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Comprehensive two-dimensional gas chromatography (GC×GC) coupled with time-of-flight mass 

spectrometry (TOFMS) is a powerful analytical technique capable of separating complex mixtures, 

providing valuable information about the chemical composition of samples. However, the inherent 

data density associated with three-dimensional data provides a unique challenge to analytical 

chemists. As a result, significant effort has been invested in utilizing advanced chemometrics to 

glean meaningful information about samples from large and complex data sets. Herein, this 

dissertation introduces several investigations conducted on optimizing separation conditions to be 



 

amenable to chemometric deconvolution algorithms as well as the development, study, and 

application of advanced chemometric techniques applied to GC×GC-TOFMS data. To begin, the 

metric trilinear deviation ratio (TDR) is utilized to study the impact of experimental parameters 

such as column selection and modulation period, PM, on the quantitative accuracy of parallel factor 

analysis (PARAFAC) deconvolution. TDR scales with increasing change in second dimension 

retention time, Δ2tR, associated with pseudo-isothermal conditions on the second dimension, 2D, 

and quantitative accuracy decreases as TDR increases. Two column sets were utilized with varying 

film thickness on the first column, 1D, and each column set was studied using two PM for a total 

of 4 experiments. It was reported that using 1D columns with larger film thicknesses allows the 

analyst to employ a shorter PM, in turn lowering the Δ2tR, leading to higher quantitative accuracy. 

Many GC×GC-TOFMS studies relate to identifying class distinguishing analytes and can be 

tedious when performed manually. Fortunately, the use of discovery-based chemometric tools such 

as principal component analysis (PCA) and Fisher ratio (F-ratio) analysis has increased in 

popularity as less time-intensive and automated techniques for untargeted analyses. To begin, this 

dissertation will investigate mass channel purity obtained via the tile-based F-ratio algorithm using 

diesel fuel spiked with non-native analytes using GC×GC-TOFMS. The F-ratio algorithm, 

considered a supervised discovery technique because class membership is known a priori, was 

first used to “discover” the spiked non-native analytes. Then, using a novel signal ratio (S-ratio) 

algorithm, the mass channel selectivity information output by the F-ratio method was studied using 

three statistical metrics: null distribution analysis, p-value, and lack-of-fit (LOF). The result of this 

investigation revealed that a mass channel has a high likelihood of being pure when its p-value 

and LOF are sufficiently low. Finally, F-ratio analysis was applied to a dataset including patients 

with an anterior cruciate ligament (ACL) injury to discover potential biomarkers of post-traumatic 



 

osteoarthritis (PTOA) post-injury. Standard F-ratios are calculated by the between class variance 

divided by the sum of the within-class variance, scaling up as the between class variance increases 

and the within-class variance remains sufficiently small. However, many biological studies involve 

significant biological variance (~30%) that may not be associated with disease state or injury 

severity, etc. Herein, the standard tile-based F-ratio algorithm was modified to use only the within-

class variance associated with control samples. It was expected that the control class contained 

less within-class variance relative to the patient class, due to the expectation that some patient 

samples would be associated with increased severity of injury or the presence of coexisting 

conditions. Hit lists (metabolites discovered via F-ratio) from standard F-ratio and control-

normalized F-ratio were studied and directly compared to establish a comprehensive metabolome 

of potential biomarkers for PTOA development post ACL injury. Reported in this dissertation is a 

discussion on the complementary nature of standard and control-normalized F-ratio, followed by 

demonstration of class distinguishing metabolites via PCA.  
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Chapter 1. Introduction to Gas Chromatography, Comprehensive 

Multidimensional Gas Chromatography, and Chemometrics 

Some parts of this chapter have been reproduced from Sarah E. Prebihalo, Kelsey L. Berrier, Chris 

E. Freye, H.Daniel Bahaghighat, Nicholas R. Moore, David K. Pinkerton, and Robert E. Synovec, 

“Multidimensional Gas Chromatography: Advances in Instrumentation, Chemometrics, and 

Applications” Analytical Chemistry 90 (2018) 505-532. 

1.1 INTRODUCTION TO GAS CHROMATOGRAPHY 

1.1.1 History 

 The origin of chromatography is credited to Russian botanist M.S. Twsett and traces back 

to approximately the year 1900. In its original form, chromatography, derived from the Greek word 

of color (chroma) and write (graphein), consisted of a column of calcium carbonate used to 

separate the colored pigments of a green leaf. While chromatography was not instantly successful 

in this form, it became an established laboratory method in the 1930s and grew into a popular 

technique for a variety of applications. The advancement of modern chromatography can be, in 

part, attributed to A.J.P. Martin for introducing partition chromatography and gas-liquid 

chromatography [1]. For a complete introduction to the history behind the development of 

chromatography, the reader is directed to several sources that discuss major contributions [2,3]. 

 Chromatography, by definition, encompasses a wide variety of techniques which aim to 

separate components through various chemical mechanisms between two phases, the first being 

stationary (stationary phase) and the second a “mobile phase” that moves in a definite direction 

[4]. Fortunately, chromatographers utilize the specific properties of each type of chromatography 

to effectively communicate with the greater scientific community. For example, some 

chromatography is classified by analyte type such as “ion chromatography”, which separates ions. 

Other chromatographic techniques are classified by mobile phase, such as liquid chromatography 
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(LC), that uses a liquid mobile phase, or gas chromatography (GC) with a gaseous mobile phase. 

For further information on various types of chromatography, the reader is directed to several 

excellent sources describing the development and basic principles [3,5–7]. 

 Gas chromatography, as stated above, refers to separations that utilize a gaseous mobile 

phase – typically helium, hydrogen, or nitrogen. Analytes (volatile and semi-volatile) are separated 

dependent on their affinity for the stationary phase, which is a liquid or polymer, and commonly 

operate based on boiling point or polarity. While samples separated by GC must be thermally 

stable but easily vaporized during injection into the inlet, fields such as environmental science 

[8,9], forensics [10–12], food science [13,14] and biochemistry [15,16] have exploited the 

separation power and detection of low concentrations that GC provides.   

 The expansive application of GC is in no doubt partially attributable to Marcel Golay, who 

introduced the capillary column that provided a monumental increase in separation power over the 

traditional packed columns. Capillary columns consist of the stationary phase coated on the inner 

wall of a narrow column, typically with inner diameters on the order of 0.1 – 0.53 mm [17]. 

Depending on the sample type, separations completed via capillary GC can be supervised by 

several detectors, such as flame ionization detection (FID) and mass spectrometry (MS). Gas 

chromatography coupled with mass spectrometry (GC-MS) can separate, identify, and quantify 

complex mixtures. Identification is performed when analytes previously separated by GC enter the 

MS and are ionized, fragmented, and separated based on mass-to-charge (m/z). For more 

information, the reader is directed to several sources which describe the mechanism of GC-MS 

[18–21]. 
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1.1.2 Fundamental Concepts of Gas Chromatography 

 With the aim to provide context to the research reported in this dissertation, a subset of the 

fundamental aspects of gas chromatography will be discussed. Among these will include both 

qualitative and quantitative considerations as they relate to chromatographic methods and data 

analysis. For further information on the principles and fundamentals of chromatography, the reader 

is directed to a few excellent resources [1,3,6]. 

 To begin, analytes are separated based on their affinity for the stationary phase, and as 

such, the identity of the stationary phase plays a significant role in a successful separation. 

Proceeding the injection of a mixture onto the column, the analytes equilibrate between the mobile 

and stationary phases, which can be described by the distribution coefficient, KD,  

  𝐾𝐷 =  
[𝐴𝑛𝑎𝑙𝑦𝑡𝑒]𝑆𝑃

[𝐴𝑛𝑎𝑙𝑦𝑡𝑒]𝑀𝑃
 (1.1) 

where [Analyte]SP is equal to the concentration of the analyte in the stationary phase and 

[Analyte]MP is equal to the concentration of analyte in the mobile phase. Larger KD values represent 

analytes which have a higher concentration in the stationary phase, i.e. have more affinity for the 

stationary phase, and are retained longer on the column. As mentioned above, KD can be influenced 

by choice of stationary phase, as well as temperature. 

 Analytical chemists seek to measure the retention of an analyte on a column through the 

retention factor, k’. Mathematically, k’ is determined by the ratio of the time the analyte occupies 

the stationary phase over the time the analyte spends in the mobile phase, or 

  𝑘′ =  
𝑡𝑅−𝑡0

𝑡0
 (1.2) 

where tR is the amount of time an analyte spends in the stationary phase, or retention time, and t0 

is the time required for an unretained analyte to elute from the column (dead time). The retention 
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factor is proportional to tR such that analytes which have higher affinity for the stationary phase 

will have larger k’ than analytes which have less affinity for the stationary phase. 

 Furthermore, the impact of stationary phase selection on k’ can be discussed via the phase 

volume ratio, β, which is the ratio of the volume of the mobile phase, Vm, to the volume of the 

stationary phase, Vs,  

  𝛽 =  
𝑉𝑚

𝑉𝑠
=

𝑑𝑐

4𝑑𝑓
 (1.3) 

where dc is the inner diameter of the column and df is the thickness of the stationary phase. By 

manipulating β through column selection, the analytical chemist can influence the elution 

temperature of analytes, Te [22,23]. Additional discussion about the impact of β on separations 

will be provided in subsequent sections.  

 Analytes eluting from the column generate a Gaussian profile, defined as, 

  𝑔(𝑥) =
1

𝜎√2𝜋
𝑒−

1

2
(

𝑥−𝜇

𝜎
)

2

 (1.4) 

and σ is the standard deviation, µ is the mean, and the fraction preceding the exponent is equivalent 

to the peak area and is often replace by a constant, A. As mentioned above, tR represents the time 

when the maximum of an analyte peak is detected by the detector and is equal to µ. Peak width is 

frequently measured either at baseline, Wb, or half height, Wh, where the baseline is defined as 4σ 

± 2σ from tR. Figure 1.1 demonstrates the relationship between these parameters and the percentage 

of the total peak height that occurs at assorted distances from tR. Qualitative and quantitative 

measurements of peaks detected via mass spectrometry routinely rely upon the mass spectrum 

observed at tR. However, there exists cases upon which manipulation of stationary phase identity, 

column length, temperature programs, etc. fails to sufficiently separate two or more analytes. The 

extent to which multiple analyte peaks overlap is quantified by analytical chemists through 

calculation of resolution, Rs. Resolution is mathematically defined as, 
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  𝑅𝑠 =
2(𝑡𝑅,2−𝑡𝑅,1)

𝑊𝑏,1+𝑊𝑏,2
 (1.5) 

which can be distilled down as the difference in tR between two peaks divided by the average Wb, 

demonstrated in Figure 1.2. Peak widths are routinely measured at half-height, with Wb 

approximated as 1.7 times Wh. 

 

Figure 1.1. Gaussian peak with retention time, fractional peak heights, width at base and width at 

half-height indicated. 

 

Figure 1.2. Visual depiction of the resolution between two peaks. 
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 Such resolution calculations can give chromatographers valuable information about the 

quality of information. Four example Rs values are observed in Figure 1.3. The red and blue curves 

represent a single analyte, while the black trace provides demonstration of what a detector would 

visualize, and the purple area represents the area of the peaks which overlap. Baseline resolution 

is defined as Rs = 1.5, albeit Rs = 1.0 is commonly accepted as adequate for quantification. Two 

analytes are likely to appear as one peak when Rs < 0.5, and Rs = 0.3 is where most deconvolution 

methods fail. Deconvolution methods will be further discussed in Section 1.2.3 and Chapter 2. 

 

Figure 1.3. Visual representation of four resolution values. 

1.1.3 Introduction to Comprehensive Multidimensional Gas Chromatography 

 Analysis of volatile and semi-volatile analytes by gas chromatography (GC) methods is an 

indispensable tool in the analytical chemist’s toolbox. A myriad of fields of study rely upon the 

application of GC methods to address an ever-growing demand to provide useful chemical 

information from GC data. As the realm of GC application has expanded, there has been an 

evolution to develop more powerful instrumental and data analysis approaches to keep pace with 

the wealth of complex samples that require analysis. To address this challenge, advances in GC 
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instrumentation having evolved from one-dimensional gas chromatography (1D-GC) and heart 

cutting approaches such as (GC-GC), to instrumentation referred to broadly as multidimensional 

gas chromatography (MDGC), which can take on many forms. The principle form of MDGC that 

has gained wide implementation is comprehensive two-dimensional (2D) gas chromatography 

(GC × GC) as shown in Figure 1.4A, pioneered nearly 29 years ago by Liu and Phillips[24] When 

comparing 1D-GC (Figure 1.4B) relative to GC × GC (Figure 1.4C), the benefits of a secondary 

separation become evident. Blumberg and co-workers have theoretically determined that the 2D 

peak capacity provided by GC × GC compared to the peak capacity of 1D-GC is approximately 

an order of magnitude higher when the run times are held constant [25]. This benefit is illustrated 

using a relatively complex sample of diesel fuel. By adding a multivariate detector such as a time-

of-flight mass spectrometry (TOFMS), another selective dimension of data is provided which may 

allow identification of analytes (Figure 1.4D).   

 

Figure 1.4. (A) Typical multidimensional GC set up. (B) 1D-GC total ion chromatogram for 

diesel. (C) GC×GC total ion chromatogram for diesel fuel. (D) Mass spectrum of a long-chain 

alkane. 
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 In GC×GC, the two column selections ideally do not utilize the same separation mechanism 

and traditionally consists of a long first dimension column on the order of 20-30 m coupled to a 

short second dimension (1-5 m). The two columns are serially coupled with modulator that collects 

small amounts of eluate from the first column, focuses it into a small sample band, and reinjects it 

onto the second column. Traditionally, the first dimension, 1D, separation method closely 

resembles 1D-GC, while the second dimension, 2D, separation is usually only on the order of a 

few seconds long. The 10-fold increase in peak capacity mentioned above is due to the 

complementary separation mechanism of 2D, which allows analytes that would otherwise elute at 

the same 1D retention time, 1tR, to spread out on 2D and result in various 2D retention times, 2tR. 

Figure 1.5 demonstrates this concept, as there is a clear coelution occurring around a 1tR of 19 

minutes. The ~3 peaks present with a 2tR of ~1.65 s would otherwise mask the peak with a 2tR of 

~1.52 s.  

 

Figure 1.5. Section of a GC×GC chromatogram with each peak represented by a blue contour. 

 

 Each blue oval present in a GCGC contour plot represents one peak which has been folded 

and shown in two dimensions. Further example of this can be observed in Figure 1.6, where (A) 
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is the unfolded 2D peak, and (B) is the same peak folded and shown in a contour plot. The data 

demonstrated in Figure 1.6 has a modulation period, PM, or 2D separation time, of 1 s. The dotted 

lines in Figure 1.6A indicate where the eluate is reinjected onto the 2D column, and the space in 

between the dotted lines represents the PM, which is also indicated in Figure 1.6B as the length of 

the 2D time. 

 

Figure 1.6. (A) GC×GC data as viewed for the detector, and (B) GC×GC data folded into 2D 

space. 

 

Paramount to GC×GC data quality are the concepts of sampling density and peak capacity. 

Sampling density, ρs, is mathematically defined as, 

  𝜌𝑠 =
𝑊1

𝑏

𝑃𝑀
 (1.6) 

where 1Wb is the 1D peak width at base, and PM is the modulation period. For a comprehensive 

separation, a ρs of 2-4 is ideal as it ensures proper sampling of the 1D separation without 

oversampling [26]. 

 To achieve the previously mentioned 10-fold increase in peak capacity of GC×GC as 

compared to 1D-GC, peak capacity, nc, must be maximized. At unit resolution (Rs = 1), the peak 

capacity for a given dimension, xnc, is equal to, 

  𝑛𝑥
𝑐 =

𝑡𝑥
𝑠𝑒𝑝

𝑊𝑏,𝑎𝑣𝑔
𝑥  (1.7) 
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where xtsep is the 1D separation time, and xWb,avg is the average 1D peak width at base. For GC×GC 

peak capacity, nc,2D, is simply the product of the 1D peak capacity, 1nc, and the 2D peak capacity, 

2nc, 

  𝑛𝑐,2𝐷 = 𝑛1
𝑐 × 𝑛2

𝑐 (1.8) 

While the addition of a second dimension provides powerful separation capabilities, there still 

exists a need to optimize the separation through column selection. To address this challenge, it has 

been demonstrated that the useful peak capacity can be improved by considering the βr, or the ratio 

of β between the first and second dimensions [22,23,27,28]. Recalling β Eq. (1.3) and the β for an 

open tubular capillary column, βr can be mathematically described as, 

  𝛽𝑅 =
𝛽1

𝛽2 =
𝑑1

𝑐 4× 𝑑𝑓
1⁄

𝑑2
𝑐 4× 𝑑𝑓

2⁄
=

𝑑𝑐
1 × 𝑑𝑓

2

𝑑𝑐
2 × 𝑑𝑓

1  (1.9) 

where 1β is the beta of the 1D column, 2β is the beta of the 2D column, 1dc is the 1D column inner 

diameter, 1df is the 1D column film thickness, 2dc is the 2D column inner diameter and 2df is the 2D 

column film thickness. As will be extensively discussed in Chapter 2, careful consideration of βr 

of a GC×GC separation is important, as an increase in βr results in an increase in 2D retention 

factor, 2k’ [22,28,29]. 

  As demonstrated above, GC×GC data is inherently complex, especially with the addition 

of mass spectrometry as the detector. Therefore, an in-depth discussion of data handling of 

GC×GC data is warranted, as presented in Section 1.2. 

1.2 CHEMOMETRICS AND DATA ANALYSIS 

1.2.1 Basic Concepts 

 GC × GC is generally applied to complex samples and coupled with multichannel detectors 

such as the TOFMS or vacuum ultraviolet spectroscopy (VUV) [27,30], resulting in immense 
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amounts of data. The enormity of the data is especially true when implemented for routine 

analyses, when large numbers of samples or replicates are analyzed. However, the task for the 

analyst is not over once the data is collected and the data must be transformed into useful 

information, via data analysis. This transformation is often provided by commercially available 

software; however, the analyst may find that commercially available data analysis options do not 

meet their needs. For these cases, many users turn to chemometric methods that take advantage of 

the higher order dimensionality of the GC×GC data sets. As defined by the IUPAC, chemometrics 

is “the application of statistics to the analysis of chemical data (from organic, analytical or 

medicinal chemistry) and design of chemical experiments and simulations [31]”. The field of 

chemometrics was spearheaded largely by Bruce Kowalski and Svante Wold and has been 

extensively utilized in analytical chemistry [27], forensic science [32], and metabolomics [33]. 

Broadly speaking, chemometric methods aim to convert chemical data into information using 

algorithms based upon linear algebra and statistical principles.   

 Once the GC×GC data is collected, analysts ultimately aim to identify and quantify 

analytes (in either a targeted or non-targeted fashion) to address a variety of goals in the context 

of the experimental design: to characterize samples based upon the chemical measurements, to 

identify key compounds indicative of a particular cause and effect stimulus, and to relate chemical 

measurements to other measured properties of the samples. Targeted and non-targeted analysis 

refers to when the analytes of interest are either known or unknown beforehand, respectively. 

However, there are challenges in working with such complex and dense data sets. Some challenges 

include analyte peak overlap, difficult and time-consuming computations, confident discovery of 

important (and often subtle) chromatographic differences between samples, and extraction of other 

meaningful information. Optimization of the experimental and instrumental conditions is very 
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important in dealing with these issues. However, when instrumental capabilities have been fully 

optimized and have become a limiting constraint, the analyst must apply other approaches to 

achieve the desired goals. Data analysis approaches complement and extend the value brought by 

chromatographic separations, providing a means to achieve the mentioned goals from collected 

data while simultaneously further addressing the challenges. For example, deconvolution methods 

are implemented to mathematically resolve co-eluting analyte peaks with the end goal of 

identification and quantification.  

 The common classes of data analysis methods include the following: deconvolution, and 

pattern recognition. Before many of these data analysis methods can be applied, the GC×GC data 

must undergo preprocessing to facilitate accurate and meaningful implementation. Preprocessing 

procedures are critical in removing/minimizing artifacts in the data such as noise, baseline effects, 

and retention time shifts that would otherwise make performing chemometric analyses very 

difficult and less meaningful. Common preprocessing includes noise reduction procedures 

(smoothing etc.), baseline correction, normalization, and time alignment [34].  

 For chemometric methods, additional care is often required to ensure the GC×GC 

instrument generates data that is amenable to many chemometric algorithms and will be further 

discussed in Section 1.2.3 and Chapter 2. Although the various chemometric methods differ in 

their applications, data requirements are fairly consistent between them. Many methods require 

bilinear or trilinear data for appropriate implementation. A suitable data density across the 1D and 

2D peaks is also required. Many of these chemometric methods require a minimum amount of 

chemical selectivity, in both the separation (i.e. adequate resolution) and detection dimensions. 

Several chemometric algorithms that were used for Chapters 2-4 will be described in the following, 

including deconvolution (Section 1.2.3) and pattern recognition (Section 1.2.5). 
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1.2.2 Pre-processing 

 For chemometric methods the data structure becomes an important consideration for 

successful implementation. Before many of these data analysis methods can be applied, the GC × 

GC data must undergo preprocessing to facilitate accurate and meaningful implementation. 

Preprocessing procedures are critical in removing/minimizing artifacts in the data such as noise, 

baseline effects, and retention time shifts that would otherwise make performing chemometric 

analyses very difficult and less meaningful. Common preprocessing includes noise reduction 

procedures (smoothing etc.), baseline correction, normalization, and time alignment [34]. Issues 

with the data, such as retention time misalignment, must be handled either within commercial 

software packages or using in-house algorithms in script language packages. Alignment algorithms 

can be applied within a chromatogram to improve data bilinearity or trilinearity [35] or applied 

across multiple samples and whole chromatograms, where approaches include peak-table based, 

pixel-based, and global alignment strategies[36–46]. Figure 1.7 summarizes the common data 

structures (unfolded versus folded, and single versus multiple samples) and issues (ideal versus 

misaligned) as well as the methods that can be applied to the various data manifestations. The data 

is often viewed as folded, either as a contour plot or pixelated. However, most chemometric 

methods are applied to the unfolded data, where the modulations are concatenated (Figure 1.7). 

After analysis, the data can be refolded. The chemometric methods referred to in Figure 1.7 are 

discussed in more detail below in the context of the specific analysis goal. Please take note that for 

equations presented in this chapter, lower case letters represent scalars, bold lower case letters 

portray vectors, superscript T means the variable is transposed, bold uppercase letters represent 

matrices, and underlined bold uppercase letters represent 3D arrays. 
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Figure 1.7. (A) Various data formats, analysis requirements, and associated chemometric 

methods. (A) Ideal data formats for a single sample, where the 2D retention times are aligned. 

Deconvolution is the primary goal, with common methods listed. The arrows in the unfolded data 

indicate the 2D retention time of the first modulated 2D peaklet, with modulations indicated by 

dashed lines. (B) Data formats for a single sample, illustrated (for clarity) with exaggerated 2D 

misalignment. Trilinear chemometric methods such as PARAFAC require sufficient alignment; 

otherwise, trilinearity is not required by PARAFAC2. (C) Data formats for cross-sample analysis 

of multiple samples with or without misalignment on either 1D, 2D, or both dimensions. Analysis 

goals include deconvolution, pattern recognition, and property prediction. Misalignment may exist 

within a single run (2D misalignment), across multiple runs (1D misalignment), or both. Retention 

alignment, or data binning/tiling may be necessary, followed by chemometric analysis of the 

unfolded data. (D) Analysis of multiple samples can be performed one sample at a time on the 

separate unfolded two-way arrays. Alternatively, multiple samples can be analyzed simultaneously 

by unfolding the data and concatenating the samples. This can be performed in a row-wise or 

column-wise approach. 
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1.2.3 Deconvolution 

 Despite the increased peak capacity and the additional separation dimension, analyte 

overlap is ubiquitous in GC×GC separations. Chromatographic peak deconvolution methods play 

an integral role in addressing this challenge to provide confident analyte identification, 

quantification, and peak purity assessment. Through the application of deconvolution methods, 

such as parallel factor analysis (PARAFAC) and multivariate curve resolution alternating least 

squares (MCR-ALS), overlapped peaks can be computationally separated on the 1D time, 2D time, 

and spectral dimensions to gain chemical information for specific analytes. With the deconvoluted 

peak data, analytes that were overlapped can be identified using the deconvoluted spectra, and 

quantified with the peak profiles obtained, thereby facilitating calibration methods [47,48]. 

Deconvolution methods can be applied in a targeted or non-targeted fashion, meaning that the 

analytes of interest are either known or unknown beforehand. In the application of these methods, 

the chromatographic region of interest is selected, and the data is unfolded (Figure 1.7A). 

Deconvolution can be applied to a single chromatogram, or multiple samples by concatenating the 

data (Figure 1.7). In certain cases, there is a data trilinearity or bilinearity requirement. An ideal 

chromatogram is one in which there is no retention time misalignment on 2D (and/or 1D, depending 

on whether one or more samples are to be analyzed), meaning that the data has sufficient 

trilinearity for trilinear data analysis methods (Figure 1.7A). 

1.2.4 Parallel Factor Analysis (PARAFAC) 

 PARAFAC is a tensor rank decomposition method that has been applied successfully to 

GC×GC –TOFMS data for deconvolution, noise reduction, and calibration. Mathematically, 

PARAFAC can be described as: 



 

 

16 

  𝑹 = ∑ ∑ 𝑥𝑖⨂𝑦𝑖⨂𝑧𝑖
𝑛
𝑖=1 + 𝑬  (1.10) 

Where R represents the data cube generated from a GC×GC –TOFMS separation. For each of the 

n total components, x, y, and z vectors represent the 1D, 2D and mass spectral profiles, respectively. 

Remaining signal is held in the residuals matrix, E. For more detail, the reader is directed to these 

references: [49,50]. PARAFAC is based on alternating least squares decomposition that requires 

at least three-way data, requiring a multiway detector that produces sufficiently trilinear data [49]. 

The instrumental design, such as the temperature programming rate and PM selection, impacts the 

trilinearity of the data, particularly for compounds that are highly retained on 2D separations [29]. 

A noticeable deviation from trilinearity may be observed as a shift in 2tR (2D retention times) 

between successive modulations, as illustrated in Figure 1.7B, unless care is taken with the 

separation conditions. Deviation from trilinearity is observed when a relatively long PM (~ 5 to 8 

s) and high temperature programming rates are used [28,29]. If PARAFAC is to be applied to 

significantly nontrilinear data, then local data alignment must be performed on the data along the 

2D dimension to restore sufficient trilinearity. Then, PARAFAC may be applied as in the ideal 

case of Figure 1.2A. Otherwise, the application of PARAFAC to significantly non-trilinear data 

can result in considerable errors in quantification [28,29]. PARAFAC2 has been introduced as a 

deconvolution method capable of handling more deviation in data trilinearity. However, to date, it 

has not been extensively used in GCGC data analysis [51,52]. The implications of non-trilinear 

data on PARAFAC quantification will be extensively discussed in Chapter 2, as well as relevant 

experimental conditions that impact data structure. 

