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Abstract. In Protein subcellular localization, the objective is to predict where
a protein resides in a cell. This task is really important, because the location
of proteins in a cell is directly related to their functions. Knowing that proteins
can reside at one or more locations at the same time, or move between multiple
locations within a cell, we investigate the performance of Support Vector Ma-
chines for multi-label protein subcellular localization, using different problem
transformation-based methods. All experiments were performed using viruses
and plants protein data sets, and results were evaluated using specific multi-
label measures.

1. Introduction

Protein Subcellular Localization (PSL) is a very important and challenging classification
task. Determining where a protein resides in a cell can be useful in several areas such as
protein function annotation, gene annotation and target diagnosis for vaccines and medi-
cations [Rey et al. 2005].

There are many Machine Learning (ML) methods proposed for PSL, however
most of them cannot handle proteins that move between two or more locations within a
cell, or proteins that reside at more than one location simultaneously. These proteins are
very important for some biological processes, especially metabolic ones, which can occur
in more than one region of the cell.

In order so solve this problem, we need ML methods able to classify a single
instance (protein) into a set of labels (locations) simultaneously. These are called Multi-
Label Classification (MLC) methods. Differently from conventional classification prob-
lems, in MLC problems a classifier is trained with instances associated with a set of
classes Y ⊂ L, with L the set of all classes.

Methods for MLC are divided in algorithm independent and dependent meth-
ods [Tsoumakas et al. 2010]. Algorithm independent methods transforms a multi-label
problem into a set of single-label problems, using conventional ML classification algo-
rithms. The second method proposes algorithms specifically for multi-label tasks, not re-
quiring transformations in the original data. In this work, we evaluate different algorithm
independent-based methods using Support Vector Machines (SVMs) as base classifiers.
We used public available protein sequences of viruses and plants, available at http:
//bioinfo.eie.polyu.edu.hk/mPLRLocServer/datasets.html.



2. Data sets
Normally, PSL methods are divided in sequence-based and annotation-based. The first
one relies on the fact that similar patterns on protein sequences are related to functional
or structural elements. The second one uses the correlation between protein annotations
and the location of the protein [Wan and Mak 2015].

In this work, we focus on annotation-based methods, using Gene Ontology (GO)
terms as data set features. The GO is a set of defined vocabularies and terms representing
gene functions and gene products across different species [Ashburner et al. 2000]. Over
time, the amount of annotated protein sequences is quickly increasing. As a consequence,
annotation-based methods, including GO-based ones, have become a model to subcellu-
lar localization [Mei et al. 2011]. Furthermore, GO-based prediction methods have been
shown to be among the state-of-the-art methods nowadays [Wan et al. 2012].

We created our data sets using public available plants and viruses protein
sequences. We retrieved GO terms associated to each protein from the UniProt-
GOA [Huntley et al. 2015] database. Two strategies were then used to construct features
vectors: using 1 and 0 values to indicate the presence or absence of GO terms, and using
the term frequency (TF) of each GO term for each protein.

3. Algorithm Independent-based Methods
A very simple method based on the algorithm independent-based method uses L classi-
fiers, being L the number of labels involved in the problem. Each classifier is associated
with a label and trained to solve a binary classification problem. The label associated
with the classifier is considered against all the other labels. This method is called Binary-
Relevance (BR) [Tsoumakas et al. 2010].

A disadvantage of BR is that it assumes that labels assigned to an instance are all
independent. This is not always true, and ignoring the correlations between labels may
reduce the generalization ability of the methods. Its transformation process is reversible,
and the original labels can be retrieved from the new problem created.

Another very common algorithm independent-based method is the Label-
Powerset (LP) transformation. In this method, for each instance, all labels that were
assigned to it are combined in a new and unique label. With this combination, correlations
between labels are considered. A disadvantage of this transformation is that the number
of labels involved in the problem can increase significantly. Thus, some labels may end up
with few positive instances, which makes learning more difficult. This label combination
technique was used in [Tsoumakas and Katakis 2007] and [Boutell et al. 2004].

In the work of [Tsoumakas and Katakis 2007], a method called Random k-
Labelsets (RAKEL) was proposed, which iteratively builds a combination of m Label-
Powerset classifiers. Let L = {λi} , i = 1..|L| be the labelset of the problem. A k-labelset
is given by a subset Y ⊆ L, with k = |Y |. The Lk term represents the set of all k-labelsets
of L. In each iteration, a k-labelset Yi is randomly selected from Lk, without replacement.
A classifier Hi is then trained for Yi. To classify a new instance, each classifier Hi takes
a binary decision for each label λj of the correspondent k-labelset Yi. A mean decision
is calculated for each label λj in L, and the final decision is positive for a given label if
the mean decision is bigger than a given t threshold. The purpose of RAKEL method



is to consider correlations among labels and, simultaneously, avoid the disadvantage of
Label-Powerset method, in which some labels may end with a few instances.

In this work, we evaluated the performance of SVM classifiers using the three
above explained methods. SVMs have been chosen because are the state-of-the-art clas-
sifiers for PSL [Wan et al. 2012]. The preliminary results obtained here will serve as
baseline to propose a method which will be compared with the work of [Wan et al. 2012].

4. Evaluation measures
Consider each instance of a multi-label data set as (xi, Yi), where i = 1...m (m is the total
number of instances), Yi ⊆ L is the set of true labels and L = {λj : j = 1...q} is the set of
all labels. Given an instance xi, Zi is the set of labels predicted by an MLC method for xi.
We used the 10-fold cross-validation strategy to examine the performances of the investi-
gated methods. To split our data sets, we used the iterative strategy [Sechidis et al. 2011],
which considers each label individually and tries to create partitions considering the labels
proportions individually. We averaged Precision (Equation 1) and Recall (Equation 2).

Precision =
1

m

m∑
i=1

|Yi ∩ Zi|
|Zi|
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1

m

m∑
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|Yi ∩ Zi|
|Yi|

(2)

5. Experimental Results
Table 1 shows the Precision and Recall values obtained in our experiments. We can
notice that among the algorithm independent-based methods, RAKEL achieved better
results in general. The best results were obtained using TF as features. The use of 0/1
values led to very sparse data sets, and many GO terms ended up being irrelevant for the
classification. This strategy also ignores the fact that a GO term can be used to annotate a
protein multiple times. In this direction, TF are better suitable features.

The RAKEL average precision and recall values were 0.9439 and 0.9327, respec-
tively. Binary Relevance obtained the second best result, with 0.9402 precision and 0.9302
recall. Label Powerset achieved the worst results, with 0.9255 of average precision and
0.9271 of average recall.

6. Future Works
We plan to explore different features, like PFAM, PROSITE and PRINTS protein signa-
tures. Also, we want to explore label-correlations within PSL to try to improve classi-
fication performances. We also plan to create an ensemble of classifiers, combining the
results of many classifiers to achieve better performances. We will compare our results
with state-of-the-art methods in literature for PSL, such as mGOASVM [Wan et al. 2012].
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