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ABSTRACT

A three-dimensional extension of a previously developed metric termed cluster resolution is presented. The
cluster resolution metric considers confidence ellipses (here three-dimensional confidence ellipsoids) around
clusters of points in principal component or latent variable space. Cluster resolution is defined as the
maximum confidence limit at which confidence ellipses do not overlap and can serve to guide automated
variable selection processes. Previously, this metric has been used to guide variable selection in a two-
dimensional projection of data. In this study, the metric is refined to simultaneously consider the shapes of
clusters of points in a three-dimensional space. We couple it with selectivity ratio-based variable ranking and
a combined backward elimination/forward selection strategy to demonstrate its use for the automated
optimization of a six-class PCA model of gasoline by vendor and octane rating. Within-class variability was
artificially increased through evaporative weathering and intentional contamination of samples, making the
optimization more challenging. Our approach was successful in identifying a small subset of variables (644)
from the raw GC-MS chromatographic data which comprised ~2 x 10° variables per sample. In the final
model there was clear separation between all classes. Computational time for this completely automated
variable selection was 36 h; slower than solving the same problem using three two-dimensional projections,
but yielding an overall better model. By simultaneously considering three dimensions instead of only two at a
time, the resulting overall cluster resolution was improved.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Chemometric techniques are invaluable tools for the inter-
pretation of complex analytical data. For example, chemometrics
are used to determine the origin of samples or identify changes in
samples over time as a result of exposure to certain conditions
[1,2]. Chemometric techniques are used in a diversity of fields.
In food science, chemometric techniques have been applied to the
analysis of olive oils [3,4], the determination of fatty acids in
cow’s milk using FT-IR [5] and to chromatographic analysis of
natural products [6]. Chemometrics can also be used in forensics,
for example to aid in fingerprinting ignitable fluids and determin-
ing their origins during arson investigations [7-9]. In the field of
metabolomics, chemometrics have been applied to a variety of
chromatography-mass spectrometry data, including recent appli-
cations to GC-MS [10], LC-MS [11,12] and UPLC-MS data [13,14].

Chromatography, especially when hyphenated to mass spec-
trometry, provides incredibly rich data. Chemometric techniques

Abbreviations: CR, Cluster resolution; FS, Forward selection; BE, Backwards
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can use this volume of data to their advantage, and are becoming
more popular options for data interpretation. However, the
richness of the data is also their downfall. Prior to chemometric
analysis, some pre-processing that incorporates a data reduction
step must be applied to minimize the number of irrelevant
variables subsequently input into chemometric tools. One option
is to integrate the signal and perform chemometric analysis on
the integrated peak table [1,2,7-9,15,16]. An advantage of this
approach is that data matrix obtained is relatively simple. How-
ever, this approach is only viable in instances where there are no
coelutions or where analytes can be deconvoluted based on their
mass spectra. For complex samples, this may be impossible.

Alternatively, one can directly apply chemometric techniques
to raw chromatographic signals [3-6,11,13,17-26]. The challenge
with this approach (apart from data alignment) is that most
variables will only include random noise, especially when a MS is
used as the detector. Consequently, a strategy is required to select
a subset of variables from the original data that are likely to
contain the most relevant information while ignoring as many
irrelevant variables as possible.

Variable selection techniques for GC-MS can be relatively fast
and computationally simple. Total ion current [18], or extracted
ion chromatograms/profiles [15-18] can be used, though these
strategies are likely to keep many uninformative variables in the
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Fig. 1. Schematic for sample preparation.

model, while risking the loss of useful variables and the multi-
variate advantage of GC-MS data.

Hypothetically, an exhaustive search could be used; the strategy
tests all possible combinations of variables and the best combination
is chosen. While this method is guaranteed to find the best possible
set of variables, it is only applicable to situations with a very small
number of variables (i.e., integrated peak tables with few peaks). The
number of possible combinations of variables is 2" where n is the
number of variables; testing all combinations of just 20 variables,
assuming a calculation time of 100 ms for each iteration would
require ~29 h. Obviously, a more efficient approach that targets a
select population of variables is required, especially for the handling
of raw chromatographic data.

One solution to this challenge is to rank variables based on
their perceived utility in a future model and then choose a small
group of top-ranked variables. Examples of such approaches
include analysis of variance (ANOVA) [20,21,24,25] and selectivity
ratio (SR) plots [6,27-29]. Using only some top-ranked variables,
an improved model can be generated by avoiding those variables
that include more noise than information. However each ranking
metric may provide different results and no ranking metric is
perfect. It is possible for some lower-ranked variables to contain
useful information while some higher-ranked ones are harmful or
redundant. In these cases, a subset of variables should be selected
by some other means, though variable ranking may still play a
role in reducing the population of considered variables to a
manageable size.

Stepwise methods such as forward selection (FS) and back-
ward elimination (BE) [30-32] are two possible methods for
automated feature selection. In FS, variables are sequentially
added to the model; if the addition of a variable is deemed to
improve model quality, the variable is permanently retained. The
process continues until a predefined endpoint is reached, such as
checking a certain number of variables, including a certain
number of variables, or reaching a certain value of model quality
(according to some metric). In BE, the process starts with a model
containing all possible candidate variables. Variables are then
removed sequentially. If the removal of a variable does not
degrade model quality, it is permanently excluded. The process
continues until all variables have been checked. While BE is
somewhat more computationally intensive than FS, its major
advantage is that the influence of each variable is considered
within the context of other variables [30].

Model evaluation is also a crucial step in optimization.
Approaches to model evaluation include receiver operating char-
acteristic (ROC) curves [33], or metrics based on Mahalanobis
[19,34] and Euclidian distances [24,25], for example. In our
previous works we have introduced and demonstrated the use
of cluster resolution (CR) as a metric to quantify separation
between classes in a model [20,35]. Advantages of CR include
its ability to account for sizes, orientations, and positions of

clusters of points in Principal Component (PC) or Latent Variable
(LV) spaces. CR works by determining the maximum sized
confidence ellipses that can be described about a pair of classes
without overlap. In previous works, CR was applied to 2 PC and
2 LV models. Since chemometric analyses often involve working
in a higher dimensional space, the two-dimensional limitation is
addressed here. In this work, CR is expanded to consider clusters
of points projected into a three-dimensional space.

2. Experimental

Gasoline samples were obtained from two local gas stations in
Edmonton, Alberta, Canada. Each station belonged to a different
vendor and three different octane ratings of gasoline (87, 89 and
91) were obtained from each vendor, providing a total of six
classes. To introduce some challenge to the variable selection
process, datasets were made more complicated by introducing a
higher degree of within-class variance. To this end, half of the
samples in each class were weathered approximately 50% by
volume using a gentle stream of clean, dry, compressed air. To
introduce further in-class variance, some samples from each class
were left uncontaminated, some were contaminated by adding
either turpentine (5% by volume), lacquer thinner (5% by volume),
kerosene (5% by volume), or a mixture of turpentine, lacquer
thinner and kerosene together (5% by volume each). A total of 120
samples were prepared and their compositions are shown in
Fig. 1. The samples were then diluted 20:1 by volume in pentane
and analyzed by GC-MS. The GC-MS used for these experiments
was a 7890A GC with a 5975 quadrupole MS (Agilent Technolo-
gies, Mississauga, ON) equipped with a 30 m x 250 pm; 0.25 pm
HP-5 column (Agilent). The carrier gas used was helium at a
constant flow rate of 1.0 mL min~"'. The injector was held con-
stant at 250 °C and a volume of 0.2 pL was injected using a split ratio
of 100:1. The temperature program was 50 °C (3.5 min hold) with a
20 °C min~ ' ramp to 300 °C. The total run time was 16 min. The
initial solvent delay was 2.5 min and mass spectra were collected
from m/z 30 to m/z 300 at the rate of 9.2 spectra s~ .

Four chromatograms were collected from each sample, provid-
ing a total of 480 chromatograms (80 for each class). Chromato-
grams were then assigned to training, optimization and validation
sets. From each class, 40 chromatograms were assigned to the
training set, 20 were assigned to the optimization set and 20 were
assigned to the validation set, to the total of 240 chromatograms
in the training set, 120 chromatograms in optimization set and
120 chromatograms in the validation set. Chromatograms from
the training set were used to create the alignment target, rank
variables and to obtain loading vectors for the PCA model in each
variable selection step. Chromatograms from the optimization set
were used, together with chromatograms from the training set,
to obtain scores during variable selection as well as to create the
final PCA model after variable selection was complete. Chromato-
grams from the validation set were not used until after variable
selection was finished and the final model was constructed,
serving only to validate the final model.

For each analysis, the entire chromatogram was exported as a
.csv file, which was then imported into MATLAB 7.10.0.499 (The
Mathworks, Natick, MA) as a 7300 x 271 (scan number x m/z
ratio) matrix using a lab-written algorithm. Data were then
handled using lab-written algorithms. Chemometric models were
constructed using PLS toolbox 5.8 (Eigenvector Research Inc.,
Wenatchee, WA). Chromatographic alignment was performed
based on the piecewise alignment algorithm developed by
Johnson et al. [36] with an additional mass spectral confirma-
tion to match features, though in principle any alignment
algorithm could be used. First, an alignment target was created.
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The preliminary target was constructed by randomly choosing a
chromatogram from the training set. Then, a second, randomly
chosen chromatogram from the training set was aligned with the
target chromatogram after which it was added to the preliminary
target. Then, the aligned chromatogram was discarded and the
algorithm proceeds to the next chromatogram in the training set.
After all chromatograms from the training set had been included
in the target, the algorithm proceeded with the alignment of all
chromatograms in all sets (including the training set) to the
composite target chromatogram.

3. Theory

In this study, we seek to optimize a PCA model as an example.
PCA projects data onto a set of orthogonal vectors called principal
components (PCs), reducing dimensionality of the data, which
allows for its easier visualization and interpretation. The general
equation for PCA is given by

X=TP+E (M)

where X is the original data matrix (n x m), T is the scores matrix
(nx k), P is the loadings matrix (k x m) and E is the residual
matrix (n x m). The number of samples in the dataset is repre-
sented by n, while m is the number of variables included for each
sample, and k is the number of PCs used to construct the model.

While PCA by itself is not a classification technique [37], it can
be used to project high-dimensional (say, m=1000) data onto a
relatively smaller number of PCs, allowing easier visualization of
the dataset [38]. Unlike PLS-DA, PCA does not by itself provide
false positive or false negative rates, posing a problem for
optimizations relying on ROCs. CR has been successfully applied
to two-dimensional PCA [20] as well as PLS-DA [35] models. It has
also been performed with both ANOVA and SR-based variable
ranking.

When treating raw GC-MS data, the recorded intensity for
each ion in each scan is considered a separate variable. For
example, each chromatogram in this study contained about two
million individual variables, most of which contained no relevant
information. To perform variable selection within a reasonable
amount of time, the total number of variables considered must be
decreased to a few thousand from a few million. Using a variable
ranking technique, the variables most likely to be the most
informative are identified, and a subset of the highest-ranked
variables are chosen as candidates for inclusion.

In this study, SR was used as a variable ranking technique.
Briefly, SR involves the creation of a PLS-DA model. Scores and
loadings of the target-projected model are calculated and then the
ratio of explained variance versus residual variance is calculated
for each variable, providing the SR for that variable [27,28,39].

We have found CR to be an efficient guide for variable
selection when the initial model is somewhat stable and has at
least some separation between classes. Thus, in this study a
combined BE/FS approach was applied as outlined in Fig. 2.

3.1. Cluster resolution

When PCA is performed on a dataset containing two or more
different classes of samples, each class will ideally cluster in a
different region of the scores plot. The size of each cluster
will depend on the degree of variation within each class and
the distance between each cluster will depend on how well the
included features can describe the differences between the
classes. Generally, it is desirable to have a model where classes
are as far apart as possible on the scores plot, while samples
within each class cluster together as tightly as possible. Important

variables will contribute more towards increasing the distance
between clusters while causing a minimal increase in the size of
each cluster. Conversely, irrelevant variables will do little to
increase the separation, but will render each cluster of samples
more diffuse. CR was developed as a metric that accounts for the
distance between clusters of points, while considering their
relative orientations and sizes. Similarly to the Degree of Class
Separation (DCS) metric [24,25], CR will measure how well
clusters are separated relative to their sizes and orientations.
The major difference is that while DCS describes clusters as
spheres or circles, CR describes classes as ellipses or ellipsoids
thus somewhat accounting for the shapes and relative orienta-
tions of the clusters. This has some advantages, especially as
clusters of points describing each class often form shapes that are
more elliptical than circular. The metric is based upon determina-
tion of the maximum confidence limit at which confidence
ellipses described around clusters of points in PC or LV space
are separated, and its application in two dimensions has been
described previously [20,35].

3.2. Cluster resolution in three dimensions

Confidence ellipsoids can theoretically be created in any
number of dimensions by constructing an n-component PCA
model around a cluster of points defining the directions of the n
axes of the ellipsoid. The axes can be combined with the
confidence limit in each dimension to provide the size of the
ellipsoid. With the position of the ellipsoid center, as well as sizes
and directions of the ellipsoid axes, a confidence ellipsoid with
approximately evenly-spaced points covering its surface is con-
structed. In this work we demonstrate three-dimensional ellip-
soids (n=3). With two such ellipsoids constructed around two
clusters of samples, collision detection is performed. If a collision
is detected, the confidence limit is reduced for the following
iteration of collision detection. If a collision is not detected, the
confidence limit is increased in the following iteration. The
highest confidence limit at which confidence ellipses are still
separated defines the CR. In a multi-class model, the calculation
must be performed for each possible pairing of classes, and the
product of CRs for all possible pairs of classes is the overall quality
metric for the model.

4. Results and discussion

Presented here is a further development of the cluster resolu-
tion metric, the primary use of the metric is the evaluation of
chemometric models during optimization, including but not
limited to variable selection. Here, CR was used to guide a
combined BE/FS variable selection process with the goal of
constructing a three-component PCA model with the greatest
degree of separation between clusters for each class. In our
example, the data consist of 80 GC-MS chromatograms for each
of six types of gasoline (three octane ratings from each of two
vendors), to the total of 480 chromatograms. In order to increase
the challenge for the algorithm, within-class variability was
increased by weathering and/or contaminating some gasoline
samples (Fig. 1). The 480 chromatograms from each class were
randomly split into a training set (40 chromatograms from each
class), a validation set (20 chromatograms from each class) and a
test set (20 chromatograms from each class), after which chro-
matographic alignment was performed.

The aligned matrices were then unfolded along the time axis
to yield a series of vectors. Each vector consisted of ~2 x 10°
variables. SR variable ranking was applied to the set of 240
chromatograms in the training set using a lab-written algorithm.
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Fig. 2. Variable selection techniques used. (A) Backwards elimination; (B) Forward selection. CR used in the Evaluate Model step.

This yielded a vector of selectivity ratios that was used to rank the
features. The optimization and test data-sets were aligned as well,
but were not used in the calculation of selectivity ratios. Baseline
correction was not necessary as the variable ranking process
automatically down-weights background ions which did not vary
significantly from sample to sample. Computation of the SR
ranking vector from the aligned data required approximately
one minute.

After variable ranking, the 1000 top-ranked variables were
selected and a three-component PCA model was created using the
training set. Using the scores from both the training and optimi-
zation sets on the first 3 PCs, six clusters of points with 60 points
per cluster were obtained. Overall model quality was calculated
as the product of the individually determined CR measurements
for each of the 15 possible of pairings of clusters. BE was
performed on the 1000 top-ranked variables (Fig. 2A). The
variables retained after BE were then passed to FS where variables
ranked 1001 through 3000 were considered for inclusion (Fig. 2B).
Variable selection took approximately 36 h to complete and
selected a total of 644 variables from the 3000 variables checked.

The training and optimization sets (360 chromatograms) were
then combined to train the final three-component PCA model
using normalization to an area of 1 and autoscaling as the only

pre-processing methods. Subsequent projection of the validation
set (120 as yet unused chromatograms) permitted evaluation of
the final model. Fig. 3A depicts the resulting model where lightly
shaded regions are three-dimensional 98% confidence ellipsoids
described around clusters of training set samples (individual
points not shown) and markers represent individual points for
validation set samples. Colours represent different classes. As can
be seen from the figure, validation set samples projected into the
same regions as training set samples and all classes were
separated in the three-dimensional space. Overall, the final
measured three-dimensional CR for this problem was 0.9997.
The three-dimensional CR metric was compared with the
previously developed two-dimensional CR metric. The same
training, optimization and validation sets were used and, just as
in the three-dimensional case, backwards elimination started
with the 1000 top-ranked variables (as shown in Fig. 2A) and
forward selection checked variables ranked 1001 through 3000
(as shown in Fig. 2B). To make the comparison fair, a three-
component PCA model was constructed at each step and the two-
dimensional CR metric was calculated for the three possible
two-dimensional projections of the three principal components.
For each pair of classes, the CR value retained to guide optimiza-
tion was the highest value among the three projections (e.g., for
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represent 87-, 89-, and 91-octane gasoline from Vendor B, respectively. (A) shaded regions represent three-dimensional confidence ellipsoids (98%) described around
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references to color in this figure legend, the reader is refferred to the web version of this article.)

discriminating the 91-octane gasolines from Vendor A and
Vendor B (blue and orange classes) in Fig. 3 B-D, the CR score
on PC1 vs. PC3 was retained). This calculation required about
12 h. Fig. 3B-D represent two-dimensional projections of the
optimized model showing 98% confidence ellipses based on
training set samples (individual points not shown) and individual
markers for validation set samples. As can be seen, no individual
two-dimensional projection was able to separate all classes of all
samples though using the three projections together, separation
was achieved using a total of 1009 variables. The final two-
dimensional CR, calculated based on the best projection for each
pairing, was 0.9985. When the three-dimensional CR was calcu-
lated for a model based on the selected 1009 variables, it was
found to be 0.9991. Thus, the three-dimensional CR approach
yielded a better model than the two-dimensional CR approach in
this case (though the practical difference between CR values of
0.9991 and 0.9997 is worthy of future study).

Once variables have been selected, they can be traced back to
the original data and tentative identities of the selected com-
pounds can be postulated. Here, we used mass spectral informa-
tion combined with linear retention indices [40] for compound
identification. Fig. 4 depicts a binary mask where black dots
represent the 644 variables selected when using the three-
dimensional CR-guided approach and white space represents
excluded variables. As a comparison, three 89-octane samples
are presented in Figs. 5 and 6, with Fig. 5 depicting a region of the
raw GC-MS chromatograms and Fig. 6 depicting the abundances

150

120

m/z
8

2 3 4 5 6 7 8 9
Time (min)

Fig. 4. Variables selected from the original data by the algorithm. Black dots
represent variables that were selected after BE/FS.

of the selected variables in each chromatogram (Fig. 5 masked
by Fig. 4).

The gasoline samples from the two vendors can be distin-
guished on the basis of several compounds. First of all, Vendor A
(Fig. 6A) has a relatively high abundance of C5 alkylbenzenes
(eluting between 8 and 9 min) whereas Vendor B (Fig. 6B and C)
does not have an appreciable amount of these compounds.
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Fig. 5. GC-MS chromatograms of selected gasoline samples after alignment was performed. Light grey indicates low signal while dark grey indicates high signal for a

variable. (A) Vendor A 89-octane weathered uncontaminated gasoline. (B) Vendor B 89-octane weathered uncontaminated gasoline. (C) Vendor B 89-octane unweathered
gasoline contaminated with kerosene, turpentine and lacquer thinner.

A150 B 150,
120 120
g E 90
60 60 .
30 30
2 5 6 7 8 9 2 3 4 5 6
Time (min) Time (min)
C
150
120
T 9
60 | , '
30 |

Time (min)

2 3 4 5 6 7 8 9

Fig. 6. Variables selected for GC-MS chromatograms of selected gasoline samples after alignment was performed. Light grey indicates low signal while dark grey indicates
high signal for a variable. Variables that were not selected were assigned value of zero. (A) Vendor A 89-octane weathered uncontaminated gasoline. (B) Vendor B

89-octane weathered uncontaminated gasoline. (C) Vendor B 89-octane unweathered gasoline contaminated with kerosene, turpentine and lacquer thinner.

Additionally, Vendor A has a slightly increased abundance of a
peak at 4.4 min and a much lower abundance of a compound at

6.3 min. These two compounds have been tentatively identified as (Table 1).

4-methyl octane and 2,2,4,6,6-pentamethylheptane on the basis
of their mass spectral matches and their linear retention indices
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Table 1

Tentative identification of two compounds relevant for distinguishing between classes of samples. Calculated linear retention index was obtained from the data, literature
linear retention index was obtained from reference [40], forward and reverse mass spectral matches were obtained by comparing the background-corrected peak apex

mass spectrum with the NIST database spectrum for a given compound.

Compound Experimental LRI Literature LRI MS match (Forward) MS match (Reverse)
4-methyl octane 868 864 850 889
2,2,4,6,6-pentamethylheptane 992 997 876 879

Considering two samples from the same class but with added
within-class variance, we see that there is a significant difference
between unweathered contaminated Vendor B 89-octane, and
weathered, uncontaminated gasoline from the same class (Fig. 5B
and C, respectively). However, when one considers only the
selected variables, the two samples (which belong to the same
class: Vendor B, 89-octane) are essentially identical (Fig. 6B
and C). Upon closer inspection of Fig. 4, it can be seen that
between 2 and 3 min, signals due to several alkanes were
selected. This is consistent with the fact that light alkanes are
present at very different levels in gasolines of different types.
Toluene is commonly present in gasoline and, differences in
toluene abundance have been previously shown to be useful in
discriminating between different classes of gasoline [20]. Under
our conditions, toluene is found to elute at approximately
2.7 min, and is shown to be an an abundant compound in
gasoline. As seen in Figs. 4 and 6, toluene is not selected as a
useful variable. This is explained by the high concentration of
toluene in the lacquer thinner that was added as a contaminant.
Thus, in this data set, toluene contributes significantly to within-
class variation, decreasing its utility for distinguishing the classes
of gasoline. The feature selection algorithm automatically dis-
covered this and correctly discarded toluene from the model.

A final point for this discussion is computation time. It took
approximately 36 h to perform variable selection, with cluster
resolution being the slowest step. However, it should be
noted that with n classes there are (n?/2)—n possible pairs of
classes; here 15 pairs were considered. Thus it only required
slightly more than 2 h of computation time for each pair of
classes. Since the calculation of CR for each pair of classes is
independent from the calculation for each other pair, this step
could be easily distributed and calculated in parallel across
multiple processors, greatly speeding up computation time. It
should also be noted that variable selection was completely
automated. Once the classes were assigned to the data files, the
remainder of the process concluded with no user intervention or
attention required.

5. Conclusions

Three-dimensional CR is a further development of the CR
metric. It has been shown to serve as an effective guide for
automated variable selection and model optimization. For this
particular data set, both two- and three-dimensional CR metrics
worked to guide feature selection to similar optimal models. The
two-dimensional approach was faster to compute, while the
three-dimensional approach yielded a slightly better model. Even
though this data set could be optimized quite effectively by both
approaches, conceptually, situations are imaginable where the
three-dimensional approach would yield a significantly better
model than the two-dimensional approach. This would be due to the
simultaneous consideration of three-dimensional ellipsoids permit-
ting the optimization of more complex systems where using one or
more two-dimensional projections would likely fail. While in this
study CR was applied in conjunction with FS and BE, both two- and

three-dimensional CR measurements can be easily used as “goodness
metrics” in other variable selection approaches.
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