1.2.5 Multivariate curve resolution alternating least squares (MCR-ALS) 

 MCR-ALS is an iterative method that initially estimates the pure chromatographic profiles 

and pure spectra and repetitively alternates and tests these values for convergence. Similar to 
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PARAFAC, the number of components (rank) must be provided, and this value is often varied to 

determine the best model when the number of chemical components is unknown; additionally, 

multiple constraints are also possible in the application of MCR-ALS, including unimodality, 

nonnegativity, selectivity, and convergence constraints. The observed data matrix, D, consisting 

of the chromatographic and mass spectral data is decomposed into the two matrices, C, containing 

the pure analyte concentration profile and ST, which is the pure mass spectra of n pure component 

species, and is mathematically described as, 

  𝑫 = 𝑪𝑺𝑻 + 𝑬  (1.11) 

where E is the residuals between the observed and predicted two-way chromatogram. One 

limitation to MCR-ALS is the lack of unique solutions, also referred to as the presence of rotational 

ambiguities, particularly when one sample is analyzed. One way to overcome this issue is to 

simultaneously analyze multiple samples/data sets through matrix augmentation, resulting in an 

extended MCR-ALS method. Matrix augmentation can be achieved by unfolding the 2D data and 

concatenating the individual two-way arrays as either rows or columns (Figure 1.7D). For more 

information, the reader is directed to several detailed resources [53–55]. 

1.2.6 Comparative Analysis 

 A major goal in performing GC×GC analyses is to discover relevant features in the data 

across multiple samples. Many pattern recognition applications fall under this category of cross-

sample analysis, including sample classification, class comparison, chemical fingerprinting, and 

chemical/biomarker discovery. These methods are classified as non-targeted approaches, where 

the relevant analytes may be unknown a priori, and the experimental design may be either 

supervised or unsupervised. Supervised methods are used when information about the samples (i.e. 

classes) is known beforehand and thus utilized in the experimental design and operation of the 
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method. Unsupervised methods are applied when there is much less known about the sample 

classifications a priori and this information is desired (i.e. sample class membership). 

Classification is used to describe pattern recognition methods that aim to classify samples into 

groups based on similarity, such as principal component analysis (PCA). These methods can be 

used to classify unknown samples into known classes (origin, etc.) based upon the 

chromatographic data/features. Chemical fingerprinting falls under this category, in which the 

unique chemical signature of an unknown sample is used to determine identifying characteristics 

for that sample. Class comparison methods aim to identify significant differences between samples 

belonging to different classes, whereby class membership is known a priori, such as Fisher ratio 

analysis, which can assist/result in the discovery of biomarkers or chemical markers that 

differentiate sample classes. Pattern recognition methods can be used for feature selection or data 

reduction, followed by further chemometric analysis. Typically, because these methods are applied 

to/across (and require) whole chromatograms of multiple samples, data misalignment in both 

GC×GC dimensions becomes a significant issue in implementation (Figure 1.7C). This problem 

can be dealt with using data alignment methods but has also been addressed by data reduction 

techniques such as binning and tiling. Two common pattern recognition methods (PCA, Fisher 

ratio) will be discussed below in terms of method fundamentals, and experimental and data 

requirements.  

1.2.7 Principal Component Analysis (PCA) 

PCA is a popular tool utilized in many applications for the statistical separation of sample 

classes, providing information on the variables according to which the samples are separated 

(loadings) in addition to the actual separations between the classes (scores). PCA is an 

unsupervised non-targeted classification method that is based on rotation of the space axes to 
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encompass the greatest chemical variance in the measurements. The new axes are called 

principal components and are orthogonal to each other. Mathematically, PCA is completed via 

eigenvalue decomposition on the covariance matrix of the data using singular value 

decomposition (SVD), 

  𝐗 = TDPT + E  (1.12) 

Where X is a data matrix the size of m rows by n columns. The number of samples is represented 

by m, and the number of variables n. D is a diagonal matrix with elements equal to the square roots 

of the eigenvalues of XTX. T is the matrix whose columns contain the scores vectors, ti, and PT is 

the matrix whose rows consist of the loadings vectors, pT
i. Such as in Eq. (1.10), E is the matrix 

consisting of the residuals. The principal components (PCs) are sorted by their eigenvalues and 

organized such that they span the greatest variation in the scores. PCs that contain meaningful 

chemical/physical information are retained, while PCs that are primarily noise are discarded. The 

scores plot shows the degree of sample clustering, shedding information on distinct grouping of 

samples. For many applications, sample classes are known beforehand: origin/source, type/variety, 

age/year, processing, and many other variables can be reflected in the samples. The loadings plot 

provides information about the basis of the groupings; in other words, the loadings can be used to 

determine which regions of the chromatogram (i.e. peaks/analytes) are important in differentiating 

the various sample classes.  

 Since PCA determines the sources of the greatest variance, preprocessing is necessary to 

obtain meaningful results. In general, mean-centering and scaling are important steps before 

applying PCA to a dataset; in chromatography, this is achieved through baseline correction and 

normalization. As seen in Figure 1.7C, PCA is often applied to the whole chromatogram across 

multiple samples; therefore, sufficient retention time alignment in both the 1D and 2D dimensions 
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is very important for proper implementation. Various alignment algorithms are available, and 

binning is another option for dealing with issues caused by misalignment (Figure 1.7C). Herein, 

binning (or tiling) refers to summing the area of user-specified regions of 2D separation space, 

whereby the data density is reduced, and misalignment is mitigated. Then, PCA is applied to the 

unfolded data in the form of a two-way array, where the number of rows is equal to the number of 

samples and the number of columns is equal to the number of variables (i.e. data points or bins) in 

the chromatogram. PCA can be applied to the whole chromatogram or a region of the 

chromatogram. Similarly, the analysis can be performed using all mass channels (m/z), a subset of 

all m/z, or the total ion current (TIC) chromatogram. In the former cases, the data must be 

completely unfolded along both time dimensions and the mass spectral dimension. In the latter 

case, summing to the TIC reduces a significant dimension of chemical selectivity, but the number 

of data points is significantly reduced. 

 PCA may be implemented for feature selection, due to its powerful abilities as a data 

reduction method. In many studies, PCA is applied for data preprocessing prior to the application 

of additional chemometric methods, such as deconvolution or other pattern recognition methods 

[56–59]. Alternatively, PCA can be applied to reduced data sets to improve class separation 

[58,60–65]. PCA can also be used to classify unknown samples based on the sample grouping of 

known samples. Multiway PCA is the extension of PCA to high order data, such as unfolded GC 

× GC data [56,66–68]. 

1.2.8 Fisher Ratio (F-ratio) Analysis 

 Non-targeted discovery-based analysis is an important focus as it allows the analyst to 

uncover chemical features of interest that are not known beforehand. Fisher ratio (F-ratio) analysis 

is a supervised non-targeted approach to discover underlying differences in samples. Supervision 
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refers to prior classification of samples/chromatograms as they relate to the experimental design. 

Originally described by Fisher in the 1920s [69], the F-ratio approach is an analysis of variance 

method that provides data reduction to elucidate class distinguishing features. The F-ratio is 

calculated as the between class variance divided by the sum of the within class variance: 

   F-ratio =
𝑆𝑏𝑐

2

∑ 𝑆𝑤𝑐
2  (1.13) 

where sbc
2 is the between class variance and swc

2 is the within class variance. Since the F-ratio 

calculation is based on the variance of the signals in the GC × GC data (raw data approach) or 

variance in quantified analytes (peak table approach), the F-ratio method prioritizes statistical 

significance over absolute signal/concentration with a higher F-ratio having a greater difference 

between the two classes. Similar to PCA, F-ratio analysis can be applied prior to additional 

chemometric analysis, serving to improve variable selection [58,61–64], or after other data 

reduction methods have been applied [57].  However, if sample class membership is known a 

priori, F-ratio analysis is preferred over unsupervised PCA, since within class variance in the 

samples severely hampers successful implementation of PCA [70].  

 A critical aspect of F-ratio analysis is the alignment of the data prior to the calculation of 

the F-ratio (Figure 1.7C). If sufficient misalignment is present, this may result in false positives or 

false negatives. Thus, the implementation of F-ratio analysis can often take many different forms. 

Pixel-based F-ratio analysis means an F-ratio is calculated at every data point within the 

chromatogram, i.e., at every point in which a mass spectrum has been collected in the GC×GC 

separation. In order to maximize the performance of pixel-based F-ratio analysis, the data should 

be initially aligned. F-ratio analysis can also be performed on peak tables of quantified/identified 

analytes [64]. After the peak tables are calculated, they are aligned so F-ratios can be calculated. 

While this is a simpler method then dealing with 2D retention time misalignment, peak tables may 
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miss analytes present at low concentrations. Another way to deal with misalignment is binning the 

data based upon the 1D and 2D peak widths in relation to the observed retention time shifting. 

However, this will result in splitting analytes into multiple bins and lower F-ratio values. In order 

to address this issue with binning, a method has been introduced to use a tiling scheme which 

creates bins at different locations enabling the bin to be centered on the peak resulting in a 

maximum F-ratio [71–74]. Ideally, the tile size should be selected as to encompass the width of 

the 1D and 2D peaks and allow for a modest amount of retention time shifting, as demonstrated in 

Figure 1.8. For complete details on the tile-based F-ratio method, the readers are directed to these 

excellent sources: [71,72,74,75]. 

 

Figure 1.8. (A) 1D peak profile with dashed lines indicating the size of the tile on 1D. (B) 2D peak 

profile for one modulation with dashed lines indicating the size of the tile of 2D. 

 

 After the F-ratios are calculated, a hit list is assembled indicating the 2D retention times, 

with the highest F-ratio indicative of the statistically most prominent feature or “hit”. Often, a F-

ratio cutoff in the hit list is selected to determine the point at which the analysis becomes unreliable. 

Although it is sometimes possible to examine the entire hit list to determine which hits are true 

positives and which are false positives, this is a time-consuming step. Manual selection of the 

cutoff is possible but may require the user to wade through the hit list until too many false positives 

are discovered. Two different methods have been purposed to define a F-ratio threshold cutoff. 
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The first is using the F-critical value [62,63], and the second method takes a null distribution 

approach, which takes advantage of the inherent noise (instrumental and chemical) in the data set 

[71,73,74]. Tile-based F-ratio has been successfully applied to acid-altered diesel fuel [74], yeast 

metabolomics [71] and spiked diesel fuel [75]. The tile-based F-ratio method was employed for 

the investigations in Chapters 3 and 4. 

1.3 OVERVIEW OF FOLLOWING CHAPTERS 

1.3.1 Chapter 2: Impact of Comprehensive Two-Dimensional Gas Chromatography Time-of-

Flight Mass Spectrometry Experimental Design on Data Trilinearity and Parallel 

Factor Analysis Deconvolution 

 Comprehensive two-dimensional gas chromatography coupled with time-of-flight mass 

spectrometry (GC×GC-TOFMS) is a powerful instrument for the analysis of complex samples. 

Deconvolution of overlapped analytes using a suitable chemometric data analysis method such as 

Parallel Factor Analysis (PARAFAC) is often required. However, PARAFAC is designed to 

require a strict data trilinearity requirement. In this study we examine how strict this requirement 

is in the context of GC×GC experimental conditions and demonstrate that under suitable conditions 

the data is sufficiently trilinear to achieve accurate deconvolution. The term trilinear deviation 

ratio (TDR) was previously introduced as a quantitative metric to predict the accuracy of 

PARAFAC deconvolution. Trilinear deviation ratio is defined as the run-to-run retention time 

shift, ∆2tR, for a given analyte on the second dimension (2D) separation, divided by the 2D analyte 

peak width-at-base, 2Wb. We demonstrate that experimental conditions impact the TDR range 

produced and PARAFAC performance. Column selection and modulation period, PM, are shown 

to significantly influence the TDR range. Two column sets were evaluated, giving rise to different 

k’ ranges for the 2D separations. Each column set was used with an optimum PM as well as a longer 
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PM to demonstrate the effect of PM selection on the TDR range and PARAFAC quantification. It 

is hypothesized that the selection of a column set which provides a sufficient k’ range and a PM 

which maximizes the use of the 2D separation will result in the lowest TDR and correspondently 

low PARAFAC quantification error.  

1.3.2 Statistical Inference of Mass Channel Purity from Fisher Ratio Analysis Using 

Comprehensive Two-Dimensional Gas Chromatography with Time of Flight Mass 

Spectrometry Data 

 Tile-based Fisher ratio (F-ratio) analysis has recently been developed and validated for 

discovery-based studies of highly complex data collected using comprehensive two-dimensional 

gas chromatography coupled with time-of-flight mass spectrometry (GC×GC-TOFMS). In 

previous studies, interpretation and utilization of F-ratio hit lists has relied upon manual 

decomposition and quantification performed by chemometric methods such as parallel factor 

analysis (PARAFAC), or via manual translation of the F-ratio hit list information to peak table 

quantitative information provided by the instrument software (ChromaTOF). Both of these 

quantification approaches are bottlenecks in the overall workflow. In order to address this issue, a 

more automatable approach to provide accurate relative quantification for F-ratio analyses was 

investigated, based upon the mass spectral selectivity provided via the F-ratio spectral output. 

Diesel fuel spiked with 15 analytes at four concentration levels (80, 40, 20, and 10 ppm) produced 

three sets of two class comparisons that were submitted to tile-based F-ratio analysis to obtain 

three hit lists, with an F-ratio spectrum for each hit. A novel algorithm which calculates the signal 

ratio (S-ratio) between two classes (eg., 80 ppm versus 40 ppm) was applied to all mass channels 

(m/z) in the F-ratio spectrum for each hit. A lack of fit (LOF) metric was utilized as a measure of 

peak purity and combined with F-ratio and p-values to study the relationship of each of these 
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metrics with m/z purity. Application of a LOF threshold coupled with a p-value threshold yielded 

a subset of the most pure m/z for each of the 15 spiked analytes, evident by the low deviations (< 

5%) in S-ratio relative to the true concentration ratio. A key outcome of this study was to 

demonstrate the isolation of pure m/z without the need for higher level signal decomposition 

algorithms. 

1.3.3 Control-Normalized Fisher Ratio Analysis of Comprehensive Two-Dimensional Gas 

Chromatography Time-of-Flight Mass Spectrometry Data for Enhanced Biomarker 

Discovery in a Metabolomic Study of Orthopedic Injury 

 Comprehensive two-dimensional gas chromatography coupled with time-of-flight mass 

spectrometry (GC×GC-TOFMS) is followed by discovery-based chemometrics to investigate the 

changes in the metabolome in human plasma for patients with injury to their anterior cruciate 

ligament (ACL) as compared to healthy controls. Fisher ratio (F-ratio) analysis provides a 

supervised untargeted discovery of metabolites that express a statistically significant variance 

between the two sample classes: patients and controls. Generally, the standard F-ratio is applied, 

defined as the class-to-class variance relative to the pooled within-class variance. However, it is 

hypothesized that the standard F-ratio will be adversely impacted by metabolites expressed with 

an unusually large within-class variance in the patient class. Essentially, while the analyst seeks to 

understand what the overarching differences in the metabolome are between the patient and control 

classes, they also seek to uncover interesting and potentially relevant patient-to-patient differences 

within that class. The standard F-ratio does not adequately provide insight into this later concern. 

To address this issue, we also apply a modified F-ratio (control-normalized) definition, which 

provides complementary information to the standard F-ratio, by normalizing the class-to-class 

variance by the variance of the control class only, instead of normalizing to the pooled within-
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class variance. Thirty plasma samples were collected from patients with ACL injuries and thirty 

plasma samples from matched controls were collected at two time points, time-of-injury and 12 

months post-surgery. Following sample preparation, the data collected using GC×GC-TOFMS 

was submitted to both standard and control-normalized F-ratio analysis, and t-tested for statistical 

significance. Twenty-one metabolites were discovered at the time-of-injury via standard F-ratio 

analysis, with the addition of fourteen metabolites from control-normalized F-ratio analysis. 

Similarly, at 12 months post-surgery, twenty-three metabolites were discovered by standard F-

ratio analysis, and fifteen additional metabolites were uncovered by control-normalized F-ratio 

analysis. Collectively, the complementary metabolite information ascertained by way of standard 

and control-normalized F-ratio analysis culminates in a more informative patients versus controls 

class separation.  
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Chapter 2. Impact of Comprehensive Two-Dimensional Gas 

Chromatography Time-of-Flight Mass Spectrometry Experimental 

Design on Data Trilinearity and Parallel Factor Analysis Deconvolution 

This chapter was reproduced from Sarah E. Prebihalo, David K. Pinkerton, and Robert E. 

Synovec, “Impact of comprehensive two-dimensional gas chromatography time-of-flight mass 

spectrometry experimental design on data trilinearity and parallel factor analysis deconvolution” 

J. Chromatogr. A 1605 (2019). 

 

2.1 INTRODUCTION 

Comprehensive two-dimensional gas chromatography (GC×GC) is an advantageous 

method for the analysis of a variety of complex sample types including diesel fuel, waste water, 

and fire debris [1–14]. While one-dimensional GC (1D-GC) has many beneficial applications [15–

17], it often does not provide sufficient chemical selectivity and resolving power for complex 

samples. As a result, there is an increased potential to have a significantly higher fraction of 

chromatographically overlapped analytes within each separation. With the addition of another 

chromatographic dimension, GC×GC can produce a higher peak capacity by providing another 

degree of chemical selectivity through a second column containing a complementary stationary 

phase [18]. When coupled with time-of-flight mass spectrometry (TOFMS), GC×GC-TOFMS 

provides improved identification and quantification of trace level analytes, resulting in an 

information-rich three-dimensional data cube for each sample.  

Due to the complexity of GC×GC-TOFMS data, data processing software has been 

developed to implement chemometric techniques [19–21], providing analyte deconvolution, 

identification and quantification. Parallel Factor Analysis (PARAFAC) has been demonstrated as 

a useful deconvolution technique for sufficiently trilinear, higher order dimensional data (third-

order or higher) [20–22]. For GC×GC-TOFMS, the third-order data is traditionally the two 
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separation dimensions, with the third dimension the mass spectral dimension. Despite numerous 

advantages, PARAFAC is based upon a strict trilinearity requirement [20], and quantification is 

adversely impacted for non-trilinear data [23–25].  On the other hand, PARAFAC has also been 

successfully applied in numerous studies using GC×GC-TOFMS [5,7,21,26]. Hence, a cause-and-

effect study of how data trilinearity impacts PARAFAC performance such as quantitative accuracy 

is needed in order to shed light on this issue [27]. Furthermore, how the data trilinearity relates to 

the applied GC×GC separation conditions needs to be critically assessed.  

Trilinear and/or non-trilinear data in GC×GC will primarily arise from issues associated 

with the chromatographic conditions. Much like 1D-GC, GC×GC is affected by the general elution 

problem (GEP), whereby later eluting peaks are more broadened unless a temperature program is 

applied [28]. A temperature program (i.e. 5-10 °C/min) is used to address the GEP on the first 

dimension, 1D, separation. Due to the nature of how GC×GC separations are performed, the second 

dimension, 2D, separation is subject to the same oven temperature program as 1D, or an offset 

temperature from 1D. However, the time of each 2D separation is relatively short in comparison 

with each modulation period, PM, typically on the order of 1 to 10 s. This results in pseudo-

isothermal 2D separations as there is a relatively small temperature change during each PM. 

Consequently, the 2D peak widths, 2Wb, increase with increasing retention, 2k’.  

 While each individual 2D separation is pseudo-isothermal, each successive modulation also 

occurs at a temperature slightly greater than the one preceding it. Since the 2D retention time, 2tR, 

is dependent on temperature, there is a negative shift in 2D retention time, Δ2tR, from one 

modulation to the next. Due to the Δ
2tR, the data are no longer fully trilinear, potentially introducing 

bias in utilizing PARAFAC as a deconvolution method. Thus, it is important to study the 

relationship between data trilinearity and the accuracy of PARAFAC-based quantification. The 
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quantity referred to as the trilinearity deviation ratio (TDR) was previously introduced by Pinkerton 

et al. as a metric to study this issue [23], whereby the TDR is defined as Δ2tR divided by 2Wb for a 

given analyte. The theory for TDR is provided below and related to an experimental evaluation of 

how TDR relates to PARAFAC accuracy. Our underlying hypothesis is that although PARAFAC 

strictly speaking is based upon a trilinear data requirement, if the shifting introduced by the 

GC×GC experimental design is sufficiently small (for small TDR), then the data will be 

“sufficiently trilinear” for the purposes of applying PARAFAC, and any quantitative bias 

introduced by TDR will be essentially insignificant in relation to other sources of noise in the data, 

eg., S/N, sample-to-sample injection precision, etc. 

 This study is aimed to experimentally validate the use of TDR as a prediction tool for 

PARAFAC performance, and to provide the GC×GC practitioner with guidance toward selecting 

separation conditions to achieve accurate quantification with PARAFAC. One issue studied is the 

1D and 2D column selection. Column selection influences the resulting 2k’ range, which in turn 

influences the PM selection, and thus the TDR range obtained. The PM which most efficiently 

utilizes the 2D separation space without causing significant wraparound was considered the 

benchmark, for which longer PM were compared. In turn, how temperature change, ΔT, from one 

modulation to the next influences the TDR range obtained is also investigated. Here, wraparound 

is defined as the condition in which a 2D peak elutes later than less retained 2D peaks from a 

subsequent modulation. All of these considerations are ultimately described in terms of PARAFAC 

quantification accuracy. 
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2.2 THEORY  

2.2.1 Trilinearity Deviation Ratio 

 PARAFAC quantification accuracy has been demonstrated to be related to both Δ2tR and 

2Wb, such that peaks with a wider Wb are less influenced by shifts in retention time [23]. The 

trilinear deviation ratio can be mathematically defined as, 

  𝑇𝐷𝑅 =  
Δ 𝑡R  

2

𝑊b 
2  (2.1)  

The Δ2tR is derived starting with the van’t Hoff equation [28] for 2D separations, 

 Ln 𝑘2 ′ = ln (
𝑡2

R− 𝑡2
0

𝑡2
0

) =
∆𝐻

𝑅𝑇
+

∆𝑆°

𝑅
+ ln 𝛽2  (2.2) 

where 2k’ is the analyte retention factor, 2tR is the analyte retention time, 2t0 is the dead time, ΔH 

is the analyte enthalpy of vaporization, T is the temperature, R is the gas constant, ΔS° is the 

standard entropy of transfer of the analyte from the mobile to stationary phase, and 2β is the 2D 

phase volume ratio. For successive modulations, N+1 relative to N, from 1D onto 2D,  

 ln 𝑘2
N+1
′ − ln 𝑘2

N
′ = (

∆𝐻

𝑅𝑇N+1
+

∆𝑆°

𝑅
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𝑅𝑇N
+

∆𝑆°

𝑅
+ ln 𝛽2 ) =  
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𝑅
(

1

𝑇N+1
−

1

𝑇N
) (2.3) 

Combining Eqs. (2.2) and (2.3) for the successive modulations, 

 Ln (
𝑡2

R,N+1− 𝑡2
0

𝑡2
0

) − ln (
𝑡2

R,N− 𝑡2
0

𝑡2
0

) =  
∆𝐻

𝑅
(

𝑇N−𝑇N+1

𝑇N+1𝑇N
)   (2.4) 

Using the laws of logarithms, rearranging, and taking the exponential function, 

 
𝑡2

R,N+1− 𝑡2
0

𝑡2
R,N− 𝑡2

0
= 𝑒

(
∆𝐻

𝑅
(

𝑇N−𝑇N+1
𝑇N+1𝑇N

))
   (2.5) 

Since TN+1 > TN, then 2tR, N+1 < 2tR, N. We define ΔT = TN+1 - TN as the temperature change, and Δ2tR 

= 2tR, N+1 - 
2tR, N as the analyte retention time change for a successive modulation. Since ΔT << 
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TN+1TN, then TN+1TN ≈ TN
2 in the denominator of the exponential term, and then substitution of ΔT 

and Δ2tR into Eq. (2.5) yields, 

 
( 𝑡R,N

2 + ∆𝑡R
2 − 𝑡0

2 )

𝑡R,N
2 − 𝑡0

2 = 𝑒
(

−∆𝐻

𝑅
(

∆𝑇 

𝑇𝑁
2 ))

 (2.6) 

Applying the approximation ex  ≈ 1 + x, that is justified since ∆T is sufficiently small, and 

consolidating terms on the left side of Eq. (2.6), 

 1 + (
∆2𝑡R

𝑡R,N− 𝑡0
22 ) = 1 −

∆𝐻

𝑅
∙

∆𝑇

𝑇𝑁
2 (2.7) 

Solving for Δ2tR, and since 2tR,N – 2t0 = 2kN’ · 2t0 

 Δ 𝑡R =  
2 −Δ𝐻

𝑅
(

Δ𝑇

𝑇𝑁
2) ( 𝑘N

′
 

2 · 𝑡0 
2 )    (2.8) 

Note that ΔT, is also experimentally equivalent to the product of the 1D oven temperature program 

Tramp in °C/min, and the modulation period, PM, 

 ∆𝑇 =  𝑇ramp · 𝑃M    (2.9) 

Finally, since each 2D separation is nominally pseudo-isothermal, 2Wb is observed experimentally 

to follow the expression, 

 𝑊b 
2 ≈ 𝐶 𝑘′2 + 𝑊𝑏,0   

2    (2.10) 

where C is the slope of the 2Wb versus 2k’ plot, and is dominated by on-column band broadening 

due to analyte mass transfer in the mobile phase, and 2Wb,0 is the minimum peak width of the 

analyte at k’ = 0 [100].  

2.2.2 Beta Ratio, the Ratio of Column Phase Volume Ratios 

 The TDR depends on 2k’ such that analytes with higher 2k’ are subjected to increased 2Wb 

via Eq. (2.10) and more substantial Δ2tR as the oven temperature rises via Eq. (2.8). It is therefore 

necessary to study how GC×GC column sets, that produce varying 2k’ ranges, relate to PARAFAC 
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quantification accuracy. The k’ for a given analyte relates to the phase volume ratio, β, which is 

the ratio of the mobile phase volume, Vm, to the stationary phase volume, Vs,  

 𝛽 =
𝑉𝑚

𝑉𝑠
=

𝑑𝑐

4∙𝑑𝑓
   (2.11) 

where dc is the inner diameter of the column and df is the stationary phase film thickness. Common 

β for commercially available columns include 250 (dc: 250 μm, df: 0.25 μm), 125 (dc: 250 μm, df: 

0.50 μm) and 225 (dc: 180 μm, df: 0.2 μm), which are the β utilized in this study. 

