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Knowledge of the secondary structure and solvent accessibility of a protein plays a
vital role in the prediction of fold, and eventually the tertiary structure of the pro-
tein. A challenging issue of predicting protein secondary structure from sequence alone
is addressed. Support vector machines (SVM) are employed for the classification and
the SVM outputs are converted to posterior probabilities for multi-class classification.
The effect of using Chou–Fasman parameters and physico-chemical parameters along
with evolutionary information in the form of position specific scoring matrix (PSSM)
is analyzed. These proposed methods are tested on the RS126 and CB513 datasets. A
new dataset is curated (PSS504) using recent release of CATH. On the CB513 dataset,
sevenfold cross-validation accuracy of 77.9% was obtained using the proposed encod-
ing method. A new method of calculating the reliability index based on the number of
votes and the Support Vector Machine decision value is also proposed. A blind test on
the EVA dataset gives an average Q3 accuracy of 74.5% and ranks in top five protein
structure prediction methods. Supplementary material including datasets are available
on http://www.ee.unimelb.edu.au/ISSNIP/bioinf/.

Keywords: Protein secondary structure prediction; support vector machines; position
specific scoring matrix (PSSM); Chou–Fasman parameters; Kyte–Dolittle hydrophobic-
ity; Grantham polarity; reliability index; novel encoding scheme.

1. Introduction

The results of the Human Genome project have left a significant gap between
the availability of the protein sequence and its corresponding structure.1 The
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dependence on experimental methods may not yield protein structures fast enough
to keep up with the requirement of today’s drug design industry. With the availabil-
ity of abundant data, it has been shown that it is possible to predict the structure
through machine learning techniques.2–4 As the prediction of tertiary structure from
a protein sequence is a very difficult task, the problem is usually sub-divided into
secondary structure prediction and super secondary structure prediction leading to
tertiary structure. This paper concentrates on the secondary structure prediction.
Secondary structure prediction is based on prediction of the 1-D structure from the
sequence of amino-acid residues in the target protein.5 The physical and chemi-
cal properties of amino-acid residues in the protein are responsible for the final 3D
structure of the protein. Similarity of the protein structure is based on their descent
from a common evolutionary ancestor. With many protein structure already avail-
able it is possible to use this evolutionary information (homology) for predicting
new protein secondary structure.6 Several methods have been proposed to find the
secondary structure based on physico-chemical properties and homology. The most
popular secondary structure methods based on these features include Chou–Fasman
method,7 PHD,2 PROF-King,8 PSIPred,3 JPred,9 and SAMT99-Sec.4 A detailed
review of the secondary structure algorithms until the year 2000 can be found in a
survey paper by Rost.10

The support vector machines (SVM) developed by Cortes and Vapnik11 has
been shown to be a powerful supervised learning tool for pattern recognition prob-
lems. The SVM formulation11,12 is essentially a regularized minimization problem
leading to the use of Lagrangian theory and quadratic programming techniques.
The formulation defines a boundary separating the two classes in the form of a
linear hyperplane where the distance between the boundaries of the two classes and
the hyperplane is called the margin. The idea is further extended to data that is not
linearly separable by first mapping it to a higher dimension feature space. Unlike
neural networks, the SVM formulation is more desirable due to its mathematical
tractability and good generalization properties.

Recently, some significant work has been done on secondary structure prediction
using SVM. Hua and Sun13 used SVMs and profiles of the multiple alignments
from HSSP database as the features and reported their Q3 score as 73.5% on the
CB513 dataset.9 In 2003, Ward et al.14 reported 77% with PSI-BLAST profiles on
a small set of proteins. In the same year Kim and Park15 reported an accuracy
of 76.6% on the CB513 dataset using PSI-BLAST position specific scoring matrix
(PSSM). Nguyen and Rajapakse16 explored several multi-class recognition schemes
and reported a highest accuracy of 72.8% on RS126 dataset17 using a two stage
SVM. Guo et al.18 used dual layered SVM with profiles and reported a highest
accuracy of 75.2% on CB513 dataset. More recently Hu et al.19 reported the highest
accuracy of 78.8% on a RS126 dataset using a novel encoding scheme compared to
others.

