
  

  

Abstract—With increasing growth of DNA sequence data, it 

has become an urgent demand to develop new methods to 

accurately predict the genes. The performance of gene 

detection methods mainly depend on the efficiency of splice site 

prediction methods. In this paper, a novel method for detecting 
splice sites is proposed by using a new effective DNA encoding 

method and AdaBoost.M1 classifier. Our proposed DNA 

encoding method is based on multi-scale component (MSC) and 

first order Markov model (MM1). It has been applied to the 

HS3D dataset with repeated 10 fold cross validation. The 
experimental results indicate that the new method has 

increased the classification accuracy and outperformed some 

current methods such as MM1-SVM, Reduced MM1-SVM, 

SVM-B, LVMM, DM-SVM, DM2-AdaBoost and 

MSC+Pos(+APR)-SVM.  

 
Keywords— Splice site prediction, DNA encoding method, 

AdaBoost.M1 classifier. 

I. INTRODUCTION 

Gene prediction has attracted many researchers’ attention, 
during the past few decades . The problem is still not solved 

satisfactorily despite many attempts  [1]. In eukaryotic 
genomes, genes are made up of two alternative segments: 

exons and introns. During DNA transcription genes are 

transcribed into mRNAs, but only some portion of the genes 
contains codes for proteins. The coding portions of the genes 

are called exons [2]. Boundaries between Exons and Introns  
are known as splice sites. The splicing occurs by joining two 

splice sites flanking the intron regions resulting in removal of 
intron regions. To predict genes, it is important to detect 

splice sites accurately.  

Acceptor splice site is placed at the shift from intron to 
exon and distinguished by nucleotide pair AG. Donor splice 

site is placed at the shift from exon to intron and 
distinguished by canonical nucleotide pair GT [1]. However 

not all AG or GT dinucleitodes act as a splice acceptor or 
donor. The vicinity of these dinucleotides plays an important 

role. The splice site along with its vicinity sequence is 
recognized and bound by specific proteins and hence 

spliceosome, a complex of proteins and small nuclear RNAs, 

are formed. However, the DNA sequence that is recognized 
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by spliceosome proteins, except the dinucleotides at 
boundaries, can’t be described as a pattern or motif. Thus 

more elaborate computational methods are utilized to detect 
splice sites. 

Successful recognition of splice junction sites of DNA 

sequences have been achieved via various computational 
methods such as hidden Markov model [3, 4] , Bayesian 

network [5, 6], artificial neural network [7, 8], support vector 
machine (SVM) [9-11] and decision trees [12]. However, 

splice site prediction is still a major bottleneck in gene 
finding, due to complex dependencies existing among the 

bases around splice site [13]. Thus, development of new 

methods is important for accurately predicting the splice sites 
[14]. 

The DNA sequence information is given as strings while 
the machine learning classifiers can only take numerical 

inputs. Thus the very first step is to encode the DNA 
sequence into numbers  [15]. Many encoding methods are 

available to model local sequence behavior.  

Baten [9] employed first order Markov model (MM1) to 
capture the features of splice sites sequences and fed them to 

SVM for classifying splice sites . By employing F-score 
feature ranking method on MM1 parameters only a subset of  

more informative features was selected as input for SVM to 
predict splice sites (Reduced MM1-SVM) [16].  Zhang [15] 

used weight matrix model and detected splice sites by 
combining Bayes kernel with linear SVM (SVM-B). In [3], 

by utilizing the second order Markov model (MM2) a length-

variable Markov model (LVMM) was proposed for splice 
site junction prediction. Although LVMM shows a good 

performance, it is difficult to specify the method’s threshold 
parameters. Distance Measure-Support Vector Machine 

(DM-SVM) method was proposed by Wei [11]. The 
distribution of tri-nucleotides along with first order hidden 

Markov Model (MM1) parameters  was used to convert 

candidate splice site sequences onto feature vectors. Using F-
score feature ranking method, the most discriminative 

features were chosen and SVM performed the classification 
task on them. In [17] by modifying hidden Markov model of 

Distance Measure encoding method (DM2) and replacing 
SVM classifier with AdaBoost classifier, the performance of 

