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Abstract—The pattern recognition literature is replete with the use
of principal component analysis in the interpretation and analysis of
data. However, in the specific case of classification, especially of
biomedical patterns, this pre-processing method, which transforms
possibly correlated features into a new set of uncorrelated variables,
must be used with caution since a principal component, which may
account for significant variance in the data, is not necessarily
discriminatory. To compensate for this deficiency, we present a novel
classification method using an adaptive network of fuzzy logic
connectives to select the most discriminatory principal components.
We empirically demonstrate the effectiveness of this method using a
benchmark combination of a conventional classifier and principal
component analysis.
Keywords— fuzzy logic network; principal component analysis;
biomedical data; pattern classification.

1 Introduction
Today’s biomedical instrumentation provides the acquisition
of complex data rich in information content; however, its
analysis and interpretation is often difficult and requires the
latest pattern analysis methodologies [1,2,3]. This is
particularly true for the domain of biomedical pattern
classification, the prediction by a classifier of the class (for
example, normal or abnormal) to which a pattern (for
instance, an infrared spectrum of a biofluid) belongs. This
prediction is validated against a gold standard, an external
reference test such as a pathologist’s expert assessment of
the same biofluid. Although many classifier methods exist
[4,5,6], the most successful approaches combine them with
well designed pre-processing techniques, which simplify, in
some sense, the feature space prior to presentation to a
classifier, and a sound validation protocol to ensure realistic
and clinically useful results.
A standard approach to biomedical pattern classification is
to use simple linear classifiers coupled with pre-processing
transformations that create new features (coordinates,
parameters) ordered by the cumulative variance of the
original features. A common pairing is linear discriminant
analysis coupled with principal component analysis. The
ordering allows for the reduction of the feature space by
using only the first few components that account for the bulk
of the data variance. While this combination is often
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successful when used in the classification of patterns, its
success lies more in the feature reduction aspect rather than
the exploitation of the data variance. This is because the
feature variance is not concomitant with the discriminatory
power of individual features.
We present a new classification method that uses an
adaptive network of fuzzy logic connectives that operate on
the entire set of principal components. This method exploits
the discriminatory power of any principal component
regardless of the amount of variance for which it accounts.
We empirically demonstrate that this method produces
superior classification performance compared to a
benchmark using the conventional approach of linear
discriminant analysis operating on the first few principal
components of the original feature space. Section 2 presents
a general discussion on classification including classifier
validation, principal component analysis, linear discriminant
analysis, and a recent fuzzy adaptive logic network on which
the current method is based. Details of our novel approach
are presented in Section 3. The synthetic and biomedical
datasets, experiment design, and results are discussed in
Section 4 followed by some concluding remarks and areas of
future investigations.

