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Abstract 
Protein sequence analysis is an important tool to decode the logic of life. One of the 
most important similarity measures in this area is the edit distance between amino ac-
ids of two sequences. We believe this criterion should be reconsidered because protein 
features are probably associated more with small peptide fragments than with indi-
vidual amino acids. 

In this paper, we design small patterns that are associated with highly conversed 
regions among a set of protein sequences. These patterns are used analogous to the 
index terms in information retrieval. Therefore, we do not consider gaps within pat-
terns. This new similarity measure has been applied to phylogenetic tree construction, 
protein clustering and protein secondary structure prediction and has produced 
promising results.  

 
Keywords: protein sequences, pattern, highly conserved region, protein similarity, 
protein clustering, phylogenetic tree, protein secondary structure prediction. 
 
1. Introduction 
In protein sequence analysis, we often need to know the evolutionary, functional, or 
structural relationships between two sequences. We are mainly interested in how 
similar they are. One common similarity measure is the edit distance [9, 15]. Edit 
distance concerns with how many edit operations (insertion, deletion, or substitution) 
on individual amino acids are required to transform one sequence into another. How-
ever, we suspect that protein features are probably associated more with small peptide 
fragments than with individual amino acids. In this paper, we define a new similarity 
measure based on small fragments, and re-examine several important applications 
based on this new measure to illustrate its usefulness.  

There are various approaches to discover motifs, including statistical approaches 
[1, 4, 8, 11, 12] and computational approaches [3, 16]. However, many motifs discov-
ered by such approaches are not so conserved in the biological sense. We aim to find 
patterns associated with more probable conserved regions. We propose a coding 

                                                 
* Corresponding author. Postal address: Institute of Information Science, Academia Sinica, Taipei 115, 
Taiwan. Email: hsu@iis.sinica.edu.tw. Phone: +886-2-27883799 ext. 1804. Fax: +886-2-27824814. 



 2

scheme to find all short patterns for a set of protein sequences. To maintain computa-
tional efficiency, we restrict ourselves to find only patterns of length 4. These patterns 
are used analogous to the index terms in information retrieval. Therefore, we do not 
consider gaps within patterns.   

To verify the usefulness of patterns, we have carried out several experiments 
based on the new similarity measure. A pattern-based protein secondary structure pre-
diction algorithm has been implemented. We use DSSP protein dataset to test the al-
gorithm, and have obtained good Q3 evaluation scores. We also use PIR protein se-
quences for experiments and have obtained a 98% consistency in protein clustering. 
Our approach does not require time-consuming training or any tuning to cluster pro-
teins. These experiments can be carried out in a few seconds using an Intel Pentium 4 
2.4GHz processor with 512MB main memory.  

The rest of the paper is organized as follows. In Section 2, we discuss our ap-
proach to find short patterns. In addition, we compare pattern similarity and sequence 
similarity. In Section 3, a pattern-based protein secondary structure prediction ap-
proach is implemented and results are reported. Pattern-based approaches to phyloge-
netic analysis and protein clustering are discussed in Section 4. Finally, concluding 
remarks are given in Section 5. 
 
2. Finding Short Patterns  
Highly conversed regions among a set of protein sequences are useful and interesting 
targets in proteomic research. The term highly conversed regions implies that the cor-
responding subsequences are not exactly the same, but only similar. Therefore, exact 
matching becomes less desirable for identifying these regions. However, if we can 
apply exact matching on a set of sequences whose partial similarity has been 
pre-indexed, the problem would become much easier to solve. To achieve this, we 
transform protein sequences by grouping amino acids into different sets according to 
their similarity, and assign each set a unique code. Protein sequences are then trans-
formed into coding sequences. Exact matching is performed on the coding sequences 
(rather than the original amino acids) to identify patterns. 

In this section, we present an algorithm to find short patterns of protein sequences. 
This algorithm serves as a basic module for further applications including phyloge-
netic analysis, protein clustering, and protein secondary structure prediction. 

