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Abstract

Background: Residues in a protein might be buried inside or exposed to the solvent surrounding the protein. The
buried residues usually form hydrophobic cores to maintain the structural integrity of proteins while the exposed
residues are tightly related to protein functions. Thus, the accurate prediction of solvent accessibility of residues will
greatly facilitate our understanding of both structure and functionalities of proteins. Most of the state-of-the-art
prediction approaches consider the burial state of each residue independently, thus neglecting the correlations

among residues.

Results: In this study, we present a high-order conditional random field model that considers burial states of all
residues in a protein simultaneously. Our approach exploits not only the correlation among adjacent residues but also
the correlation among long-range residues. Experimental results showed that by exploiting the correlation among
residues, our approach outperformed the state-of-the-art approaches in prediction accuracy. In-depth case studies
also showed that by using the high-order statistical model, the errors committed by the bidirectional recurrent neural
network and chain conditional random field models were successfully corrected.

Conclusions: Our methods enable the accurate prediction of residue burial states, which should greatly facilitate

protein structure prediction and evaluation.

Keywords: Protein structure, Burial states of residue, Conditional random field, Residue correlation

Background

According to their solvent accessible area, protein
residues can be categorized into two classes, i.e.,
buried and exposed [1]. Buried residues commonly form
hydrophobic cores, maintaining the conformation and
structural integrity of proteins. In contrast, exposed
residues tend to appear on the surface of proteins
and partly determine protein functions through interac-
tions with other proteins or ligands. Thus, the solvent
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accessibility of residues is one of the driving forces of
protein folding. In addition, solvent accessibility is an
important global feature of residues that is complemen-
tary to the other local features; it can also be easily
predicted compared with other global features such as
contact map [2—4].

An accurate prediction of solvent accessibility can pro-
vide important structural information for the study of
protein evolution, structure, and function [5]. Most of
the existing prediction approaches employ the following
strategy. First, a fixed-length window is opened around
the residue of interest and a feature vector is computed
based on the sequence information within this window.
The most widely-used features include residue types [6],
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position specific scoring matrix (PSSM) [7-9], and pre-
dicted secondary structure (SS) [10]. In addition, the real
solvent accessibility of the residue of interest is com-
puted using the dictionary of protein secondary structure
(DSSP) as burial state labels [11]. Second, these feature
vectors along with burial state labels are inputted into
a machine learning model such as artificial neural net-
work (ANN) [5, 8, 12—21], support vector machine (SVM)
[9, 10, 20, 22—24], deep learning model [25], conditional
neural field (CNF) [2], and random forest (RF) [6] for
training. Finally, the trained model is used for predicting
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solvent accessibility of protein residue in a testing set.
Among these approaches, bidirectional recurrent neural
network (BRNN) shows excellent performance and has
been widely used in softwares such as SCRATCH [26] and
ACCpro [5].

These prediction approaches have shown success; how-
ever, most of these approaches consider the residue of
interest independently and thus, neglect the correlations
among residues. In fact, the burial state of residues
presents strong correlation. As shown in Fig. 1, two
residues with a sequence separation of 3 or 4 amino
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Fig. 1 Correlation among burial states of residues. In panel (a) and (b), buried residues are shown in blue, while exposed residues are shown in red. In
panel (c), mutual information (MI) of burial states is calculated to measure the correlation among residue pairs. These figures clearly show the strong
correlation of burial states among residues. a Periodicity of burial states of residues on a-helices. b Periodicity of burial states of residues on
B-strands. ¢ Correlation of burial states of residue pairs as function of sequence separation between these residues
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acids in o helices tend to adopt identical burial states
due to local geometry preference, and two residues with
a sequence separation of 2 amino acids in S strands
commonly take identical burial states under the effect of
hydrogen bonds. In contrast, the residue pairs on coils
show relatively weak correlation. Thus, the incorpora-
tion of these correlations, including correlations among
adjacent residues and long-distance residues, into the pre-
diction model remains a challenge.

In this study, we present a high-order conditional ran-
dom field (CRF) model to explicitly exploit the correla-
tions among all residues rather than consider each residue
individually. This statistical model includes a collection
of doublet terms to describe correlations among adja-
cent residues and long-distance residue pairs as well. To
investigate the effect of correlations, we compared our
approach with the state-of-the-art models that neglect
correlations. In addition, we also investigated the effect
of different features for prediction accuracy. Experimen-
tal results on two benchmark datasets showed that our
approach has higher accuracy than the existing methods.

