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Abstract

Advanced chemometric techniques for the analysis of complex samples using one- and two-
dimensional gas chromatography coupled with time-of-flight mass spectrometry

Brooke C. Reaser

Chair of the Supervisory Committee:
Professor Robert E. Synovec
Department of Chemistry

Gas chromatography is a powerful separation technique that alone, and when coupled
with mass spectrometric detection, can provide detailed information regarding the chemical
composition of complex mixtures. Advanced chemometric algorithms are often applied to the
data generated from these gas chromatographic separations in order to glean additional
meaningful information from large and complex data sets. This dissertation presents several
research investigations conducted on the development, optimization, application and study of
several chemometric algorithms applied to one- and two-dimensional gas chromatography
coupled with time-of-flight mass spectrometry (TOFMS). The two-dimensional mass cluster
method and principal component analysis (PCA) were applied to a non-targeted investigation of

the stable-isotope incorporation of metabolites present in the metabolome of the methylotrophic



bacteria Methylobacterium extorquens AML1 using gas chromatography time-of-flight mass
spectrometry (GC-TOFMS). The area under the curve (AUC) of receiver operating characteristic
(ROC) curves were used as quantitative metrics for the optimization of the tile-based Fisher ratio
method using diesel fuel spiked with native and non-native analytes using comprehensive two-
dimensional gas chromatography with time-of-flight mass spectrometry (GC x GC — TOFMS).
This optimized algorithm was then applied to a process analytical chemistry (PAC) investigation
into the source of catalyst yield reduction in an industrial polymerization plant. Finally, a GC-
TOFMS simulation-based study determined the chemometric limit of resolution for
deconvoluting analytes using multivariate curve resolution alternating least squares (MCR-ALS)

and compared the results to expected theory surrounding the probability of peak overlap.
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Chapter 1. Introduction to Gas Chromatography and Chemometrics

1.1 INTRODUCTION TO CHROMATOGRAPHY

1.1.1  History

Chromatography was first developed by Russian botanist Mikhail S. Tswett in or around the
year 1900. Using a chalk-filled tube and organic solvent, he separated the colored pigments present
in a green leaf and coined the new separation technique “chromatography” [1,2]. While Tswett
may have named the technique after his initial separation, in Greek chroma means “color” and
graphein means “to write,” Tswett’s last name also means “color” in Russian, and his choice of
name may have resulted from the scientist taking ‘an opportunity to indulge his sense of humour’
[3]. Since its discovery, chromatography has grown into a popular analytical technique used for a
variety of applications and with many different definitions. The International Union of Pure and
Applied Chemistry (IUPAC) defines chromatography as “a physical method of separation in which
the components to be separated are distributed between two phases, one of which is stationary
(stationary phase) while the other (the mobile phase) moves in a definite direction” [4].

This IUPAC definition of chromatography is specific, and yet still excludes some types of
chromatography utilized in the field. Due to the plethora of different separation techniques and
mechanisms, chromatographers aim to classify different types of chromatography into categories
in order to easily communicate amongst themselves and the greater scientific community. There
are many different ways to classify the numerous types of chromatography that exist: by mobile
phase (e.g., liquid chromatography has a liquid mobile phase), by separation mechanism (e.g., size
exclusion chromatography separates analytes based on size), by analyte type (e.g., ion

chromatography separates ions), and more. Needless to say, chromatography and the separation



sciences as a whole, include a wide range of techniques that can be applied to a variety of different
sample and analyte types. For more information, the reader is directed to several books and articles
that address the various types of chromatography [3,5-11].

Gas chromatography (GC) refers to all separation techniques that employ a gaseous mobile
phase consisting of an inert gas, usually hydrogen, helium or nitrogen. The gaseous mobile phase
flows through a column with a liquid or polymer stationary phase and separates volatile and semi-
volatile components based on their affinity for the stationary phase. A plethora of stationary phases
exist, all with slightly different separation mechanisms, the most common of which separate based
on boiling point or polarity. Samples separated via GC can be liquid, solid or gas, but must be
easily vaporized upon injection into the inlet of the GC and must be thermally stable to avoid
decomposition. A GC separation can be monitored by any number of detectors, both universal and
specific to the sample type.

Mass spectrometery (MS) is a popular analytical technique in its own right, but is also one
such universal detector utilized extensively for GC analyses. When coupled together, the technique
is referred to as gas chromatography-mass spectrometry or GC-MS. Many different types of mass
spectrometers exist, but they all share a similar analysis mechanism: sample entering the MS is
ionized, fragmented and separated based on mass-to-charge ratio (m/z). Molecules detected by MS
tend to exhibit unique fragmentation patterns, or mass spectra, which can be used to identify
unknown molecules through analysis of the mass spectrum by hand or matching to a library of
known spectra. When used together, the GC-MS can separate and then identify pure components
in a complex mixture. Due to its robust, reproducible and informative nature, GC-MS has been
used in a variety of scientific fields, including but not limited to astrophysics [12], medicine [13],

environmental science [14,15], forensics [16,17], biochemistry [18], and food science [19,20].



1.1.2 Fundamentals

The fundamental aspects of chromatography, including gas chromatography, includes both
qualitative and quantitative aspects. Below are descriptions of a very small subset of the overall
fundamentals, those important for the understanding of the research reported in this dissertation.
For further understanding of these and other principles of chromatographic methods the reader is
directed to some excellent resources [3,5].

As compounds elute from the column and are observed by the detector, they generate peaks

that can be approximated by the Gaussian equation:

g = i (7) (L)
oV2m '

Here, o is the standard deviation, p is the mean, and the fraction prior to the exponent is equal
to the peak area and can be replaced by a constant, A. The analyte retention time, tg, is equal to ,
and is the time at which the maximum of an analyte peak is detected eluting from the column. The
width of the peak is generally measured either at half height, Wh, or at baseline, Wy, where the peak
width at baseline is defined as 46 or + 20 from tr. Figure 1.1 shows the relationship between these
parameters as well as the fraction of the total peak height or signal that occurs at various distances
from tr. These peak heights are important for the accurate measurement of mass spectra. Most
often the mass spectrum of an analyte is measured at the apex of the peak, tr. However, if different
analytes elute too closely together, it may be necessary to extract the mass spectrum from some
distance to the left or right of tr in order to ensure that the extracted mass spectrum is pure. In these
cases, the fraction of the total peak height shown in Figure 1.1 becomes important to avoid the
inclusion of too much noise. This concept is described further in Chapter 2 when it is utilized to

extract pure spectra from slightly overlapped peaks in a process referred to as “re-indexing.”
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Despite the separation power of GC, analyte peaks sometimes elute simultaneously or close
enough together that part of the peaks overlap. Chromatographers quantify the extent of this peak

overlap by reporting the resolution between peaks. Resolution is defined as:

R = 2Ur2—tr1) (1.2)

Wp1tWp2

Or, the difference in retention time between two peaks divide by the average width at base as
seen in Figure 1.2. Peak widths are often measured at half height; the width at base can be
approximated as 1.7 times the width at half height; Wp=1.7Wh. Baseline resolution is defined as Rs
= 1.5, but most chromatographers consider Rs = 1.0 adequate for quantitative analyses due to the
minimal (~2%) peak overlap (Figure 1.4). Rs = 0.5 is the resolution at which two analytes will first
appear as a single peak, and Rs = 0.3 is the resolution at which most deconvolution algorithms fail.
Deconvolution will be discussed more in Section 1.2.2. These four resolution values are shown in
Figure 1.3, where the red and blue curves each represent a single analyte, the thick black curve is
what would be viewed by the detector response and the purple area is the peak overlap due to the
coelution. Much time and energy is spent on improving the resolution of a separation, either by
tweaking the various instrument parameters prior to separation, or through the use of chemometric

techniques for the mathematical separation of analytes during the data anlysis stage.
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Figure 1.3. Representative peaks at various resolution values.

Just as pure analyte intensity varies at different locations in the Gaussian peak profile (Figure
1.1), so does the peak area. Peak areas at various ¢ values are shown in Figure 1.4, with £+ ¢ in
blue, + 26 in green and + 36 in red. As shown here, if the peak width at base (Ws) is taken to be
46 or £ 20, then 95.44% of the total peak area is accounted for when quantifying. Peak overlap at
higher Rs values will contain less peak area overlap than at lower Rs values. As mentioned above,
Rs = 1.0 has about 2% peak overlap, this comes from the red region labeled 2.15% in Figure 1.4
being overlapped with another analyte eluting one second later. As Rs decreases and the peak
overlap increases, the ability to deconvolute coeluting analytes becomes more important,
especially when calculation of the peak area for quantification purposes is desired. Any peak
overlap from interferent peaks could confound the quantification process of the target peak by

adding excessive peak area where none would exist if the target and interferent(s) were resolved.
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Figure 1.4. Visual representation of the areas under a Gaussian peak at various o values.

1.1.3  Comprehensive two-dimensional (2D) gas chromatography

The 1980°s brought the advent of comprehensive multidimensional separations [21].
Comprehensive two-dimensional (2D) separations include any technique where one separation
dimension is serially coupled and complementary to a second separation dimension. The two
separation dimensions need not be the same technique and ideally do not utilize the same
separation mechanism. In comprehensive two-dimensional gas chromatography (GC x GC), along
first dimension column (20-30 m) and a short second dimension column (1-5 m) of complementary
stationary phases are serially coupled with a modulator. The modulator may consist of a valve or
a thermal modulator. Either type of modulator aims to collect small volumes of eluate from the
first column, focus it into a small sample plug, and reinject it onto the second column. The first
dimension separation generally follows a similar method to that used in one-dimensional GC, but

the second dimension separation is usually only a few seconds long. The power of GC x GC lies
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in the increased separation space given by the second dimension separation, which allows
components that would otherwise elute simultaneously after the first column to be further

separated prior to being detected.
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Figure 1.5. Section of a GC x GC chromatogram with each peak represented by a red contour.

While the data generated from GC x GC provides increased separation, it also has increased
complexity. GC x GC data is generally viewed as a contour plot, as shown in Figure 1.5, where
each red oval represents a single analyte peak, folded and projected in two dimensions. This can
be seen in Figure 1.6, where Figure 1.6(A) is the unfolded 2D peak as seen by the detector, and
Figure 1.6. Figure 1.6(B) is the folded contour of the same peak. The data shown in Figure 1.6 has
a 2 second modulation or modulation period, Pm. The dotted lines in Figure 1.6(A) each represent

a modulation, or the focusing and reinjecting of the eluate onto column 2. The Pwm is the empty



space between these dotted lines where the two dimensional peaks elute. This is shown in Figure
1.6(B) as the length of the y-axis, also called the column 2 time.

As with GC, a variety of different detectors can be utilized with GC x GC, including mass
spectrometry. However, due to the small peak widths on column 2, detectors with high data

acquisition rates are generally required to avoid distortions of the peak shapes.
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Figure 1.6. (A) Representation of GC x GC data as viewed by the detector; and (B), folded

into 2D space.



1.2 DATA ANALYSIS AND ADVANCED CHEMOMETRICS

1.2.1 Introduction to chemometrics and data structure

The data generated by one- and two-dimensional chromatography coupled with mass
spectrometry data is inherently complex. But as technology improves, mass spectrometers
continue to be able to detect at higher mass resolutions with faster scan rates, generating more data
per chromatogram than ever before. The complexity of this data, whether it be second-order data
from a one dimensional separation coupled with mass spectrometry or third-order data from a
comprehensive two-dimensional separation with mass spectrometric detection, requires advanced
chemometric techniques that can provide rapid and robust information about the system in
question.

The IUPAC defines chemometrics as “the application of statistics to the analysis of chemical
data (from organic, analytical or medicinal chemistry) and design of chemical experiments and
simulations [4].” A field pioneered largely by Bruce Kowalski and Svante Wold, chemometric
methods aim to glean useful information from complex data sets through the use of mathematics.
Since its inception, chemometrics has been widely used throughout analytical chemistry [22],
process analytical technology (PAT) [23], medicine [24], forensic science [23], metabolomics
[25], and more [26].

Modern chemometrics includes a number of focus areas, including multivariate calibration;
classification, pattern recognition and clustering; multivariate curve resolution; experimental
design; structure modelling; and more [27,28]. Calibration methods include partial least squares
(PLS) and principal component analysis (PCA); pattern recognition methods include hierarchical
clustering analysis (HCA) and partial least squares discriminant analysis (PLS-DA); and curve

resolution methods include multivariate curve resolution alternating least squares (MCR-ALS) and
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parallel factor analysis (PARAFAC). These are just a few of examples of the many different
chemometric methods available for analyzing data.

A discussion of chemometrics is not complete without first outlining data structures. For the
purpose of this chapter, data structure will be place in terms of GC and GC x GC data, and
discussed in more detail where appropriate. GC-MS data is generally taken to be bilinear, that is
the MS dimension is linear, homogenous and independent of the separation dimension, and the
data can be structured as a matrix of time x m/z. The data generated from GC x GC data is also
bilinear, structured as a matrix of time on column 2 x time on column 1. However, data generated
by GC x GC — MS data contains an extra dimension and can be viewed as a data cube of time on
column 2 x modulations on column 1 x m/z. This data is trilinear, with each dimension being
linear, homogenous and independent of the other two dimensions. The dimensionality, especially
the bilinear and trilinear nature of the data is important for the efficacy of the chemometric methods
employed. Several chemometric algorithms that were utilized for the various investigations
presented in later chapters are described in the following section. These include both

deconvolution techniques (Section 1.2.2) and comparative analyses (Section 1.2.3).

1.2.2  Deconvolution Techniques

Deconvolution is the process of mathematically resolving two or more analytes that are
otherwise chromatographically overlapped. Deconvolution is generally performed during most
analyses in order to obtain pure elution profiles from the chromatographic dimension(s) and pure
mass spectra from the mass spectrometric dimension of coeluting analytes. This allows the analyst
to better identify analytes based on their mass spectra and more accurately and precisely obtain
pure component peak attributes such as peak height, area, and retention time for quantification.

Generally speaking, peak integration methods suffice for quantification, but only when the peaks
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are well resolved (Rs > 1.0) and have sufficient signal-to-noise ratios (S/N > 10). This is generally
not the case for complex samples such as those found regularly analyzed by one- and two-
dimensional chromatography coupled with mass spectrometric detection, so deconvolution
methods are usually required. Many methods, with varying levels of automation, have been
developed to perform deconvolution for specific instrument platforms and/or specific applications
[29,30]. In addition to proprietary methods employed by commercial software packages, there are
also several popular chemometric techniques for the deconvolution of chromatographically
overlapped peaks. Below is a discussion of three of the most widely-utilized chemometrics
techniques: classical least squares (CLS), multivariate curve resolution-alternating least squares
(MCR-ALS), and parallel factor analysis (PARAFAC). Please note that for equations that deal
with mathematically manipulating chromatograms in this chapter, lower case letters represent
scalars, superscript T means the former variable is transposed, bold lower case letters represent
vectors, bold uppercase letters represent matrices, and underlined bold uppercase letters represent

3D arrays.

Classical Least Squares (CLS)

Classical least squares (CLS) does not require a standard matrix for its deconvolution
method as do some other deconvolution methods. However, it does require the user input the pure
spectrum of each component in the mixture (S) as a matrix. The traditional CLS approach models
the response-matrix R, containing the convoluted chromatographic profile coupled with mass

spectrometric data as:

12



R=CS (1.3)

where C is a matrix of pure component concentrations and S is a matrix of pure component mass
spectra. CLS requires as many samples and at least as many spectra as there are components to be
deconvoluted. Furthermore, a priori knowledge of either the identity of the components given by
the pure mass spectra (S), or the pure chromatographic profile of each component (C). For
example, if S is known, the concentrations of each component, C, can be determined from R by

the following:

C=RST(SST)?! (1.4)

CLS can successfully deconvolute two-way data of a bilinear nature. We direct the reader to
thorough reviews and discussion of CLS [31,32]. CLS is utilized as a deconvolution technique

within the two-dimensional m/z cluster method in Chapter 2.

Multivariate Curve Resolution Alternating Least Squares (MCR-ALS)

MCR-ALS is another method for deconvoluting two-way, bilinear data by decomposing
the observed data matrix D, that is the chromatographic data with mass spectrometric detection,
into the two matrices C, containing the pure concentration profiles of the analytes and ST, the pure

mass spectra of k pure component species in the matrix, given by:

D=CST+E (1.5)

where E is the minimized error of residuals between the predicted and observed two-way

chromatogram. We refer the reader to some excellent references [33-35].
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Briefly, MCR requires an initial estimate of the number of components, k, and makes an initial
estimate of the pure chromatograms and the pure spectra. The model tests for convergence, iterates
C and S, tests for convergence again and continues until the convergence criterion is finally met.
MCR-ALS outputs a pure elution profile and mass spectral vector for each pure component present
in D. It is not necessary for the user to have a priori knowledge of either the mass spectrum or
pure component profile of any of the components in the mixture, as is required of CLS. The user
can simply define how many components are expected, choose appropriate constraints (such as
unimodality, nonnegativity, or local rank) for each dimension, and define appropriate convergent
criteria (such as threshold number of iterations, minimal value of E, or an improvement threshold
for lack of fit between the predicted model and D). If there is some knowledge of one or more of
the components present, the analyst can input an initial guess for C and/or S in addition to the
previously mentioned inputs. While MCR-ALS is widely used for single dimension
chromatography coupled with mass spectrometry, it is also widely employed for comprehensive
two-dimensional gas chromatography-mass spectrometry, especially when trilinearity conditions
are not met due to long modulation periods, with each second dimension modulated peak
concatenated [11,12]. MCR-ALS is studied extensively in a theory-based simulation investigation

described in Chapter 5.

Parallel Factor Analysis (PARAFAC)

Deconvolution techniques like CLS and MCR-ALS function well for bilinear data.
However, trilinear data generated from GC x GC — TOFMS instrumentation must either be
unfolded and concatenated to become bilinear, or must be deconvoluted using a different

technique. Parallel factor Analysis (PARAFAC) is one such method that can leverage the
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trilinearity of such data. PARAFAC can mathematically decompose the trilinear data into the
individual first dimension and second dimension chromatographic peaks as well as extract the pure
mass spectral vectors which recreate the original data matrix when multiplied. Mathematically, the

PARAFAC model is described as:

R=%(oriz=1tom Xi®VYi®zi + E (1.6)

where R represents the detected data cube generated from the GC x GC — TOFMS separation.
Each of the n total components is resolved into x, y, and z vectors which represent the 1D, 2D and
mass spectral profiles respectively. Any remaining signal is retained in a residuals matrix, E.
Numerous studies have been published on this technique and the reader is directed to these
excellent resources for more details: PARAFAC [36-39] and an enhanced version called
PARAFAC?2 [40,40,41]. Employing PARAFAC is generally advantageous in cases where the
trilinearity requirement is strictly followed [42,43]. As the signal response diverges from this
criterion, usually due to long modulation periods or sub-optimal separation conditions, the
PARAFAC result diverges from reality. It is also considered best practice for the analyst to create
multiple models of varying numbers of factors and select the model which best represents the data.
PARAFAC was utilized to extract pure spectra from low signal-to-noise analytes for identification

purposes in the process analytical chemistry study discussed in Chapter 4.

1.2.3  Comparative Analyses

Comparative analysis encompasses all the techniques an analyst may employ to classify or sort
data and/or results into useful groupings. In many cases data is collected in a manner where the

classes are predefined as part of the experimental design. For example, a biologist subjects a
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culture of cells to some perturbation while growing an equivalent culture which is not subjected to
this perturbation. This kind of experiment naturally sorts into “control” and “experiment” classes.
In other cases, these kinds of groups may not be known. In both circumstances a variety of
classification and data reduction techniques are available. Generally, all these techniques center
on using sample variance to determine classes or using predefined classes to identify sources of

variance between those classes.

Principal Component Analysis (PCA)

Principal component analysis (PCA\) is a classification method that performs an orthogonal
transformation of possibly correlated variables into a new set of linearly uncorrelated variables
known as principal components. The goal of PCA is to reduce the dimensionality of data sets with
many variables such that the first few principal components describe the most variation of the
original variables.

PCA is done by performing eigenvalue decomposition on the covariance matrix of the

mean-centered data using singular value decomposition (SVD). This can be written:

X=TDPT+E (1.7)

Where X is the data matrix with m rows and n columns, with m equal to the number of samples
and n equal to the number of variables. T is the matrix whose columns consist of the scores vectors,
ti, and PT is the matrix whose rows are loadings vectors, p'i. D is the diagonal matrix with the
diagonal elements equal to the square roots of the eigenvalues of XX, and E is the matrix of
residuals. Each eigenvalue is equal to the variance in the data set associated with its corresponding

eigenvector, or loadings vector p'i. The eigenvalues are ranked from greatest to least, with the
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greatest eigenvalue corresponding to the first principal component of the model. The scores vectors
in T describe the relationship between the samples in the original data and the loadings vectors in
PT describe the relationship between the variables in the original data set. It is worth noting that
when viewing the plots formed by the scores and loadings matrices, it is meaningless to view the
scores plots without the loadings plots and vice versa as they both describe important aspects of
the original data matrix, X.

PCA is a popular chemometric method utilized not just in chemistry, but also in geology,
statistics, electrical engineering, and medicine, to name a few [44-46]. We direct the readers
interested in more about PCA to some very thorough reviews [22,44,47] and some interesting
applications [48-53]. In the context of capillary chromatography, most often, PCA is performed
on the pure, deconvoluted mass spectra of various samples; one-dimensional chromatograms at
single, selective or total ion current mass channels; or on chromatographic signals generated from
PARAFAC. PCA was performed on the purely extracted mass spectra to determine the extent of

stable isotope uptake by metabolites in the investigation described in Chapter 2.

Fisher Ratio (F-ratio) Analysis
The Fisher Ratio (F-ratio) is a simple and useful statistical measurement of the variance

within and between classes or populations. Mathematically, the F-ratio is described as

F —ratio= 2 (1.8)

g2

where variance 1 (o1) is the variance present between the classes and variance 2 (o2) is the sum of
the variance within the classes. F-ratio values can range from zero, where there is no variance

between two sample classes, and infinity, where the magnitude of the F-ratio scales with the
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magnitude of the between class variance relative to the within class variance. Initially described
by Fisher [54], the method is used in supervised, non-targeted analyses, where the experimental
design allows for the arrangement of two populations or classes of samples but the identity of those
components in the samples that distinguish between the samples is unknown.

