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Clustering and classification are the major subdivisions
of pattern recognition techniques. Using these techniques,
samples can be classified according to a specific property by
measurements indirectly related to the property of interest
(such as the type of fuel responsible for an underground
spill). An empirical relationship or classification rule
can be developed from a set of samples for which the
property of interest and the measurements are known. The
classification rule can then be used to predict the property
in samples that are not part of the original training set.
The set of samples for which the property of interest and
measurements is known is called the training set. The set
of measurements that describe each sample in the data set
is called a pattern. The determination of the property of
interest by assigning a sample to its respective category is
called recognition, hence the term pattern recognition.

For pattern recognition analysis, each sample is rep-
resented as a data vector X = (X;, X, X3,Xj, ..., X,), where
component X; is a measurement, e.g. the area a of the jth
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peak in a chromatogram. Thus, each sample is considered
as a point in an n-dimensional measurement space. The
dimensionality of the space corresponds to the number of
measurements that are available for each sample. A basic
assumption is that the distance between pairs of points in
this measurement space is inversely related to the degree
of similarity between the corresponding samples. Points
representing samples from one class will cluster in a lim-
ited region of the measurement space distant from the
points corresponding to the other class. Pattern recogni-
tion (i.e. clustering and classification) is a set of methods
for investigating data represented in this manner, in order
to assess its overall structure, which is defined as the overall
relationship of each sample to every other in the data set.

1 INTRODUCTION

Since the early 1980s, a major effort has been made to sub-
stantially improve the analytical methodology applied to
the study of environmental samples. Instrumental tech-
niques such as gas chromatography, high-performance
liquid chromatography (HPLC) and X-ray fluorescence
spectroscopy have dramatically increased the number of
organic and inorganic compounds that can be identified
and quantified, even at trace levels, in the environment.
This capability, in turn, has allowed scientists to attack
ever more complex problems, such as oil and fuel spill
identification, but has also led to an information-handling
problem.®

The reason for this problem is that in any monitor-
ing effort it is necessary to analyze a large number of
samples in order to assess the wide variation in com-
position that an environmental system may possess.
The large number of samples that must be analyzed
and the number of constituents that must be mea-
sured per sample give rise to data sets of enormous
size and complexity. Often, important relationships in
these data sets cannot be uncovered, when the data
are examined one variable at a time, because of cor-
relations between measurement variables, which tend to
dominate the data and prevent information from being
extracted.

Furthermore, the relationships sought in the data
often cannot be expressed in quantitative terms, such
as the source of a pollutant in the environment. These
relationships are better expressed in terms of similarity
or dissimilarity among groups of multivariate data.
The task that confronts the scientist when investigating
these sorts of relationships in multivariate data, is
twofold:

e Canauseful structure based on distinct sample groups
be discerned?
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e Can a sample be classified into one of these groups
for the prediction of some property?

The first question is addressed using principal compo-
nent analysis (PCA)@ or cluster analysis,®) whereas the
second question is addressed using pattern recognition
methods.®

PCA is the most widely used multivariate analysis
technique in science and engineering.® It is a method
for transforming the original measurement variables
into new variables called principal components. Each
principal component is a linear combination of the
original measurement variables. Often, only two or three
principal components are necessary to explain all of the
information present in the data. By plotting the data
in a coordinate system defined by the two or three
largest principal components, it is possible to identify
key relationships in the data, that is, find similarities and
differences among objects (such as chromatograms or
spectra) in a data set.

Cluster analysis® is the name given to a set of
techniques that seek to determine the structural char-
acteristics of a data set by dividing the data into groups,
clusters, or hierarchies. Samples within the same group
are more similar to each other than samples in different
groups. Cluster analysis is an exploratory data analysis
procedure. Hence, it is usually applied to data sets for
which there is no a priori knowledge concerning the class
membership of the samples.

Pattern recognition'” is a name given to a set of tech-
niques developed to solve the class-membership problem.
In a typical pattern recognition study, samples are classi-
fied according to a specific property using measurements
that are indirectly related to that property. An empirical
relationship or classification rule is developed from a set
of samples for which the property of interest and the
measurements are known. The classification rule is then
used to predict this property in samples that are not part
of the original training set. The property in question may
be the type of fuel responsible for a spill, and the mea-
surements are the areas of selected gas chromatographic
(GC) peaks. Classification is synonymous with pattern
recognition, and scientists have turned to it and PCA and
cluster analysis to analyze the large data sets typically gen-
erated in monitoring studies that employ computerized
instrumentation.

This article explores the techniques of PCA, cluster
analysis, and classification. The procedures that must be
implemented to apply these techniques to real problems
are also enumerated. Special emphasis is placed on
the application of these techniques to problems in
environmental analysis.
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2 PRINCIPAL COMPONENT ANALYSIS

PCA is probably the oldest and best known of the
techniques used for multivariate analysis. The overall
goal of PCA is to reduce the dimensionality of a data set,
while simultaneously retaining the information present in
the data. Dimensionality reduction or data compression
is possible with PCA because chemical data sets are
often redundant. That is, chemical data sets are not
information rich. Consider a gas chromatogram of a JP-4
fuel (Figure 1), which is a mixture of alkanes, alkenes,
and aromatics. The gas chromatogram of a JP-4 fuel is
characterized by a large number of early-eluting peaks,
which are large in size. There are a few late-eluting
peaks, but their size is small. Clearly, there is a strong
negative correlation between the early- and late-eluting
peaks of the JP-4 fuel. Furthermore, many of the alkane
and alkene peaks are correlated, which should not come
as a surprise as alkenes are not constituents of crude oil
but instead are formed from alkanes during the refining
process. In addition, the property of a fuel most likely to
be reflected in a high resolution gas chromatogram is its
distillation curve, which does not require all 85 peaks for
characterization.

Redundancy in data is due to collinearity (i.e. corre-
lations) among the measurement variables. Collinearity
diminishes the information content of the data. Consider
a set of samples characterized by two measurements, X
and X>. Figure 2 shows a plot of these data in a two-
dimensional measurement space, where the coordinate
axes (or basis vectors) of this measurement space are the
variables X7 and X;. There appears to be a relationship
between these two measurement variables, which sug-
gests that X; and X, are correlated, because fixing the
value of X; limits the range of values possible for X,.
If the two measurement variables were uncorrelated, the
enclosed rectangle in Figure 2 would be fully populated
by the data points. Because information is defined as the
scatter of points in a measurement space, it is evident that
correlations between the measurement variables decrease
the information content of this space. The data points,
which are restricted to a small region of the measurement
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Figure 1 A high-resolution capillary column gas chromatogram
of a JP-4 fuel.
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Figure 2 Seventeen hypothetical samples projected onto a
two-dimensional measurement space defined by the measure-
ment variables X; and X,. The vertices, A, B, C, and D, of the
rectangle represent the smallest and largest values of X; and
X;. (Adapted from Mandel.®)

space due to correlations among the variables, could even
reside in a subspace if the measurement variables are
highly correlated. This is shown in Figure 3. Here X3 is
perfectly correlated with X; and X, because X; plus X,
equals X3. Hence, the seven sample points lie in a plane
even though each data point has three measurements
associated with it.

2.1 Variance-based Coordinate System

Variables that have a great deal of redundancy or are
highly correlated are said to be collinear. High collinearity
between variables is a strong indication that a new set of
basis vectors can be found that will be better at conveying
the information content present in data than axes defined
by the original measurement variables. The new basis
set that is linked to variation in the data can be used to
develop a new coordinate system for displaying the data.