2.1. Pattern Generation Algorithm  
Many substitution matrices are available on the web for representing similarity among 
amino acids, where each entry mij of a substitution matrix M represents the “normal-
ized probability” (score) that amino acid i can mutate into amino acid j. Usually a 
threshold of scores is determined by users to define similar amino acids according to 
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user preference on recall or precision. One could choose a lower threshold to obtain 
better recall, and a higher threshold for better precision. 

Among many substitution matrices, PAM [2] and BLOSUM [5] families are 
most widely used. We use BLOSUM62 as our substitution matrix in this paper based 
on the comparison mentioned in [5]. Two amino acids are considered similar if they 
have a positive score in BLOSUM62. Note that BLOSUM62 is a symmetric matrix, 
i.e., a being similar to b implies that b is similar to a. We shall consider peptides con-
sisting of four amino acids. The reason to consider peptides of size 4 (rather than 3 or 
5) is to balance sensitivity and specificity.  

Note that similarity of amino acids is not a transitive relation. For example, 
based on the score in BLOSUM62, T is similar to S and S is similar to N, but T is not 
similar to N. Hence, it is not possible to partition the 20 amino acids into similarity 
classes. This fact inevitably complicates our computation of similar peptides. It fur-
ther creates a problem when we consider a set of peptides to be similar.  

To clarify these points, let us consider the following similarity graph G on pep-
tides of size 4. The vertex set of G is the set of all peptides of size 4. Two such pep-
tides are considered similar if the two amino acids in each corresponding position (i.e. 
1, 2, 3 and 4) are similar. The edge set of G is the set of similar peptide pairs. In graph 
G, a set of peptides are pair-wise similar iff they form a clique (a complete subgraph) 
in G. However, this entails that, at every position of this set of peptides, the set of 
amino acids must be mutually similar. Such a condition is rather restrictive since the 
clique size is not likely to be very large. Furthermore, finding cliques in a graph is 
also a time-consuming process. Therefore, such a criterion does not seem to be robust 
enough to discover similarity for protein sequences.  

In this paper we shall bypass the above similarity graph and consider a new simi-
larity measure, one that is easy to implement with relatively high sensitivity and 
specificity (as illustrated by the applications in Sections 3 and 4). We shall use codes 
to represent similarity among amino acids and use coding sequences to represent 
similarity among peptides. To generate codes, construct a set A = {b | a is similar to b} 
for each amino acid a. Note that a itself must be in A. Twenty such sets are generated 
(see Figure 1). We specifically write a as the first element of the set A to distinguish it 
from the other sets. Not all elements in such a set are similar; for example, in the set 
{S, A, T, N}, S is similar to A, T and N, but A is not similar to T and T is not similar to 
N. However, those dissimilar pairs in such a set tend to have a relatively high scores 
(even though they are not positive) in BLOSUM62. Furthermore, if we add up the to-
tal scores of each element with respect to the other elements in each set, they all tend 
to be reasonably high.  
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{C}, {S, A, T, N}, {T, S}, {P}, {A, S}, 

{G}, {N, S, D, H}, {D, N, E}, {E, D, Q, K}, {Q, E, R, K}, 

{H, N, Y}, {R, Q, K}, {K, E, Q, R}, {M, I, L, V}, {I, M, L, V}, 

{L, M, I, V}, {V, M, I, L}, {F, Y, W}, {Y, H, F, W}, {W, F, Y}. 

Figure 1. 20 sets of similar amino acids. 
 

For ease of exposition and implementation, we remove redundant sets and keep 
the remaining 15 sets. Each set is assigned a code. The codes and their corresponding 
sets are listed in Table 1. In the following exposition, each code represents a set of 
code similar amino acids. We shall use the terms “code” and “code set” interchangea-
bly. A set of amino acids are code similar (or c-similar) if they are contained in the 
same code. 