In this paper, we address several issues on protein secondary structure pre-
diction. We curate a more up to date dataset for secondary structure prediction
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having pairwise sequence identity less than 20%. The new data is extracted from a
recent version of CATH.20 In the literature, physico-chemical features or evolution-
ary information are generally used as features. We use these features together and
analyze the effect on using them in combination. For this analysis, Chou–Fasman
parameters7 and physico-chemical features (Kyte–Dolittle hydrophobicity scales21

and Grantham polarity scales22) are used along with PSSM obtained from PSI-
BLAST. The first set of features (D2CPC) contains only Chou–Fasman parameters
and physico-chemical features while the second set (D2CPSSM) contains only evo-
lutionary information in the form of PSSM matrix. The final set (D2CPCPSSM)
contains the combination of D2CPC and D2CPSSM.

The SVM is used for binary classification. This output cannot be used directly
to compare between classifiers in the multi-class scenario. Posterior probabilities
can be calculated for each output of the classifier23,24 which can in turn be used
for classification. Based on this, we suggest an improvement to the tertiary classi-
fier proposed by Hu et al.19 A new method for calculating the reliability index is
presented which makes use of the new multi-class classifier. Finally, the method is
tested on a blind set of 182 proteins taken from the EVA25 server.

The paper is organized as follows: Section 2 gives a detailed description of the
datasets used and the feature extraction procedure followed by a summary of SVM
theory in Sec. 3. The conversion of SVM output to posterior probability is discussed
in the same section. Section 4 gives a detailed description of the multi-level classi-
fier employed followed by the calculation of reliability index in Sec. 5. Evaluation
methods are discussed in Sec. 6 and the results are presented in Sec. 7.

2. Materials

We made use of four separate datasets to evaluate the proposed scheme. RS12617

and CB5139 were used as they are the most commonly used datasets in the literature
and will enable us to compare our results against other work. We also curated a
new dataset (PSS504) which is more updated than the other earlier ones. Finally,
we performed blind testing using the EVA common set 6 25 to compare our method
with at least a dozen other secondary structure prediction methods. The datasets
are described below:

RS126 : This is one of the oldest datasets created for evaluating secondary struc-
ture prediction schemes by Rost and Sander.17 The dataset contains 126 proteins
which did not share sequence identity more than 25% over a length of at least 80
residues. Later Cuff and Barton9 showed that the similarity between sequence was
more than 25% using more advanced alignment schemes. For comparison purposes,
we have used this dataset. It contains 23, 347 with an average protein sequence
length of 185. For evaluation, we divide this set into 10 sets of 2335 residues each
and perform 10-fold cross validation.

CB513 : This set contains 513 non-redundant sequences with 117 out of 126
from RS126 along with 396 sequences derived from the 3Dee database created by
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Cuff and Barton.9 Sequences in this set are non-redundant to a 5SD cut-off. It is
the most commonly used dataset and contains protein chains which were deposited
before 1999. CB513 contains a total of 91, 814 residues with an average sequence
length of 179. For the sake of fair comparison, we perform seven-fold cross validation
on this set.

PSS504 : We curated a new dataset from CATH20 version 2.6.0 released
in April 2005. We used this set to train our system for all future predic-
tions (http://www.ee.unimelb.edu.au/ISSNIP/bioinf). At the first stage of dataset
preparation, we selected proteins with sequence length greater than 40 and with
resolution of at least 2 Å. We used UniqueProt26 with HSSP-value of 0 to elim-
inate identical sequences. Out of 10,000 proteins we were left with 504 proteins
which have sequence identity of less than 15%. There are 97,593 residues with an
average sequence length of 194. Although the number of proteins in CB513 and
PSS504 appears to be similar, PSS504 is comprised of longer sequences and has
more residues.

EVA6 : To compare the performance of the proposed method with established
techniques, we performed blind testing on EVA Common Set 6.a It contains 182
non-homologous protein chains deposited between October 2003 to May 2005. We
will use PSS504 dataset for training our SVM classifier for performing blind tests.
This set contains 19,936 resides with an average sequence length of 110.

