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Abstract Over the past several decades, biologists have conducted numerous studies examining both general and specific
functions of proteins. Generally, if similarities in either the structure or sequence of amino acids exist for two proteins, then
a common biological function is expected. Protein function is determined primarily based on the structure rather than the
sequence of amino acids. The algorithm for protein structure alignment is an essential tool for the research. The quality
of the algorithm depends on the quality of the similarity measure that is used, and the similarity measure is an objective
function used to determine the best alignment. However, none of existing similarity measures became golden standard
because of their individual strength and weakness. They require excessive filtering to find a single alignment. In this paper,
we introduce a new strategy that finds not a single alignment, but multiple alignments with different lengths. This method
has obvious benefits of high quality alignment. However, this novel method leads to a new problem that the running time
for this method is considerably longer than that for methods that find only a single alignment. To address this problem,
we propose algorithms that can locate a common region (CORE) of multiple alignment candidates, and can then extend
the CORE into multiple alignments. Because the CORE can be defined from a final alignment, we introduce CORE* that
is similar to CORE and propose an algorithm to identify the CORE*. By adopting CORE* and dynamic programming,
our proposed method produces multiple alignments of various lengths with higher accuracy than previous methods. In the
experiments, the alignments identified by our algorithm are longer than those obtained by TM-align by 17% and 15.48%,
on average, when the comparison is conducted at the level of super-family and fold, respectively.

Keywords structure alignment, similarity search, protein structure

1 Introduction

Over the past several decades, biologists have con-
ducted numerous studies examining both general and
specific functions of proteins[1]. However, due to the
time and effort required for the experimental methods
employed by biologists, there are numerous limitations
to these approaches in analyzing protein functions. As
such, automated computer systems have recently been
developed to analyze the functions of multiple proteins
simultaneously[2].

Generally, if similarities in either the structure or
sequence of amino acids exist for two proteins, then
a common biological function is expected[3]. Protein
function is determined primarily based on the structure

rather than the sequence of the amino acids that com-
pose it[4]. The fact that the sequence of amino acids
can be mutated into other forms during evolutionary
processes while the structure generally remains intact
is evidence of this[5]. In this context[6], it has been
shown that replicate proteins can be artificially con-
structed from existing proteins when the two proteins
have similar functions and structures even with differ-
ent amino acids sequences. That is, the structure of
functionally related proteins provides additional insight
into their functional mechanisms and this knowledge
has been successfully applied to the functional anno-
tation of proteins whose structure has been previously
identified[7-8].
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The structure alignment problem (SAP) is the term
applied to the need to find the superposition and the
transformation that allow the backbones of two pro-
teins to be aligned resulting in the highest similarity
score. The superposition is a mapping that is com-
pleted between the residues of two proteins, and the
transformation is the combination of the rotation and
translation of the proteins. The structure superposition
problem (SSP) requires that the superposition of a pro-
tein is already known, and it is easier to solve than the
SAP, as the former only requires the determination of
the transformation leading to an optimal alignment[9].
The SSP can be solved in linear time as a function
of the number of residues in the protein[10] through a
process of combining the rotation and translation of
the proteins to minimize their root mean square devia-
tion (RMSD). However, the SAP is a non-deterministic
polynomial-time hard (NP-hard) problem[11], and thus,
most methods used to address this problem employ a
heuristic approach[12-13].

A general framework for the development of an algo-
rithm for the SAP consists of the following four steps[9]:
1) represent the structure of the two proteins to be
aligned in spatial coordinates; 2) align the two pro-
tein structures; 3) optimize the alignment; and 4) eva-
luate the statistical significance of the alignment using
Z-scores or other methods. The quality of the algorithm
depends on a quality of the similarity measure that is
used, and the similarity measure is an objective func-
tion used to determine the best alignment of the two
proteins[14]. Most SAP algorithms employ the cRMSD
(coordinated root mean square deviation) as the simi-
larity measure. However, when using the cRMSD, it is
difficult to intuitively judge the level of similarity of the
two protein structures[15]. Better alignment is expected
when the alignment length is long and the cRMSD is
small. However, the alignment length and the cRMSD
are positively correlated, such that when the alignment
length is longer, the cRMSD is larger. As such, many
studies that examine the SAP attempt to balance the
two parameters through the use of many heuristics or
statistical methods. Although several usable SAP al-
gorithms have been developed, none has resulted in a
golden or optimal rate. In particular, it is difficult to
determine which would be the more accurate alignment
in the following example: (100, 3.2 Å) or (104, 3.3 Å),
which means (alignment length, cRMSD).