Results and discussion

Datasets

We tested our approach on two benchmark datasets, i.e.,
i) training and validation data collected from SCOP70
and ii) independent testing data collected from PDB25.
A filtering pre-processing was performed to guarantee no
overlapping between these two datasets.

Training and validation dataset

The training dataset was constructed based on SCOP70
with filtering procedure. In particular, the proteins with
chain-breaks or less than 50 residues were excluded.
Besides, membrane proteins were also excluded. As a
result, a total of 2349 proteins, including 505 « proteins,
552 B dataset, 706 o/ B , and 586 o + B, were obtained after
filtering. Five-fold cross-validation (5-CV) was used for
our evaluation, i.e., these proteins were randomly divided
into five subsets with equal size: four subsets were selected
as training set, and one subset was selected as validation
dataset.

Independent testing dataset

The testing data was constructed based on PDB25. To
avoid overlap with the training data set, only newly-
released proteins were selected (released after Aug. 1st,
2015). In addition, the overlapped proteins with the train-
ing set were excluded. As a result, we obtained a testing
dataset containing 755 protein chains with lengths rang-
ing from 50 to 1000 residues.

Calculation of solvent accessibility
In our study, solvent accessibility was calculated using
DSSP [27], and relative solvent accessibility (RSA) was
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calculated by dividing solvent accessibility by the max-
imum solvent accessibility [2]. The calculated RSA was
further divided into two states, namely buried state and
exposed state, using the exposure threshold of 0.25 [14].

Analysis of prediction performance

Comparison of prediction performance with state-of-the-art
approaches

We compared the high-order CRF model with the widely-
used BRNN model. For the sake of fair comparison, we fed
these two models with identical features as input, trained
them on the same training set, and evaluated them based
on the same validation set. As shown in Table 1, the accu-
racies of ACRF are 0.8, 0.8, 0.6, and 1.0% higher in the
four datasets o, 8, /8, and « + 8, respectively, when com-
pared with the BRNN model. As concrete examples, Fig. 2
shows four proteins with residues incorrectly predicted by
the BRNN model but correctly predicted by ACRE. These
results showed that ACRF had better performance than
BRNN when identical features were used. In addition,
ACREF also outperforms the logistic regression model, sug-
gesting the importance of incorporating correlations into
the prediction model.

Besides the BRNN model, we also compared ACRF only
with the newly-released proteins using the state-of-the-
art prediction tool ACCpro on the testing dataset. On
this testing dataset, the prediction accuracies of these two
tools are 0.768 and 0.765, respectively. When limited to
short proteins with less than 300 residues, the prediction
accuracies are 0.769 and 0.760, respectively. In addition,
the logistic regression model shows a prediction accuracy
0f 0.755. These results suggest that ACRF has the best per-
formance in RSA prediction, particularly for proteins with
shorter sequences.

Analyses of the effects of features on prediction accuracy
As the ACRF model consists of a variety of features, it is
interesting to investigate the effects of different features,

Table 1 Prediction accuracy of ACRF and BRNN on the four
datasetsa, B, /B, + B

Methods a B a/B a+p

LR 0.821£0.005 0.801£0.004 0.808+0.003 0.809+0.005
BRNN 0.825+£0.004 0.80540.003 0.8124+0.004 0.812£0.006
ACRF 0.833+£0.006 0.81340.005 0.8184+0.003 0.822+0.005
ACRF-CN 0.806+0.006 0.78540.004 0.78740.003 0.794+0.006
ACRF-CN-SC 0.805+0.004 0.78240.005 0.78340.005 0.789+0.007
ACRF-CN-SC-SS  0.801£0.004 0.7694+0.004 0.773£0.005 0.78440.005

For the sake of fair comparison, ACRF and BRNN use identical feature sets. To
investigate the effects of different features on prediction accuracy, we evaluated a
set of variants of ACRF, including ACRF-CN with contact number removed,
ACRF-CN-SC with both contact number and sequence conservation removed, and
ACRF-CN-SC-SS with contact number, sequence conservation, and secondary
structure information removed from the ACRF model
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Fig. 2 Case studies of the predicted results for protein 1£se (@), Losd (b), 11mi (c), and 118k (d). Here, exposed residues are colored in red,
whereas buried residues are colored in blue. For these residues, ACRF correctly predicted their burial states, while BBRN failed. a Protein 1fse in o
dataset. b Protein 1osd in @ + B dataset. ¢ Protein 11mi in B dataset. d Protein 118k in /8 dataset

including residue types, SS, sequence conservation (SC),
contact numbers (CN), and high order terms, on predic-
tion accuracy. Therefore, we evaluated ACRF without the
SS, SC, and CN features. The effects of these features are
summarized as below.

