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Abstract. Protein membership prediction is a fundamental task to retrieve in-
formation for unknown or unidentified sequences. When support vector ma-
chines (SVMs) are associated with the right kernels, this machine learning
technique can build state-of-the-art classifiers. However, traditional implemen-
tations work in a batch fashion, limiting the application to very large and high
dimensional data sets, typical in biology. Incremental SVMs introduce an alter-
native to batch algorithms, and a good candidate to solve these problems. In this
work several experiments are conducted to evaluate the performance of the in-
cremental SVM on remote homology detection using a benchmark data set. The
main advantages are shown, opening the possibility to further improve the algo-
rithm in order to achieve even better classifiers.
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1 Introduction

A traditional issue in bioinformatics is the classification of protein sequences into
functional and structural groups based on sequence similarity. Despite being relatively
easy to recognize homologues with high levels of similarity, remote homology detec-
tion is a much harder task. Approaches used for remote homology detection can be
divided into three main groups: pairwise sequence comparison methods, generative
models and discriminative classifiers. The most successful methods for remote ho-
mology detection are the discriminative, that combine SVMs [5] with special kernels
[19, 20, 21, 22, 23]. The SVM is a powerful machine learning technique that com-
bines high accuracy with good generalization, achieving state-of-the-art results. How-
ever, traditional SVM batch implementations present some limitations when faced
with the high dimensional and large number of examples available in biology. Incre-
mental SVMs can potentially bring the solutions to these issues, by means of their
ability to add new information to an existing, already trained model.

In this work, some experiments are performed with a benchmark data set from
SCOP [6] previously used on remote homology detection in order to evaluate the
performance of an incremental SVM against the batch algorithm and PSI-BLAST.
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An overview on incremental SVMs is presented in Section 2. Section 3 presents
the description of the spectrum, mismatch and profile kernels which have been used,
and Section 4 presents the experiments and results analysis. Final conclusions and
reference to future work are given in the last Section.

2 Incremental Kernel Machines

Nowadays, the advances in technology allow collecting enormous amounts of data
and joining it in very large data sets. Computational biology is one of such fields
where the millions of available examples can also be characterized by very high and
variable dimensionality. However, because traditional SVMs use all data in a batch
train, both the models and algorithms complexity are overlapping the computational
capacities available, limiting the application to this field. Since less information
usually implies simpler models and lower memory requirements, reducing the num-
ber of train instances and the dimensionality of the data have been both explored
approaches. By common sense, the easiest way to decrease the processing burden is
to train only over one smaller set with randomly chosen examples. However the
probability of excluding important information with this methodology is very high.
A larger training set also represents an advantage, since the extra information can
contribute to create more accurate models. Therefore, it is important to analyse
every individual example, at least briefly. On the other hand, our knowledge in
proteomics and genomics is constantly changing, taking repositories to suffer con-
siderable modifications in relatively short periods of time, that demand frequent
time consuming actualisations of the discriminative models. Considering these
facts, a SVM that builds models step by step in an incremental/decremental fashion
using a smaller number of instances each time should be a reality in computational
biology.

The first incremental method proposed takes under consideration that the SVM
solution only depends on the support vectors, therefore retraining a model consecu-
tively in new blocks of data and the support vectors obtained from previous training
sessions will yield the same result as training with all available points at once, be-
cause the support vectors are preserved along the process [7]. The exact formulation
of incremental SVM learning was presented some years later [8], and brought the
possibility to decrement or “unlearn” a model. The algorithm was extended to
leave-one-out procedures, and adapted in a way to minimize the computational cost
of recalculating a new solution when regularization parameter C and kernel parame-
ters are changed [9]. Nevertheless, this algorithm presents some limitations associ-
ated to the use of all the already seen examples to get the final exact solution. An
alternative that tries to solve this matter is SimpleSVM [10]. The SimpleSVM algo-
rithm extends Poggio’s principles to the soft-margin case and combines it with
block training to keep optimality over unconstrained Lagrangian multipliers. Sim-
pleSVM has a good performance on data sets with few support vectors, however for
large scale problems, Sequential Minimal Optimisation (SMO) is preferred [11].
SMO breaks the optimization problem down into two-dimensional sub-problems
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that may be solved analytically, eliminating the need for a numerical optimization
algorithm such as conjugate gradient methods, this way shortening the processing
time and the computational burden.