2 Pattern classification
2.1 Classifier Validation
We begin by defining formal pattern classification notation:
N is the number of patterns (samples, vectors, individuals, or
cases); n is the number of features (dimensions, attributes,
coordinates, or measurements); c is the number of classes
(groups); and X={(xk,k), k=1,2,…,N} is a set of N labeled
patterns where xkn and k={1,2,…,c}. A classifier is
a system that determines a mapping g:X. If a classifier
predicts that the class label for pattern xi is p then: a correct
classification occurs if p=i; otherwise it is considered a
misclassification.
Many investigations involving data classification are biased
as they use the entire dataset to determine the mapping. This
approach leads to unrealistic classification results that do not
take into account the possibility of overfitting, wherein the
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mapping becomes a simple table lookup, between the
patterns and class labels (that is, it possesses no generalized
predictive power for new patterns). To compensate for this
bias, it is essential to perform some type of validation. For
instance, patterns in X may be randomly allocated to a
design subset, XD containing ND patterns, or a validation
subset, XV containing NV patterns (ND+NV=N). Now, a
mapping is determined using only design patterns,
g´:XD, but the classification performance is measured
using g´with the validation patterns.
Performance of a classification system is measured using the
cuc confusion matrix, C, of the desired class labels (as
determined by an external reference test or “gold standard”)
versus the predicted class labels (as generated by the
classifier). If the class prediction for xi is p then element
[p,i] of C is incremented by one. The conventional
performance measure is the ratio of correctly classified
patterns to the total number of patterns, PO=(inii)/NV (i=1,
2,…, c), where nij is the number of class i validation patterns
that are predicted to belong to class j.
A significant problem with PO occurs when there is a large
disparity between class sizes. For instance, if a validation set
has many more patterns in one class than another, the
classification accuracy relating to the former will outweigh
any effects from the latter. For instance, a high value for PO
may occur due to few misclassifications with the larger class
even though many misclassifications occur with the smaller
class. This is especially problematic for biomedical patterns
where it is relatively easy to acquire patterns from “normal”
samples (tissues, biofluids, and so on) but clinically difficult
to obtain “abnormal” samples. As a result, it is often better
to forgo the use of PO for these types of datasets and use the
class-wise average accuracy, PA
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Figure 1: Principal components, Y1 and Y2, for some
bivariate data.
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The constraint on the coefficients is necessary; otherwise the
variance of Y1 can be increased simply by increasing the
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2.2 Principal Component Analysis
The motivation behind principal component analysis, first
described by Pearson [7] (with a practical computing method
described by Hotelling [8]), is to find a set of directions
(coordinates) that explain as much of the variability of the
original data as possible. In other words, the principal
components are a new set of orthogonal linear coordinates
such that the variances of the original features with respect
to these derived coordinates are in decreasing orders of
magnitude [9]. As a result, each principal component is
uncorrelated with all other principal components (in a
normal distribution, they are statistically independent).
Moreover, it can be shown [10] that no other set of m
coordinates can account for more of the variability in the
original data than the first m principal components.
The first principal component, Y1, of the original features x1,
x2, …, xn, is the linear combination

Y1

value of any coefficient. The second principal component,
Y2, would be computed in a similar fashion to (1). Fig. 1 is a
plot of some bivariate data and their two principal
components. It is clear from this figure that an additional
constraint, orthogonality to the first principal component, is
required to compute the second principal component,
otherwise it would simply be driven to the first principal
component. Orthogonality is ensured by restricting the
variables of the second principal component to those that are
uncorrelated with the first principal component. As a result
of this orthogonality constraint, if there are n features then
there can be up to n principal components [11]. In fact, if the
original features are completely uncorrelated, then all n
principal components must be used to take into account the
variance in the original features. In this case, principal
component analysis serves little purpose, with respect to
pattern classification, since the motivation behind the
technique is to reduce the dimensionality of the original
input (feature) space. However, in “real-world” highdimensional biomedical patterns, the converse is usually
true; features are highly correlated and hence only 1m<<n
principal components are required to account for all (or
nearly all) of the variation.

Determining the principal components is a straightforward
process involving the computation of the eigensystem of the
original data’s covariance matrix, V, whose element vlm is
the sample covariance between features xl and xm

