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Abstract—Prediction of sub-cellular localization of proteins is a
fundamental task in bioinformatics, since it can provide useful
information to determine its function. Several prediction
techniques have been proposed in the recent years and
methods based on machine learning techniques have achieved
state of the art classification, usually employing support vector
machines and neural networks. However, those methods need
high amounts of labeled samples (proteins with known
function) in order to train accurate classifiers, and such
information is not easily available for this task. In this paper,
an alternative methodology that uses semi-supervised learning
is proposed. This type of machine learning allows to use
unlabeled samples (which are easily available) in order to
improve the estimation of the classifiers. All the needed steps
for using semi-supervised learning in the problem of predicting
protein sub-cellular localizations are described in detail and
the methodology is compared with the standard supervised
alternative. The results show that using semi-supervised
learning significantly improves the prediction performance of
the classifier in several cases, proving to be a valuable tool in
bioinformatics.
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I.  INTRODUCTION

One of the most important tasks in modern
bioinformatics is to provide reliable functional annotations
for gene products. Predicting protein sub-cellular
localizations allows researchers to obtain useful information
for revealing protein functions and helping to understand the
pathways that regulate biological processes [1]. The
localization of specific proteins can be experimentally
determined by assays of expression of green fluorescent
proteins in order to monitor its intrinsic fluorescence and
subsequently locate it in the cell [2]. However, such
procedures become expensive and highly time consuming
when they have to be applied in high-throughput projects,
which yields to the need of developing computational
predictors able to identify the sub-cellular location of novel
proteins based on its sequence information alone [3].

Several predictors have been proposed in the recent
years (for full surveys, see [4, 5, 6]). In particular, most
recent methods have used machine learning techniques
trained over feature spaces of physical-chemical, statistical
or locally-based attributes. Those methods employ
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techniques such as neural networks (ProtFun [7]), Bayesian
multi-label classifiers 8]) and support vector machines
(SVM-Prot [9], GOKey [10], PoGO 11]), obtaining high
performance results in their own respective databases,
mostly composed by model organisms such as bacteria and
a few high order species [12].

One of the main limitations of machine learning
methods, however, is that they need relatively high amounts
of training data in order to learn reliable classification
models. Such training data refers to “labeled instances”, that
is, enough protein sequences which function must be
already known. It is a known fact, however, that only a
small number of proteins have actually been annotated for
certain functions [4]. Under such circumstances, semi-
supervised learning methods provide an alternative
approach to protein annotation. In semi-supervised learning
methods, additionally to labeled data, the algorithm is
provided with an amount of unlabeled data that can be used
to improve the estimations of the classifier.

This work presents an implementation of semi-
supervised learning using semi-supervised support vector
machines (S3VM) for predicting protein sub-cellular
localizations. The results obtained with this approach show
that using semi-supervised learning significantly improves
the prediction performance of the standard support vector
machine (SVM) in several cases, proving to be a valuable
tool in bioinformatics.

The following section describes the theoretical
background about SVM and S3VM. Next, the “Experimental
setup” section describes the database and all the components
of the proposed methodology. The final two sections present
the results and conclusions, respectively.

Il. THEORETICAL BACKGROUND

A. Support vector machines

Support vector machines (SVM) are powerful tools for
solving classification problems, designed over a strong
theoretical background based on the idea of minimizing the
structural risk [13]. For a non-linear SVM, the objective is
to find a classification function of the form:

()=(w.,x)+b 1)

f(W,b)
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where (-,-) represents the dot product. A vector of
parameters can be defined as 0 = [w,b], and the optimization
problem can be stated as follows:

L
0"=arg min,_ T{ %||0||2+C >t (fe(xi)yi)} (2)
i=1

where £(t)=mMax(0,1-t) is the hinge loss function and C is a
trade-off parameter regulating the complexity of the model.
For the non-linear case, the data are first mapped in a high
dimensional Hilbert space # through a mapping ®: X7,
and then a linear decision boundary is constructed in that
space. The mapping @ can be explicitly computed or only
implicitly through the use of a kernel function K such that
K(xl,xz):(m(xl),m(xz)) . The Representer Theorem can be

used to show that the solution function has the form:

L
for(¥)= 2 aK(x,x) (3)
i=1

where the coefficients o, can be found with a

conventional quadratic optimization algorithm.
The Gaussian kernel is the most commonly used
because of its attractive features such as structure
preservation [14]. This kernel is computed by:

lIx; I,
K(xl,xz):e’ 20 (4)
where ¢ is the dispersion parameter that must be properly
chosen by the user. In this work, the SVM is trained with
the ‘kernlab’ package, available in R-CRAN [15].

B. Semi-supervised support vector machines

Semi-Supervised SVMs (S3VMs) emerged as an extension
to standard SVMs for semi-supervised learning. S3VMs find
a labeling for all the unlabeled data, and a separating
hyperplane, such that maximum margin is achieved on both
the labeled data and the (now labeled) unlabeled data. As a
result, unlabeled data guides the decision boundary away
from dense regions. The assumption of S3VMs is that the
classes are well-separated, such that the decision boundary
falls into a low density region in the feature space, and does
not cut through dense unlabeled data [16, chapter 6].