The tile-based F-ratio method was developed in house as previously described [55,56], and
has been utilized for various class comparisons on complex samples such as acid-altered diesel
fuel [57] and a yeast metabolome [58]. The tile-based F-ratio method aims to find class-
distinguishing chemical features in GC x GC — TOFMS using a novel tiling scheme in order to
avoid the need for 2D alignment. This fast, robust F-ratio method has been able to leverage the
density and complexity of GC x GC — TOFMS data in order to highlight chemical features with
signal ratios as small as 1.06 [55]. The tile-based F-ratio method was employed for the

investigations described in Chapters 3 and 4.

1.3 OVERVIEW OF FOLLOWING CHAPTERS

The following chapters describe the bulk of the investigative research performed over the last
several years. As indicated by the above introduction, they all employ gas chromatography coupled
with mass spectrometry as the instrumental platform for the analysis of complex samples using

advanced chemometrics. A brief abstract of each chapter is provided below.

1.3.1  Chapter 2: Non-targeted determination of 13C-labeling in the Methylobacterium
extorquens AM1 metabolome using the two-dimensional mass cluster method and

principal component analysis

A novel analytical workflow is presented for the analysis of time-dependent *C-labeling of

the metabolites in the methylotrophic bacterium Methylobacterium extorquens AM1 using gas
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chromatography time-of-flight mass spectrometry (GC-TOFMS). Using ¥*C-methanol as the
substrate in a time course experiment, the method aims to provide an accurate determination of the
number of carbons converted to the stable isotope. The method also aims to extract a quantitative
isotopic dilution time course profile for 13C uptake of each metabolite labeled. This workflow
combines both novel and traditional chemometric techniques, including the recently reported two-
dimensional mass cluster plot method (2D m/z cluster plot method) as well as principal component
analysis (PCA). It is hypothesized that the 2D m/z cluster plot method will effectively index all
metabolites present in the sample and deconvolute metabolites at ultra-low chromatographic
resolution (RS = 0.04) as seen previously. Using the pure mass spectra extracted, PCA will be
applied in two ways. Firstly, a PCA model will be created on the first and last time points of the
time course experiment to determine and quantify the extent of 13C uptake. Secondly, a PCA model
will be performed on the full time course in order to quantitatively extract the time course profile
for each metabolite. It is hypothesized that PCA will provide a novel, objective, time-efficient and

quantitative method for the elucidation of *3C incorporation by the metabolites.

1.3.2  Chapter 3: Using ROC Curves to Optimize Discovery-Based Software with
Comprehensive Two-Dimensional Gas Chromatography with Time-of-Flight Mass

Spectrometry

A quantitative approach to optimize implementation of discovery-based software for
comprehensive two-dimensional gas chromatography coupled with time-of-flight mass
spectrometry (GC x GC — TOFMS) is described. The software performs a tile-based Fisher ratio
(F-ratio) analysis, and facilitates a supervised non-targeted analysis based upon the experimental
design to aid in the discovery of analytes with statistically different variances between sample

classes. The quantitative approach for software optimization uses receiver operating characteristic
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(ROC) curves. It is hypothesized that utilizing the area under the curve (AUC) for each ROC curve
will provide a quantitative metric to optimize two key algorithm parameters: the signal-to-noise
ratio (S/N) threshold of the data prior to calculating F-ratios at each m/z mass channel, and the
number of these F-ratios per m/z used to calculate the average F-ratio of a tile. A total of 25
combinations of S/N threshold by number of m/z will be evaluated and compared using this AUC
metric. Fifty analytes were spiked into a diesel fuel at two concentration levels to produce two
sample classes that should in principle produce 50 positive instances in the ROC curves. It is
hypothesized that through the evaluation of these 25 different parameterizations a “sweet spot”
will be determined with a S/N threshold greater than the previously used 3, and a maximum number
of the most chemically selective m/z that is some number fewer than utilizing all m/z above the
S/N threshold in order to avoid using m/z with F-ratio signal due to spurious covariance between
classes. It is the intent of this investigation to find a set of parameters that corresponds to a sizeable
improvement in the discrimination of true positives relative to prior studies. Furthermore,
optimization of these software parameters using this method should not depend upon a priori
determination of the statistically correct number of positive instances in the sample classes. The
AUC metric should be to be suitable for the evaluation of all data analysis methods that utilize the

proper experimental design.

1.3.3  Chapter 4: Application of the optimized tile-based Fisher ratio method to process

analytical chemistry

An application of the non-targeted tile-based Fisher ratio (F-ratio) method to a process
analytical chemistry (PAC) investigation is presented. An industrial polymerization plant
experiencing catalyst yield reduction due to one more unknown molecular poisons provided

samples for analysis via comprehensive two-dimensional gas chromatography coupled with
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time-of-flight mass spectrometry (GC x GC — TOFMS). Solvent samples were taken from two
sampling points: Point I, after the feed tank and before the purification step, and Point II, after
the purification step and before the polymerization process, on various date and times during
“Excellent” polymerization processes. An additional sample was taken from Point II, after
purification, during a “Bad” polymerization process. The solvent samples were analyzed with
two goals in mind: first, to determine the difference between the composition of the solvent
samples taken from Point I and Point II in the “Excellent” campaigns; and secondly, to determine
what in the “Bad” sample might elucidate the cause of the catalyst yield reduction. It is
hypothesized that the first question can be addressed through the application of the previously
published tile-based F-ratio method to elucidate chemical features that differ between the two
sample classes, that is, Point I and Point II. Using the information gleaned from the tile-based F-
ratio method, the “Bad” sample will then be analyzed to determine what components correlated
with the catalyst poison. From these results, it will be inferred that any molecules that appear in
the “Bad” sample campaign at Point II that were otherwise successfully removed via the
purification step prior to Point II in the “Excellent” campaigns were those correlating with the
presence of the catalyst poison. This investigation will likely emphasize the importance of
process analytical chemistry in the industry, and will provide a good argument for the use of on-
line analysis during industrial processes for the rapid elucidation of issues on-site and in real

time.
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134 Chapter 5: Chemometric Resolution Limit...

An extensive theory and simulation-based investigation into the minimum chromatographic
resolution at which a chemometric algorithm can successfully deconvolute coeluting GC-MS
peaks is presented. Assuming that analyte peaks are randomly distributed across the separation
space, a probabilistic description of peak overlap in GC-MS separations is presented. This theory
will outline the probability of chemometric success for a deconvolution algorithm based on the
saturation of the separation. The results of a simulation based study to investigate how the
practical application of a deconvolution algorithm fits with the expected theory will then be
presented. Simulations include the generation of chromatograms including one target analyte and
one interferent analyte at various resolutions and two signal-to-noise levels. Applying, for this
study alone, multivariate curve resolution-alternating least squares (MCR-ALS) as our
chemometric algorithm, it is hypothesized that the minimum resolution at which the algorithm
will successfully deconvolute peaks will be somewhat less than a resolution of 0.3, but greater
than a resolution of 0.1. Once the minimum chemometric resolution is found, the results will be
compared to the probabilistic theory primarily presented and the probability of overlap discussed

based on saturation of the chromatogram.
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Chapter 2. Non-targeted determination of '*C-labeling in the
Methylobacterium extorquens AM1 metabolome using the two-

dimensional mas cluster method and principal component analysis®

2.1 INTRODUCTION

Metabolomics is one of the many "-omics" fields, including proteomics, genomics, and
transcriptomics that are of great interest to researchers that employ analytical chemistry methods
[1]. The term metabolomics encompasses all studies of metabolites, the small molecules that
make up an organism's metabolome and the cellular processes within. The metabolome consists
of a wide variety of molecules, organic and inorganic, of varying sizes, polarities and volatilities
[2,3]. Metabolomics provides a snapshot of the molecular content of a cell at a given moment. To
provide further insight, time course or flux experiments aim to explore the dynamic and ever-
changing nature of cellular metabolites as they move through the metabolic cycles within the
organism. Time course studies provide additional insight into metabolic pathways and enzymatic
activities. These experiments often utilize stable isotopes for labeling (*3C, ®N, 2H, etc.) to
elucidate how concentrations [4], reaction rates [5], or isotopomer distributions [6] change over
time [7].

Methyloacterium extorquens AM1 is a methylotrophic bacteria of great interest for its
possible uses in the production of biofuels, valuable chemicals and catalysts [3]. Like all
methylotrophic bacteria, M. extorquens AM1 is capable of using single carbon sources such as

methane or methanol as its sole carbon source for all of its carbon and energy needs. Although it

! This chapter has been reproduced from B.C. Reaser, S. Yang, B.D. Fitz, B.A. Parsons, M.E.
Lidstrom, and R.E. Synovec Journal of Chromatography A, 1432 (2016) 111-121.
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is one of the most extensively studied methylotrophic bacteria, there exist metabolic cycles in M.
extorquens AM1 that are still not completely understood, making it an ideal system for isotopic
labeling-based time course studies. The pathway-specific rearrangement of molecules in the
metabolome is highlighted through the use of an isotopic tracer, specifically 3C in this study,
facilitating better understanding of the metabolic processes of pathways or enzymes in a system
[7-10]. For M. extorquens AM1, *C-labeled methanol is incorporated by metabolites in the 0 to
60 minute time frame, constituting the time course of our investigation.

The complex nature of the samples in time-dependent studies of the metabolome requires
powerful analytical tools that can differentiate between stable isotopes, such as nuclear magnetic
resonance (NMR) and mass spectrometry (MS) [9]. MS is often coupled with a separation
technique, usually liquid chromatography (LC) [11] or gas chromatography (GC) [12,13]. GC-
MS is one of the more popular analytical tools for complex samples such as those seen in
metabolomics studies [10,14,15]. GC offers the ability to separate volatile and semi-volatile
analytes in complex samples for better structural elucidation via the unique fragmentation pattern
of MS with electron impact ionization [16—18]. Chemical derivatization is often required to make
non-volatile metabolites ready for GC analysis [19]. Time-of-flight mass spectrometry (TOFMS)
is an especially effective detector for GC due to the high acquisition rate (100-500 spectra/s),
which allows for better deconvolution and analysis of chromatographically overlapped peaks
[20].

Due to the significant data density that results from the use of GC-TOFMS as an
instrumental platform, many analytical investigations employ chemometrics, which utilizes
mathematics to extract useful information from complex data sets [21]. Commercial software

packages are available to implement chemometric techniques for interpretation of complex data
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sets, including software specifically for the analysis of metabolomics data [12,22,23]. Most of
these software packages focus on non-targeted alignment and deconvolution or identification of
metabolites in the data set, but many exist as “black boxes” allowing little room for input or
interpretation by the researcher. Despite the prevalence of available software, the use of advanced
chemometrics is limited in metabolomics. Use of GC-TOFMS for metabolomics studies,
especially the use of stable isotope labeling for time course investigations, should provide several
challenges for the analysis of the complex data sets. These challenges include large amounts of
data, excessive chromatographic peak overlap, and difficulty in accurate extraction of pure mass
spectra for identification of metabolites of interest. In order to successfully extract pure mass
spectra, accurate deconvolution of coeluting metabolites is required. Many software packages
provide deconvolution steps, but few explain how the deconvolution is mathematically performed
or at what chromatographic resolution the algorithm fails. Deconvolution of coeluting/overlapped
analytes down to a chromatographic resolution, Rs, of 0.1 has previously been obtained using
advanced chemometrics in [10], however analytes elute at even lower chromatographic resolution
with the extreme case of complete overlap. The challenge of coelution as it exists in time-
dependent 3C-labeling experiments requires chemometric deconvolution at a lower resolution
for a multiplicity of samples (various time points and injection replicates) using less cumbersome
but equally robust chemometric techniques, even in especially challenging examples, when more
than two metabolites coelute. Successful identification of stable isotope incorporation (or lack
thereof) adds an additional challenge. Few mass spectral databases include libraries for
isotopically labeled metabolites for mass spectral matching, compounding the already difficult
task of studying the hundreds of metabolites that have yet to be identified. Without a library, other

methods must be proposed for the accurate identification of metabolites that have incorporated

29



the stable isotope over metabolites that have not. A successful time-dependent stable isotope
labeling experiment would ideally address all of these challenges by incorporating the following
into the overall method: (1) metabolite retention time indexing, (2) deconvolution of coeluting
peaks, (3) extraction and normalization of pure mass spectra, (4) identification of metabolites that
fully incorporated the stable isotope over the time course, (5) identification of the number of
carbon atoms in these metabolites that became isotopically labeled, and (6) quantitative
determination and visualization of the time course profile of the *C-labeled uptake of the
metabolite over the time course. Metabolomics investigations use common practices that can
become tedious when the researcher is faced with large data sets. Typically, mass spectra from
labeled and unlabeled metabolites are plotted head-to-tail so an analyst may visually determine
whether the metabolite was labeled or remained unlabeled. The analyst often must visually
determine which mass channels (m/z) demonstrate the metabolite’s isotopic uptake, and plot the
intensity of these m/z individually in order to visualize the kinetic profile of the time course. This
process can be arduous and subjective when metabolites are fragmented during MS detection and
can show various different isotopomer distributions throughout the mass spectrum. The
information from these isotopomer distributions can be readily misinterpreted, leading to an
inaccurate determination and visualization of the time course (or isotopic dilution) profile and
errant conclusions regarding the number of atoms labeled in the metabolite.

Many metabolomics studies, whether or not they involve stable isotope labeling, consider
one or more of the analytical challenges outlined above [2,6,10,14,22,24]. Non-targeted
identification of isotopically labeled metabolites [6,14] and quantification of isotopic
incorporation [14], signal [10], and flux [6] have been performed on various data sets to study

complex metabolomes. The current study reported herein aims to address the challenges noted
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above while integrating and improving upon important aspects of previous studies, including
improved deconvolution of coeluting metabolites [10], and the use of principal component analysis
PCA to provide key aspects to the analytical method workflow.

Principal component analysis (PCA) is a popular chemometric tool [25] used extensively
in many investigations of complex samples, including classification of gasoline [26], chemical
forensics of nerve agents [16], species differentiation of tree oils [27], and metabolomics [2]. PCA
is a valuable tool for mathematically separating classes of data, visualized in the scores plot, and
the loadings plots are often used to provide complementary information to chemically interpret the
basis of any observed class separations in the scores plot. PCA is often used in metabolomics, less
often for the quantitative information provided by linear algebra, and more often as a visualization
tool to separate classes of samples in studies of disease state [28], food decay [28,29], species or
strain identification [2,30], and growth condition [2]. However, few studies utilize PCA to
elucidate time course information [2,24] when chemical systems in flux would provide a
compelling data set for the use of such a chemometric tool. For example, PCA loadings have been
used to elucidate changes in metabolite concentrations in cacao beans in order to quantify the time
course decay profile over several days [24].

We hypothesize that the quantitative benefits of PCA have yet to be fully exploited in
studies using time-dependent *C-labeling. The scores plots from PCA can be used to
quantitatively indicate whether or not a metabolite has been labeled over time course, eliminating
the subjectivity of an analyst deciding by individually plotting each metabolite head-to-tail. The
PCA loadings can also elucidate how many carbon atoms per metabolite have become 3C-labeled.
The PCA scores can also be readily used to quantitatively generate the profile of the time course

for 13C uptake, a calculation that was previously obtained from manually (i.e, generally
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subjectively) determining the correct m/z to plot the mass spectral information of a metabolite’s
time course profile [7,14,31].

We report an analytical methodology, outlined in Figure 2.1, that provides a novel, non-
targeted, time-dependent 3C-labeling of the methylotrophic bacterium M. extorquens AM1, and,
in general, provides a high throughput analytical platform that may be more attractive than
previously reported methods for $3C-labeling time course investigations. A complex GC-TOFMS
data set, with many metabolites at a low signal-to-noise ratio (S/N) was studied in order to
challenge the proposed method for proof-of-principle demonstration of overcoming difficulties in
detecting and identifying metabolites. Our method starts with the non-targeted indexing of the
retention time of every detectable metabolite in the chromatogram of M. extorquens AM1.
Overlapped metabolites are deconvoluted, and the pure mass spectra are extracted and normalized
for input into PCA. We previously reported the development of a novel data reduction and
representation method for GC-TOFMS that significantly facilitates visualization and analyte peak
deconvolution, referred to as the two-dimensional mass channel (m/z) cluster plot method (2D m/z
cluster plot method) [32]. The 2D m/z cluster plot method provides an accurate and validated
determination of the number of analytes (i.e., metabolites) in overlapped peak situations followed
by quantitative deconvolution down to a chromatographic resolution of Rs ~ 0.03 [32], which is
significantly better than typical deconvolution software [10,33]. After mass spectra are extracted
via application of the 2D m/z cluster method, PCA is subsequently employed on the first (fully
unlabeled) and last (fully *3C-labeled) time points of the time course as a diagnostic tool for the
determination of the extent, or lack thereof, of 13C incorporation by each metabolite over the time
course. A quantitative metric is implemented from the information gleaned from this primary PCA

model to provide statistical insight into stable isotope incorporation. A second PCA model is then
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performed including all time points in the time course of the GC-TOFMS data set to quantitatively

determine 13C labeling profiles of all metabolites, whether or not they incorporated the $3C label.

Sample Prep and Time Course Experiment

h
GC-TOFMS

Y
2D m/z Cluster Plot Method

h 4
Identify Cluster Centers and Index

//’1\.

Pure Re-indexed Deconvoluted
Y h 4 Y
Average 21 Spectra Across Center of Index Take Pure Spectrum

\‘L/

Baseline Correct and Normalize Spectra

Y
PCA on 0 min versus 70 min

Y
DCS Calculation

A

Not Changing Changing
v \!
PCA on Full Time Course Carbon Count

Figure 2.1. A flowchart of the novel method workflow used for the analysis of the
time-dependent *C-labeling of Methylobacterium extorquens AM1.
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2.2 EXPERIMENTAL

221 Standards

A standards mix of metabolites of biochemical interest was created using *2C (naturally abundant)
metabolites derivatized for GC-TOFMS analysis, listed in Table 1. Analytical grade metabolite

standards for the mix were obtained from Sigma (St. Louis, MO, USA).

2.2.2  Batch growth conditions of M. extorquens AM1

The sample preparation for the time course experiment proceeded as follows (Fig. 1). M.
extorquens AML1 (rifamycin-resistant strain) was grown in liquid batch cultures in a minimal
medium, as previously described [13]. 120 mM of either *2C (natural abundance) methanol or 3C-
labeled methanol was used as the sole carbon source, both at 99% purity, purchased from Sigma
(St. Louis, MO, USA). In the middle of the exponential phase (ODeoo = 0.60 to 0.70), 10 ml of the
culture was extracted and rapidly passed through a membrane filter (S-Pak™ | Millipore, Billerica,
MA, USA) using a pipette. The filter was immediately removed and placed on an agar plate of the
same medium with 2C-methanol for 20 min, and then transferred to another agar plate with the
same concentration of 13C-methanol. At six time points (0, 3, 6, 15 35, 70 min) for the time course
experiment, replicates of the filter were immediately transferred to a petri dish located on the
surface of a Cool Beans Chill Bucket™ (ISCBioexpress, Kaysville, UT, USA) at 5°C. To collect
cells, the following three sequential rinse solutions were applied: (i) 0.5 mL of 25 mM ice cold
HEPES buffer (pH 5.2), (ii) 0.5 ml of 20 °C ethanol solution (75/25,v/v, ethanol/aqueous 25 mM
HEPES buffer, (pH 5.2), and (iii) 1.5 ml of 20 °C ethanol. The resulting solution was transferred

to a pre-cooled tube and stored in a -80°C freezer until it was ready for subsequent extractions.
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2.2.3  Preparation of metabolites in M. extorquens AM1

Extraction of metabolites from M. extorquens AM1 samples was carried out as previously
published [11]. Briefly, samples were incubated in a 100 °C water bath for 3 min. The extracted
cell suspension was cooled on ice for 5 min, and then cell debris was removed by centrifugation
at 5,000 RPM for 5 min. The cell-free metabolite extract was centrifuged at14,000 RPM for 8 min.
The supernatant was dried in a vacuum centrifuge (CentriVap®Concentrator System, Labconco,
MO, USA) and stored at -80 °C. For GC-TOFMS analysis, each sample was further derivatized in
two steps. First, keto groups were methoximated by adding 50 pl of methoxyamine solution (25
mg/ml methoxyamine hydrochloride in pyridine) and incubated at 60 °C for 30 min. Second,
trimethylsilylation was performed by adding 50 pl of a TMS reagent (BSTFA/TMCS, 99:1) and

incubated at 30 °C for 90 min.

2.24  GC-TOFMS analysis of metabolites

All GC-TOFMS data were collected using an Agilent 6890N GC (Agilent Technologies,
Palo Alto, CA, USA) with a LECO Pegasus Il TOFMS as the detector (LECO, St. Joseph, Ml,
USA). The GC column was a nonpolar BPX-5 (29.9 m x 0.25 mm x 1.0 pm film, SGE Inc., Austin,
TX, USA). Ultra-high purity helium (Grade 5, 99.999%) was used as the carrier gas (Praxair,
Seattle, WA, USA) at a constant flow of 1.5 ml/min, and 1 pl of a given sample was injected via
an Agilent 7683 autosampler. All metabolite standards mix samples were injected with a 9:1 split
to avoid chromatographic overloading, and all bacteria samples were injected in split-less mode.
The GC oven method began at 60 °C with a hold time of 1.25 min after which it was ramped at a
rate of 30 °C/min to 280 °C with a hold of 5 min. The ion source was set to 250 °C while the inlet
temperature and transfer line were set to 280 °C. After an acquisition delay of 4 min, mass spectra
were collected from m/z 50 to 600 at a rate of 100 spectra/s.
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2.2.5  Application of the 2D m/z cluster plot method

GC-TOFMS data were imported from the instrument software (ChromaTOF, version 3.32,
LECO, St. Joseph, MI, USA) into MATLAB R2012b (Mathworks, Natick, MA, USA) using an
in-house software (peg2mat3p8) [34]. Replicates of the standards mix were baseline corrected and
smoothed using a Savitzky-Golay filter with a span of 39 spectra (0.39 s) and a third degree
polynomial. The mass spectra of the metabolite standards were extracted and averaged. These were
imported into MS Search 2.0 (NIST, Gaithersburg, MD, USA) and matched to library entries. A
custom library was created from the standards for mass spectral matching to corresponding
metabolite peaks detected in the time course experiment.

