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A B S T R A C T

The sequence-based prediction of beta-residue contacts and beta-sheet structures contain key information for
protein structure prediction. However, the determination of beta-sheet structures poses numerous challenges due
to long-range beta-residue interactions and the huge number of possible beta-sheet structures. Recently gaining
attention has been the prediction of residue contacts based on deep learning models whose results have led to
improvement in protein structure prediction. In addition, to reduce the computational complexity of de-
termining beta-sheet structures, it has been suggested that this problem be transformed into graph-based solu-
tions. Consequently, the current work proposes BetaDL, a combination of a deep learning and a graph-based
beta-sheet structure predictor. BetaDL adopts deep learning models to capture beta-residue contacts and improve
beta-sheet structure predictions. In addition, a graph-based approach is presented to model the beta-sheets
conformational space and a new score function is introduced to evaluate beta-sheets. Furthermore, the present
study demonstrates that the beta-sheet structure can be predicted within an acceptable computational time by
the utilization of a heuristic maximum weight independent set solution. When compared to state-of-the-art
methods, experimental results from BetaSheet916 and BetaSheet1452 datasets indicate that BetaDL improves the
accuracy of beta-residue contact and beta-sheet structure prediction. Using BetaDL, beta-sheet structures are
predicted with a 4% and 6% improvement in the F1-score at the residue and strand levels, respectively. BetaDL's
source code and data are available at http://kerg.um.ac.ir/index.php/datasets/#BetaDL.

1. Introduction

Prediction of a protein's 3D-structure from its sequence is a long-
standing issue in structural biology [1]. According to the statistical data
of NCBI's reference sequence database [2], out of the 47 million protein
sequences collected until 2018, only the structure of 3% of these pro-
teins have been deposited in the Protein Data Bank (PDB) archive [3].
As a result, there is a wide gap between the number of known protein
sequences and the number of determined structures. This disparity in-
dicates that the computational methods of protein structure prediction
(PSP), e.g. homology-based and ab-initio approaches, can be considered
as powerful complements to existing experimental techniques. Without
any homologous proteins, ab-initio methods are the main solutions for
the PSP problem. However, dealing with the computational complexity
of these methods remains an open issue in research. In order to resolve
this issue, the prediction of protein structures is simplified by applying
the divide and conquer technique [4], by which the protein structure is
decomposed into smaller sub-structures known as protein secondary
structural elements, e.g. alpha-helices and beta-sheets. These elements

are regarded as bridges between the sequence and the structure of
proteins. Therefore, the accurate determination of the structure of these
elements can significantly reduce the search space of the PSP problem.
According to recent studies, the overall accuracy of secondary structure
prediction methods is about 82% [5,6]. However, when compared to
alpha-helices, the determination of beta-sheet structures is reported to
be more challenging and the accurate prediction of their structures
remains to be further explored [7,8].

The prediction of beta-sheet structures plays a critical role in a
variety of applications, such as in designing new proteins [9], exploring
energy landscapes [10], and understanding protein folding paths [11].
Furthermore, beta-sheet interactions have been implicated in the for-
mation of protein aggregations observed in many human diseases, such
as AIDS, cancer, and Alzheimer's [12,13]. Owing to the importance of
sheets, the present work concentrates on the prediction of beta-sheet
structures.

Beta-sheets are composed of strand pairs which are held together in
parallel and anti-parallel forms by interactions between their beta-re-
sidues, known as beta-residue contact maps [14]. The major bottleneck
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in sheet structure prediction is the difficulty of capturing long-range
interactions between discontinued beta-strands, which are sequentially
distant but spatially close in the protein structure [15,16]. Moreover,
the other fundamental issue of the beta-sheet structure prediction is the
huge number of possible sheet structures, which renders the accurate
determination of the arrangement of strands within sheets more chal-
lenging [17,18]. To deal with these issues, efficient methods for the
beta-sheet structure prediction are in demand.

In recent years, deep learning neural networks have demonstrated
superior performance in several computational biology and chemistry
applications, such as protein-protein interaction prediction [19], sec-
ondary structure prediction [20,21], protein fold recognition [22], and
protein contact map prediction [23–26]. However, to the best of the
current study's knowledge, deep learning models have not been directly
applied to the field of beta-residue contact map and beta-sheet structure
prediction. Hence, the motivation for the present work is to focus on
employing deep learning models in the determination of sheet struc-
tures.

