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Abstract. DNA sequence homology recognition is a key problem in bioinformatics. In this paper, we 
solve this problem by use of the probability method instead of traditional sequence alignment because 
DNA character sequence satisfies the Markov properties. Hence, second order Markov model is used 
as the characteristic of DNA sequence. The similarity measurement is defined based on two-step 
transition probability. And then our SHR algorithm is put forward. The contrast experiments show 
that SHR algorithm can recognize DNA sequence homology correctly in higher processing speed. 

Introduction 

Generally, a DNA sequence is treated as a long string of characters with a four-character set ∑={A, 
C, G, T}. Thus, any one DNA sequence S∈∑*[1]. DNA sequence homology recognition is an 
important problem in bioinformatics, which refers that two or more DNA sequences are compared 
through some mathematical algorithms so as to determine homology on the basis of the similarity [2]. 

There are many ways to solve this problem, such as: (1) 2-D or 3-D graphics are employed to 
represent DNA sequences so as to analyze the relationship among DNA sequences [3], which has 
better visual effect but lower speed. (2) The four alphabets of DNA sequences in ∑ are mapped into 
numerical sequences and their features are compared by numerical analysis [4], which can make us 
obtain better predictive effect but lack of a unified measurement. (3) DNA sequences are regarded as 
character strings or texts, and the relative distances are adopted to analyze DNA sequences [5]. Thus, 
the methods of text compression can be introduced to improve speed, but some redundant sequences 
still exist. (4) Non-alignment methods are put to use for analyzing features of DNA sequences in 
order to improve efficiency though the segmentation and positioning are difficult to be achieved [6]. 
The number of DNA sequences is usually very large and their structures are very complicated. 
Therefore, the existed algorithms have their own advantages and disadvantages respectively. 

In this paper, we concentrate on DNA sequence homology recognition based on similarity 
measurement by use of second order Markov Model [7]. The remainder of this paper is organized as 
follows. First of all, the relative concepts and definitions are presented. And then, the description of 
the problem-solving ideas and our SHR algorithm is put forward. After that, the contrast experiments 
and results are listed. Finally, we conclude this paper. 

Concepts and Definitions 

Second Order Markov Model. Markov model is one of the most important stochastic processes, 
and it is widely applied to modern biology, physics, business, geology, atmospherics, and so on. 

Definition 1. Let ρ(n)={xn, n∈T} be a stochastic process of discrete states with state space I and of 
non-negative integer parameters n. If ρ(n) satisfies condition: P{x(n+1)=in+1| x(0)=i0, x(1)=i1, …, 
x(n)=in}, ρ(n) is called a Markov chain, where, i0, i1, …, in∈I. 

Definition 2. Conditional probability pij(n)=p{xn+1=j| xn=i} (i,j∈I, n≥0) is called one-step 
transition probability of Markov chain with state space I. Let P be one-step transition probability 
matrix which is made of pij, and P=(pij). 
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Definition 3. Conditional probability )2(
ijp =p{xm+1=k| xm=g}(k,g∈I, m≥0) is called two-step 

transition probability of Markov chain with the state space I. And P(2)=( )2(
ijp ) is named two-step 

transition probability matrix, where )2(
ijp ≥0, and ∑

∈Ij
ijp )2( =1. 

Definition 4. Second order Markov model can be denoted by λ=(π, P, P(2)), where π=(π1, π2,…πk) 
is the initial state and k is the number of possible states of the sequences. 

Characteristic matrix of DNA Sequence. For all the DNA sequences, we have I=∑. The next 
base has nothing to do with the last one. Therefore, DNA sequence can be treated as Markov chain 
and it also can be described by two-step transition probability. Hence, each DNA sequence is 
corresponding to one P(2) which is looked on as its characteristic matrix. So we have: 

P(2)= ( )2(
ijp )=
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In term of Definition 1, we have )2(
ijp =PiAj+PiCj+PiGj+PiTj, where i, j∈∑. Here, 

PiAj=
iTiGiCiA

iAj

NNNN
N

+++ . PiCj, PiGj and PiTj can be deduced from this. Hence )2(
ijp  can be represented as 

follow: 

)2(
ijp =

iTiGiCiA NNNN
Nij

+++ .                                                                                                                                   (2) 
In Eq. 2, Nij=NiAj+NiCj+NiGj+NiT. Nij indicates how many times the base pair ij can be present. 

