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For most of the research presented herein, samples of complex composition, specifically rocket 

propellant (RP) fuels, were analyzed.  The performance of a fuel is directly linked to 

composition; understanding the connection between composition and physical properties will 

lead to better control of said properties and overall performance of the fuels.  Samples of RP 
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fuels were analyzed using comprehensive two dimensional gas chromatograph coupled to a time 

of flight mass spectrometer (GC × GC – TOFMS) using a reverse column configuration; a long 

primary column (polar) followed by a short (non polar) secondary column.  This instrumentation 

setup was used to obtain multidimensional chromatograms and achieve great temporal separation 

of many compounds (including various isomers) listed herein as alkanes, cyclocalkanes and 

aromatics which can be found in RP fuels.  GC × GC – TOFMS chromatograms are extremely 

information rich, making the manual process of interpretation unwieldy; therefore various 

algorithms are used in the analysis, many of which are known as chemometrics.  Chemometrics 

are a specific class of analysis tools that use linear algebra to analyze data to achieve various 

goals.  There are numerous chemometric techniques; some even have variations, therefore 

choosing the appropriate technique for a given data set is important.  Principal component 

analysis (PCA) was used to analyze the sources of compositional variance between samples.  

PCA is extremely sensitive to variance between samples and is used to glean the relevant 

information and summarize the variance as succinct data matrices (scores and loadings).  Partial 

least squares (PLS) is used to draw connections between two separate sets of measurements that 

are somehow related to each other; such as the chemical information found in the chromatograms 

and the measured physical properties such as density or kinematic viscosity.  Often the intent of 

using PLS is to approximate values of interest using other related measurements for various 

reasons (cost, practicality, convenience).  Of course to have significant confidence in the PLS 

models, they must undergo validation, to ensure these predicted values are 

representative/reasonable.  Finally, parallel factor analysis (PARAFAC) is used to deconvolute 

(mathematically resolve) signals associated with different analytes that were poorly separated in 

the chromatogram.  Successful deonvolution of analytes allows for better identification of 
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analytes when searching for a match in a mass spectral library.  Analysis of data, i.e. the 

interpretation of data, obtained from an instrument is an inseparable part of research.  An 

algorithm of analysis and detection of a specific list of compounds that may potentially be found 

in a sample, presented herein, is temporal mass spectral ratio analysis method (TMSRA) which 

was developed for analyzing peaks in GC-MS chromatograms and identifies pure mass channels 

(m/z); this was achieved via analysis of the ratios between m/z.  The application of these analysis 

tools and interpretation of their respective results are discussed. 
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Chapter 1: Introduction 

1.1 The Instruments 

1.1.1 The Gas Chromatograph 

 

 The Gas Chromatograph (GC) is one of the most widely used instruments in separation 

science.  A diagram of a GC can be seen in Figure 1.1A.  In short, separation of analytes using 

chromatography is based on the interactions of analytes with the stationary phase relative to their 

respective interaction with the mobile phase.  In the discussions presented the stationary phases 

used were fused silica capillary columns.  The autoinjector introduces the sample (liquid in these 

cases) into the heated inlet, where it is vaporized into the gas phase (nitrogen gas).  The sample is 

loaded onto the column located inside an oven; the separation of analytes is based on their 

respective times spent in the stationary phase relative to the mobile phase.  At the end of the 

column, the eluted analytes are introduced to the detector.  The detector could be single channel 

such as a flame ionization detector (FID) or multi-channel such as a mass spectrometer (MS) as 

used in the research presented herein
1,2

. 

 For comprehensive two dimensional separation (GC × GC), two columns are coupled in 

tandem (see Figure 1.1B).  The second column is significantly shorter of the two in order to 

minimize band broadening which would result over time.  Also to help minimize band 

broadening, small concentrated ‘plugs’ or modulations are transferred from the first column to 

                                                           
(1) J.C. Giddings, Unified Separation Science, John Wiley & Sons, New York, 1991. 

(2)  G.D. Christian, Analytical Chemistry, 6th ed., John Wiley & Sons, New York, 2004. 
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the second column using a valve system or a thermal modulator
3
.  Ideally all analytes in a 

modulation would have reached the detector, before the next modulation is introduced.  

Occasionally some analytes are retained longer than the set modulation period and appear in a 

subsequent modulation: this undesirable occurrence is called wrap around.  Wrap around may 

pose a problem if wrapped around peaks overlap with other analytes.  Having two columns with 

different separation mechanisms must be used in order to maximize the separation power 

between unresolved compounds from the first column.  A secondary oven set at a higher 

temperature for the second column may also be used to help achieve this goal
4,5

. 

 The recorded data, a chromatogram, has the recorded signal over the duration of the 

separation.  The x-axis corresponds to time (usually in units of minutes or seconds) while the 

y-axis corresponds to response or signal intensity.  In the case of GC × GC chromatograms the 

x-axis corresponds to time on the first column separation, also known as the primary column 

(displayed in units of minutes or seconds) and the y-axis is corresponds to time on the second 

column separation, also known as the secondary column (displayed in units of seconds).  The 

intensity in GC × GC chromatograms is expressed either via the z-axis, the peak color intensity, 

or both.  Examples of these chromatograms can be seen in Figures 1.1C and 1.1D, respectively. 

 

                                                           
(3) Z. Liu, M. Zhang, J.B. Philips, J. Chromatogr. Sci. 28 (1990) 567-571. 

(4) R.E. Mohler, B.P. Tu, M. Dombek, J.C. Hoggard, E.T. Young, R.E. Synovec, J Chromatogr. A. 1186 

(2008) 401-411. 

(5) B.D. Fitz, R.B. Wilson, B.A. Parsons, J.C. Hoggard, R.E. Synovec, J. Chromatogr A. 1266 (2012) 116-123. 
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1.1.2 The Quadrupole Mass Spectrometer 

 

 The basic concept behind MS is analyte(s) are ionized and (reproducibly) fragment into 

smaller ions, and the ions undergo a sorting process as they travel to the detector.  Often the 

detector is an electron multiplier where the relative abundance is expressed by signal intensity.  

The sorting of the ions themselves is based on their mass to charge ratio (m/z).  Though 

ionization could be either positive or negative, in all research projects herein, the ion source was 

set to produce positively charged ions.  The fragmentation process can be achieved either by soft 

or hard ionization; for all research projects herein, hard ionization was used.  Hard ionization 

entails vaporizing the analyte off the filament and its charge causes the analyte to break into 

many ionized fragments.  The ions are then focused into the mass analyzer. 

 In the case of a quadrupole MS, the mass analyzer is a hyperbolic quadrupole chamber 

containing two pairs of metal rods.  A diagram of a quadrupole MS can be seen in Figure 1.2A.  

The ions are separated by applying superposed direct current (DC) fields and an oscillating radio 

frequency field on the metal rods.  The signs change in the electric potential causes ions to 

resonate between the poles as they travel to the detector.  The trajectory of the ions depends on 

both the ions m/z value and the RF field.  Therefore by altering the RF frequency, the voltage and 

the ‘zero-to-peak’ amplitude, one can cause undesired ions to collide with the quadrupoles while 

allowing desired ions to traverse through the quadruple chamber and reach the detector.  The two 

main modes a quadrupole can run are select ion monitoring (SIM) and scan mode.  In the 

research projects herein, when used, the quadrupole MS was set to scan mode.  In scan mode the 

quadrupole RF field parameters cycle allowing ions of a wide range of m/z to reach the detector 

over a short period of time; however as the range of m/z widens so does the time to scan through 
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them.  To maximize the number of ions reaching the detector, the interior is generally held under 

a vacuum
2,6,7

. 

 

1.1.3 The Time of Flight Mass Spectrometer 

 

 The time of flight mass spectrometer (TOFMS), differs from the quadrupole MS by the 

means of which the ions are sorted as they reach the detector.  For the TOFMS, the separation of 

ions is also based on their m/z but in a manner analogous to chromatography.  A diagram of a 

TOFMS instrument can be seen in Figure 1.2B.  The ions are initially energized with 

approximately an equal amount of energy received from an electric field and are introduced in 

pulses to a field free region known as the flight tube where they are allowed to ‘drift’ and resolve 

from one another:  Since the velocities of ions are determined by their masses, the heavier ions 

travel slower while the lighter ions travel faster.  To help minimize the variance in velocities 

between ions with the same m/z, a reflectron (or an ion mirror) is often used.  With respect to 

ions of the same m/z, an ion with a higher velocity will penetrate the reflectron deeper than an 

ion with a lower velocity.  A reflectron consists of a series of disc shaped electrodes that produce 

an electric field which slows incoming ions and reverses their direction.  The reflectron is often 

tilted at a slight angle to direct the ions at the detector located adjacent to the ion source
2,7

. 

 The recorded data is called a mass spectrum, often viewed as a bar graph with the x-axis 

corresponding to the m/z values and the y-axis corresponding to the abundance.  An example of a 

                                                           
(6) F.W. McLafferty, F. Tureček, Interpretation of Mass Spectra, 4th ed., University Science Books, Sausalito 

Ca USA, 1993. 

(7) E. de Hoffmann, V. Stroobant, Mass Spectrometry: Principles and Applications, 3rd ed., John Wiley & 

Sons, New York, 2007. 
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mass spectrum can be seen in Figure 1.2C.  Note the measurement is relative; to associate ion 

abundance with respect to absolute values such as concentration in parts per million (ppm), a set 

of standard concentrations must be measured for a calibration curve. 

 

1.2 The Chromatograms, the separation mechanism, and the columns 

1.2.1 The GC-MS Chromatogram 

 

 The chromatograms collected from a GC instrument coupled to an MS is known as a 

GC-MS.  The recorded chromatogram is a two dimensional matrix, with both a chromatographic 

and a mass spectral dimension respectively.  Note that in all research presented herein, a 

quadrupole MS was used in a GC-MS instrument.  The data can be seen as either a collection of 

mass spectra collected at each and every data point on the chromatogram or as a collection of 

chromatograms recored for each m/z in the mass spectrum; an illustration is shown in Figure 

1.3A.  Regardless of the perspective on the GC-MS data, the signal is simultaneously a function 

of the retention time of analytes in the chromatographic dimension and the abundance of ions of 

various m/z in the mass spectral dimension; hence the GC-MS chromatogram is two-way data.  

In ideal or close to ideal conditions, the chromatographic data is said to be bilinear (i.e. the 

separation of analytes is linearly correlated to their respective interaction with the stationary 

phase and the signal in the mass spectra is linearly proportional to the abundance of ions 

reaching the detector).  Alternatively, one can say a GC-MS chromatogram is bilinear if the 

analyte peaks can be accurately modeled as the outer product of a concentration profile and a 
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mass spectrum.  When multiple chromatograms are unified into a three dimensional matrix, the 

format presented herein is Samples × GC × MS
8
. 

 

1.2.2 The GC × GC – TOFMS Chromatogram 

 

 A GC × GC instrument coupled to a TOFMS is known as a GC × GC – TOFMS, and a 

chromatogram collected from a GC × GC – TOFMS is a three dimensional matrix with two 

chromatographic dimensions and one mass spectral dimension.  In the research shown, 

GC × GC – TOFMS chromatogram dimensions are formatted as Column2 × Column1 × MS and 

is known as a ‘data cube’
4
 (shown in Figure 1.3B).  Being a function of both the separations in 

the first and second column dimensions and the relative abundance of ions for each m/z channel, 

a single GC × GC – TOFMS chromatogram is an example of three-way data.  Analogous to 

GC-MS, the GC × GC – TOFMS chromatogram under ideal or near ideal conditions is said to be 

trilinear.  The trilinearity of the data can be observed when the retention times of an analyte 

captured in multiple modulations are the same.  Alternatively, one can say a GC × GC – TOFMS 

chromatogram is trilinear if the analytes can be accurately modeled as the outer product of two 

concentration profiles (one for each column dimension) and a mass spectrum.  Deviations from 

trilinearity could be caused by instrumentation issues such as drift.  A set of GC × GC – TOFMS 

chromatograms is formatted as Samples × Column2 × Column1 × MS and can be considered as 

four-way data (i.e. as a function of the samples as well). 

                                                           
(8) S. Yang, J.S. Nadeau, E.M. Humston-Fulmer, J.C. Hoggard, M.E. Lidstrom, R.E. Synovec, J. Chromatogr. 

A. 1240 (2012) 156–164. 
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1.2.3 The separation mechanism 

 

 If one were to observe the separation on the macroscale, the migrations of analytes 

through a column would appear as smooth and continuous bands that travel at different 

velocities, on the nanoscale however, the individual molecules travel in a more erratic motion. 

The velocity of analytes is dictated by the temperature, the flow velocity of the mobile phase, 

and the analyte interaction with the stationary phase (sorption/desorption).  Different stationary 

phases will produce different results with respect to the separation of analytes.  Due to variability 

in retention times (tR) between individual molecules of the same analyte, the resulting peak is 

often Gaussian or a Gaussian-like shape.  A few notable issues one may encounter that mayaffect 

the separation negatively include column overloading and longitudinal diffusion.  Column 

overloading occurs when the concentration of the analyte is too high and molecules interfere or 

compete with one another for active sites to interact with the stationary phase, forcing some of 

the molecules to move further down the column where they may encounter vacant sites in the 

stationary phase.  The result of this is undesired band broadening, in addition the signal at the 

detector could be overloaded due to too high of a concentration, in which case the solution is 

simply to inject the sample in smaller concentrations (either by dilution or split injection).  

Longitudinal diffusion, i.e. bands widening over time, can be minimized by performing the 

separation over shorter time intervals
1,2

.  The separation performance is often expressed in terms 

of the Van Deempter equation: 

   H = B/υ + Cmυ +Csυ       (1.1)
1
 

where H is the plate height (the zone where the molecules of an analyte establish an equilibrium 

between the mobile and stationary phase), B is the longitudinal diffusion, υ is the mobile phase 



8 
 

flow velocity, Cm is the concentration of analytes in the mobile phase and Cs is the concentration 

of analytes in the stationary phase.  Calculating plate height can be used to evaluate the overall 

efficiency of the separation in a system by calculating the number of theoretical plates (N): 

   N = X/H        (1.2)
1
  

where X is column length.  If one considers H a function of υ, then N could be maximized for a 

system when H is at a minimum.  In practice however separations are run at a higher flow 

velocity for the purpose of increasing the sample throughput
1
. 

 

1.2.4 The Reverse Column Configuration 

 

 Traditional GC × GC instruments often employ what is considered a ‘normal column 

configuration’.  Typically a long non-polar column is followed by a short polar column; this is 

also known as ‘orthogonal separation’.  It is called orthogonal since the separation on the first 

column is based on volatility while separation on the second column is based on both polarity 

and volatility, i.e. a new separation mechanism is introduced (in addition) in the second column.  

Normal column configuration has been used in the separation of hydrocarbon containing 

samples.  An example of a GC × GC – TOFMS chromatogram using a normal column 

configuration (20 m RTX-5 column followed by a 2 m RTX 200 column) can be seen in Figure 

1.4A where a jet fuel was analyzed.  The normal column configuration offers superior separation 

of aromatics, as they are spread across a relatively huge GC × GC – TOFMS chromatographic 

region.  In the second column dimension, alkanes and cycloalkanes co-elute first while aromatics 

elute later.  The GC × GC – TOFMS using a normal column configuration is able to separate 

more peaks when compared to GC-MS separation, an analogue is shown in Figure 1.4B.  In a 
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GC-MS chromatogram many peaks would overlap and appear as a huge amount of signal, 

especially when viewing the total ion current (TIC) chromatogram, i.e the summation of the 

signal of all m/z channels.  If the second column dimension chosen offered no real benefit in the 

separation, the analyte peaks would elute on the diagonal from the lower left corner (the start of 

the separation) towards the upper right side (the end of the separation). 

 In contrast to normal column configuration, the reverse column configuration uses a long 

polar column followed by a short non-polar column.  It is also known as ‘non-orthogonal 

separation’ because the separation in the first column dimension is based on both volatility and 

polarity while the separation in the second column dimension is based only on volatility.  As 

shown in Figure 1.4C (using a 30 m RTX-wax column followed by a 1.2 m RTX-1 column), the 

order of separation of a alkane rich rocket propellant (RP) fuel sample is reversed on the second 

column dimension; aromatics elute first, cycloalkanes elute second, and alkanes elute last.  The 

separation between classes of compounds is considered better as alkanes are more visually 

separated from the cycloalkanes, while the cycloalkanes themselves show somewhat of a 

separation from di- & tri-cycloalkanes.  The separation of alkanes and cycloalkanes is vastly 

improved at the expense of the separation of the aromatic compounds.  This compromise is 

considered acceptable in the case of the RP fuels as the aromatic concentrations are relatively 

low and most mono-aromatics and di-aromatics are visually well separated from each other.  

Moreover, the reverse phase column configuration offers an additional advantage over normal 

column configuration with respect to the separation of isomers.  Since the separation in the first 

column would be affected by polarity, isomers would elute at slightly different times.  The later 

eluting isomers would separate earlier in the second column dimension due to an increase in 

temperature over time caused by the applied temperature program hence the apparent diagonal 
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separation of isomers from the upper left to the lower right
9–11

.  Therefore, the separation of 

analytes using a reverse column configuration appears to be well suited for the study of RP fuels. 

 

1.3 Introduction to Chemometrics 

1.3.1 Preprocessing 

 

 Prior to the use of chemometrics, the raw data is often subjected to one or several 

preprocessing steps to remove undesirable sources of variance in order to minimize the error 

introduced in the analysis.  The origins of undesired variance can include but not limited to 

sample preparation and instrumentation.  This crucial step can more than often mean the 

difference between a successful and an unsuccessful application of chemometrics: poor 

preprocessing leads to poor processing (models)
12

.  Preprocessing includes but is not limited to 

the following practices: 

Deskewing 

 Deskewing, is a preprocessing step often used in chromatography where a quadrupole 

MS is used.  Since the sample is being forwarded to the detector at a constant stream and due to 

the nature of the scan mode of quadrupole MS, the ion concentrations can change significantly 

                                                           
(9) B. Omais, M. Courtiade, N. Charon, D. Thiébaut, A. Quignard, M.-C. Hennion, J. Chromatogr. A. 1218 

(2011) 3233–3240. 

(10) C. Vendeuvre, R. Ruiz-Guerrero, F. Bertoncini, L. Duval, D. Thiébaut, M.-C. Hennion, J. Chromatogr. A. 

1086 (2005) 21–28. 

(11) M. Adahchour, J. Beens, R.J.J. Vreuls, A.M. Batenburg, U.A.T. Brinkman, J. Chromatogr. A. 1054 (2004) 

47–55. 

(12) K.R. Beebe, R.J. Pell, M.B. Seasholtz, Chemometrics A practical guide, John Wiley & Sons, Inc., New 

York, 1998. 
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from the beginning to the end of a single mass spectral scan, skewing the signal of the mass 

spectra.  The solution often used to solve the skewing problem is an interpolation of the 

intensities to approximate the true ion concentrations
13

. 

Noise Reduction 

 With every measurement regardless of instrument, it is assumed the recoded signal will 

include an amount of high frequency fluctuations in the signal, known as noise.  To enhance the 

signal to noise ratio (S/N) of data with low S/N, smoothing can be applied, such as the 

Savitzky-Golay smoothing algorithm
12,14

. 

Baseline Correction 

 While smoothing removes the high frequency noise, baseline correction can rectify less 

than ideal baselines, including drift, bias, and low frequency fluctuations
12

. 

Normalization 

 To minimize the run-to-run variation in signal attributed to the differences in the amounts 

injected by the autoinjector, normalizing to an internal standard can be applied.  This is done by 

dividing all the variables by a value (maximum signal or area of a peak of known concentration) 

designated as the standard.  Alternatively, one may choose to normalize to the total summed 

signal.  Normalizing can give better quantification results and lower standard deviation, though 

the effects of normalization should be inspected
12

. 

Peak Alignment 

 Though GC is a robust instrument with high reproducibility, run-to-run variation in 

retention times of peaks can still occur.  Peak misalignment can be detrimental to the analysis, 

                                                           
(13) W.G. Pool, J.W. de Leeuw, B. van de Graaf, J. Mass Spectrom. 31 (1996) 213–215. 

(14) A. Savitzky, M.J.E. Golay, Anal. Chem. 36 (1964) 1627–1639. 
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especially for techniques that are highly sensitive to variance.  There are several algorithms made 

for peak alignment, an example of which is the piecewise correlation optimized warping (COW) 

algorithms
12,15–17

 which shift the peaks found in samples closer to their respective peaks found in  

a designated target sample.  

Data reduction (Binning) 

 When chromatograms are huge and analyzing them using chemometrics would be too 

time consuming or impossible due to memory constraints, binning is often used to mitigate the 

problem.  Consider a 1,000×1,000,000 data matrix, by binning the first dimension by every two 

data points would result in a 500×1,000,000 data matrix.  If the 500×1,000,000 matrix were then 

binned in the second dimension by every two data points a 500×500,000 data matrix would be 

obtained, which is 25% the size of the original data matrix.  Binning data also provides the 

benefits of retaining the values of area or volume underneath the peaks (for GC-MS and 

GC × GC – TOFMS, respectively) and correcting for slight misalignment of peaks at the cost of 

chromatographic resolution.  It is a good practice to inspect the binned chromatogram to ensure 

that the loss of resolution is acceptable
18

. 

Mean Center and Autoscale 

 For chemometric methods that are scale dependent, meaning methods that place more 

importance to variables with greater signal, may be suseptible to bias caused by the magnitude of 

these variables.  Mean centering the data helps remove potential bias caused by the magnitude of 

                                                           
(15) J.S. Nadeau, R.B. Wilson, J.C. Hoggard, B.W. Wright, R.E. Synovec, J. Chromatogr. A. 1218 (2011) 

9091–9101. 

(16) J.S. Nadeau, B.W. Wright, R.E. Synovec, Talanta. 81 (2010) 120–128. 

(17) K.M. Pierce, B.W. Wright, R.E. Synovec, J. Chromatogr. A. 1141 (2007) 106–116. 

(18) R.A. Davis, A.J. Charlton, J. Godward, S.A. Jones, M. Harrison, J.C. Wilson, Chemom. Intell. Lab. Syst. 

85 (2007) 144–154. 
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signal by subtracting the respective means of each variable in each sample, which results in a 

matrix with a mean of zero.  Autoscale is the division of the variables in the mean centered data 

with their respective standard deviations, thereby creating a matrix with a unit scale
19

.  It is 

important to note that autoscale performs better using on distinct uncorrelated measurements as 

autoscale gives every datapoint equal weight.  With respect to correlated data such as a 

chromatogram or a spectrum, mean centering is more appropriate as autoscale would otherwise 

apply equal weight to variables that are not chemically meaningful such as baseline. 

 

1.3.2 Principal Component Analysis 

 

 Principal Component analysis (PCA) is an unsupervised chemometric technique designed 

to model the variance in a given X-block (X).  PCA analyzes two-way data: the first dimension 

(rows, denoted as i) corresponds to the samples and the second dimension (columns, denoted as 

j) corresponds to the variables, i.e the spectrum or the signal in a chromatogram.  PCA can be 

applied to both GC-MS and GC × GC – TOFMS chromatograms by unfolding (or vectoring) the 

chromatographic and mass spectral dimensions, as performed in the study of GC × GC –

 TOFMS chromatograms of RP-2 fuels using PCA – which is featured in chapter 4. 

 PCA analysis can be explained in short using the following equation: 

   X = 1xmean + TP’ + E       (1.3)
20

  

Where X is a (i × j) data matrix, 1xmean is an optional variable (included when  X has been mean 

                                                           
(19) P. Geladi, B.R. Kowalski, Anal. Chim. Acta. 185 (1986) 1–17. 

(20) S. Wold, K. Esbensen, P. Geladi, Chemom. Intell. Lab. Syst. 2 (1987) 37–52. 
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centered) and is composed of the outer product between a column vector of 1s and an averaged 

sample row vector xmean.  TP’ is PCA’s approximation of X using n factors known as principal 

components (PCs), where T (i × n) is the sample scores for n PCs, and P’ (n × j) is the transposed 

orthogonal loadings or patterns exhibited in the variables for n PCs.  E is the (i × j) error matrix 

or residual of variance not explained by the PCA model.  Alternatively, TP’ can be expressed as 

a series of orthogonal components where each principal component is the outer product between 

a corresponding set of scores and (orthogonal) loadings vectors (∑tnpn), as seen in Figure 1.5A.  

Note that PC1 will always describe the pattern that captures the most variance in X, and PC2 will 

capture the pattern with the second most variance in X orthogonal to PC1.  The maximum 

number of components is determined by the rank of X, which is defined as the number of 

linearly independent vectors in X.  A vector that is said to be linearly independent cannot be 

expressed as a combination of one or more of the other vectors in X.  These vectors could 

technically be either row or column vectors.  The rank is also dependent on the smallest 

dimension which is almost always i (samples) when analyzing chromatograms, of which 

examples can be seen in Figure 1.5B.  P’ could be considered as a redefinition of the axes with 

respect to the variance between variables and T corresponds to the magnitude.  A visual 

representation of this can be seen in Figure 1.5C.  Note that it is the responsibility of the user to 

inspect the PCA model(s) and determine the appropriate number of components, as the last 

possible components to use may only capture the variance attributed to noise.  Fortunately, PCA 

modes are nested models; due to the orthogonality of the PCs, a 3 PC PCA model for example, 

contains the entire 2 PC model nested within plus the third PC, meaning the user has the leisure 

of picking a relatively higher number of PCs and choose to remove or ignore the later PCs at no 

consequence -assuming they contain no relevant information.  Regarding the interpretation of T 
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and P’, T contain quantitative information on samples with respect to which samples are similar, 

while P’ contain the information of the source of variance with respect to the variables 

themselves
12,19–22

.  For a detailed interpretation of PCA models, please see results and discussion 

in chapter 4. 

 

1.3.3 Partial Least Squares Regression 

 

 Partial least squares regression (PLS) is a chemometric method related to PCA, with the 

purpose of correlating information between two data matrices, known as the X-block (X) and Y-

block (Y), respectively.  The intent of PLS is using X to predict Y, which is especially useful 

when the Y values are difficult, expensive, or time consuming to obtain.  As with PCA, PLS can 

be used to analyze GC-MS and GC × GC – TOFMS chromatograms after the chromatographic 

and mass spectral dimensions are unfolded.  PLS can be explained using scores and loadings 

similar to PCA.  Y is modeled using the following equation: 

   Y = UQ’ + F        (1.4)
19

  

where Y is a (i × k) data matrix, U (i × n) is the Y scores, Q’ (n × k) is the transposed Y loadings, 

and F (i × k) is the Y residuals.  A visual representation of Eq. 1.4 can be seen in Figure 1.6A.  

Note that mean centering or autoscaling can be applied to X, or Y individually but is omitted 

from the equation for the purpose of clarity.  Similar to PCA, X is modeled as: 

   X = TP’ + E        (1.5)
19

  

where X is a (i × j) data matrix, T (i × n) is the X scores, P’ (j × n) is the X loadings, and E (i × j) 

                                                           
(21)  A. Daffertshofer, C.J.C. Lamoth, O.G. Meijer, P.J. Beek, Clin. Biomech. 19 (2004) 415–428. 

(22)  R. Bro, Chemom. Intell. Lab. Syst. 38 (1997) 149–171. 
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is the X residuals.  A visual representation of Eq. 1.5 can be seen in Figure 1.6B.  It is crucial to 

note that TP’ in PLS differs from TP’ in PCA, as the PLS model captures variance with 

maximum correlation between X and Y.  For each corresponding factor, the n vectors of P’ are 

iteratively rotated until the covariance (linear relationship) between T and U is at a maximum.  

Once the PLS model is constructed, T can be used to estimate U, as shown in the following 

equation:  

   Upred = BT        (1.6)
19

  

where B is the regression coefficients matrix (of n values).  A visualization of Eq. 1.6 can be 

seen in Figure 1.6C and a visual representation of PLS can be seen in Figure 1.6D.  Eq. 1.6 

implies that one must simply be able to estimate U to be able to estimate Y itself.  Combining 

Eqs. 1.4 and 1.6 results in the following equation: 

   Y = BTQ’ +F        (1.7)
19

  

 Y can be estimated by using B, T, and Q’.  The factors in PLS are named latent variables (LVs) 

to help differentiate from principal components. 

 Testing the overall accuracy of the PLS model and obtaining statistical information on 

the residuals is important for making reliable Y predictions.  There are three common means of 

validating the model.  The first is validation using a new set of samples (a different X) not used 

in the calibration and using the PLS model to predict their respective Y.  The second type is 

called cross validation, using a training set vs. validation sets, where X is broken into subsets, 

that are used in creating a model which is tested (validated) using the other sub sets and 

statistical information is gathered from the results.  However, the number of subsets and the 

distribution of samples between the subsets can be of significance and it is up to the user to 

decide with a priori knowledge the appropriate number of sets and the distribution of samples.  
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For example, a model calibrated from a subset composed entirely of replicate samples would 

perform poorly in predicting values for other subsets compared to a model constructed of a 

subset composed of a wide variety of samples.  This method of cross validation is best suited for 

X matrices with a large number of samples.  The third validation type is called leave one out 

cross validation (LOOCV).  In LOOCV for n-samples, each combination of (n-1) samples is 

used to construct models which are used to predict against the sample left out.  LOOCV has the 

advantages of being comprehensive and working best on X with a small number of samples, 

though the drawbacks are that LOOCV is both memory intensive and time consuming so using it 

on large sets of samples may not be practical. 

 As with PCA, it is ultimately up to the user to determine the number of LVs for the PLS 

model.  Note however, in the case of PLS, the LVs are not necessarily orthogonal and therefore 

the models are not nested as with PCA.  The user must exercise caution in selecting the most 

appropriate number of LVs, and inspect the performance of each of the PLS models varying in 

the number of LVs with respect to the residuals and error (specifically the root mean squared of 

error of cross validation), and the linear regression vectors (LRVs).  The LRVs can be derived as 

expressed in the following equation: 

   LRV = PBQ’        (1.8) 

 LRVs can be used to inspect which variables appear most influential with respect to the 

correlation and when multiplied using an inner product operator with a new X, the predicted Y is 

obtained.  Moreover, it is advisable to follow the rule of parsimony, i.e. when encountering two 

sequential PLS models (with respect to the number of LVs) that offer somewhat similar results, 

if the difference is not statistically significant it is better to choose the PLS model with fewer 

LVs, as to minimize variance captured that may be attributed to noise
12,19

.  For  detailed 
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interpretations of various PLS models, please see the results and discussion sections in chapters 

3, 5 and 6. 