DM-SVM was improved. Li [18] proposed a high accuracy 

splice site prediction method based on sequence component 
and position features. In this work, firstly the number and 

position of the consensus was determined by the Chi-square 
test, then the sequence multi-scale component (MSC), the 

position features of consensus sites  (Pos) and adjacent 
position relationship (APR) features were drawn out and 

finally a SVM classifier was constructed. 
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In this paper, a novel encoding method namely sequence 

component first order Markov model (SCMM1) is proposed. 
Firstly, sequence multi-scale component (MSC) features and 

in-homogenous first order Markov Model (MM1) features 
are calculated. Then, an F-score [19] feature ranking method 

is used to select informative features. We combine selected 
features with each other. Ultimately, the SCMM1 is fed into 

AdaBoost.M1 classifier. We have investigated effect of our 

method SCMM1-AdaBoost on 4 datasets and have compared 
efficiency of proposed method with MM1-SVM [9], SVM-B 

[15], LVMM [3], DM-SVM [11], DM2-AdaBoost [17] and 
MSC+Pos(+APR)-SVM [18] models. 

The remainder of the paper is organized as follows. 
Concepts and methods are explained in section 2.  In Section 

3, experimental results are described. Section 4 provides the 
conclusions. 

II. METHODS  

In this section we describe encoding methods and 
Adaboost.M1 classifier. Steps of our proposed method are 

given as algorithm schemes.  

A. Encoding Method 

Distinguishing of the different splice sites are done via 
machine learning methods. Feature extraction is a key step 

for machine learning methods when we involved with the 
problem of splice site identification. So, effective DNA 

encoding methods are used for converting DNA sequences to 

feature vectors. In this paper we have used in-homogenous 
first order Markov model (MM1) [9] and Sequence 

Component.  

1) Sequence Component encoding:  

The protein coding potential of exons is usually evaluated 
by the statistical frequency of nucleotide triplets (   ). 
However, the regulatory element motifs generally need to be 
considered as comprising 6 nucleotides (   ). Therefore, 

there is a crucial need to extract the sequence component 
information in multiple scales.  

Firstly, the upstream and downstream sequences of splice 

sites are separated and scale component feature of them are 
extracted, respectively. For a sequence of length   , the 

overlap frequency of a string of bases with conjoined   bases 

        is represented by  (       ), where each    is 

one kind of base (i.e., A/T/G/C) and     *       +. The 

probability of a string of bases         that is appeared in 
this sequence is defined as: 

 (       )
 (       )

(     )
 

There are    features to be extracted for each sequence. 

Then all the features are merged and ∑    
    features are 

constructed. Because features are separately extracted from 

upstream and downstream, there are    ∑    
     features in 

total for each sequence [18].  

2) MM1 encoding: 
Let us suppose that in the sequence  , the letter at the 

position  ,   , depends only on the previous letter      (first 

order Markov model). Probability of letter   taking place at 

position   given        is:      (    |      ). We 

can estimate probabilities     from observed nucleotide 

frequencies by (1). 

     (    |      )  
 (            )

 (      )


The Markovian parameters are expressed in terms of 

position specific first order conditional probabilities  (   ). 

As it is mentioned in [9], only true splice site training 
sequences were used to create the Markov model.   

3) Proposed encoding method 
 Sequence Component is calculated for all of the 

sequences. We apply F-score feature ranking [19] to 
sequence component and consider the features whose F-score 

are more than average value of all F-score.  Then, we 
extracted MM1 features from sequences and again the F-

score feature ranking method is employed with this 

difference that the contiguous features are considered (means 
that it contained consensus sites AG for acceptor and GT for 

donor sites besides the selected position by F-score).  
Ultimately, we merge sequence component and MM1 vector 

as the input of classifier. We have called this encoding 
method as SCMM1. Fig. 1 shows the pseudo-code of 

SCMM1 encoding method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.  Sequence component first order Markov model (SCMM1) 
encoding schema  

B. AdaBoost.M1Classifier 

AdaBoost (Adaptive Boosting) classifier is a new 

candidate machine learning method in splice site prediction 
domain. It works by iteratively increase the weights of the 

incorrectly classified examples in the training set. The 
AdaBoost algorithm of Freund and Schapire [20] is the first 

practical boosting algorithm. One of the main advantageous 

of this algorithm is that it is more resistant to over fitting than 
other machine learning classifiers . Besides, it has only one 

parameter to tune (number of iterations). AdaBoost.M1 
classifier is one of the well-known and widely applied used 

versions of adaptive boosting algorithm. In this paper we 

Input: sequences (𝑆  𝑆    𝑆𝑁) 
Output: feature matrix 
1. Divide sequences to two groups upstream and downstream. 

