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Abstract
Background: Protein structure can be described by backbone torsion angles: rotational angles about the N-Cα
bond (φ) and the Cα-C bond (ψ) or the angle between Cαi-1-Cαi-Cαi + 1 (θ) and the rotational angle about the
Cαi-Cαi + 1 bond (τ). Thus, their accurate prediction is useful for structure prediction and model refinement. Early methods
predicted torsion angles in a few discrete bins whereas most recent methods have focused on prediction of angles in
real, continuous values. Real value prediction, however, is unable to provide the information on probabilities
of predicted angles.
Results: Here, we propose to predict angles in fine grids of 5° by using deep learning neural networks. We
found that this grid-based technique can yield 2–6% higher accuracy in predicting angles in the same 5° bin
than existing prediction techniques compared. We further demonstrate the usefulness of predicted probabilities at
given angle bins in discrimination of intrinsically disorder regions and in selection of protein models.
Conclusions: The proposed method may be useful for characterizing protein structure and disorder. The method is
available at http://sparks-lab.org/server/SPIDER2/ as a part of SPIDER2 package.
Keywords: Torsion angle, Intrinsically disordered region, Model quality assessment, Deep learning neural network

Background
One of the most important sub problems of protein
structure prediction is prediction of protein backbone
secondary structure from sequences. Despite of the long
history, the field of secondary structure prediction
continues to flourish as the accuracy of three-state
prediction (helix, sheet, and coil) steadily improves to
82–84% [1] because of larger sequence and structural
databases [2–5] and more sophisticated deep learning
neural networks [6, 7].
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Instead of multi-state secondary structure, backbone
structure of proteins can be more accurately described by
continuous dihedral or rotational angles about the N-Cα
bond (φ), the Cα-C bond (ψ) for single residues. A number
of methods have been developed for prediction of angles
in discrete states [8–11] or continuous values [6, 12–17].
For example, ANGLOR [15] employs neural networks and
support vector machine to predict φ and ψ separately.
TANGLE [16] utilizes a two-level support vector regression to predict backbone torsion angles (φ, ψ) from amino
acid sequences. Li et al. [17] predicted protein torsion
angles using four deep learning architectures, including
deep neural network (DNN), deep restricted Boltzmann
machine (DRBN), deep recurrent neural network (DRNN)
and deep recurrent restricted Boltzmann machine
(DReRBM). Most recently, Heffernan et al. [18] employed

© The Author(s). 2018 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.

Gao et al. BMC Bioinformatics (2018) 19:29

long short-term memory bidirectional recurrent neural
networks that allows capture of nonlocal interactions and
yielded the highest reported accuracy in angle prediction.
Most recent review on torsion angle prediction can be
found in [19]. Predicted angles have been proven useful in
fold recognition [20, 21] and fragment-based [22] or
fragment-free structure prediction [23]. A complementary
description of backbone structure is to employ the angle between Cαi-1-Cαi-Cαi + 1 (θ) and the rotational angle about
the Cαi-Cαi + 1 bond (τ). Unlike single-residue representation
of φ and ψ angles, these two Cα-atom-based angles involve
3–4 locally connected residues. Predicted Cα-atom-based
angles have demonstrated their potential usefulness in
model quality assessment and structure prediction [6, 24].
Continuous, real value prediction of angles has the advantage over prediction of a few states as it provides a
high-resolution description of backbone and removes
the arbitrariness of defining boundaries between discrete
states. Real-value prediction is a regression problem and
it does not provide a separate confidence measure for
predicted values. By comparison, prediction of discrete
states is a classification problem and predicted probability
of each class can be employed as a confidence measure. A
confidence measure is needed because it allows conformational sampling of all angle regions in different probabilities, rather than a single angle in real-value prediction [8].
In fact, lack of a confidence measure for real-value prediction limited the usefulness of predicted angles as restrains
for three-dimensional structure prediction [23]. Moreover,
an accurate prediction of angle probability may provide
useful information of conformational flexibility and, in the
extreme case, protein intrinsic disorder [25]. One
approach is to develop a separate method for predicting
errors in predicted angles [26]. A reasonable accuracy was
demonstrated between predicted and actual errors in
angles with a Spearman correlation coefficient at 0.6.
In this study, we obtained the confidence measure of
predicted angles by going back to discrete prediction.
Early study by Kang et al. [8] divided φ and ψ angles into
equal size bins of 10°. More coarse-grained grids were
employed in later studies such as 30° by Bystroff et al.
[10] and 40° by Kuang et al. [11]. This work employed a
more refined, near-continuous discretization (5° bin in
angles). Moreover, unlike previous methods, which is
limited to torsion angles φ and ψ, we also predict Cα-atom-based angles θ and τ with the same fine grids. By
using the same training and test sets as SPIDER2 [6],
this fine-grid-based prediction not only achieves significantly more accurate prediction in given angle bins than
SPIDER2, SPIDER3 [18] and other techniques without
iterative multi-neural-network training but also provides
the probabilities of predicted angles that might be useful
for protein disorder prediction, protein structure
prediction, and model quality assessment.
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Methods
Datasets