 

1.3.4 Parallel Factor Analysis 

 

 Parallel factor analysis (PARAFAC) is classified as a decomposition method, also known 

as canonical decomposition (CANDECOMP).  PARAFAC is used to mathematically resolve (or 

deconvolute) overlapping signals in X.  Unlike PCA and PLS which are designed for bilinear 

data, PARAFAC is designed to handle trilinear data without the need for unfolding the 

dimensions.  In the studies mentioned in subsequent chapters, PARAFAC is used as a tool for 

purifying signals of badly resolved analytes of interest (based on results from PLS and PCA) and 

identifying those analytes (PARAFAC is not a main focus of discussions presented herein). 

 PARAFAC model can be explained using the following equation: 

   X = ∑ AfBfCf + E      (1.9)
22

 

where X is a (i × j × m) data matrix, A (i × f), B (j × f) and C (m × f) are the loadings composed 

of f factors, and E (i × j × m) is the residual matrix.  Alternatively, one may view each individual 

factor as an outer product between three loadings vectors (in PARAFAC there is no distinction 

for the scores, rather it is another loadings), of which a visual representation can be seen in 

Figure 1.7.  PARAFAC resolves signals using the assumption that multi-dimensional signals of 

pure component (analytes in chromatograms) can be sufficiently defined by the outer product of 

three vectors (trilinear).  Plainly speaking, the PARAFAC algorithm is a multi-way version of 

alternating least squares (ALS); a deconvolution algorithm designed for two-way data.  In ALS, 
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X is a two-way data matrix that can be modeled using two matrices A and B.  The process 

involves: 

1) Initializing B, 

2) Using B and X to estimate A, 

3) Using A and X to recalculate B 

4) Continue iterating steps 2-4 until convergence, i.e. the residuals ||X-AB|| reaches a minimum. 

For PARAFAC an algorithm derived from ALS is applied to multi-way data.  The main 

difference in the PARAFAC algorithm is B and C are initialized are used along with X to 

estimate A, then the roles of A, B and C are alternated until convergence, meaning the sum of the 

squared residuals (calculated from E) reaches a minimum.  

 In practice, PARAFAC is analyzed on chromatogram sub-regions as the analysis of an 

entire GC × GC – TOFMS chromatogram would require a huge number of factors and would be 

time consuming
23

.  As long as an analyzed multi-way ( including but not limited to GC × GC – 

TOFMS) chromatographic sub-region has sufficient physical separation (selectivity) of each of 

the overlapped peaks on two of the three dimensions, then PARAFAC can resolve overlapping 

peaks and remove noise as independent factors, thus providing both the pure peak concentrations 

and mass spectral profiles without the need of standards
24

.  A potential pitfall for iteratively 

minimizing the sum of the squared residuals is when the algorithm hangs in a local minimum.  

Due to the (default) random initialization settings of PARAFAC, running the analysis several 

times and perhaps adjusting the stop criteria parameters with respect to the sum of the squared 

residuals can help ensure the sum of squared residuals converge on the absolute minimum.  In 

                                                           
(23)  J.C. Hoggard, W.C. Siegler, R.E. Synovec, J. Chemom. 23 (2009) 421–431. 

(24)  K.M. Pierce, B. Kehimkar, L.C. Marney, J.C. Hoggard, R.E. Synovec, J. Chromatogr. A. 1255 (2012) 3–

11. 
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situations where the model struggles, better preprocessing, introduction of standards and stricter 

model constraints can also help.  There are two constraints worth mentioning: nonnegativity and 

unimodality.  Nonnegativity restricts the PARAFAC model to have loadings with variables being 

≥ 0, while unimodality can be thought of as the signal of an analyte peak that can only appear 

once.  Moreover, it is crucial to inspect the model loadings to ensure they are logical.  All of the 

above (preprocessing, constraints, sum of the squared residuals, loadings inspection) helps in 

selecting the appropriate number of factors for the model.  As with PLS, PARAFAC models are 

not nested and selecting the correct number of factors is extremely important;  too few will result 

in failure to mathematically resolve some or all of the overlapping peaks, and too many will 

result in degeneracy.  For PARAFAC models using no constraints, the degeneracy manifests 

itself as two factors that appear very similar but differ in sign.  When nonnegativity constraint is 

enforced on a PARAFAC model, degeneracy appears as two or more factors each partially 

capturing the signal of a single peak.  As with PLS, one must parsimoniously choose the proper 

number of factors for the PARAFAC model
22–25

. 

 

1.3.5 Targeted Techniques Overview* 

 

 Specifically, targeted analysis refers to analytical projects where the objective is the 

identification or quantification of a specific list of analytes that may appear in a complex sample, 

while ignoring the remaining compounds
24

.  These methods often require a priori knowledge 

                                                           
* Large portions of this section published in: K.M. Pierce, B. Kehimkar, L.C. Marney, J.C. Hoggard, R.E. 

Synovec, J. Chromatogr. A. 1255 (2012) 3–11. 

 

(25)  K.M. Pierce, J.C. Hoggard, R.E. Mohler, R.E. Synovec, J. Chromatogr. A. 1184 (2008) 341–352. 
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such as the retention times reference mass spectra of targeted analytes.  The following 

paragraphs are a brief overview of various noteworthy techniques used in targeted analysis, 

recent advancements, and studies. 

 PARAFAC, as stated earlier, is used to deconvolute select peaks in sub chromatographic 

regions containing several overlapped peaks and/or baseline into a series of factors
22

.  For more 

detail, please see section 1.3.4 above.  Examples of recent studies using PARAFAC include, but 

are not limited to, resolving and quantifying targeted analytes (metabolites) in GC × GC –

 TOFMS chromatograms of bacterial samples
26

, isotopically labeled (12-C & 13-C) analytes
27,28

, 

dimethyl methylphosphonate (DMMP) forensic signatures
29

, and yeast metabolites
4,30

.  For 

PARAFAC to produce accurate results, the data analyzed must be trilinear.  PARAFAC2 is a 

notable robust variant on the PARAFAC algorithm designed to handle deviations from 

trilinearity (i.e. deviation from linearity in one of the dimensions).  In the case of within-run 

retention time shifts in the second column dimension, PARAFAC2 has been used to restore 

triliniearity to the data and provide more accurate quantitative results
31

. 

 ChromaTOF (by LECO) is a software package for various LECO 'separation science' 

instruments, specifically the GC × GC – TOFMS.  ChromaTOF can not only operate LECO 

instruments and visualize chromatograms but also contains both preprocessing tools such as 

                                                           
(26)  M. .   mez, S.  errera,  . Sol , E.  arc a-Calvo, A.R. Fern ndez-Alba, Anal. Chem. 83 (2011) 2638–

2647. 

(27)  S. Yang, M. Sadilek, R.E. Synovec, M.E. Lidstrom, J. Chromatogr. A. 1216 (2009) 3280–3289. 

(28)  E.M. Humston, J.C. Hoggard, R.E. Synovec, Anal. Chem. 82 (2010) 41–43. 

(29)  J.C. Hoggard, J.H. Wahl, R.E. Synovec, G.M. Mong, C.G. Fraga, Anal. Chem. 82 (2010) 689–698. 

(30) E.M. Humston, K.M. Dombek, J.C. Hoggard, E.T. Young, R.E. Synovec, Anal. Chem. 80 (2008) 8002–

8011. 

(31)  T. Skov, J.C. Hoggard, R. Bro, R.E. Synovec, J. Chromatogr. A. 1216 (2009) 4020–4029. 
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baseline correction and processing tools such as the mathematical peak resolution tool.  

ChromaTOF can also integrate with other software such as the NIST spectral matching software, 

allowing access to the NIST mass spectral library for a list of the best matches for any mass 

spectrum of interest.  Though originally designed for non-targeted applications, PARAFAC can 

be used for targeted analysis.  For instance, wastewater and river water samples were submitted 

to stir bar sorptive extraction (SBSE) followed by GC × GC – TOFMS separation, and 

ChromaTOF was used to deconvolute and identify the spectra of the targeted pollutants such as 

personal care products ad polycyclic aromatic hydrocarbons
26

.  Other studies using ChromaTOF 

software for targeted analysis include toxic waste samples from factories stationed in developing 

countries
32

, identifying compounds found in pyrolyzed oils
33

, and analysis of drug metabolites 

found in hair
34

.  ChromaTOF currently allows the export of processed peak table data, however 

to perform many chemometric techniques, it is crucial to have the ability to export the raw data 

(lossless transfer) from the instrument software and import it into data analysis software tools 

such as MATLAB or Excel.  A function has recently been developed to help import data from 

ChromaTOF to MATLAB called ‘peg2mat’
35–38

. 

                                                           
(32)  J. de Vos, R. Dixon, G. Vermeulen, P. Gorst-Allman, J. Cochran, E. Rohwer, J.-F. Focant, Chemosphere. 

82 (2011) 1230–1239. 

(33)  T. Sfetsas, C. Michailof, A. Lappas, Q. Li, B. Kneale, J. Chromatogr. A. 1218 (2011) 3317–3325. 

(34)  B. Guthery, T. Bassindale, A. Bassindale, C.T. Pillinger, G.H. Morgan, J. Chromatogr. A. 1217 (2010) 

4402–4410. 

(35)  R.E. Mohler, K.M. Dombek, J.C. Hoggard, K.M. Pierce, E.T. Young, R.E. Synovec, Analyst. 132 (2007) 

756–767. 

(36)  K.M. Pierce, J.C. Hoggard, J.L. Hope, P.M. Rainey, A.N. Hoofnagle, R.M. Jack, B.W. Wright, R.E 

Synovec, Anal. Chem. 78 (2006) 5068–5075. 

(37)  J.C. Hoggard, The Synovec Research Group at UW, (http://depts.washington.edu/synlab/people/dr-jamin-

hoggard-2/). 

http://depts.washington.edu/synlab/people/dr-jamin-hoggard-2/
http://depts.washington.edu/synlab/people/dr-jamin-hoggard-2/


23 
 

 Match algorithms can also be used for both target analysis and comprehensive non-target 

analysis.  NIST is a commercial mass spectral library for a wide variety of compounds. 

SEQUEST and MASCOT are smaller protein and peptide web based mass spectral libraries.  

Researchers wanting to use a small mass spectral library specifically for targeted analytes used 

both SEQUEST and MASCOT to construct the ZFIN database, designed for identifying and 

quantifying targeted proteins found in Zebra fish
39

. 

 The ability to target groups of chemicals (compound classes) can be useful, especially in 

chromatograms that are extremely rich with chemical information and targeting individual 

compounds is either impractical or less relevant.  Targeting groupings of compound (or 

compound classes) is essentially targeted anaylsis, only the scope of the analysis is larger.  One 

such approach to target compound classes is using partial least squares (PLS) analysis.  In a 

sense, identifying compounds of interest that exhibit correlation with respect to measured 

properties, followed by deconvoluting the peaks using PARAFAC as needed and finally forward 

their respective mass spectra to a search library for identification.  n-PLS is a PLS variant 

designed for n-way data exhibiting ‘n-linearity’; as a result, the n-PLS has stricter criteria in 

model construction in comparison to PLS.  Both PLS and/or n-PLS have been used to analyze 

GC × GC – TOFMS chromatograms of metabolic samples
40

, adulterated gasoline
41

, gasoline and 

                                                                                                                                                                                           
(38) K.M. Pierce, J.C. Hoggard, Chromatographic data analysis. Part 3.3.4: handling hyphenated data in 

chromatography, Anal Methods (2014), DOI 10.1039/C3AY40965A 

(39)  M.B. Lucitt, T.S. Price, A. Pizarro, W. Wu, A.K. Yocum, C. Seiler, M.A. Pack, I.A. Blair, G.A. 

FitzGerald, T. Grosser, Proteomics. 7 (2008) 981–994. 

(40)  T. Gröger, R. Zimmermann, Talanta. 83 (2011) 1289–1294. 

(41)  M.P. Pedroso, L.A.F. de Godoy, E.C. Ferreira, R.J. Poppi, F. Augusto, J. Chromatogr. A. 1201 (2008) 

176–182. 
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kerosene blends
42

, and blends of conventional diesel with biodiesel
43

. 

 Additionally for targeting compound classes, one can use supervised statistical 

classification based algorithms such as Fisher ratios (F-ratios).  F-ratios highlight the differences 

between sample classes via a ratio between the class-to-class variation and within class variation.  

F-ratios have been used to differentiate types of cacao bean samples and the biomarkers were 

identified by forwarding their respective mass spectrum to the NIST library search tool in 

ChromaTOF.  The peak analytes were also quantified using an in-house GUI of targeted 

PARAFAC
44,45

.  Another report used F-ratios, PARAFAC and PCA for quantifying potential 

biomarkers for perinal asphyxia
46

. 

 Also in-house processing tools should be mentioned.  These various collections of code 

labeled as ‘in-house software’ can include but are not limited to custom scripts for managing 

commercial software, applying known methods to higher order data, or altogether new 

algorithms for analyzing data for either targeted or non-targeted analysis.  One example is the 

study of valley to peak ratio on GC × GC chromatograms to measure the resolution of the 

targeted analytes and estimate the error of quantification
47

.  The Dotmap algorithm is an in-house 

software that can be used for both custom mass spectral libraries or NIST
48,49

.  An algorithm 

                                                           
(42)  L.A.F. de Godoy, E.C. Ferreira, M.P. Pedroso, C.H. de V. Fidélis, F. Augusto, R.J. Poppi, Anal. Lett. 41 

(2008) 1603–1614. 

(43)  K.M. Pierce, S.P. Schale, Talanta. 83 (2011) 1254–1259. 

(44)  E.M. Humston, J.D. Knowles, A. McShea, R.E. Synovec, J. Chromatogr. A. 1217 (2010) 1963–1970. 

(45)  E.M. Humston, Y. Zhang, G.F. Brabeck, A. McShea, R.E. Synovec, J. Sep. Sci. 32 (2009) 2289–2295. 

(46)  A.C. Beckstrom, E.M. Humston, L.R. Snyder, R.E. Synovec, S.E. Juul, J. Chromatogr. A. 1218 (2011) 

1899–1906. 

(47)  S. Peters, G. Vivó-Truyols, P.J. Marriott, J. Chromatogr. A. 1146 (2007) 232–241. 

(48)  J.L. Hope, A.E. Sinha, B.J. Prazen, R.E. Synovec, J. Chromatogr. A. 1086 (2005) 185–192. 
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called alternating weighted residue constraint quadrilinear decomposition (AWRCQLD) is a 

third order calibration algorithm designed for analyzing quadrilinear data
50

, i.e such as 

GC × GC × GC – TOFMS chromatograms. 

 

1.3.6 Non-targeted Techniques Overview 

 

 Non-targeted analysis is a comprehensive analysis of the entire set of data such as 

chromatograms for compounds of significance with minimal to no a priori knowledge and user 

input, often analytes that are either unique to specific samples or that vary in concentration 

across samples.  As implied earlier, manychemometric techniques can be used both in a targeted 

and non-targeted manner
24

. 

 For non-targeted techniques there are mainly two flavors: supervised and unsupervised.  

When a technique is classified as supervised it means either a standard is used in the analysis or 

classification of the samples is given and unsupervised means no such information is forwarded 

to the technique
24

. 

 PCA is an example of unsupervised technique (see section 1.3.4).  PCA has been used is 

the study of the effects of peak alignment
16

.  Other supervised techniques worth mentioning are: 

Fisher ratios 
16

 and analysis of variance (ANOVA, which uses the F-test to analyze and highlight 

locations of variance between classes of samples on a pixel or a data point level)
24,51

.  PLS is 
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another supervised technique (discussed in section 1.3.3) and its use in studies are presented 

herein chapters 3, 5 and 6. 

 PARAFAC, which has been previously mentioned in section 1.3.5 (targeted techniques 

overview), can also be used as an unsupervised non-targeted analysis technique; an algorithm 

exists that calculates the best number of components to use by comparing the extracted mass 

spectrum from different components from the same and different models to each other
52

.  It was 

further developed to allow the analysis of an entire chromatogram or a set of chromatograms by 

breaking the task into a series of sub region chromatograms to be analyzed
23,24

. 

 ChromaTOF as stated earlier can be used for non-targeted anaylsis by applying some of 

the included tools such as PCA, and F-ratios
44,45

. 

 

1.4 Conclusions 

 

 Data analysis will always be a part of research, especially with information-rich data such 

as chromatograms (GC-MS and GC × GC – TOFMS).  The overview included the basics of the 

separation in chromatography, the instrumentations used, and the data formats used.  The data 

analysis process was explained including preprocessing and processing of PCA, PLS, and 

PARAFAC.  Furthermore, recent advancements in both targeted and non-targeted analysis of 

multi-dimensional chromatograms were also briefly discussed.  This chapter sets the ground 

work for the following chapters and serves as a brief introduction.  

                                                           
(52)  J.C. Hoggard, R.E. Synovec, Anal. Chem. 80 (2008) 6677–6688. 
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Figure Captions 

 

 
 

Figure 1.1.  (A) An illustration of a gas chromatograph (GC) instrument.  (B) An illustration of a GC 

chromatogram showing three separated peaks.  (C) An illustration of a GC instrument setup for GC × GC 

separation.  (D) An illustration of a GC × GC chromatogram containing seven demonstrating the 

separation power of two columns as using only the primary column would fail to separate all seven peaks. 
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Figure 1.2.  (A) An illustration of a quadrupole mass spectrometer.  (B) An illustration of a time-of-flight 

mass spectrometer (TOFMS or TOF).  (C) Mass spectrum of adamantane. 
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Figure 1.3.  (A) An illustration of a GC-MS chromatogram, the dashed lines represent individual 

selective m/z chromatogram, the solid line represents the total ion current (TIC) chromatogram which is 

the summation of all selective m/z chromatograms.  (B) As a way of representing the GC × GC – TOFMS 

chromatogram, an illustration of the data cube is used.  Each specific data point is a function of the two 

chromatographic dimensions and the mass spectral dimension. 
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Figure 1.4.  (A) GC × GC – TOFMS TIC chromatogram using a normal column configuration.  The 

sample used was a jet fuel (POSF54658), regions are encircled and labeled; note the major separation is 

between aromatics and alkanes (with the alkanes group containing both alkanes and cycloalkanes), 

courtesy of Dr. Jamin C. Hoggard.  (B) The simulated 1D TIC chromatogram analogue of Figure 1.4A by 

summing the second dimension, the apparent rise in baseline is due to the huge number of overlapping 

peaks, courtesy of Dr. Jamin C. Hoggard.  (C) Raw GC × GC – TOFMS TIC chromatogram of RP fuel 

LB073009-09, using a reverse column configuration.  The alkanes and cycloalkane groups are well 

separated, along with the di- & tri-cycloalkanes group and the aromatic groups (where a few faint peaks 

can be seen), isomers are separated in diagonal patterns. 
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Figure 1.5.  (A) A visual representation of the PCA model, where X is approximated by a series of 

components (outer product between scores and loadings) and the remainder of unexplained (uncaptured) 

variance remains in the residual matrix E.  (B) A visual example for explaining the rank of a matrix.  (I) A 

3 × 3 identity matrix I, is an example of a matrix with full rank.  (II) A rank deficient matrix as the third 

column vector can be expressed as a combination of the first two column vectors.  (C) An illustration of 

captured variance of data in using PCA, the PCs could be seen as a redefinition of the axes for the data, in 

this illustration the origin of the PC is at the center of the data, implying that mean centering was 

performed. 
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Figure 1.6.  A visual representation of the PLS model.  (A) The variance modeled for Y, similar to PCA.  

(B) The variance of X captured each latent variable (outer product of scores and loadings) has a 

maximum correlation with the corresponding component in Y.  (C) Using the scores from X and its 

respective regression coefficient, the scores of Y can be estimated.  (D) A visual representation of PLS; 

the Loadings of X is rotated so that the X scores achieve the maximum correlation with the Y scores. 
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Figure 1.7.  A visual representation of modeling a trilinear X using a series of factors (PARAFAC). 
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Chapter 2: Temporal Mass Spectral Ratio Analysis Method (TMSRA)
53

* 

2.1 Introduction 

 

 Gas chromatography (GC) is a widely used analytical technique
16,44,54–58

, for many 

studies including, but not limited to, the following areas: pesticides analysis
16,54,55

, the petroleum 

industry
16

, for toxicology
56

, the food and beverage industry
44,54,57

, and for metabolomic 

studies
44,54,58

.  As with any chemical analysis technique, data analysis plays a necessary role.  It 

is critical to rapidly and confidently analyze the data.  In many studies, the analyst is interested in 

specific compounds, referred to as targeted analysis.  In contrast, if the analyst is searching for 

initially unknown analytes; this is often referred to as untargeted analysis.  This report is aimed 

at improving GC data analysis for targeted analysis. 

 The algorithm presented herein is designed for processing data acquired from a GC 

coupled to mass spectrometry (MS).  The algorithm is also designed for situations where high 

throughput is needed.  The samples may be complex (the total number of compounds may far 

exceed that of targeted analytes) and chromatographically and mass spectrally interfering 

compounds are likely.  Taking these factors into account, it is expected that the chromatographic 

                                                           
* Large portions of this chapter published in: B. Kehimkar, J.C. Hoggard, J.S. Nadeau, R.E. Synovec, 

Talanta. 103 (2013) 267–275. 
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resolution, Rs, between compounds could be compromised for targeted analytes. 

 There are many methods one may use to quantify targeted analytes
59–61

.  Some MS 

quantification methods use the selective ion monitoring (SIM) mode.  By preselecting the mass 

channels (m/z) to monitor, and using the intensities to quantify the targeted analyte(s), there are 

benefits of greater sensitivity, greater signal-to-noise ratio (S/N), and lower limit-of-detection 

(LOD) when compared to scan mode.  However, the SIM mode is less comprehensive than the 

scan mode, since the m/z range collected is generally small, thus it may be difficult to confidently 

identify all compounds of interest
55

.  Also, the m/z used in the SIM mode may be interfered by 

signals from non-targeted compounds, which may change from run-to-run.  While it may be 

possible to detect interfering compounds in many situations, this cannot be corrected without 

either a loss of confidence in results or additional experiments required to provide confidence. 

 There is also software used to deconvolute (mathematically resolve) and quantify 

analytes such as AMDIS
55,56,59

, or ChromaTOF
61

.  Though both AMDIS and ChromaTOF can be 

used for targeted analysis, they are primarily non-targeted analysis methods, and can be time 

consuming for data computation and interpretation steps.  Alternatively, one could choose 

chemometric tools to deconvolute and quantify targeted analytes.  Parallel factor analysis 

(PARAFAC)
22

 and trilinear decomposition (TLD)
62

 are two examples; both however, are multi-

way methods, so to work on GC-MS data they require simultaneously analyzing several 

temporally aligned GC-MS runs, and this process can be time consuming.  Another chemometric 

                                                           
(59)  J.M. Halket, A. Przyborowska, S.E. Stein, W.G. Mallard, S. Down, R.A. Chalmers, Rapid Commun. Mass 

Spectrom. 13 (1999) 279–284. 

(60)  W.G. Pool, J.W. de Leeuw, B. van de Graaf, J. Mass Spectrom. 32 (1997) 438–443. 
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(62)  E. Sanchez, B.R. Kowalski, J. Chemom. 4 (1990) 29–45. 
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tool to consider is the generalized rank annihilation method (GRAM)
63

.  GRAM is used for 

targeted analysis and can be applied to a single GC-MS run when data from a standard exists 

(i.e., requiring another GC-MS run with the standard, typically spiked into the original sample).  

A major drawback is that GRAM may fail if the targeted analyte is severely overlapped with 

another compound, or if the analyte peak in the standard (spiked sample) is misaligned with the 

analyte peak in the original sample, or if there is a difference between the shape of the peaks of 

the standard and the sample.  Alternatively, multivariate curve resolution-alternating least 

squares (MCR-ALS)
64,65

 could be used, though ambiguities can pose problems in “un-mixing” 

the targeted analyte.  A daunting drawback for applying chemometrics is that in most instances 

the algorithms require their respective input parameters to be selected on a case by case basis, so 

having them run automatically is generally not possible
52

.  Of course, one may achieve a better 

separation for a particular analyte by adjusting instrumental parameters; this approach requires 

running the sample more times, may compromise the separation of other analytes, and may not 

always be possible, especially when time and/or resources are limited.  Hence, often modifying 

the GC separation conditions may not be an appealing solution. 

 In contrast, the data analysis method presented herein is designed to rapidly analyze GC-

MS data, one run at a time, even with significant chromatographic peak overlap.  The method 

and algorithm presented is referred to as targeted mass spectral ratio analysis (TMSRA), and it 

runs automatically with the following inputs and specifications: (1) a standard or representative 

sample chromatogram for alignment, (2) the processed spectra of the targeted analytes (see 
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Theory section), (3) the respective retention times and the m/z range scanned for each targeted 

analyte, and (4) code to automate the initialization process of the algorithm and storing the 

results.  The basis of TMSRA is the following: as long as there are a few m/z of a given targeted 

analyte that are objectively determined to be sufficiently pure (not interfered significantly so bias 

is minimal), quantification is possible even at low Rs.  The determination of sufficient mass 

spectral purity is done by evaluating the ratios between intensities of m/z in a spectrum and 

comparing the results relative to those from a library spectrum to identify all m/z sufficiently 

pure to ensure accurate quantification.  While quantifying targeted analytes using selective m/z is 

not new, the approach we utilize to evaluate m/z is novel by requiring “internal consistency” with 

the list of sufficiently pure m/z that are found.  

 For the first study, the targeted analyte was perfluorotributylamine (PFTPA), commonly 

used to calibrate mass spectrometers.  The objective of the first study was to evaluate the mass 

spectrometer reproducibility and aid in selecting a mass spectral threshold for the subsequent 

case study.  For the subsequent case study the targeted analyte was 1-heptene, and the interferent 

was n-heptane.  They were selected due to their mass spectra being very similar with signal at 

many m/z in common.  Chromatographic data regions containing a pure GC-MS peak of these 

analytes were extracted (for 5 replicates), and mathematically added at various temporal offsets 

to generate various degrees of peak overlap to facilitate evaluation of the TMSRA algorithm as 

the Rs between the two compounds was controlled, spanning a Rs range of 0 to 1.5.  The 

quantitative deviation (and bias) and precision for 1-heptene was studied as a function of Rs. 
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2.2 Theory 

 

 When chromatographic resolution, Rs, is compromised between a targeted analyte, T, and 

an interfering unknown compound, U, the challenge is to determine which m/z of the target 

analyte are sufficiently pure for quantification.  For this discussion, resolution is defined as 

   Rs = (
T
tR - 

U
tR) / (( 

T
Wb + 

U
Wb) / 2)     (2.1)

1
 

where tR and Wb are the retention time and peak width at the base, respectively.  Wb is defined as 

four times the standard deviation of the peak using a Gaussian peak model for simplicity. 

 For targeted analysis, the ratios between intensities of paired m/z channels serve as a 

guide to identify sufficiently pure i.e. uninterfered, m/z (or mass channels), meaning the m/z in a 

sample are compared to those in a library spectrum, L, which is a designated standard of a given 

target analyte.  For subsequent clarity during visualization purposes, the m/z of L are sorted 

(indexed) according to intensity in descending order.  Taking the respective indexed m/z for L, 

each intensity is divided by other intensities as shown in Eq. (2.2) to produce the ratio matrix, 

L
Ri,j.  Where 

L
Ii is the signal intensity of indexed m/z i in L, and 

L
Ij is the signal intensity of 

indexed m/z j in L; the elements of the ratio matrix are given by, 

   
L
Ri,j = 

L
Ii / 

L
Ij        (2.2) 

Alternatively, one may see this procedure as treating the intensities of indexed m/z values as a 

vector and taking the outer product between the vector and its respective (element by element) 

inverse.  Calculating 
L
Ri, j (for all i and j) generates a matrix of ratios between all m/z as shown in 

Table 2.1A.  
L
Ri, j values on the diagonal are equal to 1, (because there, i = j, thus 

L
Ii = 

L
Ij).  In the 

lower left triangle of the matrix, 
L
Ri, j is less than a value of 1 (since there, 

L
Ii < 

L
Ij).  The upper 
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right portion of the matrix is simply the inverse of the lower left triangle (
L
Ii > 

L
Ij).  To remove 

redundancy in 
L
Ri, j, it is useful to exclusively use the lower left triangle. 

 Likewise, the m/z index of L is used to sort the m/z of the given targeted analyte in the 

sample spectrum, S, resulting in the sorted m/z of S corresponding with the sorted m/z of L.  

Similar to Eq. (2.2), the ratio matrix 
S
Ri, j is calculated as follows, 

   
S
Ri, j = 

S
Ii / 

S
Ij        (2.3) 

where 
S
Ii is the signal intensity of indexed m/z i in S, and 

S
Ij is the signal intensity of indexed m/z 

j in S.  Next, the deviation between 
L
Ri, j and 

S
Ri, j relative to 

L
Ri, j is calculated by Eq. (2.4), and 

the results are the elements of matrix Xi, j (see Table 2.1B), 

   Xi, j = (
S
Ri, j - 

L
Ri, j) / 

L
Ri, j      (2.4) 

where Xi, j is the indexed mass purity matrix and the division is done element by element.  Pure 

m/z in S, relative to each other, have corresponding Xi, j values close to 0, affected primarily by 

noise.  If an m/z in S is being interfered, the corresponding |Xi, j| absolute values should be greater 

since the intensity relative to other m/z would not match those in L.  Looking at Table 2.1B, the 

elements on the diagonal have a value equal to 0 (because 
S
Ri, j = 

L
Ri, j = 1).  Another noticeable 

pattern is that when the values of i and j in Xi, j are transposed, then the sign changes, as 

confirmed by Eq. (2.4).  Again, to remove redundancy, only the lower left triangle is used. 