Then for each group we calculate:  

a. Feature vectors 𝑆𝐶 for 𝑘   ,  𝑆𝐶𝑁  
𝑢 , 𝑆𝐶𝑁  

𝑑  
b. Feature vectors 𝑆𝐶 for 𝑘   ,  𝑆𝐶𝑁  6

𝑢 , 𝑆𝐶𝑁  6
𝑑  

c. Feature vectors 𝑆𝐶 for 𝑘   ,  𝑆𝐶𝑁 6 
𝑢 , 𝑆𝐶𝑁 6 

𝑑  
d. Feature vectors 𝑆𝐶 for 𝑘   ,  𝑆𝐶𝑁  56

𝑢  𝑆𝐶𝑁  56
𝑑  

 

2. Merge the groups: 𝑆𝐶𝑡  ∑ 𝑆𝐶
𝑁  𝑘
𝑢 

𝑘   + ∑ 𝑆𝐶𝑁  𝑘
𝑑 

𝑘  . 

3. F-score of each features of  𝑆𝐶𝑡 is Calculate and the 

average value of them is determined as the threshold, 

𝑝𝑡.The features whose F-score are more than 𝑝𝑡 is chosen. 

4. Compute feature vectors MM1, 𝑀𝑀 𝑁  39 
5. Again, F-score feature ranking method is employed and the 

average value of all F-scores is considered as the threshold. 

By employing this threshold, the contiguous features are 

chosen.  

6. Merge (𝑆𝐶𝑁 𝑖
𝑡  MM 𝑁 𝑖) respectively.  
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have employed AdaBoost.M1 classifier for splice site 

prediction, using “adabag” R package. Pseudo code for 
AdaBoost.M1 is given in Fig. 2 [21]. We have 

experimentally adjusted number of iteration to 400. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.  AdaBoost.M1 Algorithm 

III. RESULTS AND DISCUSSION 

A. Data set 

We have investigated the performance of our method on 

the Homo Sapiens Splice Site Data set (HS3D). The data set 
is composed of 2796 confirmed true donor sites, 2880 

confirmed true acceptor sites, 271937 confirmed false donor 
sites and 329374 confirmed 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 constructed two datasets, namely 
balanced and unbalanced. Balanced dataset (1:1) was set up 

by selecting all the true splice sites and randomly selecting 
the same number of false splice sites. We also have 

constructed the unbalanced one (1:10) by choosing all the 
true splice sites and randomly selected false splice sites 

whose numbers are 10 times greater than the numbers of true 

splice sites.  

B. Evaluation measures 

The sensitivity (  ), specificity (  ) and a global 

accuracy ( 9) have been used as the performance measure, in 

this paper. The  9 is defined as follows: 

 9  (   9)                          (3)
where 

 9  

{
 
 
 
 

 
 
 
 

(     )

(     )
                

(     )

(     )
              

  √ [(
  

     
)
 

 (
  

     
)
 

]               

                                    
                                                                                     

                                    

 

where TP, TN, FP and FN indicate the number of true 

positives, true negatives, false positives and false negatives,  
respectively. The larger  9 shows better classification result. 

The repeated 10-fold cross-validation was used for 

performance estimation of proposed methods. For this, we 
partitioned the data sets into 10 equally sized splits. Each 

split contains the same proportion of the numbers of true sites 
versus false sites. Average performance estimation was 

calculated and we repeated this process 5 times and final 
average was reported. 

C. Experimental results 

We ran repeated 10-fold cross validation on both 

balanced and unbalanced data sets and the results are shown 
in Table I. We compared results of our proposed method with 

some current methods such as  MM1-SVM, Reduced MM1-

SVM, SVM-B, LVMM, DM-SVM, DM2-AdaBoost and 
MSC+Pos(+APR)-SVM. For SVM method, we have used 

grid search method to find optimal parameters. The result of 
the LVMM method is taken from [3] and result of the DM-

SVM is extracted from [11]. The differences between the 
result of DM2-AdaBoost.M1 in Table I and the result 

reported in Ref [17] is due to number of iteration in 

AdaBoost classifier.     

In balanced dataset, SCMM1-AdaBoost outperforms 

other methods for both acceptor and donor splice sites 
clearly. For acceptor and donor sites, the  9 score of 

SCMM1-AdaBoost is obviously better than those of other 

methods. In addition, SCMM1-AdaBoost also performs 
better than MM1-SVM, Reduced MM1-SVM and SVM-B, 

DM-SVM and DM2-AdaBoost.M1 in terms of sensitivity 
and specificity. In comparison to MSC+Pos(+APR)-SVM in 

both donor and acceptor sites, the sensitivity and specificity 

of our method is slightly lower.  

Considering this fact that number of false splice sites are 

much more than true sites in real genome sequences , we test 
our method on the unbalanced dataset. In acceptor splice site, 

we can see that SCMM1-AdaBoost has outperformed all of 
the existed methods significantly in the term of sensitivity, 

specificity and global accuracy. For donor splice site, our 

method outperforms the MM1-SVM, Reduced MM1-SVM, 
SVM-B, LVMM2, DM-SVM and DM2-AdaBoost in all 

terms. In comparison to MSC+Pos(+APR)-SVM method, the 
1.40 decrease in sensitivity and the 1.53 increase in 

specificity indicate that our model is comparable with the 
MSC+Pos(+APR)-SVM model in unbalanced donor site.   

The advantageous of our proposed method is that we have 
to tune only one parameter which is number of iteration for 

AdaBoost classifier. LVMM2 have several parameters that 

have to been specified by grid based search before using. The 
weakness of MSC+Pos(+APR)-SVM method is that the 

number of features generated with this  method is too large. 
Our method prunes the useless features  creatively and 

significantly reduces time cost for prediction.  

It can be concluded through the comparison that the 

SCMM1-AdaBoost.M1 method exhibits excellent prediction 

performance in both balanced and unbalanced dataset. 

 

 

Input: sequence of 𝑚 examples  < (𝑥  𝑦 )   (𝑥𝑚 𝑦𝑚) >   

with labels 𝑦𝑖   𝑌  *    𝑘+ 
Initialize: 𝐷 (𝑖)    𝑚 for 𝑖      𝑚 . 
Do For 𝑡      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 >     , then set 𝑇  𝑡    and abort loop. 

 Set 𝛽𝑡  𝜖𝑡 (  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(chosen so that 𝐷𝑡   
will be a distribution). 

 

Output the final hypothesis: 

  ℎ𝑓𝑖𝑛(𝑥)  𝑎𝑟𝑔𝑚𝑎𝑥𝑦 𝑌  ∑ 𝑙𝑜𝑔
 

𝛽𝑡
𝑡:ℎ𝑡(𝑥) 𝑦

  

 

3078

Authorized licensed use limited to: Biruni Universitesi. Downloaded on December 23,2021 at 12:25:13 UTC from IEEE Xplore.  Restrictions apply. 



  

TABLE I. PERFORMANCE OF THE METHODS FOR SPLICE SITE PREDICTION ON H3SD DATA SET 

Datasets Methods 
Acceptor splice  site   Donor splice  site  

                  

Balanced dataset 
(1:1) 

MM1-SVM  90.51 86.89 88.48 93.40 91.20 92.16 

Reduced MM1-SVM  90.84 87.12 88.76 93.70 91.51 92.42 

SVM-B  91.78 87.21 89.17 95.01 90.26 92.22 

DM-SVM 92.36 90.47 91.29 94.28 93.61 93.84 

DM2-AdaBoost.M1 93.68 91.11 92.19 96.17 93.82 94.80 

MSC+Pos(+APR)-SVM 95.38 93.26 - 97.21 94.99 - 

SCMM1-AdaBoost.M1 95.22 92.47 93.60 97.09 94.39 95.48 

Unbalanced dataset 

(1:10) 

MM1-SVM  90.28 87.13 88.54 93.78 89.40 91.15 

Reduced MM1-SVM  90.76 87.25 88.80 93.60 89.14 91.00 

SVM-B  92.26 87.80 89.74 94.88 90.68 92.40 

LVMM2(OLVWMM2) 91.22 89.70 90.39 94.24 92.42 93.23 

DM-SVM 92.15 90.73 91.36 94.69 93.39 93.99 

DM2-AdaBoost.M1 93.57 90.85 92.05 96.16 93.75 94.77 

MSC+Pos(+APR)-SVM 93.54 89.70 - 98.28 92.91 - 
SCMM1-AdaBoost.M1 95.17 92.30 93.53 96.88 94.44 95.47 

 

 

IV. CONCLUSION 

This study shows a new AdaBoost based algorithm used 
in splice site detection. The method employs a novel 

encoding method, SCMM1, to preprocess the input sequence. 

SCMM1 consists of multi-scale component (MSC) features 
and in-homogenous first order Markov model (MM1) 

features. Informative features are selected by using F-Score 
feature ranking method. The experimental results 

demonstrate that the proposed algorithm achieve better 
performance than others. Moreover, the proposed method can 

be modified for detecting other specific sites in the DNA 

sequences. 
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