vlm

1
¦ xil  Pl
N 1 N

xim  P m

(3)
where j is the mean for feature xj (cf. [12] for a derivation
of the proof). The variances of the principal components are
the eigenvalues of V, 1 2…n0 (the covariance matrix
is quadratic and hence admits no negative eigenvalues). The
variance of a principal component, Yi, is i and its constants
ai1, ai2, …, ain are the elements of the corresponding
eigenvector.
A standard strategy employed in biomedical pattern
classification is to take the first m principal components
whose cumulative variance exceeds some pre-defined
threshold. This reduction is often significant (m<<n): for
instance in some high-dimensional infrared spectra more
than 80% of the cumulative variance may be accounted for
by only the first one or two principal components [13].
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While this pre-processing strategy may be effective, it must
be noted that the components are ordered by maximal
variance. Unfortunately, this does not necessarily translate
into maximal discriminatory power [14]. For instance, if the
method used to acquire values for a particular feature is
extremely prone to measurement error, then this feature will
have a high variance. Now, assuming this variance is greater
than other features, the first principal component will be
approximately equal to this suspect feature, and hence, this
principal component will be useless in discriminating
between classes. Conversely, a highly discriminatory feature
may have an extremely small variance and hence will not
contribute to the first few principal components. In
summary, maximal discriminatory power is not equivalent to
maximal variance.
2.3 Linear Discriminant Analysis
Linear discriminant analysis (LDA) [15] is a standard
pattern classification strategy that determines linear
boundaries between c classes while taking into account
between-class and within-class variances. If the error
distributions for the classes are the same (identical
covariance matrices), LDA constructs the optimal linear
boundary between the classes. In real-world situations, this
optimality is seldom achieved since different classes
typically give rise to different distributions.
LDA assigns a pattern, x, to class i for which the probability
distribution, pi(x), is greatest. That is, x is allocated to class
i, if qipi(x)qjpj(x) (j=1,2,…,c [j i]), where qi is the class’
prior (or proportional) probability. The discriminant function
for class i is

Di ( x )

log qi  P iTW 1 x  12 P i

(4)

where i is the mean for class i and W is the covariance
matrix of the patterns in X. The feature space hyperplane
separating class i from j is defined by Fij(x)=Di(x)–Dj(x)=0.
As a classification system, LDA is often used with the first
m principal components of a dataset rather than the original
features. This combination will serve as the classification
benchmark against which our novel pattern classification
method will be evaluated.
2.4 Fuzzy Adaptive Logic Network
Our novel approach is partly based upon a modification to
the fuzzy adaptive logic network (cf. [16] for a thorough
description). This network, which can be used for pattern
classification, combines two different subsystems within a
general architecture. A neurocomputing subsystem uses a set
of perceptrons to construct class boundaries. Through a set
of weights and respective inputs, a perceptron is defined as
P(x,w)=f(iwixi+w0) (f is a sigmoidal transfer function)
describing an n-dimensional hyperplane. This geometric
information is presented to the logic processing subsystem
composed of a layer of fuzzy conjunctions (“and” elements)
and disjunctions (“or” elements). The intent is to use these
fuzzy logic connectives to combine the hyperplanes from the
neurocomputing subsystem to form convex hull-like
topologies. For instance, a convex region delineated by p
perceptrons may be represented by the compound logic
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predicate, Q = P1(x,w1) and P2(x,w2) and … and Pp(x,wp),
which produces values close to one (in other words,
approaching the crisp notion of true) when all contributing
predicates are true (that is, the respective perceptrons
produce high outputs).
To capture the geometric notion of disjoint regions one may
take a union (in the fuzzy set theoretic sense) of the
individual regions described by the Q’s, R = Q1 or Q2 or …
or Qq. To implement these fuzzy predicates, one uses tnorms to model the and logic connectives and s-norms to
model the or logic connectives. A t-norm, , is a function
[0,1]2[0,1] that is commutative, symmetric, monotonic,
and satisfies the boundary conditions xt0=0 and xt1=x, while
the boundary conditions for the s-norm, , are xs0=x and
xs1=1. The fuzzy or and and connectives may now be
defined as

OR x; w

i wi  xi

AND x; w

 i wi  xi

(5)
where x are the inputs and w are the corresponding
adjustable weights (connections) confined to the unit
interval. In the case of OR(x;w), the greater the weight value
the more relevant the respective input (if all weights are 1, it
becomes a standard or gate). In the case of AND(x;w), the
greater the weight value the less relevant the respective input
(if all weights are 0, it becomes a standard and gate). If we
restrict ourselves to differentiable t- and s-norms, a gradient
descent strategy can be used to train a fuzzy adaptive logic
network (cf. [16] for details).

