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A B S T R A C T

Predicting the b-sheet structure of a protein is one of the most important intermediate steps towards the
identification of its tertiary structure. However, it is regarded as the primary bottleneck due to the
presence of non-local interactions between several discontinuous regions in b-sheets. To achieve reliable
long-range interactions, a promising approach is to enumerate and rank all b-sheet conformations for a
given protein and find the one with the highest score. The problem with this solution is that the search
space of the problem grows exponentially with respect to the number of b-strands. Additionally, brute-
force calculation in this conformational space leads to dealing with a combinatorial explosion problem
with intractable computational complexity. The main contribution of this paper is to generate and search
the space of the problem efficiently to reduce the time complexity of the problem. To achieve this, two
tree structures, called sheet-tree and grouping-tree, are proposed. They model the search space by
breaking it into sub-problems. Then, an advanced dynamic programming is proposed that stores the
intermediate results, avoids repetitive calculation by repeatedly uses them efficiently in successive steps
and reduces the space of the problem by removing those intermediate results that will no longer be
required in later steps. As a consequence, the following contributions have been made. Firstly, more
accurate b-sheet structures are found by searching all possible conformations, and secondly, the time
complexity of the problem is reduced by searching the space of the problem efficiently which makes the
proposed method applicable to predict b-sheet structures with high number of b-strands. Experimental
results on the BetaSheet916 dataset showed significant improvements of the proposed method in both
execution time and the prediction accuracy in comparison with the state-of-the-art b-sheet structure
prediction methods Moreover, we investigate the effect of different contact map predictors on the
performance of the proposed method using BetaSheet1452 dataset. The source code is available at http://
www.conceptsgate.com/BetaTop.rar.
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Contents lists available at ScienceDirect

Computational Biology and Chemistry

journal homepa ge: www.elsev ier .com/locate /compbiolchem
1. Introduction

Proteins are large and complex molecules and vital parts of
living organisms. They are responsible for almost every task of
cellular life. There is a close association between the protein
structure and its function. Therefore, to understand the biological
function of a protein, we should have knowledge about its three-
dimensional (3D) structure. However, one of the challenging open
problems in structural bioinformatics is protein structure
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prediction (PSP). Solving this problem would have a great positive
effect on the fields of medicine (e.g. drug design), biotechnology
(e.g. design of new enzymes) and would give better insight into
protein-protein interactions. The main motivations for predicting
the protein three-dimensional structure from its amino acid
sequence can be highlighted as follows:

� The gap between the number of known protein sequences and
known protein structures: 3D structure is unknown for a large
number of proteins. As of November 2016, there are approxi-
mately 125,000 protein structures in the Protein Data Bank (PDB)
(Berman et al., 2000) when compared to more than 73 million
protein sequences in the RefSeq database (Pruitt et al., 2009).

http://www.conceptsgate.com/BetaTop.rar
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http://crossmark.crossref.org/dialog/?doi=10.1016/j.compbiolchem.2017.08.011&domain=pdf
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Hence, just a small fraction of all proteins (i.e., less than one
percent) have known three-dimensional structure published in
the PDB.

� The shortcomings of the experimental methods: X-ray crystal-
lography and multi-dimensional magnetic resonance are two
primary experimental methods for protein structure prediction.
However, these methods are relatively expensive and time-
consuming.

� Anfinsen’s dogma (Anfinsen, 1973): suggests that protein tertiary
structure information is completely determined by its primary
structure.

Unfortunately, the prediction of tertiary structure of a protein
from its sequence suffers from: 1) low accuracy and 2) exponential
increase of the conformational space of the problem with the
length of the primary sequence. One of the current promising and
successful ways to reduce the complexity of this problem is to
utilize auxiliary predictions such as secondary structures, contact
maps or local structure predictions, which subsequently help in
predicting the protein tertiary structure.

b-sheets are predominant structures found in proteins. More
than 80% of all protein domains in the PDB contain b-sheets
(Savojardo et al., 2013). They are formed by a set of b-strand
segments which are held together by hydrogen bonds and are run
in parallel or antiparallel direction on a continuous surface.

One of the most important and challenging intermediate steps
towards the prediction of protein tertiary structure is b-sheet
prediction which identifies how the b-strands are assembled into
b-sheets. In a b-sheet, adjacent b-strands bring distant residues
into close contact with one another, and constitute a specific mode
of amino acid pairing. This mode of interactions occur widely in
protein tertiary structures and play an important role in many
human diseases (Zhang et al., 2010). The association of b-sheets
has been implicated in formation of protein aggregates (Sgourakis
et al., 2011) and fibrils observed in many diseases such as AIDS,
cancer, mad cow, anthrax, Alzheimer’s, etc. A list of such diseases
can be found in Chiti and Dobson (2006) and continues to grow. For
example, recently, Buhimschi et al. found a strong evidence of
protein aggregation as a possible cause of preeclamsia, a
pregnancy-specific disorder (Kuhlman et al., 2003; Kouza et al.,
2017).

Any improvement in b-sheet prediction is important both as a
stand-alone result and in relation to protein structure prediction
(Sabzekar et al., 2017). It is also essential for reducing the search
space of PSP methods (Steward and Thornton, 2002; Cheng and
Baldi, 2005), designing new proteins (Kuhlman et al., 2003;
Kortemme et al., 1998) and elucidating folding pathways (Mandel-
Gutfreund et al., 2001; Merkel and Regan, 2000). To predict the
structure of a protein b-sheet, we should predict the conforma-
tional arrangement of b-strands including:

1. Assignment of b-strands into b-sheets
2. Spatial ordering of b-strands in each sheet
3. The interaction types between each pair of b-strands (i.e.,

parallel or antiparallel)
4. Residue-residue contacts (i.e., contact maps).

For this purpose, we need to search the space of possible
b-sheet conformations and find the optimum one based on a
scoring function.