The current paper presents a novel beta-sheet structure predictor,
BetaDL, which integrates deep learning models and graph-search al-
gorithms. BetaDL predicts protein sheet structures in a four-step fra-
mework. First, to predict beta-residue contact maps, BetaDL takes ad-
vantage of the deep residue neural networks proposed by RaptorX-
Contact. Second, a dynamic programming algorithm computes optimal
strand pairwise alignments. Third, the new graph-based model for beta-
sheets conformational space extracts high-scoring beta-sheets. Fourth,
to manage the computational complexity of the beta-sheet structure
prediction problem, a heuristic maximum weight independent
set algorithm combines high-scoring beta-sheets to construct the final
structure. Furthermore, to improve the accuracy of the predicted beta-
sheets, a new score function evaluates sheet structures. The present
work's approach compares well with that of state-of-the-art methods
and BetaDL demonstrates better performance. The overall view of
BetaDL is illustrated in Fig. 1.

2. Literature review

To predict protein beta-sheet structures, various approaches have
been proposed. The predictors can be classified as homology-based
[27–29] and ab-initio [17,18,30–35] methods, depending on whether
or not these predictors incorporate the knowledge of sheet structures of
homologous proteins. The present paper concentrates on ab-initio
methods for beta-sheet structure prediction. As a result, the existing
methods in this category are discussed in the following paragraphs.

More than a decade ago, Cheng and Baldi established a method
called BetaPro for the beta-sheet structure prediction problem [30].
BetaPro consists of three steps: deriving beta-residue contact maps,
determining strand pairwise alignments, and obtaining strand ar-
rangements within sheets. According to this framework, two main
challenges arise in sheet structure prediction. First, based on the Critical
Assessment of Structure Prediction (CASP) experiments, the accurate
prediction of long-range contacts between residues remains as a matter
for further exploration [36]. As a result, there is a need for a precise
method of beta-residue contact map prediction [37]. Second, the search
space of possible sheet structures exponentially grows in proteins with a
large number of strands [32]. Thus, it is essential to consider strategies
for reducing search space of this problem.

The enhancement of the beta-residue contact map prediction is the
first step towards achieving accurate determination of sheet structures.
Among the existing residues in a protein, it should be noted that the
prediction of long-range contacts, e.g. beta-residue contacts, is one of
the most challenging tasks [38]. As a result, a great variety of methods
have been developed to improve beta-residue contact prediction. Lippi
and Frasconi suggested Markov logic networks (MLNS) which in-
corporate the structural constraints of sheets in the learning process
[39]. In addition, Burkoff et al. introduced maximum entropy-based
correlated mutation measurements (CMM) for predicting beta-residue
contacts [40]. Moreover, Jones et al. put forward a method (PSICOV)
which employs a sparse inverse covariance matrix to predict residue
contacts [41]. This approach was adopted by other beta-sheet pre-
dictors, such as [33,34]. For instance, BCov utilizes PSICOV's residue
contact estimations to define strand pair scores and applies integer

Fig. 1. A four-step framework of BetaDL for the protein beta-sheet structure prediction.
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linear optimization to predict sheet structures. Furthermore, CCMpred
employs a pseudo-likelihood maximization to predict contact maps
[42]. This approach was followed by bbcontacts [35] which introduced
two hidden Markov models to detect parallel and anti-parallel strand
pairs from the residue contact maps predicted by CCMpred. In spite of
all the efforts made, without many homologs sequences, the overall
accuracy of predicted beta-residue contacts falls lower than that is re-
quired for the protein structure prediction [37]. Therefore, further de-
velopment and new methods for beta-residue contact prediction are still
needed.

As mentioned, the second significant challenge in beta-sheet struc-
ture prediction is the management of the exponential growth of number
of possible sheet structures with respect to the number of protein
strands. To deal with this issue, BetaPro utilizes a simple greedy algo-
rithm to determine strand pairs and their interactions [30]. However,
more accurate algorithms remain to be further explored. Some of the
current methods, such as [18,31,32], present strategies to prune the
search space. However, these methods are applicable for proteins with a
limited number of strands, i.e. up to ten strands. For proteins with a
large number of strands, the most recent method, Top-DBS, enhances
the accuracy of sheet structure predictions by modeling potential sheet
structures as a graph and applying a path cover algorithm [17]. How-
ever, the experimental results of the existing methods indicate that
employing more recent contact map prediction methods and score
functions can improve the accuracy of predictions.

