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Abstract: In statistical methods of predicting protein secondary structure, many researchers 
focus on single amino acid frequencies in α-helices, β-sheets, and so on, or the impact near 
amino acids on an amino acid forming a secondary structure. But the paper considers a 
short sequence of amino acids (3, 4, 5 or 6 amino acids) as integer, and statistics short 
sequence’s probability forming secondary structure. Also, many researchers select low 
homologous sequences as statistical database. But this paper select whole PDB database.  
In this paper we propose a strategy to predict protein secondary structure using simple 
statistical method. Numerical computation shows that, short amino acids sequence as integer 
to statistics, which can easy see trend of short sequence forming secondary structure, and it 
will work well to select large statistical database (whole PDB database) without considering 
homologous, and Q3 accuracy is ~74% using this paper proposed simple statistical method, 
but accuracy of others statistical methods is less than 70%. 
 
Keywords: Short amino acid sequence, Protein Secondary Structure Prediction, Statistical 
method. 

 
Introduction 
Protein secondary structure prediction is important one for protein folding [1, 2].  
Its development goes from Chou-Fasman [3], GOR [4] statistical methods, to now popular 
neural network and multiple sequences alignment [5-12]. Traditional statistical methods are 
simple and easy to implement, but prediction accuracy Q3 is lower than 65%. And research 
on statistical methods is seldom now. The best prediction accuracy Q3 64.4% was claimed by 
GOR IV [13]. Improved Chou-Fasman method claimed that prediction accuracy Q3 was 56% 
[14]. Survey shows that, for pairwise sequence identities of > 35%, these secondary structure 
mappings are typically more than 90% accurate, and nearly 3/4 of newly deposited PDB 
structures have sequence identities greater than 25% to a pre-existing structure [15].  
So in GOR V, multiple sequence alignment is used [16, 17]. We should consider using 
multiple sequence alignment if query sequences have homologous sequence of known 
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structure. This paper does not consider multiple sequence alignment and only uses simple 
statistics method, but the prediction accuracy is remarkably improved compared to other 
statistical methods without sequence alignment. 
 
Proposed statistical methods 
We compute probability of short sequence of amino acids as an integer forming secondary 
structure as follow: 
 

i
i

np
n

= , i = H, E, C state, (1) 

 
where n is the number of a short sequence of amino acids in statistical database, ni is the 
number of a short sequence of amino acids forming helix (H), sheet (E), coil (C), or mixed in 
statistical database. It is very difficult to determine mixed secondary structure. So we do not 
compute its probability.  
 
Next n and ni are explained. For example, in statistical database, PDB ID of a protein 
sequence is 1A1U, its amino acids sequence is as follow: 
 

DGEYFTLQIRGRERFEKIREYNEALELKDAQAGKE 
 
If we consider RFE of the short sequence of 3 amino acids, then the 1A1U chain has one short 
sequence. We add up all the short sequences in statistical database, the total number is n for 
the short sequence. And we consider the short sequences of amino acids forming helix, where 
the secondary structure code of the short sequences is HHH. We add up all the short 
sequences forming helix in statistical database, the total number is ni for the short sequence. 
 
The prediction rules for proposed method are concluded as follow: 
 
Firstly, probabilities for short sequence of 3, 4, 5, and 6 amino acids forming secondary 
structure are computed. The statistical sequences and secondary structure data comes from 
PDBFINDER database [18]. According to the amount of computation, cutoff of forming 
secondary structure for 3, 4, 5, and 6 amino acids short sequences is 0.4, 0.5, 0.6, and 0.6, 
respectively. Next, we explain how to select the cutoff. For example, for the purpose of 
selecting the cutoff of forming secondary structure for 5 amino acids short sequences, we 
computed secondary structure prediction accuracy rate using the 126 protein set as test set 
[19] with the cutoff changing from 0.3 to 0.9, the results is in the Fig. 1. From the figure, 
prediction accuracy rate is not sensitive to the cutoff. In the paper, we select 0.6 as the cutoff. 
 
Then, the initial secondary structure is set to coil. We assign the short sequence a secondary 
structure if the probability of short sequence of 5 and 6 amino acids forming secondary 
structure is more than cutoff 0.6. If the number of a short sequence in the database is less than 
10, the cutoff is set 1.0. 
 
Results and discussion 
Helix and sheet cannot exist in separate amino acid, so short sequence of amino acids should 
be considered as an integer, the integer may form helix, sheet, coil or mixed secondary 
structure. 
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Fig. 1 Changes in the probability of the formation 

of secondary structure for five amino acids short sequence 
 

 
Why does this paper select 3, 4, 5, 6 amino acids’ sequence to compute? According to the 
computation, 3, 4, 5, 6 amino acids’ sequence have obvious improvement for prediction 
accuracy, and 7 and 8 amino acids’ sequence hardly have improvement for prediction 
accuracy. So we only consider 3, 4, 5, 6 amino acids’ sequence. Table 1 is comparison of 
secondary structure prediction for all combination of short sequences of 3, 4, 5, and 6 amino 
acids. This show the selection of proposed method is rational and the shorter sequence, the 
blurrier the orientation forming a secondary structure. And combination of whole short 
sequences of 3, 4, 5 and 6 amino acids is good selection. 
 
