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Abstract:

Motivation: It was found that high accuracy splicing-site recognition of rice ( Oryza sativa L.)

DNA sequence is especially difficult. We described a new method for the splicing-site recognition of rice DNA
sequences. Method: Based on the intron in eukaryotic organisms conforming to the principle of GT-AG, we

used support vector machines (SVMD to predict the splicing sites. By machine learning, we built a model and

used it to test the effect of the test data set of true and pseudo splicing sites. Results: The prediction accuracy
we obtained was 87.53% at the true 5° end splicing site and 87.37% at the true 3’ end splicing sites. The
results suggested that the SVM approach could achieve higher accuracy than the previous approaches.
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INTRODUCTION

Correctly pinpointing splicing-sites in genomic
DNA sequences is not an easy task, which is of
great importance to the genome annotation and
gene finding. Introns are generally divided into 3
classes, namely calss I, class Il and common nu-
cleus pre-mRNA. Intron of class I and II can go
through the self-splicing processes while pre-
mRNA ’ s cannot. The conserved sequence
around the 5” end splicing site of pre-mRNA is
£ AAGIGTRAGT, and around the 3 end splic-
ing site is Y, YNYAG | G. This is the so-called
GT-AG principle (Tong, 1998). Based on this
principle, many methods have been proposed for
splicing-site recognition, of which, the hidden
Markov model CHMM) (Burge, 1997) and the

Support vector machines, Machine learning, Intron, Splicing site; Oryza sativa .
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neural networks (NN) (Ogura et al., 1997;
Sun et al.>1993) approaches yielded relatively
better results.
difficulties in network design, and the training
procedure to converge easily to some local mini-
mum points> the NN approach has not been de-
veloped further. HMM model is so far the best
method for predicting exons and introns, in
which more factors are taken into account be-
sides the GT-AG principle and achieved higher
accuracy than others. The results are to some

Due to its limitations, such as

extent acceptable in some organisms such as Ar-
abidopsts thaliana > but when the method was ap-
plied to rice genome, the recognition accuracy
by those available softwares,
GenScan + 5 FGeneSH> GeneMark, Glimmer,
did not exceed 80% (Yu et al., 2002). Novel
algorithms are desirable to predict the introns in
rice genome.

such as
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A new general learning theory, support vec-
tor machines (SVM) (Vapnik, 20000, based on
the statistics learning theory (SLT), was applied
to improve the learning effect on a small set of
samples. SLT and SVM are currently a highlight
in the field of machine learning, and play impor-
tant roles in various applications.

Pattern recognition, function simulation and
estimation of the probability density are all learn-
ing problems based on some sample data. The
important foundation of existing approaches is
classical statistics, which require too many train-
ing data. When the sample data are not suffi-
cient, the result is always not satisfactory. Sta-
tistical learning theory, proposed by Vapnik
(2000, is a small sample statistical theory, ex-
tracts meaningful statistical results from a small
quantity of sample data. SLT sets up a better
framework for machine learning problem. And in
this framework, a novel general algorithm, sup-
port vector machines (SVM) that can solve small
sample data problems successfully, has been de-
veloped .

SVM technique has been used effectively in
many disciplines. In the bioinformatics field, It
has been applied in the prediction of protein sec-
ondary structure ( Hua et al.>2001a), protein
sub cellular localization ( Hua et al ., 2001b),
and drug design (Burbidge et al ., 2001).

In this paper, SVM algorithm is used to rec-
ognize the splicing sites of the rice genomic se-
quences, and analyzed the statistical model of
the conserved sequences near the splicing sites.

ALGORITHM

1. The primal algorithm
Given training vectors x; € R", i =1, """,
> in two classes, and a vector y &€ R such that
y, € {1, =1}, C-SVC (Cortes et al., 1995)
solves the following primal problem:
1

min ~ "o + C> &

> b & 2 i1

QP

yi(@d"P(x) + b)) =1 - &
Si = 0,7 = 1,5 1.

Its dual problem is

min%aTQa —e'a 2

<C’

=

0<ai

yTa=0

Where e is the vector of all ones, C > 0 is the
upper bound, @ is an [ by [ positive semi-defi-
nite matrix, Q; = yiyjK( Xir %X Dy and K(x; » x; )
= (5, )Td( x; ) is the kernel. Here training
vectors x; are mapped into higher Cmaybe infi-
nite) dimensional space by the function ¢.

The decision function is

Sign(ZyiaiK(xi,x) + b). (3

To solve function Eq.(2) is not easy. Be-
cause (J; is in general not zero. We adopt a de-

composition method proposed by Chang et al.
(1997). The method is described below:

Step 1. Given a number ¢ </ as the size of
the working set. Find o' as the initial solution.

Set k=1.