Although several methods have been proposed for predicting
b-sheet structures, it is still an open challenge. There are two major
problems with these methods. First, the protein b-sheet structures
typically involve long-range interactions between several discon-
tinuous regions. Unlike a-helices that are locally stabilized,
b-sheets result from pairwise hydrogen bonding of two or more
disjoint regions of the protein backbone. In addition, the patterns
of amino acids in b-sheet formation are unpredictable which
makes it difficult to predict specific contacts between strands
(Jeong et al., 2008). This causes the b-residue contacts not to follow
any clear and predefined rules. Consequently, it is a critical task to
define the functions that accurately score the b-sheet conforma-
tions. Second, in proteins with higher number of b-strands the
b-sheet formation search space is enormously big. Furthermore, as
it will be shown in Section 2, there is an extra overhead in
construction of repetitive pairings of b-strands and therefore in
computation of their scores. Hence, finding the optimal confor-
mation in this search space requires avoiding a combinatorial
explosion problem with an intractable computational complexity.
These challenges make the prediction of b-sheets more difficult
than predicting helices and coils. Moreover, it is concluded that the
protein b-sheet prediction is the primary bottleneck towards the
three dimensional structure predictions, as evidenced through all
CASP blind predictions (Aydin et al., 2011).

From the above, since the b-sheet structure of a protein cannot
be predicted accurately using the available scoring functions (the
first challenge), a reliable way of tackling this problem is to
enumerate and rank all b-sheet conformations for a given protein
and find the one with a highest score (Fonseca et al., 2011). But, as
discussed earlier, the problem is that the conformational space
grows exponentially (the second challenge) as the number of
b-strands increase. It causes this approach to be applicable only to
proteins with small number of b-strands (i.e., usually up to six
(Aydin et al., 2011; Fonseca et al., 2011)). However, in real datasets,
the majority of protein chains have more than six b-strands. For
example, for BetaSheet916 (BetaSheet916, 2009) and CulledPDB
(Pre-Compiled, 2008) datasets the percentage of proteins with
more than six b-strands is calculated as 79.58 percent and 74.49
percent, respectively.

In this paper, we will predict b-sheet structure of a protein with
more accuracy and less execution time. Our goal is to understand
and provide better insight into the arrangement of b-strands in
protein structure similar to many previous researches, such as
Savojardo et al. (2013); Cheng and Baldi (2005); Aydin et al. (2011);
Fonseca et al. (2011); Subramani and Floudas (2012); Eghdami
et al. (2015); Ruczinski et al. (2002a); Carbonell (2003); Tsutsumi
and Otaki (2011). The main contribution of this paper is to search
the conformational space efficiently with the goal of reducing the
time complexity of the problem. In this way, two tree structures
called sheet-tree and grouping-tree are introduced to model the
search space. In fact, they break the problem into sub-problems,
and then a dynamic programming approach is proposed to find the
optimal conformation. It helps us to store intermediate results and
avoid brute-force calculations by reusing them. Furthermore, the
construction of these trees performed in such a way that we can
remove many nodes which will not be reused at higher levels and
consequently the space requirements of the problem will be
reduced. Therefore, the proposed method, called BetaTop, will be
applicable to predict b-sheet structure of proteins with higher
number of b-strands. Thus the achieved results would be utilized
in the fields of structural biology of proteins, functional proteomics
and Bioinformatics to improve the accuracy of protein structure
prediction. Moreover, since BetaTop has implemented efficiently in
terms of time complexity, it can overcome the combinatorial
explosion challenge in predicting the b-sheet and consequently
tertiary structure of a protein.

The paper is organized as follows. Section 2 surveys related
work about b-sheet prediction and describes the contributions in
this field and their limitations. The proposed algorithm is
presented in Section 3. Experimental results are reported in
Section 4. Finally, Section 5 concludes the paper with a final
discussion and suggests future research directions.
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2. Literature review

Predicting the architecture of protein b-sheets from its amino
acid sequence is still a challenging problem and an active research
topic in bioinformatics. As discussed in the previous section, the
b-sheet prediction algorithms suffer from low accuracy due to the
presence of non-local inter-strand residue interactions. In the
following, we survey and classify the most important studies in
this regard and discuss the advantages and disadvantages of each
approach. Although there are many efforts in the literature aimed
at understanding and predicting topological features of b-sheets,
we focus on those studies that predict all components of the
conformational arrangement of b-strands, including: the assign-
ment of b-strands into b-sheets, the spatial ordering of b-strands
in each sheet, the interaction types of b-strand pairs (parallel or
antiparallel), and amino acid residue interactions, also known as
contact maps.

Cheng and Baldi (2005) established a standard for predicting
protein b-sheets using a three-stage method called BetaPro, as
shown in Fig. 1. This idea has been followed by recent researches.

In the first stage, inter-strands residue pairing is predicted using
a contact map prediction algorithm. The provided information is
then used to find the optimal pairwise alignments of b-strands in
the next stage. The alignment score indicates a tendency for two
strands to interact in a sheet. Finally, the b-sheet prediction
problem can be modeled and then an optimization problem is
defined to find the optimal conformation. There are three major
approaches in the literature for modeling and solving such a
problem in this stage: 1) graph-based approach; 2) Integer Linear
Programming (ILP)-based approach; and 3) state-space search-
based approach.

In the first category, a weighted complete graph is defined to
model the problem.The vertices of the graph representstrands while
the edges represent possible pairing relations. Moreover, the weight
of each edge is the score of the optimal alignment between the two
strands. To predict the b-sheet structure, the complete graph is
pruned to derive a spanning sub-graph. The main advantages of this
approach are that, firstly, it is computationally faster than other
approachesdueto its greedynature,andsecondly, itutilizesthewell-
understood graph algorithms such as graph matching. However, the
major problem of this approach comes from the low accuracy due to
the greedy nature of the final stage.

The second approach models the problem as an ILP optimiza-
tion problem and finds the optimal solution according to the
pairwise alignment scores of b-strands and appropriate con-
straints. The objective function maximizes the overall b-sheet sum
of scores. The biological strand pairing limitations are modeled as
the integer linear constraints. BeST (Subramani and Floudas, 2012),
BCov (Savojardo et al., 2013) and BetaProbe (Eghdami et al., 2015)
are examples of such efforts. Although this approach benefits from
a mathematical foundation, it suffers from some drawbacks. First,
there is no guarantee of optimality. Second, it is difficult to
formulate the structural features of b-sheets and, finally,
considering more strand pairing constraints makes solving the
problem more complicated and time consuming.

