F-ratio m/z S-ratio Deviation, %
bromobenzene 2.02 2744 77 2.00 -0.7]
1,6-dichlorohexane 2.03 2684 67 191 -6.2
1-chlorohexane 2.05 2169 91 2.04 -0.3
2,5-dimethylthiophene 2.04 2006| 111 2.07 1.6
2-heptanol 231 902| 45 2.33 0.9
5-decyne 2.13 805 68 2.00 -6.2
ethyl salicylate 2.15 604] 120 212 -1.7]
methyl caproate 2.18 587 43 2.16 -1.0
butyrophenone 2.10 542 148 2.13 1.1]
2-decanone 2.06 455 59 2.07 0.3
3-octanone 2.02 438 43 1.91 -5.1
aniline 2.16 236 93 2.14 -0.8
1-nonanol 2.24 211 56 2.20 -1.8]
limonene 2.03 169 92 2.03 -0.3
cyclohexyl isothiocyanate 1.77
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S-ratio Results for 20/10 ppm Comparison

Table A2. S-ratio results for each of the 15 spiked analytes in the 20/10 ppm comparison,
arranged by decreasing F-ratio. The S-ratio for the top m/z which passed the p-value and LOF
thresholds is provided and compared against the actual concentration ratio. Limonene had no m/z
pass both of these filters. 1-Nonanol had 1 passing m/z which appears to belong to an interferent.
Average concentration ratio deviation was 6.1% with a standard deviation of 11%. If 1-nonanol
is excluded, the resulting average deviation was 2.8% with a standard deviation of 2.4%.

Analyte Name True Concentration Ratio | F-ratio m/z S-ratio Deviation, %
1-chlorohexane 2.03 2155 43 2.01 -1.0]
2-decanone 2.03 1488| 58 211 4.1
1,6-dichlorohexane 1.97 1372 67 1.87 -5.2
butyrophenone 2.05 1278 105 1.99 -3.0
2,5-dimethylthiophene 1.97 1134 111 1.98 0.4
aniline 2.16 1075 93 2.17 0.3
bromobenzene 1.99 976 7 1.99 0.2
2-heptanol 2.60 933] 45 2.49 -4.3
3-octanone 2.17 582 72 1.99 -8.5)
ethyl salicylate 1.95 340 120 1.98 1.7
methyl caproate 221 289 43 2.15 -2.5
5-decyne 2.08 236 41 2.02 -2.9
cyclohexyl isothiocyanate 1.51 46) 141 1.59 4.7
1-nonanol 2.15 10 42 1.15 -46.5
limonene 1.88
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Appendix B

This Appendix is reproduced from the Electronic Supplementary Material of Grant S. Ochoa,
Paige E. Sudol, Timothy J. Trinklein, Robert E. Synovec, “Class comparison enabled mass
spectrum purification for comprehensive two-dimensional gas chromatography with time-of-
flight mass spectrometry” Talanta 236 (2022) 461401

Figure B1. Flow chart depicting the workflow for the CCE-MSP algorithm. First, F-ratio
analysis is performed on the 4 versus 4 class comparison of the 30 ppm versus 15 ppm sulfur
compound spiked JP-8 jet fuel, from which a hitlist is output alongside the m/z passing the S/N
threshold for each hit. Following the center of the flow chart, for each hit, based upon the hit
spectra obtained, the S-ratio, p-value and LOF are calculated to determine m/z purity. These
metrics are then used to determine the m/z which qualify as pure interference m/z, resulting in n
m/z per hit. Using the hit spectra, ki/k> ratios are calculated for each of the pure interference m/z.
These ratios are utilized to normalize the class 1 hit spectra to their paired class 2 hit spectra.
Then, the normalized class 1 spectra are subtracted from their paired class 2 spectra resulting in
nx4 purified analyte spectra. These spectra are averaged per pair, resulting in 4 purified analyte
spectra, from which MVs are obtained and an average MV calculated. Additionally, for each hit
an initial analyte spectrum is obtained from the pin location which are then paired between
classes and subtracted to obtain the initial difference spectrum without normalization. Finally,
from each hit tile the data is extracted and unfolded for each sample, then submitted to MCR-
ALS to attempt to isolate each analyte spectrum for comparison to the CCE-MSP results.