 For GC×GC separations, it has been demonstrated that manipulation of β for successive 

dimensions allows the analyst to tune the k’ range and improve the peak capacity of their GC×GC 

separation [30–32]. Parsons et al. introduced the variable βR, or the ratio of the phase volume ratios, 

between successive dimensions, 

 𝛽𝑅  =  
𝛽1

𝛽2    (2.12) 

where 1β is for the 1D separation and 2β is for the 2D separation [30]. Through Eqs. (2.1)-(2.12), 

the interrelationships of 2k’, 2Wb, Δ
2tR on TDR will be elucidated. Selection of an appropriate βR 

impacts Δ2tR through the 2k’ range produced. A larger βR prompts a larger starting and ending 2k’ 

and longer PM in order to avoid excessive wraparound. In return, the PM and Tramp dictate the ΔT 

per modulation [31]. Note that although Δ2tR in Eq. (2.8) is fundamentally a negative value, the 

absolute value of Δ2tR is used in Eq. (2.1) in order to express TDR as a positive value, to be 

consistent with our prior report [23]. A couple of additional points from this previous βR study 

pertain to the current study [30]. First, a larger βR translates into not only a larger 2k’ range, but 

also a larger average 2Wb, with the larger 2k’ range matched with the appropriate PM to avoid 

wraparound. The PM selection impacts the sampling density, ρs, defined as the PM divided by the 

1D width-at-base,1Wb [33–36].  If the ρs ≤ 2, the 1D peaks are “undersampled,” which very 

noticeably increases their apparent 1Wb in the GC×GC plot, and reduces the overall 2D peak 
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capacity. Second, and in contrast, application of a smaller βR results in a smaller 2k’ range and a 

smaller average 2Wb, allowing for use of a shorter PM and a higher and more appropriate ρs of the 

1D peaks, concurrent with providing a high overall 2D peak capacity [30].     

2.3 EXPERIMENTAL 

 Experimental data utilizing a mixture containing 115 analytes were previously collected 

using a Pegasus 4D system (LECO, St. Joseph, MI), consisting of an Agilent 6890 gas 

chromatograph with a 7683 autosampler (Agilent Technologies, Palo Alto, CA) and a Pegasus III 

TOFMS with a quad-jet thermal modulator and secondary oven [30]. Of the six possible column 

combinations previously reported [30], two representative column sets were chosen and analyzed 

in duplicate. For the first column set, herein referred to as “column set A”, the  1D column 

contained a Restek Rtx-5MS stationary phase (20.0 m × 250 µm i.d. 1dc × 0.25 µm 1df) and the 2D 

column contained a Restek Rtx-200 stationary phase (2.0 m × 180 µm i.d. 2dc × 0. 2 µm 2df). 

Utilizing Eqs. (2.11) and (2.12), 1β is 250, while 2β is 225, yielding a βR of 1.11. The second 

column set, herein referred to as “column set B” was identical to column set A with the exception 

that the 1D column film thickness was doubled with a 1df of 0.50 µm. Column set B has the identical 

2D column, so 2β is 225. However, use of a thicker film provides a smaller 1β of 125. The 

subsequent βR of column set B is thus 0.56.  More detailed instrumental parameters are listed in 

the previous report [30]. Relevant conditions for the current study are the 1D oven program (held 

constant at 40 °C for 1 min, Tramp = 5 °C/min). The secondary oven followed the same temperature 

program as the primary oven, with a +5°C offset. Mass channels m/z 33-300 were collected at 500 

spectra/s. Modulation periods PM of 3 and 6 s were used for column set A (βR = 1.11), while PM 

for column set B (βR = 0.56) were 1.5 and 3 s, resulting in four sets of GC×GC conditions (Table 

2.1), referred to as Expt1, Expt2, Expt3, and Expt4, respectively.  
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Table 2.1 Summary of relevant experimental separation conditions for Expt1-4. The phase volume 

ratio, β, and ratio of phase volume ratios, βR, are defined in Eqs. (2.11) and (2.12), respectively. 
1D column length and inner diameter were maintained at 20 m and 250 μm, respectively, for all 

experiments. Also constant across experiments were the following: 2D column dimensions (2 m × 

180 μm × 0.2 μm), Tramp (5 °C/min), m/z range (33-300), and data collection frequency (500 

spectra/s). 

 
 Column Set 1D Column Film Thickness (µm) 1β 2β βR PM (s) ΔT (°C) 

Expt1 A 0.25 250 225 1.11 3 0.250 

Expt2 A 0.25 250 225 1.11 6 0.500 

Expt3 B 0.50 125 225 0.56 1.5 0.125 

Expt4 B 0.50 125 225 0.56 3 0.250 

 

 Data analysis and chemometric modeling were performed in Matlab R2016b (The 

Mathworks Inc., Natick, MA, USA). To accurately measure Δ2tR and 2Wb for TDR calculations, 

curve fitting was performed using the Matlab curve fitting toolbox 8.1.1 on each analyte at 

selective m/z. Twenty-one representative test analytes (Table 2.2) were selected from the total 115 

in the test mixture so as to span the full range of 1tR and 2tR (both measured at the peak maximum 

for the purposes of the table), and corresponding 2k’ for column sets A and B. Each analyte was 

given a peak number (1-21) for ease of reference. The 2D dead time, 2t0, was calculated for both 

column sets using the ChromaTOF flow calculator, and determined to be 1.00 s at an oven 

temperature of 150°C. To obtain the TDR via Eq. (2.1), curve fitting was performed on a pair of 

2D peaks for each analyte by fitting a Gaussian model to the largest 2D peak and the next largest 

2D peak for the purpose of obtaining 2Wb and Δ2tR. Each 2Wb was obtained by determining the 

standard deviation provided by each Gaussian fit. Each Δ2tR was determined by the following 

procedure. First, the Gaussian peak maximum represented the 2tR of each 2D peak selected for a 

given analyte. Next, each Δ2tR was calculated by taking the difference of the 2tR from the largest 

2D peak from the 2tR of the adjacent 2D peak (the next largest 2D peak, either directly before or 

after the largest 2D peak) in order to provide the most accuracy in the Δ2tR measurement.  
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 The impact of data trilinearity on PARAFAC quantification was studied in the following 

way. The 21 test analytes over each of the four GC×GC conditions were first analyzed by 

PARAFAC to obtain the full loadings. Next a selective m/z was determined for each analyte strictly 

for the purpose of comparing the PARAFAC deconvolution results to quantification values 

obtained for the benchmark peak area using the raw data and the same selective m/z. PARAFAC 

was performed using the PLS Toolbox, version 8.2.1 (Eigenvector Research Inc., Wenatchee, WA, 

USA) on each analyte, with the data cube consisting of the two separation dimensions, 1D and 2D, 

and the full mass spectral dimension. Non-negativity constraints were applied to both the 2D peak 

and mass spectral dimensions, with the stricter unimodality constraint applied to the 1D peak. The 

number of factors applied corresponded to the most factors necessary to describe the peak, without 

allowing for splitting (i.e. two or more factors describing the same component). For the sake of 

comparison, PARAFAC quantification was then performed by reconstructing the trilinear data 

cube via the outer product of the PARAFAC loadings and summing across all dimensions at a 

selective m/z appropriate for each analyte. 

 The benchmark peak area for each of the 21 test analytes over each of the four GC×GC 

conditions was calculated using the raw data and the same selective m/z as for PARAFAC 

quantification. For each replicate and column set, the chromatograms were unfolded with each 

analyte selected to include all modulations. In order to minimize quantification error in the 

benchmark peak area, all modulations across the 1D dimension were summed into a single 2D peak 

that was then baseline corrected and summed. Misalignment of consecutive modulations due to 

ΔT, as well as baseline effects, were mitigated using this procedure. Finally, a quantity referred to 

as the PARAFAC %Error was calculated as follows. For each of the 21 test analytes the benchmark 

peak area was subtracted from the PARAFAC peak area (at the same m/z), and then this difference 
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was divided by the benchmark peak area and the percentage was reported. The PARAFAC %Error 

is deemed principally due to any error introduced by insufficient trilinearity during PARAFAC 

computation. Thus, the PARAFAC %Error results can be directly compared to experimentally 

obtained TDR data to study their underlying interrelationship and compare the findings to our prior 

theoretical study [23]. 

2.4 RESULTS AND DISCUSSION 

2.4.1 GC×GC Chromatograms for Evaluation of TDR Relationship to PARAFAC 

 We begin by qualitatively describing and comparing chromatograms in Fig. 2.1 obtained 

with the four sets of GC×GC conditions (Table 2.1). All chromatograms in Fig. 2.1 except for Fig. 

2.1(B) were reregistered on the 2D axis to visually adjust them for partial and/or full wraparound. 

Hence, the apparent 2tR in Fig. 2.1(B) are equal to the true 2tR. However, in Figs. 2.1(A) and (C) 

the true 2tR are equal to the apparent 2tR plus 1.7 s (i.e., the reregistration adjustment), and in Fig. 

2.1(D) the true 2tR are equal to the apparent 2tR plus 0.8 s. For Expt1, with a βR of 1.11, a PM of 3 s 

and a ΔT of 0.25 °C/modulation, efficient use of the 2D dimension was observed in Fig. 2.1(A), 

with minimal wraparound.  
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Figure 2.1. GC×GC-TIC chromatograms of the 115 component mixture. Each chromatogram has 

been registered on 2D to restore the latest eluting analyte (diethyl phthalate) to the top of the 

chromatogram. Data acquisition was delayed 10 s so peaks appear to elute earlier than they actually 

do on 1D. For column set A (βR = 1.11) and column set B (βR = 0.56), two PM were studied with 

each column set (Table 1). (A) Column set A with a PM of 3 s. (B) Column set A with a PM of 6 s. 

(C) Column set B with a PM of 1.5 s. (D) Column set B with a PM of 3 s. 

 

 It is also instructive to see how many modulations are observed for a representative analyte 

for each set of conditions. Adamantane was chosen as a representative analyte, since its 2k’ falls 

roughly in the middle of the 2k’ range for all four sets of GC×GC conditions. Expt1 yielded two 

appreciable modulations, i.e., a sampling density of ρs ~ 2, as observed in Fig. 2.2(A). In contrast, 

Expt2 again utilized column set A (βR = 1.11), but the PM was doubled relative to Expt1, from 3 s 

to 6 s, which resulted in ΔT increasing from 0.25 °C/modulation in Expt1 to 0.50 °C/modulation. 

The resulting chromatogram, provided in Fig. 2.1(B), demonstrated no wraparound but there was 
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less efficient use of the 2D dimension. Due to the longer PM, adamantane was observed in Fig. 

2.2(B) to contain only one appreciable modulation (ρs ~ 1), with a second minor modulation. While 

this sampling density is too low to maintain a truly comprehensive separation [33–37], it is 

common for practitioners to use such a long PM. More importantly in the context of this study, we 

shall see that the long PM will lead to the least accurate PARAFAC results. 

 

Figure 2.2. Unfolded GC×GC data for adamantane to illustrate impact of the separation conditions 

on the number of modulations observed. (A) Expt1 conditions yielded two appreciable 

modulations, so a sampling density ρs ~ 2. (B) Expt2 conditions produced only one appreciable 

modulation with a very minor second modulation, ρs ~ 1. (C) Expt3 conditions resulted in four 

appreciable modulations, ρs ~ 4. (D) Expt4 conditions utilized the same PM as Expt1 and thus had 

a similar ρs ~ 2. 

 

 Next, we move from a βR of 1.11 to a βR of 0.56 using column set B for Expt3 and Expt4 

(Table 2.1). To do so, the 1df was increased from 0.25 μm (column set A) to 0.5 μm. As a result, 
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analytes require a higher elution temperature for the 1D separation, resulting in less retention on 

the 2D separation since the 2D column was held constant for the two column sets. Less 2D retention 

translates into a smaller 2k’ range that is satisfied by a shorter PM. Figure 2.1(C) provides a 

representative chromatogram with a PM of 1.5 s (ΔT = 0.125 °C/modulation), while demonstrating 

efficient use of the 2D dimension with modest wraparound. The decrease in PM with Expt3 relative 

to Expt1 results in an increase in ρs to ~4, with the 4 modulations for adamantane, as presented in 

Fig. 2.2(C).  Thus, these conditions provide the most “comprehensive” GC×GC separation. Again, 

more importantly, the short PM of 1.5 s with a concurrent narrow 2k’ range will be beneficial to 

provide small TDRs, leading to accurate PARAFAC results. Finally, Expt4 also used column set 

B, but a PM of 3 s (ΔT = 0.25 °C/modulation as in Expt1) was used instead of 1.5 s with Expt3, 

such that the 2D separation contained empty chromatographic space, as observed in Fig. 2.1(D). In 

addition to an increase in ΔT relative to Expt3, the ρs for adamantane decreased from ~4 to ~2 with 

Expt4, as shown in Fig. 2.2(D), with a similar ρs to Expt1 in Fig. 2.2(A) since ΔT was the same 

for Expt1 and Expt4. 

 Using the separation data presented in Fig. 2.1 for the 21 test analytes in the mixture (Table 

2.2), we explore the interconnectivity of βR and PM on TDR. The magnitude and range of 2k’ 

obtained, coupled with the PM applied, can be critically evaluated for each set of GC×GC 

conditions via measurements of Δ2tR and 2Wb, per Eqs. (2.8) and (2.10) to ultimately determine the 

TDRs obtained using Eq. (2.1). The TDRs will, in turn, be related to the accuracy of PARAFAC 

quantification for the 21 test analytes.  
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Table 2.2 Summary of the 1D and 2D retention times as well 2k’ values for the 21 representative 

test analytes. Each analyte was given a peak number (1-21) for ease of reference and are listed in 

order of increasing 1tR. 

 
 Column Set A Column Set B 

Peak Number Analyte 1tR (s) 2tR (s) 2k' 1tR (s) 2tR (s) 2k' 

1 2-heptanone 292 3.70 2.700 385.0 2.90 1.906 

2 nonane 298 1.74 0.740 400.0 1.50 0.510 

3 methylhexanoate 337 2.92 1.920 443.5 2.29 1.300 

4 bromobenzene 340 2.46 1.460 454.0 1.99 0.996 

5 2,6-dimethlyoctane 346 1.85 0.840 457.0 1.56 0.570 

6 1-bromohexane 349 2.38 1.380 461.5 1.93 0.940 

7 adamantane 583 2.19 1.190 727.0 1.76 0.770 

8 1-undecene 607 1.97 0.970 739.0 1.61 0.620 

9 2-nonanone 613 3.98 2.980 740.5 2.88 1.870 

10 methyl octanoate 667 3.05 2.020 799.0 2.27 1.280 

11 1-bromooctane 691 2.54 1.540 830.5 1.96 0.970 

12 napthalene 757 3.18 2.180 904.0 2.34 1.340 

13 1-decanol 910 2.61 1.610 1049.5 2.00 1.010 

14 2-undecanone 946 3.71 2.710 1087.0 2.65 1.660 

15 bicyclohexyl 949 2.18 1.180 1105.0 1.72 0.720 

16 2-dodecanone 1102 3.56 2.550 1246.0 2.55 1.570 

17 methyl laurate 1288 2.74 1.740 1438.0 2.05 1.060 

18 diethyl phthalate 1390 4.54 3.540 1544.5 3.11 2.130 

19 hexadecane 1390 1.91 0.900 1543.0 1.54 0.550 

20 2-pentadecanone 1525 3.19 2.190 1678.0 2.32 1.330 

21 phenathrene 1618 3.49 2.490 1789.0 2.50 1.510 

2.4.2 Trilinear Deviation Ratio (TDR) Measurement 

 Measurement of TDR is based upon taking the ratio of Δ2tR by 2Wb defined in Eq. (2.1). 

We examine the dependencies of Δ2tR (and thus ΔT) on 2k’ and 2Wb on 2k’ separately, in order to 

evaluate Eqs. (2.8) and (2.10), respectively. We start with the dependence of 2Wb on 2k’, with the 

results provided in Fig. 2.3.  The two-fold thinner 1df for column set A (βR = 1.11) relative to 

column set B (βR = 0.56) resulted in analytes eluting from the 1D column at a lower temperature. 

Consequently, analytes enter the 2D column at a lower temperature with column set A, which 

increases the 2k’ range. Since each 2D separation is pseudo-isothermal, the 2Wb trend with 2k’ 
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observed in Fig. 2.3 followed Eq. (2.10) for all four sets of GC×GC conditions [23,29,30]. Expt1 

produced 2Wb from 81 to 245 ms, while with Expt2 the 2Wb were slightly elevated. The effect of 

lowering βR to 0.56 by using a thicker 1df is also evident, with Expt3 and Expt4 producing 2Wb 

ranges shifted toward lower 2k’ as a result of less time spent on 2D, as well as lower maximum 2Wb 

due to the lower 2k’ values. Within experimental uncertainty the four sets of experimental 

conditions produced roughly the same linear 2Wb dependence on 2k’, with the two column set A 

conditions extended over a two-fold larger 2k’ range. Significantly, Δ2tR is observed to be linearly 

dependent on 2k’ for all four sets of GC×GC conditions, supporting Eq. (2.8). In studying Δ2tR and 

how it relates to 2k’ through the selection of βR and PM, a clearer picture of how appropriate 

selection of 1D and 2D columns affects data trilinearity is revealed. That is, smaller βR (smaller 2k’ 

range) allows for the use of shorter PM (smaller ΔT), and results in smaller Δ2tR. 

 

Figure 2.3. 2Wb measurements as a function of 2k’ for Expt1-4, following the linear form of Eq. 

(2.10). Expt1 (×) produced a 2Wb range of 81 ms to 245. Expt2 (ο) produced a 2Wb range of 95 ms 

to 272 ms. Expt3 (●) produced a 2Wb range of 79 ms to 164 ms. Expt4 (+) produced a 2Wb range 

of 88 ms to 191 ms. 

 

Next we examine the dependencies of Δ2tR on 2k’. Using curve fitting as described in the 

Experimental section, Δ2tR was calculated and plotted against 2k’ in Fig. 2.4. Expt1 (βR = 1.11, PM 

= 3 s, ΔT = 0.25 °C/modulation) yielded a Δ2tR range of -8.3 to -33.8 ms. With Expt2, when the 
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PM is increased to 6 s relative to 3 s (all else constant relative to Expt1), a visual increase in slope 

and Δ2tR is observed, and the Δ2tR range obtained in Expt2 is -19.5 to -98 ms. The increase in Δ2tR 

range from Expt1 to Expt2 is due to the doubling of the temperature difference between adjacent 

modulations (ΔT from 0.25 to 0.5 °C), caused by doubling the PM, Eqs. (2.8) and (2.9). Decreasing 

the βR from 1.11 in Expt1 and Expt2, to 0.56 in Expt3 and Expt4 allows for the use of shorter PM 

since the 2k’ range was reduced two-fold, and in turn, a smaller ΔT (0.125 and 0.25 °C, 

respectively). For Expt3 with a PM of 1.5 s, the Δ2tR values were extremely small, ranging from -

1.1 ms to -8.8 ms. Increasing the PM from 1.5 s to 3 s with Expt4 produced Δ2tR ranging from -5.3 

to -24.4 ms. Overall, the 2k’ range doubled due to doubling βR from 0.56 to 1.11, and the Δ2tR range 

increased when βR and/or PM increase.  

 

Figure 2.4. Δ2tR measurements as a function of 2k’ for Expt1-4, following Eq. (2.8). Expt1 (×) 

produced a linear Δ2tR range (R2=0.96) from -8.3 ms to -33.8 ms. Expt2 (ο) produced a linear Δ2tR 

range from -19.5 ms to -98 ms (R2=0.90). Expt3 (●) gave rise to the smallest Δ2tR range from -1.1 

ms to -8.8 ms (R2=0.54). Expt4 (+) produced a linear Δ2tR range (R2=0.74) from -5.3 to -24.4 ms. 

The inset figure provides finer detail of Expt3 (●) and Expt4 (+). 

 

Significantly, Δ2tR is observed to be linearly dependent on 2k’ for all four sets of GC×GC 

conditions, supporting Eq. (2.8). In studying Δ2tR and how it relates to 2k’ through the selection of 

βR and PM, a clearer picture of how appropriate selection of 1D and 2D columns affects data 
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trilinearity is revealed. That is, smaller βR (smaller 2k’ range) allows for the use of shorter PM 

(smaller ΔT), and results in smaller Δ2tR.  

 Finally, applying Eq. (2.1) using the 2Wb and Δ2tR data presented in Figs. 2.3 and 2.4, 

respectively, the TDRs for the four sets of GC×GC conditions are provided in Fig. 2.5. First, we 

compare Expt1 and Expt2, where Expt1 exhibits a TDR range from 0.100 to 0.170, while the TDR 

range is roughly doubled for Expt2, from 0.157 to 0.439. The elevated scatter of TDRs for Expt2 

is due to inaccuracies in measuring 2tR and 2Wb due to the consequences of undersampling the 

analytes as presented in Fig. 2.2(B). The TDRs double in Expt2 relative to Expt1 due to roughly 

doubling the Δ2tR (Fig. 2.4), due to doubling the PM, which in turn doubled the ΔT. Similarly, the 

TDRs double in Expt4 relative to Expt3 for the same reason. However, with Expt3 and Expt4 the 

smaller βR of 0.56 (relative to the βR of 1.11 with Expt 1 and Expt2) provided two-fold smaller 2k’ 

ranges, which allowed the PM and ΔT to be cut in half. Notably, the TDRs determined in Expt3 

were the smallest observed of the four sets of GC×GC conditions, ranging from about 0.013 to 

0.057. This is significant because our prior theoretical study indicated that for TDR < 0.05 the bias 

in PARAFAC quantification was less than 1.5% [23].  Also of note is that the TDR plots for Expt1 

and Expt4 are essentially superimposed with the results for Expt4 extended to higher 2k’ and higher 

TDR due to the two-fold difference in βR. 



 

 

50 

 

Figure 2.5. TDR as a function of 2k’ for Expt1-4, as defined in Eq. (2.1), with each measured Δ2tR 

divided by measured 2Wb. Expt1 (×) yielded TDRs ranging 0.100 to 0.170. Expt2 (ο) produced 

TDRs considerably higher with a range of 0.157 to 0.439. Expt3 (●) achieved the lowest overall 

TDR range (0.013 to 0.057) as a result of the smaller βR (relative to Expt1 and Expt2), which 

allowed PM and ΔT to be cut in half. Expt4 (+) demonstrated similar TDRs to Expt1, with a smaller 

maximum due to a shorter 2k’ range resulting from a decrease in βR. The TDR curves drawn through 

each Expt data set were obtained using Eq. (2.1) by taking the function of the best fit line of Δ2tR 

versus 2k’ in Fig. 2.4 and dividing that by the function of the best fit line of 2Wb versus 2k’in Fig. 

2.3. 

2.4.3 PARAFAC Results in the Context of TDR 

 The relationship between TDR and PARAFAC quantification results are provided in Fig. 

2.6, where the PARAFAC %Error as defined in the Experimental section is plotted relative to TDR 

for all four sets of GC×GC conditions.  Generally, all of the %Errors are either near zero or are 

negative as expected, with the %Error worsening with TDR, following the theoretical trend 

previously reported [23]. However, there are some positive values that point to the challenges in 

accurately quantifying the benchmark peak areas. Additionally, within a given set of GC×GC 

conditions, there are challenges in accurately determining the TDR for each analyte, as previously 

discussed in Figs. 2.3-2.5, which result in additional scatter in Fig. 2.6. Using column set A, Expt1 

and Expt 2 produced the worst %Errors, ranging from +1.3% to -12.5% and from +1.6% to -13.5%, 
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respectively. The large negative biases correlate to the lack of data trilinearity, with TDR ranges 

from 0.100 to 0.170, and from 0.157 to 0.439, respectively.  

 

Figure 2.6. PARAFAC %Error as a function of TDR. % Error was calculated by comparing the 

peak area obtained via PARAFAC quantification of a selective m/z to that of the benchmark peak 

area. Expt1 (×) and Expt2 (ο) produced the largest PARAFAC %Errors due to the higher TDRs, 

+1.3% to -12.5% and +1.6% to -13.5%, respectively. Expt3 (●) and Expt (+) yielded much lower 

PARAFAC %Errors. Indeed, with Expt 3 the %Error range was +2.1% to -3.9%, with an average 

of -1.1% ± 1.4. 

 

 The %Error ranges are significantly decreased when using column set B for Expt3 and 

Expt4. For Expt3, with the shortest PM of 1.5 s, the lowest overall %Errors were produced for all 

of the four sets of GC×GC conditions. Additionally, as observed in Fig. 2.6, the range of %Errors 

for Expt3 is from +2.1% to -3.9%, with an average of -1.1% ± 1.4, and no apparent dependence 

on TDR. This suggests that Expt3 is in a regime where other sources of quantitative uncertainty 

take an equal if not greater role than TDR in determining the quantification error. This is not 

surprising since the average %Error of -1.1% ± 1.4 is extremely close to zero, i.e., nearly unbiased. 

Based on this finding we suggest that the GC×GC-TOFMS data are sufficiently trilinear for the 

purposes of confidently applying PARAFAC for GC×GC conditions as in Expt3. For Expt4, due 
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to the longer PM, the %Error range of +0.3% to -7.4% (average of -2.5% ± 2.3) is slightly worse 

than Expt3, but still much better than Expt1 and Expt2. Also, use of a PM which efficiently utilizes 

the 2D separation dimension, as demonstrated for Expt3 in Fig. 2.1(C), has been recognized as an 

optimal approach for GC×GC [30,31]. The theoretical peak capacity in GC×GC has been 

determined to be about 10-fold higher than 1D-GC [31,32,38,39]. If the 1D separation has been 

initially optimized and an appropriate PM has been selected to not undersample the 1D peaks (i.e., 

ρs ~4 as in Fig. 2.2(C) for Expt3), then the resulting 2D separations will each have a peak capacity 

of ~10. Indeed, based upon the 2Wb results in Fig. 2.3 for Expt3, one can readily determine the 2D 

peak capacity provided in Fig. 2.1(C) is ~12, consistent with experimentally providing the 

theoretical optimal benefit to total peak capacity with GC×GC while also maintaining data 

trilinearity. 

2.4.4 Conclusion 

 Based upon the results presented in Fig. 2.6, we provide some general guidelines for the 

practitioner, so PARAFAC can be more optimally applied. The βR between the two columns in 

GC×GC [30,33] directly impacts the PM selection and observed 2k’ range, which both impact the 

Δ2tR and 2Wb range obtained, which in turn determine the TDR range obtained. In order to obtain 

a maximum %Error ≤ -7%, experimental conditions with a TDR ≤ 0.1 should be applied. The 

GC×GC separation conditions to achieve this %Error require a βR ≈ 0.5, or less, as in Expt3 and 

Expt4 [5,23,24].  A short PM is advised (eg., 1 s to 2 s), as this reduces the ΔT. Indeed, this is why 

Expt 3 performed better than Expt4, and provided a maximum %Error ≤ -4%. However, if the 

analyst applies GC×GC conditions with βR ≈ 1, as in Expt1 and Expt 2, then the TDR range will 

be elevated (especially for the longer PM), and data trilinearity will be impaired for the purpose of 
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using PARAFAC. Other methods would be advised, such as multivariate curve resolution 

alternating least squares (MCR-ALS) and PARAFAC2 [24,25,40–43]. 
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Chapter 3. Statistical Inference of Mass Channel Purity from Fisher 

Ratio Analysis Using Comprehensive Two-Dimensional Gas 

Chromatography with Time of Flight Mass Spectrometry Data 
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3.1 INTRODUCTION 

 Comprehensive two-dimensional (2D) gas chromatography (GC×GC), pioneered in 1991 

by Liu and Phillips [1], has been extensively developed and is a powerful tool for the analysis of 

complex mixtures [2–14].  While traditional one-dimensional gas chromatography (1D-GC) can 

efficiently separate, identify and quantify volatile and semi-volatile analytes, the separation power 

may be inadequate for many complex samples [15]. Indeed, addition of the second 

chromatographic dimension with a complementary stationary phase can increase the separation 

and resolving power of GC×GC over 1D-GC about 10-fold [16–19]. When coupled with time-of-

flight mass spectrometry (TOFMS), GC×GC-TOFMS facilitates improved identification and 

quantification of trace level analytes [3,5,6,14,20].  