 As the number of indexed m/z values increases, so does the complexity of 
S
Ri, j, 

L
Ri, j and 

Xi, j.  To help interpret the results embedded in plots of Xi, j, connectivity (or adjacency) matrices 

Ci, j are derived from the lower left triangle of Xi, j.  Detailed explanation on connectivity matrices 
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can be found elsewhere
66,67

.  Briefly, as used herein, connectivity matrices describe the 

relationship (i.e., the connection) between the elements of two vectors (here, indexed m/z) as a 

binary map.  The matrix Ci, j is constructed by setting a tolerance value for the lower left triangle 

of |Xi, j|, the most deviation the analyst is willing to accept from 
S
Ri, j (analyte in a sample) with 

respect to 
L
Ri, j, (the target analyte standard), with the result being a logical matrix containing a 

value of 1 where Xi, j elements are within the desired tolerance, and a value of 0 where they are 

not.  A lax tolerance will have many elements with a value of 1 in Ci, j, while a strict tolerance 

will have few.  The aforementioned tolerance is a value between 0 and 1, and can alternatively 

be seen as a percent deviation from the standard; for example a value of 0.1 can be seen as a 

tolerance of up to 10% deviation from 
L
Ri, j. 

 The Ci, j matrix is transposed Ci, j
T
 and added to itself Ci, j + Ci, j

T
, producing an 

'uncondensed' connectivity matrix Ai, j.  In interpreting the matrix Ai, j, each element can be 

thought of as indicating the purity of pairs of indexed m/z, or alternatively, each row i, having a 

length equal to the number of indexed m/z being analyzed, indicating the purity of the m/z 

indexed by i with respect to those m/z indexed by j.  Each element whose value is 1, meets the 

tolerance criteria with respect to the ratio of indexed m/z i and j, meaning the relative intensities 

of the m/z are consistent (to within tolerance) with those found in L. 

 One often finds patterns or rows in Ai, j that appear identical to each other; this can be 

interpreted as a confirmation (from a different indexed m/z as a function of i) that the ratios of 

the particular set of indexed m/z indicated in Ai, j are consistent.  The diagonal is made equal to 

                                                           
(66)  Y. Marrero-Ponce, E.R. Martínez-Albelo, G.M. Casañola-Martín, J.A. Castillo-Garit, Y. Echevería-Díaz, 
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elements with a value of 0, because these elements will always give a value of 1 for tolerances 

greater or equal to a value of 0, (since Xi, j = 0 when i = j).  This also clears rows that only have a 

value of 1 on the diagonal as they can be interpreted as “the only indexed m/z as a function of j 

that are consistent with indexed m/z as a function of i is when i = j.”  The resulting matrix, after 

setting the diagonal of Ai, j to a value of 0, was denoted as Di, j.  However, slight differences 

between sets of m/z in Di, j indicated as pure complicate the logic to determine which set of m/z 

are consistent.  To proceed, the Di, j matrix is taken to the second matrix power, Di, j
2
.  The 

resulting effect is to soften the strict logical tolerance criteria of the connectivity matrix (as 

explained below) in order to achieve the goal of including at least three indexed m/z in each valid 

set.  A minimum of three indexed m/z are needed; this is because it is not possible to recover an 

original set of m/z having fewer than three members found in Ai, j after setting the diagonal to a 

value of 0 (as seen in Figure 2.1A) and then squaring the resulting matrix, Di, j to Di, j
2
 (seen in 

Figure 2.1B).  The matrix multiplication of Di, j to itself annexes or connects the indexed m/z that 

are consistent with at least one indexed m/z within the set (known as including or connecting 

through the nearest neighbor) hence moderately increasing the size of the indexed m/z set and 

softening the connectivity matrix criteria (as seen in Figure 2.1B).  All nonzero elements in Di, j
2
 

are set to a value of 1 and plotted as a matrix of dots, each dot represents Xi, j values that meet the 

set tolerance (including through the nearest neighbor).  All sets (rows) with three or more 

elements equal to a value of 1 are extracted (excluding duplicate sets); the result is a collection of 

various sets of m/z that could (in principle) be used to quantify the target analyte T. 

 Before explaining the decision process to determine which set of m/z to use for 

quantification, the process of how the peak height is calculated needs to be explained.  Referring 
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back to L, the sum of intensities of a set of m/z in L can be thought of as ∑
L
Iset, or a fraction, q, of 

the summed intensities of all m/z in L,  

   q = ∑
L
Iset  / ∑

L
Itotal       (2.5) 

The peak height of analyte T, in S (the sample) is calculated by taking the sum of intensities of a 

set of m/z multiplied by its respective reciprocal of q (calculated from L), and is given by, 

   ∑
S
Itotal (calc) = ∑

S
Iset  /q       (2.6) 

The calculated TIC equivalent peak height ∑
S
Itotal (calc) for the sample is a close approximation of 

a pure TIC peak height of S; this procedure facilitates comparison across different sets of m/z.  

Implementing this procedure for every set of m/z extracted from Di, j
2
, gives a list of possible 

quantitative answers for the TIC equivalent peak height of T.  At this point one may ask “which 

peak height is the best answer?” Logically, if T is present, and if there are several m/z of T 

sufficiently unaffected by interfering compounds U, then any interference from U would only 

add to the signal of the T's peak height.  Therefore, the most correct set of m/z to use for 

quantifying T is the set of m/z producing the lowest TIC equivalent peak height (i.e., which 

minimizes bias).  Indeed, using a SIM mode approach, while fast, does not provide quantitative 

information to minimize bias, such as done in the method we employ. 

 Finally, for the purposes of this report to study quantitative accuracy and precision as a 

function of Rs, per the experimental design for the case study with 1-heptene and n-heptane, the 

calculated peak heights for each run are divided by their corresponding pure peak heights (same 

sample replicate prior to undergoing simulated peak overlap).  Thus, the concentration ratio, F, 

of the analyte in the sample relative to the analyte in the library standard, is determined using the 

ratio of TIC equivalent peak heights, following from Eqs. (2.5) and (2.6), 
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   F = ∑
S
Itotal (calc) /∑

S(pure)
Iset       (2.7) 

thereby 'normalizing' the quantitative result for determining concentration.  For the case study, 

ideally, F = 1 should be experimentally obtained. 

 

2.3 Experimental 

 

 The instrument used was an Agilent 6890 GC equipped with a 5973A Mass Spectrometer 

with unit mass resolution and a 7683B auto injector (Agilent Technologies, Palo Alto, CA, 

USA).  Samples were run through a 30 m J&W 122-503E DB-5 capillary column, with 250 μm 

i.d., and 0.5 μm film thickness (Agilent Technologies, Palo Alto, CA, USA).  The inlet 

temperature was 250 °C.  The temperature program utilized an initial temperature of 35 °C for 

1.15 min, then ramped at a rate of 5 °C /min to 60 °C, then ramped at 35 °C /min to 300 °C with 

this final temperature maintained for 1.5 min.  The flow rate was held at 1.4 ml/min with an 

initial head pressure of 2.48 psig (17.1 kPa above ambient pressure) using H2 as carrier gas.  The 

mass spectrometer parameters were as follows: the electron energy (filament voltage) parameter 

was set to 70 eV, and the m/z scan range was 50 to 220 for the PFTBA study and 40 to 140 for 

the case study with 1-heptene and n-heptane.  The 'sample' parameter (the number of times the 

signal abundance of each m/z is recorded then averaged) was set to 4, and the data acquisition 

rate was set to 20 Hz.  For the case study, 0.5 μl of each sample was injected via the auto injector 

using split-less injection mode. 

 Since the proposed computational method relies heavily on the ratios between the 

intensities of m/z, the reproducibility of the spectrum and the mass spectral threshold needed 

investigation.  Perfluorotributylamine (PFTBA) (Agilent Technologies, Palo Alto, CA, USA) 
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was used to evaluate these issues since it is the tuning compound for the quadrupole MS.  Since 

perfluoroalkanes are commonly used in tuning MS instruments
68

, it is assumed that for the 

specific vial of PFTBA the spectrum is fairly reproducible, and therefore could be used to gauge 

the run-to-run variation of m/z over a wide range of intensities.  The intensities of the 

aforementioned m/z in the range 50 to 220 were measured for each spectrum.  Twelve PFTBA 

spectra were collected over three weeks, in order to assess longer term reproducibility issues.  

The spectra were then manually imported into Matlab2009b (Mathworks, Natick MA, USA) 

where the pool of spectra were analyzed using principal component analysis (PCA) software 

from PLS_Toolbox Version 6.2, (Eigenvector Research, Inc., Wenatchee WA, USA), and the 

scores of each PFTBA spectrum were used to calculate the Mahalanobis distance to determine 

the spectrum best suited, i.e., that with the smallest average Mahalanobis distance, for use as the 

library
69–71

.  The remaining spectra were then analyzed with respect to the library using a 

subsection of the TMSRA algorithm; the subsection entails from the start of the original 

algorithm to the calculation of the index mass purity plot (Eq. (2.4)).  The reason for omitting the 

quantification portion of the algorithm is because the focus of this particular study was to 

qualitatively analyze the spectra and to validate that the run-to-run variance was relatively small. 

 The test compounds reported herein for the case study are 1-heptene and n-heptane, 

(Sigma-Aldrich, St. Louis MO, USA) were used to make mixtures (by mass between 450 to 

750 mg).  A 100 to 150 mg aliquot from the stock of standard mixtures was diluted in 5000 mg 

of acetone, resulting in seven standards of various mixtures of compounds of known 

                                                           
(68)  E. Estrada, J. Chem. Inf. Comput. Sci. 35 (1995) 31–33. 

(69)  T.I. Dearing, J.S. Nadeau, B.G. Rohrback, L.S. Ramos, R.E. Synovec, Talanta. 83 (2011) 738–743. 

(70)  M. Fransson, S. Folestad, Chemom. Intell. Lab. Syst. 84 (2006) 56–61. 

(71)  M. Daszykowski, B. Walczak, J. Chromatogr. A. 1176 (2007) 1–11. 
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concentration between 2500 to 3700 ppm.  In the case study, 1-heptene was designated as the 

target while n-heptane was used as the interferent.  Other case studies with other compounds 

were performed, with results not presented for brevity, since the 1-heptane : n-heptane case was 

the most challenging and interesting case.  Samples were run in sets of 6 replicates and the 

regions containing the target analytes were extracted.  One 1-heptene replicate was arbitrarily 

chosen as the reference and its mass spectrum was designated as the library spectrum, the 

remaining five peaks were used for simulated peak overlap with the interfering n-heptane peak. 

 Data analysis was performed on an Athlon II X2 (AMD, 3.1 GHz) with 4 GB of RAM.  

Prior to analysis, GC-MS data files were imported into Matlab2009b (Mathworks, Natick MA, 

USA) using an in-house developed Matlab function.  GC-MS data were subjected to m/z channel 

'de-skewing' (details found elsewhere
13

) and the chromatograms were aligned using in-house 

software
16,17,72,73

.  For simulated chromatographic overlap, regions of the chromatograms 

containing well resolved analyte peaks (1-heptene and n-heptane) were extracted.  For each 

replicate, the two chromatographic regions, one containing the targeted 1-heptene peak, with the 

other containing the n-heptane peak serving as the interferent, underwent baseline correction, and 

then were summed along the time axis to achieve peak overlap at a desired Rs as calculated in 

Eq. (2.1).  The Rs range studied was 0 to 1.0 in increments of 0.1, and included the Rs values 1.25 

and 1.5.  The ‘simulated peak overlap data' underwent data analysis processing following the 

algorithmic steps described in the Theory section.  All the necessary information (the 

chromatographic regions used to extract the library spectrum (L), m/z range, expected tR) was 

                                                           
(72)  K.M. Pierce, J.L. Hope, K.J. Johnson, B.W. Wright, R.E. Synovec, J. Chromatogr. A. 1096 (2005) 101–

110. 

(73)  N.E. Watson, M.M. VanWingerden, K.M. Pierce, B.W. Wright, R.E. Synovec, J. Chromatogr. A. 1129 

(2006) 111–118. 
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input into the algorithm, which was allowed to process without further user intervention.  The 

spectrum of S used for analysis was collected (via summation) across ±σ of the expected 
T
tR of 

the 1-heptene peak from which L was derived.  The mass spectral threshold used was 1%.  This 

threshold was chosen because of the results of the PFTBA experiment (as will be described later 

herein), which indicated the relative intensities of m/z with an intensity greater than 1% (of the 

most intense m/z) are sufficiently reproducible.  Since there was no prior knowledge of what 

tolerance would be best to use in generating Ci,j (and the eventual Di,j
2
) with respect to the 

calculation of the peak height for a given T, a broad range of tolerances were investigated, 

ranging from 0.025 to 0.25, in increments of 0.025 (corresponding to deviation of 2.5% to 25%) 

for each Rs investigated.  For brevity and clarity, only tolerances ranging from 0.05 to 0.2 are 

presented.  Results (calculated peak heights and corresponding sets of m/z) obtained using 

TMSRA, for each Rs and at each tolerance value were plotted in Excel 2007 (Microsoft, 

Redmond WA, USA).  After analysis, for each run, calculated peak heights were divided by their 

corresponding pure peak heights (same run prior to undergoing simulated peak overlap with an 

interfering peak), thereby 'normalizing' the quantitative result that should ideally have a value of 

1 based upon Eq. (2.7).  This process was performed to minimize the error due to 

instrumentation and help study the method presented in terms of both precision and accuracy. 

 

2.4 Results and Discussion 

2.4.1 PFTBA Study  

 

 The purpose of the PFTBA study was to assess the precision of the TMSRA algorithm 

and to determine suitable algorithmic tolerance levels.  The library spectrum and a representative 
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sample spectrum are shown in Figure 2.2.  The index key for PFTBA, indexed m/z (ordered by 

intensity) is shown in Table 2.2.  PFTBA exhibited appreciable signal at 14 m/z values, and for 

example, m/z = 219 is the most intense so it has an index position of 1 (m/z = 69 is normally the 

most intense, but the tune parameters were set to emphasize higher, more selective m/z).  

Figure 2.2 shows the spectra of the library and the sample and how they directly compare.  In 

this case there are a few m/z in the targeted analyte PFTBA in the sample (Figure 2.2B) that are 

lower in intensity when compared to the library (Figure 2.2A); the variation is subtle but 

noticeable.  Though it helps to look at the spectra directly it is important to go back to the 

original premise of this report and focus on the intensity ratios of the m/z as they offer a more 

sensitive means of comparing spectra. 

 Results for comparing the spectra of the sample to the library are shown in Figure 2.3.  In 

Figure 2.3A, the indexed mass ratio matrix 
L
Ri,j of the library spectrum is presented.  In 

Figure 2.3B, the first column of 
L
Ri,j (j = 1) is shown and using Eq. (2.2), the mass ratio matrix 

becomes easier to interpret: for the first column, the indexed m/z are divided by the first indexed 

m/z.  Figure 2.3C is analogous to Figure 2.3A, only the sample spectrum is analyzed and 
S
Ri,j is 

obtained, using Eq. (2.3).  Likewise, Figure 2.3D presents the first column of 
S
Ri,j in the same 

manner as described in Figure 2.3B (only Eq. (2.3) is used instead).  Figure 2.3E is the indexed 

mass ratio matrices or 'Mass Purity Plots' obtained by applying Eq. (2.4); the differences in the 

intensity ratios between the library and the sample are subtle, which is expected for the PFTBA 

replicates.  Another reason to use the intensity ratios instead of the intensities directly, is that the 

ratios also serve as a means of normalization across the various m/z channels.  In Figure 2.3E, the 

'Indexed Mass Purity Plot', one also observes that most m/z have Xi,j values that fall below 0.05, 

(corresponding to 5% deviation) from the library.  Figure 2.3F presents the first column of Xi,j; 
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only three m/z deviate beyond the arbitrary 0.05 tolerance value.  More importantly there are no 

indexed mass channels with a large m/z ratio variance, a result that would indicate the existence 

of a bias in the m/z intensities. 

 Finally, statistical results for all 11 replicates of PFTBA showing the variance with 

respect to the library are shown in Figure 2.4.  Figure 4A is the result of averaging Xi,j, i.e. the 

results after using Eqs. (2.2, 2.3 and 2.4) for the aforementioned 11 replicates with respect to the 

library standard spectrum.  Figure 2.4B complements Figure 2.4A by showing the RSD for Xi,j.  

One may notice that the ratios between m/z are generally reproducible.  The more intense m/z 

(top 9) typically have a RSD below 5%, and the remaining m/z have RSD values typically below 

10%.  These results suggest that based upon using PFBTA for assessing tolerances, 1% of the 

maximum intensity appears to be a suitable threshold for analyzing mass spectra.  This threshold 

was applied in the subsequent case study demonstration in the next section of this report.  It is 

important to note that the performance of the TMSRA algorithm depends heavily on the 

accuracy of the library spectrum as a representation of a given target analyte. 

 

2.4.2 Case Study 1: 1-heptene and heptanes 

 

 For the case study we computationally generated a full range of chromatographic overlap 

(from a Rs of 0 to 1.5, using Eq. (2.1)) of the target analyte, 1-heptene, with the interferent, 

n-heptane.  Their respective spectra are shown in Figure 2.5A.  One can see that this is a 

relatively challenging case study since the two compounds exhibit significant signal intensity at 

many of the same m/z.  Since there are few m/z that are selective for 1-heptene, its quantification 

would be a difficult feat at lower Rs, especially if the analyst does not know a priori which m/z 
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may or may not be sufficiently selective.  The chromatographic peak heights of the two 

compounds are similar, as seen in Figure 2.5B.  The sorted mass index information is provided in 

Table 2.3.  The Rs values between 1-heptene and n-heptane that were analyzed were 1.5, 1.25 

and from 1.0 to 0 at 0.1 increments.  As stated in the Theory section, there was no a priori 

knowledge of which tolerance values were best suited to apply on the lower left triangle of |Xi,j| 

for constructing the connectivity matrices (Ci,j and eventually Di,j
2
, shown in Figure 2.1B) to use 

in the m/z selection process for the eventual quantification of the target analyte peak.  Moreover, 

it was conceivable that the mass spectral run-to-run variation would result in different runs 

having different optimal tolerance values.  Therefore, a range of different tolerance values were 

studied for each Rs; the range of tolerance values were from 0.025 to 0.25 at 0.025 increments 

(corresponding to the maximum deviation and/or bias) the sample spectrum is allowed to deviate 

from the library in order to be considered as ‘pure’).  An example of data encountered in 

intermediate steps in the algorithm is shown in Figure 2.6 at Rs = 0.3.  The core of the process is 

using Eq. (2.2) and Eq. (2.3) to generate the intensity ratio matrices 
L
Ri,j, 

S
Ri,j, (such as 

Figures. 2.6A, 2.6B, respectively), and analyzing the differences between them using Eq. (2.4), 

resulting in Xi,j (shown in Figure 2.6C).  Setting the right tolerance values for Ci,j is a balancing 

act; too strict and some good m/z will be thrown out, too lax and contributions from an 

interfering compound will add to the sum of intensity, ∑
S
Iset.  Fortunately, the algorithmic 

computation time is short, so many tolerance values can be rapidly evaluated.  An example of 

Di,j
2
 resulting from a good tolerance selection is shown in Figure 2.6D.  The final results (TIC 

equivalent peak height as a function of tolerance values) can be compared either by the user, or 

ultimately by an automated tolerance value selection process. 

 Statistical results of quantifying 1-heptene using Eq. (2.5) can be found in Figure 2.7A 



50 
 

and B.  The sets of m/z used for quantification were recorded and the average size of sets of mass 

channels is shown in Figure 2.7C.  One can observe in Figure 2.7A that for all tolerances at Rs 

between 0.6 to 1.5, quantitative results are in good agreement, with the concentration ratios, F, 

having RSD values typically below 2% (most being below 1%) and deviating generally within ± 

1% from the expected value of 1.  At low Rs (0 to 0.5, see Figure 2.7B) as the Rs decreases, both 

the deviations in F from a value of 1 and the RSD increase (for the best tolerance values, which 

are typically 0.1 and 0.125, the deviation in F is ± 1% to 9%, and the RSDs is between 2% to 

9%).  Looking at Figure 2.7C one can see that as the Rs decreases, the average size of the set of 

m/z used for quantification decreases.  Also as the tolerance values decrease, the average size of 

the set of m/z shrinks.  Note that if the size of the best set of m/z becomes too small (below three 

m/z) due to a decrease in tolerance or Rs, the next set of m/z (regardless of its size) that produces 

the smallest ∑
S
Itotal (calc) (and therefore the smallest F)  is chosen for quantification.  

 Regarding the tolerance value for the connectivity matrix for this case study (and others 

not shown for brevity), upon comparing results for individual replicates, no single tolerance 

value repeatedly performed best in every replicate sample, though in the case study presented the 

tolerance value of 0.1 generally fared best, it did not produce the best results in every replicate 

run and at every Rs value (sometimes the tolerance value 0.125 performed better).  For practical 

use, an algorithm that converges on the most correct tolerance value on a run by run basis should 

be considered. 

 

2.4.3 Case Study 2: Octane and 1,4-Dioxane 

 

 For the second case study, the effects of chromatographic overlap as described in the 
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previous case study were investigated with respect to octane as the target and 1,4-dioxane as the 

interferent.  A comparison between the spectra of octane and 1,4-dioxane is shown in Figure 

2.8A, and an example of simulated overlap as well as comparing the relative peak heights of the 

target analyte relative to the interferent is shown in Figure 2.8B.  The sorted mass index 

information is provided in Table 2.4.  Since octane exhibits more selective m/z compared to 

1-heptene in the previous case study and the fact that the interfering peak is relatively small 

(about a third of the height), this case study was considered easier.  
L
Ri,j, 

S
Ri,j, Xi,j, and Di,j

2
 for 

this case are shown in Figures 2.9.  The calculated peak maximum at various Rs values and the 

average size of the set of m/z used for quantification are shown in Figure 2.10. 

  Figures 2.10A, and B show that at resolutions above 0.4 the laxest tolerance values fared 

best.  Note however at resolutions ≤ 0.4  the most stringent of tolerances (typically 0.05) fared 

better, being within ±0.015 of 1 and with an RSD of around 1%.  Overall the results were all 

within ±0.02 of 1 with a RSD below 2.5%.  Figure 2.10C shows that at lower tolerances the size 

of the set of m/z used for quantification decreases with Rs, though not as pronounced as in Case 

1.  These results further confirm that a tolerance value must be selected on a case by case basis 

for optimum results. 

 

2.4.4 Study Case 3: 1,4-Dioxane and Octane 

 

 For the last case study, the effects of chromatographic overlap were investigated with 

respect to the 1,4-dioxane as the target and octane as the interferent.  The sorted mass index 

information is provided in Table 2.5.  Once again, the target analyte was quantified at various 

resolutions from its respective interferent and at a variety of tolerance values.  The peak height of 
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the target analyte is smaller relative to the interferent, likewise there are fewer selective m/z for 

1,4-dioxane (due to the size of the molecule and its fragmentation), making the final case study 

the most difficult of all cases studied.  The 
L
Ri,j, 

S
Ri,j, Xi,j, Di,j

2
  for case 3 are shown in Figure 

2.11.  The calculated peak maximum at various Rs values and the average size of the set of m/z 

used for quantification are shown in Figure 2.12. 

 For tolerance values of 0.025 and 0.05, especially at resolutions below 1, the algorithm 

would not always find a set of three m/z to use for quantification.  For this reason, a 0.05 

tolerance value showed a strong negative bias and huge RSD in the statistical results.  Figures 

2.12A, and B show once again as with the previous case studies: when quantifying the peak 

maximum, there is no one tolerance value that works best for all Rs, though generally all 

tolerance values achieve results within 0.03 of 1.  At higher Rs values, the % RSD (1.5-0.6 ) was 

typically around 2% and at lower Rs values (0.5-0.0) RSD was always below 4%, typically below 

3%.  One exception is for tolerance 0.25 at Rs of 0.8, where the best set of m/z used in a single 

run to quantify was severely interfered therefore the average peak maximum and RSD is skewed 

with positive bias.  Figure 2.12C shows that at lower tolerances, the size of the set of m/z used 

for quantification decreases primarily due to Rs. 

 

2.4.5 TMSRA Computation Time 

 

 Finally, the computation time of the TMSRA algorithm was investigated.  We measured 

the time required for the algorithm to analyze a portion of a given sample GC-MS chromatogram 

that contains a target analyte.  For one hundred runs the average computation time was 0.027 s 

with a standard deviation of about 7.5 ms.  Note that the computation time could potentially be 
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shortened by further optimization of the code. 

 

2.5 Conclusions 

 

 The TMSRA algorithm has the ability to quantify, using sufficiently selective m/z, a 

targeted analyte over a wide range of Rs relative to an interfering peak, with a fast computation 

time.  At this stage the basic features of TMSRA have been presented with method development 

(PFTBA study) and method demonstration (case study with 1-heptene and n-heptane).  For the 

targeted analyte 1-heptene in the case study, at the higher Rs studied (0.6 ≤ Rs ≤ 1.5) a deviation 

in the concentration ratio, F, within ± 1% and a RSD generally below 1% were achieved.  As the 

Rs decreased, the deviation and RSD both increased.  At a Rs = 0, a deviation of ~ 9% and a RSD 

of ~ 9% were achieved.  Regarding the tolerance value for the connectivity matrix, based on 

these study cases it appears that there is no "one value fits all".  In the first study case, tolerance 

0.1 fared best while in the second study case tolerance 0.05 yielded the best results, and in the 

third study case there was no one tolerance that worked best and the strictest tolerances often did 

not find any set of m/z.  For practical use, an algorithm that converges on the most correct 

tolerance value on a run by run basis should be considered.  While other approaches to use 

selective m/z with GC-MS have been reported, we utilized a novel approach requiring “internal 

consistency” with the list of sufficiently pure m/z that are found.  This internal consistency 

should result in less deviation (more accurate) quantification for high speed analysis of targeted 

analytes with GC-MS. 
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Figure Captions  

 

 
 

Figure 2.1.  (A) An example of the diagonal being set to a value of 0 (removed) in Ai,j resulting in Di,j.  

(B) The second matrix power of Di,j results in Di,j
2
.  In the off diagonal, nonzero elements of Di,j

2
 indicates 

sets of at least three m/z that are candidates for quantification. 
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Figure 2.2.  (A) The spectrum of PFTBA (library), m/z range of 50 to 220.  (B) The spectrum of a 

PFTBA run (sample), m/z range of 50 to 220. 
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Figure 2.3.  (A) Indexed Mass Ratio Matrix,
 L

Ri,j, for the PFTBA indexed library spectrum, obtained by 

taking the outer product of the spectrum with respect to its inverse as calculated in Eq. (2.2).  (B) Indexed 

Mass Ratios of the first column of
 L

Ri,j seen in Figure 3A.  (C) Indexed Mass Ratio Matrix,
 S
Ri,j, for the 

PFTBA indexed sample spectrum, obtained by taking the outer product of the spectrum with respect to its 

inverse as calculated in Eq. (2.3).  (D) Indexed Mass Ratios of the first column in
 S
Ri,j seen in Figure 3C.  
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(E) Indexed Mass Purity Plot results from calculating the difference between 
L
Ri,j and

 S
Ri,j, as shown in 

Eq. (2.4).  (F) Indexed Mass Purity Ratios of the first column in
 
Xi,j seen in Figure 3E.  The dashed lines 

mark the ± 5% deviation. 

 

 
 

Figure 2.4.  (A) Statistical results (average of PFTBA pairing of 11 samples with the single library 

standard) for the Indexed Mass Purity plots of PFTBA.  (B) Statistical results (%RSD) for Indexed Mass 

Purity Plots of PFTBA. 
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Figure 2.5.  (A) Case study with the mass spectrum of 1-heptene compared to n-heptane.  (B) Total ion 

current (TIC) signal illustrates the overlap resulting from overlaying and summing two GC-MS 

chromatographic portions, 1-heptene (on the left) at Rs = 0.3 from n-heptane. 
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Figure 2.6.  (A) Indexed Mass Ratio Matrix 

L
Ri,j for the case study (data in Figure 5).  Obtained using the 

1-heptene indexed library spectrum and using Eq. (2.2).  (B) Indexed Mass Ratio Matrix
 S
Ri,j of the case 

study (at Rs = 0.3).  Obtained by using the sample spectrum indexed according to 
L
Ri,j, and using Eq. (2.3).  

(C) Indexed Mass Purity Plot (Xi,j) result from calculating the difference between Figures. 6A and 6B, 

using Eq. (2.4).  (D) Di,j
2
 connectivity matrix with tolerance at 0.10 (10%), derived from Indexed Mass 

Purity Plot (Figure 6C) for the condition that Rs = 0.3. 



60 
 

 

 
 

Figure 2.7.  (A) Quantitative results for the concentration ratio, F, for 1-heptene at various Rs, by 

selecting the best m/z set at various tolerance values, using Eqs. (2.5, 2.6, and 2.7).  The best m/z set 

provides the minimum quantification value (lowest potential for bias).  Tolerances 0.025, 0.225 and 0.25 

were omitted, and only Rs values 1.5, 1.0, 0.6 and 0.0 were indicated on the x-axis for clarity.  The full 

range of Rs values are 1.5, 1.25, and from 0.0 to 1.0 by increments of 0.1. (B)  Quantitative results, F, for 

1-heptene at various tolerances, at Rs ranging from 0 to 0.6.  Tolerances 0.025, 0.225 and 0.25 were 

omitted for clarity.  (C) Average size of set of m/z used to calculate the peak maximum shown in 

Figures. 7A, 7B as a function of Rs and tolerance for Ci,j.  The tolerance values shown, in ascending order 

are 0.05 0.075, 0.10, 0.125, 0.15, 1.175, and 0.20. 
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Figure 2.8.  (A) Case study 2.  Mass spectrum of octane compared to 1,4-dioxane.  (B) ‘TIC overlap', 

resulted from overlaying and summing two sub-chromatograms, octane (on the left) at Rs 0.3 from 1,4-

dioxane. 
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Figure 2.9.  (A) Indexed Mass Ratio Matrix 

L
Ri,j for case study 2.  Obtained using octane's indexed 

library spectrum, and using Eq. (2.2).  (B) Indexed Mass Ratio Matrix
 S

Ri,j of case study 2 (at Rs 0.3). 