| Class 1, N =4 samples | | Class 2, N = 4 samples |

F-ratio analysis

Hitlist w/ m/z

Apply MCR-ALS to
hit tile, unfolded
GCxGC-TOFMS data

Obtain initial
difference spectrum
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l
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]
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hit spectra, obtain nx4 purified analyte spectra
by subtraction of normalized paired spectra

!

-
Reduce to 4 average pure analyte spectra perw

pair by averaging n spectra, then obtain 4 MV
and calculate ave MV and std dev
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In-depth experimental description

Analysis of the neat and spiked jet fuels was performed (4 replicates each) using a
Pegasus BT 4D GCxGC-TOFMS instrument (LECO Corporation, St. Joseph, MI) with a quad-
jet thermal modulator, an Agilent 7890 gas chromatograph (Agilent Technologies, Palo Alto,
CA) and an L-PAL3 GC auto sampler. The auto injector was programmed to inject 0.5 ul at a
200:1 split ratio at an inlet temperature of 275 °C. High-performance liquid chromatography
grade acetone and hexane (Fisher Scientific, Waltham, MA) were used as solvent rinses between
sample injections. The D column was an Rxi-17Sil MS (29.5 m x 250 pum inner diameter (i.d.)
x 0.25 um film thickness), and the D column was an Rxi-1MS (1.9 m x 180 pm i.d. x 0.18 um
film thickness). Ultrahigh purity helium (grade 5, 99.999%, Praxair, Seattle, WA) was used as
the carrier gas at a constant flow rate of 2.0 ml/min. The temperature of the 'D oven was held at
40 °C for 1 min, then ramped at a rate of 5 °C/min to 200 °C and held there for 1.5 min. The 2D
oven was held at a +12 °C offset relative to the D oven, the modulator block was held at +18 °C
offset relative to the D oven. The modulation period, Pv, was 3 s with 0.75 s for both the hot
and cold pulse times. The transfer line temperature was set to 285 °C and the TOFMS ion source
temperature was set to 225 °C. Mass channels (m/z) 45-300 were collected at unit resolution with
an ionization voltage of 70 eV and a collection rate of 100 spectra/s after a 10 s acquisition

delay.



220

Figure B2. Two-dimensional chromatograms for 2-hexylthiophene. This collection of GCxGC
chromatographic data shows the 2D location for 2-hexylthiophene (hit 8) and the complexity of
the surrounding chemical environment. The TIC for both the (A) 30 ppm spike level and the (B)
15 ppm spike level are shown indicating there is no discernable change at a macro level between

classes. (C) The same location at m/z 97, the most intense selective channel for the analyte,

showing the analyte peak roughly in the center of the plot. (D) Lastly, this location at m/z 117, an

intense, selective channel for the closest interference peak. Notice the difference in scale