Since the b-sheet structure of a protein cannot be predicted
accurately due to the limitations of b-sheet formation (as
discussed in Section 1), the third approach generates the entire
Fig. 1. Three-stage prediction of protein b-sheets.
search space of the possible b-sheet conformations, ranks all of
them for a given protein and, finally, finds the one with a highest
score as the true conformation. Aydin et al. (2011) and Fonseca
et al. (2011) in two different studies utilized this approach. The
number of possible arrangements (different ordering and direc-
tions) of m b-strands in a b-sheet is m! � 2m�2. Consequently, for a
protein with n b-strands, the state space of the dynamic
programming algorithm to find all possible b-sheets’ structures
is calculated as follows:

Xn
m¼2

n
m

� �
� m! � 2m�2

� �
: ð1Þ

Eq. (1) implies that increasing the number of b-strands for a
protein lead to a large search space. However, the aim is to combine
the b-sheets and form different conformations and then find the
optimal one. Hence, the total number of conformations that are
enumerated with this brute-force technique will be roughly equal
to the number of subsets of possible b-sheets in Eq. (1). Finding the
optimal conformation in this space leads to an intractable
computational complexity. There are two ways to tackle this
problem:

� Reduction the search space using some heuristics. For example,
in Aydin et al. (2011), the search space was reduced by heuristics
that enforce the residue pairs with strong interaction potentials
derived from BetaPro. Their method, BetaZa, uses threshold
parameters that are estimated experimentally and divide the
residue pairs into high-score and mid-score categories. Then,
they eliminate the segment pairs with the low scores by an
algorithm. However, the problem is that when we have no
accurate and reliable scoring functions, it is extremely critical to
choose the thresholds and eliminate some b-strand pairs.
Although BetaZa uses pruning to reduce the space of the
problem, it still enumerates all the assignments and also the
arrangements of b-strands into b-sheets. Additionally, the
Bayesian model of BetaZa for proteins with more than six
strands becomes less specific, and therefore, its discriminative
power reduces. Thus, it is applied to proteins with only up to six
b-strands.

� Construction of a sub-structure from the true conformation. For
example, in Fonseca et al. (2011), for proteins with more than six
strands, a subset of six strands is chosen, and the 23,800
corresponding conformations are added to the set. This process
is repeated for all subsets of six strands. Thus, the total number of
conformations for a protein with more than six strands is equal
to:

n
6

� �
� 23800: ð2Þ

Hence, the predicted conformation is a subset of the
b-topologies and also it contains fewer b-strands than the true
conformation. Although at least one conformation can be found
that will be very similar to the true conformation, it significantly
affects the accuracy of the method.

Another problem with this approach is that there is an overhead
in construction of repetitive pairings of b-strands and, conse-
quently, in recalculation of their scores. For more clarity, let us give
an example. Suppose that we have a protein with seven b-strands
which have been numbered according to the order they appear in
the chain. Let B denote a b-sheet formed by three b-strands
segments which are ordered as (1-2-3) interacting in parallel
directions. Fig. 2 shows some of different possible conformations
that contain the b-sheet B.



Fig. 2. The space of possible conformations for a protein with seven strands that
contain b-sheet B formed by b-strand segments are ordered as (1-2-3) interacting
in parallel direction.

M. Sabzekar et al. / Computational Biology and Chemistry 70 (2017) 142–155 145
The space of possible conformations containing B is obtained
when the remaining four strands form one or two b-sheets.
Therefore, based on the following calculations, the b-sheet B
appears in 108 separate conformations:

4
2

� �
� 2! � 20 � 2

2

� �
� 2! � 20

� �
=2 þ 4

4

� �
� 4! � 22

� �
¼ 108:

Thus, there is an extra overhead in reconstruction and, as a
result, in recalculation of its scores that leads to high time
complexity.

It is important to point out that the majority of studies assume
the secondary structure of proteins to be known as an inputs of
the problem. However, there are several researches on predicting
secondary structure of proteins, which their results can be
utilized by b-sheet structure prediction methods. But the
problem is that they have some inaccuracies, which affect the
accuracy of b-sheet structure predictors. For example, the
authors in Fonseca et al. (2011) used PSIPRED (Jones, 1999) for
this purpose. However, there are more accurate secondary
structure predictors were developed which can be applied to
the problem. Lin et al. (2005) proposed a new approach that
utilizes a single neural network. Their method, namely YASPIN,
predicts the secondary structure elements in a 7-state local
structure scheme and then optimizes the output using a hidden
Markov model, which results in providing more information for
the prediction. Magnan and Baldi (2014), besides the upgrade of
existing predictors, study in detail the effectiveness of sequence-
based structural similarity for secondary structure and relative
solvent accessibility prediction alone, and how it can be
combined with predictions derived by machine learning meth-
ods with profiles to improve the overall state of-the-art. The
authors in Wang et al. (2016) proposed DeepCNF, which is a Deep
Learning extension of Conditional Neural Fields (CNF). It can
model not only complex sequence-structure relationship by a
deep hierarchical architecture, but also interdependency be-
tween adjacent secondary structure labels, so it is much more
powerful than CNF.
Before finishing this section, different b-topology scoring
methods needs to be mentioned. There are two methods in the
literature (Fonseca et al., 2011): the topology scoring method
(Ruczinski, 2002; Ruczinski et al., 2002b) and the pair scoring
method (Sgourakis et al., 2011). The first method assigns a
probability to each b-sheet topology based on several topological
features. It performed a statistical analysis of the frequency of
b-strand groupings and b-sheet motifs (Aydin et al., 2011). The
second method utilizes the probabilities of pairing two amino
acids which are obtained by the contact map prediction methods.
The pseudo-energy of pairing two strands is directly calculated by
them. Then, a score is assigned to a b-topology by taking the
average or sum of pseudo-energies of all its b-pairs. Fonseca et al.
in (Fonseca et al., 2011) compared these methods and concluded
that the pair scoring method outperforms the topology scoring
method.

3. The proposed method

To overcome the drawbacks of the state-space search-based
methods, we generate and search the conformational space
efficiently to reduce the time complexity and control the space
complexity of the problem, simultaneously. In other words, the
proposed method, named BetaTop, will be able to:

1. search the entire search space
2. break the problem into sub-problems and reuse the intermedi-

ate results to avoid repetitive calculations and therefore, reduce
the time complexity of the problem,

3. try to reduce the space complexity of the problem.