Effects of residue types

As shown in Fig. 3a, the RSA of residues is tightly related
to residue types. Specifically, residues C, F, I, L, and W
show low average RSA, whereas D, E, K, Q, and R show
high average RSA. This observation can be explained
according to the physical-chemical properties of residues,
i.e, E I, L, W have high hydrophobicity and C usually
forms disulfide bonds; in contrast, D, E, K, Q, R are either
charged or polar and thus tend to be exposed.

It should be noticed that for the residue Y, the prediction
accuracy is usually low. A reasonable explanation might
be the special structure of Y — it has a hydrophobic ben-
zene ring but a polar hydroxyl group on the benzene ring.
This special structure leads to various RSAs of Y in differ-
ent proteins. In addition, although residue C usually shows
significant preference for low average RSA, the average

RSA of C is close to the exposure threshold 0.25 in the «
dataset, making it difficult to predict.

Effects of secondary structures

Figure 4a suggests that S-strands tend to be buried,
coils tend to be exposed, and «-helices tend to be half-
buried and half-exposed. This tendency implies that the
incorporation of SS information in prediction model
should facilitate the prediction of RSA. To investigate the
effect of SS information, we evaluated two variants of
ACRE, namely, ACRF-CN-SC with SS taken into consid-
eration and ACRF-CN-SC-SS with SS features removed
from the model. As shown in Table 1, the predic-
tion accuracies of ACRF-CN-SC are 0.4, 1.3, 1.0, and
0.5% higher than that of ACRF-CN-SC-SS in the four
datasets, respectively.

However, the effects of SS information on prediction
accuracy change with protein types. For B strands, ACRF
achieves a prediction accuracy of 86% in the o/ dataset
and 76% in the « dataset. Similarly, for coils, the predic-
tion accuracy is 82% in the « dataset, which is higher than
the accuracy of 78% in the o/ dataset (Fig. 4b).
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Fig. 3 Effects of residue types for prediction accuracy of RSA. Panel (a) shows that RSA is closely related with residue types. In panel (b), the
prediction accuracy of different residue types is shown. a Relationship between average RSA and residue type. b Prediction accuracy of residues
with different types

Effects of sequence conservation and contact number

Figure 5a shows a strong correlation between RSA and
SC of residues. Similarly, strong correlations were also
observed between RSA and CN of residues (Fig. 6a). Thus,
the incorporation of SC and CN should facilitate the pre-
diction of RSA. To investigate the effects of these two
types of features, we compared ACRF with two of its vari-
ants, namely, ACRF-CN with CN features removed and
ACRF-CN-SC with both SC and CN features removed. As
shown in Table 1, the prediction accuracies of ACRF are
2.7, 2.8, 3.1, and 2.8% higher than that of ACRF-CN, and

the prediction accuracies of ACRF-CN are 0.1, 0.3, 0.4,
and 0.5% higher than that of ACRF-CN-SC in the four
datasets, respectively. These results clearly suggest the
importance of incorporating these two types of features
in prediction.

Interestingly, Fig. 5b shows that for residues with too
high or too low SC, the prediction accuracy is usually
low, whereas for residues with medium SC, the prediction
accuracy reaches its maximum. In contrast, ACRF shows
higher prediction accuracy for residues with significantly
larger or smaller CN (Fig. 6b).
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Fig. 4 Effects of secondary structural information on prediction accuracy of RSA. Panel (@) shows the strong correlation between average RSA and SS
type of residues, while panel (b) shows the prediction accuracy for residues with different SS types. a Average RSA of residues with different SS

types. b Prediction accuracy of RSA for residues with different SS types

Conclusion

In this study, we present a high-order CRF model for pre-
dicting the burial states of protein residues. The novelty of
the model is that it can explicitly explore the correlation
of burial states among residues. In addition, a variety of
features, including SC and CN, were incorporated into the
model. Experimental results on two benchmark datasets
show that our approach outperforms the logistic regres-
sion approach and state-of-the-art neural network model.

