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ABSTRACT
The knowledge about the relationship between the protein
functions and structure is very essential, since it could be used
for drug design. With the high-throughput technologies the
number of determined protein structures grows rapidly.
However, many of these protein structures are not
investigated in terms of determining their functions. Thus, the
necessity for fast computational methods for annotating
protein structures is evident. The functions of the protein
structures could be determined by using different information.
In our research we focus on annotating protein structures by
detecting the protein binding sites. We have already
introduced the fuzzy pattern tree induction for predicting the
protein binding sites by considering the features of the amino
acid residues. In this paper we introduce two additional fuzzy
aggregation operators. We present some results of the
evaluation of the method regarding the usage of different
fuzzy aggregation operators. The results show that the
prediction power of the models is increased with the inclusion
of the additional fuzzy aggregation operators.
I.

INTRODUCTION

Proteins are one of the main compounds in the organisms
because they are involved in many processes in the living
organisms. The knowledge about the relationship between
their structure and functions is fundamental, and it could be
used for drug design. With the technological innovations, the
number of protein molecules with known structure increases
fast. Also, there are experimental methods for annotating
protein structures. Nevertheless, these methods are expensive
and very complex. Therefore, many protein molecules are not
investigated in terms of predicting their functions. Due to this,
many research groups focus on developing fast and automated
computation methods for annotating protein structures.
In the state of the art literature, many different methods are
proposed and they take into account various information
about the protein molecules. Some methods analyze the
homology between protein molecules [1]. Other group of
methods examines the conservation of their sequence and/or
structure [2] by multiple-alignment. There are various
methods that perform graph analyses on the protein-protein
interaction networks [3]. Other methods [4] determine protein
functions by detecting the protein binding sites, similarly as
molecular biologists manually annotates protein structures. In
our research we predict the possible protein binding sites.
In various methods found in the literature, different amino
acid residues’ features are considered for protein binding sites
prediction. Accessible Surface Area (ASA) [5], depth index
(DPX) [6], protrusion index (CX) [7], and hydrophobicity [8]
are among the most widely used features. Since none of the
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amino acid residues’ features does not provide enough
information about the possibility that the amino acid residue
would be binding site or not, therefore in the research usually
a set of features is used.
Variety of methods for protein binding sites can be found
in the literature [9, 10, 11, 12]. During evolution, small
changes of the amino acid residues’ features occur, and they
should not influence the predictions. The classical
classification methods are sensitive to small changes in the
data, so these changes significantly influence the decisions.
To overcome this problem, we already introduced the fuzzy
theory for protein binding sites prediction. There are several
studies about fuzzy decision trees (FDTs) [13, 14, 15, 16].
However, in FDT induction only one type of fuzzy
aggregation operator is used. Later, the fuzzy pattern trees
(FPTs) are introduced by Huang et al. [17] where a set of
fuzzy aggregation operators could be used in the model
induction.
In our previous research we already introduced the FDTs
[18] and FPTs [19] for protein binding sites prediction.
Besides the most basic fuzzy aggregation operators (FAOs),
i.e. AND and OR, also other FAOs could be used. In this
paper we introduce Weighted Average (WA) and Order
Weighted Average (OWA) fuzzy aggregation operators in
protein binding sites prediction. We perform comparison
regarding the set of fuzzy aggregation operators that are
considered.
In section 2, we present the fuzzy pattern tree-based
method for predicting protein binding sites. In section 3 we
provide some experimental results. Finally, in section 4 we
conclude the paper and identify potential for additional
improvements.
II. FUZZY PATTERN TREE-BASED METHOD FOR PROTEIN
BINDING SITES PREDICTION
In order to predict the protein binding sites, first we extract
several features of the amino acid residues’. Then, fuzzy
pattern trees are induced as models for making decisions
whether a given test amino acid residue would be binding site
or not.
A. Extraction of the Amino Acid Residues’ Features
In this research, we consider the most commonly used amino
acid residues’ features: Accessible Surface Area (ASA) [5],
depth index (DPX) [6], protrusion index (CX) [7], and
hydrophobicity [8].
The accessible surface area (ASA) is very important feature
of the amino acid residues, since it gives information about
the surrounding of the amino acid residue, which dictates the
possibility that the residue would be involved in interaction.
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ASA is usually calculated by using the rolling ball algorithm
[5], where a probe sphere with a given radius is rolled around
the protein molecule. We use a sphere with radius of 1.4 Å,
which is the most common value. With the rolling probe
algorithm, the ASA value for each atom is calculated. Since
atoms are compounds of the amino acid residues, the ASA of
a given amino acid residue is calculated by summing the ASA
values of its atoms. Since deeply buried amino acid residues
could not be involved in protein-protein interaction, we filter
only the amino acid residues that are located on the protein
surface. As surface residues we consider those residues for
which at least 5% of their surface is accessible by the probe
sphere [20].
The depth index (DPX) [6] of each atom is calculated as
Euclidean distance between the atom and the nearest atom
that is reached by the probe sphere. The DPX of an amino
acid residue is calculated as an average value of the DPXs of
its atoms.
For calculating the protrusion index (CX) [7] of an atom,
first for each non-hydrogen atom we count the number of
heavy atoms in its neighbouring. In this research we analyze
the neighbouring atoms within 10 Å around the atom, as
suggested in [7]. Then, the volume occupied by heavy atoms
Vint is calculated by multiplying the number of heavy atoms
and the average volume of an atom (we use a value of 20.1 Å
according to [7]), while the rest of the volume of the sphere is
considered as remaining volume Vext. Finally, the protrusion
index CX is calculated as ratio of the remaining and the
occupied volume. The CX of an amino acid residue is
calculated as an average value of the CXs of its atoms.
Hydrophobicity is related with the hydrophobic effect of
the amino acids, based on which hydrophobic amino acids are
mostly buried in the protein interior, while hydrophilic amino
acids are more frequently found at/near the protein surface.
Several hydrophobicity scales can be found in the literature.
We use the most common scale proposed in [8].
B. Bottom-up Induction of Fuzzy Pattern Trees
Next, we induce models for protein binding sites prediction
by using fuzzy pattern tree induction. In this research we use
the bottom-up fuzzy pattern tree induction method proposed
by Huang et al. [17]. For each class (binding or non-binding
sites’ class) we build a separate model. Test amino acid
residues are classified in the class for which highest similarity
is obtained.
First, we perform fuzzification of the dataset by using some
fuzzy membership function (FMF). We use two straight-line
fuzzy membership functions (triangular and trapezoidal), and
one convex fuzzy membership function (Gaussian FMF). In
fuzzification, the data set is labelled with fuzzy terms. Since
we take into account four features (ASA, DPX, CX and
hydrophobicity), we will induce 20 primitive trees if the
number of FMFs per feature is set to 5 (N=5).
The obtained primitive trees are very simple and do not
provide acceptable accuracy. Therefore, these primitive trees
would be combined in order to provide model with acceptable
accuracy. For this reason, we have to evaluate the primate
trees, and to identify the primitive tree with highest similarity.
In this research we use the Root mean squared error (RMSE)