In this paper, a new strategy is employed that finds
not a single alignment, but multiple alignments with
different lengths. This method has obvious benefits in
that it does not require that the two parameters be
balanced. However, this novel method leads to a new
problem. Specifically, the running time for this method

is considerably longer than that for methods that find
only a single alignment. To address this problem, we
propose algorithms that can locate a common region of
multiple alignments, and can then extend the common
region into multiple alignments.

The SAP has been established as an NP-hard task.
Thus, to reduce the complexity of the SAP, the majo-
rity of researchers have simplified the SAP by adjusting
it to take on the form of the SSP. In this approach, the
substructures are first aligned, resulting in significantly
less computational cost, and then, the aligned substruc-
tures are used as a superposition to aid in the alignment
of the remainder of the structure.

2 Related Work

Protein alignment algorithms can be classified into
three categories according to the type of data that is
used in the algorithms[16]. Specifically, the algorithms
in the first, second and third categories use the Cα

atom, Secondary Structure Element (SSE), and geo-
metric hashing, respectively.

For protein alignment algorithms in the first cate-
gory, the simplest method involves using the Cα atom
in dynamic programming. The best-known of these
methods are DALI[5] and CE[17]. Double Dynamic
Programming[18], Iterative Dynamic Programming[19]

and MINRMS[20] are based on multiple forms of dy-
namic programming.

The DALI aligns protein structures through the use
of distance matrices. A distance matrix is an n × n
matrix, representing the distance between each pair of
residues of the underlying protein structure. Specifi-
cally, the cell at the i-th row and the j-th column of the
distance matrix denotes the distance between the i-th
residue and the j-th residue in the protein structure.
Proteins with similar structures produce similar dis-
tance matrices. To align the structures of two proteins,
DALI compares their distance matrices. To reduce the
processing time for this type of alignment, DALI di-
vides the distance matrix of each protein structure into
segments and identifies segment pairs with similar dis-
tance patterns. Then, the overlapping segment pairs
identified in the previous step are combined into larger
segment pairs to maximize the similarity score.

Rather than using distance matrices, the CE ap-
proach divides protein structures into fragments and
finds pairs of these fragments, called aligned fragment
pairs (AFPs), which display high levels of similarity.
Next, similar to the segment pairs found using the
DALI, the AFPs are extended into a final alignment.

The computational cost of methods that are based
on dynamic programming, such as DALI and CE, de-
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pends upon the length of the protein structures to be
aligned. Both DALI and CE have adopted a heuris-
tic approach to reduce computational cost by treat-
ing a certain number of Cα atoms as a single process-
ing unit. However, these methods do so without con-
sidering the similarity of the protein structures to be
aligned. Therefore, even if the two protein structures
being aligned have a high level of similarity, each pro-
tein structure has to be broken into multiple fragments
that are subsequently compared with the fragments of
the other protein. One limitation of these methods
is that they require a significant amount of time even
when the protein structures are analogous.

Lotan and Schwarzer proposed an algorithm[21] to
minimize the alignment time by reducing the number
of Cα atoms prior to the alignment process. This al-
gorithm uses a small number of Cα atoms during the
alignment process, and thus, reduces the alignment
time. This method can determine the similarity of
aligned protein structures. However, this method is un-
able to determine which of the residues are responsible
for the alignment.

One method that is representative of the second
category of protein alignment algorithms, called VAST,
uses SSE (Secondary Structure Element)[22]. VAST
is a hierarchical alignment algorithm. The algorithm
initially aligns the two proteins using only their SSE,
which is the higher structure data than the Cα atoms.
Next, the aligned result is used as a superposition that
is extended into the Cα atom level. One of the strengths
of this type of algorithm is that it allows for the super-
position to be more quickly identified through the use
of SSEs rather than Cα atoms, thus reducing the to-
tal alignment time. However, in this process, there are
still proteins whose Cα atoms are identified although
the SSEs are not, and this limits the usage of this
algorithm. Information about the Cα atoms can be
obtained through nuclear magnetic resonance (NMR)
spectroscopy and/or X-ray crystallography. Typical
programs used to locate SSEs include DSSP[23] and
STRIDE[24].

The third category of algorithms uses geometric
hashing, which converts reference frames into hash val-
ues and stores them as a hash table. Protein struc-
tures are then aligned using these hash values as frames
of reference. 3-D (3-dimensional) lookup[25] is another
representative algorithm used in the alignment of pro-
tein structures, and this method employs the SSE as a
reference frame. Additionally, Nussinov and Wolfson[26]

have proposed a protein structure alignment algorithm
that employs the Cα atom as a reference frame[27].
However, the accuracy of these methods is low as only
the predefined reference frames are used during the
alignment process.

Recently, Erdmann[28] proposed a protein structure
alignment algorithm. To align the protein structure,
this algorithm finds the helix and intersections of each
protein structure by employing knot theory and geo-
metric convolution. Although two protein structures
may not be similar as a whole, this algorithm deter-
mines that they are analogous if the proteins have a
similar helix or intersection.

TM-align[29] is an up-to-date algorithm that com-
bines the use of the TM-score[30] rotation matrix and
dynamic programming (DP). The major difference be-
tween the TM-align and other DP-based algorithms is
that the TM-score rotation matrix, rather than the
Kabsch RMSD rotation matrix, is exploited in both
the heuristic DP iterations and final alignment selec-
tion. However, when using the TM-align, it is difficult
to identify an alignment that has the longest evolution-
ary distance among multiple results which can be found
by the TM-align because the TM-score weights the close
matches stronger than distant matches.

3 Problem Definition

In this section, the SAP is defined as a numerical
formula. The protein structure, S, is given with the
complete set of x, y, z coordinates for all atoms. This
representation can be further reduced to the α-carbon
backbone atoms, S = 〈ri〉ni=1, where n is the number
of amino acids. The amino acids are ordered accord-
ing to the preexisting order on the protein chain. The
substructure of protein, u = 〈qi〉ki=1, u ⊂ S, is the struc-
ture that is a subset of atoms in S. uk and Pk denote
the substructure and the set of substructures with the
same length respectively, where k is the length of the
substructure. Fig.1(a) and Fig.1 (b) show an example
of S and u respectively.

Fig.1. (a) Protein structure, S. (b) Sub-structure, u. (c) Trans-

formation, T .

In this paper, structure alignment refers not to the
global alignment but to the local alignment. Therefore,
a similarity measure for substructures is needed. It is
denoted by M(ua, ub|F ), where F is a similarity func-
tion that expresses the similarity between ua and ub.
Here a larger value of F implies that the pair is more
similar. Although cRMSD and dRMSD (distance root
mean square deviation) are distance functions, they are
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adequate representations of F because they have been
converted to a similarity function through a conver-
sion formula, sim = 1/(1 + dist), where sim denotes
similarity and dist denotes distance. Specifically, our
proposed method uses cRMSD as the F , and M is rep-
resented as follows:

M(ua, ub|F ) =1/(1 + cRMSD(ua, ub))

=1
/(

1 +

√∑k
i=1 di

k

)
,

k = |ua| = |ub|, di = |qa
i − qb

i |.

Based on this definition, the SAP is defined as fol-
lows:

SAP(Sa, Sb) = (ua, ub)

= arg max
ua,ub

M(ua, ub|F ),

ua ⊂ Sa, ub ⊂ Sb, |ua| = |ub|.

The formulas outlined above are explained through
the following steps. First, all substructure pairs (ua, ub)
on Sa and Sb are populated. Second, M for every pair
is computed, and the pair (u∗a, u∗b) for which M is the
highest is chosen as the final result.

However, this formula needs to be modified since it
is possible for S to be rotated (rotation) or translated
(translation) in 3-D space, and these actions are called
transformation. Therefore, even when the same pair is
aligned, its M may have a very different value as a result
of transformation. For this reason, the SAP is redefined
with the following formula including transformation, T ,
shown in Fig.1(c).

SAP(Sa, Sb) = (u∗a, u∗b, T ∗)

= arg max
ua,ub,T

M(T (ua), ub|F ),

ua ⊂ Sa, ub ⊂ Sb, |ua| = |ub|,

where (u∗a, u∗b) and T ∗ indicate a superposition and a
transformation, respectively.

4 Similarity Measure

The cRMSD has a critical weakness as a similarity
function as it does not reflect the alignment length. For
example, when there are two alignments, |ua′ | = |ub′ | =
21 with cRMSD = 0.2 Å and |ua′′ | = |ub′′ | = 36, with
cRMSD = 0.3 Å, the former is the better alignment ac-
cording to cRMSD. However, in this example, the latter
is clearly the better alignment if the alignment length
is considered in addition to cRMSD.

Due to this problem, the SAP algorithms using
cRMSD have proposed similarity measures that com-

bine cRMSD and alignment length. To find an op-
timum or golden rule for the combination of cRMSD
and alignment length, many researchers have applied
heuristics that have been identified based on the ex-
perience of these researchers and therefore reflect the
subjective views of the particular researcher. Thus, a
particular user is unlikely to identify the best align-
ment by using another researcher’s algorithm if their
perspectives differ.

In order to address the problem of the cRMSD-based
SAP, a straightforward solution is proposed that finds
not a single alignment but multiple alignments, each of
which is the best alignment for each individual align-
ment length. Fig.2 shows an example of difference be-
tween a single alignment and multiple alignments.

SAP(Sa, Sb) =
N⋃

k=1

SAP(P a
k , P b

k),

N = min(|Sa|, |Sb|)
= (ua∗

1 , ub∗
1 , T ∗1 ) ∪ · · · ∪ (ua∗

i , ub∗
i , T ∗i )

∪ · · · ∪ (ua∗
N , ub∗

N , T ∗N ).

Fig.2. Single alignment versus multiple alignments with differ-

ent lengths. (a) Single alignment. (b) Multiple alignments with

various lengths.
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The method for finding multiple alignments is a sim-
ple and objective way to address the aforementioned
problem. However, the amount of time required for
this technique will be N - times longer than that of the
methods that find a single alignment if a näıve algo-
rithm is used to find the multiple alignments (where N
is the number of alignments). Therefore, in order to re-
duce the time-complexity, the CORE-based alignment
is introduced in the next section.

5 CORE Algorithm

In this section, the CORE is introduced and the
method for finding it and using it to find multiple align-
ments with various lengths is explained.

To reduce the processing time required to find mul-
tiple alignments, the ideas proposed in [31] are utilized.
Heuristic-based algorithms typically find a local opti-
mum not a global optimum. Shown in Fig.3, a com-
mon region with long length residues exists between
the local optima[31]. Thus, if an algorithm is developed
to locate this common region, the time-complexity for
finding multiple alignments may be reduced. Therefore,
the common region is defined as the CORE, and an al-
gorithm to find the CORE and to extend the CORE
into multiple alignments is proposed herein.

Finding the CORE (step 2 in Fig.4) is the most im-
portant step in the proposed algorithm. According to
the analysis of alignments produced by various SAP al-
gorithms, two characteristics of the final alignment were
identified. One of these characteristics is that the num-
ber of fragment-pairs in the alignment is small. The
fragment is defined as f that is a substructure and that

ua = 〈 ra
1 , ra

3 , ra
4 , ra

5 , ra
6 , ra

9 〉
ub = 〈 rb

3, rb
4, rb

5, rb
6, rb

7, rb
8〉

(a)

ua = 〈 ra
2 , ra

3 , ra
4 , ra

5 , ra
6 , ra

9 , ra
10〉

ub = 〈 rb
2, rb

4, rb
5, rb

6, rb
7, rb

8, rb
9〉

(b)

ua = 〈 ra
2 , ra

3 , ra
4 , ra

5 , ra
6 , ra

9 〉
ub = 〈 rb

3, rb
4, rb

5, rb
6, rb

7, rb
8〉

(c)

ua = 〈 ra
3 , ra

4 , ra
5 , ra

6 , ra
11, ra

12〉
ub = 〈 rb

4, rb
5, rb

6, rb
7, rb

11, rb
12〉

(d)

ua = 〈 ra
3 , ra

4 , ra
5 , ra

6 〉
ub = 〈 rb

4, rb
5, rb

6, rb
7 〉

(e)

Fig.3. Various local optima produced by various SAP algorithms.