This will greatly facilitate the studies on protein structure,
evolution, and functions.

Method

In this section, we first describe the high-order CRF model
with an emphasis on the feature terms to represent cor-
relations. Then we present the procedures for parameter
training and inferring, followed by features used in this
model.
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High-order CRF model

CRF is a widely-used discriminant model for classifica-
tion [28]. One of the CRF models, chain CRE, uses singlet
and one-order doublet feature functions only; thus, chain
CRF is can only consider the correlation among adja-
cent residues. In order to describe the correlation among
long-distance residues, we added high-order terms into
the chain CRF model to construct a high-order CRF
model. More specifically, a four-order term was designed
to describe the correlation among residue pairs A; — A; 4
and A; — A;+3 on «-helices, and a two-order term was

designed to capture the correlation among residue pairs
A; — Aiyo on B-strands. Here, A; — A, denotes a pair
of residues with a sequence separation of d amino acids.
Since on coil regions, no strong correlation among long-
range residue pairs was observed, a one-order term is
sufficient for describing the correlation among adjacent
residues.

The high-order CRF model is graphically shown in
Fig. 7. Specifically, for a protein sequence with a length of
L,weuse Y = Y1Y;..Y] to denote the sequence of burial
states and X to denote the feature sets. The high-order



Gong et al. BMC Bioinformatics 2017, 18(Suppl 3):70

Page 172 of 175

0.8

o
o

Burial rate

04fe o"e o

02}~ oo

Contact number

0.95

0.90 -

Accuracy
2
T

o

®

o
T

+‘@

bitt

1 1 1 | 1 1

5 6
Contact number
Fig. 6 Effects of contact number information on prediction accuracy of RSA. Panel (a) shows that as contact number increases, the ratio of buried
residues increases, too. Panel (b) suggests that the prediction accuracy reaches its minimum for residues with intermediate contact number.

a Relationship between contact number and the ratio of buried residues. b Relationship between contact number and prediction accuracy

8 9 10 1

CRF model is described as below.
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Here, Z(X) denotes the partition function for
normalization, # denotes the number of SS segments of
the target protein sequence, and e; denotes the j-th SS
segment with s(e;) denoting the start position and z(e;)
denoting the end position. I(¢; = H),I(¢j = E), and
I(ej = C) are index functions, which take 1 if the cor-
responding conditions hold and 0 otherwise. The terms
O (Yi—a,Yi3,Yi2,Yi1,Y,5,X), pp(Yi—2, Yi-1, Y, , X),
and ¢c(Yi—1,Y;,i,X) were introduced to describe the
correlations among continuous residues. These terms are
formally described as below:



Gong et al. BMC Bioinformatics 2017, 18(Suppl 3):70
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Ge(Yioa, Yio1, Yo i X0=)_ 6,f (Y5, i, X0 + D M (Yie1, iy i, X)
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+ ) i Yiea, Yi i, X)
j
bc(Yim1, Yo i, X) =) 60 (Yi i, X0+ ) M (Yie1,Yir i, X)
j j
where ];O(Yi, i,X) is the singlet function, and fjl(Yi_l,
Y5, X0, £ (Yie2, Yoo &, X0, £ (Yie3, Y, i, X), f (Yieas Yir 6, X)
are the one-order, two-order, three-order, and four-order

doublet functions, respectively. Here, A = (6,A, i1, y,7)
denotes the weights of these singlet and doublet terms.
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Parameter estimation

In this study, gradient descend technique was employed
for parameter estimation to maximize the following likeli-
hood:

Ly = logl_[p(Ym,Xm) (1)

where (X, Y") denote the m-th protein in the training
set. X" consists of the feature set, which is the input to the
model, and Y denotes the calculated burial state labels.