 The inherent complexity of GC×GC-TOFMS data, with its third order data structure 

[20,21] presents unique data analysis benefits and challenges, which are further impacted by the 

addition of a fourth dimension due to consideration of multiple sample classes as defined by the 

experimental design [20,21].  Fortunately, significant effort directed at developing chemometric 

tools to elucidate chemical information from GC×GC-TOFMS data have improved the quality of 
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results obtained [18]. Broadly, chemometric methods aim to analyze analytical data qualitatively 

(signal decomposition (deconvolution), pattern recognition, one and multi class classification) and 

quantitatively (regression and projection-based methods) [22-25]. There are a wide variety of 

chemometric methods, including overlapped peak decomposition (mathematical resolution) 

methods to enable analyte identification and quantification such as Parallel Factor Analysis 

(PARAFAC) and Multivariate Classical Resolution Alternating Least Squares (MCR-ALS) [22–

25], and discovery-based, pattern recognition-based, and property prediction methods such as 

Principal Component Analysis (PCA) [26–29], Fisher Ratio (F-ratio) Analysis [20,21,26,30–34], 

Partial Least Squares (PLS), and Partial Least Squares – Discriminant Analysis [35,36]. 

 Chemometric methods are often implemented to extract useful class distinguishing 

chemical features and can be further distilled into supervised or unsupervised methods, depending 

on whether sample class membership is known a priori [18,19,37,38]. Supervised pixel-based F-

ratio analysis was first applied to GC×GC-TOFMS data in 2006 and operates on the conditions 

that class membership is known, and between class (chemical) variations of discoverable analytes 

will be larger than within-class (random noise) variations [34]. The F-ratio is mathematically 

defined as the class-to-class variance divided by the sum of the within-class variance and 

prioritizes statistical significance over absolute signal [18]. 

 F-ratio analysis has been applied in diverse fields such as metabolomics [8,39], fuel 

[21,40], food [41], and forensics [42]. However, the nature of differentiating chromatographic 

regions via F-ratio analysis necessitates having sufficiently aligned chromatograms without run-

to-run retention time shifting [30,31]. At the initial stage in the F-ratio software development, due 

to the limitations of the pixel-based data structure, retention time misalignment resulted in the true 

positives (class distinguishing features) being overly intermingled with false positives (features 
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that are falsely recorded as class distinguishing); a cumbersome approach to address this issue was 

to require alignment prior to F-ratio analysis to overcome the retention time shifting [43–46]. To 

more effectively address the production of false positives due to retention time misalignment, tile-

based F-ratio software was developed [30,31].  

 Briefly, tile-based F-ratio analysis implements four spatially offset 2D grids, referred to as 

“tile grids” [30]. Summing the baseline corrected pixel-based signal within each tile per m/z 

optimally captures a given analyte peak feature within a tile from one of the four tile grids for the 

purpose of calculating F-ratios as a function of mass channel (m/z), written as F-ratio(m/z). The 

user-selected 2D tile dimension not only captures the entire analyte peak within a given tile from 

one of the four tile grids, but also the tile dimension is selected to be large enough to mitigate the 

sample run-to-sample run retention time shifting issue. Since the four tile grids initially produce 

redundant analyte “hit” information, the redundant hits are removed using a pinning and clustering 

algorithm that preserves the single “optimal” tile per analyte hit with the maximum F-ratio(m/z), 

and focuses the multiple 2D tile locations back to the original high-resolution 2D chromatographic 

data for each analyte hit [31]. In a previous study, for a given hit, the average F-ratio for the top 

10 m/z was reported per 2D tile location, each hit requiring at least 3 m/z above the signal-to-noise 

ratio (S/N) and F-ratio thresholds [20]. However, further exploration of the most appropriate use 

of the F-ratio(m/z) output is warranted. The initial development and several performance and 

validation studies demonstrate the capabilities of tile-based F-ratio analysis for the discovery of 

trace class distinguishing characteristics while also reducing false positive rates [8,20,21,30,31]. 

Regrettably, F-ratio “spectra”, i.e., F-ratio(m/z), for a given analyte hit have been an underutilized 

feature. Hence, one of the primary goals of the current study is to carefully examine the chemical 
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information that can be unmasked and better utilized by capitalizing on the m/z selectivity provided 

by F-ratio analysis. 

 Specifically, we expand upon the computational capabilities of tile-based F-ratio analysis 

by introducing additional statistical-based algorithmic features that identify analyte-selective m/z. 

By doing so, analyte hits per m/z that exhibit high quality statistical metric outputs will provide 

accurate analyte quantification without a priori requiring analyte identification. Despite advances 

to data analysis software, current prevailing data analysis workflows frequently require significant 

analyst intervention post-discovery, such as chemometric decomposition, to perform analyte 

quantification [37,38]. Thus, a statistical metric-based validation of mass spectral selectivity 

provided via F-ratio(m/z) spectra will provide rapid quantification of analytes with confidence 

without requiring decomposition a priori for a large fraction of analyte hits.  

Herein, the capability of tile-based F-ratio analysis to provide accurate quantitative 

information is evaluated and validated by calculating the signal ratios (S-ratio) as a function of m/z 

between pairs of diesel samples spiked at four concentration levels, i.e., four sample classes 

(resulting in three different pairwise class comparisons), and comparing the results to the true 

concentration ratios.  The S-ratio algorithm is a new feature incorporated into the tile-based F-ratio 

software.  While the initial F-ratio analysis “discovers” the location of the spiked analytes, 

providing a hit list, the S-ratio algorithm provides relative quantification for each hit on a per m/z 

basis. Diesel fuel samples spiked with 15 non-native analytes at four concentration levels, then 

analyzed by GC×GC-TOFMS, were subjected to F-ratio analysis with S-ratio calculations 

performed on the 15 spiked analytes. This data set was ideal for this proof-of-principle study as it 

contains regions of peak overlap which often require decomposition prior to quantification. While 

the methodology described above is aimed to minimize the need for chemometric decomposition, 
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the S-ratio(m/z) results were validated using both initial knowledge of the analyte spike level 

coupled with PARAFAC [20]. Based upon the F-ratio and S-ratio results obtained per analyte hit 

on a m/z basis, statistical metric tools are implemented to ascertain mass spectral selectivity, and 

hence, quantitative accuracy of the S-ratios, since for a pure m/z the S-ratio will match the true 

concentration ratio.  

3.2 COMPUTATIONAL PRINCIPLES 

 Following “discovery” based upon the F-ratio(m/z) output, the total signal for either a data 

pixel or F-ratio tile, as a function of m/z, can be defined as, 

  𝑆(𝑚 𝑧⁄ ) = 𝑅(𝑚 𝑧⁄ )𝐶 + ∑ 𝑅(𝑚 𝑧⁄ )𝑖𝐶I
n
i=1  (3.1) 

where R(m/z) is the analyte response factor, C is the analyte concentration, and R(m/z)i and Ci are 

the interferent i response factor and concentration, respectively, for n interferences. For two sample 

classes, A and B, the S-ratio as a function of mass channel, S-ratio(m/z), is defined as the total 

signal of class A, SA,total, divided by the total signal of class B, SB,total, where “total” implies 

contributions from the analyte and all interferences, 

 S-ratio (𝑚 𝑧⁄ ) =
𝑆A,total

𝑆B,total
(𝑚 𝑧⁄ ) =

𝑅(
𝑚

𝑧
)𝐶A+ ∑ 𝑅(𝑚 𝑧⁄ )i𝐶I,A

n
i=1

𝑅(
𝑚

𝑧
)𝐶B + ∑ 𝑅(𝑚 𝑧⁄ )i𝐶I,B

n
i=1

  (3.2) 

with CA the concentration of the analyte in class A, CB the concentration of the analyte in class B. 

Additionally, in Eq. (3.2), Ci,A is the concentration of interferent i in class A, and Ci,B the 

concentration of an interferent i in class B, accompanied by the generic response factor R(m/z)i.  

The signal of the analyte in class A can be written as,  

 𝑆A(𝑚 𝑧⁄ ) = 𝑅(𝑚 𝑧⁄ )𝐶A (3.3) 

and the total signal from all interferences in class A, denoted by subscript i, written as, 

 𝑆I,A (𝑚 𝑧⁄ ) = ∑ 𝑅(𝑚 𝑧⁄ )i𝐶I,A
n
i=1  (3.4) 
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Likewise, the signal of the analyte in class B can be written as, 

 𝑆B(𝑚 𝑧⁄ ) = 𝑅(𝑚 𝑧⁄ )𝐶B   (3.5) 

and the signal from all interferences in class B, denoted by subscript i, written as, 

 𝑆I,B(𝑚 𝑧⁄ ) = ∑ 𝑅(𝑚 𝑧⁄ )i𝐶I,B
n
i=1  (3.6) 

Using Eqs. (3.3)-(3.6), now Eq. (3.2) can be simplified as, 

 S-ratio(𝑚 𝑧⁄ ) =
𝑆A(𝑚 𝑧⁄ )+ 𝑆I,A(𝑚 𝑧⁄ )

𝑆B(𝑚 𝑧⁄ )+ 𝑆I,B(𝑚 𝑧⁄ )
 (3.7) 

In the current study, the two sample classes are spiked with analytes so the number and 

concentration of interferences in class A are equal to the number and concentration of interferences 

in class B, such that, SI,A(m/z)= SI,B(m/z). However, this condition is not a method requirement. 

Under any circumstances, when SI,A(m/z) and SI,B(m/z) both go to 0, such as in the case of pure m/z 

for an analyte, then R(m/z) cancels and the S-ratio(m/z) is equal to the true concentration ratio of 

the analyte, CA/CB, between the two classes, 

 S-ratio(𝑚 𝑧⁄ ) =
𝑅(𝑚 𝑧⁄ )𝐶A

𝑅(𝑚 𝑧⁄ )𝐶B
=

𝐶A

𝐶B
    (3.8) 

However, in the case of non-selective m/z, when SI,A(m/z) and SI,B(m/z) are equal and much larger 

relative to SA(m/z) and SB(m/z), then the S-ratio(m/z) goes to 1.  Additionally, when SI,A(m/z) and 

SI,B(m/z) are either sufficiently large relative to SA(m/z) and SB(m/z), or when SI,A(m/z) and SI,B(m/z) 

are not equal, then the S-ratio(m/z) will be intermediate between CA/CB, and a value of 1. Statistical 

metrics implemented with the S-ratio algorithm seek to explore this transition so analyte selective 

m/z can be identified with confidence to obtain an accurate CA/CB. 

3.3 EXPERIMENTAL 

 Diesel fuel spiked with 15 non-native compounds (Table 3.1) at four nominal concentration 

levels (10 ppm, 20 ppm, 40 ppm, and 80 ppm) were analyzed by GC×GC-TOFMS (Pegasus III 
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TOFMS with a quad-jet thermal modulator , LECO, St. Joseph, MI), that included an Agilent 

6890N gas chromatograph with a 7683 autosampler (Agilent Technologies, Palo Alto, CA) [130]. 

A reverse column configuration was employed with a polar primary column, 1D (Restek Rxi-17Sil 

MS, 29.75 m × 250 μm i.d. × 0.25 μm film thickness) and a nonpolar secondary column, 2D (Restek 

Rxi-1 MS, 1.5 m × 180 μm i.d. × 0.18 μm film thickness). Ultrahigh purity helium (Grade 5, 

99.999%, Praxair, Seattle, WA, USA) was used as the carrier gas at a constant flow of 2.0 mL/min. 

The 1D column was maintained at 40 °C for 1 min and then increased to 300 °C using a temperature 

program rate of 5 °C/min, where it was held for 2 min. The 2D column and modulator block 

followed the same temperature program with a +15 °C and +60 °C offset, respectively. The 

modulation period was 2 s. The ion source was set to 225 °C, and mass channels, m/z 35-300, were 

collected at a 100 spectra/s after a 10 s acquisition delay. Six injection replicates of each of the 

four concentration spike levels were collected to create four sample classes containing 6 samples 

each. 
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Table 3.1 S-ratio results for each of the 15 spiked analytes in the 80/40 ppm comparison, arranged 

by decreasing maximum F-ratio. The S-ratio for the top m/z (which also passed the p-value and 

LOF thresholds) is provided and compared against the actual concentration ratio. Average 

concentration ratio deviation was 1.0% with a standard deviation of 1.4%. 

 

Analyte Name True Concentration Ratio F-ratio m/z S-ratio Deviation, % 

bromobenzene 1.97 7404 38 1.98 0.5 

1,6-dichlorohexane 1.99 6112 67 1.97 -1.0 

1-chlorohexane 2.04 5351 91 2.04 0 

5-decyne 2.12 3597 77 2.09 -1.4 

2,5-dimethylthiophene 2.07 2173 111 2.07 0 

1-nonanol 2.05 1979 43 2.05 0 

limonene 2.07 1533 53 2.06 -0.5 

ethyl salicylate 2.15 1404 92 2.13 -0.9 

aniline 2.27 1337 92 2.27 0 

2-decanone 2.28 1318 41 2.17 -4.8 

methyl caproate 2.23 989 87 2.21 -0.9 

butyrophenone 2.12 972 106 2.14 0.9 

2-heptanol 2.25 682 45 2.33 3.6 

3-octanone 1.92 529 42 1.92 0 

cyclohexyl isothiocyanate 1.96 298 82 1.94 -1.0 

  

 Data analyses were performed in Matlab R2018a (The Mathworks Inc., Natick, MA, USA) 

and were imported from the LECO ChomaTOF software v 3.32 (LECO, St. Joseph, MI) via an in-

house developed data converter [20]. The data were analyzed with in-house developed tile-based 

F-ratio software [8,20,21,30,31]. There were three class comparisons, the 20 ppm versus 10 ppm 

spike level, the 40 ppm versus the 20 ppm spike level, and the 80 ppm versus 40 ppm spike level, 

so for each comparison a total of 12 samples were analyzed with 6 in each class. Most of the results 

presented are for the 80 ppm versus 40 ppm spike level comparison, while in some instances all 

three comparisons are related to each other. The F-ratio tile dimensions were 12 s on 1D by 100 

ms on 2D reducing the size of the data tensor from 200×1644×267 to 20×274×267 data points 

representing the 2D, 1D and m/z respectively, and the cluster tile dimensions were 8 s on 1D by 60 
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ms on 2D; a S/N threshold of 10 was applied and at least 3 m/z were required to define a reported 

F-ratio [20]. 

 Directly following removal of redundant hits by the pinning and clustering algorithm step 

[31], S-ratio(m/z) were obtained, for each F-ratio(m/z) as illustrated in Fig. 3.1, with the S-ratio 

algorithm flow chart provided in Fig. 3.2. The S-ratio(m/z) algorithm is based in part upon a 

previously developed algorithm for aligned chromatograms [43,47], though the new version does 

not require alignment. For each hit identified by F-ratio analysis, data for a given analyte was 

extracted from each chromatogram, one chromatogram at a time. First, the 1D and 2D pin location 

from the F-ratio hit list was applied to an individual chromatogram. Then, a S-ratio tile with 

dimensions equal to the 1D dimension of the F-ratio tile (12 s) and double the dimension of the 2D 

cluster tile dimension (120 ms) was centered on the pin. Next, the algorithm determines where the 

average (original) F-ratio pin location is on the peak for the particular chromatogram at hand, i.e. 

whether it is on the right, left or top of the analyte peak maxima. Using an iterative process, the 2D 

peak maxima for all modulations located within the S-ratio tile (as illustrated in Fig. 3.1) are 

recorded. Then, beginning from the modulation which corresponds to the largest 2D peak 

maximum, the 1D boundaries are determined by checking subsequent modulations to the right and 

left for an increase in signal, which indicates the modulation belongs to another analyte and/or 

interferent. Finally, the signals for the 2D peak maxima from all modulations identified as 

belonging to the analyte are summed, as to give one signal per m/z from the F-ratio spectrum of 

the hit. This algorithm is repeated across all chromatograms in the F-ratio class comparison.  



 

 

66 

 

Figure 3.1. Flowchart depicting the data processing steps of the S-ratio(m/z) algorithm for 1-

chlorohexane. For each F-ratio(m/z), illustrated for m/z 91 with a star (upper left), a 2D S-ratio tile 

is cutout around each hit (upper right) from each chromatogram centered at the average 1D × 2D 

pin location. The data within the 2D S-ratio tile is unfolded and concatenated into a vector laying 

each modulation section end to end, with the average 1D × 2D pin location represented by the large 

red X in the bottom left plot. Initial 2D pins are then assigned to each modulation based off the 

average 1D × 2D pin, separated by the modulation period, which serve as initial estimates to the 

peak maxima for each 2D peak, represented by the small red x's. These initial pins are then 

repositioned to the 2D peak maxima, indicated by the black arrows. Finally, the 2D peak heights 

are summed, yielding a single signal value for each selected m/z (lower left). The summed signals 

are then averaged for both sample classes and divided to yield the S-ratio(m/z) spectrum, with the 

S-ratio for m/z 91 indicated with a star (lower right). 

 

 The process described above was repeated for all m/z identified as class distinguishing at 

each pin location. Following these signal intensity calculations, the algorithm calculated S-

ratio(m/z) at every identified F-ratio(m/z) for each hit between class A (the class containing the 

higher spike level) and class B (lower spike level). Quantitative accuracy was evaluated through 

comparison of the true concentration ratio and the experimental S-ratio(m/z). Based upon the 
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experimental design, all S-ratios, and hence experimentally determined concentration ratios, for 

the spiked analytes should nominally be 2. 

 

Figure 3.2. Flow chart depicting the workflow for the S-ratio algorithm. First, F-ratio analysis is 

performed on two classes of chromatograms yielding a hitlist ordered by decreasing F-ratio with 

hit locations along with a list of m/z that passed the S/N threshold for each hit (steps 1-3). Utilizing 

this information, the chromatographic data in the 2D S-ratio tile is extracted for a given hit around 

the average 1D × 2D pin represented by the large red X seen in Fig. 3.1 for the signal at one m/z 

(step 4). Initial 2D pins are then assigned to each modulation based off the average 1D × 2D pin for 

the hit which serve as initial estimates to the peak maxima for the 2D peak in each modulation, 

represented by the small red x’s in Fig. 3.1 (step 5). These initial pins are then repositioned to the 

maxima of their respective 2D peaks, black arrows (step 6). In step 7 we determine which 2D peaks 

belong to the analyte by scanning for locations where consecutive peak maxima switch from 

decreasing to increasing in signal, indicating the presence of an interfering compound. Peak 

maxima that start to increase in signal are discarded and the signals of the 2D peaks determined to 

belong to the analyte are summed, yielding a single signal value for the hit at the selected m/z (step 

8). The signal information is stored in an array (step 9) and the process from steps 3-9 is repeated 

(step 10) for each m/z for each selected hit from the F-ratio hitlist for each sample. At the end of 

the process we have now obtained the signal values for each software selected m/z for each hit for 

each sample. The signal values for class A samples are then divided by class B sample signals 

yielding six S-ratio values given a six versus six two class experimental design (step 11). The S-

ratios can then be averaged yielding a mean S-ratio along with the standard deviation information. 
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 Combinatorial null distribution analysis (CNDA) has been previously demonstrated to 

provide a statistically robust F-ratio threshold in which false positives are minimized, while 

maximizing the true positive discovery rate, defined as  the “limit of discovery” [8,20,30,31]. An 

extension of CNDA to study F-ratio(m/z) distributions for the three class comparisons (20 ppm 

versus 10 ppm spike, 40 ppm versus the 20 ppm spike, and 80 ppm versus 40 ppm spike) is 

provided to determine an F-ratio threshold that correlates with quantitative accuracy via the S-

ratio(m/z) calculations. Null class comparisons were analyzed by creating two “null classes,” 

which consist of intermingling samples from class A and class B and submitting the null classes 

to the tile-based F-ratio analysis algorithm. For a six versus six sample class comparison, there are 

200 possible null permutations of sample class membership that are obtained. Unlike previously 

demonstrated applications of CNDA, where all 200 hit lists were constructed to create an average 

null probability distribution for threshold determination, this study used a null probability 

distribution of all F-ratio(m/z) as a method for determining a threshold above which quantitative 

accuracy is anticipated to be maximized. A null probability level of 99.999% was applied to each 

probability plot, yielding three distributions with 200 F-ratio threshold values. Then a 95% 

confidence interval was applied to each distribution to select a single F-ratio threshold, from there 

an average of the three class comparisons was calculated and applied.   

 Independent from the inference of mass spectral purity provided by the F-ratio threshold 

via CNDA, the consistency of analyte peak shapes between classes was analyzed and quantified 

using a lack-of-fit (LOF) statistic using an in-house developed algorithm, with the LOF algorithm 

flow chart provided in Fig. 3.3. To begin, as with the determinations of the S-ratio(m/z) signal (per 

Fig. 3.1), a LOF tile whose 1D dimension matches the F-ratio tile 1D dimension (12 s) and 2D 

dimension is double the F-ratio tile 2D dimension (200 ms) was pulled from a chromatogram from 
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class A (80 ppm) and class B (40 ppm) for each m/z for a given hit. For a sufficiently pure m/z, an 

increase in concentration will increase the area under the 2D peaks while the peak shapes will 

remain constant. To test this concept, the pattern of 2D peaks within a LOF tile for class B were 

normalized to the area of the corresponding modulations in class A. Next, the pattern of 2D peaks 

in class B was aligned to class A by interpolation such that the original 2D peak shapes remain 

intact, minimizing the squared residuals between classes. The data were then unfolded into a 

concatenated vector and the LOF was calculated according to Eq. (3.9), 

 𝐿𝑂𝐹 (
𝑚

𝑧
) = 100% √

∑ (𝑦−𝑥)𝑖
2

𝑖

∑ 𝑥𝑖
2

𝑖
 (3.9) 

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

peaks for class A [48]. Purer m/z result in smaller residuals indicated by a lower LOF, while a 

larger LOF is indicative of a change in the pattern of 2D peaks between classes, indicative of 

interfering compounds. However, a low LOF can also be obtained when there is only an interferent 

present in the LOF bin at a particular m/z. This results from a fully non-selective m/z that produces 

an extremely low F-ratio.  So, in combination with the LOF metric, the S-ratio algorithm also 

calculates the p-value for each hit per m/z, and a combination of a sufficiently low LOF and low 

p-value are required to infer identification of pure m/z.   

 While the methodology described above is aimed to minimize the need for chemometric 

decomposition, the S-ratio(m/z) results were validated using both initial knowledge of the analyte 

spike level coupled with PARAFAC [20]. Small 2D chromatographic regions surrounding the hit 

locations were input into PARAFAC, and the number of components were iteratively adjusted 

until explained variance was maximized. Profiles belonging to the spiked analytes were confirmed 

through NIST library search. The pure analyte profiles in each class were then integrated to obtain 

the true concentration ratio.   
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Figure 3.3. Flow chart depicting the workflow for the lack-of-fit (LOF) algorithm. Steps 1-3 are 

identical to the S-ratio algorithm, using complementary outputs. Utilizing the output information, 

we extract the chromatographic data in the LOF tile for a given hit around the average 1D × 2D pin 

represented by the large red X seen in Fig. 3.1 for one m/z for one sample from each class (step 4). 

The modulations of the extracted data are then normalized such that each modulation between has 

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

removed (step 5). Next the data in each modulation is interpolated such that more points are added 

in between the existing points without altering the peak shape. These modulations are then 

iteratively aligned between classes calculating a LOF value for each iteration in an attempt to 

minimize this value so that the resulting LOF value is due to peak shape differences and not 

retention time shifting (step 6). The aligned modulations are then unfolded and concatenated, laid 

end to end, and the residuals are calculated between classes which are in turn used to calculate a 

single LOF value for the chromatogram pair (steps 7-8). This value is then stored in an array (step 

9) and the process from steps 3-9 is repeated for each sample pair for each software selected m/z 

for each hit (step 10). At the end of this process mean LOFs and standard deviations can be 

calculated from the six sample pairs from each hit’s mass channels (step 11). 
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3.4 RESULTS AND DISCUSSION 

 The GC×GC separation of the diesel fuel spiked with 15 analytes at the 80 ppm level is 

presented in Fig. 3.4A. The locations of the spiked analytes span the 2D separation space and are 

indicated by circles. Tile-based F-ratio analysis was employed for the class comparison using six 

injection replicates of 80 ppm spiked diesel (class A) and six injection replicates of 40 ppm spiked 

diesel (class B) to generate a hit list on a per m/z basis for each hit. Comparisons were also made 

between the 40 and 20 ppm spiked diesel samples and between the 20 and 10 ppm spiked diesel 

samples, yielding an F-ratio(m/z) distribution for all three two-class comparisons, provided in Fig. 

3.4B. Note that most of the F-ratio(m/z) are relatively low, and the concentration dependence, i.e., 

S/N dependence, is evident with the 80/40 ppm F-ratio(m/z) distribution shifted preferentially to 

higher F-ratios, followed by the 40/20 ppm comparison, and finally the 20/10 ppm produced the 

lowest F-ratios.  Combinatorial null distribution analysis (CNDA) was then applied to the three 

null class comparisons, to provide insight into determining a statistically robust F-ratio threshold 

in which one would anticipate that false positives are minimized for the true class comparisons in 

Fig. 3.4B.  The CNDA workflow and results are presented in Fig. 3.5 for all three comparisons, 

and an average F-ratio threshold of 97 was obtained. Based upon the probability levels applied, an 

F-ratio(m/z) exceeding this threshold has a 1 in 100,000 chance of being a false positive at a 95% 

confidence level, to purposely provide a very restrictive “statistically implied quantitative 

accuracy” filter via CNDA. Note that this implied quantitative accuracy filter is further 

investigated by more direct m/z purity metrics, specifically the LOF and p-values for the S-

ratio(m/z) outputs. 
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Figure 3.4. (A) GC×GC chromatogram (TIC) of the 80 ppm spiked diesel. Alkanes (top), 

cycloalkanes and branched alkanes (middle), and aromatic (bottom) compound classes are 

distinctively separated. The 15 spiked analyte locations are denoted with circles. (B) F-ratio(m/z) 

distribution of spiked diesel at three different concentration level comparisons: 20/10 ppm in gold, 

40/20 ppm in cyan, and 80/40 ppm in magenta. As the concentration levels of each comparison 

increase, the overall frequency of F-ratio(m/z) > 100 increases, due to the increased signal per m/z 

overcoming the user-selected S/N threshold. The majority of the F-ratio(m/z)  > 100 will be shown 

to be attributed to the spiked analytes. 
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Figure 3.5. Null distributions using CNDA for each of the concentration comparisons: (A) 80/40 

ppm, (B) 40/20 ppm, and (C) 20/10 ppm, and the inset displays a zoom in of distributions (Left). 