X1 X
05 05 1.0
19 0.7 26
20 2.0 4.0
03 18 2.1
19 1.7 3.6

1.9 09 28]

Figure 3 In the case of strongly correlated variables, the data
points may reside in a subspace of the original measurement
space. (Adapted from Multivariate Pattern Recognition in
Chemometrics.” Copyright 1992, with permission from Elsevier
Science.)

o}
Second principal
component | o
First principal
component
o

Figure 4 Principal component axes developed from the mea-
surement variables r, ¢, and ¢. (Reproduced by permission from
Brown® courtesy of Society of Applied Spectroscopy.)

The principal components of the data define the variance-
based axes of this new coordinate system. The largest or
first principal component is formed by determining the
direction of largest variation in the original measurement
space and modeling it with a line fitted by linear least
squares (Figure 4) that passes through the center of the
data. The second largest principal component lies in the
direction of next largest variation — it passes through the
center of the data and is orthogonal to the first principal
component. The third largest principal component lies
in the direction of next largest variation — it also passes
through the center of the data, it is orthogonal to the
first and second principal components, and so forth.
Each principal component describes a different source
of information because each defines a different direction
of scatter or variance in the data. (The scatter of the data
points in the measurement space is a direct measure of
the data’s variance.) Hence, the orthogonality constraint
imposed by the mathematics of PCA ensures that each
variance-based axis will be independent.

2.2 Information Content of Principal Components

One measure of the amount of information conveyed by
each principal component is the variance of the data
explained by the principal component. The variance
explained by each principal component is expressed
in terms of its eigenvalue. For this reason, principal
components are usually arranged in order of decreasing
eigenvalues or waning information content. The most
informative principal component is the first and the least
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informative is the last. The maximum number of principal
components that can be extracted from the data is the
smaller of either the number of samples or number of
measurements in the data set, as this number defines the
largest number of independent variables in the data.

If the data are collected with due care, one would
expect that only the first few principal components
would convey information about the signal, as most
of the information in the data should be about the
effect or property of interest being studied. However,
the situation is not always this straightforward. Each
principal component describes some amount of signal and
some amount of noise in the data because of accidental
correlation between signal and noise. The larger principal
components primarily describe signal variation, whereas
the smaller principal components essentially describe
noise. When smaller principal components are deleted,
noise is being discarded from the data, but so is a small
amount of signal. However, the reduction in noise more
than compensates for the biased representation of the
signal that results from discarding principal components
that contain a small amount of signal but a large amount
of noise. Plotting the data in a coordinate system defined
by the two or three largest principal components often
provides more than enough information about the overall
structure of the data. This approach to describing a data
set in terms of important and unimportant variation is
known as soft modeling in latent variables.

PCA takes advantage of the fact that a large amount
of data is usually generated in monitoring studies
when sophisticated chemical instrumentation, which is
commonly under computer control, is used. The data
have a great deal of redundancy and therefore a great deal
of collinearity. Because the measurement variables are
correlated, 85 peak gas chromatograms do not necessarily
require 85 independent axes to define the position of the
sample points. Utilizing PCA, the original measurement
variables that constitute a correlated axis system can
be converted into a system that removes correlation by
forcing the new axes to be independent and orthogonal.
This requirement greatly simplifies the data because
the correlations present in the data often allow us to
use fewer axes to describe the sample points. Hence,
the gas chromatograms of a set of JP-4 and Jet-A fuel
samples may reside in a subspace of the 85-dimensional
measurement space. A plot of the two or three largest
principal components of the data can help us to visualize
the relative position of the Jet-A and JP-4 fuel samples in
this subspace.

2.3 Case Studies

With PCA, we are able to plot the data in a new
coordinate system based on variance. The origin of the
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new coordinate system is the center of the data, and
the coordinate axes of the new system are the principal
components of the data. Employing this new coordinate
system, we can uncover relationships present in the data,
that is, find distinct samples subgroups within the data.
This section shows, by way of two published studies, how
principal components can be used to discern similarities
and differences among sample within a data set.

2.3.1 Troodos Data Set

In the first study, 143 rock samples collected in the
Troodos region of Cyprus were analyzed by X-ray
fluorescence spectroscopy for 10 metal oxides, which
contained information about the formation of these rocks.
If the formation of the entire Troodos region occurred
at the same time, one would expect all of the rocks to
be similar in composition. However, if there are distinct
subgroups in the data, other conclusions may have to be
drawn about the formation of the Troodos region. This
study® was initiated to settle a controversy about the
geological history of Cyprus.

Figure 5 shows a plot of the two largest principal
components of the 143 rock samples. (The original
Troodos data set was modified for the purpose of this
principal component mapping exercise.) Samples 65 and
66 appear to be outliers in the plot as they are distant
from the other samples. As a general rule, outliers should
deleted because of the least-squares property of principal
components. In other words, a sample that is distant
from the other points in the measurement space can
pull the principal components towards it and away from
the direction of maximum variance. Figure 6 shows the
results of a principal component mapping experiment
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Figure 5 A principal component map of the 143 rock samples.
Samples 65 and 66 are outliers. (The original data set was
modified for this principal component mapping exercise.) The
principal component map was generated using the program
UNSCRAMBLER.
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Figure 6 A principal component map of the Troodos rock
samples with samples 65 and 66 removed. Samples 129 and
130 appear as outliers in the plot. (The original data set was
modified for this principal component mapping exercise.) The
principal component map was generated using the program
UNSCRAMBLER.

with samples 65 and 66 removed from the data. It is
evident from the plot that samples 129 and 130 are also
outliers. Figure 7 summarizes the results of a principal
component mapping experiment with samples 65, 66,
129, and 130 removed. Although samples 19 and 20 are
probably outliers and are also candidates for removal,
it is evident from the principal component plot that the
rock samples can be divided into two groups, which
would suggest that other conclusions should be drawn
about the geological history of the Troodos region. The
clustering of the rocks samples into two distinct groups
was not apparent until the four outliers were removed
from the data.
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Figure 7 A principal component map of the Troodos rock
samples with samples 65, 66, 129, and 130 removed. The
principal component map was generated using the program
UNSCRAMBLER.
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Figure 8 A plot of the two largest principal components for
the 63 Indian artifacts developed from the concentration data of
10 metals. The principal component map was generated using
the program SCAN.

2.3.2 Obsidian Data Set

The second study!? also involves X-ray fluorescence
data. Sixty-three Indian artifacts (such as jewelry,
weapons, and tools) made from volcanic glass, were
collected from four quarries in the San Francisco Bay
area. (Samples 1-10 are from quarry 1, samples 11-19
are from quarry 2, samples 20-42 are from quarry 3, and
samples 43-63 are from quarry 4.) Because the compo-
sition of volcanic glass is characteristic of the site and
tends to be homogeneous, it is reasonable to assume
that it should be possible to trace these artifacts to their
original source material. In this study, the investigators
attempted to do this by analyzing the 63 glass samples
for 10 elements: Fe, Ti, Ba, Ca, K, Mn, RbD, Sr, Y, and
Zn. Next, a PCA was performed on the data (63 artifacts
with 10 features per artifact). The goal was to identify
the overall trends present in the data. Figure 8 shows a
plot of the two largest principal components of the data.
From the principal component map, it is evident that the
63 Indian artifacts can be divided into four groups, which
correspond to the quarry sites from which the artifacts
were collected. Evidently, the artifacts in each quarry
were made from the same source material. This result
is significant because it provides the archaeologists with
important information about the migration patterns and
trading routes of the Indians in this region. Further details
about the obsidian data can be found elsewhere.?