Obtained by using the sample spectrum indexed according to 
L
Ri,j, and using Eq. (2.3). (C) Indexed Mass 

Purity Plot (Xi,j) results for calculating the difference between Figures. 9A and 9B, using Eq. (2.4).  (D) 

Di,j
2
 connectivity matrix with tolerance at 0.05 (5%), from Indexed Mass Purity Plot (Figure 9C) in a 

scenario of Rs 0.3. 
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Figure 2.10.  (A) Average results for peak maximum for octane at various Rs by selecting the best m/z set 

at various tolerance values.  Tolerances 0.025,0.225 and 0.25 were omitted for brevity.  (B) Average 

results for peak maximum for octane, at various tolerances, at Rs ranging from 0.6 to 0.  Tolerances 

0.025,0.225 and 0.25 were omitted for brevity.  (C) Average size of set of masses used to calculate the 

peak maximum shown in Figures 10A, 10B as a function of Rs and tolerance for Ci,j.  Tolerances 

0.025,0.225 and 0.25 were omitted for brevity. 
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Figure 2.11.  Case study 3.  (A)  spectra shown in Figure 8A.  ‘TIC overlap', resulted from overlaying 

and summing two sub-chromatograms, 1,4-dioxane (on the left) at Rs 0.3 from octane.  (B) Indexed Mass 

Ratio Matrix 
L
Ri,j for case study 3.  Obtained using 1,4-dioxane's indexed library spectrum, and using Eq. 

(2.2).  (C) Indexed Mass Ratio Matrix
 S

Ri,j of  case study 3 (at Rs 0.3).  Obtained by using the sample 

spectrum indexed according to 
L
Ri,j, and using Eq. (2.3).  (D) Indexed Mass Purity Plot (Xi,j) results for 



65 
 

calculating the difference between Figures. 9A and 9B, using Eq. (2.4).  (E) Di,j
2
 connectivity matrix with 

tolerance at 0.05 (5%), from Indexed Mass Purity Plot (Figure 12C) in a scenario of Rs 0.3.  (F) Di,j
2
 

connectivity matrix with tolerance at 0.10 (10%), from Indexed Mass Purity Plot (Figure 12C) in a 

scenario of Rs 0.3.  Showing in this case the set of masses is limited. 

 

 
 

Figure 2.12.  (A) Average results for peak maximum for 1,4-dioxane at various Rs by selecting the best 

m/z set at various tolerance values.  Tolerances 0.025,0.225 and 0.25 were omitted for brevity.  (B) 

Average results for peak maximum for 1,4-dioxane, at various tolerances, at Rs ranging from 0.6 to 0. 

Tolerances 0.025,0.225 and 0.25 were omitted for brevity.  (C) Average size of set of masses used tp 

calculate the peak maximum shown in Figures. 13A, 13B as a function of Rs and tolerance for Ci,j. 

Tolerances 0.025,0.225 and 0.25 were omitted for brevity. 
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Table Captions 

 

Table 2.1.  TMSRA ratio matrices.  (A) A resulted matrix when calculating Ri,j for all i and j in the 

spectrum.  (B) The resulted matrix for calculating Xi,j for all i and j values. 

 

(A)     (B)    

Ri, j Intensity Ratios for two m/z values  Xi, j Relative Mass Purity 

i=1 R(1,1)=1  R(1,2)>1  R(1,3)>>1  i=1 X(1,1)=0  X(1,2)≈∓0 X(1,3)≈∓0 

i=2 R(2,1)<1  R(2,2)=1  R(2,3)>1   i=2 X(2,1)≈±0  X(2,2)=0  X(2,3)≈±0  

i=3 R(3,1)<<1 R(3,2)<1  R(3,3)=1   i=3 X(3,1)≈±0 X(3,2)≈∓0  X(3,3)=0  

  j=1 j=2 j=3    j=1 j=2 j=3 

 

Table 2.2.  The index key for PFTBA containing m/z of intensity above the minimum threshold. 

 

Index m/z 

1 219 

2 69 

3 131 

4 100 

5 119 

6 114 

7 220 

8 169 

9 150 

10 214 

11 132 

12 176 

13 181 

14 164 
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Table 2.3.  The index key for sorted mass channels of 1-heptene.  

 

Index m/z Index m/z 

1 41 12 43 

2 56 13 51 

3 55 14 67 

4 42 15 68 

5 70 16 83 

6 69 17 50 

7 57 18 53 

8 40 19 65 

9 54 20 71 

10 98 21 63 

11 53 22 66 

 

Table 2.4.  The index key for sorted mass channels of octane. 

index m/z index m/z 

1 43 12 40 

2 41 13 53 

3 85 14 86 

4 57 15 44 

5 71 16 69 

6 42 17 54 

7 56 18 51 

8 70 19 58 

9 55 20 72 

10 84 21 67 

11 114 22 50 
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Table 2.5.  The index key for sorted mass channels of 1,4-dioxane. 

index m/z 

1 88 

2 58 

3 43 

4 57 

5 42 

6 44 

7 45 

8 87 

9 89 

10 41 

11 59 
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Chapter 3: Correlation of rocket propulsion fuel properties with chemical 

composition using comprehensive two-dimensional gas chromatography with 

time-of-flight mass spectrometry followed by partial least squares regression 

analysis
74

* 

3.1 Introduction 

 

 The chemical composition of a kerosene fuel is complex, and changes in composition 

have been widely demonstrated to impact fuel properties and performance
75–78

.  However, 

achieving precise control over the chemical composition of distillate fuels such as RP-1 

(MIL-DTL-25576E) is challenging due to variations in crude oil composition and place of origin, 

refinery and post-refinery operating conditions, or even the date and time the material was 

refined, treated, and formulated to meet the detail specification requirements.  A better 

understanding of fuel composition and how it relates to fuel performance and properties is 

expedient for a number of reasons.  Indeed, it has become increasingly important to gain a better 

                                                           
* Large portions of this chapter published in: B. Kehimkar, J.C. Hoggard, L.C. Marney, M.C. Billingsley, C.G. 

Fraga, T.J. Bruno, Synovec RE, J Chromatogr. 1327 (2014) 132140. 
 
(74)  B. Kehimkar, J.C. Hoggard, L.C. Marney, M.C. Billingsley, C.G. Fraga, T.J. Bruno, Synovec RE, J 

Chromatogr. 1327 (2014) 132140. 

(75)  D.J. Cookson, B.E. Smith, Energy Fuels. 4 (1990) 152–156. 

(76)  G. Liu, L. Wang, H. Qu, H. Shen, X. Zhang, S. Zhang, Z. Mi, Fuel. 86 (2007) 2551–2559. 

(77)  M.L. Huber, E.W. Lemmon, T.J. Bruno, Energy Fuels. 23 (2009) 5550–5555. 

(78)  M.J. DeWitt, T. Edwards, L. Shafer, D. Brooks, R. Striebich, S.P. Bagley, M.J. Wornat, Ind. Eng. Chem. 

Res. 50 (2011) 10434–10451. 
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understanding of fuel composition, and an assessment of the potential sources of fuel 

composition variation is paramount to maintain control of fuel performance
79–85

.  It is also 

beneficial to relate new chemical analysis technologies to the benchmarking ASTM methods for 

characterizing properties and compositions of fuels such as RP-1.  For such assessments, it is 

often beneficial to evaluate special laboratory blends (where the analyst has some control over 

the chemical composition, see Table 1) as well as to assess the performance of “field” fuels
79–83

. 

 Gas chromatography coupled with mass spectrometry (GC-MS) is an established 

instrumental platform of the chemical analysis laboratory.  GC-MS has proven itself as a 

powerful tool for the study of the chemical composition of complex samples including but not 

limited to fuels
16,79–84,86,87

.
  
Nevertheless, GC-MS can be made substantially more powerful by 

adding another dimension of separation, that is, by performing comprehensive two-dimensional 

(2D) gas chromatography prior to time-of-flight mass spectrometry detection (GC × GC – 

                                                           

(79)  M.C. Billingsley, T. Edwards, L.M. Shafer, T.J. Bruno, Proc. 46th AIAA/ASME/SAE/ASEE Joint 

Propulsion Conference, 2010. 

(80)  T.M. Lovestead, B.C. Windom, J.R. Riggs, C. Nickell, T.J. Bruno, Energy Fuels. 24 (2010) 5611–5623. 

(81)  R.V. Gough, T.J. Bruno, Energy Fuels. 27 (2013) 294–302. 

(82)  P.Y. Hsieh, K.R. Abel, T.J. Bruno, Energy Fuels. 27 (2013) 804–810. 

(83)  J.L. Burger, T.J. Bruno, Energy Fuels. 26 (2012) 3661–3671. 

(84)  N.J. Begue, J.A. Cramer, C. Von Bargen, K.M. Myers, K.J. Johnson, R.E. Morris, Energy Fuels. 25 (2011) 

1617–1623. 

(85)  T.J. Bruno, L.S. Ott, T.M. Lovestead, M.L. Huber, J. Chromatogr. A. 1217 (2010) 2703–2715. 

(86)  R.B. Wilson, W.C. Siegler, J.C. Hoggard, B.D. Fitz, J.S. Nadeau, R.E. Synovec, J. Chromatogr. A. 1218 

(2011) 3130–3139. 

(87)  J.H. Christensen, G. Tomasi, A.B. Hansen, Environ. Sci. Technol. 39 (2005) 255–260. 
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TOFMS)
24,25,48,51,52,88–91

.  GC × GC – TOFMS is well suited for the analysis of complex mixtures 

of volatile (and/or semi-volatile) compounds, such as those that are present in fuels
9,24,25,48,51,88–91

.  

With GC × GC – TOFMS, the 2D separation commonly involves the first separation dimension 

performed using a non-polar stationary phase column and a separation run time of 30 to 60 

minutes
9,52,88

 followed by a polar stationary phase column, providing a complementary 

separation relative to the first column, so chemical compounds not separated on the first 

dimension at a given retention time have the opportunity to be separated on the second 

dimension.  However, for the current study of RP-1 fuels, which contain primarily n-alkanes, 

iso-alkanes, cyclic alkanes, and relatively fewer aromatics, it was deemed necessary to apply a 

“reversed column”  C ×  C format in order to provide better selectivity
9
, with the first 

dimension separation using a polar phase (RTX-wax) and the second dimension separation using 

a non-polar phase (RTX-1).  GC × GC – TOFMS provides a considerable amount of data for a 

given complex sample (e.g., typically ~ 300 to 400 MB compressed per sample run).  It has 

become clear there are also significant challenges to readily glean useful information from this 

significant amount of data, which is why powerful chemometric software methods are used for 

analysis
9,23–25,35,36,48,51,52,88–91

. 

 Even though GC × GC – TOFMS is a powerful instrumental platform for fuels analysis, 

it is critical to develop and apply data analysis software to convert the immense data into readily 

interpretable and useful information.  For this purpose, multivariate data analysis methods have 

                                                           
(88)  R.E. Mohler, K.M. Dombek, J.C. Hoggard, E.T. Young, R.E. Synovec, Anal. Chem. 78 (2006) 2700–

2709. 

(89)  C.G. Fraga, B.J. Prazen, R.E. Synovec, Anal. Chem. 72 (2000) 4154–4162. 

(90)  B.J. Prazen, K.J. Johnson, A. Weber, R.E. Synovec, Anal. Chem. 73 (2001) 5677–5682. 

(91) K. J. Johnson, R. E. Synovec, J. Chemom. Intell. Lab. Syst. 60 (2002) 225. 
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been developed, broadly referred to as “chemometrics”.  Chemometrics is ideally suited to reveal 

similarities and/or differences between sets of GC × GC – TOFMS data
23,25,48,51,88,90,91

.  Specific 

to this study, the partial least-squares (PLS) regression analysis was used to associate differences 

in measurable information for each fuel sample, in this case chemical and physical property data, 

to chemical composition differences as provided by the signal intensity differences, from one 

compound peak to the next, in the GC × GC – TOFMS data.  Details on PLS theory can be found 

elsewhere
19,92–95

.  Briefly, PLS analyzes two data matrices (X-block and Y-block, respectively) 

and calculates loadings referred to by the number of latent variables (LVs).  Using PLS, models 

are constructed to account for variance (ideally, the relevant chemical differences) in both the 

GC × GC – TOFMS data, i.e., the signal intensities (which constitute the X-block) and the 

respective measured property values (which constitute the Y-block).  Thus, PLS modeling 

ideally provides a one-to-one correspondence between the measured values (plotted on the x-axis 

as the benchmark method) relative to the predicted values (plotted on the y-axis using the 

GC × GC – TOFMS data in the PLS model). 

 In this study, we sought to demonstrate the potential of the GC × GC – TOFMS 

instrumental platform, combined with PLS analysis, to provide useful information in the 

chemical analysis of RP-1 samples.  By doing so, our goals were to demonstrate the feasibility of 

being able to (1) build PLS models to relate chemical composition data obtained from the 

GC × GC – TOFMS to measured fuel performance quantities (e.g., density, kinematic viscosity, 

net heat of combustion, and so on), and then to (2) assess the quality of those models for 

                                                           
(92) K.J. Johnson, B.J. Prazen, D.C. Young, R.E. Synovec, J. Sep. Sci. 27 (2004) 410–416. 

(93) F. Westad, N.K. Afseth, R. Bro, Anal. Chim. Acta. 595 (2007) 323–327. 

(94) T. Rajalahti, O.M. Kvalheim, Int. J. Pharm. 417 (2011) 280–290. 

(95) A.A.  owen,  .  owney, C. Esquerre, C.P. O’ onnell,  . Chemom. 25 (2011) 375–381. 
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subsequent prediction of fuel chemical and physical characteristics without making direct 

measurements.  Eventually, this chemical analysis approach will provide insight into addressing 

(3) the overall goal of optimizing fuel composition to meet desired fuel property and 

performance characteristics.  To begin to address these goals by use of GC × GC – TOFMS with 

PLS analysis, a key focus is to be able to elucidate chemical compounds or compound classes 

responsible for observed differences between fuels (e.g. type, feedstock) or differences in their 

measured physical properties.  Specifically we report the use of GC × GC – TOFMS with PLS to 

model and predict measured fuel properties (density, kinematic viscosity, net heat of 

combustion)
80

. 

 

3.2 Experimental 

 

 Several RP-1 fuel samples were obtained from the Air Force Research Laboratory 

(AFRL), and have been studied in prior reports
79,80

, as listed in Table 1.  All chromatographic 

data were obtained using the GC × GC – TOFMS consisting of an Agilent 6890N GC (Agilent 

Technologies, Palo Alto, CA, USA), a thermal modulator (4D upgrade, LECO, St. Joseph, MI, 

USA), and a Pegasus III TOFMS (LECO, St. Joseph, MI, USA).  Aliquots of the RP-1 fuel 

samples were introduced to the GC × GC – TOFMS instrument via a 7683B auto-injector 

(Agilent Technologies, Palo Alto, CA, USA).  The following experimental conditions were 

applied.  The auto-injector was set to a 1 μl injection, using a 200:1 split injection with helium 

carrier gas.  Acetone was used for the solvent rinse.  Isobaric mode was used with an inlet 

pressure of 35 psig (241 kPa).  The GC oven initial temperature was set to 40 °C for 2 min and 

ramped to 225 °C at a rate of 6 °C/min where the final temperature was maintained for 3 min.  
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The GC inlet temperature was set to 225 °C and the transfer line temperature was set to 235 °C.  

The thermal modulator offset was 20 °C, with a hot pulse time of 0.59 s and a cool time of 0.35 

s.  The primary column (first separation dimension) for the GC × GC used a RTX-wax (polar) 

stationary phase: 30 m length, 250 μm i.d., and 0.5 μm film thickness.  The modulation period 

was set to 2.5 s (i.e. the secondary column separation time).  The secondary column (second 

separation dimension) used a RTX-1 (non-polar) stationary phase: 1.2 m length, 100 μm i.d., and 

0.18 μm film thickness.  The secondary column oven temperature control was not applied, so the 

secondary column oven was open and at the same nominal temperature as the primary column 

oven.  The mass spectrometer electron energy was set to -70 eV and the detector voltage was set 

to 1600 V.  The ion source temperature was set at 225 °C.  The data acquisition parameters were 

set with a 120 s acquisition delay, mass-to-charge ratio (m/z) scan range of 35-334 amu at unit 

resolution, and acquisition rate set of 100 Hz. 

 There were replicate GC × GC – TOFMS chromatographic data collected for each RP-1 

sample, and each set of replicates were analyzed separately using the PLS procedure (described 

below).  Results for both replicates are provided herein, overlaid in figures, similar to a previous 

report
91

.  Chromatographic runs were imported to MATLAB2009b (MathWorks, Natick MA) 

using the in-house ‘peg2mat’ function
35–37

 and underwent preprocessing and analysis using a 

combination of both in-house and commercial software.  Once the data was in the MATLAB 

workspace, it underwent baseline correction.  The baseline correction was performed 

individually on the signal at every m/z.  First, a rolling minimum of the data is calculated to 

estimate the low frequency noise, which is then subtracted.  Second, the mode of the noise 

distribution is subtracted to numerically center the noise around 0.  To help save memory and 

computation time, the data underwent a condensing procedure.  First, data-point summation or 
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binning was performed; every two points (i.e. data pixels) were added together along both 

separation dimensions, leading to a 4-fold reduction in the size of the data set.  The binning 

procedure also mitigated any slight run-to-run misalignment
96

.  Next, m/z channels that were 

either unselective (such as m/z 44) or exhibited insufficient signal at any time during the 

chromatographic run were omitted (i.e., signal below a user-specified signal-to-noise S/N 

threshold, which was signal > 5 standard deviations of baseline corrected noise); the excluded 

m/z were the following: 35-37, 43-47, 51, 58-62, 73-76, 87-90, 101-103, 115-118, 133, 207, 

214-334.  Hence, only signal above the S/N threshold could contribute to the chromatographic 

peaks in the PLS analysis.  Finally, chromatographic regions that contained no peaks, i.e. only 

contained either noise or column bleed at all m/z were inspected and later zeroed (while taking 

into consideration the variability between chromatograms to avoid the possibility of removing 

analytes exclusive to certain samples); the overloaded acetone peaks were also removed in this 

fashion.  All of these preprocessing steps contributed to reducing noise from being introduced 

into the PLS analysis, which otherwise would adversely impact the constructed models.   

 The 2D chromatographic and mass spectral dimensions of the GC × GC – TOFMS data  

were unfolded (from 10 samples ×125 secondary column data points ×405 primary column data 

points ×148 mass channels, to 10 samples ×7492500 vectorized data points) prior to being 

forwarded to PLS along with the measured RP-1 properties, and underwent mean centering
24

.  

PLS analysis was initially performed using PLS Toolbox 6.02 (Eigenvector Research Inc., 

Wenatchee WA, USA), and subsequent data analysis work was performed using PLS Toolbox 

6.7.  Many of the measured compositional and physical properties for the RP-1 fuels have been 

                                                           
(96) L. C. Marney, W. C. Siegler, B. A. Parsons, J. C. Hoggard, B. W. Wright, R. E. Synovec, Talanta 115 

(2013) 887–895. 
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reported
79,80,97

.  The complete list of physical and compositional properties measured and 

methods used to obtain values are the following: Density (g/ml) – ASTM D4052 (at 15°C)
97

, 

Kinematic Viscosity mm
2
/s – ASTM D445 (at -10°C)

97
, Net Heat of Combustion (MJ/kg) – 

ASTM D4809, Net Heat of Combustion (MJ/l) – ASTM D4809 (density at 30°C), Hydrogen 

Content (weight%) – Perkin Elmer Elemental Analyzer, Model EA2400, Total Sulfur (ppm) – 

SCD, Sustained Boiling Temperature (°C), and Vapor Rise Temperature (°C).  The following 

compound class analyses (mass%) were performed using ASTM D2425: paraffins, 

cycloparaffins, dicycloparaffins, and tricycloparaffins.  In the results reported herein, the 

designation “alkanes” is used in place of “paraffins”, hence alkanes, di-cycloalkanes, and so on. 

The ASTM-based n-alkane analysis involved further categorization, with iso-alkane content 

assumed by subtraction.  Total aromatics content (mass%) was determined according to ASTM 

D6379.  The aforementioned measured chemical and physical property data underwent auto-

scaling (subtracting the mean and dividing by the standard deviation to achieve unit scale) for 

preprocessing prior to analysis.   

 For the constructed PLS models, all underwent leave-one-out-cross-validation (LOOCV) 

for testing the overall predictive ability of the models, and to determine the most appropriate 

number of LVs.  The PLS linear regression vectors (LRVs), as defined in PLS toolbox, were 

investigated for the purpose of introspectively analyzing the samples used in constructing the 

PLS models and to discover correlation between the GC × GC – TOFMS chemical information 

and compositional and/or physical measurements.  The second set of GC × GC – TOFMS 

replicates were analyzed in separate PLS models.  The validation of the PLS models is an 

important part of the analysis,  and it was performed via LOOCV and root mean squared error of 

                                                           
(97) T.J. Fortin, Energy Fuels. 26 (2012) 4383–4394. 
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cross validation (RMSECV) for each replicate model were obtained and reported.  RMSECV is 

essentially calculating RMSE values with respect to the cross validation predicted values 

obtained from the validation procedure
2
.  The LOOCV procedure for N samples is performed by 

constructing an (N-1) PLS model and using the ith sample (omitted from the model for 

prediction, and after all N combinations of (N-1) models are analyzed the residuals are analyzed 

via RMSE.  In short, the RMSECV was calculated according to
2
: 

   RMSECV = [(1/N)*∑ (yi,cv-yi,meas)
2
]
0.5

    (3.1) 

where yi,cv is the cross validation predicted value of sample (i) from LOOCV of the PLS model, 

yi,meas is the measured value for the same chromatogram, N is the number of chromatograms used 

in construction of the PLS model, and the summation is from i equals 1 to N.  Identification of 

analytes of interest as indicated in the LRV in the GC × GC – TOFMS data was performed using 

ChromaTOF V.3.32 (LECO Corporation, St. Joseph, MI, USA) and in-house software for non-

target PARAFAC
52

 (for well resolved and badly resolved peaks, respectively), and the mass 

spectra for analyte compounds of interest were identified using the NIST11 V2.0g mass spectral 

library (National Institute of Standards and Technology, Boulder CO, USA). 

 

3.3 Results and Discussion 

3.3.1 GC × GC Separation of RP-1 Using Reversed Column Format 

 

 Using the “reversed” GC × GC column format, we achieved an excellent 2D 

separation of the compound classes in the RP-1 fuels.  Figures 3.1A-B show total ion current 

(TIC) chromatograms of two representative fuels: LB073009-05 and LB073009-09.  The signal 

contrast and scaling is identical for these two chromatograms so the signal intensities can be 
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directly compared.  The TIC chromatograms of the other RP-1 fuels listed in Table 3.1 are 

omitted for brevity.  For the purpose of discussion, LB073009-05 will be used as the primary 

benchmark with respect to describing, comparing and contrasting all of the fuel samples studied 

in Table 3.1.  Notably, separation patterns of closely eluting peaks were achieved, as seen in 

Figures 3.1A.  Many well resolved, closely related compounds are separated diagonally, with 

each subsequent row (from left to right) pertaining to an increasing compound size.  With the 

TIC, the diagonal spread of related compounds is most easily seen in the region that has been 

identified and labeled as "alkanes" in Figures 3.1A, in a 2D region enclosed between 1.84 to 2.50 

s in the second column dimension.  Directly below the alkanes are two tightly clustered 

compound classes: the cycloalkanes and the di- & tri-cycloalkanes (at around 1.50 to 1.84 s and 

1.08 to 1.50 s on the second column dimension, respectively), are combined together as 

“cycloalkanes” (from 1.08 to 1.84 s).  Finally, two smaller compound classes, the mono-

aromatics and di-aromatics, have been combined as “aromatics” found between 0.68 to 1.08 s on 

the second column dimension.  For all of the enclosed regions for the compound classes, the left 

boundary is the same at 4.85 min, while the right boundary is 25.9 min, 26.7 min and 36.3 min 

for the alkanes, cycloalkanes, and the aromatics, respectively.  These qualitative boundaries for 

the compound classes are based on the identification of specific compounds in the 2D 

chromatogram, listed in Table 3.2 (identified using the LB073009-05 chromatogram which 

visually contains the most diverse number of compounds), as well as experience in visually 

interpreting chromatograms; the locations of the compounds in Table 2 and the subsequent 

boundaries form the compound class template shown in Figure 3.1C.  The numbers noted in 

Figure 3.1C correspond to selected compounds listed in Table 3.2 (for example, 1 is 

methylnonane, 11 is trimethylcyclohexane, and so on).  Not all compounds identified and used in 
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the making of the compound class template are labeled in Figure 3.1C for clarity.  Furthermore, 

since the emphasis of this study is not the exhaustive identification of all chromatographic peaks, 

but rather the elucidation and identification of those compounds and classes primarily 

responsible for differences in measured fuel chemical and physical characteristics, we present the 

compound class boundaries and compounds identified primarily as additional information 

external to the PLS models to enable qualitative comparisons between fuels and to guide 

interpretation of specific compositional impacts on fuel properties resulting from PLS analysis. 

 We now make general comparisons of the two representative RP-1 fuels in Figures 

3.1A-B, to provide insight into the types of variation readily observed with the fuels in Table 3.1.  

Upon inspection of the GC × GC chromatogram of LB073009-09 shown in Figure 3.1B there are 

some significant differences with respect to the benchmark chromatogram of LB073009-05 in 

Figure 3.1A.  The most noticeable features are the mere traces of mono-aromatics present around 

20 min and a lack of di-aromatics.  Also for LB073009-09, with respect to the alkane class, the 

peaks at the 20 min mark are generally lower in concentration, and there is a lack of the later 

eluting alkanes beyond the 21 min mark.  Moreover, large peaks that appear in the alkane class at 

around 2 s in the second column dimension also are generally not present with LB073009-09.  

With respect to the cycloalkane(s) class, many of the peaks eluting around 10 to 20 min are more 

concentrated due to the higher signal of these peaks.  Moreover, there are very few peaks eluting 

after about 23 min, suggesting LB073009-09 lacks the heavier cycloalkanes present in 

LB073009-05.  While the general descriptions of these fuels provide a broad overview of the 

RP-1 fuel variation, chemometric analysis of the GC × GC – TOFMS data provides a much 

deeper insight into the relationship between chemical composition and fuel properties, as we 

report herein. 
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 The excellent resolving power of this reversed column GC × GC configuration for RP-1 fuels is 

further discussed in chapter 5.  

 

3.3.2 Chemical Composition Studies Using PLS 

 

 The GC × GC – TOFMS data were analyzed using PLS with the previously measured 

mass% content of the following compound classes (using ASTM methods mentioned
79

 in the 

Experimental section): n-alkanes, iso-alkanes, cycloalkanes, di-cycloalkanes, tri-cycloalkanes, 

and aromatics.  PLS models were constructed using only relevant 2D chromatographic regions 

(alkanes region for the n-alkanes and iso-alkanes models, cycloalkanes region for the 

cycloalkanes, di-cycloalkanes and tri-cycloalkanes models, and the aromatics region for the 

aromatics model).  The results of three PLS models (i.e., for n-alkanes, cycloalkanes, 

di-cycloalkanes) are shown in Figures 3.2A-C and summarized in Table 3.3, the others are only 

summarized in Table 3.3 for brevity.  Indeed, a figure key, summary of the RMSECV values, for 

all the PLS models (compositional and physical properties) are presented in Table 3.3.  While the 

LRVs could be used to draw connections between compound class and actual measured mass%, 

they are omitted for brevity.  For measured chemical content, the PLS models used were between 

2-4 latent variable (LV) models.  The selection process for the number of LVs includes 

inspecting the RMSECV results for models of increasing number of LVs (see the scree plots 

provided in the Supplemental Material) which comprehensively assesses the predictive power of 

the various PLS models (using increasing number of LVs) with respect to the measured 

properties.  When the difference between two favorable PLS models is small or ambiguous, the 

rule of parsimony is adhered to and the model with fewer LVs was chosen. 
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 For n-alkanes, the PLS model results using 3 LV are shown in Figure 3.2A, with the 

predicted mass% plotted relative to the measured mass%.  The models match the measured 

mass% well with a RMSECV of 1.26 and 1.41 mass%, respectively, for the two GC × GC – 

TOFMS data sets.  The measured mass% range is a little over one order of magnitude.  The 

majority of mass% values are clustered between 0.7% and 2.7% with three samples between 

6.8% and 9.2%, and one sample at 14%.  Only one RP-1 sample was significantly under 

predicted (LB073009-08); since it is a sample with an extreme mass%, using LOOCV, PLS may 

struggle in predicting samples at extreme ends of the range.  

 For cycloalkanes, Figure 3.2B provides the PLS model predicted mass%, using 3 LV, 

plotted relative to the measured mass%.  The mass% values fall in a narrow range, from about 

27% to 38%, making the PLS modeling challenging, resulting in a relatively weak linear pattern.  

The RMSECV values are 2.65 and 2.26 mass% for the two GC × GC – TOFMS data sets.  The 

samples PLS modeling appears to struggle with the most are those with extreme measured 

mass% such as LB073009-08, LB073009-09, as well as samples with scores on the outskirts of 

the scores cluster (such as LB073009-02, and LB073009-03), however the sample with the 

shortest distance from the mean centered origin (XC2521HW10) is under predicted, suggesting 

uncertainty and/or inaccuracy in the measured values (x-axis) may also be significantly affecting 

the PLS models. 

 For di-cycloalkanes, PLS modeling with 2 LV yielded a predicted mass% comparison to 

the measured mass% shown in Figure 3.2C.  The mass% range is 13.6% to 18.7%, meaning the 

chemical variation between any two samples is at most 5.1% with respect to the content of 

di-cycloalkanes, which is also very challenging for PLS modeling.  LB073009-01 was the most 

under predicted sample (highest mass%) while LB073009-02 was the most over predicted 
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sample (scores on the outer rim of the scores cluster).  Even with this challenging PLS modeling 

situation, the RMSECV values are 0.99 and 0.69 mass% for the two GC × GC – TOFMS data 

sets.  

 To summarize this section on chemical composition studies, we have demonstrated the 

use of GC × GC – TOFMS chromatographic regions to readily correlate, via PLS modeling, to 

previously collected ASTM measured quantitative compound class data for RP-1 fuels.  The 

results show promise in that PLS modeling of the GC × GC – TOFMS data should be able to 

address more challenging and interesting studies, specifically, correlations to physical properties 

with direct inference back to chemical compound identification related to physical property 

relationships, as are explored in the next section. 