It is precisely from SMO that LASVM is derived [12]. This algorithm is an
online kernel classifier based on the soft-margin SVM, that incrementally builds a
discriminative model by adding or removing support vectors iteratively, using two
different points each turn. New support vectors come from a direction search called
PROCESS that involves at least one non support vector from the current kernel
expansion, while REPROCESS can eliminate support vectors by changing to zero
the weight coefficients of one or both the points analysed. In order to incrementally
build the final discriminative model, each iteration demands storing a set of all the
potential support vectors, Lagrange coefficients of the kernel expansion and the
partial derivatives. A significant difference that arises when comparing LASVM to
SimpleSVM is that the former doesn’t seek the precise solution of the QP problem
in each step but instead an approximation that improves the dual function. So, a
finishing step similar to a simplified SMO may be necessary to improve perform-
ance on noisy data sets.

In fact, real-life problems are dynamic/online rather than static/batch, because in-
formation is prone to change. Some work has been developed around incre-
mental/online classification [13, 14, 15] and regression problems [16, 17, 18], but a
lot of research is still needed, in particular for biological data analysis.

3 Kernels for Proteins

Several kernels have been proposed for protein classification [19, 20, 21, 22, 23, 27].
The kernel function aims emphasizing important biological information while con-
verting variable length strings that represent amino acids or nucleotides, into numeric
fixed size feature vectors. This mapping is mandatory in the sense that the learning
machine demands feature vectors with a fixed number of attributes and largely affect
the final accuracy and complexity of the learning machine.

3.1 The Spectrum Kernel

The spectrum kernel [20] is a string kernel type that acts over an input space com-
posed of all finite sequences of characters from an alphabet A with [ elements, and

maps it to a feature space with [ k" dimensions that represent all the possible k-length
contiguous subsequences that may be contained in a protein.
The feature map for sequence x is given by:

D (x) = (2 () e pt - (1)

where @, (x) contains the number of times subsequence ¢ occurs in x .

Taking into account the definition of kernel, the k-spectrum kernel comes from the
dot product:



412 L. Morgado and C. Pereira
Ky (x9y)=<q)k(x)’q)k(y)> )

3.2 The Mismatch Kernel

The mismatch kernel [21] is an extension of the spectrum kernel. It measures se-
quence similarity based on shared occurrences of fixed-length patterns in the data,
allowing mutations between them.

A k-length subsequence a of aminoacids can be described in a (k,m)-

neighborhood N (kym)((x) defined by all the k-length subsequences f that differ from

the original & by at most m mismatches.
The entry space uses the feature map:

D (@) =(g,()) .. 3)

where ¢y (0() contains the number of occurrences and where f belongs to N (kym)((x) .

The mismatch kernel is given by:
K () (5 3) = (@ () () ) () )

and is equivalent to the spectrum kernel when no mismatches are allowed (m = 0).

3.3 The Profile Kernel

The profile kernel [23] doesn’t take as input the protein itself but rather profiles
P(x) of a sequence x. Profiles are statistically estimated from close homologues
stored in a large sequence database, and can be defined as:

P(x)=1{p;(a).ae A}, (5)

with p; being the emission probability of aminoacid a in position i and
Y.cap;la)=1 for every position i . Similarly to the mismatch kernel, mutations are

considered. A significant difference is that here the probability of a mutation to occur
is measured and only some cases are allowed, considering a score dependent on the
position of the substring in the protein chain and a given threshold.

4 Experiments

Remote homology detection was used to evaluate the performance, structure com-
plexity and processing time of incremental SVM algorithms comparatively to batch
implementations. The following algorithms were applied: LIBSVM [24] (version
2.85) as the batch SVM, the incremental algorithm LASVM and PSI-BLAST, the
most used method by the scientific community.
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Due to the very high dimensionality of the feature space generated using string
kernels, these were pre-computed in order to avoid computation problems. This meth-
odology also allows planning computation in a way to avoid calculus redundancy. For
the implementation, it was necessary to adapt LASVM to accept this kind of data as
input.