Table 1. Codes and their corresponding code sets 
Code 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Amino acids

C S 
A 
T 
N 

T 
S 

P A
S

G N
S
D
H

D
N
E

E
D
Q
K

Q
E
R
K

R
Q
K

H
N
Y

M 
I 
L 
V

Y 
H 
F 
W 

F 
Y 
W 

 

Define a pattern to be a sequence of codes of length 4. Each amino acid a can be 
included in more than one code. For example, amino acid S is included in codes 1, 2, 
4, and 6. So its corresponding set of codes is {1, 2, 4, 6}. A peptide of length 4 is said 
to be an instance of a pattern P if the amino acid at each position is included in the 
code at that position of P. A collection of peptides of length 4 are said to be c-similar 
if there exists a pattern P such that each peptide is an instance of P.  

For each protein sequence, we can generate a coding sequence consisting of its 
corresponding sets of codes. For example, given a protein sequence V-L-S-T-D-N, its 
corresponding coding sequence is {12}-{12}-{1, 2, 4, 6}-{1, 2}-{6, 7, 8}-{1, 6, 7}. 
We then use a sliding window of length 4 and scan through this coding sequence. For 
each subsequence of length 4 in the window, we generate all possible patterns. For 
example, consider the coding subsequence {12}-{12}-{1, 2, 4, 6}-{1, 2} created from 
V-L-S-T. We can generate the following 8 patterns: 12-12-1-1, 12-12-1-2, 12-12-2-1, 
12-12-2-2, 12-12-4-1, 12-12-4-2, 12-12-6-1, and 12-12-6-2. For a given pattern, there 
can be peptides from different protein sequences realizing it (when we consider the 
similarity among a collection of protein sequences). We can store these peptides as a 
record of this pattern. We use Protein i(j) to denote the subsequence of protein se-
quence i starting from position j. We show an example of the record of pattern 
12-12-1-1 in Figure 2. 
 



 5

Figure 2. Record of pattern 12-12-1-1. 
 
2.2. Pattern-Based Similarity Measure  
Once all short patterns have been found, we define Pattern(p) to be the set of all pat-
terns contained in the protein sequence p. Two similarity scores, S1 and S2, are defined 
as follows.  

Case 1. If the lengths of different protein sequences can be ignored, define S1(p1, p2) 
as  

S1(p1, p2) = c × | Match(p1, p2) | / (| Pattern(p1) | + | Pattern(p2) |), 

where Match(p1, p2) is the set of patterns shared by sequences p1 and p2, constant c is 
a normalizing factor.  

Case 2. If two protein sequences are required to have similar length, define S2(p1, p2) 
as 

S2(p1, p2) = c × | Match(p1, p2) | / (| Pattern(p1) | + | Pattern(p2) |) 
 - | Length(p1) – Length(p2) |. 

Our coding mechanism reduces the number of candidate fragments to be checked. 
For example, given a peptide sequence V-L-S-T-D-N, the corresponding similar pat-
tern is {V, M, I, L}-{L, M, I, V}-{S, A, T, N}-{T, S}-{D, N, E}-{N, S, D, H}, which 
generates 4 × 4 × 4 × 2 x 3 x 4 = 1536 possible sequences to be checked. However, 
in using the coding sequence {12}-{12}-{1, 2, 4, 6}-{1, 2}-{6, 7, 8}-{1, 6, 7}, the 
number of sequences to be checked is reduced to 1 × 1 × 4 × 2 × 3 × 3 = 72. As 
the length of sequences increases, the coding sequence approach becomes more fa-
vorable.  
 
3. Using Patterns for Protein Secondary Structure Prediction  
Let Q be a set of proteins whose structural information is known, which shall be used 
as our training set. To perform protein secondary structure prediction, we first find all 
patterns in Q. Each pattern is recorded by storing its corresponding proteins, as well 
as their structural information. 