In a similar way than the conventional SVMs, the
optimization problem for an S3VMs can be stated as
follows:

x . 1 L
0 =arg mlneeT{ §||0||2+C >0 (fﬂ(xi)yi)+"'
i=1

L+U

SO

i=L+1
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where £(t)=Max(0,1-t) is the hinge loss function, C is the
trade-off parameter and A is a new regularization parameter.
The first two terms in the above equation correspond to the
traditional solution for the standard supervised SVM shown
in equation (2), while the last term puts fe(xi) of the

unlabeled points X, away from 0 (thereby implementing the

low density assumption) [17].

Again, as in the supervised case, the kernel trick can be
used for constructing non-linear S3VMs. While the
optimization in SVM is convex and can be solved with QP-
hard complexity, optimization in S3VM is a non-convex
combinatorial task with NP-Hard complexity. Most of the
recent work in S3VM has been focused on the optimization
procedure (a full survey in this matter can be found in [18]).
Among the proposed methods for solving the non-convex
optimization problem associated with S3VMs, one of the

first implementations is the S3VM"9™ by Joachims [19],
which is based on local combinatorial search guided by a
label switching procedure. Chapelle et. al. [20] presented a
method based on gradient descent on the primal, that
performs significantly better than the optimization strategy

pursued in S3VM"I™: the work by Chapelle et. al. [17]
proposes the use of a global optimization technique known
as “continuation”, often leading to lower test errors than
other optimization algorithms; Collobert et. al. [21] uses the
Concave-Convex procedure, providing a highly scalable
algorithm in the nonlinear case.

I1l.  EXPERIMENTAL SETUP

A. Database

This work uses the database designed in [12]. Such database
comprises all the available Embryophyta proteins at
UniProtKB/Swiss-Prot database [22], with at least one
annotation in the Gene Ontology Annotation (GOA) project
[23]. In order to avoid the presence of protein families that
could bias the results, the dataset was filtered at an identity
cutoff of 30%.

The main set comprises a total of 2210 sequences
associated to 20 different sub-cellular localizations. Those
localizations correspond to the Cellular component ontology
defined by the plants GO slim [24]. Categories with less
than 30 proteins were discarded because they did not have
enough samples to train a statistically reliable classifier. All
the available Embryophyta proteins at UniProtKB/Swiss-
Prot database that has no entries in the GOA project were
added as the core set of unlabeled instances. Proteins
associated to the nodes in the functional path of each GO
term were also left as unlabeled instances regarding that
classifier. Finally, 22000 unlabeled instances were randomly
chosen in order to accomplish an approximate relation of ten
unlabeled instances per each labeled one.
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B. Classification Methodology

Figure 1 shows the main methodology for classification.
The CCP - S3VM [21] was used as base classifier, with the
Gaussian kernel. All the parameters of the algorithm,
including the dispersion of the kernels, the trade-off
parameters of the SVMs, the regularization constants were
tuned with a particle swarm optimization meta-heuristic
[25].

In order to allow samples to be associated to multiple
categories, decision making was implemented following the
one-against-all strategy. The method produced a strong class
imbalance that was tackled using the Synthetic Minority
Over-sampling Technique (SMOTE) [26].

Feature selection was carried out before trying to induce
any decision rule (classifier) because, having a limited
number of training examples, excessive features would
possibly overfit the training data. For this purpose, the Fast
Correlation-Based Filter presented in [27] was used.

In order to estimate the performance of the predictive
model, a 5-fold cross-validation strategy is implemented. In
such strategy, the test procedure is repeated five times, and
each time an 80% of the data is used for adjusting the SVM
parameters and training the model, while the remaining 20%
is used as testing samples.

IV. RESULTS

In order to analyze the results obtained with the proposed
methodology, sensitivity and specificity for each GO term
were computed. The obtained results are compared with the
ones obtained in [12] with the commonly used BLASTp

Copyright (c) IARIA, 2014. ISBN: 978-1-61208-335-3

fg(c, a, K)

Performance measures
: . Sensibility, specificity,
estimation p-values

ain methodology

method (Figure 2), as well as with a standard SVM (Figure
3). Bars in the left plots show sensitivity and specificity of
the Lap-S3VM and lines depict geometric mean for S3VM
(orange), BLASTp (blue) and the classical supervised SVM
(green). Right plots depict the p-values obtained by paired t-
tests at a 95% significance level. Orange bars show the
cases when the S3VM significantly outperforms BLASTp
and the supervised SVM, in Figures 2 and 3, respectively.
On both figures, the best predicted categories are ordered
from top to bottom.

While the comparison with BLASTp provides information
about the applicability of the methodology compared with
the alignment based methods, the main purpose of this
comparing the SVM with the S3VM is to verify whether or
not the inclusion of the additional cluster-based semi-
supervised term in the training of the SVM improves the
performance of the system. This can be understood as the
accomplishment of the cluster assumption when the
unlabeled data is incorporated to the training process.

Figure 2 shows that there are only two cellular components
for which there is no statistically significant difference
between BLASTp and the S3VM: Perixosome and
Endosome. For all the remaining -eighteen cellular
components, the semi-supervised method obtained
statistically significant superior performance.

Regarding Figure 3, it can be observed that eight cellular
components were significantly improved, while another two
(Mitochondria and Cytoplasm*) also reached high p-values
over 0.9.
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