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Abstract - Though prediction of protein secondary
structures has been an active research issue in
bioinformatics for quite a few years and many approaches
have been proposed, a new challenge emerges as the sizes
of contemporary protein structure databases such as the
Protein Data Bank (PDB) continue to grow exponentially.
The new challenge concerns how to effectively exploit the
huge amount of structural information deposited in large
protein structure databases and deliver ever-improving
accuracy as the sizes of the databases continue to grow.
This new challenge is addressed in this article by resorting
to a kernel density estimation based approach. The kernel
density estimator proposed in this article is distinctive in
that the pointwise MSE (mean square error) of its basic
form converges at O(n*") regardless of the dimension of
the vector space, where n is the number of instances in the
training dataset. In addition, just like many conventional
kernel density estimators, it features average O(nlogn) time
complexity for generating the approximation function. The
experimental results show that with the novel kernel
density estimator the proposed predictor has been able to
outperform the state-of-art predictors currently available.
Experimental results further reveal that prediction
accuracy delivered by the proposed predictor will continue
to increase in the future as the size of the protein structure
database keeps growing.
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1 Introduction

In structural biology, protein secondary structures act
as the building blocks of the protein tertiary structures [1,
2]. Therefore, analysis of protein secondary structures is an
essential intermediate step for obtaining a comprehensive
picture of the tertiary structure of a polypeptide. In this
respect, one of the main challenges is how to accurately
identify the segments in a polypeptide that could fold to
form secondary structures. This problem is normally
referred to as prediction of protein secondary structures.

Though prediction of protein secondary structures has
been an active research issue in bioinformatics for quite a
few years and many approaches have been proposed [1, 3-
9], a new challenge emerges as the sizes of contemporary
protein structure databases such as the Protein Data Bank
(PDB) [10] continue to grow exponentially. The new
challenge, which has been addressed in several recently
completed studies [8, 11], concerns how we can effectively
exploit all the structural information deposited in the
protein structure databases and deliver ever-improving
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prediction accuracy. Accordingly, the machine learning
algorithm incorporated must feature a low time complexity
for constructing a predictor and must be able to deliver
superior prediction accuracy with large protein structure
databases. Unfortunately, as reported in [3], the state-of-art
support vector machine (SVM) algorithm, which prevails in
many bioinformatics applications, does not cope well with
this new challenge.

In this article, we will propose a novel kernel density
estimator designed to address the challenge mentioned
above. The major distinction of the proposed kernel
density estimator is that the pointwise mean squared error
(MSE) of its basic form converges at O(n'm) regardless of
the dimension of the vector space, where 7 is the number of
instances in the training dataset. In addition, just like many
conventional kernel density estimators, it features average
O(nlogn) time complexity for generating the approximation
function [12]. These two favorite characteristics combined
implies that a predictor of protein secondary structures
designed with the novel kernel density estimator will be
able to deliver superior prediction accuracy and will be able
to effectively deal with the ever-growing protein structure
databases. In this article, we will report the results of the
experiments designed to confirm this argument. In the
experiments, the training dataset for the proposed kernel
density estimation based predictor was derived from the
version of PDB at the end of 2005 and the testing dataset
was derived from the protein structures deposited into the
PDB during March 15 to June 1 in 2006. For comparison,
the same testing dataset was used to evaluate the prediction
accuracy delivered by the versions of the existing predictors
that provide the same function at the end of February in
2006. Experimental results confirm that the proposed
predictor is able to outperform the state-of-art predictors in
terms of prediction accuracy. Experimental results further
confirm the conjecture that the accuracy delivered by the
proposed predictor will continue to improve in the future as
the size of the protein structure database keeps growing.

2 Proposed Kernel Density Estimator

In this section, we will first elaborate the mathematical
basis of the novel kernel density estimator proposed in this
article. In particular, we will show that the pointwise mean
squared error (MSE) of the basic form of the proposed
kernel density estimator converges at O(n™>"), regardless of
the dimension of the vector space, where 7 is the number of
instances in the training dataset. Then, we will discuss how
the proposed kernel density estimator can be exploited in
data classification applications.

Since we can always conduct a translation operation
with the coordinate system, without loss of generality, we
assume in the following discussion that it is the pointwise

MSE at the origin of the coordinate system that is of
concern.  Let f (x,x,,...,x,) denote the probability

density function of the distribution of concern in an m-
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dimensional vector space with radius = 1e .

where is the volume of a sphere in an m-

[]

Theorem 1 implies that we can obtain an estimate of fy(0)
by first obtaining an estimate of f;0). Since f; is a
univariate probability density function, if we employ a fixed
kernel density estimator [12] to estimate f(0), then, as
Theorem 2 shows, we can obtain an estimator of fy(0) with
the pointwise MSE converging at O(n">").