To facilitate comparison, the datasets for the training and
test of SPIDER2 [6, 27] were employed here for training
and testing the neural network models. The training and
test datasets contain 4590 (TR4590) and 1199 proteins
(TS1199), respectively. These proteins have sequence identity less than 25% among them and their X-ray resolutions
are better than 2 Å. Furthermore, we obtained a dataset
that contained annotated structured and unstructured
(intrinsically disordered) regions of 329 proteins (SL329),
which was used by [28, 29]. Disordered regions in SL329
were annotated by DisProt [30] and Remark 465 in PDB
[31] structure. Here, we tested the assumption that intrinsically disordered regions have a broad distribution of
torsion angles and thus higher entropy in probabilities of
predicted angles than structured regions.
In addition, we obtained all top 1 server models of 72
proteins in critical assessment of structure prediction
(CASP 11). The CASP11MOD set has a total of 3017
models. The sequence identity between CASP11MOD
and training dataset (TR4590) is less than 30%. We
characterized the local structural quality of each model
by sequence-position-dependent S-score [32]. Si = 1/(1
+ (di/d0)2, where d0 = 3 Å, di was the distance between
the residue i in the model structure and the same
residue in the native structure. The pairwise structural
alignment was performed by SPalign [33]. This dataset
was employed for testing the usefulness of probabilities
of predicted angles for structure prediction and model
quality assessment.
Another independent test set is Rosetta decoy sets. It
contains 58 native crystal protein structures with 100 lowest scoring models per native structure using Rosetta de
novo structure prediction algorithm followed by all-atom
refinement and 20 crystal structures that have been refined
in Rosetta.
All datasets can be found at URL: http://sparkslab.org/download/yueyang/data/spiderbin-dataset.tgz.
Deep neural-network architecture

The deep neural network implemented by Palm [34] was
employed for prediction of discrete angles. Stacked sparse
auto-encoder was utilized for initializing unsupervised
weights with learning rate of 0.05, which were refined by
standard backward propagation. There were three hidden
layers, with 150 hidden neurons in each layer with
learning rates at 1.0, 0.5, 0.2, and 0.05 for different layers.
Input features

We have built two separate models. The first model
(M1) employed 27 features for each amino acid residue
and a window size of 13 with 6 amino acid residues at
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each side of the query residue. The input features for a
given amino acid residue are seven representative amino
acid properties and Position Specific Scoring Matrix
(PSSM) generated by PSI-BLAST [35] with three
iterations of searching against NR database with an
E-value of 0.001 (20 features). The seven amino acid
properties are steric parameter (graph shape index),
hydrophobicity, volume, polarizability, isoelectric point,
helix probability, and sheet probability as we have employed
in SPIDER2 [6, 27] .
In the second model (M2), we employed PSSM plus
the output of SPIDER2 as input features, which includes
predicted secondary structures, probabilities for three
types of secondary structure (3 features), relative solvent
accessibility (RSA) (1 feature), cosine/sine functions of
backbone φ and ψ angles and Cα-atom-based angle θ and
rotational angle τ (2*4 = 8 features), contact numbers
based on Cα and Cβ atoms (CNα and CNβ, 2 features),
respectively, and up and down half-sphere exposures
(HSE) based on the Cα-Cβ vector and the Cα-Cα vector
(HSEβ-up, HSEβ-down, HSEα-up, and HSEα-down, 4 features), respectively. We also used a sliding window size
of 7 (3 amino acids at each side of the query amino
acid residue) to represent each residue. This leads to
266 input features for per residue. We did not
employ seven amino acid properties in M2 because
they were employed in SPIDER2 and a smaller
window size for M2 was employed because SPIDER2
has already employed a window size of 17 for its
prediction.

Outputs

For this grid-based method, all backbone angles were
divided in 5° bin. φ, ψ, and τ ranging from − 180° to 180°
have 72 bins, and θ ranging from 0° to 180° have 36 bins.
In training, the actual angles are coded as 1 for the
designated bin and 0, otherwise. A total of 252 (72*3 +
36) output nodes were employed for four angles, which
are predicted simultaneously.
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number of residues. The angle bin with the highest
predicted probability is the predicted angle bin.