between (A) and (B) relative to (C) and (D).
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Figure B3. Two-dimensional chromatograms for 2-propylthiophene. This collection of GCxGC
chromatographic data shows the 2D location for 2-propylthiophene (hit 10) and the complexity
of the surrounding chemical environment. The TIC for both the (A) 30 ppm spike level and the
(B) 15 ppm spike level are shown indicating there is no discernable change at a macro level
between classes. (C) The same location at m/z 45, the most intense selective channel for the
analyte, showing the analyte peak roughly in the center of the plot. (D) Lastly, this location at
m/z 105, an intense, selective channel for the closest interference peak. Notice the difference in
scale between (A), (B) and (D) relative to (C).
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Figure B4. Two-dimensional chromatograms for 1,4-thioxane. This collection of GCxGC
chromatographic data shows the 2D location for 1,4-thioxane (hit 12) and the complexity of the
surrounding chemical environment. The TIC for both the (A) 30 ppm spike level and the (B) 15
ppm spike level are shown indicating there is no discernable change at a macro level between
classes. (C) The same location at m/z 104, the most intense selective channel for the analyte,
showing the analyte peak roughly in the center of the plot. (D) Lastly, this location at m/z 82, an
intense, selective channel for the closest interference peak. Notice the difference in scale
between (A) and (B) relative to (C) and (D).
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Figure B5. Alternate example of spectral normalization for 2-butyl-5-ethylthiophene.
Implementation of CCE-MSP using an alternate sample pair of data for 2-butyl-5-
ethylthiophene, where the ki/k, = 0.7196, a normalization ratio well away from 1. When S(m/z),
is subtracted from S(m/z), without normalization in such a case the residual interference
spectrum significantly obscures the analyte spectrum, seen in the lower left plot, yielding a MV
of 690. Applying the ki/k> normalization to equalize S(m/z):1 to S(m/z). before subtraction results
in the lower right plot, a purified analyte spectrum with a much higher MV of 819. This
demonstrates the usefulness CCE-MSP presents when dealing with larger differences in signal

due to run-to-run variation.
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Figure B6. Statistical metrics for all of the analyte hits: (1) 2,5-dimethylthiophene, (2) 2-
methylthiophene, (3) thiophene, (4) 2-chloroethyl phenyl sulfide, (5) 3-methylthiophene, (6) 2-
butyl-5-ethylthiphene, (7) 2-methylbenzothiophene, (8) 2-hexylthiophene, (9)
tetrahydrothiophene, (10) 2-propylthiophene, (11) benzothiophene, (12) 1,4-thioxane, (13) 3-
methylbenzothiophene, and (14) 3-acetyl-2,5-dimethylthiophene. Plots display the statistical
metrics for determining pure analyte and pure interference m/z for each hit. Dots on the rightmost
plot are color coded: blue m/z represent pure interference m/z, green represent pure analyte m/z,
and grey represent analyte m/z with varying contribution from interference peaks. Pure analyte
m/z approach an S-ratio equivalent to the true concentration ratio of 2, except for two analytes
which had a native concentration level in the neat fuel (hits 7 and 13) with an S-ratio < 2. There
are three analyte hits which do not have any pure analyte m/z (hits 9, 12, 14). The transition from
interference to analyte m/z is also seen in the S-ratio versus LOF plots, where transitionary m/z
have high LOF due to the interference contribution.
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Figure B7. In-depth analysis of ki/k2 values

(A) Histograms displaying the distribution of ki/k> ratios calculated for the 13 pure
interference m/z for the four sample pairs for 2-butyl-5-ethylthiophene (hit 6). Notice that the
average normalization varies between the pairs, indicating that selection of the ‘best” ki/k> is
unique to a given pair of samples. The normalization step is critical to analyte spectrum
purification, but on the other hand, use of the average ki/kz in Eq. (10) for the S-ratio
determination is not needed if a modest error in concentration ratio can be tolerated. This
apparent contradiction is clarified when one considers that it is the impact of the sin/sa in Eq. (6)
coupled with the 2D chromatographic resolution between the analyte and the adjacent
interference peak(s) that renders ki/k> normalization critical for analyte spectrum purification.
(B) The overall histogram displays the distribution of all ki/kz ratios for qualifying interference
m/z for all 14 analyte hits. With an average ki/k. = 1.01 and s.d. = 0.27, the majority of
interference m/z need only a modest normalization while others require larger corrections,
although the recovery of a purified analyte spectrum is improved even for small corrections, eg.,
Fig. 3D.
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CCE-MSP when the analyte hit is in only one of the two classes

In terms of the theoretical principles in the main paper, we consider the case in which the
analyte is detected in only one of the two classes. Here, we let the analyte be in class 2, with
concentration Ca 2, in order to frame the equations directly from the main paper. Now, the hit
spectra S(m/z): and S(m/z), are given by