Secondary structure definitions : The secondary structure definitions used in our
experiments are based on the DSSP27 algorithm. For CB513 and RS126, the 8 to
3 state reduction method used was H to H , E to E, and all others to C where
H stands for α Helix, E for β Strand and C for Coil. For the PSS504 dataset, we
make use of tougher definitions by setting H , G and I to H , E and B to E and all
others to C making it a hard dataset.

2.1. New encoding scheme

We extract two separate features from each residue based on: (a) physico-chemical
properties and Chou–Fasman parameters, (b) evolutionary information in the form
of PSI-BLAST PSSM matrix. From these two features, we construct the three
feature vectors: (1) D2CPC containing features (a); (2) D2CPSSM containing fea-
tures (b); (3) containing both (a) and (b). The procedure for feature extraction is
given below.

D2CPC : We used six parameters derived from physico-chemical properties and
probability of occurrence of amino acids in each secondary structure state. Chou–
Fasman conformational parameters,7 (three parameters) Kyte–Dolittle hydropho-
bicity scale,21 Grantham polarity,22 and presence of proline in the vicinity (one
parameter each) are used as the features in this set. The Chou–Fasman parame-
ter for Helix(α) is given by Pαi = fαi/〈fα〉, where 〈fα〉 = number of residues in

aDownloaded from EVA Server.25
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Helix/total number of residues and “i” is the set of amino-acids residues. Similar
conformational parameters for strand Pβi and coil Pγi are calculated. Kyte–Dolittle
hydrophobicity values and Grantham polarity values were taken from the Protscaleb

website. The last parameter in the set is used to represent the information of rigid-
ity Ri due to proline residues. If a Proline residue is present at a particular position,
Ri is given by 1 otherwise 0. A window with l residues is considered around each
residue. The feature vector is calculated from Ri using Vi =

P
i Ri

l . Instead of taking
only the six values derived for every residue, a window of length w is considered for
the residue under consideration at the center. All the parameters within the win-
dow are used to construct the feature vector giving a feature vector length of w ∗ 6.
In the rest of the paper, the term physico-chemical refers to the six features from
D2CPC. Table 1 gives the Chou–Fasman parameters obtained for CB513 dataset
along with Kyte–Dolittle and Grantham scales.

D2CPSSM : A second set containing PSSMs generated by PSI-BLAST6 is
used. pfilt28 is used to filter the low complexity regions, coiled-coil regions, and
transmembrane helices before subjecting to PSI-BLAST. We choose non-redundant
(NR) database with an E-value of 0.001 and three iterations for PSI-BLAST.
BLOSUM62 matrix is used for multiple sequence alignment. PSSMs have 20 ∗ L

elements, where L is the length of the protein chain. As in Ref. 15, we used the

Table 1. Chou–Fasman parameters for CB513 dataset, Kyte–Dolittle
hydrophobicity, and Grantham polarity scales for 20 residues.

Kyte–Dolittle Grantham
Residue Pα Pβ Pγ Scale Scale

Ala 1.581547 0.837256 0.745741 1.8 8.1
Arg 1.360497 0.974349 0.814304 −4.5 10.5
Asn 0.815348 0.673524 1.221886 −3.5 11.6
Asp 0.912071 0.56841 1.20873 −3.5 13
Cys 0.801255 1.467345 0.933207 2.5 5.5
Gln 1.474159 0.828612 0.807136 −3.5 10.5
Glu 1.560411 0.756822 0.787214 −3.5 12.3
Gly 0.477952 0.719005 1.387667 −0.4 9
His 0.926937 1.119552 0.994951 −3.2 10.4
Ile 1.158362 1.901973 0.577537 4.5 5.2
Leu 1.481198 1.237589 0.650663 3.8 4.9
Lys 1.274566 0.879422 0.896284 −3.9 11.3
Met 1.455448 1.14903 0.697667 1.9 5.7
Phe 1.094759 1.530563 0.750626 2.8 5.2
Pro 0.443831 0.439012 1.510663 −1.6 8
Ser 0.817129 0.950971 1.117357 −0.8 9.2
Thr 0.805741 1.382016 0.962628 −0.7 8.6
Trp 1.08975 1.46931 0.776204 −0.9 5.4
Tyr 1.083067 1.509749 0.764729 −1.3 6.2
Val 0.995605 2.078612 0.599763 4.2 5.9

bhttp://au.expasy.org/tools/protscale.html.
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following function to scale the profile values from the range (−7, 7) to the range
(0,1).