Results
Performance comparison

Table 1 compares the accuracy of four angle bins from
SPIDER2 and two models [without (M1) or with (M2)
SPIDER2 as input] from this work. It indicates that both
models achieved higher accuracies for four angles on
both training dataset (TR4590) and test dataset
(TS1199). For the test set, there are 2–5% absolute improvements even without SPIDER2 (M1) as input with
the highest improvement in θ angle. Inputting SPIDER2
prediction (M2) yielded a small but statistically significant improvement in bin accuracy (p < 2.9e-09 for all
four angles) with the best improvement in θ (2%) and τ
(1%) angles. The overall accuracy is 37% for θ and
19–20% for rotational angles (φ, ψ, and τ). In the test
set, we further compared our method to SPIDER3 [18]
and ANGLOR [15] in addition to SPIDER2. As shown in
the table, our grid-based methods (M1 and M2) are
more accurate in getting angles within 5° bin (e.g. 19.2%
by M1 versus 14.0% by ANGLOR and 15.6% by
SPIDER3 in φ, 17.1% by M1 versus 5.5% by ANGLOR
and 15.7% by SPIDER3 in ψ).
One nice feature of the grid-based prediction is that it
can provide top predicted angles to choose from, rather
than, a single angle in real-value prediction. As Table 1
showed, if the accuracy is measured by matching the native angles to one of the top five predicted angle bins,
the accuracy increases 32–42% to 50–80% over top 1 for
M1 and 35–44% to 53–81% over top 1 for M2. M2
consistently improves over M1 by 2–3% for top 5
matches in all four angles.
For structure prediction, large angle errors are the
biggest concern. The φ angles can be split into two
states [0° to 150°] and [(150° to 180°) and (− 180° to 0°)]
and the ψ angles into [− 100° to 60°] and [(− 180° to − 100°)
Table 1 Accuracy for four angles, 5° for each bin
Dataset Method
a

Training, test and performance evaluation

The neural network model was trained by ten-fold
cross validation with TR4590 and independently
tested by TS1199. In the ten-fold cross validation, the
training dataset was randomly divided into ten
subsets. Nine subsets were employed for training and
the remaining one subset was for test. This process
repeated ten times so that all subsets were employed
for test. Since predicting the torsion angles with 5°
bin is a multi-class classification problem, the
performance of angle prediction was evaluated by the
number of correctly predicted angle bins in the total

TR4590 SPIDER2

φ (Top 5c)

ψ (Top 5c)

θ (Top 5c)

τ (Top 5c)

0.166

0.162

0.318

0.161

b

M1

0.196(0.607) 0.179(0.583) 0.365(0.799) 0.174(0.504)

M2b

0.203(0.636) 0.187(0.616) 0.379(0.828) 0.185(0.547)

TS1199 ANGLOR 0.141

0.055

NA

NA

SPIDER2a 0.162

0.151

0.304

0.153

SPIDER3a 0.156

0.157

0.325

0.162

a

M1b

0.192(0.598) 0.171(0.567) 0.358(0.794) 0.171(0.497)

M2 b

0.196(0.615) 0.174(0.588) 0.367(0.810) 0.178(0.528)

Predicted real angle values from SPIDER2/SPIDER3 were evaluated according
to 5° bin. bM1 and M2 are models without or with SPIDER2 as input,
respectively. c The number in parentheses is the accuracy of matching the
native angles to one of the top five predicted angle bins
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and (60° to 180°)]. SPIDER2 achieved 96.6% and 86.8% for
two-state prediction of φ and ψ, respectively. By
comparison, M1 achieved 96.0% and 84.2%, M2 achieved
96.5% and 86.8%, respectively. Thus, the large-angle error
is comparable to SPIDER2, in the absence of iterative
training.
One interesting question is whether or not a smaller
number of output nodes would improve the accuracy of
prediction. Table 2 compares the performance of the
methods trained by 10° and 5° bins, respectively. For the
test set (TS1199), the differences in correctly predicted
angle bins for the methods trained by different angle
bins are small (~ 0.3–0.4%). Thus, we will mainly focus
on the methods based on the 5° bin.
Feature contributions

In order to evaluate the contributions from various
features, we separated all features in M2 into three
groups: PSSM-based features (PSSM profile), anglebased features (cosine/sine of predicted φ, ψ, θ and τ),
and structure-based features (predicted secondary structure
probability, relative solvent accessibility, half-sphere exposure, and contact numbers). As shown in Table 3, the model
with angle-based features achieved the highest overall
accuracy in three feature groups, followed by structurebased features. When two types of features are employed,
the model using angle-based and PSSM-based features has
a higher accuracy than that angle-based plus structurebased features. The M2 model with all three feature groups
yields the best overall accuracy of angle bins and accuracy
of top5 match. The improvement is statistically significant
(p-value < 9.9e-02 over the best two feature groups and
p-value < 1.8e-07 over the best single feature group).