3 Fuzzy logic classification network using
principal components
Building upon the concepts described in Section 2, we now
describe a novel pattern classification algorithm, COAP
(Classification using a fuzzy Or/And network with Principal
components), a component of which extends the fuzzy logic
network architecture developed by the authors [17]. There
are three major steps to the COAP algorithm: (i) apply
principal component analysis on the original features to find
all n principal components; (ii) Use a genetic algorithm to
determine the optimal weights for the fuzzy logic network
given the principal component values found in (i); (iii) use
the patterns from the validation subset to assess the
classification performance using the selected feature regions
and principal component values. Fig. 2 illustrates the
architecture of the COAP system.
Let us now look at each algorithmic step in more detail.
After applying principal component analysis to the feature
space, we replace pattern, xi=[x1,x2,…,xn], with its respective
principal component values, yi=[Y1(xi),Y2(xi),…,Yn(xi)].
These principal component values for all design set patterns
are subsequently presented to the fuzzy logic network
component.
COAP’s fuzzy logic network uses the product (x1ux2) and
probabilistic sum (x1+x2–x1ux2) for the t- and s-norms,
respectively, with p (user selected) AND connectives and c
OR connectives. There are two issues with this network that
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do not exist with the fuzzy adaptive logic network described
in Section 2.4. First, while output from a perceptron maps
onto the unit interval (due to the sigmoidal nature of its
transfer function), which is necessary for input into a fuzzy
logic AND connective, principal component values map onto
. This can be dealt with by rescaling the principal
component values prior to presentation to the fuzzy logic
network ((x–min)y(max–min), where min and max are the
respective minimum and maximum for all principal
component values).
The second, more serious, issue is that a gradient descent
strategy cannot be used to minimize the fuzzy logic network
error (optimize the weights) since the weight adjustments are
now based on sets of principal components rather than
differentiable perceptron output. We deal with this issue by
using a straightforward implementation of a genetic
algorithm [18,19,20] to perform the structural optimization
of the network. While much slower than gradient descent,
this solution still provides adequate computational
performance. In this study, we implemented a conventional
genetic algorithm as described in [21], but other more
sophisticated genetic algorithm variants could certainly be
explored.
As mentioned in Section 2.1, ={1,2,…,c}; however, it is
often beneficial [13] to use 1-of-c encoding for the class
labels for iterative classifiers such as artificial neural
networks or fuzzy logic networks, namely, ={ 1, 2,…, c}
where, for xi, i=1 and j=0 (i j). Instead of using one
output element to represent all c classes, we use c output
elements.
Finally, all performance results using PA are based on the
class predictions of COAP using the biomedical patterns
from the validation subset. That is, the principal component
values are obtained for the validation patterns and presented
to the fuzzy logic network component. Subsequently, the
predictions are compared against the desired class labels (if
the output element with the maximum value corresponds to
the desired label’s non-zero component then we have a
successful classification, otherwise it is a misclassification).
Original Features
xiXD

x2

…

xn

Y1

Y2

…

Yn

Fuzzy AND Layer
GA Optimized

AND1

AND2

…

ANDp

Fuzzy OR Layer
GA Optimized

OR1

OR2

…

ORc

1

2

…

Figure 2: General architecture of COAP with the GA
(genetic algorithm) optimized fuzzy logic network.
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4.1 Synthetic Datasets
We begin our experiments with the “exclusive or” dataset
(n=2, c=2, N=4): patterns {{0,0},{1,1}} and {{0,1},{1,0}};
and respective principal component values of {{0,0},{1,–
1}} and {{1,0},{0,–1}}. Intuitively, one expects that LDA
would perform poorly in this case as no hyperplane can act
as a class boundary to perfectly separate the patterns. Using
LDA with the principal components, this is actually the case
with PA=0.5 (one misclassification for each class). [As this is
a strictly pedagogical experiment, we skip validation.]
Setting the initial genetic algorithm population to 50, the
number of iterations to 5, and the number of AND
connectives to 2, we now get perfect accuracy, PA=1.0. The
weights for the two AND connectives are {0.95,0.05} and
{0.0,1.0}. The weights for the two OR connectives are
{0.53,0.05} and {0.07,0.35}.
This next dataset is a variant of the exclusive or dataset
described above (n=10, c=2, N=400, x[0,1]n). A pattern
belongs to the first class, if all of its features are identical;
otherwise it belongs to the second class. Fig. 3 is a plot of
the first two features of this dataset. The initial genetic
algorithm population is 100, the number of iterations is 5,
and the number of AND connectives is 10. In this case, LDA
with principal components also performed poorly, PA=0.5,
while COAP produced a higher classification accuracy,
PA=0.81.
1.0