S(m/z)y = ky Xiz1 R(M/2)1nCint 1 (S1)

S(m/z); = ka[R(m/z)pCp 2 + Xiz1 R(M/2) 11t Cine2] (S2)
for the analyte (A) and the background interference (Int), where R(m/z)a is the analyte mass
spectrum, and R(m/z)int is the interference spectrum with an overall interference concentration of
Cint1 and Cint2, for class 1 and class 2, respectively. Thus, under the conditions stated above,
Cint1 = Cint2, With the interference taken as invariant between classes. However, Ca 1 = 0 while
Ca2 > 0 which facilitates analyte discovery by F-ratio analysis. Once again, by assuming ki = k2
the “initial difference” of Eq. (1) from Eq (2) produces a rough estimate of the analyte spectrum,

S(m/z), — S(m/z), = Analyte Spectrum + Residual Interference Spectrum =
= {kaR(M/2)pCp2} + {ky Xiz1 R(M/Z)1ntCint2 — k1 Xiz1 R(M/Z)1ntCint1} ()
with the analyte spectrum given by,
Analyte Spectrum = k,R(m/z)5Ca> (O]
and the residual interference spectrum given by,
Residual Interference Spectrum = k, Yit; R(M/z)1ntCint2 — k1 Xie1 R(M/2)1ntCines (5)
As with analyte in both classes, to obtain the analyte spectrum when the analyte is in only one of
the two classes, pure m/z for the background interference are identified using the p-value and
LOF information. Then, the ratio ki/k- is calculated using the signal at the pure interference m/z

from the hit spectra S(m/z): and S(m/z).,
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Normalization Factor = 30/21 _ k1 (6)
s(m/z), ky
where s(m/z) is a scalar. Normalization factors from Eqg. (6) can be applied to eliminate the

residual interference spectrum contamination from Eq. (5),
Residual Int. Spectrum = %kz LiR(M/2) 1t Cinez — k1 Xiea R(M/2)10tCines = 0 (8)
2

Following normalization of the hit spectrum S(m/z)2, subtraction of the hit spectrum S(m/z). from

the normalized hit spectrum S(m/z), reveals the purified analyte spectrum,
k1
(k_z)s(m/z)z —S(m/z); = R(m/z) pk1(Ca2) )

whereby the analyte spectrum R(m/z)a is scaled by the quantity ki(Ca,2).

Table B1. Match value table for neat fuel comparisons. Match values for the spectra obtained
from the CCE-MSP results calculated for the 30 ppm versus neat and the 15 ppm versus neat
comparisons. The 2D resolution for each analyte is the same for both classes while the Sint/sa is
calculated for each class comparison individually, otherwise this table is constructed like Table 2
in the main text.

