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Quantitative separations by gas chromatography (GC) or liquid chromatography (LC) with mass 

spectrometry (MS) detection are robust techniques used for the characterization of a broad 

variety of complex sample matrices. Due to the high complexity of samples, compounds of 

interest are rarely fully separated in one-dimensional (1D) separations, making quantification and 

identification a challenge. Two approaches to address this challenge includes using high 

resolution mass spectrometry (HRMS) for detection to gain selectivity, and using comprehensive 

two-dimensional chromatography for improving the characterization of complex samples. Each 

of these solutions involve increasingly more complex instrumentation and provide information-

rich data sets that require efficient and effective methods to mine the data for obtaining relevant 

information, as manual inspection can be tedious for hundreds to thousands of analytes. 



 
 

Although GC and LC are commonplace for commercial use, despite its advantages over 1D 

separations comprehensive multidimensional chromatography still requires optimization in 

instrumentation and data analysis tools to be more widely adopted. In this dissertation, 

developments to address challenges in LC-HRMS data processing and analysis as well as 

developments in instrumentation and chemometric analysis of comprehensive two-dimensional 

gas chromatography (GC×GC) with MS detection will be discussed. First, a workflow for 

processing information-rich LC-HRMS data for non-targeted analyses is introduced, with the 

first demonstration of tile-based Fisher ratio for LC-HRMS data. Next, a novel modulation 

technique termed dynamic pressure gradient modulation (DPGM) for GC×GC with time-of-

flight mass spectrometry (TOFMS) is studied in multiple modes. The first mode is negative pulse 

mode, which was demonstrated for fast separations generating narrow peaks, producing high 

quality data that is amenable to chemometric decomposition. Next, DPGM is demonstrated in 

full modulation mode for GC×GC-TOFMS, achieving improvements in sensitivity, limit of 

detection, and trilinear data structure. DPGM was further investigated, demonstrating the 

optimization of experimental parameters for obtaining high peak capacity applied to multiple 

sample matrices. Finally, a novel modification to tile-based F-ratio analysis to handle highly 

variable metabolomics-related pacu fish samples was introduced with a computational method to 

remove sample derivatization artifact interferences. 
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Chapter 1. Introduction to chromatographic separations, 

multidimensional gas chromatography, and chemometric analysis 
 

Some parts of this chapter have been reproduced from Caitlin N. Cain†, Sonia Schöneich†, 

Robert E. Synovec, “Recent Advances in Comparative Analysis for Comprehensive Two-

Dimensional-Gas Chromatography-Mass Spectrometry Data,” Fundamentals and Applications of 

Multiway Data Analysis. 

†These authors contributed equally.  

 

1.1 Introduction to chromatography and multidimensional gas chromatography 

 

1.1.1 Fundamentals of chromatography 

The analytical goal in quantitative chromatographic separations is to resolve all components 

in the sample, allowing for accurate identification and quantification of all meaningful 

compounds. Chromatography is a technique used for the separation of multiple compounds in a 

mixture that occurs due to the interactions of the compounds, or analytes, with a mobile phase 

and stationary phase. Particularly for wall-coated open tubular (WCOT) gas chromatography 

(GC), the mobile phase is an inert gas (carrier gas), typically high purity hydrogen or helium and 

the stationary phase is a liquid or polymer coated onto a fused silica capillary column [1]. GC is 

used for the analysis of volatiles and semi-volatiles compounds and separation of analytes is 

dependent on polarity and boiling point, requiring thermally stable samples. For liquid 

chromatography (LC) separations, the mobile phase is liquid with a packed solid particle (µm 

scale) stationary phase in a relatively short column and is an excellent technique for a broad 

range of analytes [2]. Although both LC and GC are discussed herein, the main focus will be on 

GC as a majority of the work in this dissertation was accomplished using comprehensive 

multidimensional gas chromatography. 
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The separation of analytes in chromatographic separations is governed by their partitioning 

between the mobile and stationary phases and the goal is to resolve analytes such that the analyst 

can accurately quantify and identify the compounds of interest in the sample. Analytes with 

greater affinity for the stationary phase will move through the column much slower than analytes 

with low affinity for the stationary phase due to the intermolecular forces at play. The migration 

dependent upon the differences in affinities for the analytes and the column stationary phase thus 

results in the separation of compounds with different chemical structures. The thermodynamic 

partition or distribution coefficient (KD) can be used for characterizing this system as  

KD=
[𝐴𝑛𝑎𝑙𝑦𝑡𝑒]𝑠

[𝐴𝑛𝑎𝑙𝑦𝑡𝑒]𝑚
 (1.1), 

where the numerator is the analyte equilibrium concentration in the stationary phase and the 

denominator is the equilibrium concentration of the analyte in the mobile phase [3]. Thus, a 

greater analyte concentration in the stationary phase results in a large KD, meaning the analyte 

has a longer residence time on the column, i.e., is retained to a greater extent. Note that for GC 

separations, the mobile phase is an inert gas and thus KD is truly only dependent on the 

partitioning of analytes in the stationary phase and temperature. The retention of the analyte on a 

column with a specific stationary phase is related to KD via the phase ratio (β) and is related to 

the analyte’s Gibb’s free energy of evaporation (∆G°) [4]. Using the relationship between ∆G°, 

enthalpy (∆H°), and entropy (∆S°), where ∆G°=∆H°-T∆S°, the retention factor (k’) can be 

expressed in terms of ∆S°, ∆H°, and β as  

ln(𝑘′) =
−∆𝐻°

𝑅𝑇
+

∆𝑆°

𝑅
− ln(𝛽) 

(1.2), 
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where R is the ideal gas constant and T is the temperature of the separation in the GC oven [4]. 

This thermodynamic information is particularly useful for analysts to evaluate the selectivity of a 

column stationary phase for retaining certain analytes relative to other analytes.  

For an analyte that essentially does not partition into the stationary phase, the analyte is used 

as a dead time marker (t0), indicating the time that an unretained compound takes to migrate 

through the entire column given the experimental conditions. Each component separated then has 

a corresponding measurable retention time (tR), or the time at which the analyte elutes. Thus, the 

k’ of a given analyte in the separation can be expressed as 

k’=
𝑡𝑅−𝑡0

𝑡0
 (1.3), 

where k’ describes the ratio of the time a given analyte partitions in the stationary phase to the 

time it is in the mobile phase. The retention of the analyte can decrease by using a temperature 

program for the oven in GC separations and by using a mobile phase composition gradient with 

multiple solvents in LC separations. The use of a program/gradient rather than an isothermal GC 

separation or isocratic LC separation, is to address the general elution problem. The general 

elution problem is observed as analytes with high k’ are retained to a longer than needed, 

resulting in higher resolution between peaks but also wider peak widths that limits the number of 

analytes that can be separated within the separation space, while the opposite is true for analytes 

with low k’. Using a program for GC or gradient for LC lowers k’ of analytes so that ideally the 

k’ approaches 0 to obtain narrow peaks of approximately the same width for all analytes. Further, 

the retention factor and therefore peak broadening is affected by the phase ratio [5,6]. The phase 

ratio (β) for open tubular columns is defined as 
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β = 
 𝑉𝑚

𝑉𝑠
=

𝑑𝑐

4𝑑𝑓
 (1.4), 

or the ratio of the volume of the mobile phase (Vm) to the volume of the stationary phase (Vs). 

For GC separations, it is dependent upon the inner diameter of the column (dc), typically 100-320 

µm, and the film thickness (df), or thickness of the stationary phase layer that is typically 0.1-1.5 

µm. For GC separations, when the df is larger relative to dc (lower β), the analytes are retained 

longer thus increasing k’, meaning that hotter temperatures are needed for elution. The opposite 

is true when β increases with lower dc relative to df. The magnitude of the phase ratio affects the 

degree to which analytes are separated and their elution temperature [6,7]. Thus, the analyst can 

select the proper column specifications to manipulate the phase volume ratio and ultimately 

affect the elution temperature of the analyte [8]. 

 The signal of the analyte at the end of the column is detected as a concentration-dependent 

profile that follows a Gaussian distribution centered about the analyte tR, corresponding also to 

the analyte peak height. Detectors commonly used include mass spectrometry (MS) for both GC 

and LC analyses, flame ionization detection (FID) for GC analysis, and ultraviolet-visible (UV) 

absorbance detection for LC analysis. MS detectors are universal detectors, where analytes are 

ionized and the detector collects signal across multiple channels corresponding to the mass-to-

charge ratio (m/z) of the fragments at each time point, providing a mass spectrum, or essentially a 

chemical fingerprint of the fragmentation patterns of the analytes. Thus, each analyte can be 

visualized as a Gaussian profile at using selective m/z or as a single Gaussian representing the 

sum of m/z. UV detectors can scan a range or wavelengths measuring analyte absorption or a 

selective wavelength for targeting specific analytes. Similarly, the FID is univariate, collecting 

signal for hydrocarbons at each time point providing a single Gaussian profile per analyte 

detected. The Gaussian profile is the ideal peak shape distribution, however deviations from this 
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ideal symmetric shape are experimentally observed and can pose a challenge to optimizing the 

separation efficiency and subsequent chemometric decomposition efforts. Such deviations from 

the Gaussian peak shapes may arise from issues with injection, on-column analyte degradation, 

and/or non-ideal interactions of the analyte with the stationary or mobile phase [3]. For the 

discussion of relevant figures of merit, the ideal Gaussian peak shape will be considered.  

To determine the extent to which analytes are overlapped, mathematically one must consider 

how similar the tR of the analytes are, and how wide the peaks are, or the peak width. The peak 

width-at-base (Wb) is an important metric to determine how much of the separation space each 

analyte peak occupies. The Wb is determined for a symmetric Gaussian peak by measuring ±2σ 

from the tR, which accounts for 95% of the peak area measured at 13.4% of the peak height. The 

peak height is also calculated at the center of the Gaussian peak profile measuring the signal 

from the top of the peak profile at the tR down to the baseline. It is ideal to optimize the 

chromatographic separation such that peaks are narrow, which would allow for a large number of 

analytes to be separated given the separation space as well as reduce the extent to which analytes 

overlap with each other. The resolution between two analytes is defined as  

Rs = 
2( 𝑡𝑅,1− 𝑡𝑅,2)

𝑊𝑏,1+𝑊𝑏,2
 (1.5), 

where Wb,1 is the peak width of analyte 1 with retention time tR,1, and Wb,2 is the peak width of 

analyte 2 with retention time tR,2, all labeled in Figure 1.1 for two simulated analyte peaks with 

Rs of 1. This metric is used to measure the extent of peak overlap between multiple analytes, with 

a Rs of 1.5 corresponding to baseline resolved analytes, which is ideal however impossible to 

achieve for all analytes experimentally for complex samples, and a Rs of 1 being accepted for 

accurate quantification (using peak heights, not areas) and identification. At lower Rs, typically 

chemometric deconvolution or decomposition is necessary, but common 
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deconvolution/decomposition techniques start to fail at Rs of 0.3. While chemometric tools can 

be beneficial in resolving overlapped analytes, Rs can be experimentally improved by optimizing 

the flow rate through the column or by using either a temperature program for GC or a mobile 

phase composition gradient for LC.  

 

Figure 1.1. Illustration of the separation of two analyte peaks at unit resolution (RS =1). The 

retention times and peak widths for each analyte n (tR,n and Wb,n, respectively) are provided as 

reference for the determination of RS.  

Certainly, the goal for applying chromatography is to obtain narrow peak widths to 

maximize the number of analytes that can be separated at unit Rs concurrent with optimizing 

analyte detectability, i.e., higher signal-to-noise ratio (S/N). Indeed, the peak width increases by 

band broadening, both from on-column and off-column sources, and thus the peak capacity and 

column efficiency are reduced. On-column band broadening can be mechanistically explained by 

contributions from eddy diffusion (not present for open tubular GC), longitudinal diffusion, and 

resistance to mass transfer in the mobile and stationary phases, and/or the kinetics of the analytes 

partitioning between the stationary and mobile phase. As these band broadening mechanisms are 
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dependent upon flow rate, applying the optimal flow rate reduces each of these contributions to 

minimize band broadening. Using too low of a flow rate increases the longitudinal diffusion 

contribution, while using too fast of a flow rate increases the mass transfer contribution and 

therefore decreases the column efficiency. While this accounts for band broadening resulting 

from within the column, band broadening may also be due to off-column issues with injection, 

detection, or dead volumes within the instrument platform [9–11]. Therefore, the analyst must 

consider numerous experimental parameters including the previously mentioned column 

specifications (dimensions, composition, stationary phase thickness for GC, particle size and 

distribution for LC), flow rate, temperature program for GC, and mobile phase gradient for LC, 

and injection pulse width to modify to minimize band broadening.  

Reducing band broadening ensures narrow peak widths, which is ideal for improving Rs of 

analytes and maximizing the number of analytes that can be resolved within the separation time 

(tsep), or peak capacity. The peak capacity (nc) for an optimized temperature programmed 1D-GC 

separation or gradient 1D-LC separation can be estimated by 

nc = 
𝑡𝑠𝑒𝑝

𝑊𝑏
 (1.6), 

where tsep is the entire separation time. This is a measurement of the number of analytes that can 

be separated (RS = 1) within a run (Figure 1.2) and is used as a metric to compare separation 

performance. However, it is unlikely that when analyzing highly complex samples by LC or GC 

all analytes are fully chromatographically resolved, making identification and quantification of 

analytes of interest a challenge [12]. [12]. One excellent approach to address this issue is by 

using comprehensive multidimensional chromatographic techniques [13,14] to improve upon the 

selectivity and attainable peak capacity of the chromatographic separation. In this dissertation, 

Chapter 2 will focus on 1D-LC, while the remaining chapters (3-6) will cover my work with 
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comprehensive two-dimensional gas chromatography (GC×GC), thus moving forward in this 

introductory chapter I will mainly focus on GC×GC.  

 

Figure 1.2. Illustration of peak capacity in 1D LC and GC separations. The peak width (Wb) for 

one analyte is indicated in purple, and the separation time is indicated in green. 

1.1.2 Introduction to comprehensive multidimensional gas chromatography 

Analyses of complex samples require efficient instrumental platforms and data handling 

methods for successful characterization. GC×GC was first introduced by Liu and Phillips [15] 

for improved resolution of volatiles and semi-volatiles in complex sample matrices. A GC×GC 

separation is achieved by connecting two columns with sufficiently orthogonal stationary phase 

selectivity in series and interfaced with a secondary injector, termed the modulator (Figure 1.3). 

Broadly, modulators are either thermal or flow-based and are an important consideration for the 

experimental design, which will be discussed further in section 1.1.3. The modulator traps and/or 

focuses effluent from the first dimension (1D) column and re-injects it onto the second dimension 

(2D) column at a user specified interval for secondary separation, termed the modulation period 

(PM). For GC, the 1D column is longer (typically 20-30 m long) than the 2D column, which is 
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usually only a couple meters long since the 2D separation is much shorter. Fast GC×GC 

separations report using a PM (the 2D separation time) down to 50 ms [16], however PM are more 

commonly a few seconds. Since the 2D separation is so quick relative to normal temperature 

programs, this separation is considered essentially a (pseudo) isothermal separation. GC×GC 

separations offer improved selectivity due to the complementary separation mechanism of the 2D 

column, increased sensitivity, and an ideal increase in peak capacity by a factor of ~10 compared 

to standard 1D-GC separations [17,18]. Furthermore, statistical overlap theory for 

multidimensional chromatographic separations highlights that GC×GC can be advantageous in 

increasing the number of analytes that can be completely resolved (i.e., singlets) relative to 1D-

GC [12,19,20]. These benefits allow for the better characterization of complex samples and thus, 

GC×GC has been used for complex applications including fuel [21,22], food [23,24], cosmetic 

[25,26], forensic [27,28], metabolomic [29,30], and environmental samples [31,32].  
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Figure 1.3. GC×GC instrument schematic, with examples of both thermal and a flow-based 

modulator. Note that the flow modulator shown here is mounted outside the GC×GC oven.  

For GC×GC separations, the ratio of 1D and 2D phase volume ratios, or beta ratio (βR), is an 

important metric that can be tuned to alter the retention factor on 2D (2k’). The βR metric is 

defined as 

βR = 
𝛽1

𝛽2 =
𝑑𝑐 𝑑2

𝑓
1

𝑑𝑐
2 𝑑1

𝑓
 

(1.7), 

where β is calculated first for each dimension using Eq. 1.4. Just as the 1k’ is affected by β as 

discussed previously, the 2k’ is affected by the βR. With increased 1β (higher βR), the 1k’ is 

smaller with analytes eluting at a colder temperature, meaning the 2D separation starts at a lower 

temperature and therefore the separation is slower meaning analytes have a higher 2k’. 

Conversely, with lower 1β (lower βR), analytes are more retained (higher 1k’) meaning they elute 

at higher temperatures and the 2D separation starts at a higher temperature leading to a faster 

separation and lower 2k’. Thus, proper column selection for the pair of columns used in GC×GC 

is an important factor when considering separation performance due to its effect on peak capacity 

and resolution [7].  

Prior to discussing the 2D peak capacity and resolution, the peak widths on both 1D and 2D 

should be discussed taking into consideration effects of the modulation process. The 1Wb is 

calculated as the reconstructed 1D profile after the modulation process and can be achieved by 

fitting a Gaussian curve to the tops of the 2D modulated peaks. Due to the resampling of the 1D 

effluent during the modulation process, the 1D profile of the Gaussian fit to the 2D modulated 

peaks overestimates the 1Wb that would be calculated with a detector at the end of the 1D column 

(just 1D separation). Therefore, the measured 1Wb from the 2D data is the effective 1Wb (
1Wb*) 

and we must consider the modulation ratio to estimate the true 1Wb [33]. To minimize sampling-
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induced band broadening the 1D analyte profile should ideally be sampled 2-4 times, which also 

ensures the greatest improvement in sensitivity can be achieved relative to the 1D separation. 

Note that sampling-induced band broadening is not observed for the 2D peaks since these peaks 

are detected with several pixels, though since the 2D separation is essentially isothermal, the 2Wb 

for each separation on 2D increases with elution time on the second dimension, 2tR. Such sample-

induced band-broadening will be investigated further in Chapter 5 for the flow modulation 

technique introduced in Chapters 3-4. 

 

Figure 1.4. Illustration of sampling-induced peak broadening of 1Wb. The 1D unmodulated peak 

profile is provided in all panels in gray, the 2D modulated peak profiles are provided in purple, 

and the reconstructed 1D profile fitting a gaussian to the 2D peaks is provided in red. 

The 2D resolution (Rs,2D) between two peaks is calculated as the Euclidean norm between 

the resolution in each dimension and is defined as  

Rs,2D = √ 𝑅𝑠
21 + 𝑅𝑠

22  
(1.8), 

where 1Rs and 2Rs are the resolution on 1D and 2D, respectively [34]. Thus, analytes that are 

highly overlapped on 1D may be sufficiently resolved on 2D, providing a high enough Rs,2D that 

allows for accurate identification and quantification, either directly from the raw data or 

facilitated by chemometric decomposition. This will be investigated further in Chapter 3, for 

particularly overlapped analytes in an isothermal separation. Similarly, for a 2D separation, the 

peak capacity (nc,2D) at unit resolution is defined as  
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          nc,2D = 1nc × 2nc (1.9), 

with 

               2nc = 
𝑃𝑀

𝑊𝑏
2  (1.10), 

where 2Wb is the peak width on the second dimension and 1nc is as defined in Eq. 1.6. High peak 

capacity and 2D resolution of analytes thus relies upon narrow peak widths on both dimensions. 

As previously mentioned, the ideal peak capacity obtained on 2D is ~10, under conditions in 

which the 1D peak capacity has not been compromised by using a long PM, meaning the 2D peak 

width should be on average a factor of 10 smaller than the PM. Narrow peaks on 2D can be 

achieved increasing the flow rate on 2D, however especially when using flow modulation the 

analyst must keep in mind the compatibility of flow rate with the detector and the extent to 

which peaks will broaden on 1D. Additionally, since the peak capacity is corrected for the 

amount of separation space utilized, using a high flow rate on 2D may decrease the amount of 

separation space used, thus decreasing the peak capacity even with narrow peak widths.  

Relative to GC, GC×GC provides an increase in sensitivity due to the modulation process, 

though the mechanism by which this is achieved differs based on thermal or flow-based 

modulation (discussed in the next section). The signal enhancement (SE), termed the detector 

response enhancement factor (DREF) in Chapter 4 [35], is defined as the ratio of the 2D peak 

height (2h) to the 1D peak height (1h), or simply 

               SE = 
2ℎ

1ℎ
 (1.11). 

Thus, for a modulation technique that provides 100% duty cycle, i.e., total transfer of 1D effluent 

to the 2D column, for a given 1Wb, an analyte with a narrower 2Wb has a higher SE, since the peak 

area is conserved and therefore the 2h is higher. Using flow modulation, higher SEs are achieved 
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with detectors such as the FID since high 2D flow rates (~20 mL/min) into the detector are 

common. Such high flow rates ensure narrow 2Wb are achieved, however they are incompatible 

with MS detector pumping capacities (6 mL/min for TOFMS), requiring further developments in 

total transfer flow modulation techniques compatible with MS detection. In Chapter 4, both 

signal and S/N enhancement were investigated using a novel flow modulation technique as the 

ratio of the S/N of the most intense modulated 2D peak to the S/N of a 1D peak that is corrected 

for the acquisition frequency. The S/N improvement relative to 1D-GC is indeed smaller in 

magnitude than the SE, however it further demonstrates the advantage of GC×GC as lower limits 

of detection (LOD) can be achieved. Additionally, the analyte must have sufficient signal above 

the noise to be quantified (limit of quantification) or identified accurately. For particularly noisy 

chromatograms, data pre-processing algorithms can be used to smooth the noise to improve S/N, 

or chemometric decomposition methods can be used to uncouple the background noise from the 

pure elution profiles of analytes. These alternative approaches will be discussed further in the 

next section of Chapter 1. 

The quality of the data and resulting analysis workflow is heavily dependent upon the 

experimental design, as will be discussed in the next sections. This includes instrumentation and 

separation conditions used to collect the data as well as the a priori knowledge of the samples. 

Many early 2D-GC reports utilize heart-cutting, where a subset of the analytes from the 1D 

separation are subjected to secondary separation [36,37]. Heart-cutting is particularly useful for 

targeting a known set of analytes of interest and discarding the remaining information about the 

samples. In contrast, GC×GC is especially useful for full characterization of samples without 

prior knowledge of analytes of interest (non-targeted studies). GC×GC is commonly coupled to 

either univariate detectors, such as the flame ionization detector (FID) [10,35,38] or the electron 
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capture detector (ECD) [39,40], or multivariate detectors, most commonly mass spectrometry 

(MS) [41–45]. I will focus on GC×GC with MS detection herein as all data collected for my 

work was collected with MS detection due the added selectivity compared to univariate 

detectors. Furthermore, a greater number of studies using comprehensive three-dimensional GC 

(GC×GC×GC or GC3) with MS detection have been reported in recent years demonstrating 

further improvements in selectivity and sensitivity [46–48]. GC3-MS separations are achieved by 

adding another column in series to a GC×GC instrumental platform with a second modulator that 

re-injects effluent from the 2D column onto the 3D column at a second user-defined modulation 

period (2PM). This allows for greater peak capacity (nc,3D), with further improvements in 

sensitivity, especially when 100% mass transfer is achieved, and selectivity due to the third-

dimension column [46–48]. While GC×GC and GC3 instrument platforms using FID detection 

have been reported as well, MS is especially useful for identification of analytes in non-targeted 

studies and for obtaining pure mass channels (m/z) that can be used for accurate analyte 

quantification. On top of the added dimension provided by MS detection, another degree of 

complexity is included when investigating samples that belong to multiple classes (i.e., control 

versus experimental classes) for comparative analysis. Specifically, comparative analyses aim to 

describe the chemical similarities and differences between multiple types of samples or sample 

classes. These studies may involve comparing a single chromatogram from two classes (i.e., 

pairwise analysis) or multiple replicates for several classes. For these data sets, where each 

chromatogram is comprised of hundreds to thousands of peaks, visual and manual inspection of 

the chemical differences between classes is tedious. Therefore, chemometric tools can be 

beneficial to reduce the amount of data and time required to mine.  
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1.1.3 Instrumentation and data processing 

The data processing workflow is greatly dependent upon several key factors including the 

modulator, detector, and experimental design. These factors ultimately influence the final 

structure of the data along with the chemometric methods and/or approaches allowed. Second-

order data is generated when GC×GC is coupled with univariate detectors (signal at every 1tR and 

2tR). Meanwhile, coupling GC×GC with multivariate detectors produces third-order data, where 

the three data dimensions describes 1tR, 2tR, and spectrum (Fig. 1.5A). The added selectivity from 

multivariate detectors like MS is especially beneficial for analytes with low 2D resolution (Rs,2D) 

for increasing the likelihood of accurate statistical calculations, identification, and quantification. 

Furthermore, for many comparative analyses, an additional dimension is added to factor the 

multiple samples that comprise each class. For example, Fig. 1.5B demonstrates the 

augmentation of GC×GC-MS chromatograms from samples belonging to either class 1 (red) or 

class 2 (blue). The resulting data array is now fourth-order with the dimensions of 1tR, 2tR, m/z, 

and samples. This complex data structure can be reduced to three dimensions if the samples from 

all classes are concatenated or stacked, such as in Fig. 1.5C. However, while a GC×GC-MS 

instrument may be capable of producing third-order data, its operation may not produce trilinear 

data, which can exclude/compromise the use of specific chemometric methods. A trilinear data 

structure requires that each data dimension is linearly independent, where each analyte has 

sufficiently reproducible retention times and peak shapes, and the peak signals are concentration 

dependent. Therefore, modulator and detector selection along with its impact on the data 

preprocessing workflow will ultimately influence the success of the chemometric analysis and 

these considerations will be discussed herein. 
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Figure 1.5. Visualization of GC×GC-MS data structure. (A) Schematic of a GC×GC-MS 

instrument with visualization of the data collected for a single run. At each pixel (1tR and 2tR), the 

mass spectrum is collected for the m/z specified by the analyst, resulting in the third order data 

structure given by the cube. (B) For many comparative analyses, multiple replicates are collected 

per class (red for class 1 and blue for class 2) and are augmented, resulting in a fourth-order data 

structure prior to chemometric analysis. (C) Samples can similarly be augmented or stacked to 

retain the third order dimensionality of the data prior to chemometric analysis, in this case with 

samples from all classes concatenated along the 1tR axis. 

An analyst must consider both the nature of the analytes in the samples and the quality of the 

data required for further analysis when selecting either a thermal or flow modulator. Thermal 

modulators use cold and hot pulses to trap and re-inject analytes onto the 2D column with 

increased sensitivity due to the thermal focusing of analytes in the cold zone and total transfer of 

effluent from the 1D column to the 2D column. Initially, cryogenic thermal modulation was used 

to achieve the short cold pulses; however, a disadvantage of this modulation technique was the 

cost of using liquid cryogen. Hence, cryogenic-free thermal modulation was introduced to 

mitigate this issue [49–54]. Commercial GC×GC-MS instruments are often equipped with 

thermal modulators as they are more readily compatible with the MS detector pumping capacity. 
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Further, thermal modulation provides reproducible peak shapes and excellent sensitivity 

improvement relative to 1D-GC due to the focusing of analytes from the 1D column. The 

resulting data produced generally does not require extensive data processing prior to 

chemometric analysis. However, along with a higher cost of operation, thermal modulators are 

not able to modulate light, highly volatile compounds (< C5) unlike flow modulators.  

 

Figure 1.6. Visualization of the modulation process using thermal modulation. (A) Overlay of 

multiple replicates of 1D data of several simulated analytes. The 1D effluent is modulated at 

intervals of 2 s (PM=2 s), (B) with an illustration of the earliest eluting analyte in the blue 

chromatogram being preconcentrated (indicated in light blue) prior to separation on the 2D 

column (C). (D) Finally, the separation of the analytes can be visualized further and relevant 

figures of merit can be calculated. The zoom-in provided in 1.6D indicates there are three 

analytes instead of the previously estimated two analytes in 1.6A.  

Flow modulators, typically flow diversion or differential flow, use an auxiliary flow of 

carrier gas and re-direct, collect, or temporarily stop flow from the 1D column onto the 2D 

column [46,55–63]. These modulators are less expensive to implement than thermal modulators; 

however, not all flow modulators can achieve a 100% duty cycle and the high 2D flow rates (2F) 

required for some differential flow modulators to flush sample out of the sample loop onto the 2D 



 

18 

column are not compatible with the pumping capacity of MS detectors. To address the high 2F, 

one solution is to split flow to multiple detectors, but splitting flow will cause a decrease in 

sensitivity. Alternatively, significant progress has been made to ensure flow modulators can be 

operated at flow rates compatible with MS detectors [64–72]. Franchina et al. demonstrated a 

flow modulation technique operating with a 2F of 4 mL/min with a quadrupole mass 

spectrometer (qMS), providing a 2.5-fold improvement in the S/N relative to 1D-GC-qMS [66]. 

Similarly, dynamic pressure gradient modulation (DPGM) was demonstrated using a 2F of 4 

mL/min with a time-of-flight mass spectrometer (TOFMS), providing a 100% duty cycle and a 

S/N improvement of 5-fold relative to GC-TOFMS [72]. A lower 2F of  2 mL/min using a Deans’ 

switch was highlighted by Ghosh et al.; however, sensitivity is lost due to the low duty cycle of 

this technique [71]. Additionally, the S/N improvement is mechanistically different for each type 

of modulation. During thermal modulation, analytes are cryogenically focused in the cold zones 

before “re-injection” on the second column using hot jets, focusing the band into a narrow pulse. 

During flow modulation, a higher flow rate on 2D is used, increasing the analyte flux at the 

detector and thus the signal. Other concerns using flow modulation is the reproducibility of the 

2D peak shape for a given analyte [72,73] and under-sampling of the 1D effluent reducing 

quantitative precision [74]. Both effects can negatively impact the trilinearity of the data and 

hinder the performance of chemometric techniques on the data set. However, the use of a high 

flow ratio and proper modulation ratio can mitigate these concerns.  

Common MS detectors used for GC×GC instrumental platforms are the TOFMS [41,75,76], 

qMS [42,43,77], and HRMS [78–81], which are often HRTOF, Q-TOF, and Orbitrap mass 

spectrometers. The common nominal mass TOFMS detectors can achieve high collection rates 

(up to 500 Hz) with high sensitivity and selectivity, which is especially advantageous for 
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producing fast GC×GC separations with enough spectra collected across narrow peak widths. 

Alternatively, qMS operates at lower frequencies, but is less expensive to maintain while still 

being useful for a large range of applications. Additionally, qMS detectors scan at a rate 

dependent upon the scan cycle time, which includes the dwell time, or how long it scans each 

m/z, and the interscan delay, the time between successive scans of the m/z range. Thus, it is 

common to use non-integer scan rates and depending upon the PM selected by the analyst, 

additional data processing may be required. HRMS detectors provide additional selectivity and 

sensitivity with high resolving power essentially improving the overall peak capacity of the 

instrumental system. Depending upon the experimental design for a given implementation, the 

analyst may use selected ion monitoring (SIM) for targeted studies, limiting the scan range to 

ions for specific analytes of interest, or scan across a broader range of m/z in full scan mode for 

non-targeted studies. While the high resolving power is especially advantageous for co-eluting 

analytes with similar mass spectra, HRMS data is incredibly information-rich requiring 

additional processing compared to nominal mass data 

Regardless of the modulator and detector used, GC×GC-MS chromatograms can be 

visualized in similar ways. Naturally, since the MS detector records the analytical signal at every 

m/z, the signal from these m/z for a single chromatogram can be visualized in the vectorized 

format (Fig. 1.7A). The signals from all m/z can be summed together to generate the total ion 

current (TIC) chromatogram (Fig. 1.7B), which is the sum of all m/z signals. While the 

chromatograms are in this vectorized form, multiple chromatograms can be overlayed and 

compared to discover differences in signal between different classes (Fig. 1.7C). For visualizing 

the 2D separation and extracting relevant figures-of-merit, a single chromatogram can be cut 

along the modulation period (dashed lines in Fig. 1.7D) and folded into a 3D waterfall plot (Fig. 
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1.7E) or, more commonly, as a 2D contour plot (Fig. 1.7F). From the folded versions of the 

chromatogram (Figs. 1.7E-F), three fully resolved analytes can now be easily distinguished with 

the magnitude of the signal indicated by the color scale. 

 

Figure 1.7. Visualization of GC×GC-MS data using simulated chromatograms for the separation 

of three analytes. Vectorized format of a single sample (A) with all m/z collected overlaid and 

(B) with the signal for all m/z summed together to form the total ion current (TIC) 

chromatogram. (C) Vectorized format of the TIC for all sample replicates in class A (blue) and 

class B (red), used to visualize similarities and differences of samples in comparative analyses. 

(D) The TIC chromatogram of a single sample can be cut and folded along the modulation period 

indicated by dashed lines in (D) to be viewed as a 2D plot including as a waterfall plot (E), or 

most commonly as a contour plot (F). 

Prior to comparative analysis of GC×GC-MS chromatograms, several data processing steps 

are required to ensure successful chemometric analysis. These include baseline correction to 

remove low frequency detector noise and drift, which is achieved by simply subtracting a fitted 

function to the chromatogram or specified section of the chromatogram. For particularly noisy 

data, Savitsky-Golay smoothing may additionally be used to reduce noise and improve S/N [82]. 

Normalization and retention time alignment are critical processing steps to account for both 

sample and instrumental variation across replicates in comparative analyses. Normalization is 

typically accomplished either using standards (internal, external, or standard addition) or by 
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normalizing to the sum of the TIC chromatogram. To correct for slight run-to-run retention time 

shifting, several GC×GC-MS alignment algorithms exist such as 2D correlation optimized 

warping (2D-COW) [83,84], dynamic time warping (DTW) [85], and piecewise alignment 

among others [30,86–88]. Peak detection, identification, and integration are also important data 

processing steps, especially for the generation of accurate peak tables prior to statistical analysis 

(discussed in Section 21.2.3). Several peak detection approaches that distinguish analyte signal 

from the background noise include the enhanced TIC approach [89] and watershed-based 

algorithms commonly used in image analysis [90,91]. Identification may be achieved either 

matching analyte spectra to an in-house library or to standard open-source databases, such as 

NIST. For analyte quantification, the most common analyte integration approach for GC×GC is 

the two-step method, where the 2D modulated peaks are summed together and the resulting area 

or peak height of the summed 2D peak is calculated [92].  

Selection of the mass spectrometer may also have implications on the data analysis 

workflow, such as using non-integer scan rates with qMS detection. Non-integer products of the 

scan rate and PM may result in distortions of the chromatogram with shifts in the 2D retention 

time of analytes. This issue may be addressed for a given non-integer scan rate by selecting a 

non-integer PM such that the product between the two is an integer. While the analyst could 

modify the instrumental parameters to avoid missing data or non-integer acquisition rates that do 

not provide an integer product between the acquisition rate and modulation period [81], data 

processing methods can be used after data collection to correct for these concerns. Methods to 

address data collected with distortions due to the non-integer product of the scan rate and 

modulation period include interpolation and re-sampling the data [93]. Using HRMS detectors 

provides excellent selectivity relative to nominal mass detectors, however the data generated, 
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especially when multiple replicates are necessary, is very computationally expensive to analyze 

due to the size of the file. This requires powerful processing capabilities and some form of data 

reduction for simultaneous analysis of replicates. Furthermore, when considering a specific 

theoretical ion m/z collected per analyte, the experimental ion m/z may be slightly different for 

each sample replicate resulting in unique m/z combinations at each retention time. While the 

deviation from the theoretical m/z may not be large, many chemometric tools require that each 

sample have the equivalent m/z dimension across all classes. Methods to accomplish this prior to 

chemometric analysis include data reduction through binning [94,95], compiling peak tables, or 

discovering regions-of-interest (ROI) [96–101]. The first approach involves binning the data to a 

user-defined precision for non-targeted analysis followed by targeted analysis of specific 

sections of the chromatogram with significant features [95]. Binning quickly and effectively 

compresses the data improving S/N; however, it does not always ensure all sample 

chromatograms have equivalent m/z and the original selectivity from HRMS detection is lost. 

Compiling peak tables (discussed further in this section) reduces the data to chromatographic 

features and relies on accurate identification and quantification of all features. Accurate 

compilation of this peak table is challenged by low S/N analytes and retention time 

misalignment. Lastly, the ROI approach was initially developed for handling HRMS data from 

liquid chromatography (LC) separations, but has also been applied to comprehensive 2D-LC 

(LC×LC) and GC separations [96–98]. Here, ROIs on every m/z are extracted applying a user-

defined signal threshold, allowable mass deviation, and minimum number of consecutive 

retention times [99–102]. The chromatogram is then reduced down to only include those ROIs 

[99–102]. This method is beneficial by preserving the mass accuracy from the detector and 

ensuring all samples have equivalent m/z dimension through sample augmentation steps. Hence, 
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comparative analysis methods can be readily applied to the compressed chromatographic data 

while maintaining the original fidelity of the data. 

The analyst must also decide how to apply the intended analysis whether on each pixel, using 

a peak table, or in a tile-based manner where the chromatogram is binned into sections, which is 

decided depending upon the data structure, size, and quality (Figure 1.8). Pixel-based analysis 

(Figure 1.8 left panel) consist of calculating a statistical metric on each pixel of the 1D or 2D 

chromatogram [23,103–105]. While this ensures a comprehensive analysis of all the data 

maintaining its original fidelity, it is the most computationally expensive approach and requires 

careful pre-processing to ensure the number of false positives and false negatives are reduced. To 

reduce the computational load, the analyst may select specific m/z to use for analysis or use the 

TIC, however contributions of significant analytes may be lost by reducing the data used. The 

analyst must select the appropriate baseline correction and alignment procedures during pre-

processing as this approach is particularly susceptible to retention time misalignment. With 

measurements compared across samples at each 1tR and 2tR pair, peak maxima may not ideally 

align at the same 1tR and 2tR for a given analyte across all sample chromatograms, resulting in a 

greater occurrence of false positives. 

The second approach (Figure 1.8 middle panel) involves curating a peak table with an entry 

for each compound in all the samples that is detected above a specified S/N and identified by 

matching to a library database. Each identified compound is then quantified and the peak heights 

and/or areas are recorded for each entry. A list of peaks is first generated for each sample 

chromatogram and a resulting peak table is compiled by matching entries across samples. This 

relies on the accurate alignment, detection, identification, and quantification of each analyte 

across samples and classes. Peak tables can be created in programming platforms such as 
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MATLAB, Python, or R, or using commercial instrument software, which can then be exported. 

Following peak table curation, statistical metrics can be calculated using peak areas or heights 

from the table [80,106]. A benefit of this approach is that the data is reduced to just the 

chromatographic features, making statistical analysis less computationally expensive. However, 

there may be analytes in some samples within a class that do not pass the S/N threshold or may 

be missing from the sample. Recently, T.J. Davis et al. introduced an imputation-based method 

to account for such missingness in comparative analyses [107]. Using this approach, each analyte 

peak is accounted for once in the analysis. This is true if the peak table is created to accurately 

represent the data, which may be challenging if there is retention time misalignment or if the 

analyte has low S/N, making it difficult to detect. Similar to using pixel-based methods, pre-

processing can be critical especially for aligning or smoothing to improve S/N. 

 

Figure 1.8. Illustration of pixel-based (left), peak table-based (middle), and tile-based analysis 

(right).  

Finally, the last approach is the tile-based method (Figure 1.8 right panel) that was originated 

in the Synovec group, where the chromatogram is sectioned into rectangular tiles of user-defined 

dimensions and the area within the tile is summed, or binned, prior to statistical analysis [108–
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110]. This method reduces the computational load by essentially reducing the data dimension by 

the size of the tile selected. Additionally, an appropriate tile size improves the S/N as well as 

mitigates issues with minor retention time misalignment. This is achieved by ensuring the tile 

size captures the entire peak width in both dimensions as well as the magnitude of retention time 

shift in each dimension if applicable. As seen in the right panel Figure 1.8, there are four grid 

schemes used for the tile-based approach seeing as there is not a single grid that ideally captures 

the area for each analyte peak in a single tile. Due to the multiple grids used, each analyte will be 

captured entirely and/or partially by multiple tiles, resulting in repeat entries of the same analyte 

in the compiled list of “hits” (redundant hits). This is addressed by using a redundant hit removal 

algorithm that removes any redundant analyte peak in the compiled list based upon retention 

time. In addition to redundant hits, the user must take into account the false positives or even 

interfering peak signals within a tile that obscure analytes that are less sensitively detected. To 

minimize both interfering analyte peaks as well as redundant hits, proper tile size selection is 

critical, with recent work using GC×GC chromatograms with simulated shifting reporting that a 

larger tile size is recommended [111].  

1.2 Introduction to chemometric analysis 

Chemometric methods mathematically and statistically extract the most relevant information 

that explain the chemical system. Such methods are typically categorized as either targeted, 

where the analytes of interest are known a priori and are the focus of the analysis, or non-

targeted methods, where the analyst aims to extract as much chemical information as possible 

that explains the data set. Historically, targeted approaches were greatly used, tailoring 

experimental conditions to analytes of interest without considering the remainder of the sample. 

This may include an approach where a specific group of analytes of interest are targeted [112] or 

specific compound classes are the focus [113]. While targeted approaches may achieve the initial 
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goal of the analyst, a large amount of information about the samples remains unknown and 

unused. With advances in instrumentation and chemometric tools to analyze the large amount of 

chemical information embedded within the data sets obtained, non-targeted studies have become 

more utilized. Non-targeted methods aim to identify analytes that discriminate samples and/or 

sample classes using either an unsupervised or supervised approach, where the latter requires 

class membership to be known a priori. Additionally, a combination of non-targeted and targeted 

methods may also prove to be beneficial during analysis. For example, an unsupervised method 

may be used to cluster similar samples together, providing potential class membership that can 

then be used for later supervised analyses. In contrast, significant features discovered with non-

targeted approaches can be identified and quantified using a targeted approach such as 

chemometric decomposition methods. 

Compared to unsupervised methods, supervised techniques can be advantageous for 

comparative analyses if the target variable (i.e., class membership or sample property 

measurement) is known a priori. By leveraging information regarding the target variable, 

supervised methods ensure that significant features that truly discriminate or explain variances 

between classes are discovered. However, regardless of this a priori knowledge, it is important 

to note that the analytes of interest are not known a priori, and the goal is to discover the most 

significant information about the samples as possible. Supervised, non-targeted methods can be 

broken down into two groups: property prediction and feature selection. Property prediction 

refers to the development of a regression model that correlates the chromatographic information 

to an independently measured chemical or physical quantity. Conversely, feature selection 

techniques aim to discover peaks in the chromatographic data that correlate to class membership. 

Specifically for comparative analyses in GC×GC-MS studies, feature selection methods are 
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primarily used. Hence, these methods will be the focus of this section. The most common feature 

selection methods for GC×GC-MS comparative analyses include partial least squares-

discriminant analysis (PLS-DA) and Fisher ratio (F-ratio) analysis. These approaches have been 

used for various applications, ranging from predictive modeling to discovering significant 

chemical changes between sample classes.  

In this section, chemometric methods for GC×GC-MS data will be discussed, providing 

details of the performance and limitations of each approach. Unsupervised, non-targeted 

techniques commonly used with GC×GC data sets will first be discussed. These methods include 

principal component analysis (PCA), hierarchical clustering analysis (HCA), and variance rank 

initiated-unsupervised sample indexing (VRI-USI), though herein I will focus mainly on PCA. 

The following section will then focus on supervised, non-targeted comparative analysis 

techniques used for GC×GC data. These methods include PLS-DA, F-ratio analysis, and tile-

based 1v1 analysis. Each of these methods will be discussed in the context of using the 

chromatographic at the pixel-level or tiled (binned) as well as using features from compiled peak 

tables. The use of targeted decomposition and related methods like multivariate curve resolution-

alternating least squares (MCR-ALS) and parallel factor analysis (PARAFAC) to improve 

analyte identification and quantification within a comparative analysis workflow will also be 

discussed. 

1.2.1 Principal component analysis (PCA) 

When PCA is applied as an unsupervised, non-targeted method for initial exploratory 

analysis of data, no a priori knowledge (identity of meaningful analytes or class membership) of 

the samples is necessary. It is a pattern recognition technique that is used for data reduction, 

essentially reducing the data to linear combinations of latent variables, or principal components 
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(PCs), projected onto a lower dimension space[114,115]. These PCs capture the greatest amount 

of variation between and among all samples, or the covariance. Typically, the first few PCs 

capture the most variance that explains the data with the first PC (PC 1) capturing the most 

variance, followed by PC 2, and so on. The extent to which the original data is reduced depends 

upon the number of PCs selected, which can be determined using a scree plot. The scree plot 

indicates the amount of variance that each PC explains, thus the analyst can determine the cutoff 

where the added explained variance is not significant. 

