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Abstract. Proteins can be classified into four structural classes (all-α,
all-β, α/β, α+β) according to their secondary structure composition. In
this paper, we predict the structural class of a protein from its Amino
Acid Composition (AAC) using Support Vector Machines (SVM).
A protein can be represented by a 20 dimensional vector according to
its AAC. In addition to the AAC, we have used another feature set,
called the Trio Amino Acid Composition (Trio AAC) which takes into
account the amino acid neighborhood information. We have tried both
of these features, the AAC and the Trio AAC, in each case using a
SVM as the classification tool, in predicting the structural class of a
protein. According to the Jackknife test results, Trio AAC feature set
shows better classification performance than the AAC feature.
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Introduction

Protein folding is the problem of finding the 3D structure of a protein, also
called its native state, from its amino acid sequence. There are 20 different types
of amino acids (labelled with their initials as: A, C, G, ...) and one can think
of a protein as a sequence of amino acids (e.g. AGGCT... ). Hence the folding
problem is finding how this amino acid chain (1D structure) folds into its native
state (3D structure). Protein folding problem is a widely researched area since
the 3D structure of a protein offers significant clues about the function of a
protein which cannot be found via experimental methods quickly or easily.
In finding the 3D structure of a protein, a useful first step is finding the 2D
structure, which is the local shape of its subsequences: a helix (called α-helix)
or a strand (called β-strand). A protein is classified into one of four structural
classes, a term introduced by Levitt and Chothia, according to its secondary
structure components: all-α, all-β, α/β, α+β, [1, 2]. An illustration of two of
these (all-α, all-β) is given in Figure 1.
The structural class of a protein has been used in some secondary structure
prediction algorithms [3–5]. Once, the structural class of a protein is known, it
can be used to reduce the search space of the structure prediction problem: most
of the structure alternatives will be eliminated and the structure prediction task
will become easier and faster.

Fig. 1. The illustration of two structural classes. The one on the left is a protein
composed of only α-helices whereas the one on the right is composed of what is called
a β-sheet (formed by strands of amino acids).

During the past ten years, much research has been done on the structural
classification problem [6–18]. Chou [12] used the amino acid composition of a protein and Mahalanobis distance to assign a protein into one of the four structural
classes. Due to the high reported performance, Wang et al. tried to duplicate
Chou’s work using the same data set, without success [22]. More recently, Ding
and Dubchak compare the classification performance of ANNs and SVMs on
classifying proteins into one of 27 fold classes, which are subclasses of the structural classes [17]. Tan and coworkers also work on the fold classification problem
(for 27 fold classes), using a new ensemble learning method [18].
These approaches typically use the Amino Acid Composition (AAC) of the
protein as the base for classification. The AAC is a 20 dimensional vector specifying the composition percentage for each of the 20 amino acids. Although the
AAC largely determines structural class, its capacity is limited, since one looses
information by representing a protein with only a 20 dimensional vector. We improved the classification capacity of the AAC by extending it to the Trio AAC.
The Trio AAC records the occurrence frequency of all possible combinations
of consecutive amino acid triplets in the protein. The frequency distribution of
neighboring triplets is very sparse because of the high dimensionality of the Trio
AAC input vector (203 ). Furthermore, one also should exploit the evolutionary
information which shows that certain amino acids can be replaced by the others
without disrupting the function of a protein. These replacements generally occur
between amino acids which have similar physical and chemical properties [20].
In this work, we have used different clusterings of the amino acids to take into
account these similarities and reduce the dimensionality, as explained in Section
2.
In the results section we compare the classification performance of two feature
sets, the AAC and the Trio AAC. The classification performance of a Support
Vector Machine with these feature sets is measured on a data set consisting of 117
training and 63 test proteins [12] . The comparison of two different feature sets
have proved that the high classification capacity of SVMs and the new feature
vector (Trio AAC) lead to much better classification results. Most work in this

area is not directly comparable due to different data sets or different number of
classes the proteins are classified into. We use the same data set used by Chou
[12] and Wang et al. [22], in order to be able to compare our results to some
extent.
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Protein Structural Class Determination