30 ppm 15 ppm
Hit No Analyte Name Resjl[l:tion Sind %3 Ir:\i,'lc:;I ccrn\:lsp MclﬁXst Sind % Ir:wit;gl ccrl\\:lsp Mc'\;X\Ls
1 |2,5-dimethylthiophene 0.89 1.09 953+3 | 942+1 956 1.98 | 916+14 | 905+9 930
2 2-methylthiophene 1.34 0.56 951+3 963 +4 819 1.29 946 + 4 955+6 624
3 [thiophene 1.87 0.18 993+1 | 994+1 963 0.38 990+1 | 988+1 935
4 |2-chloroethyl phenyl sulfide 0.36 0.44 | 850+47 | 949+5 846 1.13 898+12 |942+12 | 743
5 3-methylthiophene 1.34 0.68 885+ 12 900 +5 972 1.49 874 +32 902+4 936
6 2-butyl-5-ethylthiophene 0.2 30.17 749 £50 | 908+ 29 897 86.78 731+88 | 834+13 863
7 2-methylbenzothiophene 0.5 0.46 976 +3 9705 878 0.32 9631 9697 955
8  [2-hexylthiophene 0.49 2.82 975+5 |946+16 | 976 5.53 934+21 [928+20 | og3
9 tetrahydrothiophene 0.89 1.06 900+ 15 | 95810 512 2.49 838+56 | 897+37 429
10  |2-propylthiophene 0.27 18.61 | 708+124 | 974+10| g7a 37.22 | 719+194 | 963+8 775
11  |benzothiophene 1.1 0.12 989 +2 985 +2 876 0.28 981+1 9835 768
12 |1,4-thioxane 1.13 1.54 | 947+15 | 947+5 949 3.87 | 920+13 | 917+9 938
13 |3-methylbenzothiophene 1.78 0.07 984 +1 991+2 701 0.14 981+1 991+3 419
14  [3-acetyl-2,5-dimethylthiophene 0.67 0.61 907 +9 943 +5 919 1.97 862 +19 942 +4 824
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Figure B8. Match value plots for 30 ppm vs neat and 15 ppm vs neat comparisons. Plots of the
MYV data for the 30 ppm vs neat and 15 ppm vs neat F-ratio analysis comparisons presented in
Table S1. As with the 30 ppm vs 15 ppm comparison summarized in Fig. 7, the MV for MCR-
ALS and the initial difference spectrum decreases as Sint/Sa increases, indicating the complexity
from overlapping interferences is directly hampering the effectiveness of MCR-ALS, whereas
the MVs provided by CCE-MSP remain consistently high despite the interferences. This effect is
mirrored and/or compounded by 2D resolution. While the 30 ppm MVs are generally higher than
the 15 ppm MVs, due to higher S/N of the analyte, the MV still decreases when 2D resolution is

lower.
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Description of the GCxGC-TOFMS data simulations and Table S2

Ten GCxGC-TOFMS chromatograms with 5 components were simulated in which two
components were changing in signal intensity by a factor of two between classes (2-fold higher
in the second sample class) while the other three components did not change in signal intensity
between sample classes. Six sample replicates were simulated for both sample classes for each
simulation, to provide the data for F-ratio analysis. The 2D size of each chromatogram simulated
was 36 s on D with a 3 s modulation period on 2D at a TOFMS collection frequency of 100 Hz.
Retention times for each of the 5 component peaks were randomly assigned between 14 s and 22
s on 1D and between 140 ms and 170 ms on 2D, in order to generate a significant degree of peak
overlap for all 5 components. Peaks were simulated by first generating a Gaussian peak based
upon the randomly assigned D retention time with a constant ‘wy of 9 s. Then, the modulated 2D
peaks were created by generating Gaussian peaks for each modulation based upon the randomly
assigned 2D retention time, with a constant 2w, of 180 ms, and the amount of area captured in
each modulation by the 1D peak profile. Total peak areas for the 5 components of each
chromatogram were randomly selected from an exponential function [1]. These peak areas
represent the mean peak areas per class for each component. Also, the areas for each of the 6
replicates per sample class were randomly assigned with a relative standard deviation in signal
intensity of 10%, which defined the within-class variance in the subsequent F-ratio calculations.
The fully modulated peak profiles for each of the 5 components for a given chromatogram were
then multiplied across a random mass spectrum selected from a library, creating the GCxGC-
TOFMS data for each component [2]. Each component was then added to each other to create
one replicate chromatogram. For these simulations there was no retention time shifting
introduced thus each component appeared at the same retention time in each replicate. This
chromatogram generation process was repeated for all replicates. In total 10 different 6 versus 6
sample class comparisons were generated followed by F-ratio analysis with one example shown
in the main text for brevity. Results for all 10 simulations are presented in Table S2. The average
analyte-to-analyte 2D resolution = 0.37 with s = 0.17, for the two analytes that change between
classes, while the mean 2D resolution = 0.67 with s = 0.29 for all pairs between the 5
components in the separations. The average MV for both analytes across all 10 simulations was
743, with s = 295, for the CCE-MSP outputs (per Figure 7B in the main paper), while after
applying ALS to the CCE-MSP outputs the MV improved significantly to an average MV = 972,
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s = 48 (per Figure 7C in the main paper). Note that all of the simulations produce a substantial

improvement in MV for one or both of the analyte hits. The variability in the MV improvement

is due to the randomness in the simulation parameters applied. The low analyte-to-analyte 2D

resolution and analyte mass spectrum similarity (the MV between the two analyte hits) all play a

role in making each simulation challenging to extract high quality spectra.