Three replicate chromatograms per time point of the time course were aligned using total
ion current (TIC) shift function retention time alignment [35]. After alignment, the data were
analyzed using the method workflow outlined in Figure 2.1. The 2D m/z cluster plot method was
used to determine the locations of the metabolites, both pure and overlapped, and to deconvolute
the latter as previously described by Fitz, et al [32]. The 2D m/z cluster plot method takes a
previously baseline corrected and smoothed GC-TOFMS chromatogram and, for each m/z of each
metabolite peak, measures the peak location, tr, and the peak width, W, with 10 ms precision in
each dimension (retention time and peak width). The data are then plotted, W versus tr, in a 2D
scatter plot (one point per each m/z), with each data point occupying a 10 ms x 10 ms square as
shown in Figure 2.2(A). Here, a single square can represent one or more m/z depending on its
color: 1 m/z, gray; 2 m/z, black; 3 m/z, green; 4+ m/z, red, with the increased frequency given by
the colors indicating a location of selective m/z corresponding to a pure analyte. Thus, each analyte
peak is viewed as a “mass cluster” or collection of selective mass channels plotted on the W versus

tr axis as in Figure 2.2 (A) and (B). A signal threshold of 50 was applied at each m/z, corresponding
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to a S/N of 3. A 70 ms x 50 ms “cluster box” was used to determine the selective m/z for each
analyte present in the cluster plot. Pure analyte mass clusters are those which correspond to a pure
metabolite peak whose spectrum is taken from the center of the cluster, like the first peak in Figure
2.2(A), where one cluster appears below the chromatographic peak. Re-indexed mass clusters are
partially overlapped with a neighboring metabolite or interferent peak and therefore require their
spectrum be taken from a region corresponding to a sufficiently pure region of the chromatographic
peak. An example of two metabolites requiring re-indexing is the second peak in Figure 2.2(A)
where two mass clusters appear below a single chromatographic peak. Convoluted mass clusters
are those in which two or more metabolites (or interferents) are sufficiently overlapped and require
deconvolution via Classical Least Squares (CLS) for extraction of the mass spectra. A more
thorough description of the classification and indexing or re-indexing of the mass clusters is

described in Section 2.2.6.
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Figure 2.2. Demonstration of the 2D m/z cluster plot method
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2.2.6  Classification and re-indexing of mass clusters

Every identified mass cluster was classed as a “pure” mass cluster, a “re-indexed” mass
cluster, or a “deconvoluted” mass cluster. The classification of each mass cluster was dictated by
the proximity of an adjacent cluster as defined by chromatographic resolution:

Ry = it 1)

Where Rs is the chromatographic resolution between two adjacent analytes, tro is the
retention time of the later eluting analyte, tr: is the retention time of the earlier eluting analyte and
w,, is the average width at base of the two analyte peaks. The average peak width is defined as 4o
or +2¢ from the center of the cluster. The average peak width for our data set was 2.0 s, yielding
an ¢ of 0.5 s. Pure mass clusters were defined as those mass clusters that were at least 1.5 s away
from both adjacent mass clusters. A difference of 1.5 s corresponds to Rs = 0.75, where the
interfering mass cluster is at least 36 away from the analyte mass cluster. This means for the
analyte mass cluster, the interferent’s mass spectrum is 1.11% of its maximum or less at the analyte
mass cluster’s maximum intensity, providing a minimal interference to the mass spectrum of
interest. For these pure mass clusters, the mass spectrum was extracted from averaging 21 spectra
across the middle of the mass cluster, which is equivalent to 21 spectra or 0.21 s across the top of
the pure chromatographic peak. Mass clusters that were less than 1.5 s away from an adjacent
cluster as seen in Figure 2.3 (A) and (B) were evaluated for re-indexing, whereby a pure mass
spectrum was taken from a pure portion of the analyte elution profile. Re-indexing was effective
if the mass spectrum could be extracted from a new “center” that was 1.5 s away from the
interferent mass cluster center but not more than 1.0 s away from the original analyte cluster center.

This ensures that the interferent mass spectral intensity was no more than 1.11% of its maximum,

38



but the analyte mass spectrum was no more than 2o away from the original mass cluster center,
thus having no less than 13.5% of its peak maximum intensity, as seen in Figure 2.3(B). Here, 5-
oxoproline (blue) is only 0.66 s from its interferent (red). The interferent is thus contributing almost
60% of its maximum mass spectral intensity to the mass spectrum of 5-oxoproline at the original
cluster location, causing considerable convolution. However, if the mass cluster centers are “re-
indexed” 0.84 s in opposing directions, a purer spectrum can be obtained from both analyte and
interferent without the need for full deconvolution. This is demonstrated in Figure 2.3(C), which
shows the re-indexed locations (marked by black dashed lines) from where the spectra are
extracted, at least 1.5 s from the original interferent cluster center (marked by gray dashed lines)
and now 2.34 s from each other. This ensures that the mass spectral intensity of the interferent is
1.11% or less of its peak maximum intensity at the new index location, while the intensity of the
analyte of interest still remains high (in this case about 24% of its peak maximum intensity, but in
all cases at least 13.7% of its peak maximum intensity). Re-indexing increases the resolution
between the two new analyte indexes and minimizes the contribution of the mass spectrum from
adjacent analytes or interferents. As with pure clusters, the mass spectra of re-indexed clusters are
taken as the average of 21 spectra or 0.21s across the center of the re-indexed cluster. Finally, for
mass clusters that were less than 1.5 s away from an adjacent mass cluster and could not be re-
indexed, the mass cluster was designated as requiring deconvolution (i.e., deconvoluted mass
cluster) and classical least squares (CLS) deconvolution was utilized via the 2D m/z cluster method
to extract the pure mass spectrum for analysis. The location at which the mass spectrum was
extracted, whether pure, re-indexed or deconvoluted, is referred to as the index of the metabolite

and is included in Table 2-2.
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Figure 2.3. Visualization of the re-indexing process
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Once extracted, the mass spectra (m/z 100-300, excluding m/z 73, and 146-148 so as to
exclude peaks coming from the derivatization reagent) for all metabolites were baseline subtracted
and normalized prior to analysis using PCA using PLS Toolbox 7.3.1. (Eigenvector Research, Inc.,
Wenatchee, WA, USA). As seen in Figure 2.4(A), the raw mass spectrum of 5-oxoproline is highly
noisy. This makes finding time-dependent $3C-labeling trends difficult, especially at higher m/z
where the parent ion peak would be found. The signal intensity of a small noise region of the mass
spectrum (m/z=350-400) was averaged and subsequently subtracted from the entire mass spectrum.
The m/z desired for analysis (m/z=100-145, 149-300) were then normalized to the total signal of
all summed mass channels. This was performed for every mass spectrum extracted prior to PCA
analysis. Figure 2.4(B) shows the baseline corrected and normalized mass spectrum of 5-
oxoproline with the noise greatly reduced and important mass channels clearly represented. The
comparison between raw mass spectrum and baseline corrected and normalized mass spectrum is

shown also for the unidentified interferent to 5-oxoproline in Figure 2.5 (A) and (B), respectively.
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Figure 2.5. Mass spectrum of unknown interferent of 5-oxoproline (A) before and (B)
after baseline correction and normalization.

Finally, after baseline subtraction, two PCA models were constructed, serving as vital steps
in the method workflow outlined in Figure 2.1, denoted as “PCA on 0 min versus 70 min” and
“PCA on Time Course,” respectively. The first PCA step provided an accurate determination of
the presence or absence of !3C incorporation over the time course and, in the former, a
straightforward method for determining the number of isotopically labeled carbon atoms. The
second PCA step provided time course profiles of the 3C labeled metabolites. For PCA on 0 min
versus 70 min, baseline corrected and normalized mass spectra from the initial (0 min) and final
(70 min) time points of the injection replicates of the time course were input to PCA for modeling.
From the scores of the PCA model, a quantitative metric, degree-of-class separation (DCS)
[27,36], was calculated for each metabolite (as indexed by its mass cluster). Based upon the DCS
value, each metabolite was then classed as “changing,” indicating 13C uptake by the metabolite, or

“not changing,” indicating the lack of detectable *C uptake. Finally, in the PCA on Time Course
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model step of the analysis, the mass spectra from the full time course (0, 3, 6, 15, 35, and 70 min)

of each metabolite were input into PCA to obtain time course profiles for each metabolite.

2.3 RESULTS AND DISCUSSION

231

Metabolite standards and M. extorquens AM1 chromatograms

A full chromatogram of the metabolite standards is provided Figure 2.6(A), with each

standard peak numbered in the zoom view in
Figure 2.6(B). The peak number, retention time,
and mass spectral match value (NIST library,
unless otherwise indicated) for each metabolite
standard are summarized in Table 2-1.
Additionally, the analyte number (far right
column in Table 2-1) corresponds to the peak
number location of each standard in the target
chromatogram of the time course on M.
extorquens AM1 (details of peak number
labeling are provided below in the indexing
section). The target chromatogram, to which all
other chromatograms were aligned, is shown in
Figure 2.7, which shows the complexity of the
bacterial sample, low S/N and obvious overlap

of many chromatographic peaks. It is this

complexity of the bacteria separations that

Table 2-1: Table of metabolite standards.

Peak Metabolite Analyte|
# Standard LOMV | #
1 |Pyruvate 320.0/1952*| 43
2 [Lactate 321.0{ 6617 | 44
3 |Alanine 338.0| 885 52
4 |Oxalate 347.0( 918 59
5 [3-Hydroxybutyrate|357.0| 903 63
6 [Methylmalonate |376.0] 892
7 |Valine 377.0| 869 70
8 |Leucine 393.0| 827 65
9 |Ethylmalonate 396.5| 884
10 (Isoleucine 401.0| 844
11 [Threonine 403.5( 874 80
12 |Proline 408.0| 722
13 [Glycine 408.0( 746 82
14 [Succinate 408.01538*| 83
15 |Glycerate 408.0
16 [Methylsuccinate |411.0( 898 85
17 |Serine 417.0( 844
18 |Fumarate 418.0] 861 88
19 [Methylmaleate 432.0] 908
20 [|Malate 452.5| 861 102
21 |Methionine 470.0| 848
22 [5-Oxoproline 474.0( 846 | 112
23 [Phenylalanine 500.5( 852
24 [[socitrate 532.5( 777
25 |[Citrate 534.0| 802 | 135




inspired the development and use of the proposed method workflow (provided in Figure 2.1) for
the non-targeted discovery of metabolites that incorporate *C over the time course. The overall
procedure includes the 2D m/z cluster plot method, a novel visualization and deconvolution
software developed in-house. The following section describes the application of the 2D m/z cluster
plot method to accurately extract all of the metabolite mass spectra with sufficient signal from the

GC-TOFMS data down to a chromatographic resolution of Rs ~ 0.04.
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Figure 2.6. (A) Total ion current (TIC) chromatogram of metabolite standards; (B) with
each standard peak numbered as in Table 1.
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Figure 2.7. TIC chromatogram of M. extorquens AML1.
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2.3.2  Non-targeted metabolite indexing and spectra extraction for M. extorquens AM1
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Figure 2.8. Mass cluster plot with pure (black), re-indexed (green)
and deconvoluted (red) clusters.

Mass clusters (i.e., analyte peak center locations) in the GC-TOFMS separations were
identified using the 2D m/z cluster method, in which peak width W is plotted versus the retention
time, tr, and further indexed according to the retention time center of the pure m/z. They were then
classified into one of three groups: pure mass clusters, re-indexed mass clusters, or deconvoluted
mass clusters, as discussed in Section 2.2.6. A single rectangle in Figure 2.8 represents one pure
mass cluster as defined by the cluster box, including multiple selective m/z. Due to the dimensions
of the axes in Figure 2.8, the singular rectangles representing individual analytes appear as vertical
lines along the peak width W dimension. A pure mass cluster, represented by a black rectangular
line in Figure 2.8, corresponds to a pure metabolite peak whose spectrum is taken from the center
of the cluster. A re-indexed mass cluster, represented by a green rectangular line in Figure 2.8
corresponds to a metabolite peak partially overlapped with a neighboring metabolite or interferent
peak and therefore required its spectrum be taken from a region corresponding to a sufficiently
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pure region of the chromatographic peak, with the process described in Figure 2.3. A convoluted
mass cluster, represented by a red rectangular line in Figure 2.8, indicates two or more metabolites
(or interferents) are sufficiently overlapped and required deconvolution via classical least squares
(CLYS) for extraction of the mass spectra.

The 2D m/z cluster plot method provides visualization of the 1D GC-TOFMS data in two
dimensions, and ultimately facilitates extraction of the pure mass spectra. In Figure 2.8, the
separation between mass clusters is not only present in the retention time tr dimension, but also in
the peak width W dimension. An advantage of the method is that it optimizes the number of
metabolites found and successfully analyzed, which is a direct consequence of the ability to
identify and resolve analytes to an extremely low Rs ~ 0.04 (i.e., overlapped peaks that differ in
retention time of only 4% of their peak width at base). The mass cluster provides a highly precise
and accurate metabolite retention time index, as many metabolites, and therefore many mass
clusters, can be clearly identified within the retention time span of one chromatographic peak
width. Therefore, the number of mass clusters is a much better estimate of the number of
metabolites since the chromatographic resolution in the mass cluster space is ~ 25 times better than
in the original chromatogram at unit resolution, Rs = 1.0. Additionally, most peak finders fail to
resolve peaks at a chromatographic resolution, Rs < 0.5. Indeed, while only 101 chromatographic
peaks were counted in the TIC chromatogram in Figure 2.7, 152 mass clusters were counted in the
2D m/z cluster plot in Figure 2.8 (with more details provided in Table 2-2). Several of the
metabolites coelute at very low Rs, and appear as a single chromatographic peak in the TIC
chromatogram. Differences in peak width due to peak overlap or chromatographic-dependent band
broadening differences cause some mass clusters to appear higher in the 2D scatter plot than others

due to their larger peak widths, as seen in Figure 2.8.
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Table 2-2 summarizes all of the mass clusters identified in the chromatogram of M.
extorquens AM1. This table includes the analyte number, retention time, and index. The analyte
number is sequential based on retention time, and the index is the location in time of the center of
the mass cluster as determined by the 2D m/z cluster plot method. The white boxes are pure clusters
(i.e., chromatographic resolved analytes), the green are re-indexed analytes (and therefore have an
index referring to the re-indexed location of the center from which the mass spectrum was taken)
and the red boxes are those analyte clusters that were deconvoluted using CLS. The analyte number
in Table 2-2 also corresponds to the analyte number in the last column of Table 2-1, the table of

standards, identifying where in the chromatogram the standards elute.
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Table 2-2: Summary table of all 152 mass clusters discovered via the 2D m/z cluster method
with their retention time index highlighted according to whether they were “pure” (no highlight),
“re-indexed” (green), or “deconvoluted” (red) as in Figure 2.8. Mass cluster plot with pure
(black), re-indexed (green) and deconvoluted (red) clusters.

Number | tr(s) | Index(s) Number | tr(s) | Index(s) Number | tr(s) | Index (s)
1 256.4 36 | 306.2| 306.28 71 [ 3800 | 380.16
2 257.8 | 257.29 37 [307.3] 30691 72 | 3838 | 38375
3 257.8 | 257.49 38 [307.3] 307.30 73 | 3838 | 383.94
4 | 2578 | 257.74 39 [312.6] 312.03 74 [ 388.7 | 386.70
5 259.0 | 258.21 40 [312.6] 31235 75 | 3886 | 388.60
6 259.0 | 258.94 41 [312.6]| 313.10 76 | 391.3 | 391.16
7 259.0 | 258.98 42 |317.8] 317.82 77 | 3953 | 395.64
8 259.0 43 | 3214 - 78 | 397.1| 397.30
9 263.3 44 3214 79 [ 3996 | 399.74
10 | 2653 45 [ 323.7] 32365 80 | 403.1 | 403.10
11 | 2653 46 [323.7| 326.30 81 | 407.5 405910
12 [ 2732 47 | 327.8] 32781 82 | 4075 | 407.41
13 | 2795 48 | 3295 - 83 | 4075 | 40750
14 [ 2811 49 3305 84 | 4093
15 | 2811 50 [330.5| 33453 85 | 4106
16 | 286.7 | 286.64 51 |337.6| 337.40 86 | 412.0
17 | 286.7 | 286.80 52 |337.6| 337.68 87 | 4137
18 | 286.7 | 286.86 53 [337.6] 340.28 88 | 4173
19 | 2867 | 286.93 54 [341.8] 34179 89 | 4173
20 | 286.7 | 287.35 55 | 3418 - 90 | 4214
21 | 288.1| 288.05 56 | 341.8 91 | 4214
22 | 288.1| 288.26 57 [350.0| 350.00 92 | 4247 | 42467
23 | 288.1 [1N280N6 58 | 350.0 | 350.11 93 | 4283 | 42841
24 [ 2918 29177 59 [351.9] 35193 94 | 430.3 | 429.95
25 | 2938 | 29356 60 |351.9] 352.00 95 | 430.3 | 43043
26 | 295.1 | 295.07 61 |353.7| 354.42 96 | 430.3 | 431.20
27 | 2951 | 295.87 62 |356.1| 355.91 97 | 4341
28 | 297.4 | 297.36 63 | 356.1| 356.04 98 | 4341
29 [ 2998 | 299.87 64 |358.3| 35824 99 [ 4341
30 | 3045 | 300.20 65 |361.7| 36154 100 | 4419 | 441.92
31 | 3045 (G024 66 |361.7 | 361.64 101 [447.1[ 446.96
32 | 3045 | 303.64 67 |3645| 364.42 102 | 4521 | 452.05
33 | 3045 | 30457 68 | 367.8| 367.80 103 | 456.6 | 456.23
34 | 3045 | 304.93 69 |374.0] 373.99 104 | 456.6 | 456.52
35 | 3045 | 305.34 70 |375.7] 375.70 105 | 456.6 | 456.76
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Number | tr(s) Number | tr(s) Index (s)
106 458.9 141 551.1 551.03
107 460.4 142 551.1 551.13
108 462.5 462.21 143 554.9
109 462.5 462.80 144 554.9
110 471.0 145 561.9 561.81
111 471.0 146 593.8 593.81
112 473.8 147 600.3 600.32
113 473.8 148 612.2 612.00
114 478.2 149 664.3 663.93
115 478.2 150 737.3 731.12
116 478.2 151 743.7 743.48
117 479.9 152 784.1 784.20
118 483.3
119 487.2
120 488.9
121 490.9
122 495.8
123 498.2
124 502.2
125 509.3
126 517.1
127 520.4
128 520.4
129 520.4
130 523.8
131 523.8
132 523.8
133 528.3
134 533.6
135 533.6
136 536.6
137 536.6
138 538.5
139 541.0
140 543.2
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2.3.3  Principal component analysis to assess **C incorporation for M. extorquens AM1

In order to assess whether or not a metabolite incorporated *C during the time course, PCA
on the 0 min versus 70 min mass spectra was performed. The two time point extremes, 0 min
versus 70 min, have been determined to be sufficient to provide the “fully unlabeled” and “fully
labeled” states, respectively, for all of the metabolites for M. extorquens AM1 [10,14]. The PC2
versus PC1 scores plot of 5-oxoproline, provided in Figure 2.9, is a representative metabolite to
demonstrate this stage of the method workflow in Figure 2.1. Although 5-oxoproline is not
expected as a natural metabolite in the methylotrophic bacterium investigated, it can originate as
a breakdown product of glutamine and can also be generated enzymatically as a bona fide
metabolite [37]. The PCA scores plot for 5-oxoproline demonstrates how the two classes, 0 min
(red triangles) and 70 min (green asterisks), separate from each other on PC1, which contains
99.97% of the variance between the data sets. As the only difference between the sample classes
is the time exposed to the 1*C-methanol, the variance is attributable to changes in the mass spectra

that occur as the metabolite incorporates *C over time.

50



WO min #70 min_

- -

_——— ==

(0.03%)
N
S

N
o
o

1
N
o o
o

¥* ek
4

A
o
S

-DCS=,5:I‘T§‘4:"*~—~---—"
-3 -2 _‘] 0 1 3
Scores on PC 1 (99.97%) x10*

Figure 2.9. PCA Scores plot of 5-oxoproline.
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Examination of the loadings plot for PC1 of the PCA model of 5-oxoproline is provided in
Figure 2.10(A). Here, there is an obvious shift in the PC1 loadings intensity from positive to
negative as 13C is incorporated at various variables (i.e., the m/z). The TMS-derivatized molecular
weight of 5-oxoproline is 273 amu. The intensity of higher m/z fragments is often too low for
analysis due to the use of electron impact ionization (El) with the TOFMS. Thus, for most
metabolites in this study, the focus is on the M-15 fragment, which corresponds to a loss of a
methyl group from one of the TMS groups [38]. For TMS derivatized 5-oxoproline, the M-15 peak
iIs m/z =258. A shift in intensity and sign from m/z = 258 to m/z = 263 in Figure 2.10(A) indicates
an incorporation of five 3C molecules, and, in fact, 5-oxoproline has that many carbons in its
backbone. This loadings plot can be compared to the traditionally applied head-to-tail plot as
provided in Figure 2.10(B), which shows the 0 min and 70 min mass spectra before PCA. The
same mass channel range, m/z = 258 to m/z = 263, shows a shift in intensity from 2C (red, positive)
to 13C (blue, negative), as in the loadings plot. Additionally, the comparison of the loadings and
the head-to-tail plots highlights how PCA maximizes differences and minimizes similarities, as
mass channels that are unchanged between the two samples are nearly invisible in the loadings
plot. Even though 5-oxoproline was a representative metabolite, all metabolites classified as
changing were interpolated in the same way, and it was found that the PCA method presented
provided a direct means of determining the number 3C atoms incorporated. Other metabolite
examples are presented on the next page. To avoid analyst intervention to identify the number of
13C atoms, a method to survey the metabolites quickly and reduce the number of loadings plots

investigated was incorporated into the method, which is presented next.
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Figure 2.11. (A) PCA loadings plot; and (B) head-to-tail plot of lactate (DCS = 0.7)
showing no incorporation of the **C during the time course.