It should be noticed that the calculation of gradient
depends on the partition function Z(X"); however, the
direct computation of Z(X") takes exponential time.
Here, we employed the forward-backward technique [29]
to efficiently calculate the partition function.
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Inferring procedure

In this study, the marginal probability is maximized for
inferring burial states of residues. In «-helices, 8-strands
and coils, the marginal probability p(Y; = y0l|X) of
the i-th residue is calculated with corresponding for-
ward vectors and backward vectors. Let ac, B¢, te, Be, oy,
and By, indicate the logarithm vectors of forward factors
and backward factors on a-helices, 8-strands, and coils,
respectively. In addition, Z(X) indicates the logarithm of
the partition function. The burial state y; is predicted as
below.

y; = argmax, p(Y; = yol|X) (2)

The conditional probability p(Y; = y¢|X) is calculated
according to the SS type of the i-th residue as follows.
If the i-th residue is in coil region, we have

pO0lX) = Y, explac(n,i— 1) + Be(yo, ) — Z(X)
—0TF%0, i, X) — AT 1,90, X)) (3)

If the i-th residue is in B-strands, we have

PO =30 D explae(ya,yoi = 1)+ Be(y1,30,)

+ 122,90, X) — Z(X) — 67f0(1,i — 1, X))
4)

If the i-th residue is in «-helices, we have

poolO=3" >0 3 D, explen(myn i1
+ Bu(y3, 92,91, 90, i — 3) — 0T (f°(y3,i — 3, X)
+£002,i = 2,X) +f2(y1,i — 1, X)) — Z(X)
— 2 3,920 — 2,X) + £ 2y, i — 1L, X))
(5)

Features
Our high-order CRF model consists of two types of fea-
tures, namely, singlet features and doublet features.

Singlet features
Here, a total of 119 x N singlet features were used, where
N = 2 denotes the number of burial states.

e Amino acid-related features: These features include
residue types, sequence distance to the residue of
interest [10], N terminal and C terminal residues [30],
tendency related to the physicochemical properties
[10, 30, 31], probabilities of being disordered [10],
and probabilities of being a binding site [10] .

e SC features: We used the sequence profile generated
by running PSI-BLAST [32] with three iterations and
E-value 0.001 (20 x N features). In addition, SC of
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each residue was calculated by comparing the
sequence profile against background distribution [33].

e Structural features: We used the predicted SS
information reported by PSIPRED [34] and DeepCNF
[35], the end tendency of SS [36] (11 x N features),
and the I-site score [37] (1 x N features).

e CN information: These features include CN
predicted using AcconPred [2] (1 x N features), and
contact potentials of position pairs [38] (40 x N
features). For a certain residue, its CN denotes the
number of residues with spatial distance less than 8 A
and sequence separation of at least 5 amino acids.

Doublet features

A total of nine doublet features were used, including
three four-order features, three three-order features, and
three two-order features. Among them, four-order fea-
tures and three-order features are used on «-helices and
two-order features are used on S-strands. Each doublet
feature consists of mutual information, cosine similar-
ity, and contact map [39] calculated based on sequence
profiles.
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BRNN: Bidirectional recurrent neural network; CRF: Conditional random field;
RSA: Relative solvent area

Acknowledgements
None.

Declarations

This article has been published as part of BMC Bioinformatics Volume 18
Supplement 3, 2017. Selected articles from the 15th Asia Pacific Bioinformatics
Conference (APBC 2017): bioinformatics. The full contents of the supplement
are available online https://bmcbioinformatics.biomedcentral.com/articles/
supplements/volume-18-supplement-3.

Funding

Research reported in this manuscript and the publication costs for this
manuscript were supported by the National Basic Research Program of China
(2012CB316502) and the National Natural Science Foundation of China under
grants 11175224, 11121403, 31270834, 61272318, and 31671369.

Availability of data and materials

The datasets generated and/or analysed during the current study, together
with a web server for RSA prediction, are available via
http://protein.ictac.cn/ACRF/.

Authors’ contributions

DB conceived the study, and MZ and DB designed the work. HG and HZ
implemented the ACRF approach. HG, HZ, CW, SS, and JZ analyzed the results.
HG and DB wrote the manuscript. All authors discussed the results and
commented on the manuscript. All authors read and approved the final
manuscript.

Competing interests
The authors declare that they have no competing interests.

Consent for publication
Not applicable.

Ethics approval and consent to participate
Not applicable.


https://bmcbioinformatics.biomedcentral.com/articles/supplements/volume-18-supplement-3
https://bmcbioinformatics.biomedcentral.com/articles/supplements/volume-18-supplement-3

Gong et al. BMC Bioinformatics 2017, 18(Suppl 3):70

Author details

TKey Lab of Intelligent Processing, Institute of Computing Technology,
Chinese Academy of Sciences, 100190, Beijing, China. 2School of Computer
Science, University of Chinese Academy of Sciences, Beijing, China. 3nstitute
of Theoretical Physics, Chinese Academy of Sciences, 100190, Beijing, China.