Null probability plots for each of the 200 combinatorial null class comparisons (Middle). 

Probability levels marked off by dashed red lines indicate the respective percentage of features 

lying below that line. For instance, for the probability curve passing the starred 0.001% line, the 

F-ratio value where it crossed represents the threshold that only 0.001% of features in that 

respective distribution lie above. By finding this value for each probability curve, we can create a 

distribution of 0.001% null probability F-ratio values (Right). The 80/40 comparison 0.001% 

probability distribution contains one F-ratio that is off scale at 881, excluded for distribution clarity 

in (A). The 90, 95, and 99% confidence levels for the 0.001% probability level are marked. Using 

the 95% level as an example, we can be 95% confident that an F-ratio in the true class comparison 

that exceeds 63 has a 1 in 100,000 (0.001%) chance of being a true positive. 
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 F-ratio(m/z) and S-ratio(m/z) spectra were calculated for each spiked analyte in the 80/40 

ppm comparison to begin to visualize how these two outputs are related in the context of m/z purity, 

beginning with a representative pure analyte (1-chlorohexane) in Fig. 3.6A, and a representative 

overlapped analyte (methyl caproate) in Fig. 3.6B. The signal for 1-chlorohexane in the 80 ppm 

sample is presented for both the top F-ratio at m/z = 91 in Fig. 3.6A(i), and the total ion current 

(TIC) in Fig. 3.6A(ii) with a red box outlining the 2D bin used by the S-ratio algorithm. The 1-

chlorohexane peak is not overlapped with any interferences. Likewise, the top F-ratio at m/z = 87 

and TIC are presented for methyl caproate in Fig. 3.6B(i-ii). While the signal for the top F-

ratio(m/z) for methyl caproate is framed by the red box, suggesting m/z = 91 might be pure, most 

of the TIC signal falls outside of the red box, suggesting interferences are overlapping with methyl 

caproate.  Indication that 1-chlorohexane is a pure peak, while methyl caproate is not a pure peak 

is provided by the visual comparison of the mass spectrum of the signal in the 2D bin versus the 

library spectrum for each, in Figs 3.6A(v) and 3.6B(v), respectively. Most, if not all, of the m/z 

match for 1-chlorohexane between the 2D bin spectrum and the library spectrum, while for methyl 

caproate there are several m/z in the 2D spectrum that are not in the library spectrum. Note that 

providing the library spectrum is not needed for application of the method presented herein, rather, 

the library spectra are merely provided in Fig. 3.6 to aid in understanding the interrelationships of 

the F-ratio(m/z), S-ratio(m/z), and other quantitative metrics.  
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Figure 3.6. Illustration of the F-ratio(m/z) and S-ratio(m/z) spectra from the 80/40 ppm comparison 

for two representative analytes: (A) one pure, 1-chlorohexane, and (B) one overlapped, methyl 

caproate. Two-dimensional data for the region around each analyte for the top F-ratio m/z (i), 

inferred to be pure, and the total ion current (TIC) (ii). The red box outlines the tile space used by 

the S-ratio algorithm. Each compound F-ratio(m/z) and S-ratio(m/z) spectrum is provided in (iii) 

and (iv), respectively. The mass spectrum from the red box region is also provided (v) for both 

analytes and compared to the library spectrum. Finally, a plot of S-ratio(m/z) as a function of F-

ratio(m/z) in (vi) provides insight into the correlation between high F-ratio(m/z) and having the S-

ratio(m/z) correspond to the true concentration ratio of 2. 
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The F-ratio(m/z) spectrum for each hit provides a “chemical fingerprint” to determine 

which m/z are most likely to distinguish the two sample classes. For example, Figs. 3.6A(iii) and 

3.6B(iii) provide the F-ratio(m/z) spectra for 1-chlorohexane and methyl caproate, respectively. A 

lower F-ratio(m/z) implies lower spectral selectivity (and/or lower S/N), with an adverse impact on 

quantitative accuracy anticipated, while a higher F-ratio(m/z) implies higher spectral selectivity.  

However, since the F-ratio(m/z) is principally a tool to prioritize which m/z per hit may likely be 

statistically different in concentration between the two classes, we turn to the S-ratio(m/z) to bridge 

this gap between analyte discovery and quantification. For 1-chlorohexane and methyl caproate, 

the S-ratio(m/z) spectra are provided in Figs. 3.6A(iv) and 3.6B(iv), respectively. For a pure 

analyte (1-chlorohexane), the S-ratio(m/z) spectrum exhibits a consistent S-ratio(m/z) around 2 in 

Fig. 3.6A(iv), while the presence of interferences (with methyl caproate) results in two distinct S-

ratio(m/z) levels in Fig. 3.6B(iv), belonging to both the analyte and an interferent. An S-ratio(m/z) 

of 2 is obtained for nominally pure m/z for methyl caproate, while an S-ratio(m/z) of about 1 

suggests the signal obtained is dominated by an interferent that is invariant between the two sample 

classes. Finally, in Figs. 3.6A(vi) and 3.6B(vi) the S-ratio(m/z) is plotted as a function of F-

ratio(m/z), for 1-chlorohexane and methyl caproate, respectively. Here, the relationship between 

obtaining an accurate S-ratio(m/z) and its connection to requiring a sufficiently high F-ratio(m/z) 

provides two key observations. First, the S-ratio(m/z) trends toward the true concentration ratio for 

the spiked analyte for a high F-ratio(m/z), indicating quantitative accuracy. Second, as the F-

ratio(m/z) magnitude decreases the S-ratio(m/z) deviate from the true concentration ratio, leveling 

off at 1. Indeed, the transition from obtaining the true concentration to a biased concentration ratio 

appears to occur at an F-ratio ≈ 100, which is fully supported by the F-ratio threshold of 97 

provided by the CNDA (Fig. 3.5). Similar trends were also observed for the remaining the 13 
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spiked analytes in all three F-ratio comparisons, with results such as in Fig. 3.6 provided for 1-

nonanol in Fig. 3.7.  

 

Figure 3.7. Illustration of the F-ratio(m/z) and S-ratio(m/z) spectra from the 80/40 ppm comparison 

for a severely overlapped analyte, 1-nonanol. Two-dimensional data for the region around each 

analyte for the top F-ratio m/z (i), inferred to be relatively pure, and the total ion current (TIC) (ii) 

from an average 80 ppm chromatogram. The red box outlines the tile space used by the S-ratio 

algorithm. The F-ratio(m/z) and S-ratio(m/z) spectrum is provided in (iii) and (iv), respectively. 

The mass spectrum from the red box region is also provided (v) and compared to the library 

spectrum. Finally, a plot of S-ratio(m/z) as a function of F-ratio(m/z) in (vi) provides insight into 

the correlation between high F-ratio(m/z) and having the S-ratio(m/z) correspond to the true 

concentration ratio of 2. Since very few F-ratio(m/z) correspond to results with an S-ratio(m/z) ≈ 

2, this demonstrates a very challenging case. 

 

A summary of the S-ratio(m/z) as a function of F-ratio(m/z) for all three comparisons is 

provided in Fig. 3.8, where an S-ratio(m/z) ≈ 2 is obtained for an F-ratio(m/z) ≥ 97. As the S/N of 

the analyte signal within each comparison increases, the number of m/z that exceed the F-ratio 

threshold of 97 also increases, since more m/z have passed the S/N threshold. Specifically, for the 

15 spiked analytes, 248 of the F-ratio(m/z) are ≥ 97 for the 80/40 ppm comparison, while there 

were 136 for the 40/20 ppm comparison, and then dropping down to only 76 for the 20/10 ppm 

comparison. While the results in Fig. 3.8 suggest that an F-ratio(m/z) ≥ 97 may very well serve as 
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a suitable metric to infer quantitative accuracy for determining the analyte concentration ration via 

the S-ratio(m/z), a firmer connection to the LOF and p-value statistical metrics was warranted.  

 

Figure 3.8. The S-ratio(m/z) for all m/z selected by F-ratio analysis for the 15 spiked analytes 

plotted versus their respective F-ratio(m/z) for each comparison: (A) 80/40 ppm, (B) 40/20 ppm, 

and (C) 20/10 ppm. Each plot shows a similar pattern of the S-ratio(m/z) tending toward an 

accurate concentration ratio of 2 at high F-ratio(m/z). The inset in each plot shows the distribution 

of S-ratio(m/z) above the F-ratio threshold of 97 determined by combinatorial null distribution 

analysis. The occurrence of accurate S-ratio(m/z) ≈ 2) increases with higher concentration 

comparisons. 

 

For each hit, the LOF statistic was calculated to determine the extent of m/z purity. Figure 

3.9A-D provides an example of applying the LOF algorithm, via Eq. (3.9), for four m/z 

“discovered” by F-ratio analysis for methyl caproate. Here the chromatographic data provided by 

the S-ratio(m/z) algorithm are utilized before and after normalization. In Fig. 3.9A for m/z = 43, 

doubling the analyte concentration between sample classes results in a consistent peak shape. 
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Following the normalization step for the LOF algorithm, low residuals are obtained, which 

experience some variance due to sampling frequency, ultimately resulting in a low LOF of 5.5% 

indicative of a sufficiently pure m/z. In contrast, as the interferences become a more dominant 

contributor to the signal, the consistency in peak shape pattern suffers when the analyte 

concentration is doubled between sample classes. This is recognized with both m/z = 101 (Fig. 

3.9B) and m/z = 41 (Fig. 3.9C), where after area normalization the presence of interferences causes 

the peak pattern to misalign and subsequently increases the size of the residuals, resulting in large 

LOF values of 22.4% and 29.1%, respectively. If the interference signal dominates to the extent 

that the analyte signal is negligible, the LOF returns to a smaller value, indicating that the m/z is 

essentially pure, or at least a constant contribution from class to class, for the interference. This 

situation is illustrated in Fig. 3.9D for m/z = 105, where a LOF of 1.6% is obtained. However, 

there is a key distinction between the two low LOF conditions, Fig. 3.9A versus Fig 3.9D. For m/z 

= 43, the p-value = 1.6*10-12, indicating the concentration ratio is significantly different than 1, 

while for m/z = 105, the p-value = 0.47, indicating the concentration ratio is not significantly 

different than 1. Thus, it is the combination of using the LOF and p-value metrics, both provided 

directly from the S-ratio(m/z) output, that provide an inferred, but statistically confident, 

assessment of pure m/z.  For the purpose of this study, we elected to require the LOF ≤ 20% 

concurrent with a p-value ≤ 0.001 in order to deem a m/z to be sufficiently pure to provide accurate 

quantitative analysis, i.e., an accurate S-ratio(m/z) corresponding with the true concentration ratio. 
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Figure 3.9. Demonstration of the LOF metric determination for four selected m/z from methyl 

caproate.  An overlay of the original concatenated 2D data for a chromatogram from class A (80 

ppm) and one from class B (40 ppm) is provided for each m/z in the left panel. The right panel for 

each m/z shows the same concatenated 2D data after normalization and alignment, with the 

residuals plotted underneath, offset for clarity. (A) A pure m/z = 43, yields excellent consistency 

between classes with low residuals, LOF = 5.5%. (B) For m/z = 101, a small relative contribution 

from an overlapped compound, increases the residuals, LOF = 22.4%. (C) For m/z = 41, more 

significant contribution from the overlapped compound is indicated, and the residuals become very 

large relative to the analyte signal, LOF = 29.1%. (D) At m/z = 105, essentially a pure m/z for the 

overlapped compound, with negligible analyte contribution, with no change between classes the 

residuals are very low, yielding a low LOF of 1.6% (but the p-value would be high). 

 

These LOF and p-value metrics are applied to all F-ratio(m/z) in Fig. 3.10 for the 80/40 

ppm comparison. The first statistical filter applied is the p-value. All F-ratio(m/z) with a p-value > 

0.001 are indicated as blue dots. Next the LOF filter was applied, and all F-ratio(m/z) with a LOF 

> 20% are indicated as red dots. This leaves a region filled with green dots indicating pure m/z, 

with representations of these results put into the context of the S-ratio(m/z) in Fig. 3.11 for all three 

comparisons.   
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Figure 3.10. F-ratio(m/z), p-value(m/z), and LOF(m/z) for all m/z of all 15 spiked analytes. The 

dashed lines represent the regions defined by the p-value ≤ 0.001 and LOF ≤ 20 % thresholds (A) 

Blue m/z have not passed either threshold, red have only passed the p-value threshold, and green 

m/z have passed both thresholds. (B) A 2D projection of the LOF and p-value dimensions 

illustrates these two metrics independent of the F-ratio dimension. The blue m/z carry insignificant 

m/z belonging to interfering compounds. Red m/z have statistically significant signal differences 

between classes however they are interfered to a large extent with overlapping compounds. Lastly 

the green m/z are considered both statistically significant and sufficiently pure to be used for signal 

quantification, while not relying upon the F-ratio(m/z). 

 

It is interesting to relate the S-ratio(m/z) results in Fig. 3.8 prior to applying these metrics, 

in contrast to in Fig. 3.11 after their application. There are 170 pure m/z for the 80/40 comparison 

as indicated in Fig. 3.11A. Note that use of the LOF and p-value metrics to determine pure m/z 

does not rely upon the F-ratio ≥ 97 threshold applied in Fig. 3.8, where there were 248 m/z for the 

80/40 comparison that were deemed good candidates to be determined to be pure m/z. Hence, the 

combination of the LOF and p-value metrics filter the candidate m/z, forming a more robust cohort 

of pure m/z.  The LOF and p-value metrics applied to all F-ratio(m/z) for the other two comparisons 

are provided in Fig. 12. Likewise, for the other two comparisons, substantially fewer m/z met the 

LOF and p-value metrics relative to the F-ratio ≥ 97 threshold. For the 40/20 ppm comparison 

there were 91 m/z (Fig. 3.11B) versus 136 m/z (Fig. 3.8), and for the 20/10 comparison even fewer 

with 70 m/z (Fig. 3.11C) versus 76 m/z (Fig. 3.8). 
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Figure 3.11. S-ratio versus F-ratio plots for all three concentration comparisons after applying p-

value and LOF metric thresholds in Fig. 3.6 with the top F-ratio(m/z). The combinatorial null 

distribution analysis F-ratio threshold = 97 is marked for context. Inset in each plot are histograms 

of the m/z that pass these two metrics along with a count. 
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Figure 3.12. F-ratio(m/z), p-value(m/z), and LOF(m/z) for all m/z of all 15 spiked analytes for the 
for the 40/20 and 20/10 ppm comparisons, (A) and (B), respectively The dashed lines represent 

the regions defined by the p-value ≤ 0.001 and LOF ≤ 20 % thresholds (A) Blue m/z have not 

passed either threshold, red have only passed the p-value threshold, and green m/z have passed 

both thresholds. (B) A 2D projection of the LOF and p-value dimensions illustrates these two 

metrics independent of the F-ratio dimension. The blue m/z carry insignificant m/z belonging to 

interfering compounds. Red m/z have statistically significant signal differences between classes 

however they are interfered to a large extent with overlapping compounds. Lastly the green m/z 

are considered both statistically significant and sufficiently pure to be used for signal 

quantification, while not relying upon the F-ratio(m/z). We see that as the average concentration 

of the comparisons decreases there are fewer m/z that pass the F-ratio S/N filter and/or have higher 

LOF values. 

 

The S-ratio(m/z) as a function of F-ratio(m/z) in Fig. 3.11 also reveals that the application 

of the LOF and p-value metrics did not rid the m/z selected of all apparent outliers. There were a 

small number of m/z that while meeting the LOF and p-value metrics, they exhibited an F-ratio < 
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97. For example, with the 80/40 ppm comparison, there were 6 m/z with an F-ratio < 97 that met 

the LOF and p-value metrics. One approach to improve this situation is to lower the LOF threshold, 

but this is at the expense of discarding an m/z that may be sufficiently pure for the purpose of a 

given quantitative application. For application of LOF thresholds of 10% and 15%, see Fig. 3.13.  

 

Figure 3.13. Plots of S-ratio vs F-ratio for each concentration comparison of the m/z that passed a 

p-value threshold of < 0.001, but with with a LOF threshold of <15% (A) and <10% (B). The 

CNDA F-ratio threshold = 97 is marked for context. Inset in each plot are histograms of the m/z 

that pass these two metrics along with a count. Compared to the LOF threshold of < 20 in Figure 

7 there are much fewer m/z in each comparison, reflecting the tightening of the parameter. 
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None the less, it is tempting to consider the notion of inferring m/z purity strictly by 

applying the F-ratio(m/z) ≥ 97 threshold provided by the CNDA. By doing so, the analyst would 

be relying upon the correlation between how well the LOF and p-value metrics performed their 

task as manifested in the S-ratio(m/z) dependency on F-ratio(m/z) in Fig. 3.11. This approach 

involves taking the S-ratio(m/z) at the maximum F-ratio(m/z) as the best estimate of the analyte 

concentration ratio. For the 80/40 ppm comparison in Table 3.1, all of the concentration ratio 

estimates are reasonably accurate with an average deviation of 1.0%, albeit benefited by the 

maximum F-ratio(m/z) being much greater than the 97 threshold for all 15 analytes. Indeed, all 15 

of the maximum F-ratio(m/z) also passed the LOF and p-value threshold metrics. Tables for the 

other two comparisons are provided below, Tables 3.2 and 3.3, with diminished accuracy due to 

the maximum F-ratio(m/z) decreasing as the analyte concentration levels decrease. While this 

approach does not require the analyte to be identified a priori in the process, the analyst must 

realize that other m/z purity metrics are needed to ensure an accurate quantification, as 

demonstrated in this study.   
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Table 3.2 S-ratio results for each of the 15 spiked analytes in the 40/20 ppm comparison, arranged 

by decreasing F-ratio. The S-ratio for the top m/z which passed the p-value and LOF thresholds is 

provided and compared against the actual concentration ratio. Cyclohexyl isothiocyanate did not 

have any m/z passing these thresholds. Average concentration ratio deviation was 1.9% with a 

standard deviation of 2.1%. 

 

Analyte Name 
True Concentration 

Ratio 
F-ratio m/z S-ratio Deviation, % 

bromobenzene 2.02 2744 77 2.00 -0.7 

1,6-dichlorohexane 2.03 2684 67 1.91 -6.2 

1-chlorohexane 2.05 2169 91 2.04 -0.3 

2,5-dimethylthiophene 2.04 2006 111 2.07 1.6 

2-heptanol 2.31 902 45 2.33 0.9 

5-decyne 2.13 805 68 2.00 -6.2 

ethyl salicylate 2.15 604 120 2.12 -1.7 

methyl caproate 2.18 587 43 2.16 -1.0 

butyrophenone 2.10 542 148 2.13 1.1 

2-decanone 2.06 455 59 2.07 0.3 

3-octanone 2.02 438 43 1.91 -5.1 

aniline 2.16 236 93 2.14 -0.8 

1-nonanol 2.24 211 56 2.20 -1.8 

limonene 2.03 169 92 2.03 -0.3 

cyclohexyl isothiocyanate 1.77 - - - - 
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Table 3.3 S-ratio results for each of the 15 spiked analytes in the 20/10 ppm comparison, arranged 

by decreasing F-ratio. The S-ratio for the top m/z which passed the p-value and LOF thresholds is 

provided and compared against the actual concentration ratio. Limonene had no m/z pass both of 

these filters. 1-Nonanol had 1 passing m/z which appears to belong to an interferent. Average 

concentration ratio deviation was 6.1% with a standard deviation of 11%. If 1-nonanol is excluded, 

the resulting average deviation was 2.8% with a standard deviation of 2.4%. 

 

Analyte Name 
True Concentration 

Ratio 
F-ratio m/z S-ratio Deviation, % 

1-chlorohexane 2.03 2155 43 2.01 -1.0 

2-decanone 2.03 1488 58 2.11 4.1 

1,6-dichlorohexane 1.97 1372 67 1.87 -5.2 

butyrophenone 2.05 1278 105 1.99 -3.0 

2,5-dimethylthiophene 1.97 1134 111 1.98 0.4 

aniline 2.16 1075 93 2.17 0.3 

bromobenzene 1.99 976 77 1.99 0.2 

2-heptanol 2.60 933 45 2.49 -4.3 

3-octanone 2.17 582 72 1.99 -8.5 

ethyl salicylate 1.95 340 120 1.98 1.7 

methyl caproate 2.21 289 43 2.15 -2.5 

5-decyne 2.08 236 41 2.02 -2.9 

cyclohexyl isothiocyanate 1.51 46 141 1.59 4.7 

1-nonanol 2.15 10 42 1.15 -46.5 

limonene 1.88 - - - - 

 

3.5 CONCLUSION 

 In this study, we evaluated the level of mass channel selectivity afforded by tile-based F-

ratio analysis through statistical inference. Following F-ratio analysis of spiked diesel at two 

concentration levels (80/40 ppm), a novel S-ratio algorithm and novel LOF algorithm were 

implemented to study the statistical relationship between F-ratio, p-value, LOF, and m/z purity, as 

they relate to quantitative accuracy. Application of a suitable LOF threshold coupled with a p-

value threshold yielded a subset of the most pure m/z for each of the 15 spiked analytes, evident 

by the low deviations (< 5%) in S-ratio relative to the true concentration ratio, for the top m/z for 

each analyte.  Thus, the ability to isolate pure m/z without the need for higher level signal 
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decomposition algorithms was demonstrated. The LOF metric was applied for the case where the 

analyte was present in both classes at sufficient concentrations. In the case that an analyte is not 

present in one class, a separate algorithm step would need to be included to identify this situation, 

eg., any m/z present in one class but not the other (below the S/N threshold) would identify that 

m/z as belonging to an analyte of interest. Future application to discover spectrally pure m/z will 

be utilized not only for analyte identification but as an advanced feature selection for inputs to 

methods like PCA and PLS. 
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Chapter 4. Control-Normalized Fisher Ratio Analysis of Comprehensive 

Two-Dimensional Gas Chromatography Time-of-Flight Mass 

Spectrometry Data for Enhanced Biomarker Discovery in a 

Metabolomic Study of Orthopedic Knee-Ligament Injury 
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Wickisier3, Robert E. Synovec1, “Control-normalized Fisher ratio analysis of comprehensive two-

dimensional gas chromatography time-of-flight mass spectrometry data for enhanced biomarker 

discovery in a metabolomic study of orthopedic injury” Submitted to Analytical Chemistry (2020). 
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4.1 INTRODUCTION 

 Since its introduction in 1991 by Liu and Phillips, comprehensive two-dimensional gas 

chromatography coupled with time-of-flight mass spectrometry (GC×GC-TOFMS) has become 

an indispensable instrumental platform capable of separating highly complex mixtures [1–7]. 

Indeed, GC×GC provides a 10-fold or more increase in peak capacity as compared to traditional 

one-dimensional chromatography, 1D-GC, and simultaneously improves identification and 

quantification of trace level analytes [2,8,9]. While GC×GC-TOFMS first gained popularity in the 

petroleum industry [10–18], it has since been extended to other fields such as, but not limited to, 

food science [5,19], forensics [20,21], wastewater [22,23], and metabolomics [24–26]. 

 Application of GC×GC-TOFMS to highly complex samples is often limited by the 

availability of chemometric tools to handle the challenging data analysis expectations [9], thus 

there is a significant effort to address this challenge [6,24–36].  Many chemometric software tools 

rely upon identifying and quantifying analytes of interest in either a targeted or nontargeted 
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fashion, where nontargeted implies that the analytes of interest are not known a priori [2,9,30]. 

Nontargeted “discovery” based methods aim to expose meaningful class distinguishing analyte 

features with limited manual intervention and interpretation necessary. Nontargeted “discovery” 

methods are further classified as either supervised or unsupervised, depending upon whether class 

membership is known a priori [9,30]. With unsupervised discovery, class membership information 

is not known a priori. An example of this is principal component analysis (PCA), which can either 

be utilized as standalone chemometric tool for visualization of sample class-based differences, or 

as a preprocessing method for data reduction prior to analysis with other chemometric methods 

[31–34]. While PCA is capable of identifying important analyte features, it can be severely 

hampered by within-class variance [9]. Therefore, if class membership is known, such as when the 

analyst can design their experiment to define sample classes, supervised methods that account for 

within-class variance, such as Fisher ratio analysis (F-ratio), are often preferred 

[6,21,26,27,29,31,33–35,37–40].  

 Mathematically, the standard F-ratio (SF-ratio) is defined as  

  F-ratioS =
𝑆𝑏𝑐

2

𝑆𝑤𝑐
2  (4.1) 

where s2
bc is the between-class variance and Σs2

wc is the pooled within-class variance [41]. As 

defined, the standard F-ratio naturally is normalized by the pooled within-class variance, so the 

SF-ratio is not biased toward higher intensity chromatographic peaks. Indeed, F-ratio analysis has 

been successfully applied as a supervised discovery-based tool with GC×GC-TOFMS data sets for 

a variety of applications such as fuel [6,11,35], forensics [36,40,42,43], and metabolomics 

[24,26,34]. However, retention time misalignment between chromatograms inflates the false 

positive rate, and features falsely identified as class distinguishing are intermingled among true 

positives, which unnecessarily burdens the data analysis work flow [27,29]. While sample-to-
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sample retention time alignment across all chromatograms should in principle address this issue, 

sparse sampling of the first dimension (1D) separation in GC×GC obfuscates the effectiveness of 

alignment algorithms due to the random nature of the in-phase to out-of-phase sampling of the 1D 

peaks during modulation that produces the second dimension (2D) separations [24,27,29,44]. 

Recently, tile-based F-ratio analysis has been introduced as an alternative to retention time 

alignment, and has been demonstrated to be very effective at optimizing the discovery of class 

distinguishing features while reducing false positives [6,26,27,29,35]; indeed, SF-ratio analysis 

employing the standard definition in eq 1 has been readily implemented when the within-class 

variance for all samples classes does not dominate the between-class variances of interest. 

However, for applications in which there is a large within-class variance for one of the two class 

in a two-class comparison, the standard F-ratio may struggle to elucidate chemically meaningful 

features [25,45–47].  While the analyst seeks to discover the overarching differences between two 

sample classes, they may concurrently seek to discover interesting and potentially relevant sample-

to-sample differences within a single class.  Unfortunately, this later goal would be severely 

hampered using the standard F-ratio calculation. For example, one can imagine the standard F-

ratio being perilously challenged in the study of clinically obtained samples where one class (eg., 

a patient class) exhibits significantly greater within-class variance due to injury or illness severity, 

than the other class (eg., control class). Unquestionably, in studies where mean chemical 

differences between classes are largely influenced by increased variance of this nature, there exists 

a need to modify existing metrics so as not to penalize such data sets [48]. 

 To address this need, herein we implement an F-ratio definition using a control-normalized 

analysis of variance (ANOVA) calculation (CNF-ratio) [48], 

  F-ratioCN =
𝑆𝑏𝑐

2

𝑆𝑤𝑐,𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠
2  (4.2) 
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where s2
bc is the between-class variance and s2

wc, controls is the within-class variance for the control 

class.  The only difference between eqs 4.1 and 4.2 is the omission of the s2
wc, patients in the 

denominator. Both eqs 4.1 and 4.2 are implemented in a complementary fashion to obtain a more 

comprehensive discovery of biomarkers associated with anterior cruciate ligament (ACL) injuries 

in human plasma. Due to injury severity and coexisting injury, within-class variance among 

patients will likely be elevated in comparison to healthy controls, translating into lower biomarker 

discovery rates when pooled within-class variance is utilized via eq 4.1. As such, control-

normalized F-ratio analysis via eq 4.2 should leverage the comparatively lower within-class 

variance of the controls to facilitate discover of interesting metabolites that exhibit large with-in 

class variance. The hypothesis is that a control-normalized F-ratio analysis would likely enhance 

the capability of finding additional biomarkers when used in parallel with standard F-ratio analysis.  

 One-hundred twenty human plasma samples were obtained from the Keller Army 

Community Hospital (West Point, NY, USA), consisting of patient samples with matched controls 

at two time points: time-of-injury and 12 months post-surgery. Previously validated tile-based F-

ratio software [26,27,29,35] was modified to use the within-class variance of controls only in the 

denominator of eq 4.2, maintaining the appropriate degrees-of-freedom [48]. Traditionally, 

analysts mine the hit list by carefully investigating a subset of hits in an individual fashion working 

from the top down to a predetermined stopping point to reduce analyst time and effort 

[26,27,33,40,49]. Herein, control-normalized F-ratio analysis was used in conjunction with 

standard F-ratio analysis, both with top down data mining, to provide a total of four class 

comparisons: time-of-injury patients versus controls, and 12 months post-surgery versus controls, 

using both the standard and control-normalized F-ratio software. We describe the complementary 
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nature of standard and control-normalized F-ratio analyses to provide a more comprehensive list 

of potential biomarkers in the case where the patient class is expected to have increased variability. 

4.2 EXPERIMENTAL 

 A total of 120 human plasma samples (30 patients, 30 matched controls for time-of-injury 

and 12 months post-surgery) were obtained from the Keller Army Community Hospital (West 

Point, NY, USA) for analysis via GC×GC-TOFMS. The following extraction and derivatization 

procedure was developed based upon a previous study using non-human primate plasma and 

performed in batches of 20 samples to maintain sample stability prior to data collection [50]. 

Briefly, 100 µL of room temperature plasma was transferred to a 1.5 mL microcentrifuge tube and 

extracted with 900 µL of methanol: water (8:1 v/v). The microcentrifuge tube was then cooled on 

ice for 10 min, followed by 10 min of sample homogenization using a Vortex-Genie 2 SI-0236 (SI 

Industries, Inc. Bohemia, New York). Each sample was again cooled on ice for 10 min before 

centrifugation using a MicoCL 17 centrifuge (Thermo Scientific, Waltham, MA) at 15,000 g. 

Following centrifugation, 200 µL of supernatant was transferred to a 300 µL GC insert (National 

Scientific, Rockwood, TN), which was inserted into a clean microcentrifuge tube. Solvent was 

evaporated until dry using a SpeedVac SVC 100 (Savant). Dried sample extract was immediately 

stored at -4°C for up to 1 week. 

 Sample derivatization was performed no more than 24 hr prior to data collection. Each 

previously dried sample was again dried on the SpeedVac for 40 min prior to the first derivatization 

step to ensure no water was present. The sample insert containing the dried sample was transferred 

to a GC vial for the remaining preparation and data collection. A 20 mg/mL solution of 

methoxyamine hydrochloride (Aldrich, Burlington, MA) in ACS grade pyridine (Fisher Chemical, 

Waltham, MA) was prepared on the day of derivatization. A 30 µL aliquot of 
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methoxyamine:pyridine solution was added to each dry sample extract and incubated at 30°C for 

90 min with the GC vial capped. Upon completion, the samples were removed from the oven and 

briefly cooled. A 70 µL aliquot of MSTFA + 0.1 TMCS (Thermo Scientific, Waltham, MA) 

solution was added prior to incubation at 60°C for 90 min. A laboratory blank for each day of 

sample preparation was prepared using an identical procedure, except with the plasma sample 

replaced by extraction solution, to enable differentiation between matrix compounds and true 

metabolites during data analysis. 

 A metabolite standard containing 45common metabolites was prepared for the purpose of 

identifying metabolites in the sample runs (Table 4.1). Six standard solutions were prepared at a 

final concentration of ~5000 ppm per metabolite by measuring 50 mg of each individual metabolite 

standard into a vial and diluting with 10 g of HPLC grade water. A 100 µL aliquot of each of the 

six standard solutions were combined to form the final metabolite standard solution with a 

concentration of ~500 ppm per metabolite. Next, 200 µL of the ~500 ppm standard solution was 

spiked into 100 µL plasma and 700 µL 8:1 methanol/water extraction solution to yield a final spike 

concentration of ~100 ppm per metabolite standard. The spiked plasma sample subsequently 

underwent preparation via the extraction and derivatization method.   

 GC×GC–TOFMS data were collected using a Pegasus 4D system (LECO, St. Joseph, MI), 

consisting of an Agilent 6890N gas chromatograph with a 7683 autosampler (Agilent 

Technologies, Palo Alto, CA) and a Pegasus III TOFMS with a quad-jet thermal modulator and 

secondary oven. Capillary columns were obtained from Restek (Bellefonte, PA). A reverse column 

configuration was employed with a Rxi-17Sil MS (30 m × 250 µm i.d. × 0.25 µm df) primary 

column, 1D, and Rxi-1 MS (1.5 m × 180 µm i.d. × 0.18 µm df) secondary column, 2D. Instrumental 

parameters were based on previous studies and summarized below [50]. The GC inlet and transfer 
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line were each set to 280°C. A 1 µL injection of each sample was made with a 5 µL autosampler 

syringe (Hamilton, Reno, NV) in split mode with a split ratio of 10:1. The 1D oven was held at 

60°C for 1 min and then increased at 5°C/min to a final temperature of 290°C, which was 

maintained for 10 min. The 2D oven and modulator block followed the same program as the 

primary oven, with +10°C and +60°C offsets, respectively. The modulation period, PM, was 2 s 

with 0.50 s hot and cold pulses for each stage. The carrier gas consisted of ultrahigh purity helium 

(Grade 5, 99.999%, Praxair, Seattle, WA, USA) maintained at a constant flow of 2 mL/min. The 

ion source was set to 225°C. Mass spectra were collected for all mass channels (m/z) from 33 to 

500 at a scan rate of 100 spectra/s, following a 90 s acquisition delay. 

Table 4.1 45 metabolite standards analyzed for identification verification. 

 

# Compound  # Compound  

1 D-glucose 6-phosphate 24 Butyric acid 

2 Methylmalonic acid 25 Formic acid 

3 Myo-inositol 26 Heptanoic acid 

4 Malonic acid 27 Hexanoic acid 

5 Pyruvate 28 Isobutyric acid 

6 Maltose 29 Isovaleric acid 

7 Malic Acid 30 4-methylvaleric acid 

8 Succinic Acid 31 Propionic acid 

9 Glycerol-3-phosphate 32 Valeric acid 

10 Uracil 33 L-isoleucine 

11 Pyroglutamic acid 34 L-leucine 

12 Oxaloacetic acid 35 L-lysine 

13 Maleic acid 36 L-methionine 

14 Glutamic acid 37 L-phenylalanine 

15 Fumaric acid 38 L-serine 

16 Gluconic acid 39 L-tyrosine 

17 D-glucose 40 L-valine 

18 D-galactose 41 L-Alanine 

19 Adenine 42 L-cystine 

20 Palmitic acid 43 L-arginine 

21 Stearic acid 44 DL-lactic acid 

22 Glycerol 45 Oxalic acid 

23 Acetic acid 
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 GC×GC–TOFMS data were imported from the LECO ChromaTOF software v 3.32 

(LECO, St. Joseph, MI) to Matlab v R2019a (MathWorks, Inc., Natick, MA), and the imported 

data were analyzed on a high-level personal computer, having an Intel Core™ i7-7700K 

(4.20GHz), a 512 GB Samsung 950 Pro solid-state hard drive, and 64 GB dual-channel DDR4 

RAM. For both time points, time-of-injury and 12 months post-surgery, a class comparison was 

obtained by standard F-ratio analysis using pooled within-class variance (using the tile-based F-

ratio software) [27,29], followed by the implementation of a control-normalized F-ratio analysis  

using control variance only, for a total of four class comparisons. A 1D tile size of 12 s, a 2D tile 

size of 400 ms, a 1D cluster tile size of 8 s, and a 2D cluster size tile of 200 ms were selected to 

encompass average peak widths and allow for moderate retention time shifting in both dimensions. 

Based on previous optimization and validation studies, the average F-ratio was calculated from a 

maximum of 10 m/z, with at least 3 m/z required per hit. All m/z utilized were above a signal-to-

noise (S/N) threshold of 10 [26,35]. The chromatographic features (key metabolites) discovered 

by F-Ratio analysis were arranged in a ranked table “hit list” sorted by decreasing F-Ratio. Two 

hit lists were obtained for each time point, time-of-injury and 12 months post-surgery, for the 

standard and modified F-ratio analyses, respectively. 

 Top down quantitative analysis of metabolites in the F-ratio hit list was performed using 

an in-house developed signal measurement algorithm described in Figure 4.1 that functionally 

applies the “two-step” method on the GC×GC data in the unfolded form [42], by performing 2D 

peak apex finding for pure m/z followed by summing the peaks heights for each analyte. The 

algorithm uses key information gleaned from each F-ratio analysis to determine the signal for 

given hits for each chromatogram. First, each hit “pin” location in the 2D separation space is used 

to target the quantitative analysis for each analyte. Second, since the magnitude of the F-ratio 
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correlates with m/z purity, this aids in m/z selection for quantification. For each hit, a pure m/z, 

generally associated with the largest F-ratio, was used to calculate the relative signal for each 

sample. Using the two-step method, determination of m/z purity was further assessed by visual 

inspection of the raw unfolded data using the ChromaTOF software provided with the instrument 

platform. For the signal at a selected pure m/z, a 2D bin with dimensions equal to the 1D tile size 

(6 s) and 2-times the 2D cluster size (400 ms) is centered on the 1D retention time (1tR) and 2D 

retention time (2tR) pin for each hit. Next, the algorithm determines where the original F-ratio pin 

location is on the peak, i.e. whether it is on the right, left, or top of the 2D peak maxima. Finally, 

the algorithm uses an iterative process to determine the true peak maxima of each 2D peak and 

record the signal. For every chromatogram, all 2D peak heights for a given analyte hit are summed 

to produce one signal per hit. The algorithm then calculates average signals and standard deviations 

for the control and patient classes, followed by a concentration ratio between patients and controls. 

Statistical significance of each hit was calculated using Welch’s t-test [51,52], which does not 

assume the variance of the two classes are equal. 

 Principal component analysis (PCA) was performed on the calculated metabolite signals 

for the time-of-injury and 12 months post-surgery time points using PLS Toolbox 8.8.1 

(Eigenvector Research, Inc., Wenatchee, WA, USA). Only signals which passed the t-test at a 95% 

confidence level were submitted to PCA [53]. More specifically, PCA was performed on three F-

ratio data sets for the time-of-injury and 12 months post-surgery time points: hits from the standard 

F-ratio analysis alone, control-normalized F-ratio analysis alone, and a combined list of 

metabolites which passed the t-test in both F-ratio analyses. The data was submitted to PCA as a 

2D array, whereby vectors of calculated metabolite signals for each sample chromatogram were 

concatenated row-wise. For illustration of the complete data analysis workflow see Figure 4.2. 
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Figure 4.1. Flow chart describing data analysis steps for the algorithm used to calculate average 

signals, and then concentration ratios of patients vs. controls. Using the F-ratio spectrum output 

(upper left) as a guide, a selective m/z was identified through visual inspection of the peak in 

ChromaTOF. A 2D tile is cutout around each hit from each chromatogram (upper right) and 

unfolded to produce a vector containing the hit. Within this window, the 2D peak maxima are 

located (lower left) and their 2D peak heights summed to yield a single value (lower right), per 

analyte hit, per sample. Following the calculation of total signal (S) for a hit in every 

chromatogram, the patient signals were averaged and divided by the average of the control signals 

to give an average Signal ratio (S-ratio). For a sufficiently pure m/z, the average S-ratio equals the 

average concentration ratio (Ochoa G.S., Prebihalo, S.E., Reaser, B.C., Marney. L.C., Synovec, 

R.E., J. Chromatogr. A. 2020, 1627.) 
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Figure 4.2. Workflow depicting data analysis for patients and controls using the standard and 

control-normalized F-ratio methods. Following F-ratio analysis, an automated signal algorithm 

was employed to rapidly estimate signal of all hits in every chromatogram. Statistical analysis was 

calculated via the t-test assuming unequal variance. Hits that passed a t-value of 2 (according to 

30 degrees of freedom and 95% confidence interval) were then input to PCA. Finally, a combined 

hit list of all hits found using the standard and control-normalized F-ratio methods was also fed 

into PCA. 
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4.3 RESULTS AND DISCUSSION 

 The 30 patient and 30 control human plasma samples proved to be an excellent sample set 

for investigation by control-normalized F-ratio analysis, as the 30 patient samples were expected 

to have large within-class variance associated with various factors, particularly the injury severity. 

However, the control samples primarily contained normal biological variation associated with 

gender, age, and body mass index (BMI), and so on [54]. The complexity of the human 

metabolome provided a suitably complex sample for GC×GC–TOFMS analysis, where a 

considerable portion of the 2D space was utilized, presented in Figure 4.3. The presentation of 

both chromatograms begins at a 1D retention time, 1tR, of 5 min due to the presence of a large 

solvent peak at the beginning of the chromatograms. Further observation of the chromatograms 

revealed no analytes of interest past 35 min. Subsequently, the data were reduced to the time period 

5 to 35 min prior to data analysis. 

 

Figure 4.3. Representative GC×GC chromatogram for human plasma samples at m/z 73. (A) Total 

separation time used for F-ratio analysis. (B) Zoom of chromatogram in (A) between 10 and 15 

minutes. 

 Standard tile-based F-ratio analysis via eq 1 was employed for the sample class comparison 

for the patients versus controls at the time-of-injury time point to generate a hit list of potentially 
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class distinguishing analytes. The F-ratio distribution in Figure 4.4A was produced with the 

majority of the SF-ratios below 10, with the distribution dropping to baseline between an SF-ratio 

of 10 and 20 as it moves towards hits with a higher SF-ratio. Note that the software is designed to 

produce an F-ratio for every chromatographic peak feature that satisfies the S/N threshold and 

number of m/z required as specified in the Experimental. Manual evaluation of all hits in Figure 

2A would be computationally prohibitive, as there are a total of 375 hits identified by standard F-

ratio analysis. Therefore, careful top-down curation of the hit list is preferred and a summary of 

the top 30 hits in the hit list is presented in Table 4.2. The largest SF-ratio observed using standard 

F-ratio analysis was 98, corresponding to the metabolite L-methionine. The lowest SF-ratio in this 

hit list was L-histidine was 23 at hit #30. Going below an SF-ratio ≈ 20 required the analysis of too 

many false positives via subsequent t-testing, therefore only the top 30 hits are presented for the 

purpose of this investigation. 

 

Figure 4.4. (A) F-ratio distribution for the standard F-ratio hit list at time-of-injury, with a 

maximum F-ratio of 98. Inset is eq 4.1 for standard F-ratio analysis. (B) F-ratio distribution for 

control-normalized F-ratio hit list at time-of-injury. Seventeen hits are observed to be above an 
CNF-ratio of 100. Inset is eq 4.2 for control-normalized F-ratio analysis. 
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Table 4.2 Top 30 hits using standard F-ratio analysis and the corresponding control-normalized 

F-ratio for time-of-injury. For a given hit and m/z, [P]/[C] is the average signal of patient samples 

divided by the average signal of control samples. *Verified via 2D retention time and mass spectral 

match using metabolite standard mix. Green highlighted hits are unique to standard F-ratio 

analysis; blue highlighted hits are common between control-normalized and standard F-ratio 

analysis. 

 
ID SHit#  SF-ratio CNHit#  CNF-ratio  m/z Average Patient Signal Average Control Signal [P]/[C] texpt 

L-methionine* 1 98 29 47 155 317 ± 152 694 ± 184 0.46 8.67 

Mannose 2 74 6 299 49 1831 ± 814 609 ± 241 3.01 7.88 

Malonic acid* 3 59 26 52 55 171 ± 71 263 ± 66 0.65 5.19 

Metabolite Unk. 1 4 54 14 162 49 4360 ± 1675 1268 ± 398 3.44 9.84 

Glycine 5 51 8 285 77 4643 ± 2473 3621 ± 856 1.28 2.14 

Glucose Fragment* 6 49 19 80 73 52917 ± 24620 50653 ± 15618 1.04 0.43 

Alanine* 7 46 32 42 116 5178 ± 3819 4649 ± 1757 1.11 0.69 

Pyroglutamic acid* 8 46 206 8 77 932 ± 447 383 ± 237 2.44 5.95 

Glycerol* 9 45 36 40 152 730 ± 446 1213 ± 307 0.60 4.89 

L-lysine* 10 44 13 165 77 920 ± 474 207 ± 132 4.46 7.94 

Urea 11 43 38 36 47 3390 ± 779 3095 ± 685 1.10 1.56 

Phenylalanine* 12 42 3 473 73 776 ± 395 319 ± 201 2.44 5.66 

Glycopyranose 13 37 66 23 73 18304 ± 14662 29659 ± 15379 0.62 2.93 

Oxoisocaproic acid 14 34 43 32 75 346 ± 220 376 ± 80 0.92 0.69 

CoA Fragment 15 34 16 133 77 1616 ± 2197 502 ± 185 3.22 2.77 

Linoliec acid 16 34 9 280 77 963 ± 638 220 ± 112 4.38 6.28 

Ornithine 17 34 18 84 142 652 ± 475 459 ± 342 1.42 1.81 

Glutamic acid* 18 33 12 203 77 1583 ± 623 552 ± 351 2.87 7.90 

Stearic acid* 19 33 7 295 77 445 ± 217 119 ± 46 3.73 8.05 

Palmitic acid* 20 32 5 403 49 881 ± 520 279 ± 179 3.16 6.00 

Lactic acid* 21 32 23 60 49 5462 ± 2195 2260 ± 655 2.42 7.65 

Metabolite Unk. 2 22 31 85 21 73 583 ± 363 1652 ± 1087 0.35 5.11 

Metabolite Unk. 3 23 30 22 60 77 603 ± 373 436 ± 381 1.38 1.71 

Glutamine 24 30 11 222 47 135 ± 57 57 ± 27 2.36 6.72 

L-tyrosine* 25 30 2 1016 73 2191 ± 1209 1602 ± 1480 1.37 1.69 

Metabolite Unk. 4 26 28 168 10 77 197 ± 90 62 ± 24 3.19 7.94 

L-tryptophan 27 26 307 5 73 382 ± 422 253 ± 166 1.51 1.57 

L-threonine 28 25 30 44 77 831 ± 344 333 ± 170 2.50 7.10 

Metabolite Unk. 5 29 23 110 17 73 912 ± 529 850 ± 247 1.07 0.57 

L-histidine 30 23 27 49 154 948 ± 841 484 ± 420 1.96 2.71 

 

 Likewise, for the time-of-injury patient versus control class comparison using control-

normalized F-ratio analysis via eq 4.2, replacing the pooled within-class variance with the variance 

of controls results in an overall increase of larger CNF-ratios, as evident in the F-ratio distribution 

in Figure 4.4B. A total of seventeen hits have an CNF-ratio larger than the maximum SF-ratio using 

the standard F-ratio approach. More importantly, the control-normalized F-ratio analysis ranks hits 
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in a complementary fashion relative to the standard F-ratio analysis, indicated by inspection of 

Table 4.3.  Here only the top 40 hits (of 358 total hits) are presented since an F-ratio ≈ 30 for the 

modified F-ratio analysis was roughly the point at which too many false positives indicated via 

subsequent t-testing began to be intermingled amongst the true positives. The F-ratio of 30 also 

appears in Figure 4.4B to be the CNF-ratio at which the frequency of hits with similar CNF-ratios 

begins to significantly increase, suggesting an increase in the false positive rate. The maximum 

CNF-ratio, 6075, observed as the furthest right F-ratio in Figure 4.4B, corresponds to naproxen, 

which was significantly upregulated in the patient class with a concentration ratio of ≈ 23. While 

naproxen is not strictly speaking a metabolite, it does serve to highlight the potential contribution 

of control-normalized F-ratio analysis towards the uncovering of metabolites which vary among 

patients. Furthermore, for the seventeen additional hits that were discovered as compared to the 

standard F-ratio hit list, fourteen passed the t-test at a 95% confidence interval.  

 Notably, of the top 30 hits discovered via standard F-ratio analysis, only 4 statistically 

significant hits were not subsequently discovered by control-normalized F-ratio analysis. Per 

Tables 4.2 and 4.3, two of these metabolites, glycopyranose and metabolite unknown 2, 

corresponded to CNHit #66 and CNHit #85 in the control-normalized F-ratio hit list, respectively. 

Both hits produced CNF-ratios above 20 but were likely pushed further down in the control-

normalized hit list due to the appearance of metabolites with higher CNF-ratios. This is in stark 

contrast to the 14 statistically significant hits discovered exclusively through control-normalized 

F-ratio analysis. Remarkably, arachidonic acid, succinic acid, which have been implicated in 

inflammation studies [50,55], were discovered via the control-normalized F-ratio approach, yet 

not found in the top 30 hits using standard F-ratio analysis. 
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Table 4.3 Top 40 hits using control-normalized F-ratio analysis and the corresponding standard F-

ratio for time-of-injury. For a given hit and m/z, [P]/[C] is the average signal of patient samples 

divided by the average signal of control. *Verified via 2D retention time and mass spectral match 

using metabolite standard mix. Yellow highlighted hits are unique to control-normalized F-ratio 

analysis; blue highlighted hits are common between control-normalized and standard F-ratio 

analysis. 

 
ID CNHit# CNF-ratio SHit# SF-ratio m/z Average Patient Signal Average Control Signal [P]/[C] texpt 

Naproxen 1 6075 254 7 73 1566 ± 3050 69 ± 33 22.83 2.69 

L-Tyrosine* 2 1016 25 30 73 2191 ± 1209 1602 ± 1480 1.37 1.69 

Phenylalanine* 3 473 12 42 73 776 ± 395 319 ± 201 2.44 5.66 

Arachidonic acid 4 435 123 18 73 375 ± 378 68 ± 26 5.51 4.43 

Palmitic acid* 5 403 20 32 49 881 ± 520 279 ± 179 3.16 6.00 

Mannose 6 299 2 74 49 1831 ± 814 609 ± 241 3.01 7.88 

Stearic acid* 7 295 19 33 77 445 ± 217 119 ± 46 3.73 8.05 

Glycine 8 285 5 51 73 4643 ± 2473 3621 ± 856 1.28 2.14 

Linoliec acid 9 280 16 34 77 963 ± 638 220 ± 112 4.38 6.28 

Metabolite Unk. 6 10 247 147 11 204 1184 ± 940 564 ± 151 2.10 3.57 

Glutamine 11 222 24 30 47 135 ± 57 57 ± 27 2.36 6.72 

Glutamic acid* 12 203 18 33 77 1583 ± 623 552 ± 351 2.87 7.90 

L-lysine* 13 165 10 44 77 920 ± 474 207 ± 132 4.46 7.94 

Metabolite Unk. 1 14 162 4 54 49 4360 ± 1675 1268 ± 398 3.44 9.84 

Succinic acid* 15 137 37 20 77 3293 ± 2250 995 ± 291 3.31 5.55 

CoA fragment 16 133 15 34 77 1616 ± 2197 502 ± 185 3.22 2.77 

Metabolite Unk. 7 17 130 34 21 144 1354 ± 1299 1537 ± 930 0.88 0.63 

Ornithine 18 84 17 36 142 652 ± 475 459 ± 342 1.42 1.81 

Glucose Fragment* 19 80 6 49 73 52917 ± 24620 50653 ± 15618 1.04 0.43 

Metabolite Unk. 8 20 69 68 16 47 1793 ± 1529 1761 ± 566 1.02 0.11 

Metabolite Unk. 9 21 63 109 13 77 298 ± 192 79 ± 33 3.77 6.15 

Metabolite Unk. 3 22 60 23 30 77 603 ± 373 436 ± 381 1.38 1.71 

Lactic acid* 23 60 21 32 49 5462 ± 2195 2260 ± 655 2.42 7.65 

6-phospho-D-

gluconate 24 56 31 23 58 364 ± 161 265 ± 140 1.37 2.52 

Metabolite Unk. 10 25 53 36 21 73 2243 ± 1634 1439 ± 800 1.56 2.42 

Malonic acid* 26 52 3 59 55 171 ± 71 263 ± 66 0.65 5.19 

L-histidine 27 49 30 23 154 948 ± 841 484 ± 420 1.96 2.71 

Metabolite Unk. 11 28 48 130 12 73 313 ± 179 427 ± 109 0.73 2.97 

L-methionine* 29 47 1 98 155 317 ± 152 694 ± 184 0.46 8.67 

L-threonine 30 44 28 25 77 831 ± 344 333 ± 170 2.50 7.10 

Proline 31 43 271 7 77 314 ± 210 90 ± 73 3.48 5.50 

Alanine* 32 43 7 46 116 5178 ± 3819 4649 ± 1757 1.11 0.69 

Metabolite Unk. 12 33 42 40 19 77 435 ± 254 123 ± 50 3.55 6.62 

Aspartic acid 34 42 115 13 49 206 ± 113 87 ± 62 2.37 5.07 

Picolinc acid 35 40 187 10 77 2643 ± 1402 1257 ± 312 2.10 5.29 

Glycerol* 36 40 9 45 152 730 ± 446 1213 ± 307 0.60 4.89 

Metabolite Unk. 13 37 37 36 21 73 345 ± 229 722 ± 541 0.48 3.52 

Urea 38 36 11 43 47 3390 ± 779 3095 ± 685 1.10 1.56 

Myristate* 39 36 41 19 77 225 ± 99 81 ± 63 2.77 6.71 

Maleic acid* 40 33 39 20 73 1643 ± 1443 1885 ± 851 0.87 0.79 
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Table 4.4 Summary of hits that pass t-test from time-of-injury hit lists using both standard and 

control-normalized F-ratio. For a given hit and m/z, [P]/[C] is the average signal of patient samples 

divided by the average signal of control. *Verified via 2D retention time and mass spectral match 

using metabolite standard mix. Yellow highlighted hits are unique to control-normalized F-ratio 

analysis; green highlighted hits are unique to standard F-ratio analysis; blue highlighted hits are 

common between control-normalized and standard F-ratio analysis. 

 

ID CNHit# CNF-ratio SHit# SF-ratio m/z 

Average 

Patient Signal 

Average  

Control Signal [P]/[C] texpt 

Naproxen 1 6075 254 7 73 1566 ± 3050 69 ± 33 22.8 2.7 

Phenylalanine* 3 473 12 42 73 776 ± 395 319 ± 201 2.44 5.7 

Arachidonic acid 4 435 123 13 73 375 ± 378 68 ± 26 5.51 4.4 

Palmitic acid* 5 403 20 32 49 881 ± 520 279 ± 179 3.16 6.0 

Mannose 6 299 2 74 49 1831 ± 814 609 ± 241 3.01 7.9 

Stearic acid* 7 295 19 33 77 445 ± 217 119 ± 46 3.73 8.1 

Glycine 8 285 5 51 73 4643 ± 2473 3621 ± 856 1.28 2.1 

Linoliec acid 9 280 16 34 77 963 ± 638 220 ± 112 4.38 6.3 

Metabolite Unk. 6 10 247 147 11 204 1184 ± 940 564 ± 151 2.10 3.6 

Glutamine 11 222 24 30 47 135 ± 57 57 ± 27 2.36 6.7 

Glutamic acid* 12 203 18 33 77 1583 ± 623 552 ± 351 2.87 7.9 

L-lysine* 13 165 10 44 77 920 ± 474 207 ± 132 4.46 7.9 

Metabolite Unk. 1 14 163 4 54 49 4360 ± 1675 1268 ± 398 3.44 9.8 

Succinic acid* 15 137 37 20 77 3293 ± 2250 995 ± 291 3.31 5.6 

CoA fragment 16 133 15 34 77 1616 ± 2197 502 ± 185 3.22 2.8 

Metabolite Unk. 9 21 63 109 13 77 298 ± 192 79 ± 33 3.77 6.2 

Lactic acid* 23 60 21 32 49 5462 ± 2195 2260 ± 655 2.42 7.7 

6-phospho-D-

gluconate 24 56 31 23 58 364 ± 161 265 ± 140 1.37 2.5 

Metabolite Unk. 10 25 53 36 21 73 2243 ± 1634 1439 ± 800 1.56 2.4 

Malonic acid* 26 52 3 59 55 171 ± 71 263 ± 66 0.65 5.2 

L-histidine 27 49 30 23 154 948 ± 841 484 ± 420 1.96 2.7 

Metabolite Unk. 11 28 48 130 12 73 313 ± 179 427 ± 109 0.73 3.0 

L-methionine* 29 47 1 98 155 317 ± 152 694 ± 184 0.46 8.7 

L-threonine 30 44 28 25 77 831 ± 344 333 ± 170 2.50 7.1 

Proline 31 43 271 7 77 314 ± 210 90 ± 73 3.48 5.5 

Metabolite Unk. 12 33 42 40 19 77 435 ± 254 123 ± 50 3.55 6.6 

Aspartic acid 34 42 115 13 49 206 ± 113 87 ± 62 2.37 5.1 

Picolinc acid 35 40 187 10 77 2643 ± 1402 1257 ± 312 2.10 5.3 

Glycerol* 36 40 9 45 152 730 ± 446 1213 ± 307 0.60 4.9 

Metabolite Unk. 13 37 37 36 21 73 345 ± 229 722 ± 541 0.48 3.5 

Myristate* 39 36 41 19 77 225 ± 99 81 ± 63 2.77 6.7 

Glycopyranose 66 23 13 37 73 18304 ± 14662 29659 ± 15379 0.62 2.9 

Metabolite Unk. 2 85 21 22 31 73 583 ± 363 1652 ± 1087 0.35 5.1 

Metabolite Unk. 4 168 10 26 28 77 197 ± 90 62 ± 24 3.19 7.9 

Pyroglutamic acid* 206 8 8 46 77 932 ± 447 383 ± 237 2.44 6.0 
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 The interconnected information provided via standard and control-normalized F-ratio is 

ascertained through PCA of the individual hit lists as well as by inspection of the combined hit list 

that represents all metabolites discovered by standard and control-normalized F-ratio (Table 4.4). 

In each case, PCA was performed on exclusively the hits which pass the t-test, which culminated 

in 21 metabolites (out of the 30 top hits) by standard F-ratio analysis, and 31 metabolites (out of 

the 40 top hits) by control-normalized F-ratio analysis (for PCA completed with top 30 hits from 

control-normalized F-ratio analysis, see Appendix A). The standard F-ratio PCA scores plot 

presented in Figure 4.5A demonstrates modest class separation between patients (green diamonds) 

and controls (gray squares), with 5 patient samples intermingled with control samples. This same 

observation holds true in the PCA scores plot representing the 31 metabolites discovered via the 

control-normalized F-ratio; however, naproxen was excluded as it was not strictly speaking a 

metabolite (Fig. 4.5(B)). Notably, the controls are tightly clustered in Figure 4.5B, likely 

corresponding to metabolites with little within-class variance among controls, while the patients 

exhibit much larger within-class variance. For PCA results including naproxen, see Figure 4.6. 

 Remarkably, using a hit list curated by combining the results from both the standard and 

control-normalized F-ratio analyses (35 total hits passing the t-test at 95% confidence) resulted in 

a PCA scores plot (Figure 4.5C) that visually appears almost identical to that obtained with 

exclusively the hits from the control-normalized F-ratio analysis. Referring to Tables 4.2-4.4, 14 

statistically significant metabolites were discovered via control-normalized F-ratio analysis that 

were not discovered using standard F-ratio analysis. Comparatively, 4 metabolites were unique to 

the standard F-ratio hit list and not discovered using the control-normalized F-ratio. Furthermore, 

the 14 additional metabolites identified by means of the control-normalized F-ratio hit list appear 

to be significantly hampered by the patient within-class variance, as evident by their corresponding 
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F-ratio using the standard F-ratio (Tables 4.3-4.4). For the time-of-injury time point, it appears as 

though the metabolites identified via control-normalized F-ratio are the driving force behind the 

class separation present in Figure 4.5C. PCA loadings for the PCA scores plot in Figure 4.5C are 

presented in Figure 4.5D, illustrating the metabolites responsible for class separation along PC 1 

and PC 2. Further insight into how the metabolites separate samples in the PC space can be 

observed in Appendix A. 

 

Figure 4.5. Scores on PC 1 versus PC 2 for time-of-injury samples. (A) PCA scores plot for 21 

metabolites that pass the t-test from the time-of-injury standard F-ratio hit list. The classes 

(controls, gray squares; patients, green diamonds) are well separated by PC 1, apart from 5 patients 

which appear similar to controls. (B) PCA scores plot for 31 metabolites which pass the t-test from 

the time-of-injury control-normalized F-ratio hit list, excluding naproxen. Controls are tightly 

clustered indicating the metabolites have minor within-class variance. (C) PCA scores plot 

prepared from the combined standard and control-normalized F-ratio hit lists, excluding naproxen. 

The class separation appears functionally the same as the PCA scores plot for the modified hit list 

in (B). (D) PCA loadings for the scores plot presented in (C), with 35 variables corresponding to 

the 35 metabolites presented in Table 3 (naproxen excluded). 
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Figure 4.6. (A) PCA scores plot of patients vs. controls for the metabolites that pass the t-test in 

the top 40 of the time-of-injury control-normalized hit list when naproxen is included. (B) PCA 

loadings for PC 1 and PC 2 when naproxen (variable #1) is included. 

 

 The data analysis workflow presented in Fig. 4.2 was replicated using the 12 months post-

surgery time point data. The data were subjected to standard and control-normalized F-ratio 

analyses, which generated the F-ratio distributions presented in Fig. 4.7.  

 

Figure 4.7. F-ratio distributions for patient vs. control class comparison at 12 months post-surgery 

(A) F-ratio distribution using standard F-ratio software and (B) F-ratio distribution using control-

normalized F-ratio algorithm. 

 

 For both F-ratio analyses, the distributions were centered approximately at an F-ratio of 6 

to 8. However, the tail of the distribution for standard F-ratio analysis extends from an SF-ratio of 
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30 to 122, equating to roughly the top 30 hits (of 498 total hits) that were investigated and presented 

in Table 4.5. Comparatively, the tail of the modified F-ratio distribution extends from roughly 50 

to 1.8×104, which corresponds to roughly the top 40 hits (419 total hits). Unquestionably, some of 

these hits were not discovered using exclusively a standard F-ratio analysis. In fact, 21 of the 40 

hits discovered using control-normalized F-ratio analysis were not discovered using the standard 

F-ratio, 15 of which were determined to be statistically significant (Table 4.6). Consistent with the 

time-of-injury time point, PCA was performed individually on the top 30 hits from the hit lists 

obtained via the standard and control-normalized F-ratio analyses which passed the t-test, as 

presented in Figure 4.8. For an updated table containing only the top 30 hits from control-

normalized used in PCA, see Appendix A. Further information related to the loadings of all three 

PCA scores plots can be found in Appendix A. 
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Table 4.5 Top 30 hits using standard F-ratio analysis and the corresponding control-normalized 

F-ratio for 12 months post-surgery. For a given hit and m/z, [P]/[C] is the average signal of patient 

samples divided by the average signal of control samples. *Verified via 2D retention time and 

mass spectral match using metabolite standard mix. Green highlighted hits are unique to standard 

F-ratio analysis; blue highlighted hits are common between control-normalized and standard F-

ratio analysis. 

 
ID SHit#  SF-ratio CNHit#  CNF-ratio  m/z Average Patient Signal Average Control Signal [P]/[C] texpt 

L-methionine* 1 122 22 147 155 365 ± 216 626 ± 170 0.58 5.2 

Metabolite Unk. 8 2 83 15 283 47 1520 ± 757 1943 ± 697 0.78 2.3 

CoA fragment 3 73 23 142 77 5768 ± 6657 800 ± 312 7.21 4.1 

Metabolite Unk. 14 4 72 17 229 73 1760 ± 1202 2489 ± 1344 0.71 2.2 

Metabolite Unk. 15 5 71 48 42 73 82 ± 48 66 ± 29 1.24 1.6 

Alanine* 6 70 30 93 116 2628 ± 2061 5402 ± 2419 0.49 4.8 

Metabolite Unk. 16 7 69 44 46 73 8826 ± 5823 17764 ± 5266 0.50 6.2 

Mannose 8 67 6 898 49 2414 ± 620 741 ± 212 3.26 14.0 

Oxoisocaproic acid 9 67 39 49 75 353 ± 186 385 ± 148 0.91 0.8 

Malonic acid* 10 66 46 44 55 167 ± 96 276 ± 81 0.61 4.7 

Lactic acid* 11 62 9 568 49 5187 ± 2518 2589 ± 835 2.00 5.4 

Stearic acid* 12 59 2 7008 77 556 ± 265 133 ± 67 4.19 8.5 

Metabolite Unk. 7 13 56 14 317 144 1342 ± 695 1761 ± 773 0.75 2.4 

Metabolite Unk. 13 14 52 161 22 73 292 ± 197 708 ± 350 0.41 5.7 

Urea 15 50 43 46 47 3479 ± 1705 3234 ± 572 1.08 0.8 

Metabolite Unk. 17 16 46 69 37 73 390 ± 237 702 ± 205 0.56 5.4 

Oxalic acid* 17 46 32 91 73 10273 ± 7715 21428 ± 7146 0.48 5.8 

Metabolite Unk. 18 18 46 59 39 73 68 ± 39 78 ± 20 0.88 1.2 

Myo-inositol 19 41 12 383 73 1954 ± 763 1688 ± 554 1.16 1.6 

Metabolite Unk. 19 20 39 26 137 73 1719 ± 848 2086 ± 837 0.82 1.7 

Glutamine 21 39 89 31 47 116 ± 46 58 ± 25 2.00 6.1 

Metabolite Unk. 4 22 38 19 158 77 163 ± 107 61 ± 28 2.67 5.1 

Metabolite Unk. 1 23 37 3 1450 49 5118 ± 1926 1628 ± 526 3.14 9.6 

Glycerol* 24 37 146 24 152 600 ± 312 1153 ± 344 0.52 6.5 

Succinic acid* 25 36 4 1175 77 5018 ± 2700 1155 ± 398 4.34 7.8 

Metabolite Unk. 2 26 35 199 19 73 612 ± 431 1560 ± 783 0.39 5.8 

Glutamic acid* 27 35 10 559 77 1283 ± 683 712 ± 342 1.80 4.1 

Glycine 28 34 97 30 73 109 ± 83 99 ± 51 0.94 0.7 

Linoliec acid 29 34 11 456 77 998 ± 638 332 ± 410 3.01 4.8 

Maleic acid* 30 32 16 239 73 3237 ± 1554 2544 ± 855 1.27 2.1 
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Table 4.6 Top 40 hits using control-normalized F-ratio analysis for 12 months post-surgery. For a 

given hit and m/z, [P]/[C] is the average signal of patient samples divided by the average signal of 

control samples. Yellow highlighted hits are unique to control-normalized F-ratio analysis; blue 

highlighted hits are common between control-normalized and standard F-ratio analysis. 

 
ID CNHit# CNF-ratio SHit# SF-ratio m/z Average Patient Signal Average Control Signal [P]/[C] texpt 

Palmitic acid* 1 18290 185 20 49 1063 ± 494 305 ± 205 3.48 7.75 

Stearic acid* 2 7008 12 59 77 556 ± 265 133 ± 67 4.19 8.47 

Metabolite Unk. 1 3 1450 23 37 49 5118 ± 1926 1628 ± 526 3.14 9.57 

Succinic acid* 4 1175 25 36 77 5018 ± 2700 1155 ± 398 4.34 7.75 

6-phospho-D-

gluconate 5 981 209 18 58 426 ± 403 281 ± 150 1.52 1.85 

Mannose 6 898 8 67 49 2414 ± 620 741 ± 212 3.26 13.99 

Picolinc acid 7 898 69 27 77 3409 ± 1938 1561 ± 457 2.18 5.08 

Pyroglutamic acid* 8 854 88 25 77 1203 ± 664 415 ± 244 2.90 6.10 

Lactic acid* 9 568 11 62 49 5187 ± 2518 2589 ± 835 2.00 5.36 

Glutamic acid* 10 559 27 35 77 1283 ± 683 712 ± 342 1.80 4.09 

Linoliec acid 11 456 29 34 77 998 ± 638 332 ± 410 3.01 4.81 

Myo-inositol 12 383 19 41 73 1954 ± 763 1688 ± 554 1.16 1.55 

Metabolite Unk. 20 13 374 439 7 73 6979 ± 5268 2910 ± 1374 2.40 4.09 

Metabolite Unk. 7 14 317 13 56 144 1342 ± 695 1761 ± 773 0.75 2.36 

Metabolite Unk. 8 15 283 2 83 47 1520 ± 757 1943 ± 697 0.78 2.25 

Maleic acid* 16 239 30 32 73 3237 ± 1554 2544 ± 855 1.27 2.14 

Metabolite Unk. 14 17 229 4 72 73 1760 ± 1202 2489 ± 1344 0.71 2.21 

Metabolite Unk. 21 18 225 451 6 73 165 ± 312 21 ± 14 7.97 2.53 

Metabolite Unk. 4 19 158 22 38 77 163 ± 107 61 ± 28 2.67 5.05 

Metabolite Unk. 22 20 157 212 18 73 1560 ± 1001 1696 ± 988 0.92 0.53 

Myristate* 21 150 82 26 77 286 ± 190 93 ± 57 3.08 5.35 

L-methionine* 22 147 1 122 155 365 ± 216 626 ± 170 0.58 5.20 

CoA fragment 23 142 3 73 77 5768 ± 6657 800 ± 312 7.21 4.08 

Metabolite Unk. 23 24 140 161 21 73 2507 ± 1051 1803 ± 551 1.39 3.24 

Glycopyranose 25 138 309 13 73 25781 ± 30604 24360 ± 17841 1.06 0.22 

Metabolite Unk. 19 26 134 20 39 73 1719 ± 848 2086 ± 837 0.82 1.69 

L-tryptophan 27 112 113 23 73 374 ± 306 197 ± 171 1.90 2.77 

Metabolite Unk. 12 28 105 31 31 77 594 ± 404 181 ± 72 3.28 5.51 

Metabolite Unk. 24 29 103 297 14 73 1297 ± 646 2114 ± 787 0.61 4.4 

Alanine* 30 93 6 70 116 2628 ± 2061 5402 ± 2419 0.49 4.78 

Arachidonic acid 31 93 36 31 73 225 ± 145 85 ± 39 2.64 5.11 

Oxalic acid* 32 91 17 46 73 10273 ± 7715 21428 ± 7146 0.48 5.81 

Metabolite Unk. 6 33 87 403 8 204 987 ± 510 603 ± 206 1.62 3.74 

L-histidine 34 75 136 22 154 599 ± 539 420 ± 254 1.43 1.65 

Metabolite Unk. 25 35 73 270 15 73 282 ± 321 31 ± 15 9.09 4.28 

Metabolite Unk. 26 36 64 410 8 73 97 ± 118 39 ± 19 2.47 2.66 

Metabolite Unk. 27 37 63 422 8 73 280 ± 270 529 ± 288 0.53 3.46 

Metabolite Unk. 28 38 50 452 5 75 60 ± 34 45 ± 47 1.33 1.42 

Oxoisocaproic acid 39 49 9 67 75 353 ± 186 385 ± 148 0.91 0.76 

Metabolite Unk. 10 40 48 165 21 73 2170 ± 1445 1907 ± 852 1.14 0.86 
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Figure 4.8. Scores on PC 1 versus PC 2 for 12 months post-surgery samples for the top 30 hits of 

each method (Appendix A, Tables A.2 and A.3). (A) PCA scores plot prepared using hits 

discovered via standard F-ratio analysis (which pass the t-test) shows modest class separation 

between controls (gray squares) and patients (green diamonds). (B) PCA scores plot of control-

normalized F-ratio hit list. Twelve patient samples appear to be intermingled with control samples, 

while 4 patient samples are significantly separated along PC 2. (C) PCA scores plot prepared with 

combined hit list (Appendix A, Table A.4). As at the time-of-injury time point, the combined PCA 

scores plot looks remarkably like the PCA scores plot prepared using exclusively the control-

normalized F-ratio hit list. (D) Loadings plot for PCA scores plot presented in (C) of the combined 

hit list. Variable 16 is evident to be causing most of the separation of 4 patient samples on PC 2. 
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Table 4.7 Summary of hits that pass t-test from 12 months post-surgery hit lists using both standard 

and control-normalized F-ratio. For a given hit and m/z, [P]/[C] is the average signal of patient 

samples divided by the average signal of control. *Verified via 2D retention time and mass spectral 

match using metabolite standard mix. Yellow highlighted hits are unique to control-normalized F-

ratio analysis; green highlighted hits are unique to standard F-ratio analysis; blue highlighted hits 

are common between control-normalized and standard F-ratio analysis. 

 
ID CNHit# CNF-ratio SHit# SF-ratio m/z Average Patient Signal Average Control Signal [P]/[C] texpt 

Palmitic acid* 1 18290 185 20 49 1063 ± 494 305 ± 205 3.48 7.75 

Stearic acid* 2 7008 12 59 77 556 ± 265 133 ± 67 4.19 8.47 

Metabolite Unk. 1 3 1450 23 37 49 5118 ± 1926 1628 ± 526 3.14 9.57 

Succinic acid* 4 1175 25 36 77 5018 ± 2700 1155 ± 398 4.34 7.75 

Mannose 6 898 8 67 49 2414 ± 620 741 ± 212 3.26 14.0 

Picolinc acid 7 898 69 27 77 3049 ± 1938 1561 ± 457 2.18 5.08 

Pyroglutamic acid* 8 854 88 25 77 1203 ± 664 415 ± 244 2.90 6.10 

Lactic acid* 9 568 11 62 49 5187 ± 2518 2589 ± 835 2.00 5.36 

Glutamic acid* 10 559 27 35 77 1283 ± 683 712 ± 342 1.80 4.09 

Linoliec acid 11 456 29 34 77 998 ± 638 332 ± 410 3.01 4.81 

Metabolite Unk. 20 13 374 439 7 73 6979 ± 5268 2910 ± 1374 2.40 4.09 

Metabolite Unk. 7 14 317 13 56 144 1342 ± 695 1761 ± 773 0.75 2.36 

Metabolite Unk. 8 15 283 2 83 47 1520 ± 757 1943 ± 697 0.78 2.25 

Maleic acid* 16 239 30 32 73 3237 ± 1554 2544 ± 855 1.27 2.14 

Metabolite Unk. 14 17 229 4 72 73 1760 ± 1202 2489 ± 1344 0.71 2.21 

Metabolite Unk. 21 18 225 451 6 73 165 ± 312 21 ± 14 7.97 2.53 

Metabolite Unk. 4 19 158 22 38 77 163 ± 107 61 ± 28 2.67 5.05 

Myristate* 21 150 82 26 77 286 ± 190 93 ± 57 3.08 5.35 

L-methionine* 22 147 1 122 155 365 ± 216 626 ± 170 0.58 5.20 

CoA fragment 23 142 3 73 77 5768 ± 6657 800 ± 312 7.21 4.08 

Metabolite Unk. 23 24 140 161 21 73 2507 ± 1051 1803 ± 551 1.39 3.24 

L-tryptophan 27 112 113 23 73 374 ± 306 197 ± 171 1.90 2.77 

Metabolite Unk. 12 28 105 31 31 77 594 ± 404 181 ± 72 3.28 5.51 

Metabolite Unk. 24 29 103 297 14 73 1297 ± 646 2114 ± 787 0.61 4.4 

Alanine* 30 93 6 70 116 2628 ± 2061 5402 ± 2419 0.49 4.78 

Arachidonic acid 31 93 36 31 73 225 ± 145 85 ± 39 2.64 5.11 

Oxalic acid* 32 91 17 46 73 10273 ± 7715 21428 ± 7146 0.48 5.81 

Metabolite Unk. 6 33 87 403 8 204 978 ± 510 603 ± 206 1.62 3.74 

Metabolite Unk. 25 35 73 270 15 73 282 ± 321 31 ± 15 9.09 4.28 

Metabolite Unk. 26 36 64 410 8 73 97 ± 118 39 ± 19 2.47 2.66 

Metabolite Unk. 27 37 63 422 8 73 280 ± 270 529 ± 288 0.53 3.46 

Metabolite Unk. 16 44 46 7 69 73 8826 ± 5823 17764 ± 5266 0.50 6.24 

Malonic acid* 46 44 10 66 55 167 ± 96 276 ± 81 0.61 4.72 

Metabolite Unk. 17 69 37 16 46 73 390 ± 237 702 ± 205 0.56 5.44 

Glutamine 89 31 21 39 47 116 ± 46 58 ± 25 2.00 6.09 

Glycerol* 146 24 24 37 152 600 ± 312 1153 ± 344 0.52 6.53 

Metabolite Unk. 13 161 22 14 52 73 292 ± 197 708 ± 350 0.41 5.66 

Metabolite Unk. 2 199 19 26 35 73 612 ± 431 1560 ± 783 0.39 5.81 
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 According to the workflow used for time-of-injury, a combined hit list consisting of hits 

discovered using the standard F-ratio and control-normalized F-ratio software in parallel was 

prepared, of which 38 passed the t-test and are reported in Table 4.7. Interestingly, there appear to 

be 4 patients which are heavily loaded on PC 2, observed in Figure 4.8C. Examination of the 

loadings provided in Figure 4.8D for the combined hit list results in the emergence of variable 16 

(Unknown #21) as the likely source of this separation. Tantamount to the time-of-injury time point, 

the 15 metabolites discovered via control-normalized F-ratio analysis that pass the t-test emerge 

as the dominating metabolites that separate patients from controls, as the PCA scores plots 

obtained using the control-normalized and combined hit lists are indistinguishable.  To serve as a 

baseline check, the metabolites in common between Tables 4.2 and 4.3, and Tables 4.5 and 4.6, as 

well as urea, PCA was performed using only the time-of-injury controls and 12 months post-

surgery controls (Figure 4.9). Results indicate no discernable separation between controls at the 

two time points. 

 

Figure 4.9. (A) PCA scores plot of time-of-injury controls (gray circles) vs. 12 months post-

surgery controls (gray x) using metabolites common between 4 hit lists: time-of-injury standard, 

time-of-injury control-normalized, 12 months post-surgery standard, and 12 months post-surgery 

control-normalized. (B) PC 1 and PC 2 loadings for scores plot in (A). 
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Table 4.8 Ten variables (metabolites) in common between Tables 4.2 and 4.3, and Tables 4.5 and 

4.6, as well as urea, for PCA. 

 

Variable # ID Variable # ID 

1 L-methionine 6 Linoleic acid 

2 Mannose 7 Glutamic acid 

3 Metabolite Unknown 1 8 Stearic acid 

4 Alanine 9 Lactic acid 

5 CoA Fragment 10 Urea 

 

 Beyond the broad investigation of the class distinguishing ability of metabolites discovered 

via standard and control-normalized F-ratio analyses, a more detailed examination of specific 

metabolites provided in Figure 4.10.  Four notable metabolites provide a visual perspective on the 

benefits and challenges of both F-ratio analyses and the potential for complementary information 

obtained through using the F-ratio analyses in parallel. Figures 4.10A, 4.10C, 4.10E, and 4.10G 

correspond to the time-of-injury time point, and each are paired with their 12 months post-surgery 

response (Figures 4.10B, 4.10D, 4.10F, and 4.10H). To begin, while naproxen is not a metabolite 

indicative of injury, it does provide an example of the capacity of the control-normalized F-ratio 

to enhance the discovery of potential biomarkers. As observed in Figure 4.10A, naproxen is not 

present in any appreciable level in the control samples (gray circles) but is elevated in nine patient 

samples (green circles). Relating back to Tables 4.2 and 4.3, naproxen would not be discovered 

using the standard F-ratio software, as its F-ratio was only 7, despite the average concentration 

ratio of patients relative to controls of ~ 23. On the other hand, naproxen was the top hit when 

using a control-normalized F-ratio, with an F-ratio of 6075. It is important to note that since 

naproxen was only elevated in two samples at the 12 months post-surgery time point, it was not 

“discovered” since the F-ratio analysis was constrained by a S/N threshold that that required 

analyte presence in more than two samples [27,36].  This constraint could be changed to meet the 

needs of a given study. 
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Figure 4.10. Signal plots for four notable metabolites. (A, C, E, G) Time-of-injury and (B, D, F, 

H) 12 months post-surgery. Each signal plot contains patient samples (green circles) and control 

samples (gray circles). (A) Naproxen, m/z 73 (CNHit #1), elevated in 9 patients. (B) Naproxen, m/z 

73, upregulated in two patients. (C) Arachidonic acid, m/z 73, CNHit #15, CNF-ratio = 137; SHit 

#37, SF-ratio = 20upregulated in most patients (CNHit #4, CNF-ratio = 435; SHit #123, SF-ratio = 

13). (D) Arachidonic acid, m/z 73, compared to time-of-injury, signal in patients is approaching 

that of controls. (E) Succinic acid, m/z 77, modestly upregulated in patients (CNHit #15, CNF-ratio 

= 137; SHit #37, SF-ratio = 20). (F) Succinic acid, m/z 77, remain modestly upregulated, with one 

exception. (G) L-methionine, m/z 155, SHit #1 in standard F-ratio analysis and modestly 

downregulated in patients. (H) L-methionine, m/z 155, remains as SHit #1 and is modestly 

downregulated in patients. 
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 The superiority of the control-normalized F-ratio analysis is further highlighted by two 

metabolites which have been previously implicated in inflammation studies [55,56], arachidonic 

acid and succinic acid. Both were discovered using the control-normalized F-ratio with an CNF-

ratio of 435 (CNHit #3) and 137 (CNHit #15), respectively. In contrast, due to the high within-class 

variance in the patient class for both metabolites, observed in Figures 4.10C and 4.10E, their SF-

ratios were significantly hampered when using standard F-ratio analysis (arachidonic acid, SHit 

#123, SF-ratio 13; succinic acid, SHit #37, SF-ratio 20). While succinic acid remained moderately 

upregulated in patients at 12 months post-surgery (Figure 4.10F), as whole, arachidonic acid 

returned closer in signal to the control class over time (Figure 4.10D). 

 To finish, L-methionine was identified as the top hit in both time points when using the 

standard F-ratio approach (Table 4.2 and Table 4.5), serving to highlight the utility of using 

standard F-ratio analysis in parallel with modified F-ratio analysis. For instance, at the time-of-

injury (Figure 4.10G), L-methionine is observed to be moderately downregulated in patient 

samples, which is a trend maintained when moving to the 12 months post-surgery time point 

(Figure 4.10H). In both cases, while L-methionine is discovered via control-normalized F-ratio 

analysis, its rank in the hit list (time-of-injury, CNHit #29; 12 months post-surgery, CNHit #22) is 

diminished presumably due to the emergence of other hits such as succinic acid and arachidonic 

acid. 

4.4 CONCLUSION 

 Control-normalized F-ratio analysis leverages the relatively low within-class variance 

associated with a control class, to enhance the discovery of potentially important metabolites that 

exhibit high within-class variance in the patient class.  The control-normalized F-ratio calculation 

is a simple modification of the standard F-ratio calculation, by using only the within-class variance 
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for a control class for F-ratio normalization instead of using the pooled within-class variance for 

both classes as with the standard F-ratio calculation. Control-normalized F-ratio analysis was 

complementary to applying standard F-ratio analysis by discovering many metabolites that 

exhibited a statistically significant concentration difference: 14 additional metabolites at a time-

of-injury time point and 15 metabolites at 12 months post-surgery. Additionally, PCA visualization 

of the combined hit list of statistically significant metabolites indicated that the scores plot 

clustering of the two sample classes was dominated by the metabolites discovered using the 

control-normalized F-ratio analysis, with the standard F-ratio analysis playing only a modest 

supportive role. The results supported the hypothesis that the control-normalized F-ratio analysis 

coupled to the standard F-ratio analysis has the capacity to enhance the discovery of biomarkers 

in highly complex samples, such as human plasma. Finally, it is anticipated that control-

normalized F-ratio analysis could be applied to other applications that contain one class which is 

expected to have significantly less within-class variance, effectively increasing the discovery 

power of F-ratio analysis. 
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Chapter 5. Conclusions and Future Directions 

 Comprehensive two-dimensional gas chromatography coupled with mass spectrometry 

detection (GC×GC-TOFMS) has been a substantial advancement in modern chromatography over 

the last 30 years and is well-suited for a variety of samples across many applications. Considering 

that this analytical technique is commonly applied to study complex mixtures, the resulting data 

contains a wealth of information. Chemometric methods are often applied to address the associated 

analytical challenges, such as the discovery of class distinguishing analytes or the decomposition, 

quantification, and identification of overlapped analyte peaks. The goal of the work presented 

herein was aimed at enhancing the chemical information gleaned from GC×GC data in the context 

of chemometric benefits and challenges, as well as the investigation of the impact of experimental 

design on data structure and quantification accuracy. 

5.1 CHAPTER 2 SUMMARY AND FUTURE DIRECTIONS 

 Presented in Chapter 2 was the investigation of experimental conditions on quantification 

accuracy in the context of providing some general guidelines for the practitioner, so parallel factor 

analysis (PARAFAC) can be more optimally applied. The term Trilinear Deviation Ratio, TDR, 

can be used to predict the quantitative accuracy of PARAFAC, and relates to the deviations in 

trilinearity that can occur due to retention time shifting from one modulation to the next, Δ2tR, 

normalized to the width-at-base of the 2D peak, 2Wb. Both figures-of-merit are influenced by 

experimental parameters such as column selection, temperature ramp, and modulation period, PM. 

Four sets of experimental conditions were explored, aimed at encompassing the common 

experimental set-ups within the field of GC×GC. It was demonstrated in Chapter 2 that column 

selection directly impacts the PM selection and observed 2k’ range. A βR of less than ~0.5 and a 
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short PM on the order of 2-3 seconds reduces the change in temperature between modulations, ΔT, 

which translates into smaller Δ2tR. As a result of smaller Δ2tR contributes to TDR values less than 

0.1, corresponding to PARAFAC quantification % error less than 4%. In contrast, Chapter 2 also 

demonstrates that adverse impact of longer PM on quantification accuracy. When an analyst applies 

GC×GC conditions with βR ≈ 1, such as two of the previously mentioned experiments, a longer PM 

is necessary to elute all analytes. As a result, the range of possible TDRs increases to upwards of 

~15% for heavily retained analytes, especially for long modulation periods which do not efficiently 

use the 2D separation.  

 While it was beyond the scope of the investigation presented herein, an efficacious 

continuation of the previous study would be to study the ability of measured Δ2tR to aid in retention 

time shifting of data prior to PARAFAC decomposition and quantification. The hypothesis is that 

it would be possible for an analyst to analyze a subset of analytes which span the 2k’ range for the 

chosen column set as a guide for the magnitude of retention time shifting that is necessary to 

provide accurate quantification results. In practice, an analyst could select an analyte from the 

representative standard which displays similar 2k’ for a given set of experimental conditions, and 

shift the 2D peaks from the analyte of interest by the measured Δ2tR in an effort to decrease 

quantification error. Such a procedure could benefit an analyst that chooses to use PARAFAC over 

another decomposition method, e.g. MCR-ALS, due to rotational ambiguity. However, established 

in Chapter 2 is the fact that an analyst can reduce deviations in trilinearity that lead to quantification 

errors through careful consideration of experimental parameters. 

5.2 CHAPTER 3 SUMMARY AND FUTURE DIRECTIONS 

 Presented in Chapter 3 was the evaluation of the capability of F-ratio analysis to provide 

quantification information and validated by calculating S-ratios (and true concentration ratios) as 
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a function of m/z between diesel spiked with 15 non-native analytes at four concentration levels, 

resulting in three different pairwise class comparisons. Introduced in Chapter 3 is the development 

of a novel S-ratio algorithm, which provides relative quantification information for each hit 

discovered by tile-based F-ratio analysis while minimizing the need for chemometric 

decomposition. Reported in Chapter 3 is the use of statistical metric tools for ascertaining mass 

selectivity (and quantitative accuracy). Lack-of-fit was introduced as a measure of peak purity and 

when combined with the use of a p-value threshold, resulted in deviations < 5% of s-ratio values 

relative to the true concentration ratios for the top m/z for each analyte. 

 Building upon the work presented herein, a valuable continuation of the study presented in 

Chapter 3 is two-fold. First, the analytes studied in Chapter 3 were not natively found in diesel 

fuel, resulting in relatively high concentration ratios of ~2. However, analytes that are natively 

present in diesel fuel are amenable to this method as well. The evaluation of spiked analytes that 

are natively found in diesel at appreciable concentrations would be advantageous, as the pre-

existing concentration will result in smaller S-ratios. Additional study of these analyte types is 

warranted to discover the limits of S-ratio quantification. The second extension of the work 

presented herein is the application to discover spectrally pure m/z as an advanced feature selection 

step prior to methods such as PCA and partial-least squares (PLS). Current research building on 

these principles is being conducted by G.S. Ochoa. 

5.3 CHAPTER 4 SUMMARY AND FUTURE DIRECTIONS 

 Chapter 4 included the evaluation of a control-normalized F-ratio calculation to provide 

complementary information as standard F-ratio for a comprehensive metabolite profile associated 

with anterior cruciate ligament (ACL) injury. Simply, the control-normalized F-ratio leverages the 

relatively low within-class variance associated with a control class by replacing the pooled within-
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class variance in the denominator of the standard F-ratio calculation with the within-class variance 

computed from controls only. Thirty human plasma samples from patients with ACL injuries were 

compared to thirty matched controls at two time points to result in a total of four F-ratio 

comparisons: time-of-injury and 12 months post-surgery using both the standard and control-

normalized F-ratio calculations. It was hypothesized in Chapter 4 that the use of a control-

normalized F-ratio would provide valuable class distinguishing information as the F-ratio values 

would not be inversely impacted by the high patient within-class variance. Indeed, Chapter 4 

presented evidence that the metabolites discovered via control-normalized F-ratio dominated the 

class separation when all metabolite features discovered using both standard and control-

normalized F-ratio were submitted to PCA. Additionally, the standard F-ratio analysis played only 

a modest supporting role in the separation of patients from controls. Specifically, 14 additional 

metabolites were exclusively discovered at the time-of-injury time point when the control-

normalized F-ratio was used, and 15 metabolites were exclusively discovered at  12 months post-

surgery when the control-normalized F-ratio calculation was utilized.  

 Further study into the control-normalized F-ratio method presented in Chapter 4 would be 

beneficial to increased understanding of the benefits and limitations of the control-normalized F-

ratio. For instance, one can imagine applying the method to other applications which contains one 

class that is expected to a have less within-class variance than the second class. However, an 

efficacious continuation of this work would be to evaluate the limitation of the software in the 

context of a spiked data set which gives the analyst a baseline for the class distinguishing analytes, 

as well as the use of a control-normalized F-ratio feature selection step prior to other chemometric 

methods, such as PLS. 
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APPENDIX A 

Table A.1. Time-of-injury table including hits found via standard and control-normalized F-ratio 

that passed the t-test in the top 30 (to maintain consistency with standard F-ratio analysis, 

control-normalized F-ratio analysis was updated to be limited to the top 30).  

ID CNHit# CNF-ratio SHit# SF-ratio [P]/[C] Var. # 

Naproxen 1 6075 254 7 22.8 1 

Phenylalanine* 3 473 12 42 2.44 2 

Arachidonic acid 4 435 123 13 5.51 3 

Palmitic acid* 5 403 20 32 3.16 4 

Mannose 6 299 2 74 3.01 5 

Stearic acid* 7 295 19 33 3.73 6 

Glycine 8 285 5 51 1.28 7 

Linoleic acid 9 280 16 34 4.38 8 

Metabolite Unk 6 10 247 147 11 2.10 9 

Glutamine 11 222 24 30 2.36 10 

Glutamic acid* 12 203 18 33 2.87 11 

L-lysine* 13 165 10 44 4.46 12 

Metabolite Unk 1 14 162 4 54 3.44 13 

Succinic acid* 15 137 37 20 3.31 14 

CoA fragment 16 133 15 34 3.22 15 

Metabolite Unk 9 21 63 109 13 3.77 16 

Lactic acid* 23 60 21 32 2.42 17 

Phospho-D-gluconate 24 56 31 23 1.37 18 

Metabolite Unk 10 25 53 36 21 1.56 19 

Malonic acid* 26 52 3 59 0.65 20 

L-histidine 27 49 30 23 1.96 21 

Metabolite Unk 11 28 48 130 12 0.73 22 

L-methionine* 29 47 1 98 0.46 23 

L-threonine 30 44 28 25 2.50 24 

Glycerol* 36 40 9 45 0.60 25 

Glycopyranose 66 23 13 37 0.62 26 

Metabolite Unk 2 85 21 22 31 0.35 27 

Metabolite Unk 4 168 10 26 28 3.19 28 

Pyroglutamic acid* 206 8 8 46 2.44 29 
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Time-of-injury PCA scores and loadings plots for standard F-ratio analysis, control-normalized 

F-ratio analysis, and combined. 

 

Figure A.1. Scores and loadings plots for sample and metabolite data summarized in Table A.1, 

where the 29 variables refer to the metabolites labeled as “Variable #” in the far-right table column 

(naproxen excluded). (A) PCA scores and (B) loadings plots for 21 metabolites that pass the t-test 

from the standard FRA hit list. The classes (controls, gray squares; patients, green diamonds) are 

well separated by PC 1, apart from 5 patients which appear like controls. (C) PCA scores and (D) 

loadings plots for 24 metabolites which pass the t-test from the control-normalized FRA hit list. 

Controls are tightly clustered indicating the metabolites have minor within-class variance. (E) PCA 

scores and (F) loadings plots from the combined standard and control-normalized FRA hit lists. 

The class separation appears functionally the same as the PCA scores plot for the control-

normalized hit list in (C). 
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Metabolite profiles for 6 representative samples at time-of-injury  

 

Figure A.2. Metabolite profiles for 6 representative samples and position in combined PCA scores 

plot (Figure A.1E). The normalized signal is calculated by taking the signal for each metabolite 

for the given sample and dividing by the mean for that metabolite within the control group. Thus, 

the metabolite signals for the control samples will be centered near 1. (A) PCA scores plot with 

sample # labeled for two control samples and 4 patient samples. (B) Metabolite profile for control 

#11, located furthest to the left on PC 1 and centered on PC 2.  (C) Control #18, located just to the 

left of center for PC 1. (D) Patient #2, which is somewhat clustered with control samples and 

negatively loaded on PC 1 and positively loaded on PC 2. It appears variables #3, #19, and #21 

are responsible for the separation from controls on PC 2. (E) Patient #29, heavily loaded on PC 1 

and PC 2, with significant upregulation of variables #3, #5, #8, #16. (F) Patient #5, positively 

loaded on PC 1 and negatively loaded on PC 2, with significant upregulation of variables #14, #17, 

and #28. Interestingly, it appears as though upregulation of arachidonic acid (variable #3) drives 

the separation into positive PC 2 space, and upregulation of succinic acid (variable #14) is the 

driving force of separation into negative PC 2 space. (G) Patient #26, which is neutral on PC 2, 

has modest upregulation of both arachidonic acid (variable #3) and succinic acid (variable #14). 
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Table A.2. Hit list for top 30 hits using standard F-ratio analysis at 12 months post-surgery, 

including signal information. 

12 months - Standard FRA 

ID SHit#  SF-ratio CNHit#  CNF-ratio  m/z 

Average 

Patient Signal 

Average 

Control Signal [P]/[C] texpt 

L-methionine* 1 122 22 147 155 365 ± 216 626 ± 170 0.58 5.2 

Metabolite Unk. 8 2 83 15 283 47 1520 ± 757 1943 ± 697 0.78 2.3 

CoA fragment 3 73 23 142 77 5768 ± 6657 800 ± 312 7.21 4.1 

Metabolite Unk. 12 4 72 17 229 73 1760 ± 1202 2489 ± 1344 0.71 2.2 

Metabolite Unk. 13 5 71 48 42 73 82 ± 48 66 ± 29 1.24 1.6 

Alanine* 6 70 30 93 116 2628 ± 2061 5402 ± 2419 0.49 4.8 

Metabolite Unk. 14 7 69 44 46 73 8826 ± 5823 17764 ± 5266 0.5 6.2 

Mannose 8 67 6 898 49 2414 ± 620 741 ± 212 3.26 14 

Oxoisocaproic acid 9 67 39 49 75 353 ± 186 385 ± 148 0.91 0.8 

Malonic acid* 10 66 46 44 55 167 ± 96 276 ± 81 0.61 4.7 

Lactic acid* 11 62 9 568 49 5187 ± 2518 2589 ± 835 2 5.4 

Stearic acid* 12 59 2 7008 77 556 ± 265 133 ± 67 4.19 8.5 

Metabolite Unk. 7 13 56 14 317 144 1342 ± 695 1761 ± 773 0.75 2.4 

Metabolite Unk. 15 14 52 161 22 73 292 ± 197 708 ± 350 0.41 5.7 

Urea 15 50 43 46 47 3479 ± 1705 3234 ± 572 1.08 0.8 

Metabolite Unk. 16 16 46 69 37 73 390 ± 237 702 ± 205 0.56 5.4 

Oxalic acid* 17 46 32 91 73 10273 ± 7715 21428 ± 7146 0.48 5.8 

Metabolite Unk. 17 18 46 59 39 73 68 ± 39 78 ± 20 0.88 1.2 

Myo-inositol 19 41 12 383 73 1954 ± 763 1688 ± 554 1.16 1.6 

Metabolite Unk. 18 20 39 26 137 73 1719 ± 848 2086 ± 837 0.82 1.7 

Glutamine 21 39 89 31 47 116 ± 46 58 ± 25 2 6.1 

Metabolite Unk. 4 22 38 19 158 77 163 ± 107 61 ± 28 2.67 5.1 

Metabolite Unk. 1 23 37 3 1450 49 5118 ± 1926 1628 ± 526 3.14 9.6 

Glycerol* 24 37 146 24 152 600 ± 312 1153 ± 344 0.52 6.5 

Succinic acid* 25 36 4 1175 77 5018 ± 2700 1155 ± 398 4.34 7.8 

Metabolite Unk. 2 26 35 199 19 73 612 ± 431 1560 ± 783 0.39 5.8 

Glutamic acid* 27 35 10 559 77 1283 ± 683 712 ± 342 1.8 4.1 

Glycine 28 34 97 30 73 109 ± 83 99 ± 51 0.94 0.7 

Linoliec acid 29 34 11 456 77 998 ± 638 332 ± 410 3.01 4.8 

Maleic acid* 30 32 16 239 73 3237 ± 1554 2544 ± 855 1.27 2.1 
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Table A.3. Hit list for top 30 hits using control-normalized F-ratio analysis at 12 months post-

surgery, including signal information. 

12 months - Control-normalized FRA 

ID CNHit#  CNF-ratio  SHit#  SF-ratio m/z 

Average 

Patient Signal 

Average 

Control Signal [P]/[C] texpt 

Palmitic acid* 1 18290 185 20 49 1063 ± 494 305 ± 205 3.48 7.75 

Stearic acid* 2 7008 12 59 77 556 ± 265 133 ± 67 4.19 8.47 

Metabolite Unk. 1 3 1450 23 37 49 5118 ± 1926 1628 ± 526 3.14 9.57 

Succinic acid* 4 1175 25 36 77 5018 ± 2700 1155 ± 398 4.34 7.75 

6-phospho-D-

gluconate 5 981 209 18 58 426 ± 403 281 ± 150 1.52 1.85 

Mannose 6 898 8 67 49 2414 ± 620 741 ± 212 3.26 13.99 

Picolinc acid 7 898 69 27 77 3409 ± 1938 1561 ± 457 2.18 5.08 

Pyroglutamic acid* 8 854 88 25 77 1203 ± 664 415 ± 244 2.9 6.1 

Lactic acid* 9 568 11 62 49 5187 ± 2518 2589 ± 835 2 5.36 

Glutamic acid* 10 559 27 35 77 1283 ± 683 712 ± 342 1.8 4.09 

Linoliec acid 11 456 29 34 77 998 ± 638 332 ± 410 3.01 4.81 

Myo-inositol 12 383 19 41 73 1954 ± 763 1688 ± 554 1.16 1.55 

Metabolite Unk. 19 13 374 439 7 73 6979 ± 5268 2910 ± 1374 2.4 4.09 

Metabolite Unk. 7 14 317 13 56 144 1342 ± 695 1761 ± 773 0.75 2.36 

Metabolite Unk. 8 15 283 2 83 47 1520 ± 757 1943 ± 697 0.78 2.25 

Maleic acid* 16 239 30 32 73 3237 ± 1554 2544 ± 855 1.27 2.14 

Metabolite Unk. 12 17 229 4 72 73 1760 ± 1202 2489 ± 1344 0.71 2.21 

Metabolite Unk. 20 18 225 451 6 73 165 ± 312 21 ± 14 7.97 2.53 

Metabolite Unk. 4 19 158 22 38 77 163 ± 107 61 ± 28 2.67 5.05 

Metabolite Unk. 21 20 157 212 18 73 1560 ± 1001 1696 ± 988 0.92 0.53 

Myristate* 21 150 82 26 77 286 ± 190 93 ± 57 3.08 5.35 

L-methionine* 22 147 1 122 155 365 ± 216 626 ± 170 0.58 5.2 

CoA fragment 23 142 3 73 77 5768 ± 6657 800 ± 312 7.21 4.08 

Metabolite Unk. 22 24 140 161 21 73 2507 ± 1051 1803 ± 551 1.39 3.24 

Glycopyranose 25 138 309 13 73 25781 ± 30604 24360 ± 17841 1.06 0.22 

Metabolite Unk. 23 26 134 20 39 73 1719 ± 848 2086 ± 837 0.82 1.69 

L-tryptophan 27 112 113 23 73 374 ± 306 197 ± 171 1.9 2.77 

Metabolite Unk. 8 28 105 31 31 77 594 ± 404 181 ± 72 3.28 5.51 

Metabolite Unk. 24 29 103 297 14 73 1297 ± 646 2114 ± 787 0.61 4.4 

Alanine* 30 93 6 70 116 2628 ± 2061 5402 ± 2419 0.49 4.78 
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Table A.4. Combined hit list for top 30 hits using control-normalized and standard F-ratio analysis 

at 12 months post-surgery, including signal information. Far right column contains variable # as 

input to PCA. 

12 months post-surgery - combined 

ID CNHit# CNF-ratio SHit# SF-ratio m/z 
Average 

Patient Signal 

Average 

Control Signal 
[P]/[C] texpt 

Var. 

# 

Palmitic acid* 1 18290 185 20 49 1063 ± 494 305 ± 205 3.48 7.75 1 

Stearic acid* 2 7008 12 59 77 556 ± 265 133 ± 67 4.19 8.47 2 

Metabolite Unk. 1 3 1450 23 37 49 5118 ± 1926 1628 ± 526 3.14 9.57 3 

Succinic acid* 4 1175 25 36 77 5018 ± 2700 1155 ± 398 4.34 7.75 4 

Mannose 6 898 8 67 49 2414 ± 620 741 ± 212 3.26 13.99 5 

Picolinc acid 7 898 69 27 77 3409 ± 1938 1561 ± 457 2.18 5.08 6 

Pyroglutamic acid* 8 854 88 25 77 1203 ± 664 415 ± 244 2.9 6.1 7 

Lactic acid* 9 568 11 62 49 5187 ± 2518 2589 ± 835 2 5.36 8 

Glutamic acid* 10 559 27 35 77 1283 ± 683 712 ± 342 1.8 4.09 9 

Linoliec acid 11 456 29 34 77 998 ± 638 332 ± 410 3.01 4.81 10 

Metabolite Unk. 19 13 374 439 7 73 6978.5 2909.8 2.4 4.09 11 

Metabolite Unk. 7 14 317 13 56 144 1342 ± 695 1761 ± 773 0.75 2.36 12 

Metabolite Unk. 8 15 283 2 83 47 1520 ± 757 1943 ± 697 0.78 2.25 13 

Maleic acid* 16 239 30 32 73 3237 ± 1554 2544 ± 855 1.27 2.14 14 

Metabolite Unk. 12 17 229 4 72 73 1760 ± 1202 2489 ± 1344 0.71 2.21 15 

Metabolite Unk. 20 18 225 451 6 73 165 ± 312 21 ± 14 7.97 2.53 16 

Metabolite Unk. 4 19 158 22 38 77 163 ± 107 61 ± 28 2.67 5.05 17 

Myristate* 21 150 82 26 77 286 ± 190 93 ± 57 3.08 5.35 18 

L-methionine* 22 147 1 122 155 365 ± 216 626 ± 170 0.58 5.2 19 

CoA fragment 23 142 3 73 77 5768 ± 6657 800 ± 312 7.21 4.08 20 

Metabolite Unk. 22 24 140 161 21 73 2507 ± 1051 1803 ± 551 1.39 3.24 21 

L-tryptophan 27 112 113 23 73 374 ± 306 197 ± 171 1.9 2.77 22 

Metabolite Unk. 8 28 105 31 31 77 594 ± 404 181 ± 72 3.28 5.51 23 

Metabolite Unk. 24 29 103 297 14 73 1297 ± 646 2114 ± 787 0.61 4.4 24 

Alanine* 30 93 6 70 116 2628 ± 2061 5402 ± 2419 0.49 4.78 25 

Oxalic acid* 32 91 17 46 73 10273 ± 7715 21428 ± 7146 0.48 5.8 26 

Metabolite Unk. 14 44 46 7 69 73 8826 ± 5823 17764 ± 5266 0.5 6.2 27 

Malonic acid* 46 44 10 66 55 167 ± 96 276 ± 81 0.61 4.7 28 

Metabolite Unk. 16 69 37 16 46 73 390 ± 237 702 ± 205 0.56 5.4 29 

Glutamine 89 31 21 39 47 116 ± 46 58 ± 25 2 6.1 30 

Glycerol* 146 24 24 37 152 600 ± 312 1153 ± 344 0.52 6.5 31 

Metabolite Unk. 15 161 22 14 52 73 292 ± 197 708 ± 350 0.41 5.7 32 

Metabolite Unk. 2 199 19 26 35 73 612 ± 431 1560 ± 783 0.39 5.8 33 
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PCA scores plots and loadings for top 30 hits discovered with standard F-ratio analysis, control-

normalized F-ratio analysis, and combined. 

 
 

Figure A.3. Scores and loadings plots for sample and metabolite data summarized in Tables A.2-

A.4, where the variables refer to the metabolites labeled as “Var. #” in the far-right table column. 

(A) PCA scores and (B) loadings plots for 23 metabolites that pass the t-test from the standard 

FRA hit list. The classes (controls, gray squares; patients, green diamonds) are well separated by 

PC 1.. (C) PCA scores and (D) loadings plots for 25 metabolites which pass the t-test from the 

control-normalized FRA hit list. Controls are tightly clustered indicating the metabolites have 

minor within-class variance. (E) PCA scores and (F) loadings plots from the combined standard 

and control-normalized FRA hit lists. The class separation appears functionally the same as the 

PCA scores plot for the control-normalized hit list in (C). 
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Metabolite profiles for 2 representative controls and 4 representative patient samples 

 
Figure A.4. Metabolite profiles for 6 representative samples and position in combined PCA scores 

plot (Figure A.3E). The normalized signal is calculated by taking the signal for each metabolite 

for the given sample and dividing by the mean for that metabolite within the control group. Thus, 

the metabolite signals for the control samples will be centered near 1. (A) PCA scores plot with 

sample # labeled for two control samples and 4 patient samples. (B) Metabolite profile for control 

#11, located just left of center on PC 1 and centered on PC 2.  (C) Control #18, located on the far 

left of PC 1. (D) Patient #2, negatively loaded on PC 2 and positively loaded on PC 1. It appears 

variable #20 plays a significant role in the separation on PC 2. (E) Patient #29, heavily loaded on 

PC 1 and PC 2, with significant upregulation of variables #20 and #6, among others. (F) Patient 

#5, centered on PC1 and PC2, with minor upregulation of variables #11 and #23. (G) Patient #26, 

which is heavily loaded on PC1 and PC2, has significant upregulation of variables #4, #16, and 

#23. 
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