Meanwhile, NiAj shows how many times three successive bases iAj can be present. 
DNA Sequence Similarity Measurement. Given two DNA sequences D1 and D2, let 
)2(

1DP =( )2(1ijp ) and )2(
2DP =( )2(2ijp ) be their characteristic matrixes respectively. In order to achieve DNA 

sequence homology recognition, we come up with DNA sequence similarity measurement ξ as 
follows: 

ξ=∑ ∑
∈ ∈

−
Ii Ij

ijij pp 2)2()2( )21( .                                                                                                                                   (3) 

Definition 5. DNA sequence homology recognition: Given an unidentified sequence S and 
arbitrary number of identified sequence D1, D2,…, Dn, let ξ1, ξ2,…, ξn be the similarities between S 
and each Dk (1≤k≤n). Suppose ξk=min{ξ1, ξ2,…, ξn}, we can determine that S is homologous with 
Dk. 

Example and Algorithm 

Example. Given two identified DNA sequences D1 and D2, determine an unidentified DNA 
sequence S comes from D1 or D2. Here S=GATCACAGGTCT, and: 

D1=ATGGTTGCACCTGACTGATGCTGAGAAGTCTGCTGTCTCTTGCCTGTGGGCAAAG
GTGAACCCCGATGAAGTTGGTGGTGAGGCCCTGGGCAGG. 

D2=ATGGTGCACCTAACTGATGCTGAGAAGGCTACTGTTAGTGGCCTGTGGGGAAGG
TGAACCCTGATAATGTTGGCGCTGAGGCCCTGGGCAG. 

Now, )2(
1DP , )2(

2DP and )2(
SP are calculated according to Eq. 2 and ξ1, ξ2 are calculated according to 

Eq. 3. All the results are listed as follows: 
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)2(
1DP =



















2174.03478.01739.02609.0
3125.02500.02500.01875.0
2000.04500.02500.01000.0
1765.05294.01765.01176.0

, )2(
2DP =



















1429.03333.01429.03810.0
2813.03125.02188.01875.0
2222.04444.02222.01111.0
2105.04211.02105.01579.0

, 

)2(
SP =



















5000.00000.00000.05000.0
6667.00000.03333.00000.0
0000.05000.05000.00000.0
0000.03334.03333.03333.0

, ξ1=0.7679, and ξ2=0.9256. 

Obviously, ξ1<ξ2. So we can determine that S is homologous with D1 in term of Definition 5. 
Algorithm. In this subsection, our DNA sequence homology recognition algorithm named SHR is 

put forward which is based on similarity measurement ξ and employs second order Markov model. 
SHR algorithm consists of two sub-algorithms which are listed as follows: 

Algorithm 1: calculate two-step transition probability matrix. 
Input: DNA sequence D. 
Output: )2(

DP  
    i, j∈∑={A,C,G,T}; l=1; 
    for(i=’A’; i≤’T’, l≤D.length; i++, l++){ 

if(regionmatches(D, “iA”, l, 2)) NiA++;  if(regionmatches(D, “iC”, l, 2)) NiC++; 
if(regionmatches(D, “iG”, l, 2)) NiG++;  if(regionmatches(D, “iT”, l, 2)) NiT ++;} 

    for(i=’A’; i≤’T’; i++) 
        for(j=’A’; j≤’T’; j++){ 
            if(regionmatches(D, “iAj”, l, 3)&& l≤D.length) {NiAj++; l++;} 
            if(regionmatches(D, “iCj”, l, 3)&& l≤D.length) {NiCj++; l++;} 
            if(regionmatches(D, “iGj”, l, 3)&& l≤D.length) {NiGj++; l++;} 
            if(regionmatches(D, “iTj”, l, 3)&& l≤D.length)  {NiTj++; l++;} } 
    for(i=’A’; i≤’T’; i++) 
        for(j=’A’; j≤’T’; j++) 

calculate each )2(
ijp =

iTiGiCiA NNNN
Nij

+++  and obtain )2(
DP ; 