(Pattern: 12-12-1-1) 

Protein 0(23): V-L-S-T 

Protein 3(25): V-L-A-T 

Protein 4(22): V-I-S-T 

Protein 6(23): V-L-S-T 

Protein 8(139): M-L-A-A
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We assume that the secondary structure of a peptide is independent of its length; 
we use S1 to calculate similarity score. To predict the secondary structure of a protein 
p, we first find all patterns of p, and then determine the set P = {q | q ∈ Q, S1(p, q) > 
t}, where t is a cut-off threshold that is used to capture “similar” proteins. Define W(q) 
= S1(p, q) as the weight of q with respect to p; intuitively, similar protein sequences 
have similar structures. 

Now for each pattern x in p, we predict the secondary structure of each amino acid 
xj in x, where xj denotes the j-th amino acid of x. For a type of structure, say helix, we 
find all proteins qi ∈ P that contain x and annotate xj as helix. We then compute the 
score H(xj) that xj is a helix as: 

∑=
i

ij qWxH )()( . 

The score of each type of structure can be obtained similarly, and the type with the 
highest score is predicted to be the structure of xj. If no protein in P contains x, we as-
sign xj to be a helix because of its relative high frequency of occurrences. 

We have randomly downloaded 10,000 proteins, as well as their structural infor-
mation from the DSSP database (http://www.cmbi.kun.nl/gv/dssp/) to evaluate our 
approach. The DSSP database is a database containing secondary structure assign-
ments for all protein entries in the Protein Data Bank (http://www.rcsb.org/pdb/). We 
setup several experiments with different data sizes and cut-off thresholds. The predic-
tion precision is measured by Q3 as follows: 

100
residuesallofnumber 

predictedcorrectly  residues ofnumber 3 ×=Q , 

where Q3 considers three conformational states: helix, strand, and coil. The mean 
precision is defined as follows:  

n

Q
n
∑

=
3

precision Mean , 

where n is the number of proteins to be predicted. 
In each experiment, data sets are randomly selected from the 10,000 proteins. 

Each dataset is partitioned into 10 equal-size groups; one group is used as a testing set 
and the other 9 groups are used as a training set. Each group will in turn be used as the 
testing set. Experimental results are listed in Tables 2, 3, and 4 with cut-off thresholds 
t = 0.25, 0.35, and 0.5, respectively. The field recall rate in these tables is the prob-
ability that a protein in the testing set can find at least one protein in P with similarity 
greater than t. 
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Table 2. Experimental results with cut-off threshold 0.25. 
Training data size Testing data size Mean precision Recall rate 

450 50 86.32 0.868 

900 100 85.81 0.899 

1350 150 85.68 0.906 

1800 200 86.16 0.917 

9000 1000 89.33 0.964 

 
Table 3. Experimental results with cut-off threshold 0.35. 
Training data size Testing data size Mean precision Recall rate 

450 50 92.84 0.734 

900 100 91.84 0.762 

1350 150 91.80 0.783 

1800 200 91.22 0.800 

9000 1000 92.36 0.893 

 
Table 4. Experimental results with cut-off threshold 0.5. 
Training data size Testing data size Mean precision Recall rate 

450 50 95.62 0.682 

900 100 94.72 0.703 

1350 150 94.42 0.708 

1800 200 94.16 0.734 

9000 1000 94.31 0.842 

 
In comparison to previous works [6, 7, 13, 14], we achieve better mean precision 

(see Table 5). Currently we cannot find test data of results reported in other papers nor 
a benchmark for comparison. We believe there are two reasons attributing to this. 
First, two sequences having low sequence similarity may have high pattern similarity, 
which better reflects the similarity of secondary structure. Second, previous work may 
employ low sequence similarity whereas our datasets are randomly selected from the 
DSSP database and are not restricted to low sequence similarity, say 10~30%. Pro-
teins with low similarity in general have lower accuracy of structure prediction.  
 

Table 5. Accuracy comparison results. 
Methods PSIPRED PHD SVM PROF Pattern-based 

Accuracy 76.5~78.3 72~75 73.5 76 85.7~95.6 
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4. Using Patterns for Phylogenetic Tree Construction and Protein Clustering  
Phylogenetic tree construction and protein clustering are conventionally carried out 
based on sequence similarity. We shall use patterns to build a phylogenetic tree and to 
cluster proteins. Among superfamilies with more than 20 proteins from PIR 
(http://pir.georgetown.edu/cgi-bin/nbrflist?super), we randomly select 30 of them. 
Within each superfamily, we randomly select 8 to 16 proteins. Partition these 30 su-
perfamilies into six datasets, each containing five superfamilies. All protein sequences 
are well-mixed and no prior knowledge about the superfamilies is used to build the 
tree. These six datasets are used to perform protein clustering experiments. We 
illustrate phylogenetic tree construction using an arbitrary dataset chosen from these 
six datasets. Phylogenetic trees are constructed using UPGMA algorithm [10]. Figure 
3 shows the phylogenetic tree of the fourth experiment (listed in Table 6). Note that 
the five superfamilies of the experiment are arranged into five subtrees as marked in 
the figure. We assume that homologous proteins have similar lengths, so we apply S2 
similarity measure to build the trees. 

 
Figure 3. A phylogenetic tree of protein superfamilies. 

 
Protein clusters can be naturally obtained from phylogenetic trees. In four out of 
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six experiments, our clusters match those of PIR perfectly. In the other two experi-
ments, 98% of the proteins fall in the same PIR clusters. Note that our experiment 
does not require training, and all experiments can be done in a few seconds. Experi-
mental results are listed in Table 6. The term miss means that a protein is arranged 
into a wrong family. Accuracy reflects the overall fraction of the clusters that matches 
PIR. Almost all 30 superfamilies (348 proteins) are successfully clustered into differ-
ent subtrees. Only two proteins are arranged into different families in PIR, i.e., two 
misses. 

Table 6. Experimental results of the 6 experiments. 

 
It is worth mentioning that our experiments show that proteins with the same sec-

ondary structure tend to be clustered together under our algorithm. For example, we 
have built a phylogenetic tree for the 3',5'-cyclic-GMP phosphodiesterase alpha chain 
superfamily, The results are shown in Figure 4. The tree contains two subtrees. The 
protein names in the first subtree all contain the term “Beta Chain,” whereas those in 
the second subtree all contain the term “Alpha Chain.”  

 

Figure 4. The 3',5'-cyclic-GMP phosphodiesterase alpha chain protein family. 
 

 Experiment 1 Experiment 2 Experiment 3 Experiment 4 Experiment 5 Experiment 6 

Superfamily 1 @6 (12) A9 (12) D652 (8) K7 (11) T229 (14) X6 (9) 

Superfamily 2 @39 (11) D575 (9) H1 (11) K49 (12) U21 (16) Y86 (14) 

Superfamily 3 @50 (11) C2725 (10) H15 (9) L1 (11) V6 (14) Y37 (15) 

Superfamily 4 @79 (8) C3325 (12) I71 (12) T8 (11) V114 (11) Y39 (15) 

Superfamily 5 @44 (13) A52 (8) I148 (8) T36 (12) V132 (13) Y23 (16) 

Number of proteins 55 51 48 57 68 69 

Number of misses 0 1 (S60415) 0 0 1 (F36819) 0 

Accuracy 100% 98% 100% 100% 98% 100% 

Execution time 18.1 sec 15.1 sec 10.4 sec 12.0 sec 24.9 sec 22.4 sec 
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5. Concluding Remarks 
In this paper, we define a new similarity measure based on short patterns. These pat-
terns are used analogous to the index terms in information retrieval; therefore, we do 
not consider gaps within patterns. In our study, phylogenetic tree construction and 
protein clustering using existing algorithms on the basis of patterns works quite well. 
Protein secondary structure prediction using patterns seems to outperform other ex-
isting methods. In the future, we shall apply our approach to comparison-based bio-
logical sequence research, such as multiple sequence alignment. 
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