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ABSTRACT
amount of evidenc€ upon which its results are based.
The PNN Technique is robust and fast.
It approaches the Bayesian optimality if the training set is
sufficiently large. The amount of computation required to
do a classification with the PNN is roughly proportional
to the size of the training set . Therefore, with larger
training sets, memory and storage requirements need to be
taken into consideration. This technique was applied to the

problem of protein secondary structure classification.
Effects of a number of variables was studied. The
conclusions of this study will be summarized in the paper
along with its comparison to the Fuzzy ARTmap
technique and the Chou-Fassman statistical technique.

or enors in the training set do not

Bayes theorem provides a method for optimal
classifications. Given enough information, it shows how
to classify a new example with the maximum probability
of success, better than any method. This is why it is often
used as a standard for comparisons. Probabilistic Neural

Networks (PNI.I) is a direct outgrowth of Bayesian
classifiers and has been successfully used to solve a
diverse group of classification problems. The PNN was
first developed by D.F. Specht t1l in L967, and
subsequently used by Specht et al, for vector-cardiogram
interpretation, radar-target identification, reentry body
discrimination, etc.

effect

classification accuracy easily. Therefore inputs similar to
those in the training set can be classified correctly within

limits.
Each of the protein files for training contains a
list of amino acids (primary structure) and its
corresponding classification (i.e, helix, sheet or coil, or its
secondary structure). Such lists are manipulated into
several sets of input patterns, that contain a window of a
fixed size of several contiguous amino acid residues. Since
there are20 naturallyoccurring amino acids, each of them
is coded as a 20-bit string with all but one bit turned on
(i.r. a '1'). Representing an amino acid by a sequential

number running from

INTRODUCTION

I to 20 could imply that the

numberingof amino acids is a quantitative measure, which
is not true. Hence, if the window size is eleven, there
would be 13 x 20 = 260 binary input elements per
window.
To determine the dependence of secondary
structure on the amino acid sequenoe, the windows were
made from the amino acid sequence by using a certain
number of residues before and after the amino acid under
consideration. Therefore to form a window of thirteen, six
amino acid residues before and six residues after would be
considered. Each input pattern is associated with an output
symbol labeling it a helix, sheet or coil. Two ways of
class i fying were experimented.
The center technique was first used by Sejnowski

THB PNN MBTHODOLOGY
PNN is more applicable to real world problems.

When compared with backpropagation,

Noise

it

trains
significantly faster, and addition of training data does not
require retraining of the entire network. It is guaranteed
to converge to a Bayesian classifier, compared to the
backpropagation technique which may terminate in a local
minimum. The output provided by PNN contains the

et. al[21. He felt that the central amino acid had a large
influence in structure classification of that window. In the

first method, Sejnowski's and l:pedes'[3] way of
classification is followed, by labeling the pattern with the
secondary structure that belon5 to the central amino acid.
Therefore if the pattern was a sequenoe of 13 amino acids,
and the seventh amino acid had been classified (protein
data from the Protein Data Bank) as an c-helix, then the
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though some proteins were predicted better than
the others, and a few had lower prediction than

entire window of amino acids would be labeled an c -helix.

For the sake of convenience, this technique will

be

referrei to as 'the center technique' (CT) of classification.
It also seen$ logical to assume that a helix would
be most likely to form in the sequence where most
residues were classified as helices. Hence this technique
of classification has been included in this study. tn this
method of classification, the secondary structure(c -helix,
B-sheet or coil) that formed a majority is used to classify
the entire pattern. It seems logical to assume that the
secondary structure that occurs most commonly in that
window or pattern would have the most dominating effect.
For example, for a window of 13 amino acids, if six were
classified as a-helices, three as B-sheet and four as coil
then that window would be classified as an a-helix. For
the sake of convenien@, this method of classification is
referred to as 'the majority technique' (MT).

Fuz.zy ARTrnap.

5.

From the above inference, and overall results, one
can also conclude that prediction is dependent on

the protein sample being tested. i.e. Some
proteins show consistently better prediction
results than othen (e.9. lppd is consistently
better than lpyp).

6.

Best setting for Sigma(o), the smoothing
constant is at 0.09. Changing sigrna in any
direction reduces the prediction accuracy by

7.

a

relatively small amount, up to a limit, after which
the network fails.
c-Helices and B-Sheet follow the same degree of
prediction as is characteristic of the protein.

This program is made up of seven subroutines
that do the complete task of converting the data into
binary form, then apply the windowing techniques of
specified sizes, train the network from a specified list of
data files of proteins, and then test the network using a
protein file of known secondary structure. The main
routine reads training data files and testing data files,
trains the network and generates a weights file that it
subsequently uses to test itself. The program ends after
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of proteins.
The PNN program predicted about 4-5Vo better
overall, compared to the Fuzzy ARTmap[SJ
technique for the same training and testing sets,
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