Algorithm 2: calculate similarities between each Di and S. 
Input: identified DNA sequences D1, D2,…, Dn, unidentified DNA sequence S. 
Output: ξminimum. 
    i, j∈∑={A,C,G,T}; 

Calculate )2(
SP by use of Algorithm 1; 

for(k=1; k≤n; k++) { 
Calculate )2(

DkP by use of Algorithm 1; ξk=0; 
        for(i=’A’; i≤’T’; i++){ 
            for(j=’A’; j≤’T’; j++)    tempk=( )2(

ijpDk − )2(
ijpS )2;} 

        ξk +=tempk;} 
    ξminimum= min{ξ1, ξ2,…, ξn}; //It means Dminimum has the homologous with S 
Contrast Experiments. In this section, the contrast experiments are done between our SHR 

algorithm and FPM algorithm [8]. Both of them are implemented by use of Java in our experiments.  
We select six identified subsequences of DNA sequences. D1=V0062, D2=U20753, D3=D38114, 

D4=V00711, D5=AJ001588, and D6=AJ002189 which are the mitochondrion DNA sequences of 
human, cat, gorilla, mouse, rabbit, and pig respectively. All of them can be downloaded from the 
National Center for Biotechnology Information website (See: http://www.ncbi.nlm.nih.gov). 
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Subsequently, we randomly select three unidentified DNA sequences as follows: 
S1=GATCACAGGTCT, S2=CTGAGATCTGA, and S3=TCGATCTGACTTT.  

In the respect of DNA sequence homology recognition, ξ is used as similarity measurement in 
SHR algorithm (Eq. 3), but frequency f is used as similarity measurement in FPM algorithm [8]. 
Therefore, i

kξ is employed to denote the value of similarity between Si and Dk. At the same time, i
kf is 

used to denote the frequency that Si appears in Dk. The results of contrast experiments are shown in 
Table 1, where t indicate the time to compute each i

kξ or i
kf , and its unit is second. 

Table 1. The results of contrast experiments 
Dk & 

Si 
D1 D2 D3 D4 D5 D6 

i
1ξ  if1  i

2ξ  if2  i
3ξ  if3  i

4ξ  if4  i
5ξ  if5  i

6ξ  if6  
S1 0.8297 7 0.7438 19 0.8054 13 0.6137 32 0.8092 10 0.7628 21 

t 0.790 0.811 0.903 0.970 0.840 0.892 0.780 0.793 0.621 0.756 0.940 1.200 

S2 0.6839 35 0.8124 3 0.8346 6 0.7960 17 0.7391 23 0.8625 10 

t 0.762 0.780 0.965 1.020 0.823 0.947 0.740 0.841 0.632 0.779 0.920 0.991 

S3 0.9530 6 0.6320 39 0.7245 27 0.8102 18 0.8236 13 0.7520 20 

t 0.757 0.792 0.912 1.140 0.862 0.956 0.773 0.890 0.655 0.740 0.961 1.302 

From the Table 1, we can find that: (1) Both SHR and FPM can obtain the right results. That is to 
say, S1 and D4 have the homology, S2 and D1 have the homology, and S3 and D2 have the homology. 
(2) In the same experimental environment, processing the same data set, SHR is better than FPM in 
term of the computing time. 

Summary 

DNA sequence homology recognition is a key problem in bioinformatics. We solve this problem 
by use of probability method instead of traditional sequence alignment because the character set of 
DNA sequence satisfies the Markov properties. In this paper, we first present the relative concepts 
and definitions. And then second order Markov model is used to describe characteristic of DNA 
sequence. We also define similarity measurement by utilizing two-step transition probability so as to 
realize DNA sequence homology recognition. Our DNA sequence homology recognition algorithm 
SHR is put forward after an example. In succession, the contrast experiments are done between SHR 
and FPM. The results show that SHR algorithm can correctly recognize the DNA sequence homology 
at an even faster processing speed. 
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