Each alignment, (a), (b), (c) and (d), has characteristics that re-

flect the heuristics used in SAP algorithms. (e) is the common

region of (a), (b), (c) and (d).

Fig.4. Proposed algorithm.

satisfies the order constraint: qm = ro, qm+1 = ro+1.
The fragment-pair is defined as a pair of f . The number
of substructures and the number of substructure pairs
can be sometime different, shown in Fig.5. For exam-
ple, the number of fragment-pairs in the alignment for
which the length is around 100 is approximately 12.

Fig.5. Example of the fragmentation of a final alignment. (a)

Protein structures, Sa and Sb, consist of 8 and 7 amino acids (or

residues), respectively. (b) Structure alignment for Sa and Sb.

Although both ua and ub have two fragments, their fragmented

positions are not the same. As a result, like (c), the number of

fragment-pairs in the alignment is 3.

The other characteristic is that the lengths of the
fragment-pairs in the alignment do not follow a normal
distribution. The lengths of most fragment-pairs are
much smaller than the average length of the fragment-
pairs, and the longest fragment-pair forms a large por-
tion of the alignment. For example, when the avera-
ge fragment-pair length is 8 (Fig.6 shows the distribu-
tion of fragment-pair length), it is common that the
fragment-pair length pattern in the final alignment is
14-26-2-2-6 rather than 10-8-6-7-9. When comparing
the alignments of highly homologous proteins (e.g., the
family level of the hierarchical SCOP structural classifi-
cation database[32]) the average length of an alignment
and the average lengths of the longest fragment-pair are
127 and 47, respectively.
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Fig.6. Graph showing the distribution of the fragment-pair

lengths: the length of most fragment-pairs is smaller than the

average (= 8).

Definition 1 (CORE). Given an alignment,
(ua∗, ub∗), for two protein structures, Sa and Sb, let
(u
′a∗, u

′b∗) be the aligned fragment-pair that satisfies
the following conditions: u

′a∗ ⊂ ua∗, u
′b∗ ⊂ ub∗, and

u
′a∗ and u

′b∗ are fragments. CORE denotes the longest
aligned fragment-pair.

According to Definition 1, the CORE can be found
only from a final alignment. However, the CORE must
be used as seed to find an alignment. As a solution
to this problem, we introduce CORE* that is simi-
lar to CORE and propose an algorithm to identify the
CORE*.

Definition 2 (CORE*). Given two fragments, fa

and f b, from structures Sa and Sb, respectively, let
fa and f b be the aligned fragment-pair candidates that
satisfy the condition that the similarity score of their
alignment is larger than the user-defined threshold, T .
CORE* denotes the longest aligned fragment-pair can-
didate.

As discussed above, the most significant characteri-
stic of CORE is that its length is significantly longer
than the average length of the fragment-pairs. That is,
if the longest fragment-pair is identified from those with
a similarity level greater than that of the average pair,
it is probably the same as that of CORE. This observa-
tion is more accurate when the length of the CORE is
longer. In a preliminary experiment with a real dataset,
97% of CORE*s, of which length is longer than 32, are
identical to CORE. The remaining 3% of the CORE*
findings only have two mismatches.

A näıve procedure to find CORE* is composed of
the following four steps: 1) generate all fragment-pairs
from Sa and Sb; 2) compute M for all fragment-pairs;
3) remove fragment-pairs for which M is smaller than
the user threshold; and 4) choose the longest fragment-
pair among the survivors of the previous steps as the
CORE*. However, this procedure is time-consuming as
the number of generated fragment-pairs is quite large.
For example, the number of fragment-pairs from Sa

(|Sa| = 120) and Sb(|Sb| = 100) is 439 350. There-

fore, the following two major heuristics are adopted to
increase the speed of the verification process for the
fragment-pairs.