similarity measure in order to estimate the similarity between
the membership values of a given fuzzy term for a given
feature and the membership values of other fuzzy term for the
class attribute.
The primitive trees (trees at level 0) could not achieve
acceptable accuracy. Therefore, the primitive tree with
highest similarity is combined (aggregated) with the other
primitive trees by using some fuzzy aggregation operators,
thus forming the trees at level 1. In the induction of given
fuzzy pattern tree different fuzzy aggregation operators could
be used in same tree based on the obtained similarity, while in
fuzzy decision tree only a single fuzzy aggregation operator
could be used. There are various fuzzy aggregation operators.
In our previous research [19] we used the AND and OR fuzzy
aggregation operators. In this paper we introduce the
Weighted Average (WA) and Ordered Weighted Average
(OWA) fuzzy aggregation operators for protein binding sites
prediction.
There are three categories of fuzzy aggregations operators,
i.e. t-norm, t-conorms, and averaging operators. In this paper
we introduce Weighted Averaging (WA) and Ordered
Weighted Averaging (OWA) [21] fuzzy aggregation
operators. With the WA operator of dimension n we perform
mapping Rn ĺ R by

¦Z j a j ,
n

WA(a1 , a2 ,..., an )

j 1

¦Z
n

i

1

i 1

where w = (w1, w2, …, wn)T, wi [ א0, 1], 1  i  n, is an
associated n-dimensional vector with weights. By the OWA
operator the mapping is done by
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where fj(a1, a2, …, an) returns the j-th largest element of the
set {a1, a2, …, an}. The main difference between these fuzzy
aggregation operators is that OWA does not have specific
weights associated for the elements; rather the weights are
associated with the ordered position of the elements.
After obtaining the trees at level 1, we identify the tree with
highest similarity by using the RMSE similarity measure.
This tree is further combined with the trees that do not have
highest similarity at that level. This procedure is repeated
until some predefined stop criterion is satisfied. Different
criteria could be used for termination. For example, the
induction of the tree could stop when the trees obtained at
given level obtains lower similarity than the tree with highest
similarity at the previous level. Other stop criterion could be
to terminate the fuzzy pattern tree induction when the tree
obtains some predefined depth. In our research we use the
second criterion and induce trees with depth 5. We have made
analysis by setting deeper depth (depth 10), but the induced
models didn’t reached the maximum allowed depth.
We can obtain two types of models, i.e. simple models and
general models. In the induction of simple models the tree
with highest similarity at a given level could be aggregated
only with primitive trees (trees at level 0), while in the
induction of general models the tree with highest similarity
could be aggregated with the trees from all levels. In this
research we induce simple models.
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III. EVALUATION
Next, we will evaluate the method. As a standard of truth we
use a part of the BIND database [22]. The BIND database
contains information about the protein binding sites. We have
limited computational power, and we are not able to consider
the entire BIND database in the analysis. Therefore, from the
BIND database we consider only the information about the
most representative protein chains. As representative protein
chains we consider the chains that do not have more than 40%
similarities in their sequences by using the criterion given in
[23]. After building the representative data set, next we divide
the data into training and test set. From the representative data
set, we filter the protein chains that do not have more than
20% sequence similarities between themselves by using the
same criterion. In this way we form the test data set, while the
remaining protein chains are taken in the training data set.
The training data set contains 1062 protein chains with
365862 amino acid residues, while the test data set contains
1858 protein chains with 608434 amino acid residues. Next,
we filter the amino acid residues located at the protein surface
by considering only the residues for which at least 5% of their
surface could be reached by the probe sphere. After this
filtering, we have 284168 amino acids in the training data set,