0.8

0.6

0.4

0.2

0.2

x1

Principal Components
xiyi

Class Prediction
max( )

4 Experiments and discussion

c

0.4

0.6

0.8

1.0

Figure 3: Plot of, x1 and x2, for the second synthetic dataset.
4.2 Biomedical Dataset
We used a biomedical dataset from the Machine Learning
Repository at the University of California, Irvine [22]. This
archive is used to evaluate machine learning algorithms.
This dataset [23,24] comprises voice measurements acquired
from two classes of subjects: those with Parkinson’s disease
(abnormal); and those without (normal). There are N=195
patterns from one of two classes: Na=48 abnormal patterns;
Nn=147 normal patterns. The n=22 features include: the
maximum, minimum, and average fundamental vocal
frequency (3 features); several measures of variation in
fundamental frequency (5 features); several measures of
variation in amplitude (6 features); measures of the ratio of
noise to tonal components in the voice (2 features);
nonlinear dynamical complexity measures (2 features); a
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signal fractal scaling exponent (1 feature); and nonlinear
measures of fundamental frequency variation (3 features).
For this dataset, the following COAP parameters were used:
p=7 (the number of AND connectives); crossover rate, 0.07;
mutation rate, 0.005; size of genetic algorithm population,
200; and 20 iterations of the genetic algorithm. The patterns
were randomly assigned to either a design subset (ND=64
with 32 normal patterns and 32 abnormal patterns) or a
validation subset (NV=131 with 115 normal patterns and 16
abnormal patterns). Finally, given the class size disparity
between the abnormal and normal patterns within the
validation set, PA was used to assess classification accuracy.
Table 1 lists the confusion matrices for COAP for the design
patterns and validation patterns. For the design patterns,
PA=0.91, while PA=0.85 for the validation patterns. While
only 70% of the normal validation patterns were correctly
classified, all abnormal validation patterns were correctly
classified. Table 2 lists the confusion matrices for LDA
using all n principal components. In the case of this
benchmark, PA=0.94 for the design patterns and PA=0.70 for
the validation patterns. The disparity between the design and
validation results is a classic sign of potential overfitting.
While 75% of the abnormal validation patterns were
correctly classified, only 65% of the normal patterns were
correctly classified.
Table 1: COAP confusion matrices for XD and XV.
Desired vs
Predicted
Abnormal
Normal

Design Set (PA=0.91)
Abnormal
Normal
29
3
3
29

Validation Set (PA=0.85)
Abnormal
Normal
16
0
35
80

Table 2: Benchmark confusion matrices for XD and XV.
Desired vs
Predicted
Abnormal
Normal

Design Set (PA=0.94)
Abnormal
Normal
31
1
3
29

Validation Set (PA=0.70)
Abnormal
Normal
12
4
40
75

Table 3 lists the confusion matrices (desired versus predicted
class labels) using successive combinations of principal
component in turn (ordered by variance) for both the design
and validation sets. Note that: PA is listed for the design set
followed by the validation set;  i refers to the cumulative
variance of the first principal components used to produce
the corresponding results; and the last entry is the same as
that described in Table 2. The best result, PA=0.781,
occurred when using the first 13 principal components. It is
clear with this dataset that feature variance is not well
correlated with discriminatory features (for example, the
first three principal components, which account for 0.998 of
the cumulative variance, produce a low accuracy score,
PA=0.60).
Fig. 3 summarizes these results by plotting the COAP
validation result against the validation results using all
successive combinations of principal components. It should
also be noted that the last few entries in Table 3 clearly
demonstrate a problem with overfitting with a disparity of
approximately 0.24 between the design and validation
results.