3 CLUSTER ANALYSIS

Cluster analysis is a popular technique whose basic
objective is to discover sample groupings within data.
The technique is encountered in many fields, such
as biology, geology, and geochemistry, under such
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names as unsupervised pattern recognition and numerical
taxonomy. Clustering methods are divided into three
categories, hierarchical, object-functional, and graph
theoretical. The focus here is on hierarchical methods,
as they are the most popular.

For cluster analysis, each sample is treated as a point
in an n-dimensional measurement space. The coordinate
axes of this space are defined by the measurements used
to characterize the samples. Cluster analysis assesses the
similarity between samples by measuring the distances
between the points in the measurement space. Samples
that are similar will lie close to one another, whereas
dissimilar samples are distant from each other. The
choice of the distance metric to express similarity between
samples in a data set depends on the type of measurement
variables used.

Typically, three types of variables — categorical, ordi-
nal, and continuous — are used to characterize chemical
samples. Categorical variables denote the assignment of
a sample to a specific category. Each category is repre-
sented by a number, such as 1, 2, 3, etc. Ordinal variables
are categorical variables, in which the categories follow a
logical progression or order, such as 1, 2, and 3 denoting
low, middle, and high, respectively. However, continuous
variables are quantitative. The difference between two
values for a continuous variable has a precise meaning.
If a continuous variable assumes the values 1, 2, and 3,
the difference between the values 3 and 2 will have the
same meaning as the difference between the values 2 and
1, because they are equal.

Measurement variables are usually continuous. For
continuous variables, the Euclidean distance is the
best choice for the distance metric, because interpoint
distances between the samples can be computed directly
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Figure 9 Euclidean distance between two data points in a
two-dimensional measurement space defined by the measure-
ment variables x; and x,. (Reprinted from ref. 3.)
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(Figure 9). However, there is a problem with using the
Euclidean distance, which is the so-called scaling effect. It
arises from inadvertent weighting of the variables in the
analysis that can occur due to differences in magnitude
among the measurement variables. For example, consider
adataset where each sample is described by two variables:
the concentration of Na and the concentration of K as
measured by atomic flame emission spectroscopy. The
concentration of Na varies from 50 to 500 ppm, whereas
the concentration of K in the same samples varies from
5 to S0ppm. A 10% change in the Na concentration
will have a greater effect on Euclidean distance than a
10% change in K concentration. The influence of variable
scaling on the Euclidean distance can be mitigated by
autoscaling the data, which involves standardizing the
measurement variables, so that each variable has a mean
of zero and a standard deviation of 1 (Equation 1):

Xj standardized = M (1)

Si,orig

where X; oo is the original measurement variable i,
M, orig 1s the mean of the original measurement variable
i, and s;qrg is the standard deviation of the original
measurement variable i. Thus, a 10% change in K
concentration has the same effect on the Euclidean
distance as a 10% change in Na concentration when the
data is autoscaled. Clearly, autoscaling ensures that each
measurement variable has an equal weight in the analysis.
For cluster analysis, itis best to autoscale the data, because
similarity is directly determined by a majority vote of the
measurement variables.

3.1 Hierarchical Clustering

Clustering methods attempt to find clusters of patterns
(i.e. data points) in the measurement space, hence
the term cluster analysis. Although several clustering
algorithms exist, e.g. K-means, K-median, Patrick-Jarvis,
FCV (fuzzy clustering varieties), hierarchical clustering
is by far the most widely used clustering method. The
starting point for a hierarchical clustering experiment is
the similarity matrix which is formed by first computing
the distances between all pairs of points in the data set.
Each distance is then converted into a similarity value
(Equation 2):

dik

dm ax

sie=1- 2)
where s; (which varies from 0 to 1) is the similarity
between samples i and k, dj is the Euclidean distance
between samples i and k, and dp,y is the distance between
the two most dissimilar samples (i.e. the largest distance)
in the data set. The similarity values are organized in
the form of a table or matrix. The similarity matrix is
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then scanned for the largest value, which corresponds to
the most similar point pair. The two samples constituting
the point pair are combined to form a new point, which
is located midway between the two original points. The
rows and columns corresponding to the old data points
are then removed from the matrix. The similarity matrix
for the data set is then recomputed. In other words,
the matrix is updated to include information about the
similarity between the new point and every other point in
the data set. The new nearest point pair is identified, and
combined to form a single point. This process is repeated
until all points have been linked.

There are a variety of ways to compute the distances
between data points and clusters in hierarchical clustering
(Figure 10). The single-linkage method assesses similarity
between a point and a cluster of points by measuring
the distance to the closest point in the cluster. The
complete linkage method assesses similarity by measuring
the distance to the farthest point in the cluster. Average
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Figure 10 The distance between a data cluster and a point
using single linkage, complete linkage, and average linkage.
(Reproduced by permission from Lavine®” courtesy of Marcel
Dekker, Inc.)

Table 1 HPLC data set

Column ky ks ks
A 0.31 17.8 3
B 0.10 9.30 3
C 0.11 21.5 1
D 0.58 22.0 2
E 0.50 16.0 1

(Reprinted from Multivariate Pattern Re-
cognition in Chemometrics.” Copyright
1992, by permission of Elsevier Science.)

7

linkage assesses the similarity by computing the distances
between all point pairs where a member of each pair
belongs to the cluster. The average of these distances is
used to compute the similarity between the data point
and the cluster.

To illustrate hierarchical clustering, consider the data
shown in Table 1. (The example shown here is an
adaptation of the exercise described in Chapter 6 of
reference 4.) Five HPLC columns were characterized by
the capacity factor values obtained from three substances,
which served as retention probes. To perform single-
linkage hierarchical clustering on this chromatographic
data, it is necessary to first compute the similarity matrix
for the data, given as Table 2.

The similarity matrix (Table 2) is then scanned for
the largest value, which corresponds to the two HPLC
columns that are most similar. An examination of
the similarity matrix suggests that chromatographic
columns A and B with a score of 0.79 are the most
similar. Hence, chromatographic columns A and B should
be combined to form a new point. The rows and columns
corresponding to the two original points (A and B) are
removed from the similarity matrix. The similarity matrix
for the data set is then updated to include information
about the similarity between the new point and every
other point (C, D, and E) in the data set. In this study, the
investigators chose to use the single-linkage criterion for
assessing the similarity between a data point and a point
cluster, see Table 3. (Using the single-linkage method,
the similarity between point D and the cluster consisting
of columns A and B is the larger of the values of 0.69
and 0.17, see Table 2. For complete linkage, the similarity
between this cluster and point D is the smaller of the two
values.)

The updated similarity matrix is then scanned for the
largest value; the new nearest pair is combined to form
a single point, which is points D and E. The rows and
columns corresponding to points D and E are deleted

Table 2 Similarity matrix

Columns A B C D E

A 1.00 0.79 0.58 0.69 0.61
B 0.79 1.00 0.36 0.17 0.34
C 0.58 0.36 1.00 0.51 0.72
D 0.69 0.17 0.51 1.00 0.75
E 0.61 0.34 0.72 0.75 1.00

Table 3 Updated similarity matrix

Columns A,B C D E

A, B 1.00 0.58 0.69 0.61
C 0.58 1.00 0.51 0.72
D 0.69 0.51 1.00 0.75
E 0.61 0.72 0.75 1.00




Table 4 Updated similarity matrix

Columns A, B C D,E
A, B 1.00 0.58 0.61
C 0.58 1.00 0.72
D, E 0.61 0.72 1.00

Table 5 Updated similarity

matrix

Columns A,B C,D,E
A,B 1.00 0.69
C,D,E 0.69 1.00

from the similarity matrix. The similarity matrix for the
data set is then updated (Table 4) to include information
about the similarity between the new point (D + E) and
every other point in the data set. This process is repeated
(Table 5) until all points are merged into a single cluster.