Table 3 Accuracy for four angles, 5° for each bin, using
different combinations of features groups in M2 on training
dataset TR4590 with 10-fold cross validation. The number in parentheses is the accuracy of matching the native angles to one
of the top five predicted angle bins
Method

φ (Top 5)

ψ (Top 5)

θ (Top 5)

τ (Top 5)

Angles-based
0.200(0.629) 0.183(0.608) 0.374(0.823) 0.180(0.542)
features(Angles)a
Structure-based
features(Struct)b

0.193(0.602) 0.176(0.583) 0.363(0.804) 0.174(0.521)

PSSM-based
features(PSSM)c

0.188(0.588) 0.168(0.555) 0.353(0.784) 0.167(0.493)

Angles+PSSM

0.202(0.633) 0.186(0.613) 0.377(0.826) 0.184(0.545)

Angles+Struct

0.201(0.632) 0.185(0.611) 0.376(0.825) 0.182(0.544)

PSSM+Struct

0.198(0.622) 0.183(0.603) 0.373(0.819) 0.180(0.534)

All features of
M2 model

0.203(0.636) 0.187(0.616) 0.379(0.828) 0.185(0.547)

a
predicted angle feature group (φ and ψ angles and Cα-atom-based angle θ
and rotational angle τ). b Structure-based feature group: predicted secondary
structure probability, relative solvent accessibility, half-sphere exposure, and
contact numbers. c PSSM based feature group: the features from PSSM profile

receiver operating characteristic curve (AUC), we normalized the entropy into (0, 1) by uniform distribution
(Normalization has no effect on AUC). A window-based
average of the entropy was employed as a single feature to
predict protein disorder with the optimized window size of
21 residues at the query residue at the center. We found
that the entropies based on angles predicted by M2 (with
SPIDER2 as the input) are much better than those by M1,
suggesting more accurately predicted probabilities by M2
(See Fig. 1). The former has AUC values between 0.55 and
0.64 by entropies based on different angles, compared to

Discrimination of protein disordered regions

If predicted probabilities are actual representation of
angle fluctuations, one would expect that angles in intrinsically disordered regions should have large
fluctuation. In other words, predicted probabilities
should be useful as a feature for predicting disordered
regions. To test this concept, we compute the entropy
Entropy = −∑iPilog(Pi). Pi is i-th angle bin probability. In
order to evaluate the method based on area under the

Table 2 Accuracy for four angles, 10° for each bin in TS1199
Method

φ

ψ

θ

τ

SPIDER2a

0.292

0.263

0.458

0.241

M2–5°b

0.337

0.297

0.516

0.274

0.340

0.300

0.520

0.277

c

M2–10°
a

Predicted real angle values from SPIDER2 were evaluated based on 10° bin.
b
Trained with SPIDER2 input and 5° bin and evaluated by combining two
neighboring 5° bin. c Trained with SPIDER2 input and 10° bin

Fig. 1 Receiver operating characteristic curve for disorder prediction
given by a single feature from entropy of different angle probabilities
predicted by M1 (PSSM + amino acid properties) and M2 (with SPIDER
2 as input), as compared to a deep-learning neural network based
techniques SPOT-disorder employing multiple features
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between 0.72 to 0.77 by M2. Entropy based on τ predicted
by M2 has the highest discrimination capability with AUC
= 0.77 between structured and intrinsically disordered regions. This is followed by M2-ψ, M2-θ and M2-φ. Better
predictions by τ and θ than by ψ and φ are somewhat expected because the former angles are involving 3–4 residues and thus have a longer-range information than ψ and
φ (single residue properties). This is consistent with the
fact that structures built using predicted τ and θ are more
accurate than those using predicted ψ and φ [14].
For comparison, we also listed one of the currentstate-of-the-art techniques SPOT-disorder [36] which integrates multiple features by deep bidirectional long
short-term memory recurrent neural networks. It
achieves an AUC of 0.89 for the same dataset. Other
methods such as DisEMBL (version 1.4) [37] and
DISOPRED (version 3.16) [38] achieved AUC of 0.77
and 0.87, respectively. Thus, it is encouraging that a
single feature from entropy based on angle probability
fluctuation can achieve 0.77 for AUC. This indicates that
the angle probability predicted by our method is physically reasonable as low and high entropies are linked to
the regions with and without a well-defined structure,
respectively.