We have tried two approaches to classify a protein into one of the four structural classes (all-α, all-β, α/β, α+β). A Support Vector Machine is used with
the feature sets of AAC and Trio AAC, which incorporates evolutionary and
neighborhood information to the AAC.
We preferred to use a SVM as the classification tool because of its generalization power, as well as its high classification performance on the protein
structural classification problem [21, 16, 17]. The SVM is a supervised machine
learning technique which seeks an optimal discrimination of two classes, in high
dimensional feature space. The superior generalization power, especially for high
dimensional data, and fast convergence in training are the main advantages of
SVMs. Generally, SVMs are designed for 2-class classification problems whereas
our work requires the multi-class classification. Multi-class classification can be
achieved using a one-against-one voting scheme, as we have done using the oneagainst-one voting scheme of the LIBSVM software [23]. In order to get good
classification results, the parameters of SVM, especially the kernel type and the
error-margin tradeoff (C), should be fixed. In our work, the Gaussian kernels are
used since, they provided better separation compared to Polynomial and Sigmoid
kernels for all experiments. The value of the parameter C was fixed during the
training and later used during the testing. The best performance was obtained
with C values ranging from 10 to 100 in various tasks.
We used two different feature sets, the AAC and the Trio AAC, as the input
vectors of the SVM. The PDB files were used to form both the AAC and the
Trio AAC vectors for the given proteins [24]. After collecting the PDB files of
proteins, we extracted the amino acid sequence of each one. The amino acid sequences were then converted to the feature vectors as described in the following
sections.
AAC:
The AAC represents protein with a 20 dimensional vector corresponding to the
composition (frequency of occurrence) of the 20 amino acids in the protein. Since
the frequencies sum up to 1, resulting in only 19 independent dimensions, the
AAC can be used as a 19 dimensional vector.
£
¤
X = x1 x2 . . . x20
where xk is the occurrence frequency of the kth amino acid.

(1)

Trio AAC:
The Trio AAC is the occurrence frequency of all possible consecutive triplets
of amino acids in the protein. Whereas the AAC is a 20-dimensional vector,
the Trio AAC vector, consisting of the neighborhood composition of triplets of
amino acids, requires a 20x20x20 dimensional vector (e.g. AAA, AAC, ...).
We reduce the dimensionality of the Trio AAC input vector using various different clusterings of the amino acids, also taking into account the evolutionary
information. The amino acid clusters are constructed according to hydrophobicity and charge information of amino acids given by Thomas and Dill [20]. We
experimented with different number of clusters: 5, 9, or 14 clusters of the amino
acids, giving Trio AAC vectors of 125 (53 ), 729 (93 ), and 2744 (143 ) dimensions,
respectively.
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Results

We have measured the performance of two algorithms: SVM with the AAC and
SVM with the Trio AAC. We have also compared our test results to another
structural classification work which also applied the AAC feature set on the
same data set [22]. In all these tests, we have used a data set consisting of
117 training proteins (29-α, 30-β, 29-α/β, 29-α + β) and 63 (8-α, 22-β, 9-α/β,
24-α + β) test proteins [12].
A protein is said to belong to a structural class based on the percentage of
its α-helix and β-sheet residues. In our data set, the data is labelled according
to the following percentage thresholds:
– α class proteins include more than 40% α-helix and less than 5% β-sheet
residues
– β class proteins include less than 5% α-helix and more than 40% β-sheet
residues
– α/β class proteins include more than 15% α-helix, more than 15% β-sheet,
and more than 60% parallel β-sheets
– α+β class proteins include more than 15% α-helix, more than 15% β-sheet,
and more than 60% antiparallel β-sheets.
Note that the remaining, less-structured parts of a protein, such as loops, are
not accounted in the above percentages.
3.1

Training Performance

The term training performance is used to denote the performance of the classifer
on the training set. Specifically, the training performance is the percentage of
the correctly classified training data, once the training completes, and is an indication of how well the training data is learned. Even though what is important
is the generalization of a classifier, training performances are often reported for
this problem, and we do the same for completeness.

The SVM achieved a near 99.1% training performance for for both sets of
features (96.% for β, 100% for the rest). Not achieving a 100% separation on the
training data is quite normal and just indicates that the data points may not be
linearly separable in the feature space, due to the input space mapping done by
the kernel function.
3.2

Test Performance

Table 1 summarizes the test performance of the classifier on the test set (63
proteins), after being trained on the training set (117 other proteins). The AAC
and the Trio AAC are used as feature vectors for the SVM.
The average test performances of the SVM using the AAC and the Trio AAC
are 71.4% and 66.6%, respectively. The performance of the SVM with Trio AAC
feature was found to be lower compared to the AAC feature. This is likely to
be due to the high dimensionality of the input data, compared to the size of
the training set: if there are points in the test set which are not represented in
the training set, they could be misclassified. In this and all the other tables, we
report the performance of the Trio AAC using 9 clusters, as that gave the best
results.
Table 1. Performance of the classifier on the test set. The AAC feature and the Trio
AAC (9 clusters) are used for the SVM.
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Class Name SVMAAC