ISBN: 978-989-95079-6-8

Table 3: Results using successive principal components.
D vs P
XD
XV
1i=0.729
PA=0.77/0.63
2i=0.947
PA=0.69/0.61
3i=0.998
PA=0.70/0.60
4i=1.000
PA=0.73/0.62
5i=1.000
PA=0.83/0.69
6i=1.000
PA=0.83/0.69
7i=1.000
PA=0.84/0.69
8i=1.000
PA=0.83/0.72
9i=1.000
PA=0.81/0.70
10i=1.000
PA=0.81/0.74
11i=1.000
PA=0.92/0.74
12i=1.000
PA=0.92/0.75
13=1.000
PA=0.92/0.78
14=1.000
PA=0.92/0.78
15i=1.000
PA=0.92/0.78
16i=1.000
PA=0.94/0.71
17i=1.000
PA=0.95/0.76
18i=1.000
PA=0.94/0.70
19i=1.000
PA=0.94/0.70
20i=1.000
PA=0.94/0.70
21i=1.000
PA=0.94/0.70
22i=1.000
PA=0.94/0.70

A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N
A
N

A
24
7
22
10
23
10
22
7
28
7
28
7
28
7
28
7
27
7
27
7
29
2
29
2
30
3
30
3
30
3
32
4
32
3
31
3
31
3
31
3
31
3
31
3

N
8
25
10
22
9
22
10
25
4
25
4
25
4
25
4
25
5
25
5
25
3
30
3
30
2
29
2
29
2
29
0
28
0
29
1
29
1
29
1
29
1
29
1
29

A
8
27
7
25
7
27
9
36
10
29
10
29
10
29
11
32
11
32
12
32
13
38
13
37
14
36
14
37
14
37
12
39
14
41
12
40
12
40
12
40
12
40
12
40

N
8
88
9
90
9
88
7
79
6
86
6
86
6
86
5
83
5
83
4
83
3
77
3
78
2
79
2
78
2
78
4
76
2
74
4
75
4
75
4
75
4
75
4
75

0.9
0.8
PA
0.7
0.6
0.5
COAP
4
8
12
16
20
COAP versus Principal Components, Yi

Figure 3: Summary of validation set accuracies.
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Finally, after examination of the weights of the fuzzy logic
network, six principal components tended to significantly
contribute to the COAP training, Y1, Y4, Y5, Y10, Y12, and Y16.
This is further evidence that care must be taken when using
principal component analysis as one may overlook
discriminatory components simply because they account for
little feature variance (for example, the variance for Y10, Y12,
and Y16 is zero).

5 Conclusions
We have empirically demonstrated the effectiveness of a
novel classification method that uses an adaptive network of
fuzzy logic connectives to combine new features generated
using principal component analysis. Using a “real world”
biomedical dataset, COAP correctly classified significantly
more patterns from a validation set compared to the
benchmark.
While this novel classification method has demonstrated the
utility of merging fuzzy logic connectives with multivariate
statistical discrimination, the investigation has also led to the
identification of future areas of research to potentially
improve its overall effectiveness and computational
performance. First, rather than setting the number of fuzzy
and connectives by the user a priori, it would be worthwhile
to investigate a cascade approach to determining an optimal
number of and connections that would be completely datadriven. Second, alternative structural optimizations to the
fuzzy logic network need to be examined beginning with
more sophisticated evolutionary computational approaches
or exploiting recent advances in stochastic optimization
techniques. A final area of investigation is using more
sophisticated component analysis methods for feature preprocessing (non-linear and local principal component
methods, other kernel based approaches, and fuzzy set based
feature selection/extraction approaches).
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