Model structure selection

Predicted angle probabilities can also be used to rank
model structures. To do this, we calculate a pseudoenergy score for each model protein by defining
P
PE-score= i logðP i =P0i Þ where Pi is normalized predicted angle probability and P 0i is expected angle probability in the particular angle bin where each residue has
positioned in the structural model. The performance of
predicted angle probability for model ranking is
measured by the Pearson correlation coefficient between
PE-score and model accuracy (GDT_TS1 score) from
the CASP11MOD dataset (See Methods). A high correlation indicates a simple relation between the overall
quality of the model structure and the PE-score. Another
measure is the model accuracy of the top 1 model. We
compared the performance of PE-score with several
established knowledge-based energy function (DFIRE
[39], dDFIRE [40], and RWplus [41]).
Table 4 shows that the PE-scores based on all four
angles have much higher correlation coefficients than
commonly-used statistical energy scores (DFIRE, dDFIRE,
and RWPlus) (positive correlations of 0.45–0.57 by M2
versus negative correlations of 0.20–0.27 by statistical
energy functions). The model accuracy (measured by
GDT scores) based on predicted top-1 ranked models
ranges from 0.47 to 0.48 by PE-scores based on predicted angles, which are comparable to those given by
statistical energy scores. Figure 2 Shows the boxplot
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Table 4 Performance in model selection according to average
Pearson correlation coefficient (PCC) and average Global
Distance Test (GDT) score of top 1 ranked models in the
CASP11MOD dataset
Method

PCC a (median b)

GDT

DFIRE

−0.24 (−0.23)

0.46

dDFIRE

−0.27(−0.31)

0.45

RWPlus

− 0.20(− 0.21)

0.47

M2 - φ

0.45(0.47)

0.48

M2 -ψ

0.49(0.49)

0.48

M2-θ

0.53(0.55)

0.47

M2-τ

0.57(0.57)

0.47

a
Average 72 targets’ PCCs, bMedian of 72 targets’PCCs , and the best results
were emphasized

of average PCCs for each target for different methods.
It shows that M2-φ M2-ψ, M2-θ and M2-τ achieved
higher average PCCs than absolute average PCCs of
the DFIRE, dDFIRE and RWplus (p-value < 6.1e-06).
For average GDT scores, there is no significant difference between the four angles and other three potential energy software as shown in Table 4 and
Additional file 1: Figure S1.
Take T0848 for example, T0848 is a hard target in
CASP11. It contains two domains, T0848-D1:34–171;
T0848-D2 172–354. Figure 3 shows that there is a
higher correlation 0.55 between M2-τ quality scores and
GDT scores than correlation − 0.09 of dDFIRE score.
The selected model is BAKER-ROSETTASERVER_TS1
for T0848 using M2-τ quality score. (DFIRE, RWplus,
M2-φ, M2-ψ, M2-θ scores, see Additional file 1: Figure
S2-S6). Figure 4 visualizes the accuracy of the selected
model by the alignment between the first domain of selected model and the first domain of actual target T0848
(PDBID: 4R4G).

Fig. 2 Average Pearson correlation coefficients for four angle based
scores and statistical energy scores: DFIRE, dDFIRE and RWplus
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Fig. 4 The alignment between the first domain of the selected
model using M2-τ quality score in purple and the first domain of
actual target T0848 structure (PDBID: 4R4G) in green

Fig. 3 Scatter plot for quality scores and GDT score for target T0848.
Dashed line is the regression line between quality scores and GDT
scores. (A) dDFIRE energy score vs. GDT score, Pearson correlation
coefficient is − 0.09 (B) M2-τ scores vs. GDT score, Pearson correlation
coefficient is 0.55

To further test model selection, Table 5 shows the
performance of our methods for the Rosetta decoy
set. M2 method achieved average PCC of 0.43~ 0.53
and GDT scores of 0.66–0.72. Again, M2-τ has the
best performance. For this specific dataset, the
performance of predicted angle probabilities is
comparable to the energy scores in terms of PCC or
GDT scores.

