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Inductive Logic Programming (ILP) is an approach to learning from exam-
ples. One specifies learning examples in terms of attributes (continuous or
discrete) and the result of learning are rules in human-readable form. We
have implemented ALF - an ILP system designed to learn from sequential
data. ALF is an extension of the well-known learning program C4.5 [1] which
produces rules in the form of decision trees. The main advantage of ALF is
its flexibility and the ability to efficiently handle large quantities of data (in
the order of 100.000 learning examples and 1000 attributes). Flexibility al-
lows the user to easily extend the set of attributes (e.g., by extending the
window size), introduce new attributes (e.g., hydrophobicity, polarity, size
of residues), or even use previously learned rules as new attributes. The
main difference to the neural network or nearest neighbour learning is that
the result of learning are explicit rules. A possible disadvantage is that in
the rules, only a relevant, non-redundant subset of attributes is used and
therefore redundant information cannot be sufficiently exploited.

While ALF is a general purpose system for learning from sequential data, we
have applied it to the protein secondary structure prediction problem. We
have taken a subset of the PDB as specified by the June 1998 release of PDB-
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select ([2], 25% sequence identity threshold) for which DSSP [3] assigned sec-
ondary structure without errors. The subset comprises 887 sequence unique
protein chains with 189.718 residues. For all the residues we first obtained
the PHD server [4, 5] secondary structure assignments with reliability index
R (0-9). We formed attributes with values of PHD predictions for H if R >
3, Lif R > 4, Eif R > 5, and unassigned otherwise. We took the window
size of + 6 residues, and additionally formed new attributes in terms of the
distance to the nearest H, L, or E residue. In order to prevent overfitting the
data, the reduced-error pruning [1] with confidence level CF = 1% was used
for learning the rules. 7-fold cross validation on the set of 887 chains yielded
accuracy Q3 = 72.1 £+ 9.7% and segment overlap SOV [Zemla & Venclovas]
= 67 + 14%. Incremental learning from the whole dataset was then used to
submit predictions for the CASP3 targets.
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