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Research has shown that computational techniques 
such as neural networks often provide classification 
abilities that are more accurate than methods which 
rely on explicit knowledge acquisition alone (Ben- 
David & Mandel 1995). On the other hand, because 
no “reason” for a particular classification can be given 
when a computational technique has been used, hu- 
man experts tend to be skeptical of such systems. As 
a result, many researchers have developed tools, called 
hybrid systems, which combine the pattern recognition 
capabilities and parallel processing of neural systems 
while retaining the domain knowledge encoded in ex- 
pert systems (Medsker 1994). 

Because the widely known “knowledge acquisition 
bottleneck” makes explicit knowledge acquisition tools 
(such as expert systems) expensive to create, Kunci- 
cky, Hruska and Lather (Kuncicky, Hruska, & Lather 
1992) have developed expert networks, which eliminate 
the need for the expert to associate a certainty factor 
with each rule. Instead, the expert system rules, ac- 
quired from the human expert, are translated into the 
topology of a computational network, called an expert 
network. The individual nodes in an expert network 
are not all identical but instead have functionalities 
that match the part of the knowledge base which they 
encode. For example, a node which encodes an AND 
between two pieces of knowledge in the knowledge base 
might take the minimum of its inputs and if that min- 
imum is above a certain threshold, outputs that min- 
imum (Lather & Nguyen 1994). The certainty fac- 
tors correspond to the trainable weights between the 
nodes. Example data are presented to the network 
and the weights are learned via a backpropagation-like 
algorithm (Lather, Hruska, & Kuncicky 1992). The 
topologies and learning algorithms developed for ex- 
pert networks thus far have been strictly feed-forward. 

Some classification tasks, however, will be difficult to 
complete using a strictly feed-forward architecture. In 
particular, the solution to many problems requires that 
“state” information be maintained. State information 
is the context in which the problem is currently being 
solved. The context of a problem solution will change 
as the solution proceeds. Certain sets of rules need 
only be considered in certain contexts. For example, if 
the problem is to read email, the state must include 
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information about whether the computer is on or 
off. The rules to turn on the computer will only be 
considered if the state tells us that the computer is off. 

Such state information will be difficult to manage 
using feed-forward architectures. In fact, in standard 
artificial neural networks, such state information is 
handled by the addition of recurrent connections in 
the topology of the network (Hertz, Krogh, & Palmer 
1991). The recurrent connections allow the context 
information to be input to the network at succeeding 
steps. Therefore, I will extend the notion of expert 
networks so that they will be able to maintain state in- 
formation via recurrent connections while at the same 
time encoding previously discovered expert knowledge. 

The problem domain to which I will apply this tech- 
nology is the protein folding problem. In this prob- 
lem, state information about secondary structure pre- 
dictions for amino acids earlier in the protein’s primary 
sequence will play an important role in the secondary 
structure prediction for the current amino acid. 
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