Discussion and Conclusion
In this work, we proposed a method to make grid-based
angle prediction. Our methods achieved overall accuracy

of 19%~ 38% on training dataset and 17%~ 37% on the
test dataset with a grid of 5° angle bins, depending on
specific angles. These accuracies are 2–6% higher than
the real-value prediction of SPIDER2 or SPIDER3 for
angles within 5°.
One advantage of using bins, rather than predicting
real angle values is that using bins will yield the
probability for predicted angles. We show that angle
probability for a given bin is a very useful feature to
identity the disordered region with AUC as high as 0.77
by M2 for a single feature based on predicted τ. The
probability was also used as an energy score to score
model structures and achieved better or comparable accuracy in model selection and higher or comparable
Table 5 Performance in model selection according to average
Pearson correlation coefficient (PCC) and average Global
Distance Test (GDT) score of models in the Rosetta decoy set
Method

PCC a (median b)

GDT

DFIRE

−0.53 (−0.71)

0.72

dDFIRE

−0.38(− 0.48)

0.59

RWPlus

−0.51(− 0.68)

0.70

M2 - φ

0.43(0.51)

0.66

M2 -ψ

0.48(0.65)

0.69

M2-θ

0.50(0.66)

0.72

M2-τ

0.53(0.68)

0.69

a

Average 58 native structures’ PCCs, bMedian of 58 native structures’PCCs ,
and the best results were emphasized
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average correlation coefficients between model accuracy
and ranking scores as compared to statistical energy functions. The ability to characterize protein structure and disorder confirms that predicted probabilities are physically
reasonable. It could be useful in real world applications of
protein structure and disorder prediction as a complementary feature to other techniques. The software is
available at: http://sparks-lab.org/server/SPIDER2/ as a part
of SPIDER2 structure-property-prediction package.

Page 7 of 8

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Author details
1
School of Mathematical Sciences and LPMC, Nankai University, Tianjin
300071, People’s Republic of China. 2School of Data and Computer Science,
Sun Yat-sen University, Guangzhou 510000, People’s Republic of China.
3
Institute for Glycomics and School of Information and Communication
Technology, Griffith University, Parklands Dr, Southport, QLD 4222, Australia.
Received: 14 September 2017 Accepted: 17 January 2018

Additional file
Additional file 1: Supplementary Information for Grid-based Prediction
of Torsion Angle Probabilities of Protein Backbone and Its Application to
Discrimination of Protein Intrinsic Disorder Regions and Selection of
Model Structures. Figure S1: Average GDT-TS scores of top 1 server
models for different methods on the CASP11 dataset (CASP11MOD).
Figure S2: Scatter plot for DFIRE energy scores and GDT-TS score for
target T0848. Blue line is the regression line between DFIRE energy scores
sand GDT-TS scores. Correlation coefficient is − 0.04. Figure S3: Scatter
plot for RWplus energy scores and GDTTS score for target T0848. Blue line
is the regression line between RWplus energy scores sand GDTTS scores.
Correlation coefficient is − 0.03. Figure S4: Scatter plot for M2-φ energy
scores and GDT-TS score for target T0848. Blue line is the regression line
between M2-φ energy scores sand GDT-TS scores. Correlation coefficient
is 0.42. Figure S5: Scatter plot for M2-ψ energy scores and GDT-TS score
for target T0848. Blue line is the regression line between M2-ψ energy
scores sand GDT-TS scores. Correlation coefficient is 0.49. Figure S6:
Scatter plot for M2-θ energy scores and GDT-TS score for target T0848.
Blue line is the regression line between M2-θ energy scores sand GDT-TS
scores. Correlation coefficient is 0.46. (DOCX 221 kb)
Acknowledgements
We gratefully acknowledge the support of the Griffith University eResearch
Services Team and the use of the High Performance Computing Cluster
“Gowonda” to complete this research. This research/project has also been
undertaken with the aid of the research cloud resources provided by the
Queensland Cyber Infrastructure Foundation (QCIF).
Funding
This work has been supported by the National Natural Science Foundation
of China (NSFC) (grant 11701296) to J.G. This work is also supported by the
National Natural Science Foundation of China (U1611261, 61772566) and the
program for Guangdong Introducing Innovative and Entrepreneurial Teams
(2016ZT06D211) to Y.Y., National Health and Medical Research Council of
Australia (Contract grant numbers: 1059775 and 1083450); Australian
Research Council’s Linkage Infra-structure, Equipment and Facilities funding
scheme (Contract grant number: LE150100161) and ARC Discovery grant
(DP180102060) to Y.Z.
Availability of data and materials
The datasets generated and/or analyzed during the current study are
available at http://sparks-lab.org/server/spider2.
Authors’ contributions
J.G. performed the experiments. Y.Z., Y.Y., J.G. analyzed and interpreted the
data. Y.Z., Y.Y., J.G. wrote the paper. All authors read and approved the final
manuscript.
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.

