
  

 

Abstract— With the rapid growth of huge amounts of DNA 

sequence, gene prediction has become a challenging problem in 

bioinformatics. Splice sites prediction plays a key role in 

identification of genes. Hence, development of new methods to 

improve the accuracy of the splice sites prediction has great 

significance. This paper introduces a new method for splice 

sites prediction by combining AdaBoost classifier with a 

modified nucleotide encoding method, namely DM2. This 

method has been applied to the 𝐇𝐒𝟑𝐃 dataset with repeated 10-

fold cross validation. Experimental results show that this 

method improves accuracy of the splice sites prediction and 

performs better than the MM1-SVM, Reduced MM1-SVM, 

SVM-B, LVMM2 and DM-SVM. 

 
Keywords— Splice site prediction, AdaBoost classifier, 

Nucleotide encoding method.  

I. INTRODUCTION 

Introns and exons are parts of genes. Exons code for 
proteins, whereas introns do not. Splice site is the border 
between an exon and an intron [1]. In other words, splice site 
prediction is a search problem for finding boundaries of the 
exon/intron (donor splice site) with a consensus dinucleotide 
GT and intron/exon (acceptor splice site) with a consensus 
dinucleotide AG. 

In order to accurately predict splice sites, different 
methods such as hidden Markov model [2, 3], Bayesian 
network [4, 5], artificial neural network [6, 7], support vector 
machine [8-10] and decision trees [11] have been developed. 
However, splice site prediction is still a major bottleneck in 
gene finding, due to complex dependencies existing among 
the bases around splice site [12]. Thus, development of new 
methods is important for accurately predicting the splice sites 
[13]. 

Support Vector Machine (SVM) produces accurate result 
in detection of splice sites. Baten [8] has employed first order 
Markov model (MM1) to capture the features of splice sites 
sequences and has fed them to SVM for classifying splice 
sites. Linear SVM with a Bayes kernel (SVM-B)  is 
introduced by Zhang [14] that not only improved accuracy 
but also decreased time complexity. Recently, a length-
variable Markov model (LVMM) [2] is proposed using the 
second order Markov model (MM2) [10]. Although LVMM 
achieved high accuracy, it is difficult to determine the 
method’s threshold parameters [10].  
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Distance Measure-Support Vector Machine (DM-SVM) 
[10] has mapped candidate splice site sequences onto feature 
vectors with the distribution of tri-nucleotides and first order 
hidden Markov Model (MM1) parameters. An F-score based 
method has been applied to choose the most discriminative 
features. Finally, SVM performs the classification task using 
the reduced features.  

In this work we have improved DM-SVM method by 
modifying MM1 model parameters and employing AdaBoost 
classifier. We have investigated its effect on 4 datasets and 
have compared power of proposed method with MM1-SVM 
[8], SVM-B [14], LVMM [2] and DM-SVM [10]. 

The remainder of the paper is organized as follow. In 
Section 2, materials and methods used throughout the paper 
are defined. Experimental results are described in Section 3.  
Section 4 provides the conclusions. 

II. MATERIALS AND METHODS  

In this section we describe encoding method, feature ranking 

method and Adaboost classifier. Steps of methods are given 

as algorithms schemes.  

A. Encoding Method 

In biological statistics, the encoding of deoxyribonucleic 
acid (DNA) is limited to four types that are adenine (A), 
cytosine (C), guanine (G) and thymine (T). However, enough 
information from DNA sequences cannot be captured, 
because the number of types is too small [15]. So, effective 
DNA encoding methods are necessary for converting DNA 
sequences to feature vectors. 

1) MM1:  
In this paper we use in-homogenous first order Markov 

model (MM1) [8]. Let’s suppose that in the sequence 𝑋, the 
letter at the position 𝑡, 𝑥𝑡, depends only on the previous letter 
𝑥𝑡−1 (first order Markov model). Probability of letter 𝑗 taking 
place at position 𝑡 given 𝑥𝑡−1 = 𝑖 is: 
𝑝𝑖𝑗 = 𝑝(𝑥𝑡 = 𝑗|𝑥𝑡−1 = 𝑖). We can estimate probabilities 

𝑝𝑖𝑗  from observed nucleotide frequencies by (1). 

𝑝𝑖𝑗 = 𝑝(𝑥𝑡 = 𝑗|𝑥𝑡−1 = 𝑖) =
𝑝(𝑥𝑡 = 𝑗, 𝑥𝑡−1 = 𝑖)

𝑝(𝑥𝑡−1 = 𝑖)
    (1) 

We consider in-homogenous Markov chains, meaning 
that we have different distribution at different position in the 
sequence. In other words, the Markovian parameters are 
expressed in terms of position specific first order conditional 
probabilities(𝑘 = 1). Despite the DM-SVM [10] that models 
dataset by both true and false sites and produce 2(𝑙 − 1) 
features, where 𝑙 is length of a sequence, we only consider 
true splice site to create the Markov model and produce 
(𝑙 − 1) features. 
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2) Distribution of tri-nucleotides 
DMk (Distance Measure of K-tuple) are proposed by Wei 

[16] as a novel sequence similarity measure for clustering 
gene sequences. Then in [10], DM has been employed as a 
portion of encoding method for improving accuracy of splice 
site prediction.  For a DNA sequence, there are 64 distinct tri-
nucleotides (3-tuple) to be considered. For a DNA sequence 

𝑆, 𝑝𝑟 is the location of the 𝑟𝑡ℎ occurrence of 3-tuple 𝑤, 
where 𝑝0 = 0. And 𝛼𝑟 is given as, 

𝛼𝑟1 𝑝𝑟 − 𝑝𝑟−1⁄ 1 ≤ 𝑟 ≤ 𝑚 (2) 

In which 𝑚 stands for the number of occurrences of 𝑤. 
{𝛼1, 𝛼2, … , 𝛼𝑚} allows us to find all subsequent repeats of 𝑤. 
𝛽𝑗 is defined as a partial sum of 𝛼𝑟, and is calculated by: 

𝛽𝑗=∑ 𝛼𝑟
𝑗
𝑖=1  , 1 ≤ 𝑗 ≤ 𝑚 (3) 

A discrete probability distribution 𝑄 = (𝑞1, 𝑞2, … , 𝑞𝑚) 
can be constructed by 𝑞𝑖 = 𝛽𝑖/∑ 𝛽𝑖

𝑚
𝑖=1 , and ∑ 𝑞𝑖 = 1𝑚

𝑖=1 . 

The Pseudo-Entropy (PE) of discrete probability distribution 

is calculated by “(4)” [10]. Fig. 1 shows the pseudo-code of 

MD algorithm.  

𝑃𝐸(𝑞1, 𝑞2, … , 𝑞𝑚)=∑ 𝑞𝑖𝑒
1−𝑞𝑖𝑚

𝑖=1  (4) 

 

 

 
  

 

 

 

 

 

 

 

 

3) Fisher Score:  
The discrimination between an attribute and the class 

label can be measured by F-score method. Given training 
instances 𝑥𝑖 , 𝑖 = 1, … , 𝑙, the F-score of the 𝑗th attribute is 
calculated  by:                            
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where �̅�𝑗
(+)

, �̅�𝑗
(−)

 and �̅�𝑗 are the average of the 𝑗th attribute 

with positive-class label, the average of the 𝑗th attribute with 
negative-class label and the total average of the 𝑗th attribute, 
respectively. The numerator indicates the inter class variance, 
while the sum of the variance inside each class is shown by 
the denominator. High F-score value of an attribute 
demonstrates that this attribute has more discriminative 
power. A recognized weakness of F-score is that each feature 
is considered individually so it cannot disclose mutual 

information between features. However, F-score is simple, 
fast and effective [17].  

4) Proposed encoding method 
Similar to Wei’s work in [10], after calculating modified 

MM1= (𝑝1, 𝑝2, … , 𝑝𝑙−1) and DM= (𝑝𝑒1, 𝑝𝑒2, … , 𝑝𝑒128) for 
each sequence, we apply F-score to them and consider the 
features whose F-score is more than average value of all F-
score. For each sequence we merge final MM1 vector and 
DM vector as the input of classifier. We have called this 
encoding method as DM2.  

B. AdaBoost 

AdaBoost works by choosing a base algorithm (e.g. 
decision trees) and iteratively increase the weights of the 
incorrectly classified examples in the training set. The 
AdaBoost algorithm of Freund and Schapire [18] is the first 
practical boosting algorithm, and remains one of the most 
widely used and studied in binary classification. 
AdaBoost.M1 classifier is one of the well-known and widely 
applicated version of boosting algorithm. In this paper we 
have employed AdaBoost.M1 classifier. Pseudo code for 
AdaBoost.M1 is given in Fig. 2 [19]. We have 
experimentally adjusted number of iteration to 50.  

 

 

 

 

 

 

 

 

 

 

  

 

C. Data set 

We have performed the experiments on the Homo 
Sapiens Splice Site Data set (HS3D) which is downloaded 
from http://www.sci.unisannio.it/docenti/rampone/. The data 
set contains 2796 true donor sites, 2880 true acceptor sites, 
271937 false donor sites and 329374 false acceptor sites. 
Each splice site sequence has the length of 140 nucleotides 
with the consensus nucleotides AG at position 69 and 70 for 
acceptor sites and consensus nucleotide GC (GT) at position 
71 and 72 for donor splice sites.  

We have selected all the true splice sites and randomly 
selecting the same number of false sites. In this case, the ratio 
between the number of true splice sites and the number of 
false splice site is 1:1. We also have constructed the 1:10 
dataset, which contains all the true splice sites and randomly 
selected false splice sites whose numbers are 10 times greater 
that the numbers of true splice sites.  

𝛼𝑟  ,1 ≤ 𝑟 ≤ 𝑚 

𝛽𝑗  ,1 ≤ 𝑗 ≤ 𝑚 

Input: sequences (𝑆1, 𝑆2, … , 𝑆𝑁) 
Output: distribution of tri-nucleotides vector for each 

sequence consisting of 128 features, (𝑝𝑒1, 𝑝𝑒2, … , 𝑝𝑒128) 
1) Split each sequence to upstream and downstream and 

for both of them search and locate each 64 distinct tri-

nucleotides (3-tuple) 

a) For each 3-tuple, use “(2)” to calculate  

b) For each 3-tuple, use “(3)” to calculate  

        c)      For each 3-tuple, use “(4)” to calculate 𝑃𝐸 

2) For each sequence, construct 64-component vector by 

𝑃𝐸 of all 3-tuples.   

Figure 1.  DM for encoding DNA 

Input: sequence of 𝑚 examples  < (𝑥1, 𝑦1), … , (𝑥𝑚, 𝑦𝑚) >   

with labels 𝑦𝑖  ∈ 𝑌 = {1, … , 𝑘} 
Initialize: 𝐷1(𝑖) = 1/𝑚 for 𝑖 = 1,… ,𝑚. 
Do For 𝑡 = 1,… , 𝑇: 

 Call weaklearn using distribution 𝐷𝑡. 

 Get back a hypothesis ℎ𝑡: 𝑋 ⟶ 𝑌 

 Calculate the error of ℎ𝑡: 𝜖𝑡 = ∑  𝐷𝑡(𝑖)𝑖:ℎ𝑡(𝑥𝑖)≠𝑦𝑖 .  

 If  𝜖𝑡 > 1 2⁄  , then set 𝑇 = 𝑡 − 1 and abort loop. 

 Set 𝛽𝑡 = 𝜖𝑡 (1 − 𝜖𝑡)⁄ . 

 Update distribution 𝐷𝑡:  Dt+1(i) 
Dt(i)

Zt

× {
β

t
        if ht(xi)=y

i

1              otherwise
 

        where 𝑍𝑡 is a normalization constant. 

 

Output the final hypothesis: 

  ℎ𝑓𝑖𝑛(𝑥) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑦∈𝑌  ∑ 𝑙𝑜𝑔
1

𝛽𝑡
𝑡:ℎ𝑡(𝑥)=𝑦    

Figure 2.  AdaBoost.M1 Algorithm 
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D. Evaluation measures 

The evaluation criteria used in this paper are sensitivity 
(𝑆𝑛), specificity (𝑆𝑝) and a global accuracy (𝑄9). The 𝑄9 is 

independent of the class distribution in the data set and 
defined as follows:  

(1 + 𝑞9)/2 (6) 
where 

𝑞9 =

{
 
 
 
 

 
 
 
 

(𝑇𝑁 − 𝐹𝑃)

(𝑇𝑁 + 𝐹𝑃)
    𝑖𝑓   𝑇𝑃 + 𝐹𝑁 = 0

(𝑇𝑃 − 𝐹𝑁)

(𝑇𝑃 + 𝐹𝑁)
   𝑖𝑓  𝑇𝑁 + 𝐹𝑃 = 0

1 − √2 [(
𝐹𝑁

𝑇𝑃 + 𝐹𝑁
)
2

+ (
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
)
2

]     𝑖𝑓 𝑇𝑃 + 𝐹𝑁 ≠ 0

                                    
                                                                          𝑎𝑛𝑑 𝑇𝑁 + 𝐹𝑃 ≠ 0

                                    

 

 

The TP, FN, TN and FP represent the number of true 
positives, false negatives, true negatives and false positives, 
respectively. The larger 𝑄9 shows better classification result. 

The performance estimation of our methods is done by 
repeated 10-fold cross-validation on the data set. For this, we 
have divided the data sets into 10 equal parts. Each part 
contains the same proportion of number of true sites versus 
number of false sites. Average performance estimation is 
calculated. We have repeated this process 5 times and final 
average has been reported. 