The results of a hierarchical clustering study are
usually displayed as a dendogram, which is a tree-
shaped map of the intersample distances in the data
set. The dendogram shows the merging of samples
into clusters at various stages of the analysis and the
similarities at which the clusters merge, with the clustering
displayed hierarchically. The dendogram for the single-
linkage analysis of the HPLC data is shown in Figure 11.
Interpretation of the results is intuitive, which is the major
reason for the popularity of these methods.

3.2 Practical Considerations

A major problem in hierarchical clustering (or cluster
analysis for that matter) is defining a cluster. Contrary
to many published reports, there is no cluster validity
measure that can serve as an indicator of the quality

0.0
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Figure 11 Single-linkage dendogram of the HPLC data set.
There are two groups of HPLC columns:1, 2 and 3,
4, 5. (Reprinted from Multivariate Pattern Recognition in
Chemometrics.” Copyright 1992, with permission from Elsevier
Science.)
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of a proposed partitioning of the data. Hence, clusters
are defined intuitively, depending on the context of the
problem, not mathematically, which limits the utility
of this technique. Clearly, prior knowledge about the
problem is essential when using these methods. The
criterion for determining the threshold value for similarity
is often subjective and depends to a large degree on
the nature of the problem investigated — for example, the
goals of the study, the number of clusters sought, previous
experience, and common sense.

All clustering procedures yield the same results for data
sets with well-separated clusters. However, the results will
differ when the clusters overlap. That is why it is a good
idea to use at least two different clustering algorithms,
such as single and complete linkage, when studying a data
set. If the dendograms are in agreement, then a strong
case can be made for partitioning the data into distinct
groups as suggested by the dendograms. If the cluster
memberships differ, the data should be further investi-
gated using average linkage or PCA. The results from
average linkage or PCA can be used to gauge whether
the single or farthest linkage solution is the better one.

All hierarchical clustering techniques suffer from so-
called space distorting effects. For example, single-linkage
favors the formation of large linear clusters instead of the
usual elliptical or spherical clusters. As a result, poorly
separated clusters are often chained together. However,
complete linkage favors the formation of small spherical
clusters. Because of these space-distorting effects, hierar-
chical clustering methods should be used in tandem with
PCA to detect clusters in multivariate data sets.

All hierarchical methods will always partition data,
even randomly generated data, into distinct groups or
clusters. Hence, itis important to ascertain the significance
level of the similarity value selected by the user. For
this task, a simple three-step procedure is proposed.
First, a random data set is generated with the same
correlation structure, the same number of samples, and
the same number of measurements as the real data set
that is currently being investigated. Second, the same
clustering technique(s) is applied to the random data.
Third, the similarity value, which generates the same
number of clusters as identified in the real data set, is
determined from the dendogram of the random data. If
the similarity value is substantially larger for the real
data set, the likelihood of having inadvertently exploited
random variation in the data to achieve clustering is
probably insignificant.

3.3 Case Studies

Hierarchical clustering methods attempt to uncover the
intrinsic structure of a multivariate data set without
making a priori assumptions about the data. This section,
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Figure 12 A single-linkage dendogram of the obsidian data set. The dendogram was generated using the program SCAN.

shows, by way of two published studies, how clustering
methods can be used to find clusters of points in data.

3.3.1 Obsidian Data Set

The first study is the obsidian data set, discussed in
section 2.3.2. A principal component map of the data
(Figure 8) revealed four distinct clusters, which cor-
respond to the sites from which these artifacts were
obtained. To confirm the four-cluster hypothesis, the
investigators also analyzed their data using single-linkage
analysis. The resulting dendogram (Figure 12) indicated
that it is reasonable to divide the glass samples into four
categories based on the quarry sites from which these
artifacts were obtained. (At similarity 0.40, samples 1-10
form a cluster, samples 11-19 form another cluster, sam-
ples 20—42 form a third cluster, and samples 43—-63 form
the fourth cluster.) Because the dendogram and princi-
pal component map of the data are in strong agreement,
the investigators decided to partition their data into four
groups based on the quarry labels of the samples.

3.3.2 Artificial Nose Data Set

The second study involves data from an artificial nose.?
A salesman claims that an electronic nose can successfully
sniff odor. The salesman obtained data from the literature
to support his claim. Of the 41 compounds in the
data set, compounds 1-21 are etheral, compounds
22-32 are pungent, and compounds 33-41 are minty.
Each compound was characterized by six electronic
measurements. Using a back-propagation neural network
algorithm, the salesman was able to correctly classify all of

the compounds in the data set. Should we then accept the
salesman’s claim that an electronic nose can sniff odor?
In order to validate the salesman’s claim, the odor data
was analyzed using single and complete linkage hierar-
chical clustering. Figures 13 and 14 show dendograms of
the odor data. It is evident from the dendograms that
dividing the 41 compounds into three categories based
on odor type cannot be justified. (Although the data can
be divided into three clusters by complete linkage at a
0.56 similarity, the cluster memberships cannot be cor-
related to compound odor — why? Cluster 1 consists of
samples 41, 21, 19, 16, 13, 39, 31, 36, 29, 8, 34, and 32.
Cluster 2 consists of samples 38, 5, 26, 14, 24,15, 37, 6, 33,
35, 20, 30, and 7. Cluster 3 consists of samples 40, 17, 4,
22,2,25,10,28,18,27,23,12, 11,1, 9, and 3.) Evidently,
the six electronic measurements from the nose do not
contain sufficient discriminatory information to force the
compounds to cluster on the basis of odor type. Therefore,
the salesman’s claim about the efficacy of the proposed
artificial nose should not be accepted at face value.

4 PATTERN RECOGNITION

So far, only exploratory data analysis techniques, i.e.
cluster analysis and PCA, have been discussed. These
techniques attempt to analyze data without directly using
information about the class assignment of the samples.
Although cluster analysis and PCA are powerful methods
for uncovering relationships in large multivariate data
sets, they are not sufficient for developing a classification
rule that can accurately predict the class-membership of
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Figure 13 A single-linkage dendogram of the nose data set. The dendogram was generated using the program Pirouette.

an unknown sample. In this section, pattern recognition
techniques will be discussed. These techniques were
originally developed to categorize a sample on the basis
of regularities in observed data. The first applications of
pattern recognition to chemistry were studies involving
low-resolution mass spectrometry.!? Since then, pattern
recognition techniques have been applied to a wide
variety of chemical problems, such as chromatographic

fingerprinting,13-15  spectroscopic imaging,®~'® and
data interpretation.*-2D

Pattern recognition techniques fall into one of two cate-
gories: nonparametric discriminants, and similarity-based
classifiers. Nonparametric discriminants,?>=2% such as
neural networks, attempt to divide a data space into
different regions. In the simplest case, that of a binary
classifier, the data space is divided into two regions.
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Figure 14 A complete-linkage dendogram of the nose data set. The dendogram was generated using the program Pirouette.

Samples that share a common property (such as fuel
type) will be found on one side of the decision surface,
whereas those samples comprising the other category will
be found on the other side. Nonparametric discriminants
have provided insight into relationships contained within
sets of chemical measurements. However, classification
based on random or chance separation®® can be a serious
problem if the data set is not sample rich. Because chemi-
cal data sets usually contain more variables than samples,
similarity-based classifiers are generally preferred.

Similarity-based classifiers, e.g. k-nearest neighbor
(KNN)® and soft independent modeling by class
analogy (SIMCA),?0-30 treat each chromatogram or
spectrum as a data vector x = (xq, X2, X3, . . S Xjy .,xp)
where component x; is the area of the jth peak or
the absorbance value of the jth wavelength. Such a
vector can also be viewed as a point in a high-
dimensional measurement space. A basic assumption is
that distances between points in the measurement space
will be inversely related to their degree of similarity.
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Using a similarity-based classifier we can determine the
class-membership of a sample by examining the class
label of the data point closest to it or from the principal
component model of the class, which lies closest to
the sample in the measurement space. In chemistry,
similarity-based classification rules are implemented
using either KNN or SIMCA.

4.1 k-Nearest Neighbor

For its simplicity, KNN is a powerful classification
technique. A sample is classified according to the majority
vote of its KNNs, where k is an odd integer (one, three,
or five). For a given sample, Euclidean distances are first
computed from the sample to every other point in the
data set. These distances arranged from smallest to the
largest are used to define the sample’s KNNs. A poll
is then taken by examining the class identities among
the point’s KNNs. Based on the class identity of the
majority of its KNNs, the sample is assigned to a class
in the data set. If the assigned class and the actual class
of the sample match, the test is considered a success.
The overall classification success rate, calculated over
the entire set of points, is a measure of the degree of
clustering in the set of data. Clearly, a majority vote
of the KNNs can only occur if the majority of the
measurement variables concur, because the data is usually
autoscaled.

KNN cannot furnish a statement about the reliability of
a classification. However, its classification risk is bounded.
In other words, the Bayes classifier will generate the
optimal classification rule for the data, and 1-nearest
neighbor has an error rate which is twice as large as
the Bayes classifier. (To implement the Bayes classifier,
one must have knowledge about all the statistics of the
data set including the underlying probability distribution
function for each class. Usually, this knowledge is not
available.) Hence, any other classification method, no
matter how sophisticated, can at best only improve on the
performance of KNN by a factor of two.

4.2 Soft Independent Modeling by Class Analogy

In recent years, modeling approaches have become pop-
ular in analytical chemistry for developing classification
rules because of the problems with nonparametric dis-
criminants. Although there are a number of approaches
to modeling classes, the SIMCA method, based on PCA,
has been developed by Wold for isolating groups of mul-
tivariate data or classes in a data set. In SIMCA, a PCA
is performed on each class in the data set, and a suf-
ficient number of principal components are retained to
account for most of the variation within each class. Hence,
a principal component model is used to represent each
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class in the data set. The number of principal compo-
nents retained for each class is usually different. Deciding
on the number of principal components that should be
retained for each class is important, as retention of too few
components can distort the signal or information content
contained in the model about the class, whereas reten-
tion of too many principal components diminishes the
signal-to-noise. A procedure called cross-validation®?
ensures that the model size can be determined directly
from the data. To perform cross-validation, segments of
the data are omitted during the PCA. Using one, two,
three, etc., principal components, omitted data are pre-
dicted and compared to the actual values. This procedure
is repeated until every data element has been kept out
once. The principal component model that yields the min-
imum prediction error for the omitted data is retained.
Hence, cross-validation can be used to find the number
of principal components necessary to describe the signal
in the data while ensuring high signal-to-noise by not
including the so-called secondary or noise-laden principal
components in the class model.

The variance that is explained by the class model is
called the modeled variance, which describes the signal,
whereas the noise in the data is described by the residual
variance or the variance not accounted for by the model.
(The residual variance is explained by the secondary
principal components, which have been truncated or
omitted from the principal component model.) By
comparing the residual variance of an unknown to the
average residual variance of those samples that make up
the class, it is possible to obtain a direct measure of the
similarity of the unknown to the class. This comparison
is also a measure of the goodness of fit of the sample
to a particular principal component model. Often, the
F-statistic is used to compare the residual variance of a
sample with the mean residual variance of the class.®?
Employing the F-statistic, an upper limit for the residual
variance can be calculated for those samples belonging
to the class. The final result is a set of probabilities of
class-membership for each sample.

An attractive feature of SIMCA is that a principal com-
ponent mapping of the data has occurred. Hence, samples
that may be described by spectra or chromatograms are
mapped onto a much lower dimensional subspace for
classification. If a sample is similar to the other samples
in the class, it will lie near them in the principal compo-
nent map defined by the samples representing that class.
Another advantage of SIMCA is that an unknown is only
assigned to the class for which it has a high probability. If
the residual variance of a sample exceeds the upper limit
for every modeled class in the data set, the sample would
not be assigned to any of the classes because it is either an
outlier or comes from a class that is not represented in the
data set. Finally, SIMCA is sensitive to the quality of the
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data used to generate the principal component models.
As a result, there are diagnostics to assess the quality of
the data, such as the modeling power®® and the discrim-
inatory power.®¥ The modeling power describes how
well a variable helps the principal components to model
variation, and discriminatory power describes how well
the variable helps the principal components to classify
the samples in the data set. Variables with low modeling
power and low discriminatory power are usually deleted
from the data because they contribute only noise to the
principal component models.

SIMCA can work with as few as 10 samples per class,
and there is no restriction on the number of measurement
variables, which is an important consideration, because
the number of measurement variables often exceeds the
number of samples in chemical studies. Most standard
discrimination techniques would break down in these
situations because of problems arising from collinearity
and chance classification.?¥

4.3 Feature Selection

Feature selection is a crucial step in KNN or SIMCA,
because it is important to delete features or measurements
that contain information about experimental artifacts
or other systematic variations in the data not related
to legitimate chemical differences between classes in a
data set. For profiling experiments of the type that are
being considered (see section 4.4) it is inevitable that
relationships may exist among sets of conditions used
to generate the data and the patterns that result. One
must realize this in advance when approaching the task
of analyzing such data. Therefore, the problem is utilizing
information contained in the data characteristic of the
class without being swamped by the large amount of
qualitative and quantitative information contained in
the chromatograms or spectra about the experimental
conditions used to generate the data. If the basis of
classification for samples in the training set is other
than desired group differences, unfavorable classification
results for the prediction set will be obtained despite
a linearly separable training set. The existence of these
confounding relationships is an inherent part of profiling
data. Hence, the goal of feature selection is to increase
the signal-to-noise ratio of the data by discarding
measurements on chemical components that are not
characteristic of the source profile of the classes in the data
set. Feature selection in the context of pattern recognition
is described in greater detail in the next section by way of
the two worked examples.

4.4 Case Studies

Pattern recognition is about reasoning, using the available
information about the problem to uncover information
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contained within the data. Autoscaling, feature selection,
and classification are an integral part of this reasoning
process. Each plays a role in uncovering information
contained within the data.

Pattern recognition analyses are usually implemented
in four distinct steps: data preprocessing, feature selec-
tion, classification, and mapping and display. However,
the process is iterative, with the results of a classifica-
tion or display often determining a further preprocessing
step and reanalysis of the data. Although the procedures
selected for a given problem are highly dependent upon
the nature of the problem, it is still possible to develop a
general set of guidelines for applying pattern recognition
techniques to real data sets. In this section, a framework
for solving the class-membership problem is presented by
way of two recently published studies on chromatographic
fingerprinting of complex biological and environmental
samples.

4.4.1 Fuel Spill Identification

The first study®> involves the application of gas chro-
matographic and pattern recognition (GC/PR) methods
to the problem of typing jet fuels, so that a spill sample in
the environment can be traced to its source. The test data
consisted of 228 gas chromatograms of neat jet fuel sam-
ples representing the major aviation fuels (JP-4, Jet-A,
JP-7,JPTS, and JP-5) found in the USA. The neat jet fuel
samples used in this study were obtained from Wright
Patterson Air Force Base or Mulkiteo Energy Manage-
ment Laboratory (Table 6). They were splits from regular
quality control standards, which were purchased by the
United States Air Force (USAF) to verify the authenticity
of the manufacturer’s claims.

The prediction set consisted of 25 gas chromatograms of
weathered jet fuels (Table 7). Eleven of the 25 weathered
fuels were collected from sampling wells as a neat oily
phase found floating on top of the well water. Eleven of
the 25 weathered fuel samples were extracted from the
soil near various fuel spills. The other three fuel samples
had been subjected to weathering in a laboratory.

The neat jet fuel samples were stored in sealed
containers at —20 °C. Prior to chromatographic analysis,
each fuel sample was diluted with methylene chloride

Table 6 Training set

Number of Fuel type
samples
54 JP-4 (fuel used by USAF fighters)
70 Jet-A (fuel used by civilian airliners)
32 JP-7 (fuel used by SR-71 reconnaissance plane)
29 JPTS (fuel used by TR-1 and U-2 aircraft)
43 JP-5 (fuel used by Navy jets)
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Table 7 Prediction set

CHEMOMETRICS

Sample Identity Source Sample Identity Source
PF007 JpP-4 A? MIX1 JP-4 Ce
PF008 JpP-4 A MIX2 JP-4 Ce
PF009 JpP-4 A? MIX3 JP-4 Ce
PF010 JP-4 A®? MIX4 JP-4 Ce
PF011 JP-4 A STALE-1 JP-4 D¢
PF012 JpP-4 A? STALE-2 JP-4 D4
PF013 JpP-4 A? STALE-3 JP-4 D4
KSE1IM2 JpP-4 B® PITIUNK JP-5 E°
KSE2M2 JP-4 B® PITIUNK JP-5 E°
KSE3M2 JP-4 B® PIT2UNK JP-5 E°
KSE4M2 JP-4 B® PIT2UNK JP-5 E°
KSE5M2 JpP-4 B®

KSE6M2 JpP-4 B®

KSE7M2 JpP-4 B®

2 Sampling well at Tyndall AFB: the sampling well was near a previously functioning
storage depot. Each well sample was collected on a different day.

b Soil extract near a sampling well: dug with a hand auger at various depths. Distance
between sampling well Tyndall and soil extract was approximately 80 yards.

¢ Weathered fuel added to sand.

4 0ld JP-4 fuel samples that had undergone weathering in a laboratory refrigerator.
¢ Sampling pit at Keywest Air Station: two pits were dug near a seawall to investigate a

suspected JP-5 fuel leak.

and injected onto a fused silica capillary column (10 m x
0.10mm) using a split injection technique. The fused
silica capillary column was temperature programmed
from 60°C to 270°C at 18°Cmin~'. High-speed gas
chromatograms representative of the five fuel types (JP-4,
Jet-A, JP-7,JPTS, and JP-5) are shown in Figure 15.

The gas chromatograms were peak matched using a
computer program®® that correctly assigned peaks by
first computing the Kovats retention index (KI)©” for
compounds eluting off the GC column. Because the n-
alkane peaks are the most prominent features present in
the gas chromatograms of these fuels, it is a simple matter
to compute KI values. The peak-matching program then
developed a template of peaks by examining integration
reports and adding peaks to the template that did not
match the retention indices of previously observed peaks.
By matching the retention indices of the peaks in each
chromatogram with the retention indices of the features in
the template, it was possible to produce a data vector for
each gas chromatogram. Each feature in a peak-matched
chromatogram was assigned a value corresponding to
the normalized area of the peak in the chromatogram.
(If the peak was present, its normalized area from the
integration report was assigned to the corresponding
element of the vector. If the peak was not present, the
corresponding feature was assigned a value of zero.)
The number of times a particular peak was found to
have a nonzero value was also computed, and features
below a user-specified number of nonzero occurrences
(which was set equal to 5% of the total number of fuel

samples in the training set) were deleted from the data set.
This peak-matching procedure yielded a final cumulative
reference file containing 85 features, though not all peaks
were present in all chromatograms.

Because outliers have the potential to adversely influ-
ence the performance of pattern recognition methods,
outlier analysis was performed on each fuel class in the
training set prior to pattern recognition analysis. The gen-
eralized distance test®® at the 0.01 significance level was
implemented via SCOUT®? to identify discordant obser-
vations in the data. Three Jet-A and four JP-7 fuel samples
were found to be outliers and were subsequently removed
from the data set. The training set, comprising 221 gas
chromatograms of 85 peaks each, was analyzed using pat-
tern recognition methods. Prior to pattern recognition
analysis, the data were autoscaled so that each feature
had a mean of zero and standard deviation of one within
the set of 221 gas chromatograms. Hence, each gas chro-
matogram was initially represented as an 85-dimensional
data vector,x = (x1, X2, X3, ..., Xj, ..., Xg5), where x; is the
normalized area of the jth peak.

The first step in the study was to apply PCA to the
training set data. Figure 16 shows a plot of the two largest
principal components of the 85 GC peaks obtained from
the 221 neat jet fuel samples. Each fuel sample or gas
chromatogram is represented as a point in the principal
component map of the data. The JP-7 and JPTS fuel
samples are well separated from one another and from
the gas chromatograms of the JP-4, Jet-A, and JP-5 fuel
samples, suggesting that information about fuel type is
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Figure 15 High speed gas chromatograms of JP-4, Jet-A, JP-7,
JPTS, and JP-5. (Reproduced with permission from Lavine
et al.®> Copyright 1995 American Chemical Society.)

present in the high speed gas chromatograms of the neat
jet fuels. However, the overlap of the JP-5 and Jet-A
fuels in the principal component map suggests that gas
chromatograms of these two fuels share a common set
of attributes, which is not surprising in view of their
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Figure 16 A plot of the two largest principal components
of the 85 GC peaks for the 221 neat jet fuel samples. The
map explains 72.3% of the total cumulative variance: 1 = JP-4,
2 =Jet-A, 3 =1JP-7, 4 =JPTS, 5=1JP-5. (Reproduced with
permission from Lavine et al.®® Copyright 1995 American
Chemical Society.)

similar physical and chemical properties.“?’ Mayfield and
Henley™D have also reported that gas chromatograms of
Jet-A and JP-5 fuels were more difficult to classify than gas
chromatograms of other types of jet fuels. Nevertheless,
they concluded that fingerprint patterns exist within GC
profiles of Jet-A and JP-5 fuels characteristic of fuel
type, which is consistent with a plot of the second and
third largest principal components of the training set
data. The plot in Figure 17 indicates that differences do
indeed exist between the GC profiles of Jet-A and JP-5
fuels. However, the second and third largest principal
components do not represent the direction of maximum
variance in the data. (In fact, they only represent 23.1%
of the total cumulative variance or information content
of the data.) Hence, it must be concluded that the bulk of
the information contained within the 85 GC peaks is not
about differences between the GC profiles of Jet-A and
JP-5 fuels.

To better understand the problems associated with
classifying the gas chromatograms of Jet-A and JP-5
fuels, it was necessary to reexamine this classification
problem in greater detail. Figure 18 shows a plot of the
two largest principal components of the 85 GC peaks of
the 110 Jet-A and JP-5 neat fuel samples. It is evident
from an examination of the principal component map
that Jet-A and JP-5 fuel samples lie in different regions,
suggesting that Jet-A and JP-5 fuels can be differentiated
from each other on the basis of their GC profiles.
However, the points representing the JP-5 fuels form



16

8.00
4.00
0.00

-4.00

Third principal component

-8.00
-6.00 —400 200 OOO 2.00 4.00 600 8.00

Second principal component

Figure 17 A plot of the second and third largest principal
components of the 85 GC peaks for the 221 neat jet fuel
samples. The map explains 23.1% of the total cumulative
variance: 1 =JP-4, 2 = Jet-A, 3 =JP-7, 4 =JPTS, 5=1JP-5.
(Reproduced with permission from Lavine et al.®> Copyright
1995 American Chemical Society.)
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Figure 18 A principal component map of the 110 neat Jet-A
and JP-5 fuel samples developed from the 85 GC peaks. The
JP-5 fuel samples can be divided into two distinct groups: fuel
samples that lie close to the Jet-A fuels and fuel samples distant
from the Jet-A fuels. (Reproduced with permission from Lavine
et al.®> Copyright 1995 American Chemical Society.)

two distinct subgroups in the map, which could pose a
problem as an important requirement for a successful
pattern recognition study is that each class is represented
by a collection of samples that are in some way similar.

CHEMOMETRICS

The subclustering suggests a lack of homogeneity among
the samples representing the JP-5 fuels. Therefore, it is
important to identify and delete the GC peaks responsible
for the subclustering of the JP-5 fuels.

The following procedure was used to identify the GC
peaks strongly correlated with the subclustering. First,
the JP-5 fuel samples were divided into two categories
on the basis of the observed subclustering. Next, the
ability of each GC peak alone to discriminate between
the gas chromatograms from the two JP-5 subclusters
was assessed. The dichotomization power of each of
the 85 GC peaks was also computed for the following
category pairs: JP-5 versus JP-4, JP-5 versus Jet-A, JP-
5 versus JP-7, and JP-5 versus JPTS. A GC peak was
retained for further analysis only if its dichotomization
power for the subclustering dichotomy was lower than
for any of the other category pairs. Twenty-seven GC
peaks that produced the best classification results when
the chromatograms were classified as Jet-A, JPTS, JP-7,
or JP-5 were retained for further study.

Figure 19 shows a plot of the two largest principal
components of the 27 GC peaks obtained from the 221
neat jet fuel samples. It is evident from the principal
component map of the 27 features that the five fuel
classes are well separated. Furthermore, the principal
component map of the data does not reveal subclustering
within any class. This indicates that each fuel class is
represented by a collection of samples that are in some
way similar when the 27 GC peaks are used as features.

A five-way classification study involving JP-4, Jet-A,
JP-7, JPTS, and JP-5 fuels was also undertaken using
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Figure 19 A principal component map of the 27 GC peaks:
1=1JP-4, 2 =Jet-A, 3 =JP-7, 4=JPTS, 5=1JP-5. (Repro-
duced with permission from Lavine et al.®® Copyright 1995
American Chemical Society.)
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SIMCA. A principal component model for each fuel
class in the training set was developed from the 27
GC peaks. The complexity of the principal component
model was determined directly from the data using the
technique of cross-validation. For each class, a single
principal component was used to model the data. The gas
chromatograms in the training set were then fitted to these
models, and the residual — that is the sum of the squares
difference between the original gas chromatogram and the
chromatogram reproduced by the model — was computed
for each gas chromatogram.

Each gas chromatogram in the training set was then
classified on the basis of its goodness of fit. The probability
of a gas chromatogram belonging to a particular fuel class
was determined from its residual for the corresponding
principal component model by way of an F-test. A gas
chromatogram was assigned to the fuel class for which it
had the lowest variance ratio. However, if the variance
ratio exceeded the critical F-value for that class, then the
sample would not be assigned to it. Results from the five-
way classification study involving the training set samples
are summarized in Table 8. The recognition rate for JP-4,
Jet-A, JP-7, and JPTS fuels is very high. However, Jet-
A is more difficult to recognize because of its similarity
to JP-5, which is undoubtedly the reason for SIMCA
classifying 16 Jet-A fuel samples as JP-5.

The ability of the principal component models to
predict the class of an unknown fuel was first tested
using a method called internal validation. The training
set of 221 gas chromatograms was subdivided into 13
training set — prediction set pairs. Each training set had
204 gas chromatograms and each prediction set had 17

Table 8 SIMCA training set results

Class F-criterion®
Principal Numberin Correct Percentage
components class

JP-4 1 54 54 100
Jet-Ab 1 67 51 76.1
JP-7° 1 28 27 96.4
JPTS 1 29 29 100
JP-5 1 43 43 100
Total 221 204 92.3

4 Classifications were made on the basis of the variance ratio
F = [sp/So]*[Nq — NC — 1], where slz, is the residual of sample p
for class i, Sg is the variance of class i, Nq is the number of samples
in the class, and NC is the number of principal components used to
model the class. A sample is assigned to the class for which it has
the lowest variance ratio. However, if the sample’s variance ratio
exceeds the critical F-value for the class, then the sample cannot be
assigned to the class. The critical F-value for each training set sample
is Fy =0.975 [(M — NC),(M — NC)(Ngq — NC —1)] where M is the
number of measurement variables or GC peaks used to develop the
principal component model.

b Misclassified Jet-A and JP-5 fuel samples were categorized as JP-5.
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gas chromatograms. The members of the sets were chosen
randomly. Furthermore, a particular chromatogram was
present in only 1 of the 13 prediction sets generated.
Principal component models were developed for each
of the training sets and tested on the corresponding
prediction set. The mean classification success rate for
these so-called prediction sets was 90.5%.

To further test the predictive ability of the 27 GC
peaks and the classification models associated with them,
an external prediction set of 25 gas chromatograms was
employed. The gas chromatograms in the prediction set
were run a few months before the neat jet fuel gas
chromatograms were run. The results of this study are
shown in Table 9. All the weathered fuel samples were
correctly classified. This is an important result, as the
changes in composition that occur after a jet fuel is
released into the environment constitute a major problem
in fuel spill identification. These changes may arise
from evaporation of lower-molecular-weight alkanes,
microbial degradation, and the loss of water-soluble
compounds due to dissolution.“? Because the weathered

Table 9 Prediction set results

Samples F-values?

JpP-4 JET-A Jp-7 JPTS JP-5
PF007 3.82 10.04 58.9 12.4 7.43
PF008 3.69 9.62 57.6 12.5 7.14
PF009 371 9.84 57.6 12.6 7.32
PF010 3.30 16.7 73.7 11.8 10.8
PFO11 3.57 9.64 58.9 12.8 7.39
PF012 411 7.74 78.2 13.5 12.04
PF013 4.33 8.19 79.8 12.6 12.3
KSE1M2 2.83 24.4 63.9 30.4 11.21
KSE2M2 2.25 16.2 70.8 21.6 11.09
KSE3M2 2.51 9.41 71.0 17.3 10.2
KSE4M2 2.40 10.11 71.3 17.83 104
KSE5M2 2.33 7.76 56.4 17.9 7.61
KSE6M2 1.87 134 69.3 20.8 10.4
KSE7M2 221 9.85 67.3 18.3 9.78
MIX1 1.33 34.9 71.3 38.2 13.3
MIX2 1.33 11.93 533 20.9 7.37
MIX3 1.44 12.3 55.2 20.6 7.71
MIX4 1.59 9.51 48.6 19.9 6.27
STALE-1 1.72 73.7 151.9 54.7 315
STALE-2 0.58 28.7 123.8 30.9 22.6
STALE-3 0.541 28.7 127.3 29.9 22.6
PITTUNK 6.62 1.19 6.106 33.02 0.504
PITTUNK 6.57 1.15 6.03 329 0.496
PIT2UNK 6.51 1.14 6.14 328 0.479
PIT2UNK 6.51 1.14 6.27 327 0.471