References
1. Yang Y, Gao J, Wang J, Heffernan R, Hanson J, Paliwal K, Zhou Y. Sixty-five
years of the long march in protein secondary structure prediction: the final
stretch? Briefings in Bioinformatics. 2018. https://doi.org/10.1093/bib/
bbw129.
2. DWA B, Ward SM, Lobley AE, TCO N, Bryson K, Jones DT. Protein annotation
and modelling servers at University College London. Nucleic Acids Res.
2010;38:W563–8.
3. Cole C, Barber JD, Barton GJ. The Jpred 3 secondary structure prediction
server. Nucleic Acids Res. 2008;36:W197–201.
4. Drozdetskiy A, Cole C, Procter J, Barton GJ. JPred4: a protein secondary
structure prediction server. Nucleic Acids Res. 2015;43(W1):W389–94.
5. Mirabello C, Pollastri G. Porter, PaleAle 4.0: high-accuracy prediction of
protein secondary structure and relative solvent accessibility. Bioinformatics.
2013;29(16):2056–8.
6. Heffernan R, Paliwal K, Lyons J, Dehzangi A, Sharma A, Wang J, Sattar A,
Yang Y, Zhou Y. Improving prediction of secondary structure, local
backbone angles, and solvent accessible surface area of proteins by iterative
deep learning. Sci Rep. 2015;5:11476.
7. Wang S, Peng J, Ma JZ, Xu JB. Protein secondary structure prediction using
deep Convolutional neural fields. Sci Rep-Uk. 2016;6
8. Kang HS, Kurochkina NA, Lee B. Estimation and use of protein backbone
angle probabilities. J Mol Biol. 1993;229(2):448–60.
9. de Brevern AG, Etchebest C, Hazout S. Bayesian probabilistic approach for
predicting backbone structures in terms of protein blocks. Proteins: Struct.,
Funct., Genet. 2000;41(3):271–87.
10. Bystroff C, Thorsson V, Baker D. HMMSTR: a hidden Markov model for local
sequence-structure correlations in proteins. J Mol Biol. 2000;301(1):173–90.
11. Kuang R, Leslie CS, Yang AS. Protein backbone angle prediction with
machine learning approaches. Bioinformatics. 2004;20(10):1612–21.
12. Wood MJ, Hirst JD. Protein secondary structure prediction with dihedral
angles. Proteins. 2005;59(3):476–81.
13. Singh H, Singh S, Raghava GP. Evaluation of protein dihedral angle
prediction methods. PLoS One. 2014;9(8):e105667.
14. Yang Y, Heffernan R, Paliwal K, Lyons J, Dehzangi A, Sharma A, Wang J,
Sattar A, Zhou Y. SPIDER2: a package to predict secondary structure,
accessible surface area, and main-chain torsionalangles. Methods Mol Biol.
2017;1484:55–63.
15. Wu S, Zhang Y. ANGLOR: a composite machine-learning algorithm for
protein backbone torsion angle prediction. PLoS One. 2008;3(10):e3400.
16. Song J, Tan H, Wang M, Webb GI, Akutsu T. TANGLE: two-level support
vector regression approach for protein backbone torsion angle prediction
from primary sequences. PLoS One. 2012;7(2)
17. Li H, Hou J, Adhikari B, Lyu Q, Cheng J. Deep learning methods for protein
torsion angle prediction. BMC bioinformatics. 2017;18(1):417.
18. He ffernan R, Yang Y, Paliwal K, Zhou Y. Capturing non-local interactions by
long short term memory bidirectional recurrent neural networks for improving
prediction of protein secondary structure, backbone angles, contact numbers,
and solvent accessibility. Bioinformatics. 2017;33(18):2842–49.
19. Zimmermann O. Backbone dihedral angle prediction. Prediction of Protein
Secondary Structure. 2017:65–82.
20. Karchin R, Cline M, Mandel-Gutfreund Y, Karplus K. Hidden Markov models
that use predicted local structure for fold recognition: alphabets of
backbone geometry. Proteins. 2003;51(4):504–14.
21. Yang Y, Faraggi E, Zhao H, Zhou Y. Improving protein fold recognition
and template-based modeling by employing probabilistic-based
matching between predicted one-dimensional structural properties of

Gao et al. BMC Bioinformatics (2018) 19:29

22.
23.

24.

25.
26.

27.

28.

29.

30.

31.

32.
33.

34.
35.

36.

37.

38.
39.

40.