III. RESULTS AND DISCUSSION 

In order to test the efficiency of DM2-Adaboost in splice 
site prediction, we have run it on both 1:1 and 1:10 data sets. 
The classification results are compared with those of MM1-

SVM [8], Reduced MM1-SVM [1], SVM-B [14], LVMM2 
[2] and DM-SVM [10]. For SVM method, we have used grid 
search method to find optimal parameters. The result shown 
in Table I and Table II, are the average scores from 5 times 
repeated of 10 fold cross validation. The result of the LVMM 
method is taken from [2] and result of the DM-SVM is 
extracted from [10]. 

In Table I, DM2-AdaBoost outperforms other methods 
for both acceptor and donor splice site predictions. For 
acceptor and donor sites, the 𝑄9 score of DM2-AdaBoost is 
obviously better than those of other four methods. In 
addition, DM2-AdaBoost also performs better than MM1-
SVM, Reduced MM1-SVM and SVM-B in terms of 
sensitivity and specificity. In comparison to DM-SVM, the 
sensitivity has increased and specificity has stayed the same 
approximately. 

According to the fact that there are more false splice sites 
than true sites in real genome sequences, we test our method 
on the 1:10 dataset. In the Table II, we can see that DM2-
AdaBoost outperforms the MM1-SVM, Reduced MM1-
SVM, SVM-B, LVMM2 and DM-SVM. LVMM2 have  
some parameters that have to been specified by grid based 
search before using it and because of MM2 encoding, time 
complexity of it is high too, but our method has less 
complexity in comparison to LVMM2 and our result are 
better. 

In comparison to DM-SVM, although DM2-AdaBoost 
only performs slightly better than DM-SVM for donor sites, 
the difference is obvious for acceptor site prediction in term 
of sensitivity, specificity and 𝑄9. Overall DM2-AdaBoost 
exhibits better prediction performance in both 1:1 and 1:10 
datasets. 

 

TABLE I.  PERFORMANCE OF DIFFERENT METHODS FOR ACCEPTOR AND DONOR SITES PREDICTION ON THE 1:1 DATA SET 

Methods 
Acceptor Splice Site  Donor Splice Site 

𝑺𝒏 𝑺𝒑 𝑸𝟗  𝑺𝒏 𝑺𝒑 𝑸𝟗 

MM1-SVM  90.51±0.1 86.89±0.1 88.48±0.1  93.40±0.1 91.20±0.1 92.16±0.1 

Reduced MM1-SVM  90.84±0.1 87.12±0.1 88.76±0.1  93.70±0.0 91.51±0.2 92.42±0.1 

SVM-B  91.78±0.1 87.21±0.0 89.17±0.0  95.01±0.1 90.26±0.1 92.22±0.0 

DM-SVM 92.36±0.0 90.47±0.0 91.29±0.0  94.28±0.0 93.61±0.0 93.84±0.0 

DM2-AdaBoost 92.59±0.2 90.48±0.3 91.41±0.1  95.46±0.1 93.55±0.3 94.22±0.2 

TABLE II.  PERFORMANCE OF DIFFERENT METHODS FOR ACCEPTOR AND DONOR SITS PREDICTION ON THE 1:10 DATA SET 

Methods Acceptor Splice Site  Donor Splice Site 

𝑺𝒏 𝑺𝒑 𝑸𝟗  𝑺𝒏 𝑺𝒑 𝑸𝟗 

MM1-SVM  91.12±0.1 87.47±1.0 89.07±0.6  93.09±0.3 91.32±0.5 92.08±0.3 

Reduced MM1-SVM  90.95±0.1 88.38±0.2 89.51±0.1  93.79±0.2 91.24±0.5 92.34±0.3 

SVM-B  92.47±0.0 87.62±0.7 89.70±0.4  94.77±0.2 90.92±0.5 92.50±0.2 

LVMM2 91.22±0.0 89.70±0.0 90.39±0.0  94.24±0.0 92.42±0.0 93.23±0.0 

DM-SVM 92.15±0.0 90.73±0.0 91.36±0.0  94.69±0.0 93.39±0.0 93.99±0.0 

DM2-AdaBoost 92.78±0.4 91.29±0.3 92.08±0.1  95.22±0.3 93.36±0.3 94.19±0.1 

 

IV.   CONCLUSION 

In this paper, we proposed a novel classification method 
based on hybrid of AdaBoost classifier with an effective pre-
processing scheme which combined distribution of tri-
nucleotides with MM1 encoding method and applied it for 
the identification of splice sites. The results confirmed that 

the proposed method was able to effectively predict splice 
sites both for donor and acceptor splice sites and had better 
prediction accuracy than others. Moreover, the proposed 
method may be extended for identifying other specific sites 
in the sequences. 
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