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1 Introduction

This archive gathers the basic components of the MSVMpred application
[3], devised to perform protein sequence segmentation tasks. MSVMpred
implements a hierarchical approach including all the multi-class support
vector machines (M-SVMs) of the literature [2] and neural networks as base
classifiers. It has been applied to protein secondary structure prediction [6,
3], the prediction of amphipathic in-plane membrane anchors in monotopic
proteins [9] and the prediction of the w torsion angles in globular proteins
[5]. The programs are written in C ANSI or Python, and thus can be used
under the various releases of UNIX, Linux, IRIX, etc.

2 Architecture of the application

The architecture of the application is depicted in Figure 7.1 of [3]. The
following table lists the modules available, with their location in the archive
and date of last update.

Module Location Last update
project matrix | Tools June 20, 2025
WW-M-SVM M-SVM/WW-M-SVM August 12, 2025
MLP NN/MLP September 4, 2025
tune_kernel Tools September 27, 2025
PLR NN/PLR October 15, 2025
LLW-M-SVM M-SVM/LLW-M-SVM | October 23, 2025

3 Data

The principle of the hierarchical approach is to start with a local prediction
and gradually extend the context so as to exploit interactions which are
distant in the sequence but close in the structure.

3.1 Coding of the data

For the base classifiers, the prediction is local, based on the content of an
analysis window sliding on the primary structure. Precisely, the description
associated with a residue to be classified corresponds to the content of the
analysis window when it is centered on this residue. The coding of this



peptide is obtained by replacing each residue with the rank (starting from
1) of the corresponding amino acid in the alphabet used. Empty positions in
the window, observed in the vicinity of the N anc C termini, are associated
with the value 0. If the data sets initially available use alternative codings,
then the program process_data can be used to perform the appropriate
changes. It is located in the directory Tools.

The files containing the data sets must be text files, with the three first
lines corresponding respectively to the number of examples/residues, the size
of the analysis window (number of predictors) and the number of categories.
The following lines provide the examples (description + category). We illus-
trate this structure on the training set contained in the file Data/IPM1.app.

11342 <— number of residues in the protein sequences (number of ex-
amples)

15 <— size of the analysis window (number of components of the vector
describing an example)

2 +— number of categories

00000006 1285 112 10 5 1 <— description of the first ex-
ample and label of its category (here 1)

0000006 1285112 10 5 9 1 <— description of the second
example and label of its category

3.2 Data sets provided

The files in the directory Data correspond to the training and test sets
associated with three data sets used in the literature of predictive struc-
tural biology. The files struct.app and struct.test correspond to the set
of 1096 globular proteins (with 268575 residues) assembled by G. Pollas-
tri for protein secondary structure prediction [6]. The files IPM*.app and
IPM*.test correspond to the set of 30 proteins gathered by N. Sapay to
predict the in-plane membrane (IPM) anchors of monotopic proteins [9]. At
last, the files omega?.app and omega?.test correspond to an HIV-protease
data set provided by T. Malliavin to predict the w torsion angles of globular
proteins. This set contains 176 protein sequences made up of 16646 residues.

4 Multi-class support vector machines

The name of the directory containing the M-SVMs is M-SVM. Currently, only
two such machines are available, the one introduced by Weston and Watkins



[10], in the subdirectory WW-M-SVM, and the one introduced by Lee, Lin and
Wahba [8], in the subdirectory LLW-M-SVM.

5 Neural networks

The name of the directory containing the neural networks is NN. Currently,
only two such networks are available: the polytomous logistic regression
(PLR) [7] and the standard multi-layer perceptron (MLP) [1]. The PLR is
not used as a base classifier, but as a post-processing for the outputs of the

M-SVMs.

6 Tools

The mains tools available are those used to tune the parameters of the Gaus-
sian kernel of the M-SVMs (see Formula 9.5 in [4]). They can be found in
the directory Tools. The script project matrix takes in input the substi-
tution matrix matrix.txt and outputs the matrix projected matrix.txt
of dot product between amino acids. The program tune_kernel computes
the weighting on the positions of the analysis window.
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