In the following, two tree structures called sheet-tree and
grouping-tree are introduced to model the search space. The former
structure generates and scores all possible b-sheets and the later
one generates and scores all possible conformations. Also, a
dynamic programming approach is proposed to find the optimal
conformation. It can be noted that the sheet-tree and the grouping-
tree are constructed simultaneously but they are introduced
separately for better understanding and more convenient descrip-
tion.

3.1. Generate and score possible b-sheets

To generate all possible b-sheets for a protein, we introduce a
tree structure called sheet-tree. It is responsible for constructing all
possible b-sheets. To find the optimal conformation, we will
extend the sheet-tree to the grouping-tree and use a dynamic
programming approach to solve the problem.

Before describing the sheet-tree construction algorithm
(Algorithm 1), let us introduce some notations. Suppose that the
target protein contains n b-strands b1, b2, . . . , bn. Moreover, each
b-sheet is formed by m b-strands (2 � m � n). The first and the last
b-strands in a b-sheet are denoted by bf and br, respectively, and Z
is a set of intermediate b-strands (if any). Thus, each b-sheet is
denoted by S = [bf, Z, br] and, subsequently, S.bf and S.br denote the
first and the last strands in S, respectively, and also s_score is a
function that calculates the score of a sheet. Furthermore, mi

represents the number of b-strands in sheet Si, and finally each
node of the tree represents a b-sheet. Algorithm 1 describes the
details of the sheet-tree construction.

Algorithm 1. Construction of the sheet-tree
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The i-th level of the tree creates all possible b-sheets with i+1
b-strands and, hence, the tree will have n-1 levels. The first level of
the tree creates all possible arrangements of two b-strands. In this
level, the sheet score for each node is calculated as the pairwise
alignment score of corresponding b-strands. The nodes of the i-th
level of the tree (i >1) are constructed as follows.

S1:bf ; S2:bf ; S2:Z; S2:br

h i
jS1 2 L1; S2 2 Li�1; ðS1:br ¼ S2:bf Þ;

n
S1\ S2 ¼ S1:brð Þ

o
ð3Þ

The sheet score for each node is calculated by taking the average
of pseudo-energies of all its b-strands pairs. Thus, we can reuse the
previous calculations (see line 11 of Algorithm 1). Notice that we
utilize pair scoring method (Sgourakis et al., 2011) in our algorithms.
Furthermore, since the i-th level of the tree is constructed only by
using the nodes in the first and (i-1)-th levels, we can remove any
intermediate levels (see line 12 of Algorithm 1). Therefore, we can
significantly reduce the space complexity of the algorithm. It is
clear that if we want to store all b-sheets, the last two lines of
Algorithm 1 must be ignored. Fig. 3 shows an example of the
construction of the tree for a protein with six strands. To avoid
confusion, the construction of the tree is shown only for one node
in each level.

Based on the above discussion, we make the following claims.

Theorem 1. The i-th level of the sheet-tree creates all possible
b-sheets with i+1 strands.
Proof. We use strong induction on the number of levels in sheet-
tree. The basic step for the first level is trivial because we create
all combinations of two b-strands that form a b-sheet (see the
steps of constructing the first level in Algorithm 1). Assume the
result is true for all levels of the tree up to k-1. Consider the k-th
level of the tree and assume that it does not create a sheet S=[b1,
b2, . . . , bk+1] with k+1 strands. We prove by contradiction to
reject this assumption. Considering the construction of b-sheets
in Algorithm 1 for this level, the sheet S may not be created due
to one or both of the following causes:

1. The sheet S1=[b1, b2] is not created in the first level. As discussed
above, this assumption contradicts the basic step because the
first level of the tree creates all b-sheets with two strands.

2. The sheet S2=[b2, b3, . . . , bk+1] is not created by the (k-1)-th
level. This assumption also cannot be made since it contradicts
the induction hypothesis.

Consequently, since S1 and S2 are created, respectively, in the
first and (k-1)-th levels and also they have necessary and sufficient
conditions for merging (line 9 of Algorithm 1), the assumption that
the b-sheet S is not created by the k-th level of the tree must be
false and hence proving the claim.

Lemma 1. The i-th (i � 2) level of the sheet-tree creates all
possible b-sheets with i+1 strands using only the b-sheets in
the first and i-1 levels.



Fig. 3. Construction of the sheet-tree for a protein with six strands.
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Proof. We use strong induction to prove our claim. The base case
for the first level is trivial because in construction of the second
level (i=2) of the tree, as described in Algorithm 1, S1 and S2 are
selected to merge and form a b-sheet from only the first level.
Additionally, based on the Theorem 1, all b-sheet formations
with three strands are created in the second level. Now, as the
induction hypothesis, let us assume the lemma is true for i > 2
up to k-1. We need to show the statement is true for the k-th
level of the tree. In one hand, the Algorithm 1 is designed such
that it creates a b-sheet S with k+1 strands with merging a two-
strand b-sheet S1 and k-strand b-sheet S2 and there is no any
other way in the algorithm to create the b-sheet S. On the other
hand, based on the inductive hypothesis, the first and the (k-1)-
th level of the tree create all possible b-sheet formations with
two and k strands, respectively. Therefore, we can conclude that
the statement is true.

Next, we summarize the main characteristics of the proposed
sheet-tree construction algorithm as follows:

� It is responsible for constructing possible b-sheets.
� The calculated sheet scores are reused in higher levels of the tree
and hence a considerable amount of calculations are avoided.

� The k-th level of the tree creates all possible b-sheets with k+1
b-strands using only the first and (k-1)-th level of the tree. It
helps us to remove the intermediate nodes of the tree when
constructing the grouping-tree (as it will be discussed later) and
reduce the space of the problem.

� The total number of b-sheets at k-th level of the tree is equal to:Yk
i¼0

ðn � iÞ ¼ n!
ðn � k � 1Þ!; ð4Þ

where n is the number of protein b-strands.

� Since in construction of each level we need the first and its
previous level and also we can remove the intermediate levels,
the maximum number of created nodes that needs to be stored in
the memory are:

nðn � 1Þ þ
Yn�2

i¼0

ðn � iÞ þ
Yn�1

i¼0

ðn � iÞ ¼ 2n! þ nðn � 1Þ ¼ Oðn!Þ; ð5Þ
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where each of the terms in left side of Eq. (5) is the total number of
nodes in the first, one before the last and the last levels,
respectively. It is obvious that we use the storage space very
efficiently in comparison with the case that we create and save all
possible b-sheets (see Eq. (1)).

3.2. Generate and score possible conformations

The sheet-tree is responsible for constructing possible b-sheets
but the goal is to find the optimal conformation. As discussed
before, a b-sheet conformation partitions the protein b-strands
into one or multiple b-sheets such that each b-sheet is formed by
at least two b-strands which interact in parallel or antiparallel
direction. Thus, we will extend the sheet-tree to the grouping-tree
and propose a dynamic programming approach to solve the
problem. The grouping-tree is responsible for constructing possible
conformations. Before introducing the details of constructing the
grouping-tree (Algorithm 2), we first introduce some notations.
Each node of the tree is denoted by C which represents the optimal
conformation that can be constructed by its b-strands. Moreover,
s_score and b_score are the functions that calculate the score of a
sheet and a conformation, respectively. Additionally, C.structure
denotes the b-sheet structure of C, including the assignment and
arrangement of its b-strands into b-sheets. The following
recursive algorithm creates possible conformations and the
optimal conformation will be placed at the last level of the tree.

Algorithm 2. Constructing the grouping-tree and finding the
optimal conformation
The i-th level of the tree creates all optimal conformations that
can be constructed by the i+1 b-strands. Each node stores the
optimal arrangement of its b-strands and also its conformation
score (b_score). Since each b-sheet should contain at least two
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b-strands, each node in the first/second level includes only one
b-sheet. Consequently, to find the optimal conformation for the
nodes in these levels, it is sufficient to find the b-sheet with
maximum s_score in the sheet-tree which is formed by the same
b-strands. However, each conformation at higher levels of the tree
can be formed by more than one sheet. For example, a
conformation with four strands can be formed by a four-strand
b-sheet or two of two-strand b-sheets. To solve the problem, we
utilize a dynamic programming approach. The problem of finding
the optimal conformation for each Cjk of the tree is broken into two

sub-problems C
0
jk and C

00
jk (see Fig. 4), whose optimal arrangement

was found recursively at lower levels of the tree (line 10 of
Algorithm 2). The score of the conformation Cjk is calculated by
Fig. 4. Construction of the grouping-t
taking the average b_score of C
0
jk and C

00
jk. The break point is denoted

by the pipe operator. In fact the pipe position indicates that C
0
jk and

C
00
jk are located into two different b-sheets, however, they can be

formed by some b-sheets, independently. For each Cj with m
strands, there is m-2 pipe position with regard to the biological
strand pairing limitations. Then, among all possible conformations
which are derived by different pipe positions plus no pipe, the
conformation with maximum b_score (C*) is assigned to Cj by
defining the argmax operator. Finally, the conformation at the last
level of the tree is returned as the output of the algorithm. Fig. 4
shows an example of the construction of the grouping-tree for a
protein with six strands. To avoid confusion, the construction of the
tree is shown only for one node in each level.
ree for a protein with six strands.



Table 1
Statistics of the BetaSheet916.

Feature Number

Protein chains 916
Total residues 187,516
b-residues 48,996
b-strands 10,745
b-strand pairs 8172
Parallel b-strand pairs 4519
Antiparallel b-strand pairs 2214
b-sheets 2533

150 M. Sabzekar et al. / Computational Biology and Chemistry 70 (2017) 142–155
Our proposed approach for solving the problem (BetaTop) has
the sufficient conditions that an optimization problem must have
in order for dynamic programming to be applicable, namely,
overlapping sub-problems and optimal sub-structure. First, we
formulated the problem as composed of smaller sub-problems and
the solutions are combined to get the final result. Second, as
discussed in Algorithm 2, the optimal arrangement of b-strands in
b-sheets is obtained for each sub-structure. In the following, let us
summarize the highlights of the grouping-tree as follows:

� It is responsible for constructing the possible conformations and
finding the optimal solution.

� The sheet-tree and the grouping-tree are constructed, simulta-
neously. In fact, we extended the sheet-tree and introduced the
grouping-tree.

� The k-th level of the tree creates all optimal conformations that
can be constructed by the k+1 b-strands.

� The total number of conformations in k-th level of the tree is

equal to the n
k þ 1

� �
, where n is the number of protein strands.

�
Since the sheet-tree and grouping-tree are constructed simulta-
neously, in addition to all possible conformations, all possible
b-sheets also are created to calculate and find the optimal
conformation. However, after construction the k-th level of the
tree, as discussed in Section 3.1, all of the b-sheets can be
removed and only the optimal conformations are retained.
Hence, the algorithm searches the conformational space
efficiently and subsequently reduces the time and space
complexities of the problem.

� The total number of calculations for all of the conformations is:

Xn�1

k¼2

ðk � 1Þ � n
k þ 1

� �" #
þ n

2

� �
; ð6Þ

where k denotes the level of the tree and the term n
2

� �
shows the

total number of conformations at the first level.

3.3. Time and space complexities

To find the optimal conformation for a protein with n b-strands,
the proposed BetaTop utilizes a tree structure. In each level of the
tree, all possible conformations are generated by introducing the
pipe operator. For each conformation, all possible b-sheets are
generated and the structure with the maximum score is stored. In
Eqs. (4) and (6), for each level of the tree, we calculated the number
of possible b-sheets and possible conformations, respectively.
Therefore, the computation time and the time complexity of the
proposed algorithm can be calculated by merging (4) and (6) as
follows:

Xn�1

k¼2

k � 1ð Þ � n!
ðn � k � 1Þ!

" #
þ n

2

� �

¼ n!
1

ðn � 3Þ!þ
2

ðn � 4Þ!þ . . . þ n � 2
1

� �
þ nðn � 1Þ

2

¼ n n � 1ð Þ n � 2ð Þ þ 2n n � 1ð Þ n � 2ð Þ n � 3ð Þ þ . . .