One heuristic is that the verification process pro-
ceeds from the longer fragment-pair to the shorter
fragment-pair as it is desirable to identify the longest
survivor. In particular, the practical maximum length
of CORE*, not the theoretical maximum length, is used
as the beginning length for this process. As an example,
when aligning two structures, Sa and Sb, the lengths of
which are 120 and 100, respectively, the practical maxi-
mum length of CORE is no longer than 43. Nonethe-
less, the theoretical maximum length of CORE* is 100.
This implies that it is needless to compute the M of
fragment pairs over a length of 43.

The other heuristic involves changing the similarity
function from cRMSD to dRMSD and L∞, in order to
increase the speed of the computation of M . CORE*
is found not by the exact value of M , but by knowing
whether the value of M is larger than the user-defined
threshold. According to the analysis, it was deter-
mined that there is a high positive correlation between
cRMSD, dRMSD, and L∞ when the length of CORE*
is long enough. The computation time for cRMSD is
considerably longer than that for dRMSD and L∞ be-
cause cRMSD requires transformation. This appears
to be true when L∞ is used as F , and it is faster to
check whether L∞ of fragment-pair is greater than the
user-defined threshold. Theorem 1 proves this.

dRMSD(ua, ub) =

√∑|A|
i=1

∑|A|
j=1(d

a
ij − db

ij)
2

|A| ,

dij = |ri − rj |,

L∞(ua, ub) = max
d

k∑

i=1

di,

k = |ua| = |ub|, di = |qa
i − qb

i |.

Theorem 1. If a fragment-pair ua and ub, have two
residues with the intra-residue distance of la and lb, re-
spectively, and if |la − lb| is greater than 2d, none of T
satisfies L∞(T (ua), ub) < d, L∞(T (Sa), Sb) < d.

Proof. Let lb > la, L∞(T (ua), ub) < d means that
the two points (=residues) of T (ua) have to be inside
circle O1 and O2, respectively. To find two points meet-
ing the condition, the distance of the two points, la, is
longer than lb − 2d, the nearest distance between O1

and O2. However, if |la − lb| > 2d, none of T satis-
fies L∞(T (ua), ub) < d because la is always less than
lb − 2d. This is proved by the inequality:

|la − lb| > 2d ⇔ lb − la > 2d ⇔ lb − 2d > la. ¤

Lemma 1. Given a fragment-pair, ua and ub, lai
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denotes the distance between ra
i and ra

i+1 and lbi de-
notes the distance between rb

i and rb
i+1. If any i satis-

fies |lai − lbi | > 2d, none of transformation, T , satisfies
L∞(T (ua), ub) < d.

Proof. L∞(T (ua), ub) < d is representative of all of
the distances between the residue pairs that are never
greater than d. However, according to Theorem 1, if
any i satisfies |lai − lbi | > 2d, at least one of the L∞ of a
pair is greater than d. As a result, Lemma 1 is proved.
Fig.7 shows a graphical representation of this proof.

¤

Fig.7. Distance between residues after transformation: la is a

distance between the two contiguous residues of ua and lb is a

distance between two contiguous residues of ub.

6 Extended CORE* Algorithm

The above-obtained CORE* is a seed for the final
alignment. However, the CORE* is too short when
compared to the final alignment. Our analysis deter-
mined that its coverage is not higher than 40% of the
final alignment. The DP is known to have the advan-
tage of accuracy but also have the disadvantage of time-
complexity. The length of the CORE* is too short to
extend using DP. To reduce the running time of the ex-
tension algorithm, a longer seed is needed. Therefore,
multiple CORE*s must be used. We call the multiple
CORE* as E-CORE*.

The first issue to be addressed in composing an E-
CORE* is which CORE* will be chosen. E-CORE*
is an extension of CORE*. In other words, the T of
the selected CORE*s must be similar to one another.
If the two T s are different, the similarity score of the
merged CORE*s, E-CORE*, will likely be decreased
significantly. A second criteria for selecting CORE*s is
that the longer CORE* is preferred because the shorter
CORE* is likely included in the other longer CORE*.
Using these methods, we are able to set priority for
selecting CORE*.

The second question to be addressed is how many
CORE*s should be chosen. There is a trade-off between
the running time and the quality of the final alignment
according to the number of CORE*s in the E-CORE*.
Therefore, recall and precision of E-CORE* must be
examined to determine this parameter. The results are
presented in Table 1.