Published: 14 March 2017

References

1.

20.

21.

Lee B, Richards FM. The interpretation of protein structures: Estimation of
static accessibility. J Mol Biol. 1971,55(3):379-40.

Ma J, Wang S. Acconpred: Predicting solvent accessibility and contact
number simultaneously by a multitask learning framework under the
conditional neural fields model. Biomed Res Int. 2015;2015.
10.1155/2015/678764.

Kauzmann W. Some factors in the interpretation of protein denaturation.
Adv Protein Chem. 1959;14(14):1-63.

Dill KA. Dominant forces in protein folding. Biochemistry. 1990,29(31):
7133-55.

Magnan CN, Pierre B. SSpro/ACCpro 5: almost perfect prediction of
protein secondary structure and relative solvent accessibility using
profiles, machine learning and structural similarity. Bioinformatics.
2014,30(18):2592-7.

Ganesan P, Krishna Kumar K, Kuo-Chen C, SaravananV, Prasanna K.
Rsarf: prediction of residue solvent accessibility from protein sequence
using random forest method. Protein Pept Lett. 2012;19(1):50-67.
Rajkumar Bondugula DX. Combining sequence and structural profiles for
protein solvent accessibility prediction. Comput Syst Bioinforma. 2008;7:
195-202.

Petersen B, Petersen TN, Andersen P, Nielsen M, Lundegaard C. A
generic method for assignment of reliability scores applied to solvent
accessibility predictions. Bmc Struct Biol. 2009;9(3):1-10.

Jung-Ying W, Hahn-Ming L, Shandar A. SVM-cabins: prediction of solvent
accessibility using accumulation cutoff set and support vector machine.
Proteins Struct Funct Bioinforma. 2007;68(1):82-91.

Zhang J, Chen' W, Sun P, Zhao X, Ma Z. Prediction of protein solvent
accessibility using pso-svr with multiple sequence-derived features and
weighted sliding window scheme. Biodata Min. 2015;8(1):1-15.

Pauling L, Corey RB. Configurations of polypeptide chains with favored
orientations around single bonds two new pleated sheets. Proc Nat Acad
Sci. 1951;37(11):729-40.

Adamczak R, Porollo A, Meller J. Accurate prediction of solvent
accessibility using neural networks-based regression. Proteins Struct
Funct Bioinforma. 2004;56(4):753-67.

Ahmad S, Gromiha A. Mmsarai: Real value prediction of solvent
accessibility from amino acid sequence. Proteins Struct Funct Bioinforma.
2003;50(4):629-35.

Pollastri G, Baldi PP, Casadio R. Prediction of coordination number and
relative solvent accessibility in proteins. Proteins Struct Funct Bioinforma.
2002;47(2):142-53.

Dor O, Zhou Y. Real-SPINE: an integrated system of neural networks for
real-value prediction of protein structural properties. Proteins Struct
Funct Bioinforma. 2007;68(1):76-81.

Garg A, Kaur HRaghava GP. Real value prediction of solvent accessibility
in proteins using multiple sequence alignment and secondary structure.
Proteins Struct Funct Bioinforma. 2005:61(61):318-24.

Holbrook SR, Muskal SM, Kim SH. Predicting surface exposure of amino
acids from protein sequence. Protein Eng. 1990;3(8):659-5.

Rost B, Sander C. Conservation and prediction of solvent accessibility in
protein families. Proteins Struct Funct Bioinforma. 1994;20(3):216-26.
Wang JY, Lee HM, Ahmad S. Prediction and evolutionary information
analysis of protein solvent accessibility using multiple linear regression.
Proteins Struct Funct Bioinforma. 2005;61(3):481-91.

Huiling C, Huan-Xiang Z. Prediction of solvent accessibility and sites of
deleterious mutations from protein sequence. Nucleic Acids Res.
2005;33(33):3193-9.

Eshel F, Yaoqi Z, Andrzej K. Accurate single-sequence prediction of
solvent accessible surface area using local and global features. Proteins
Struct Funct Bioinforma. 2014,82(11):3170-6.