3. Materials and methodology

3.1. Problem statement

The prediction of a protein sheet structure is addressed as the de-
termination of the optimal assignment of strands to the independent
sheets and the arrangement of strands in each sheet. To be more spe-
cific, the determination of the arrangement of strands in each sheet
includes three parts: the order of strand pairs, their interaction types,
i.e. parallel and anti-parallel, and their beta-residue contacts. For ex-
ample, Fig. 2 shows the beta-sheet structure of protein 1GMX with
seven strands where the numbers representing the sequential indices of
strands. These strands are assigned to two sheets, < s s s s s, , , ,1 6 5 2 4 >
and < s s,3 7 > , whose interaction types are parallel and anti-parallel,
respectively.

The present work concentrates on proteins with open beta-sheets,
i.e. no cycles, which are the most common beta-sheet types in cellular
proteins [43]. As is the case for the most widely used methods
[17,18,32,33], two constraints for the open sheets are considered. First,
each strand can be paired with, at the most, two other strands in the
sheet. Second, in multiple-sheet proteins, sheets must have no common
strands, i.e. independent sheets. It is worth noting that these conditions
are satisfied in about 80% of proteins in well-known beta-sheet datasets
[30,33]. With these constraints in mind, the following sections present
a graph-based method to predict beta-sheets.

3.2. General approach

The main goal of the proposed method is to improve the perfor-
mance of beta-sheet structure prediction. The key to reaching this aim is
the accurate prediction of beta-residue contact maps. Furthermore, for
proteins with a large number of strands, it is extremely time-consuming
to seek the native structure among the huge conformational space.
Thus, devising an efficient strategy to explore conformation space is
essential. Towards this end, BetaDL predicts protein sheet structures in
a four-step framework (see Fig. 1) as follows:

(1) Predicting beta-residue contact probabilities via a deep learning
model.

(2) Computing strand pairwise alignment scores by a dynamic pro-
gramming algorithm.

(3) Modeling beta-sheets conformational space as a multi-edge graph.
(4) Determining the final beta-sheet structure with a maximum weight

independent set algorithm.

3.3. Datasets

In order to predict beta-residue contact maps, the training set is a
PDB25 subset extracted by Ref. [23]. This set includes 6767 protein
chains whose structures were obtained by X-ray diffraction with a re-
solution of 2.5 in which any two proteins share less than 25% se-
quence identity.

For the sake of comparison with previous methods, the current
study's test data are obtained from two well-established datasets:
BetaSheet916 [30] and BetaSheet1452 [33]. These datasets have been
utilized by many recent methods, such as [17,18,35]. The BetaSheet916
dataset was introduced as a benchmark for beta-sheet structure pre-
diction methods and it includes 916 protein chains. The BetaSheet1452
dataset was presented as a complementary dataset and it was built from
more recently deposited protein chains. The redundancy between the
training and test datasets is filtered by excluding test proteins which
share more than 25% sequence identity with any proteins within the
training set.

In the present study, the Define Secondary Structure of Proteins
(DSSP) tool assigns secondary structures [14]. The beta-residues are
defined based on the DSSP's assignments and both beta-bridge and beta-
strand residues (labeled B and E in DSSP) are considered as beta-re-
sidues.

3.4. Beta-residue contact map prediction using a deep learning model

The first step towards the beta-sheet structure prediction is the
determination of beta-residue contact maps. Generally, the contact map
is a 2D-representation of the protein structure indicating which residues
in the sequence are close in the protein's 3D-structure. According to the
CASP experiments, two residues are defined as being in contact if the
Euclidean distance between their Cβ atoms (Cα in the case of Glycine) is
less than 8.0 Å [1]. The present work concentrates on beta-residue
contact map prediction. To determine their contacts, the residue con-
tact probabilities are obtained from one of the most successful contact
predictors, known as RaptorX-Contact [23]. In this method, two deep
residual neural networks are presented to integrate sequence con-
servation information and direct evolutionary coupling. These two
networks are explained as follows:

(1) The first residual neural network learns the sequential features of a
residue. It consists of a series of 1D-convolutional transformations
of the sequential features, such as the protein sequence profile, the
secondary structure, and solvent accessibility.

(2) The second residual neural network learns the contact occurrence
patterns and the 2D-context of residue pairs. It conducts a series of
2D-convolutional transformations of pairwise features, such as

Fig. 2. Left: Structure of protein 1GMX. Right: parallel and anti-parallel beta-
sheets. Vertical dash lines indicate beta-residue contacts.
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mutual information, pairwise potential, direct evolutionary in-
formation, and the converted output of the previous level. To
achieve residue contact probabilities, a logistic regression is applied
to the output of the second network.

The probabilities of beta-residue contacts (DeepBBContact) are de-
termined using the residue contact probabilities predicted by the deep
learning model and the DSSP-defined beta-strand regions. Fig. 3 illus-
trates the overall view of the deep learning model for DeepBBContact
prediction. The next section uses these probabilities to infer beta-strand
pairwise alignments in parallel and anti-parallel forms.

3.5. Beta-strand pairwise alignment using a dynamic programming
algorithm

Prior to the prediction of sheet structures, the propensity of pairing of
each two strands must be determined. Hence, this section computes the
pairwise alignment of each two strands. Later, according to these alignment
scores, the final sheet structure is predicted. The present study determines

the optimal strand pairwise alignments in parallel and anti-parallel forms
by applying a dynamic programming algorithm, i.e. Needleman-Wunsch
[44]. This algorithm consists of three phases: initialization, forward, and
backtracking. In the initialization and forward phases, the alignment matrix
(G) for two strands, X and Y, is computed as follows:

G G i i d G j j d(0, 0) 0, ( , 0) , (0, )= = × = ×

G i j max
G i j DeepBBContact X Y

G i j d
G i j d

( , )
( 1, 1) ( , )

( 1, )
( , 1)

i j

=
+

+
+ (1)

where DeepBBContact(Xi,Yj) represents the probability of the ith beta-re-
sidue of strand X and the jth beta-residue of strand Y making contact. It is
worth mentioning that the beta-residue contact probabilities are computed
in Section 3.4 and the strand regions are derived from the DSSP-assigned
secondary structures. Finally, the optimal alignment is obtained by per-
forming the backtracking phase and the alignment score, Scorepair, is found
in the bottom right-hand corner of the alignment matrix. Note that this
algorithm determines the optimal alignment in the parallel interaction. To
compute the anti-parallel alignment, the same algorithm must be applied,
with the exception that one of the strands is reversed by placing its amino
acids in the opposite order. The next section constructs a model for sheet
structures in the target protein using the computed alignment scores.

3.6. Beta-strand interaction graph

The current work introduces a new graph, named the beta-strand
interaction graph, to comprehensively model the conformational space
of the possible sheet structures of a protein. Note that pruning inter-
actions before the enumeration of the possible arrangements of strand
pairs in sheets can lead to overlooking some important structures.
Therefore, in recent methods, such as [17,33], all possible forms of
strand pairs are taken into account. Following the approach of these

Fig. 3. Overall view of the deep beta-residue contact map prediction.

Fig. 4. BetaDL's steps for the beta-sheet structure prediction of protein 1GMX with seven strands. a) Predicted beta-residue contact (DeepBBContact) by the deep
learning model. b) Beta-strand pairwise alignment scores (W), where the upper (red) and lower (blue) diagonal parts indicate parallel and anti-parallel alignment
scores, respectively. c) The BSI graph, where parallel and anti-parallel interactions are shown in red and blue arcs, respectively. The weight of edges is not indicated
for simplicity. d) The set of candidate sheets generated by APSP is illustrated as a sheet independency graph (SIG). Sheets with no common strand are connected by
edges. Note that weight of sheets and some of the generated sheets are not shown for simplicity. e) The maximum weight independent subset of sheets determined by
MWIS as a predicted beta-sheet structure. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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methods, the present work considers the parallel and anti-parallel forms
of strand pairs. In addition, to reduce the computational complexity, a
new representation for strand interactions is presented.

The Beta-Strand Interaction (BSI) graph is an undirected multi-edge
graph that consists of four-tuples V, E, W, L< >. In this graph, the set of
vertices, V {s , , s },1 n= … represents strands, si, where 1 i n and n is the
number of strands in the protein derived from the DSSP-assigned sec-
ondary structures. In addition, the set of edges, E, represents all types of
strand pairwise interactions. In order to encode parallel (P) and anti-
parallel (A) interactions, this graph is considered to be multi-edge, i.e.
with exactly two edges between each pair of strands (Fig. 4c). In this
graph, the interaction types, parallel and anti-parallel, are indicated by
labels: L {P, A}= . Hence, set E is defined as follows:

E s s l s s V l L{( , , )| , }i j i j= (2)

In the BSI graph, the weight matrix, W, indicates the alignment
scores, Scorepair, between all strand pairs (si,sj) in parallel and anti-
parallel interactions, as computed in Section 3.5. This 2D-matrix in-
cludes ( n n)× entries and the upper and lower diagonal parts of W
indicate the parallel and anti-parallel alignment scores of strand pairs,
respectively (Fig. 4b). Matrix W is defined as:

W
Score s s P i j

i j
Score s s A i j

( , , ),
,

( , , ),
i j

pair i j

pair i j

, =
<

=
> (3)

3.7. Beta-sheet structure prediction

In the previous section, all possible interactions between strands are
modeled as a BSI graph. Note that there is a one-to-one correspondence
between open beta-sheets in the target protein and simple paths, i.e.
with no cycle, in the BSI graph [17]. Moreover, as mentioned in Section
3.1, a beta-sheet structure is defined as a set of independent sheets with
no common strands. Consequently, the correct beta-sheet structure can
be predicted by determining the maximum weight independent set of
paths in the BSI graph. By means of pruning the search space, the
current work solves the maximum weight independent set in two steps
by:

(1) Producing a set of candidate sheets.
(2) Determining the maximum weight independent subset of sheets in

the above set.

In order to achieve a reliable prediction, it is essential to provide an
accurate score function to evaluate the generated paths. Hence, first,
the next subsection describes the proposed score function and later, the
details of the above-mentioned steps are discussed.

3.7.1. Score function
A critical issue that impacts the performance of the sheet structure

prediction is the accuracy of score functions. In the literature, two types
of score functions are utilized: pairing and topology score functions
[32]. The pairing score function was employed by Refs. [17,18,30,33],
while the topology score function was applied by Refs. [15,31]. Fur-
thermore, methods, such as [32,34], utilized combinations of these two
score functions. In the pairing score function, scores of strand pairwise
interactions are calculated by finding their strand alignments. Later, the
score of sheet structures is assigned by taking the average or sum of
their strand pairwise interactions. This type of score function suffers
from its monotonic nature and tendency to assign all strands into one
sheet. On the other hand, in the topology score function, scores of
strand pairwise interactions and sheets are determined by assigning
probabilities based on several topological features. However, the dis-
criminative power of this type of score function is significantly reduced
by the growth of the number of strands in the proteins [15]. Therefore,

providing an accurate score function for beta-sheet structure prediction
remains an open problem.

The present paper concentrates on the pairing score function and
attempts to overcome its deficiencies. For this reason, by considering
the natural protein beta-sheet conformations, a new score function is
introduced. This score function evaluates the sheet structures based on
the strand pairwise alignment scores and a probability model for the
sheet sizes, i.e. the number of strands in the sheets. To generate this
probability model, proteins with open beta-sheets are extracted from
the training dataset. In these proteins, the probabilities of different
sheet sizes are derived with respect to the total number of strands in the
proteins. Later, according to these probabilities, for each protein with n
strands, the probability of sheet formation having nS strands or more,
denoted by F n n P x n n( | ) 1 ( | )x S S= < , is computed. Therefore, in the
target protein, for each sheet, S s s, , ,n1 S= < … > its score is determined
as follows:

Score S Score s s l F n n( ) , , ¯ ( | )sheet
i

n

pair i i x S
1

1

S

= ×
=

+
(4)

where Scorepair are computed in Section 3.5. Based on the proposed
score function, the following subsection generates a set of maximum-
score sheets.

Step 1: Producing a set of candidate beta-sheets

To generate a set of paths with the highest scores, the present study
utilizes the all-pairs shortest paths (APSP) solution. To determine APSP
in the BSI graph and convert the longest paths into the shortest ones,
the negative of the original weights of edges, eWBSI, is considered. One
of the promising algorithms for finding APSP in the presence of nega-
tive weights is the Floyd-Warshall algorithm [45]. Hence, due to the
existence of negative cycles in the BSI graph, a modified version of this
algorithm is introduced (see Fig. 5).

The APSP algorithm begins by assuming no intermediate vertex in
the paths between pairs. Later, in each step, an intermediate vertex, r, is
selected and the path between each pair of vertices, Path[u,v], is up-
dated if the new path is shorter than its previous estimation. In addi-
tion, before merging any two paths, the common strands of two paths,
Path[u,r] and Path[r,v], are extracted and stored in the set Com. Later,
their intersections are omitted from one of the paths and the two paths
are merged. In this algorithm, in the merging phase, the score of Path
[u,v] is updated based on two paths, Path[u,r] and Path[r,v], as follows:

Score Path u r Path r v W

F Path u r Path r v n

( [ , ] [ , ])

( [ , ] [ , ] | )

sheet
i

Path u r Path r v

s s

x

1

[ , ] [ , ]

,i i 1+ =

× +

=

+

+

(5)

Step 2: Determining the final beta-sheet structure

Fig. 5. An overview of the APSP algorithm.
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In the previous section, between each two strands in the target
protein, the strand arrangement with the highest score is determined
and a set of candidate sheets is produced. To infer the final beta-sheet
structure, first, the independency between sheets in the generated set is
indicated as a new graph and later, in this graph, the maximum weight
independent set is determined.

The Sheet Independency Graph (SIG) is defined as a weighted
graph, where vertices represent sheets and their weights signify their
corresponding sheet scores, i.e. Score n/sheet s, where ns is the number of
strands in the sheet and Scoresheet is computed by Eq. (4). Moreover,
edges indicate the independency of sheets and two vertices are con-
nected by an edge if their corresponding sheets have no common
strands. The overall view of this graph is illustrated in Fig. 4. d.

The current paper presents an algorithm, named MWIS, to de-
termine the Maximum Weight Independent Set in SIG. To find MWIS, a
subset of vertices must be selected, in which every two vertices are
adjacent to each other. In addition, the sum of weights of selected
vertices must be maximal. Consequently, in the MWIS algorithm, the
independent subset with the maximum weight is determined by finding
the largest weight independent subset for each vertex in SIG and se-
lecting the maximum weight among these. Fig. 6 outlines this algorithm
in detail.

In the MWIS algorithm, vertices are sorted in a descending order of
their weights and the maximum degree of each vertex is restricted by
considering its n-top-score neighbours, where n is the number of strands
in the protein (Line 3–4 in Fig. 6). Furthermore, during the search for an
independent subset containing a given vertex, this algorithm prunes
vertices unable to form an independent subset with a weight larger than
the weight of the current maximum subset, Max (Line 10 in Fig. 6).
After all vertices in SIG are considered, the MWIS algorithm is termi-
nated and the maximum weight independent set, Max-Set, is presented
as the final beta-sheet structure.

4. Experimental results

The present method, BetaDL, is compared with recent beta-sheet
structure predictors in the literature, which are applicable for proteins

with any number of strands and available for downloading as standa-
lone packages, such as BetaPro [30], BCov [33], bbcontacts [35], and
Top-DBS [17].

4.1. Performance measurements

In this study, the performance of beta-sheet structure predictors is
evaluated at two levels: beta-residue (contact map) and strand (strand
pairing and interaction types) levels. At these levels, the following
performance measurements are computed: Precision, Recall, F1-score,
and Matthews Correlation Coefficient (MCC), where TP, TN, FP, and FN
represent true positives, true negatives, false positives, and false ne-
gatives, respectively:

Precision TP/(TP FP)= + (6)

Recall TP/(TP FN)= + (7)

F1 score (2 Precision Recall)/(Precision Recall)= × × + (8)

MCC (TP TN FP FN)
(TP FP)(TP FN)(TN FP)(TN FN)

= × ×
+ + + + (9)

4.2. Experiments

In order to analyse BetaDL's performance, the present study con-
ducts eight experiments. On two well-known datasets, the prediction
power of BetaDL is compared with other methods at the residue and
strand levels. There is also a discussion on BetaDL's efficacy in the
prediction of beta-residue contact maps and this is compared to that of
the RaptorX-Contact server. In addition, without considering the
knowledge of secondary structures, the current work evaluates the
capability of BetaDL in the prediction of beta-sheet structures.
Furthermore, the impact of score functions on the performance of
BetaDL is discussed. Finally, an analysis is provided on the computa-
tional time of BetaDL in proteins with a variant number of strands.

4.2.1. Performance comparison at the beta-residue level
One of the main goals of existing methods is improving the per-

formance of beta-sheet predictors at the residue level. Hence, in the
current study, BetaDL's performance is reported at the beta-residue
level on the BetaSheet916 dataset and compared with present methods
that predict beta-residue contact maps, i.e. BetaPro, BCov, and bbcon-
tacts. As seen in Table 1, BetaDL outperforms the others in almost all
performance measurements i.e. its F1-score is 4% higher than the best
results of other studies. However, an exception should be noted in that
bbcontacts performs slightly higher in terms of precision.

4.2.2. Performance comparison at the beta-strand level
In this experiment, the performance of the beta-sheet predictors is

discussed at the strand level. Table 2 compares BetaDL's performance to
that of state-of-the-art methods at the strand level on the BetaSheet916
dataset. Results show that BetaDL surpasses most performance mea-
surements, i.e. the proposed method's F1-score is 6% higher than the
best results of previous studies (Top-DBS). In addition, this evaluation

Fig. 6. An overview of the MWIS algorithm.

Table 1
Performance comparison of beta-sheet predictors at the residue level on the
BetaSheet916 dataset.

