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1 Introduction.

Trans-splicing is an unusual process in which two separate RNA strands are spliced together
to yield a mature mRNA. The process is most common in the Kinetoplastida, a family of
eukaryotic parasites. While much effort has been focused on computationally predicting
cis-splicing sites [4], a rigorous and thorough analysis of trans-splicing has not yet been
undertaken. Yet, the two processes may have common mechanisms [3], and it is therefore
possible that by considering the signals involved in trans-splicing new insights can be gained
regarding RNA splicing in all eukaryotes.

The canonical trans-splicing signal is believed to be composed of four elements, of which
a poly-pyrimidine (C,T-rich) tract is the easiest to discern computationally. The challenge
with identifying these tracts is that they are not highly conserved but are variable both in
composition and in sequence length. Here, we present a combination of statistical techniques
and machine learning to develop a method capable of identifying trans-splicing regions and
pinpointing the specific site of splicing in Leishmania major. Our method is 89% accurate,
with a sensitivity of 86% and a specificity of 92%.

2 Software and files.

In our set of known trans-splicing regions, it was observed that the AG dinucleotide that
serves as the splice acceptor site is often isolated from other potential splice acceptor AGs
by long stretches of non-AG dinucleotides. In fact, the inter-AG distance alone can be used
to identify nearly 60% of true trans-splicing sites. To improve on this predictive capacity, we
included a measure of nucleotide composition within inter-AG segments. We evaluated the
first-order transition probabilities for the inter-AG segments. We developed two matrices
for scoring segments based on nucleotide composition: one derived from a previous analysis
by linear discriminant analysis [2], a second optimized by a steady-state genetic algorithm
(GA). This machine learning approach allows us to optimize a multivariate function while
avoiding a complex combinatorial problem.

The GA utilizes a steady-state breeding algorithm with uniform cross-over. These fea-
tures, in addition to a relatively high mutation rate (1% - 5%), provided a good mechanism
for avoiding convergence onto local optima. The fitness function scored each candidate trans-
splicing site using a weighted transition frequency matrix as well as generating a weighted
score for the distance from the previous AG. Using the scoring function from these matrices
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in combination with a log-transformed measure of the inter-AG segment length yielded a
highly accurate predictor of trans-splicing sites. This is shown in Table 1.

3 Figures and tables.

Known Splice Known Non-

Sites Splice Sites

(Total: 136) (Total: 136)

True positive False positive

Predicted Splice Site 117 11

False negative True negative

Predicted Non-Splice Site 19 125

Sensitivity: 0.86 Specificity: 0.92

Accuracy: 0.89

Table 1: Performance of the method is shown in this table. The test data consisted of 136 known
trans-splicing sites from L. major, and an equivalent number of randomly selected inter-AG segments
from known coding regions. We chose coding regions as the best model for true negatives because
trans-splicing should never occur within a protein-coding region. There are no known instances of
cis-splicing in L. major, so we ca be reasonably confident that these inter-AG segments serve no role
in either splicing process.
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