þ n � 2ð Þn! þ nðn � 1Þ
2

¼ O n!ð Þ:

It is worthy to mention here that this total number of
calculations is much less than the brute-force one (followed by
state-space search-based methods) which is roughly equal to the
number of subsets of possible b-sheets in Eq. (1).
To find the total required memory space of BetaTop, the
following points should be noted:

1) The total number of stored conformations is equal to:

Xn�1

k¼1

n
k þ 1

� �
¼ 2n � n � 1: ð8Þ

2) Based on Eq. (5), the maximum number of possible b-sheets
that needs to be stored in the memory are 2n!+n(n�1).

Thus, the space complexity of BetaTop can be calculated as the
required space for storing all nodes of the tree which were
obtained in Eqs. (7) and (8):

Xn�1

k¼1

n
k þ 1

� �
þ 2n! þ n n � 1ð Þ ¼ 2n � n � 1

� �þ 2n! þ n n � 1ð Þð Þ

¼ 2n! þ 2n þ n2 � 2n � 1 ¼ Oðn!Þ:
ð9Þ

At the end of this section, we summarize the main advantages
of the proposed algorithm as follows. First, it prevents repetitive
calculations and, therefore, reduce the time complexity of the
problem utilizing a dynamic programming approach. Thus, it can
solve the b-sheet prediction problem for proteins with higher
number of b-strands. The second strength of the proposed
algorithm is that it removes many nodes which will not be reused
at higher levels of the tree and consequently reduces the memory
space requirements of the problem. Hence, we proposed an
efficient dynamic programming approach for solving the problem
that reduces the time complexity and control the space of the
problem, simultaneously. In the next section, the performance of
the BetaTop will be assessed and the obtained experimental results
will be discussed.

4. Experimental results

4.1. Data

Here, the BetaSheet916 dataset is used for evaluating the
proposed BetaTop. The dataset was first introduced by Cheng and
Baldi (2005) and adopted by Savojardo et al. (2013); Aydin et al.
(2011); Eghdami et al. (2015); Lippi and Frasconi (2009). It contains
916 protein chains which is extracted from the PDB (Berman et al.,
2000). Secondary structure labels are assigned to residues by the
DSSP (Kabsch and Sander, 1983). The set is divided into 10-folds for
cross-validation. Table 1 shows the statistics of the dataset, while
Table 2 contains the number of proteins in each fold with respect to
the number of b-strands. Furthermore, histogram plot for the
number of b-strands in the BetaSheet916 dataset are shown in
Fig. 5.

4.2. Experimental settings

In this paper, a three-stage approach is adopted for protein
b-sheet prediction (Fig. 1). In the first stage, residue-residue



Table 2
The number of protein chains in each fold of the BetaSheet916.

Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 Total

Up to 6 strands 16 24 15 15 25 16 20 21 18 17 187
7 strands 6 9 2 5 7 10 5 4 6 5 59
8 strands 3 6 5 7 2 10 9 6 6 8 62
9 strands 9 6 6 6 5 2 4 8 7 12 65
10 strands 4 6 8 7 7 7 7 9 8 6 69
>10 strands 54 41 56 52 46 47 46 43 46 43 474

Fig. 5. Histogram for the number of b-strands in dataset.
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contacts are predicted using a 2D-RNN, which is introduced in
Cheng and Baldi (2005). Then, the optimal pairwise alignments of
b-strands are obtained by the Needleman-Wunsch algorithm
(Needleman and Wunsch, 1970), and finally the proposed BetaTop
predicts the optimal b-sheet structure of a protein. In the third
stage, we need two scoring functions to estimate the biological
significance of a b-sheet and also a conformation. According to our
discussion at the end of Section 2, the pair scoring method is
chosen for this purpose. As shown in Algorithm 1 and Algorithm 2,
the sheet score (s_score) and the conformation score (b_score) are
calculated by taking the average of pseudo-energies of all b-strand
pairs in a sheet and all b-sheets in a conformation, respectively.

4.3. Computational time of the prediction

The state-space search-based approaches cannot be applied to
predict the b-sheet structure for proteins with more than six
Table 3
Computational Time of BetaTop (seconds).

Up to 6 strands 7 strands 8 str

#Fold BFSa BetaTop BFS BetaTop BFS 

1 4.12 0.07 105.09 3.14 1505
2 9.36 0.16 190.28 4.53 4592
3 13.18 0.15 49.73 0.90 3840
4 13.23 0.12 106.69 2.52 4211
5 16.78 0.16 130.30 3.64 733.2
6 5.94 0.07 186.02 5.39 1233
7 3.62 0.06 108.77 2.51 9274
8 17.83 0.21 94.31 2.00 7213
9 13.64 0.14 133.38 3.04 4115
10 9.47 0.11 109.98 2.46 1077

a Brute-force search.
b-strands due to the combinatorial explosion problem. However,
as shown in Table 2 and Fig. 5, the percentage of proteins with
more than six b-strands in BetaSheet916 dataset is calculated as
79.58 percent. The BetaZa method utilized a greedy algorithm for
proteins with more than six b-strands (just like BetaPro) and
Fonseca et al. (2011) found a subset of conformation with less than
six b-strands in facing this problem. Therefore, to evaluate the
computational time of the proposed method, we compare it with a
brute-force search (BFS) method that, similar to our proposed
BetaTop, searches all the space of the problem. However, BetaTop
performs this function, efficiently. Table 3 shows the obtained
results on the BetaSheet916 dataset. The experiments are
performed on a 2.50 GHz Intel Core i7 processor and 8.0 GB of
DDR3 memory.

As shown in Table 3, the proposed BetaTop has reduced the
prediction time, significantly. For proteins with more than eight
strands, the optimal conformation were not calculated in a
ands 9 strands 10 strands

BetaTop BFS BetaTop BFS BetaTop

.45 25.76 – 504.08 – 2172.48
.77 41.45 – 317.46 – 3588.52
.02 49.35 – 292.67 – 4390.54
.02 55.94 – 301.76 – 4165.44
9 11.97 – 247.60 – 4008.70
1.90 84.93 – 78.36 – 4083.24
.79 78.90 – 185.68 – 4150.39
.87 43.87 – 465.32 – 5557.89
.33 56.03 – 398.70 – 4777.30
2.30 72.60 – 745.68 – 3424.10



Table 4
Average runtime (seconds) for each protein.