0.8 A 0.04
06 o
2
©0.4 -0.0
gOZ 214 216 218
SN Ml
— 0 i . et
Q
$20.2
-0.4
100 150 __ 200 250 300
Variable

8

> 0.4

z 1B ;

c

24 04

c 214 216 218
2

o

N OM—L——J[ Aot

©

g -2

o . B O min

Z Il 70min
100 150 200 250 300

m/z

Figure 2.12. (A) PCA loadings plot; and (B) head-to-tail plot of putrescine (DCS =44.1)
showing successful incorporation of 3C in all 4 carbons in the backbone of the molecule.
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In order to readily survey the 152 mass clusters (i.e., metabolites and reagent peaks) to
assess 13C incorporation, a quantitative metric of the two class separation between the 0 min
replicates and 70 min replicates was utilized. Degree-of-class-separation (DCS) is a quantitative

metric of the separation between two classes in the PC2 versus PC1 scores plot [27,36]:

DCS = 2270 (2.2)

The DCS takes into account both the Euclidean distance between the center of the two
classes (Do,70) as a measurement of the difference between classes, and the standard deviation of
the Euclidean distances from the center of each group to its replicates (So and s7o) as the spread
within each class. A large DCS value indicates a large difference between the 0 min and 70 min
replicates and a strong likelihood of incorporation of **C. DCS values were calculated for every
PCA model of all 152 mass clusters, and those with a DCS value greater than 1.7 were deemed as
changing (i.e., incorporating 3C). A DCS value of 1.7 corresponds to a t-test t value of 2.57, with
larger DCS values corresponding to larger t-values. With five degrees of freedom, a two sampled
t-value less than 2.57 indicates no statistically significant difference between the two sample
classes at the 95% confidence level, meaning there is no difference between the 0 min and 70 min
mass spectra. For example, 5-oxoproline has a DCS value of 51.24, a value much larger than the
DCS value threshold of 1.7, so 5-oxoproline was labeled as changing (see Table 2-3). DCS values
were calculated for all metabolites in the time course based on their PCA models. A histogram of
these DCS values is provided in Figure 2.14, showing the distribution of DCS values among the
metabolites detected. For those metabolites with DCS greater than 1.7, the loadings plots were
then investigated for the determination of the number of 3C atoms incorporated. The incorporation

of DCS as a quantitative metric helped eliminate analyst intervention for all 152 clusters,
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emphasizing only those metabolites that were statistically significant in their scores values in the
PCA modeling. This, together with the natural way in which PCA loadings plots emphasize
changes, greatly reduces analyst intervention and makes unnecessary the close investigation of the
entire mass spectrum as is typically performed. Note that it was imperative to use only the mass
spectra from the 0 min (first) and 70 min (last) time points for the determination of the number of
13C atoms incorporated, rather than the full time course, as these time points represent the fully
unlabeled and fully labeled metabolite distributions, respectively. Although it requires an extra
PCA model, it is necessary in order to avoid interferences due to partially labeled isotopomers of
the metabolite at earlier time points, which could cause a misidentification of the number of

carbons converted to *3C.
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Figure 2.14. Histogram of DCS values on the scores plots of the first PCA model of the 152
mass clusters discovered.
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2.3.4  Principal component analysis to determine the time course

To quantitatively visualize and assess the time-dependence of the *C-labeling, PCA on the
entire time course data set was performed. The mass spectra of all injection replicates of the full
time course study (0 min, 3 min, 6 min, 15 min, 35 min, and 70 min) were analyzed using PCA,
using a method analogous to the previously described step using just the 0 and 70 min samples.
The scores on PC1l were plotted versus time as shown in Figure 2.15(A), again for the
representative metabolite 5-oxoproline. While a time course effect is visually confirmed by this
use of PCA, we shall also demonstrate that an accurate quantitative time course is also readily
provided by PCA, even elucidating how steep or gradual the change over 0 to 70 minutes for each
metabolite as seen in Figure 2.18 through Figure 2.20. While beyond the scope of the study
reported herein, the quantitative information provided by PCA could be used to calculate the
metabolic fluxes of each metabolite. Furthermore, when PCA of the full time course was
performed on the mass spectra of a metabolite that was classified as not changing based on the
DCS value for the 0 min versus 70 min PCA, as in the case of lactate, it was confirmed to have no
discernible time course effect when all time points and replicates were analyzed (see Table 2-3).
Using this PCA-based method, the time course effect was quantitatively extracted for all 152
metabolites. Of these, 83 metabolites showed time course effects that indicated incorporation of
13C, and 69 demonstrated no time course effect. Of the 83 changing metabolites, 77 had a DCS of
1.7 or greater as predicted by the PCA model of 0 min versus 70 min, indicating a time course
effect was present prior to construction of the second model. As with any distribution of numbers,
as in the case of the DCS histogram provided in Figure 2.14, there occur false positives and false
negatives, but these account for less than 5% of the metabolites. Seven metabolites displayed time

course effects contrary to their designation from the DCS value. Four metabolites were false
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negatives, where the DCS value appeared below 1.7, but the PCA model of the time course
indicated a slight change over time. Three metabolites were false positives having DCS greater
than 1.7 but demonstrating no readily observable time course effect. The loadings plot on PC1 of
the 0 min versus 70 min model was consulted for the shift in intensity characteristic of a shift from

12C to 13C before being re-classed from changing to not changing or vice versa.
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Figure 2.15. (A) PCA Scores vs. Time of the second PCA model of 5-oxoproline; and (B)
the corresponding M+n plot with the intensity of m/z 258 vs. time shown as the blue M+0 line.
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Figure 2.16. PCA Loadings plot of the second PCA model of 5-oxoproline.
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Validation of the workflow method presented for elucidating the time course effect was
performed by plotting the commonly applied mass intensity versus time plot, or M+n plot, as
provided in Figure 2.15(B), where the M-15 peak for 5-oxoproline is plotted as M+0 (no increased
abundance of *C). The intensity of M+0 decreases with time as the other m/z intensity values
increase, indicating isotopic dilution of the !2C-labeled molecules by the *C molecules.
Specifically, the M+5 peak increases, showing that 5-oxoproline incorporates five $3C, consistent
with what was elucidated in the loadings plot discussed above. This M+n plot, traditionally used
to elucidate a time course effect of a metabolite, is both cumbersome and subjective to obtain. It
requires the analyst to correctly identify which m/z to plot, a tedious task made difficult for
unidentified metabolites, before plotting the intensity of the m/z over time for hopeful elucidation
of a time course that can be easily extracted via PCA as demonstrated herein. For metabolites
having different time course shapes, the M+n plots demonstrated similar shapes to those seen in
the PCA plots, with additional examples provided in the Figure 2.18, Figure 2.19, and Figure 2.20.

Using the information gleaned from both PCA models, the 0 versus 70 min model and the
entire time course model, the time course effect was quantitatively reconstructed from the PCA

model using Eq. 2.3:

X=1x+TP' (2.3)

In this expression X is the original baseline corrected and normalized mass spectra included
in the model, x is the mean of the data (since the data is mean centered), T is the scores on PC1
(from Figure 2.15(B)) and P’ is the loadings on PC1 (from Figure 2.16). Eq. 2.3 excludes the error
or residuals matrix in order to elucidate how well the PCA model encompasses the variance and

models the time course. For this reconstruction, the PCA model on 0 versus 70 min identified the
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m/z that incorporated **C, and the PCA model on the full time course provided the values for T
and P’ for the aforementioned m/z to input into Eq. 2.3. Figure 2.17 shows the reconstructed model
projected on top of the M+n plots from Figure 2.15(B) for the M+0 and the M+5 isotopomers. The
models for the other isotopomers, (M+1, M+2, M+3, M+4), were calculated but not included for
clarity. The coefficient of determination, R? was calculated as a metric for how well the PCA
model correlated with the actual data, and the calculation includes all mass isotopomers. As seen
in Figure 2.17 of 5-oxoproline, R? =0.98, indicating that the reconstruction from PCA is a very
good model for the data. This further demonstrates that PCA is as effective as (if not more
effective) and less tedious than traditional methods for modeling and quantitatively elucidating
time course information in metabolomics. Because the analyst must investigate the loadings plot
of the PCA model for 0 versus 70 minutes in order to determine which m/z to include for the
determination of labeling, the reconstruction also serves as a validation step. Should the model be
reconstructed using m/z that appear to shift, but do not actually contribute to the time course, the
reconstruction will not correlate with the time course effect elucidated by the PCA on the time
course model, and will have a lower R? value. This concept is shown in Figure 2.20(C) and (D),
where a reconstruction of m/z =131 (M+0) and m/z =134 (M+3) follows the steep trajectory of the
time course in Figure 2.20(A) and (B) with an R? =0.98, where as a reconstruction of m/z =243
(M+0) and m/z =248 (M+5), does not appear to follow the time course effect and has an R? =0.87,

a much lower value, indicating a poor correlation.
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Figure 2.17. Reconstruction of the original data (in red) from the second PCA model of 5-
oxoproline overlaid with the original data (blue).
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For the PCA of time course models, Figure 2.18(A) shows the scores versus time plot of
lactate, demonstrating no kinetic profile. This is confirmed in Figure 2.18(B), the traditional M+n
line plot. Similarly, this is validated via the reconstruction of the data from the PCA model in
Figure 2.18(C) with an R? = 0.99. Figure 2.19(A) shows the scores versus time plot for putrescine.
This shows the time course profile that was expected, but of slight difference to that of 5-
oxoproline as seen before. This time course profile as a gradual change at the start, where from 0
to 6 min, there is no change on PC1, after which the change become more apparent. This
quantitative determination of the time course profile is confirmed in the traditional M+n plot in
Figure 2.19(B) and is validated in the reconstruction of the data in Figure 2.19(C) with an R? =
0.99. Lastly, the unidentified metabolite with an index of 428.41 s in Figure 2.20(A) demonstrates
a steep time course profile, where there is a drastic change in just the first 3 min and then the
profile levels out. This is confirmed in Figure 2.20(B) and Figure 2.20(C) as with the previous
metabolites. Figure 2.20(C), with an R? = 0.93, shows a well correlated reconstruction of the
model, while Figure 2.20(D), with an R? = 0.87, shows how a model reconstructed from m/z that
are not a part of the time course will not be well correlated with the original data. These examples
demonstrate how PCA can elucidate the time course profile through the modeling of the entire
mass spectrum, without subjective determination of which mass channels to plot as is traditionally
done in the line plots. PCA can be used to visualize how gradual, steep or non-existent a time
course profile a metabolite has, even if the metabolite’s identity is not confirmed, as in the case of

unidentified metabolite with index 428.41 s.
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Figure 2.18. PCA results for lactate, including (A) PCA scores vs. time plot of the second
PCA model; (B) corresponding M+n plot; and (C) comparison of reconstructed and original data.
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A table summarizing all of the results follows, with the clusters ranked by DCS value such
that the metabolite with the highest DCS value and therefore the greatest separation between the 0
mina and 70 minute classes in the first PCA model scores plot is first in the table. The PC% column
indicates how much of the variance in the data is explained in PC1 for the PCA 0 min versus 70
min model. The analyte number corresponds to where in the chromatogram the metabolite eluted,
as in Table 2-2. For those metabolites that could be identified, their name and match value is
provided. A column indicates whether or not the metabolite incorporated *C successfully (C for
Changing) or not (NC for Not Changing). The number of carbons that incorporated 3C is given
for those metabolites designated C as elucidated by the loadings plot of the PCA 0 min versus 70
min model. Finally, the % PC1 for the PCA on time course model indicates what percentage of
the total variance was encompassed in the first PC. Note the number of metabolites that remain
unidentified. It was not the goal of this investigation to successfully identify all metabolites
indexed. Identifications were provided where possible, and further exploration into the identity of

the metabolites, if desired, would be possible through thorough study of their mass spectra.
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Table 2-3: Summary table of quantitative information for 152 mass clusters

Rank |DCS|PC1 % | Analyte #|Name MV [Flux|#C| Fluxomic PC1 %
1 |[51.2] 99.97 112  |5-oxoproline 914 C | 5 97.67
2 |445]| 99.9 52 alanine 848 C | 3 95.88
3 |44.1] 99.96 130 |putrescine 871 C | 4 99.88
4 134.6] 99.91 100 |l-aspartic acid 807 C | 4 95.94
5 130.4| 99.78 72 unidentified metabolite C |5 98.67
6 |28.3]| 99.63 139  |c00029d: UDP glucose fragment shared with G1P 909 C | 4 92.86
7 |225] 99.78 129  |D-glucose 1-phosphate main TMS derivative 896 C | 5 85.61
8 |17.6| 99.57 80 L-threonine 760 C | 4 91.81
9 |15.3| 99.68 70 valine 860 C | 5 94.11
10 | 14 | 99.26 79 unidentified metabolite C |5 61.26
11 |13.8] 99.02 111  |unidentified metabolite C |5 95.51
12 [13.2] 99.41 85 methylsuccinate 771 C | 5 89.18
13 |13.1]| 98.78 101  |unidentified metabolite C |6 73.2
14 |12.5| 98.93 117  |unidentified metabolite C |7 83.95
15 |12.4] 98.51 62 unidentified metabolite C |4 74.78
16 [11.8| 98.28 67 unidentified metabolite C |5 91.78
17 |11.2| 99.5 35 unidentified metabolite C |2 99.6
18 [10.5| 98.15 55 unidentified metabolite C |3 87.91
19 [10.3| 97.61 147  |unidentified metabolite C |4 73.21
20 | 9.6 | 67.65 51 unidentified metabolite C |2 80.57
21 | 9.5 99.21 140  |unidentified metabolite C |6 88.81
22 8 | 98.92 93 unidentified metabolite C |3 90.11
23 | 7.9 | 96.63 134 |unidentified metabolite C |5 78.01
24 | 7.3 | 98.04 43 pyruvate 851 C |3 92.43
25 | 6.6 | 97.21 116  |unidentified metabolite C |5 79.82
26 | 6.5 | 95.91 64 unidentified metabolite C |3 85.65
27 | 6.5 | 98.45 76 acetyl- CoA TMS phosphoric acid fragment 937 C | 4 90.16
28 | 6.2 | 94.28 133 |unidentified metabolite C |5 60.94
29 | 5.9 | 96.34 82 glycine 852 C | 2 62.87
30 | 5.9 | 99.11 34 unidentified metabolite C |2 99.33
31 | 5.9 | 96.44 135 |citrate 849 C | 6 81.44
32 [ 58| 95.2 113 |unidentified metabolite C |6 79.43
33 | 5.8 | 9581 95 unidentified metabolite C |3 94.56
34 | 5419812 119  |unidentified metabolite C |6 90.74
35 | 5.2 | 96.98 131  |unidentified metabolite C |5 91.94
36 | 4.9 | 9287 36 unidentified metabolite C |3 99.96
37 | 4.4 | 93.41 102  |malate 928 C | 4 86.91
38 | 4.1 | 93.04 132 |unidentified metabolite C |4 86.14
39 4 | 93.08 105 |unidentified metabolite C |4 69.17
40 | 3.7 ] 911 86 unidentified metabolite C |7 81.38
41 | 3.6 | 86.7 65 leucine 743 C | 6 71.4
42 | 3.4 | 937 87 unidentified metabolite C |5 91.35
43 | 3.3 | 89.74 24 unidentified metabolite C |2 85.92
44 | 32 | 86.7 63 3-hydroxybutyrate 806 C | 4 44,73
45 | 3.2 | 85.9 88 fumarate 588 C | 4 60.95
46 | 3.1 ] 91.24 50 unidentified metabolite C |3 84.28
47 |1 31| 86.5 103 |unidentified metabolite C |4 82.52
48 | 2.9 | 86.76 110 |unidentified metabolite C 54.73
49 | 2.9 | 96.65 42 benzene, 1,2,3-trimethyl- 899| C | 2 97.15
50 | 2.9 | 81.08 91 unidentified metabolite C |4 72.69
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51 | 2.8 | 92.17 46 unidentified metabolite C |3 70.2
52 | 2.8 | 81.06 152 |unidentified metabolite C |3 59.16
53 | 2.7 | 95.13 83 succinate 814| C | 3 84.52
54 | 2.6 | 81.22 144 |unidentified metabolite C |6 46.86
55 | 2.6 | 83.92 122  |unidentified metabolite C |3 58.59
56 | 2.5 | 94.05 108  |unidentified metabolite C |3 92.92
57 | 2.5 | 98.32 60 Standard 381 5771 C | 7 93.11
58 | 2.5 | 77.27 121 |unidentified metabolite C |3 62.52
59 | 2.3 | 93.53 40 benzene, 1-ethyl-2-methyl- 878| C | 3 91.95
60 | 2.2 | 66.24 142 |unidentified metabolite C |4 68.66
61 | 2.2 | 72.14 137  |unidentified metabolite C |4 46.07
62 | 2.1 | 8174 99 unidentified metabolite C |4 67

63 2 | 96.12 77 unidentified metabolite C |2 95.21
64 2 | 79.27 94 unidentified metabolite C |3 65.97
65 2 | 64.67 84 unidentified metabolite C |2 66.38
66 | 1.9 | 69.79 141  |galactose 856| C | 3 88.63
67 | 1.9 | 79.91 25 unidentified metabolite C |5 72.9
68 | 1.9 | 88.05 59 oxalate 710 C | 2 83.63
69 | 1.9 | 88.92 13 trifluoromethyl-bis-(trimethylsilyl)methyl ketone 896| C | 4 81.48
70 | 1.8 | 90.67 109 |unidentified metabolite C |3 79.63
71 | 1.8 | 58.01 104  |unidentified metabolite C |3 80.56
72 | 1.8 | 78.87 12 unidentified metabolite C |2 64.51
73 | 1.8 | 55.05 29 unidentified metabolite NC 50.01
74 | 18| 87.1 126  |unidentified metabolite C |5 83

75 | 1.7 | 96.33 92 unidentified metabolite C |5 75.46
76 | 1.7 | 89.02 10 unidentified metabolite C |3 65.85
77 | 1.7 | 82.62 26 disilathiane, hexamethyl- 813 C | 2 80.95
78 | 1.7 | 77.39 115 |unidentified metabolite C |4 89.64
79 | 1.6 | 74.56 45 pyridine, 3-trimethylsiloxy- 767| NC 74.79
80 | 1.6 | 68.32 39 unidentified metabolite C |3 57.63
81 | 1.6 | 88.64 89 unidentified metabolite C |3 65.08
82 | 1.6 | 56.38 124 |unidentified metabolite NC 28.63
83 | 1.6 | 96.89 98 trimethyisilyl 4-methylbenzoate 905| NC 95.84
84 | 1.6 | 77.52 8 unidentified metabolite NC 85.87
85 | 1.5 ] 98.83 54 unidentified metabolite NC| 4 97.89
86 | 1.5 | 61.25 96 unidentified metabolite NC 48.11
87 | 1.5 | 62.57 71 unidentified metabolite NC 49.07
88 | 1.5 | 65.97 61 unidentified metabolite NC | 4 49.01
89 | 14| 94.2 148  |unidentified metabolite NC 88.33
90 | 1.4 | 55.07 143 |unidentified metabolite NC 45.99
91 | 1.4 ] 59.01 146  |unidentified metabolite C |5 48.2
92 | 1.4 | 74.37 75 unidentified metabolite NC 89.36
93 | 1.3 | 76.56 15 unidentified metabolite C |3 77.44
94 | 1.3 ] 41.35 120  |unidentified metabolite NC 25.93
95 | 1.3 | 92.88 32 unidentified metabolite NC 86.46
9% | 12| 617 57 pentasiloxane, dodecamethyl- 822 NC 93.29
97 | 1.2 ]| 84.91 66 unidentified metabolite NC 49.28
98 | 1.2 | 53.26 107  [3,6,9,12-Tetraoxa-2,13-disilatetradecane, 2,2,13,13-tetramethyl- | 874| NC 56.71
99 | 1.2 | 875 123 |unidentified metabolite NC 75.17
100 | 1.2 | 90.74 4 unidentified metabolite NC 65.49
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101 | 1.2 | 41.62 145 D-sorbitol 6TMS 898 | NC 57.63
102 | 1.2 | 80.13 97 unidentified metabolite NC 64.6
103 [ 1.1 | 80.74 58 unidentified metabolite NC 84.67
104 | 1.1 | 50.17 81 unidentified metabolite NC 50.79
105 ] 1.1 | 56.33 27 1,2-bis(trimethylsiloxy)ethane 830| NC 48.85
106 | 1.1 | 92.82 69 butanoic acid, 3-methyl-3-[(trimethylsilyl)oxy]-, trimethylsilyl ester | 873| C 77.32
107 ] 1.1 | 62.04 41 silane, (cyclohexyloxy)trimethyl- 869 | NC 61.69
108 | 1.1 | 56.81 106  |unidentified metabolite NC 41.02
109 | 1.1 | 44.47 138  |unidentified metabolite NC 41.87
110 | 1.1 | 45.64 125  |unidentified metabolite NC 55.52
111 ] 1 | 53.03 11 unidentified metabolite NC 31.71
112 [ 1 | 76.35 14 unidentified metabolite NC 66.06
113 1 | 72.43 56 unidentified metabolite NC 69.92
114 | 0.9 | 54.02 128  |unidentified metabolite NC 82.8
115 | 0.9 | 80.36 48 unidentified metabolite NC 79.84
116 | 0.9 | 764 47 glycolic acid 917 | NC 56.06
117 [ 0.9 | 77.51 73 unidentified metabolite NC 76.77
118 | 0.9 | 60.07 2 unidentified metabolite NC 52.95
119 | 0.8 | 87.23 136  |unidentified metabolite NC 71.49
120 | 0.8 | 76.33 78 unidentified metabolite NC 88.26
121 [ 0.8 | 63.7 114  |unidentified metabolite NC 96.59
122 [ 0.8 | 93.6 3 unidentified metabolite NC 64.94
123 [ 0.7 | 63.58 74 unidentified metabolite NC 89.13
124 ] 0.7 | 90.06 44 lactate 932| NC 79.46
125 | 0.7 | 89.07 23 unidentified metabolite NC 81.13
126 | 0.7 | 66.83 118 |unidentified metabolite NC 75.05
127 | 0.7 | 54.02 90 unidentified metabolite NC 33.67
128 | 0.7 | 61.87 127  |unidentified metabolite NC 87.18
129 [ 0.7 | 99.74 18 unidentified metabolite NC 91.51
130 | 0.7 | 61.41 7 unidentified metabolite NC 62.15
131 | 0.6 | 95.81 37 unidentified metabolite NC 67.33
132 |1 0.6 | 67.77 68 valeric 661 | NC 60.05
133 [ 0.6 | 87.88 9 unidentified metabolite NC 73.43
1341 0.6 | 73.13 5 unidentified metabolite NC 94.91
135 | 0.6 | 74.89 150 |unidentified metabolite NC 64.47
136 | 0.6 | 93.52 149  |unidentified metabolite NC 71.08
137 | 0.6 | 67.49 31 unidentified metabolite NC 82.95
138 | 0.5 | 53.41 19 unidentified metabolite NC 78.9
139 [ 0.5 | 73.08 53 unidentified metabolite NC 80.37
140 | 0.5 | 86.33 28 unidentified metabolite NC 75.21
141 | 0.5 | 73.59 38 unidentified metabolite NC 84.4
142 [ 0.5 | 97.98 6 unidentified metabolite NC 62.63
143 | 0.4 | 56.65 1 unidentified metabolite NC 79.74
144 | 0.4 | 96.34 17 unidentified metabolite NC 81.99
145 | 0.3 | 54.99 49 unidentified metabolite NC 43.57
146 | 0.3 | 86.68 20 unidentified metabolite NC 74.16
147 | 0.3 | 88.69 151  |unidentified metabolite NC 81.09
148 | 0.2 | 95.37 30 unidentified metabolite NC 88.86
149 [ 0.2 | 95.2 33 unidentified metabolite NC 91.95
150 [ 0.1 | 98.1 16 unidentified metabolite NC 86.14
151 [NaN| 99.87 21 unidentified metabolite C 99.12
152 [NaN| 97.28 22 unidentified metabolite NC 84.57
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2.4 CONCLUSION

We have described a novel analytical method for analysis of a stable isotope time course
using GC-TOFMS, based upon the 2D m/z cluster plot method and PCA. The 2D m/z cluster plot
method allows for the discovery and deconvolution of coeluting metabolites at low
chromatographic resolution. Metabolites were indexed according to their mass cluster locations
and were classified as pure or convoluted. Convoluted mass clusters were either re-indexed or
deconvoluted according to their proximity to an adjacent mass cluster. Of the 152 mass clusters
identified, 54 mass clusters were pure and 98 mass clusters were convoluted. Of these convoluted
mass clusters, 33 were re-indexed and 65 were deconvoluted using CLS. Performing PCA on the
pure extracted spectra from the mass clusters differentiates those metabolites which are changing
from those that are not changing, and the use of DCS as a quantitative metric allows for objective
identification of metabolites that incorporated **C and visualization of the number of carbons
converted to *3C with minimal false positives and false negatives. Additionally, PCA performed
on the full time course of a changing metabolite elucidates the time course profile for the **C-
uptake of that metabolite. Although it was beyond the scope of this investigation to calculate the
metabolic rate of fluxomic uptake, the quantitative information provided by PCA could be used to
calculate the rate at which the cellular metabolism incorporates **C in a metabolic flux analysis
investigation. Of the 152 metabolites surveyed, 83 were identified as changing with time and 69
unchanging with time.