Step 2. If & is an optimal of function Eq.
(2, stop. Otherwise, find a working set B C
{1, -+, 1} whose size is q. Define N= {1, -+,
[}\ B and alig and af‘v to be sub-vector of a*

corresponding to B and NV g respectively.
Step 3. Solve the following sub-problem with
variable ap:

min%agQBBaB + (QBN(X?VYF(ZB (4)

Os (aB)t = Cst = 1’°'°’q7
Yoy = A — yyeys

QBN
QNN

Where gz
trix Q.

Step 4. Set a;"! to be the optimal solution
of (4) and o/y'! —of. Set k<—k + 1 and go to
step 2.

2. Dealing with the unbalanced data

For normal DNA sequences, the data are
unbalanced, namely, there are much more pseu-
do GT CAG) signals than the true GT (AG) sig-
nals in the sequence. We should take this prop-
erty into account in our program. To solve this
problems

] is a permutation of the ma-

we adopted an effective approach,
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which was called penalty parameter method
(PPM), and proposed by Osuna et al. (1997) .

Thus the function (1) can be converted into:

rwnl}r;%a)Tco + C, ;Si + C_ y;lfi (5
yi(o"d(x) + b)) =1 - &
£ =00 = L, 1.
Its dual problem is
mﬂin%aTQa —e'a (6>
O<a < Crify =1
O a = C_, ify, =-1

3. Choice of the kernel function

In the SVM algorithm it is very important to
choose the right kernel function ( Vapnik,
2000 . Kernel function is the dot product of in-
put vectors in the feature space. It reflects the
distribution feature of the sample in the input
space. For different length of sample data, we
tested three kernel functions: polynomial func-
tion, radial basis function, and sigmoid func-
tion, and proved that the result was the most
perfect when the fifth polynomial function was
adopted as the kernel function. The formula of
the kernel function is:

ECxs>x ) =[Cxox;)+r]? D)

After repeated calculations, we chose the param-
eter d=5,r=0.7.

METHOD

1. Encoding the sequences

To treat the nucleotide sequence easily on
the computer, nucleotide sequence data were en-
coded digitally. We adopted 4 bites binary en-
coding scheme described as follows.

A: 0001; C: 0010; G: 0100; T: 1000;
others: 0000 .

2. Choosing the sample-data length

On one hand, in our algorithm, we should
consider the principle that the conserved se-
quence of an intron is { AAG| GTRAGT around
the 5’ and Y,NYAG | G

end splicing site,

around the 3’ end splicing site. On the other
hand,

that there are 18 — 40 nucleotides conserved in

we also must take into account the fact

the branch target sequence in the upstream of the
37 end splicing site. To splice correctly, the
segment of the target sequence is indispensable.
The function of this branch target sequence is to
distinguish the target site which will link with the
5" end splicing site and which is the closest to
the 3’ end splicing site. For yeast, a low-level
eukaryotic organism, its target sequence is
TACTAAC, which is highly conserved. For
high-level eukaryotic organism, this sequence
segment is not so conserved. But it has the iden-
tifiable sequence consensus. In other words, the
positions of Purina and Pyridine are consistent.
The secquence is PySONPy87Pu75APy95 (Gao et
al .>1999) .

Based on upward consideration, the 3 seg-
ments of the sequence must be included when we
choose the sample-data set length .

We chose the following lengths and their
conserved sequences to train the algorithm:

L1=10’ 15y 207 30? L2=20, 30, 40? 1_3=
20, 40, 60, 80; 14=10, 15, 20

After several rounds of test> we were able to
identify the best lengths for L1, 12, 13, and
14.

DATA SET

A total of 218 rice genomic DNA entries
containing at least one intron were extracted from
GenBank based on two criteria: (1) those were
translated into SWISS-PRO database entries or
(2) have complete CDS (coding sequence) pub-
lished in a certain journal. Generally, the fea-
tures of these genes sequences are supported by
mRNA data (i.e. experimentally derived tran-
scripts ). The 185 sequences are divided into two
parts:
quences containing a total of 1236 introns, and
test set consisting of 93 sequences containing a
total of 1007 introns.

The pseudo GT (AG) sequences were se-

training set which consists of 125 se-

lected randomly from the entire sequence. By
computation, we found that the probability of the
occurrence of pseudo GT CAG) was over 100
times that of the true GT CAG) of introns. Al-
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though we selected pseudo GT CAG) only 2 — 5
times more than the true GT (AG), the model
we obtained after training could achieve about
95% prediction accuracy for pseudo GT (AG)
datas and just 40% — 60% for the true GT
CAG). After repeated calculation, we obtained
comparatively better result when the ratio of the
number of pseudo GT (AG) to the number of
true GT (AG) was about 1.6. In this case, the
model can predict test data at higher accuracy
than either true GT (AG) data or pseudo GT
CAG) data.

