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1 Introduction

Proteins exhibit several types of structure. In particular, regions of certain proteins, which have no
definite tertiary structure, are known as Intrinsic Unstructured or disordered regions of Proteins (IUP).
The secondary structure is defined by local, repetitive spatial arrangements of amino acids, which falls
into three basic categories: helix, strand, and coil. IUP are associated with a wide range of protein
functions [1] and are correlated with secondary structure. Identification of 1UP regions can aid both
structure determination and sequence alignment, and is also useful for drug design and discovery [2].

2 Ensemble Methods

We developed a new algorithm to predict IUP and protein secondary structure by utilizing
Ensemble Methods, which are a diverse class of methods that seek to combine the decisions of several
classifiers in order to improve performance. Our hybrid predictor uses the following:

1. Consensus Networking — In this approach, the test instance is fed into several classifiers and a
majority vote of the classification decisions of these classifiers is taken. We combine the decisions
from our predictors [3] with other classifiers such as Support Vector Machine Tree [4], Supervised-
Unsupervised Tree [5] and Parallel Self-Organizing Neural Networks [4].

2. Bootstrap Aggregation (“Bagging”) — In this approach, the original data set is sampled (with
replacement) to form M “bags” of data, each equal in size to the original dataset; a classifier is
constructed based on each of the M bags. Then, given an instance to be classified, we feed it into each
of the M classifiers and take the majority vote of these classifiers to form the final classification
decision. There is a strong theoretical basis for “Bagging” in that it can be shown that under certain
conditions “Bagging” will reduce the variance component of the error [3].

3. Boosting — In this approach, a series of classifiers are constructed based on the training data. To aid
in learning the training data, a distribution over the training data is supplied to the classifier
construction procedure; this distribution becomes more concentrated on the instances that are the most
difficult to learn. Boosting transforms a week learner into a strong one and has been shown to improve
the performance of a wide range of classifiers. We have experimented with a particular boosting
algorithm that uses confidence information returned by the classifier [6]; this approach has been
combined with other techniques that we developed to improve the accuracy of our combined classifier.
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Joint Secondary Structure and IUP Prediction

In this section, we discuss how to achieve more accurate secondary structure prediction by
utilizing IUP information. Combining secondary structure information with primary structure and 1UP
information may also lead to more accurate tertiary protein structure prediction.

To better predict secondary structure, we generate homology information augmented with
IUP/order and hydrophobicity information. The homology information is generated by using the PSI-
Blast program iteratively to perform multiple sequence alignment over the protein database, guided by
a score matrix. The initial score matrix used in these multiple alignment calculations is BLOSOM®62.
The final score matrix is of dimension M by 20, where M is the length of the protein sequence, and 20
is the number of possible amino acid residues. Since we want to augment the homology information
with IUP/order information and hydrophobicity information, we use an M by 22 matrix, where the
two additional columns contain structured (ordered)/IUP (disordered) and hydrophobicity information.

In this approach, two stages are used in predicting secondary structure. In the first stage, the
structure is predicted from the sequence information, while in the second stage, the structure
information is modified to yield a physically plausible structure. As there appears to be a correlation
between secondary structure and the presence of IUP regions, it is advantageous to predict these
jointly. Our joint IUP secondary structure predictor use the Ensemble Methods as described above.

3 Results and Discussion

Missing coordinators in PDB of a protein from X-ray Crystallography experimental data indicate
those regions are IUP. Also IUP regions are obtained from NMR and other experimental data in PDB.
Our IUP predictors had reached an overall performance of 80% based on n-fold cross validations [3].

We found that bagging improved the performance of our predictors slightly. A possible
explanation for this is that our algorithm is known to be fairly stable under perturbations of the
training data, so it is not ideally suited for bagging, which requires a diverse population of classifiers
[3]. We also designed a filter on the output of the predictor; the overall performance was then
increased by 2-3%. Our predictors contain architectures of Ensemble Methods to boost the
performances of protein structural prediction from the amino acid sequences.
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