Table 1. Recall(=Coverage) and Precision with

Varied Number of CORE*

|E-CORE*| Recall Precision

1 0.32 0.98

2 0.46 0.94

3 0.53 0.79

4 0.57 0.68

5 0.61 0.64

6 0.65 0.58

7 0.68 0.51

8 0.72 0.43

Table 1 shows that precision decreases consider-
ably when the number of CORE*s in the E-CORE*
is greater than 3. This result indicates that the third
CORE* included in the E-CORE* contains more mis-
matches than the first or the second. Although it is
desirable to extend the E-CORE* as long as possible in
this step, it is not desirable for the E-CORE* to have
mismatches, as these are challenging to remove during
the next post-processing step.

The precisions of E-CORE* shown in Table 1 is not
1, which means that E-CORE* contains mismatches. If
the mismatches are not eliminated, the precision of the
final alignments will never reach 1. In order to eliminate
the mismatches, a simple heuristic that removes residue
pairs for which the distance is beyond some threshold is
applied to E-CORE*. The threshold is set at 6 Å based
on the analysis shown in Fig.8.

Fig.8. Distribution of the distance between the aligned residue

pairs in the final alignment. The majority of the distances be-

tween the aligned residues are less than 6 Å.

The final step for this algorithm is to extend the
E-CORE* into multiple alignments using DP. The ele-
ment of the score matrix is assigned to M and 1
or 0, depending on whether or not the residues are
aligned. When computing M , obvious differences exist
between previous methods and the proposed method.
The proposed method utilizes only residues of Sa and
Sb for which the E-CORE* are removed, whereas pre-
vious methods make use of all the residues of Sa and
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Sb. For example, given lengths of 56 and 48 for Sa

and Sb, respectively, DP is performed after deploying
20(= 56− 36) residues in the x-axis and 12(= 48− 36)
residues in the y-axis when the length of E-CORE* is
36. For the sake of simplicity, residues composing the
E-CORE* are not utilized when the DP is formed, they
are utilized when the M is computed. For example, if
three matches are found in the DP process, it uses the
M obtained by aligning 39 total residue pairs, including
residue pairs of the three matches and 36 residue pairs
of the E-CORE*.

7 Experiments

Experiments are conducted using a variety of pro-
tein structure data in Protein Data Bank (PDB)[33] to
demonstrate the superiority of the proposed algorithm.
First, the way that the number of CORE*s affects per-
formance is examined by comparing the alignments ac-
cording to the number of CORE*s. Second, perfor-
mance when the refinement process is conducted com-
pared to when it was not is examined to verify the ne-
cessity of the refinement process. Third, the superiority
of the proposed method is verified through comparison
with the TM-align algorithm. Lastly, further analysis
is provided that examines the differences between the
proposed method and TM-align.

Correct alignments are necessary to calculate the ac-
curacy of the experiments. In the experiments, the re-
sults of the TM-align are used as the alignments. Incor-
rect alignments may be included in the TM-align results
since this process is also based on heuristics. However,
it is rare for family-level protein structure pairs to have
a high level of similarity. Therefore, family-level and
super-family-level protein structure pairs are utilized
in calculating the accuracy. The ratio of the length of
the common region between TM-align alignment and an
alignment whose length is the same as TM-alignment
among our multiple alignments is considered to be the
accuracy; for example, if the length of TM-align align-
ment is 140 and the length of the common region is 133,
then the accuracy will be 95% (133/140).

Two parameters are used in the experiments. The
first is that the length of the fragment pair which is
used as the start length of verification progress when
finding CORE*. It was revealed that more than 99%
of the alignments have COREs with a length of less
than 38. Therefore, the alignment is conducted on the
fragment pairs that have a length of 38. The second pa-
rameter used is the similarity score. The thresholds for
dRMSD and L∞ are used to decide whether or not the
fragment-pairs could be the CORE*. After analyzing
the CORE of alignments, the thresholds are decided to
9.41 Å and 4.05 Å respectively.

7.1 Processing Time and Accuracy According
to the Number of Appended COREs*

In the process of finding seeds, the more CORE*s
are used, the longer the average length of the seeds is.
Consequently, this affects the accuracy of the alignment
and processing time. As the accuracy decreases, the
processing time is reduced according to the increase in
the number of COREs used, as depicted in Fig.9, where
the number following “L” means the number of CORE*
which is used to build E-CORE*.

Fig.9. Processing time and accuracy according to the number of

appended CORE*s used for seeds.

7.2 Accuracy After Refining the COREs

After locating seeds, the refinement process is exe-
cuted. This eliminates the unnecessary mismatches of
the seeds. This is particularly true as shown in the
example in Fig.10.

Fig.10. Accuracy with and without the refinement process of the

family and super-family.

7.3 Comparison of Similarity with Other
Algorithms

In order to compare the two methods, the CORE’s
alignments are measured. It is determined that
CORE’s alignments have the same length and similarity
score as the TM-align’s alignment. In the comparison,
the CORE itself has different length from the TM-align,
but has the same similarity scores. The CORE’s align-
ments shown in Table 2 are longer than the TM-align’s
alignment by 0.08%, 5.17%, and 15.48%, on average,
when the comparison is performed at the level of fa-
mily, super-family, and fold, respectively.
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Table 2. Comparison Between the Alignments Obtained by

TM-Align and CORE

Class Measure Length Similarity

Family TM-align 120.80 2.35

CORE 120.90 2.33

Ratio (%) 0.08 0.85

Super-family TM-align 77.40 3.21

CORE 81.40 3.10

Ratio (%) 5.17 3.43

Fold TM-align 49.10 3.83

CORE 56.70 3.51

Ratio (%) 15.48 8.36

Additionally, the CORE’s alignments have a greater
similarity score than the TM-align’s alignment by
0.85%, 3.43%, and 8.36% when the comparison is con-
ducted on the level of family, super-family, and fold,
respectively.

The performance gap is not significant in the case of
family-level proteins, which means that there is a high
level of similarity between the alignment targets. In the
case of the fold-level, however, the CORE outperforms
the TM-align by obtaining 12% gain in both length and
similarity.

7.4 Graph-Based Representation for Multiple
Alignments

Fig.11 represents alignments of the protein structure
according to the length of the alignment. Since the TM-
align produces only one alignment, its result is repre-
sented as a single dot. Contrarily, the CORE produces
multiple alignments of various lengths; thus, the CORE
alignments are represented as a line. Locating the sad-
dle point, where the gradient radically increases, is a
good way to determine the optimum alignment. Since
a radically increased gradient indicates that the cRMSD
value increased rapidly when a residue pair is appended
to the alignment, an improved result is expected in the
case of excluding that pair of residues.

Thus, it can be stated that the alignment of the
CORE with a length of 123 are better than that of the
TM-align with a length of 122, as shown in Fig.11(a).
It can be concluded that the alignment of the CORE
with a length of 90 is better than that of the TM-align
with a length of 91, as shown in Fig.11(b).

8 Conclusions

The most important aspect of designing algorithms
for the protein structures alignment is the balancing of
the two parameters, the alignment length and the simi-
larity score (i.e., the cRMSD). In this case, a better
result is expected, when the alignment length is long
and cRMSD is small. However, our research has shown

Fig.11. Graph representation of multiple alignments. (a) Align-

ment 1AXC with 2BEF. (b) Alignment 1CUV with 2ESY.

a positive correlation between the alignment length and
the cRMSD such that increasing the alignment length
is associated with an increase in the cRMSD. There-
fore, the algorithm must incorporate the proper align-
ments that best balance the two parameters. However,
this choice depends on what alignments are identified
in each case.

The contributions of this paper are summarized as
follows. 1) We proposed a method to produce multi-
ple solutions of protein structures of different lengths
and reduce the processing time by adopting CORE*.
2) Our algorithm makes it possible for users to visually
choose the alignment they want from multiple solutions
using a graph-based representation.

By adopting CORE* and DP, our proposed method
produces multiple solutions of various lengths with
higher accuracy than previous methods. In the ex-
periments, the alignments identified by our algorithm
are longer than those obtained by TM-align by 17%
and 15.48%, on average, when the comparison was con-
ducted at the level of super-family and folds, respec-
tively.
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