GC×GC-MS data is loaded to PCA in the vectorized format such that each row contains 

samples and the columns contain variables. The analyst may decide to apply PCA in a pixel-

based fashion meaning the entire chromatogram is used such as in Figure 1.9 [23,116], or reduce 

the computational load by using peak areas or heights from a table [70], using a subset of 

features or analyte peaks that are significant, or binning the data [117]. Further, the 

computational load may be reduced to a greater extent if only the TIC or selective m/z are used, 

which can be concatenated prior to analysis [116], or selecting regions of the chromatogram. 

When using the pixel-based approach, selecting the TIC or selective m/z is especially important 

when working with many samples to reduce the computational load, making the use of binning 

(tile-based) or peak tables an attractive alternative. Additionally, pre-processing is crucial to 

ensure successful and meaningful PCA results. Specifically, normalization, baseline correction, 

alignment, and mean-centering should be considered when applying PCA. Especially for pixel-

based approaches, proper alignment is critical to ensure the model is accurately representing the 

equivalent analyte peaks across samples. This can be mitigated using accurately curated peak 

tables or binning the data such that any slight retention time alignment is captured within the bin. 
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Figure 1.9. Illustration of PCA on 20 samples of unknown sample class membership, resulting in 

the clustering of samples into two distinct classes in the top right scores plot. The loadings on PC 

1 in the bottom right scores plot indicate that analytes in purple have a higher signal in class 1, 

while analytes in dark gray have a higher signal in class 2.  

The output from PCA are scores and loadings that aim to capture the greatest variance that 

explains the data. The scores hold the information of how the samples relate to each other based 

on the variance captured in each PC. Thus, visualization of the scores plot using PC 1 and PC 2 

(PCs that capture the most variance) shows samples with the most similar chemical composition 

cluster into distinct groups in the PC space. The degree to which sample clusters differ from each 

other in the PCA scores plot can be measured, with common methods being the degree-of-class 

separation (DCS) [117], Mahalanobis distance [118], or confidence ellipses [119]. The loadings 

that correspond to each PC score contain the information of the variables or significant chemical 

components among the samples that contribute to the observed clustering. Variables or peaks 



 

30 

that are positive loaded indicate these peaks have higher signal in samples with positive scores, 

and the same trend is observed for negatively loaded peaks indicating higher signal in samples 

with negative scores. This method is excellent for capturing both differences in chemical 

composition between sample classes as well as accounting for differences in concentration of 

analytes in common between classes. The analyst may also opt to use PCA in a supervised 

manner for data visualization after feature selection is performed. One of the previously 

mentioned metrics for determining the degree to which classes cluster may then be calculated for 

the clusters of known sample class membership and be used as a metric for evaluating the 

performance of the feature selection approach. 

1.2.2        Partial least squares-discriminant analysis (PLS-DA) 

PLS-DA is a widely used supervised, non-targeted classification tool for data reduction and 

discriminant analysis of multi-class data [120,121]. While similar to PCA, PLS-DA benefits 

from prior knowledge of sample class membership to distinguish the variability between 

individual classes and the variance among all classes. Mathematically, PLS-DA aims to correlate 

the chromatographic data (X matrix) to class membership (Y matrix) by first reducing the 

dimensionality and then constructing the prediction model. The chromatographic data in the X 

matrix can be the entire chromatogram at the pixel-level [122], [122], binned chromatograms, 

peak tables, or features discovered from another non-targeted methods (i.e., F-ratio or 1v1 

analyses) [123]. Note, pixel-based PLS-DA can be computationally expensive, especially if all 

collected m/z are used. Hence, to reduce the computational load, a subset of m/z or the TIC may 

be used at the pixel level after proper preprocessing. Otherwise, the use of either binned data, 

peak tables, or feature selection methods is preferred, especially with HRMS data. An illustration 

of PLS-DA at the pixel-level on the X matrix containing TIC chromatograms of two classes 
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(blue chromatograms belong to class 1 and red chromatograms belong to class 2) is provided in 

Figure 1.10.  

 

Figure 1.10. Illustration of PLS-DA applied to 20 samples (13 for calibration in circles and 7 for 

prediction in squares) at the pixel-level. A subset of chromatograms (X block) with assigned 

class membership (Y block) are used for model calibration (top right). Subsequently, the model 

is used for prediction of the remaining sample chromatograms (bottom right). 

The input data matrix (X), used as a predictor, contains the samples in each row and the 

number of features, pixels, or bins in each column. Since PLS-DA is a supervised method, class 

membership must be assigned in the response vector, Y. Generally, sample membership is 

categorical (e.g., experimental or control), and therefore, each sample needs to be coded to a 

discrete numerical value (e.g., experimental = 0 and control = 1). The user must define these two 

matrices along with the number of components to model and any processing options (i.e., mean-

centering). PLS-DA then reduces the dimensionality of the data by defining the latent variables 

(LVs) that maximizes the covariance between X and Y. To define, LVs are a combination of 

collinear variables measured to describe certain properties of the samples collected, like PCs for 

PCA. Similar to PCA, the outcomes are loadings and scores vectors (Figure 1.10 top right 
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calibration plots) corresponding to each LV. The X block scores includes the coordinates of the 

samples after projection; thus, when the scores plot for LV 2 versus LV 1 is viewed, the 

classification of the samples is visible. When using pixels or bins, the loading vectors can be 

essentially folded into a GC×GC chromatogram for viewing the contribution of each pixel or bin 

to the respective LV (positively correlated, negatively correlated, or neither). When using the 

peak table approach, the loadings vector can be viewed without folding to examine the 

correlation of each feature to the respective LV. Using the scores and loadings plots, the analyst 

can determine which analytes contribute the most to sample classification. For example, Rosso et 

al. demonstrated the use of PLS-DA on peak table features for discriminating between different 

hazelnut cultivars, with clear clustering of the classes in the scores plot [124]. Finally, the model 

produced with the training set of known class membership can then be used to predict samples 

with unknown class membership. After the model is built, variable importance in projection 

(VIP) scores or selectivity ratios can be calculated for each variable for determining variables 

that most contributed to the discrimination between classes [125,126]. 

Proper selection of the number of LVs and model validation is critical to prevent overfitting 

[127]. Internal validation is often accomplished using leave-one-out cross-validation (LOOCV) 

or Venetian blinds cross-validation. LOOCV is especially useful for data sets where a small 

number of samples are used to build the classification model. This method constructs a PLS-DA 

model after leaving one of the samples out of model generation. The sample that was excluded is 

then analyzed/predicted by the model and this procedure is repeated in a round-robin fashion for 

every sample in the data set. On the other hand, Venetian blinds cross-validation is appropriate 

for larger data sets, where LOOCV would result in longer computational times and model 

overfitting. Venetian blinds cross-validation is similar to the procedure for LOOCV, except a 
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subset of samples are excluded during model generation and used for prediction. The root-mean-

square-error of cross-validation (RMSECV) is calculated following the cross-validation 

procedure. The RMSECV acts as a “goodness-of-fit” measure and is used for proper selection of 

the number of LVs to include in the final PLS-DA model. In comparison, when the analyst has 

enough samples to divide them into a calibration/training set and a test set that is representative 

of the entire sample set, they may select to use external calibration. This is achieved by using the 

training set to generate the model that is then used to predict samples in the test set for 

determining model performance. Paiva and Hantao provided exemplary work for demonstrating 

the advantages of both internal cross-validation and external validation procedures [122], where 

a pixel-based PLS-DA model was developed to correlate the chemical composition of lager beers 

to their consumer preference.  

1.2.3        Fisher ratio (F-ratio) analysis 

F-ratio analysis is a supervised, discovery-based method that aims to comprehensively 

discover chromatographic features that distinguish between known sample classes. This method 

is based on the analysis of variance (ANOVA) statistical test. Here, the standard F-ratio 

calculation is defined as the ratio of the between class variance (𝑠𝑏𝑐
2 ) to the sum of the pooled 

within-class variance (𝑠𝑤𝑐
2 ):  

𝐹 − 𝑟𝑎𝑡𝑖𝑜 =
𝑠𝑏𝑐

2

∑ 𝑠𝑤𝑐
2        

(1.12). 

This method prioritizes class-distinguishing ability rather than absolute analyte signal, allowing 

for the discovery of minor, yet significant, chemical differences between samples. Hence, the 

magnitude of the F-ratio indicative of the extent to which the “hit” (i.e., a chromatographic 

feature) discriminates between the sample classes. For a hit to be classified as class-

distinguishing, it must have a significant difference (p-value < 0.05) between classes. The result 
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of F-ratio analysis is a list of features (i.e., a “hit list”) ranked in descending order of F-ratios. To 

discover these class-distinguishing analytes, the analyst then mines the hit list by identifying, 

quantifying, and determining statistical significance for each hit. However, the presence of false 

positives (i.e., statistically insignificant features with a high F-ratio) in the hit list may hinder 

data mining efforts by prematurely triggering a stopping point. Additionally, interfering analyte 

signals at the same m/z as a class-distinguishing analyte may decrease its discoverability or result 

in a false negative. With nominal mass detection, the likelihood of interfering signals from other 

analytes at the same m/z is higher than with HRMS detectors, relying to a greater extent on a 

higher RS,2D from the chromatographic separation. Since F-ratios are calculated on a per-m/z 

basis, using nominal MS detectors requires greater attention to the application of F-ratio input 

parameters, whereas the selectivity of the HRMS detector can be leveraged to ensure pure m/z 

are used (no interfering analyte signals) to obtain accurate F-ratios. To ensure the most accurate 

final list of significant features is obtained, a user-defined S/N threshold of 10 is typically ideal 

for being right at the limit of feature discovery [128,129]. Additionally, it is advised that the hit 

list be ranked according to the highest F-ratio m/z per-hit for improved discovery of trace level 

analytes [130]. Furthermore, the analyst must carefully consider their analysis approach (i.e., 

pixel-, peak table-, or tile-based) to mitigate these false positives and the computational load. 

The initial approach to F-ratio analysis was pixel-based, which involves calculating F-ratios 

at each retention time in the data set for all m/z above a given S/N [23,86,105,131,132]. While 

this approach provides the benefit of using the entire data set, it introduces many redundant hits 

into the final hit list. Redundant hits are defined as replicate entries of the same analyte as 

separate hits in the final hit list. In turn, the presence of these redundant hits generates lengthy hit 

lists that would require tedious manual inspection to remove their presence. Additionally, this 
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method is sensitive to retention time misalignment across replicates, which could result in false 

positive F-ratios that are not truly representative of the analytes of interest. Alignment algorithms 

have been used widely for correcting retention time shifting across replicates and can be used as 

a preprocessing step prior to pixel-based F-ratio analysis [83,85,133–136]. Even with proper 

alignment, pixel-based F-ratio analysis is also sensitive to effects from modulation-based phasing 

and detector fluctuations [108].  

Implementation of F-ratio analysis on peak tables can be successful in mitigating issues 

stemming from retention time misalignment and low S/N peaks affecting quantification 

[41,137,138]. Furthermore, using a peak table ensures that one F-ratio is calculated per feature 

therefore redundant hits are not an issue after generating the F-ratio hit list. This is particularly 

attractive for analysts that use commercial software to find peaks and build peak tables and then 

export the peak table prior to statistical analysis. An excellent example of this approach is 

provided by Dubois et al. for the characterization of decomposition odor from adipocere and soil 

samples at a death scene by GC×GC-HRTOFMS for supporting the use of decomposition odor 

as forensic evidence in court [139]. F-ratios were calculated on the peak tables obtained by GC 

Image software (Zoex Corporation), and for features with F-ratio higher than the F-critical 

threshold the responses from the different compound classes were quantified for each class. 

Additionally, this study highlights the use of feature selection prior to an unsupervised non-

targeted method, hierarchical clustering analysis (HCA), for visualization of sample class 

clustering and compound class correlation.   

Finally, F-ratio analysis has evolved to the current tile-based F-ratio analysis approach, 

illustrated in Figure 1.11. Tile-based F-ratio analysis involves sectioning the entire 

chromatogram into equivalent tiles of user-defined dimensions and calculating the F-ratios on the 
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area captured in each tile at every m/z [108,140]. Proper selection of both tile size and cluster 

window is critical for the success of F-ratio analysis in discovering all true positives and 

minimizing the redundant hits, especially for data with even the slightest run-to-run retention 

time shifting. The tile size on 1D and 2D should be selected based on the average width at base of 

the analytes and account for the magnitude of retention time shifting in 1D and 2D, respectively. 

A tile size too large may result in the loss of true positives discovered, while a tile size too small 

would introduce many redundant hits. Additionally, tile-based F-ratio analysis was demonstrated 

to be robust to simulated GC×GC-TOFMS data with shifting, concluding that a tile size too large 

is more beneficial than one too small [141]. The cluster window is generally ~60% of the size of 

the tile, with larger cluster windows reducing the amount of redundant hits in the list while 

possibly clustering away true positives with lower F-ratios. Conversely, while smaller cluster 

windows may retain more true positives in the hit list, more redundant hits are retained as well. 

 

Figure 1.11. Illustration of tile-based F-ratio analysis applying the four grid schemes to pre-

processed folded GC×GC data at each m/z, with the grid that best captures each analyte area 

highlighted by a red, yellow, and purple box. The next step, using the analyte in red, involves 

reducing the number of F-ratios calculated per analyte to one entry (pinning and clustering), and 

finally the remaining “hits” are compiled into a “hit list” ranked by descending F-ratio. 
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Even with proper mitigation of false positives using an appropriate F-ratio analysis approach, 

discovery of significant class-distinguishing analytes by F-ratio analysis can be challenging for 

multi-class metabolomics data with inherent within-class variance up to ~50%. Therefore, 

modifications to the F-ratio calculation shown in Eq. 1.12 have also been explored [142–144]. 

For instance, control-normalized F-ratio analysis uses only the within-class variance from the 

control group in the denominator of Eq. 1.12 [142,143]. Tile-based control-normalized F-ratio 

analysis was demonstrated for discovering biomarkers of knee ligament injury, with results 

highlighting the utility of control-normalized analysis for comparative analysis with non-normal 

distributions. Furthermore, for data sets with inherent large within-class variance in all sample 

classes, the F-ratios can be calculated using the lowest within-class variance among all classes 

for discovering the most true positives, termed minimum variance optimized (MVO) F-ratio 

analysis [144], which will be introduced in Chapter 6.   

To address the sizable hit lists regardless of the approach (pixel-, peak table, or tile-based), 

initial F-ratio thresholds were applied to trim the hit list while monitoring the extent to which 

classes were distinguished applying PCA to the remaining features in the hit list [86,131]. 

Subsequently, combinatorial null distribution analysis was utilized as a statistical means to 

determine an appropriate F-ratio threshold at a given null probability and confidence level 

[140,145,146]. Recently, Sudol et al. proposed using the p-value, either from a t-test or one-way 

ANOVA, as a means for determining the F-ratio threshold [147]. Here, the F-ratio threshold was 

set equal to the F-ratio for the last true positive (p-value < 0.01) [147]. Features determined to be 

true positives (i.e., class-distinguishing analytes) can then be further studied using targeted 

approaches for accurate identification and quantification and related back to specific 

characteristics or properties of the samples.  
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1.2.4        Tile-based 1v1 analysis 

While the F-ratio analysis requires multiple samples per class to calculate variances, the 

analyst may not always have the resources or opportunity to collect multiple chromatograms per-

class. Hence, the development of pairwise analysis approaches can also be beneficial for feature 

discovery. Standard methods that have been used for pairwise analyses include Jensen-Shannon 

(JS) divergence and subtraction plots to discover differences between samples. JS divergence is a 

measure of dissimilarity and uses Bayesian statistics to determine the probability that a specific 

region of the chromatogram is different between classes. Barcaru et al. demonstrate using JS 

divergence for the analysis of a mixture of diesel and lubrication oil [148]. On the other hand, 

subtraction plots are generated by simply subtracting the chromatogram of one class from the 

other class. The remaining peaks in this subtraction plot therefore correspond to either 

differences in composition between chromatograms or differences in abundance. However, both 

standard metrics are typically implemented in a pixel-based fashion and thus, are susceptible to 

false positives. Therefore, Cain et al. developed a tile-based pairwise approach, termed 1v1 

analysis, to discover chemical differences between classes [149]. 

The novel tile-based 1v1 approach utilizes the same tiling methodology described for tile-

based F-ratio analysis (Section 1.2.3); however, instead of calculating variances, a rank metric 

(RM) is calculated for each tile at every m/z. The rank metric is defined as  

𝑅𝑀 =
|𝑆(𝑚/𝑧)2−𝑆(𝑚/𝑧)1|

𝑆(𝑚/𝑧)2+𝑆(𝑚/𝑧)1
× 100           (1.13) 

where s(m/z)n is the summed signal within a tile at a given m/z for class n, either class 1 or class 

2. The magnitude of the rank metric is representative of the extent to which the discovered 

analyte discriminates between the classes. Additionally, the calculation of the rank metric 

ensures the ability of the analyte to distinguish between classes is prioritized rather than the 
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absolute signal. While this method has been demonstrated solely using the tile-based approach, 

the rank metric could be easily calculated at every pixel of the chromatograms or on the peak 

areas or heights compiled into a peak table.  

 Tile-based 1v1 analysis was evaluated on a diesel fuel spiked with 18 compounds and 

demonstrated to discover biomarkers of moisture damage in cacao beans [149]. Results indicated 

that 1v1 analysis outperforms all other pairwise methods (JS divergence and subtraction plots) 

given its near ideal ranking of the hit list. Furthermore, tile-based 1v1 and F-ratio analysis results 

are essentially identical, indicating that the same meaningful chemical differences between 

classes can be discovered whether the analyst collects only one chromatogram per class or 

multiple replicates. Furthermore, this method was demonstrated in conjunction with the novel 

targeted method class comparison enabled mass spectrum purification (CCE-MSP) [150] to 

improve analyte identification.  

1.2.5        Targeted decomposition methods 

The major analytical goal is to identify and quantify analytes of interest in samples and in 

targeted studies the analyte identity is known a priori. Accurate identification and quantification 

of analytes relies on pure spectra and resolved peak profiles. To quantify analytes, the two-step 

method is commonly employed for two-dimensional chromatographic data using either peak 

heights or areas [92]. Ideally all analytes in the sample are resolved during the GC×GC 

separations providing improved peak capacity over 1D separations and making quantification 

and identification much easier, however fully resolving all analytes in complex mixtures is not 

likely due to the high complexity of the samples [18]. While HRMS data has additional 

selectivity and sensitivity for more accurate identification and quantification using pure m/z, 

chemometric tools may still be used to aide with unresolved analytes and improve upon analyte 
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S/N. The overlapped analyte signals pose a challenge for accurate quantification of target 

analytes while mass spectra with interferent fragment ions make accurate identification a 

challenge, thus requiring chemometric tools to aid in decomposition of compounds. For these 

unresolved analytes, MCR-ALS and PARAFAC are excellent decomposition (often referred to 

as deconvolution) methods to model the section as a linear combination of the analyte signals. 

All dimensions of the data are leveraged by chemometric tools to fully resolve analytes and 

obtain pure peak profiles and spectra that would otherwise be lost to the low 2D resolution. 

Overlapped analytes with similar spectra rely on decomposition that leverages the difference in 

retention time from the chromatographic separation, while analytes that have 2D resolution 

approaching zero rely on differences in spectra to provide pure signals. The experimental design 

for collecting the data is critical for ensuring the bilinear or trilinear structure of the data. While a 

non-trilinear data structure is not ideal for chemometric tools such as PARAFAC [151], 

PARAFAC2 [152,153] has less strict data structure requirements and MCR-ALS is capable of 

decomposing analyte profiles and spectra with sufficiently bilinear data structure as it relies more 

on the spectral dimension [154]. These chemometric techniques offer the advantage that the 

analyst is not required to know the identity of analytes prior to decomposition.  

Data that has a sufficiently bilinear data structure is ideal for decomposition by MCR-ALS 

[155–157], including third order GC×GC [158,159] with a multivariate detector and 

concatenated sample chromatograms of univariate detectors (GC×GC-FID). MCR-ALS can 

handle this data as it is less sensitive to differences in peak shapes of modulated peaks and slight 

retention time shifts. If the data set does not have a sufficiently bilinear data structure, alignment 

algorithms may be used to address retention time shifting [31,83,84]. This is especially important 

when using a univariate detector rather than a multivariate detector that can leverage the analyte 
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spectrum for decomposition. When considering third order data, generally the chromatographic 

dimension can be reduced prior to MCR-ALS either by summing away in one dimension or by 

unfolding the data and leveraging both 1D profiles and modulated 2D peaks in one dimension, as 

illustrated in Figure 1.12. As could be expected, using MCR-ALS, or any decomposition method, 

on the entire chromatogram is computationally expensive. To use MCR-ALS more efficiently, 

the analyst must select the region of the chromatogram to decompose and enter an initial 

estimate of the number of components in the chromatographic region that the algorithm must 

model. These decomposition methods require minimal pre-processing of the data as they remove 

background and noise contributions, providing baseline corrected vectors of the analyte signals. 

Typically, this number of components should be estimated including an additional component 

than the number of analytes present, as the algorithm models the noise as one component, 

removing noise from the loadings, or the pure elution profiles of the analytes and improving the 

signal-to-noise ratio. MCR-ALS was initially described for second order data and can be 

represented in the following expression: 

X=CST + E          (1.14), 

where for comprehensive two-dimensional chromatographic data using a univariate detector X is 

the raw data matrix, C is the matrix containing the one chromatographic dimension with the 

resolved elution profiles for each component modeled, S is the matrix containing the second 

chromatographic dimension elution profiles associated with C, and E is an error matrix 

containing the unexplained modeled data [160]. For third order data, the loadings depend on the 

data structure MCR-ALS is applied to. If the two chromatographic separations are unfolded into 

one dimension and the other dimension contains the spectral information, the resulting loadings 

would be pure elution profiles with both 1D and 2D peaks in one vector per component and the 
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other loadings would include the corresponding spectrum for each component modeled (Figure 

1.12 right panels). This can be extended as follows 

Xaug = CaugS
T + Eaug       (1.15), 

where Xaug, Caug, and Eaug are column-wise augmented matrices containing multiple replicates 

[160], which is especially considered for non-trilinear data and to reduce rotational ambiguities. 

The algorithm uses initial estimates of each dimension to test for convergence and iterates the 

values alternating between dimensions until convergence is met. The ease with which the 

algorithm can decompose each component is dependent on adequate signal-to-noise ratio. The 

resolved elution profiles retain concentration information from the sample and may then be used 

to quantify analytes, while decomposed spectra are valuable for more accurate identification. The 

alternating least squares will improve the fit of the model with each iteration, however the 

amount of time it takes for the solution to be determined is dependent on the number of 

components selected to be modeled. Additionally, selecting the correct number of components to 

model is important for obtaining true representations of the analytes of interest. For example, 

selecting too few components to model by MCR-ALS will result in loading vectors comprised of 

two inseparable analyte signals and convoluted spectra. When the appropriate number of 

components are selected, the resulting loadings provide pure elution profiles that can be used to 

quantify analytes in the selected region. Decomposed spectra are also provided that can be used 

in a non-targeted fashion to tentatively identify analytes or in a targeted fashion to confirm 

identification by matching to a library database.  
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Figure 1.12. Demonstration of MCR-ALS on GC×GC-MS data, modeling three components: 

two analytes and the background noise. Outputs are pure elution profiles for each modeled 

component and pure mass spectra.  

For optimal decomposition results, MCR-ALS initialization, constraints, and rotational 

ambiguities must be considered. Several methods for initialization are proposed including initial 

estimates of the concentration profile or the spectra, SIMPle-to-use Interactive Self-modeling 

Mixture Analysis (SIMPLISMA) for obtaining pure variables [161], and Iterative Key Set Factor 

Analysis (IKSFA), based upon KSFA, which determines a set of spectra of the minimum number 

of components to model that are the most unlike, or orthogonal, to the raw matrix spectra [162]. 

Next, constraints are selected to reduce the possible range of solutions. The most common 

applied constraint is non-negativity, ensuring the elution profiles have non-negative 

concentrations. Other available constraints include unimodality, closure, selectivity of pure 

spectra, and selectivity of concentration profiles if location of analytes of interest and pure 

spectra are known a priori. While these constraints and proper initialization reduces the number 

of possible solutions to the most appropriate, one remaining concern is the rotational 

ambiguities, or the different solutions that may be produced for the same matrix input and fit the 

data equally well. This issue can be evaluated using MCR-BANDS [163] and can be addressed 

by local rank and selective constraints, concatenating replicates prior to decomposition, or using 
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hard modeling to obtain unique solutions. Additionally, a trilinearity constraint may be used to 

obtain essentially the same unique solution as would be obtained by PARAFAC [164]. The 

analyst must also consider that decomposition may be challenged by interfering peaks that 

overlap with the analyte of interest on multiple dimensions. This is especially challenging when 

the interfering peak signal is much larger than the analyte of interest.  

Specifically for HRMS data sets, the data requires processing prior to MCR to compress the 

data as they are information-rich and are computationally expensive. One method involves 

binning the spectral dimension to lower resolution, determining interesting regions to use MCR-

ALS on, and then using the high resolution data for further analysis [95]. This method does 

ensure that each scan and each replicate share the same m/z dimension depending on the level of 

binning at the cost of losing selectivity. The second method, termed ROIMCR, involves first 

compressing the data by finding regions of interest (ROI), or simply chromatographic peaks, in a 

non-targeted fashion while conserving the high resolution mass spectral dimension 

[96,99,100,165]. Next, segments of the ROI data matrix may be input to MCR-ALS to 

decompose and obtain pure elution profiles and mass spectra for subsequent identification and 

quantification. The ROIMCR method has been evaluated with LC-HRMS and LC×LC-HRMS 

data, though it can easily be extended to GC×GC-HRMS data sets. Whether the data was binned 

or the ROIMCR software was used, the MCR-ALS loadings obtained for all types of data can be 

subsequently used for accurate identification and quantification as well as other supervised data 

analyses, such as PCA and PLS-DA [166,167]. Recently, the ROIMCR method was used to 

compress LC×LC-MS and LC×LC-UV data prior to evaluating the bilinearity and trilinearity of 

the data structure with MCR-ALS and PARAFAC, respectively, with results suggesting MCR-
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ALS was more appropriate tool as the data structure deviated from an ideal trilinear behavior 

[168].  

For data with a sufficiently trilinear data structure, PARAFAC [152,169,170] is an excellent 

chemometric tool to facilitate the identification and quantification of analytes leveraging all three 

dimensions of GC×GC data sets [105,171]. Prior to PARAFAC decomposition, the data must be 

a 3-dimensional matrix, typically a combination of 1tR, 2tR, and spectral dimension of a single 

sample [172] or concatenated samples [173]. As mentioned previously, using the entire 

chromatogram is computationally expensive, however there are methods that may be used to 

apply PARAFAC to large sections of data [171]. The number of components to be modeled must 

be selected prior to PARAFAC decomposition taking into consideration the noise being modeled 

as one component. PARAFAC operates in a similar manner to MCR-ALS, producing three 

loading vectors including peak profiles that retain the concentration information of each modeled 

analyte and the corresponding mass spectrum. The PARAFAC model for a three-way 

chromatogram (X) and F number of components can be expressed as 

𝑿 = ∑ 𝒂𝑓 ⊗ 𝒃𝑓 ⊗ 𝒄𝑓 + 𝑬𝐹
𝑓=1    (1.16), 

where a, b, and c are the purified loadings in each data dimension for each component and E is 

the residual error. [169]. The model is achieved by using initial estimates for two of the modes 

and then applying alternating least squares to fit the remaining mode to obtain the solution where 

the residuals are minimized. Usually, random initial estimates from trilinear decomposition are 

used for initialization and minimizing residuals is the stopping point, with the fit of the model 

improving with each iteration. An advantage of PARAFAC is the uniqueness of the model. 

While rotational ambiguities are a main concern for MCR-ALS models, PARAFAC models 

cannot be rotated without altering the fit, so this is an advantage for PARAFAC.  
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The loadings matrices contain the vectors corresponding to the peak profiles and mass 

spectra of each modeled component. For a raw data matrix (m×n×l) with m containing the 2D 

separation, n containing the 1D separation, and l containing the m/z dimension, the PARAFAC 

loadings obtained will contain the pure 1D peak profiles that are normalized to the 1D peak 

profile with the greatest signal, pure 2D peak profiles with signal reflecting the concentration of 

the component in the sample, and finally the pure mass spectra normalized to the m/z with 

greatest intensity. Reproducing the peak profile for one component can then be achieved by the 

outer product of the vectors corresponding to the component of each loading matrix. The peak 

profiles generated from this decomposition method are more trilinear than the raw data as the 

algorithm ensures the modulated peaks have the same retention time and more consistent peak 

shapes when modeled. Similar to MCR-ALS, the pure analyte loadings from PARAFAC can be 

used for identification, quantification, or other analyses such as evaluating alignment algorithms 

that may have been used to improve data trilinearity [85,174,175].  

The trilinear structure condition requires that the data be of high quality with modulated 

peaks for a single analyte retaining the same peak shape and having the same 2D retention time 

(2tR), or at least that it does not deviate greatly [176]. The magnitude of the retention time 

shifting between modulations as well as peak width on the second dimension (2Wb) are the main 

considerations for the trilinearity deviation ratio (TDR) metric for evaluating the accuracy of 

PARAFAC models for quantification [176]. This metric was demonstrated for PARAFAC 

applied to GC×GC-TOFMS data due to the negative quantification bias that is due to nontrilinear 

data, though it may be extended to other chromatographic methods and/or chemometric methods 

such as MCR-ALS. Data with shifting retention times, mainly due to the temperature program in 

GC, can easily be corrected with alignment algorithms [31,83,84,134] during data pre-processing 
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steps, improving the trilinearity of the data set and making the data more amenable to 

PARAFAC. As PARAFAC has more strict requirements, it may additionally be used as a tool to 

evaluate the quality of third order data produced [63,168], however third order data that does not 

meet this requirement may employ PARAFAC2 to still leverage all three dimensions of the data 

[152,170]. PARAFAC2 is less sensitive to retention time shifts of the modulated 2D peaks that 

may affect the trilinear data structure, though is still sensitive to differences in peak shapes 

between modulations 

Similar to MCR-ALS, the performance of PARAFAC to obtain the correct model of the data 

is dependent on the selection of the correct number of components to model and appropriate 

signal-to-noise ratio of the raw data [177]. Examining the raw data generally gives an indication 

of how many components should be modeled taking into consideration that the noise will be 

modeled as well. In addition to visual inspection of the raw data, split-half experiments can be 

used to determine the correct number of components. In split-half experiments the section to be 

decomposed is split in half and a PARAFAC model is made for both halves [178]. If the number 

of components is selected correctly, the same loadings should be evident in the models of both 

data sets. Increasing the number of components to be modeled may slow down the algorithm and 

result in more noise being modeled as well as true analytes to be modeled by multiple 

components, or splitting. When too few components are selected to be modeled, several true 

analytes will be modeled by a single component and the goal to decompose the analytes is not 

accomplished. The initialization step ensures the algorithm reaches a solution quicker and that it 

helps make sure the algorithm does not get stuck on one iteration of the model. Initialization for 

PARAFAC decomposition typically involves either random values or initial estimates from 

trilinear decomposition. In addition to initialization, there are several constraints that may be 
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selected. Constraints include unimodality, orthogonality that may help stabilize the solution, and 

non-negativity that ensures the loading vector should have positive signal [169]. While the total 

explained variance may be less than what may be achieved with an unconstrained model, 

applying the constraints may be beneficial for the interpretation of the data, i.e. non-negativity 

constraint ensures that signals of analytes with non-zero concentration are positive.  

1.3 Overview of following chapters 

1.3.1 Chapter 2: Optimization of Parameters for ROI Data Compression for Nontargeted 

Analyses Using LC−HRMS 

Non-targeted analyses of low concentration analytes in the information rich data collected by 

liquid chromatography with high resolution mass spectrometry detection can be challenging to 

accomplish in an efficient and comprehensive manner. The aim of this study is to demonstrate a 

workflow involving targeted parameter optimization for entire chromatograms using region of 

interest (ROI) data compression uncoupled from a subsequent tile-based F-ratio analysis, a 

supervised discovery-based method, for the discovery of low concentration analytes. Soil 

samples spiked with 18 pesticides at nominal concentrations ranging from 0.1 ppb to 50 ppb for 

a total of six sample classes served as challenging samples to demonstrate the overall workflow. 

Optimization of two parameters proved to be the most critical for ROI data compression: the 

signal threshold parameter and the admissible mass deviation parameter. The parameter 

optimization method workflow we introduce is based upon spiking known analytes into a 

representative sample and determining the number of detectable spikes and the Δppm for various 

combinations of signal threshold and admissible mass deviation, where Δppm is the absolute 

value of the difference between the theoretical m/z and the ROI m/z. Once optimal parameters are 

determined providing the lowest average Δppm and the greatest number of detectable analytes, 
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the optimized parameters can be utilized for the intended analysis. Herein, tile-based F-ratio 

analysis was performed on the ROI compressed data of all spiked soil samples first by applying 

ROI parameters recommended in the literature, referred to herein as the initial ROI parameters, 

and finally by the combination of the two optimized parameters. Using the initial ROI 

parameters, 3 pesticides were discovered, where-as all 18 spiked pesticides were discovered by 

optimizing both ROI parameters. 

1.3.2 Chapter 3: Chemometric decomposition of comprehensive two-dimensional gas 

chromatography time-of-flight mass spectrometry data employing partial modulation in the 

negative pulse mode 

Partial modulation in the negative pulse mode was optimized for GC×GC-TOFMS. With 

partial modulation in the negative pulse mode, a flow of auxiliary carrier gas is applied through a 

pulse valve to a T-junction joining the 1D and 2D columns for nearly all of the PM. This results in 

dilution of the 1D eluate, followed by briefly turning off the pulse valve for a specified pulse 

width (pw), effectively “injecting” undiluted 1D eluate onto the 2D column. The raw data has the 

appearance of 2D separations superimposed on top of the 1D separation. While high peak 

capacity GC×GC data are produced, there are challenges that needed to be addressed regarding 

the use of chemometrics for analyte decomposition, identification, and quantification. Herein, 

these data analysis challenges are addressed using multivariate curve resolution - alternating least 

squares (MCR-ALS). An isothermal separation of a 15-component mixture of similar 

compounds is obtained in 20 s using a PM = 250 ms and a pw = 6 ms. Various peak overlap 

situations were purposely produced to facilitate the chemometric method demonstration. The 

MCR-ALS chromatographic loadings (peak profiles) were used to determine tR and Wb in both 

separation dimensions.  MCR-ALS readily decomposed 1D×2D regions for analytes with severe 
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1D overlap if they were fully resolved on 2D. Decomposition was more challenging for analytes 

severely overlapped on both GC×GC dimensions when their spectra were similar, though 

ultimately all 15 compounds were successfully decomposed. Additionally, the 2D concentration 

peak profiles obtained via MCR-ALS are demonstrated to be reliable for identification and 

quantifiable. The predicted versus prepared concentration values are in good agreement for two 

representative analytes, with percent deviation values of -5.6% (± 2.2%) for 1-hexene, and 1.8% 

(± 3.4%) for 2-pentanone. 

1.3.3 Chapter 4: Dynamic pressure gradient modulation for comprehensive two-dimensional gas 

chromatography with time-of-flight mass spectrometry detection 

Dynamic pressure gradient modulation (DPGM) is investigated for GC×GC-TOFMS. With 

DPGM, a commercial pneumatic “pulse” valve is opened to introduce a suitably high auxiliary 

gas pressure at a T-junction connecting the 1D and 2D columns during the PM, temporarily 

stopping the 1D flow. The valve is then closed for the duration of a pulse width (pw) to “re-inject” 

temporally focused 1D eluate onto the 2D column for separation. This flow modulation technique 

is observed to be compatible with TOFMS detection using a 2D flow rate of 4 ml/min for the 

separation of a 90-component test mixture. A 25 min separation window using a PM = 1 s and pw 

= 200 ms for full modulation (and 100% duty cycle) provided an average 1Wb = 4.5 s and 2Wb = 

130 ms for a 2D peak capacity of nc,2D = 2700 (100 peaks per min). The detector response 

enhancement factor (DREF) serves as a metric for the enhanced sensitivity of the modulated 

relative to the unmodulated 1D peaks, with DREFs ranging between 10 and 20 and about a 5-fold 

improvement in S/N. The bilinear “quality” of the GC×GC data is studied using PARAFAC. 

Since PARAFAC requires sufficiently trilinear data, the reproducibility of the 2D peak shape for 

a given analyte is confirmed using lack-of-fit (LOF) and percent variation (R2) metrics. The 
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limit-of-detection (LOD) for the representative analyte hexadecane is determined using 

PARAFAC, providing an LOD of 0.7 ppb (±0.03 ppb) for three replicates. Seven heavily 

overlapped analytes are also fully resolved by PARAFAC down to the part-per-million (ppm) 

concentration level, producing reproducible spectra with a majority of spectral match values 

(MV) over 800 (RSD ≤ 7.1%). This study provides promising results for DPGM as a flow 

modulation technique compatible with GC×GC-TOFMS, providing high sensitivity data suitable 

for chemometric analysis.  

1.3.4 Chapter 5: A systematic investigation of comprehensive two-dimensional gas 

chromatography time-of-flight mass spectrometry with dynamic pressure gradient modulation 

for high peak capacity separations 

Dynamic pressure gradient modulation (DPGM) in full modulation mode is optimized for 

GC×GC-TOFMS) to obtain high peak capacity separations and demonstrate broad applicability 

for complex samples. A pulse valve introduces an auxiliary carrier gas flow at a T-union 

connecting the 1D column to the 2D column. At a sufficiently high auxiliary pressure (Paux) the 

1D flow is temporarily stopped. Then, during each PM the valve is turned off briefly, a period 

termed the pulse width (pw), allowing the 1D effluent to essentially be reinjected onto the 2D 

column for the modulated separations. Modifications to the modulator assembly are provided to 

improve performance. Method optimization is demonstrated for a 116-component test mixture by 

tuning the Paux and the pw. For a PM = 2 s and 1F of 0.10 ml/min, the optimal pw and initial Paux 

selected were 200 ms and 330.9 kPa (33 psig), respectively. The 30 min separation of the test 

mixture provided a 1D peak capacity of 1nc = 330 and a 2D peak capacity of 2nc = 15, hence an 

ideal 2D peak capacity nc,2D = 1nc×
2nc = 4950.  Likewise, the 2D peak capacity corrected for 

undersampling of the 1D separation was 4500 and corrected for both undersampling and 

sampling variation via statistical overlap theory was 4090. These results provide a 2-fold 

improvement in peak capacity relative to the previous DPGM study in full modulation mode for 
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GC×GC-TOFMS. The optimized conditions were applied for a variety of applications: diesel 

fuel, derivatized cow serum, solid phase microextraction (SPME) of coffee headspace, and 

SPME of river water headspace. Additionally, the fraction of 2D separation space utilized 

(fcoverage), as defined by the minimum convex hull method, ranged from 0.60 – 0.85. We observed 

that any fcoverage correction to 2D peak capacity is highly sample dependent, since all samples, 

except for the diesel sample, were run with the same separation conditions, and yet the fcoverage 

ranged from 0.60 – 0.80. 

 

1.3.5 Chapter 6: Minimum variance optimized Fisher ratio analysis of comprehensive two-

dimensional gas chromatography / mass spectrometry data: Study of the pacu fish metabolome  

Integration of rice and fish farming, eg., pacu fish in Argentina, has raised concern that 

herbicides used for rice paddies may adversely affect the fish metabolome. To study this issue, 

tile-based F-ratio analysis was applied to GC×GC-TOFMS data of pacu fish raised in an 

integrated rice-fish farming system (farmed class) versus fish raised in tanks (tank-raised class) 

to discover class-distinguishing analytes. F-ratio analysis resulted in hit lists initially dominated 

by artifact peaks from the sample derivatization process, as well as some redundant hits. These 

challenges were addressed by developing an automated artifact removal algorithm and an 

improvement to redundant hit removal in the tile-based F-ratio analysis using a pooled farmed 

fish sample, either spiked with 29 metabolites (spiked class) or unspiked (i.e., the background 

serving as the control class). Of the 29 spiked metabolites, 23 were discovered by standard F-

ratio analysis, improving to 28 discovered using control-normalized F-ratio analysis. Standard 

and control-normalized F-ratio hit lists initially with 185 and 246 hits, were reduced to 56 and 49 

hits, respectively, after artifact removal and removing redundant hits. Next, we returned to the F-

ratio analysis of the farmed fish versus the control fish. Here, we introduce a minimum variance 

optimized (MVO) F-ratio calculation (MVOF-ratio) that provides a comprehensive hit list ranking. 

The initial MVOF-ratio analysis hit list of 537 hits was reduced to 110 hits following artifact 
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removal. Of the 110 hits, 70 expressed a concentration ratio statistically different than 1 (p < 

0.05). The MVOF-ratio hit list discovered more true positives compared to the standard, tank-

normalized, and farm-normalized F-ratio hit lists, providing the combination of results from the 

farm-normalized and tank-normalized hit lists. A majority of analytes (54 out of 70) important 

for normal biological functioning of pacu fish were significantly downregulated in the farmed 

fish, suggesting the integrated farming system may negatively impact pacu fish quality. 
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Chapter 2: Optimization of parameters for ROI data compression for 

non-targeted analyses using LC-HRMS 

This chapter was reproduced from S. Schöneich, C.N. Cain, C.E. Freye, R.E. Synovec, 

Optimization of Parameters for ROI Data Compression for Nontargeted Analyses Using LC–

HRMS, Anal. Chem. 95 (2022) 1513–1521.  

 

2.1 Introduction 

Liquid chromatography (LC) with high resolution mass spectrometry (HRMS) detection is a 

powerful separation tool implemented numerous applications [1–6]. LC-HRMS is well suited for 

studies targeting known analytes in complex samples [7,8] and for leveraging the detector 

selectivity in full scan mode for non-targeted studies [1,4,9], especially for trace level analytes 

possessing similar mass spectra along with chromatographic overlap. Non-targeted chemometric 

methods aim to discover the most chemically relevant information in a data set without prior 

knowledge of the analytes of interest. To mine the information-rich LC-HRMS data sets acquired 

in full scan mode in a non-targeted fashion, efficient chemometric techniques are required. Non-

targeted methods generally fall under supervised methods, where class membership is known a 

priori, or unsupervised methods. Common unsupervised chemometric methods include principal 

component analysis (PCA) [4,10,11] and hierarchical cluster analysis (HCA) [6,12,13], while 

partial least squares-discriminant analysis (PLS-DA) [6,14,15] is commonly used for supervised 

analyses. Tile-based Fisher ratio (F-ratio) analysis [16–19] is another supervised method based 

upon the analysis of variance (ANOVA) [20,21], which has been developed for 

multidimensional gas chromatography [22,23] data but has yet to be evaluated for LC-HRMS 

data. Additionally, prior to using these chemometric methods, LC-HRMS data requires 

significant pre-processing. Thus, a workflow for pre-processing entire LC-HRMS 

chromatograms that is uncoupled from the subsequent intended analysis (targeted or non-
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targeted, where the non-targeted analysis could be supervised or unsupervised) is a challenging 

issue that needs to be addressed and is the focus of this report. Herein, F-ratio analysis is 

demonstrated in the context of “entire chromatogram” parameter optimization. 

Data collected by LC-HRMS requires pre-processing prior to chemometric analysis due to the 

considerable number of m/z collected [24]. Additionally, since HRMS data provides an irregular 

number of measured m/z and signal intensity pairs at each retention time, the raw data for each 

sample contains a unique array of m/z collected, requiring further processing prior to F-ratio 

analysis. To address this challenge, some form of data compression is required to reduce the 

computational load. Common data reduction approaches used for LC-HRMS data include 

binning [2,25], open-source tools that often use wavelet transforms with peak detection, 

alignment, normalization, and integration [6,24,26–28], or a recently developed region of interest 

(ROI) procedure [29,30]. The binning approach initially reduces the data to a user-defined 

precision for feature discovery and subsequently uses the high-resolution data for a targeted 

analysis of features. While this is effective and simple to apply, the mass accuracy and 

chromatographic resolution are not preserved, and the binned m/z dimension may not be 

equivalent across all replicates. In addition, the high sensitivity of the instrument is beneficial for 

analyzing analyte peaks while also collecting a substantial amount of noise or baseline. Such 

noisy bins are not useful to the analysis and may obscure the signal of low intensity analytes 

while increasing computational expense. The second approach typically utilizes a final peak 

table with peak areas or heights that could be used for statistical analysis rather than reduced 

chromatographic data, making it incompatible with tile-based analyses and susceptible to errors 

in the compilation of an accurate peak table [31,32]. The last approach has some similar steps as 

a few open-source tools [26,28], without requiring alignment and peak shaping, and reduces the 
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raw data to ROIs based on user-defined parameters that correspond to chromatographic peaks 

while preserving the mass accuracy. Through data augmentation steps, a single data cube is 

obtained with replicates across all sample classes with the same m/z dimension. Thus, the 

preserved mass accuracy provided by the ROI data compression method increases the likelihood 

that pure analyte m/z will be available for the intended chemometric method application. While 

binning and open source tools have been used extensively for chemometric decomposition [2,25] 

and PCA and/or PLS-DA [6,15], the ROI method has been implemented to a lesser extent, i.e., 

for chemometric decomposition [30,33,34]. However, ROI data compression has not been 

evaluated for tile-based non-targeted methods, which mitigates alignment issues and provides 

signal-to-noise (S/N) enhancement (both concerns with pixel-based and peak table methods). To 

address this challenging area, we introduce an effective workflow for optimizing ROI data 

compression in a targeted manner, independent of its implementation in a subsequent non-

targeted analysis. Herein, we demonstrate the application of this parameter optimization 

workflow with the first application of tile-based F-ratio analysis to LC-HRMS data.  

