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Abstract. Proteins are the most important cell parts, therefore, knowing their
exact function is of a great significance. However, the function of large amount
of proteins is still unknown. In addition, today, biologists persist on hierarchical
organization the living world, and thus in protein databases also. There are
many protein classification algorithms proposed determining the protein
function, but, only a few of them take into consideration these hierarchical
structures. The Gene Ontology (GO) is a protein and gene database structured
as a controlled hierarchical vocabulary of terms to describe protein functions.
This paper introduces a new hierarchical multi-label protein classifier that uses
the relationships among the GO terms. First, protein descriptors are extracted
from the structural coordinates stored in the Protein Data Bank (PDB) files.
Then, a modified C4.5 algorithm is applied to select the most appropriate
descriptor features for protein classification based on the GO hierarchy. An
evaluation of this approach is presented, and the results show that the
hierarchical structure of GO is important for improving the accuracy of the
classification problem at higher levels.
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1 Introduction

Proteins are the most important cell molecules and they are included in every living
organisms function, starting from immune system regulation, to muscles structure,
hormones, metabolism, breathing, genes control etc. Thus, knowing their structure
plays a vital role in determining their function, and this is important in finding
methods for prevention and treatment of many diseases. In addition, the knowledge of
protein function is a crucial link in the development of new drugs, better crops, and
even development of synthetic bio-chemicals.

Proteins are constructed by long chains of amino acid residues folding into
complex three-dimensional polypeptide chain structures. This three-dimensional
representation of a residue sequence and the way this sequence folds in the 3D space
are very important to understand the logic in which a function of a protein is based on.
In fact, the concept of function typically acts as an specific term for all types of
activities that a protein is involved in, be it cellular, molecular or physiological. Also,
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evolutionary evidence could potentially be derived from conserved protein structures
existed in multiple species.

A need for a classification of proteins is obvious, which may result in a better
understanding of these complicated three-dimensional structures, their functions, and
the deeper evolutionary procedures that led to their creation. In molecular biology,
many classification schemes and databases (GO [1], CATH [16], FSSP [15] and
SCOP [2]) have been developed in order to describe the different kinds of similarity
between proteins.

Controlled vocabularies such as the Gene Ontology (GO) are becoming
increasingly important for automated protein classification methods. Several systems
have been developed that employ pattern recognition, using a variety of features,
including sequence similarity[8][9][10], presence of protein functional domains and
gene expression patterns, and others, but most of these approaches have not
considered the hierarchical structure of the GO. The Direct Acyclic Graph (DAG)
represents the functional relationships between the GO terms, thus it should be an
important component of an automated classification system. The classification
methods usually ignore the hierarchical nature of the controlled vocabulary in order to
simplify the classification problem.

Only, several authors have recently used hierarchical information in [11] report
that the training set including hierarchical information outperformed similar data in
which the hierarchical nature of the data was ignored. In [12] predicted gene function
is based on the relationship between GO annotations using decision trees and a
Bayesian network.

The Structural Classification of Proteins - SCOP database [2] is another protein
database that describes the evolutionary relationships between proteins of known
structure and similarly has a hierarchical structure. The main levels of the SCOP
hierarchy are Family, Superfamily, Fold, and Class. Using the terminology of the
SCOP database, two proteins that belong to the same fold share a common three-
dimensional pattern with the same major secondary structure elements (SSEs) in the
same arrangement with the same topological connections. In the SCOP hierarchy,
folds are grouped into different classes, where a class is defined by the topographical
arrangement of the secondary structures of its member proteins.

CATH (Class, Architecture, Topology, Homologous SuperFamily) [16] is other
protein classification system that has a hierarchical structure (8 level of hierarchy:
Class, Architecture, Topology, Homologous Superfamily, and another four lower
levels of hierarchy) which strives for an automated classification, without using the
human classification factor.

There are various approaches for protein classification which are trying to offer
efficient and completely automated protein classification for these hierarchical
classification schemes. These approaches have different characteristics in terms of
algorithm for determining protein similarity. Basically, the protein similarity metric
used defines the complexity and the efficiency of the classification approach, and
usually does not consider the hierarchical structure.

One way to determine protein similarity is to use sequence alignment algorithms
like Needleman—Wunch [19], BLAST [18], PSI-BLAST [17] etc. They offer fast and
efficient recognition of overlapping subsequences in two protein structures which
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leads to detection of closely related protein structures, but these methods cannot
recognize proteins with remote homology.

Instead of sequence alignment methods, structure alignment methods like CE [5],
MAMMOTH [6], DALI [7], etc. are used to detect and highlight distant homology
relations between protein structures. In general, these methods are very precise and
efficient and they have high degree of successful mapping of existing structures in
new proteins. Structure alignment methods perform one-against-all proteins
comparison in order to find the most similar existing protein to a novel protein
structure. Having in mind that the number of classified proteins and annotated, for
example in Gene Ontology, is ever increasing and that structure alignment methods
are quite cost expensive, the speed of classification with these methods is always
questioned.

