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1 Introduction

It was observed (see [1], [2]) that the Smith-Waterman algorithm for local sequence alignment has
two essential flaws: it often finds long alignments with a high score and misses shorter ones with a
higher degree of similarity (the shadow effect); and it often combines two or more segments of high
similarity and aligns internal segments that are not related (the mosaic effect).

Arslan et. al. [2] proposed an O(n?logn) algorithm that outputs a normalized local alignment
which maximizes the degree of similarity (alignment score divided by alignment length) rather than
the total similarity score. Given a properly selected normalization parameter, the new algorithm
eliminates both the shadow effect and mosaic effect. Unfortunately, determining a proper nor-
malization parameter requires repeated executions with different parameter values and also expert
feedback to determine the usefulness of the alignments.

We propose a supervised learning approach that yields an O(n?) algorithm that effectively
eliminates the mosaic effect while requiring no expert feedback to produce meaningful alignments.
We use input sequences with known motifs to train the algorithm to align and extract these mo-
tifs by learning parameters for processing sub-optimal alignments. The term motif refers to an
alignment that captures a biologically significant similarity as defined by an expert or oracle. The
expectation is that the learned algorithm will be able to align and extract such motifs from unseen
input sequences. The fundamental difference between our approach and others is that we pro-
vide an automatic framework for using existing motifs to tune the post-processing of sub-optimal
alignments.

2 Learning Approach

Given training data, we use a modification of the Smith-Waterman algorithm similar to that pro-
posed by Barton in [3] to output all non-overlapping maximal scoring alignments to see if a motif is
discovered (e.g., contained within a sub-optimal alignment). We consider the number of top scoring
alignments that must be outputted in order to guarantee that a motif is not missed. Our experi-
ments show that if a motif is discovered, it will typically be among the top k£ scoring alignments,
where k is the number of expected motifs. Through training, we determine if the discovery percent-
age reaches an asymptote and use this information to limit the number of sub-optimal alignments
computed in the future.

Within sub-optimal alignments, the degree of similarity (also called alignment density) in the
motifs is greater than the degree in the padding. The term padding refer to segments of an align-
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ment that do not represent biologically significant similarity. Density thresholds can be used to
discriminate motifs from padding. However, selecting the proper sampling interval to determine
density is problematic. Very small segments of the padding often possess high density. Similarly,
small segments of the motif may possess low density. A large sampling interval is also problematic
because it may encompass two or more motifs. Thus, pinpointing the start and end of individual
motifs is difficult. By sampling and plotting segment densities using different interval lengths, we
can simultaneously detect the minimum interval length and density thresholds that adequately
discriminates motifs from paddings (see figure 1).
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Figure 1: Alignment density distribution for training input. L is the minimum interval length. P and M are the
density thresholds for identifying padding and motif segments, respectively.

Using these density thresholds and the interval length, we can apply a variety of different post-
processing algorithms to extract potential motifs and discard paddings. After training on a set of
motifs® and cross-testing on unseen segments, the post-processing was able to detect and correct
all instances of the mosaic effect. The running time of the algorithm is O(n?). We believe that our
approaching is a starting point for the design of more automatic and adaptive alignment algorithms.
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