g(x) =




0.0,

0.5 + 0.1x,

1.0,

x ≤ −5,

−5 < x < 5,

x ≥ 5,

(1)

where x is the value of the PSSM matrix. Just like in D2CPC, instead of taking
only 20 values per residue as a feature vector, we considered a window of length w

and used all the values within the window.3 The final feature length of D2CPSSM
is therefore 20 ∗ w. This is in fact the most commonly used representation in the
profile based methods.13,15,18

D2CPCPSSM : The last is a combination of D2CPC and D2CPSSM feature
vectors.

3. Support Vector Machines (SVM)

The SVM developed by Vapnik13 has shown to be a powerful supervised learn-
ing tool for binary classification problems. The data to be classified is formally
written as

Θ = {(x1, y1) , (x2, y2) , . . . , (xn, yn)} ,

xi ∈ �m,

yi ∈ {−1, 1}.
(2)

The SVM formulation defines a boundary separating two classes in the form of
a linear hyperplane in data space where the distance between the boundaries of the
two classes and the hyperplane is known as the margin. The idea is further extended
for data that is not linearly separable where it is first mapped via a nonlinear func-
tion to a possibly higher dimension feature space. The nonlinear function usually
defined as φ(x): x ⊂ �n → �m, n 
 m is never explicitly used in the calculation.
We note that maximizing the margin of the hyperplane in either space is equivalent
to maximizing the distance between the class boundaries. Vapnik13 suggests that
the form of the hyperplane, f(x) ∈ F be chosen from a family of functions with suf-
ficient capacity. In particular, F contains functions for the linearly and non-linearly
separable hyperplane having the following forms:

f (x) =
n∑

i=1

wixi + b, (3)

f (x) =
n∑

i=1

wiφi (x) + b. (4)
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Now for separation in feature space, we would like to obtain the hyperplane
with the following properties:

f (x) =
n∑

i=1

wiφi(x) + b,

f (x) > 0 ∀i : yi = +1,

f (x) < 0 ∀i : yi = −1.

(5)

The conditions in Eq. (5) can be described by a strict linear discriminant func-
tion, so that for each element pair in Θ we require:

yi

(
n∑

i=1

wiφi(x) + b

)
≥ 1. (6)

The distance from the hyperplane to the margin is 1
‖w‖ and the distance between

the margins of one class to the other class is simply 2
‖w‖ by geometry. The soft-

margin minimization problem relaxes the strict discriminant in (6) by introducing
slack variables, ξi and is formulated as:

�
(
w, ξ
min

)
=

1
2

n∑
i=1

w2
i + C

n∑
i=1

ξi,

s.t.




yi

(
n∑

i=1

wiφi(x)+b

)
≥ 1+ξi,

ξi > 0,

∀i = 1, . . . , n.

(7)

The constant C is selected so as to compromise between the minimization of training
error and over-fitting. Applying Lagrangian theory, the following dual problem in
terms of Lagrange multipliers, αi is usually solved

� (α)
min α∈D

= −
n∑

i=1

αi +
1
2

n∑
i,j=1

αiαjyiyjK(xi,xj),

D =

{
α|0 ≤ αi ≤ C,

n∑
i=1

αiyi = 0

}
.

(8)

The explicit use of the nonlinear function φ(·), has been circumvented by the use of
a kernel function, defined formally as the dot products of the nonlinear functions

K(xi,xj) = 〈φ(xi), φ(xj)〉. (9)

The SVM classifier decision surface is then

f (x) = sign

(
n∑

i=1

αiyiK (x,xi) + b

)
. (10)

Fast implementation of support vector machines will be useful in the case of protein
structure prediction as the training data is very large. Lai et al.29 have proposed
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a fast trainable support vector machine and we use this implementation for all
our experiments. More details about the algorithm can be found in the papers by
Lai et al.29

3.1. Conversion of SVM output to posterior probability

The output of the SVM is unmoderated and cannot be directly used for decision
making while comparing the classifier outputs. We used Platt’s method,23 to moder-
ate the SVM output. The output of the SVM was mapped to posterior probabilities
using a logistic sigmoid function [Eq. (11)] which was also used by Ward et al.14

P (y = 1 | x) =
1

1 + exp(Af + B)
, (11)

where f is given by the SVM classifier decision surface

f(x) =
n∑

i=1

αiyiK (x,xi) + b, (12)

Platt suggests using a parametric model to fit the posterior P (y = 1|f) instead of
estimating class-conditional densities p(f |y). The parameters of the sigmoid model
A and B, are then adapted to give the best probabilities. The parameters A and
B in Eq. (11) are fitted using maximum likelihood estimation from a training set
(fi, yi). To do this, we first define a new training set (fi, ti), where ti is the target
probabilities defined as

ti =
yi + 1

2
. (13)

The required parameters can be obtained by minimizing the negative log likelihood
of the training data, which is a cross-entropy error function

min−
∑

i

ti log(pi) + (1 − ti) log(1 − pi), (14)

where

pi =
1

1 + exp(Afi + B)
. (15)

Equation (14) is a two parameter minimization which can be solved using a model
trust minimization algorithm.30,c We used a cross-validation method to train the
sigmoid. The dataset is divided into ten parts. As in cross-validation, nine out of
ten parts are used to train the SVM and the tenth part is used to get fi. The values
of A and B obtained for our PSS504 dataset is given in Table 2 and will be used
for converting SVM outputs to posterior probabilities.

cThe pseudocode for this method is given in Platt’s paper.23
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Table 2. Values of A and B obtained for PSS504 dataset.

Classifier A B

H/∼H −1.830967 0.407203
E/∼E −1.255438 0.165031
C/∼C −1.157589 0.135099
H/E −1.240525 −0.082304
E/C −1.300248 0.209188
C/H −1.177932 −0.055598

3.2. SVM parameter selection

To adjust the free parameters of the binary SVMs, we selected a small set of pro-
teins containing about 20 chains and performed cross-validation with different sets
of parameters. Based on our experimental investigations, we selected radial basis
function (RBF) kernel [Eq. (16)] with C = 2.5 and γ = 0.03125 for all six classifiers.

K(xi, xj) = exp(−γ‖xi − xj‖2), γ > 0. (16)

4. Multi-Class Classification

Prediction of secondary structure by the proposed technique reduces to a three
class (H, E, C) pattern recognition problem. The idea is to construct six classifiers
which include three one vs. one classifiers (H/E, E/C, C/H) and three one vs.
rest classifiers (H/∼H, E/∼E, C/∼C). There are several ways of combining the
output of these classifiers of which the most common ones are directed acyclic graph
(DAG)13 and voting.19 Dual layer classifiers are also used instead of tree based or
voting methods. We propose an extension to the existing methods which gives a
more accurate reliability index and is in-line with the intuitive decision making.
An ensemble of classifiers used by Hua and Sun13 and SVM Represent method
proposed by Hu et al.19 are combined using our voting procedure shown in Fig. 1.
The classifier first checks H/∼H . If the classifier output is H , VH is incremented
by one otherwise one vs. one classifier E/C is checked. Depending on the output of
this classifier, either VE or VC is incremented. This procedure is repeated for the
other one vs. one classifiers shown in Fig. 1 and the results in a maximum of three
votes per class.

To make the system more reliable, we use the tertiary classifier designed by
Hu et al.19 This method combines the result of a binary classifier for making the
decision. Their method uses absolute values of outputs of H/E, E/C, and C/H

classifiers. The classifier which gives the absolute maximum is used for decision
making. For example, if H/E, E/C, C/H classifiers give fx as −2.3, 4, −5; C/H is
chosen for decision making. As it gives a negative output, the final class is assigned
to H and VH is incremented (the number of votes a class can get = 4). However, the
output of the SVM classifier is uncalibrated and it is unwise to use it directly for
comparison. We can convert the output of SVM to a posterior probability23,24
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Fig. 1. Classification voting scheme.

using Platt’s method as explained previously. Finally, the classifier is chosen
according to Eq. (17). Vi is incremented based on classification of the chosen
classifier.

arg max
i∈{HE,EC,CH}

|Px − 0.5| . (17)

5. Reliability Index and Post Processing

Reliability index is a measure to assess the effectiveness of classification. It is defined
as17: RIn = INTEGER(maximal output(i) − second largest output(i)) ∗ 9 and
modified for SVM18 as RIs = INTEGER(maximal output(i) − second largest

output(i))/0.5. The output of the second layer of SVM is used for calculating the
RI. As the classification scheme that we have used is completely different from that
in Guo et al.,18 we propose a new method for calculating the RI. By using the above
definition of RI, the number of votes that we have used for decision making will not
be used in calculation of the RI. Hence, we use the number of votes the winning
class receives and the posterior probability of the winning class to get the new RI.
The vote Vi of any class can get, is in the range (0,4) while the posterior probability
of the winning class P is in the range (0,1). Intuitively, we want the number of votes
and the probability to contribute equally in getting the final reliability index (RI)
within range [0,1]. Assuming independence of voting from posterior probability, we
define RI by Eq. (18).

RI(k) = (0.5 ∗ Vki/4) + (0.5 ∗ Pki), (18)

where k is the residue number and i represents the winning classifier. Note that,
if the maximum votes obtained is 4 with posterior probability of 1, then the RI
will be 1. It should also be noted that the maximum jump in RI will be 0.125.
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As the vote is increased by 1, there will be a jump of 0.125 from Eq. (18). The
advantage of having the probability value gets emphasized here. If the test sample
is further away from the hyperplane, the probability value will be closer to 1. This
results in a final RI greater than 0.6. As it will be evident from the results, 51.2%
predictions got RI > 0.6 out of which 95.4% were correct predictions. From the
datasets, we calculated the average number of residues responsible for α-Helix and
beta strand formations. We found that at least three residues were required for
an α-Helix and at least two residues for a β-Strand. Our tertiary classifier output
predicted shorter helices and strands. Sometimes the classifier output contained
combinations such as HEC and EHC which is not part of our dataset. It should
also be noted that approximately 3.6 residues are required to form a single helical
turn. To eliminate such improbable cases, we used the post-processing filters based
on the RI calculated. The post-processing filters used are:

(1) α-Helix segment less than three residues was converted to the secondary struc-
ture class with high RI in the surroundings.

(2) β-Strand segment less than two residues was converted to the secondary struc-
ture class with high RI in the surroundings.

(3) Single β-Strand between Helix and Coil is replaced by secondary structure class
with high average RI in the surroundings.

(4) Single α-Helix between strand and coil is replaced by secondary structure class
with high average RI in the surroundings.

6. Evaluation Methods

For evaluation measures, we use the standard Q3 accuracy, Segment OVerlap or
SOV score,31 and Matthew’s correlation coefficients,32 C, for comparing the pro-
posed technique with the existing results in literature. Q3 is the three-state per-
residue accuracy which indicates the percentage of correctly predicted residues. We
intend to tune our system for higher Q3 as the fold recognition method we have
developed depends on it.33 Similarly, QH , QE, and QC are per-residue accuracies
for helix, strand, and coil. The other important measure is SOV score31 which
conveys the information about percentage segment overlap between observed and
predicted secondary structure. For most of the fold prediction methods, higher
SOV is essential.31 Finally Matthew’s correlation coefficient indicates the correla-
tion between the training and testing data. This value can vary between the ±1 with
more positive values indicating better correlation and more accurate classification.

The procedure described by Rost and Sander17 is used for the calculation of Q3

accuracies and Matthew’s correlation coefficients. Q3 is calculated as follows:

Q3 =
∑3

i=1 Aii

b
× 100,
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where

Aij = number of residues predicted to be structure j and observed in type i

ai =
∑3

j=1
Aji for i ∈ α, β, γ (number of residues predicted in structure i),

bi =
∑3

j=1
Aij for i ∈ α, β, γ (number of residues observed in structure i),

b =
∑3

j=1
bj =

∑3

j=1
aj (total number of residues in database). (19)

Matthew’s correlation coefficient Ci is calculated using:

Ci =
pini − uioi√

(pi + ui)(pi + oi)(ni + ui)(ni + oi)
,

where

pi = Aii

ni =
3∑

j �=i

3∑
k �=i

Ajk for i ∈ α, β, γ,

oi =
3∑

j �=i

Aji,

ui =
3∑

j �=i

Aij .

(20)

Segment overlap (SOV) Score proposed by Zemla et al.31 (SOV99) was used
which is defined as follows:

SOV = 100 ×

 1

N

∑
i∈{H,E,C}

∑
S(i)

minov(s1, s2) + δ(s1, s2)
maxov(s1, s2)

× len(s1)


 , (21)

where S(i) is the set of all overlapping pairs of segments (s1, s2) in conformation
state i, len(s1) is the number of residues in segment s1, minov(s1, s2) is the length
of the actual overlap, and maxov(s1, s2) is the total extent of the segment. The
quality of match of each segment pair is taken as a ratio of the overlap of the two
segments minov(s1, s2) and the total extent of that pair maxov(s1, s2).

7. Results and Discussion

Ten-fold cross-validation is performed for the RS126 dataset for evaluation. Three
different sets of features (D2CPC, D2CPSSM, and D2CPCPSSM) are used for
evaluating the method and the results are tabulated in Table 3. As it can be seen
clearly, D2CPSSM produces highest Q3 of 76.9%. We also note that “All β” proteins
in RS126 database are recognized correctly at the rate of 78% although the overall
accuracy is in the low sixties. This result demonstrates that the parameters used
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Table 3. Comparison of results for RS126 dataset.

Method Q3 SOV QH QE QC

Kim and Park15 76.1 79.6 77.2 63.9 81.5
Nguyen and Rajapakse16 72.8 66 66.1 57.8 81.9
PHD2 72.5 — — — —
JPred9 74.8 74.5 — — —

D2CPC 61.47 60.3 60.5 59.7 61.2
D2CPSSM 74.6 70.18 70.29 65.03 79.28
D2CPCPSSM 76.9 75.2 74.56 68.2 79.1

in the experiments are more suitable for the β class proteins. The results of Chou–
Fasman method of secondary structure prediction reported accuracies of around
65%.7 D2CPC, with 62.5%±3% accuracy, demonstrates that an automated method
can produce comparable results to methods’ involving manual intervention.7 The
results also show that the improvement in accuracy depends largely on the feature
set that is extracted from the data. In this aspect, our feature set D2CPCPSSM
performs better. Figure 2 shows the number of proteins in different accuracy ranges.
From the figure, it is clear that the accuracy range of most of the proteins is greater
than 70%.

In order to compare our results with the existing literature for the CB513
dataset, we used D2CPCPSSM as a feature vector. The results are tabulated in
Table 4. Cross-validation yielded an average Q3 accuracy of 77.9% which is the
best result reported so far for the CB513 dataset using support vector machines.
High QE and high CE of our method should also be noted which indicates a superior
performance of the selected features in predicting β class proteins. The percentage
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Fig. 2. Distribution of Q3 and SOV accuracy ranges for RS126 dataset.
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Table 4. Results comparing different techniques with the proposed one using
CB513 dataset.

Method Q3 SOV QH QE QC CH CE CC

PHD2,∗ 70.8 73.5 72 66 72 — — —
JNet34,∗ 76.4 74.2 78.4 63.9 80.6 — — —
Hua and Sun13,∗ 73.5 76.2 75 60 79 — — —
Kim and Park15 76.6 80.1 78.1 65.6 81.6 0.68 0.60 0.56
Guo et al.18 75.2 80 80.4 71.5 72.8 0.71 0.61 0.61
D2CPCPSSM 77.9 76.17 77.6 69.8 81.1 0.67 0.65 0.6
∗SOV94.35

of residues predicted with RI > 0.6 is found to be 51.2% with 95.4% correct pre-
dictions. The prediction accuracy for Helix QH before post-processing was 75.5%.
After applying the post-processing filter based on the reliability index it increased
to 77.6%. The method proposed for calculating the RI also prevents overrating
the predictions which is sometimes caused by a single classifier. The increase in
accuracy of about 1.3% corresponds to about 1300 more residues achieving correct
secondary structure prediction which is quite significant.

The average cross-validation Q3 accuracy obtained on PSS504 was 72.1% and
SOV was 70.1%. These results seem to be quite low but this is due to the fact that
this dataset is “hard” with HSSP score of 0 (very low sequence identity) and 8–3
state reduction used is not a trivial one.

The final result of the secondary structure prediction on the blind test of 182
protein chains taken from EVA25 yielded 74.5% Q3 accuracy which is slightly less
than the third best method as per the data available on the EVA server.d An
SOV score of 71.3% was obtained which is better than the third best reported.
Table 5 and Fig. 3 compares other methods with the proposed technique. PSIPred
makes use of a two layer neural network classifier and uses PSSM as features. The
present version makes use of the output of four such networks for decision making.
PROFsec, PHD, and PHDpsi are based on multiple sequence alignment and make
use of profile based neural networks and cascaded classifiers. Neural network-based

Table 5. Comparison of Q3 accuracies and SOV with
other methods using a blind test set of 182 proteins.

Method Q3 SOV

PSIPred 78 75.8
PROFsec 76.8 75
PHD 75 70.7
PHDpsi 75.1 70.8
D2CPC 61.9 63.4
D2CPSSM 71.0 70.2
D2CPCPSSM 74.5 71.3

dAs reported on http://cubic.bioc.columbia.edu/eva/sec/common.html
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Fig. 3. Comparison of Q3 accuracies and SOV with other methods.

methods often face from the problem of over-fitting. Selection of the hidden layers
and other parameters also pose a challenge. The sample size has to be large for
neural network-based systems. In contrast our method gives better generalization
properties and choosing the SVM parameters is very simple.

EVA server compares several protein structure prediction schemes and we have
reported methods which are better than ours. The results reported with our method
are highly encouraging and is comparable to the best servers tested which mainly
use neural networks. It should also be noted that the post-processing filters used
by the proposed scheme is very basic and there is scope for further improvement.

Overall we have looked at several aspects of protein secondary structure pre-
diction including the use of physico-chemical properties as features, fast trainable
support vector machines, reliable multi-class classifier, and calculation of reliability
index. From the cross-validation experiments it is clear that the use of physico-
chemical parameters will improve the performance of secondary structure predic-
tion. D2CPC giving a result of approximately 62% shows that the SVM and the
window method used yields an accuracy comparable to the decision by experts. A
further improvement in accuracy of about 2% (300 residues in RS126 dataset) is
obtained because of filters supported by the proposed new method of calculating the
RI. As a fair comparison we have experimented with PSSM alone as feature set as
well as PSSM along with physico-chemical properties. We found that the improve-
ment in accuracy was about 3% (850 residues in RS126 dataset) demonstrating the
role played by the physico-chemical features.

8. Conclusion

In this paper, we propose a new encoding scheme based on Chou–Fasman param-
eters, physico-chemical properties, and PSSM matrix. We have demonstrated that
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the use of physico-chemical properties such as Grantham polarity, Kyte–Dolittle
hydrophobicity, and proline rigidity along with Chou–Fasman parameters would
improve the existing accuracy of the protein secondary structure prediction. We
employ fast trainable D2C-SVM for our training. An improvement of the existing
multi-class classifier has been proposed. Cross-validation tests performed using our
encoding method show that the proposed scheme performs slightly better than the
existing methods. A new “hard” dataset is curated and the cross-validation results
are encouraging. A blind test on a non-homologous EVA dataset has also been
carried out and it was found that the proposed scheme is comparable to the best
servers which mainly use neural networks.
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