Table B2. Chromatographic resolution situations and MV for the 10 simulated
chromatograms. Analyte to analyte resolution and total mean resolution (average of all
resolutions pairwise) demonstrate the high overlap of all components. Match values for each
analyte hit are given for the CCE-MSP spectra results and for the results of the application of
ALS to the CCE-MSP spectra.

Analyte to Total Mean Apalyte MV MV MV MV
Rep No. Analyte R R Similarit Analytel Analyte2 Analytel Analyte2

s s Y CCE-MSP CCE-MSP  ALS ALS

1 0.51 1.13 63 932 858 996 897
2 0.57 1.04 27 453 970 984 997
3 0.16 0.96 42 674 984 999 982
4 0.34 0.57 82 561 998 1000 1000
5 0.31 0.48 740 827 1000 999 999
6 0.31 0.64 74 321 1000 840 999
7 0.65 0.62 60 573 1000 873 999
8 0.42 0.59 22 179 1000 940 999
9 0.32 0.42 19 995 320 999 995
10 0.13 0.24 27 265 957 944 999
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Appendix C

This Appendix is reproduced from the Electronic Supplementary Material of Grant S. Ochoa,
Matthew C. Billingsley, Robert E. Synovec, “Using solid phase extraction to facilitate a focused
tile-based Fisher ratio analysis of comprehensive two-dimensional gas chromatography time-of-

flight mass spectrometry data: Comparative analysis of acrospace fuel composition” Anal.
Bioanal. Chem. (2022) 1-13.

Instrument Conditions. Samples were analyzed with the Pegasus BT 4D GCxGC-TOFMS
(LECO Corporation, St. Joseph, MI) instrument using a quad-jet thermal modulator, an Agilent
7890 gas chromatograph (Agilent Technologies, Palo Alto, CA) and an L-Pal3 GC autosampler.
Six replicates were collected for the neat and pass samples of the RP-1 fuel B0112868 and the
three RF2 fuel formulations RF-A, RF-B, and RF-C. A 0.5 pL aliquot of each replicate was
injected at a split ratio of 200:1 in the GC inlet, which was held constant at 275°C. The D
column (26.4 m x 250 um i.d. x 0.25 pm film thickness) had a mid-polarity Rxi-17Sil MS
stationary phase of phenyl crosslinked dimethyl polysiloxane (Restek, Bellefonte, PA) and the
2D column (1.9 m x 180 pum i.d. x 0.18 pm film thickness) had a non-polar Rxi-1 MS stationary
phase (100% dimethylpolysiloxane). Ultrahigh purity helium (Grade 5, 99.999%, Praxair,
Seattle, WA, USA) was the carrier gas at a constant flow of 2.0 mL/min. The *D column was
held at 40°C for 1.5 min, increased to 200°C at 5°C/min, and held at 200°C for 1 min. The 2D
column and modulator block utilized the same temperature program with offsets of +12°C and
+30°C, respectively. The modulation period, Pm = 3 s, with a hot and cold pulse time of 0.75 s
each. After an acquisition delay of 10 s, m/z 45-200 were collected at a collection frequency of
100 spectra/s with a detector voltage of 2005 V. The ion source and transfer line were held
constant at 225°C and 285°C, respectively.
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Figure C1. SPE Procedure Workflow. Diagram showing the workflow for the SPE procedure
for removing polar compounds from the fuel samples. The silica based SPE cartridge is first
conditioned with hexane, after which the neat fuel is loaded, concentrating the polar compounds
into a band on top of the cartridge (displayed as a pink band resulting from the fuel dye). The
polar deficient fuel is collected from the cartridge and the first mL off is isolated as the ‘pass’
fuel sample. The pass and neat samples are subjected to GCxGC-TOFMS for data collection
then F-ratio analysis to discover the extracted compound locations in the original neat fuel.
Separately, the SPE cartridge is washed with hexanes to remove residual non-polar compounds
after which the polar compounds are eluted with a minimal volume of methanol to obtain the fuel
extract sample, nominally the low-level polar species.
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Figure C2. Stitch Chromatograms for RP-1 1v1 analyses. Stitch chromatograms (a-f) of the
top 50 hits for the 1v1 analyses for each of the six chromatogram pairs of fuel B0112868