SVMT rioAAC

all-α
all-α
all-β
α/β
α+β

100%
62.5%
77.2%
100%
58.3%

100%
62.5%
77.2%
77.7%
54.1%

Average

71.4%

66.6%

Test Performance using the Jackknife Method

The Jackknife test, also called the leave-one-out test, is a cross-validation technique which is used when there is a small data set. In the Jackknife test, training
is done using all of the data (train + test) leaving one sample out each time;
then the performance is tested using that one sample, on that round of train-test
cycle. At the end, the test performance is calculated as the average of the test
results obtained in all the cycles. This method uses all of the data for testing,
but since the test data is not used for the corresponding training phase, the
testing is unbiased.

Table 2 displays the results of a Jackknife experiment using both the train
and test sets (117 + 63), in conjunction with the AAC and the Trio AAC.
According to this Jackknife test results, the performance of the SVM is quite
successful. The average classification rates are 85% and 92.7% for the AAC and
the Trio AAC, respectively. We achieved the 92.7% classification rate using the
Trio AAC which is constructed using 9 amino acid clusters.
Table 2. Jackknife test performance on (117+63) proteins, using the SVM with the
AAC and the Trio AAC (9 clusters) features.
SVMAAC
Class Name %
#
all-α
all-β
α/β
α+β

72.9
100
84.2
79.2

Average

SVMT rioAAC
%
#

(27/37) 72.9 (27/37)
(52/52) 98 (51/52)
(32/38) 94.7 (36/38)
(42/53) 100 (53/53)

85.0 (153/180) 92.7 (167/180)

A second Jackknife test has been performed on only the 117 training proteins in order to compare our results to the previous work of Wang and Yuan
[22], who also used the AAC feature as a base classifier. The results for both
works are shown in Table 3. According to these results, the average classification
performance of the SVM (using the AAC) is significantly better than the other
work. The average classification rate of the Trio AAC (84.6%) is even better
than that of the AAC (74.3%).
Table 3. Jackknife test performance on 117 proteins (the training set only). This
experiment was done to compare our results to a previous work of Wang and Yuan
(given on the first column), who also used the AAC feature in the Jackknife test on
the same proteins [22]. Our results, obtained by the SVM method using the AAC or
the Trio AAC, are given on the second and third columns.
Class Name Wang et.al. SVMAAC

SVMT rioAAC

all-α
all-β
α/β
α+β

66.7%
56.7%
43.3%
46.7%

75.8%
93.3%
71.4%
55.1%

82.7%
93.3%
89.2%
72.4%

Average

53.3%

74.3%

84.6%
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Summary and Discussion

Despite years of research and the wide variety of approaches that have been
utilized, the protein folding problem still remains an open problem. Today the
problem is approached in many different directions and divided up into smaller
tasks, such as secondary structure prediction, structural class assignment, contact map prediction etc.
In this study, we addressed the structural classification problem and compared the performance of Support Vector Machines using the AAC and the Trio
AAC features. The comparison of two feature sets shows that the Trio AAC
provides 8-10% improvement in classification accuracy (see Table 2 and 3). We
experimented with different number of clusters, 5, 9, and 14 clusters of the amino
acids, giving Trio AAC vectors of increasing lengths. The experiment with 9 clusters of the amino acids has the highest classification performance. The better
performance of the Trio AAC proves our assumption: the neighborhood and evolutionary information positively contributes on the classification accuracy. We
have also obtained better classification rates using more training data, which is
as expected.
In literature, there are two studies which use feature vectors similar to the
Trio AAC on different domains; however they are on remote homology detection
problem and amino acid neighboring effect [25, 26]. We recently became aware of
two other studies: Markowetz et al. uses feature vectors similar to the Trio ACC,
however the idea of using amino acid clusters (to reduce dimensionality) has not
been applied [19]. In this work, 268 protein sequences are classified into a set
of 42 structural classes with a 78% performance in cross-validation tests. Cai et
al. uses a Support Vector Machine as the classification method and the amino
acid composition as feature set and report an average classification performance
of 93%, for a set of 204 proteins [16]. However these results are not directly
comparable to ours due to the differences in the number of structural classes or
in the data sets.
In summary, we devised a new and more complex feature set (Trio AAC)
incorporating neighborhood information in addition to the commonly used amino
acid composition information. The higher classification rates indicate that the
combination of a powerful tool and this new feature set improves the accuracy
of the structural class determination problem.
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