and 484637 amino acids in the test data set. From the
information stored in the BIND database we can conclude
that the data set is not balanced. Namely, from the amino
acids in the data set only 10% are binding sites and even 90%
are not binding sites. In order to prevent building models that
are biased towards the dominant class (the non-binding sites
class in this case), we balance the training data set. This
balancing is done only on the training data set, while the test
data set remains unbalanced. Therefore, in the evaluation we
must use some measure that is appropriate for unbalanced
data sets. In this research we use the Area under ROC curve
(AUC-ROC) measure to evaluate the prediction models.
AUC-ROC obtains values in the interval [0,1]. The higher the
value is, the more accurate the prediction model is.
We examined the AUC-ROC when different type of fuzzy
membership function is used. In this research we considered
the triangular, trapezoidal and Gaussian fuzzy membership
functions. Also we made experiments by using different
number of fuzzy membership functions per amino acid
residues’ feature (N=3, 4 and 5). In this research we use the
RMSE similarity measure. In the aggregation we aggregate
the tree with highest similarity among the trees at the last
level with the primitive trees, thus obtaining simple models.
As a stop criterion we use the maximal allowed depth
criterion, and we set the maximal depth to 5.
In Table 1 we present the AUC-ROC values by using only
the AND and OR fuzzy aggregation operators, while Table 2
presents the results when AND, OR, WA and OWA fuzzy
aggregation operators are used. In our previous research [19]
we already examined the influence of the type of FMF and
the number of fuzzy membership functions used per feature
by using the AND and OR fuzzy aggregation operators. In
this paper we perform similar analysis where additionally
WA and OWA fuzzy aggregation operators are used together
with the AND and OR operators.
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Table 1: The results for AUC-ROC obtained by using AND
and OR fuzzy aggregation operators.
FMF
Triangular
Trapezoidal
Gaussian

N=3
0,5564
0,5386
0,5564

N=4
0,5644
0,5568
0,5644

N=5
0,5459
0,5649
0,5386

Table 2: The results for AUC-ROC obtained by using AND,
OR, WA and OWA fuzzy aggregation operators.
FMF
Triangular
Trapezoidal
Gaussian

N=3
0,5670
0,5431
0,5667

N=4
0,5744
0,5580
0,5708

N=5
0,5727
0,5662
0,5722

In this case, when AND, OR, WA and OWA operators are
used, the AUC-ROC values are increased in all experiments.
The highest AUC-ROC of 0,5744 is obtained by using 4
triangular FMFs. The increase of AUC-ROC is highest
(increase of 0,0336) for 5 Gaussian FMFs, and then the next
highest increase (increase of 0.0268) is for 5 triangular FMFs.
IV. CONCLUSION
Our research presented in this paper aims to provide efficient
method for protein binding sites prediction that could be used
for protein annotation. First, we extracted several amino acid
residues’ features, and then we induced models for making
decision whether a given amino acid residue is binding site or
not by using a bottom-up fuzzy pattern tree induction. In our
previous research papers we already introduced this method
and we made experimental analysis by using only the AND
and OR fuzzy aggregation operators. In this paper
additionally we introduced the WA and OWA fuzzy
aggregation operators in order to increase the prediction
power of the method.
By considering the WA and OWA fuzzy aggregation
operators together with the AND and OR operators, the AUCROC values are increased in all experiments. The highest
AUC-ROC is obtained by using 4 triangular FMFs.
As future work, we identified several directions for
additional improvements. In this research we used only
triangular, trapezoidal and Gaussian FMFs. Besides them, we
can also induce models by using the bell, log-normal, sigmoid
(+1), sigmoid (-1) and other FMFs. Regarding similarity
measure, besides the most simple measure used in our
research, i.e. RMSE measure, we can use other similarity
measures like Jaccard, Cosine etc. In this paper we introduced
the WA and OWA fuzzy aggregation operators for protein
binding sites prediction and we showed that by using them
the prediction models are enhanced. Besides these fuzzy
aggregation operators, also other types of operators could be
considered, like Yager, Sklar etc.
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