Theorem 2: Let {s,,s,...,s,} be a set of sampling

instances randomly and independently taken from the
distribution governed by f, in the m-dimensional vector
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space. Then, with c=A4-n"""° and A being a positive real

number,
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Since MSEle(())] converges at O(n>?) with

o=4-n"", MSE[fX (0)] converges at O(n™>'?) as well.

[]

The estimator presented in Theorem 2 forms the basis

of the novel kernel density estimator proposed in this article.

Since both Theorem 1 and Theorem 2 address only the
pointwise MSE, for real applications we have incorporated
the basic idea of variable kernel density estimator [12] to
generalize the estimator presented in Theorem 2 and obtain
the so-called super-radius based kernel density estimator
(SRKDE) as follows:
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where
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2) pis the smoothing parameter with order O(n*);

3) R.(s;) is the distance from s; to its k-th nearest

neighbor;

4) kis a parameter to be set.

The proposed kernel density estimator is so named
because random variable Z maps a sampling instance s;

taken from the distribution governed by f, to HS:HM and

HSI_H'" is referred to as the super-radius of s; in this article.

For data classification applications, we will construct one
SRKDE to approximate the distribution of one class of
training instances in the vector space. Then, a query
instance located at v is predicted to belong to the class that
gives the maximum value among the likelihood functions
defined in the following:

1S, 1-f7 ()

L) = ot
IEANAC

where ‘S,‘ is the number of class-j training instances and

fj*(v) is the SRKDE corresponding to class-j training

instances. In our current implementation, aiming to
improve the execution time of the classifier, we include
only a limited number, denoted by k’, of nearest class-j
training instances of v in computing fj )-

As mentioned earlier, one main distinctive property of
the kernel density estimation based approach is that the
average time taken to construct a classifier is in the order
O(nlogn), where n is the total number of training instances.
This argument is based on the assumption that the kd-tree
structure [14] is employed in the implementation. For
detailed analysis of the time complexity, please refer to the
discussion presented in [15], which provides the detailed
analysis with a similar kernel density estimator. Another
advantage enjoyed by the kernel density estimation based
approach is that prediction can be made without resorting to
the one-against-one or one-against-all mechanism in case
there are more than two classes of instances. Concerning
the execution time for making prediction with n’ incoming
objects, it is shown in [15] that the average time complexity
is O(n' log n)

3 Experimental Results

This section reports the experiments conducted to
investigate how the SRKDE based predictor actually
performs. The experiments were designed to simulate how
accurately alternative approaches can exploit the
information currently present in the PDB to predict the
secondary structures of newly identified protein sequences.

In the following discussion, we will use Prote2S to
refer to the SRKDE based predictor that we have recently
implemented. In addition, we have created a web server that
provides prediction of protein secondary structures with
Prote2S (http://prote2s.csie.ntu.edu.tw). For Prote2S, the
training dataset was derived from the version of PDB at the
end of 2005 and the testing dataset was derived from the
1289 protein structures deposited into the PDB during
March 15 to June 1 in 2006. In order to reduce redundancy
in the training dataset, the CD-HIT clustering algorithm [16]
with the similarity threshold set to 0.4 was invoked to
remove redundant protein structures in the PDB. After this
process, a total of 8163 protein chains remained. For
generation of the training dataset, we followed the approach
employed in [3]. With this approach, one training instance
is created for each residue in the sequences of the 8163
protein chains by associating the residue with the vector
computed by the PSI-BLAST software package [17] for the
residue and its 14 neighboring residues. As a result, a total
of 1,829,733 training instances were generated and each
instance was labeled by one of the three types of secondary
structure elements, alpha-helix, beta-strand, and loop,
determined by DSSP [18]. For generation of the testing
dataset, BLAST [17] was invoked to remove redundant
p r o t e i n c h a i n s
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Table 1 Parameter settings in Prote2S

Parameter m B k k’

Value 1 1 7 1500

Table 2 Comparison of prediction accuracy of alternative

predictors
A)
Predictor Prote2S PSIPRED HYPROSP
Accuracy 85.0% 78.0% 83.7%
(B)
Predictor Prote2S PROTEUS
Accuracy 83.9% 81.9%

Table 3 Prediction accuracy of Prote2S vs. size of the
training dataset

Portionof 10 e 1/4 12 1
dataset
Accuracy  75.9% 77.1% 79.6% 81.9% 85.0%

The criterion guarantees that no two chains remaining have
their e-value similarity score computed by BLAST smaller
than 0.1. With this criterion applied, the testing dataset
then includes a total of 36,443 instances derived from a
total of 154 non-redundant protein chains deposited into the
PDB during March 15 to June 1 in 2006.