displaying the entirety of the chromatographic space. In addition to the hits in the region of
interest the effect of the 1v1 analysis variation can be seen with other peaks appearing in the top

50 hits.
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Figure C3. Neat vs Neat Comparisons Between RF-A and RF-B. (a) GCxGC-TOFMS TIC
chromatograms of rocket fuel RF-A with the hit markers for the neat versus neat comparison
between RF-A and RF-B, and (b) the hit markers for the pass versus pass comparison for the
same pair. (¢) The hits due to low-level polar species are only present in the neat versus neat
comparison but not the pass versus pass comparison and are plotted over the 1:10 diluted RF-A
extract chromatogram. Notice that not all the compounds along the polar band are identified as
hits, meaning these compounds are present in each fuel to a similar extent. (d) The pass versus
pass comparison hits are plotted over the TIC chromatogram of fuel RF-A with a more intense

color scale.
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Figure C4. Neat vs Neat Comparisons Between RF-B and RF-C. (a) GCxGC-TOFMS TIC
chromatograms of rocket fuel RF-B with the hit markers for the neat versus neat comparison
between RF-B and RF-C, and (b) the hit markers for the pass vs pass comparison for the same
pair. (c) The hits due to low-level polar species are only present in the neat versus neat
comparison but not the pass versus pass comparison and are plotted over the 1:10 diluted RF-B
extract chromatogram. Nearly every peak along the polar compound band has a hit marker,
indicating one fuel (RF-B) had significantly more low-level polar species from the other fuel
(RF-C). (d) The pass versus pass comparison hits are plotted over the TIC chromatogram of fuel
RF-B with a more intense color scale.
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Figure C5. Signal-ratio Stitch Chromatograms for Inter-Fuel Comparisons. The bulk
hydrocarbon hits (a-c) and low-level polar species hits (d-f) of the three inter-fuel comparison
pairs from left to right, RF-A versus RF-B, RF-A versus RF-C, and RF-B versus RF-C. The
chromatograms are generated by first calculating a stitch chromatogram for each fuel in each pair
using either the pass versus pass hit list (bulk hydrocarbon) or low-level polars hit list. The two
stitch chromatograms are then divided by each other with the first fuel in the pair divided by the
second, yielding these signal-ratio (i.e., apparent concentration ratio) stitch chromatograms that
detail the relative concentration of differences found between the fuels. This approach allows an
analyst to gain a sense of what compounds differ between classes at a glance for the entire
chromatogram. For example, fuel RF-A is more concentrated in long chain alkanes than either
RF-B or RF-C as seen in (a) and (b). Since the polar compound band is blue for chromatograms
(d-f) this means that fuel RF-C, which is always in the denominator for the signal-ratio
calculation, has either much less concentration than either of the other fuels or is completely
lacking these compounds. In such cases any zero in the stitch chromatograms is replaced with a 1
to ensure an accurate signal-ratio direction. Furthermore, the bulk hydrocarbon stitch
chromatograms (a-c) give information to differences in carbon number distribution, which may
serve as a benchmark for the efficiency of a production method or provide insight to differences

in physical properties.
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