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

33.
34
35.

36.

37.

38.

39.

Page 175 of 175

Hyunsoo K, Haesun P. Prediction of protein relative solvent accessibility
with support vector machines and long-range interaction 3d local
descriptor. Proteins Struct Funct Bioinforma. 2004;54(3):557-62.

Nguyen MN, Rajapakse JC. Two-stage support vector regression
approach for predicting accessible surface areas of amino acids. Proteins
Struct Funct Bioinforma. 2006;63(3):542-50.

Zheng Y, Huang B. Prediction of protein accessible surface areas by
support vector regression. Proteins Struct Funct Bioinforma. 2004;57(3):
558-64.

Yang Y, Heffernan R, Paliwal K, Lyons J, Dehzangi A, Sharma A, Wang J,
Sattar A, 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. 10.1038/sie011476.

Cheng J, Randall AZ, Sweredoski MJ, Baldi P. Scratch: a protein structure
and structural feature prediction server. Nucleic Acids Res. 2010;33(Web
Server issue):72-65.

Shrake A, Rupley JA. Environment and exposure to solvent of protein
atoms. lysozyme and insulin. J Mol Biol. 1973;79(2):351-71.

Lafferty J, Pereira F, Mccallum A. Conditional random fields: Probabilistic
models for segmenting and labeling sequence data. Proc. 18th Int Conf
Mach Learning. 2001;1:282-89.

Durbin R, Eddy S, Krogh A, Mitchison G. Biological Sequence Analysis:
Probabilistic Models of Proteins and Nucleic Acids. Cambridge:
Cambridge University Press; 1998.

Igbal S, Mishra A, Hoque MT. Improved prediction of accessible surface
area results in efficient energy function application. J Theor Biol. 2015;380:
380-91.

Meiler J, Muller M, Zeidler A, Schmaschke F. Generation and evaluation
of dimension-reduced amino acid parameter representations by artificial
neural networks. J Mol Model. 2001;7(9):360-9.

Altschul SF, Madden TL, Schéffer 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.
Zhu H. On information and sufficiency. Work Pap. 1997;157(1):1-7.
Mcguffin LJ, Bryson K, Jones DT. The PSIPRED protein structure
prediction server. Bioinformatics. 2000;16(4):404-5.

Wang S, Ma J, XuJ, Peng J. Protein secondary structure prediction using
deep convolutional neural fields. Scientific Repoite. 2015;6(18962).

Duan M, MinH, Ma C, LunL, Zhou Y. Position-specific residue preference
features around the ends of helices and strands and a novel strategy for
the prediction of secondary structures. Protein Sci. 2008;17(9):1505-12.
Bystroff C, Baker D. Prediction of local structure in proteins using a library
of sequence-structure motifs. J Mol Biol. 1998;281(3):565-77.

Tan YH, Huang H, Kihara D. Statistical potential-based amino acid
similarity matrices for aligning distantly related protein sequences.
Proteins Struct Funct Bioinforma. 2006;64(3):587-600.

Zhang H, GaoY, Deng M, Wang C, Zhu J, Li SC, Zheng WM, Bu D.
Improving residue-residue contact prediction via low-rank and sparse
decomposition of residue correlation matrix. Biochem Biophys Res
Commun. 2016;472(1):217-22.

Submit your next manuscript to BioMed Central
and we will help you at every step:

* We accept pre-submission inquiries

e 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 () BiolMed Central



http://dx.doi.org/10.1155/2015/678764
http://dx.doi.org/10.1038/sieo11476

	Abstract
	Background
	Results
	Conclusions
	Keywords

	Background
	Results and discussion
	Datasets
	Training and validation dataset
	Independent testing dataset
	Calculation of solvent accessibility

	Analysis of prediction performance
	Comparison of prediction performance with state-of-the-art approaches

	Analyses of the effects of features on prediction accuracy
	Effects of residue types
	Effects of secondary structures
	Effects of sequence conservation and contact number


	Conclusion
	Method
	High-order CRF model
	Parameter estimation
	Inferring procedure
	Features
	Singlet features
	Doublet features


	Abbreviations
	Acknowledgements
	Declarations
	Funding
	Availability of data and materials
	Authors' contributions
	Competing interests
	Consent for publication
	Ethics approval and consent to participate
	Author details
	References