2 An object is assigned to the class for which it has the lowest
variance ratio. However, if the variance ratio exceeds the critical F-
value for that class, then the object cannot be assigned to it. Critical
F-values of prediction set samples are obtained using one degree
of freedom for the numerator and Ng — NC — 1 degrees of freedom
for the denominator.®? For JP-4, the critical F-value at a = 0.975 is
F(1,52) =5.35, and it is F(1, 41) = 5.47 for JP-5.
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fuel samples used in this study were recovered from
a subsurface environment, loss of lower alkanes due
to evaporation will be severely retarded. Furthermore,
dissolution of water-soluble components should not pose
a serious problem as only a small fraction of the
fuel’s components is soluble in water.*» Hence, the
predominant weathering factor in subsurface fuel spills
is probably biodegradation, which does not appear to
have a pronounced effect on the overall GC profile of
the fuels. Clearly, weathering of aviation turbine fuels
in a subsurface environment will be greatly retarded
compared to surface spills, thereby preserving the fuel’s
identity for a longer period of time.

4.4.2 Africanized Honeybees

GC/PR has also been used to develop a potential
method for differentiating Africanized honeybees from
European honeybees.*~47) The test data consisted of
109 gas chromatograms (49 Africanized and 60 Euro-
pean) of cuticular hydrocarbons obtained from bodies
of Africanized and European honeybees. Cuticular
hydrocarbons were obtained by rinsing the dry or pinned
bee specimens in hexane for approximately 15 min. The
cuticular hydrocarbon fraction analyzed by gas chro-
matography was isolated from the concentrated washings
by means of a silicic acid column. Hexane was used
as the eluent. The extracted hydrocarbons (equiva-
lent to 4% of a bee) were coinjected with authentic
n-alkane standards. KIs were assigned to compounds
eluting off the column. These indices were used for peak
identification.

Each gas chromatogram contained 40 peaks corre-
sponding to a set of standardized retention time windows.
A typical GC trace of the cuticular hydrocarbons from
an Africanized honeybee sample is shown in Figure 20.
The GC column had about 5000 plates. The hydrocarbon
extract was analyzed on a glass column (1.8 m x 2 mm)
packed with 3% OV-17 on Chromosorb® WAW DMCS
packing (120-140 mesh).

The gas chromatograms were translated into data
vectors by measuring the area of the 40 GC peaks.
However, only 10 of the GC peaks were considered
for pattern recognition analysis. Compounds comprising
these peaks were found in the wax produced by nest bees,
and the concentration pattern of the wax constituents
is believed to convey genetic information about the
honeybee colony. Because the feature selection process
was carried out on the basis of a priori considerations, the
probability of inadvertently exploiting random variation
in the data was minimized.

Each gas chromatogram was normalized to constant
sum using the total integrated area of the 40 GC peaks.
Also, the training set data were autoscaled to ensure
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Figure 20 A gas chromatogram of the cuticular hydrocarbons
from an Africanized honey bee. The KI values for the peaks
used in the pattern recognition study were 2300, 2675, 2875,
3075, 3100, 3243, 3265, 3300, 3443, and 3465. (Reproduced
with permission from Lavine and Carlson.> Copyright 1987
American Chemical Society.)

that each feature had equal weight in the analysis. The
normalized and autoscaled data were then analyzed
using KNN, which classifies the data vectors in the
training set according to a majority vote of its KNNs.
Hence, a sample will be classified as an Africanized
or European bee only if the majority of its KNNs in
the measurement space are Africanized bees. When
the 1-nearest neighbor classification rule was applied
to the 10 GC peaks, it could correctly classify every
chromatogram in the training set. This result indicates
that Africanized and European bee specimens are well
separated from each other in the feature space defined by
the 10 GC peaks.

To test the predictive ability of these descriptors
and the classifier associated with them, a prediction
set of 55 gas chromatograms (15 Africanized and
40 European) was employed. The distances between
the prediction set samples and the samples in the
training set were calculated, with class assignments
computed in the same manner as in the training
phase. Using the 1-nearest neighbor classification rule,
a classification success rate of 100% was achieved for
the gas chromatograms in the prediction set. This result
is important because it demonstrates that information
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derived solely from cuticular hydrocarbons can categorize
bees as to subspecies. This suggests a direct relationship
between the concentration pattern of these compounds
and the identity of the subspecies (Africanized or
European). Clearly, these results imply that GC/PR can
be used to identify the presence of the African genotype
in honeybees.

S SOFTWARE

There are a number of Windows 95/98 software packages
sold by commercial vendors that can be used for clustering
and classification. UNSCRAMBLER (Camo A/S, Olav
Tryggvasonsgt. 24, N-7011 Trondheim, Norway) offers
data preprocessing, PCA, SIMCA classification, and
graphics in a flexible package. Pirouette (Infometrix
Inc., P.O. Box 1528, 17270 Woodinville-Redmond Road
NE, Suite 777, Woodinville, WA 98072-1528) has a nice
user interface, with good quality graphics. The package
has data preprocessing, hierarchical clustering, PCA,
KNN, and SIMCA classification. Pirouette, which has
been validated according to the United States Food
and Drug Administration Standard Operating Procedure,
is a good introductory package because of its broad
functionality.

SCAN (Minitab Inc., 3081 Enterprise Drive, State Col-
lege, PA 16801-3008) has PCA, hierarchical clustering,
KNN, SIMCA, and discriminant analysis (quadratic, lin-
ear, regularized, and DASCO, which is an advanced
classification method in chemometrics). The user inter-
face, which is similar to the popular Minitab statistics
package, has many advanced editing features, such as
brushing. The package is a good mix of statistical and
pattern recognition methods. SIRIUS (Pattern Recog-
nition Associates, P.O. Box 9280, The Woodlands, TX
77387-9280) is a graphics oriented package intended for
modeling and exploratory data analysis, such as SIMCA
and PCA. The PLS TOOLBOX (Eigenvector Technolo-
gies, P.O. Box 483, 196 Hyacinth, Manson, WA 89931) is
for Matlab and contains routines for PCA, discriminant
analysis, and cluster analysis.

6 CONCLUSION

In this article, a basic methodology for analyzing large
multivariate chemical data sets is described. A chro-
matogram or spectrum is represented as a point in a
high-dimensional measurement space. Exploratory data
analysis techniques (PCA and hierarchical clustering)
are then used to investigate the properties of this mea-
surement space. These methods can provide information
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about trends present in the data. Classification methods
can then be used to further quantify these relation-
ships. The techniques, which have been found to be
most useful, are nonparametric in nature. As such, they
do not attempt to fit the data to an exact functional
form; rather, they use the data to suggest an appropriate
mathematical model, which can identify structure within
the data. Hence, the approach described in this article
relies heavily on graphics for the presentation of results,
because clustering and classification methods should be
used to extend the ability of human pattern recognition
to uncover structure in multivariate data. Although the
computer can assimilate more data at any given time
than can the chemist, it is the chemist, in the end, who
must make the necessary decisions and judgements about
their data.

ABBREVIATIONS AND ACRONYMS

FCV Fuzzy Clustering Varieties

GC Gas Chromatographic

GC/PR Gas Chromatographic and Pattern
Recognition

HPLC High-performance Liquid
Chromatography

KI Kovats Retention Index

KNN k-Nearest Neighbor

PCA Principal Component Analysis

SIMCA Soft Independent Modeling by Class
Analogy

USAF United States Air Force
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