 

Table 1. Q3 accuracy comparison for all combination  
of short sequences of 3, 4, 5, and 6 amino acids 
Short 

sequences 
126 

protein set 
396 

protein set 
2180 

protein set
3 60.9 59.9 59.7 
4 70.5 66.4 63.8 
5 85.3 79.3 77.5 
6 87.2 83.2 83.8 

3, 4 70.6 66.9 64.7 
3, 5 85.4 79.8 78.3 
3, 6 87.3 84.0 85.3 
4, 5 85.6 79.9 78.2 
4, 6 88.5 84.6 85.3 
5, 6 89.2 85.2 86.3 

3, 4, 5 85.5 79.8 78.3 
3, 4, 6 88.1 84.6 85.4 
3, 5, 6 89.1 85.3 86.6 
4, 5, 6 89.4 85.5 86.5 

3, 4, 5, 6 89.3 85.4 86.5 
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The 126 protein set comes from Rost and Sander [18]. The 396 protein set comes from 
reference Cuff and Barton [6]. The 2180 protein set comes from 
http://swift.cmbi.kun.nl/whatif/select/. 
 
Table 2 presents Q3 and Sov accuracy comparison with different methods based on test set, 
126 protein set [19]. The 126 protein set was used by many papers as test set. We select new 
153 protein set (not included in statistical database and released from 2007-11-30 to 2007-12-
14 in PDB), and the set’s sequence identities is less than 25%. This shows that the proposed 
method is remarkably better than GOR IV [13], GOR V [16], and Jpred [12] using 126 protein 
test set. The three methods’ results were computed using their web service in April 10, 2008. 
 
 

Table 2. Q3 and Sov accuracy comparison  
with several different methods based on 126 protein set 

Method Proposed GOR IV GOR V Jpred 
Q3% 89.3 66.8 72.5 80.8 
Sov 84.3 61.8 68.3 77.4 

Sov is a assessment method for protein secondary structure prediction [13]. 
 
 
The results of proposed method comparison with GOR IV [13], GOR V [16], and Jpred [12] 
(see Table 3) using 153 new protein test set (statistical database is all proteins released before 
2007-11-15 in PDB).  
 
 

Table 3. Q3 and Sov accuracy comparison  
with several different methods based on 153 new protein set 

Method Proposed GOR IV GOR V Jpred 
Q3% 73.7 60.8 67.6 80.7
Sov 68.2 57.5 64.5 78.8

 
 
Our results of Q3 = 73.7% and SOV = 68.2% compare favorably with the averaged values of 
Q3 = 69.7% and SOV = 66.9% from the 3 techniques. Also, as listed in Table 4, the accuracy 
of Q3 improves with the volume of data; the greater the volume, the higher the accuracy of 
the protein secondary structure prediction. The Q3 accuracy of protein sequence 2VCIA  
(PDB ID, 208 amino acids) secondary structure prediction is 86.1% using the proposed 
method. Picture about the prediction results using Rasmol software is shown in Fig. 2.  
In Fig. 3 a comparison with observed and predicted protein secondary structure using  
2D representation [21] about protein sequence 2VCIA is presented.  
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Table 4. Q3 accuracy change  
with statistical database development 

Latest released date of PDB proteins 
as statistical database Q3(%) 

2007-01-01 71.1 
2006-01-01 69.0 
2005-01-01 67.5 
2004-01-01 65.6 
2003-01-01 64.2 
2002-01-01 63.4 
2001-01-01 61.8 
2000-01-01 60.6 

 
 

Fig. 2 Prediction results on protein sequence 2VCIA  
(using Rasmol software)  

(the red is not predicted correctly) 
 
 

 
Fig. 3 Prediction results on protein sequence 2VCIA  

(using 2D representation [20]).  
Note: 1 denotes helix, -1 denotes sheet, 0 denotes coil. 
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Conclusion 
In classic statistical methods of predicting protein secondary structure many researchers focus 
on single amino acid frequencies in α-helices, β-sheets, and so on, or the impact near amino 
acids on an amino acid forming a secondary structure. But we consider a short sequence of 
amino acids (3, 4, 5 or 6 amino acids) as integer, and statistics short sequence’s probability 
forming secondary structure. Also, many researchers select low homologous sequences as 
statistical database. But this paper selects the entire PDB database. We propose a strategy to 
predict protein secondary structure using simple statistical method. Numerical computation 
shows that, short amino acids sequence as integer to statistics, which can easy see trend of 
short sequence forming secondary structure, and it will work well to select large statistical 
database (whole PDB database) without considering homologous, and Q3 accuracy is ~74% 
using this paper proposed simple statistical method, but accuracy of others statistical methods 
is less than 70%. The proposed method is promising and simple. 
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