 

3.3.3 Physical Properties Studies Using PLS 

 

 PLS modeling was performed on several measured chemical and physical properties 

(density, kinematic viscosity, net heat of combustion, hydrogen content, sulfur content, sustained 

boiling temperature, and vapor rise temperature).  The results of three PLS models are provided 

in Figures 3.3-3.5 and summarized in Table 3.3, while the others are only summarized in Table 

3.3 for brevity.  The PLS model prediction using LOOCV for the designated measured properties 

density, kinematic viscosity and net heat of combustion (MJ/l) and their respective LRVs are 

provided.  In these PLS models, the entire chromatograms were forwarded to PLS rather than the 

compound class 2D regions (as was performed for the analyses in the previous section). 

Referring to the PLS model plots of Figures 3.3A, 3.4A, and 3.5A, the x-axis displays the 

measured property values and the y-axis displays the PLS model predicted values.  The scree 
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plots in the Supplemental Material provide information regarding the selection process for the 

number of LVs for the PLS models.  The LRVs of PLS models offer complementary information 

to the values predicted by the PLS models relative to the measured results.  Each LRV was 

imported into the base MATLAB workspace (from PLS_Toolbox) where it was refolded to 

recover the dimensions of the 2D separation.  The LRV, also known as the regression 

coefficients, is derived by multiplying the X-block loadings, the regression coefficients between 

the X-block and Y-block loadings and the transposed Y-block loadings.  By dot product 

multiplication of an unfolded LRV with a given unfolded GC × GC chromatogram, the result is 

the respective predicted ‘single’ value for the modeled property.  Preprocessing steps such as 

mean centering performed on the calibrated data must also be taken into consideration when 

doing predictions using new data.  Thus, the intensity per m/z at a specific chromatographic peak 

in the LRV is a score which indicates the contribution (sign and magnitude) of the compound(s) 

with respect to predicting a given property.  To view the LRVs more easily, they are refolded 

into a 2D separation format, with the mass spectral dimension summed, forming a LRV TIC 

similar to the shown GC × GC TIC chromatograms.  With the LRVs, we can begin to explore, in 

detail, the contribution of the chemical composition with respect to the physical properties.  

Enclosed compound classes (in Figures 3.3B, 3.3C, 3.4B, 3.4C, 3.5B, and 3.5C) are compared to 

specific 2D regions in various LRV plots.  Using these LRV plots, Tables 3.4 and 3.5 list 

identified, prominent compounds based on the LRVs for density (Figures 3.3B-C), while Tables 

3.6 and 3.7 (kinematic viscosity) and Tables 3.8 and 3.9 (net heat of combustion) provide 

identified, prominent compounds based on their LRVs (Figures 3.4B-C, and Figures 3.5B-C, 

respectively). 

 For the density study, a 4 LV PLS model was used.  Comparison between the PLS 
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predicted densities to the measured densities as well as the LRV are provided in Figures 3.3A-C. 

Measured densities fall between 806 and 816 g/l.  The RMSECV values are 1.83 and 1.88 g/l for 

the two GC × GC – TOFMS data sets; the cross validation (expectedly) struggled to predict the 

samples with the lowest and highest density (LB073009-08 and LB073009-01, respectively).  

With regard to the noticeably under predicted LB073009-05 sample (813.4 g/l measured and 

809.7 g/l predicted density), the scores are relatively extreme (almost isolated from the general 

sample cluster).  In general, inspection of the LRVs (Figures 3.3B-C) for density indicate many 

earlier eluting peaks (before 15 min for the alkanes class, and before 12 min for cycloalkanes 

class) have negative scores, i.e., their contribution lowers the overall predicted fuel density.  The 

later eluting peaks have a positive score, suggesting they act to increase the predicted fuel 

density.  In general, the results for modeling density indicate smaller more volatile compounds 

decrease the overall predicted fuel density, while the larger, less volatile compounds tend to 

increase the overall predicted fuel density.  Identified compounds of interest (regions in the 

LRVs with very large positive or negative values) are reported in Tables 3.4 and 3.5. 

 For the kinematic viscosity study, a 4 LV model was constructed, and the predicted 

kinematic viscosities are plotted relative to the measured kinematic viscosities as well as the 

LRV are provided in Figures 3.4A-C.  Kinematic viscosities tended to fall into two distinct 

groups: low (4.8-5.1 mm
2
/s), and high (above 5.3 mm

2
/s).  This behavior is most likely due to 

specific low- or high-viscosity materials used in fuel preparation.  The PLS model appears to 

handle the variation adequately, with RMSECV values of 0.120 and 0.147 mm
2
/s for the two 

GC × GC – TOFMS data sets.  The LRV for kinematic viscosity is similar to the LRV for the 

measured density (see the positive and negative portions in Figures 3.4B and 3.4C), however 

with some noticeable differences.  In Figure 3.4B there are significantly less positive 



85 
 

contributing compounds, with those appearing primarily between 15 and 25 min.  Meanwhile in 

the negative portion of the LRV shown in Figure 3.4C, there are significantly more contributing 

peaks between 5 to 15 min on the first column).  Therefore, the PLS modeling indicates earlier 

eluting compounds contribute to lowering the kinematic viscosity, while heavier compounds 

eluting after about 15-17 min have positive scores and tend to raise the overall predicted 

kinematic viscosity.  Interestingly, the aromatics class shows little contribution.  The aromatics 

compounds generally did not contribute significantly to the PLS models of the various physical 

properties, likely because they were at relatively low mass % (range of 0.2 to 3.7).  Identified 

compounds of interest (based on regions in the LRVs with dominating positive/negative values) 

are identified in Tables 3.6 and 3.7 of the Supplemental Material. 

 The results for the PLS model (2 LV) constructed for volume-based net heat of 

combustion (MJ/l) are provided in Table 3, where the predicted net heat of combustion is plotted 

relative to the measured net heat of combustion as well as the LRV are provided in Figures 

3.5A-C.  Using the LRV plots, identified compounds of interest are reported in Tables 3.8 and 

3.9 of the Supplemental Material.  Note the scale for net heat of combustion ranges from 34.47 to 

34.89 MJ/l (less than 0.5 MJ/l), making it technically one of the more challenging properties to 

model with PLS.  The RMSECV values are 0.064 and 0.066 MJ/l for the two GC × GC – 

TOFMS data sets.  The samples with the greatest cross validation residuals are the samples with 

the lowest and the highest net heat of combustion (LB073009-08 and LB073009-01, 

respectively).  The corresponding LRV, in Figures 3.5B and 3.5C, bares some similarity to the 

LRV for the density model.  In general, the positive contribution appear to have more emphasis 

(greater magnitude) on peaks between 15 and 25 min, while the negative contributions appear 

nearly identical with the exception of a few alkane peaks eluting after 15 min; though this could 
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be an artifact of covariance between those peaks and the aromatics as they too have a slight 

negative contribution.   

  Other measured chemical and physical properties were also analyzed using the  method 

described herein, including hydrogen content, sulfur content (ppm), mass based net heat of 

combustion (MJ/kg), sustained boiling point temperature (°C), and vapor rise temperature (°C).  

Their respective modeling results are reported in Table 3.3, but further discussion has been 

omitted for brevity. 

 

3.4 Conclusions 

  

 The study presented herein, has demonstrated separation not only between compound 

classes, but also between many distinct analyte compounds in RP-1 fuel using GC × GC –

 TOFMS with a reversed column configuration (RTX-wax primary column coupled to a RTX-1 

secondary column), followed by chemometric analysis using PLS and the identification of 

analyte peaks using ChromaTOF, nontarget PARAFAC, and then the NIST-MS library.  PLS 

modeling was performed on three relevant 2D regions of the GC × GC – TOFMS data to analyze 

chemical composition.  With respect to a targeted focus of drawing connections between the 

compounds separated in the 2D chromatograms and measured physical properties of the fuel, the 

entire chromatograms were used.  Even though some compound classes exhibited compositional 

correlation (likely an artifact of fuel preparation involving blending of available feed stocks) 

with other compound classes for certain measured values in the PLS models, the overall results 

of this study were promising.  Ideally, a greater collection of different fuel samples with broader 
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diversity in chemical composition would serve to minimize correlation between compound 

classes, and produce more robust PLS models.  This analytical platform could ultimately be used 

as an adequate estimation of ASTM methods; standards containing mixtures of specific groups 

of chemicals would be extremely helpful in constructing PLS models (by helping to break some 

of the covariance across compound classes).  Any observed correlation may suggest the LRVs 

need to be inspected more carefully and caution should be exercised when drawing connections 

between measured property values and chromatographic/chemical information.  Identifying 

compounds contributing positively and negatively to the property in question can aid in the 

interpretation of LRVs by substantiating the identification of influencing compound classes and 

confirming the compositional correlation between modeled fuel samples.  We also note the 

RMSECV results presented in Table 3.3 are in good agreement for the replicate GC × GC – 

TOFMS data sets for a given measured property, suggesting some imperfections in the modeling 

(i.e., results that deviate significantly from the line with a slope of unity) are possibly due to 

inaccuracies in the measured data (i.e., ASTM values), but further study is needed to draw any 

conclusions on this matter. 
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Figure Captions 

 

 

 

Figure 3.1.  RP-1 GC × GC – TOFMS total ion current (TIC) chromatograms, collected using a 30 m 

Rtx-wax column for the first separation dimension followed by a 1.2 m Rtx-1 column for the second 

separation dimension at a constant inlet pressure of 35 psig (241 kPa).  Compound classes are indicated 

and annotated.  (A) RP-1 LB073009-05.  (B) RP-1 LB073009-09.  (C) Template used for aforementioned 

compound class boundaries.  Dots signify locations of identified compound peaks used in defining the 

class boundaries.  The numbers correspond to analyte peaks specified in Table 3.2. 
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Figure 3.2.  Leave-one-out-cross-validation (LOOCV) results for compound class mass% derived from 

the PLS modeling using the GC × GC – TOFMS data replicate data sets and the respective measured 

mass% for the ten RP-1 fuels listed in Table 3.1.  The dashed line represents an ideal agreement between 

the predicted and measured mass%, with results for both modeled replicate data sets overlaid.  (A) 

n-alkanes (ASTM  2425 with ‘n-alkane analysis’) using a 3 LV PLS model.  (B) cycloalkanes (ASTM 

D2425) using a 2 LV PLS model.  (C) di-cycloalkanes (ASTM D2425) using a 2 LV PLS model. 
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Figure 3.3.  Results of the 4 LV PLS model for density (g/l) using LOOCV.  (A) Predicted density 

plotted relative to the measured density (ASTM D4052).  The dashed line represents an ideal agreement 

between the predicted and measured density, with both model replicates overlaid.  (B) Density LRV, 

positive values only.  (C) Density LRV, negative values only. 
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Figure 3.4.  Results of the 4 LV PLS model for kinematic viscosity (mm
2
/s) using LOOCV.  (A) 

Predicted kinematic viscosity plotted relative to the measured kinematic viscosity (ASTM D445).  The 

dashed line represents an ideal agreement between the predicted and measured kinematic viscosity, with 

both model replicates overlaid.  (B) Kinematic viscosity LRV, positive values only.  (C) Kinematic 

viscosity LRV, negative values only. 
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Figure 3.5.  Results of the 2 LV PLS model for net heat of combustion (MJ/l) using LOOCV.  (A) 

Predicted net heat of combustion plotted relative the measured net heat of combustion (ASTM D4809).  

The dashed line represents an ideal agreement between the predicted and measured net heat of 

combustion, both model replicates are overlaid.  (B) Net heat of combustion LRV, positive values only.  

(C) Net heat of combustion LRV, negative values only. 
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Tables 

Table 3.1.  RP-1 Fuel Set, where the RP-1 Sample number is used herein, while the NIST and AFRL 

numbers are provided for reference to previous studies of interest. 

 

RP-1 Sample NIST Number
80

 AFRL Designation
79

 

1 11 LB080409-01 

2 10 LB073009-06 

3 9 LB073009-08 

4 8 LB080409-05 

5 7 LB073009-05 

6 5 LB073009-01 

7 4 LB073009-09 

8 1 LB073009-02 

9 2 LB073009-03 

10 3 XC2521HW10 
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Table 3.2.  Template data with the assigned number (#) used in Figure. 3.1D, of each representative 

identified compound with their retention times on column one (
1
tR) and two (

2
tR) in s, and mass spectral 

match value (MV).  This information was used to define the encircled various compound classes. 

# Compound Identification 1
tR (min)  

(s)(s(sec) 

2
tR(s)   

(s)(sec) 

MV Compound Class 

1 Methylnonane 7.42 1.92 925 alkanes 

2 Decane 8.25 1.93 950 alkanes 

3 Undecane 10.83 2.03 946 alkanes 

4 Dimethyldecane  10.83 2.23 902 alkanes 

5 Dodecane 13.5 2.06 941 alkanes 

6 Tetradecane 18.63 2.04 959 alkanes 

7 Pentadecane 20.92 1.95 938 alkanes 

8 Hexadecane 23.167 1.91 920 alkanes 

9 Pristane 24.42 2.11 921 alkanes 

10 Trimethylcyclohexane 5.29 1.33 911 cycloalkanes 

11 Cyclohexane, -tetramethyl isomer 

,,(isomer) 

8.58 1.53 881 cycloalkanes 

12 Cyclohexane, -tetramethyl isomer 9.21 1.52 840 cycloalkanes 

13 Cyclohexane, pentyl- 13.33 1.67 843 cycloalkanes 

14 Cyclohexane, 1-methyl-4-(1-

methylbutyl)- 

14.38 1.70 881 cycloalkanes 

15 Cyclohexane, hexyl- 16.13 1.64 901 cycloalkanes 

16 Heptylcyclohexane 18.79 1.59 869 cycloalkanes 

17 Cyclotetradecane 21.13 1.62 858 cycloalkanes 

18 Cyclohexane, octyl- 21.29 1.60 882 cycloalkanes 

19 n-Nonylcyclohexane 23.63 1.60 929 cycloalkanes 

20 2-Methyloctahydropentalene   8.58 1.30 914 di- & tri-cycloalkanes 

21 Bicyclo[2.2.1]heptane, trimethyl- 

(C10H18) 
8.83 1.41 806 di- & tri-cycloalkanes 

22 1H-Indene, octahydro-, cis- 11.17 1.24 930 di- & tri-cycloalkanes 

23 Naphthalene, decahydro-, trans- 12.83 1.31 944 di- & tri-cycloalkanes 

24 Adamantane 15 1.17 962 di- & tri-cycloalkanes 

25 Naphthalene, decahydro-2,6-dimethyl- 15.04 1.47 880 di- & tri-cycloalkanes 

26 2-Methyladamantane 17.25 1.19 871 di- & tri-cycloalkanes 

27 Bicyclohexyl 20 1.30 890 di- & tri-cycloalkanes 

28 Trans-hexamethyl-octahydro-1H-Indene 

(C15H28) 
22.25 1.40 820 di- & tri-cycloalkanes 

29 Tricyclo[4.2.2.0(2,5)]dec-7-ene, 7-butyl- 27.03 1.12 820 di- & tri-cycloalkanes 

30 Toluene 9.5 0.75 952 mono-aromatics 

31 Ethylbenzene 11.88 0.82 953 mono-aromatics 

32 Xylene isomer 12.08 0.82 960 mono-aromatics 

33 Xylene isomer 12.25 0.81 965 mono-aromatics 

34 Xylene isomer 13.42 0.80 957 mono-aromatics 

35 Ethyl trimethyl benzene 17.21 0.91 902 mono-aromatics 

36 Isobutyltoluene 17.21 0.98 914 mono-aromatics 

37 Trimethylbenzene 17.5 0.84 950 mono-aromatics 

38 Methyltetralin 25.83 0.87 928 mono-aromatics 

39 Dimethyltetralin 27.96 0.89 915 mono-aromatics 

40 Naphthalene 26.83 0.76 905 di-aromatics 
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41 Methyl naphthalene isomer 29 0.78 900 di-aromatics 

42 Methyl naphthalene isomer 29.75 0.80 902 di-aromatics 

43 Dimethyl naphthalene isomer 31.08 0.83 931 di-aromatics 

44 Dimethyl naphtalene isomer 31.83 0.83 921 di-aromatics 

45 Methyldiphenyl (methyl phenyl benzene) 33.33 0.83 909 di-aromatics 

46 Trimethyl naphthalene 34.42 0.89 939 di-aromatics 
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Table 3.3.  Summary of PLS model metrics for measured properties analyzed.  Metrics (slope, RMSECV 

for the first and second GC × GC – TOFMS replicates, referred to as rep1 and rep2) are provided in the 

context of the relevant Figures.  (a) Figures originally omitted for brevity can be found in the 

supplementary section. 

 

Measured Property Figures Range RMSECV rep1 RMSECV rep2 

n-alkanes (mass%) 2A 0.50-14.0 1.27 1.41 

iso-alkanes (mass%) —
(a)

 36.2-41.5 1.16 1.11 

Cycloalkanes (mass%) 2B 26.5-38.0 2.65 2.26 

Di-cycloalkanes (mass%) 2C 13.5-18.8 0.99 0.69 

Tri-cycloalkanes (mass%) —
(a)

 3.50-4.80 0.28 0.22 

Aromatics (mass%) —
(a)

 0.2-3.7 0.08 0.07 

Hydrogen Content (wt%) —
(a)

 14.15-14.45 0.05 0.06 

Density (g/l) 3A-C 805.0-816.0 1.83 1.88 

Kinematic Viscosity (mm
2
/s) 4A-C 4.80-5.70 0.120 0.147 

Net Heat of Combustion (MJ/l) 5A-C 34.40-34.90 0.064 0.066 

Net Heat of Combustion (MJ/kg) —
(a)

 43.25-43.45 0.039 0.044 

Sulfur (ppm) by SCD —
(a)

 0.5-25 5.3 4.9 

Sustained boiling temp. (°C) —
(a)

 204.5-212.5 1.40 1.38 

Vapor rise temp. (°C) —
(a)

 207-214 1.41 1.43 
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Table 3.4.  Major contributing compounds identified in LRVs for density (positive) per Figure 3.3B.  

# Compound Identification 1
tr(min) 2

tr(s) MV Compound Class 

1 Undecane, 2,6-dimethyl- (C13H28) 13.42 2.32 880 alkanes 

2 Tridecane, 7-methyl- (C14H30) 14.75 2.38 818 alkanes 

3 Dodecane, 2,6,10-trimethyl- (C15H32) 17.50 2.24 882 alkanes 

4 Cyclohexane, 1-ethyl-2-propyl- (C11H22) 11.92 1.72 835 cycloalkanes 

5 Cyclohexane, 1-methyl-4-(1-methylethyl)-, cis- (C10H20) 17.08 1.72 831 cycloalkanes 

6 Heptylcyclohexane (C13H26) 18.83 1.66 872 cycloalkanes 

7 Naphthalene, decahydro-2-methyl- (C11H20) 14.08 1.44 913 di-&tri-cycloalkanes 

cycloalkanes 
8 Adamantane, dimethyl- (C12H20) 14.75 1.42 888 di-&tri- cycloalkanes 

9 Decalin, syn-1-methyl-, cis- (C11H20) 16.67 1.32 819 di-&tri- cycloalkanes 

10 no significant peak found    mono-aromatics 

11 no significant peak found    di-aromatics 
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Table 3.5. Major contributing compounds identified in LRVs for density (negative) per Figure 3.3C. 

# Compound Identification 1
tr(min) 2

tr(s) MV Compound Class 

1 Decane (C10H22) 8.25 1.98 953 alkanes 

2 Undecane (C11H24) 10.92 2.12 842 alkanes 

3 Dodecane (C12H26) 10.92 2.32 864 alkanes 

4 Cyclohexane, diethyl- (C10H20) isomer 7.67 1.62 873 cycloalkanes 

5 Cyclohexane, 1,2-diethyl-, cis- (C10H20) isomer 8.33 1.64 854 cycloalkanes 

6 C10H18 11.17 1.4 800 di-&tri- cycloalkanes 

7 Xylene (C8H10) isomer 12.25 0.82 913 mono-aromatics 

8 Naphthalene,decahydro-2-methyl- (C11H20) 12.33 1.48 855 di-&tri- cycloalkanes 

9 Xylene (C8H10) isomer 13.50 0.82 957 mono-aromatics 

10 no significant peak found    di-aromatics 
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3.5 Supplemental Material 

 

 In PLS, a scree plot provides statistical information, specifically the root mean square 

error of cross validation (RMSECV), as a function of the number of latent variables (LV).  These 

results are used in selecting the appropriate LV number and to avoid over-factoring.  Consider 

and PLS model with n LV and the RMSECV is at a minimum, the LV selection algorithm in 

PLS_Toolbox compares the RMSECV values between n LV and (n-1) LV.  When the 

differences between RMSECV values are statistically insignificant then (n-1) LV is selected as 

more appropriate.  The algorithm continues iteratively decreasing n by 1 until the corresponding 

RMSECV value of the n LV is significantly smaller than (n-1) LV, (or when n is equal to 1).  

The scree plots of the highlighted PLS models are shown in Figure 3.6. 

 For Reference, the LRVs (positive and negative values) of the PLS models for n-alkanes, 

cycloalkanes, and di-cycloalkanes are shown in Figure 3.7.  The LRV of the n-alkanes PLS 

model show major positive contributions from several large peaks (as expected).  The LRVs of 

the cycloalkanes PLS model and the di-cycloalkanes PLS model confirm that the cycloalkanes 

and di-cycloalkanes are strongly correlated to each other since their respective LRVs are 

extremely similar. 

 Included herein, are the tables of identified compounds of interest for the highlighted PLS 

models for kinematic viscosity and net heat of combustion (MJ/l) provided in Tables 3.6-3.9.  As 

with the tables of identified compounds of interest for the PLS model for density, the compounds 

were considered ‘of interest’ based on their greater magnitude in the LRVs. 

 The following PLS models for iso-alkanes, tri-cycloalkanes, aromatics, hydrogen content, 

net heat of combustion (MJ/kg), sulfur content, sustained boil, vapor rise and all discussion on 
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their respective results were originally omitted for reasons of brevity and/or poor LOOCV results 

and are included under supplementary material to offer the opportunity to observe situations 

where PLS may struggle to produce a robust model.  This is not to say these PLS models are 

useless; though it is not how  PLS is primarily used, one may  analyze the PLS model 

introspectively (i.e. use PLS in a manner similar to PCA).  When viewing LRVs of PLS models 

introspectively, especially when LOOCV results are unsatisfactory, results should be taken with 

a moderate amount of skepticism, meaning any useful external information (such as the 

identification of the compounds as demonstrated earlier in this chapter) should be taken into 

consideration to help distinguish the relevant information from mathematical artifacts (i.e. 

covariance and error). 

 The results for the PLS model (5 LV), which was constructed for iso-alkanes, are 

summarized in Table 3.3  in addition to a plot showing predicted values relative to the measured 

values, the scree plot, and the LRV are provided in Figure 3.8.  The RP-1 samples have similar 

iso-alkanes content, making accurate prediction challenging, the cross validation results are 

shown in Figure 3.8A.  For reference, the respective scree plot is shown in Figure 3.8B.  The 

LRV for the iso-alkanes model is shown in Figure 3.8C and 3.8D.  The LRV contains some 

positive values in the alkanes region, while the negative contribution is more pronounced and 

some correspond to peaks with positive values in the LRV for the n-alkanes PLS model.  Many 

peaks with negative values in the LRV for iso-alkanes were previously identified as branched 

alkanes, suggesting the source of error is caused due to covariance of these compounds between 

RP-1 samples. 

 The results for the PLS model (3 LV) constructed for the measured content of 

tri-cycloalkanes are summarized in Table 3.3, and the predicted values plotted relative to the 
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measured values, the scree plot, and the LRV are provided in Figure 3.9.  The predicted values 

shown in Figure 3.9A appear to somewhat agree with the measured values.  For reference, the 

respective scree plot is shown in Figure 3.9B.  The LRV for the tri-cycloalkanes is shown in 

Figure 3.9C and 3.9D, where one can see positive values look very similar to those in the LRVs 

of the PLS models for cycloalkanes and di-cycloalkanes – only the spread of positively 

contributing compounds is narrower, and most of the negative contribution also appears similar 

to the LRV of the di-cycloalkanes model except the spread is wider.  The LRV for the 

tri-cycloalkanes PLS model suggests, as with cycloalkanes and di-cycloalkanes PLS models, 

there is a strong covariance between all three compound classes. 

 The results for the PLS model (4 LV) for aromatics are provided in Table 3.3, and the 

predicted values plotted relative to the measured values, the scree, and the LRV are provided in 

Figure 3.10.  Even though the fuels analyzed exhibited a bi-modal distribution of aromatic 

content where most samples contained ~ 0.2%, with two samples containing about 3.6% and one 

sample containing 3.7%.  The PLS model (for aromatics) provides good prediction of mass% 

relative to the measured mass% values.  The LRV for the model, seen in Figure 3.10C and 

3.10D, shows that the positive values correspond to aromatic compounds while the negative 

values are almost nonexistent; there are some peaks around 1.1 sec in the second column 

dimension that corresponds to tri-cycloalkanes found in the region used in analysis. 

 The results of the PLS (3 LV) model constructed for hydrogen content are summarized in 

Tables 3.3, 3.10 and 3.11, and the predicted values plotted relative to the measured values, the 

scree plot, and the LRV are provided in Figure 3.11.  PLS struggled in the cross validation 

results as the plots in Figures 3.11A and 3.11B show, meaning this PLS model did not work well 

in predicting the correct value of samples outside the calibration as other PLS models.  Figure 
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3.11C shows the positive contributions to the LRV, while the negative contributions are shown 

in Figure 3.11D.  In the LRV, the aromatics (mono- and di-) have a negative scores; suggesting 

they are correlated with decreasing the hydrogen content.  The alkane group has the earlier 

eluting peaks (5 to 15 min) predominantly contributing to increasing the hydrogen content, while 

most of the alkanes eluting from 15 to 25 min decrease the predicted hydrogen content.  The 

negative contribution of alkanes in this model may be explained by the inadvertent covariance 

between aromatics and alkanes.  With respect to the cycloalkanes and di- & tri- cycloalkanes 

classes, negative contributions for peaks are observed between 10 and 20 min with compounds 

outside this range having a mild positive contribution.  Identified compounds of interest (regions 

in the LRVs with dominating positive/negative values) are provided in Tables 3.10 and 3.11. 

 The results for the PLS model (4 LV) constructed for mass based net heat of combustion 

(MJ/kg) are provided in Tables 3.3, 3.8, and 3.9, and the predicted values as a function of the 

measured values, the scree, and the LRV are provided in Figure 3.12.  The data ranges from 

43.29 to 43.45 MJ/kg, meaning the measured values are very similar, which may be the reason 

for PLS having relatively poor RMSECV.  The LRV is shown in Figure 3.12C and Figure 3.12D, 

and it is significantly different than the LRV for net heat of combustion (MJ/l).  For the positive 

values in the LRV, there appears to be a huge contribution from earlier eluting alkanes along 

with some of the later eluting peaks in the cycloalkanes group.  For the negative values in the 

LRV there are earlier eluting cycloalkanes, later eluting alkanes and the aromatics.  Certain 

alkane peaks and aromatic peaks are repeatedly covaryin LRVs across multiple PLS models, 

which further confirms they are indeed covarying. 

 The results for the PLS model (2 LV) constructed for sulfur content (ppm) are provided 

in Table 3.3, and the predicted values as a function of the measured values, the scree, and the 
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LRV are provided in Figure 3.13.  In the LRV shown in Figure 3.13C and Figure 3.13D, the 

compounds that appear to contribute positively appear in all major compound groups.  

Compounds that appear to contribute negatively appear to be the earlier eluting alkanes and 

cycloalkanes.  This is another case where there appears to be a lot of covariance in the LRV, 

especially considering the fact that the sulfur content ranges between 0.5 and 24.1 ppm. 

Therefore if covarying compounds were not an issue, it would be reasonable to expect several 

low intensity peaks of sulfur containing compounds (in the chromatograms) to have relatively 

high positive intensity in the LRV located in the aromatics region (see Appendix for more a 

detailed investigation). 

 The results for the PLS model (4 LV) constructed for sustained boiling are summarized in 

Table 3.3, and the predicted values as a function of the measured values, the scree, and the LRV 

are provided in Figure 3.14.  The LRV is shown in Figure 3.14C and 3.14D and bares similarity 

to the LRV for the model of kinematic viscosity in that the heavier later eluting compounds 

(including aromatics) contribute positively while the light earlier eluting compounds contribute 

negatively. 

 The results for the PLS model (4 LV) constructed for vapor rising are provided in Table 

3.3, and the predicted values as a function of the measured values, the scree, and the LRV are 

provided in Figure 3.15.  The LRV shown in Figure 3.15C and 3.15D is extremely similar to the 

aforementioned LRV for the PLS model of sustained boiling, though there are subtle differences 

in the intensities (magnitude of contribution to the LRV) of some peaks. 
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Supplemental Figure Captions 

 

 

Figure 3.6.  Scree plots.  (A) n-alkanes.  (B) cycloalkanes.  (C) di-cycloalkanes.  (D) density.  (E) 

kinematic viscosity.  (F) net heat of combustion (MJ/l). 
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Figure 3.7.  LRVs of highlighted PLS models of compositional properties.  (A) The positive values in the 

LRV for n-alkanes.  (B) The negative values in the LRV for n-alkanes.  (C) The positive values in the 

LRV for cycloalkanes.  (D) The negative values in the LRV for cycloalkanes.  (E) The positive values in 

the LRV for di-cycloalkanes.  (F) The negative values in the LRV for di-cycloalkanes. 
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Figure 3.8.  Results of the 3 LV PLS model for iso-alkanes.  (A) Comparison between the predicted 

mass% values derived from the GC × GC – TOFMS with PLS model (5 LV) and the measured mass% 

values for iso-alkanes (ASTM D2425), same as with n-alkanes in Figure 3.3.  (B) Scree plot for PLS 

model for iso-alkanes.  (C) The positive values in the LRV for iso-alkanes.  (D) The negative values in 

the LRV for iso-alkanes. 
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Figure 3.9.  Results of the 3 LV PLS model for tri-cycloalkanes.  (A) Comparison between the predicted 

mass% values derived from the GC × GC – TOFMS with PLS model (3 LV) and the measured mass% 

values for tri-cycloalkanes (ASTM D2425).  (B) Scree plot for PLS model for tri-cycloalkanes.  (C) The 

positive values in the LRV for tri-cycloalkanes.  (D) The negative values in the LRV for tri-cycloalkanes. 
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Figure 3.10.  Results of the 3 LV PLS model for aromatics.  (A) Comparison between the predicted 

mass% values derived from the GC × GC – TOFMS with PLS model (3 LV) and the measured mass% 

values for aromatics (ASTM D6379).  (B) Scree plot for PLS model for aromatics.  (C) The positive 

values in the LRV for aromatics.  (D) The negative values in the LRV for aromatics. 
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Figure 3.11.  Results of the 3 LV PLS model for hydrogen content.  (A) Hydrogen content (wt%) 

predicted values plotted relative to the measured values (Perkin Elmer Elemental Analyzer, Model 

EA2400).  The dashed line represents an ideal agreement between the predicted and measured values and 

the solid line represents the linear regression best fit line.  (B) Scree plot for PLS model for hydrogen 

content.  (C) Hydrogen content LRV, positive values only.  (D) Hydrogen content LRV, negative values 

only.  
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Figure 3.12.  Results of the 3 LV PLS model for net heat of combustion (MJ/kg).  (A) Net heat of 

combustion (MJ/kg) predicted plotted relative to the measured values (ASTM D4809).  The dashed line 

represents an ideal agreement between the predicted and measured values and the solid line represents the 

linear regression best fit line.  (B) Scree plot for PLS model for net heat of combustion (MJ/kg).  (C) Net 

heat of combustion (MJ/kg) LRV, positive values only.  (D) Net heat of combustion (MJ/kg) LRV, 

negative values only. 
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Figure 3.13.  Results of the PLS model (3 LV) for sulfur content (ppm).  (A) Sulfur content (ppm) 

predicted values plotted relative to the measured values (using SCD).  The dashed line represents an ideal 

agreement between the predicted and measured values and the solid line represents the linear regression 

best fit line.  (B) Scree plot for PLS model for sulfur content.  (C) Sulfur content (ppm) LRV, positive 

values only.  (D) Sulfur content (ppm) LRV, negative values only. 
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Figure 3.14.  Results of the PLS model (3 LV) for sustained boil (°C).  (A) Sustained boiling temperature 

(°C ) predicted values plotted relative to the measured values.  The dashed line represents an ideal 

agreement between the predicted and measured values and the solid line represents the linear regression 

best fit line.  (B) Scree plot for PLS model for sustained boil.  (C) Sustained boil LRV, positive values 

only.  (D) Sustained boil LRV, negative values only. 
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Figure 3.15.  Results of the PLS model (3 LV) for vapor rise (°C).  (A) Vapor rise temperature (°C ) 

predicted values plotted relative to the measured values.  The dashed line represents an ideal agreement 

between the predicted and measured values and the solid line represents the linear regression best fit line.  

(B) Scree plot for PLS model for vapor rise.  (C) Vapor rise LRV, positive values only.  (D) Vapor rise 

LRV, negative values only. 
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Supplemental Tables 

 

Table 3.6.  Major contributing compounds identified in LRVs for kinematic viscosity (positive) per 

Figure 3.4B. 

 

# Compound Identification 
1
tr (min) 

2
tr (s) MV Compound Class 

1 Tetradecane 19.5 2.01 881 alkanes 

2 Tetradecane, 2-methyl- 19.88 2.01 919 alkanes 

3 4-Methyltridecane 17.42 2.05 910 alkanes 

4 1-Cyclohexylheptane 18.79 1.62 863 cycloalkanes 

5 1-Methyl-4-(1-methylbutyl)cyclohexane (C12H24) 19.63 1.68 812 cycloalkanes 

6 Octylcyclohexane 21.29 1.6 880 cycloalkanes 

7 alkane branched di-cycloalkane (C15H28) 22.21 1.44 825 di- & tri- cycloalkanes 

8 1,1'-Bicyclohexyl, 2-methyl-, cis- (C13H24) 20.83 1.36 818 di- & tri- cycloalkanes 

9 Bicyclohexane 20 1.31 895 di- & tri- cycloalkanes 

10 no significant peak found    mono-aromatics 

11 no significant peak found    di-aromatics 

 

 

 



116 
 

Table 3.7.  Major contributing compounds identified in LRVs for kinematic viscosity (negative) per 

Figure 3.4B. 

 

# Compound Identification 
1
tr (min) 

2
tr (s) MV Compound Class 

1 Undecane 10.83 1.99 950 alkanes 

2 Undecane 10.83 2..23 912 alkanes 

3 2-methylnonane 7.17 1.98 927 alkanes 

4 1-Methyl-2-propylcyclohexane (C10H20) 8.91 1.71 836 cycloalkanes 

5 Cyclohexane, 1-ethyl-1,3-dimethyl-, trans- (C10H20) 7.67 1.52 889 cycloalkanes 

6 Cyclohexane, dimethyl-, ethyl- (C10H20) 8.33 1.59 853 cycloalkanes 

7 trans-Decahydronaphthalene (C10H18) 14.75 1.24 942 di- & tri- cycloalkanes 

8 cis-octahydro-Indene (C9H16) 11.17 1.24 946 di- & tri- cycloalkanes 

9 Dimethyladamantane  (C12H20) 17.92 1.25 882 di- & tri- cycloalkanes 

10 Tetramethylbenzene (C10H14) 21.21 0.87 936 mono-aromatics 

11 Tetrahydronaphthalene (C10H12) 22.25 0.81 960 mono-aromatics 

12 Xylene 12.25 0.81 969 mono-aromatics 

13 Azulene (C10H8) 26.83 0.77 908 di-aromatics 

14 Methylnaphthalene 29.04 0.81 920 di-aromatics 

15 Methylnaphthalene 29.75 0.80 906 di-aromatics 
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Table 3.8.  Major contributing compounds identified in LRVs for net heat of combustion (MJ/l) (positive) 

per Figure 3.5B. 

 

# Compound Identification 1
tr(min) 2

tr(s) MV Compound Class 

1 Tridecane, methyl- (C14H30) 14.75 2.38 807 alkanes 

2 2-Methyltridecane (C14H30) 17.5 2.26 925 alkanes 

3 Dodecane, trimethyl- (C15H32) 19.42 2.24 856 alkanes 

4 Cyclohexane, 1-methyl-4-(1-methylethyl)-, cis- (C10H20) 17.08 1.72 838 cycloalkanes 

5 Cyclohexane, 1-ethyl-2-methyl-, cis- (C9H18) 17.58 1.7 817 cycloalkanes 

6 Heptylcyclohexane (C13H26) 18.83 1.66 851 cycloalkanes 

7 Methyldecahydronaphthalene  (C11H20) 16.67 1.32 931 di-&tri- cycloalkanes 

8 2-Methyladamantane (C11H18) 17.33 1.22 870 di-&tri- cycloalkanes 

9 no significant peak found    mono-aromatics 

10 no significant peak found    di-aromatics 

 

 

Table 3.9.  Major contributing compounds identified in LRVs for net heat of combustion (MJ/l) 

(negative) per Figure 3.5B. 

 

# Compound Identification 1
tr(min) 2

tr(s) MV Compound Class 

1 Decane isomer (C10H22) 8.25 1.98 944 alkanes 

2 Undecane (C11H24) 10.92 2.12 953 alkanes 

3 2,6-Dimethyldecane (C12H26) 10.92 2.32 910 alkanes 

4 Cyclohexane, 1-ethyl-1,3-dimethyl-, trans- (C10H20) 7.67 1.62 845 cycloalkanes 

5 Cyclohexane, 1,2-diethyl-, cis- (C10H20) 8.33 1.64 859 cycloalkanes 

6 1-Methyl-4-(1-methylethyl)-cyclohexane (C10H20) 8.92 1.7 882 cycloalkanes 

7 Cyclohexane, (2-methyl-1-propenyl)- (C10H18) 11.17 1.4 863 cycloalkanes 

8 Naphthalene, decahydro-2-methyl- (C11H20) 14.08 1.42 929 di- & tri- cycloalkanes 

9 Xylene (C8H10) 12.25 0.82 962 mono-aromatics 

10 Naphthalene, 1,2,3,4-tetrahydro- (C10H12) 22.25 0.86 960 mono-aromatics 

11 Naphthalene, 2-methyl- (C11H10) 29.08 0.82 903 di-aromatics 

12 2,6-Dimethylnaphthalene (C12H12) 31.83 0.84 920 di-aromatics 
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Table 3.10.  Major contributing compounds identified in LRVs for hydrogen content (positive) per Figure 

S3.6C. 

# Compound ID 1
tr(min) 2

tr(s) MV Compound Class 

1 Decane (C10H22) 8.25 1.98 875 alkanes 

2 Undecane (C11H24) 10.92 2.1 954 alkanes 

3 2,6-Dimethyldecane (C12H26) 10.92 2.32 910 alkanes 

4 Cyclohexane, 1,2-diethyl-, cis- (C10H20) 8.33 1.64 864 cycloalkanes 

5 Cyclohexane, (2-methyl-1-propenyl)- (C10H18) 11.17 1.4 875 cycloalkanes 

6 Cyclic (formula unkown) 20 1.68 750+ cycloalkanes 

7 Bicyclohexyl (C12H22) 20 1.34 886 di-& tri- 

cycloalkanes 
8 Decahydro-pentamethylnaphthalene (C15H28) 23.5 1.4 807 di-& tri- 

cycloalkanes 
9 no significant peak found

*    mono-aromatics 

10 no significant peak found    di-aromatics 

* “No significant peak found” indicates no analytes contribute significantly from that compound class. 

 

Table 3.11.  Major contributing compounds identified in LRVs for hydrogen content (negative) per 

Figure S3.6D. 

# Compound ID 1
tr(min) 2

tr(s) MV Compound Class 

1 Tridecane, 7-methyl- (C14H30) 14.75 2.38 805 Alkanes 

2 Tridecane (C13H28) 16.17 2.08 946 Alkanes 

3 Tetradecane (C14H30) 16.17 2.2 910 Alkanes 

4 Isobutyl-Dimethylcyclohexane (C12H24) 13.58 1.74 818 cycloalkanes 

5 C12H24 alkylated cycloalkane 14.67 1.72 750+ cycloalkanes 

6 Cyclohexane, (3-methylpentyl)- (C12H24) 15.17 1.68 888 cycloalkanes 

7 Naphthalene, decahydro-2-methyl- (C11H20) 14.75 1.42 923 di-&tri- cycloalkanes 

8 Decalin, syn-1-methyl-, cis- (C11H20) 16.67 1.32 924 di-&tri- cycloalkanes 

9 Naphthalene, 1,2,3,4-tetrahydro- (C10H12) 22.25 0.86 957 mono-aromatics 

10 Naphthalene, 1,2,3,4-tetrahydro-6-methyl- (C11H14) 24.58 0.9 928 mono-aromatics 

11 Benzene, cyclohexyl- (C12H16) 25.33 0.94 928 mono-aromatics 

12 Naphthalene (C10H8) 26.83 0.78 902 di-aromatics 

13 Dimethylnaphthalene (C12H12) (isomer) 31.67 0.84 934 di-aromatics 

14 Dimethylnaphthalene (C12H12) 31.83 0.84 920 di-aromatics 
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Chapter 4: Analysis of RP-2 Fuel Using PCA 

4.1 Introduction 

 

 Along with the RP-1 research discussed in chapter 3, the RP-2 fuels were investigated 

with respect to variability in their chemical composition.  There has been some research on the 

topic of compositional differences between RP-2 fuels
77,98

.  The purpose of the following study 

was to provide GC × GC – TOFMS chromatograms of the RP-2 fuels (listed in Table 4.1) using 

the reversed column configuration
9
 as mentioned in chapter 3, and using principal component 

analysis (PCA) to highlight the overall compositional variation between the seven analyzed RP-2 

fuels.  PCA provides not only scores plots for summarizing similarities and differences but also 

the loadings that can be used to inspect the sources of the variance in the samples, i.e. in the 

recorded variables.  In the loadings, the variables that show a high amount of variance typically 

correspond to peaks found in the GC × GC – TOFMS chromatograms.  A mass spectrum could 

be extracted and deconvoluted when needed using PARAFAC
52

 and identified using NIST11 

V2.0g mass spectral library (National Institute of Standards and Technology, Boulder CO, USA) 

as previously established
74

. 

                                                           
(98) L.S. Ott, A.B. Hadler, T.J. Bruno, Ind. Eng. Chem. Res. 47 (2008) 9225–9233. 
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4.2 Experimental 

 

 The RP-2 samples were run at the same time as the RP-1 fuels using the exact instrument 

and setup as previously stated in section 3.2 and in a published report
74

. 

 The samples were obtained from the Air Force Research Laboratory (AFRL) and 

prepared in the same manner as described in section 3.2
74

.  The list of RP-2 fuels analyzed can be 

found in Table 4.1. 

 The .peg files were imported into Matlab2009b (Mathworks, Natick MA, USA) and 

preprocessed using both commercial and in-house software (as in previous reports)
35-38,74

.  The 

GC × GC – TOFMS chromatograms underwent baseline correction and 2-point binning on both 

the first and second column dimensions.  The GC × GC – TOFMS chromatograms were 

unfolded and mean centered using PCA algorithm in PLS_Toolbox V6.02 (Eigenvector Inc. 

Winachee WA, USA). 

  Compounds of interest found in the loadings of the first two PCs that have high (positive 

or negative) values and correspond to peaks in the GC × GC – TOFMS chromatograms were 

identified in the same manner as described in section 3.2 and in a previous report
74

 using 

ChromaTOF, the in-house non-target PARAFAC, and the NIST mass spectral library
52,74

. 

 

4.3 Results and Discussion 

4.3.1 RP-2 Chromatograms 

 

 The RP-2 GC × GC – TOFMS chromatograms initially underwent visual inspection.  The 

separation of compounds showed very similar results to the aforementioned RP-1 GC × GC – 



121 
 

TOFMS chromatograms
74

.  Select GC × GC – TOFMS chromatograms of RP-2 fuels are 

highlighted in Figure 4.1A-C which are the TIC GC × GC – TOFMS chromatograms of samples 

WC0721HW01, YA2921HW10, and LB011011-01, respectively.  The alkanes are separated 

between 5 and 28 minutes on the first column, and between 1.7 and 2.5 seconds on the second 

column.  The cycloalkanes are predominantly in the region between 5 and 28 minutes on the first 

column, and between 1.4 and 1.7 seconds on the second column.  The di-and tri-cycloalkanes 

can be found in the region between 8 to 31 minutes on the first column, and between 1.0 and 1.5 

seconds on the second column.  The aromatics can be found in the region between 9 to 31 

minutes on the first column and between 0.7 and 1.0 seconds on the second column.  The 

di-aromatics can be found beside the aromatics region between 26 and 37 minutes on the first 

column and between 0.6 and 1.0 seconds on the second column.  The chromatograms shown 

were chosen due to their visual differences and their PCA scores (further discussed below).  

 

4.3.2 PCA Results 

 

 PCA was performed on two sets of data: first the averaged GC × GC – TOFMS 

chromatograms, and second on all replicates combined as a single data set.  The latter PCA 

model was done after the original PCA model to check for abnormalities in the replicates that 

could potentially bias the results of the original PCA model. 

 According to the PCA results of the averaged GC × GC – TOFMS chromatograms shown 

in Figure 4.2, PCs 1 & 2 captured 87.41% of the variance.  When PCs 3 & 4 are also included in 

the model, the total variance captured was 97.94%.  WC0721HW01 showed the most difference 

with respect to PC1, and LB011011-01 shows the most difference with respect to PC2.  
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YA2921HW10 appears to be representative of the average RP-2 sample as it exhibits scores 

close to 0 for both PC1 and PC2 and may be considered as a representative average of all 

GC × GC – TOFMS chromatograms analyzed.  To compliment the scores, the loadings are 

shown in Figures 4.3 and 4.4.  For purposes of clarity, the loadings are broken into two parts; one 

subfigure showing the positive values and one subfigure showing the negative values.  For each 

PC, regions sharing the same sign are said to be correlated while regions with opposite signs are 

said to be inversely correlated (i.e. when one is apparent in the sample, the other will be less 

apparent or not at all).  Examples of correlation in PC1 can be seen in the positive score values 

shown in Figure 4.3A, where some of the dominant peaks that show high values are the alkanes 

located in the region between 7 and 15 min on the first column dimension, and between 1.7 and 

2.5 sec on the second column dimension.  An example of correlation in the negative values can 

be seen in Figure 4.3B where some of the dominant peaks that show high values are the 

cycloalkanes located in the region between 5 and 10 min on the first column dimension, and 

between 1.2 and 1.6 sec on the second column dimension.  For an example of inverse correlation, 

one only needs to look at different peaks between positive and negative values in the same PC.  

A noteworthy feature found in the loadings of PC2 (Figure 4.3C) are the alkane peaks located in 

the upper right corner, including one big peak that exhibits wrap-around.  A complete list of 

select analytes of interest for PC1 (positive and negative) and PC2 (positive and negative) are 

shown in Tables 4.2-4.5. 

 For PCs 3 and 4 of the PCA model made from the averaged GC × GC – TOFMS 

chromatograms, the scores are shown as previously stated in Figure 4.2B, and the loadings are 

shown in Figure 4.4, capturing 6.22% and 4.31% of the variance, respectively.  PC3 describes 

the correlation existing between some of the di- & tri-cycloalkanes and some of the earlier 
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eluting compounds including somesome alkanes positive values which are inversely correlated 

with some other alkanes and cycloalkanes.  PC4 describes correlation between some earlier 

eluting alkanes (including the wrap-around peak) against many later eluting alkanes and 

cycloalkanes (both cycloalkanes and di- & tri-cycloalkanes).  Due to the low variance captured 

in these two PCs, their contribution to the variance is minor compared to PC1 and PC2. 

 The scores for the PCA models constructed from all replicates of GC × GC – TOFMS 

chromatograms of RP-2 samples are shown in Figure 4.5.  The loading was extremely similar to 

the loadings of the PCA model made from the averaged GC × GC – TOFMS chromatograms and 

was omitted for brevity.  In PCs 1, 2, and 3, the scores of GC × GC – TOFMS chromatogram 

replicates are located very close to each other indicating they are extremely similar.  Only in PC 

4 do some replicates appear significantly different, however considering this PC captures about 

4.45% of the variance the importance of this variance may not be of great significance and could 

potentially be attributed to noise.  Overall, these results suggest the variation between replicates 

is minor. 

 

4.4 Conclusions 

 

 The RP-2 fuels were analyzed using PCA, and as with the RP-1 fuels, the RP-2 fuels 

appear very similar with respect to chemical composition.  There are few noticeable differences 

between RP-2 samples; a few of the earlier eluting alkanes, one of which exhibits wrap-around 

on the second column dimension.  Also, the compositional difference between RP-2 fuels is 

more pronounced: some are richer in lighter compounds while others are richer in heavier 

compounds.  The scores and loadings summarize the variance between samples in a few succinct 
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figures.  One PCA model was constructed using the averaged GC × GC – TOFMS 

chromatograms and the second PCA model was constructed using all replicates.  The second 

PCA model was constructed to prove the variance between replicates was not significantly 

biasing the original PCA results. 
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Figure Captions 

 

 

Figure 4.1.  RP2 GC × GC–TOFMS chromatograms, collected by a 30 m Rtx-wax column for the first 

separation dimension followed by a 1.2 m Rtx-1 column for the second separation dimension at a constant 

inlet pressure of 35 psig.  The x-axis spans ~35 min, and the y-axis spans 2.5 s.  Compound groups are 

circled and annotated.  (A) TIC chromatogram of WC0721HW01.  (B) TIC chromatogram of 

YA2921HW10.  (C) TIC chromatogram of LB011011-01. 
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Figure 4.2.  PCA scores plots using the averaged chromatograms.  (A) Scores plot of PC 1 and PC 2.  (B) 

Scores plot of PC 3 and PC 4. 
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Figure 4.3.  PCA (unfolded) loadings plots (TIC) using the averaged chromatograms, the positive and 

negative values of each loadings were separated for clarity.  (A) Loadings (TIC) of PC 1 (positive values 

only).  (B) Loadings (TIC) of PC 1 (negative values only).  (C) Loadings (TIC) of PC 2 (positive values 

only).  (D) Loadings (TIC) of PC 2 (negative values only). 
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Figure 4.4.  PCA (unfolded) loadings plots (TIC) using the averaged chromatograms, the positive and 

negative values of each loadings were separated for clarity.  (A) Loadings (TIC) of PC 3 (positive values 

only).  (B) Loadings (TIC) of PC 3 (negative values only).  (C) Loadings (TIC) of PC 4 (positive values 

only).  (D) Loadings (TIC) of PC 4 (negative values only). 
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Figure 4.5.  PCA scores plots using all chromatograms replicates.  (A) Scores plot of PC 1 and PC 2.  (B) 

Scores plot of PC 3 and PC 4. 
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Tables 

Table 4.1.  RP-2 Fuel Set 

 

RP-2 Sample 
UW Sample No. 

(RP-2 Set) 
AFRL Designation Fuel Type 

1 1 011404/SA1421LS03 2004 UL-RP-1 

2 2 (19 RP-1 Set) WC0721HW01 2008 RP-2 

3 3 (5 RP-1 Set) XK1621HW10 2009 RP-2 

4 4 (20 RP-1 Set) YA2921HW10 2010 RP-2 

5 5 2011 UL-Replicate 2011 RP-2 

6 6 LB011011-01/Option A 2011 RP-2 

7 7 RG3021LS05 2003 TS-5-RP-1 

 

Table 4.2.  Compounds of interest based on the PCA loadings of RP-2 Fuels of PC1 (positive values). 

 

 # Compound Identification 
1
tr (min) 

2
tr (s) MV Compound Class 

1 Decane 8.25 2.04 951 alkanes 

2 Undecane 10.92 2.3 954 alkanes 

3 Dodecane 13.58 2.26 941 alkanes 

4 Heptylcyclohexane (C13H26) 18.83 1.66 847 cycloalkanes 

5 C14H28 alkylated Cycloalkane 19.5 1.7 803 cycloalkanes 

6 C10H20 alkylated Cycloalkane 19.67 1.72 804 cycloalkanes 

7 1,1'-Bicyclohexyl, 2-methyl-, cis- 

(C13H24) 

20.83 1.42 829 di- & tri- 

cycloalkanes 

8 Hexamethyloctahydro-1H-indene  

(C15H28) 

22.25 1.46 824 di- & tri- 

cycloalkanes 

9 Hexamethyloctahydro-1H-indene  

(C15H28) 

23.5 1.4 789 di- & tri- 

cycloalkanes 

10 No significant peak found    mono-aromatics 

11 No significant peak found       di-aromatics 
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Table 4.3.  Compounds of interest based on the PCA loadings of RP-2 Fuels of PC1 (negative values). 

 

 # Compound Identification 
1
tr (min) 

2
tr (s) MV Compound Class 

1 2,6-Dimethylundecane (C13H28) 13.42 2.28 938 alkanes 

2 branched alkane (C14H20) 14.75 2.4 777 alkanes 

3 Undecane, 2,6-dimethyl- (C13H28) 14.75 2.14 824 alkanes 

4 2-Methyldodecane (C13H28) 15 2.14 924 alkanes 

5 1-Ethyl-1,3-dimethylcyclohexane 

(C10H20) 

7.67 1.62 866 cycloalkanes 

6 1-Ethyl-2,3-dimethylcyclohexane 

(C10H20) 

8.33 1.64 870 cycloalkanes 

7 1-Methyl-3-propylcyclohexane 

(C10H20) 

8.92 1.7 855 cycloalkanes 

8 decahydro-naphthalene (C10H18)  12.83 1.38 928 di- & tri- 

cycloalkanes 

9 2-Methyldecahydronaphthalene 

(C11H20) 

14 1.46 927 di- & tri- 

cycloalkanes 

10 2-Ethyldecahydronaphthalene (C12H22) 17.25 1.42 805 di- & tri- 

cycloalkanes 

11 No significant peak found    mono-aromatics 

12 No significant peak found       di-aromatics 

 

Table 4.4.  Compounds of interest based on the PCA loadings of RP-2 Fuels of PC2 (positive values). 
 

 # Compound Identification 
1
tr (min) 

2
tr (s) MV Compound Class 

1 2,2,4,6,6-Pentamethylheptane (C12H26) 7.17 2.5 902 alkanes 

2 2-Methylnonane (C10H22) 7.25 2.02 890 alkanes 

3 2,2,4,4-Tetramethyloctane (C12H26) 8.58 2.22 879 alkanes 

4 branched alkane (C9H20) 9.17 2.18 824 alkanes 

5 Octylcyclohexane (C14H28) 21.25 1.64 884 cycloalkanes 

6 trans-Decahydronaphthalene (C10H18) 12.83 1.38 921 di- & tri- 

cycloalkanes 

7 Methyldecahydronaphthalene (C11H20) 14 1.46 921 di- & tri- 

cycloalkanes 

8 2-Methyldecahydronaphthalene 

(C11H20) 

14.67 1.42 926 di- & tri- 

cycloalkanes 

9 1,1'-Bicyclohexyl, 2-methyl-, cis- 

(C13H24) 

20.83 1.4 835 di- & tri- 

cycloalkanes 

10 No significant peak found    mono-aromatics 

11 No significant peak found       di-aromatics 
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Table 4.5.  Compounds of interest based on the PCA loadings of RP-2 Fuels of PC2 (negative values). 

 

 # Compound Identification 
1
tr 

(min) 

2
tr (s) MV Compound Class 

1 4-Methylnonane (C10H22) 7.17 1.96 882 alkanes 

2 dimethyl-undecane (C13H28) 13.5 2.24 871 alkanes 

3 Duodecane (C12H26) 13.58 2.06 941 alkanes 

4 methyl(methylethyl)cyclohexane 

(C10H20) 

11.67 1.78 803 cycloalkanes 

5 pentyl-cyclohexane (C11H22) 13.42 1.66 857 cycloalkanes 

6 C12H24 alkylated Cycloalkane 14.17 1.78 875 cycloalkanes 

7 2-Methyldecahydronaphthalene 

(C11H20) 

14.08 1.42 914 di- & tri- 

cycloalkanes 

8 2-Methyldecahydronaphthalene 

(C11H20) 

14.75 1.38 930 di- & tri- 

cycloalkanes 

9 2-Methyldecahydronaphthalene 

(C11H20) 

15.67 1.34 920 di- & tri- 

cycloalkanes 

10 Tetramethylbenzene (C10H14) 19.67 0.9 932 mono-aromatics 

11 Tetramethylbenzene (C10H14) 19.83 0.88 925 mono-aromatics 

12 3,4-Dimethyl-1-ethylbenzene (C10H14) 21.25 0.88 919 mono-aromatics 

13 Naphthalene 26.83 0.78 937 di-aromatics 

14 1-Methylnaphthalene 29 0.8 928 di-aromatics 

15 1-Methylnaphthalene 29.75 0.8 941 di-aromatics 
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Chapter 5: Analysis of RP-1 Fuel and Advanced Distillation Curves using PLS 

Regression*  

5.1 Introduction 

 

 The chemical composition of a kerosene fuel, though complex, holds a key to 

understanding and altering the physical properties and performance of the fuels
79–84,87

.  

Achieving fine control over the chemical composition can be a difficult task.  It has become 

increasingly important to achieve further insight into fuel composition, as well as the sources of 

variation in the fuel composition to both maintain and control fuel performance, as well as to 

assess the performance of “field” fuels
79–83

.  Fuel performance is inextricably tied to 

characterization, and the advanced distillation curve (ADC) method has demonstrated itself as a 

well suited approach for the analysis and characterization of complex fuels
99–101

.  The ADC 

method is a state-of-the-art approach to very accurately and precisely analyze the boiling curve 

of complex liquids.  Samples (i.e., distillation fractions) may be obtained during the distillation, 

and can be further analyzed both qualitatively and quantitatively.   

 The ADC method was pioneered by Bruno and co-workers
77,80,83,98–109

.  Briefly, the 

                                                           
* Large portions of this chapter are intended for a future publication. 

(99)  T.J. Bruno, Ind. Eng. Chem. Res. 45 (2006) 4371–4380. 

(100)  T.J. Bruno, B.L. Smith, Ind. Eng. Chem. Res. 45 (2006) 4381–4388. 

(101) T.J. Bruno, L.S. Ott, B.L. Smith, T.M. Lovestead, Anal. Chem. 82 (2010) 777–783. 

(102) B.L. Smith, T.J. Bruno, Ind. Eng. Chem. Res. 46 (2007) 310–320. 

(103) L.S. Ott, B.L. Smith, T.J. Bruno, Fuel. 87 (2008) 3055–3064. 

(104) T.M. Lovestead, T.J. Bruno, Energy Fuels. 23 (2009) 3637–3644. 

(105) B.C. Windom, T.J. Bruno, Energy Fuels. 25 (2011) 5200–5214. 
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apparatus for the ADC method utilizes a round-bottom flask connected to an air cooled 

condenser, a receiver adapter and a calibrated volume receiver.  In more detail, the flask is 

encased with a heater in an aluminum metal jacket.  Inside the flask are two thermocouples 

(suspended with the use of a centering adapter): one thermocouple measures the temperature of 

the liquid analyzed, and the other thermocouple measures the temperature in the headspace 

above the liquid being distilled.  A stir bar and some glass shards are introduced to promote even 

heat distribution and prevent “bumping” of the liquid being distilled.  Three bore scope ports 

(5 mm diameter) are strategically located to inspect both the liquid and the thermocouples inside 

the apparatus; their small size minimizes heat loss.  The flask is connected to an air cooled 

condenser wherein the distillate condenses.  The condenser, in turn, is connected to a special 

adapter where the drops of distillate fall into a small 0.05 mL “hammock.”  With the use of a 

syringe, the distillate may be sampled from the hammock for further analysis including but not 

limited to gas chromatography (GC)
98,100–105

, infrared spectroscopy
103

, and measurements of 

enthalpy of combustion
104

.  After the adapter, the distillate reaches the calibrated volume 

receiver.  More recently, a variation of the ADC method apparatus was implemented that 

controls the internal pressure, preventing sample degradation due to reactions that may 

potentially occur at high temperatures when analyzing samples containing low-volatility 

compounds
107

.  This feature was achieved by sealing every connection between parts of the 

                                                                                                                                                                                           
(106) B.L. Smith, T.J. Bruno, Improvements in the Measurement of Distillation Curves. 3. Application to 

Gasoline and Gasoline + Methanol Mixtures, Ind. Eng. Chem. Res. 46 (2007) 297–309. 

(107) B.C. Windom, T.J. Bruno, Improvements in the Measurement of Distillation Curves. 5. Reduced Pressure 

Advanced Distillation Curve Method, Ind. Eng. Chem. Res. 50 (2011) 1115–1126. 

(108) B.C. Windom, T.J. Bruno, Application of Pressure-Controlled Advanced Distillation Curve Analysis: 

Virgin and Waste Oils, Ind. Eng. Chem. Res. 52 (2013) 327–337. 

(109) T.J. Bruno, A. Wolk, A. Naydich, Stabilization of Biodiesel Fuel at Elevated Temperature with Hydrogen 

Donors: Evaluation with the Advanced Distillation Curve Method, Energy Fuels. 23 (2009) 1015–1023. 
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apparatus and using a commercial pressure controller.  Sampling is performed with a reduced 

pressure balance syringe.   

 The ADC method has been instrumental in the study of a variety of complex liquid 

samples including, but not limited to, crude oil
103

, gasoline
106

, biodiesel fuel
107,109

, jet fuel
83,101–

102
, motor oil

108
,  and rocket propellant (RP)

77,80,98,100–101,104–105
.  The ADC method can be used 

not only to provide information regarding sample composition, but also to study the 

thermodynamic and physical properties such as corrosive effects
103

, enthalpy of combustion 

(through the use of each distillate fraction to determine the overall enthalpy of combustion and 

fuel performance)
83,101–102,105–106

, and the influence of thermal stress on fuels
105

.  Furthermore, 

the variability in fuel composition and its impact on physical properties have also been 

investigated
77

.
  
 

 In conjunction with implementing the ADC method, it has become apparent that 

additional chemical composition information should be evaluated to strengthen the information 

gained from ADC data.  For this purpose, in this report we applied the powerful chemical 

analysis tool known as comprehensive two-dimensional gas chromatography combined with 

time-of-flight mass spectrometry (GC × GC – TOFMS), using a reverse column GC × GC 

configuration (i.e., polar primary dimension column coupled with a non-polar secondary 

dimension column)
9
 building from our previous study

74
, to improve the separation of the various 

compound classes (eg. alkanes, cycloalkanes, aromatics, etc), and to facilitate extraction of 

chemical information from a set of ten RP-1 fuel samples.  Using chemometrics, we then 

explored the connection between chemical composition via GC × GC – TOFMS 

chromatographic data and the ADC data from the RP-1 fuels.  Indeed, GC × GC – TOFMS is 

ideally suited for use in fuels analysis
9,24–25,48,51–52,74,88–90,92

. 
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 To help glean useful information, multivariate “chemometric” data analysis methods 

have been developed.  Chemometrics have been shown to be able to take advantage of the 

three-way data provided by the GC × GC – TOFMS instrumental platform, to help reveal 

similarities and/or differences between chromatograms
23,25,48,74,88

.  Partial least-squares (PLS) 

analysis can be used to associate variance in fuel composition to measured physical properties
74

.  

Detailed information on the theory of PLS can be found elsewhere
19,93–95

.  In short, PLS was 

used to model the GC × GC – TOFMS chromatograms (the X-block) for a set of ten RP-1 fuels, 

in conjunction with the ADC data (the Y-block) for the same fuels, allowing to use GC × GC –

 TOFMS chromatograms to predict the ADC (without directly measuring a given ADC).  This 

analysis is accomplished by selecting an appropriate number of latent variables (LVs) that are 

used to calculate loadings that capture the variance (i.e. chemical information) in the GC × GC –

 TOFMS chromatograms that have the maximum covariance (implying a linear relationship) 

with corresponding information in the ADC data set.  This experimental procedure has the ability 

to provide direct insight into the chemical composition changes as a function of % distilled (and 

distillation temperature during the ADC experiment).    

 In this study, GC × GC – TOFMS chromatographic data of RP-1 fuels and their 

respective ADC data are analyzed using PLS to provide useful information on chemical 

compounds that significantly influence the RP-1 fuel properties via inspection of the linear 

regression vector (LRV) of each PLS model.  Our goals are to demonstrate and validate the use 

of PLS modeling, and to relate chemical information obtained from the GC × GC – TOFMS 

chromatograms to the corresponding ADC for each RP-1 fuel, and ultimately to predict the ADC 

temperatures of a given RP-1 fuel, without directly making those measurements
80

.  Eventually, 
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this chemical analysis approach will provide insight, and to aid, in the process of optimization of 

fuel performance. 

 

5.2 Experimental 

 

 The full details on the GC × GC – TOFMS instrumental platform and methodology can 

be found in our previous report
74

.  Ten RP-1 fuel samples were obtained from Air Force 

Research Laboratories (AFRL); the full list of RP-1 fuels used can be found in Table 3.1.  The 

ADC data were obtained from an earlier report
80

.  The GC × GC – TOFMS instrument used was 

an Agilent 6890A GC with a 7683B auto-injector (Agilent Technologies, Palo Alto, CA, USA) 

coupled to a LECO Pegasus-III TOFMS (LECO, St. Joseph, MI, USA).  Isobaric mode was used 

with an inlet pressure of 35 psig (241 kPa).  The auto-injector was set to 1 μL injection, a 200:1 

split injection with helium carrier gas was used, and acetone was used as the solvent rinse.  The 

first GC × GC separation dimension (primary column) used a RTX-wax (polar) stationary phase, 

of 30 m in length, 250 μm i.d., and a 0.5 μm film.  The modulation period was set to 2.5 s.  The 

second separation dimension (secondary column) used a 1.2 m RTX-1, of 100 μm i.d., and a 0.18 

μm film.  The GC oven was initially set to 40 °C for 2 min and ramped to 225 °C at a rate of 6 

°C/min; the final temperature was maintained for 3 min.  The GC inlet was set to 225 °C and the 

transfer line temperature was 235 °C.  The thermal modulator offset was 20 °C, with a hot pulse 

time of 0.59 s and a 0.35 s cool time.  The secondary column oven temperature control was not 

used while still achieving a suitable GC × GC separation, and the secondary oven (housed in the 

primary oven) was left open and set at the same nominal temperature as the primary oven.  The 

TOFMS data acquisition parameters were set with a 120 s acquisition delay, a mass channel 
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(m/z) scan range of 35-334 amu, with a 100 Hz acquisition rate. 

  The computer used for analysis was an Intel Core i-3-2120 @3.3 GHz, with 16.0 GB of 

RAM, and included a 60 GB SSD drive used for the purpose of a page disc (“fast” virtual RAM).  

Two replicate sets of RP-1 GC × GC – TOFMS chromatograms were analyzed as separate sets of 

PLS models as described below, and the results for both replicates are provided herein, overlaid 

in figures, similar to previous reports
74,92

.  Chromatographic runs were imported to 

MATLAB2009b (MathWorks, Natick MA) using the ‘peg2mat’ function
35,38,74

. 

 The GC × GC – TOFMS data underwent baseline correction using in-house software as reported 

previously
74

, and to help save memory and computation time, the data also underwent a 

condensing procedure
74,96

 that included the following operations.  First, the chromatographic 

data were binned (for 2 points in each chromatographic dimension, resulting in GC × GC –

 TOFMS chromatograms that are 25% of their original size).  The binning also addressed any 

minor run-to-run misalignment in the data
96

.  Second, in the TOFMS domain, omitting m/z 

channels that were unselective and m/z channels that do not exhibit signal greater than five times 

the standard deviation of baseline corrected noise (these m/z are: 35-37,43-47, 51, 58-62, 73-76, 

87-90, 101-103, 115-118, 133, 207, 214-334).  Third, the signal for uninformative temporal 

regions was set to 0, specifically, GC × GC regions dominated by column bleed or with no 

analyte compound signal (these regions were initially inspected while taking chromatogram 

variability into consideration to prevent the chance of removing compositional variation).  The 

chromatographic and mass spectral dimensions of the GC × GC – TOFMS data for each RP-1 

fuel was vectorized (from 10 fuels ×125 secondary column data points ×405 primary column 

data points ×148 mass channels  to 10 fuels × 7492500 unfolded data points) prior to PLS 

analysis along with the ADC (in vector form) for each RP-1 fuel.  PLS analysis was performed 
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using PLS Toolbox 6.7 (Eigenvector Research Inc., Wenatchee WA), with mean centering of the 

GC × GC – TOFMS data and auto scaling (subtracting the mean and dividing by the standard 

deviation) for the ADC temperature values.  

 Using the ADC method for a RP-1 fuel analysis, the temperature is recorded at the 

moment a specific percentage of the fuel has been distilled (% distilled point)
80

.  For this study, 

temperatures for the ADC method were measured at nineteen % distilled points: 0.025, 5, 10, 15, 

20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, and 90
80

.  Rather than construct a single PLS 

model for the entire ADC data set (simultaneously on all nineteen measurement points along the 

% distilled axis of the ADC for all fuels in the sample set), a series of 19 PLS models (a PLS 

model at each % distilled point) were produced.  Performing the PLS analysis using a series of 

19 models offered several key advantages.  First, this approach lessened the restrictions on PLS 

when constructing the model(s).  Second, this approach offered the ability to change the number 

of LVs at different % distilled points in the ADC (if necessary).  Different numbers of LVs can 

be expected because the composition of a fuel is known to change over the course of the 

distillation, i.e. the GC × GC – TOFMS chromatographic data represents the initial chemical 

composition of a given fuel, however the composition at a given % distilled is a subset of this 

composition, with possibly different relative concentrations for the various compounds present.  

A third important advantage for constructing a series of 19 PLS models was to save computation 

time.  Consider modeling the entire ADC data set (10 fuels × 19 % distilled points) coupled with 

the unfolded GC × GC – TOFMS chromatograms (as stated previously, 7,492,500 unfolded data 

points per fuel), PLS would require a considerable amount of computer memory (about 13 GB), 

and the computation time would be prohibitively long, and on some computer systems this 

computational exercise would fail due to memory constraints.  In contrast, applying PLS on the 
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unfolded GC × GC – TOFMS chromatograms at one % distilled point at a time, required less 

LVs and significantly less memory (around 6.5GB), and requires less than a minute to compute 

per PLS model. 

 The PLS modeling was validated using leave-one-out-cross-validation (LOOCV).  

Briefly, LOOCV involves, a series of PLS models from (n-1) samples from the original n sample 

data set, and using the nth sample to predict values from the constructed (n-1) model.  After all 

combinations are analyzed the root-mean-square of error of cross-validation of the residuals of 

the PLS models (RMSECV) was calculated in Eq. 3.1
2
. Moreover, RMSECV results were also 

used to help determine the most appropriate number of LVs to use for the PLS models. 

 At each step in the analytical procedure, the LRVs of the PLS models were inspected to 

qualitatively verify that the connections the PLS models made between the chromatographic 

information (GC × GC – TOFMS data) and physical measurements (ADC data) were both 

logical, and that the LRVs from consecutive models appear continuous.  Using information 

provided by the LRVs, identification of compounds of interest in the GC × GC – TOFMS data 

was performed via ChromaTOF V.3.32 (LECO Corporation, St. Joseph, MI, USA), and in-house 

software for nontarget PARAFAC for well resolved and unresolved peaks, respectively
52

.  The 

NIST11 V2.0g mass spectral library (National Institute of Standards and Technology, Boulder 

CO, USA) was used for mass spectral identification. 
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5.3 Results and Discussion 

 

 A representative GC × GC – TOFMS chromatogram of an RP-1 fuel is provided in 

Figure 5.1A.  In this figure the total ion current (TIC) signal is plotted for the GC × GC 

separation of the RP-1 fuel LB073009-08.  To further demonstrate the separation power for 

complex samples such as RP-1, in Figure 5.1B, C and D, are provided specific regions of the 

GC × GC separation with a representative alkane, cycloalkane, and aromatic compound 

indicated, respectively.  Each of the representative compounds indicated also are key compounds 

identified in the PLS modeling that will be presented herein.  In Figure 5.1B is provided a region 

of Figure 5.1A at the selective mass channel m/z 57 (between 5 and 12 min along the primary 

dimension, and between 1.7 and 2.5 s along the secondary dimension); the highlighted peak 

(located at 8.75 min and 1.94 s on the primary and secondary dimensions, respectively) has been 

identified as decane.  In Figure 5.1C is provided a region of Figure 5.1A at the selective mass 

channel m/z 136 (between 13 and 19 min, and 1.0 and 1.8 s along the primary and secondary 

dimensions, respectively); the highlighted peak (located at 15.00 min and 1.17 s on the primary 

and secondary dimensions, respectively) has been identified as the adamantane.  Finally, in 

Figure 5.1D is provided a region of Figure 5.1A at the selective mass channel m/z 105 (between 

18 and 24 min, and between 0.8 and 1.2 s along the primary and secondary dimensions, 

respectively); the highlighted peak (located at 19.29 min and 0.95 s on the primary and 

secondary dimensions, respectively) has been identified as methylbutylbenzene. 

 The previously measured ADC data for all ten RP-1 fuels are provided in Figure 5.2A
80

.  

The measured ADC data were obtained at a % distilled range from 0.025% to 90%, representing 

the ADC data set that we subsequently modeled using PLS with GC × GC – TOFMS data.  The 
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recorded temperatures for the ADC data set range from 207.2°C to 213.5°C at 0.025% distilled, 

to 235.9°C to 258.1°C at 90% distilled.  At various % distilled values the ADC for several fuel 

pairs cross one another, which is indicative of the rich information that the ADC method 

provides, but may also potentially make the PLS modeling of ADC data more challenging.  For 

clarity, in Figure 5.2B two representative ADCs are provided that approximately span the range 

of temperatures at each % distilled.  The upper ADC in Figure 5.2B is from RP-1 fuel 

LB073009-06, having some of the highest measured temperatures for the ten fuels, The lower 

ADC in Figure 5.2B is from RP-1 fuel LB073009-02, which exhibited some of the lowest 

recorded temperatures. 

 For comparison to Figure 5.2B, the ADCs for RP-1 fuels LB073009-06 and 

LB073009-02 predicted using PLS during the LOOCV procedure are provided in Figure 5.2C.  

Figures. 5.2B and 5.2C are qualitatively very similar, but in order to obtain a more quantitative 

evaluation of the accuracy of the PLS modeling, residuals for each ADC were calculated at each 

% distilled value.  The ADC residuals were obtained by subtracting a given measured ADC from 

the ADC predicted using PLS.  The residuals imply an accuracy of the PLS modeling to within 

+/- 2.5 °C range.  

 Examination of the LRVs of the PLS models provide additional information, 

complementary to the ADCs predicted from the PLS models.  In Figure 5.3A-C, three of the 

nineteen LRVs are provided (one for each PLS model constructed, other LRVs omitted for 

brevity): one LRV from the beginning (0.025% distilled), middle (45% distilled), and end (90% 

distilled) of the ADC.  Through inspection of the positive LRV values, the corresponding peaks 

tend to be analyte compounds eluting after ~10 min for alkanes, after ~15 min for the 

cycloalkanes, and di-and tri-cycloalkanes, and after ~17 min for aromatic groups to a lesser 
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extent.  These results in the LRVs display a general pattern that the less volatile compounds 

contribute positively to an ADC, suggesting less volatile compounds increase the overall 

predicted temperature of the ADC at a given % distilled point.  As the % distilled approaches 

90%, the intensities of the positively contributing peaks in the LRVs shift to the right to less 

volatile compounds, suggesting these compounds may contribute more with respect to the 

predicted ADC temperature.  An interesting observation is that some regions (and peaks therein) 

in the LRVs change sign as the distillation runs toward completion; a good example is a cluster 

of peaks located ~13 and 17 min in the primary separation dimension and ~1.2 and 1.5 s in the 

secondary separation dimension.  Although the peaks in the LRVs in this separation region are 

generally positive at 0.025% distilled, as the distillation progresses the magnitude of many peaks 

diminish until their contribution is zero, then as the distillation progresses further the signs of 

these peaks change to negative with a corresponding increase in magnitude.  This suggests that 

early in the distillation, analyte compounds corresponding to peaks in the LRV that are changing 

from positive to negative during the distillation would contribute to increasing the predicted 

ADC temperature, but approaching the end of the distillation these compounds would contribute 

to decreasing the predicted ADC temperature.  These compounds seem to act analogous to a 

chemical buffer in that as buffers moderate changes in pH, these compounds moderate the 

temperature range of the distillation, i.e. the more of these compounds present the narrower the 

temperature range over which the distillation will occur.   

 An interesting phenomenon is observed at the higher % distilled values, as shown in 

Figure 5.3C.  There are several unexpected, slightly positive peaks in the LRV region between 5 

and 15 min.  At 90% distilled the chemical composition of the fuels is actually a subset of the 

fuel composition that is analyzed by the GC × GC – TOFMS instrument, since at 90% distilled 
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the more volatile compounds will have mostly boiled off, and there likely have been some 

significant changes in the relative compositions of the various compounds in the fuels.  Thus, the 

positive values in the LRVs in the region between 5 and 15 min may be attributed to covariance 

between peaks that are more volatile and peaks that are less volatile in the PLS models, and not 

necessarily because these LRV peaks are chemically meaningful; this may be the source of the 

higher error in PLS models at higher % distilled values.   

 Inspection of the negative regions (and peaks therein) in all of the LRVs, analyte 

compounds between 5 and 15 min generally have negative values, suggesting the earlier and 

more volatile compounds lower the overall temperature of the ADC at a given % distilled.  As 

with the positive LRV values, as the distillation progresses from 0.025% to 90% distilled, the 

intensity shifts from left to right.  As the temperature rises, the more volatile compounds 

preferentially evaporate, so their decreased presence reduces their influence on the overall 

temperature at higher % distilled values, while the heavier, less volatile compounds contribute 

more.  A list of representative, yet key, analyte compounds of interest, indicated by large 

magnitudes of their peaks in the LRVs were identified and summarized in Tables 5.2, 5.3, and 

5.4.  For example, methylbutylbenzene (identified in Figure 5.1D) is listed as compound #10 in 

Table 5.1, and is one of the major positively contributing compounds to the LRV.  Decane 

(identified in Figure 5.1B), is listed as compound #2 in Table 5.2, and is one of the major 

negatively contributing compounds to the LRV.  Adamantane (identified in Figure 5.1C), is 

listed as compound #7 in Table 5.3, and is one of the significant compounds that change sign 

with respect to their contribution as the ADC nears completion.  Identification of compounds that 

impact the ADC can play an important role in understanding the information provided by the 
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ADC experiment, and ultimately could play a key role in improving fuel formulation and 

performance.  

 Finally, we present the LOOCV summary using the RMSECV calculation defined in Eq. 

(1) as a function of the % distilled value.  The LOOCV procedure for the PLS modeling was 

performed using both sets of GC × GC – TOFMS data with the ADC data set.  The most 

appropriate number of latent variables (LVs) was determined to be 4 LVs, based upon the 

analysis of scree plots
74

.  The LOOCV summary in Figure 5.4A provides an assessment of the 

accuracy of the PLS models and select scree plots (0.025%, 0.45%, 0.90%) are overlaid and 

highlighted in Figure 5.4B for purpose of reference.  The residuals (Figure 5.2D) of many of the 

RP-1 fuels cross at 80% distilled along with a sharp increase in the RMSECV in Figure 5.4 (at 

85% and 90% distilled).  These changes are probably linked to the changes in fuel composition 

as more fuel is distilled and the resulting covariance between compounds of different volatility 

that appear in the chromatograms.  In principle, distillate of RP-1 fuels could be collected at each 

% distilled and analyzed with the GC × GC – TOFMS, and the resulting chromatograms could 

be used to construct the PLS models using their respective temperatures on the ADC data.  

However this approach is more laborious and impractical, requiring a prohibitively large set of 

samples, eg., 190 samples, from 10 fuels x 19 ADC % distilled points (instead of only10 fuel 

samples directly analyzed herein in order to demonstrate the methodology principles).  The 

primary benefit of doing so would be to reduce the apparent covariance, thus making the 

RMSECV values (in Figure 5.4) consistently smaller across the ADC.  Another way to think 

about this source of the error while approaching the end of the distillation, is that PLS is using 

the chromatograms of un-distilled RP-1 fuels to “predict the future” A C values.  It is likely that 

better PLS models could be constructed from chromatograms generated from the RP-1 fuels 
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sampled at each % distilled.  Using a respective chromatogram of a fuel at each distillation point 

would have more representative of the fuel and would have help minimize the error of the PLS 

models, however obtaining said RP-1 samples at various stages of distillation poses a more 

laborious proposition. 

 

5.4 Conclusions 

 

 In this report we have demonstrated the use of PLS on GC × GC – TOFMS 

chromatograms of RP-1 fuels, and their respective ADCs.  The PLS modeling provides insight 

into how the chemical composition weighs differently in determining the temperature for a given 

% distilled value across the ADC.  Compounds were discovered that correlate with narrowing 

the temperature range of which the distillation occurs.  The predictive power of the PLS 

modeling was assessed using LOOCV, yielding RMSECV with low values, typically below 

2.0 °C, at each % distilled measurement point during the ADC analysis.   
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Figure Captions 

 

 
 

Figure 5.1.  (A) Total ion current (TIC) chromatogram of the RP-1 fuel LB073009-08, collected using 

GC × GC – TOFMS.  Compound classes are indicated.  (B) Region between 5 min and 12 min in the 

primary dimension and 1.7 s and 2.5 s in the secondary dimension at m/z 57, the upper left box in (A), 

with n-decane identified.  (C) Region between 13 min and 19 min in the primary dimension and 1.0 s and 

1.8 s in the secondary dimension at m/z 136, the middle box in (A), with adamantane identified.  (D) 

Region between 18 min and 24 min in the primary dimension and 0.8 s and 1.2 s in the secondary 

dimension, the lower right box in (A), with methylbutylbenzene identified. 
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Figure 5.2.  (A) Measured ADC data for the ten RP-1 fuels (listed in Table 3.1) are provided.  (B) The 

ADC of two RP-1 fuels are provided that span the approximate range of the ADC data set: top 

LB073009-06, bottom LB073009-02.  (C) The PLS modeled ADC for the two fuels in part (B) are 

provided: top LB073009-06, bottom LB073009-02.  (D) The ADC residuals for all ten of the RP-1 fuels, 

calculated as the predicted ADC obtained from the cross validation predicted PLS models minus the 

measured ADC. 
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Figure 5.3.  (A) Linear regression vector (LRV) of a 4 LV PLS model at 0.025% distilled of the ADC 

(positive contribution only).  (B) Linear regression vector (LRV) of a 4 LV PLS model at 0.025% distilled 

of the ADC (positive contribution only).  (C) LRV of a 4 LV PLS model at 45% distilled (the middle) of 

the ADC (positive contribution only).  (D) LRV of a 4 LV PLS model at 45% distilled (the middle) of the 

ADC (negative contribution only).  (E) LRV of a 4 LV PLS model at 90% distilled (the end) of the ADC 

(positive contribution only).  (F) LRV of a 4 LV PLS model at 90% distilled (the end) of the ADC 

(negative contribution only). 
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Figure 5.4.  Validation results are provided for the PLS models of the ADCs for the ten RP-1 fuels in 

Table 3.1 using LOOCV.  The RMSECV values for PLS modeling of both sets of GC × GC – TOFMS 

data are indicated as a function of % distilled. 
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Tables 
 

 
Table 5.1.  Major contributing compounds identified in the LRVs that contribute positively, per the blue 

features in Figure 5.3A, B, C.  The retention time on primary is labeled 
1
tR, and on the secondary column 

as 
2
tR.  The mass spectral match value is labeled MV. 

 

# Compound Identification 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Trimethyldodecane (C15H32) 17.42 2.23 924 alkanes 

2 3-Methyltridecane (C14H30) 19.88 2.00 910 alkanes 

3 3-Methyltetradecane (C15H32) 20.17 1.96 922 alkanes 

4 Heptylcyclohexane (C13H26) 18.75 1.62 889 cycloalkanes 

5 Octylcyclohexane (C14H28) 21.25 1.60 909 cycloalkanes 

6 Nonylcyclohexane (C15H30) 23.63 1.60 929 cycloalkanes 

7 Methyl-bicyclohexyl (C13H24) 20.79 1.36 841 di- & tri- cycloalkanes 

8 Hexamethyloctahydro-1H-indene (C15H28) 22.21 1.43 832 di- & tri- cycloalkanes 

9 Bicyclohexane (C15H28) 20.00 1.38 907 di- & tri- cycloalkanes 

10 Methylbutylbenzene (C11H16) 19.29 0.95 908 mono-aromatics 

11 Azulene (C10H18) 26.83 0.76 919 di-aromatics 

 

 
Table 5.2.  Major contributing compounds identified in the LRVs that contribute negatively per the red 

features in Figure 5.3A, B, C. 
 

# Compound Identification 
1
tR (min) 

2
tR(s) MV Compound Class 

1 Methylnonane (C10H22) 7.46 1.94 937 alkanes 

2 Decane (C10H22) 8.21 1.94 960 alkanes 

3 Dimethylnonane (C11H24) 8.42 2.18 931 alkanes 

4 Trimethylcyclohexane (C9H18) 7.42 1.40 943 cycloalkanes 

5 Methylpropylcyclohexane (C10H20) 8.92 1.63 873 cycloalkanes 

6 Ethyldimethylcyclohexane (C10H20) 9.21 1.53 864 cycloalkanes 

7 cis-Octahydro-1H-indene (C9H16) 11.17 1.24 948 di- & tri- cycloalkanes 

8 Dimethylbicyclo[3.2.1]octane (C10H18) 11.96 1.34 890 di- & tri- cycloalkanes 

9 Not found at significant level       mono-aromatics 

10 Not found at significant level       di-aromatics 
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Table 5.3.  Compounds of interest identified in the LRVs that exhibit a sign change across the ADC 

(from positive to negative), per Figure 5.3. 

 

# Compound Identication 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Trimethyldecane (C13H28) 14.83 2.24 898 alkanes 

2 Methyldodecane isomer (C13H28) 14.67 2.10 926 alkanes 

3 Methyldodecane isomer (C13H28) 15.00 2.10 940 alkanes 

4 Not found at significant level       cycloalkanes 

5 Not found at significant level       cycloalkanes 

6 trans-decahydronaphthalene(C10H18) 12.83 1.35 930 di- & tri- cycloalkanes 

7 Adamantane (C10H16) 15.00 1.17 959 di- & tri- cycloalkanes 

8 Methyldecahydronaphthalene (C11H20) 14.00 1.42 940 di- & tri- cycloalkanes 

9 Not found at significant level       mono-aromatics 

10 Not found at significant level       di-aromatics 
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Chapter 6: Analysis of RP-1 Fuel and Physical Properties over a Temperature 

Range 

6.1 Introduction 

 

 Complex samples such as Kerosene fuel and RP-1 fuel contain many compounds, and 

further insight about their composition is crucial in gaining better understanding of their physical 

properties and performance
79,84,110

.  However, obtaining control over the fuel composition can be 

difficult considering the stock material may exhibit considerable variation.  Achieving further 

insight into fuel composition and the sources of variation has become increasingly important to 

help evaluate, control, and or maintain the performance of “field” fuels
79,83

.  The list of RP-1 

fuels analyzed is shown in Table 3.1. 

 GC × GC – TOFMS as stated and demonstrated previously is a workhorse with respect to 

analysis of complex samples such as fuels
9,24,25,48,52,74,88

.  Multivariate data analysis methods 

(such as chemometrics) have been developed to help glean useful information from the rich 

chemical data provided by GC × GC – TOFMS chromatograms
23,25,48,88

.  Partial least-squares 

(PLS) specifically can be used to associate compositional information in GC × GC – TOFMS 

chromatograms (X) to physical property measurements of RP fuels (Y)
74

.  In depth discussion 

regarding PLS is available in section 1.3.3 and elsewhere
93,95

. 

                                                           
(110) J.H. Christensen, G. Tomasi, A.B. Hansen, Environ. Sci. Technol. 39 (2005) 255–260. 
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 A series of PLS models were constructed, one set of PLS models for each measured 

physical property at every data point measurement over the range of temperatures; this was 

performed for the same reasons as discussed previously in chapter 5.  To recap, the first reason 

was for lessening the restrictions on PLS, and if needed, to have the ability of changing the 

number of latent variables at different vectors in Y (physical properties).  The second reason was 

to make the process more computationally affordable: X is as a 10×7492500 element matrix and 

the sets of Y were matrices of 10×14 and 10×23.  Analysis using a Y for a physical property 

would require a considerable amount of computer memory (from 13 GB to over 16GB) and 

would take hours (if successful) to complete.  By applying PLS on 10 element vectors from a 

given Y and X, the computation time was significantly shorter, required less memory (around 

7GB), and had less latent variables. 

 Testing the overall accuracy of the PLS models in predicting the specific measured 

values is imperative; therefore the validation process was performed as discussed previously in 

chapters 3 and 5 by using leave one out cross validation (LOOCV).  The implementation of 

LOOCV was mentioned previously in chapters 3 and 5.  Briefly, it involves calculating the 

residuals of every combination of PLS models constructed with (n-1) and testing with the nth 

sample left out, and then testing the overall accuracy of the PLS model using the nth sample.  An 

important figure of merit for LOOCV is the root mean squared error of cross validation 

(RMSECV).  LOOCV is computationally demanding and performing it on a series of PLS 

models as presented drops the memory requirements to around 7 GB, making it more feasible. 

 This chapter is the continuation of the study of GC × GC – TOFMS chromatograms of 

RP-1 fuels and relatively large sets of measured physical properties (across considerable range of 

temperatures) using PLS.  The following measured fuel properties were modeled: density, speed 
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of sound, and kinematic viscosity all measured over a broad range of temperatures
97

.  The 

inspection of the linear regression vectors (LRV) of the PLS models provide useful information 

on compounds of interest in the RP-1 GC × GC – TOFMS chromatograms with respect to a 

given physical property, and further demonstrate the potential for using chemical information 

from GC × GC – TOFMS chromatograms to predict physical properties. 

 

6.2 Experimental 

 

 The full details on the instrumental setup can be found in a previous report
74

 and in 

section 3.2.  The instrument used in the separation of analytes in the fuels was an Agilent 6890A 

GC coupled to a LECO Pegasus-III TOFMS and a 7683B auto-injector.  The column 

configuration used was an RTX-wax (polar) column (30 m length, 250 μm i.d., and 0.5 μm film 

thickness), and an RTX-1 (1.2 m long, 100 μm i.d., and 0.18 μm film thickness) for the first and 

second column dimension, respectively.  The modulation period was 2.5 sec.  The secondary 

oven was left open and set nominally at the same temperature as the primary oven.  The data 

acquisition parameters had a 120 sec acquisition delay, m/z scan range of 35-334, and data 

acquisition rate of 100 Hz. 