Using a single DCS value as a cutoff for the identification of metabolites that incorporated
13C may result in false positive or false negatives. The use of the 95% confidence interval was used
for demonstration of the efficacy of the method, but each investigator should decide what

confidence interval is relevant for the data set in question. A range of values near the cutoff value
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can also be flagged for further investigation, and the researcher can manually decide by
examination of the loadings plot whether the metabolite incorporated *3C or not. Further studies
into the time-dependent 3C-labelingof mutant and wild type phenotypes as well as applications to
comprehensive metabolic flux analysis studies can be investigated using the method described

herein.
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Chapter 3. Using ROC Curves to Optimize Discovery-Based Software
with Comprehensive Two-Dimensional Gas Chromatography with Time-

of-Flight Mass Spectrometry?

3.1 INTRODUCTION

Comprehensive two-dimensional (2D) gas chromatography coupled with time-of-flight
mass spectrometry (GC x GC — TOFMS) is a powerful technique for the analysis of compounds
in complex mixtures such as those found in food quality and control [1-3], waste water [4,5],
metabolomics [6-9], and petroleum products [10-13]. The inherent complexity of GC x GC —
TOFMS data often requires advanced chemometrics for an informative analysis. Analytical
approaches and algorithms applied to GC x GC — TOFMS data sets generally fall into two
categories: targeted and non-targeted, with the latter further divided into supervised and
unsupervised. Targeted analyses focus on preselected, specific analytes of interest. In contrast,
discovery-based, non-targeted approaches aim to discover any or all analytes that may be of
interest without requiring a priori knowledge of their character or identity. Additionally,
supervised non-targeted approaches include classification of samples with more emphasis on
experimental design [14,15].

We previously reported the development of one such discovery-based software for the
comprehensive analysis of GC x GC — TOFMS data. Tile-based Fisher ratio (F-ratio) analysis
facilitates a supervised non-targeted method that uses information based upon the experimental
design to aid in the discovery of analytes whose variances are statistically different between sample

classes [15-18]. Since its initial development [15,16], the tile-based F-ratio software has been

2 This chapter has been reproduced from B.C. Reaser, B.W. Wright, and R.E. Synovec Analytical Chemistry, 2017,
89 (6), 3606-3612.
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applied to the analysis of yeast metabolites [18] and chemically-altered diesel fuel [17],
successfully elucidating statistically significant class-distinguishing analytes in complex sample
matrices.

Method validation is an important part of all analytical technology developments. Several
agencies, including the International Union of Pure and Applied Chemistry (IUPAC) [19],
Eurachem [20], and the Association of Analytical Communities (AOAC) [21] have published
guidelines on the performance characteristics required to properly validate a new analytical
method. While each agency has its own specific recommendations, they have a few key
requirements in common: sensitivity, selectivity, accuracy, precision, working range, limit of
detection (LOD) and limit of quantification (LOQ). While these guidelines are well established for
new analytical methods, no such clearly published guidelines exist for the validation of new
chemometric algorithms and software.

Introduction of a new chemometric algorithms and software should require rigorous
validation and optimization; however, often new software algorithms are simply demonstrated and
put into implementation, without rigorous validation. Validation may include applying the method
on standard mixes of known composition [15,16] or employing previously analyzed data sets [18]
where the “correct” answer has previously been determined. In the case of employing a standard
mixture, the analyst will often assume that every analyte in the mixture is in fact a true positive
when the sample matrix or analysis conditions may prevent that from actually being the case. The
use of quantitative metrics, such as standard errors, correlation coefficients or statistical metrics
like F-tests or Students’ t-tests, are commonly utilized for validating a chemometric algorithm. The
thorough study and evaluation of a software platform should also go beyond the validation stage.

Key input parameters should be evaluated, to ensure algorithm optimization. The optimization of
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software algorithms and their various parameters is rarely studied in detail, likely because it can
be a tedious and subjective process if one lacks the proper quantitative metric. To address this
issue, herein we report the optimization of the tile-based F-ratio software [15-18] using the area
under the curve (AUC) of a receiver operating characteristic (ROC) curve as a quantitative metric
[22,23]. While the AUC for ROC curves has been applied for other purposes, implementation of
the AUC as a quantitative metric for software optimization as presented herein is a new approach.

ROC curves were developed during World War II in an attempt to quantify the ability of a
radar operator to differentiate between the signals of ally and enemy aircraft [24]. Since then, ROC
curves have been used extensively in medical diagnostics [25-27], evaluating analytical method
performance [22,28,29], and machine learning [30], but ROC curves have remained under-utilized
in analytical and chemometric analyses [23]. While machine learning and chemometric analyses
are inherently interdisciplinary and often share similar algorithms, they have distinct differences.
Machine learning is predominately a computer science methodology that involves computers
learning without being explicitly programmed, while chemometrics is the application of linear
algebra coupled with statistics to extract meaningful information from chemical systems.

A ROC curve is a plot of the true-positive probability (TPP) versus the false positive
probability (FPP) at a particular threshold defined by the analyst, usually relating to a minimum
signal or concentration. The terms true positive rate (TPR) and false positive rate (FPR) are also
used throughout the literature and can be used interchangeably with TPP and FPP, respectively.
For the purposes of the investigation reported herein, we will use TPP and FPP. The TPP, also
known as the sensitivity, is equal to the sum of the true positives over the total number of positive
instances. The FPP, also known as 1-specificity, is equal to the sum of the false positives over the

total number of negative instances. The AUC is a popular metric for the quantitative, statistically-
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based evaluation of ROC curves. It is equivalent to the probability of stochastic domination in non-
parametric statistics; that is, the AUC defines the probability that a randomly selected value will
be correctly ranked as either a true positive or false positive. Values for the AUC range from 0.5
for a “useless” test to 1.0 for a perfect test.

In the initial tile-based F-ratio software development, a signal-to-noise (S/N) threshold of
3 and all of the mass channels (m/z) were utilized [15]. The S/N threshold is used in the data
reduction step prior to the calculation of F-ratios, and the number of m/z is used to calculate the
average F-ratio value for each tile. Upon gaining more experience with the software, we have
recognized that a rigorous evaluation of these two parameters is warranted. Accordingly, herein
we employ the AUC metric for the ROC curve to evaluate and optimize these two key parameters.
Each ROC curve quantitatively indicates how the S/N threshold and number of m/z both impact
the sensitivity of the software to discover chemical features of interest. The hypothesis is that a
higher S/N threshold (but not too high) coupled with use of less than all of the m/z would likely
improve the capability of finding and more highly ranking true positives, while reducing the
number of false positives.

Fifty analytes were spiked into a diesel fuel at two similar concentration spike levels (30
native and 20 non-native compounds), to serve as a pair of suitably complex samples to render
challenging the software optimization using the AUC approach. Thus, the theoretical maximum
number of positive instances is 50. The two spiked diesel samples defined two classes for F-ratio
comparison. The S/N threshold used in the data reduction step prior to the calculation of F-ratios,
and number of m/z used to calculate the average F-ratio values were varied, and F-ratio hit lists
were evaluated. A total of 25 combinations of S/N threshold by number of m/z were studied.

Varying the S/N threshold and number of m/z engenders optimization of the tile-based F-ratio
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software, to find the “sweet spot” in terms of S/N threshold, coupled with use of only the most
chemically selective m/z (i.e., those with the highest F-ratios). Additionally, it is demonstrated that
the number of positive instances does not need to be known prior to analysis, as the AUC metric

still provides adequate information regarding the sensitivity of the F-ratio analysis.

3.2 EXPERIMENTAL

Diesel fuel (~ 1 gallon) was collected from a fueling station in the Seattle area. A non-
native internal standard, 1,2,3-trichlorobenzene (0.5170 g), was spiked into 1 L of diesel fuel to
create a stock solution at 608 ppm trichlorobenzene. This stock solution was used for all serial
dilutions. Two neat spike solutions were made of 30 native compounds and 20 non-native
compounds by adding ~ 0.1 g of each component to a scintillation vial. A list of each compound
and exact mass is provided in Table 3-1 (natives) and Table 3-2 (non-natives). The native and non-
native compounds were then quantitatively transferred using stock solution to an amber bottle of
known mass. Stock solution was then added to each of the two neat spike samples until the final
mass reached ~ 100 ¢, creating ~ 1000 ppm native and ~ 1000 ppm non-native solutions.
Approximately 80 g of the native spike solution and 8 g of the non-native spike solution were then
transferred to a third amber bottle. Stock solution was added to bring the total mass of the contents
to ~ 100 g, creating a spike solution containing ~ 800 ppm native compounds and ~ 80 ppm non-
native compounds in diesel. This solution was diluted by half in stock solution successively until
two spike solutions were obtained at the following nominal concentrations: 200/20 and 100/10
ppm native/non-native. The exact concentrations of the analytes in these spike solutions is
provided in Table 3-1 and Table 3-2. A neat standards mix was also created in order to find accurate
retention times for each analyte. This was created by adding 250 pL of each compound into a
scintillation vial.

78



GC x GC-TOFMS data were collected using an Agilent 6890N GC (Agilent Technologies,
Palo Alto, CA, USA) with a LECO Pegasus 11l TOFMS equipped with a 4D thermal modulator
upgrade (LECO, St. Joseph, MI, USA). A reverse column configuration was employed with a polar
29.75 m x 250 pm x 0.25 pm Rxi-17Sil MS film primary column, 1D, and a nonpolar 1.5 m x 180
pum x 0.18 um Rxi-1ms film (Restek, Bellefonte, PA, USA) secondary column, 2D. The GC inlet
was set to 275 °C and the transfer line was set to 280 °C. Ultra-high 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.
An Agilent 7683 autosampler was used to inject 1 pL for diesel samples or 0.1 pL of neat standards
mix with a 300:1 split ratio. The primary column was maintained at 40 °C for 1 min, then ramped
at 5 °C/min to 300 °C where it was held for 2 min. The secondary column and the modulator block
followed the same temperature program with a +15 °C and +60 °C offset, respectively. The
modulation period was 2 s with 0.5 s hot and cold pulses for each stage. The ion source was set to
225 °C, the electron impact energy was 70 eV, and the detector voltage was 1740 V. Mass
channels, m/z 35-300, were collected at 100 spectra/s after a 10 s acquisition delay. Six injection
replicates of each spike sample (200/20 and100/10 ppm native/non-native with internal standard)
and the stock solution (diesel with internal standard), and two injection replicates of the neat
standards were analyzed using the GC x GC-TOFMS method above. These latter two injection
replicates were used to determine the retention times of the spiked standards. Due to the lack of
variability between the retention times of the two injection replicates, it was determined that two
injection replicates were sufficient to obtain an average retention time for each spiked analyte.

The GC x GC-TOFMS data were data processed using the instrument software
(ChromaTOF, version 3.32, LECO, St. Joseph, MI, USA), including baseline correction, peak

finding and peak area calculation. Peak areas were calculated at unique m/z for the 30 native
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compounds in the stock solution and in each spike sample. Standard addition method (SAM) plots
were prepared (see

Figure 3.5) to determine the native concentration of these analytes in diesel as reported in
Table 3-1. The GC x GC-TOFMS data were also imported from the instrument software into
Matlab R2015b (Mathworks Inc., Natick, MA, USA) using an in-house data converting algorithm.
The data were analyzed with the in-house developed tile-based F-ratio software, an algorithm that
elucidates chemical features that distinguish between two classes of samples, such as two different
spike concentration levels. We direct the reader to previous publications and their respective
supplementary information for a thorough description of the tile-based F-ratio software [15-18].
For all F-ratio software executions, a D tile size of 6 s, a 2D tile size of 100 ms, a D cluster size
of 4 s, a 2D cluster size of 60 ms were employed. All chromatograms were normalized to the sum
of the total ion current (TIC), and retention time alignment was not required. The S/N threshold
and number of m/z utilized for the calculation of the average F-ratio were varied to find the
optimum values for software performance. The S/N threshold values examined were 3, 6, 10, 30
and 100, while the number of m/z examined were 3, 6, 10, 20, and all m/z, for a total of 25 S/N by
m/z combinations. At least 3 m/z were required for a measureable F-ratio, and no F-ratio threshold
minimum was employed.

The S/N threshold is applied by calculating the standard deviation of the noise on each tile
region and multiplying that standard deviation by the factor given by the desired threshold (i.e., by
a factor of 3, 6, 10, 30 or 100 per the S/N thresholds). Any m/z with a signal in the same tile falling
below that S/N threshold is then excluded from the analysis. The number of m/z used for the
analysis simply refers to the maximum number of m/z whose F-ratios are used to calculate the

average F-ratio of the tile, with the minimum being 3 m/z. For example, if a tile has a feature
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containing 52 m/z occurring above the S/N threshold and the number of m/z to be examined was
set to 10 m/z, only the 10 m/z with the highest F-ratio values would be included in calculation of
the average F-ratio. However, if a tile has a feature having only 6 m/z, all 6 m/z would be utilized
for the calculation of the average F-ratio even though the software was set to examine 10 m/z

because the tile meets the criteria of having at least 3 m/z above the S/N threshold.

3.3 RESULTS AND DISCUSSION

The reverse column GC x GC configuration utilized a substantial portion of the 2D
separation space, and was well suited for the separation presented in Figure 1.1(A) of the
compound classes of interest in diesel fuel: alkanes, olefins, cyclic alkanes, and aromatics. The
standards utilized for the spike study also encompass the 2D region of the chromatogram as shown
in Figure 1(B), where each standard peak is numbered according to its respective analyte number
in Table 3-1 and Table 3-2.

The F-ratio software was employed for the sample class comparison of the six injection
replicates of each spiked diesel sample (200/20 versus 100/10 ppm native/non-native compounds)
to generate a hit list of class distinguishing analytes. While the software was evaluated for 25 S/N
by m/z combinations, we focus initially on the previously employed parameters, a S/N threshold
of 3 and all m/z [15,17,18], followed by a detailed focus on the combination of parameters that
turned out to be optimal, and finish with a summary for all 25 combinations. The distribution of
the average F-ratio values in Figure 3.2(A) corresponds to the class comparison using a S/N
threshold of 3 and all m/z. The maximum of the F-ratio distribution, and therefore the F-ratio with
the greatest frequency, is about 0.5, and the sharp peak of the distribution drops nearly to baseline
at an F-ratio of about 4. The tail of the distribution (shown in the inset figure) begins to be sparse
from about 10 to 638.9 (hit #1, cyclooctane), and contains the class distinguishing chemical
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features (at higher F-ratio) that are most likely to be true positives and thus most likely to be the
spiked analytes. Using the known 2D retention times of the spiked standards, the hit list was
evaluated. Hits that corresponded to spiked analytes were designated “true positives,” while the
rest were designated “false positives.” The hit list was investigated until the 50" false positive was
identified. Figure 3.2(B) shows the F-ratio value versus hit number in the F-ratio hit list. The blue
circles correspond to true positives (spiked standards), while the red circles correspond to false

positives. The F-ratios range from 638.9 (hit #1, cyclooctane) to 3.2 (hit #83, false positive).
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Figure 3.1. (A) GC x GC — TOFMS chromatogram of diesel fuel; and (B) chromatogram of
native and non-native spiked analytes numbered according to Table 3-1 and Table 3-2. IS marks
the elution location of the internal standard.
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Figure 3.2. (A) The F-ratio distribution for the preliminary hit list of the 200/20 ppm versus
100/10 ppm comparison using a S/N threshold of 3 and all m/z; and (B) Log of average F-ratio
versus hit number based upon the F-ratio distribution in (A), with true positives (spiked analytes)
shown in blue and false positives shown in red.

83



Next, the results for the combination of parameters that turned out to be optimal, with a
S/N threshold of 10 and 10 m/z, is provided in Figure 3.3(A). This class comparison distribution
has a maximum F-ratio at about 1 and drops to baseline at an F-ratio of about 6.5. The area under
the F-ratio distribution in Figure 3.3(A) is about 20% less than that of the curve in Figure 3.2(A).
This indicates use of the stricter parameters reduced the number of total hits returned by the F-
ratio software (4,854 for S/N threshold of 10 and 10 m/z versus 5780 for S/N threshold of 3 and all
m/z). The shape of the curve is also shifted down and to the right, indicating a shift to higher F-
ratio values as a consequence of using the top 10 m/z for calculating the average F-ratio, decreasing
the ability of noisy m/z to lower the average. The tail of the distribution (shown in the inset figure)
begins to be sparse from about 20 to 2014 (hit #1, cyclooctane), and contains the class
distinguishing chemical features that are most likely to be true positives and thus spiked analytes.
Figure 3.3(B) shows the F-ratio value versus hit number in the F-ratio hit list for this class
comparison. Compared to the previous parameters utilized for Figure 3.2(B), that is S/N threshold
3; all m/z, the true positives (blue) are shifted up and to the left, while the false positives (red) fall
down and to the right due to the better combination of parameters, that is S/N threshold 10; 10 m/z.
The F-ratios in Figure 3.3(B) range from 2014 (hit #1, cyclooctane) to 5.0 (hit #87, false positive),
a much greater range of average F-ratio values compared to that observed in Figure 3.2(B). In
Figure 3.3, the exclusion of non-class distinguishing m/z increases the overall average F-ratio
values, prioritizes true positives, and therefore improves the sensitivity of the discovery-based

method.
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While the results in Figure 3.2(B) and Figure 3.3(B) were readily interpreted to gain insight
into the F-ratio software performance, the interpretation is qualitative and not analytically rigorous.
Therefore, using ROC curves, an AUC quantitative metric was investigated as a means to evaluate
and optimize these two key parameters: S/N threshold and number of m/z required. The ROC
curves for these two F-ratio analyses are presented in Figure 3.4 where the red curve corresponds
to the parameters S/N threshold of 3 and all m/z, while the blue curve corresponds to the parameters
S/N threshold of 10 and 10 m/z.

For the ROC curves shown in Figure 3.4, it was assumed that all 50 analytes spiked into
the diesel fuel would be discovered as true positives such that the positive instances used for
calculating the TPP was 50. For symmetry, 50 negative instances were evaluated for the FPP,
effectively minimizing the length of the hit list evaluated while sufficiently investigating the ROC
curves as they plateau.

Specifically, these ROC curves were constructed from the same hit list that created Figure
3.2(B) and Figure 3.3(B). Each hit was designated a true or false positive, and a running sum of
true positives (TP) and a running sum of false positives (FP) were calculated until the 50" false
positive. These TP and FP running sums were divided by the number of positive instances (P) or
number of negative instances (N), respectively, both of which were 50 as discussed in the previous
paragraph. For example, for the blue curve in Figure 3.4(A), the first 32 hits were consecutive true
positives, as shown by the blue circles in Figure 3.3(B). This gives the first point on the ROC curve
with an TPP of 32/50 or 0.54 and an FPP of 0/50 or 0. The next three consecutive hits are false
positives, given by the red circles in Figure 3(B). This yields the next point on the ROC curve

with the TPP remaining equal to 32/50 or 0.64 and an FPP of 3/50 or 0.06. The plotting of the TPP
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and FPP continues in this fashion until the 50" false positive, when FPP reaches 1.0, which for the
blue ROC curve in Figure 3.4(A) corresponds to hit number 87, as seen in Figure 3.3(B)

As indicated by the shift upward and to the left of the true positives in Figure 3.3(B), the
blue ROC curve in Figure 3.4 shows the increase in sensitivity, or TPP, for a given FPP, or 1-
specificity, by using S/N 10 and 10 m/z. Increasing the S/N threshold from 3 to 10 decreased the
influence of overly noisy m/z signals. Using 10 m/z rather than all m/z ensures that the 10 largest
F-ratios for a given tile are used to determine the average F-ratio, thus decreasing the influence of
smaller F-ratios at m/z with spurious covariance. A quantitative metric, the AUC can aid in the
comparison of ROC curves generated by changing the algorithm parameters. For example, the
AUC is 0.61 for the ROC curve using a S/N threshold of 3 and all m/z, while the AUC is 0.74 for
the ROC curve using a S/N threshold of 10 and 10 m/z. This means, for the combination of a S/N
threshold of 10 and 10 m/z is quantitatively superior to using a S/N threshold of 3 and all m/z, with
a ~ 21% improvement in software performance.

One might presume that, upon software optimization, the AUC would approach the ideal
value of 1.00. However, the experimental design provided very challenging datasets due to the
number of native compounds naturally occurring at a high concentration in the diesel. Keeping in
mind that native concentrations are not known a priori, some of these compounds when spiked in
at the 200 ppm and 100 ppm level, were not apt to be discovered due to the lack of a statistically
sufficient increase in the total concentration given by the spike. This is a major reason why the
ROC curves level off at a sensitivity well below 1.00. For Figure 3.4, it was assumed that all 50
spiked analytes had a statistically sufficient concentration difference between the two spike levels.
In a sense, the number of positive instances was not actually 50, but rather is likely much less.

Despite this issue, the ROC curve and the AUC metric were able to differentiate the increase in
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sensitivity using a S/N threshold of 10 and 10 m/z compared to using a S/N threshold of 3 and all

m/z.

o 0.8 _ AUC =0.74
0 i
-0.6 AUC = 0.61 1
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=
3 0.4 -
% 50 positive instances
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0.2 — S/N 3; all m/z
- S/N 10; 10 m/z
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0 02 04 06 038 1
1-Specificity, FPP

Figure 3.4. ROC curves for the two sets of parameters studied: (red) S/N threshold of 3 and
all m/z (based upon the results in Figure 2), and (bue) S/N threshold of 10 and10 m/z.

In order to further investigate this issue, for the purpose of determining the number of
spiked compounds that could (or should) serve as positive instances, the native spiked analyte
concentrations were determined using the SAM (classical standard addition method) with the two
spike levels, nominally 200 ppm and 100 ppm, and the stock solution, nominally 0 ppm. The
concentrations of the native analytes calculated from the SAM plots, as demonstrated in

Figure 3.5, are provided in Table 3-1. Worth noting are the three analytes with 0.0 ppm

concentration in the diesel: 2,2,4-trimethylpentane, cyclohexene, and cyclooctane. These
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compounds, though having negligible concentrations in this investigation so were not detected,
can be found regularly in other blends of diesel. For each native compound, the native
concentration was added to the actual spike concentration (at both spike levels), and the
concentration ratio was determined as shown in Table 3-1. We have previously shown that tile-
based F-ratio analysis is capable of discovering analytes at a concentration ratio between sample
classes down to ~ 1.06 [16], Accordingly, the native compounds that have a concentration ratio
less than 1.06 are shaded in grey in Table 3-1. In order to statistically determine which of the 30
spiked native compounds were not legitimate positive instances, a t-test was performed as
described in Harris [31], with the results provided in the last column of Table 3-1. The t-test values
were calculated using the peak areas of a selective m/z for each native analyte in all six injection
replicates of the 200 ppm, 100 ppm and the stock solution (that is, nominally 0 ppm). The peak
areas were normalized to the internal standard. At a 95% confidence interval, the t-table value for
a two-tailed test with 5 degrees of freedom is 2.57, so all t-values less than that correspond to
analytes that have no statistically significant difference in their concentration between the 200 ppm
and 100 ppm spike levels, as designated by yellow highlighting in Table S1 in Supplemental. Nine
analytes were determined not to be legitimate positive instances. There is good agreement between
the concentration ratio and the t-test metric for the discovery of true positives. Other than hexane,
that appears to be an outlier, the minimum concentration ratio corresponding to a true positive
appears to be ~ 1.04, in good agreement with a previous study [16]. The cause of the outlying
nature of hexane is unknown. Quantification was re-performed to confirm initial results, but

inconsistencies may result from slight coelution in the second dimension with cyclopentane.
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Table 3-1. Table of native components with the analyte number as shown in Figure 3.1(B),
actual concentrations, concentration ratios and t-test values.

Actual Concentration

(Ppm)
Concentration
Natives Name Mass (g) | 200 100 Native Ratio T-test
1 hexane 0.1104 | 217.7| 108.8 690.5 1.14 0.52
2 cyclopentane 0.1135| 223.8( 111.8 267.7 1.30 4,57
3 2,2, 4-trimethylpentane 0.1090 | 2149 | 1074 0.0 2.00 12.51
4 cyclohexane 0.1037 [ 2045 | 102.2 907.0 1.10 3.45
5 heptane 0.1164 [ 2295 | 1147 582.8 1.16 4.37
6 cyclohexene 0.1066 | 210.2 | 105.0 0.0 2.00 17.31
7 methylcyclohexane 0.1027 | 202.5| 101.2| 3978.2 1.02 2.10
8 octane 0.1052 | 207.4| 103.7 | 1154.0 1.08 4.36
9 toluene 0.1180 | 232.6 | 116.3| 1353.7 1.08 6.99
10 nonane 0.1129 [ 222.6 | 111.2( 2149.8 1.05 3.47
14 ethyl benzene 0.1118 | 220.4 | 110.2 475.3 1.19 7.30
15 p-xylene 0.1070 [ 211.0 | 105.4( 1882.4 1.05 5.24
16 cyclooctane 0.1131( 223.0| 1114 0.0 2.00 32.92
19 decane 0.1186 | 233.8| 1169 49404 1.02 2.48
21 propylbenzene 0.1082 | 213.3 106.6 410.5 1.21 17.64
22 butylcylcohexane 0.1082 | 213.3| 106.6 907.6 1.11 3.75
23 3-ethyltoluene 0.1106 | 218.1 109.0 | 1521.9 1.07 4.64
26 undecane 0.1015( 200.1 | 100.0 [ 9171.3 1.01 2.05
27 cyclohexylbenzene 0.1184 | 233.4| 116.7 766.4 1.13 6.01
29 1,2,4-trimethylbenzene 0.1102 [ 217.3 | 108.6 | 2797.8 1.04 4.19
32 dodecane 0.1065 [ 210.0 | 104.9 | 16370.2 1.01 1.41
34 tridecane 0.1173 ] 231.3| 115.6 | 20322.6 1.01 1.88
37 bicyclohexyl 0.1200 | 236.6 | 118.2 510.3 1.19 6.19
41 tertbutylbenzene 0.0997 | 196.6 98.2 4.4 1.96 46.74
42 1,5-dimethyltetralin 0.1076 | 212.1| 106.0| 1957.7 1.05 3.05
43 hexadecane 0.1113 ( 219.4 | 109.7 | 10483.0 1.01 1.62
44 1-ethylnaphthalene 0.1138 | 224.4 | 1121 38.2 1.75 11.88
46 1,3-dimethylnaphthalene 0.1110  218.8 | 109.4( 1756.5 1.06 4.90
47 pristane 0.1080 [ 2129 | 106.4 | 2648.8 1.04 1.13
48 heptadecane 0.1184 | 233.4| 116.7| 82725 1.01 0.65
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Table 3-2. Table of non-native components and the actual concentrations present in the spike
solution with the analyte number as shown in Figure 3.1(B). As designated by the asterisk, 2-
mercaptoethanol is not found in the 200/20 vs 100/10 ppm class comparison.

Actual Concentration
(ppm)
Non-Natives Name Mass () 20 10
11 pyridine 0.1026 21.7 10.9
12 2-mercaptoethanol™* 0.1225 25.9 13.0
13 1-chlorohexane 0.1080 22.9 114
17 2,5-dimethylthiophene 0.1200 25.4 12.7
18 2-heptanol 0.1106 23.4 11.7
20 methyl caproate 0.1054 22.3 11.2
24 bromobenzene 0.1066 22.6 11.3
25 3-octanone 0.1166 24.7 12.3
28 limonene 0.1222 25.9 12.9
30 5-decyne 0.1039 22.0 11.0
31 aniline 0.1206 25.5 12.8
33 nonanol 0.1160 24.6 12.3
35 1,6-dichlorohexane 0.1112 23.5 11.8
36 2-decanone 0.1150 24.4 12.2
38 cyclohexyl isothiocyanate 0.1213 25.7 12.8
39 ethyl salicylate 0.1106 23.4 11.7
40 butyrophenone 0.1054 22.3 11.2
45 dodecanethiol 0.1120 23.7 11.9
49 diphenyl sulfide 0.1176 24.9 12.4
50 dibutylphthalate 0.1054 22.3 11.2
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Using the list of native compounds corrected using the t-test metric, ROC curves were
made in Figure 3.6 with a TPP out of 41 total positive instances instead of the previously assumed
50 for Figure 3.4. While the shape of each curve does not change, the AUC value obviously
increases, from 0.61 to 0.74 for a S/N threshold of 3 and all m/z, and from 0.74 to 0.90 for a S/N
threshold of 10 and 10 m/z. It is important to note that the analyst can draw the same conclusions
from Figure 3.4 or (B), which has important ramifications for implementing the ROC curve-based
AUC metric. Essentially, optimization of the software parameters does not require a priori

determination of the statistically correct number of positive instances in the sample classes.
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Figure 3.6. ROC curves for the two sets of parameters studied: (red) S/N threshold of 3 and
all m/z (based upon the results in Figure 2), and (blue) S/N threshold of 10 and10 m/z with the
TPP calculated using only the 41 statistically significant positive instances as calculated by the t-
test in Table 3-1.
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To more fully explore the effects of S/N threshold and number of m/z on F-ratio software
performance, ROC curves were generated for the 25 combinations of S/N threshold and number
of m/z defined in the Experimental Section. The area under the ROC curve (AUC) was calculated
for each combination of S/N threshold and m/z, whereby the AUC provided a quantitative metric
to assess the effect of these parameters on the discrimination of the F-ratio software. The AUC
values for all 25 parameter combinations are shown as a heat map in Figure 3.7, where Figure
3.7(A) corresponds to AUCs determined assuming all 50 spiked analytes correspond to positive
instances and Figure 3.7(B) corresponds to AUCs determined using only the 41 statistically
significant positive instances. Most notably, in Figure 3.7(A) the optimum parameters remain an
S/N 10 coupled with 10 m/z, producing an AUC of 0.74 assuming 50 positive instances, and in
Figure 3.7(B) an AUC of 0.90 using only 41 positive instances. The previously employed
parameters (S/N 3 coupled with all m/z) produced an AUC of 0.61 or 0.74, respectively. The
difference between these two AUC values (0.13) relative to the prior value (0.61) is 0.21, or a 21%
improvement in the F-ratio software performance. Hence, optimization of the S/N threshold and
number of m/z used for this particular data set provides a 21% increase in the discrimination of the

true positives from the false positives.
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Figure 3.7. Heat maps showing the area under the curve (AUC) at the 25 S/N threshold and
number of m/z combinations studied (A) assuming all 50 spiked standards were positive
instances; and (B) using only 41 statistically significant positive instances.
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Beyond interpretation of the AUC, perhaps most elucidative of the increase in software
performance is the comparison of the number of true positives discovered at different FPP
thresholds. For example, the previously utilized parameters (S/N 3; all m/z) found a total of 33 true
positives, while the optimized parameters (S/N 10; 10 m/z) found a total number of 38 true positives
of the 41 possible true instances. Not only did the optimized parameters find 5 additional hits total
(i.e., at an FPP of 1.0), but using the optimized parameters allowed the F-ratio algorithm to
discover the vast majority of those true positives at much lower FPP thresholds than those required
by the previously utilized parameters. For example, the greatest distance between the two ROC
curves shown in Figure 4 occurs at an FPP of about 0.2. An FPP of 0.2 corresponds to when the
F-ratio hit list has reached 10 false positives. At this FPP threshold, the optimized parameters (S/N
10; 10 m/z) have discovered 37 of the 38 true positives that were discovered overall, which
corresponds to 9 more true positives than the 28 that the software discovered using the previous
parameters (S/N 3; all m/z). The optimization of the parameters (using S/N 10 and 10 m/z) allowed
the method to discover nearly all of the true positives at the cost of only 10 false positives.

It is worth mentioning that the AUC is not the only metric of ROC performance, and
other metrics may be utilized that are more efficacious for other investigations. For example, as
previously mentioned, one may count the number of true positives at a lower FPP threshold, such

as the 0.2 or 10 false positives. The results of this metric are shown in

Figure 3.8, where the same conclusion, that the parameters of S/N 10 and 10 m/z are most

optimal, remains the same. However, for most analysts, evaluating a hit list to the 10™" false

positive may be a sufficient investigation of the hit list and more time-efficient. Therefore, this
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may serve as a better ROC metric than the AUC, including in cases where the AUC may not

indicate clearly that one set of parameters is obviously superior to another.
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Figure 3.8. Heat map of the number of true positives (TP) at a false positive probability
(FPP) of 0.2, that is, 10 allowed false positives, for each of the parameter combinations.
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3.4 CONCLUSION

The AUC is a quantitative metric to compare ROC curves to study and optimize
chemometric software performance and to demonstrate how various input parameters employed
by the software can be tuned for better analysis. We report the implementation of such an approach
on the tile-based F-ratio analysis software of GC x GC — TOFMS data using diesel fuel spiked
with 30 native and 20 non-native compounds at two nominal concentrations, 200/20 ppm and
100/10 ppm, native/non-native respectively. By varying the S/N threshold and the number of F-
ratios per m/z used to calculate the average F-ratio of each tile, the AUC quantitatively determined
the best parameters, found to be a S/N threshold of 10 and 10 m/z. Compared to the previously
employed parameters of S/N threshold of 3 and all m/z, the use of these parameters provided a
~21% improvement in the ability of the software to discriminate between true positives and false
positives in the hit list. It also provided the method with the ability to find 9 additional true
positives at an FPP of 0.2 (10 allowed false positives) and 5 additional true positives overall.
Furthermore, we demonstrate that the AUC metric can be used effectively without prior knowledge
of whether or not the spiked analytes (i.e., the intended true positives) were in fact statistically
significant positive instances.

For practical application of this method to other sample matrices and chemometric software
algorithms, a few comments of merit remain. Firstly, the optimization process explained herein
used two sample classes fabricated and spiked into a diesel matrix to serve as the classes for
optimization of the tile-based F-ratio method specifically. For other software algorithms, it may be
beneficial to pick a matrix of interest and fabricate the sample classes or spike test mixture for
comparison based on the research goals or software type. For example, a software algorithm

designed for isotopic labeling investigations of metabolomes should utilize isotopically labeled

98



metabolites in a biological matrix. The spiked standards chosen for this study were chosen based
on sample classes of interest in diesel and in no way were optimized for the software algorithm or
GC x GC separation. Evaluation of whatever test mixture one chooses to employ may provide
increased optimization of the software algorithm where the identities of the analytes in the test
mixture are of increased importance and affect the outcome of the AUC metric for determining the
optimized software parameters. Secondly, due to the time-consuming and repetitive nature of the
software optimization method presented herein, it can be assumed that once the software algorithm
is optimized, it can then be applied to real samples. This is worth stating explicitly for two reasons.
Primarily that the calculations and evaluations need not be repeated once a software algorithm is
optimized. Secondarily, the application of these optimized parameters to the real samples will aid
in the discovery of true chemical markers in the most efficient way, that is, elucidating the highest
number of true positives with the fewest number of false positives possible. Lastly, this
optimization method, namely the use of the AUC of a ROC curve as a quantitative metric, can be
applied to many other software methods and investigative questions. For example, peak detection
i1s a common algorithmic step in many software packages applied to chromatographic data. This
method could be applied to any peak table generating software algorithm in order to find the
optimal parameters. Results of such a study are not presented here with the results of the tile-based
F-ratio software due to the latter’s proven ability to perform better than peak tables methods at
finding class distinguishing chemical features, especially at low concentration signal differences

[15].
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Chapter 4. Application of the Optimized Tile-based Fisher Ratio Method

to a Process Analytical Chemistry Investigation

4.1 INTRODUCTION

Process analytical chemistry (PAC) is a specialization of analytical chemistry that aims to
optimize a chemical process through the analysis of the physical and chemical composition of the
starting material, products and/or bi-products of a manufacturing process. PAC may employ
various instrumental analysis platforms, chemometric algorithms, and sampling methods to
elucidate both qualitative and quantitative information about the chemical process of interest [1,2].
PAC is generally related to and often employed in process analytical technology (PAT) used in the
pharmaceutical industry [3].

Gas chromatography coupled with mass spectrometry (GC-MS) is one popular instrumental
platforms employed in PAC investigations due to the ability to simultaneously separate and
identify components in complex mixtures. GC-MS 1is a robust technique for evaluating both
qualitative and quantitative information regarding a sample. Comprehensive two dimensional (2D)
gas chromatography coupled with time-of-flight mass spectrometry (GC x GC - TOFMS) is an
analytical technique employing two complementary GC separations in series, allowing for the
separation of components that otherwise may be unresolved on a single column. GC x GC —
TOFMS has been used extensively for the analysis of complex samples such as essential oils [4],
food products [5], forensics [6], petrochemicals [7], metabolomics [8], and more [9].

The data generated from modern analytical platforms such as GC x GC — TOFMS requires
advanced chemometric algorithms in order to elucidate meaningful information regarding the
samples. One such chemometric technique is the Fisher ratio (F-ratio) method, a statistical analysis

of variance between sample classes as dictated by the experimental design. An F-ratio is calculated
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as the variance between classes divided by the sum of the variances within each class, such that
the greater the magnitude of the F-ratio, the more variance there is between two sample classes.
We have previously reported on the development of a tile-based F-ratio software specifically
designed to elucidate class-distinguishing features in GC x GC — TOFMS in supervised, non-
targeted investigations [10,11]. Since then, the software has been successfully applied to the
characterization of chemically altered diesel fuel [12], evaluated on a yeast metabolome [13], and
optimized using spiked diesel samples, as discussed in Chapter 3.

Herein, we report the application of the newly optimized tile-based F-ratio method based on
the results from the aforementioned study to a process analytical chemistry application. We apply
both the optimized chromatographic and tile-based F-ratio software parameters to evaluate solvent
samples from a polymerization plant experiencing catalyst yield reduction due to one or more
catalyst poisons present in the samples. The objective of the study was two-fold: first, to evaluate
the differences between the composition of solvent samples from the two sampling points in the
polymerization process; and secondly, to determine which, if any, components present in the
solvent samples might be contributing to the catalyst yield reduction. The first objective was
obtained by performing the tile-based F-ratio method with the two sampling points sampled during
excellent polymerization processes serving as the two classes for comparison. Using the
information from these results, a sample from a poor polymerization process was evaluated, and
compounds of interest were quantified. Parallel factor analysis (PARAFAC) was utilized in an
attempt to remove the noise and obtain clean mass spectra from these compounds of interest for

improved identification.
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4.2 EXPERIMENTAL

421  Samples

Approximately 2 mL of solvent were taken from two sampling points in the polymerization
process on various days with specific date and time stamps. A flowchart of the polymerization
process is shown in Fig 1, with the two sampling points of interest shown as roman numerals in
red. Each sampling date and time point will be heretofore called a “campaign,” as shown in Table
4-1. For example, campaign E1 refers to all “Excellent” samples collected on 11/12/2014 at 00:30
hours. Samples from Points I and II were taken at four different campaigns during “Excellent”
polymerization processes (E1, E2, E3 and E4), while a sample from Point 11 for a single campaign
was taken during a “Bad” polymerization process (B1). Samples were placed into 2 mL GC vials
for analysis. GC vial caps and septa were changed after each injection to avoid solvent

evaporation.

Table 4-1. Table of campaigns and sampling points analyzed.

Campaign Date Hour Point Purification

Bl 12/09/2012 20:50 ] Bad

El 11/12/2014 00:30 | Excellent
El 11/12/2014 00:30 I Excellent
E2 17/12/2014 22:00 | Excellent
E2 17/12/2014 22:00 I Excellent
E3 19/12/2014 21:15 | Excellent
E3 19/12/2014 21:15 ] Excellent
E4 23/12/2014 04:10 | Excellent
E4 23/12/2014 04:10 I Excellent
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4.2.2  Analysis of samples via GC x GC — TOFMS

GC x GC-TOFMS data were collected using an Agilent 6890N GC (Agilent Technologies,
Palo Alto, CA, USA) with a LECO Pegasus 11l TOFMS equipped with a 4D thermal modulator
upgrade (LECO, St. Joseph, MI, USA). The same columns and instrumental parameters were
utilized as in Chapter 3. Briefly, a polar 29.75 m x 250 pm x 0.25 um Rxi-17Sil MS film primary
column (column 1) and a nonpolar 1.3 m x 180 um x 0.18 um Rxi-1ms film (Restek, Bellefonte,
PA, USA) secondary column (column 2) were used with ultra-high purity helium (Grade 5,
99.999%, Praxair, Seattle, WA, USA) as the carrier gas at a constant flow of 2.0 mL/min. An
Agilent 7683 autosampler was used to inject 1 puL of the solvent samples with a 300:1 split ratio.
Column 1 was maintained at 40 °C for one minute, then ramped at 5 °C/min to 300 °C where it
was held for 2 minutes. Column 2 and the modulator block followed the same temperature program
with a +15 °C and +60 °C offset, respectively. The modulation period was 2 seconds with 0.5
second hot and cold pulses for each stage. Mass channels, m/z 35-400, were collected at 100
spectra/s after a 10 second acquisition delay. Two injection replicates of each solvent sample
outlined in Table 4-1 were obtained and analyzed in a mathematically randomized order.