F-ratio analysis aims to discover the chromatographic features that distinguish between known 

sample classes, ranking features by their class-distinguishing ability. The standard F-ratio (SF-

ratio) is defined as the ratio of the between-class variance (s2
bc) to the sum of the within-class 

variance (Σs2
wc) and is calculated at each mass channel (m/z). Since the SF-ratio is nominally 

independent of the peak intensity by normalizing to Σs2
wc, the SF-ratio magnitude indicates to 

what extent the discovered analyte “hits” discriminate between classes. Rather than calculating 

the F-ratio at every data pixel [35–37] that is susceptible to retention time misalignment, with 

tile-based F-ratio analysis the entire chromatogram is sectioned into tiles of user-defined 

dimensions and the F-ratios are calculated for each summed tile [16–18,31]. With proper 
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attention to tile size selection, peaks with retention time misalignment across replicates are 

captured within a single tile, requiring no additional alignment procedure [38]. Proper tile size 

selection is critical for the discovery of trace level changes across classes as analyte signal could 

be obscured by noise or high intensity interferent peaks as well as a lower likelihood of analyte 

m/z that are pure [19] meeting signal threshold requirements for accurate quantification. Using 

HRMS increases the probability of obtaining pure m/z per analyte as the mass accuracy 

improves, though not all m/z necessarily could pass the signal threshold to be considered by F-

ratio analysis. To improve discovery of true positive hits, a recent development was applied 

herein termed the minimum variance optimized (MVO) F-ratio analysis [39], replacing the 

denominator with the minimum within class variance. For every tile, the within class variance is 

calculated for each class and the lowest variance is used. While this is not a true F-ratio, this 

modification to the SF-ratio calculation is valuable as it improves discoverability ranking hits 

more effectively. However, with F-ratios calculated at each m/z and the necessity of multiple 

replicates per class, F-ratio analysis cannot be readily performed on raw LC-HRMS data. 

Specifically, herein we optimize the workflow for tile-based F-ratio analysis, applying the 

MVOF-ratio calculation, of low concentration spiked pesticides in soil samples analyzed by LC-

HRMS compressed by the ROI procedure. Spiked versus neat samples are used to evaluate the 

workflow, and we envisage this methodology will be beneficial for the implementation of a wide 

variety of non-targeted studies using chemical separations with HRMS detection. To begin, F-

ratio analysis was performed on samples compressed using the previously reported ROI signal 

threshold and admissible mass deviation parameters, referred to herein as the initial ROI 

parameter [30,40]. The ROI compression method was first applied to the raw data using initial 

parameters including an admissible mass deviation that is a multiple of the detector accuracy, 
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with ±0.05 Da previously selected based upon minimizing computation time and the number of 

ROIs extracted [30,40]. The recommended signal threshold was between 0.1% and 1% of the 

maximum intensity, with 0.1% selected in an attempt to extract analyte signals that are the least 

sensitively detected and/or present at the lowest concentrations. Due to the low spike 

concentrations in our present study, the initial ROI parameters required further optimization to 

ensure analyte discovery with the subsequent F-ratio analysis. To demonstrate this workflow, 

parameter selection was accomplished in a targeted fashion where a known set of analytes is 

spiked in a representative soil sample. The pair of parameters that allows for the detection of 

most analytes with the lowest average Δppm (< 20 ppm) is selected as optimal for the subsequent 

non-targeted studies, where Δppm is the absolute value of the difference between the theoretical 

m/z and the ROI m/z.  

2.2 Experimental  

To demonstrate the optimization of this workflow for trace-level analyses, soil samples spiked 

with pesticides at several concentrations were prepared.  Soil samples were obtained from the 

area surrounding the Los Alamos National Laboratory (New Mexico, USA) and spiked with the 

GC Multiresidue Pesticide Standard #5 obtained from Restek (Bellefonte, PA, USA) to obtain 

nominal concentrations of 0.1 parts-per-billion (ppb), 0.5 ppb, 1 ppb, 10 ppb, 25 ppb, and 50 ppb 

for each analyte, comprising the six sample classes. Five LC-QTOF chromatograms were 

collected per spiked class and neat soil sample. Details of sample preparation, data collection, 

and identities of spiked pesticides are provided in Table A.1 in Appendix A.   

All data was imported to Matlab2020b (MathWorks Inc., Natick, MA, USA) where it was 

processed using the ROI procedure [29,30,41] prior to performing in-house tile-based F-ratio 

analysis [16,17,39]. The ROI workflow is presented in Figure 2.1, with a schematic describing 
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each step of the data processing prior to F-ratio analysis. This workflow requires no additional 

pre-processing and effectively compresses HRMS data without losing the detector mass 

accuracy. First, regions of interest are found within an individual replicate (step 1 in Figure 2.1). 

Since HRMS data provides a unique number of measured m/z and signal intensity pairs at each 

retention time, the workflow searches for ROIs in the raw data in regions of high-density signals. 

The user defines the minimum number of retention times that make up a ROI, the admissible 

mass deviation (m/z error), and a signal threshold as parameters for defining ROIs.  

 

Figure 2.1. Schematic demonstrating the steps of the region of interest (ROI) methodology used 

to compress LC-HRMS data prior to F-ratio analysis. 

Visual representation of these parameters is provided in Figure 2.2 for a simulated analyte. For 

a single analyte, with Figure 2.2A representing the raw data, only m/z with signal above the 

threshold will be extracted. Furthermore, for each m/z only the signal intensity pairs that also 

meet the minimum number of consecutive retention times and admissible mass deviation (m/z 

error) requirements (Figure 2.2B) are used to calculate the average ROI m/z. The result (step 2) is 

a reduced data matrix with all ROIs that meet the user-defined parameters, containing the new 
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ROI m/z. Note that individual ROI matrices can have a unique combination of ROI m/z; 

therefore, an augmentation step is required to provide the same m/z dimension across replicates 

within a sample class (step 3). To accomplish this step, the user must again define an appropriate 

signal threshold and m/z error. Each augmented data matrix per class may have a unique set of 

ROI m/z, requiring a second augmentation step (step 4) to build a super-augmented data matrix 

with the same m/z dimension prior to F-ratio analysis. This step was achieved by modifying the 

algorithm to augment all six classes simultaneously rather than sequentially. Finally, the super-

augmented data matrix can be folded into a three-way array (step 5) for chemometric analysis 

including PCA and tile-based F-ratio analysis. While previous studies using ROI compression 

did not require extensive parameter optimization for the intended analyses, the comparative 

analysis herein to discover trace level analytes relied on optimizing parameter selection. 

 

Figure 2.2. Illustration of parameters to define for ROI data compression. (A) The analyte is 

plotted as an overlay of all m/z. (B) Using the most sensitive m/z (purple trace) as an example, 

the signal from all m/z within the m/z error of ±0.01 Da (dashed blue lines) are summed to form 

the trace in (A).  

Parameter optimization (Figure 2.1) involves spiking known analytes into a sample that 

represents the overall complexity of the sample set, in this case a soil sample, and applying the 
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ROI procedure to determine optimal parameters in a targeted fashion. Subsequently, the 

optimized parameters are applied to the data set in the intended non-targeted analysis. 

Specifically, the user-defined signal threshold is examined in step 1 using an m/z error of ±0.01 

Da which was selected based on the detector mass accuracy.  For all data compression, a 

minimum of 10 consecutive retention times was selected for defining a ROI. The next step that 

requires parameter inputs is step 3, the first augmentation step, in which the same signal 

threshold and m/z error from step 1 are applied. Next, in step 4, m/z error optimization occurs 

with the user-defined m/z error examined. For each pair of signal threshold and m/z error 

examined, the number of spiked analytes detected and average Δppm were calculated for each 

combination of m/z errors (±0.001 Da to ±0.05 Da) and signal thresholds (62.5 to 0.1% of max 

intensity). From a fundamental standpoint, one might be concerned with a fixed signal threshold 

due to baseline changes throughout a chromatogram, however the fixed signal threshold allows 

for simultaneous compression of the entire chromatograms. ROI compression is generally used 

in time segments, with different thresholds selected based on the number of ROIs extracted, and 

with chemometric decomposition for obtaining pure spectra an elution profiles to aide 

quantitation and identification efforts [42]. However, this method requires an initial guess of the 

number of components to model and is prone to splitting peaks, requiring time segment overlap 

and additional processing steps (i.e. removing redundant analyte peaks, augmentation to rebuild 

chromatograms). Additionally, m/z that simply capture noise in the chromatogram using a fixed 

signal threshold are not discovered as significant features if non-targeted methods such as when 

F-ratio analysis is applied. The Δppm (average of all detected compounds) is calculated as the 

absolute value of the difference between the theoretical m/z and the ROI m/z.  
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First, parameter optimization was evaluated using only the 50 ppb and 1 ppb spiked samples 

relative to the neat soil. Subsequently, F-ratio analysis before and after optimization was applied 

to all spiked classes to challenge the discovery of low concentration spikes. The F-ratio tile size 

is selected to fully capture the analyte peak and account for retention time misalignment. A tile 

size of 7.5 s was selected based on the average peak width-at-base of the analytes, which is 

described in greater detail in Figure A.1 in Appendix A. Hit lists were ranked by F-ratios 

calculated using only the top F-ratio m/z passing a S/N threshold of 10, as this is beneficial for 

low concentration comparisons [43]. PCA was then applied on mean-centered data of all six 

sample classes for visualizing the success of applying optimal parameters. 

 

Figure 2.3. Sample chromatograms before and after parameter optimization. (A) Average TIC 

chromatogram of all the neat soil samples after the ROI workflow using the optimal parameters. 

An overlay of the spiked pesticides using selective m/z that were discovered as ROIs using (B) 

the initial parameters and (C) optimal parameters during the ROI workflow for a typical 50 ppb 

spiked replicate. 
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2.3 Results and Discussion 

We begin by demonstrating the initial parameters versus the optimized parameters for ROI 

data compression of an entire LC-HRMS chromatogram for a soil sample spiked with pesticides 

at trace levels (Figure 2.3). We do so in order to frame the issue of parameter optimization before 

getting into the details of how the optimization was performed. A total ion current (TIC) 

chromatogram of the neat soil sample obtained by LC-QTOF using the ROI workflow applying 

the optimal signal threshold of 250 and m/z error ±0.003 Da (vide infra) is provided (Figure 

2.3A) to visualize the high intensity components native to the soil sample that may obscure 

discovery of lower intensity analytes. The pesticides discovered by the ROI data compression 

workflow using the initial parameters (m/z error ±0.05 Da, and a signal threshold of 0.1% of the 

maximum chromatogram) are overlaid for a single 50 ppb spiked replicate using analyte 

selective m/z (Figure 2.3B), with results for the same replicate provided in Figure 2.3C using the 

optimal parameters. Ideally, using optimized parameters for ROI data compression all spiked 

pesticides should be observed in the chromatograms. However, the pesticides observed in Figure 

2.3B constitute only a small subset of those observed in Figure 2.3C. Most of the pesticides that 

are not ROIs in Figure 2.3B but are ROIs in Figure 2.3C are the lower intensity analytes and the 

signal for some of the other analytes in Figure 2.3B is lower than their signal in Figure 2.3C. 

Lowering the initial ROI parameters to an optimal level allowed for improved detection of low 

intensity spiked pesticides with ROI m/z closer to the theoretical m/z. It appears that the initial 

parameters [30,40] are better suited for either targeted approaches using subsections of 

chromatograms or of analytes with higher signal.  

Using the initial ROI parameters for data compression, we generated the hit list for the F-ratio 

analysis for all spiked sample classes (0.5 ppb, 1 ppb, 10 ppb, 25 ppb, and 50 ppb) in order to 

highlight the poor obtained (Table 2.1) due to the shortcomings of the data pre-processing.  The 
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hits are numbered, ranked by F-ratio, and the m/z that was used for analyte identification with 

corresponding Δppm. The complete hit list using initial parameters is provided in Table A.2 in 

Appendix A. Only three pesticides were discovered with calculated p-values < 0.05 using a 

student’s t-test using the experimental m/z. Additionally, while the identification m/z for both 

fludioxonil (Hit# 1) and fipronil (Hit# 3) are very similar to the expected [M-H]- with Δppm < 8 

ppm, identification of tricyclazole in a truly non-targeted study would be less confident with a 

Δppm of 56.0 ppm. It would be expected that a large signal threshold and large allowable mass 

deviation would greatly reduce the discoverability of low signal analytes and inflate the Δppm 

due to a larger range of m/z being averaged for each ROI. These results indicate that non-targeted 

analyses would benefit greatly from optimization of ROI parameters.  

Table 2.1. F-ratio hit list for the comparison of all spiked classes using data compressed by ROI 

using initial parameters. Hits are ranked by Hit# (high to low F-ratios) with m/z used for 

confirming analyte identity and corresponding Δppm.  

Hit# Compound name Identification m/z (Δppm) 

1 fludioxonil 247.0343 (7.6) 

2 tricyclazole 248.0361 (56.0) 

3 fipronil 434.9322 (1.8) 

Parameter optimization relies upon using a neat, representative sample versus the same 

representative nest sample spiked with known analytes. Specifically, in this study the neat soil 

and soil spiked with pesticides at a concentration of 50 ppb and 1 ppb (Figure 2.4) so the process 

can be demonstrated twice. First, using data from the 50 ppb spiked and neat samples, for each 

set of parameters the number of detected spikes is calculated (Figure 2.4A) along with the 

average Δppm for all detected spikes (Figure 2.4B). These metrics were calculated for all m/z 

error and signal threshold combinations in Figure 2.4. The optimal parameters correspond to the 

detection of most spiked analytes and an average Δppm < 20 ppm, with the lowest Δppm being 

optimal. This ensures the greatest chance of detecting all other unknown analytes in the sample 
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as well as improved confidence in identification in non-targeted analyses. As this may be time-

consuming to calculate values for each combination, a more direct approach can be used. The 

number of detected spikes and Δppm metric are calculated using an initial set of parameters and 

this is repeated decreasing the signal threshold and m/z error until no additional analytes are 

detected and the Δppm does not improve (lowest Δppm). In this this case, with initial parameters 

±0.05 Da and 0.1% of the maximum signal, only 6/18 spiked analytes were detected and the 

average Δppm was 22.4 ppm, which is not ideal for non-targeted identification. Next, the nearest 

three cells are investigated, moving toward lower m/z error and lower signal threshold: (1) ±0.01 

Da and 0.1% maximum intensity, (2) ±0.05 Da and 0.05% maximum intensity, and (3) ±0.01 Da 

and 0.05% maximum intensity. For (1) and (2) the average Δppm was below 20 ppm but 4 

additional spiked compounds were detected using (1), making it the next best set. This same 

process was repeated until the optimal parameters of ±0.003 Da and signal threshold of 250 were 

selected with all analytes detected with an average Δppm of 6.6 ppm. Although using lower 

signal thresholds and m/z errors still allows for the discovery of 18 analytes, the neighboring 

cells do not provide lower average Δppm. This substantially reduces the number of metrics that 

need to be calculated, from 35 signal threshold to m/z error combinations to only 15. To reinforce 

selection of this set of parameters, equivalent plots are provided in Figures 2.4C and 2.4D using 

the 1 ppb and neat samples. Using the same initial set of parameters there are no analytes 

detected, most likely due to the signal threshold being too high, and therefore an average Δppm 

could not be calculated. Therefore, the signal threshold was lowered until an analyte is detected 

(±0.05 Da and signal threshold 1000). Applying the same method, with 4 steps the optimal 

parameters are again determined to be ±0.003 Da m/z error and signal threshold 250. The 

maximum number of analytes (11) were detected with Δppm 15.6 ppm. Note that using the 
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lowest m/z error and signal threshold combination may provide similar results, however a larger 

number of ROI m/z are extracted making chemometric analysis more computationally expensive.  

 

Figure 2.4. ROI parameter optimization. (A) The number of spikes detected and (B) average 

Δppm based upon the 50 ppb spiked and neat sample chromatograms using the ROI data 

compression for each combination of signal threshold and m/z error. (C) and (D) are the 

equivalent plots based upon the 1 ppb and neat sample chromatograms. 

Following optimization of the admissible mass deviation and signal threshold, F-ratio analysis 

of all spiked sample classes was investigated to confirm the improvement in analyte 

discoverability. The F-ratio results using ROI data obtained applying an optimal m/z error of 

±0.003 Da in the final augmentation step and signal threshold of 250 are provided in Table 2.2 

(more details provided in the hit list in Table A.3 in Appendix A). The hit list is reduced to the 

true positives discovered by F-ratio analysis and is organized in the same manner as Table 2.1. 

Using this set of parameters, the eighteen spiked pesticides are all discovered in the top 30 hits 
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and are statistically significant using the student’s t-test (p-value < 0.05). The remaining hits in 

the list excluded from Table 2.2 were of unknown identity, with no m/z in the tile that 

corresponded to expected [M-H]-, [M+Hac-H]-, [M-CO2-H]-, or [M-H2O-H]- m/z for any of the 

spiked pesticides. The average Δppm is 5 ppm, demonstrating that the ROI workflow using 

optimal conditions provided high quality data for improved confidence in analyte identification 

for these low concentration analytes. A closer look at some of the hits that range from the top to 

the bottom of the hit list gives insight to the success of F-ratio analysis using these optimal 

parameters. Even though in a truly non-targeted study analyte identification is not known a 

priori, since the spiked analytes are known herein this F-ratio analysis provides validation of the 

ROI workflow. 

Table 2.2. Tile-based F-ratio analysis of all spiked soil samples processed by the ROI workflow 

using parameters that were determined to be optimal.  

Hit#     Compound name Identification m/z (Δppm) 

1 fludioxonil 247.0337 (5.2) 

2 fenarimol 329.0260 (1.8) 

3 lenacil 233.1292 (1.4) 

4 terbacil 215.0604 (5.0) 

5 flutriafol 300.0966 (3.9) 

6 tricylcazole 248.0499 (0.2) 

7 paclobutrazol 352.1440 (1.8) 

8 triadimefon 292.0858 (0.1) 

10 triadimenol 354.1245 (5.2) 

11 firponil 434.9318 (0.9) 

12 tebuconazole 366.1657 (18.4) 

13 triflumizole 344.0783 (0.7) 

14 myclobutanil 347.1295 (4.2) 

15 hexazinone 251.1512 (0.5) 

17 propargite 409.1769 (19.2) 

18 flusilazole 314.0932 (0.6) 

19 procymidone 282.0103 (3.1) 

23 pyrimethanil 258.1298 (19.6) 
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A subset of six hits from Table 2.2 is provided in Figure 2.5 as an overlay of the 50 ppb 

replicates. More specifically, Hit# 1 fludioxonil (Figure 2.5A), Hit# 7 paclobutrazol (Figure 

2.5B), Hit# 10 triadimenol (Figure 2.5C), Hit# 15 hexazinone (Figure 2.5D), Hit# 18 flusilazole 

(Figure 2.5E), and Hit# 23 pyrimethanil (Figure 2.5F) are provided to represent a broad range of 

sensitivity. The most sensitive analyte, fludioxonil, is discovered as Hit# 3 in Table 2.2 and was 

discovered in all F-ratio hit lists as the raw signal was high enough to meet the signal threshold 

regardless of the admissible mass deviation selected. However, many pesticides were not as 

sensitively detected, which can be seen in calibration curves for representative analytes (Figure 

A.2 in Appendix A). Hexazinone, triadimenol, paclobutrazol, pyrimethanil, and flusilazole are 

examples of less sensitively detected pesticides newly discovered in Table 2.2 compared to using 

the initial parameters. These newly discovered hits are identified with Δppm < 20 ppm, 

indicating confident identification can be achieved using this workflow in a non-targeted study. 

F-ratio hit lists tuning one parameter at a time were also compared (Tables A.4-A.7 in Appendix 

A), with the optimized workflow providing the best results, indicating optimization of both 

parameters was critical for successful F-ratio analysis. 
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Figure 2.5. Using selective m/z, peak profiles of a subset of true positives are provided. The 

overlay of all five replicates of the 50 ppb replicates are provided for fludioxonil (A), 

paclobutrazol (B), triadimenol (C), hexazinone (D), flusilazole (E), and pyrimethanil (F). Hit# is 

provided in the top left corners. 

 

Figure 2.6. Visualization of optimal m/z error selection. (A) Optimal m/z error selection was 

visualized by PCA of all six sample classes processed with m/z error values (A) ±0.03 Da, (B) 

±0.005 Da, (C) ±0.003 Da, and (D) ±0.001 Da to capture a large range of values. Confidence 

ellipses are provided (95% Confidence Interval) with excellent sample clustering using an 

optimal m/z error of ±0.003 Da (starred). 
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To better understand why the optimal parameters were successful for the subsequent non-

targeted analysis, PCA was applied to the hits in Table 2.2 using all spiked samples and scores 

plots were used for visualization. This was done varying the m/z error while using the optimal 

signal threshold of 250. Using all replicates per class, the peak profiles for all discoverable 

pesticides using selective m/z were used for PCA using an m/z error of ±0.05 Da (Figure 2.6A), 

±0.005 Da (Figure 2.6B), ±0.003 Da (Figure 2.6C), and ±0.001 Da (Figure 2.6D). Higher 

concentration samples are best clustered using ±0.003 Da (Figure 2.6C) and ±0.001 Da (Figure 

2.6D), however examination of the low concentration samples indicates using ±0.003 Da (inset 

of Figure 2.6C) as the optimal m/z error (starred) with all classes well clustered, while the 0.5 

ppb and 0.1 ppb classes are not easily distinguishable using ±0.001 Da (inset of Figure 2.6D). 

Additionally, while virtually all of the variance is captured by PC 1 and PC 2 for most of the 

scores plots, in Figure 2.6C over 90% of the variance is explained by PC 1 and can be related to 

the concentration of the sample classes (increasing concentration from left to right). PC 2 

captures the variance within a class including slight misalignment of peaks, which the tile-based 

approach addresses for effective F-ratio analysis. The trend on PC 1 using ±0.003 Da is no 

longer clear when deviating from this m/z error. Using an m/z error above ±0.003 Da results in 

summing the signal contributions from a broader range of m/z that may correspond to analytes 

other than the one of interest and therefore the summed signal no longer reproducibly reflects the 

actual concentration of the analyte in the class. This is evident in (Figures 2.6A-2.6B) where 

there is no clear distinction between sample classes, particularly the higher concentration classes 

(Figure A.3 in Appendix A), hindering accurate quantification in non-targeted studies. 

Alternatively, using a lower than optimal m/z error of ±0.001 Da (Figure 2.6D), PC 1 captures 

66% of the variance and there is no longer a clear trend in concentration, resulting in peak signal 
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splitting among several m/z (Figure A.4 in Appendix A).While this was visualized tuning only 

one parameter, it is advised to optimize both parameters simultaneously with spiked standards as 

in Figure 2.4 to ensure that the data is accurately represented for the intended analysis, especially 

for low concentration analytes of interest. Furthermore, we expect this workflow to be readily 

adapted to comprehensive two-dimensional liquid chromatography (LC×LC) [44] with HRMS 

data as both the ROI procedure and tile-based F-ratio analysis have been demonstrated for 

various comprehensive two-dimensional chromatography data applications [33,34,39,45–47]. 

2.4 Conclusion   

Optimization of parameter selection for entire chromatograms using for ROI data compression was 

demonstrated, and successfully applied to a subsequent F-ratio analysis of trace level analytes. 

Specifically, a targeted parameter optimization method is described using Δppm and the number of 

detected spiked compound as metrics to select optimal ROI parameters independent of the non-targeted 

analysis. While demonstrated successfully for a supervised non-targeted study, we envisage that for an 

unsupervised non-targeted analysis the analyst could utilize a pooled sample capturing the complexity of 

all the samples and then spike standards into the pooled sample for parameter optimization prior to non-

targeted analysis on the entire data set for all of the samples. Proper selection of the ROI signal threshold 

and admissible mass deviation was most essential for analyte discovery, while the selection of the F-ratio 

tile size was relatively straight-forward due to obtaining pure high-resolution m/z for each spiked 

pesticide. This ROI procedure optimization was demonstrated for samples spiked as low as 0.5 ppb, with 

no analytes detectable at the 0.1 ppb level. Using the initial parameters only three pesticides were 

discovered by F-ratio analysis (Δppm = 22 ppm) compared to 18 discovered using optimal parameters 

(Δppm = 5 ppm). The hit list obtained using the optimized workflow ranked all spiked analytes more 

effectively with greatest confidence in identification due to low Δppm. For similar trace level studies, we 

emphasize the importance of proper signal threshold and admissible mass deviation parameter selection 

achieved simultaneously for ensuring the meaningful chemical differences may be discoverable.   
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Chapter 3: Chemometric decomposition of comprehensive two-

dimensional gas chromatography time-of-flight mass spectrometry data 

employing partial modulation in the negative pulse mode 

This chapter was reproduced from D. V. Gough†, S. Schӧneich†, R.E. Synovec, Chemometric 

decomposition of comprehensive two-dimensional gas chromatography time-of-flight mass 

spectrometry data employing partial modulation in the negative pulse mode, Talanta. 210 (2020) 

120670. 

† These authors contributed equally to this work 

3.1 Introduction    

 Gas chromatography (GC) is a powerful separation tool that enables the gas phase 

separation of volatile and semi-volatile analytes. The efficacy of GC has significantly increased 

with the advent of comprehensive, two-dimensional (2D) gas chromatography (GC×GC) 

pioneered by Liu and Phillips [1], since significantly more peak capacity [2] and chemical 

selectivity [3–5] are provided by GC×GC relative to one-dimensional GC.  GC×GC instruments 

require a modulator between two successive capillary columns in order to comprehensively 

couple the second dimension (2D) separation to the first dimension (1D) separation [6–8]. 

Furthermore, the 2D column must be equipped with a stationary phase sufficiently different from 

the 1D column so as to provide orthogonal selectivity [5].  The growth of GC×GC has been 

significant in recent years, especially when coupled with time-of-flight mass spectrometry 

(TOFMS) detection [5,6,9–16]. 

 The modulator is the key instrument component that enabled the jump from one-

dimensional GC to GC×GC. Currently, there are two broad categories of modulators: thermal 

and flow-based modulators [6,8,12,17–21]. Both modulator categories generally provide “full” 

modulation [17], resulting in a series of 2D peaks for a given 1D peak in which baseline is 



 

93 

observed between adjacent 2D peaks for a given analyte. The series of narrow 2D peaks follow 

the same general shape of the 1D peak. When each analyte is modulated at least 2 or more times, 

the GC×GC separation is considered “comprehensive” as it retains the 1D separation peak 

profiles [5,22,23]. The number of times an analyte is modulated, defined as the 1D width-at-base 

(1Wb) divided by the modulation period (PM), is termed the sampling density (ρs) [23], or 

alternatively the modulation ratio (MR) [5,22]. Currently, modulators typically run in the seconds 

timeframe [5,6,8,9,12], though some have been able to operate as quickly as every 250-500 ms 

[8,24,25]. Further research towards shorter and more efficient GC×GC separations to expand 

applicability requires a modulator capable of operating at a suitably higher frequency. 

Recently, we have been exploring an alternative modulation approach, referred to as 

partial modulation [17], that employs a pulse valve and is capable of higher frequency sampling 

rates with PM as low as 50 ms [26–29]. As the name implies, partial modulation differs from full 

modulation by only modulating a portion of the 1D eluate. The fraction of a modulated analyte 

becomes a series of 2D peaks superimposed on the 1D peak profile. Overall, the 1D separation is 

comprehensively obtained by 2D separations, simultaneous with also measuring the 1D 

separation. Note that although the 1D eluate is only partially modulated, the duty cycle is 

technically 100% since all of the 1D eluate is detected.  

Partial modulation can be operated in two modes, either the negative pulse mode (NPM), 

or the positive pulse mode (PPM) [17,29]. With partial modulation in the NPM, a flow of 

auxiliary carrier gas at a suitable pressure (Paux) is applied through a pulse valve to a T-junction 

joining the 1D and 2D columns for nearly all of the PM, resulting in dilution of the 1D eluate. This 

is followed by briefly turning off the pulse valve for a specified pulse width (pw), effectively 

“injecting” undiluted 1D eluate onto the 2D column. The resulting raw data has the appearance of 
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2D separations superimposed on top of the 1D separation [29]. Application of a rolling ball 

minimum baseline correction to the raw data uncouples the 2D separation from the 1D separation, 

and the uncoupled 2D chromatograms can then be cut and folded into a GC×GC chromatogram. 

Extremely narrow 2D peak widths-at-base 2Wb (4σ) of about 10 ms with a PM of 100 ms were 

obtained [29]. In contrast, in the PPM, the flow of auxiliary carrier gas from the pulse valve is 

turned off for nearly all of the PM (pw approaching PM), and then is briefly turned on for a short 

time interval of PM - pw, creating a local analyte vacancy in the 1D eluate as it enters the 2D 

column. Although the raw data collected in the PPM can be converted into traditional appearing 

GC×GC chromatograms, the data analysis steps were overly complex and the resulting signal-to-

noise ratio (S/N) suffered [26–28]. The overall consensus was that the partial modulation in the 

NPM has superior potential relative to the PPM, by achieving extremely narrow peaks using a 

very short PM, concurrent with a much higher S/N post data processing. In the recent report, we 

introduced the potential for coupling GC×GC using partial modulation in the NPM to a TOFMS 

[29]. In this initial report we did not address the challenges that would arise due to the necessity 

to uncouple the 1D and 2D contributions to the overall detected signal at each mass channel (m/z) 

for overlapped peaks. In this current study we focus our attention on this challenge by employing 

chemometric decomposition [10,30–33]. 

 The data produced by GC×GC-TOFMS instruments is inherently complex. Numerous 

computational tools (broadly termed chemometrics) have been developed to adequately and 

quickly process and analyze the data. There are numerous useful chemometric tools available for 

use [10,33–38]. For GC×GC-TOFMS, using partial modulation in the NPM, the data are 

inherently not trilinear because of the nature in which the 1D separation is coupled to the 2D 

separations prior to applying chemometric decomposition. Essentially, in the workflow the signal 
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as a function of m/z for each analyte must first be separated from the other analytes and/or 

interferences. Following this step, the 1D separation can be uncoupled from the 2D separations 

using a rolling ball minimum baseline correction step. For this purpose multivariate curve 

resolution – alternating least squares (MCR-ALS) is well suited for the chemometric 

decomposition step of the workflow [31,38–44]. While partial modulation in the NPM is a 

chromatographically efficient method that produces narrow peaks, the potential drawback is that 

the GC×GC data produced is intrinsically non-bilinear. MCR-ALS is robust to shifts in 2D 

retention time shifts and less sensitive to peak shape differences than other chemometric 

techniques that require the data to be bilinear, which makes it an advantageous algorithm to use 

for the non-bilinear data produced by this modulation technique. MCR-ALS also allows for the 

use of common constraints such as non-negativity, unimodality, convergence, and selectivity 

across the entire data set or just selected components, as desired. An important consideration 

when applying MCR-ALS is that the solutions are subject to rotational ambiguity. This can often 

be minimized by applying harsher constraints, building augmented data matrices, and hard 

modeling [45]. Augmented data matrices can be built by concatenating each unfolded 2D data 

array either column-wise or row-wise. Uniqueness of the solutions may be evaluated by various 

methods including the MCR-BANDS [45] software or other soft modelling methods [46].  

MCR-ALS splits the instrumental response of the sample matrix into the concentration 

peak profiles and the spectral information, and uses the alternating least-squares process to fit the 

data [42–44]. The algorithm calculates the total variance explained in the data set as well as the 

residuals, or the part of the data set that was not modeled. An initial estimate of the pure analytes 

is first determined and the ALS process adjusts the elution profiles and spectra iteratively to 

maximize the explained variance of the data being modeled [40]. GC×GC-TOFMS data can be 
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decomposed computationally by MCR-ALS along the 1D elution time (1tR), 2D elution time (2tR), 

and mass spectral data dimensions. In addition to selecting a time window of the raw sample 

data, the number of chemical components present in this selected region must be estimated prior 

to decomposition, though knowing the identity of the components is not necessary [44]. This 

assigns the number of response profiles the model generates and the number of predicted 

chemical components that can be edited according to the modeled results. Computing an MCR-

ALS model decomposes the raw data matrix into a matrix containing the 1D and 2D elution peak 

profiles, herein referred to as the loadings, for each analyte [28,40,45]. These loadings contain 

the concentration information of the pure response peak profiles that allows for the quantification 

of analytes that are susceptible to co-elution with similar compounds. The MCR-ALS model also 

provides a matrix containing the mass spectral profiles, corresponding to each loading, that can 

be matched to established libraries to identify analytes. An advantage of including spectral data 

as one of the model variables includes the ability to chemometrically decompose complex 

samples based upon selective m/z. The details of this algorithm and its applications are described 

more extensively in the literature [31,39,42–44]. 

 GC×GC-TOFMS using more “traditional” modulation approaches produces a series of 

modulated peaks that follow the same general shape of the 1D analyte peak profile. From a single 

1D analyte peak, a series of 2D peaks are produced, which can be summed for quantification. 

Partial modulation in the NPM creates a similar set of modulated 2D peaks, but also retains the 

1D peak profile underneath the 2D peak profile. These 2D peaks were shown to be reproducible 

with very narrow 2Wb, and the 2D peaks are relatively easily isolated from the 1D peaks for 

comparison and calculation of figures-of-merit [29]. However, analyte quantification, either with 

or without peak overlap, was not previously addressed. A goal of the current study is to 
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determine if data produced using partial modulation in the NPM is quantifiable using a 

chemometric decomposition approach. The quantification task at hand bares similarity to that 

presented by Carabahal et al. [47] that describes an elegant method using MCR-ALS to quantify 

data with two coupled instrumental modes. They reported an approach that models augmented 

data matrices containing concatenated test samples and calibration samples, whereby the peak 

area under the entire resolved concatenated profiles is calculated for quantification. In our study, 

the 1D peak for each analyte is modulated by the same ratio, the resulting 2D peak areas can be 

summed (without concern for the remaining, overlapped 1D signals) in a similar manner as 

traditional one-dimensional GC and GC×GC data, and yield reliable identification and accurate 

quantification [48]. For this purpose, an isothermal separation of a 15-component mixture of 

similar compounds is studied, with a 20 s separation time window using a PM of 250 ms and a 

short pulse width pw of 6 ms in order to produce very narrow 2D peaks. Various peak overlap 

situations were purposely produced to facilitate the chemometric method demonstration.  

 3.2 Experimental 

 The GC×GC-TOFMS instrument using partial modulation in the NPM was based upon an 

Agilent 6890N GC (Agilent Technologies, Palo Alto, CA, USA) and a LECO Pegasus III 

TOFMS (LECO Corporation, St. Joseph, MI), with the schematic provided in Figure 3.1. The 

carrier gas (Praxair, Seattle, WA, USA) was ultra-high purity helium (Grade 5, 99.999%). The 

inlet temperature was 175 °C and the transfer line temperature was 240 °C. The oven 

temperature was set to 100 °C. Post-run data processing was performed in MATLAB R2017b 

(The Mathworks, Inc., Natick, MA, USA). The Agilent 6890N GC was fitted with a high-speed 

pulse valve (Model 009-0347-900, Parker Hannifin, Hollis, NH, USA) to facilitate the GC×GC 

operation. The pulse valve was mounted outside the oven (Figure 3.1), with a custom-built fitting 
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to connect a 0.005-inch inner diameter (ID) stainless steel tubing (VICI model T5C5D, Valco 

Instruments Company Inc., Houston, TX, USA) to a 3-way T-union (Model MT.5CXS6, Valco 

Instruments Company Inc., Houston, TX, USA) mounted inside the oven. The 3-way T-union 

served as the point of modulation for the pulse valve, coupling the 1D and 2D columns. The pulse 

valve was controlled by an Iota One Microfluidic Valve Driver (Model 060-0010-900, Parker 

Hannifin, Hollis, NH, USA). The auxiliary pressure was controlled by the Agilent 6890N GC.  

 

Figure 3.1. Schematic of the GC×GC-TOFMS instrumental setup used for all data collection. 

Partial modulation in the negative pulse mode by the pulse valve occurs at the 3-way T-union, 

where eluate from the 1D column is “re-injected” onto the 2D column. 

 

  The study was conducted with a 15-component mixture (Table 3.1) measured by volume in 

octane. Octane served as a common solvent that did not elute in the same 1D time window as the 

rest of the analytes. For the quantification study, a second test mixture with the same compounds 

was prepared varying the concentrations of 1-hexene (4), and 2-pentanone (13). The 
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concentration of 1-hexene (4) injected for one test mixture was 34 parts-per-thousand by volume 

(µl/ml) and 39 µl/ml for the other mixture, and concentrations for 2-pentanone (13) were 48 

µl/ml and 81 µl/ml, respectively. The studies used a “normal” column configuration: a non-polar 

1D column coated with DB-5 stationary phase (3.0 m length × 100 m 1dc × 0.10 m 1df), 

followed by a polar 2D column coated with DB-WAX stationary phase (1.0 m length × 100 m 

2dc × 0.10 m 2df). The inlet flow rate was set to 1.5 ml/min, equating to a Pinlet of 384.7 kPa 

(55.8 psig) at the inlet. The auxiliary flow to the pulse flow valve was set to a Paux of 393.7 kPa 

(57.1 psig) with a pw of 6 ms and a PM of 250 ms. A sample volume of 1 l was injected with a 

split of 150:1 at the inlet. The TOFMS was set to collect m/z 15-150 at a collection frequency of 

500 Hz. The heaviest component of the test mixture was octane, with a molar mass of 114 g/mol, 

allowing for use of the narrow m/z range. A relatively narrow m/z range was also beneficial to 

reduce the size of the data obtained with this high collection frequency. An electron impact 

ionization voltage of -70 eV was used with a detector voltage of 1562 V.   

Table 3.1. The fifteen-component test mixture is listed here, with peak number and boiling point 

for each analyte. The analytes are ordered by 2tR within the time window input for MCR-ALS 

decomposition. The compounds were selected to create separation regions of overlap that 

required chemometric decomposition. 

Peak Number Analyte Name Boiling Point (°C) 

1 Pentane 36.1 

2 Acetone 56 

3 Isopropyl Alcohol 82.6 

4 1-Hexene 62-63 

5 1-Hexyne 69-71 

6 2-Butanone 79.6 

7 2-Butanol 98 

8 Methylcyclopentane 71.8 

9 1,2-Dichloroethane 83 

10 Heptane 98.4 

11 Cyclohexene 83 

12 Benzene 80.1 

13 2-Pentanone 101 



 

100 

14 Thiophene 84 

15 1-Heptyne 98-99 

 

3.3 Results and Discussion 

 The compounds in the 15-component mixture were chosen to create a heavily overlapped 

GC×GC chromatogram to evaluate the ability to analyze the data using MCR-ALS. The raw total 

ion current (TIC) chromatographic data obtained from a 20 s window of the separation of the 15-

component mixture is shown in Figure 3.2A, while an overlay of the individual m/z raw 

chromatographic data are shown in Figure 3.2B. In order to provide an approximate GC×GC 

chromatogram, the raw TIC chromatographic data in Figure 3.2A was baseline corrected using a 

rolling ball minimum algorithm [26,29], with the result provided in Figure 3.2C. The baseline 

correction effectively subtracted the underlying 1D chromatogram from the raw TIC data to 

isolate the 2D data (albeit with some artifacts at this stage due to peak overlaps). Analogous to 

full modulation methods, the data in Figure 3.2C was then cut-and-folded into a 2D contour plot 

(Figure 3.2D), which has the appearance of a typical GC×GC chromatogram. Although the 

image in Figure 3.2D contains artifacts due to the peak overlaps that have not been properly 

handled via chemometric decomposition, and hence is an approximate GC×GC chromatogram, 

the image provides a suitable starting point to initiate the chemometric analysis.  One can see 

that the 15 analytes are heavily overlapped along the 1D separation, with only one analyte, 1-

heptyne, having any substantial amount of its 1D peak elute alone (1tR = 98.75 s). Due to this 

heavy overlap, and in order to apply MCR-ALS with a suitable rank for any given decomposition 

analysis, the data was divided into five “time windows” along the 1D axis. The accuracy of the 

decomposition increased along with a reduction of the computational load. The five time 

windows were: 80.0-87.5 s (pentane, acetone, isopropyl alcohol), 86.5-92.0 s (1-hexene, 1-

hexyne, 2-butanone, and 2-butanol), 89.0-97.5 s (methylcyclopentane and 1,2-dichlororethane), 
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92.0-101.0 s (heptane, cyclohexene, benzene, 2-pentanone, and thiophene), and 96.0-102.0 s (1-

heptyne). The five time windows overlap such that each analyte is completely decomposed in the 

window indicated, although some analytes are also partially observed in the decomposition of an 

adjacent window.  

 

Figure 3.2. Visualization of raw data prior to chemometric decomposition. (A) The total ion 

current (TIC) raw data for the separation of the 15-component mixture by GC×GC-TOFMS 

using partial modulation in the negative pulse mode. (B) The raw data in (A) showing mass 

channels (m/z) 15-150 with the regions 3.3A and 3.3B corresponding to heavily overlapped 

regions selected for demonstrating decomposition by MCR-ALS. (C) Baseline corrected TIC 

obtained by subtracting the underlying 1D profile from (A) prior to decomposition. (D) Two-

dimensional contour plot for visualization purposes, obtained by treating the baseline corrected 

data in (C) as raw GC×GC data, and cutting and folding on the PM = 250 ms intervals (only 120 

of 250 ms on 2D is shown). 

 

In order to better visualize the 2D separations in Figure 3.2B, the signals for all m/z for 

specific modulations along the 1D separation for two of the time windows are provided in Figure 
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3.3A for pentane (1), acetone (2), and isopropyl alcohol (3) nominally centered at a 1tR = 84.75 s, 

and in Figure 3.3B for heptane (10), cyclohexene (11), benzene (12), 2-pentanone (13), and 

thiophene (14) centered at a 1tR = 94.25 s.  In Figure 3.3A, pentane (1), acetone (2), and 

isopropyl alcohol (3) appear within a 60 ms window on the 2D separation. Due to the narrow 2Wb 

achieved by the partial modulation in the NPM, the peaks in this window should be readily 

decomposed by MCR-ALS. A more challenging region for MCR-ALS decomposition is shown 

in Figure 3.3B, where there is less resolution on the 2D separation and apparently fewer selective 

m/z. Both of these time windows will serve to illustrate the chemometric data analysis workflow. 

 

Figure 3.3. Sections highlighted in Figure 3.2B for demonstration of decomposition by MCR-

ALS. (A) Plot of m/z the first 60 ms in a single 2D modulation at 1tR = 84.75 s in the first time 

window (80.0-87.5 s). From left to right:  pentane (1), acetone (2), and isopropyl alcohol (3). (B) 

Plot of m/z the first 120 ms in a single 2D modulation at 1tR = 94.25 s in the fourth time window 

(92.0-101.0 s). From left to right:  heptane (10), cyclohexene (11), benzene (12), 2-pentanone 

(13), thiophene (14), and 1,2-dichloroethane (9). 

 

 The raw, three-dimensional (3D) data (1tR, 2tR, m/z), as illustrated in Figures 3.2 and 3.3A, is 

fed into MCR-ALS in a series of the defined 1D time windows. The first time window, from 80.0 

to 87.5 s, covering the first three analytes (pentane, acetone, isopropyl alcohol) is shown in 

Figure 3.4A. The data was entered into MCR-ALS as a 2-column array for decomposition after 

m/z 18, 28, and 32, that are affected by atmospheric contamination, were set to zero. To avoid 
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negative elution profiles and spectra, the algorithm was initialized by applying non-negativity 

constraints. All MCR-ALS analyses were non-targeted with no additional filters or thresholds 

applied using the functions available in MATLAB R2017b.The MCR-ALS algorithm returns the 

decomposed analyte peak profiles i.e., loadings (Figure 3.4B), yet still in the form provided by 

partial modulation in the NPM with the 2D peaks superimposed on the 1D peak background 

(which is relatively small). Not shown are the noise loadings, or the sum of all m/z with 

essentially zero analyte signal. MCR-ALS also returns the mass spectral profiles for each of the 

decomposed analytes (Figure 3.4C). The mass spectral profiles can be directly compared with 

NIST library standards (or in-house collected mass spectral standards) for match value (MV) 

calculations to assist analyte identification. This MV was calculated by the match spectral 

matching algorithm defined by Stein [49] using MS Search 2.0 (NIST, Gaithersburg, MD, 

U.S.A.) applying no limits to the mass range of NIST that was searched. A forward match value 

of 800 was accepted for identification. To address the issue of rotational ambiguity when using 

MCR-ALS for a single data matrix, augmented data matrices were created containing each 

replicate for each time window. MCR-ALS analysis of the augmented data matrices was 

performed four times, providing a unique solution that was essentially the same as each single 

data matrix solution. This included the explained variance (R2), with values 99.93% or higher for 

each, and the percent fit for each component that was modeled in the given time window. 
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Figure 3.4. MCR-ALS decomposition of first time window. (A) The raw data (all m/z) of the 

first time window (80.0-87.5 s), input into MCR-ALS for decomposition. (B) Loadings obtained, 

providing concurrent 1D and 2D separation information for each individual analyte: pentane (1), 

acetone (2), and isopropyl alcohol (3). (C) Mass spectral profiles obtained. These were compared 

against the NIST library for match value (MV) comparisons. The average MV obtained with 

excellent accuracy (RSD ≤ 1.35 %) are included in the mass spectral profile for the respective 

analyte. 

The individual analyte peak loadings in Figure 3.4B contain both the naturally coupled 

1D and 2D peak profiles, which must be uncoupled for further analysis. Application of a rolling 

minimum baseline subtraction algorithm as previously described (written in-house) [26,29], and 

Savitsky-Golay smoothing readily provides the uncoupling, producing two “sub-loadings,” 

referred to as loading 1.1 (2D peak profiles) in Figure 3.5A, and loading 1.2 (1D peak profile) in 

Figure 3.5B. A zoom in of one modulation from each individual analyte in Figure 3.5A (loading 

1.1) is provided in Figure 3.5C to assist in visualizing the narrow 2D peaks. All peaks in Figure 

3.5C are taken at 84 s in Figure 3.5A. From here, pertinent figures-of-merit for both dimensions, 

such as tR and Wb, can be readily obtained without any mathematical peak reconstruction. After 

uncoupling the elution time modes by baseline subtraction, the loading 1.1 (Figure 3.5A) can be 

treated analogous to traditional GC×GC data, and can be cut-and-folded into a contour plot 

(Figure 3.5D) for visual interpretation [28,29]. Note that Figure 3.5D is an overlay of the 

individual contour plots for each analyte from Figure 3.5A. 
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Figure 3.5. Presentation of data processing steps, starting with the MCR-ALS loadings from 

Figure 3.4B. (A) Stacked baseline-corrected response profiles (loading 1.1) for pentane (1, blue), 

acetone (2, red), and isopropyl alcohol (3, black) achieved by baseline correcting the loadings in 

Figure 3.4B. (B) The 1D analyte profiles (loading 1.2) are obtained for each analyte by Savitsky-

Golay smoothing the baseline subtracted data from (A), or (3.4B)-(3.5A). These plots were used 

to determine 1tR and 1Wb (4σ), presented in Table 3.2. (C) The first 60 ms of a single 2D 

modulation, showing the differences in 2tR and narrow 2Wb obtained, obtained by zooming in on 

a single modulation at 84 s in (A) as indicated by the arrows. These plots were used to determine 
2tR and 2Wb (4σ) in Table 2. (D) Overlay of individual analyte 2D contour plots created by 

cutting and folding the loading 1.1 profiles in (A). 

 

The first three analytes, pentane (1), acetone (2), and isopropyl alcohol (3), are severely 

overlapped in the 1D separation, as can be seen in Figure 3.5B. The difference in 1tR is 0.25 s 

between analytes, and with a 1Wb of 5 s, these analytes would normally remain inseparable to 

chemometric decomposition due to their low 1D resolution (1Rs) of 0.05.  Due to the short, 1.0 m 

2D column, the difference in 2tR between each of these three analytes is never greater than 20 ms. 

However, due to the high 2D separating power facilitated by partial modulation in the NPM, an 

average 2Wb of 15 ms was produced. The resulting 2Rs for pentane (1) and acetone (2) is 1.6 and 

for acetone (2) and isopropyl alcohol (3) the 2Rs is 1.1, i.e., there is near baseline separation on 

2D between adjacent analyte pairs. The 2Rs was sufficiently high that it compensated for the low 

1Rs, of 0.05, for the two analyte pairs, resulting in a 2D resolution (Rs,2D) of 1.6 between pentane 

(1) and acetone (2), and Rs,2D of 1.1 between acetone (2) and isopropyl alcohol (3). Here, the 2D 

resolution, Rs,2D, is defined as the Euclidean norm of the resolution in each dimension [50]. The 
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significantly higher 2Rs enabled a successful MCR-ALS decomposition, albeit with some noise, 

of the individual analyte peak profiles, observed in Figure 3.5C.  

Next, the MCR-ALS analysis of the most complicated 1D time window (92.0-101.0 s) 

that fully contained heptane (10), cyclohexene (11), benzene (12), 2-pentanone (13), and 

thiophene (14), and partially contained 1,2-dichloroethane (9) is presented. The most challenging 

analytes to separate in this time window were benzene (12) and 2-pentanone (13) due the severe 

overlap on both dimensions. The 1Rs was determined to be 0.19 and the 2Rs is 0.56, resulting in a 

Rs,2D of 0.6. The lack of 1D resolution was overcome by a sufficiently high 2D resolution, 

facilitating decomposition by MCR-ALS. The raw, 3D data (1tR, 2tR, m/z) for this section was 

illustrated in Figures 3.2 and 3.3B. The MCR-ALS results are summarized in Figure 3.6 at the 

same level of processing as in Figure 3.5 for the first 1D time window.  In Figure 3.6A are 2D 

peak profiles (loading 1.1) following the baseline correction of the full peak loadings, and in 

Figure 3.6B are the 1D peak profiles (loading 1.2). A zoom in of one of the 2D peak profiles from 

Figure 3.6A is provided in Figure 3.6C to better judge the performance of the decomposition and 

to assess 2D peak widths. Once again, the 2D peak profiles in Figure 3.6A (loading 1.1) were cut-

and-folded into individual contour plots and added together to produce a traditional appearing 

GC×GC plot for this time window, presented in Figure 3.6D.  Although 1,2-dichloroethane (9) 

appears in Figure 3.6D, note that part of the peak is missing in this time window. For the purpose 

of providing an accurate analysis for 1,2-dichloroethane (9), it is fully analyzed in the 1D time 

window of 89.0-97.5 s that fully contains methylcyclopentane (8) and 1,2-dichlororethane (9). 
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Figure 3.6. MCR-ALS decomposition of the fourth time window (Figure 3.3B), illustrating a 

more complex separation region. The same processing approach applied in Figures 3.4 and 3.5 

was used. (A) Stacked plots of each baseline corrected loading 1.1 of heptane (10), cyclohexene 

(11), benzene (12), 2-pentanone (13), thiophene (14), and 1,2-dichloroethane (9). (B) The 1D 

analyte profiles (loading 1.2) are obtained for each analyte by Savitsky-Golay smoothing the 

baseline subtracted data from (A). The 1Rs between adjacent peaks is never greater than 0.35 

(1,2-dichloroethane and benzene). (C) Stacked plots of the first 120 ms of a single 2D 

modulation. The 1D and 2D overlap between 2-pentanone (13) and benzene (12) is evident in (B) 

and (C). (D) Overlay of the 2D contour plots for each analyte obtained by cutting and folding 

each loading 1.1 in (A).  

The same analytical workflow was applied to the three remaining 1D time windows. 

Using the isolated loadings for each analyte, each analyte was individually processed to form an 

overlay 2D contour plot presented in Figure 3.7, providing clear detail regarding the extent of 

overlap in both separation dimensions. As previously mentioned, the only analyte to have any 

significant amount of its peak profile elute alone is 1-heptyne (15). The most challenging analyte 

to fully resolve was 1-hexene (4) due to 2D overlap with two other analytes, pentane (1) and 

methylcyclopentane (8), with both adjacent pairs producing a 2Rs of 0.36. Similar to previous 

examples, the analytes were resolved due to the relatively higher 1Rs of 0.8 resulting in a Rs,2D of 

0.85 for both adjacent analyte pairs.  Despite this high degree of overlap, all 15 analytes were 
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successfully decomposed by MCR-ALS, with each mass spectral profile subsequently compared 

to the NIST library for MV comparison, as provided in Table 3.2. The average MVs obtained 

from the mass spectral profiles of the decomposed analytes matched to the NIST library are 

remarkably all ≥ 800, with average values for four analytes above 900. These high MVs obtained 

from MCR-ALS decomposition prove to be excellent for accurate identification. Table 3.2 shows 

the calculated 1tR, 1Wb, 
2tR, and 2Wb values, obtained by using sub-loadings 1.1 and 1.2 for each 

individual analyte, reported for a single representative run. We found the average 1Wb of all 

analytes is 5 s (± 0.5 s), and the average 2Wb is 15 ms (± 3 ms). Fully resolving all 15 compounds 

with such narrow 2Wb, despite low Rs values, produced by the partially modulated data in the 

NPM highlights the quality of the response profiles obtained by MCR-ALS. 

 

Figure 3.7. Overlay of the 2D contour plots for each analyte of the 15-component mixture 

obtained by MCR-ALS decomposition. All components were decomposed in a 20 s 1D window 

with the analytes ordered according to Table 3.2. The 2D contour plot clearly shows the severe 

overlap on both dimensions. 
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Table 3.2. All 15 components in the mixture are listed in order by 2tR within the time window 

used for MCR-ALS decomposition. Average MV from comparison of mass spectral profiles to 

NIST library spectra and corresponding figures-of-merit are listed, with standard deviation (sd). 

All MVs are for six runs and are ≥ 800. All tR and Wb values reported are for a representative 

replicate. The average 1Wb is 5 s (± 0.5 s) and the average 2Wb is 15 ms (± 3 ms). 

 

Peak 

Number Analyte Name 
MV  

average (± sd) 
1
t
R
 (s) 

1
W

b
 (s) 

2
t
R
 (ms) 

2
W

b
 (ms) 

1 Pentane 871 (± 5) 84.50 4.7 8 10 

2 Acetone 912 (± 7) 84.75 5.0 28 15 

3 Isopropyl Alcohol 903 (± 12) 85.00 4.7 44 15 

4 1-Hexene 800 (± 27) 88.00 4.5 12 10 

5 1-Hexyne 874 (± 9) 90.00 4.5 28 12 

6 2-Butanone 876 (± 16) 88.50 4.8 44 18 

7 2-Butanol 813 (± 45) 88.75 5.0 74 18 

8 Methylcyclopentane 910 (± 5) 91.75 5.0 16 12 

9 1,2-Dichloroethane 885 (± 14) 92.50 5.9 100 17 

10 Heptane 827 (± 11) 96.75 5.5 16 12 

11 Cyclohexene 882 (± 27) 96.25 5.6 28 14 

12 Benzene 906 (± 6) 94.25 5.5 56 16 

13 2-Pentanone 837 (± 24) 95.25 5.0 66 20 

14 Thiophene 884 (± 6) 95.00 5.8 86 18 

15 1-Heptyne 863 (± 11) 98.75 4.9 46 15 

 

Last, we report on the ability to use the isolated 2D peaks (i.e. loadings 1.1) to 

demonstrate how quantitative analysis is performed. Two test mixtures composed of the analytes 

in Table 3.1 were prepared for the quantification study with two different concentrations of 1-

hexene (4) and 2-pentanone (13) injected. Peak areas were calculated for a given analyte by the 

“two-step method” for GC×GC, where the 2D peaks were uncoupled from the 1D profile and the 

area peak area for the analyte was calculated as the sum of the area of all 2D peaks [92,179,180]. 

The average peak areas (n=3 replicates) calculated for the highest concentration for each analyte 

were fitted to the origin, generating a calibration line used to predict their lower concentration. 
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As can be seen in Figure 3.7, 1-hexene is severely overlapped on 2D between pentane (1) and 

methylcyclopentane (8), and all of these analytes share several m/z with high signal. The 

predicted versus prepared concentration for 1-hexene was found to be in relatively good 

agreement, albeit with a slight negative bias quantified by the percent deviation of -5.6% (± 

2.2%). The challenge in resolving the 1-hexene peak on 2D and many shared m/z may have 

contributed to the slight negative bias observed. Meanwhile, the percent deviation for the 

prediction of the concentration of 2-pentanone was 1.8% (± 3.4%), possibly due to the 1D and 2D 

overlap with benzene (12) as seen in the decomposition of the time window in Figure 3.6. 

Overall, the predicted and prepared concentration values are in good agreement with percent 

deviation values of -5.6% (± 2.2%) for 1-hexene and 1.8% (± 3.4%) for 2-pentanone, providing 

promising results supporting the notion that NPM produces quantifiable data.  

3.4 Conclusion 

Partial modulation in the NPM is demonstrated to be a powerful form of modulation for 

GC×GC-TOFMS.  The method is amenable to commercial chemometric tools, demonstrated 

with MCR-ALS, for analyte decomposition, identification, and quantification. This fast 

modulation technique readily separated similar, volatile organic compounds over two short 

separation columns and provided sufficient Rs in the 2D separation space. The 15-component 

mixture eluted within a 20 s time window with no Rs in the 1D separation being greater than 0.38 

(1-heptyne to heptane). Despite the severe overlap in the 1D, the excellent separation efficiency 

on the 2D separation produced narrow 2D peaks (average 2Wb = 15 ms) with TOFMS detection, 

facilitating successful MCR-ALS decomposition of the peak profiles. Further, we demonstrated 

how the loadings produced by MCR-ALS can be further analyzed to extract the 1D and 2D peak 

profiles in order to obtain pertinent chemical measurements (retention times and peak widths) 

without the typical mathematical reconstruction of the 1D peak profile from modulated data. 
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Last, the 2D peak profiles isolated from the MCR-ALS data were shown to be quantifiable and 

accurate with excellent mass spectral match values. This study provides further impetus into fast 

GC research for high throughput analysis as modulation techniques are beginning to easily 

achieve sub-second separations and push the limit of detector collection frequencies.  
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Chapter 4: Dynamic pressure gradient modulation for comprehensive 

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

spectrometry detection 

This chapter was reproduced from S. Schӧneich, D. V Gough, T.J. Trinklein, R.E. Synovec, 

Dynamic pressure gradient modulation for comprehensive two-dimensional gas chromatography 

with time-of-flight mass spectrometry detection, J. Chromatogr. A. (2020) 460982.  

4.1 Introduction 

Comprehensive two-dimensional (2D) gas chromatography (GC×GC) for the separation 

of volatile and semi-volatile compounds was pioneered by Liu and Phillips [1]. Significant 

advances have been made in instrumentation and chemometric analysis tools for a diverse range 

of applications [2–9]. The major GC×GC advantages over one-dimensional (1D) GC include 

about a 10-fold gain in peak capacity and increased selectivity [10]. A GC×GC separation is 

accomplished using two columns with sufficiently different polarities coupled in series, 

separated by the modulator [2], so analytes overlapped on the first dimension (1D) separation 

have the opportunity to be separated on the second dimension (2D) separation [11–13]. Coupled 

with detection by mass spectrometry (MS), additional sensitivity and selectivity is attained with a 

third dimension of data, providing mass spectra that can be used for analyte identification.  

Modulators are generally classified as either thermal [14–20] or flow modulators [21–29]. 

Thermal modulators commonly involve the use of cryogens [20]. An advantage of thermal 

modulation is that a 100% duty cycle is achieved when the 1D eluate is trapped and focused, 

meaning all the analyte within the 1D eluate is transferred to the 2D column. Advances in thermal 

modulation have led to commercially available consumable-free thermal modulators [15,30]. 

Thermal modulation has been applied with a modulation period (PM), i.e., the 2D separation time, 



 

116 

down to 250 ms [31]. In contrast, flow modulation can be classified as either flow diversion or 

differential flow modulation, redirecting the flow from the 1D column to the 2D column. Flow 

modulators achieve a duty cycle ≤ 100%, depending on the design. Flow diversion modulators 

[32] sample the 1D eluate for a small fraction of the PM and re-inject it onto the 2D column, 

resulting in a low duty cycle [25]. Differential flow modulation based on diaphragm valves 

involves an initial loading step in which a fraction of the 1D eluate is collected in a sample loop, 

followed by an injection step where the eluate is flushed out using high 2D volumetric flow rates 

(2F), eg. 20 ml/min. A high 2F is not an issue for flame ionization detection (FID), however, MS 

detectors are limited to operating under lower pressures to not exceed the pumping capacity. For 

GC×GC with time-of-flight mass spectrometry detection (GC×GC-TOFMS), flow splitting can 

be used to reduce the flow rate entering the detector at the cost of reducing sensitivity [6,33]. 

Additionally, diaphragm valves require few consumables and can now operate at temperatures 

up to 325 °C [24,34]. Considering all of the issues, the ongoing challenge for modulator 

development includes providing a total analyte transfer (100% duty cycle) and consumable-free 

design that is easy to implement that can modulate at high frequencies (low PM) concurrent with 

producing narrow 2D peaks (2Wb) for high peak capacity on the 2D separations (2nc). 

 To address this challenge, a novel flow modulation approach was introduced in 2004 by 

Cai & Stearns [28], and recently expanded upon by our group to achieve rapid separations with 

short modulation periods (PM ≥ 50 ms) and narrow peaks (2Wb ≥ 10 ms) using a commercially 

available pneumatic pulse valve [35–38]. The most recent development is referred to as dynamic 

pressure gradient modulation (DPGM) in the full modulation mode (FMM), due to a pseudo 

stop-flow modulation mechanism that provides a 100% duty cycle [39].  Indeed, in many ways 

DPGM is similar to some existing stop-flow designs applied to GC×GC-FID [40,41]. Dynamic 
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pressure gradient modulation in the FMM was recently demonstrated for GC×GC-FID providing 

excellent signal enhancement relative to GC-FID, 100% duty cycle, narrow 2D peak widths (2Wb 

≥ 22 ms), and high peak capacity on the 2D separations [39]. While the 2F applied were relatively 

high (20 ml/min), since an FID was implemented, there remained the concern that DPGM in the 

FMM must be evaluated with TOFMS detection.  

Advances in flow modulation using a reduced 2F  (under 10 ml/min) for MS detector 

compatibility has made remarkable progress [26,42–44]. Tranchida et al. described a flow 

modulation technique using a 2D flow of 6 ml/min applicable to GC×GC-MS by extending the 

re-injection step, providing 2Wb of ~ 780 ms and a 1.5-fold increase in sensitivity over GC-MS 

[44]. Franchina et al. used a 2D flow rate of 4 ml/min with a quadrupole mass spectrometer 

(qMS), obtaining ~ 2.5-fold increase in signal-to-noise ratio (S/N) over GC-qMS [43]. Finally, a 

2 ml/min 2D flow rate was demonstrated using a Deans’ switch generating short pulses (≥ 50 ms) 

at the cost of decreased duty cycle and sensitivity [26]. 

Building upon these low-pressure flow modulation approaches, herein we demonstrate 

the compatibility of DPGM in the FMM for GC×GC-TOFMS detection operating under low 2F 

conditions, i.e., 4 ml/min. Briefly, DPGM functions by temporally controlling an auxiliary 

carrier gas flow introduced at a T-union joining the 1D and 2D columns using a pneumatic 

“pulse” valve (Figure 4.1). An auxiliary gas pressure (Paux) slows the 1D flow while increasing 

the 2D flow, and when tuned properly, Paux can temporarily stop the 1D flow before the T-union. 

During each PM, the valve is closed for a brief time interval defined as the pulse width (pw), in 

which 1D eluate is modulated (injected) onto the 2D column. Manipulating the pw for a given PM 

and ratio of inlet pressure (Pinlet) to Paux determines the level of modulation achieved. Partial 

modulation in the positive pulse mode (PPM) is achieved using long pulse widths, pw 
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approaching PM [37], while partial modulation in the negative pulse mode (NPM) is achieved 

using very short pulse widths, pw approaching 0 ms [38]. In the PPM the valve is closed for most 

of the PM, and opened very briefly to inject carrier gas at the T-union. The resulting 2D analyte 

peaks appear as vacancies superimposed upon the 1D peak profile, requiring multiple data 

processing steps before chromatographic information is revealed [13,35–37]. In the NPM, the 

valve is open for most of the PM, diluting the 1D eluate, and then is closed very briefly allowing 

for a short pulse of undiluted 1D eluate to be modulated. The signal for a given analyte in the 

NPM appears as a series of 2D peaks superimposed on top of a diluted 1D peak, requiring less 

data processing than using the PPM [38,39]. Notably, for a wide range of pw between the two 

extremes of the PPM and NPM, the 1D peak is fully modulated (100% duty cycle) and the 2D 

peaks return to baseline between modulations, referred to as DPGM in the FMM [39]. In the 

FMM, a suitably high auxiliary pressure is necessary to slow down and then temporarily stop the 

1D flow immediately before the T-union during the interval of PM - pw, and injection onto 2D 

occurs during pw. 

 

Figure 4.1. GC×GC-TOFMS instrument employing dynamic pressure gradient modulation 

(DPGM). Modulation occurs at the T-union where the auxiliary carrier gas flow is introduced by 

the pulse valve. 
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This report provides an initial evaluation of the compatibility of DPGM in the FMM for 

GC×GC-TOFMS, with an assessment of the data quality produced. Representative analytes from 

a 90-component test mixture separation are used for this purpose. Several important aspects were 

investigated. First, detector response enhancement factors (DREF) [45] provide a figure-of-merit 

as to how well DPGM in the FMM focuses the 2D peaks in time relative to their 1D peak width. 

Second, we investigate the extent to which the 2D peaks produced adhere to a bilinear data 

structure while using this flow modulator, since flow modulation is known to potentially impact 

the reproducibility of the 2D peak shapes for a given modulated 1D peak [46]. To study the 

bilinearity of the GC×GC data, we selected parallel factor analysis (PARAFAC) due to it 

requiring the most strict trilinearity requirement for chemometric data analysis of GC×GC-

TOFMS data [47–50]. PARAFAC provides a very high bar to assess the data quality when 

DPGM in the FMM is used. Third, the limit of detection (LOD) is studied using PARAFAC [47]. 

Finally, mass spectra obtained from the PARAFAC decomposition of several highly overlapped 

analytes are compared to an in-house library of mass spectra, and the match values (MV) are 

used as a metric to support the trilinearity of the GC×GC-TOFMS data produced using DPGM.  

4.2 Experimental  

All data were collected on a GC×GC-TOFMS instrument configured with an Agilent 

6890N GC (Agilent Technologies, Palo Alto, CA, USA) and LECO Pegasus III TOFMS (LECO 

Corporation, St. Joseph, MI), as shown in Figure 4.1. A pneumatic valve served as the 

modulator, i.e, the “pulse valve” (Model 009-0347-900, Parker Hannifin, Hollis, NH, USA), 

formatted outside the GC oven and controlled by an Iota One Microfluidic Valve Driver (Model 

060-0010-900, Parker Hannifin, Hollis, NH, USA) to introduce an auxiliary gas flow controlled 

by the Agilent GC. The valve was incorporated at the junction point of the 1D and 2D columns at 
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a T-union (Model MT.5CXS6, Valco Instruments Company Inc., Houston, TX, USA) via 0.005 

inch inner diameter (i.d.) stainless steel tubing (VICI model T5C5D, Valco Instruments 

Company Inc., Houston, TX, USA). The carrier gas used was ultra-high purity helium (Grade 5, 

99.999%, Praxair, Seattle, WA, USA). The inlet and transfer line temperatures were maintained 

at 200 °C and 240 °C, respectively. A reverse column set [51,52] was chosen with the 1D column 

(19 m length, 180 µm 1dc, 0.20 µm 1df) coated with a Rtx-200 (polar) stationary phase (Restek, 

Bellefonte, PA, USA),  and the 2D column (2 m length, 180 µm 2dc, 0.18 µm 2df) coated with a 

Rxi-1ms (non-polar) stationary phase (Restek, Bellefonte, PA, USA). The TOFMS was set to 

collect from mass channels 34 m/z to 338 m/z at a collection rate of 200 Hz. The electron impact 

ionization energy was -70 eV and the detector voltage was 1562 V. Following data collection, all 

analyses were performed using MATLAB R2018b (The Mathworks, Inc., Natick, MA, USA).   

 To investigate DPGM with GC×GC-TOFMS, a 90-component test mixture composed of a 

wide range of boiling points and chemical classes was used (Table 4.1) [38]. A 0.2 µl volume of 

the 10 part-per-thousand (ppth) test mixture was injected with a split of 150:1. Serial dilution of 

this test mixture in methanol was performed, ranging from 10 parts-per-million (ppm) to 10 

parts-per-billion (ppb) by factors of ten, in order to evaluate the DREF [45], LOD, calibration 

linearity, and a chemometric decomposition study [48]. The diluted test mixtures were injected 

splitless in a 1 µl volume. A modulation period (PM) of 1 s was used for all runs with the 90-

component test mixture. The pulse width (pw) activating the pulse valve (Figure 4.1), defined as 

the length of time that the flow is stopped from the pulse valve to the junction point of the 1D and 

2D columns at a T-union [39], was varied to demonstrate different levels of modulation. The 

oven temperature was initially held at 40 °C for 1 min, then ramped at a rate of 10 °C/min to 250 

°C, where it was held for 1 min. The auxiliary pressure (Paux) on the valve was held at 124.1 kPa 
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(18.0 psig) for 1 min, then raised at a rate of 5.91 kPa/min (0.857 psi/min) to 248.2 kPa (36.0 

psig), where it was held for 1 min. An initial inlet pressure (Pinlet) of 141 kPa (20.5 psig) was 

applied for the first minute of the run and then increased by 6.38 kPa/min (0.923 psi/min) to 

275.1 kPa (39.9 psig) where it was held for 1 min, maintaining a similar ratio between the inlet 

and the auxiliary pressure throughout the run. Although the inlet flow rate was set to 1 ml/min in 

the GC experimental method (Pinlet), a linear velocity of 7.9 cm/s was calculated based on the 

experimentally observed 4 min dead time, which corresponds to a 1D volumetric flow rate of 

0.12 ml/min. Similarly, the flow rate departing the 2D column was determined to be 4 ml/min. 

Table 4.1. The 90-component test mixture used for the evaluation of DPGM in the FMM with 

GC×GC-TOFMS. 

 Alkanes Boiling Point Vendor Esters  Boiling Point Vendor 

hexane 69 Sigma-Aldrich ethyl formate 54 Sigma-Aldrich 

heptane 98 Sigma-Aldrich methyl decanoate 224 
Eastman 

Chemicals 

octane 126 Sigma-Aldrich methyl caprylate 193 Sigma-Aldrich 

nonane 151 Sigma-Aldrich methyl salicylate 223 Alfa-Aesar 

decane 174 Sigma-Aldrich ethyl salicylate 233 Alfa-Aesar 

undecane 196 Sigma-Aldrich methyl laurate 262 Sigma-Aldrich 

dodecane 216 Sigma-Aldrich methly caproate  151 Sigma-Aldrich 

tridecane 235 Fluka diethyl phthalate 299 Sigma-Aldrich 

tetradecane 254 Fluka Ketones  Boiling Point Vendor 

pentadecane 271 Alfa-Aesar 2-butanone 80 Sigma-Aldrich 

hexadecane 287 Sigma-Aldrich 2-pentanone 102 Sigma-Aldrich 

pristane 296 Sigma-Aldrich 3-hexanone 128 Sigma-Aldrich 

octadecane 316 Fluka 2-hexanone 128 Sigma-Aldrich 

eicosane 343 Sigma-Aldrich 2-heptanone 152 Sigma-Aldrich 

Halogenated 

Alkanes  
Boiling Point Vendor 3-heptanone 141 Sigma-Aldrich 

1,5-

dichloropentane 
179 Sigma-Aldrich 3-octanone 167 Sigma-Aldrich 

1-chlorohexane 135 Sigma-Aldrich 2-decanone 209 Sigma-Aldrich 

1-bromohexane 155 Sigma-Aldrich 2-undecanone 231 Sigma-Aldrich 

1-bromoheptane 179 Sigma-Aldrich 2-dodecanone 245 Sigma-Aldrich 

1-bromooctane 200 Sigma-Aldrich Aromatics  Boiling Point Vendor 

1-chlorobutane 78 Sigma-Aldrich benzene 80 Fischer 

1,1,1-

trichloroethane 
74 Sigma-Aldrich toluene 111 Sigma-Aldrich 

1,2-dichloroethane 84 Sigma-Aldrich 3-ethyltoluene 161 Sigma-Aldrich 
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carbon 

tetrachloride 
77 Sigma-Aldrich 4-ethyltoluene 162 Fluka 

Cyclics  Boiling Point Vendor mesitylene 165 Sigma-Aldrich 

methylcyclopentan

e 
72 Fluka ethylbenzene 136 Sigma-Aldrich 

cyclohexane 81 Sigma-Aldrich butylbenzene 183 Sigma-Aldrich 

cyclooctane 150 Sigma-Aldrich isobutylbenzene 170 Sigma-Aldrich 

butylcyclohexane 181 Sigma-Aldrich tert-butyl benzene 167 Sigma-Aldrich 

bicyclohexyl 227 Sigma-Aldrich propylbenzene 159 Sigma-Aldrich 

2,2,4-

trimethylpentane 
99 Sigma-Aldrich 1-ethylnapthelene 260 Sigma-Aldrich 

Alkenes Boiling Point Vendor bromobenzene 155 Sigma-Aldrich 

1-hexene 63 Sigma-Aldrich cyclohexylbenzene 239 Sigma-Aldrich 

cyclohexene 83 Sigma-Aldrich diphenylmethane 265 Sigma-Aldrich 

dodecene 214 Sigma-Aldrich p-xylene 189 Sigma-Aldrich 

1-undecene 194 Fluka o-xylene 145 Sigma-Aldrich 

Alkynes Boiling Point Vendor m-xylene 128 Sigma-Aldrich 

1-hexyne 71 Sigma-Aldrich 
1,2,4-

trimethylbenzene 169 
Sigma-Aldrich 

1-heptyne 109 Sigma-Aldrich anisole 154 Sigma-Aldrich 

1-nonyne 151 Sigma-Aldrich dibutyl phthalate 340 Sigma-Aldrich 

5-decyne 177 Sigma-Aldrich a-terpineol (90%) 219 Sigma-Aldrich 

Alcohols  Boiling Point Vendor Alcohols  Boiling Point Vendor 

1-propanol 97 Sigma-Aldrich hexyl alcohol 158 Sigma-Aldrich 

2-butanol 117 Sigma-Aldrich 2-heptanol 160 Fluka 

1-pentanol 137 Sigma-Aldrich 1-octanol 194 Sigma-Aldrich 

2-pentanol 158 Sigma-Aldrich 1-nonanol 215 Sigma-Aldrich 

1-decanol 229 Sigma-Aldrich 1-eicosanol 372 Sigma-Aldrich 

1-tetradecanol 289 Sigma-Aldrich benzyl alcohol 205 Sigma-Aldrich 

1-octadecanol 210 Sigma-Aldrich 2-ethyl-1-hexanol 185 Fluka 

 

 The following steps were taken to tune the system to achieve full modulation. While 

maintaining the same PM, Pinlet, and Paux, so the Pinlet/Paux is slightly greater than 1, the pw can be 

varied to achieve different levels of modulation (Figure 4.2). The tallest analyte peak in this 

section of the chromatogram of the separation of the 90-component test mixture was 1,1-

bicyclohexyl, which was used for the comparison of modulation modes. To obtain the 

unmodulated chromatographic data (Figure 4.2A), the pulse valve was maintained open 

throughout the entire run, allowing for the auxiliary gas flow to continuously dilute the effluent 

from the 1D column to the 2D column, so only 1D peak profiles are obtained (pw = 0 ms). For the 

partially modulated analyte in the NPM (Figure 4.2B), the pulse valve was open for 990 ms (PM 
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– pw) of the 1 s PM, introducing the auxiliary gas flow and diluting the sample transferred from 

the 1D column to the 2D column. The valve was then closed for 10 ms (pw), allowing the effluent 

to flow from the 1D column to the 2D column undiluted during this short pulse. In the NPM, the 

diluted 1D peak is maintained with the modulated 2D peaks superimposed on the 1D peak profile. 

The 2D peaks could then be isolated from the 1D peak profile by baseline subtraction [38]. Partial 

modulation in the PPM was compared to the other modulation methods in the previous DPGM 

report [39], and is not presented herein.  

 

Figure 4.2 The different modes of dynamic pressure gradient modulation (DPGM). DPGM in 

the full modulation mode for GC×GC-TOFMS is compared to the unmodulated data and partial 

modulation in the negative pulse mode. For each modulation method presented PM = 1 s and 

each panel presents a section of the 90-component test mixture separation containing the analyte 

1,1-bicyclohexyl (labeled with *) for the sensitive m/z 55. (A) The section of the unmodulated 

chromatogram with the auxiliary flow continually on, so pw = 0 ms. (B) The same section of the 

chromatogram, partially modulated in the negative pulse mode (NPM), with pw = 10 ms. (C) The 

same section of the chromatogram in the full modulation mode (FMM), with pw = 200 ms. 

 

Selection of the appropriate pw for the applied PM in order to achieve full modulation 

followed the approach previously described [39]. Full modulation (Figure 4.2C) was achieved by 

keeping the pulse valve open for 800 ms (PM – pw) and closing it for 200 ms (pw = 200 ms), 

allowing for the effluent from the 1D column to be transferred to the 2D column with the signal 

returning to baseline between modulations, i.e, the full modulation mode (FMM). In the context 

of the selected pw of 200 ms, the auxiliary gas pressure applied to the pulse valve temporarily 
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stops the flow on the 1D column during each modulation, followed by an injection onto the 2D 

column during each pw interval. The signal area of the entire 1D peak profile of the analyte is 

fully distributed into the signal areas for each of the modulated 2D peaks (100% duty cycle). It is 

noticeable that the signal scale for the full modulation case (Figure 4.2C) is ~10-fold greater 

compared to the unmodulated (Figure 4.2A) and partially modulated peaks in the NPM (Figure 

4.2B) for this analyte. Similarly, the DPGM study for GC×GC-FID using higher auxiliary carrier 

gas pressures reported a 20-fold increase in signal scale for full modulation relative to both 

unmodulated and partially modulated peaks in NPM [39]. The narrower peaks generated using 

higher pressures for FID achieved this higher increase in signal. In addition, the 1tR for 1,1-

bicyclohexyl remains ~ 840 s for the unmodulated and partially modulated peaks in the NPM, 

while the 1tR decreases to 805 s when fully modulated. This is explained by applying the 

auxiliary carrier gas flow for a shorter period of time due to the longer pw for full modulation, 

slowing down the flow on the 1D column for a shorter period of time between modulations. The 

same trend was observed for the FID study, where the fully modulated peaks had lower 1tR than 

the unmodulated peaks for pw = 0 ms (Paux on) [39]. 

4.3 Results and Discussion 

 Dynamic pressure gradient modulation for GC×GC-TOFMS was evaluated using the 90-

component test mixture. The 10 ppth test mixture was selected for ease of visualization and 

determining width-at-base (Wb) values, i.e., 4 standard deviations (s.d.). The unfolded 

chromatogram (raw data like Figure 4.2C) of the fully modulated test mixture is shown in Figure 

4.3A for the 25 min separation using a temperature program of 10 °C/min. This data produced by 

full modulation required no pre-processing steps prior to being cut and folded to produce the 

traditional 2D contour plot chromatogram (Figure 4.3B). A section from 7 min to 11 min is 

displayed in Figure 4.3C, providing a closer visual inspection of the separation performance and 
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adequate use of 2D separation space. All peaks in Figure 4.3C are numbered according to 1tR and 

are identified in Table 4.2 with a mass spectral MV provided. The cluster of analytes numbered 

11 in Figure 4.3C includes several overlapped components in this 1D interval that will be the 

focus of a chemometric decomposition study to demonstrate the suitability of DPGM to produce 

data amenable to chemometric analysis. In terms of separation metrics, an average 1Wb of about 

4.5 s was determined for a 1D peak capacity (1nc), of about 330 for the 25 min separation. An 

average 2Wb of 130 ms was determined for the 2D separation time (PM) of 1 s, providing a 2D 

peak capacity (2nc) of 8, resulting in a 2D peak capacity (nc,2D) of about 2700 (roughly 100 

peaks/min peak capacity production). While this study was primarily intended to demonstrate 

that DPGM in the FMM was compatible with the TOFMS detector, further optimization of the 

experimental parameters should be readily achievable to improve upon this peak capacity, 

although the peak capacity production achieved was very satisfactory.  

 

Figure 4.3. Visualization of GC×GC data using DPGM. (A) The unfolded chromatogram (total 

ion current, TIC) of the 10 part-per-thousand (ppth) 90-component test mixture using DPGM in 

the FMM (PM = 1 s and pw = 200 ms). (B) The 2D chromatogram created by cutting and folding 

(A). (C) Zoom in of the 2D chromatogram in (B) highlighting a region of overlapped 

components. All components are numbered according to 1tR and are identified in Table 4.2 with 

corresponding MV. 
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Table 4.2. Identification of numbered analytes in Figure 4.3C with corresponding MV.  

 

Peak Number Analyte MV Peak Number Analyte MV 

1 ethylbenzene 926 12 mesitylene 849 

2 cyclooctane 889 13 methyl caproate 906 

3 1-chlorohexane 877 14 3-heptanone 945 

4 o-xylene 953 15 tert-butylbenzene 897 

5 1-nonyne 822 16 isopropylbenzene 917 

6 hexyl alcohol 822 17 isobutylbenzene 945 

7 p-xylene 811 18 3-octanone 818 

8 2-hexanone 871 19 undecane 921 

9 decane 914 20 1-undecene 901 

10 2-heptanol 839 21 1-bromoheptane 924 

11 Cluster – See Table 4  22 butylbenzene 912 

 

Next, the signal enhancement achieved using DPGM with GC×GC-TOFMS  was 

assessed by the detector response enhancement factor (DREF) described by Krupčik et al. [45]. 

The DREF is defined as the ratio of the height of the tallest 2D peak of the modulated analyte 

(2h) relative to its corresponding unmodulated peak height (1h), or simply DREF = 2h/1h. For the 

determination of the unmodulated peak height (1h), data as in Figure 4.2A were used, whereas 

for the tallest modulated 2D peak (2h), data as in Figure 4.2C were used. An overlay of the 

modulated 2D peaks and the unmodulated 1D peak for two representative analytes for the 10 ppm 

test mixture is provided in Figure 4.4. For hexadecane a DREF of 14.9 was obtained using m/z 

57 (Figure 4.4A), while the inset highlights that 2Wb was 130 ms.  Similar results for eicosane 

were obtained using the data in Figure 4.4B; a DREF of 17.6 was obtained using m/z 43, with the 

inset displaying a 2Wb = 125 ms. In addition to similar 2Wb, these analytes have similar 1Wb of 

about 4.5 s. The DREF study for GC×GC-FID reported a much larger range of DREF values 
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between 7 – 87 with a greater range in 2Wb [39]. With similar 2Wb of about 130 ms and 1Wb of 

about 4.5 s obtained for most analytes using TOFMS for detection, the DREF did not vary 

greatly. Overall, DREFs for several analytes ranged from 10 to 20 under the specified 

experimental conditions.  

 

Figure 4.4. The detector response enhancement factor (DREF) using the TOFMS detector 

obtained by DPGM in the FMM is demonstrated for two representative analytes from the 10 ppm 

test mixture. The overlay of the unmodulated (orange) 1D peak onto the fully modulated (blue) 
2D peaks is shown for (A) hexadecane (m/z 57) and (B) eicosane (m/z 43). The inset in the top 

right corner of each panel is included to show the 2D peak profile plotted as the sum of the 2D 

peaks. For hexadecane, 1Wb = 4.5 s and 2Wb = 130 ms, and for eicosane 1Wb = 4.5 s and 2Wb = 125 

ms. (C) Hexadecane peak reconstructed from PARAFAC using m/z 57. Average lack-of-fit 

(LOF) and explained variance (R2) are included from fitting (i.e., comparing) the 2D raw data 

peaks to the PARAFAC 2D peaks over ±3 s.d. intervals (1.5×2Wb, or ~99% peak area). (D) The 

same workflow used to obtain (C) was applied for eicosane using m/z 43. 
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The DREFs were then used to determine the relative signal-to-noise (S/N)Rel = 

(2h/2sN)/(1h/1sN) = DREF×(1sN
 /2sN), where 1sN is one s.d. of the baseline noise of the 

unmodulated data, and 2sN is one s.d. of the baseline noise of the modulated data. With a 200 Hz 

spectral scan rate, for an unmodulated 1D peak, a 1Wb = 4.5 s corresponds to 900 spectra (data 

points), and for the modulated peak a 2Wb = 130 ms and is comprised of 26 spectra. In order to 

provide an objective determination of the (S/N)Rel prior to calculating 1sN and 2sN, the 

unmodulated data was averaged using a 35 point boxcar average (900 spectra/26 spectra) so the 

1D peak would also be comprised of 26 spectra for the 1sN calculation, matching the number of 

spectra comprising a modulated 2D peak for the 2sN calculation.  Additionally, further taking the 

1Wb and 2Wb peak widths into account, the 1sN and 2sN calculations were performed on baseline 

intervals of 4.5 s and 130 ms, respectively. A representative ~ 5 min section of baseline was used 

to calculate an average 1sN = 1.36 (± 0.32) for the boxcar averaged baseline data, while an 

average 2sN = 4.41 (± 0.68) was determined for the raw baseline data. Finally, the (S/N)Rel = 4.6 

for hexadecane (DREF = 14.9) and the (S/NRel) = 5.4 for eicosane (DREF of 17.6). Thus, the S/N 

of the GC×GC improves by a factor of about 5 relative to unmodulated data after adjusting the 

spectral acquisition frequency to put the 1D and 2D peaks on a level playing field. 

Next, we investigated the extent to which the 2D peaks produced a bilinear GC×GC data 

structure while using this flow modulator, since flow modulation is known to potentially impact 

the reproducibility of the 2D peak shapes for a given modulated 1D peak [46].  Having a bilinear 

GC×GC data structure is often critical for applying chemometric data analysis tools. PARAFAC 

was selected as the chemometric tool for this study due to how sensitive it is to shifts in 2D 

retention time and differences in 2D peak profile shapes. In order to provide a fully trilinear 

GC×GC-TOFMS data set for PARAFAC, the 2D peak shapes need to be reproducible from one 
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2D peak to the next for a given 1D peak, and the 2D retention times must not shift significantly 

[176,181]. In our data set, a slight 2D retention time decrease from one 2D peak to the next (∆2tR) 

of 10 ms was observed for the two representative analytes studied (hexadecane and eicosane), 

due to the relatively fast temperature ramp for the primary oven (10 °C/min). For the data 

produced by this modulation technique, we are more concerned with examining the peak profiles 

rather than the 2tR, which can easily be corrected. In order to evaluate to what extent DPGM in 

the FMM impacted the reproducibility of the 2D peak shapes for a given 1D peak, the raw data 

for hexadecane and eicosane in Figure 4.4 (all of the visible 7 modulations) were initially 

corrected for the 10 ms retention time shift prior to comparing the 2D peak shapes using 

PARAFAC. For this purpose we applied lack-of-fit (LOF) and percent variation (R2) metrics 

defined by Izadmanesh et al. [50]. The PARAFAC model fits the raw data (∆2tR corrected) by 

forcing each modulated 2D peak to retain the same peak profile, determined by the shape of each 

modulation from the raw data. As a point of reference, if the raw data 2D peak profiles (shape, 

height and width) are fully reproducible, a LOF and R2 comparison of the raw data of 

hexadecane and eicosane in Figures 4.4A,B would completely match on a per 2D peak basis in 

Figures 4.4C,D, resulting in a LOF of 0% and an R2 of 100% for each analyte.  

All 7 modulations of the raw and PARAFAC modeled peaks were compared for the 2D 

peaks over ±3 s.d. intervals (1.5×2Wb, or ~99% peak area) centered on the corresponding 2tR, in 

triplicate, with average LOF and average R2 values reported in Table 4.3. The LOFs are very 

similar and relatively low with the average LOF of 6.50% (± 0.90%) for hexadecane and an 

average LOF of 6.45% (± 0.12%) for eicosane [50]. The R2 values are high for both analytes with 

a R2of 99.79% (± 0.05%) for hexadecane and an R2 of 99.79% (± 0.01%) for eicosane. These 

LOF and R2 metrics indicate that the 2D peaks from the PARAFAC modeling (Figures 4.4C,D) 
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are essentially the same shape, height and width as their counterpart peaks in the raw data 

(Figures 4.4A,B). In addition, in the remaining two columns of Table 4.3, the total peak area 

captured by PARAFAC was compared to the total peak area from the raw data before and after 

2tR correction, respectively. To be considered an accurate model of the raw data, the area of the 

peaks modeled by PARAFAC should theoretically be equal to the area of the raw peaks being 

modeled. The sum of the peak area of the raw 2D peaks was subtracted from the sum of the peak 

area of the 2D peaks modeled by PARAFAC (PARAFAC-raw) and then divided by the sum of 

the raw 2D peaks prior to reporting as a percentage deviation. Before the retention time 

correction, the total peak area calculated for the raw data and those modeled by PARAFAC were 

nearly equal with an average percent error of -0.69% (± 0.09%) for hexadecane and -0.60% (± 

0.11%) for eicosane. The slight negative bias is likely contributed to by the slight shift in 2tR of 

10 ms [53,54], although a negative bias of less than 1% is generally tolerable. The peak areas 

were calculated again for each replicate after the 10 ms 2tR correction with similar results. The 

peak areas of the data modeled by PARAFAC were essentially equal to those of the raw data 

with an average percent error of -0.30% (± 0.65%) for hexadecane and 0.16% (± 0.43%) for 

eicosane. The area is essentially conserved in both cases, suggesting that, in conjunction with the 

LOF and R2 evaluation, the data produced by this flow modulation technique is sufficiently 

trilinear for the purpose of implementing a wide range of chemometric tools.  
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Table 4.3. Measurements to investigate quality of DPGM data. Lack-of-fit (LOF) and percent of 

the variance explained (R2) calculated for three replicates of the 10 ppm test mix for hexadecane 

(m/z 57) and eicosane (m/z 43). Both metrics were calculated for the 2D peaks over ±3 s.d. 

intervals (1.5×2Wb, or ~99% peak area), and the average values (±1 s.d.) are reported. The second 

to last and the last columns contain the percent error calculated as the relative difference in sum 

of the 2D peak areas of the PARAFAC and raw peaks (PARAFAC-raw)/raw, prior to 2tR 

correction and after 2tR correction, respectively.  

 

Hexadecane LOF   R2  

Percent error in sum 

of 2D peak areas 

before 2tR correction 

Percent error in sum 

of 2D peak areas 

after 2tR correction 

Run 1 7.24% 99.75% -0.75% 0.45% 

Run 2 5.50% 99.85% -0.71% -0.63% 

Run 3 6.76% 99.77% -0.59% -0.72% 

Ave (±1 s.d.) 6.50% (± 0.90%) 99.79% (± 0.053%) -0.69% (± 0.09%) -0.30% (± 0.65%) 

Eicosane     

Run 1 6.42% 99.79% -0.48% -0.32% 

Run 2 6.34% 99.80% -0.68% 0.52% 

Run 3 6.58% 99.78% -0.65% 0.27% 

Ave (±1 s.d.) 6.45% (± 0.12%) 99.79% (± 0.009%) -0.60% (± 0.11%) 0.16% (± 0.43%) 

Next, the quantitative performance of DPGM in FMM with TOFMS detection was 

evaluated using the 2D peak areas for the same two representative analytes hexadecane and 

eicosane. A serial dilution of the 90-component test mixture was carried out as described in the 

Experimental section (4.2). Peak areas were calculated for three replicates of hexadecane and 

eicosane for their highest signal m/z for the 10 ppb, 100 ppb, 1 ppm, and 10 ppm test mixtures. 

The peak area was calculated as the sum of the area of the modulated 2D peaks. If the peak area 

(y) is linear with concentration (x), a slope of 1 is expected for the log-log calibration plot. A 

linear log-log calibration was obtained with a slope of 1.02 (y = 1.02x + 2.45) and an R2 of 0.997 

for hexadecane, and a slope of 0.98 (y = 0.98x + 2.65) with an R2 of 0.996 for eicosane, 
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indicating a good calibration was achieved for both analytes. These are promising results 

supporting the use of the data obtained by DPGM in FMM for quantitative studies. 

 To demonstrate the detection sensitivity achieved using TOFMS detection with DPGM in 

the FMM, a representative analyte was studied from the test mix at a concentration of 10 ppb to 

determine the LOD facilitated by chemometric decomposition. With the high signal enhancement 

achieved as demonstrated by the DREF in Figure 4.4A, the fully modulated hexadecane m/z 57 

peak for a representative of three replicates is shown in Figure 4.5A, with sufficient signal above 

the noise for this concentration to extrapolate to the LOD. Furthermore, using the trilinear data 

structure provided by GC×GC-TOFMS, PARAFAC modeling resulted in the modulated peaks in 

Figure 4.5B. Here, following PARAFAC, the individual 1D and 2D peak loadings are used to 

reconstruct the data in the unfolded format.  Significant noise from the baseline in Figure 4.5A 

has been removed relative to Figure 4.5B, as one of the modeled components via PARAFAC. 

Analogous to applying the “two-step” method for quantification, the sum of the 2D peaks in 

Figure 4.5B was plotted in Figure 4.5C for calculating the LOD, herein defined as three times 

one s.d. of the baseline noise signal (LOD = 3sN). The S/N used was the ratio of the peak signal 

to one s.d. of the baseline noise (sN). For three replicates of hexadecane in the 10 ppb test mix, 

the average S/N was found to be 14-fold greater than the calculated LOD of 0.70 ppb (± 0.03 

ppb), demonstrating the high sensitivity that is achieved. Replicates of data as presented in 

Figure 4.5C were also used to examine quantitative reproducibility.  The PARAFAC loadings 

that produce the 2D peak profiles retain the concentration information, so the sum of the 

modulated peaks is proportional to the analyte concentration. An average peak area of 3180 (± 

125 s.d.) was obtained for hexadecane, corresponding to a RSD of 3.93%.  
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Figure 4.5. Visualization of analyte quantification. (A) The fully modulated hexadecane 2D peak 

data (m/z 57) for a representative of three replicates from the 10 ppb test mix. (B) The 

reconstructed 2D peaks following PARAFAC of the raw data in (A). (C) The single 2D peak 

obtained by summing all of the 2D peaks from (B). 

 

PARAFAC decomposition was performed to further evaluate the quality of the data 

regarding the issue of trilinearity, building upon the positive findings in Figure 4.4 and Table 4.3. 

For this evaluation, the severely overlapped region in Figure 4.3C centered at about 9 min on 1D 

and 450 ms on 2D was subject to PARAFAC, in order to resolve the overlapped analytes and 

provide their mass spectra for identification. If the data are suitably trilinear, the mass spectra 

obtained by PARAFAC should provide a high MV, even for low concentration, highly 

overlapped analytes. The seven analytes from the 90-component test mixture that were resolved 

by PARAFAC are the following: 1-bromohexane, propylbenzene, bromobenzene, 4-

ethyltoluene, 3-ethyltoluene, anisole, and 1,2,4-trimethylbenzene (Table 4.4). From Figure 4.3C, 

the 2D region selected for decomposition is presented in Figure 4.6A for the 10 ppth test mixture 

displaying the TIC chromatogram. The 10 ppth test mixture data is provided for reference, since 

at this higher concentration, the analytes are more readily visible, albeit severely overlapped. The 

same section of the 2D chromatogram is displayed in Figure 4.6B for the 1 ppm test mixture, 

which was analyzed by PARAFAC. In Figure 4.6B, most of the seven analytes appear 

indistinguishable prior to PARAFAC modeling. Following PARAFAC, the analyte peak profiles 

were reconstructed [47]. Here, the outer product of the loadings (1D and 2D peak profiles) was 
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taken for the m/z with the highest intensity of the decomposed mass spectrum of the individual 

fully resolved peaks. The overlay of the contour plot of each analyte (Figure 4.6C) was produced 

by cutting and folding the analyte response profiles generated by the outer product of the 

loadings for the selected m/z. The poor chromatographic resolution of the analytes was expected 

to present a challenge for decomposition and reliable identification, especially for the low 

concentration of the 1 ppm test mixture. In particular, propylbenzene (2), bromobenzene (3), 4-

ethyltoluene (4), and 3-ethyltoluene (5) were all severely overlapped. The poor 1D 

chromatographic resolution (1Rs) for 4-ethyltoluene (4) and bromobenzene (3) is evident in 

Figure 4.6C, and retention time and peak width information from this contour plot was used to 

calculate the 1Rs = 0.063. A higher 2D chromatographic resolution (2Rs ) of 0.61 made up for the 

lack of 1D resolution, giving a Rs,2D = 0.61 and facilitating PARAFAC decomposition. The 2D 

resolution (Rs,2D) reported here is calculated as the Euclidean norm of the 1Rs and 2Rs [55]. 

Similarly, a 1Rs = 0.44 for 4-ethyltoluene (4) and propylbenzene (2) compensated for the poor 2D 

resolution (2Rs = 0.16), resulting in a 2D resolution of Rs,2D = 0.47 that was sufficiently high to 

resolve this pair of analytes. In addition to both 1Rs and 2Rs of ~ 0.3 (Rs,2D = 0.47), the similar 

mass spectra of 4-ethyltoluene (4) and 3-ethyltoluene (5) made decomposition very challenging.  

Overall, successful PARAFAC decomposition was achieved for all seven components for the 10 

ppm and 1 ppm test mixtures. In addition, the mass spectra obtained by PARAFAC that 

corresponded to each loading was individually matched to the NIST spectral library to obtain 

MV (Table 4.4). The MV were reproducible (RSD ≤ 7.1%) for each component, with a majority 

of MV over 800. The ability to fully resolve all seven components despite the low 

chromatographic resolution, and low sample concentration, while providing reproducible spectra 

for identification, provides strong support that DPGM with GC×GC-TOFMS produces 
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sufficiently trilinear data, suitable for chemometric analysis with methods such as PARAFAC. 

This finding significantly broadens the scope of the utility of this novel flow modulator.  

 

Figure 4.6. PARAFAC was used for the decomposition and identification of a heavily 

overlapped 2D region containing seven analytes, centered at about 9 min on 1D and 450 ms on 
2D in Figure 4.3C. (A) The section of the TIC chromatogram of the 10 part-per-thousand (ppth) 

90-component mix from Figure 4.3C provided for visual reference in order to more clearly see 

the peaks. (B) The same section as in (A) used for chemometric decomposition for a 

representative replicate of the more challenging 1 ppm test mixture. (C) The 2D contour plot 

created from the PARAFAC loadings from data in (B). All seven components were successfully 

decomposed for the 10 ppm and 1 ppm test mixtures and are numbered according to Table 4: (1) 

1-bromohexane, (2) propylbenzene, (3) bromobenzene, (4) 4-ethyltoluene, (5) 3-ethyltoluene, (6) 

anisole, (7) 1,2,4-trimethylbenzene. 

 

Table 4.4. The match values (MV) for the seven components following PARAFAC are shown 

for the 10 ppm and 1 ppm test mixtures. In parentheses next to the MV is the RSD value (%) for 

three replicates of each analyte.  

 

Peak Number Analyte 
Avg MV 

10 ppm 

Avg MV 

1 ppm 

1 1-bromohexane 866 (±6.5%) 741 (±7.1%) 

2 propylbenzene 868 (±0.7%) 830 (±0.8%) 

3 bromobenzene 800 (±4.2%) 767 (±5.8%) 

4 4-ethyltoluene 914 (±1.0%) 859 (±0.9%) 

5 3-ethyltoluene 894 (±1.8%) 823 (±5.9%) 

6 anisole 811 (±3.6%) 607 (±2.6%) 

7 
1,2,4-

trimethylbenzene 
931 (±0.8%) 847 (±2.5%) 
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4.4 Conclusion 

The new differential flow modulation technique “dynamic pressure gradient modulation” 

(DPGM) in the full modulation mode (FMM) is demonstrated to be compatible for GC×GC-

TOFMS. A 2D flow rate lower than typical flow modulation techniques (4 ml/min) was 

employed, and the quality of the data produced was examined. Full modulation was initially 

compared to partial modulation in the negative pulse mode by modifying the pulse width for a 

given PM, resulting in higher signal intensity and slightly earlier elution of analytes. A PM of 1 s 

and pw of 200 ms were selected for the 25 min separation of a test mixture, producing fully 

modulated peaks with an average 1Wb of 4.5 s and 2Wb of 130 ms for a 2D peak capacity (nc,2D) 

of 2700, or a peak production of 100 peaks/min. The raw data required no preprocessing prior to 

analysis and provided a 10 to 20-fold enhancement in signal and 5-fold increase in S/N relative to 

unmodulated peaks. Representative analytes were selected to demonstrate that the data produced 

is sufficiently trilinear and suitable for chemometric tools and quantification. Assisted by 

chemometric decomposition, the LOD for DPGM coupled to the TOFMS was determined to be 

0.7 ppb (± 0.03 ppb). Finally, the spectra obtained by decomposition of several heavily 

overlapped analytes at the low ppm concentration level provided reproducible identification, 

further supporting that this technique produces high quality data. This report presents promising 

results for a flow modulation technique compatible with MS detection and warrants further 

investigation to optimize separation efficiency. 
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Chapter 5: A systematic investigation of comprehensive two-

dimensional gas chromatography time-of-flight mass spectrometry with 

dynamic pressure gradient modulation for high peak capacity 

separations 

This chapter was reproduced from S. Schӧneich†, T.J. Trinklein†, C.G. Warren, R.E. Synovec, A 

systematic investigation of comprehensive two-dimensional gas chromatography time-of-flight 

mass spectrometry with dynamic pressure gradient modulation for high peak capacity 

separations, Anal. Chim. Acta 1134 (2020) 115–124.  

† These authors contributed equally to this work 

5.1 Introduction 

 The emergence of comprehensive two-dimensional (2D) gas chromatography (GC×GC) [1] 

has been one of the most enabling developments in the GC field since the invention of capillary 

columns [2]. There are several benefits of GC×GC relative to one-dimensional GC, including 

about a 10-fold gain in peak capacity [3], added chemical selectivity, and the potential for lower 

detection limits due to zone compression in the modulator. All of these benefits facilitate a more 

informative analysis of complex samples in a variety of studies: petroleum [4], metabolomics [5–

7], food science [8,9], and environmental [10], among others [11]. 

In order to perform a comprehensive two-dimensional separation, two capillary columns 

of sufficiently different selectivity must be interfaced such that a longer first dimension (1D) 

separation can be performed simultaneous with obtaining rapid separations on the second 

dimension (2D) column. This is accomplished using a modulator, which collects portions of 1D 

effluent, at a user-selected modulation period (PM), then rapidly injects each portion onto the 2D 

column. The effluent leaving the 2D column is then monitored in real time by a suitable detector.  

The resulting one-dimensional data array is reshaped into an m × n matrix, where the length of n 
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is the number of modulations, and the length of m is the number of data points per modulation, 

which is dependent on the data collection frequency and the PM applied.  

Modulators can be broadly categorized into two classes: thermal [1,12] and flow-based 

[13–17]. Thermal modulators collect analyte by cold or phase-ratio trapping followed by rapid 

injection onto 2D by thermal desorption. Detectability improves by this analyte preconcentration, 

with total transfer of 1D effluent to the 2D column, referred to as a 100% duty cycle [18,19]. 

While undeniably a powerful approach, cryogen use necessitates higher operating costs. More 

recently, consumable-free thermal modulation shows promising performance at a fraction of the 

operating cost of cryogenic systems [20–23]. 

Flow modulation (i.e., valve-based, pneumatic, or fluidic modulation) was introduced by 

our group [13] and further developed by Seeley [14,17,24] and others [25–27] as a simple, low-

cost alternative to thermal modulation. Flow modulators are capable of operating at a broad PM 

range (50 ms ≤ PM ≤ 6 s) [182,183]. Also, light compounds (down to C1) are efficiently 

modulated, which are difficult to trap using thermal modulation. Flow modulation does not truly 

“focus” analyte by concentrating analyte molecules relative to the carrier gas molecules. Instead, 

a sensitivity enhancement is provided by compressing the 1D effluent in time since a much 

higher flow rate is generally used along 2D relative to 1D [30,31]. The higher analyte flux 

increases detection sensitivity with mass-sensitive detectors such as flame ionization detection 

(FID), time-of-flight mass spectrometry (TOFMS), and quadrupole mass spectrometry (qMS) 

[32].  

Despite the potential benefits of flow modulation, their use is not widespread and only 

recently have they been commercially introduced. Indeed, flow modulation often results in 

discarding a portion of 1D effluent to waste (duty cycle < 100%), which decreases detection 
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sensitivity, or involves use of a high 2D flow rate, which is a compatibility challenge with MS 

detection. Recent advances have aimed to address these challenges. High duty cycle flow 

modulation has been interfaced with atmospheric pressure chemical ionization (APCI) which 

reduces the need to slow down the 2D flow [33]. Conversely, low duty cycle designs that do not 

require a high 2D flow are gaining acceptance. One such design, the Flux Flow modulator, was 

commercialized, based on the multi-mode modulator [34]. It is simple to use and effective but 

discards a large portion of 1D effluent to waste. Despite these recent advances, total-transfer flow 

modulation with MS detection (without flow-splitting) is not commercially available or widely 

implemented. Therefore, there is an ongoing need for the development of high-performance 

GC×GC separations with MS using total transfer differential flow modulation.  

To address this need, we introduced a differential flow modulation technique referred to 

as dynamic pressure gradient modulation (DPGM), which provides a 100% duty cycle and is 

compatible with TOFMS [35,36]. Herein, we provide optimization steps and demonstrate 

improved modulator performance in terms of 2D peak capacity (nc,2D) for GC×GC-TOFMS 

relative to our previous report [36]. An improved design for the modulator interface is described 

which minimizes dead volumes and increases modulator longevity. Furthermore, we investigate 

the impact of sampling-induced band broadening of the 1D peaks at various levels, to assess the 

impact on nc,2D. The effect of undersampling alone due to the modulated 1D peak widths [37] is 

related to the effective 1D peak widths that considers both undersampling and sampling variation 

via statistical overlap theory (SOT) [38]. Next, we evaluate the modulation conditions that 

provide the maximum usage of the 2D separation space in the context of the fractional space 

occupied, which is also used to correct nc,2D [39]. Finally, broad applicability is demonstrated 
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with the analysis of diesel fuel, derivatized cow serum, coffee headspace using head-space solid-

phase microextraction (HS-SPME), and contaminated river water (with HS-SPME).  

5.2. Theory 

The ideal 2D peak capacity [14] is described by 

𝑛c,2D = 𝑛 
1

c × 𝑛 
2

c (5.1) 

where 1nc is the temporal portion of the 1D separation (tsep) occupied by analytes divided by the 

experimentally measured true 1D peak width (1Wb), obtained by running the GC×GC separation 

without modulating. The peak capacity on 2D (2nc) is determined as previously described [184]. 

Beyond Eq. (5.1), we seek to compare the 2D peak capacity that is impacted by undersampling 

alone, versus the 2D peak capacity that considers both undersampling and sampling variation via 

SOT, in order to assess their relative contribution. The 2D peak capacity impacted by 

undersampling alone is given by 

𝑛c,2D
∗ = 𝑛 

1
c

∗
× 𝑛 

2
c (5.2) 

where 1nc* is given by 1nc = tsep/
1Wb*, with 1Wb* the 1D peak width measured directly from the 

modulator broadened 1D peak profiles in the unfolded GC×GC data [33]. In our comparison of 

results from Eqs. (5.1) and (5.2), we also relate the experimentally measured 1Wb and 1Wb*, to 

the predicted 1D peak width (1Wb**) that should in principle match 1Wb [33].  

The 2D peak capacity that considers both undersampling and sampling variation via SOT 

is given by [18]  

𝑛c,2D,β = 𝑛 
1

c,β × 𝑛 
2

c (5.3) 

where 1nc,β is tsep/
1Wb,β , where 1Wb,β is the 1D peak width from Eq. (5.1), 1Wb, multiplied by <β>, 

〈𝛽〉 = √1 +  3.4 (
1

𝑀R
)

2

(5.4) 
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with MR the modulation ratio (aka sampling density [185,186]), given by 1Wb/PM. While it is 

anticipated that nc,2D > nc,2D* > nc,2D,β, we seek to examine the relative contributions of these 

various effects. Additionally, since Eqs. (5.1-5.3) imply that the entire 2D space along tsep is 

occupied by analytes, which is seldom achieved for a given sample, the 2D peak capacities can 

be corrected by the fraction of the 2D space that is occupied (fcoverage). A recent evaluation of 

several area-based metrics for determining fcoverage determined that the minimum convex hull 

method was the most independent of sample dimensionality [39], 

𝑓coverage =
𝐴enclosed

𝑡sep ∙ 𝑃M

(5.5) 

where Aenclosed is the area within the minimum convex hull. The minimum convex hull, in the 

context of a 2D separation, is the smallest polygon that be drawn around a set of retention time 

coordinates with no interior angle exceeding 180◦. The method can be visualized as snapping a 

rubber band around the retention time coordinates and calculating the area enclosed. 

5.3. Experimental  

5.3.1 Instrumentation 

The instrumental platform in Fig. 5.1A was based on a modified commercial GC×GC-

TOFMS, comprised of an Agilent 6890 gas chromatograph (Agilent Technologies, Palo Alto, 

CA, USA) coupled to a LECO Pegasus III TOFMS (LECO Corporation, St. Joseph, MI). The 1D 

and 2D columns were joined via a T-union with the third port interfaced to a commercial 2-way 

solenoid “pulse” valve (Model 0 09–0347–900, Parker Hannifin, Hollis, NH) using an in-house 

made interface. Modulation is provided by rapidly pulsing an auxiliary pressure (Paux) at the T-

union joining the 1D and 2D columns. Injection onto 2D occurs when auxiliary flow is not 

applied, and the 1D effluent previously stopped, or “loaded,” at the end of the 1D column can 

pass the T-union junction. Then, when suitable pressure is reapplied to the T-union, flow along 
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1D temporarily stops simultaneous with separation of the injection onto 2D. We describe 

modulation optimization in terms of the pulse width (pw), i.e., the time the valve is closed for 

every PM, and the applied Paux.  

 

Figure 5.1. Schematic of the instrument with a zoom-in of the modulator. (A) Schematic 

diagram of the GC×GC-TOFMS instrument. Pinlet refers to the pressure at the inlet of the 1D 

column, and Paux refers to the auxiliary gas pressure applied to the valve, which is tuned to 

achieve full modulation. (B) Schematic of the exterior of the pulse valve including the 

connection to the auxiliary gas supply, the pulse valve body, the internal union, and the tubing 

that connects the valve to the T-union at the junction of the 1D and 2D columns. (C) Zoom-in of 

the interior of the valve including the custom fitting at the bottom of the interior of the valve 

made to eliminate dead volume. 

 

A schematic of the solenoid valve and interface exterior is shown in Fig. 5.1B. The 

interface is constructed from a circular stainless-steel plate machined to a zero-dead volume 

1/32” union. A zoom-in of the interior region showing the bottom portion of the solenoid valve 

and the in-house fitting is given in Fig. 5.1C. The interface is constructed such that the 

connection tubing can be seated just inside the valve interior, touching the poppet during the 

normally closed (NC) position. This construction eliminates the potential for dead volumes 

which may cause injection-induced band broadening since 2D peak widths have been shown to 

be dependent on the time of the pressure pulse applied to the junction [35]. To accomplish this, 
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the base plate of the pulse valve was removed, and the exit orifice was reamed out to 800 µm, 

thus matching the o.d. of the connection tubing. In previous reports, the pulse valve orifice was 

either much larger/or smaller than the connection tubing or employed a “cone” exit which caused 

leaks along with the potential for a dead volume(s). Additionally, we have observed better 

performance of the modulator, in terms of the observed 2D peak widths, using very short and/or 

narrow connection tubing with a small active volume between the valve and the T-union. 

Therefore, a 5 cm length of 127 µm i.d. length of tubing was used, which was the shortest length 

that could be practically used while keeping the pulse valve outside of the oven. More detail of 

the modulator assembly, interface, and software control is provided in Fig. B.1 in Appendix B. 

One column set was applied for the analysis of a 116-component test mixture and various 

complex samples (cow serum, river water headspace, and coffee headspace), and another column 

set was applied for a diesel sample. Sample preparation and specific analysis conditions for all 

the complex samples are provided in the Appendix B. For the separations of the 116-component 

test mixture (Table B.1 in Appendix B), derivatized cow serum, coffee headspace (using HS-

SPME), and contaminated river water (using HS-SPME), a standard non-polar × polar column 

set was applied. The 1D column had a DB-5 stationary phase (5% phenyl polydimethylsiloxane): 

18.5 m with a 180 µm capillary i.d. (dc) and 0.18 µm film thickness (df). The 2D column had a 

DB-WAX stationary phase (polyethylene glycol): 4 m with a 180 µm dc and 0.18 µm df. This 

relatively long 2D column [44] optimally used the separation space, enabling use of a longer PM 

of 2 s relative to previous work [63], thus maximizing the peak capacity. For the diesel fuel, a 

“reverse format” polar × non-polar column configuration was applied. The 1D column had an 

Rxi-17 stationary phase (50% phenyl-methylpolysiloxane): 20 m with a 180 µm dc and 0.18 µm 

df. The 2D column had a DB-5 stationary phase (5% phenyl-polydimethylpolysiolxane): 4 m with 
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a 180 µm dc and 0.18 µm df. When employing a “reverse format” polar × non-polar column 

configuration, analytes of widely varying boiling points elute at the same time on 1D due to polar 

interactions, causing analytes to be separated on 2D largely by vapor pressure, even when using a 

mid-polar 2D column [45]. Reverse column configurations enable excellent use of the 2D 

separation space for fuel samples [46]. 

5.3.2 Experimental parameters 

For the separations of the 116-component test mixture, derivatized cow serum, coffee 

headspace (using HS-SPME), and contaminated river water (using HS-SPME), the oven 

temperature was held at 50 °C for 5 min, then ramped at 8 °C/min to 290 °C where it was held 

for 5 min for a total run time of 40 min. The inlet was operated in constant flow mode at 1.55 

ml/min by setting the 1D column length at 20 m and the 2D column length at 4 m in ChromaTOF 

(LECO, St. Joseph, MI) with vacuum outlet pressure. This corresponded to a ramp of Pinlet from 

323 kPa (5 min hold) to 513 kPa (3 min hold) at 7 kPa/min. Since the dc and df between 1D and 

2D was constant, calculation of an equivalent column length to input into the GC software was 

unnecessary. Although the flow was set to 1.55 ml/min, the average 1D volumetric flow rate (1F) 

was estimated at ~0.10 ml/min by converting the observed linear velocity, as calculated from the 

dead time and known column length, to a flow rate using the Agilent Pressure Flow Calculator 

(Agilent Technologies, Palo Alto, CA, USA). The decreased flow rate is due to the temporary 

stop flow conditions because of applying DPGM. The optimized auxiliary pressure, Paux, applied 

to the pulse valve was 330.9 kPa (33 psig), where it was held for 3 min, followed by a ramp at 

4.1 kPa/min to 379.7 kPa (55 psig). This corresponded to an average flow at the 2D column 

outlet of ~6 ml/min. Although an exit flow of 6 ml/min is relatively high compared to most GC-

based methods using MS detection, overheating of the turbopump was not observed and the 
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quality of the mass spectra obtained was not affected in any readily discernable way. The 

TOFMS was set to collect from mass channels 33 – 223 m/z at a collection rate of 200 Hz. The 

electron impact ionization energy was −70 eV and the detector voltage was 1562 V.  

The 116-component test mixture used to evaluate the instrumental platform contained a 

wide variety of analytes (Table B.1 in Appendix B) which were all ~1 parts-per-thousand in 

methanol. Triplicate chromatograms were obtained by 1 µl injections at a 1:100 split ratio. First, 

the effect of the applied Paux on separation performance was studied by changing the initial 

pressure and final pressures, while keeping all other parameters the same, including the Paux 

ramp rate. Separations at an initial Paux from 296.5 kPa to 341.3 kPa were obtained in triplicate, 

at intervals of 3.5 kPa. The effect of pulse width (pw) was investigated by varying pw while 

keeping all other parameters constant, using the optimized initial Paux of 330.9 kPa (33 psig). 

Triplicate chromatograms were obtained at pw of 0, 40, 80, 120, 160, 200, 240, 280, 360, 440, 

520, 600, 680, 840, 1000, 1320, and 1960 ms. All calculations were performed in MATLAB 

2019a (The Mathworks, Inc., Natick, MA, USA)., with Gaussian curve fitting obtained using the 

Curve Fitting Toolbox.  

5.4  Results and Discussion 

Optimization of the DPGM conditions for GC×GC-TOFMS was evaluated with the 116-

component test mixture. The total ion current (TIC) chromatogram (Fig. 5.2A) displays the 

optimized 30 min separation using a PM of 2 s and pw of 200 ms. A zoom in (Fig. 5.2B) 

highlights the excellent use of 2D separation space, concurrent with the 2D peak widths (2Wb) at 

±2 standard deviations (s.d.), remaining narrow relative to the PM throughout the 2D separations.  

The peak capacity on 2D, was determined as previously described [41] using 10 analytes with a 

wide range of 2k’ with 2Wb ranging from 102 to 221 ms (see Appendix B), resulting in a 2nc = 15 
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with PM = 2 s (Fig. 5.2C). The 10 analytes used for this 2nc determination and their 2Wb are 

provided in Table B.2 in Appendix B. The analyte 1-bromoheptane (Fig. 5.2D) is used to 

demonstrate how the various 1D peak widths in the context of Eqs. (5.1-5.3) were determined: 

experimentally measured 1Wb and 1Wb* at ±2 s.d., predicted 1Wb** [37], and <β> corrected 1Wb,β 

[38]. Pinkerton et al. demonstrated that while the true 1D peak width (1Wb) has to be measured 

experimentally by not modulating the GC×GC instrument (essentially the same as placing a 

separate detector prior to the modulator), 1Wb can also be  predicted from modulated data via 

knowledge of the true MR, herein referred to as 1Wb** [37]. First, the experimental peak width 

(1Wb*) was measured by fitting a Gaussian curve to the modulated data. For 1-bromoheptane the 

1Wb*= 5.50 s, which is inflated from undersampling. For a PM = 2 s, the effective modulation 

ratio (MR*=1Wb*/PM) is 2.75. Using the information in Table 5.2 from the study conducted by 

Pinkerton et al., the true modulation ratio was determined to be MR = 2.48, corresponding to a 

1Wb ** = PM×MR= 4.96 s. Next, the peak width of unmodulated 1-bromoheptane was measured 

and determined to be 1Wb = 4.95 s, which is essentially identical to the predicted 1Wb**.  Next, 

the 2D peak capacity that considers both undersampling and sampling variation via SOT was 

investigated per Eq. (5.3). The <β> was calculated and multiplied by the 1Wb to determine 1Wb,β. 

For 1-bromoheptane, <β> = 1.24 and 1Wb,β= 6.10 s.  
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Figure 5.2. 116-component sample separation and visualization of sampling-induced band 

broadening. (A) TIC chromatogram of the 30 min GC×GC-TOFMS separation of the 116-

component test mixture. (B) Zoom-in from 10 – 24 min of the separation in (A). Analytes 

spanning all 2k’ used for the calculation of 2nc in (C) are numbered. (C) Linear relationship 

between 2Wb and 2k’ used for the iterative calculation of retention times and 2Wb (plotted in inset) 

to obtain 2nc = 15 for the 116-component test mixture [184]. (D) A Gaussian curve (red) was fit 

to the modulated 1-bromoheptane peak to determine the effective 1D peak width (1Wb*). From 

the 1Wb*, the MR*, MR, and 1Wb** were using Table 5.2 in reference [37]. The inset demonstrates 

how well the Gaussian curve was fit to the modulated data for the small 2D peak between 998-

999 s. The 1Wb measured from the unmodulated data is also reported here for comparison. 

 Optimization of the separation and modulation conditions in Fig. 5.2 was achieved by tuning 

two main parameters, Paux (the pressure applied to the valve), and pw (how long the valve is 

closed). For demonstration purposes, Paux and pw were tuned individually, however, in practice it 

is recommended to tune them simultaneously. For a user-defined PM and pw, the Paux must be 

suitably high relative to Pinlet to achieve full modulation but not too high to diminish the 2D 

separation space used. The effect of Paux applied to the valve on the resulting modulation depth 
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[47], which describes the extent to which the signal reaches the baseline between modulations, 

(Fig. 5.3A) and 2Wb (Fig. 5.3B) was studied first. To do so, the initial Paux of 296.5 kPa (28 psig) 

was raised by increments of 3.5 kPa (0.5 psig) to 330.9 kPa (33 psig) for each successive run 

while maintaining a constant Paux ramp rate of 4.1 kPa/min. A normalized modulated nonane 

peak (m/z 57) and the beginning of the next modulated peak is shown in Fig. 5.3A for each 

pressure program for visual interpretation of the extent to which the analyte is modulated. Note 

that with an initial Paux of 330.9 kPa full modulation is achieved and the 2D peak width, 2Wb, is 

narrower, and for lower Paux the 2D peak is slightly wider and no longer returns to baseline 

between modulations, rather the modulated 2D peaks are superimposed on the underlying 1D 

profiles referred to as the negative pulse mode regime, observed here in Fig. 5.3A with an initial 

Paux = 296.5 kPa [47–49]. A greater range of Paux is provided to demonstrate the effect on 2Wb 

(Fig. 5.3B) for representative analytes nonane (m/z 57) and p-xylene (m/z 91), with the optimal 

initial Paux indicated with a star. Error bars are representative of ±1 s.d. for 2Wb measurements 

obtained from triplicate chromatograms. The optimal initial Paux of 330.9 kPa was selected due 

to the narrow 2Wb achieved concurrent with a maximum amount of 2D space used, whereby the 

fcoverage obtained via Eq. (5.5) was a quantitative metric. For the optimized test mixture separation 

in Fig. 5.2A, application of the minimum convex hull method is shown in Fig. 5.3C, with an 

fcoverage = 0.78 (Paux = 330.9 kPa). Similarly, fcoverage was calculated for all chromatograms used to 

prepare Fig. 5.3B, with the result given in Fig. 5.3D. For Paux above the optimum, slightly 

narrower 2Wb were obtained, though the fcoverage was significantly lower; since analytes have less 

residence time on the 2D column resulting in less use of the 2D space. Concurrently, further 

increasing Paux slows flow on 1D to greater extent, resulting in increasing 1D peak widths. Note 

that the 1D flow rate could be increased by increasing Pinlet, however, this would call for further 
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increasing Paux to maintain full modulation. For Paux below the optimum, the fcoverage was near 

that at the optimum, but the chromatographic data was in the negative pulse mode regime. 

 

Figure 5.3. Demonstration of tuning Paux and pw. (A) Overlay of normalized single 2D nonane 

peak at Paux = 296.5 kPa, 303.4 kPa, 317 kPa, 323.9 kPa, and 330.9 kPa for using m/z 57. The PM 

= 2 s and pw = 200 ms. (B) Calculated average 2Wb values for three replicates of modulated 

nonane (m/z 57) and p-xylene (m/z 91) peaks for Paux ranging from 296.5 kPa to 341.3 kPa 

increasing in increments of 3.5 kPa. The optimal initial Paux for all applications was 330.9 kPa 

and is indicated by the star. (C) Minimum convex hull drawn around the optimized test mixture 

separation (Fig. 2A), and fcoverage metric. (D) Using the minimum convex hull method, fcoverage is 

plotted for the pressure optimization study in (B), with the optimal Paux (starred). (E) Overlay of 

single 2D peak at pw = 200 ms, 160 ms, 120 ms, and 40 ms for nonane using m/z 57. (F) 

Calculated average 2Wb values for three replicates of modulated nonane (m/z 57) and p-xylene 

(m/z 91) peaks for PM = 2 s and pw ranging from 40 ms to 1320 ms. The star indicates the optimal 

pw of 200 ms. Error bars for (B) and (F) represent one s.d. for three replicates. 
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 Next, the optimal pw was selected by tuning pw and observing the modulation depth [47] 

(Fig. 5.3E) concurrent with measuring 2Wb (Fig. 5.3F). The optimal pw must provide full 

modulation (i.e., no breakthrough) and produce narrow 2Wb for high peak capacity. A series of pw 

ranging from 0 ms to 1960 ms was evaluated so that data could be compared across all modes of 

DPGM: the full modulation mode, and partial modulation in the negative and positive modes 

[35,47,49,50], wherein the positive pulse mode indicates baseline between modulations 

concurrent with pw approaching PM. A PM of 2 s and initial Paux of 330.9 kPa were applied for 

each pw studied. Low pw near 0 ms produce negative pulse mode data shown in Fig. 5.3E for pw 

= 40 ms (green), 120 ms (black), and 160 ms (red). The lowest pw studied that achieved full 

modulation was pw = 200 ms, displayed as the blue trace in Fig. 5.3E. The effect of pw on 2Wb for 

nonane and p-xylene for pw ranging from 40 ms to 1320 ms is presented in Fig. 5.3F. The lowest 

few pw ranging from 40 ms to 160 ms provide negative pulse mode data with 2Wb ≈ 100 ms, with 

increasing 2Wb as pw is increased. For pw in the range of 200 ms to 1000 ms, full modulation is 

achieved. Since 2Wb for a pw of 200 ms is the narrowest in this range, this was selected as the 

optimal pw indicated by a star.  It is noteworthy that for ease of implementation, a large range of 

pw provides full modulation (200 ms ≤ pw ≤ 680 ms) concurrent with 2Wb not changing 

significantly. At a pw = 1320 ms in Fig. 5.3D, the peaks just begin to be partially modulated in 

the positive pulse mode. The pw > 1320 examined (up to 1960 ms) are also in the positive pulse 

mode, not shown for brevity. 

To better visualize the effect of tuning pw and support the selection of the optimal pw of 

200 ms, Fig. 5.4 highlights the raw data obtained for nonane at m/z 57 for a few select pw ranging 

across all DPGM modes included in Fig. 5.3F. For ease of interpretation, all nonane peaks are 

plotted for 12 s of the separation and are on the same intensity scale. The unmodulated nonane 
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peak is shown in Fig. 5.4A corresponding to a pw = 0 ms, i.e., when the valve is open throughout 

the entire PM, and the auxiliary flow dilutes the 1D effluent entering the 2D column. This 

produces standard 1D peak profiles at much lower signal than that of the modulated 2D peaks. 

For short pw approaching 0 ms, such as pw = 40 ms in Fig. 5.4B, data in the negative pulse mode 

regime is produced [47–49]. The raw data requires a cumbersome baseline subtraction step to 

isolate the narrow 2D peaks (less than 100 ms) prior to cutting and folding to produce a 

traditional 2D chromatogram. Increasing the pw further, the data produced is fully modulated, 

beginning at pw = 200 ms in Fig. 5.4C, to pw = 600 ms in Fig. 5.4D, and with just a hint of going 

into the positive pulse mode at pw = 1320 ms (pw approaching the PM) in Fig. 5.4E. Note that the 

heights of the fully modulated peaks for a pw of 200 ms are slightly greater than that of the fully 

modulated peaks for pw = 600 ms and pw = 1320 ms, and the partially modulated peaks. A pw of 

200 ms produces narrower peaks relative to the fully modulated peaks with a pw = 600 ms and 

1320 ms, which accounts for the difference in peak heights since the sum of the 2D peak areas is 

conserved. Similarly, the signal decreases at pw < 200 ms as the analyte is not fully modulated 

and more signal is retained in the 1D profile. This further supports the selection of pw = 200 ms to 

be the optimal pw. As pw was increased to 1960 ms (Fig. 5.4F), almost the entire PM of 2 s, the 

data is significantly more partially modulated in the positive pulse mode where the auxiliary gas 

flow creates vacancies in the peak profile [28,47,50]. It is also of note that as pw was increased, 

the 1D retention time of the nonane peak decreased. A longer pw corresponds to less time that the 

auxiliary gas flow is applied, so the flow on 1D is slowed down for a shorter period of time.  
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Figure 5.4. Raw data for nonane (m/z 57) from the test mixture separation. (A)  Unmodulated 1D 

peak with pw = 0 ms, (B) Partial modulation of the 1D peak in the negative pulse mode with pw = 

40 ms, (C) Full modulation mode of the 1D peak with pw = 200 ms. (D) Full modulation mode 

with pw = 600 ms. (E) Partial modulation in the positive pulse mode with pw = 1320 ms begins to 

emerge. (F) Partial modulation in the positive pulse mode for pw = 1960 ms. 

We now turn our focus on the evaluation of the 2D peak capacity performance of the 

optimized separation of the test mixture in Fig. 5.2. The same 10 analytes from Fig. 5.2C were 

used to determine the 1D peak widths as defined in the context of Eqs. (5.1-5.3): experimentally 

measured 1Wb and 1Wb* at ±2 s.d., predicted 1Wb** [37], and <β> corrected 1Wb,β [38]. With 

analyte 1-bromoheptane (Fig. 5.2D) as the prior example, 1D peak width measurements for all 10 

analytes is provided in Fig. B.2 in Appendix B, with a summary in Table 5.1. The average 1D 

peak widths for all 10 analytes are as follows: 1Wb* = 6.0 (± 1.0) s, 1Wb = 5.5 (± 1.0) s, 1Wb** = 

5.5 (± 1.0) s, and 1Wb,β = 6.6 (± 0.9) s. Note that the agreement between 1Wb and 1Wb** serves to 
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experimentally validate the previous theoretical study [37]. Additionally, an average 1Wb,β = 6.6 

s, indicates ~10% increase relative to 1Wb* due to only the statistical aspect of the SOT, since 

both contain the penalty for undersampling. Using Eqs. (5.1-5.3), with the average 1D peak 

widths in Table 5.1, 2nc = 15, and a tsep = 30 min, the following 2D peak capacities were 

obtained: nc,2D = 4950, nc,2D* = 4500, and nc,2D,β = 4090. For this test mixture, the overall 2D 

peak capacities are 22% less when considering the fcoverage = 0.78 (see Fig. 5.3C). Overall, the 

nc,2D provides about a 2-fold improvement relative to a previous GC×GC-TOFMS study [36], 

and corresponds to a high ideal peak production rate of 164 peaks/min (nc,2D/tsep). Factors 

contributing to this improvement include using a high 2F (6 ml/min, versus 4 ml/min before) 

relative to the 1F, and installing a longer 2D column (4 m, versus 2 m before). The higher 2D flow 

rate produces narrower peaks, and the longer 2D column increases 2D retention time, resulting in 

a greater use of the 2D space and fcoverage, and therefore a smaller peak capacity correction. 
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Table 5.1. Summary for 1D peak width study using analytes labeled in Fig. 5.2B. The 

experimental 1D peak widths, 1Wb*, include modulation-induced band broadening, and were 

measured across ±2 s.d. of the Gaussian fit (Fig. 5.2D and Fig. B.2). The measured true 1Wb were 

obtained from unmodulated data. The 1Wb* were used to determine MR*, MR, and finally 1Wb**, 

the predicted true 1Wb using Table 5.2 in reference [37]. Finally, using 1Wb as input, the 1Wb,β 

were calculated, that takes into account band broadening due to modulation and the statistical 

aspect of SOT [38]. 

Analyte 1Wb* (s) 1Wb (s) MR* MR 1Wb** (s) 1Wb,β (s) 

1. Octane 6.5 5.9 3.25 3.02 6.0 6.9 

2. Cyclooctane 5.9 5.5 2.96 2.76 5.5 6.6 

3. 1-Chlorohexane 7.5 7.1 3.73 3.56 7.1 8.0 

4. 1-Bromoheptane 5.5 5.0 2.75 2.48 5.0 6.1 

5. P-xylene 7.5 7.1 3.75 3.56 7.1 8.0 

6. Chlorohexylbenzene 5.2 4.6 2.60 2.30 4.6 5.9 

7. 2-Undecanone 4.9 4.4 2.47 2.20 4.4 5.7 

8. 2-ethyl-1-hexanol 5.5 5.0 2.77 2.48 5.0 6.2 

9. 1-Octanol 5.0 4.4 2.52 2.20 4.4 5.7 

10. 1-pentanol 6.5 6.0 3.24 3.02 6.0 7.0 

Average (± 1 s.d.) 6.0 (± 1.0) 5.5 (± 1.0) 3.00 (± 0.5) 2.75 (± 0.5) 5.5 (± 1.0) 6.6 (± 0.9) 

 

Finally, applicability of GC×GC-TOFMS with optimized DPGM in the full modulation 

mode was investigated for a broad range of complex samples: diesel, derivatized cow serum, 

coffee headspace, and river water. Inspired by other researcher’s excellent results with reverse 
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column sets for fuel samples [51,52], we present the diesel fuel separation first. The TIC 

chromatogram for the entire 45 min run of this diesel is displayed in Fig. 5.5A. A section of the 

separation from 15 – 25 min is displayed in Fig. 5.5B to better visualize the Wb on both 

dimensions and the excellent use of 2D space. Indeed, the separation had an fcoverage = 0.85 (Fig. 

B.3 in Appendix B). The relatively long 2D column (4 m) allowed for the different compound 

classes to be separated well on 2D and the high 2F was essential to maintain narrow peaks for a 

high peak capacity that did not vary greatly in 2Wb for analytes with varying 2k’. Next, the 

separation of a derivatized cow serum sample was obtained using the same standard column set 

as the test mixture. The TIC of the separation of this cow serum metabolomic sample is provided 

in Fig. 5.5C with a zoom-in of 7.5 – 14.5 min (Fig. 5.5D) to highlight good use of 2D space, 

fcoverage = 0.60 (Fig. B.3 in Appendix B). Next, SPME of coffee headspace was sampled, with the 

TIC of the separation provided in Fig. 5.6A, fcoverage = 0.80 (Fig. B3 in Appendix B). Excellent 

use of 2D space is evident in the zoom-in from 15 – 25 min (Fig. 5.6B). The final complex 

sample analyzed using the optimized DPGM parameters was the SPME of the headspace of a 

locally sourced river water sample. An analytical ion current (AIC) chromatogram for a section 

of 10 – 40 min of the river water sample is displayed in Fig. 5.6C, fcoverage = 0.60 (Fig. B.3 in 

Appendix B).  As most peaks had low signal relative to a few peaks at the beginning of the 

separation, the chromatogram is shown starting at 10 min using selective m/z 41, 71, and 73 

instead of the TIC. The TIC was not representative of all the analytes present in the sample, so 

these three m/z were selected as they captured most of the peaks in the chromatogram. To better 

visualize some of the detail in the separation, a zoom-in from 20 – 30 min is provided in Fig. 

5.6D. A few components in the river headspace and coffee headspace were in relatively high 

concentration, resulting in non-Gaussian peaks as a result of non-linear isotherm conditions. 
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Overall, the 2nc for these four complex samples was just slightly less than that of the test mixture, 

ranging from 12 to 14, and the tsep and 1D peak widths were also essentially the same as that of 

the test mixture (results not shown for brevity). Likewise, while the test mixture had an fcoverage = 

0.78, the four complex samples ranged from 0.60 – 0.85. Therefore, the overall separation 

performance for the test mixture was found to translate over to the complex sample separations.  

 

Figure 5.5. GC×GC chromatograms of diesel and derivatized cow serum. (A) The TIC 

chromatogram of diesel fuel using the reverse column set. (B) Diesel separation zoom-in from 15 

– 25 min. (C) The TIC chromatogram of derivatized cow serum using the standard column set. 

(D) Zoom-in of the cow serum separation from 7.5 – 14.5 min. 
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Figure 5.6. GC×GC chromatograms of coffee and river water headspace. (A) The TIC 

chromatogram of coffee headspace sampled by SPME. (B) Zoom-in of the coffee headspace 

separation from 15 – 25 min. (C) The analytical ion current (AIC) chromatogram of river water 

headspace, sampled by SPME, using m/z 41, 71, and 73. (D) Zoom-in from 20 – 30 min of the 

river water headspace separation. 

5.5 Conclusion 

The detailed assembly and experimental tuning for the optimization of DPGM for 

GC×GC-TOFMS was demonstrated. The optimized conditions were applied to a broad range of 

complex samples: diesel fuel, derivatized cow serum, coffee, and river water. For a user-defined 

PM, 1D flow conditions, and temperature program, optimal separations are achieved by tuning pw 

and Paux in concert. Both parameters affect the extent of 1D peak modulation and detection 
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sensitivity. The pw must be large enough to produce full modulation, but small enough that 

detection sensitivity is not compromised. The Paux must be high enough to provide the stop-flow 

conditions necessary to provide full modulation concurrent with narrow 2D peaks, but not too 

high as to significantly broaden 1D peaks and reduce the 2D space used. Using optimized 

conditions, peak capacity was determined for all sample types. For the test mixture, 2D peak 

capacities of nc,2D = 4950, nc,2D* = 4500, and nc,2D,β = 4090 were obtained. Thus, band 

broadening from the undersampling effect resulted in a 10% increase in peak width (1Wb* 

relative to 1Wb), and an additional 10% increase when corrected for the statistical aspect of 1Wb,β. 

The fcoverage was calculated for all chromatograms using the minimum convex hull method, 

ranging from 0.60 – 0.85, and this should be considered for the net 2D peak capacity for a given 

sample. However, any fcoverage correction to 2D peak capacity is highly sample dependent, since 

all samples, except for the diesel sample (fcoverage = 0.85), were run with the same separation 

conditions, yet the fcoverage ranged from 0.60 – 0.80. Expanding on findings of previous reports on 

DPGM for GC×GC-TOFMS, the demonstrated applicability to various complex samples with 

high peak capacity further broadens the scope and utility of this flow modulator. 
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Chapter 6: Minimum variance optimized Fisher ratio analysis of 

comprehensive two-dimensional gas chromatography / mass 

spectrometry data: Study of the pacu fish metabolome 

This chapter was reproduced from S. Schӧneich, G.S. Ochoa, C.M. Monzón, R.E. Synovec, 

Minimum variance optimized Fisher ratio analysis of comprehensive two-dimensional gas 

chromatography / mass spectrometry data: Study of the pacu fish metabolome, J. Chromatogr. A. 

1667 (2022) 462868.  

6.1 Introduction 

 In the last decade, pacu fish have become one of the most produced fish in Argentina as an 

important source of revenue and sustenance [1]. These fish are often raised in an integrated 

system with rice fields so that insects and weeds can be controlled, and the fields can continue to 

produce throughout the year [2]. While this agricultural approach may be economically 

beneficial, it raises concerns that herbicides and/or pesticides used for maintaining the rice fields 

may alter the fish metabolome prior to human consumption [3]. To study the impact on the pacu 

fish metabolome, comprehensive two-dimensional gas chromatography with time-of-flight mass 

spectrometry (GC×GC-TOFMS) is an excellent instrument platform, as it has been used for the 

separation of complex samples in many applications [4–9]. Introduced by Liu and Philips [10], 

GC×GC achieves roughly a 10-fold increase in peak capacity relative to 1D-GC in addition to 

increased sensitivity [11,12], ideal for metabolomic applications and discovering trace analytes. 

Due to the complexity of the samples and separations produced, chemometric tools are necessary 

to interpret the data efficiently. 

Non-targeted methods of feature discovery, where the analytes of interest are not known 

a priori, that can handle complex samples include principal component analysis (PCA) [13–16] 

and Fisher ratio (F-ratio) analysis [17–21], which will be the focus herein. Other methods include 
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multivariate analysis of variance (MANOVA) [22,23] that assesses multiple dependent variables 

to determine if sample class means are equal, partial least squares – discriminant analysis (PLS-

DA) [24–26] for predictive modeling using a determined set of latent variables, Wilcoxon rank 

sum test (Mann-Whitney U test) [27–29] that tests if independent samples derive from the same 

population, and the Kruskal-Wallis test [29–31], which is an extension of the Wilcoxon rank sum 

test to more than two sample classes. Most of these methods were not implemented herein as the 

data set collected was not be suitable for these tests. PCA is an unsupervised method since 

sample class membership is not known prior to analysis, while F-ratio analysis and the Wilcoxon 

rank sum test are supervised as the sample class membership is assigned based upon the 

experimental design. In the current study, GC×GC-TOFMS data of pacu fish raised in an 

integrated rice-fish farming system (farmed class) versus fish raised in tanks (tank-raised class) 

were collected, with a preliminary study of this pacu fish data set achieved using PCA [32]. 

Although the PCA loadings revealed several class distinguishing analytes and provided some 

insight into class differences, this prior work was not a comprehensive study of the samples as 

only the total ion current (TIC) and m/z 217 were used for PCA. Only 34/50 analytes discovered 

had significant differences in concentrations (p-value < 0.05) and derivatization artifact peaks 

made it difficult to discover analyte peaks with lower signal. To more comprehensively discover 

class-distinguishing metabolites between pacu fish raised in tanks and pacu fish farmed in the 

integrated rice-fish farming system, for the current study tile-based F-ratio analysis will be 

implemented [19–21]. The standard F-ratio (SF-ratio) discovers hits based on the ratio of the 

between-class variance, s2
bc, to the sum of the pooled within-class variance, Σs2

wc, 

F-ratio
S =  

𝑠𝑏𝑐
2

∑ 𝑠𝑤𝑐
2                                     

(6.1) 
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Recently, the control-normalized F-ratio (CNF-ratio) was introduced, that only uses the within-

class variance of the control class, s2
wc, controls,  to normalize to between-class variance, s2

bc, since 

the control class may have a smaller within-class variance than the patient class [33,34], 

F-ratio
CN =

𝑠𝑏𝑐
2

𝑠𝑤𝑐,𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠
2                              (6.2) 

The goal was to discover significant analytes with non-normal class distributions in the patient 

class, allowing hits with large between-class variance yet high within-class variance in the 

patient class due to extreme biological variation to be discovered higher on the hit list than if SF-

ratio analysis were used. This approach does not rely on correcting the non-normality of entire 

GC×GC-TOFMS data sets prior to analysis as it normalizes to the class with a normal 

distribution during F-ratio analysis. CNF-ratio analysis works well for a well-behaving control 

class sample set with a normal distribution; however, in the case that discoverable analytes in 

both classes may have non-normal distributions, the CNF-ratio calculation would likely miss 

some significant analytes. As was observed in the preliminary study of the pacu fish data sets by 

PCA, the %RSD was not consistently higher in one class for all analytes [32]. This suggested 

that neither the SF-ratio or CNF-ratio calculations would be ideal for the pacu fish data set and the 

F-ratio calculation needed to be optimized to optimally discover the most true positives. To 

address this challenge, we propose the minimum variance optimized (MVO) F-ratio (MVOF-ratio) 

where the within-class variance is calculated for each hit for both classes and the smallest of the 

two is used as the denominator in the F-ratio calculation, 

F-ratio
MVO =

𝑠𝑏𝑐
2

𝑠𝑤𝑐,𝑚𝑖𝑛𝑖𝑚𝑢𝑚
2                           (6.3) 

The MVOF-ratio should discover more true positives than either the SF-ratio or the CNF-ratio, as 

this concept will be explored in this study. 
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Metabolomic samples are not inherently amenable to GC×GC-TOFMS analyses for 

detecting metabolites due to their low volatility, so samples are typically derivatized prior to 

injection. One common method of metabolite derivatization is a two-step process of 

methoximation and trimethylsilylation, replacing amine and hydroxyl hydrogen atoms with a 

trimethylsilyl group, increasing analyte volatility [35,36]. This derivatization step produces 

artifact peaks during the GC×GC-TOFMS data collection that are subsequently discovered by F-

ratio analysis, that may dominate hit lists and obscure important analytes. These spurious artifact 

entries make hit list mining to obtain a subset of meaningful features very tedious work. Such 

artifact peaks include trimethylsilanol, pyridine, glycerol, and phosphoric acid, which may result 

from the decomposition of several other species in the sample. This multi-origin phenomenon 

was demonstrated for derivatized metabolomic samples analyzed by GC-MS with observed 

trimethylsilylated glycerol and phosphoric acid peaks deriving from multiple phosphocholines 

and lysophosphatidylcholines [37], although the mechanisms are not fully understood and can 

add some sample-to-sample variance. Other streaks that are commonly present in GC×GC-

TOFMS analyses include solvent peaks and column bleed, all of which potentially interfere with 

discovering analytes of interest, making accurate identification and quantification more 

challenging. 

Current methods for tackling this issue of artifact removal include mass spectral filtering 

or a streak detection [8,38]. Especially useful for targeted approaches, filtering based on mass 

spectra and retention times can be used to discover compounds of certain classes such as 

halogenated contaminants in fish [8,39]. For nontargeted studies, a streak detection approach 

used a steerable Gaussian filtering and a marker-controlled watershed algorithm to detect and 

remove streaks in GC×GC-FID chromatograms to aide in accurate analyte quantification [38], 
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with the performance of this method relying on the streak tilt degree. Other streak detection 

approaches have been reported for other imaging applications, however none were adapted for 

chromatographic data [40,41]. While these are excellent possibilities, a method is necessary for 

non-targeted studies with GC×GC-TOFMS that can handle the full range of 2D retention time, 

and that do not rely on streak shape or orientation while discovering hits that may be overlapped 

with streaks in the chromatogram. Herein, to address this challenge, we propose a derivatization 

artifact removal step for tile-based F-ratio analysis based upon mass spectral similarity between 

all of the hits on the hit list and a set of reference mass spectra from the major derivatization 

artifacts observed. Hits that spectrally match the derivatization artifact library will be 

automatically removed from the final hit list.  

For development of the artifact removal algorithm, both SF-ratio and CNF-ratio are used, 

via Eqs. (6.1) and (6.2), on a pooled farmed pacu fish sample spiked with 29 metabolites and a 

pooled farmed pacu fish sample diluted in pyridine (control). Next, the 10 farmed pacu and 10 

tank-raised pacu fish called for the implementation of MVOF-ratio analysis via Eq. (6.3), 

evaluating its performance relative to the standard F-ratio via Eq. (6.1), and the tank-normalized 

and farm-normalized F-ratio, both calculated via Eq. (6.2). Discovery of meaningful hits was 

aided by the artifact removal algorithm and were finally determined to be true positives by t-test 

at the 95% confidence level. Concentration ratios for each hit were calculated using the most 

pure m/z determined by p-value and percent lack-of-fit (LOF) statistical metrics [21]. These 

results were used to interpret differences in metabolomic profiles of the fish raised in the rice-

fish farming method relative to fish raised in a controlled environment. 

6.2 Experimental 

Tank-raised and farmed pacu fish samples (10 fish per class) were obtained from 

Argentina as freeze-dried fish flakes divided into 5 g portions in 2-3 vials per fish. To minimize 



 

173 

heterogeneity across vials for an individual fish, four 20 mg extracts per vial were pooled when 

samples for each fish were prepared prior to derivatization (Fig. C.1 in Appendix C). For both 

studies, samples were prepared and analyzed by GC×GC-TOFMS on the same day, with the 

sample preparation steps previously described [32,36]. For the first study, the 10 pooled samples 

(1 per fish) of the farmed fish class were pooled together to make a single pooled farmed fish 

sample. Next, a mixture of 29 metabolites was spiked into the pooled sample of all farmed fish at 

a concentration of 50 ppm prior to derivatization. Although only tested on a 50-ppm spike 

mixture, the signals ranged from roughly 1×104 to 9×106 with observable differences in signal-

to-noise (S/N) (Fig. C.2 in Appendix C), demonstrating that F-ratio analysis and the artifact 

removal algorithm work well for a range of S/N. The unspiked pooled farmed fish sample was 

diluted in pyridine, since pyridine was already used in the sample preparation, to ensure native 

analytes in both classes would be diluted by the same amount. Six replicates each of the spiked 

and unspiked pooled farmed samples were collected for development of the artifact removal 

algorithm. Four replicates of the neat standard mixture (Table C.1 in Appendix C) were also 

collected under the same instrumental parameters to create an in-house library and to use for 

retention time matching with spiked fish samples. For the second study aimed at the study of the 

changes in the pacu fish metabolome, which included evaluation of the performance of MVOF-

ratio analysis, pooled samples for each of the ten tank-raised fish and ten farmed fish (20 total 

samples) described previously were used. Two replicates were collected per farmed and tank-

raised fish for a total of 20 chromatograms per class. 

The LECO Pegasus BT 4D GC×GC-TOFMS instrument (LECO Corporation, St. Joseph, 

MI) was used for data collection using ultra-high purity helium (Grade 5, 99.999%, Praxair, 

Seattle, WA, USA) carrier gas and equipped with a thermal modulator. The 1D column was 
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coated with a polar Rxi-17 stationary phase (30 m length, 250 μm 1dc, 0.25 μm 1df) and the 2D 

column was coated with a nonpolar Rxi-1ms stationary phase (2 m length, 180 μm 1dc, 0.18 μm 

1df). Although a reverse column set was used based on past metabolomic studies [34], future 

work using a normal column set may be beneficial for identification using retention time indices. 

The inlet and transfer line temperatures were both set to 250 °C. The oven temperature was 

programmed to be held at 50 °C for 0.25 min, then ramped to 300 °C at 8 °C/min with a 

secondary oven temperature offset of 5 °C and a modulator temperature offset of 15 °C. A 1.5 

ml/min flow was selected with a modulation period, PM, of 2 s. Mass spectra (m/z 40-500) were 

collected with an electron ionization energy of 70 eV at a rate of 100 Hz. A 3.5 min acquisition 

delay was selected to avoid solvent peaks and maintain the instrument condition.  

All fish data from the LECO ChromaTOF software (v5.20) (LECO, St. Joseph, MI) were 

imported to Matlab v 2019a (MathWorks, Inc., Natick, MA) for analysis. Our in-house tile-based 

F-ratio software [19–21] was used for standard F-ratio analysis per Eq. (6.1) prior to 

modification to implement the automated control-normalized (i.e., background-normalized) [34], 

farm-normalized both per Eq. (6.2), and MVOF-ratio analyses per Eq. (6.3). We note that the tile-

based SF-ratio analysis is functionally equivalent to the software now commercially available as 

ChromaTOF Tile, whereas the F-ratio variations examined herein are not presently part of this 

commercial software. Additionally, the artifact removal step was written to be mostly automated 

and limiting the manual input to the reference spectra of the artifact peaks, the match value (MV) 

threshold, and the number of m/z to use for the MV calculation. For the first study involving the 

spiked fish, a 1D tile size of 12 s (6 modulations) and 2D tile size of 500 ms were used based 

upon the average peak width of the spiked analytes, and the cluster window size selected was 10 

s on 1D and 400 ms on 2D. Due to smaller peak widths of the native analytes in the tank-raised 
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and farmed samples and in an attempt to discover the most true positives, a smaller tile size of 8 

s (4 modulations) on 1D was used with 400 ms on the 2D with a cluster window size of 8 s on 1D 

and 300 ms on 2D. Finally, the reported F-ratios are an average of the top 5 m/z with a minimum 

of 1 m/z per hit that pass a S/N threshold of 10.  

Hits discovered in the second study examining the changes in fish metabolome were 

identified by a MV [42] using the NIST library (2011) with an MV ≥ 800 required for tentative 

identification. The forward MV was selected over reverse MV or probability values to avoid any 

bias due to ignoring potentially relevant m/z in the hit spectra. To aid in analyte identification, 

PARAFAC was used to deconvolute hit mass spectra from noise and/or interferents prior to mass 

spectral matching [43,44]. By visual inspection of hits with mass spectra with clear 

fragmentation patterns corresponding to derivatized metabolites that could otherwise not be 

tentatively identified due to MV < 800, these were listed as “unknown metabolites.” 

Concentration ratios were calculated as [Farmed]/[Tank-raised], or simply [F]/[T], for each hit in 

the hit list by the “two step” method [45]. An in-house algorithm sums together the maximum 

signal of each modulated 2D peak per analyte hit to obtain signal measurements of all samples at 

all m/z that pass the S/N threshold. Using the LOF metric and a t-test assuming variances are 

unequal, the most pure m/z was determined with the lowest LOF (minimum LOF < 20%) and the 

lowest p-value (minimum p-value < 0.05) for accurate concentration ratio calculations [21]. 

6.3. Results and Discussion 

6.3.1 Artifact removal development using spiked versus unspiked fish samples 

 Algorithm development to remove artifact peaks due to metabolite derivatization was 

performed on a spiked sample of the pooled farmed pacu fish and an unspiked farmed pacu 

sample (serving as the control class). The GC×GC chromatogram using m/z 73 for the unspiked 

sample is provided in Fig. 6.1A and that of the sample spiked with 29 metabolites is provided in 
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Fig. 6.1B. The m/z 73 was plotted instead of the TIC to reduce the presence of the artifact peaks 

with high signal in the TIC and due to its universal selectivity for derivatized metabolites that 

contain the trimethylsilyl groups. A zoom-in of both the unspiked (Fig. 6.1C) and spiked (Fig. 

6.1D) from 5 to 11 min displays the presence of spiked metabolite peaks in Fig. 6.1D that are not 

present in Fig. 6.1C as well as other peaks that are native to the sample. All spiked compounds 

are provided with retention times and signal in the standard mixture in the Table C.1 in 

Appendix C; there is roughly a 1×104 to 9×106 range in detected peak height signal at m/z 73 for 

the metabolites, all spiked at 50 ppm. The spiked metabolites discovered by F-ratio analysis in 

the 5 to 11 min region are circled with confirmed identification by retention time matching to the 

standard mixture. It is clear in Fig. 6.1D that some of the circles do not show definitive peaks as 

a consequence of natural variation in detection sensitivity for the metabolites and the color scale 

applied. Selective m/z could be used for visualizing these specific metabolites. We note that there 

is a faint streak throughout the entire chromatogram with 2tR between 0.5 to 0.8 s highlighted in 

the red region in Fig. 6.1A identified as trimethylsilanol (A1), an artifact of the derivatization 

process. Two other reoccurring artifacts from the sample preparation process that are not as 

visibly evident in Figs. 6.1A and 6.1B were identified as pyridine (A2) as a streak with 2tR 

between 0.80 s and 1.05 s (green region in Fig. 6.1A) and phosphoric acid fragment (A3) with 

varying 2tR as shown in the blue region in Fig. 6.1A. These interfering artifacts pose a challenge 

to tile-based F-ratio analysis as they may be discovered easily and fill the hit list with false 

positives.  
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Figure 6.1. Analytical ion current (AIC) contour plots of the unspiked (A) and spiked (B) pooled 

farmed samples using m/z 73, selective for trimethylsililated groups for the derivatized spiked 

analytes. The retention time windows that contain the three artifacts are indicated in (A): 

trimethylsilanol (A1), (B) spectrum for pyridine (A2), and (C) spectrum for phosphoric acid 

fragment (A3). A zoom-in of (A) from 5 to 11 min is displayed in (C) and a zoom-in of the same 

time window for (B) is shown in (D) to better view differences between classes. All spiked 

analytes discovered by CNF-ratio analysis in this time window are circled in red. 

 To address the issue of artifact peak removal, we demonstrate the principles with the CNF-

ratio analysis implementing Eq. (6.2), with the SF-ratio analysis performed the same way using 

Eq. (6.1). Our approach involves first obtaining a hit list by tile-based F-ratio analysis and then 

removing the artifact peak hits by MV similarity to reference spectra of the same artifacts. This 

approach ensures comprehensive analyte discovery, including any that may be overlapped with 

an artifact peak which could otherwise be removed if the section of the chromatogram with the 

artifact streak was excluded, and does not rely on the retention times of the artifact peaks which 

may significantly change. To apply this artifact removal approach, a reference mass spectrum 

was obtained for trimethylsilanol (Fig. 6.2A), pyridine (Fig. 6.2B), and phosphoric acid fragment 

(Fig. 6.2C). While it is possible to use the algorithm for as many artifact peaks as the user 
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defines, these three were selected for this data set as it was apparent they were obscuring the 

discovery of true positives, defined as the spiked analytes, and false positives being any peak that 

is not a spiked analyte in this first study. In addition, this approach may be used to remove 

column bleed peaks in a similar manner, however this was not demonstrated herein as column 

bleed was not a problem for this data set. To select the appropriate reference spectrum for each 

artifact peak, PCA was performed on 15 mass spectra for each A1 (Fig. 6.2D), A2 (Fig. 6.2E), 

and A3 (Fig. 6.2F). These 15 mass spectra used to select the reference spectrum for each artifact 

were obtained from various 1tR in the regions highlighted in the chromatograms in Fig. 6.1A. 

Once the scores were obtained, the centermost spectrum from each cluster was selected as the 

most representative spectrum using the Mahalanobis distance [46]. Next, the artifact removal 

algorithm calculated the MV between the mass spectrum at the 2D retention time coordinates of 

each hit in the hit list and each of the artifact reference spectra. A visual representation of the 

MVs calculated between each of the hit mass spectra in the CNF-ratio analysis hit list and A1, A2, 

and A3 mass spectra are provided in Fig. 6.3A, 6.3B, and 6.3C, respectively. To obtain a MV, a 

weighted cosine similarity calculation [187,188] with weight factor (1, 1.3) for the m/z intensity 

and m/z value, respectively, was performed using a subset of the 10 most intense m/z to avoid 

including noisy m/z. The 10 most intense m/z of each hit in the hit list were used for the MV 

calculation instead of the reference spectra to avoid using low m/z that would artificially inflate 

the MV. To remove these artifacts from the hit list, a threshold of MV ≥ 800 was applied as this 

is generally accepted to tentatively identify compounds, represented by the dotted red lines in 

Fig. 6.3. All hits with a MV ≥ 800 were subsequently removed from the original hit list, ideally 

reducing the hit list to only true positives and additional artifacts that are not included in the 

three major artifacts. To confirm that artifacts were removed correctly, indexed mass purity plots 
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[189] were calculated for hits that were removed by the algorithm (Fig. C.3 in Appendix C). The 

artifact removal algorithm eliminated a total of 172 false positives from the CNF-ratio analysis hit 

list of which 104 were of A1, 29 were of A2, and 39 were of A3. Next, 25 redundant hits were 

removed for a total of 197 false positives removed, nominally from the bottom of the hit list, 

leaving a final hit list of 49 hits for the CNF-ratio analysis. Similarly, the SF-ratio analysis 

produced a final hit list with 56 hits. 

 

Figure 6.2. Selection of reference spectra to use for artifact removal. (A) The mass spectrum for 

the first artifact peak trimethylsilanol (A1), (B) spectrum for pyridine (A2), and (C) spectrum for 

phosphoric acid fragment (A3). A few of the most intense m/z are labeled for each spectrum. 

PCA scores plot used to select the most representative spectrum from each cluster for each 

artifact peak A1 (D), A2 (E), and A3 (F) to use in the artifact removal algorithm. For each 

artifact, 15 spectra were used to generate each PCA scores plot. 

 

Figure 6.3. Illustration of hits removed by artifact removal. Bar plot displaying the MV between 

the mass spectrum of each hit in the CNF-ratio original hit list and the spectrum of A1 (A), A2 

(B), A3 (C). The threshold selected for removing artifact peaks from the hit list is a MV ≥ 800, 

represented by the red dotted lines. 
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The results of the development of the artifact removal algorithm are summarized in Table 

6.1 for the spiked and unspiked farmed pacu fish samples. All hits are ranked by their CNF-ratio 

with ascending hit number in the CNF-ratio hit list. In the CNF-ratio hit list 26/29 spiked 

metabolites were discovered, noting that there still were 23 false positives in the 49 total hits. In 

contrast, for the SF-ratio analysis, 23/29 of the spiked metabolites were discovered with 33 false 

positives in the 56 total hits, indicating the CNF-ratio analysis was more effective in discovering 

true positives. Twenty-two hits were discovered by both the SF-ratio and CNF-ratio analyses, 

while aspartic acid was only discovered by SF-ratio analysis, and six additional metabolites were 

discovered only by CNF-ratio analysis. During artifact removal, glycine was removed due to a 

high MV (927) calculated with the A1 mass spectrum. Fortunately, most of the MVs calculated 

for each of the hits with the three artifact reference spectra were very low, as reported in the 

three right-most columns of Table 6.1. Additionally, acetic acid and creatinine were not 

originally identified, however spectra from PARAFAC deconvolution aided in their 

identification (Fig. C.4 in Appendix C).  
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Table 6.1. Hit list generated using the CNF-ratio and SF-ratio calculations, via Eqs. (6.2) and 

(6.1) respectively. The analytes are listed according to rank in the CNF-ratio hit list. Along with 

the identity of the hits, hit number in the final hit list is provided for both CNF-ratio and SF-ratio. 

Finally, MVs are listed for each hit with respect to the three artifacts used in the artifact removal 

step. 

Compound  
CN

Hit # 
CN

F-ratio 
S
Hit # 

S
F-ratio A1MV A2MV A3MV 

gluconic acid 1 2.72×1010 9 593 113 134 506 

fumaric acid 2 4.18×109 1 1059 164 166 270 

D-galactose 3 4.05×109 12 574 113 127 432 

glycerol-3-phosphate 4 3.60×109 11 582 67 78 429 

malonic acid 5 3.14×109 4 716 90 91 481 

succinic acid 6 2.01×109 -- -- 108 113 724 

methylmalonic acid 7 7.56×108 6 636 72 77 476 

4-methylvaleric acid 8 2.20×108 -- -- 577 112 462 

L-glutamic acid 9 1.54×108 3 730 254 280 216 

pyroglutamic acid 10 1.47×108 13 564 35 38 126 

uracil 11 5.10×107 5 684 362 436 248 

myo-inositol 12 3.98×107 14 560 51 66 376 

D-glucose-6-phosphate 13 3.89×107 15 533 382 407 582 

maleic acid 14 3.23×107 10 590 74 75 487 

D-glucose  15 1.02×107 16 507 112 126 418 

pyruvate  17 3.34×106 18 424 105 175 367 

oxalic acid 18 2.28×106 8 612 98 117 764 

maltose 19 9.66×105 20 416 104 111 427 

acetic acid 21 1.01×105 -- -- 94 98 240 

creatinine 22 8.01×104 -- -- 39 55 221 

L-cysteine 23 7.88×104 23 379 93 117 693 

isovaleric acid 24 6.57×104 33 129 684 764 697 

L-valine 25 6.35×104 -- 450 199 585 394 

lactic acid 28 3.28×104 -- -- 76 94 635 

L-serine 29 2.87×104 27 274 264 277 289 

glycine 33 1.05×104 -- -- 26 29 163 

aspartic acid -- -- 17 485 248 276 206 

alanine -- 1.82×104 -- 182 424 182 453 
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glycine -- 5117 33 1.05×104 26 29 163 

Total hits 49 
 

56 
    

 

The results in Table 6.1 can be further evaluated using a receiver operating characteristic 

(ROC) curve [128,190] for each final hit list (Fig. 6.4). Using the ROC curves, the area under the 

curve (AUC) may be calculated as a quantitative metric to compare the performance of the F-

ratio analyses. The AUC represents the probability that a randomly selected hit will correctly be 

assigned a true positive or false positive [128,191]. An ideal ROC curve exhibits an AUC of 1, 

indicating all true positives were discovered as the top hits in the hit list. The ranking worsens as 

the AUC deviates from 1. To generate the ROC curves for the artifact removal development, the 

true positive rate (sensitivity) is calculated as the running sum of true positives discovered out of 

the total number of possible true positives (29), while the false positive rate is the running sum of 

the discovered false positives out of the total number of false positives observed up to a suitable 

stopping point beyond the last observed true positive. We selected to prepare the ROC curves, 

provided in Fig. 6.4, using the top 40 hits from Table 6.1 as a reasonable stopping point, as both 

the CNF-ratio and SF-ratio analyses had Hit# 33 as the last true positive. The true positive rate 

was calculated relative to the 29 potentially discoverable spiked metabolites, with 26 true 

positives for the CNF-ratio analysis, 23 true positives for the SF-ratio analysis. An AUC of 0.83 

was determined for the CNF-ratio analysis, indicating that the hits were ranked much better than 

the SF-ratio analysis with an AUC of only 0.59. The implications of this first study were two-

fold. First, it was established that the artifact removal algorithm was very effective at cleaning up 

the hit lists to benefit true positive discovery. Second, a substantial improvement in true positive 

discovery was obtained using CNF-ratio analysis relative to using SF-ratio analysis [142]. Both of 

these outcomes have important implications for the second study of the farmed and tank-raised 
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pacu data set aimed to provide insight into the implications of farming fish on the same land that 

rice is farmed.  

 

Figure 6.4. Receiver operating characteristic (ROC) curves for evaluating the performance of the 
SF-ratio and CNF-ratio analyses using the top 40 hits in each hit list. The true positive rate was 

calculated as the running sum of the true positive hits that were not removed in any step out of a 

total 29 discoverable hits. The false positive rate was calculated as the running sum of the false 

positive out of a total number of remaining hits in the hit list. AUC values of 0.60 and 0.83 are 

provided for SF-ratio and CNF-ratio, respectively.  

6.3.2 Evaluation of MVOF-ratio analysis for tank-raised and farmed fish comparison 

For the second study, contour plots of analytical ion chromatograms (AIC) are provided 

in Figs. 6.5A and 6.5B for visual inspection of the tank-raised and farmed classes, respectively. 

The AIC contour plots of the average chromatogram per class were plotted using m/z 73, 117, 

174, and 217 which are representative fragment ions of TMS derivatives, alcohols, carboxylic 

acids, primary amines, and sugars. The AIC is displayed instead of the TIC (Fig. C.5 in 

Appendix C) as to show the complexity of the samples without the artifact peaks drowning out 

the signal of smaller analytes. There are some differences between the classes that are visible 

between contour plots in in Figs. 6.5A and 6.5B, which can be readily seen in the zoom-in plots 

of the tank-raised fish (Fig. 6.5C) and farmed fish (Fig. 6.5D) chromatograms between 14 and 20 
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min with hits discovered by MVOF-ratio analysis in this time range circled. Four of the hits are 

circled in green as examples of hits that are visibly different between the classes. Closer 

inspection of the data in the preliminary PCA study [32] revealed that within-class variance 

could be high for either class depending on the peak being considered (%RSD in average peak 

signal ranged from 4 to 115%), thus using either SF-ratio analysis or CNF-ratio analysis would fail 

to discover all true positives. To account for this, MVOF-ratio analysis via Eq. (6.3) was devised 

and implemented whereby the lowest within-class variance would be used per each discovered 

hit, allowing for the discovery of the most true positives. While this approach was demonstrated 

for a two-class comparison, it may be easily adjusted to handle multiple classes, since the SF-

ratio analysis has been modified to handle multiple classes [70]. 
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Figure 6.5. Analytical ion chromatogram contour plots of the tank-raised (A) and farmed (B) 

fish samples using m/z 73, 117, 174, and 217. These mass fragments correspond to trimethylsilyl 

derivatives, alcohols, carboxylic acids, primary amines, and sugars. To better view the 

differences between classes, a zoom-in of 14 to 20 min is provided for the tank-raised (C) and 

farmed (D) samples with all the hits discovered by MVOF-ratio analysis in this region circled. 

Four hits are circled in green in both (C) and (D) as the differences are readily visible. The left-

most green circle at about 14.5 min is an unknown metabolite (Hit# 95) which is visibly in 

higher concentration in the farmed class ([F]/[T]=1.3), the next hit circled in green is at around 

15.6 min is DL-ornithine which is present in the tank-raised class but does not appear in the 

farmed class ([F]/[T]=0.27), the third hit circled in green is L-ornithine at 16.9 min and is greater 

in concentration in the tank-raised class ([F]/[T]=0.029), and the final hit circled in green is 

tyrosine at 18.9 min which is present in the tank-raised class but not visible in the farmed class 

contour plot ([F]/[T]=0.051). As can be seen, most of the hits in the hit list were downregulated 

in the farmed pacu fish. 

To evaluate the performance of MVOF-ratio analysis Eq. (6.3), the SF-ratio (Eq. (6.1)), the 

tank-normalized TNF-ratio and farm-normalized FNF-ratio (both using Eq. (6.2)) analyses were 

also performed, and the four hit lists after artifact removal were compared. Following metabolite 

hit identification, a LOF was calculated for all m/z that passed the S/N threshold along with a p-
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value to determine the most pure m/z to use for the concentration ratio calculation [192]. To 

facilitate this process, all m/z with a calculated LOF < 20% were initially retained, then the m/z 

with the lowest p-value was selected for quantification [54]. For several analytes a LOF is not 

reported as the analyte was not present in all samples, resulting in an inflated LOF. The 

concentration ratio was then calculated as the [Farmed]/[Tank-raised], or simply the [F]/[T]. 

First, using the selected most pure m/z all of the 2D modulated peaks are summed together to get 

a single analyte peak which is quantified by the peak height for each replicate. The average 

analyte signal of the two replicates collected per fish within a class was then calculated. Next, the 

average signal of the analyte was calculated per class and the ratio of these 2 averages was the 

reported [F]/[T] with an accompanying p-value. The 20 average signals per fish (10 per class) 

were used in a t-test assuming unequal variances to calculate a p-value with 95% confidence. 

Full hit lists are provided in Tables C.2-C.4 in Appendix C, however only the MVOF-ratio analysis 

hit list is provided in Table 2, with tentative compound identification, F-ratio, final hit number 

after artifact removal, the pure m/z used for the [F]/[T] calculation followed by the [F]/[T] value, 

and the salient p-value and LOF statistical metrics. A few unknown metabolites are listed in 

Table 6.2 as they could not be identified confidently but the mass spectrum includes fragments 

corresponding to derivatized metabolites. In addition, the original MVOF-ratio hit list with 541 

hits was reduced to 110 hits using the artifact removal algorithm and removing a few redundant 

hits, allowing for a much smaller hit list to mine and discovery of true positives higher on the hit 

list. Of these 110 hits, 12 were unidentified artifacts not removed by the artifact removal 

algorithm, and an additional 28 were metabolites possessing a p-value ≥ 0.05, leaving a total of 

70 hits with a significant concentration ratio (p-value < 0.05), which is double the number of 

analytes with significantly different concentrations discovered in the preliminary study using 
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PCA [116]. An additional 7 metabolites possess a p-value < 0.10 for a total of 77 hits at the 90% 

confidence level. 

Table 6.2. The minimum variance optimized (MVO) Fisher ratio analysis hit list of the tank-

raised and farmed pacu fish samples. This hit list includes all true positive and false positive hits. 

The hits are ranked in order of descending F-ratios with the final hit list numbers reported. Next, 

the pure m/z used to calculate the concentration ratio is reported along with the concentration 

ratio calculated as [farmed]/[tank-raised] ([F]/[T]). Finally, the p-value and LOF are reported as 

the metrics for determining the statistical significance of concentration ratios and pure m/z. The 

lowest LOF (minimally a LOF < 20%) coupled with the lowest p-value (minimum p-value < 

0.05) corresponds to the most pure m/z. Some LOF are not reported as the analytes may not be 

present in all samples, inflating the LOF values. Only hit numbers and F-ratio values are reported 

for unidentified artifact peaks. 

Compound F-ratio Final Hit# m/z [F]/[T] p-value LOF (%) 

propylene glycol 27802 1 117 0.17 5.8E-04 11.8 

2-butanol 19113 2 117 0.029 1.8E-05 -- 

γ-butyrolactone 13456 3 86 0.12 0.011 -- 

tyrosine 5951 4 179 0.051 0.021 -- 

DL-phenylalanine 2098 5 74 0.080 1.6E-04 -- 

scyllo-inositol 1222 6 318 0.15 0.0022 9.5 

L-ornithine 816 7 174 0.029 0.049 -- 

glycerol 751 8 74 1.9 1.1E-05 8.6 

D-glucose 750 9 135 0.67 5.9E-05 3.8 

succinic acid 702 10 147 0.15 0.096 -- 

glycolic acid 687 11 204 0.50 9.9E-07 2.7 

unidentified artifact 1 634 12 -- -- -- -- 

2,3-butanediol 591 13 117 2.9 2.3E-07 8.0 

caproic acid  551 14 73 0.24 9.4E-07 -- 

glycerol-3-phosphate 465 15 357 0.45 0.065 3.2 

creatinine 428 16 204 0.74 6.3E-05 6.0 

N-(hydroxymethyl)trifluoroacetamide 390 17 170 3.1 1.7E-05 12.7 

2,2'-methylenediphenol 389 18 171 0.27 0.0041 5.6 

mannose 372 19 160 0.63 2.2E-04 2.3 

sarcosine 310 20 116 0.14 0.0088 -- 

pyruvate 289 21 174 0.47 0.012 12.2 
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lactic acid 280 22 129 1.0 0.49 10.0 

L-cysteine 275 23 146 0.65 7.7E-04 1.9 

methylaminoheptane 271 24 170 3.0 5.2E-06 6.8 

D-alloisoleucine 239 25 86 0.41 0.0023 17.7 

L-iosleucine 226 26 218 0.18 9.6E-04 -- 

hexadecenitrile 213 27 136 0.88 0.38 -- 

4-hydroxybutyric acid 211 28 147 2.7 3.1E-06 10.3 

hypoxanthine 211 29 136 0.45 0.019 9.6 

bromosuccinate 204 30 73 0.33 8.3E-06 10.0 

L-leucine 200 31 73 0.27 6.1E-05 -- 

methionine  190 32 147 0.28 0.017 19.9 

L-serine 187 33 116 0.41 5.3E-04 19.1 

L-valine 158 34 72 0.52 0.0030 18.8 

D-mannopyranose 145 35 191 0.83 0.22 3.5 

unknown metabolite 1 143 36 73 1.4 1.9E-04 16.4 

alanine 136 37 44 0.69 8.3E-04 14.2 

N,N-dimethylethanolamine  136 38 58 2.1 6.7E-07 -- 

mercaptoacetic acid 132 39 221 0.44 9.1E-04 17.2 

β-D-glucopyranose 122 40 191 0.73 0.073 2.1 

asparagine 122 41 80 0.53 2.8E-06 5.1 

L-isoleucine  118 42 86 0.26 0.0066 -- 

DL-norleucine 115 43 74 0.62 0.014 -- 

L-arginine 105 44 257 0.45 0.0019 -- 

myo-inositol 104 45 75 1.9 3.0E-05 4.7 

malic acid 103 46 147 0.47 0.13 6.4 

unknown metabolite 2 98 47 73 0.35 0.0082 -- 

acetic acid 95 48 75 1.2 0.38 7.0 

unidentified artifact 2 93 49 -- -- -- -- 

N-trifluoroacetylmorpholine 92 50 113 0.51 0.0050 4.2 

unknown metabolite 3 91 51 117 0.89 0.75 15.9 

unknown metabolite 4 87 52 188 0.74 0.011 1.9 

D-glucose-1-phosphate 83 53 217 0.32 1.5E-04 6.7 

maltose 80 54 361 0.52 0.13 4.0 
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unknown metabolite 5 75 55 84 0.37 0.0028 -- 

niacinamide  71 56 179 0.77 0.34 8.6 

erythrose  62 57 72 0.53 0.0034 12.4 

urea 62 58 171 1.6 0.18 -- 

diethylcarbamate 61 59 174 0.80 0.032 2.6 

unidentified artifact 3 58 60 -- -- -- -- 

nonadecane 54 61 57 1.5 0.25 -- 

L-fucitol 53 62 117 0.33 5.7E-04 11.7 

1,2-propanediol-1-phosphate 53 63 73 1.4 0.060 10.2 

norvaline 50 64 144 0.32 0.0017 -- 

DL-ornithine 45 65 147 0.27 0.21 -- 

unidentified artifact 4 38 66 -- -- -- -- 

unidentified artifact 5 37 67 -- -- -- -- 

β-amino isobutyric acid 34 68 73 1.1 0.49 2.5 

glycylisoleucine 34 69 86 0.68 0.098 18.9 

L-leucine 33 70 86 0.55 0.031 13.4 

unidentified artifact 6 31 71 -- -- -- -- 

isovaleric acid 31 72 142 1.3 0.011 2.9 

2-hydroxyisovaleric acid 30 73 147 0.48 0.049 -- 

malonic acid 29 74 233 0.32 0.035 -- 

glycine 29 75 102 1.2 0.31 3.0 

4-methyl-3-heptanol 29 76 73 0.57 0.037 -- 

unidentified artifact 7 28 77 -- -- -- -- 

pyrocatechol 27 78 254 0.25 0.041 -- 

D-arabinose 27 79 318 2.9 4.5E-06 8.1 

galactose 26 80 73 1.3 0.054 13.4 

unidentified artifact 8 26 81 -- -- -- -- 

stearic acid 25 82 73 1.9 0.050 14.3 

2-aminobenzoxazole 25 83 263 1.3 0.37 7.4 

salicylic acid 24 84 267 0.16 0.018 -- 

unidentified artifact 9 24 85 -- -- -- -- 

L-glutamine 22 86 84 0.79 0.045 17.4 

threonic acid 21 87 117 0.50 8.6E-04 -- 
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unknown metabolite 6 21 88 221 0.86 0.51 8.6 

citrulline 21 89 188 0.78 0.090 3.7 

undecanoic acid 20 90 43 1.6 0.011 9.2 

unidentified artifact 10 18 91 -- -- -- -- 

methylmalonic 18 92 218 0.40 0.034 -- 

xylitol 18 93 217 2.6 2.4E-05 -- 

2-ethylhexanoic acid 18 94 201 0.41 0.046 -- 

unknown metabolite 7 18 95 103 1.3 3.7E-04 -- 

unidentified artifact 11 17 96 -- -- -- -- 

unidentified artifact 12 17 97 -- -- -- -- 

unknown metabolite 8 17 98 73 3.0 2.9E-07 -- 

creatinine enol 17 99 115 0.15 0.029 -- 

aspartic acid 16 100 232 0.66 2.5E-04 6.2 

unknown metabolite 9 15 101 117 1.1 0.44 -- 

2-pentanol 14 102 73 1.7 9.9E-04 -- 

unidentified artifact 13 14 103 -- -- -- -- 

L-valine 12 104 72 0.55 0.041 -- 

unknown metabolite 10 9 105 186 0.64 1.6E-05 -- 

lactose 9 106 204 1.0 0.98 4.5 

n-butylamine 8 107 174 4.0 0.38 -- 

D-xylose 6 108 73 1.5 0.11 6.1 

unknown metabolite 11 4 109 147 0.75 0.0017 8.4 

2,2-dimethyl-3-pentanol 4 110 73 1.1 0.73 14.3 

 

For the purpose of examining the effectiveness of the artifact peak removal algorithm, we 

define a true positive as any discovered metabolite regardless of the calculated p-value or known 

identity and a false positive as any non-metabolite artifact peak. By this definition the MVOF-ratio 

analysis discovered a total of 97 true positives. For visual interpretation of these results, PCA 

was performed on all 40 replicates of the TIC (Fig. 6.6A), all m/z concatenated and binned by 8 s 

on 1D and 100 ms on 2D (Fig. 6.6B), and finally on all the true positives discovered by MVOF-

ratio analysis using the signal from the purest m/z withing each hit tile reported in Table 2 (Fig. 
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6.6C). Roughly the same amount of total variance was captured by PC1 and PC2 in all three 

scores plots (71-77%), however the loadings on the PC that best capture the chemically relevant 

between-class variance provide more insight. Loadings on PC2 (15%) were plotted for the TIC 

(Fig. 6.6D), PC1 (45%) for the concatenated m/z (Fig. 6.6E), and PC1 (45%) from the MVOF-ratio 

analysis (Fig. 6.6F). Visibly, a smaller set of analytes contribute to distinguishing sample classes 

using all binned m/z than when using either the TIC or the 97 true positives from MVOF-ratio 

analysis. Additionally, due to the artifact removal procedure, the loadings for the PCA of the 

MVOF-ratio analysis results were not hampered by artifact features while the loadings for the 

other two PCA results were adversely impacted.  

 

 

Figure 6.6. Visualization of F-ratio features by PCA. (A) PCA scores plot generated using all 40 

replicates of the unfolded TIC. (B) PCA scores plot using all concatenated m/z. (C) PCA scores 

plot using the true positives discovered by MVOF-ratio using the signal from the purest m/z 

withing each hit tile reported in Table 6.2. The blue diamonds represent the tank-raised fish and 

red squares represent the farmed fish, clustered with confidence ellipses at the 95% confidence 

level. Corresponding contour plots of the loadings on PC2 using the TIC (D), PC1 using all m/z 

(E), and PC1 using the true positives from Table 2 (F) were plotted for visual interpretation of 
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analytes that contributed to distinguishing between the sample classes. All purple features 

represent positive loadings and all green features represent negative loadings. 

 In contrast to MVOF-ratio analysis, SF-ratio analysis discovered 54, TNF-ratio analysis 

discovered 58, and FNF-ratio analysis discovered 93 (per Tables C.2-C.4 in Appendix C). These 

F-ratio analyses discovered more true positives than the non-parametric Wilcoxon rank sum test, 

which discovered only 36 metabolites using a two-tailed test at the 95% confidence level (Table 

C.6 in Appendix C). The results from these four F-ratio analyses are summarized in Fig. 6.7 with 

the ROC curves and calculated AUC values. As the MVOF-ratio analysis discovers the most true 

positives, the total number of true positives that was used to calculate the true positive rate was 

97. As the SF-ratio analysis discovered the most false positives, the total number of false 

positives used to calculate the false positive rate was 20. The number of total hits did not vary 

greatly between original hit lists, ranging from 494 to 546 total hits, indicating that the false 

positives were still discovered by MVOF-ratio analysis, but it was beneficial in preserving true 

positives by ranking them higher than false positives on the hit list. The MVOF-ratio analysis 

original hit list was comprised of 541 hits and was reduced to 110 after artifacts and redundant 

hits were removed, SF-ratio analysis was reduced from 494 to 74, CNF-ratio analysis was reduced 

from 536 to 69, and FNF-ratio analysis was reduced from 546 to 105 hits. Note that the MVOF-

ratio and FNF-ratio analyses performed nearly equally, as the MVOF-ratio analysis only discovered 

4 more true positives than the FNF-ratio analysis resulting in MVOAUC = 0.82 and FNAUC = 0.79. 

The similar performance is due to the overall higher within-class variance in the tank-raised fish 

class for the true positives that were discovered for this data set. The TNF-ratio and SF-ratio AUC 

are both low (TNAUC = 0.47 and SAUC = 0.35); while this does not mean they are not effective 

versions of the F-ratio calculation for discovering class-distinguishing analytes, it does suggest 

that neither was suited to discover the most true positives for this data set. For a data set that has 
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greater variability in all of the sample classes, MVOF-ratio analysis is expected to be even more 

beneficial. As MVOF-ratio analysis essentially includes the combined results from FNF-ratio and 

TNF-ratio analyses, the MVOF-ratio analysis provides a comprehensive analysis coupled with 

reducing the time required for data mining. More broadly, the analyst does not know ahead of 

time which analytes and/or sample class will exhibit the lowest within-class variance, so a MVOF-

ratio analysis is the most prudent choice. 

 

Figure 6.7. Receiver operating characteristic (ROC) curves for evaluating the performance of the 

four F-ratio calculations for the tank-raised and farmed pacu fish data set. An overlay of ROC 

curves calculated for the final MVOF-ratio analysis hit list (blue), SF-ratio hit list (magenta), TNF-

ratio hit list (black), and FNF-ratio hit list (green). The true positive rate for each ROC curve is 

calculated as the running sum of the true positives out of a total of 97 true positives. AUC values 

of 0.35, 0.47, 0.79, and 0.82 are reported for the SF-ratio, TNF-ratio, FNF-ratio, and MVOF-ratio 

analyses, respectively. 

We next looked into gaining a more in-depth understanding of why MVOF-ratio analysis 

provides optimal discovery in the context of how the calculations are performed for the tile-

based F-ratio algorithms. For this purpose, the advantage of the MVOF-ratio calculation relative to 
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the SF-ratio calculation is considered, as visualized in Fig. 6.8 whereby the higher F-ratio values 

calculated by MVOF-ratio calculation are leveraged during the pin and cluster algorithm [55]. To 

illustrate this advantage, two representative analytes, γ-butyrolactone (Hit# 3) and N-

(hydroxymethyl) trifluoroacetamide (Hit# 17), that were discovered by MVOF-ratio analysis but 

not by SF-ratio analysis were selected. The pin locations of hits discovered by the SF-ratio 

analysis are circled in magenta and those discovered by MVOF-ratio analysis are circled in blue 

with 1tR between 6.2 and 6.8 min (Fig. 6.8A) which includes γ-butyrolactone and between 4.0 

and 4.7 min (Fig. 6.8B) that includes N-(hydroxymethyl) trifluoroacetamide. The size of the 

circle around the pin location corresponds to log(F-ratio) of the hit, so larger circles correspond 

to hits with a higher F-ratio, the dashed lines (red and black for ease of visualization) outline the 

four different tile grid boundaries, and the green rectangles highlights the tile around the 

respective hit indicated by an arrow. Following the pinning step, redundant hits are removed 

using the clustering part of the algorithm described in detail elsewhere [55], where analytes that 

are in the same tile and have lower F-ratios are removed from the hit list. The goal of this step is 

to avoid multiple hits in the hit list that belong to the same analyte peak, referred to as redundant 

hits. The remaining hits after clustering with 1tR between 6.2 and 6.8 min (Fig. 6.8C) and 4.0 and 

4.7 min (Fig. 6.8D) are provided. While γ-butyrolactone and N-(hydroxymethyl) 

trifluoroacetamide are discovered by both F-ratio calculations initially, note that both are 

removed by the clustering step when the SF-ratio calculation is used. This occurs due to the A2 

(Fig. 6.8C) and A3 (Fig. 6.8D) peaks that have higher F-ratio values when using the SF-ratio and 

cluster away the γ-butyrolactone and N-(hydroxymethyl) trifluoroacetamide peaks. Instead, 

when the MVOF-ratio calculation is used, the γ-butyrolactone and N-(hydroxymethyl) 

trifluoroacetamide peaks have a larger F-ratio than the surrounding peaks, evident by the larger 
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circle size. These examples demonstrate that the MVOF-ratio is beneficial in the true positives are 

higher on the F-ratio hit list so that they are not removed in the clustering step of the tile-based 

F-ratio algorithm. 

 

Figure 6.8. Demonstration of the advantage of MVOF-ratio analysis compared to SF-ratio 

analysis. The pin locations of hits discovered by SF-ratio (magenta) and MVOF-ratio (blue) before 

clustering around γ-butyrolactone (A) and N-(hydroxymethyl) trifluoroacetamide (B) with circle 

size corresponding to log(F-ratio). The dashed lines represent the tiling grids and the green box 

highlights the tile that corresponds to the hit indicated by the arrow. Following the clustering 

step, the remaining pins of hits are plotted in the same time window for γ-butyrolactone (C) and 

N-(hydroxymethyl) trifluoroacetamide (D) demonstrating that the higher F-ratio values 

calculated by MVOF-ratio analysis do not cluster away these true positives while the lower F-

ratios for the SF-ratio analysis results in losing these hits. 

6.3.3 Discussion on significant metabolites  

It is interesting that most of the true positive hits with p-value < 0.05 (54/70) had a 

[F]/[T] < 1, indicating that most of the discovered compounds including important metabolites 
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necessary for sustaining regular metabolic processes were significantly downregulated in the 

farmed fish. A few examples of the hits with significant differences in concentration between the 

classes are starred in Fig. 6.9 for visual interpretation using the corresponding m/z in Table 2. 

These plots are summed 2D plots, where all the modulations are summed together in one 

representative peak per analyte. Figures 6.9A, 6.9B, and 6.9D are examples of hits with [F]/[T] < 

1, or hits that were downregulated in the farmed class, tentatively identified as 2-butanol (Hit# 

2), γ-butyrolactone (Hit# 3), and L-isoleucine (Hit# 26), respectively. 2-butanol has been 

associated to a sweet, flowery odor in fish paste samples [56] and along with L-ornithine, 

involved in tissue repair and immune response in fish [57], 2-butanol had the lowest calculated 

[F]/[T] of 0.029 (34-fold decrease relative to tank-raised class). The top hit, propylene glycol 

with [F]/[T] = 0.17, and glycerol  with [F]/[T] = 1.9, also pictured in Fig. 6.9A, are proposed as a 

dietary supplements for several types of fish [58]. γ-butyrolactone is sold commercially as a 

solvent labeled as fish tank cleaner and has been used in the synthesis of pesticides [59,60], with 

an 8-fold higher concentration in the tank-raised fish with [F]/[T] = 0.12. L-isoleucine, 

downregulated in the farmed fish with a [F]/[T] = 0.18, plays an important role in purine 

biosynthesis as a precursor to aspartic acid, which is important for cell proliferation and immune 

responses [61]. Examples of the 16/70 hits significantly upregulated in the farmed fish include 

2,3-butanediol (Fig. 9C), 4-hydroxybutyric acid (Fig. 6.9E), and myo-inositol (Fig. 6.9F). 2,3-

butanediol was one of the most upregulated compounds in the farmed fish with a [F]/[T] = 2.9 

and has been found in cuttlefish, contributing to a fishy odor [62]. In addition, a study on 

identifying potential markers of microbial degradation in cod, mackerel, and whiting fish 

determined 2,3-butanediol an indicator of microbial degradation as its concentration increased 

after a 10-day storage period for all fish types [63]. γ-butyrolactone is metabolized to 4-
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hydroxybutyric acid, which is higher in concentration in the farmed fish with a [F]/[T] = 2.7 and 

is known to have a sedative effect [64]. Myo-inositol, an essential vitamin for animals 

contributing to growth and nutrition of fish, was upregulated in the farmed fish with a [F]/[T] of 

1.9 [59,65]. Several amino acids were identified with significantly different concentrations 

between the sample classes, which may contribute to different flavor profiles in fish [66]. 

Another study found that lactic acid, creatinine and phosphoric acid contribute to the taste profile 

of different fish species by GC-MS and electronic tongue [67]. Specifically, lactic acid 

([F]/[T]=1) and creatinine ([F]/[T]=0.74) were associated with Pagrus major fish that measured 

higher in intensity of sourness and richness than four other fish species. Stearic acid was 

downregulated in the farmed fish, which has been associated to increase in fatty acid synthesis 

and degradation consistent with higher lipid metabolism as a primary energy pathway in fish 

under acute hypoxia stress [68]. While these are only a few examples, many more metabolites 

that are essential for regular functioning were significantly downregulated in the farmed fish, and 

ultimately, the artifact removal algorithm coupled to MVOF-ratio analysis made mining 

metabolomic data hit lists to discover true positives more efficient than SF-ratio analysis. 
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Figure 6.9. Overlays of the summed 2D plots of several metabolites. (A) 2-butanol, (B) γ-

butyrolactone, (C) 2,3-butanediol, (D) L-isoleucine, (E) 4-hydroxybutyric acid, and (F) myo-

inositol indicated by stars in the respective panels. The analytes are plotted using the associated 

m/z reported in Table 2. All six analytes had significantly different concentrations between 

classes with 2-butanol, γ-butyrolactone, and L-isoleucine all downregulated in the farmed fish 

with [F]/[T] of 0.029, 0.12, and 0.18, respectively. On the other hand, 2,3-butanediol, 4-

hydroxybutyric acid, and myo-inositol are examples of hits upregulated in the farmed fish class 

with [F]/[T] of 2.9, 2.7, and 1.9, respectively. 

6.4 Conclusion   

Discovery of class distinguishing analytes in pacu fish raised in an integrated rice-fish 

farming system was accomplished in a non-targeted approach by F-ratio analysis of GC×GC-

TOFMS data to reveal potential benefits and/or risks of this farming method on the fish 

metabolome. Initial examination of the data revealed many peaks resulting from the 

derivatization process were discovered as false positives in the F-ratio hit list. To address this 

challenge, an artifact removal algorithm was developed and implemented, which facilitated the 
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discovery of true positives while mining the hit list more efficiently. This algorithm was 

developed and initially evaluated in the first study on a spiked fish data set, reducing hit lists by 

70-80% while only sacrificing a few true positives. For the second study evaluating the 

metabolome differences of the tank-raised and farmed fish sample classes, due to non-normal 

distributions for both classes, the MVOF-ratio implementation was introduced and applied. The 

MVOF-ratio implementation discovered more true positives than the standard, tank-normalized, or 

farm-normalized alone and proved to provide equivalent results as combining the TNF-ratio and 

FNF-ratio analyses, while requiring only one hit list to be mined. MVOF-ratio discovers more true 

positives than SF-ratio due to the higher calculated F-ratio values that decreases their likelihood 

of being removed in the clustering step of the algorithm. ROC curves and AUC were calculated 

for the original MVOF-ratio hit list (AUC=0.82), SF-ratio (AUC=0.35), TNF-ratio (AUC=0.47) and 

FNF-ratio (AUC=0.79), indicating that MVOF-ratio and FNF-ratio performed almost equally well 

with higher within-class variance in the tank-raised fish class overall. Using MVOF-ratio, 70 true 

positives out of a total of 97 discovered metabolites possessed a significant concentrations ratio p 

< 0.05. Most of these true positives with p < 0.05 (54 out of 70) were downregulated in the 

farmed fish that are necessary to maintain regular metabolic processes and fish quality, 

suggesting the integrated farming system may negatively impact the pacu fish. 
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Chapter 7. Conclusion and future directions 

Developments in instrumentation and data analysis tools for liquid chromatography with 

high resolution mass spectrometry and comprehensive two-dimensional gas chromatography 

(GC×GC) with mass spectrometry detection have made these techniques excellent solutions to 

tackling characterization of complex samples. Despite their advantages over standard 1D 

separations with unit resolution MS, the increased complexity of the data and experimental 

optimization make these techniques less utilized. The goal herein was to provide improvements 

to data handling tools for complex data (matrices and structures) as well as to explore the use of 

a more cost-effective modulator for GC×GC analysis that is compatible with MS detectors and 

provides high quality data. Particularly for addressing chemometric data analysis challenges, 

data analysis algorithms first developed for GC-MS (and GC×GC-MS) data were modified for 

LC-HRMS data, demonstrating that collaboration between the LC and GC (and LC×LC and 

GC×GC) communities can be beneficial for addressing current challenges. 

7.1 Chapter 2 Summary and Future Directions 

In chapter 2, a method for optimizing the pre-processing of large LC-HRMS data sets 

uncoupled to subsequent tile-based non-targeted analysis was introduced. The region of interest 

(ROI) data compression method was utilized for pre-processing five replicate LC-HRMS 

chromatograms of soil samples spiked at trace levels with pesticides at varying concentrations 

(0.1 ppb to 50 ppb) to form six distinct classes. This data compression method was used in a 

targeted manner on entire chromatograms, using the number of detectable analytes and the 

difference between experimental m/z and theoretical m/z (∆ppm) as metrics for optimal 

parameter selection, namely admissible mass deviation and S/N threshold. Following this pre-

processing, the first use of tile-based F-ratio analysis on LC-HRMS data was performed, 
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successfully discovering all analytes using the optimal parameters. Results suggest the analyst 

must spike a set of analytes in a sample to use the optimization workflow successfully and ensure 

proper pre-processing of data prior to non-targeted analysis of choice.  

The benefit of this data compression method and the parameter optimization workflow being 

uncoupled from the subsequent analysis means the analyst is not limited to a specific subset of 

options. Furthermore, the analyst may select to use pixel-based methods, peak tables, or tile-

based methods. This study demonstrated the workflow using tile-based F-ratio analysis as the 

non-targeted method of choice, however it would be beneficial to demonstrate this method using 

an unsupervised, non-targeted technique. Additionally, since the method needed to be evaluated 

using a spiked data set, it should be applied to a real data set for a truly non-targeted study. This 

workflow could be repeated for studies using unsupervised non-targeted methods such as PCA or 

HCA for investigating patterns in composition of samples or for PLS to model sample 

characteristics. Furthermore, the novel unsupervised technique VRI-USI could be used to 

determine sample class membership prior to supervised, non-targeted analysis. Additionally, it 

would be beneficial to extend this workflow to non-targeted analyses using multidimensional 

chromatography with HRMS detection, as data processing is computationally expensive and 

often analysts are limited to peak tables prior to analysis. 

7.2 Chapter 3 Summary and Future Directions 

 In chapter 3, a cheap and fast flow modulation technique, DPGM in negative pulse mode, 

was used to study the quality of GC×GC-MS data produced for chemometric decomposition, 

identification, and quantification. To challenge chemometric decomposition, an isothermal 

separation of 15 similar analytes in 20 s was selected using a PM of 250 ms, providing narrow 

2Wb averaging 15 ms and severe overlap on 1D with 1RS as low as 0.05. Chemometric 
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decomposition of all analytes was successful due to sufficiently high 2RS between analytes 

allowing for RS,2D≥0.56, and accurate analyte quantification and identification with MV≥ 800 

was achieved. Results demonstrate this is a powerful modulation technique for fast GC×GC 

separations that provides high peak capacity and high-quality bilinear data for accurate 

quantification and identification. 

 A logical next step would be to apply this method to a real sample, that may have regions of 

high saturation, or severe analyte overlap, that may benefit from the use of chemometric 

decomposition tools. While this would be a useful next step, further work using spiked samples 

would also be beneficial to evaluate the accuracy of identification and quantification efforts. 

Following this work, chemometric decomposition of GC×GC-MS data collected using DPGM in 

negative pulse mode could be challenged further as chemometric tools typically start to fail at a 

RS of 0.3, thus attempting to collect data with regions of 2RS lower than was achieved in this 

study may be useful to investigate the limit. Additionally, success of such decomposition 

methods rely upon the analyte S/N, the acquisition rate, and identity. Thus, lowering the analyte 

concentration, using lower acquisition rates, or selecting analytes with more similar mass spectra 

may further challenge chemometric decomposition. Furthermore, as PARAFAC has more strict 

trilinear data quality requirements relative to MCR-ALS, a more rigorous study of the data 

quality could be evaluated using PARAFAC for decomposition. Since this modulation method 

produces data that requires pre-processing and a loss in sensitivity due to baseline subtraction of 

the 1D profile, a development that is discussed in chapter 4 involves operating this modulation 

technique in full modulation mode. 
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7.3 Chapter 4 Summary and Future Directions 

 In chapter 4, DPGM in full modulation mode is operated using low flows compatible with 

MS detection to provide high quality data. Following the previous demonstration of DPGM in 

partial modulation mode, in this chapter the signal enhancement up to a factor of ~20 and 5-fold 

S/N enhancement relative to GC-MS was demonstrated. Furthermore, the data quality was 

examined using PARAFAC, as flow modulation techniques can often affect 2D peak shapes. 

LOF and R2 metrics calculated between raw peaks and PARAFAC loadings suggested excellent 

trilinear data structure that is amenable to chemometric analysis. Due to the enhancement in 

sensitivity and facilitated by chemometric decomposition, an LOD of 0.7 ppb was determined for 

DPGM coupled to TOFMS with accurate identification achieved for highly overlapped analytes.  

 As this report was the first investigation of using DPGM in full modulation mode for 

GC×GC with MS detection, further optimization of the separation efficiency is warranted. 

Particularly, for achieving narrower 2Wb for higher peak capacity and higher usage of the 

separation space. Further investigation of the optimization of experimental parameters would be 

useful for providing other GC×GC users an understanding of how to optimize the system for 

their own use. Optimization could be investigated on multiple column sets of differing lengths, 

inner diameters, stationary phase combinations and thicknesses used for different types of 

applications. Applying this modulation technique for a variety of real, complex samples would 

be beneficial to demonstrate its broad utility. Additionally, only PARAFAC was applied as a 

targeted chemometric decomposition tool, and due to the high quality of the data produced it 

would be worthwhile to use this instrument for the non-targeted analysis of real samples. Many 

of these points are addressed in chapter 5. 
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7.4 Chapter 5 Summary and Future Directions 

 The optimization of DPGM in full modulation mode for GC×GC-TOFMS is investigated in 

chapter 5 to achieve high peak capacities. The effect of tuning the Paux and the pw for a given PM 

and 2F were studied initially on a test mixture and the optimal parameters were selected based 

upon the average 2Wb and fcoverage metrics using representative analytes. Furthermore, the effect of 

sampling induced band broadening on the peak capacity was investigated, thus peak capacities 

were corrected for fcoverage, undersampling by estimating true 1Wb from the 1Wb* and the 

modulation ratio, and sampling variation via SOT. Results revealed that undersampling 

broadened 1Wb by 10%, therefore decreasing the peak capacity, and was further broadened by 

10% due to the statistical aspect of SOT. Broad applicability of this flow modulation technique 

compatible with MS to achieve high peak capacity was demonstrated for diesel, derivatized cow 

serum, headspace of coffee, and headspace of a local river water sample.  

 Due to the ability of this flow modulation technique to operate at fast PM (down to 50 ms), 

the low cost of operation, and its compatibility with MS detection make it an excellent modulator 

for a broad range of applications and warrants greater use and further investigation. Thus far, 

only targeted chemometric decomposition by PARAFAC has been applied to GC×GC-MS using 

DPGM. While it was demonstrated that this technique is suitable for achieving high peak 

capacity separations of a range of applications with great enhancement in S/N, it would be 

beneficial to apply chemometric tools, both targeted and non-targeted, to data collected with this 

instrumental platform. Additionally, DPGM is an excellent option for secondary modulation on a 

GC×GC×GC (GC3) instrument platform. Since 2Wb are generally on the order of tens to 

hundreds of milliseconds, a fast modulator is necessary to adequately sample the effluent off the 

2D column, which can be achieved using this modulator. Furthermore, with the increased 
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complexity of the data collected using a GC3-TOFMS instrument, chemometric analysis methods 

must be modified to handle the 4D data structure (1tR, 2tR, 3tR, m/z) and leverage the added 

selectivity from the 3D.    

7.5 Chapter 6 Summary and Future Directions 

 In this chapter, a comprehensive study of the differences in metabolome of pacu fish raised 

in tanks versus raised in an integrated rice-fish farming practice were studied by GC×GC-

TOFMS with tile-based F-ratio analysis. For metabolomics studies with high within class 

variation, significant analytes may not be easily discovered by standard F-ratio analysis, 

therefore a modification to the standard F-ratio analysis termed MVOF-ratio analysis was 

introduced for improving significant analyte discovery in metabolomic applications. In fact, 

MVOF-ratio outperformed standard F-ratio, as well as F-ratio calculation normalized to each class 

within class variance as determined by area under the ROC curves. Furthermore, as many 

metabolomic samples are not readily amenable to GC×GC analysis and require derivatization, 

often artifacts from the sample preparation procedure makes discovery of significant analytes 

tedious due to manual investigation of all hits. Thus, a derivatization artifact removal procedure 

was introduced for redundant peaks of artifacts from the sample preparation procedure, reducing 

the hitlists by 70-80% and making inspection of truly significant hits more manageable. 

Furthermore, results of the study (110 hits discovered, 70 statistically significant with p<0.5) 

indicated that a majority of metabolites that play significant roles in regular biological processes 

were downregulated in the fish raised in the newer integrated farming practice.  

 Using this approach, twice as many significant analytes were discovered relative to a 

previous study using PCA. However, more confidence in differences between classes may be 

achieved using a larger sample size or normalizing signals to fish weight. Furthermore, it may be 
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interesting to study fish development in both classes and tie behavioral and developmental 

information to identified analytes from comparative analysis to better understand the impact of 

the farming environment on the fish. Due to the large number of analytes detected and the 

similarity in mass spectrum between many metabolites, collecting GC×GC data using a HRMS 

may also prove beneficial for improved confidence in identification, especially of the unknown 

analytes with the fragmentation pattern of derivatized metabolites. Additionally, using LC or 

LC×LC with MS detection could be beneficial for discovering complementary information about 

samples, potentially detecting residual herbicides that are still used in Argentinian farming 

practices. Data visualization was provided herein using PCA before and after feature selection 

using MVOF-ratio, though it would be interesting to compare PCA results using MVOF-ratio and 

SF-ratio for feature selection. MVOF-ratio could also be investigated for feature selection of 

metabolomic samples prior to other non-targeted methods such as PLS-DA, PLS, or HCA and 

further work using MVOF-ratio is warranted to get a better understanding of all its benefits and 

limitations. Furthermore, the artifact removal procedure was used for removing derivatization 

artifacts, however it could be useful to test for addressing streaks from column bleed or solvent 

peaks.  
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Appendix A 

This appendix is reproduced from the Electronic Supplementary content of S. Schöneich, C.N. 

Cain, C.E. Freye, R.E. Synovec, Optimization of Parameters for ROI Data Compression for 

Nontargeted Analyses Using LC–HRMS, Anal. Chem. 95 (2022) 1513–1521.  

 

Table A.1. Eighteen pesticides spiked into the soil samples at nominal concentrations of 0.1, 0.5, 

1, 10, 25, and 50 ppb to demonstrate the workflow for applying F-ratio analysis to LC-HRMS 

data. The compound name and retention time (tR) is provided for each spiked pesticide. The 

theoretical m/z, identification m/z along with the ppm difference (Δppm) between the theoretical 

m/z and ROI m/z used to identify these compounds are reported with the adduct based on the data 

obtained using the optimal ROI workflow parameters.  

Pesticide ID tR (min) Theoretical m/z Identification m/z (Δ ppm) Adduct 

terbacil 5.3 215.0593 215.0604 (5.0) [M-H]- 

lenacil 5.6 233.1295 233.1292 (1.4) [M-H]- 

propargite 5.9 409.1691 409.1769 (19.2) [M+Hac-H]- 

flutriafol 6.0 300.0954 300.0966 (3.9) [M-H]- 

hexazinone 6.2 251.1513 251.1512 (0.5) [M-H]- 

triadimenol 6.8 354.1227 354.1245 (5.2) [M+Hac-H]- 

paclobutrazol 6.9 352.1434 352.1440 (1.8) [M+Hac-H]- 

fludioxonil 7.1 247.0324 247.0337 (5.2) [M-H]- 

tricyclazole 7.1 248.0500 248.0499 (0.2) [M+Hac-H]- 

fenarimol 7.2 329.0254 329.0260 (1.8) [M-H]- 

myclobutanil 7.3 347.1281 347.1295 (4.2) [M+Hac-H]- 

triadimefon 7.4 292.0858 292.0858 (0.1) [M-H]- 

tebuconazole 7.5 366.1590 366.1657 (18.4) [M+Hac-H]- 

procymidone 7.8 282.0094 282.0103 (3.1) [M-H]- 

fipronil 8.2 434.9314 434.9318 (0.9) [M-H]- 

flusilazole 8.3 314.0930 314.0932 (0.6) [M-H]- 

triflumizole 8.6 344.0785 344.0783 (0.7) [M-H]- 

pyrimethanil 9.7 258.1248 258.1298 (19.6) [M+Hac-H]- 
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Experimental details 

Acetonitrile (HPLC Plus) and deionized water (HPLC Plus) were obtained from Sigma-

Aldrich. Ammonium acetate was obtained from VWR and was diluted to 10 mM with deionized 

water. Soil samples were obtained from the area surrounding the Los Alamos National 

Laboratory (New Mexico, USA) and were initially sifted with 1.2 mm mesh followed by 500 µm 

mesh to remove debris. A soil sample stock solution was prepared by dissolving 36 g of the 

sifted soil in 54 mL acetonitrile and filtered through a 25 mm diameter Whatman Puradisc 25TF 

filter (GE Healthcare, Marlborough, MA, USA) with a 0.45 µm PFTE membrane in a 

polypropylene housing. For the evaluation of the workflow presented herein, GC Multiresidue 

Pesticide Standard #5 obtained from Restek was serially diluted with the stock solution to obtain 

nominal concentrations of 0.1 ppb, 0.5 ppb, 1 ppb, 10 ppb, 25 ppb, and 50 ppb for each spiked 

analyte, to comprise the six sample classes. The identities of spiked pesticides discoverable in the 

soil matrix are provided in Table 1 with their retention time and the m/z used for identification 

based on the data obtained with the optimal ROI parameters. Identification of spiked pesticides 

was confirmed by comparison to a neat standard mix and library matching with available spectra 

from MassBank. 

All data were collected on a Shimadzu UHPLC system (Shimadzu, Japan) coupled to a 

SCIEX X500R QTOF (SCIEX, Framingham, MA, USA) controlled by SCIEX OS 1.6.1 

software. This UHPLC system is equipped with two binary pumps (LC30-AD), a degasser 

(DGU-30A), column oven (CTO-30A), and autosampler (SIL-30A). The QTOF was operated 

with electrospray ionization (ESI) in the negative mode with an ion spray voltage of -4.5 kV, 

temperature of 275 °C, curtain gas 25 psi, ion source gas #1 at 35 psi, ion source gas #2 at 40 psi, 

declustering potential of -50 V, and CAD gas 3 arbitrary units (a.u). Spectra were collected using 

m/z 100-1200 at an accumulation time of 0.373 s.  
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A Kinetex (Phenomenex, Torrance, CA, USA) C18 column (100 mm × 2.1 mm, 1.7 µm) 

was used for all soil sample separations. A 5 µL sample volume was injected with the column 

oven set to 40 °C and a 0.3 mL/min flow rate. The mobile phase was composed of (A) 10 mM 

ammonium acetate and (B) acetonitrile. The gradient program applied was initially isocratic at 

0% B at 0 min, followed by a linear gradient to 100% B from 0 to 12 min, and finally isocratic at 

100% B for 3 min (12-15 min). For each of the six sample classes, five replicates were obtained 

for 30 total chromatograms.  
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ROI user-defined parameter details 

 For a single analyte, with Figure 2.2A in the main paper representing the raw data, only m/z 

with signal above the threshold are extracted. In this case, only the five most intense m/z pass the 

signal threshold and the peak profiles are truncated, however if the signal threshold was doubled 

only the single most intense m/z would pass the ROI criteria. Furthermore, focusing on the most 

intense m/z in Figure 2.2A, it is visible in Figure 2.2B that 40 m/z and signal intensity pairs 

indicated by the purple circles passed the signal threshold for the minimum number of 

consecutive retention times, though five of these m/z are not within the bounds of the m/z error 

(dashed blue lines). Ultimately it is the 35 m/z and signal intensity pairs that make up the signal 

of the purple trace and the average m/z of these 35 pairs is the final ROI m/z. Since the ROI m/z 

is the average of the raw m/z values, this parameter is critical to ensure the ROI m/z can be used 

for accurate analyte identification. The minimum number of retention times to be considered an 

ROI is typically based on the average peak width in the chromatogram. These parameters all 

work simultaneously to reduce the data to the chemically relevant information while conserving 

the mass accuracy of the detector.  
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F-ratio analysis methodology 

Figure A.1. Demonstration of tiling used for tile-based F-ratio analysis. (A) An ideal example of 

how the tiles capture the peak area when one of tiles captures the entire analyte peak. (B) An 

example of how tiles capture the peak area when no tiles ideally capture the entire peak area, but 

still discover the analyte as a hit. 

For tile-based F-ratio analysis, the entire chromatogram is sliced into tiles of user-defined 

dimensions with the aim to capture the entire analyte signal within a tile for each peak. While 

dividing the chromatogram into these tiles does not guarantee that each peak is captured ideally 

within a tile and therefore are split between tiles, a second grid is applied that shifts the tiles by 

one half of a tile width. It is of note that it is not necessary for a peak to be ideally captured in the 

center of a tile for the F-ratio analysis software to discover the analyte as a “hit.” Figure A.1A 

provides one example of how the F-ratio tiling schemes aims to capture the entire signal of an 

analyte peak. A tile size of 7.5 s was selected as it best captures the peak area of the analyte 

without including too much noise. A smaller tile size of 3.7 s was not selected as it introduced 

many spurious false positives and redundant hits, making mining the hit list tedious. A larger tile 

size of 15 s was not ideal as it discovered fewer spiked pesticides than the 7.5 s tile. Due to the 

ample selectivity of the detector, tile size was easily optimized as pure m/z for each analyte were 

readily available for F-ratio analysis.  
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In this example, one of the tiles highlighted in blue captures the entire peak signal. The 

tiles in gold, shifted by half of a tile dimension, partially capture the peak in both tiles, however 

the magnitude of the F-ratios calculated for these two tiles relative to that in the blue centered tile 

is much lower (magnitude of F-ratios are indicated by the stars). Figure A.1B demonstrates an 

analyte that does not get captured completely by any of the tiles, but still gets discovered in the 

hit list. In this case, both the gold and blue tiles that capture the most peak area will have higher 

F-ratios calculated than the other tiles with less peak area captured. While the same analyte gets 

discovered in multiple tiles using both grids, these redundant hits are algorithmically removed. 

After the location of the hit is determined, the redundant hit removal algorithm is applied to the 

hit list ranked by descending F-ratios. Starting with the first hit, the retention time is compared to 

the rest of the hits on the list. Any other hits with lower F-ratios and retention times that fall 

within a user-defined time window are determined to be the same analyte and are removed from 

the hit list. Therefore, taking Figure A.1A as an example, only the middle blue star with the 

largest F-ratio would be retained in the hit list for this analyte, ideally reducing the hit list to only 

one hit per analyte peak. To ensure the analytes are ideally ranked, the tiles are re-centered 

around the retention time of each analyte and F-ratios are calculated again.  

  



 

243 

F-ratio hit list using initial parameters for ROI compression (all spikes) 

Table A.2. F-ratio hit list using initial parameters. Hit list was obtained using MVOF-ratio analysis 

for the comparison of the spiked classes using parameters recommended in the literature for the 

ROI methodology as an initial attempt to discover the pesticides spiked into the samples. The hit 

list is organized with Hit#, compound identity, the calculated F-ratio using the top F-ratio m/z 

(experimental m/z), identification m/z that was used for confirming analyte identification with the 

Δppm (average Δppm = 22 ppm) and adduct. Using these parameters, a smaller data set with 

only 212 ROI extracted for a range of 100-1200 m/z collected and only 3 spiked pesticides were 

discovered in the F-ratio hit list (all p-values < 0.05). 

Hit# ID F-ratio 
Experimental 

m/z 

Identification 

m/z (Δppm) 
Adduct 

1 fludioxonil 608 247.0343 247.0343 (7.6) [M-H]
-
 

2 tricyclazole 203 248.0361 248.0361 (56.0) [M+Hac-H]
-
 

3 fipronil 200 436.9290 434.9322 (1.8) [M-H]
-
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F-ratio hit list using optimal parameters (all spikes) 

Table A.3. F-ratio hit list using optimal parameters. Tile-based F-ratio results are provided for 

the comparison of all spiked soil samples processed by the ROI workflow using parameters that 

were determined to be optimal. The same tile size as the other F-ratio analyses was used (7.5 s). 

The hit list is ranked according to descending F-ratio with the hit number in the first column 

followed by the compound identity, F-ratio value calculated using the top F-ratio m/z 

(experimental m/z), m/z used for confirming compound identity with Δppm followed by the 

adduct. 

Hit# ID F-ratio 
Experimental 

m/z 

Identification m/z 

(Δppm) 
Adduct 

1 fludioxonil 8377 247.0337 247.0337 (5.2) [M-H]
-
 

2 fenarimol 7709 329.0260 329.0260 (1.8) [M-H]
-
 

3 lenacil 2522 233.1292 233.1292 (1.4) [M-H]
-
 

4 terbacil 2185 215.0604 215.0604 (5.0) [M-H]
-
 

5 flutriafol 1697 204.0593 300.0966 (3.9) [M-H]
-
 

6 tricyclazole 1288 248.0357 248.0499 (0.2) [M+Hac-H]
-
 

7 paclobutrazol 1271 352.1440 352.1440 (1.8) [M+Hac-H]
-
 

8 triadimefon 735 292.0858 292.0858 (0.1) [M-H]
-
 

10 triadimenol 627 298.1527 354.1245 (5.2) [M+Hac-H]
-
 

11 fipronil 432 305.1951 434.9318 (0.9) [M-H]
-
 

12 tebuconazole 392 311.1663 366.1657 (18.4) [M+Hac-H]
-
 

13 triflumizole 385 344.0783 344.0783 (0.7) [M-H]
-
 

14 myclobutanil 336 347.1295 347.1295 (4.2) [M+Hac-H]
-
 

15 hexazinone 280 295.1930 251.1512 (0.5) [M-H]
-
 

17 propargite 85 291.1610 409.1769 (19.2) [M+Hac-H]
-
 

18 flusilazole 81 314.4703 314.0932 (0.6) [M-H]
-
 

19 procymidone 70 217.0622 282.0103 (3.1) [M-H]
-
 

23 pyrimethanil 40 305.1951 258.1298 (19.6) [M+Hac-H]
-
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Calibration curves of representative analytes require low signal threshold  

Figure A.2. Calibration curves of representative analytes. Using the optimal signal threshold of 

250, the average signal using the identification m/z for all replicates per class of a subset of eight 

spiked pesticides was calculated for all six spike sample classes. 

Using the optimal signal threshold of 250, the average peak height was calculated for a 

subset of eight analytes of differing sensitivity in all six sample classes using the identification 

m/z provided in Table A.1. Not all pesticides are discoverable in all sample classes by the ROI 

procedure and therefore by F-ratio analysis, with the peak heights spanning a wide range both 

between and within a single sample class, which may be due to differences in ionization 

efficiencies and ion suppression. The analytes with low signal in the higher concentration sample 

classes present a challenge not only to discovery by ROI methodology, but to the F-ratio analysis 

as proper tile selection is critical to ensure noise does not obscure the analyte signal. As observed 

previously, without applying a lower than recommended threshold, pyrimethanil and flusilazole 

and the [M+Hac-H]- m/z for triadimenol would not be discovered as ROIs or by F-ratio analysis. 

This could be expected for analytes present in trace levels in samples, however it is important to 

ensure that the data is truly reduced to a manageable size while providing the most important and 

chemically relevant information for the intended study. With a known analyte spiked into 

samples at a defined concentration, in addition to computational time, Δppm, and number of 
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ROIs, the expected peak profile ratio reflecting the spike concentration in the samples can be 

used as confirmation of effective data reduction that accurately represents the raw data.  
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Table A.4. F-ratio hit list using initial parameters (25 ppb vs 50 ppb). F-ratio results for the 25 

ppb and 50 ppb class comparison using the initial parameters for ROI data compression. The hit 

list is organized in the same manner as previous hit lists. 

Hit# ID F-ratio 
Experimental 

m/z 

Identification 

m/z (Δppm) 
Adduct 

1 fludioxonil 4.80E+04 247.0343 247.0343 (7.6) [M-H]
-
 

2 tricyclazole 1.60E+03 248.0361 248.0361 (56.0) [M+Hac-H]
-
 

3 fipronil 1.30E+03 434.9323 434.9323 (1.9) [M-H]
-
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Table A.5. F-ratio hit list using optimal m/z error, initial signal threshold (25 ppb vs 50 ppb). 

The F-ratio hit list using the suggested signal threshold, 0.1% of the maximum intensity, and the 

optimal m/z error of ±0.003 Da in the super-augmentation step using the same tile size as in 

Table A.2. The hit list is organized with hit#, compound identity, the F-ratio calculated for the 

top F-ratio m/z (experimental m/z), the identification m/z used to confirm compound identity with 

corresponding Δppm followed by the adduct.  

Hit# ID F-ratio 
Experimental 

m/z 

Identification m/z 

(Δppm) 
Adduct 

1 fludioxonil 6589.7 247.0336 247.0336 (4.7) [M-H]
-
 

2 tricyclazole 290.7 248.0361 248.0361 (56.0) [M+Hac-H]
-
 

3 fipronil 72.7 436.9279 434.9305 (2.2) [M-H]
-
 

6 tebuconazole 22.3 325.1826 366.2369 (212.9) [M+Hac-H]
-
 

10 triadimenol 10.3 297.1518 -- -- 

11 paclobutrazol 7.5 297.1518 -- -- 

To evaluate the workflow after optimizing the admissible mass deviation, F-ratio analysis was 

applied to the data using the recommended signal threshold (0.1% of maximum intensity) and 

the optimal m/z error of ±0.003 Da for the 50 ppb and 25 ppb class comparison. The hit list is 

organized in the same manner as Table A.4 with Hit#, compound identity, F-ratio value 

calculated using the top F-ratio m/z (Experimental m/z), the identification m/z used for 

confidence in analyte identification with corresponding Δppm and adduct. With this initial 

optimization step, the number of true positives discovered doubled, all statistically significant (p-

value < 0.05), and F-ratios decreased greatly across the top three hits. The discovery of more 

spiked pesticides could be explained by adding signal contributions from fewer m/z of the raw 

data to obtain ROI with corresponding experimental m/z that better represent the true peak 

profiles and theoretical m/z. Interestingly, for the two true positives with lowest F-ratios (Hit# 10 

and Hit# 11) there was no identification m/z discovered by inspection of expected [M-H]-, 

[M+Hac-H]-, [M-CO2-H]-, or [M-H2O-H]- m/z for triadimenol and paclobutrazol and were 

therefore primarily identified based on retention time. A possible explanation for this may be that 

the signal threshold is not high enough for signal from these analytes to be considered ROIs for 
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the identification m/z. Additionally, the Δppm between some of the experimental ROI m/z and 

theoretical m/z were greater resulting in an average absolute Δppm of 69 ppm (21 ppm excluding 

tebuconazole) indicating that to obtain the optimal results the m/z error should not be optimized 

alone, rather it should be optimized in conjunction with the signal threshold.  
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Table A.6. F-ratio hit list using optimal signal threshold, initial m/z error (25 ppb vs 50 ppb). 

The F-ratio hit list is provided using a signal threshold of 250 and using an admissible mass 

deviation of ±0.05 Da and the same tile size as in Table 2.2. The hit list is ranked by descending 

F-ratios with reported Hit#, compound identity, F-ratio value (all statistically significant with p-

values < 0.05), experimental m/z used to calculate the F-ratios, the identification m/z used for hit 

identification with Δppm, and finally the adduct.  

Hit# ID F-ratio 
Experimental 

m/z 

Identification m/z 

(Δppm) 
Adduct 

1 terbacil 1.15E+05 215.0661 215.0661 (31.4) [M-H]
-
 

3 tebuconazole 2.03E+04 308.2068 366.1659 (18.9) [M+Hac-H]
-
 

4 lenacil 1.57E+04 233.1564 233.1564 (115.4) [M-H]
-
 

6 flutriafol 1.55E+04 204.0486 300.0901 (17.8) [M-H]
-
 

7 tricyclazole 1.47E+04 248.0393 248.0393 (42.8) [M+Hac-H]
-
 

8 fludioxonil 1.28E+04 247.0425 247.0425 (40.6) [M-H]
-
 

9 triadimefon 1.10E+04 292.0907 292.0907 (16.8) [M-H]
-
 

10 paclobutrazol 1.06E+04 352.1355 352.1355 (22.2) [M+Hac-H]
-
 

12 triflumizole 8.84E+03 344.0722 344.0770 (4.3) [M-H]
-
 

13 fipronil 7.86E+03 329.9730 434.9371 (13.1) [M-H]
-
 

23 fenarimol 2.96E+03 331.0077 329.0272 (5.3) [M-H]
-
 

35 triadimenol 693 354.1295 354.1295 (19.4) [M+Hac-H]
-
 

61 myclobutanil 208 379.2432 347.1267 (4.0) [M+Hac-H]
-
 

97 hexazinone 31 249.1721 251.1323 (75.6) [M-H]
-
 

 

The hit list obtained from F-ratio analysis of the ROI data obtained using the optimal 

signal threshold and the recommended m/z error is provided in Table A.6, organized in the same 

manner as Table A.4. In comparison to the hit list obtained using optimal parameters, one less 

spiked pesticide was discovered for a total of 14 pesticides discovered (11 of these within the top 

30 hits on the list). Though a greater number of pesticides were discovered, many of the hit 

numbers were much higher than those in Table A.4 with many more spurious hits in the hit list 

resulting in the pesticides being less discoverable. Additionally, the calculated Δppm for the 

identification m/z is as high as 115 ppm (average of 31 ppm) with numerous analytes with higher 

Δppm relative to Table A.4, indicating the importance of using a smaller admissible mass 

deviation to improve identification of analytes in a non-targeted study. It is evident that lowering 
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the signal threshold was responsible for discovering a larger amount of pesticides than simply 

optimizing the admissible mass deviation, however, to maximize analyte discovery and confident 

identification in non-targeted studies, it is advised to optimize both m/z error and signal threshold 

parameters simultaneously with spiked standards to ensure that the data is accurately represented 

for the intended analysis, especially for low concentration analytes of interest. 
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Table A.7. F-ratio hit list using optimal parameters (25 ppb vs 50 ppb). Tile-based F-ratio results 

are provided for the comparison of the 50 ppb and 25 ppb spiked soil samples processed by the 

ROI workflow using parameters that were determined to be optimal. The same tile size as the 

other F-ratio analyses was used (7.5 s). The hit list is ranked according to descending F-ratio 

with the hit number in the first column followed by the compound identity, F-ratio value 

calculated using the top F-ratio m/z (experimental m/z), m/z used for confirming compound 

identity with Δppm followed by the adduct. 

Hit# ID F-ratio 
Experimental 

m/z 

Identification m/z 

(Δppm) 
Adduct 

1 fipronil 11751 399.9584 434.9312 (0.5) [M-H]
-
 

2 myclobutanil 8368 347.1289 347.1289 (2.6) [M+Hac-H]
-
 

3 fludioxonil 7694 247.0333 247.0333 (3.6) [M-H]
-
 

4 tricyclazole 7694 249.0390 248.0501 (0.5) [M+Hac-H]
-
 

5 triadimefon 7176 235.0160 292.0852 (2.1) [M-H]
-
 

7 tebuconazole 3020 366.1660 366.1660 (19.2) [M+Hac-H]
-
 

8 terbacil 2878 217.0691 215.0610 (7.8) [M-H]
-
 

9 fenarimol 2074 331.0172 329.0262 (2.4) [M-H]
-
 

10 hexazinone 1540 295.9131 251.1512 (0.5) [M-H]
-
 

11 triflumizole 1388 276.0418 344.0826 (11.8) [M-H]
-
 

12 triadimenol 993 354.1240 354.1240 (3.7) [M+Hac-H]
-
 

13 flutriafol 846 301.0989 300.0967 (4.2) [M-H]
-
 

14 lenacil 628 233.1294 233.1294 (0.5) [M-H]
-
 

15 paclobutrazol 537 352.1438 352.1438 (1.3) [M+Hac-H]
-
 

16 procymidone 488 217.0691 282.0104 (3.5) [M-H]
-
 

17 propargite 410 303.1591 409.1774 (20.4) [M+Hac-H]
-
 

18 pyrimethanil 332 258.1295 258.1295 (18.2) [M+Hac-H]
-
 

28 flusilazole 103 326.1850 314.0990 (18.7) [M-H]
-
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Figure A.3. Effect of tolerant m/z error on data compression by ROI. Further investigation of the 

ROI data produced from Figure 2.6B, illustrates the issue of using a higher than optimal m/z 

error that is too tolerant (±0.005 Da). (A) The overlay of all replicates for all sample classes of 

the fludioxonil peak is provided with a zoom-in of the three lowest spike concentration classes 

(B) using m/z 247.0322. While inspection of (B) indicates that the lowest three sample classes 

are easily distinguishable with relative signal that is consistent with their concentrations, several 

of the 25 ppb replicates are indistinguishable from the 50 ppb replicates and similarly the 

remaining 25 ppb replicates are indistinguishable from the 10 ppb replicates based on peak 

heights.  

An overlay of all sample classes for fludioxonil using m/z 247.0322 is provided in Figure 

A.3A for visual interpretation. Notably, two of the 25 ppb replicates are indistinguishable from 

the 50 ppb replicates and the remaining 3 replicates of the 25 ppb sample class are 

indistinguishable from a majority of the 10 ppb sample class. The lower concentration sample 

classes are provided in Figure A.3B and appear to be more representative of the true class 

comparisons. These observations reinforce the interpretation of the poor sample clustering in 

Figure 2.6B. Without a priori knowledge of class membership, one could mistakenly interpret the 

data to only have five sample classes rather than six. With the signals across classes no longer 

distinguishing, F-ratio analysis would become more challenging as the high within class variance 

of the 25 ppb replicates and lower between-class variance would result in a lower standard F-

ratio, making this hit less discoverable or class-distinguishing.  
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Figure A.4. Effect of strict m/z error on data compression by ROI. Further investigation of the 

ROI data produced from Figure 2.6D, illustrates the issue of using an m/z error that is too 

restrictive (±0.001 Da).Using the most sensitive analyte, fludioxonil (theoretical m/z 247.0324), 

it becomes evident that the analyte signal gets split among m/z 247.0313 (A), m/z 247.0328 (B), 

and m/z 247.0340 (C) that are all within 7 ppm of the theoretical [M-H]- m/z. The ROI in (A) 

only captures the signal for the 50 ppb class while the ROI in (B) captures signal for the 10 ppb 

and 1 ppb samples and the ROI in (C) captures the 50 ppb, 25 ppb, 1 ppb, and 0.5 ppb sample 

signal. This indicates that an admissible mass deviation as low as ±0.001 Da is not optimal for 

this data set and would be problematic for F-ratio analysis. 

The overlay of all sample classes is provided for m/z 247.0313 (Δppm = 4.6 ppm) in 

Figure A.4A, m/z 247.0328 (Δppm = 1.5 ppm) in Figure A.4B, and m/z 247.0340 (Δppm = 6.4 

ppm) in Figure A.4C. In Figure A.4A fludioxonil is discovered as an ROI only in the 50 ppb 

sample class, whereas in Figure A.4B it is considered an ROI only in the 10 ppb and 1 ppb 

classes, and in Figure A.4C it is an ROI in all but the 10 ppb sample class. Though the number of 

ROIs discovered is greater than the number using a larger m/z error, the ROI data produced is not 

ideal for F-ratio analysis as it calculates F-ratio values across samples per m/z and relies on 

signal for a given analyte to be present at the m/z across all replicates. Any analyte native to the 

sample with split signal would be discovered as a false positive by F-ratio and make true positive 

discovery more challenging for non-targeted analyses. In addition, the true positives could be 

discovered across many m/z with low Δppm and result in inaccurate quantification using 

techniques such as S-ratio analysis in subsequent steps. In fact, F-ratio analysis using this m/z 

error would be successful in discovering fludioxonil as a class-distinguishing analyte, however it 

would introduce many redundant hits that do not correctly represent the data. 
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Appendix B 

This chapter was reproduced from S. Schӧneich†, T.J. Trinklein†, C.G. Warren, R.E. Synovec, A 

systematic investigation of comprehensive two-dimensional gas chromatography time-of-flight 

mass spectrometry with dynamic pressure gradient modulation for high peak capacity 

separations, Anal. Chim. Acta 1134 (2020) 115–124.  

† These authors contributed equally to this work 

Pulse valve assembly and operation 
 

The pulse valve is interfaced via an in-house machined face plate which enables a screw-

tight and leak free connection between the valve poppet and the T-union via a 5 cm long 

connection tubing (Figs 1B in main manuscript). The in-house made face plate (shown in darker 

grey) is made of stainless steel of equal diameter and thickness to the bottom plate of the pulse 

valve. A zero-dead volume internal union was then machined onto the bottom of the face plate 

(Valco instruments, ZU.5T). The connection tubing is then attached using a 1/32” screw and 

stainless-steel ferrule and inserted slightly into the pulse valve body plate.              

The valve is controlled via an in-house developed LABView vi and driven by an in-house 

made valve driver. Using LABView enables the user to synchronize the valve sequence with 

sample injection via Agilent’s remote out connection. The valve driver can be modified to 

deliver only the minimum required hit and hold voltage which reduces the wattage delivered to 

valve. This is important when operating the valve at extremely fast modulation periods (PM < 

250 ms) for long runs (>10 min), when valve overheating can occur. Additionally, a computer 

fan is used to cool the valve when performing runs with very fast PM.  When operating at longer 

modulation periods, (PM > 250 ms), valve overheating has not been observed to be an issue. 

Indeed, we have observed no valve failures when operating at PM = 2 s over several months.  
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Figure B.1. Images of the valve face plate fitted with the connection tubing (A) and the 

assembled pulse valve (B).  

A B 
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Table B.1. List of the 116-component test mixture  

 

Alkanes Boiling 
Point 

Vendor Alcohols  Boiling 
Point 

Vendor 

hexane 69 Sigma-Aldrich 1-propanol 97 Sigma-Aldrich 

heptane 98 Sigma-Aldrich 2-butanol 117 Sigma-Aldrich 

octane 126 Sigma-Aldrich 1-pentanol 137 Sigma-Aldrich 

nonane 151 Sigma-Aldrich 2-pentanol 158 Sigma-Aldrich 

decane 174 Sigma-Aldrich hexyl alcohol 158 Sigma-Aldrich 

undecane 196 Sigma-Aldrich 2-heptanol 160 Fluka 

dodecane 216 Sigma-Aldrich 1-octanol 194 Sigma-Aldrich 

tridecane 235 Fluka 1-nonanol 215 Sigma-Aldrich 

tetradecane 254 Fluka 1-decanol 229 Sigma-Aldrich 

pentadecane 271 Alfa-Aesar 1-tetradecanol 289 Sigma-Aldrich 

hexadecane 287 Sigma-Aldrich 1-octadecanol 210 Sigma-Aldrich 

heptadecane 302 Sigma-Aldrich 1-eicosanol 372 Sigma-Aldrich 

octadecane 316 Fluka benzyl alcohol 205 Sigma-Aldrich 

nonadecane 330 Sigma-Aldrich 2-ethyl-1-
hexanol 

185 Fluka 

eicosane 343 Sigma-Aldrich Esters  Boiling 
Point 

Vendor 

henicosane 356 Sigma-Aldrich ethyl formate 54 Sigma-Aldrich 

docosane 370 Sigma-Aldrich methyl 
decanoate 

224 Eastman 
Chemicals 

tricosane 380 Sigma-Aldrich methyl caprylate 193 Sigma-Aldrich 

tetracosane 391 Sigma-Aldrich methyl salicylate 223 Alfa-Aesar 

pentacosane 401 Sigma-Aldrich ethyl salicylate 233 Alfa-Aesar 

hexacosane 412 Sigma-Aldrich methyl laurate 262 Sigma-Aldrich 

heptacostane 422 Sigma-Aldrich methly caproate  151 Sigma-Aldrich 

octacosane 431 Sigma-Aldrich diethyl phthalate 299 Sigma-Aldrich 

nonacosane 440 Sigma-Aldrich Ketones  Boiling 
Point 

Vendor 

triacontane 449 Sigma-Aldrich 2-butanone 80 Sigma-Aldrich 

hentriacontane 458 Sigma-Aldrich 2-pentanone 102 Sigma-Aldrich 

dotriacontane 467 Sigma-Aldrich 3-hexanone 128 Sigma-Aldrich 

titriacontane 474 Sigma-Aldrich 2-hexanone 128 Sigma-Aldrich 

pentatriacontane 491 Sigma-Aldrich 2-heptanone 152 Sigma-Aldrich 

hexatriacontane 498 Sigma-Aldrich 3-heptanone 141 Sigma-Aldrich 

heptatriacontane 505 Sigma-Aldrich 3-octanone 167 Sigma-Aldrich 

octatriacontane 512 Sigma-Aldrich 2-decanone 209 Sigma-Aldrich 

nonatriacontane 518 Sigma-Aldrich 2-undecanone 231 Sigma-Aldrich 
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tetracontane 525 Sigma-Aldrich 2-dodecanone 245 Sigma-Aldrich 

pristane 296 Sigma-Aldrich Aromatics  Boiling 
Point 

Vendor 

Halogenated 
Alkanes  

Boiling 
Point 

Vendor benzene 80 Fischer 

1,5-
dichloropentane 

179 Sigma-Aldrich toluene 111 Sigma-Aldrich 

1-chlorohexane 135 Sigma-Aldrich 3-ethyltoluene 161 Sigma-Aldrich 

1-bromohexane 155 Sigma-Aldrich 4-ethyltoluene 162 Fluka 

1-bromoheptane 179 Sigma-Aldrich mesitylene 165 Sigma-Aldrich 

1-bromooctane 200 Sigma-Aldrich ethylbenzene 136 Sigma-Aldrich 

1-chlorobutane 78 Sigma-Aldrich butylbenzene 183 Sigma-Aldrich 

1,1,1-
trichloroethane 

74 Sigma-Aldrich isobutylbenzene 170 Sigma-Aldrich 

1,2-
dichloroethane 

84 Sigma-Aldrich tert-butyl 
benzene 

167 Sigma-Aldrich 

carbon 
tetrachloride 

77 Sigma-Aldrich propylbenzene 159 Sigma-Aldrich 

Cyclics  Boiling 
Point 

Vendor 1-
ethylnapthelene 

260 Sigma-Aldrich 

methylcyclopenta
ne 

72 Fluka bromobenzene 155 Sigma-Aldrich 

cyclohexane 81 Sigma-Aldrich cyclohexylbenze
ne 

239 Sigma-Aldrich 

cyclooctane 150 Sigma-Aldrich diphenylmethan
e 

265 Sigma-Aldrich 

butylcyclohexane 181 Sigma-Aldrich p-xylene 189 Sigma-Aldrich 

bicyclohexyl 227 Sigma-Aldrich o-xylene 145 Sigma-Aldrich 

2,2,4-
trimethylpentane 

99 Sigma-Aldrich m-xylene 128 Sigma-Aldrich 

Alkenes Boiling 
Point 

Vendor 1,2,4-
trimethylbenzen
e 

169 Sigma-Aldrich 

1-hexene 63 Sigma-Aldrich anisole 154 Sigma-Aldrich 

cyclohexene 83 Sigma-Aldrich dibutyl phthalate 340 Sigma-Aldrich 

dodecene 214 Sigma-Aldrich a-terpineol (90%) 219 Sigma-Aldrich 

1-undecene 194 Fluka PAHs Boiling 
Point 

Vendor 

Alkynes Boiling 
Point 

Vendor fluoranthene 375 Supelco 

1-hexyne 71 Sigma-Aldrich fluorene 295 Supelco 

1-heptyne 109 Sigma-Aldrich chrysene 448 Supelco 

1-nonyne 151 Sigma-Aldrich pyrene 404 Supelco 

5-decyne 177 Sigma-Aldrich anthracene 340 Supelco 
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Sample preparation and specific analysis conditions for the complex samples 

 

Diesel Fuel 

A diesel sample was sourced from a local fueling station. The oven temperature was held 

at 50 °C for 5 min, then ramped at 6 °C/min to 300 °C, where it was held for 2.5 min. The inlet 

was operated at constant flow mode at 1.40 ml/min, though the average flow rate was estimated 

at 0.15 ml/min on 1D due to the DPGM effect on the resulting 1D flow rate. The Paux applied to 

the pulse valve was 296.5 kPa and was immediately ramped at 3.6 kPa/min to 447.3 kPa where it 

was held for 2.5 min. A 1 µl sample was injected at a 10:1 split ratio.  

 

Cow serum 

The cow serum was derivatized as described previously to provide trimethylsilation and 

methoximation [J. Chromatogr. A 1218 (2011) 1899–1906]. Briefly, 0.1 ml aliquots of room 

temperature cow serum were transferred to 2 ml microcentrifuge tubes and combined with 0.9 ml 

of an 8:1 methanol:water solution. The tubes were cooled on ice for 10 min, and then 

homogenized for 10 min. The samples were cooled again for 10 min, and then centrifuged at 

15,000 G for 10 min. Next, 0.2 ml aliquots of the supernatant were transferred to 300 μl GC vial 

inserts and evaporated for 1 hr using a SpeedVac SVC 100. Dried samples were immediately 

stored at -4 °C. Prior to derivatization, the samples were again evaporated for 1 hr. A 30 μl 

aliquot of 20 mg/ml methoxyamine hydrochloride in ACS grade pyridine (prepared the same 

day) was added to each dry sample extract and incubated at 30 °C for 90 min. Next, a 70 μl 

aliquot of MSTFA with 0.1% TMCS (Thermo Scientific, Waltham, MA) solution was 

introduced followed by incubation at 60 °C for 90 min. Samples were analyzed immediately 

after completion of the derivatization procedure. One μl samples were injected in splitless mode. 

 

SPME of river water headspace 

Samples of contaminated river water containing sediment were collected from Ravenna 

Creek in Seattle, Washington, USA. A ~4 ml sample of river water was placed in a crimp vial 

without filtration and equilibrated at 80 °C for 30 min prior to extraction. River water headspace 

was sampled via SPME with a 65 μm polydimethylsiloxane / divinylbenzene (Supelco, PA, 

USA) fiber in a manual fiber holder apparatus (Supelco, Bellefonte, USA) without stirring. The 

fiber was conditioned at 250 °C for 30 min with a GC inlet flow of 0.5 ml/min before exposure 

to the water headspace for 2 hr. The fiber was desorbed in the inlet at 250 °C for 5 min. 

 

SPME of coffee headspace 

A 2 g sample of ground coffee was placed into a headspace vial and equilibrated for 30 

min. A 65 μm polydimethylsiloxane / divinylbenzene fiber (Supelco, PA, USA) was conditioned 

at 250 °C for 30 min with a GC inlet flow of 0.5 ml/min and then exposed to the coffee 

headspace for 30 min. The fiber was desorbed in the inlet at 250 °C for 5 min.  
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Table B.2. List of analytes indicated in Fig. 5.2B 

List of the 10 representative analytes labeled in Fig. 5.2B used to calculate the 2D peak capacity, 
2nc, as shown in Fig. 5.2C. 

Peak number Analyte m/z used 

1tR (min), 

2tR (ms) 

2Wb (ms) 

1 octane 57 12.1, 265 102 

2 cyclooctane 41 14.6, 430 113 

3 1-chlorohexane 91 13.0, 550 116 

4 1-bromoheptane 135 16.7, 665 125 

5 p-xylene 91 13.9, 880 133 

6 chlorohexylbenzene 91 21.4, 1265 134 

7 2-undecanone 58 22.3, 1025 165 

8 2-ethyl-1-hexanol 55 16.4, 1535 175 

9 1-octanol 41 17.2, 1715 176 

10 1-pentanol 42 11.1, 1950 221 
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Figures B.2(a-j). Study of modulator induced band broadening on 1D peak widths. Figures for 

each of the 10 analytes labeled in Fig. 5.2B showing the Gaussian curve fit.  
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Figure B.3. Evaluation of fcoverage for the complex samples. The fractional space covered for 

each of the samples is outlined in the red trace and analytes are represented by the × symbols 

with the fcoverage reported above each panel. 
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Appendix C 

This appendix was reproduced from S. Schӧneich, G.S. Ochoa, C.M. Monzón, R.E. Synovec, 

Minimum variance optimized Fisher ratio analysis of comprehensive two-dimensional gas 

chromatography / mass spectrometry data: Study of the pacu fish metabolome, J. Chromatogr. A. 

1667 (2022) 462868.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure C.1. Flowchart of the sample preparation steps. For each fish, 2 vials containing 5 g of 

freeze-dried fish tissue was available. To reduce sample heterogeneity, 4 extracts weighing 20 

mg were pooled from each vial per fish. After the extraction procedure, 200 µL of each extract 

was pooled (1.6 mL) and 200 µL of the pooled extracts were used for derivatization. 

 

 

  

1. Methoxymation 

2. Trimethylsilylation 
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Table C.1. The 29 metabolites spiked into the farmed pacu fish for the initial evaluation of the 

artifact removal and redundant hit removal algorithms is provided with retention times and 

corresponding signal using m/z 73 in the neat standard mixture. Retention times were used to 

verify identification of these analytes in the spiked fish samples. 

Compound name 1tR (min) 2tR (s) Signal  

lactic acid 5.0 1.79 4.24×105  

isovaleric acid 5.2 1.07 5.93×104  

alanine 5.4 1.14 8.10×105  

glycine 6.0 1.05 4.67×104  

aspartic acid 6.2 1.92 1.32×104  

L-valine 6.2 1.57 1.61×104  

pyruvate  6.2 1.28 9.16×105  

L-cysteine 6.9 1.61 3.11×106  

oxalic acid 7.2 1.43 2.49×105  

methylmalonic acid 8.0 1.68 2.26×106  

malonic acid 8.1 1.61 1.58×106  

glycine 8.5 0.27 2.51×104  

L-serine 8.8 1.72 1.39×104  

fumaric acid 9.8 1.84 8.33×106  

4-methylvaleric acid 9.8 1.4 7.32×104  

succinic acid 9.9 1.62 3.73×106  

acetic acid 10.1 1.18 3.99×104  

maleic acid 10.2 1.47 1.33×106  

uracil 10.8 0.58 1.79×105  

creatinine 13.4 1.84 5.90×105  

L-glutamic acid 13.7 1.54 5.89×104  

pyroglutamic acid 14.2 1.43 6.82×105  

glycerol-3-phosphate 15.3 0.03 3.77×105  

D-galactose  16.1 1.09 4.18×105  

D-glucose  16.2 1.07 2.74×105  

gluconic acid 17.2 1.29 1.63×105  

D-glucose-6-phosphate 17.3 0.14 1.63×105  

myo-inositol 17.8 1.71 9.06×105  

maltose 24.5 0.53 1.84×104  
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Figure C.2. Two examples of analytes spiked at a concentration of 50 ppm in the pooled farmed 

fish samples (indicated by green arrows), which ranged in signal and in observable signal-to-

noise (S/N) ratio. (A) A high S/N hit example represented by the overlay of all spiked (blue) and 

unspiked (red) traces of gluconic acid using selective m/z 333, and (B) a low S/N hit example of 

L-cysteine using selective m/z 86. Both were successfully discovered and identified by CNF-ratio 

analysis.  
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Figure C.3. Indexed mass purity plots show the deviation between the hit mass spectrum and the 

reference mass spectra (A1-A3). (A) Indexed mass ratio plot is the ratio of intensities at the 

indexed m/z, in this case the 10 most intense m/z, with the diagonal all equal to 1. The same 

indexed mass ratio plot can be calculated for each of the reference spectra using the same m/z as 

for the hit and the deviation between the mass ratio plots is represented by the indexed mass 

purity plot. The indexed mass purity plot showing the deviation between the hit spectrum and A1 

(B), A2 (C), and A3 (D). If there is no deviation, or the spectra are the same, the plot should be 

mainly white such as B. In this case, hit 29 was confirmed to be A1 and correctly removed by the 

artifact removal algorithm. 
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Figure C.4. Identification facilitated by PARAFAC decomposition. (A) Overlay of all m/z at the 
2tR of hit 21 in the background normalized hit list of the spiked data set after artifact removal and 

redundant hit removal. An inset is provided for visualization of lower intensity m/z that 

correspond to acetic acid peak. (B) Overlay of the summed 2D plots for all spiked samples (blue) 

and unspiked samples (red) using selective m/z 84 determined from the PARAFAC loadings. (C) 

PARAFAC loadings for 4-methyl-2-pentanol (black) and acetic acid (red) overlay showing 

slightly different 2tR and corresponding mass spectrum using the same color traces (D).  
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Figure C.5. TIC chromatograms for tank-raised and farmed pacu fish. (A) Tank-raised TIC 

chromatogram using the average chromatogram of all tank-raised replicates and (B) the farmed 

TIC chromatogram using the average chromatogram of all farmed replicates. The high signal 

peaks that make up the streaks drown out the signal for many of the lower signal analytes and 

make it difficult to notice differences between chromatograms. 
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Table C.2. Standard F-ratio hit list including compound name, F-ratio, final hit numbers, [F]/[T], 

p-value calculated for determining the significance of the concentration ratio, pure m/z used for 

[F]/[T] calculation, and LOF.  

# Compound name F-ratio Hit # [F]/[T] p-value m/z LOF(%) 

1 caproic acid 98 1 0.24 9.4E-07 73 -- 

2 2,3-butanediol 95 2 2. 9 2.3E-07 117 7.9 

3 glycerol 92 3 1.9 1.1E-05 74 8.6 

4 glycylisoleucine 76 4 0.68 0.098 86 18.9 

5 glycolic acid 61 5 0.50 9.9E-07 204 2.6 

6 unknown metabolite 1 58 6 1.4 1.9E-04 73 16.4 

7 2-butanol 51 7 0.029 1.8E-05 117 -- 

8 4-hydroxybutyric acid 50 8 2.7 3.1E-06 147 10.3 

9 unidentified artifact 1 48 9 -- -- -- -- 

10 D-glucose 46 10 0.67 5.9E-05 135 3.8 

11 myo-inositol 45 11 1.9 3.0E-05 75 4.7 

12 unidentified artifact 2 42 12 -- -- -- -- 

13 methylaminoheptane 40 13 3.0 5.2E-06 170 6.8 

14 DL-phenylalanine 38 14 0.080 1.6E-04 74 -- 

15 unidentified artifact 3 37 15 -- -- -- -- 

16 L-cysteine 35 16 0.65 7.7E-04 146 1.9 

17 mannose  32 17 0.63 2.2E-04 160 2.3 

18 unidentified artifact 4 31 18 -- -- -- -- 

19 unknown metabolite 2 30 19 0.35 0.0082 73 -- 

20 bromosuccinate 28 20 0.33 8.3E-06 73 10.0 

21 L-serine 28 21 0.41 5.3E-04 116 19.1 

22 unidentified artifact 5 28 22 -- -- -- -- 

23 scyllo-inositol 27 23 0.15 0.0022 318 9.5 

24 unidentified artifact 6 26 24 -- -- -- -- 

25 unidentified artifact 7 25 25 -- -- -- -- 

26 L-leucine 25 26 0.27 6.1E-05 73 -- 

27 tyrosine 25 27 0.051 0.021 179 -- 

28 L-valine 25 28 0.52 0.0030 72 18.8 

29 D-alloisoleucine 24 29 0.41 0.0023 86 17.7 



 

270 

30 N-trifluoroacetylmorpholine 23 30 0.51 0.0050 113 4.2 

31 unknown metabolite 3 21 31 0.89 0.75 117 15.9 

32 propylene glycol 20 32 0.17 5.8E-04 117 11.8 

33 unidentified artifact 8 19 33 -- -- -- -- 

34 erythrose  19 34 0.53 0.0034 72 12.4 

35 acetic acid 19 35 1.2 0.38 75 7.0 

36 unidentified artifact 9 19 36 -- -- -- -- 

37 1,2-propanediol-1-phosphate 19 37 1.4 0.060 73 10.2 

38 creatinine 17 38 0.74 6.3E-05 204 6.0 

39 unidentified artifact 10 16 39 -- -- -- -- 

40 2,2'-methylenediphenol 16 40 0.27 0.0041 171 5.6 

41 unidentified artifact 11 16 41 -- -- -- -- 

42 isovaleric acid  16 42 1.3 0.011 142 2.9 

43 methionine 16 43 0.28 0.017 147 19.9 

44 L-isoleucine 15 44 0.18 9.6E-04 159 -- 

45 unknown metabolite 5 15 45 0.37 0.0028 84 -- 

46 DL-norleucine 15 46 0.62 0.014 74 -- 

47 unidentified artifact 12 14 47 -- -- -- -- 

48 sarcosine 14 48 0.14 0.0088 116 -- 

49 succinic acid 13 49 0.15 0.096 147 -- 

50 unidentified artifact 13 13 50 -- -- -- -- 

51 unidentified artifact 14 13 51 -- -- -- -- 

52 glycerol-3-phosphate 13 52 0.45 0.065 357 3.2 

53 glycine 13 53 1.2 0.31 102 3.0 

54 norvaline 12 54 0.32 0.0017 144 -- 

55 L-fucitol 12 55 0.33 5.7E-04 117 11.7 

56 L-leucine 11 56 0.55 0.031 86 13.4 

57 unknown metabolite 4 11 57 0.74 0.011 188 1.9 

58 β-D-glucopyranose 10 58 0.73 0.073 191 2.1 

59 undecanoic acid 9 59 1.6 0.011 43 9.2 

60 L-glutamine 9 60 0.79 0.045 84 17.4 

61 L-ornithine 9 61 0.029 0.049 174 -- 

62 unidentified artifact 15 9 62 -- -- -- -- 
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63 salicylic acid 9 63 0.16 0.018 267 -- 

64 2-aminobenzoxazole 8 64 1.3 0.37 263 7.4 

65 xylitol 8 65 2.6 2.4E-05 217 -- 

66 hypoxanthine 8 66 0.45 0.019 136 9.6 

67 unidentified artifact 16  8 67 -- -- -- -- 

68 unidentified artifact 17 7 68 -- -- -- -- 

69 unidentified artifact 18 7 69 -- -- -- -- 

70 2-hydroxyisovaleric acid 6 70 0.48 0.049 147 -- 

71 niacinamide 6 71 0.77 0.34 179 8.6 

72 unidentified artifact 19 6 72 -- -- -- -- 

73 unidentified artifact 20 5 73 -- -- -- -- 

74 D-xylose 5 74 1.5 0.11 73 6.1 

 

  



 

272 

Table C.3. Tank-normalized F-ratio hit list including compound name, F-ratio, final hit 

numbers, [F]/[T], p-value calculated to determine significance of concentration ratio, pure m/z 

used for [F]/[T] calculation, and LOF.  

# Compound name F-ratio Hit # [F]/[T] p-value m/z LOF(%) 

1 glycerol 751 1 1.9 1.1E-05 74 8.6 

2 2,3-butanediol 591 2 2.9 2.3E-07 117 7.9 

3 N-(hydroxymethyl)trifluoroacetamide 390 3 3.1 1.7E-05 170 12.7 

4 methylaminoheptane 271 4 3.0 5.2E-06 170 6.8 

5 4-hydroxybutyric acid 211 5 2.7 3.1E-06 147 10.3 

6 caproic acid  185 6 0.24 9.4E-07 73 -- 

7 mercaptoacetic acid 132 7 0.44 9.1E-04 221 17.2 

8 N,N-dimethylethanolamine 98 8a 2.1 6.7E-07 58 -- 

9 alanine 98 9 0.69 8.3E-04 44 14.2 

10 unidentified artifact 1 93 10 -- -- -- -- 

11 myo-inositol 92 11 1.9 3.0E-05 75 4.7 

12 glycolic acid  69 12 0.50 9.9E-07 204 2.7 

13 D-glucose 54 13 0.67 5.9E-05 135 3.8 

14 2-butanol 54 14 0.029 1.8E-05 117 -- 

15 unidentified artifact 2 53 15 -- -- -- -- 

16 L-cysteine 52 16 0.65 7.7E-04 146 1.9 

17 lactic acid 41 17 1.0 0.49 129 10.0 

18 asparagine 39 18 0.53 2.8E-06 80 5.1 

19 L-valine 38 19 0.52 0.0030 72 18.8 

20 galactose 36 20 1.3 0.054 73 13.4 

21 bromosuccinate 34 21 0.33 8.3E-06 73 9.9 

22 L-serine 34 22 0.41 5.3E-04 116 19.1 

23 L-leucine  30 23 0.27 6.1E-05 73 -- 

24 tyrosine 30 24 0.051 0.021 179 -- 

25 unidentified artifact 3 29 25 -- -- -- -- 

26 1,2-propanediol-1-phosphate 29 26 1.4 0.060 73 10.2 

27 diethylcarbamate 28 27 0.80 0.032 174 2.6 

28 isovaleric acid 28 28 1.3 0.011 142 2.9 

29 scyllo-inositol 28 29 0.15 0.0022 318 9.5 
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30 acetic acid 27 30 1.2 0.38 75 7.0 

31 D-alloisoleucine 27 31 0.41 0.0023 86 17.7 

32 N-trifluoroacetylmorpholine 26 32 0.51 0.0050 113 4.2 

33 stearic acid 25 33 1.9 0.050 73 14.3 

34 unidentified artifact 4 25 34 -- -- -- -- 

35 unknown metabolite 3 25 35 0.89 0.75 117 15.9 

36 pyruvate 24 36 0.47 0.012 174 12.2 

37 unidentified artifact 5 23 37 -- -- -- -- 

38 niacinamide  22 38 0.77 0.34 179 8.6 

39 unidentified artifact 6 20 39 -- -- -- -- 

40 unknown metabolite 5 20 40 0.37 0.0028 84 -- 

41 creatinine 19 41 0.74 6.3E-05 204 6.0 

42 glycerol-3-phosphate 18 42 0.45 0.065 357 3.2 

43 unidentified artifact 7 18 43 -- -- -- -- 

44 salicylic acid  18 44 0.16 0.018 267 -- 

45 2,2'-methylenediphenol 17 45 0.27 0.0041 171 5.6 

46 L-isoleucine 17 46 0.19 9.6E-04 159 -- 

47 sarcosine 16 47 0.14 0.0088 116 - 

48 succinic acid 16 48 0.15 0.096 147 -- 

49 L-isoleucine  15 49 0.26 0.0066 86 -- 

50 L-fucitol 15 50 0.29 5.7E-04 117 11.7 

51 unidentified artifact 8 15 51 -- -- -- -- 

52 L-leucine 15 52 0.55 0.031 86 13.4 

53 norvaline 15 53 0.32 0.0017 144 -- 

54 unknown metabolite 4 14 54 0.74 0.011 188 1.9 

55 methionine 14 55 0.28 0.017 147 19.9 

56 unidentified artifact 9 13 56 -- -- -- -- 

57 unidentified artifact 10 12 57 -- -- -- -- 

58 malic acid 10 58 0.47 0.13 147 6.4 

59 2-hydroxyisovaleric acid 10 59 0.48 0.049 147 -- 

60 D-xylose 10 60 1.5 0.11 73 6.1 

61 unidentified artifact 11 10 61 -- -- -- -- 

62 L-ornithine 9 62 0.029 0.049 174 -- 
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63 creatinine enol 8 63 0.15 0.029 115 -- 

64 hypoxanthine 8 64 0.45 0.019 136 9.6 

65 maltose 8 65 0.52 0.13 361 4.0 

66 2-pentanol 7 66 1.7 9.9E-04 73 -- 

67 L-valine 6 67 0.55 0.041 72 -- 

68 lactose 6 68 1.0 0.98 204 4.5 

69 glycine 6 69 1.2 0.31 102 3.0 
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Table C.4. Farm-normalized F-ratio hit list including compound name, F-ratio, final hit 

numbers, [F]/[T], p-value calculated to determine statistical significance of concentration ratio, 

pure m/z used for [F]/[T] calculation, and LOF.  

# Compound name F-ratio Hit # [F]/[T] p-value m/z LOF(%) 

1 2-butanol 19113 1 0.029 1.8E-05 117 -- 

2 γ-butyrolactone 13456 2 0.12 0.011 86 -- 

3 propylene glycol 6045 3 0.17 5.8E-04 117 11.8 

4 tyrosine 5951 4 0.051 0.021 179 -- 

5 DL-phenylalanine 2098 5 0.080 1.6E-04 74 -- 

6 scyllo-inositol 1222 6 0.15 0.0022 318 9.5 

7 L-ornithine 816 7 0.029 0.049 174 -- 

8 D-glucose 750 8 0.67 5.9E-05 135 3.8 

9 succinic acid 702 9 0.15 0.096 147 -- 

10 glycolic acid  687 10 0.50 9.9E-07 204 2.7 

11 caproic acid  551 11 0.24 9.4E-07 73 -- 

12 glycerol-3-phosphate 465 12 0.45 0.065 357 3.2 

13 creatinine 428 13 0.74 6.3E-05 204 6.0 

14 2,2'-methylenediphenol 389 14 0.27 0.0041 171 5.6 

15 mannose  372 15 0.52 2.2E-04 160 2.3 

16 sarcosine 310 16 0.14 0.0088 116 -- 

17 pyruvate 289 17 0.47 0.012 174 12.2 

18 L-cysteine 275 18 0.65 7.7E-04 146 1.9 

19 D-alloisoleucine 239 19 0.41 0.0023 86 17.7 

20 L-iosleucine 226 20 0.19 9.6E-04 159 -- 

21 unidentified artifact 1 225 21 -- -- -- -- 

22 hexadecenitrile 213 22 0.88 0.38 136 -- 

23 hypoxanthine 211 23 0.45 0.019 136 9.6 

24 glycerol 207 24 1.9 1.1E-05 74 8.6 

25 bromosuccinate 204 25 0.33 8.3E-06 73 10.0 

26 L-leucine  200 26 0.27 6.1E-05 73 -- 

27 methionine  190 27 0.28 0.017 147 19.9 

28 L-serine 187 28 0.41 5.3E-04 116 19.1 

29 L-valine 158 29 0.52 0.0030 72 18.8 
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30 D-mannopyranose 145 30 0.83 0.22 191 3.5 

31 2,3-butanediol  145 31 2.9 2.3E-07 117 8.0 

32 alanine 123 32 0.69 8.3E-04 44 14.2 

33 N,N-dimethylethanolamine 123 33 2.1 6.7E-07 58 -- 

34 β-D-glucopyranose 122 34 0.73 0.073 191 2.1 

35 asparagine 122 35 0.53 2.8E-06 80 5.1 

36 L-isoleucine  118 36 0.26 0.0066 86 -- 

37 DL-norleucine 115 37 0.62 0.014 74 -- 

38 unknown metabolite 1 111 38 1.4 1.9E-04 73 16.4 

39 L-arginine 104 39 0.45 0.0019 257 -- 

40 myo-inositol 104 40 1.9 3.0E-05 75 4.7 

41 malic acid 103 41 0.47 0.13 147 6.7 

42 unidentified artifact 2 102 42 -- -- -- -- 

43 mercaptoacetic acid 98 43 0.44 9.1E-04 221 17.2 

44 unknown metabolite 2 98 44 0.35 0.0082 73 -- 

45 acetic acid 95 45 1.2 0.38 75 7.0 

46 N-trifluoroacetylmorpholine 92 46 0.51 0.0050 113 4.2 

47 unknown metabolite 3 91 47 0.89 0.75 117 15.9 

48 unknown metabolite 4 87 48 0.74 0.011 188 1.9 

49 D-glucose-1-phosphate 83 49 0.32 1.5E-04 217 6.7 

50 unidentified artifact 3 81 50 -- -- -- -- 

51 maltose 80 51 0.52 0.13 361 4.0 

52 unknown metabolite 5 75 52 0.37 0.0028 84 -- 

53 niacinamide  71 53 0.77 0.34 179 8.6 

54 methylaminoheptane 66 54 3.0 5.2E-06 77 -- 

55 erythrose  62 55 0.53 0.0034 72 12.4 

56 urea 62 56 1.6 0.18 171 -- 

57 diethylcarbamate 61 57 0.80 0.032 174 2.6 

58 unidentified artifact 4 55 58 -- -- -- -- 

59 nonadecane 54 59 1.5 0.25 57 -- 

60 L-fucitol 53 60 0.33 5.7E-04 117 11.7 

61 1,2-propanediol-1-phosphate 53 61 1.4 0.060 73 10.2 
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62 norvaline 50 62 0.32 0.0017 144 -- 

63 DL-ornithine 45 63 0.27 0.21 147 -- 

65 unidentified artifact 5 38 65 -- -- -- -- 

64 β-amino isobutyric acid 34 64 1.1 0.49 73 2.5 

66 glycylisoleucine 34 66 0.68 0.098 86 18.9 

67 L-leucine 33 67 0.55 0.031 86 13.4 

68 2-hydroxyisovaleric acid 30 68 0.48 0.049 147 -- 

69 malonic acid 29 69 0.32 0.035 233 -- 

70 glycine 29 70 1.2 0.31 102 3.0 

71 4-methyl-3-heptanol 29 71 0.57 0.037 73 -- 

72 isovaleric acid  28 72 1.3 0.011 142 2.9 

73 pyrocatechol 27 73 0.25 0.041 254 -- 

74 D-arabinose 27 74 2.9 4.5E-06 318 8.1 

75 2-aminobenzoxazole 25 75 1.3 0.37 263 7.4 

76 galactose 24 76 1.3 0.054 73 13.4 

77 L-glutamine 22 77 0.79 0.045 84 17.4 

78 threonic acid 21 78 0.50 8.6E-04 117 -- 

79 unknown metabolite 6 21 79 0.86 0.51 221 8.6 

80 citrulline 21 80 0.78 0.090 188 3.7 

81 salicylic acid 20 81 0.16 0.018 267 -- 

82 unidentified artifact 6 18 82 -- -- -- -- 

83 undecanoic acid 18 83 1.6 0.011 43 9.2 

84 methylmalonic 18 84 0.40 0.034 218 -- 

85 unidentified artifact 7 18 85 -- -- -- -- 

86 xylitol 18 86 2.6 2.4E-05 217 -- 

87 2-ethylhexanoic acid 18 87 0.41 0.046 201 -- 

88 unknown metabolite 7 18 88 1.3 3.7E-04 103 -- 

89 unidentified artifact 8 17 89 -- -- -- -- 

90 unidentified artifact 9 17 90 -- -- -- -- 

91 unknown metabolite 8 17 91 3.0 2.9E-07 73 -- 

92 creatinine enol 17 92 0.15 0.029 115 -- 

93 unidentified artifact 10 16 93 -- -- -- -- 
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94 aspartic acid 16 94 0.66 2.5E-04 232 6.2 

95 unidentified artifact 11 16 95 -- -- -- -- 

96 unknown metabolite 9 15 96 1.1 0.44 117 -- 

97 2-pentanol 14 97 1.7 9.9E-04 73 -- 

98 unidentified artifact 12 14 98 -- -- -- -- 

99 L-valine 12 99 0.55 0.041 72 -- 

100 unknown metabolite 10 9 100 0.64 1.6E-05 186 -- 

101 lactose  9 101 1.0 0.98 204 4.5 

102 n-butylamine 8 102 4.0 0.38 174 -- 

103 D-xylose 6 103 1.5 0.11 73 6.1 

104 unknown metabolite 11 4 104 0.75 0.0017 147 8.4 

105 2,2-dimethyl-3-pentanol 4 104 1.1 0.73 73 14.3 
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Table C.5. Wilcoxon rank sum test hit list including compound name, z-statistic, and final hit 

numbers. The hit list is organized by descending z-statistic with an applied z-critical of 1.96 for a 

two-tailed test at the 95% confidence level.  

# Compound name z-statistic Hit # 

1 2,3-butanediol  5.38 1 

2 glycerol 5.33 2 

3 caproic acid 5.23 3 

4 N-(hydroxymethyl)trifluoroacetamide 5.09 4 

5 gamma-butyrolactone 5.02 5 

6 methylaminoheptane 4.86 6 

7 glycolic acid 4.64 7 

8 D-glucose 4.60 8 

9 2-butanol 4.52 9 

10 myo-inositol 4.48 10 

11 propylene glycol 4.42 11 

12 L-cysteine 4.36 12 

13 mannose 4.30 13 

14 L-serine 4.21 14 

15 DL-phenylalanine 4.21 15 

16 unidentified artifact 1 4.13 16 

17 tyrosine 4.10 17 

18 L-alanine 4.04 18 

19 asparagine 4.01 19 

20 unidentified artifact 2 3.98 20 

21 sarcosine 3.87 21 

22 L-isoleucine 3.78 22 

23 D-alloisoleucine 3.72 23 

24 lactic acid 3.67 24 

25 creatinine 3.63 25 

26 L-leucine 3.61 26 

27 unidentified artifact 3 3.52 27 

28 N-trifluoroacetylmorpholine 3.51 28 
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29 L-valine 3.51 29 

30 pyruvate 3.39 30 

31 2,2'-methylenediphenol 3.32 31 

32 unidentified artifact 4 3.29 32 

33 acetic acid 3.29 33 

34 unidentified artifact 5 2.95 34 

35 DL-norleucine 2.87 35 

36 unidentified artifact 6 2.76 36 

37 isovaleric acid  2.75 37 

38 unidentified artifact 7 2.74 38 

39 unknown metabolite 4 2.71 39 

40 1,2-propanediol-1-phosphate 2.66 40 

41 unidentified artifact 8 2.66 41 

42 β-D-glucopyranose 2.65 42 

43 unidentified artifact 9 2.63 43 

44 unidentified artifact 10 2.62 44 

45 unidentified artifact 11 2.56 45 

46 unknown metabolite 3 2.34 46 

47 methionine 2.34 47 

 

 

 

 