Method Performance Measurments

Precision Recall F1-score

BetaDL 71% 73% 72%
bbcontacts 72% 65% 68%
BCov 41% 42% 42%
BetaPro 38% 44% 41%
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employs the qualitative measure, F1≥70, introduced by Ref. [39]. This
measure indicates the percentage of proteins in the dataset for which
strand pairs are predicted with an F1-score equal to or more than 70%.
BetaDL achieves a higher F1≥70 than that of previous research, i.e. a
19% improvement compared to the best results of previous works.

4.2.3. Performance comparison on BetaSheet1452
In order to study BetaDL's performance on a larger and newer da-

taset, the current study conducts a comparison of methods on the
BetaSheet1452 dataset. Table 3 indicates that BetaDL improves the
performance measurements at the residue level. In addition, as seen in
Table 4, BetaDL's performance is higher than that of previous works at
the strand level, i.e. its F1-score is 10% higher than the best results of
other studies. A comparison of the reported results in Tables 1 and 2
with those in Tables 3 and 4 clearly shows that BetaDL's performance is
unaffected by a dataset change.

4.2.4. Performance comparison between BetaDL and RaptorX-Contact
The current study discusses the effect of BetaDL on beta-residue

contact map prediction. As described in Section 3.4, BetaDL predicts
beta-residue contact maps and beta-sheet structures based on residue
contact probabilities determined by one of the most successful general-
purpose contact map predictors, the RaptorX-Contact server [23]. At
the beta-residue level, the present work compares the performance of
BetaDL with that of RaptorX-Contact on the BetaSheet916 dataset. As
shown in Table 5, BetaDL improves the performance measurements of
RaptorX-Contact, i.e. with 13%, and 15% increments in the F1-score
and MCC, respectively.

4.2.5. Impact of deep learning model on BetaDL's performance
In this experiment, the effect of incorporating the deep learning

model into beta-sheet structure prediction is discussed by comparing
two versions of BetaDL. One version employs beta-residue contact
probabilities in DeepBBContact and the second version utilizes the beta-
residue contact probabilities determined by BetaPro [30]. At the beta-
residue level, Table 6 presents the performance measurements of these
two versions of BetaDL on the BetaSheet916 dataset. It is evident that
the BetaDL version utilizing DeepBBContact surpasses the other
package in the whole performance measurements, as highlighted by the
5% increments in both the F1-score and MCC.

4.2.6. Impact of incorporating predicted secondary structures on BetaDL's
performance

This experiment verifies BetaDL's capability in the prediction of
beta-sheet structures without the knowledge of exact secondary struc-
tures. BetaDL's performance in two scenarios is analyzed: (1) using the
exact secondary structures assigned by DSSP [14] and (2) employing
the predicted secondary structures determined by DeepCNF, one of the
most successful secondary structure predictors [21]. At the residue-
level, Table 7 illustrates BetaDL's performance measurements in these
two cases on the BetaSheet916 dataset and compares these with the
results of bbcontacts. As expected, the BetaDL and bbcontacts versions
based on DSSP-assigned secondary structures remarkably enhance
performance measurements when compared to the other versions.
Furthermore, as shown in Table 7, without employing exact secondary
structures, BetaDL achieves higher performance measurements than
bbcontacts, i.e. an 8% improvement in the F1-score.

4.2.7. Impact of score functions on BetaDL's performance
The current study discusses BetaDL's performance by employing

different score functions. As mentioned in Section 3.7, the present
paper attempts to improve the pairing score function. Hence, the effect

Table 2
Performance comparison of beta-sheet predictors at the strand level on the
BetaSheet916 dataset.

Method Performance Measurments

Precision Recall F1-score F1≥70

BetaDL 83% 80% 82% 81%
bbcontacts 84% 58% 68% 56%
Top-DBS 75% 77% 76% 62%
BCov 59% 62% 61% 44%
BetaPro 53% 60% 56% 32%

Table 3
Residue-level performance comparision on BetaSheet1452.

Method Performance Measurments

Precision Recall F1-score

BetaDL 76% 78% 76%
bbcontacts 73% 65% 69%
BCov 42% 45% 43%

Table 4
Strand-level performance comparision on BetaSheet1452.

Method Performance Measurments

Precision Recall F1-score

BetaDL 83% 82% 82%
bbcontacts 88% 61% 72%
Top-DBS 74% 70% 71%
BCov 59% 63% 61%

Table 5
Performance comparison between BetaDL and RaptorX- Contact at the beta-
residue level on the BetaSheet916 dataset.

Method Performance Measurments

Precision Recall F1-score MCC

BetaDL 71% 73% 72% 71%
RaptorX-Contact 62% 59% 59% 56%

*Note that the measurements of RaptorX-Contact are reported at its best per-
formance, i.e. highest F1-score.

Table 6
Effect of beta-residue contact probabilities on BetaDL's performance.

Method Performance Measurments

Precision Recall F1-score MCC

BetaDL (using DeepBBContact) 71% 73% 72% 71%
BetaDL (using BetaPro's contacts) 67% 69% 67% 66%

Table 7
Effect of secondary structure assignment on BetaDL's performance at the residue
level.

Method Secondary Structure Assignment Performance Measurments

Precision Recall F1-score

BetaDL DSSP 71% 73% 72%
DeepCNF 58% 61% 59%

bbcontacts DSSP 72% 65% 68%
PSIPRED 47% 55% 51%

*The values of bbcontacts are taken from the corresponding article [35].
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of the proposed score function on beta-sheet structure prediction is
evaluated by comparing two versions of the BetaDL algorithm: one
employing the score function proposed in the current study and the
second using the standard score function presented by BetaPro [30]. As
shown in Table 8, at the strand level, the proposed score function im-
proves prediction results, i.e. a 6% and 7% improvement in the F1-score
and MCC, respectively.

4.2.8. Runtime of BetaDL
The runtime of BetaDL is evaluated on a workstation with Microsoft

Windows 10 Enterprise, an Intel core i7 ×64 processor, 2.5 GHZ CPU,
and 16 GB RAM. With respect to the number of strands in the proteins,
the plot box of BetaDL's runtime is illustrated in Fig. 7. It is evident that
runtime exponentially increases with the number of strands. However,
for 98% of the proteins in the datasets, i.e. proteins with less than 27
strands, BetaDL determines beta-sheet structures in less than 1 min.
Furthermore, the runtime of BetaDL is acceptable for proteins with a
large number of strands.

5. Comparison and discussion

This section provides an overall comparison between the perfor-
mance of the current work and that of existing methods in beta-sheet
structure prediction. The present study conducts several experiments
and, from these experimental results, concludes that BetaDL offers some
advantages over other methods. It is evident that the current method
achieves higher performance at the residue and strand levels when
compared to previous beta-sheet structure predictors in literature
(Tables 1 and 2). BetaDL outperforms bbcontacts [35] in the recall and
F1-score. However, the precision of bbcontacts is slightly better when
compared to that of the proposed method, which may be due to filtering
low-scoring beta-sheet structures in the post-processing phase of
bbcontacts. Moreover, BetaDL's performance on two well-known beta-
sheet datasets is studied, the results of which indicate that the current
work's performance is unaffected by dataset changes (Tables 3 and 4).
In addition, it is noteworthy that BetaDL utilizes the residue contact
probabilities determined by RaptorX-Contact [23]. However, compared
to RaptorX-Contact, BetaDL significantly improves performance mea-
surements in beta-residue contact predictions (Table 5). Furthermore,
the current method's performance is studied using predicted secondary
structures as input data, instead of exact structures. As expected, at the
residue level, performance measurements decrease. However,

compared to bbcontacts, an improvement in performance is observed
(Table 7). Therefore, BetaDL enhances the prediction of beta-sheet
structures when the exact secondary structures are not available. In any
case, providing more accurate secondary structure predictions can im-
prove the performance.

6. Conclusion

The current study develops a new method, BetaDL, which integrates
deep learning models and graph search algorithms to refine beta-sheet
structure prediction. BetaDL outperforms previous methods due to its
four main contributions. First, deep residual neural networks are em-
ployed for the beta-residue contact map prediction. Second, in contrast
with most existing methods, the proposed approach comprehensively
models the protein beta-sheet conformational space as a multi-edge
graph. Third, a new score function is presented which determines the
probability of a beta-sheet formation with a specific number of beta-
strands and leads to improvements in prediction results. Fourth, beta-
sheet structures are predicted by transforming this problem into a
computational solution, a maximum weight independent set, and by
applying heuristic algorithms.

The current method demonstrates that deep-learning models exhibit
better performance in beta-residue contact predictions. Furthermore,
the BetaDL's higher performance and ability to explore conformation
space in an acceptable computational time renders the proposed
method suitable for beta-sheet structure prediction. In the future, the
authors plan to extend BetaDL to predict various types of beta-sheets,
such as circular beta-sheets and beta-sheets which contain strands with
more than two partners.
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