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Fuzzy pattern recognition techniques were used to analyze the gas chromatograms of
hexane soaks obtained from red carpenter ants. The soaks were found to convey informa-
tion about the caste and social experience of the ants. In this study a new mapping and
display technique, which depends upon high-resolution computer graphics for the presen-
tation of results, was used to develop these relationships. © 1990 Academic Press, Inc.

INTRODUCTION

Profiling of complex biological materials with high-performance chromato-
graphic methods has been an active area of research over the past 15 years (I-10).
The object of profile analysis is to correlate a characteristic fingerprint pattern in
a chromatogram with a specific property of a sample. Chromatographic finger-
printing experiments often yield chemical profiles containing hundreds of constit-
uents; objective analysis of the profiles depends upon the use of multivariate
statistical methods. However, there has been little research focusing on the de-
velopment of new methods to handle data generated in such experiments, as
evidenced by the few papers on this subject that have appeared in the chemical
literature in recent years (11-15).

Recently, our laboratories applied a new pattern recognition technique to the
analysis of chromatographic profile data, FCV-false color data imaging (16, 17).
This mapping and display technique utilizes high-resolution computer graphics for
the presentation of results. The technique provides information to a scientist
about trends present in multivariate data by transforming the data matrix into a
picture which shows the relationship(s) between samples and their meastirements
in the data set.

This paper describes a study recently completed in our laboratories dealing with
the cuticular chemistry of Camponotus floridanus. The goals of the study were
twofold: (i) to assess the utility of FCV-false color data imaging for studying
complex chromatographic data sets, and (i) to identify fingerprint patterns in the
chromatograms which are characteristic of the caste and social experience of the
red carpenter ants. In this study capillary column gas chromatography was used
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to analyze soaks obtained from 59 red carpenter ants. The GC traces of the soaks
were then analyzed using FCV-false color data imaging and fuzzy pattern recog-
nition techniques (i.e., the FCV clustering algorithm). The analytical methodology
employed in this study with particular emphasis on the pattern recognition tech-
niques which were used to solve this rather interesting classification problem is
the focus of this report.

EXPERIMENTAL

Each ant was soaked in 150 ul of high-performance liquid chromatographic
grade hexane for 3 h. The soaks from each ant were concentrated to about 20 pl
under a stream of nitrogen. A Varian 3700 gas chromatograph equipped with a
flame ionization detector was used to analyze the soaks. A representative gas
chromatographic trace of the extract obtained from a forager is shown in Fig. 1.
The chromatographic experiments were performed with a 30-m DB-1 fused silica
capillary column, which was temperature programmed from 50 to 285°C at 5°C per
minute. Further details regarding the collection of the gas chromatographic data
can be found elsewhere (18).

Soaks were obtained from 59 red carpenter ants (see Table 1) which were
procured from a single laboratory colony maintained in the USDA-ARS Fire Ant
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FiG. 1. A representative gas chromatographic trace of a forager. The 15 peaks used in the pattern
recognition analysis are shown.
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Project Laboratory in Gainesville, Florida. The ants were housed in petri dishes
and were fed regularly with honey-water (1:1) and immature insects. Four differ-
ent worker categories were represented in the data set: (i) foragers, (ii) nurses, (iii)
normal callow workers, and (iv) naive callow workers (Table 1). Callows were
removed from each colony as they emerged from their cocoon and were main-
tained in separate petri dishes with nurses (normal callows) or without nurses
(naive callows).

DATA PREPROCESSING

Each chromatogram was initially represented by a data vector X = (x,, x5, X3,
Xgpoonn s Xjyoonnn x,,), where component x; is the area of the jth peak. In this
study each chromatogram was normalized to constant sum using the area of all 40
GC peaks. Therefore, each peak was expressed as percentage of total area to
indicate the relative concentration of the hydrocarbons. Of the 40 peaks compris-
ing each chromatogram, only 15 were considered for pattern recognition analysis
(see Fig. 1). The 15 peaks possessed a common set of attributes: (i) each peak had
an area representing more than 1% of the total; (ii) each peak had a reliable area
count; and (iii) each peak was well resolved and readily identifiable in all of the
chromatograms so peak matching was not a problem. The feature selection pro-
cess was made on the basis of objective criteria, not class information. The prob-
ability of exploiting random variation in the data was, therefore, minimized.

Of the 59 samples, 51 make up a training set. There were 15 foragers, 11 normal
callows, 10 naive callows, and 15 nurses. The prediction set consisted of 8 ant
samples (six foragers, and two naive callows). Members of the prediction set were
chosen by random lot.

PATTERN RECOGNITION ANALYSIS

In this study FCV-false color data imaging was used to seek relationships
between the GC profiles of the ants and the biological variables: caste and social
experience. This technique utilizes false color data imaging (/9) and the FCV
clustering algorithm (20-22). In a false color data imaging experiment, each data
vector is projected onto a three-dimensional coordinate system. Each of the three
axes is assigned a primary color, i.e., red, yellow, or blue. A given data point can
then be assigned a color which is a combination of the three primary colors. The
intensity of each primary color is inversely scaled according to the distance of the

TABLE 1
The Camponotus floridanus Data Set
Number of
Worker’s category samples
Nurses 15
Foragers 21
Normal callows 11
Naive callows 12

Total 59
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data point from the particular color axis in question. Thus, data projected onto a
line equidistant from all three coordinate axes would be assigned a color com-
posed of equal intensities of the three primary colors, i.e., some shade of white.

The FCV clustering algorithm attempts to fit each of the vy classes in the data set
to a principal component model. An interesting feature of the FCV clustering
algorithm is that each data vector in the training set is assumed to contribute to the
modeling of each of the classes within the data. The actual algorithm consists of
simultaneously solving the following set of equations:

uk = 1/ 2, (Di/Dy)em=D (1)
j=1

vi= O () xd )" | @)
k=1

Si= O (s — vk — v 3)
k=1

r 1n
Dy =||xi—vi|*- E (xi — vyi,dy C))
j=1

The membership value of sample k with respecttoclassi(i = 1,2,3, .. ) is uy,
and these values are subject to the condition 0 < u; < 1 and Zuy = 1. Dy is the
distance of sample k from cluster center i, v; is the center of cluster i (i.e., class
i), d;; is a unit eigenvector corresponding to the jth largest eigenvalue of the fuzzy
within cluster scatter matrix S;, m is a fixed weighting exponent which is usually
assigned a value of 2, and r defines the shape of the cluster (r = 0 for round
clusters, r = 1 for linear varieties, and so forth.)

To obtain an approximate solution to this set of four equations, the user must
supply the starting cluster centers. The class membership values, the within clus-
ter scatter matrix for each cluster, and the distance of each sample from each
cluster are computed in rapid succession. New cluster centers are then computed
for the samples in the final step of the first iteration. The algorithm uses these new
cluster centers as the starting point for a second iteration through the same set of
four equations. This process continues until convergence is achieved. The number
of iterations required to achieve convergence depends upon the minimum pre-
specified change criterion for the class membership value.

The first step in a false color data imaging experiment is to project the original
data (for our study points in a 15-dimensional space) onto a suitable 3-dimensional
subspace. We used the first three principal components (23) of the data to define
the subspace. Since this can be easily accomplished with microcomputer graphics
for even large data sets, it is a reasonable first step in any analysis.

However, there is a problem associated with principal component maps. The
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spatial relationships between individual data points and between groups of data
points in the original measurement space are often distorted in the projective
process. It is at this point that false color data imaging departs substantially from
other graphical display techniques. We will take advantage of the membership
coefficients generated by the FCV clustering algorithm to restore much of the
missing spatial information through the use of color, a crucially important infor-
mation dimension. Using the FCV clustering algorithm, the data will be fitted to
a user-specified number of principal component models. Each model which rep-
resents a different cluster of points will then be assigned a different basic color:
yellow, red, blue, and so forth. A given data point will then be displayed as a
combination of these colors, with the amount of any one color determined by the
sample’s membership value for that particular class. Interpretation of the resulting
color images will provide valuable insight into the data structure. For example,
two projected data points do not lie close to one another in the high dimensional
space (and hence are not similar) unless they are displayed in nearly the same
color. A single cluster of data points in the three-dimensional principal component
space, which is made up of two different basic colors, will be interpreted as two
distinct clusters whose true multidimensional separation has been lost through
projection. A solid group of data appearing in a nonbasic color suggests the
presence of an unsuspected class, and so forth. .

RESULTS AND DISCUSSION

The starting centers for each FCV-false color data imaging experiment were
determined by the single linkage hierarchical clustering method (24). In these
imaging experiments, r was set equal to zero, m was set equal to 2, and the
minimum prespecified change criterion for the class membership value was set at
0.005. The value ¢ was varied from 2 to 6. (For GC profile data, we have learned
from previous studies that r should usually be set equal to zero.) When ¢ was set
equal to 4 (see Fig. 2), an interesting result was obtained. Foragers, represented
by the yellow triangles and yellow squares, are well separated from the nurses.
They are represented by the 13 orange triangles and two of the white triangles.
Normal callows, represented by 11 of the 15 white triangles, lie in the same region
of the principal component map as most of the naive callows which are repre-
sented by blue triangles. (The other two naive callows are represented by white
triangles in the principal component map.) Because the points in this region of the

. map are made up of two different colors, they actually represent two distinct data

clusters (which are predominantly comprised of normal callow and naive callow
samples) whose true multidimensional separation has been lost through projec-
tion. Evidently, much of the information which is lost when the points are pro-
Jjected onto a lower dimensional subspace can be restored through the use of
color.

The FCV clustering algorithm was then used to develop a principal component
model for each cluster. For this clustering experiment, again, ¢ was set at 4, r was
set at 0, and m was set at 2. The starting centers for the experiment were a normal
callow, a naive callow, a nurse, and a forager. (Each of these samples was dis-
played as a different color in the principal component map.) The algorithm con-
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Fic. 2. A false color data image print of the 51 samples which comprised the training set.

verged after 20 iterations. The foragers had a large class membership value
(greater than 0.60) for cluster one. None of the other samples had a large class
membership value for that cluster. All of the normal callows had a large class
membership value for cluster two. Only four other samples (two nurses and two
naive callows) had a large membership value for cluster two. Eight of the ten naive
callows had a large membership value for cluster three, and 13 of the 15 nurses
had a large membership value for cluster four. When the ant samples were as-
signed to the cluster where they had the highest class membership value, it was
apparent the data could be partitioned into different classes based on the ant’s
caste and social experience. These results are summarized in Table 2.

The principal component models developed in this experiment were validated
using the samples from the prediction set. The class membership value for each

TABLE 2
Training Set Results
Number of Maximum membership
samples Worker’s category cluster
15 Foragers 1
11 Normal callows 2
2 Nurses 2
2 Naive callows 2
8 Naive callows 3
13 Nurses 4
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prediction set sample was computed for each principal component model. The
sample was then assigned to the cluster where it had the highest class membership
value. A classification success rate of 100% was achieved for the prediction set
(i.e., the six foragers were assigned to cluster one, and the two naive callows were
assigned to cluster three). Evidently, the caste and social experience of red car-
penter ants can be directly correlated to specific fingerprint patterns ir the chro-
matograms.

The results of this study also demonstrate that FCV-false color data imaging is
an important tool for uncovering obscure relationships which are often present in
multivariate data sets. By visually examining a three-dimensional map which
adequately represents the distribution of the data points in the high-dimensional
measurement space, it will be possible for a scientist to assess the structural
characteristics of a set of data by organizing the data into subgroups, clusters, or
hierarchies. Furthermore, we wish to note that principal component analysis and
the FCV clustering algorithm are able to handle data sets which have a low object
to descriptor ratio. Therefore, FCV-false color data imaging will also be able to
handle data sets which have a low object to descriptor ratio. This means FCV-
false color data imaging will be especially attractive for tackling data sets gener-
ated in chemical profiling studies.
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