A 2.4 GHz Intel Core 2 Quad CPU desktop computer with 4 GB RAM was used.
PSI-BLAST was executed under Microsoft Windows XP, LIBSVM models were
trained under the same operating system running a MATLAB interface, and LASVM
was executed under gOS.

The profiles for the profile kernel were obtained with PSI-BLAST using 2 search
rounds.

4.1 Data Set Description

The algorithms were tested with a SCOP benchmark data set previously used on re-
mote homology detection [22]. The data set has 7329 domains and was divided ac-
cording to 54 families. Remote homology detection is simulated by considering all
domains for each family as positive test examples and sequences outside the family
but belonging to the same superfamily as positive train examples. Negative examples
are from outside the positive sequences fold, and were randomly divided into train
and test sets in the same ratio as the positive examples.

To evaluate the quality of the created classifiers receiver operating characteristics
(ROC) was used. A ROC curve consists in the plot of the true positives rate as a func-
tion of true negatives rate at varying decision thresholds, and expresses the ability of a
model to correctly rank examples and separate distinct classes. The area under a ROC
curve (AUC), also known as ROC score, is the most used performance measure ex-
tracted from ROC. A good model has AUC=1, a random classifier is expressed by an
AUC =0, 5 and the worst case comes when AUC=0.

4.2 Results

The ROC scores (AUC) for the batch SVM, LASVM and PSI-BLAST, are given in
Table 1. The kernel notation indicates the length of the subsequences taken under
consideration and the number of mismatches allowed (for mismatch kernel) or the
threshold value (for profile kernel).

As expected, the SVM with the profile kernel is the one that achieves better results,
followed by the mismatch and spectrum kernel. Profile and mismatch kernels create
models with even better performance than PSI-BLAST, showing its ability to evi-
dence important biological information based on amino acid sequences alone. This
quality is not an exclusive property of the batch algorithms, since LASVM exhibits an
identical behaviour, creating models with equal or even superior results for some
protein families. It was also verified that processing time is similar when training new
models from the beginning with all data points.
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The ability of the incremental algorithm to achieve an inferior number of support
vectors than LIBSVM (as seen in Figurel), when describing the discriminative deci-
sion hyperplane, reveals an important contribution to complexity reduction, making
this methodology suitable for large scale problems.
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Fig. 1. Support vectors for LASVM plotted against LIBSVM for each family model. Results
obtained for spectrum (3), spectrum (5), mismatch (3, 1), mismatch (5, 1), profile (3, 7.5) and
profile (5, 7.5) in top left, top right, center left, center right, bottom left and bottom right,
respectively.
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Table 1. Mean ROC values for all experiments

Algorithm Kernel ROC (mean)

PSI-BLAST - 0.8183
Spectrum(3) 0.788

Spectrum(5) 0.720

LIBSVM Mismatch(3,1) 0.856
Mismatch(5,1) 0.866

Profile(3,7.5) 0.89

Profile(5,7.5) 0.92

Spectrum(3) 0.788

Spectrum(5) 0.699

LASVM Mismatch(3,1) 0.855
Mismatch(5,1) 0.865

Profile(3,7.5) 0.89

Profile(5,7.5) 0.92

5 Conclusions and Future Work

This work proposes incremental SVM algorithms for protein remote homology detec-
tion. The presented results show that the incremental formulation, namely LASVM,
achieves state-of-the-art results for this kind of task, bringing some advantages over
the batch SVM, which by itself can get superior results to the widely accepted PSI-
BLAST. The incremental SMO based SVM showed proficiency to generate discrimi-
native models as good as or even better than batch LIBSVM, keeping, for the most
families a reduced number of support vectors.

These good results and the potential of the approach encourage the application of
the incremental algorithm with different kernels for online classification tasks, and in
particular to large biological data sets.
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