RESULTS

1. Recognition accuracy at the 5’ site( GT site)

The accuracy for the 5” splicing site predic-
tion at different sample data length was shown in
Table 1, very high accuracy was obtained when
the sample length was set to 15 for the L1 seg-
ment and 20 for the 1.2 segment(see Fig.1 for
the locations of L1 and 12,
number in Table 1 ).

and the underlined

3'site

Exon

Branchsite A_

5'site
Intron
Exon
‘T
THLRE:

L3 | L4

Fig.1 The sketch presentation of an Intron

The sequences consensus of splicing sites and the branch target sequence are shown. L1, 12, 13, I4 denote the loca-

tions and the lengths of the sequences we used as sample data to train the algorithm.

Table 1 Recognition accuracy (%) of GT datasets at
the 5’ sites
12=20 12=30 12=40
= True GT  Pseudo GT  True GT  Pseudo GT  True GT  Pseudo GT
10 84.455 82.62 90.83 82.39 87.00 85.27
15 87.53 89.21  86.72 82.22  86.59 87.13
20 89.38 83.38 89.97 84.52 87.71 87.09
30 90.39 86.24 89.09 85.55 90.68 81.72

The best result is : L1 =15, 12=20.
The recognition accuracy is:

87.53 % (to true GT), and 89.21 % (to Pseudo GT).

2. Recognition at the 3’ site( AG site)

The accuracy of the 37 splicing site predic-
tion at different sample data length was shown in
Table 2, here the optimal results were obtained

Table 2 Recognition accuracy (%) on the 3’ sites

14=10 4=15 14 =20
13 True GT  Pseudo GT True GT  Pseudo GT True GT  Pseudo GT
20 83.88 82.17 83.52 82.29 8.76 81.51
40 84.53 82.69 87.37 85.23  85.08 82.42
60 82.08 81.31 82.76 78.24  84.20 82.98
80 83.76 78.52  83.09 79.67 85.12 80.23

The best result is : 13 = 40, 14=15.
The recognition accuracy is:

87.37 % (to true AG), and 85.23 % (to Pseudo AG).

when the length of L3 was set to 40 nucleotides-
long and 14 was set to 15 nucleotides-long( see
the underlined number in Table 1 and Fig.1 for
the locations of 1.3 and 14).

DISCUSSION

Using SVM, we successfully designed an al-
gorithm, and predicted the splicing sites in the
rice genome sequences. A few conclusions can
be drawn below.

(1) The selection of sample data length is a
key factor for obtaining higher prediction accura-
cy. At the 57 site, if L1 is 15, and L2 is 20,
the result turned out to be the best, suggesting
that there were about 35 nucleotides meaningful
for the correct recognition of the splicing at donor
sites> 15 bases upstream to the GT and 20 bases
following the GT. At the acceptor sites the best
results were obtained when the 1.3 is 40, and 14
is 15, representing the importance of a total of
55 nucleotides in the correct recognition of the
acceptor site by the mRNA splicing machinery.
Although the branch site is not fixed> and the
conservation of the sequence is at a low level,
machine learning was able to find useful statisti-
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cal features with high confidence. Obviously,
these results are consistent with the molecular
biology findings .

(2) The SVM algorithm, based on the GT
CAG) principle, achieved relatively high recog-
nition accuracy of the splicing sites, about 88 %
at the 57 sites and about 86% at the 3’ sites.
But this result is still far from perfect. This is
because pre-mRNA contains much less informa-
tion than intron II does. So the spliceosome; a
huge complex of protein and RNA; is needed to
guide the correct splicing. If we consider the in-
formation contained by those complex protein
factors, the recognition accuracy may be im-
proved greatly. Since the mechanism of the pro-
tein factors, which plays an important role in the
splicing process; up to nows is unclear; there
are many difficulties in the design of the ma-
chine-learning algorithm.

(3) Compared to other algorithms, SVM al-
gorithm has an advantage. It can condense infor-
mation in the training samples to provide a sparse
representation using a very small number of sam-
ples; support vectors (SVs). In other words,
these SVs could represent all the information of
the training dataset. The results showed that the
ratio of SVs to all training samples was only about
20% . This property has very attractive possibili-
ties for much higher efficiency in treating a great
deal of the dataset in bioinformatics field.

(4> However, if we use the model obtained
from training rice sequences dataset to predict the
introns in human DNA sequence; the results were
far from satisfactory (data not shown). Therefore
when using the SVM method> we should take the
species specificity into account and train the mod-
el of different species separately.

(5) Compared with other methods, SVM al-
gorithm obtained an accuracy of about 88% at the
5’ sites and about 86% at the 3’ sites, the mean
value of the predicting accuracy is about 87% in
the rice genomic DNA sequences. Reports shown
that HMM algorithm could achieve 75% — 80%
prediction accuracy in human DNA sequences
(Burge, 1997), and lower accuracy in rice( Yu

et al.» 2002). In the NN algorithm, the predict-

ing accuracy at splicing sites is only 64% for eu-
karyotic organism(SUN et al ., 1993) . Therefore,
we think that the SVM algorithm is a more effec-

tive method for predicting the splicing sites in rice

genome> and its usefulness in other eukaryotic
genomes deserves further investigation .
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