41.

the query and corresponding native properties of templates.
Bioinformatics. 2011;27:2076–82.
Rohl CA, Strauss CEM, Misura KMS, Baker D. Protein structure prediction
using Rosetta. Methods Enzymol. 2004;383:66–93.
Faraggi E, Yang YD, Zhang SS, Zhou Y. Predicting continuous local structure
and the effect of its substitution for secondary structure in fragment-free
protein structure prediction. Structure. 2009;17(11):1515–27.
Lyons J, Dehzangi A, Heffernan R, Sharma A, Paliwal K, Sattar A, Zhou Y,
Yang Y. Predicting backbone Calpha angles and dihedrals from protein
sequences by stacked sparse auto-encoder deep neural network. J Comput
Chem. 2014;35(28):2040–6.
Meng F, Uversky V, Kurgan L. Computational prediction of intrinsic disorder
in proteins. Current Protocols in Protein Science. 2017;88:2.16.1–12.16.14.
Gao J, Yang Y, Zhou Y. Predicting the errors of predicted local backbone
angles and non-local solvent-accessibilities of proteins by deep neural
networks. Bioinformatics. 2016;32(24):3768–73.
Heffernan R, Dehzangi A, Lyons J, Paliwal K, Sharma A, Wang J, Sattar
A, Zhou Y, Yang Y. Highly accurate sequence-based prediction of
half-sphere exposures of amino acid residues in proteins. Bioinformatics.
2016;32(6):843–9.
Zhang T, Faraggi E, Xue B, Dunker AK, Uversky VN, Zhou Y. SPINE-D:
accurate prediction of short and long disordered regions by a single
neural-network based method. J Biomol Struct Dyn. 2012;29(4):799–813.
Sirota FL, Ooi H-S, Gattermayer T, Schneider G, Eisenhaber F, Maurer-Stroh S.
Parameterization of disorder predictors for large-scale applications requiring
high specificity by using an extended benchmark dataset. BMC Genomics.
2010;11(1):S15.
Sickmeier M, Hamilton JA, LeGall T, Vacic V, Cortese MS, Tantos A, Szabo B,
Tompa P, Chen J, Uversky VN. DisProt: the database of disordered proteins.
Nucleic acids research. 2006;35(suppl_1):D786–93.
Sussman JL, Lin D, Jiang J, Manning NO, Prilusky J, Ritter O, Abola E. Protein
data Bank (PDB): database of three-dimensional structural information of
biological macromolecules. Acta Crystallogr D Biol Crystallogr. 1998;54(6):
1078–84.
Ray A, Lindahl E, Wallner B. Improved model quality assessment using
ProQ2. BMC Bioinformatics. 2012;13(1):224.
Yang Y, Zhan J, Zhao H, Zhou Y. A new size-independent score for pairwise
protein structure alignment and its application to structure classification
and nucleic-acid binding prediction. Proteins. 2012;80(8):2080–8.
Palm RB. Prediction as a candidate for learning deep hierarchical models of
data. Technical University of Denmark, palm; 2012. p. 25.
Altschul SF, Madden TL, Schäffer AA, Zhang J, Zhang Z, Miller W, Lipman DJ.
Gapped BLAST and PSI-BLAST: a new generation of protein database search
programs. Nucleic Acids Res. 1997;25(17):3389–402.
Hanson J, Yang Y, Paliwal K, Zhou Y. Improving protein disorder prediction
by deep bidirectional long short-term memory recurrent neural networks.
Bioinformatics. 2017;33:685–92.
Linding R, Jensen LJ, Diella F, Bork P, Gibson TJ, Russell RB. Protein disorder
prediction: implications for structural proteomics. Structure. 2003;11(11):
1453–9.
Ward JJ, LJ MG, Bryson K, Buxton BF, Jones DT. The DISOPRED server for the
prediction of protein disorder. Bioinformatics. 2004;20(13):2138–9.
Zhou H, Zhou Y. Distance-scaled, finite ideal-gas reference state improves
structure-derived potentials of mean force for structure selection and
stability prediction. Protein Sci. 2002;11(11):2714–26.
Yang Y, Zhou Y. Specific interactions for ab initio folding of protein terminal
regions with secondary structures. Proteins: Struct., Funct., Bioinf. 2008;72(2):
793–803.
Zhang J, Zhang Y. A novel side-chain orientation dependent potential
derived from random-walk reference state for protein fold selection and
structure prediction. PLoS One. 2010;5(10):e15386.

Page 8 of 8

Submit your next manuscript to BioMed Central
and we will help you at every step:
• We accept pre-submission inquiries
• Our selector tool helps you to find the most relevant journal
• We provide round the clock customer support
• Convenient online submission
• Thorough peer review
• Inclusion in PubMed and all major indexing services
• Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit

