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We have introduced a new method of protein secondary structure prediction which is based on the theory of support vector machine (SVM).
SVM represents a new approach to supervised pattern classi®cation
which has been successfully applied to a wide range of pattern recognition problems, including object recognition, speaker identi®cation, gene
function prediction with microarray expression pro®le, etc. In these cases,
the performance of SVM either matches or is signi®cantly better than that
of traditional machine learning approaches, including neural networks.
The ®rst use of the SVM approach to predict protein secondary structure is described here. Unlike the previous studies, we ®rst constructed
several binary classi®ers, then assembled a tertiary classi®er for three
secondary structure states (helix, sheet and coil) based on these binary
classi®ers. The SVM method achieved a good performance of segment
overlap accuracy SOV  76.2 % through sevenfold cross validation on a
database of 513 non-homologous protein chains with multiple sequence
alignments, which out-performs existing methods. Meanwhile three-state
overall per-residue accuracy Q3 achieved 73.5 %, which is at least comparable to existing single prediction methods. Furthermore a useful
``reliability index'' for the predictions was developed. In addition, SVM
has many attractive features, including effective avoidance of over®tting,
the ability to handle large feature spaces, information condensing of the
given data set, etc. The SVM method is conveniently applied to many
other pattern classi®cation tasks in biology.
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Introduction
The protein sequence-structure gap is widening
rapidly. The number of known protein sequences1
is exploding as a result of genome and other
sequencing projects. The increasing number of protein sequences is much greater than the increasing
number of known protein structures.2 Therefore,
computational predictive tools for protein strucAbbreviations used: I.I.D., independent and
identically distributed; MLP, multiple layer perceptron;
NNs, neural networks; OSH, optimal separating
hyperplane; RBF, radial basis function; RI, reliability
index; SRM, structural risk minimization; SOV, segment
overlap; SVM, support vector machine; SVs, support
vectors.
E-mail address of the corresponding author:
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tures are badly needed to narrow the widening
gap.
Three-dimensional protein structures still can
not be accurately predicted directly from
sequences. An intermediate but useful step is to
predict the protein secondary structure, which is a
way to simplify the prediction problem by projecting the very complicated 3D structure onto one
dimension, i.e. onto a string of secondary structural
assignments for each residue.
In the ®eld of machine learning, secondary structure prediction can be analyzed as a typical pattern
recognition or classi®cation problem where the
class (secondary structure) of a given instance is
predicted based on its sequence features. The usual
goal of secondary structure prediction is to classify
a pattern of adjacent residues as helix (H), sheet (E)
or coil (C, the remaining part). The principle idea
underlying almost all prediction methods is that
# 2001 Academic Press
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the segments of consecutive residues prefer certain
secondary structures.
Up to now, several machine learning approaches
have successfully predicted protein secondary
structures. Many different feedforward neural networks (NNs) have been used.3-6 The basic architecture used in the early work of Qian & Sejnowski
(1988) was a fully connected multiple layer perceptron (MLP) with back propagation (BP) algorithm.
It achieved a performance of Q3  64.3 %, with the
Matthews correlation coef®cients CH  0.41 for
helices, CE  0.31 for sheets and CC  0.41 for coils
on their data set.
The early secondary structure prediction
methods using local information of a single
sequence shared three major shortcomings: (i) the
three-state pre-residue accuracy (Q3) was not high
(about 65 %); (ii) sheets were predicted at levels of
28-48 %, i.e. only slightly better than random; (iii)
the predicted secondary structure segments were
only half as long as the observed segments on
average. The PHD method4 overcame these shortcomings to a certain extend. PHD is a three-level
NNs including a sequence-to-structure net (®rst
level), a structure-to-structure net (second level)
and a jury decision (third level). Some machine
learning techniques such as early stopping,
balanced training, etc. have been used. The prediction accuracy of PHD has been improved signi®cantly by using evolutionary information
contained in multiple sequence alignments. It
achieved a performance of Q3  70.8 %, CH  0.60,
CE  0.52 and CC  0.51 on one non-homologous
data set of 126 protein chains (the RS126 set)
through cross validation and the prediction
reliability index was introduced.
After PHD, further NN architectural and
machine learning re®nements have been used. Riss
& Krogh5 carefully designed the NN architecture
to reduce the over®tting problem. For instance,
adaptive encoding of the input amino acid residues
by the weight-sharing technique was used to
reduce the number of free parameters. In combi-
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nation with multiple alignments, this method
reached an overall accuracy Q3  71.3 %, and correlation coef®cients CH  0.59, CE  0.50 and
CC  0.41 on the RS126 set. Chandonia & Karplus7
presented an alternative cascaded NNs and a new
method for decoding the outputs of the prediction
network.
Prediction accuracy can be improved by combining more than one prediction method.8,9 Recently,
Cuff & Barton9 have combined several widely used
prediction methods PHD, DSC,10 NNSSP11 and
PREDATOR.12 Among these methods, PHD provided the most accurate predictions.
The support vector machine (SVM) method
has been recently proposed by Vapnik and his
co-workers13-15 as a very effectively method for
general purpose pattern recognition. Intuitively,
SVM learns the boundary between samples
belonging to two classes by mapping the input
samples into a high dimensional space, and
seeking a separating hyperplane in this space
(see Figure 1). The separating hyperplane is chosen in such a way as to maximize its distance
from the closest training samples (a quantity
referred to as margin). The hyperplane is called
the optimal separating hyperplane (OSH). SVM
as a supervised machine learning technology is
attractive because it has an extremely well developed learning theory, statistical learning theory.14,15 The SVM approach is not only wellfounded theoretically, but also superior in practical applications. SVM has been successfully
applied to a wide range of pattern recognition
problems, including isolated handwritten digit
recognition,13,16 object recognition,17 speaker
identi®cation,18 text categorization,19 etc. In most
of these cases, the performance of SVM either
matches or is signi®cantly better than that of traditional machine learning approaches, including
NNs. SVM has a number of interesting properties, including effective avoidance of over®tting,
the ability to handle large feature spaces, information condensing of the given data set, etc. A

Figure 1. A separating hyperplane in the feature space corresponding to a non-linear boundary in the input space.
Two classes denoted by circles and disks, respectively, are linear non-separable in the input space Rd. SVM constructs
the optimal separating hyperplane (OSH) (continuous line) which maximizes the margin between two classes by
mapping the input space Rd into a high dimensional space, the feature space H. The mapping is determined by a kernel function K x~i ; x~j . Support vectors are identi®ed with an extra circle.
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too long segment will decrease signal-to-noise
ratio.
Unlike previous approaches which amount to
directly constructing tertiary classi®ers, we ®rst
construct binary classi®ers. More details can be
seen in Materials and Methods section. The optimal window length may vary for different binary
classi®ers (see Table 1). The optimal window
length (l*) for each binary classi®er was determined on the RS126 set. The optimal window
length based on the SVM method is slightly smaller than about 13, which was the optimum found
in previous NN approaches.3,4
The results in Table 1 indicate that the optimal
window length is related to the average length of
the secondary structure segments. In general, longer mean secondary structure segments require
larger optimal window lengths.
Table 1 also shows that the prediction accuracy
of each binary classi®er is not too sensitive to the
window length. Using window lengths in the interval [l* ÿ 2,l*  2], the variation of the prediction
accuracy is quite small, less than 1.0 %.

brief introduction is given in the Supplementary
Material.
Here, we describe the ®rst use of the SVM
approach to predict protein secondary structures.
We will show that the SVM method can achieve
a good performance of segment overlap measure
SOV  76.2 % which is a more realistic assessment of prediction quality meanwhile three-state
overall per-residue accuracy Q3 achieves 73.5 %
which is comparable to the existing single prediction method, including PHD. It is possible to
obtain combined prediction system with higher
accuracy if the SVM method is combined with
other methods.

Results
Parameter optimization of the
prediction system
It is much simpler to construct one SVM
binary classi®er than NN. In the case of NN, an
appropriate structure of NN is dependent on the
skill of the designer. However, here we only
need select a kernel function and regularization
parameter C to train the SVM. The detail of the
selection procedure can be seen in the Supplementary Material.
Here, we adopt the radial basis function (RBF,
see equation (1)):
K x~i ; x~ j   exp ÿrj~xi ÿ x~j j2 

Accuracy of each binary classifier
After determining the proper kernel function
and its parameter, the regularization parameter C
and the optimal window length (l*), we constructed six SVM binary classi®ers named H/H,
E/E, C/C, H/E, E/C and C/H. Sevenfold
cross validation tests were done on both the RS126
set and the CB513 set. The prediction accuracies of
each binary classi®er on both sets are shown in
Table 2.
Table 2 shows a general increase in accuracy of
between 1.63 % (E/C) and 2.66 % (H/H) with the
larger set size from the RS126 set to the CB513 set.
Our results are consistent with previous studies
which have shown that an increase in the size of
the database of known structures can improve the
secondary structure prediction. The increase in
accuracy as the set size increases may be due to
the accidental addition of more easily predicted
sequences to the set or better predictive patterns

1

with the parameter g  0.10 and the regularization
parameter C  1.50 to construct the SVM classi®ers.
Determination of the optimal window length
for each binary classifier
The dependence of the testing accuracy on the
size of the input residue window in the local coding scheme was tested for each binary classi®er. A
proper window length can lead to a good performance because a too short residue segment will lose
some important classi®cation information while a

Table 1. Dependence of testing accuracy on window length for each binary classi®er
Window length (l)
Binary
classifier
H/H
E/E
C/C
H/E
E/C
C/H

5

7

9

11

13

15

17

l*

77.55
80.89
71.19
74.96
76.69
76.36

79.36
81.22
71.20
76.57
76.14
77.30

80.28
81.25
71.12
76.87
75.96
77.63

80.36
80.82
69.77
76.23
75.16
76.82

79.74
80.14
68.82
76.24
73.76
76.31

79.63
79.73
68.29
73.31
73.20
75.66

79.36
79.15
67.10
72.02
72.10
74.66

11
9
7
9
5
9

The l* value is the optimal window length for each binary classi®er. All the results are on the RS126 set. Combined results of
sevenfold cross validation are shown.
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learned by the classi®ers trained on more
sequences.
Table 2 shows that the accuracy of the E/E
classi®er is slightly higher than that of the H/H
classi®er, but this does not indicate that prediction
of sheet is easier than that of helix. The higher
accuracy of the E/E is mainly attributed to the
much smaller content of sheet.
Accuracy of the tertiary classifier
The prediction accuracies of tertiary classi®ers
on both data sets are shown in Table 3 and Table 4.

RI 

8
<

0
INTEGER distance I=0:2
:
9

Several standard performance measures were used
to assess the prediction accuracy.
Table 3 and Table 4 both show that
``SVM_MAX_D'' has the best performance among
the single tertiary classi®ers. Method for handling
multiclass cases like SVM_MAX_D are widely
used in other pattern recognition problems.20
Studies have shown that jury techniques combining several NNs4 or other prediction methods8,9
can be more accurate than methods based on a
single prediction. The results in Table 3 and 4 also
prove this with about 0.5 % increase in accuracy
through jury decision.
Comparing the results in Table 4 with the results
in Table 3 also shows a general increase in accuracy as the set size increases.
Table 4 shows that the ®nal prediction system,
SVM_JURY achieves a performance of three-state
overall per-residue accuracy Q3  73.5 %, correlation coef®cients CH  0.64 for helices, CE  0.52
for sheets, CC  0.51 for coils and Segment Overlap accuracy SOV  76.2 % through sevenfold
cross validation on a database of 513 non-homologous protein chains, with multiple sequence
alignments.
Assigning a ``reliability index'' to the prediction
When using machine learning approaches for
the prediction of the secondary structure of a
new sequence, it is important to know the prediction reliability. In the PHD method, the difference between the maximal and the second
largest output unit has been used to derive a
``reliability index'' (RI) which is given for each
residue along with the prediction.4 In practice,
the reliability index offers an excellent tool for
focusing on some key regions having high prediction accuracy.

As with the PHD method, a more intuitive
reliability index can be derived using the information from the outputs of the binary classi®er
(H/ H, E/ E and C/ C). Intuitively? If a
sample is predicted to have large positive distance
to the OSH the sample has large probability of
belonging to the positive class. For example, if a
residue is predicted to be helix and the output of
classi®er H/  H (the distance to the OSH) is positive and relatively large, the residue has large
probability of being helix.
The reliability index is de®ned as:

if
if
if

distance I > 0:2
0:24distance I > 1:8
distance I > 1:8

2

For a residue predicted to be in state I (I  H, E or
C), distance(I) means the output of the related classi®er among H/ H, E/E and C/ C, i.e. the
distance of the sample to the OSH. In general, the
absolute value of distance(I) is in the interval [0, 2].
RI is an integer value from 0 to 9 with RI  9 corresponding to a rather reliable prediction.
The distance to the OSH is proven to supply an
effective measure for prediction reliability in
Figure 2, which shows that the prediction is more
reliable as the distance increases. The reliability of
the prediction for residues can be related to RI. The
curve in Figure 2 answers the question how
reliable the prediction for all residues labeled with
the particular index is. For instance, the expected
accuracy for a residue with RI  4 is 80.4 % with
12 % of all residues having RI  4.

Discussion
Comparison with results of other methods
An objective comparison between SVM method
and most of the existing widely used methods has
been made. Here, we will emphasize ``one objective comparison''. The comparison will be objective
only if the results generated by different methods
are based on the same data set (including the same
type of alignment pro®les), the same secondary
structure de®nition (including the same reduction
method) and the same accuracy assessment otherwise the comparison is unfair. A comparison
between the SVM method and PHD method which
is one of the most accurate and reliable secondary
structure prediction methods based on NNs can be
seen in Table 5. It shows that the SVM method
yields good result with segment overlap measure
(SOV). SOV has been recently proposed21,22 to
assess the quality of a prediction in a more realistic
manner. This is done by taking into account the
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Table 2. Accuracy of each binary classi®er on both data sets
Binary classifier

l*

Accuracy on the RS126 set (%)

Accuracy on the CB513 set (%)

H/H
E/E
C/C
H/E
E/C
C/H

11
9
7
9
5
9

80.36
81.25
73.20
80.87
76.69
77.63

83.02
83.39
75.52
83.08
78.32
79.97

The l* value is the optimal window length for each binary classi®er. Combined results of sevenfold cross validation are shown.

type and position of secondary structure segment,
the natural variation of segment boundaries
among families of homologous proteins and the
ambiguity at the end of each segment. On the
RS126 set, the SOV with the SVM method (74.6 %)
is 1.1 % higher than that of PHD (73.5 %) and
much higher than that of DSC (71.1 %),10 NNSSP
(72.7 %)11 and PREDATOR (70.3 %).12 On the
CB513 set, the SOV with the SVM method achieves
76.2 % and this is the ®rst time, to the best of our
knowledge, that a single prediction method predicts SOV with such high accuracy. Meanwhile,
three-state per-residue accuracy Q3 is comparable
to the existing method, including the single best
predictor PHD among DSC, PHD, NNSSP and
PREDATOR reported in Cuff & Barton,9 the
re®ned NN proposed by Riis & Krogh5 with
Q3  71.3 % on the RS126 set, the bidirectional
recurrent NNs more recently proposed by Baldi
et al.6 with 72.0 % on the RS126 set, etc. In a word,

the comparisons show that the SVM method
achieved a good performance of SOV  76.2 % on
the CB513 set which is signi®cantly higher than
existing methods and three-state overall perresidue accuracy Q3 achieved 73.5 % which is
slightly higher than the above other methods on
the same data set.
In addition, DSSP,23 the most widely used secondary structure de®nition method, provides an
eight-state assignment of secondary structure.
However, prediction methods are normally trained
and assessed for only three states (H, E, C), so the
eight states must be reduced to three. More detail
can be seen in Material section. The comparisons
above obey the rule that two prediction methods
are compared only if they adopt the same eight- to
three-state reduction method. A detail analysis of
the effect on accuracy of applying different
reduction methods can be seen in Cuff & Barton.9
They found that prediction methods appear to

Figure 2. Expected prediction accuracy for residues with a reliability index equal to a given value. The accuracy of
all residues with reliability index RI  n, n  0,1, . . . ,9 is given. The fraction of residues that predicted with RI  n are
also given. For example, 12 % of all residues have RI  4 and 80.4 % of these are correctly predicted.

402

Protein Structure Prediction Based on SVM

Table 3. Accuracy of tertiary classi®ers on the RS126 set
Type of tertiary
classifier
SVM_MAX_D
SVM_TREE1
SVM_TREE2
SVM_TREE3
SVM_VOTE
SVM_NN
SVM_JURY

Q3 (%)

QH (%)

QE (%)

QC (%)

71.1
68.0
67.5
66.8
69.2
70.5
71.6

72.0
72.0
71.0
71.0
71.2
72.0
72.5

56.1
48.5
56.2
52.7
53.7
55.9
58.1

77.2
74.0
70.3
76.0
75.2
76.0
77.0

pre
Qpre
Qpre
H (%)
E (%) QC (%)

75.1
74.0
72.0
70.0
73.0
74.3
76.0

65.2
59.0
64.2
60.5
64.0
64.6
65.0

71.2
69.0
69.0
72.0
70.2
70.2
70.2

CH

CE

CC

SOV (%)

0.61
0.60
0.58
0.56
0.59
0.61
0.62

0.51
0.43
0.50
0.46
0.48
0.50
0.52

0.49
0.44
0.42
0.46
0.46
0.47
0.51

73.2
69.5
69.1
68.6
70.6
72.5
74.6

More details for each tertiary classi®er are given in the Methods section. Combined results of sevenfold cross validation are
shown.

PSIPRED. As mentioned above, SOV is used to
assess the quality of prediction in a more realistic
manner. Comparing PSIPRED with PHD method,
both methods adopted the similar cascaded NNs
and the mainly difference is the input of the ®rstlevel NN. The PSI-BLAST pro®les were used in
PSIPRED. These pro®les adopted by Jones have
some basic advantages: more distant sequences are
found; the probability of each residue at a speci®c
position is computed using a more rigorous statistical approach; and each sequence is properly
weighted with respect to the amount of information it carries. These pro®les contain much more
useful information than our training pro®les which
are based on the older HSSP pro®le approach. It
indicates that the improvements of PSIPRED seem
to result in mainly from the use of PSI-BLAST generated pro®les. Therefore it is quite possible to
achieve signi®cant improvements by incorporating
PSI-BLAST pro®les in the SVM approach. Further
work is going on to construct a prediction system
based on the latest version of RCSB Protein Data
Bank (PDB) and the PSI-BLAST alignment pro®les.
It will be expected to achieve higher accuracy on a
larger data set and new type of alignment pro®les.
On the other hand, it has been shown that prediction accuracy can be improved by combing more
than one prediction method.8,9 It is possible to
obtain higher prediction accuracy when our single
method is combined with other good single method, for example, PHD, PSIPRED, etc.

improve in accuracy with comparison to reduction
method 2 (see Materials and Methods), when one
uses another reduction method (E as E, H as H,
rest to coil C including EE and HHHH). The
apparent improvement of Q3 is between 2.2 % and
4.9 %. Thus an objective comparison can not be
made unless the same reduction method is used.
Furthermore, the SVM method has its unique
merits and it can successfully avoid many problems which other machine learning approaches
often encounter. For example, structures of NNs
(especially the size of the hidden layer) are hard to
determine; gradient based training algorithms only
guarantee ®nding local minima; too many model
parameters have to be optimized, over®tting problems are hard to avoid, etc. The effectiveness of
SVM in overcoming these problems has proved
that SVM is a promising method in practice.
Finally, there leaves room for further improvement of our prediction method. On one hand, it
has been shown that better multiple sequence
alignment pro®les yield better prediction.21 Jones24
used the alignment pro®le generated by PSIBLAST to design a set of NNs and his PSIPRED
method achieved an overall per-residue accuracy
Q3  76.5 % and SOV  73.5 % on his own data set
including 187 protein chains. An entirely objective
comparison between the SVM method and
PSIPRED has not been carried out at this time for
the lack of Jones's data set. A rough comparison
between the two methods shows that Q3 of the
SVM method is about 3 % lower than that of
PSIPRED on different data sets however SOV of
the SVM method is about 3 % higher than that of

Table 4. Accuracy of tertiary classi®er on the CB513 set
Type of tertiary
classifier
SVM_MAX_D
SVM_TREE1
SVM_TREE2
SVM_TREE3
SVM_VOTE
SVM_NN
SVM_JURY

Q3 (%)

QH (%)

QE (%)

QC (%)

72.9
68.9
68.2
67.5
70.7
72.0
73.5

74.8
73.5
72.0
69.5
73.0
74.7
75.2

58.6
54.0
61.0
46.6
56.2
57.7
60.3

79.0
73.1
69.0
77.0
76.6
77.4
79.5

pre
Qpre
Qpre
H (%)
E (%) QC (%)

78.2
79.0
77.0
75.1
76.5
78.0
79.1

67.1
63.0
67.2
63.0
65.0
66.7
67.3

68.5
66.2
64.1
69.2
67.1
69.0
70.2

CH

CE

CC

SOV (%)

0.64
0.64
0.62
0.58
0.62
0.64
0.64

0.53
0.47
0.54
0.43
0.50
0.52
0.52

0.51
0.45
0.40
0.51
0.48
0.51
0.51

75.4
72.1
71.4
70.8
73.2
75.0
76.2

More details for each tertiary classi®er are given in the Methods section. Combined results of sevenfold cross validation are
shown.
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Table 5. Comparison with the results of the PHD, the NN based approach
Method

pre
pre
SOV (%) Q3 (%) QH (%) QE (%) QC (%) Qpre
H (%) QE (%) QC (%)

CH

CE

CC

lH

lE

lC

69

0.60
0.61

0.52
0.51

0.51
0.52

9.3
9.2
9.0

5.0
4.5
5.1

7.6
5.9

64

72

0.63

0.53

0.52

10.3
9.3

5.0
5.3

7.2
5.9

67

70

0.65

0.53

0.54

9.2
9.4

4.8
5.4

7.8
5.9

1

PHD
SVM1
(observed)

73.5
74.6

70.8
71.2

72
73

66
58

72
75

73
77

60
66

PHD2
(observed)

ÿ

72.1

70

62

79

77

SVM2
(observed)

76.2

73.5

75

60

79

79

PHD1, SVM1: Results obtained on the RS126 set using the eight- to three-state reduction method 1. (Except for this, all other results
in this paper are based on reduction method 2.) The results of PHD1 are from Rost & Sander (1993)4 and Rost et al. (1994).21
PHD2: Results obtained on another non-homologous data set which contains 250 protein chains (Rost & Sander, 1994).4
SVM2: Results obtained on the CB513 set.
ÿ The result can not be obtained from the papers.
The SVM and PHD methods both use jury decision. Combined results of sevenfold cross validation are shown.

Condensing information by SVM
One attractive property of SVM is that SVM condenses information in the training samples to provide a sparse representation using a very small
number of samples, support vectors (SVs). More
details can be seen in the Supplementary Material.
The SVs characterize the solution to the problem in
the following sense: if all the other training
samples are removed and the SVM are retrained,
then the solution would be unchanged. It is
believed that all the information about classi®cation in the training samples can be represented
by these SVs. In a typical case, the number of SVs
is small compared to the total number of training
samples which enables the SVM to ef®ciently classify new samples, since the majority of the training
samples can be safely ignored. This is a crucial
property when analyzing large data sets containing
many uninformative patterns, as is the case in
many data mining problems since the SVM can
effectively remove the uninformative patterns in
the data set. This property will be especially useful
in the ®eld of bioinformatics as a mass of experimental data explodes.
For secondary structure prediction, the ratio of
SVs to all training samples is shown in Table 6 for
each binary classi®er. The ratio for each classi®er is
about 50 %, which means that half of the training
samples could represent all of the classi®cation

information. With many other classi®cation problems, a ratio of 50 % is relatively higher which
indicates that the protein secondary structure
classi®cation problem is relatively dif®cult.
The influence of noise and outliers
In practical problems, the in¯uence of noise and
outliers is inevitable. If the window length is not
appropriate, the signal-to-noise ratio will decrease.
All the discussions about SVM are based on the
basic precondition that all samples in the training
set are independent and identically distributed
(I.I.D.) according to the unknown dependency to
be estimated.14 A training set which is polluted by
noise, i.e, training samples are not I.I.D., in¯uences
the prediction accuracy. In addition, if we try to
correctly classify the outliers, the classi®er might
be quite complex but with poor generalization performance.
The in¯uence of noise and outliers could be
reduced using the method of central support vector
machine (CSVM), which is an improved SVM.25
Another idea is to retrain the SVM classi®er only
on the samples which were predicted to have relatively large distances to the OSH. Thus we discard
a fraction of samples which are hard to predict
because they are located near the OSH so the
boundary between these two classes will become
much clearer. The result should give simpler classi®ers that have better performance.

Table 6. Ratio of number of SVs to all training samples

More applications in biology

Binary classifier

The protein secondary structure prediction problem is just one typical classi®cation task in bioinformatics which has many other similar tasks.
Here we have demonstrated that the SVM method
is competitive with and even superior to other,
more frequently used machine learning methods
and SVM offers some advantages e.g. effective
avoidance of over®tting, the ability to handle large
feature spaces, information condensing of the

H/H
E/E
C/C
H/E
E/C
C/H

Ratio (%) (SVs/all samples)
50.46
43.92
59.02
50.27
53.16
52.62

The results are for the CB513 set. Combined results of sevenfold cross validation are shown.
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given data set, convenient machine capacity control, etc.
SVM can also be applied for many other tasks,
for example, in biosequence analysis, such as the
identi®cation and classi®cation of splice sites, promoters and other cis-acting elements in genomic
DNA, in microarray data analysis, such as class
prediction and gene function prediction.
While this article was being ®nalized, other
papers appeared which had used the SVM method
to functionally classify genes by using gene
expression data from DNA microarray hybridization experiments,26 to detect remote protein
homologies (http://www.cse.ucsc.edu/research/
compbio/discriminative/), to recognize translation
initiation sites (TIS) (http://www.bioinfo.de/isb/
gcb99/talks/zien/). The conclusions of those
papers generally agree with ours that SVM as a
discriminative supervised machine learning technology offers us a powerful tool in dealing with
the pattern classi®cation tasks in biology.

Protein secondary structure definition

Materials and Methods

Prediction accuracy assessment

Data set
Two data sets were used to develop and test the algorithms. One is the data set of 126 protein chains proposed
by Rost & Sander,4 referred to as the RS126 set. Many current generation secondary structure prediction methods
were developed and tested on this set. It is a non-homologous data set according to the de®nition of Rost &
Sander.4 They used percentage identity to measure the
homology and de®ned non-homologous to mean that no
two proteins in the set share more than 25 % sequence
identity over a length of more than 80 residues.
The other much larger data set was constructed by
Cuff & Barton9 and is referred to as the CB513 set since
it has 513 protein chains. Almost all the sequences in the
RS126 set are included in the CB513 set. It is also a nonhomologous data set, i.e. an SD score of 55 is regarded
as homology. The SD score is a more stringent measure
than the percentage identity. In fact, 11 pairs of proteins
in the RS126 set are sequence similar when using the SD
score instead of percentage identity. The CB513 set contains 16 chains of 430 residues. It has been shown that
very short chains in the set will slightly decrease the
accuracy for hard de®nition of secondary structures.
Multiple sequence alignments
The prediction procedure introduced here can be
easily extended to the use of multiple sequence alignments of proteins homologous with the target protein.
The pro®les of the multiple alignments for the RS126 set
are taken from the HSSP database,27 the same database
as used by the PHD method. The objective was to compare the prediction accuracy of different prediction
algorithms as objectively as possible. The RS126 set
including the multiple sequence alignment pro®les is
available at http://www.sander.embl-heidelberg.de/
hssp/. For the CB513 set, another automatic procedure
proposed by Cuff & Barton9 was used to generate multiple alignment pro®les. The CB513 set including the
automatically generated multiple alignment pro®les is
available at http://barton.ebi.ac.uk/.

The automatic assignments of secondary structure to
experimentally determined 3D structures is usually performed by DSSP,23 STRIDE28 or DEFINE.29
Different assignment methods in¯uence the prediction accuracy to some extent, as discussed by Cuff &
Barton.9 Here, we concentrate exclusively on the DSSP
assignments, which distinguish eight secondary structure classes: H(a-helix), G(310-helix), I(p-helix), E(bstrand), B(isolated b-bridge), T(turn), S(bend) and (rest). We reduced the eight classes to three state,
helix (H), sheet (E) and coil (C) using two different
methods: (i) DSSP: H, G and I to H; E to E; all other
states to C; (ii) DSSP: H and G to H; E and B to E;
all other states to C. Reduction method 1 is the same
as the PHD method.4 We adopted it to objectively
compare the prediction performance of PHD and
SVM. The second reduction method is adopted
because it is now widely used. Other reduction
methods have been proposed and some effects of the
different methods on prediction performance were discussed by Cuff & Barton.9

Multiple cross-validation trials are necessary to minimize variation in the results caused by a particular
choice of training or test sets. A full jack-knife test is not
feasible especially on the CB513 set due to the limited
computational power. Therefore, the sevenfold cross
validation was used on both RS126 set and the CB513
set. The RS126 set or the CB513 set was divided into
seven subsets with each subset having similar size and
similar content of each type of secondary structure. Take
the CB513 set as one example. In fact, we tried several
(>10) different random partitions of the CB513 set (six
subsets have 73 protein chains and one subset has 75
chains). For each partition, we calculated the number of
residues and the content of each secondary structure
type (H, E and C) of each subset. The partition ®nally
selected had the minimal bias. The procedure we did
was used to avoid the selection of extremely biased parition which would give an inauthentic prediction accuracy. All results reported in this paper were obtained
using the cross validation.
Several standard performance measures were used to
assess prediction accuracy. Three-state overall perresidue accuracy (Q3), Matthew's correlation coef®cients
(CH,CE,CC) and SOV were calculated to evaluate accuracy
with the details are given in the previous paper.4 The perresidue accuracy for each type of secondary structure
(QH,QE,QC; QH.pre,QE.pre,QC.pre) was also calculated. We
distinguish QI and QI.pre(here, I  H, E and C) as:

3
and

4
Protein secondary structure prediction is a typical tertiary classi®cation problem. Almost all previous machine
learning approaches sought to directly design the tertiary
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Coding scheme

As with the neural network approach, we adopted the
classical local coding scheme of the protein sequence
with a sliding window.3 For a single sequence, each residue is coded by the orthogonal binary vector (1,0, . . . ,0)
or (0,1, . . . ,0), etc. The vector is 21-dimensional. Among
the ®rst twenty units of the vector, each unit stands for
one type of amino acid. In order to allow a window to
extend over the N terminus and the C terminus, the 21st
unit has to be added for each residue. If the window
length is l, the dimensionality of the feature vector (or
the sample space) is 21  l. After including the evolutionary information, the multiple sequence alignments are
represented for the single sequence. The frequency of
occurrence of each of the 20 amino acid residues at one
position in the alignment is computed for each residue.
Constructing the binary classifiers
We ®rst constructed several SVM binary classi®ers
including three one-versus-rest classi®ers (say, ``one'':
positive class, ``rest'': negative class) named H/H,
E/E and C/C, and three classi®ers named H/E,
E/C and C/H which distinguish the sample between
each of two states. For example, the classi®er H/E is constructed on the training samples having helices and
sheets and it classi®es the testing sample as helix or
sheet.
Before constructing each binary classi®er, we ®rst
selected the appropriate kernel function and its parameters, the regularization parameter C (see Supplementary Material) and the optimal window length. These
selections were done via numerical computing.
The programs for constructing the SVM classi®er were
written in the C language. The SVM training procedure
amounts to solving a convex quadratic programming
problem (see Supplementary Material). The core optimization method used here was based on the ``LOQO''
algorithm.30-32
Tertiary classifier design

Figure 3. The structures of tertiary classi®ers, (a)
SVM_TREE1, (b) SVM_TREE2 and (c) SVM_TREE3.
Each of them is made up of two cascaded binary classi®ers. Take SVM_TREE1 as an example, a sample will be
classi®ed as helix (H) if the output of the ®rst binary
classi®er, H/H is larger than 0, otherwise the second
classi®er, E/C will be used. If the output of E/C is
larger than 0, the sample will be classi®ed as sheet (E),
otherwise coil (C) will be assigned.

classi®er. Unlike these previous studies, we ®rst
designed several binary classi®ers, then assembled a tertiary classi®er based on these binary classi®ers.

The goal of the machine learning approach to secondary structure prediction is to construct a tertiary classi®er
with good prediction performance. Thus, the next step is
to design a tertiary classi®er using the above trained
binary classi®er. Several design methods were used.
We combined the three one-versus-rest classi®ers
(H/H, E/E and C/C) to handle the multiclass case.
The class (H, E or C) for a testing sample was assigned
as that corresponding to the largest positive distance to
the OSH. We called the combined tertiary classi®er
``SVM_MAX_D''.
Other tertiary classi®er structures like decision trees
are shown in Figure 3. They are referred to as
``SVM_TREE1``, ``SVM_TREE2`` and ``SVM_TREE3``.
These classi®ers were made up of two cascaded binary
classi®ers as shown in Figure 3.
Another structure of classi®er was also designed. It
combined all the six binary classi®ers using a simple voting principle that the testing sample was predicted to be
in state I if the largest number of the six binary classi®ers
classi®ed it as state I. One exception was that the testing
sample had two classi®cations in each state then it was
considered to be a coil. This classi®er was referred to as
``SVM_VOTE''.
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Another classi®er was combined with a NN and was
named ``SVM_NN''. The outputs of the binary classi®ers
were the inputs to the NN so the input layer size is six.
The NN had one hidden layer and used the back propagation (BP) algorithm. The hidden layer size was taken
as twenty after various tests. The output layer of the network had three units. The variables (weights and bias) of
the fully connected network were determined during the
training procedure.
Finally, as with the PHD method and others, we used
the jury technique to combine all the results of the tertiary classi®ers discussed above. The combined classi®er
was named ``SVM_JURY''.
Prediction ``reliability index''
The output information from the classi®ers H/H,
E/E and C/C was used to develop a position-speci®c
RI for the predictions. The simple and intuitive RI offers
more help on using the prediction results.
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