Method Up to 6 strands 7 strands 8 strands 9 strands 10 strands

BFS 0.573 20.59 945.012 – –

BetaTop 0.007 0.511 8.400 54.420 584.327
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reasonable computation time by the BFS approach. For example,
for a protein with nine strands (PDB id: 1A9O), the BFS method did
not report the result after more than eight hours of running time,
whereas the BetaTop obtained the optimal conformation in less
than one minute. Table 4 shows the average runtime results for
each protein with respect to its number of b-strands.

It is evident from Table 4 that the proposed method decreases
the computational time of protein b-sheet structure prediction,
significantly. Consequently, it can be applied to proteins with more
than six b-strands in order to search the space of possible
conformations and consequently find more accurate results.

4.4. Performance of prediction

We compared the accuracy of the proposed BetaTop at the
following levels: strand pairing, pairing direction (parallel or
antiparallel) and amino acid residue pairing (contact map) levels.
In either level, to evaluate the prediction accuracy, the following
well-known statistical metrics were used:

Precision ðPÞ ¼ TP
TP þ FP

� 100; ð10Þ

Recall ðRÞ ¼ TP
TP þ FN

� 100; ð11Þ
Table 5
BetaTop performance at strand pairing level.

Up to 6 strands 7 strands 8 stran

Method P R F1 P R F1 P 

BetaZa 81.34 80.37 80.85 – – – – 

BetaPro 82.06 77.30 79.61 71.79 71.79 71.79 73.80 

Fonseca et al. 78.26 66.38 71.83 72.80 53.20 61.47 76.49 

BetaTop 86.01 79.37 82.55 76.34 71.43 73.80 82.05 

Table 6
BetaTop performance at pairing direction level.

Up to 6 strands 7 strands 8 stra

Method P R F1 P R F1 P 

BetaZa 81.35 80.37 80.86 – – – – 

BetaPro 74.23 85.97 79.67 72.08 66.03 68.92 79.45 

Fonseca et al. 80.81 68.26 74.01 75.00 54.96 63.44 51.38 

BetaTop 77.16 83.62 80.26 68.75 71.37 70.04 71.48 

Table 7
BetaTop performance at residue pairing level.

Up to 6 strands 7 strands 8 stra

Method P R F1 P R F1 P 

BetaZa 79.50 77.62 78.55 – – – – 

BetaPro 73.57 71.63 72.59 70.31 73.96 72.09 71.00 

Fonseca et al. 70.84 57.89 63.71 69.77 52.73 60.04 74.61 

BetaTop 77.67 82.08 79.81 67.22 70.88 69.00 73.31 
F1 � score ðF1Þ ¼ 2 � P � R
P þ R

; ð12Þ

where TP, FP and FN are true positive, false positive and false
negative, respectively. In Table 5, we compare the performance of
BetaTop at b-strand pairing level with the state-of-the-art
methods on the BetaSheet916 dataset with respect to the number
of b-strands of proteins.

From the obtained results, we can conclude that BetaTop
outperforms the other methods. There are three important points
regarding the results that must be mentioned. First, for proteins
with more than six strands, Fonseca et al. choose a subset of six
strands. This process is repeated for all subsets of six strands and
finally the maximum conformation is selected as the result. This
strategy causes that the predicted pairs of b-strands to be relevant
(high precision) but there are many relevant pairs of b-strands that
may be not considered by this method (low recall). Thus, as shown
in Table 4, the recall and consequently F1-score of the method
decreases with increases in the number of b-strands in proteins.
Second, as stated in Aydin et al. (2011), the Bayesian model of
BetaZa for proteins with more than six strands becomes less
specific, and therefore, its discriminative power reduces. For such
proteins, BetaZa simply chooses the same b-strand pairing
predictions as BetaPro. Third, BetaPro allows each b-strand to
have at most three strand partners, whereas in BetaTop, each
b-strand can interact with at most two other b-strands. For this
reason, BetaPro has reported higher prediction performance
measures in some experiments at strand pairing level (Table 5),
pairing direction (Table 6) and residue levels (Table 7). Fig. 6 shows
the comparisons of the F1-scores obtained with different methods
at pairing strands level with respect to the number of b-strands in
proteins on BetaSheet916 dataset.
ds 9 strands 10 strands

R F1 P R F1 P R F1

– – – – – – – –

72.25 73.02 62.69 63.36 63.02 61.69 66.73 64.11
46.85 58.11 77.95 41.16 53.87 77.22 38.02 50.95
75.17 78.46 72.12 69.00 70.52 70.69 68.79 69.73

nds 9 strands 10 strands

R F1 P R F1 P R F1

– – – – – – – –

63.73 70.73 62.84 57.94 60.29 65.81 62.01 63.85
34.07 40.97 76.14 41.74 53.92 79.88 41.03 54.22
78.02 74.61 57.81 63.43 60.49 62.19 62.01 62.10

nds 9 strands 10 strands

R F1 P R F1 P R F1

– – – – – – – –

71.93 71.46 58.62 64.14 61.26 59.69 67.68 63.43
46.97 57.65 66.82 41.75 51.39 69.76 41.89 52.35
77.48 75.34 61.89 64.36 63.10 61.81 66.71 64.17
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Tables 6 and 7 show the performance of the proposed BetaTop
at strand pairing direction and residue pairing levels, respectively,
with respect to the number of b-strands of proteins. Moreover,
Figs. 7 and 8 shows the comparisons of the F1-scores of different
methods obtained from Tables 5 and 6, respectively. As discussed
earlier, BetaPro has shown better performance in comparison with
BetaTop in some experiments because it allows each b-strand to
have up to three strand partners.

Moreover, we may want to know the number of predicted
proteins which have exactly the same b-sheet structure as the
target proteins both at strand pairing and pairing direction levels.
This number can reveal how much a b-sheet structure prediction
method is reliable. In this regard, Table 8 compares the BetaTop
results with the others.

As shown in Table 8, BetaTop significantly outperforms the
other methods. For example, the b-sheet structure for 52.41% of
proteins with up to six b-strands were predicted correctly by
BetaTop, whereas these percentages were reported as 39.75%,
27.81 and 18.18% for BetaZa, BetaPro and Fonseca et al., respec-
tively.

For the last experiment, we will study the effect of contact map
prediction methods on the performance of the proposed BetaTop.
Fig. 6. F1-scores of different methods at pairing strands lev

Fig. 7. F1-scores of different methods at pairing direction lev
Ma et al. (2015) classify existing contact map prediction methods
to roughly two categories: (1) evolutionary coupling (EC) analysis
methods, and (2) supervised machine learning (ML) methods.
Experiments show that due to use of more information, supervised
learning may outperform EC methods for proteins with few
sequence homologs (Wang and Xu, 2013). In fact, the supervised
ML methods, as opposed to EC analysis, have not limited to specific
category of proteins (with known homologues sequences). In the
previous experiments, a supervised machine learning method is
chosen for predicting the contacts between b-residues in a protein.
However, we know that significant improvements in protein
structure prediction has been recently reported by using analysis
of residue co-evolution or deep learning approach. Therefore, we
have investigated whether these methods improve the perfor-
mance of our proposed method. Furthermore, we have performed
this experiment on a recently proposed dataset. This new dataset,
BetaSheet1452, which was introduced by Savojardo et al. (2013) in
2013, consists of 1452 protein chains containing 56,552 b-residue
contacts. In this experiment, we utilized an evolutionary coupling
analysis method, namely PSICOV (Jones et al., 2012), and also a
deep-learning method (Wang et al., 2017) as the first step of
BetaTop. Table 9 compares the performance of BetaTop when it
el with respect to the number of b-strands in proteins.

el with respect to the number of b-strands in proteins.



Fig. 8. F1-scores of different methods at residue level with respect to the number of b-strands in proteins.

Table 8
The number of correctly predicted proteins both at strand pairing and pairing
direction levels.

Method Up to 6 strands 7 strands 8 strands 9 strands 10 strands

BetaZa 74 – – – –

BetaPro 52 3 2 1 3
Fonseca et al. 34 0 0 0 0
BetaTop 98 12 11 2 4
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utilizes different contact map prediction methods on Beta-
Sheet1452 dataset for proteins up to 10 b-strands at different
prediction levels.

As shown in Table 8, there is no method that produce the best
results in all prediction levels. However, regardless of pairing
direction level results, utilizing a deep learning contact map
predictor seems a better choice. The other reason for its better
performance is related to this fact that it predicts contacts by
integrating both evolutionary coupling and sequence conservation
information through an ultra-deep neural network formed by two
deep residual neural networks (Wang et al., 2017). Although better
performance is achieved, it is worthy to note that deep learning
methods also have problems such as memory limitations, high
computational time required to train or optimally setting the
weights within a network, complex theoretical analysis and
mathematical techniques, parameters tuning problem (time-
consuming and fine tuning problem) and lack of theory
surrounding them. In the other hand, deep learning methods
are often looked at as a black box, with most confirmations done
empirically, rather than theoretically. Finally, the accuracy of the
best contact map predictors for long-range contacts is still close to
30%. Hence, we cannot expect significant improvements in the
performance of b-sheet structure prediction methods by applying
Table 9
BetaTop performance using different contact map predictors on BetaSheet1452 datase

strand pairing level pairing d

Method P R F1 P 

BetaTop 72.40 81.44 76.65 52.02 

BetaTop+PSICOV 70.95 82.13 76.13 55.51 

BetaTop+DLa 76.36 80.33 78.29 51.23 

a Deep Learning.
contact map predictors due to their low accuracy for b-residue
contacts.

5. Conclusion

In this paper, we presented BetaTop, a new method which
efficiently searches the conformational space of a protein to
predict its b-sheet structure. Unlike other state-space search-
based methods, BetaTop can deal with the proteins with higher
number of b-strands. The main advantages of the proposed
method can be summarized as follows:

� Reducing the time complexity of the problem: The search space
of the b-sheet structure prediction problem enormously
increases with respect to the number of protein b-strands. This
causes the methods that search the conformational space to lose
their ability to solve the problem in a reasonable time. In addition
to this, repetitive calculation in the conformational space leads
to dealing with a combinatorial explosion problem with
intractable computational complexity. However, the proposed
BetaTop breaks the problem into sub-problems and reuses the
intermediate results utilizing a dynamic programming approach
to avoid repetitive calculations and therefore, reduces the time
complexity of the problem.

� Controlling the space of the problem: One of the interesting
aspects of the proposed method is that its tree structure is
designed in such a way that we can remove many nodes which
will not be reused at higher levels of the tree and consequently
reduce the space requirements of the problem.

� Dealing with proteins which have higher number of b-strands:
Since BetaTop reuses the intermediate results and avoids
repetitive computations and also removes many nodes which
will not be used at higher levels of the tree, it has a reasonable
t.

irection level residue pairing level

R F1 P R F1

60.78 56.06 39.63 37.17 38.36
64.25 59.56 43.29 35.14 38.79
54.55 52.84 50.63 44.45 47.34
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time and space complexities in comparison with other state-
space search-based method. Consequently, it will be applicable
to predict b-sheet structure of proteins with higher number of
b-strands. The experimental results showed that the BetaTop
can easily predict the b-sheet structure of proteins up to 10
b-strands.

� Improving the prediction performance: Since BetaTop searches
the entire space for proteins with higher number of b-strands, in
comparison with other methods, it can find more accurate
b-sheet structures.

The performance comparisons with the previous studies
indicated the superiority of BetaTop in different prediction levels.
However, there are some directions for further improvements.
First, with increasing the number of b-strands, the total number of
nodes of the tree and consequently the computation time of the
problem increases. Thus, pruning the search space can be a
promising way to tackle the problem. For example, we can consider
the amino acids as well as b-strands with significant scores and
eliminate the conformations related to the others from the search
space and do not make any further computations. Second, in the
proposed method, each b-strand can interact with at most two
other b-strands. Hence, we will extend our method in order to
perform a fair comparison with methods, such as BetaPro, that
allow a b-strand to have more than two partners.
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