In [21] a hierarchical classification algorithm is used based on decision trees for
the Munich Information Center for Protein Sequences (MIPS) scheme [20], but the
accuracy of the classification algorithm more than level 4 of the hierarchy is less than
30% which is not satisfactory.

In comparison to Gene Ontology, in [14] the protein classification approach is
based on a bottom-up classification flow, and a multi-level classification approach
with a combination of protein descriptors and a C4.5 decision tree classification
algorithm. There as a classification scheme, the SCOP classification hierarchy is used.
In this paper we extend their approach on the Gene Ontology (GO) classification
scheme and modify the C4.5 classification algorithm for the hierarchical structure.

In section 2 we present the classification process architecture and the used
classification methods. Section 3 presents the experimental results, while the section 4
concludes the paper.

2 Gene Ontology Protein classification architecture based on
structural features and decision trees

The classification process architecture has three main features. First, it uses 3D
protein descriptor [13] which transforms the protein tertiary structure into N-
dimensional feature vector, and additionally gives some other protein structural
features. Second, this architecture is based, and it uses the Gene Ontology
classification scheme. And finally, as a classification algorithm decision trees trained
with C4.5 are used.
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Fig. 1. Classification process architecture

The system (as can be seen from the Fig. 1) is consisted of two phases: training phase
and testing or classification phase. The training of offline data flow takes into
consideration the knowledge given in the protein database to build predicative
classification flow for the GO hierarchy.

2.1 Protein descriptor

The training procedure is the descriptor extraction (shown on Fig. 2). Descriptors
consisting of 450 features (416 of them describe the protein’s geometry, while 34 of
them give information for the primary and secondary protein structure) are generated
for each protein forming a training set for the C4.5 decision tree algorithm. This
descriptor [13] relies on the geometric 3D structure of the proteins. It consists of four
phases: triangulation, normalization, voxelization of the 3D protein structures, and the
Spherical Trace Transform applied. As a result, geometry - based descriptors are
produced, which are completely rotation invariant.

3D protein descriptor algorithm
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Fig. 2. Protein descriptor generation process

After the protein descriptor process is the process of forming and training of the
decision tree for the protein classifier.
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2.2 Hierarchical protein classification scheme - Gene Ontology

The process of protein training classifier uses the Gene Ontology (GO) hierarchical
protein classification scheme [1]. Therefore, we give a following explanation of its
structure. The Gene Ontology defines a set of terms to which any given protein may
be annotated and is structured as a directed acyclic graph. Each term has defined
relationships to one or more other terms in the same domain, and sometimes to other
domains. In this graph the parent—child relationship among terms implies that the
child term is either a special case of the parent term (the IS—A relationship) or
describes a process or component that is part of the parent process/component (the
PART-OF relationship).

The Gene Ontology project covers three domains: cellular component, molecular
function, and biological process. A cellular component is just that, a component of a
cell, but it is part of some larger object; this may be an anatomical structure (e.g.
rough endoplasmic reticulum or nucleus) or a gene product group (e.g. ribosome,
proteasome).

A Dbiological process is series of events accomplished by one or more ordered
assemblies of molecular functions. It can be difficult to distinguish between a
biological process and a molecular function, but the general rule is that a process must
have more than one distinct steps.

Molecular function describes activities, such as catalytic or binding activities, that
occur at the molecular level. GO molecular function terms represent activities rather
than the entities (molecules or complexes) that perform the actions, and do not specify
where or when, or in what context, the action takes place. Molecular functions
generally correspond to activities that can be performed by individual proteins, but
some activities are performed by assembled complexes of proteins.
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Fig. 3. Representation of the Gene ontology hierarchy

In Fig. 3 a part of the Gene Ontology molecular function domain is presented. Each
node in the GO structure represents a protein function which is more specific, but
related to the function of the parent nodes to which is connected. Nodes with higher
positions in the GO structure represent more general functions, while nodes lower in
the structure represent more specific functions, thus, parent GO terms may also be
used to describe a protein’s function. For example, GO:0003689 in Fig. 3 has two
parent terms, GO:0033170 and GO:0003677, which have more general functions than
GO0:0003689. If a protein is annotated with GO:0003689 then by inference, the
protein’s function can also be described by the parent nodes (GO:0033170 and
GO0:0003677 as well as all the linked parent terms). Hence, this protein’s function can
be described by the set of all GO terms Fig. 3 except for GO:0033680.

In our classifier, we only use the molecular function aspect of Gene Ontology and
we consider only protein structures from the Protein Data Bank (PDB) [4] and their
annotations.

2.3 Hierarchical multi-level C4.5 algorithm modification

The machine learning algorithm we chose for the classification problem is the
decision tree algorithm C4.5. In C4.5 the tree is constructed top down. For each node
the attribute is chosen which best classifies the remaining training examples. This is
decided by considering the information gain, which is the difference between the
entropy of the whole set of remaining training examples and the weighted sum of the
entropy of the subsets caused by partitioning on the values of that attribute. Traditional
single-label classification is concerned with learning from a set of examples that are
associated with a single label / from a set of disjoint labels L, |[L|>1. If |[L|>=2, then it
is called a multi-class classification problem.