Table 1 shows the parameter settings employed in
Prote2S. Parameters m and [ have been set to the default
values and parameters k and k' have been set through
conducting cross validation on the training dataset. One
may wonder why the default values of both parameters m
and £ have been set to 1. According to our experiences
with applying the SRKDE based predictor to a variety of
problems, there are normally quite a few combinations of
parameter settings that yield the same level of accuracy and
among them there are always several combinations with m
=1 and S = 1. Therefore, we simply set the default values
of both m and Sto 1 in order to reduce the number of
parameters to be tuned during the cross validation process.

Table 2 shows how the Prote2S performs in
comparison with some of the most advanced predictors for
analysis of protein secondary structures, including
PSIPRED [4], HYPROSP [5, 6], and PROTEUS [7].
HYPROSP and PROTEUS are two most recently released
predictors and PSIPRED is probably the most widely used
predictor as of today and was incorporated in the design of
HYPROSP and PROTEUS.

In the comparison with PSIPRED and HYPROSP
presented in Table 2(A), the testing dataset described above
has been used. Meanwhile, for comparison with
PROTEUS, a separate training dataset and a separate
testing dataset have been generated because in the article
published by the PROTEUS group VADAR [19], instead of

DSSP, was used to label the classes of the residues in the
training dataset. Basically, the same procedures described
above for generation of the training and testing datasets
have been used but the training and testing datasets
generated for the experiments reported in Table 2(B)
contain 1,201,565 and 24,649 instances, respectively.

Experimental results presented in Table 2 show that
Prote2S is able to outperform PSIPRED, HYPROSP, and
PROTEUS in terms of prediction accuracy. Furthermore,
since the average execution time to construct a SRKDE
based predictor is in the order of O(nlogn), where n is the
number of training instances, it is conceivable that the
SRKDE based predictor can effectively cope with the fast
growth rate of the protein structure database and deliver
ever-increasing prediction accuracy through fully exploiting
the structural information deposited in the database. Table
3 reports the experiment conducted to confirm this
conjecture. In this experiment, we provided the SRKDE
based predictor with training datasets derived from
randomly selected portions of the 8163 protein chains
employed to generate the training dataset in the experiment
reported in Table 2. Then, we evaluated the prediction
accuracy that the SRKDE based predictor can deliver. The
experimental results show that the prediction accuracy
delivered by the SRKDE based predictor improves as the
number of protein structures exploited to generate the
training dataset increases. The experimental results further
show that with the current version of PDB we have not yet
reached the point where the prediction accuracy saturates.
In other words, with the size of PDB continues to grow, it is
anticipated that the prediction accuracy delivered by
Prote2S will continue to improve.

4 Conclusions

This article proposes the super radius based kernel
density estimator (SRKDE) and reports how the SRKDE
based predictor of protein secondary structures performs.
The major distinction of the proposed kernel density
estimator is that the pointwise mean squared error (MSE) of
its basic form converges at O(n*”) regardless of the
dimension of the vector space, where n is the number of
instances in the training dataset. In addition, the average
time complexity for construction of a SRKDE based
predictor is in the order of O(nlogn). As a result, the
SRKDE based predictor is able to effectively exploit the
structural information deposited in the large protein
structure database and deliver ever-improving prediction
accuracy as the size of the database continues to grow.
Experimental results reveal that the SRKDE based
predictor has been able to outperform the existing web
servers that provide the same function in terms of
prediction accuracy. Experimental results further reveal
that accuracy delivered by the SRKDE based predictor will
continue to increase in the future as the size of PDB keeps
growing.
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In structural biology, protein secondary structures act
as the building blocks of the protein tertiary structures.
Therefore, the capability to accurately predict the segments
in the polypeptide that could fold to form secondary
structures is essential for eventually obtaining a
comprehensive picture of the tertiary structure of the
polypeptide. In this respect, the SRKDE based predictor
can output the values of the likelihood functions to be
exploited in subsequent structural analyses of the
polypeptide.
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