Two standards, 2-hexanone and 2-ethyl-1-hexanol were obtained (Sigma-Aldrich, St. Louis
MO, USA). Approximately 60 mg of each standard was measured using an analytical balance into
a scintillation vial and diluted with approximately 60 g of hexane standard (Sigma-Aldrich, St.
Louis MO, USA), to create a solution with ~1000 ppm of each standard. Using hexane, the solution
was serially diluted, by mass, to the following nominal concentrations: 100 ppm, 10 ppm, 1 ppm,
and 0.1 ppm. These were analyzed using the aforementioned GC x GC — TOFMS method with

triplicate injection replicates.
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4.2.3  Data Analysis

As with the instrumental parameters, the data analysis was performed as in Chapter 3. The
GC x GC-TOFMS data were data processed using the instrument software (ChromaTOF, version
3.32, LECO, St. Joseph, MI, USA), including baseline correction, peak finding and peak area
calculation. Peak areas were calculated using the total ion current (TIC) for the two analytical
standards as well as the 6 oxygenates of interest. Standard addition method (SAM) plots of 2-
hexanone and 2-ethyl-1-hexanol were utilized to determine the approximate concentrations of the
unknown oxygenates in the sample solvent solutions as seen in Table 4-2.

The GC x GC-TOFMS data were also imported from the instrument software into Matlab
R2015b (Mathworks Inc., Natick, MA, USA) using an in-house data converting algorithm. The
data were analyzed with the in-house developed tile-based F-ratio software, an algorithm that
elucidates chemical features that distinguish between two classes of samples, such as two samples
coming from different steps in an industrial process. We direct the reader to previous publications
and their respective supplementary information for a thorough understanding of the tile-based F-
ratio software [10-13]. For all executions of the method a D tile size of 6 seconds, a 2D tile size
of 100 milliseconds, a 'D cluster size of 4 seconds, a D cluster size of 60 milliseconds were
employed; all chromatograms were normalized to the sum of the total ion current (TIC); and no
retention time alignment was performed. The signal-to-noise (S/N) threshold and number of mass
channels (m/z) utilized for the calculation of the average F-ratio were both set to 10, as indicated
to be the optimum parameters in Chapter 3. At least 3 m/z were required for a measureable F-ratio
and no F-ratio threshold minimum was employed.

Finally, PLS Toolbox (Version 8.1; Eigenvector Research, Inc., Manson, WA, USA) was

used to perform parallel factor analysis (PARAFAC) on the six oxygenates listed in Table 4-2.
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PARAFAC is a widely-used, quantitative multivariate chemometric technique that can be applied
to trilinear or three-way data such as those generated by GC x GC — TOFMS. PARAFAC can
decompose GC x GC — TOFMS data into the pure component profile on column 1, the pure
component profile on column 2 and the pure component mass spectrum, allowing for more
accurate and precise quantification and identification of analytes that may be convoluted due to
noise or overlapping interferents. PARAFAC was performed on equivalent tiles encompassing the
six oxygenates used for the F-ratio analysis, using m/z 35-150 of the E1-1 sample, which had the
most signal of all six oxygenates of interest. A two factor model was employed with a unimodality
constraint on the column 1 dimension and nonnegativity constraints on column 2 and the mass
spectral dimensions in order to obtain cleaner mass spectra. These mass spectra were matched to

the National Institute of Standards and Technology (NIST) library using NIST MS Search 2.0

(NIST, Gaithersburg, MD, USA). Feedstock

1

Feed Tank | =

4.3 RESULTS AND DISCUSSION

A flowchart of the industrial polymerization process from I
A
which samples were taken for this investigation is outlined in Purification
Figure 4.1. The feedstock tank consists of new feed, mostly I
\d

isomers of hexane. The feed tank includes both new feedstock Polymerization

and waste from the centrifuge. Sampling Point | occurs after the 1

feed tank and prior to the purification step. The purification step

Centrifuge —

includes both a distillation tower and a molecular sieve column. 1

Sampling Point Il occurs after the purification steps. Following Product

purification, the polymerization process occurs, which includes a Figure 4.1. Flowchart of

industrial process
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proprietary process aid we will refer to as “Substance A.” After polymerization, a centrifuge
separates the product and the waste, the latter of which is returned to the feed tank for reuse.
Figure 4.2 shows the selective ion chromatogram (SIC) at m/z 57 of E1-I; that is the sample
taken from Point | for campaign E1. The vast majority of the signal in the chromatogram comes
from the solvent peaks, consisting mainly of the isomers of hexane, eluting prior to 4 minutes on
column 1. This can be seen clearly in Figure 4.2(A), with the inset showing the overloaded and
convoluted nature of the sample consisting mostly of solvent. Figure 4.2(B) shows the same
chromatogram, excluding the solvent peaks. Here, numerous other components can be seen at
lower concentrations that were otherwise drowned out by the signal due to the solvent. Eluting
early in the chromatogram on column 1 are the branched alkanes, eluting early on column 2; and
the oxygenates, eluting between 1.0 and 1.5 seconds on column 2. The process aid, “Substance
A” can also be seen eluting at about 25 minutes on column 1 and at about 1.6 seconds on column
2. A zoom-in of the oxygenate region shown in the red box can be seen in Figure 4.2(C), with at
least six obvious oxygenate peaks designated by their numbers in red. It is obvious that these
analytes are at a rather low signal-to-noise, especially relative to the solvent peaks, and are likely
contaminants of the polymerization process due to the centrifuge waste being recycled (Figure

4.1).
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Figure 4.3 shows the F-ratio results of the 8 vs. 8 comparison of the injection replicates from
the excellent campaigns sampled at Point | vs. those sampled at Point Il. Each hit in the F-ratio
hit list is plotted in the chromatographic space with the size of the blue circle scaling with the
magnitude of the F-ratio value: the larger the circle, the greater the F-ratio, and therefore the
greater the class-to-class (Point I vs. Il) difference. As in Figure 4.2(B), the oxygenates and the
branched alkanes are clearly visible as F-ratio hits in their corresponding chromatographic region.
These analytes are present in the Point | samples and absent in the Point Il samples, indicating

these classes of compounds are removed via the purification process.

R o /) oxvgenates

Time, seconds
T

O
o

@ Branched alkanes

O L a A A
) 15 25 35
Time, minutes

Figure 4.3. Scatter of F-ratio hits at their D and 2D retention times, the size of the circles
scales with the magnitude of the F-ratio.
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Figure 4.4 (A) and (B) are the ruler plots of oxygenate 4 from Figure 4.2(C) of all sixteen
samples used for the 8 vs. 8 F-ratio comparison with results shown in Figure 4.3. Figure 4.4(A) is
the chromatographic profile of oxygenate 4 on column 1, while Figure 4.4(B) is that on column 2.
These figures show the obvious signal presence of the oxygenate at sampling Point | in at least 6
of the 8 samples (that is, 3 of the 4 campaigns with duplicate injections) and complete absence of
the analyte at sampling Point Il. The variance between the classes shown in Figure 4.4Error! R
eference source not found. is what generates a large F-ratio hit (Hit #7; F-ratio = 11.6) as seen in
Figure 4.3.

With the knowledge gained from the tile-based F-ratio method, mainly that the oxygenates and
branched alkanes were successfully removed via the purification process during the Excellent
polymerization campaigns, the next objective was to discover any possible compounds present in
the Bad samples that could be contributing to or correlating with the reduction in polymerization
efficiency. Figure 4.5(A) shows a chromatogram (m/z 43) of an “Excellent” campaign sampled at
Point I, and Figure 4.5(B) shows one of a “Bad” campaign at Point II. While Figure 4.5(A) shows
mostly noise with only an obvious peak where the process aid, Substance A, elutes, Figure 4.5(B)
very obviously contains the oxygenates that were removed via the purification process in the
“Excellent” campaigns as indicated by the F-ratio results. This indicates that during poor
polymerization processes the oxygenates were not successfully removed via the purification
process as with the excellent processes, and the presence of these analytes correlate with the
presence of the catalyst poison. This is confirmed in Fig 6 (A) and (B), which show the elution
profiles of oxygenate 4 on column 1 and column 2, respectively, for the “Excellent” (red) and

“Bad” (blue) processes at Point II.
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The standards, 2-hexanone and 2-ethyl-1-hexanol were analyzed, as discussed in the Section
2.3, and a traditional standard addition method (SAM) plot was made. The SAM plot of 2-
hexanone (blue), 2-ethyl-1-hexanol (red), and the average of the two (black) is shown in Figure
4.7. These analytes were chosen due to their mass spectral similarity to the unknown oxygenates
of interest shown in Figure 4.2(C). The linear fit equation of the average line (black; y=11689x)
was used to calculate the relative concentrations of the unknown oxygenates in the “Excellent”
campaigns at Points I and II and in the “Bad” campaign at Point II. The average result, including
both the TIC peak areas and calculated concentrations, for the oxygenates are shown in Table 2-2.
As expected, the E-11 campaigns have no oxygenates present, while the B-11 campaign do. It is
worth noting the complete absence of oxygenate 6 from the B-11 campaign. Whether this is due to
its absence from the Feed Tank or its successful removal during the purification process is

unknown due to the lack of an equivalent B-1 campaign sample.

2.E+07 -
2-hexanone

2.E+07 - 2-ethyl-1-hexanol y =14951x
1.E+07 4 Average RZ=0.9999
1.E+07 -
1.E+07 -
8.E+06 -
6.E+06 -
4 E+06
2.E+06
0.E+00

y =11689x
RZ=0.9998

Peak Area

y =8160.9x
RZ2=0.9994

Total lon Current (TIC)

0 200 400 600 800 1000
Concentration (ppm)
Figure 4.7. Standard addition method (SAM) plot of the standards 2-hexanone (blue), 2-ethyl-1-
hexanol (red), and the average of the two (black).
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Table 4-2. Table of peak areas and concentrations of oxygenates.

E-I E-ll B-11
Oxygenate Concentration Concentration Concentration
# Peak Area (ppm) Peak Area (ppm) Peak Area (ppm)
1 52761 4.5 0 0 82948 7.1
2 27189 2.3 0 0 45408 3.9
3 35433 3.0 0 0 52420 4.5
4 208665 17.9 0 0 271806 23.3
5 32968 2.8 0 0 43252 3.7
6 29904 2.6 0 0 0 0.0

Finally, while LECO’s ChromaTOF software was able to effectively quantify the six
oxygenates, with results shown in Table 2, the spectra were noisy enough that poor library matches
resulted, making identification of the oxygenates difficult. In an attempt to obtain cleaner mass
spectra, PARAFAC was performed as discussed in Section 2.3. Figure 4.8(A) shows the raw mass
spectrum of oxygenate 4 as detected by the instrument, and Figure 4.8(B) shows the mass spectrum
resulting from the PARAFAC model with the noise obviously removed. This pure mass spectrum
in Figure 4.8(B) was matched to the NIST database as 3,5-hexadien-2-ol with a match value of
778 and a reverse match of 780. The NIST MS Search 2.0 identifications, match values and reverse

match values of the PARAFAC modeled spectra of the six oxygenates are shown in Table 4-2.
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Figure 4.8. (A) Raw signal and (B) PARAFAC loadings of the m/z of oxygenate 4.
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4.4 CONCLUSION

Solvent samples from an industrial polymerization plant were analyzed in order to determine
the cause of a catalyst yield reduction. First, the optimized tile-based F-ratio method, a non-
targeted software that analyzes variance between sample classes, was used to elucidate differences
between the two sampling points occurring before (Point I) and after (Point 1) the purification step
in the polymerization plant during a “Excellent” polymerization process campaigns. This
supervised, non-targeted software elucidated compounds that were removed via the purification
process, most notably several branched alkanes and six oxygenate compounds. Using the
information gleaned from the tile-based F-ratio method, a single sample from the post-purification
sampling point (Point IT) during a “Bad” polymerization process was analyzed. This sample clearly
contained oxygenates that were otherwise removed via purification during the previously analyzed
“Excellent” campaigns. These oxygenates were quantified and identified using the pure mass
spectra generated from PARAFAC. The results of this investigation revealed that the presence of
oxygenate compounds entering the polymerization reactor correlated with the catalyst yield
reduction. This illustrates the importance of online process monitoring during industrial processes,
which can provide answers regarding any changes in the industrial process in real-time to analysts
on-site. For the process analyzed in this investigation, monitoring may be most illustrative at points
just before and after the purification steps, in order to avoid further instances of catalyst yield

reduction.
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Chapter 5. Determining the Probability of Chemometric Success for Gas
Chromatography-Mass Spectrometry Based on Saturation Factor and the

Chemometric Enhanced Peak Capacity

5.1 INTRODUCTION

Gas chromatography (GC) is a powerful separation technigque used to separate volatile and
semi-volatile compounds in complex mixtures. Often coupled with mass spectrometry (MS) as a
hyphenated technique, GC-MS is a popular analytical platform for a variety of applications, such
as metabolomics,2 forensics,®* food products,>® and more.”® Complex samples generate complex
chromatograms, often with excessive peak overlap due to coeluting analytes. Such chromatograms
often require advance chemometrics techniques for successful deconvolution and extraction of
useful information about the sample components.

Deconvolution algorithms are used to mathematically resolve two or more analytes that are
chromatographically overlapped. Compared to simple peak integration techniques, deconvolution
can provide more precise and accurate peak attributes, including the pure analyte peak area and
pure analyte mass spectrum, for better analyte quantification and identification. Many
chemometric algorithms and software algorithms have been developed to perform deconvolution
on chromatographic peaks. Each algorithm functions slightly differently in its requirements of the
data structure and its efficacy for certain applications. However, all deconvolution algorithms are
accuracy-and precision-limited in their performance by three main factors: (1) chromatographic
resolution between the target analyte and nearby interferent(s); (2) signal-to-noise (S/N) of the
analytes of interest; and (3) mass spectral similarity between the target and nearby interferent(s).

Many metrics exist to evaluate and compare the efficacy and power of various GC

separations. One popular metric is peak capacity, which is representative of the amount of
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information that can be contained in a given separation, defined as the maximum number of peaks
that can be evenly resolved, at Rs = 1.0, in a certain separation time.'® However, if one can decrease
the resolution at which peaks can be resolved through chemometric means, such as the application
of a deconvolution algorithm, the requirement for physical separation can be loosened and the peak
capacity can be chemometrically enhanced and increased, allowing more peaks per separation
window.

The relative “crowdedness” of a chromatogram, that is, how many analytes are present in
a separation window, is referred to as the saturation factor, o.'! The saturation factor is
mathematically defined as the number of components present in a separation divided by the peak
capacity.!* Therefore, if the peak capacity can be chemometrically enhanced, it will nominally
enhance the saturation factor. Consequently, the metrics chromatographers use to compare and
evaluate separations, especially resolution, peak capacity and saturation factor, are interrelated by
definition and can be chemometrically enhanced through the application of an effective
deconvolution algorithm.

The relation between peak overlap and saturation factor has previously been reported by
Davis and Giddings as part of their statistical overlap theory. 122 Their theory expressly states that
with complex samples, the overlap of peaks can be statistically estimated, specifically that the
number of observed peaks can be statistically approximated. However, their theory does not
include a discussion of chemometrically enhanced resolution and was suggested to fail at
saturation factors greater than one. We apply a similar theory here, which is nominally consistent
with that presented by Davis and Giddings, but aims to describe the effects of chemometrically
enhanced resolution on peak capacity and the probability of successful chemometric

deconvolution.
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We present an extensive simulation-based investigation into the minimum
chromatographic resolution at which a chemometric algorithm can successfully deconvolute
coeluting GC-MS peaks, hereafter referred to as the limit of chemometric resolution, Rs*.
Operating under the assumption that analyte peaks are randomly distributed across the separation
space, we first present a probabilistic description of peak overlap in GC-MS separations to
determine the probability of chemometric success. In particular, chemometric success for a target
analyte requires that any interfering peaks have Rs > Rs* to the target peak. Secondly, we present
the results of a simulation based study to investigate how the practical application of a
deconvolution algorithm fits with the expected theory. Simulations include the generation of
chromatograms including one target analyte and one interferent analyte (referred to as a “target-
interferent pair) at various resolutions and two signal-to-noise levels. The target-interferent pairs
are varied to include pairs that with similar mass spectral character and with different mass spectral
character. Any deconvolution algorithm could be applied to the simulated data to examine its limit
of resolution. For the purpose of this study, multivariate curve resolution with alternating least
squares (MCR-ALS) was chosen as the deconvolution algorithm. However, other deconvolution
algorithms, such as generalized rank annihilation method (GRAM), classical least squares (CLS)
or stacking replicates using parallel factor analysis (PARAFAC), could also be applied to
determine their respective chromatographic limits of deconvolution. The results of more than
31,000 simulations and their deconvolution algorithm model results are presented, indicating that
MCR-ALS has a Rs* of approximately 0.13 or better corresponding to an 87% probability of

successful deconvolution of a target analyte at a saturation factor of 0.5.
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5.2 THEORY

The equations presented here operate under the assumption that chromatographic peaks are
randomly distributed across the separation space. While this is not necessarily the case for all
separations, depending on sample composition and column stationary phase, the theory presented
can also be applied as local peak capacities by replacing tsep With a value twindow Such that twindow <
tsep, assuming only local randomness and allowing for variations in peak distribution across the
chromatogram. The assumption that peaks are randomly distributed across the entire separation is
used for the purposes of demonstration, but all equations presented are readily applied with the
assumption of local randomness.

In chromatography, the amount of information contained in a given separation is inferred

from and is directly related to the ideal peak capacity of the separation, defined as

t t
ne= L= P (5.1)
WpRs Wp

where tsep is the total separation time and Wy is taken as the average peak width at base. Herein,
the peak capacity, nc, represents the number of evenly resolved peaks at unit resolution, Rs = 1,

that can fit into a given separation. The resolution between two chromatographic peaks is defined

by

tpa—t At
R, = 1 R2z—tR1 _ Alr (5.2)
~(Wp1+Wp ) Wp

where Atr is the difference in retention time for peaks one and two, tr,1 and tr2, and Wy is the

average of the individual peak widths at base for peaks one and two, Wy 1 and W 2. For temperature
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programmed separations peak widths tend vary only slightly, such that the average width at base
terms, Wy, from Equations (1) and (2) are nominally equivalent.

The application of chemometrics to chromatographic data allows for mathematical
resolution of peaks that may not have been resolved physically by chromatography. The ability to
mathematically resolve peaks that are physically overlapped, Rs < 1, significantly relaxes the
requirement for chromatographic resolution across the separation and increases the number of

evenly resolvable peak, resulting in a new chemometric enhanced peak capacity,

n. = tsep _ M (5.3)

WbRs* Rs*

where Rs* is defined to be the minimum chemometric resolution, which is the minimum resolution
between two peaks for a particular chemometric method to deconvolute them, that is, to resolve
them mathematically. It should be noted that the minimum chemometric resolution, Rs*, is distinct
from chromatographic resolution defined by Equation (5.2); in particular, Rs* depends on the
chemometric method and must be determined experimentally, while Rs is a measured
chromatographic value between two peaks. In general, Rs* suggests that the chemometric method
can be successfully applied for all values Rs > Rs*. Figure 5.1(A) and (B) show simulated selective
ion chromatograms of a single target analyte (solid line with tr = 4.5) and the two nearest
interferent peak profiles eluting with Rs = Rs* for Rs* = 1.0 and 0.3 respectively. The Rs* = 1.0 in
Figure 5.1(A) is representative of analysis without chemometrics while Figure 5.1(B), shows a
separation readily analyzed by a chemometric technique with Rs* = 0.3, illustrating the substantial

gain in peak capacity when chemometrics are considered.
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Figure 5.1. Simulated chromatograms of a target analyte (black solid line) with two
neighboring interferents (red and blue dotted lines) at (A) Rs = 1.0; and (B) Rs = 0.3.
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The assumption of randomly distributed peaks generally leads to the Poisson distribution,
a generalized approximation of the binomial distribution. However, the assumption of randomly
distributed peaks means that the probability of chemometric success can be determined rigorously
with the binomial distribution with each chromatographic peak representing an independent
Bernoulli random variable, since chemometric success requires that there are no interferent peaks
at Rs < Rs* to the target analyte. For a single target target-interferent pair (m = 1) the probability

of chemometric failure, Rs < Rs*, is defined by

Prait = — (5.4)

ne*

where nc* is as in Equation (5.3). This leads to the determination that the probability of

chemometric success for a single target target-interferent pair, Rs > Rs*, is

Dsuccess = 1 — Prair = 1 — (5.5)

ne*

Equation (5.5) can be generalized to samples of any complexity to define the probability of

chemometric success for a target analyte with m > 0 independent intereferent peaks

P(success) = (Dsyccess)™ = (1 — 2 )m m>0 (5.6)

ne

The saturation factor of a chromatographic separation is given by

# components m+1
a® = = (5.7)

Nnc Nc

where m is the number of interferent peaks as in Equation (5.6) so the total number of components

is m interferents + 1 target analyte. Figure 5.2 (A-D) are simulated total ion current (TIC)
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chromatograms with nc = 100 and various numbers of randomly distributed analytes,
corresponding to a® = 0.1, 0.5, 1.0, and 2.0 respectively. An alternative expression for P(success),
as a function of o can now be provided by combining Equation (5.3) and (5.7) with Equation

(5.6)

ZRS*)((I ne—1)

Ne

P(success) = (1 - (5.8)

Clearly, P(success) depends on the separation peak capacity and the sample complexity but it also
requires some approximation of the limit of chemometric resolution, Rs*, for the chosen method.
The most generalized benefit of Equation (5.8) is that allows for a quantitative comparison of
chemometric method performance and chromatographic separation parameters selection for

samples of varying complexity.
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Figure 5.2. Simulated total ion current (T1C) chromatograms with nc = 100 and various
numbers of randomly distributed analytes, corresponding to (A) a® =0.1; (B) a®°=0.5; (C) o° =
1.0; and (D) a® = 2.0.
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5.3 EXPERIMENTAL

All data was simulated and analyzed using Matlab R2015b (Mathworks, Inc., Natwick,
MA, USA), with the modeling conditions summarized in Table 5-1. Three-second long GC-
TOFMS chromatograms were simulated consisting of one analyte and one interferent at a mass
spectral collection rate of 100 Hz. Peaks were modeled as Gaussians with the same peak area and
a width at base (= 20) of 1 second. Random Gaussian-distributed noise was generated
independently for each m/z. The parameters for the noise were determined such that the mean and
standard deviation of the noise would provide the desired signal-to-noise ratio (S/N) in the total
ion current (TIC) of the peak. Two S/N values were studied, the high S/N was defined as S/N of
100 (hereafter, “S/N 100”’) and the low S/N was defined as S/N of 10 (hereafter, “S/N 10”"), where

N was defined as 3o, or three times the standard deviation of the noise.