The problem of classifying proteins in GO hierarchy is a standard hierarchical
multi-class or multi-level classification problem, because a protein (from the Protein
Data Bank) can have more than one GO terms annotated (more than one function)
associated with itself. By applying the hierarchical multi-label C4.5 classification the
end result is one decision tree that can classify new protein structures in branch of the
GO hierarchy at once.

For the purposes of the protein classification, we have used and readapted the
modification of the C4.5 algorithm [21] for hierarchical multi-label data. In order to
automate the GO classification we need to: (1) have information about the Gene
Ontology hierarchy (test and store the hierarchy), (2) calculate the entropy, and (3)
test the membership of the new protein in the existing hierarchy. We have provided
flat text file with the GO hierarchy labels organized in a tree-like manner. The
modification of the C4.5 algorithm is made by changing the entropy calculation:

N
entropy(S) == p(c;)logp(c;) — a(c;)logdepth _of _DAG(c;) (1)
i=1

where p(c;) = relative frequency of class ¢; and g(c;) = 1-p(c;).
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a(c;)=0,if p(c;) =0, or a user-defined constant.
depth _of _DAG(c;) =1+ number of descendants of class c;, or the depth of the

subtree in the hierarchy below the class c;.
logdepth _of ~DAG(c;) represents the hierarchy depth stream below the class

involved.

o is primarily a constant, defined by the user, which allows a weighting to be
given to a specific part of the formula. The default value is 1 which means equal
weight on the uncertainty in the choice and in the specificity (hierarchy and multi
label equal weight). Increasing the value of this constant means having specific
classes reported at the expense of homogeneity (hierarchy more important), while
decreasing its value would favor more general classes if they made the nodes
homogeneous (hierarchy less important than multi label). If the class probability is set
to zero also the constant is zero, because if this class is mot used there is no need in
transmitting depth information.

Our interest is to present the test and training protein set with the most specific
functions in different levels of the GO hierarchy and to get the classified proteins
deepest in the hierarchy, which automatically means specifying the most specific
functions (classes) and knowing the protein hierarchy automatically above.

3 Experimental Results

All of the experiments were conducted on a PC with a 2.2 GHz Intel Core 2 CPU and
2GB RAM. The GO hierarchy [3] was downloaded and parsed for the molecular
function purposes. The protein descriptor generation was made in C++. The
hierarchical multi-level modification of the C4.5 algorithm was implemented in
C#NET.

In the training phase, the same data set with 3315 proteins from [14] was used in a
way that uniformly represents the database, but using the Gene Ontology hierarchy.
Those same proteins were used in order to make a comparison on the same dataset
[14] for two different classification schemes: GO and SCOP. We consider that if a
protein has a significant place in the SCOP hierarchy, then it would have a similar
place in the Gene Ontology hierarchy. However, Gene Ontology hierarchy has 14
levels in depth (in molecular function ontology) and each term can have more than
one parent, in comparison to the classification made in [14] where only to the level of
Domain (level 5) proteins are classified and each term has only one parent.

In the test phase dataset with 360 proteins was used in a similar manner as in the
training phase.

Some experiments regarding the parameter & (the constant that shows how much
the hierarchy is important) were made in the hierarchical multi-label classifier. The
results are shown on Fig. 4. In the case when the parameter ¢ is equal to 0.9 we get
an optimal classification accuracy of 73,6% that decreases if ¢ is increased or
decreased, which means that the hierarchical multi-label classifier gives almost equal
weight to the hierarchy needed and the multi-label (multi function of one protein)
weight. Therefore, the hierarchical structure is equally important as giving more GO
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annotation to a protein. This accuracy percent is satisfactory, knowing the fact that 14
levels of hierarchy are used. When & approaches zero hierarchy is not considered,
and the classifier gives its worst accuracy of only 53.4%. In addition, using the
hierarchical structure lowers the computational cost in the protein classification
process.
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Fig. 4. Results of the hierarchical multi-label C4.5 classifier using GO hierarchical structure.

In Table 1. are given the results from the classification with the multi-label
modification in [14]. Although the results in Table 1. go up to 85.29% for the first
level of hierachy, they are not taking the hierarchical structure of GO, rather than
SCOP with only 5 levels of hierarchy, but only on separate levels. For more levels of
hierarchy as in Gene Ontology, where a hierarchical multi-label classification
problem is considered, results are not showed in [14].

Table 1. Results of the classification with the multi-level modification of C4.5 in [14].

Level Accuracy
CLASS 85,29%
FOLD 82,69%
SUPERFAMILY 80,09%
FAMILY 79,38%
DOMAIN 78,88%

4 Conclusion

The aim of this paper was to use the hierarchical structure of a protein database such
as the Gene Ontology to help in the protein classification process. We proposed a
hierarchical multi-label classifier based on a modification of the standard C4.5
decision trees classification algorithm and a 3D protein descriptor. This classification
method can be used even with other hierarchical protein database classification
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schemes. The results show that the hierarchical organization structure is important
and betters the classifier.

As future work, we can consider methods for changing the protein dataset in
order to match a representation of the Gene Ontology structure for improving the
classifier’s accuracy.
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