 The RP fuels were obtained from Air Force Research Laboratories (AFRL), the full list 

of samples used can be seen in Table 3.1.  For more details, see section 3.2.1. 

 The measured physical properties (as a function of temperature) for the RP fuels can be 

found in a previous report
97

.  The complete list of physical properties measured over temperature 

ranges are the following: Density (g/mL), Speed of Sound (m/s), Kinematic Viscosity (mm
2
/s), 
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Adiabatic Compressibility (TPa
-1

), and Dynamic Viscosity (mPa·s). 

  The computer used was the same as described in section 5.2: an Intel Core i-3 @3.3GHz, 

with 16.0GB of RAM.  GC × GC–TOFMS chromatograms were imported to MATLAB2009b 

(MathWorks, Natick MA) using the ‘peg2mat’ function
35,37,74

, and underwent preprocessing 

(baseline correction, data reduction) as stated in a previous report
74

.  Chromatographic and mass 

spectral dimensions were unfolded and mean centered.  PLS Toolbox 6.7 (Eigenvector Research 

Inc., Wenatchee WA) was used for PLS.  The aforementioned measured values underwent 

autoscaling in PLS Toolbox prior to analysis.  Separate PLS models were constructed for each 

physical property at each set of values.  The LRVs from consecutive PLS models were inspected 

to ensure they appeared continuous.  Validation of the PLS models was performed using 

LOOCV as stated earlier
74

.  ChromaTOF V.3.32 (LECO Corporation, St. Joseph, MI, USA), and 

the NIST11 V2.0g mass spectral library (National Institute of Standards and Technology, 

Boulder CO, USA), and an in-house software for non-target PARAFAC
52

 were used in 

identifying compounds. 

 

6.3 Results and Discussion 

6.3.1 Modeling Density as a Function of Temperature 

 

 The physical property of density was originally modeled using PLS in an earlier study
74

 

at a temperature of 288.15K, in compliance with the ASTM D 4052 method
111

.  In the study 

                                                           
(111) D02 Committee, Test Method for Density, Relative Density, and API Gravity of Liquids by Digital Density 

Meter, ASTM International, 2011. 
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presented herein, the density of RP-1 fuels, measured over a range from 278.15 K to 343.15 K
97

, 

were modeled using PLS and results are summarized in Figure 6.1 and Figure 6.2.  Figure 6.1A 

shows the measured values and a zoom in of select values for both clarity and emphasizing the 

small difference that exists between them.  The measured density values appear as parallel lines 

between samples.  The observed range was between 812.28 kg/m
3
 and 822.9 kg/m

3
 at 278.15 K 

and between 765 kg/m
3
 and 775.88 kg/m

3
 at 343.15 K, respectively.  The RMSECV values 

recorded over the temperature range is shown in Figure 6.1B; the RMSECV values are just 

below 1.87 kg/m
3
, suggesting that the expected error in prediction from these PLS models for an 

RP fuel not used in the model calibration is at most around 0.25%. 

 Inspecting the LRVs, there is no visible chemical shift or sign changes across the 

temperature range, only a slight shift in the magnitude of the values in the LRVs.  Due to the fact 

that the LRVs are almost identical to the one shown previously, tables containing lists of 

compounds on interest were omitted for brevity but can be found in a previous report
74

 and in 

Tables 3.4 and 3.5.  In more detail, the LRVs have negative values before 15 min for alkanes and 

before 10 min for the rest of the compound classes; positive values in the LRVs appear after 15 

min.  This intuitively suggests that the later eluting analytes are correlated with increases in 

density while earlier eluting analytes are correlated with decreases in density.  The LRVs appear 

to have only subtle differences over the range of temperatures. 

 

6.3.2 Modeling Speed of Sound as a Function of Temperature 

 

 The results for the PLS models for speed of sound are summarized in Figure 6.3 and 

Figure 6.4.  The measured values for speed of sound are shown in Figure 6.3A; the temperature 
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range is from 278.15 K to 343.15 K
97

.  The range in measured values for speed of sound was 

from 1382.7 m/s to 1391.3 m/s at 278.15 K and from 1136.5 m/s to 1145.5 m/s at 343.15 K, 

respectively.  The trend in the measured values for speed of sound as a function of temperature is 

similar to that for density.  Considering the relationship between speed of sound and density, 

these results appear consistent.  A zoom of the values is shown for clarity and to demonstrate that 

as with density there is little difference between the values.  The LOOCV results are shown in 

Figure 6.3B, which shows the RMSECV are within 1.93 m/s suggesting the expected error is 

within 0.17% of the measured values. 

 Since the speed of sound is directly related to density, it comes as no surprise that the 

LRVs (shown in Figure 6.4) for the speed of sound models appear similar to the LRVs for 

density.  As the temperature increases there is a subtle shift in intensity from the earlier eluting 

compounds to the later eluting compounds.  Compounds of interest based on the LRVs are 

shown in Tables 6.1 and 6.2. 

 

6.3.3 Kinematic Viscosity as a Function of Temperature 

 

 The results for the PLS models for kinematic viscosity are summarized in Figure 6.5 and 

Figure 6.6.  The measured values are shown in Figure 6.5A.  As with density, kinematic 

viscosity was investigated in an earlier study
74

 at 263.15 K in accordance with ASTM D 445
112

 

(see section 3.3.3 and Figure 3.11).  Herein, kinematic viscosity measurements span a range of 

temperatures, from 263.15 K to 373.15 K, shown in Figure 6.5A with a zoom of select values for 

                                                           
(112) D02 Committee, Test Method for Kinematic Viscosity of Transparent and Opaque Liquids (and 

Calculation of Dynamic Viscosity), ASTM International, 2012. 



160 
 

clarity.  The ranges of measured values are from 4.863 mm
2
/s to 5.624 mm

2
/s at 263.15 K, and 

from 0.8024 mm
2
/s to 0.8542 mm

2
/s at 373.15 K.  Tables containing lists of compounds of 

interest were omitted for brevity as they can be seen in a previous report
74

 and in Tables 3.6 and 

3.7. 

 For the LOOCV results shown in Figure 6.6B, one can see the RMSECV is below 

0.155 mm
2
/s (or 3.3%).  Despite this relatively high error, about halfway through the 

measurements (after 318.15K) the RMSECV values drop almost a whole order of magnitude: 

RMSECV values of PLS models for measured kinematic viscosity at 338.15K are 0.1520 mm
2
/s 

(or 3.19%) and at 373.15 K are 0.0088 mm
2
/s (1.09%). 

   Select LRVs of kinematic viscosity are shown in Figure 6.6; there were no major 

chemical shifts or sign changes across the temperature range, only a minute change were visible 

in the magnitude of the LRVs.  In detail, the LRVs appear similar to density and speed of sound; 

the earlier eluting compounds (between 5 and 16 min) correlate with lower overall kinematic 

viscosities while the later eluting compounds (most are after 16 min) correlate with higher 

overall kinematic viscosities.  Interestingly, aromatics appear to have slightly negative scores; 

this could be due to covariance with alkanes.  Overall, there appears to be a minor shift in both 

the negative and positive scores towards the later eluting compounds as the temperature 

increases. 

 

6.3.4 Dynamic Viscosity as a Function of Temperature 

 

 The results of the PLS models for dynamic viscosity are summarized in Figure 6.7 and 

Figure 6.8.  The measured values for dynamic viscosity are shown in Figure 6.7A and the 
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temperatures range from 263.15K to 373.15K.  The range of measured values was between 

4.029 mPa·s and 4.663 mPa·s, at 263.15K, and between 0.6001 mPa·s and 0.6401 mPa·s at 

373.15K.  A zoom of the data is shown for clarity and to demonstrate that as with density, the 

values run parallel to each other.  The LOOCV results are shown in Figure 6.7B.  The RMSECV 

values in particular are 0.1304 mPa·s (3.237%) at 263.15 K and 0.0077 mPa·s (1.283%) at 

373.15 K. 

 The LRVs, as with previous analysis of properties discussed above, show little difference 

over the temperature range and are shown in Figure 6.8.  Negative values for alkanes are 

between 5 and 15 min, and between 5 and 12 min for the other compound classes.  Regions with 

positive values appear after 15 min for alkanes and after 12 min for the other compound classes 

(aromatics and diaromatics).  Selected lists of identified compounds of interest based on the 

results of LRVs are shown in tables 6.3 and 6.4. 

 

6.3.5 Adiabatic Compressibility as a Function of Temperature 

 

 The results of the PLS models for adiabatic compressibility are summarized in Figure 6.9 

and Figure 6.10.  The measured values for adiabatic compressibility are shown in Figure 6.9A.  

The measured values range from 627.8 TPa
-1

 to 643.9 TPa
-1

 at 278.15 K and from 983 TPa
-1

 to 

1011.0 TPa
-1

 at 343.15 K.  Also shown in Figure 6.9A is a zoom of a small region of the data 

that is shown for clarity and to emphasize the small differences between values.  The LOOCV 

results are shown in Figure 6.9B; the RMSECV values in particular are 2.997 TPa
-1

 or 0.477% of 

the measured values at 278.15 K and 5.644 TPa
-1

 or 0.574% at 343.15 K. 
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 There appears to be only small differences in the LRVs over the temperature range shown 

in Figure 6.10 and they bear a resemblance to the LRVs from the speed of sound PLS models, 

only the signs appear reversed.  Selected lists of identified compounds of interest based on the 

results of LRVs are shown in tables 6.5 and 6.6. 

 

 

6.4 Conclusions 

 

 RP-1 GC × GC–TOFMS chromatograms and large matrices of various measured physical 

properties (density, speed of sound, kinematic viscosity, dynamic viscosity, and adiabatic 

compressibility) over a range of temperatures were analyzed using PLS.  By breaking the 

physical properties matrices into a series of vectors to be analyzed as consecutive PLS models, 

computer memory was conserved during analysis.  The PLS models were validated via LOOCV.  

The LRVs of the PLS models as indicated herein, were examined to ensure continuity and 

further demonstrated the suitability of PLS on RP-1 chromatograms and large sets of 

measurements over a range of temperatures. 
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Figure Captions 
 

 
 

Figure 6.1.  PLS 5 LV model results for density as a function of temperature.  (A) Measured values, a 

zoomed in region highlight the differences and show the density values run parallel to each other.  (B) 

The root mean squared error of cross validation (RMSECV) values for the density PLS models. 

 

 
 

Figure 6.2.  Select LRVs of PLS (5 LV) models for density.  (A) Positive values of the LRV at 278.15 K.  

(B) Negative values of the LRV at 278.15 K.  (C) Positive values of the LRV at 343.15 K.  (D) Negative 
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values of the LRV at 343.15 K. 

 

 
 
Figure 6.3.  PLS 5 LV model results for speed of sound as a function of temperature.  (A) Measured 

values, the zoomed in region highlight the differences.  The speed of sound values run parallel to each 

other.  (B) The RMSECV values for speed of sound PLS models. 

 

 
 
Figure 6.4.  Select LRVs of PLS (5 LV) models for speed of sound.  (A) Positive values of the LRV at 

278.15 K.  (B) Negative values of the LRV at 278.15 K.  (C) Positive values of the LRV at 343.15 K.  (D) 
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Negative values of the LRV at 343.15 K. 

 

 
 
Figure 6.5.  PLS 5 LV model results for kinematic viscosity as a function of temperature.  (A) Measured 

values, the zoomed in region highlight the differences.  The kinematic viscosity values do not cross each 

other.  (B) The RMSECV values for kinematic viscosity PLS models. 
 

 
 
Figure 6.6.  Select LRVs of PLS (5 LV) models for kinematic viscosity.  (A) Positive values of the LRV 

at 263.15 K.  (B) Negative values of the LRV at 263.15 K.  (C) Positive values of the LRV at 373.15 K.  
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(D) Negative values of the LRV at 373.15 K. 

 

 
 
Figure 6.7.  PLS 5 LV model results for dynamic viscosity as a function of temperature.  (A) Measured 

values, the zoomed in region highlight the small difference between measured physical properties of 

samples.  (B) The RMSECV values for dynamic viscosity PLS models. 
 

 
 
Figure 6.8.  Select LRVs of PLS (5 LV) models for dynamic viscosity.  (A) Positive values of the LRV at 

263.15 K.  (B) Negative values of the LRV at 263.15 K.  (C) Positive values of the LRV at 373.15 K.  (D) 
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Negative values of the LRV at 373.15 K. 

 

 
 
Figure 6.9.  PLS 5 LV model results for adiabatic compressibility as a function of temperature.  (A) 

Measured values, the zoomed in region highlight the little differences between values.  (B) The RMSECV 

values for adiabatic compressibility PLS models. 
 

 
 
Figure 6.10.  Select LRVs of PLS (5 LV) models for adiabatic compressibility.  (A) Positive values of the 
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LRV at 278.15 K.  (B) Negative values of the LRV at 278.15 K.  (C) Positive values of the LRV at 

343.15 K.  (D) Negative values of the LRV at 343.15 K. 
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Tables 
 

 
Table 6.1.  Major contributing compounds identified in the speed of sound LRV that contribute 

positively, per Figures 6.4A & 6.4C. 

 

# Compound Identification 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Trimethyldodecane 17.42 2.23 922 alkanes 

2 2-Methyltridecane 17.5 2.04 920 alkanes 

3 3-Methyltridecane 17.79 2.04 910 alkanes 

4 Heptylcyclohexane (C13H26) 18.75 1.62 863 cycloalkanes 

5 Octylcyclohexane (C14H28) 21.29 1.6 863 cycloalkanes 

6 Methyldecahydronaphthalene 14 1.46 919 di- & tri- cycloalkanes 

7 Methyldecahydronaphthalene 14.71 1.41 928 di- & tri- cycloalkanes 

8 2-Methyladamantane 17.29 1.18 866 di- & tri- cycloalkanes 

9 Not found at significant level 
   

mono-aromatics 

10 Not found at significant level       di-aromatics 

 

 
Table 6.2.  Major contributing compounds identified in the speed of sound LRV that contribute 

negatively, per Figures 6.4B & 6.4D. 
 

# Compound Identification 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Decane 8.25 1.94 953 alkanes 

2 Undecane 10.83 2.07 948 alkanes 

3 Dimethyldecane (C12H26) 10.83 2.23 920 alkanes 

4 Trimethylcyclohexane 5.75 1.39 921 cycloalkanes 

5 Ethyl-dimethylcyclohexane (C10H20) 8.29 1.6 862 cycloalkanes 

6 Methyl-isopropylcyclohexane(C10H20) 8.92 1.63 864 cycloalkanes 

7 Decahydroazulene (C10H18) 10.71 1.41 880 di- & tri- cycloalkanes 

8 Octahydro-1H-indene 11.21 1.24 927 di- & tri- cycloalkanes 

9 Not found at significant level 
   

mono-aromatics 

10 Not found at significant level       di-aromatics 
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Table 6.3.  Major contributing compounds identified in the dynamic viscosity LRV that contribute 

positively, per Figures 6.8A & 6.8C. 

 

# Compound Identification 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Trimethyldodecane 17.42 2.23 922 alkanes 

2 2-Methyltridecane 17.5 2.04 920 alkanes 

3 3-Methyltridecane 17.79 2.04 910 alkanes 

4 Methyl-pentylcyclohexane (C12H24) 14.38 1.72 876 cycloalkanes 

5 Methyl-pentylcyclohexane (C12H24) 14.79 1.68 820 cycloalkanes 

6 Octylcyclohexane (C14H28) 21.25 1.6 881 cycloalkanes 

7 Methyl-bicyclohexyl (C13H24) 20.83 1.37 824 di- & tri- cycloalkanes 

8 Dicyclohexylmethane (C13H24) 21.21 1.36 842 di- & tri- cycloalkanes 

9 
Hexamethyloctahydro-1H-indene 
(C15H28) 22.21 1.43 821 di- & tri- cycloalkanes 

10 Not found at significant level 
   

mono-aromatics 

11 Not found at significant level       di-aromatics 

 

 
Table 6.4.  Major contributing compounds identified in the dynamic viscosity LRV that contribute 

negatively, per Figures 6.8B & 6.8D. 

 

# Compound Identification 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Decane 8.25 1.94 953 alkanes 

2 Undecane 10.83 2.07 948 alkanes 

3 Dimethyldecane (C12H26) 10.83 2.23 920 alkanes 

4 1,2,4-Trimethylcyclohexane (C9H18) 6.58 1.4 916 cycloalkanes 

5 1-Methyl-3-ethylcyclohexane 6.67 1.44 932 cycloalkanes 

6 1,2,3-Trimethylcyclohexane (C9H18) 7.46 1.39 945 cycloalkanes 

7 Octahydro-1H-indene (C9H16) 11.17 1.24 926 di- & tri- cycloalkanes 

8 cyclic (C11H18) 14.63 1.27 863 di- & tri- cycloalkanes 

9 Not found at significant level 
   

mono-aromatics 

10 Not found at significant level       di-aromatics 
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Table 6.5.  Compounds of interest identified in the adiabatic compressibility LRV that contributed 

positively, per Figures 6.10A &6.10C. 

 

# Compound Identification 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Undecane 10.83 2.07 948 alkanes 

2 Dimethyldecane (C12H26) 10.83 2.23 920 alkanes 

3 Decane 8.25 1.94 953 alkanes 

4 1,2,3-Trimethylcyclohexane (C9H18) 7.46 1.39 945 cycloalkanes 

5 1-Ethyl-2,3-dimethylcyclohexane 8.29 1.6 861 cycloalkanes 

6 1-Methyl-4-isopropylcyclohexane 8.92 1.65 864 cycloalkanes 

7 n-Butylcyclohexane 10.54 1.58 907 cycloalkanes 

8 Not found at significant level 
   

di- & tri- cycloalkanes 

9 Not found at significant level 
   

mono-aromatics 

10 Not found at significant level       di-aromatics 

 

 
Table 6.6.  Compounds of interest identified in the adiabatic compressibility LRV that contributed 

negatively, per Figures 6.10B & 6.10D. 

 

# Compound Identification 
1
tR (min) 

2
tR (s) MV Compound Class 

1 Trimethyldodecane 17.42 2.23 922 alkanes 

2 2-Methyltridecane 17.5 2.04 920 alkanes 

3 3-Methyltridecane 17.79 2.04 910 alkanes 

4 Methyl-pentylcyclohexane (C12H24) 14.375 1.72 876 cycloalkanes 

5 Methyl-pentylcyclohexane (C12H24) 14.79 1.68 820 cycloalkanes 

6 Octylcyclohexane (C14H28) 21.25 1.6 881 cycloalkanes 

7 Methyldecahydronaphthalene 14 1.45 925 di- & tri- cycloalkanes 

8 2-Methyldecahydronaphthalene 14.67 1.37 932 di- & tri- cycloalkanes 

9 Methyldecahydronaphthalene 16.67 1.28 928 di- & tri- cycloalkanes 

10 Not found at significant level 
   

mono-aromatics 

11 Not found at significant level       di-aromatics 
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Chapter 7: Conclusions and Future Directions 

 

7.1 Conclusions 

 

 Studies of rocket propellant fuels using the GC × GC – TOFMS instrument and the 

reverse column configuration have been discussed.  The use of GC × GC – TOFMS has 

demonstrated the improved separation of compounds such as alkanes and aromatics when 

compared to GC-MS.  The reverse column configuration for GC × GC – TOFMS offers excellent 

separation of analytes (especially various alkanes) in complex samples such as RP fuels. 

 Interpretation of data is an inseparable part of research.  Preprocessing techniques such as 

baseline correction or peak alignment, when used appropriately prior to analysis, can 

significantly improve results.  The ability of TMSRA to single out pure m/z of a targeted analyte 

has been demonstrated by utilizing the ratios between m/z.  Chemometric techniques such as 

PCA, PLS and PARAFAC have become increasingly important in data analysis, and their use in 

studying RP fuels has been demonstrated.  The sensitivity of PCA with respect to identifying 

differences between samples has been applied to RP-2 fuels, and PCA highlighted peaks which 

were sources of variation in the pool of samples analyzed.  The ability of PLS to both correlate 

the variance in one set of measurements (X) to the variance in a different set of measurements 

(Y) has been applied on RP-1 fuels and their respective compositional and physical properties.  

The importance of validating PLS models has been discussed in detail and LOOCV has been 

applied to all PLS models presented.  After the results from the PLS models and their respective 

LRVs were reviewed, analytes of interest were located and identified.  When separation of 

compounds was less than ideal, i.e. when some analytes appear to have significant overlap, 
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instead of redoing the separation under different conditions to achieve better results, PARAFAC 

was applied to deconvolute the covarying signals of these analytes from each other.  PARAFAC 

was helpful in purifying the mass spectra of interfered peaks for better match values in the mass 

spectral library. 

 

7.2 Future Directions 

 

 The natural future direction of multi-dimensional chromatography (including but not 

limited to GC × GC – TOFMS) is the push for improved separation, an example of which is the 

recent study of the reverse column configuration
9,74

.  The drive to improve separation may 

progress further via reducing the separation time, as highlighted in previous reports
24,25

.  As 

multi-dimensional GC becomes more widespread, more advancements and studies will follow.  

New means of increasing peak capacity and increasing sample throughput needs to be explored, 

such as the high-speed cryo-focusing injection (HSCFI)
5
. 

 In general, the use of chemometrics and the successful interpretation of their results often 

require a good conceptual understanding, and usually require optimizing various parameters.  

Though chemometric tools generally are not automated, there are situations where automation 

was achieved
23

.  Automation of chemometric methods such as PLS and summarizing the results 

into more easily interpretable answers with the option to view the results in greater detail should 

be considered. 

 With respect to RP fuels, immediate future research would be the continuation of current 

research with respect to correlating physical properties and chemical composition.  The eventual 

future direction would be the investigation on the interrelation between compositional 
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information and figures of merit with respect to fuel performance.  An interesting proposition 

would be to use the gathered information regarding the influence of chemical composition on 

fuel properties for testing the possibility of modifying a more readily available fuel to make an 

adequate approximation of an RP fuel.  Another interesting but perhaps more challenging 

proposition would be approximating an RP fuel using a hydrocarbon mixture containing a dozen 

or so compounds.
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Appendix: Further investigation into the sulfur content of RP-1 fuels. 

 

The results from the PLS model for sulfur content of RP-1 fuels, which was originally discussed 

in supplementary material in chapter 3 and as shown in Figure 3.13, exhibit some covariance 

with other compound classes.  The mono-aromatics and di-aromatics compound classes 

specifically exhibit a particularly strong covariance with the sulfur containing compounds.  The 

purpose of the following investigation was to identify some of the sulfur containing compounds 

and attempt to construct a PLS model that accurately predicts sulfur content while minimizing 

the covariance exhibited between the sulfur containing compounds and other compound classes.  

Though the latter goal was not achieved, the investigation serves as a good example for 

explaining what can happen when a PLS model is overfactored. 

  Since the concentration of sulfur containing compounds in RP-1 fuels is relatively low, it 

was expected that analytes of interest would appear as low intensity peaks.  To make these 

analytes as visible as possible, it would be best to inspect the GC × GC – TOFMS chromatogram 

with the greatest concentration of sulfur content (LB073009-02 with 24.1 ppm), and inspect both 

the TIC and selective m/z.  To further aid in locating these analytes of interest, the LRV of the 

PLS model for sulfur content was inspected for peaks with positive values where aromatics are 

located as they could potentially be sulfur containing.  Several sulfur containing compounds 

were successfully identified and their peaks can be seen in the (binned) positive portion of the 

LRV shown in Figure A.1, and a list summarizing identified analytes is shown in Table A.1.  Of 

the four analytes listed, only three were positively identified, and their match values are lower 

than previously identified compounds.  The reason for the lower match values is likely due to 

low signal-to-noise.  Dimethyl benzothiophene listed in Table A.1 has ‘suspect’ listed as its 
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match value since the possible matches were relatively low and the mass spectrum for dimethyl 

benzothiophene had a low signal-to-noise and may have also been interfered.  In the LRV TIC 

shown in Figure A.1A, the arrows point to the location of identified sulfur containing peaks.  The 

positive contribution of the sulfur containing compounds is overwhelmed by the signal from 

covarying compounds, making the values of the identified sulfur containing compounds difficult 

to see.  Inspecting the LRV (positive portion only) at selective m/z 147, 148, and 162 (shown in 

Figures A.1B, A.1C, and A.1D, respectively), the sulfur containing compounds are more easily 

visible (pointed to by the included arrows).  Note that in Figure A.1D the intensity for the two 

left most peaks (methyl benzothiophene isomers) have relatively low signal in m/z 162, barely 

over the noise level, while ethyl benzothiophene is more visible. 

  In an attempt to break the covariance between sulfur containing compounds from other 

compounds (specifically the aromatics), a series of PLS models were constructed, each using 

smaller sub regions from the original GC × GC – TOFMS chromatograms, as shown in Figure 

A.2 (denoted as large, medium and small).  A set of three PLS models (3, 4, and 5 LV, 

respectively) were constructed for each sub region analyzed.  

 When constructing PLS models, the root mean square error of calibration (RMSEC) 

values generally decrease as the number of LVs increase.  Caution must be taken to avoid 

overfactoring; although PLS models with higher LVs appear to make better predictions with X 

samples introspectively, they may not predict values as well when applied to samples not used in 

the calibration.  Overfactoring can be avoided by performing cross validation and visually 

comparing the RMSECV values as a function of LVs; a model can be considered overfactored 

when the RMSECV value increases when compared to the previous model.  As stated 

previously, inspecting the LRVs can help gain more insight.  The LRVs should display 
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chemically meaningful information: if the LRV shows significant amount of artifacts or appear 

to be almost random, it is a strong possibility the model is overfactored.  LRVs that exhibit little 

chemically meaningful information help explain why overfactored models do have higher 

RMSECV values (i.e. noise is factored into the model). 

 For the large sub region, the results of RMSEC and RMSECV are shown in table A.2, 

and the LRV for the 5 LV PLS model is shown in Figure A.3.  The LRVs for the other PLS 

models are visually very similar; only the intensities in the alkanes and cyclic regions increase 

with increasing number of LV.  Based on the results it would appear 4 LV is the best PLS model 

to use, however there is still significant covariance with other non sulfur containing compounds. 

 For the medium sub region, the results of RMSEC and RMSECV are shown in table A.2, 

and the highlighted LRVs (4 and 5) are shown in Figure A.4: only the positive portion of the 

LRVs are shown for brevity.  Based on Table A.1, the di-aromatics region contains several sulfur 

containing compounds, therefore there should be peaks with significantly positive value – this is 

featured in the LRV for the 4 LV model but not in the 5 LV model, suggesting the 5 LV model is 

overfactored.  Using the medium sub region however there still appears to be covarying 

di-aromatic compounds. 

 For the small sub region, the results of RMSEC and RMSECV are shown in Table A.2, 

and the highlighted LRVs (3, 4, and 5) are shown in Figure A.5.  Note only the positive values of 

the three LRVs are shown for brevity.  The PLS predictions of sulfur content fared better 

compared to PLS models using the large or medium sub regions.  The 3 LV LRV appears to 

focus on peaks in the di-aromatics region, indicating it may be the better (yet far from ideal) 

choice under these circumstances.  The 4 LV model has placed more emphasis on the 

mono-aromatics that appear in the upper right corner of the figure, suggesting the 4 LV PLS 
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model may be focusing a little more on covarying compounds.  Finally, the LRV of the 5 LV 

model does not appear to contain information that is as chemically meaningful since positive 

values appear to be spread more randomly.  These results suggest 3 LV PLS model is the most 

appropriate, when using the small sub region, especially after considering the RMSECV values. 

 In conclusion, several sulfur containing compounds were identified and their covariance 

with aromatics could not be broken based on results of the PLS models constructed using smaller 

sub regions.  Each subsequent sub region focused on smaller regions of the original GC × GC –

 TOFMS chromatograms, and the use of smaller sub regions produced better LOOCV results.  

Also the effects of overfactoring the PLS models with respect to the LRVs was highlighted. 
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Figure Captions 

 

 

 

Figure A.1.  Positive portion of the LRV for the PLS model for sulfur content (from section 3.3.3).  The 

arrows on the figures indicate the location of the identified compounds (from left to right: two methyl 

benzothiophene isomers and ethyl benzothiophene.  (A) LRV TIC.  (B) LRV at m/z 147.  (C) LRV at m/z 

148.  (D) LRV at m/z 162. 
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Figure A.2.  Noted sub regions used in creating PLS models; ‘Large’ excludes most of the alkanes, 

‘Medium’ includes the mono-aromatics and di-aromatics, and ‘Small’ contains mostly the di-aromatics. 
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Figure A.3.  LRV from 5 LV PLS model using the ‘Large’ sub region chromatograms.  (A) Positive 

values only.  (B) Negative values only.  

 

 

 

Figure A.4.  LRVs from PLS models using the ‘Medium’ sub region chromatograms.  (A) 4 LV LRV, 

positive values only.  (B) 5 LV LRV, positive values only. 
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Figure A.5.  LRVs from PLS models using the ‘Small’ sub region chromatograms.  (A) 3 LV LRV, 

positive values only.  (B) 4 LV LRV, positive values only.  (C) 5 LV LRV, positive values only. 
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Tables 

 

Table A.1.  Identified sulfur containing compounds.  

Compound Identification 
1
tr(min) 

2
tr(s) MV m/z 

methyl benzothiophene 29.5 0.78 761 147, 148 

methyl benzothiophene 30.42 0.77 660 147, 148 

dimethyl benzothiophene 31.13 0.81 suspect 147, 162 

ethyl benzothiophene 32.33 0.81 790 147, 162 

 

 

Table A.2.  Results for the PLS models for sulfur content using smaller sub regions (* bold indicates the 

recommended PLS model for the specific sub region). 

Sub region size # of LVs RMSEC RMSECV 

Large 1 4.416 7.824 

Large 2 2.997 5.915 

Large 3 1.951 5.965 

Large 4 1.348 5.530 

Large 5 0.2953 5.848 

Medium 1 3.422 4.143 

Medium 2 2.964 4.632 

Medium 3 2.622 4.903 

Medium 4 1.571 4.407 

Medium 5 0.8378 4.524 

Small 1 3.405 4.105 

Small 2 3.189 4.600 

Small 3 3.119 4.177 

Small 4 0.8679 4.545 

Small 5 0.08048 4.547 
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