Table 5-1: Table of experimental simulation conditions

Conditions studied

Rg 0.02; 0.04; 0,06; 0.08; 0.10; 0.12; 0.14; 0.16;
0.18; 0.2; 0.25; 0.30; 0.35; 0.40; 0.45; 0.50

S/N 10; 100

Number of analytes 45

Number of analyte-interferent | 990
combinations

Total number of MCR Models | 31,680
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In order to create a large enough sample of simulations for study, a total of 45 analytes
were chosen to act as the targets and interferents with their mass spectra taken from the NIST
database. Here, a “target” is taken to be an analyte of interest and “interferent” an analyte that is
chromatographically overlapped with the desired target. A list of the 45 analytes can be found in
Table 5-2. Since two of the 45 analytes were used for each simulation (one target, one interferent),
a total of 990 simulations were created at each S/N (s5C>, or 45 choose 2). These 45 analytes were
chosen such that there was a good distribution of target-interferent pairs with very similar mass
spectra and pairs with very dissimilar mass spectra. A match value (MV) was calculated between
each target and interferent to determine whether there was a “High” MV (that is, the mass spectra
were very similar) “Mid” MV, or “Low” MV (that is, the mass spectra are very dissimilar). MV
was calculated based on the equation outlined by Stein®. “High” MV target-interferent pairs were
those with 600 < MV < 1000; “Mid” MV pairs were those with 300 < MV < 600; and “Low” MV
pairs were those with MV < 300. The calculated match values for all 990 target-interferent pairs

are shown in the heat map in Figure 5.3 (A) and the histogram in Figure 5.3 (B).
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Figure 5.3. (A) Heat map; and (B) histogram of match values of target and interferent pairs.
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Table 5-2: Table of compounds used as analytes and interferents for simulations.

Number Compound
1 Hexane
2 Heptane
3 Octane
4 Nonane
5 Decane
6 Undecane
7 Dodecane
8 Tridecane
9 Tetradecane
10 Pentadecane
11 Hexadecane
12 Pristane
13 1-Chlorohexane
14 1-chlorobutane
15 carbon tetrachloride
16 cyclooctane
17 cis-1,2-dimethylcyclohexane
18 2,3,4-trimethylpentane
19 2-methylpentane
20 1-octanol
21 1-nonanol
22 1-decanol
23 1-dodecanol
24 1-tetradecanol
25 1-hexadecanol
26 1-heptene
27 dodecene
28 1-undecene
29 propylbenzene
30 p-xylene
31 0-xylene
32 m-xylene
33 1-bromo-2-ethylhexane
34 1-chloro-5-methylhexane
35 2,3,6,7-tetramethyloctane
36 3,4-diethylhexane
37 butanoic acid
38 docosane
39 heneicosane
40 heptanoic acid
41 hexanoic acid
42 pentacosane
43 pentanoic acid
44 tetracosane
45 tricosane
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In addition to varying the target-interferent pair and the S/N, the resolution between the
target and interferent peaks was varied in order to determine the minimum resolution for the
deconvolution algorithm to successfully deconvolute the target from the interferent. Sixteen
resolution values (Rs = 0.02, 0.04, 0.06, 0.08, 0.10, 0.12, 0.14, 0.16, 0.18, 0.20, 0.25, 0.30, 0.35,
0.40, 0.45, and 0.5) were chosen. For each target-interferent pair (990 options), a chromatogram
of each resolution (16 options) at each S/N (2 options) was generated, resulting in a total of 31,680
total chromatograms generated. All parameters for the simulation study are outlined in Table 1.

Next, an MCR-ALS model was created for each simulation. One component, two
component and three component models were generated, and it was determined that the two-
component models effectively modeled both target and interferent while pulling out the noise in
the residuals. All chemometric models shown and discussed hereafter will refer to the two-
component models. Models were generated without any constraints. All chromatograms and
models were generated over the course of 36 hours on a personal computer with an Intel® Core™
i7-4770 processor (3.4 GHz), 24 GB of random access memory (RAM), a 250 GB Samsung 840
solid state hard drive, and with Windows 7 SP1 as the operating system.

Two parameters were calculated to evaluate each chemometric deconvolution model. First,
the peak area of the chromatographic component from the model was compared to the actual
simulated peak area via a percent error calculation. The percent error on the peak area was defined

as:

Yperror = “Medel=Asim 10 (5.9)

Sim

Where the Amodel is the area of the peak resulting from the chemometric deconvolution model and

Asim is the area of the peak generated during the simulation. Percent error was calculated for the
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target in each of the 31,680 models. Secondly, the match value (MV, with possible values ranging
from 0 to 1000) was calculated between the mass spectrum of the target generated from the
loadings of the model and the original library mass spectrum for the target from the NIST library

based on the equation outlined by Stein 3.

5.4  RESULTS AND DISCUSSION

Figure 5.4 (A) is a plot of the probability of chemometric success, as a function of the
saturation factor, a® Equation (5.8), for various chemometric resolutions ranging from 0.05 to 1.0.
The previously reported mass cluster method4*> was found to be effective with an Rs*
approximately equal to 0.05, if not slightly below, and Rs* = 1.0 is representative of analysis
without chemometrics, relying solely on the physical chromatographic resolution of peaks. The
dashed vertical lines are located at the four saturation factors shown in Figure 5.2, «®° = 0.1, 0.5,
1.0, and 2.0. The nonlinear relationships between P(success), a’, and Rs* means that for a
saturation o’ = 0.7, improving from Rs* = 1.0 to 0.5 results in a gain in P(success) from ~0.25 to
~0.5. Figure 5.4 (B) shows a zoomed in view of the plot in Figure 5.4 (A) to illustrate the significant
gains realized when chemometrics with various Rs* values are applied. However, since Rs*
depends on the particular chemometric method to be used and the conditions under which the

method will be applied, Rs* must be determined experimentally.
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a’; and (B) a zoomed in view of the plot in (A).
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We now consider the simulation based study to determine an approximate Rs* for the
chemometric deconvolution algorithm. An example of the results of two representative
chemometric models at S/N 10 and Rs = 0.20 are shown in Figure 5.5. Figure 5.5(A) shows the
component profiles of the target (1-chloro-5-methylhexane, blue) and interferent (decane, red).
This target-interferent pair is an example of a “Low” MV pair, as the match value between 1-
chloro-5-methylhexane and decane is 284, meaning they have dissimilar mass spectra. This,
ideally, would make it easier for the model to distinguish between the two analytes. The percent
error is low, at 13.22%, meaning the model attributed about 13.22% more peak area to the target
than what was original modeled. The component mass spectra generated from the model are shown
in Figure 5.5(B) with the mass spectra of the target, 1-chloro-5-methylhexane, in blue and the
interferent, decane, in red. Their match values are shown as well, with matches to the library
spectra well into the 900’s, demonstrating that the model easily distinguished between the two
analytes.

Figure 5.5 (C) and (D) show the same figures as in (A) and (B), but for a target-interferent
pair from the “High” MV group. The target (2,3,4-trimethylpentane, blue) and the interferent (3,4-
diethylhexane, red) have a match value to each other of 816, meaning their mass spectra are very
similar. This should make a more difficult case for the algorithm to deconvolute, and in fact, the
percent error is 47.36%, as shown in Figure 5.5 (C) with their component chromatographic
profiles. Here, the target has significantly more peak area than what was originally modeled
because the model falsely attributed some of the interferent signal to the target due to their mass
spectral similarities. Figure 5.5 (D) shows the deconvoluted mass spectra of the two components
generated by the model, with a MV of 928 between the deconvoluted 2,3,4-trimethylpentane and

its library spectrum, while the MV of 3,4-diethylhexane to its library spectrum is only 851, likely
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because of the model contributing some of its mass spectral signal to the 2,3,4-trimethypentane.
These figures demonstrate how the “High” MV cases tend to have larger percent error, but still

maintain high target-to-library MV due to the similarity in the mass spectra between the target and

interferent.
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Figure 5.5. Representative chemometric models at S/N 10 and Rs = 0.20. (A) and (B) are
results of a “Low” MV pair; (C) and (D) are results of a “High” MV pair.
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Figure 5.6 summarizes the average MV and average percent error results for the 31,680
chemometric models. The “Low” MV results are shown in green, the “Mid” MV in blue and the
“High” MV in red, with S/N 100 results as solid lines and S/N 10 results in dashed lines. Figure
5.6 (A) shows the average target-to-library MV results, where an increase in resolution results in
an increase in the MV, as expected, due to a more facile and accurate extraction of the pure analyte
mass spectra by the model. The S/N 100 results obviously have higher target-to-library MV at all
resolutions simulated, starting at a MV of approximately 950 at the lowest resolutions and capping
out at a maximum MV at 990 at the larger resolution values, while the S/N 10 simulations start at
much lower MV (as low as 648 for the Low MV at Rs = 0.02) and converge on a maximum MV
of about 915. This pattern is likely due to noisy m/z contributing spurious signals that are extracted
with the true signal in the models. The extent of this inclusion of noisy mass channels increases as
resolution decreases and the summed signal of these noisy mass channels increases due to
excessive peak overlap between the target and interferent.

Contrary to what might be hypothesized is the order of the colored lines, with “Low” MV
target-interferent pairs having chemometric models that result in lower MV to the library spectrum
than the “High” MV. One might assume that target-interferent pairs that are very alike (“High”
MV pairs) would be more difficult to correctly deconvolute and result in lower MV between the
extracted and library spectrum. However, because the target and interferent share so many mass
channels for those “High” MV pairs, any m/z signal attributed to the target that actually came from
the interferent in the model will not appreciably affect the target-to-library MV because so many
of the m/z are shared. On the other hand, those “Low” MV target-interferent pairs have many m/z
that are not shared whatsoever, so any signal from an interferent mistakenly attributed to the target

will automatically decrease the target-interferent MV,
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It is always important when looking at the results of a chemometric model that the mass
spectral loadings are not the only model loadings regarded to determine the efficacy of the model,
even though it might be the easiest to “match” to a library spectrum to determine the likely
accuracy of a model used to deconvolute an unknown. As discussed in the previous paragraph,
relying solely on the mass spectral loadings may prevent the analyst from discovering signal
falsely attributed to the target of interest when the interferent has very similar mass spectral
features. Figure 5.6 (B) aims to evaluate the chromatographic model loadings resulting from the
chemometric models in conjunction with Figure 5(A). Looking at either Figure 5.6 (A) or (B)
alone will not provide a full and accurate picture of the quality of model generated; but rather, both
should be viewed simultaneously.

Figure 5.6 (B) contains the average peak area percent error results. The S/N 10 results show
a sharp increase in the percent error between the resolution values of 0.3 and 0.2, especially for
the “High” MV case, where mass spectral signals are easily misattributed to the target peak
resulting in a large percent error. While the S/N 100 cases have much lower average percent error,
there is an obvious increase in the percent error for the “Low” and “Mid” MV subsets after a
resolution of 0.3. The cause of the slight peak in the “Low” MV, S/N 100 subset between Rs = 0.3
and Rs = 0.1 is unknown.

The smallest Rs with an average percent error less than 20% was deemed to be the limit of
chemometric success. This avoided confusion due to strange artifacts in the data and provided the
strictest and most objective definition. Because the large dataset was divided into subsets, this left
us with a swath of Rs* values ranging from 0.02 to 0.4, depending on the S/N and MV designation.
The average of all of these values was approximately Rs* = 0.13. Based on the results shown in

Figure 5.4 (B), this would equate with P(success) = 0.87 for a target analyte at a saturation factor
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of 0.5 (Figure 5.2 B). Figure 5.6(B) shows that for Rs = 0.2 only the “High” MV, S/N 10 curve has
percent error greater than 20%. While the Rs* for MCR for this experiment is determined to be
approximately 0.13, a more slightly more conservative Rs* = 0.2, with P(success) = 0.83 at 0° =
0.5, could be readily extended to other GC-MS experiments with only a minor decrease in the

probability of chemometric success for all values a°.

5.5 CONCLUSION

We report herein an investigation into the limit of chemometric resolution, Rs*, of a
chemometric algorithm using simulations of analyte and interferent pairs with varying degrees of
mass spectral similarity at various resolutions and signal-to-noise values. Theory outlining the
probability of component overlap in a chromatographic separation is also. Although any
deconvolution algorithm could have been used, the study here utilized MCR-ALS to deconvolute
the target from the interferent. The efficacy of the chemometric deconvolution was evaluated by
comparing the modeled peak area to the original simulated area via a percent error calculation
and by comparing the deconvoluted mass spectrum to the original simulated mass spectrum via
match value. The results of 31,680 chemometric models, their percent errors and match values
were summarized and it was determined that the Rs* of MCR-ALS is about 0.13, corresponding
to an 87% probability of deconvoluting a target analyte in a chromatogram with a saturation

factor of 0.5.
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Chapter 6. Conclusions and Future Directions

6.1 CHAPTER 2 SUMMARY, LIMITATIONS AND FUTURE DIRECTIONS

A new method for the analysis of stable isotope incorporation in the methylotrophic
bacteria M. extorquens AM1 was presented. The new method workflow employed the 2D m/z
cluster method to discover and extract the pure mass spectra of coeluting metabolites, discovering
152 m/z clusters where only 101 peaks were found using a traditional peak finder. Two principal
component analysis (PCA) models were created using the pure mass spectra: the first model was
to determine whether or not a metabolite had incorporated the stable isotope; the second model
extracted the time course profile. Of the 152 metabolites surveyed, 83 were identified as changing
with time and 69 unchanging with time.

The application of the 2D m/z cluster plot method to real, challenging samples was of
great importance in this investigation. For this reason, the chromatographic method was
shortened to ensure the presence of chromatographic overlap and to ensure all samples were
analyzed in a timely manner. For future investigations, especially in which the biological
ramifications are of utmost interest, it is suggested that the chromatographic method be
optimized. Further investigations into M. extorquens AM1 may also include the analysis of
various mutant bacterial strains and how they compare to the wild type. These analyses could
also be performed using PCA.

While it was beyond the scope of the investigation presented herein, the second PCA
model used for extracting the time course profile could have been used to calculate the metabolic
flux rates of each metabolite. This would be an efficacious continuation of the previous study,
especially with a thorough comparison to traditional metabolic flux calculation methods. Using a

new metabolic system, it is hypothesized that a comparison of these flux calculations would
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reveal that utilizing PCA is more efficient, objective and robust in the calculation of these fluxes
in a comprehensive metabolic flux analysis.

Further study and validation of the 2D m/z cluster method would also be efficacious.
Using simulated chromatograms of varying saturation, mass spectral variability and noise, the
various parameters of the software algorithm could be studied and evaluated. The parameters of
interest include the box size used to cluster m/z with similar peak width and retention time
indices, the S/N threshold, and the maximum width threshold applied to consider a mass channel
pure. Current research is being conducted by K.L. Berrier, with promising results that verify the

previously published experimental findings.

6.2 CHAPTER 3 SUMMARY, LIMITATIONS AND FUTURE DIRECTIONS

Presented in Chapter 3 was the optimization of the tile-based F-ratio method using the
area under the curve (AUC) of the receiver operating characteristic (ROC) curves generated from
the results of the F-ratio comparison of the 200/20 ppm and 100/10 ppm native/non-native spike
solutions in diesel. Two parameters, the S/N threshold applied before the F-ratio calculation and
the number of m/z used to calculate the average F-ratio, were varied. It was determined that the
optimal parameters were the S/N 10 and 10 m/z, which gave the software a ~21% improvement
on its ability to discriminate between true positives and false positives. Furthermore, the use of
the AUC was consistent in its conclusions without prior knowledge of whether the spiked
analytes were true positive instances or not.

The sensitivity of the tile-based F-ratio software resulted in several limitations to the
originally framed investigation. Originally four spike levels (800/80, 400/40, 200/20, 100/10

ppm native/non-native) were to be presented and analyzed, both as adjacent class comparisons
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(800/80 vs. 400/40, 400/40 vs 200/20, and 200/20 vs 100/10) and absolute class comparisons
(each spike level compared to the stock solution, that is, 0 ppm). However, due to the sheer
volume of spike standards required to make enough solution for the various dilutions and
injection replicates, the higher concentration spike solutions actually diluted the diesel solvent.
The slight dilutions of the diesel used as the matrix were readily picked up in the F-ratio analysis,
and calculations of the diesel signal had to be performed to confirm there was no nominal
dilution in the 200/20 vs 100/10 ppm solutions that were eventually used for the investigation.
While it seems simply a pesky limitation, it is mentioned in detail here as a “word of warning,”
S0 to speak, to future researchers hoping to fabricate class comparisons with large numbers of
spiked analytes.

New research on the tile-based F-ratio software continues. Future investigations will
build upon those previously published. Specifically, the optimization of other parameters of the
tile-based F-ratio software, such as tile size or cluster window, including the efficacy of
employing a tile size that changes throughout the separation as peak widths may increase due to
the general elution problem in isothermal or pseudo-isothermal regions of the separation, may be
studied. The alteration of diesel fuel with regards to different chemical alteration methods or
perhaps physical alterations could also be investigated. Finally, adaptation of the F-ratio code for
other data structures, such as 2D m/z cluster plots or high resolution mass spectrometric data may
be an important step to encourage other investigators to utilize the F-ratio software. Additionally,
the spiked diesel fuel separations are further being utilized by S.E. Prebihalo to demonstrate the
efficacy of PARAFAC for deconvolution of coeluting GC x GC — TOFMS peaks for

quantification as long as there is no deviation from trilinearity of the data.
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6.3 CHAPTER 4 SUMMARY, LIMITATIONS AND FUTURE DIRECTIONS

The optimized parameters elucidated in Chapter 3 were applied to a process analytical
chemistry (PAC) investigation of catalyst poisons in an industrial polymerization plant. Solvent
samples from two sampling points were analyzed via GC x GC -TOFMS and the tile-based F-
ratio software. Samples taken from “Excellent” polymerization processes at Point I, prior to
purification, and Point Il, post purification, were compared in a supervised, non-targeted F-ratio
class comparison to elucidate those analytes that were removed via the purification process. It
was discovered that oxygenate compounds and branched alkanes were removed via the
purification process. A single sample from Point II during a “Bad” polymerization process was
also analyzed and revealed the presence of oxygenates, even after the purification step. It is
likely these oxygenates were indicative of the presence of the catalyst poison, even if they
weren’t the catalyst poison itself. The conclusions of this investigation led to the
recommendation for on-site, online monitoring pre- and post-purification during the
polymerization process in order to prevent the proliferation of catalyst poisons in the system in
the future.

This investigation was elucidative of a real-world industrial problem. Obvious
limitations, especially in terms of academic analytical chemistry, abound. Most notably, the
single “Bad” sample from Point II lacked both a partner sample from Point I and samples from
different days. Therefore, very few conclusions could be drawn regarding the overall system
during polymerization yield reduction. Future investigations in regards to this, or other, industrial
processes, would ideally have multiple samples from consistent sampling points during both high
and low yield for statistical comparison. Additionally, the use of a solvent delay or

programmable temperature vaporization (PVT) inlet, may help in the discovery of low-
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concentration containments whose signal is drowned out due to the overwhelming signal of the
solvent. Finally, while PARAFAC was performed in order to better determine the identity of the
analytes from their pure spectra, using a high-resolution mass spectrometer (HRMS) might help
in the identification of the unknown oxygenates, or at least provide a more accurate molecular

weight.

6.4 CHAPTER 5 SUMMARY, LIMITATIONS AND FUTURE DIRECTIONS

Chapter 5 included a simulation-based investigation of the minimum chromatographic
resolution for a chemometric algorithm to successfully deconvolute coeluting GC-MS peaks.
This is referred to as the limit of chemometric resolution, Rs*. The probabilistic theory of
component overlap in separations was presented defining chemometric success and calculating
the probability of peak overlap in a GC-MS separation. Chromatograms consisting of a target
analyte and interferent analyte coeluting at various S/N thresholds and chromatographic
resolutions were generated. A chemometric algorithm, in this case MCR-ALS, was applied to
deconvolute the target from the interferent. The results of the chemometric model, both the peak
area and mass spectrum of the target, were compared to the originally simulated data to
determine the efficacy of the deconvolution method. The results of a simulation based study
indicated that the Rs* of MCR-ALS is about 0.13, corresponding to an 87% probability of
deconvoluting a target analyte in a chromatogram with a saturation factor of 0.5.

The limitation of this study is twofold. Firstly, the data was simulated. Although it was
the aim of the investigation to simulate as realistic data as possible by including isomers for
overlap and both high and low S/N, it is likely that in real-world applications with complex

matrices, deconvolution may be more difficult than implied by the results reported in Chapter 5.
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Secondly, only one chemometric algorithm was investigated, MCR-ALS. Further investigations
on GRAM, PARAFAC, and CLS may provide more input into how various chemometric models
perform differently in various situations. As mentioned in the introduction, each deconvolution
algorithm requires different data structure, input parameters and may be more efficacious in
some situations over others. Therefore, the choice of algorithm should fit with the type of data

and questions of interest, and each algorithm will likely have a different Rs*.

6.5 FINAL THOUGHTS

The research presented herein represents the vast majority of the work performed over
the last four years. Many of the chemometric models, statistical calculations, and sample
preparations were performed multiple times before they were done correctly or meaningfully.
While every side-track, misstep and re-do of the research cannot and should not be discussed in
detail, it is worth mentioning, for the sake of current and future scientists, that it is all a part of
the scientific and learning processes, and contribute to the final results nonetheless.

Finally, it is my hope and aim that these research investigations elucidate the separation
power of one- and two-dimensional gas chromatography coupled with mass spectrometry for the
analysis of complex samples as well as the efficacy of chemometric methods for gleaning
meaningful information from these complex data sets. And while the specific methods laid out in
these aforementioned investigations may not prove useful to every investigator, GC as an
instrumental platform and chemometric models for data analytics are important tools that belong

in the wheelhouse of every analytical chemist.
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