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Abstract - Proteins are large biomolecules, or macromolecules
(heteropolymers) made up from CD-amino acids, which referred
to as residues, consisting of one or more long chains of amino
acid residues. In addition, the residue-level structure-evolution
relationship is sensitive to protein core size. For example,
surface residues from large-core proteins evolve much faster
than those from small-core proteins, while buried residues are
equally constrained independent of protein core size. The
proposed work shows how to predict the size of the residue
through the root-mean-square-deviation (RMSD) values as one
of the physicochemical properties of protein tertiary structure
using various multivariate analyses with reduced
dimensionalities. Neurofuzzy systems developed by the various
reduced data are adapted to predict RMSD values through the
physicochemical properties of protein tertiary structure data.
Additionally, different paradigms of the reduced
dimensionalities are compared to find the better performance
between multivariate methods with five extracted features.
Finally, various statistical categories are applied to determine
the best performance among the applied techniques to evaluate
the results through the neurofuzzy systems with the original and
reduced data of physicochemical properties of protein tertiary
structure.
Keywords: data mining dimension reduction, feature
extraction, multivariate analysis, neurofuzzy system, rootmean-square-deviation (RMSD).

1

Introduction

In many years, researches on the recognition of
physicochemical properties of protein tertiary structure have
been focused and received increasing attention. To control
bioinformatic data sets to be implemented, system reduced
techniques are frequently used for the effective implementation
of the deployed data sets since it is also cost-effective and able
to carry a relatively better performance. Nevertheless, the
prediction of protein structure is still a difficult problem to
improve the performance. Hence, the knowledge-based
approach with the data mining methods, has been used for an
alternative method. Through the acquired knowledge-based
data sets, the characteristics of the protein structure can be used
for predicting any known amino acid sequence (proteins) with
known sequences but unknown structures [1]. The

characterized protein data sets can be also categorized by the
knowledge-based methods into two groups such as statisticsbased methods and neural network based methods [2]. On the
other hand, researches about the efficient data management are
also getting more focused and important in these days.
Simultaneously, data mining techniques to deal with the
reduced data without losing any significant meaning, instead
of using the original data, are developed more and more.
Among data mining techniques, the most frequently used
techniques are applying the various multivariate analysis
techniques with the extracted features by reducing the
dimensionalities. In this paper, the proposed dimensionreduction techniques are compared with the traditional
techniques such as factor analysis, principal component
analysis, and fuzzy c-means clustering analysis. Then, the
results obtained by the proposed techniques through
neurofuzzy systems with the reduced data are compared to the
results from the tradition methods as described earlier. In this
paper, the section 2 shows the review of the previous studies
about the protein structures and briefly introduces the
traditional multivariate techniques. In the section 3, the data
sets of physicochemical properties of protein tertiary structure
are briefly summarized. In the section 4, deployed neurofuzzy
systems with applying the reduced data sets extracted by the
proposed reduction techniques are presented. In the section 5,
the results obtained by applying the proposed techniques are
compared with the results applied by the traditional
multivariate analyses techniques through the statistical
evaluation methods. Finally, the section 6 shows the
conclusion of the proposed study.

2
2.1

Literature Review
Previous studies of protein structures
length

In general, to assess the quality of the protein structure,
several characteristics of physicochemical properties of protein
tertiary structure have been used such as Root Mean Square
Deviation (RMSD), Template Modelling (TM-score) and
Global Distance Test (GDT TS-score) [3]. As an alternative
technique, using a supervised learning of recurrent neural
networks can be also used for predicting the secondary
structures of the protein from the underlying amino acid's
sequence [4]. In Zhou and et al. [5], a model named severity
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assessment code (SAC) method has been proposed based on
the association rule classifier and its rule base structure are
presenting the rules obtained by the Knowledge Discovery in
the Databases (KDD) model with mining the secondary
structure of the protein for the information of mutual impacts
[5]. There is another technique based on neural networks to
predict the protein secondary structures using a multi-modal
back propagation neural network (MMBP) method [6]. In this
model, three layers of the intelligent interface are composed by
the integration of the multi-modal back propagation neural
network (MMBP), mixed-modal SVM (MMS), modified
Knowledge Discovery in the Databases (KDD) process and
other techniques. In addition, a compact hybrid feature vector
for an accurate secondary structure prediction as a method
using the derivative feature vector was also proposed by
Hassan and el at. [7]. Another protein structure recognition
study was introduced by Franzosa and Xia [13] through the
comparison study of the protein structure by measuring the
independent effects of protein core size and expression on
residue-level
structure-evolution
relationships
with
demonstrating yeast protein evolutionary rate at the level of
individual amino acid residues scales linearly with degree of
solvent accessibility. Aslam and el at. [14] shows the protein
structural alignment as a study of the computational structural
biology and compares a protein structure with know structures
to classify into a new known group of the protein to determine
the function of the protein, its evolution relationship with other
protein molecules and embedded structures. In Zhang and
Skolnick [15], a new algorithm for the template modeling (TM)
alignment was introduced by comparing protein structures or
models with specified equivalent structures between pairs of
residues provided by sequence or threading algorithms. Zhou
and el at. [20] proposed to measure the structural similarity
between proteins by correlating the principle components of
their secondary structure interaction matrix.

2.2

Factor Analysis (FA)

Factor analysis [8] is a method for explaining the
structure of data by explaining the correlations between
variables. Factor analysis summarizes data into a few
dimensions by condensing a large number of variables into a
smaller set of latent variables or factors without losing any
significance of the given data. Since factor analysis is a
statistical procedure to identify interrelationships that exist
among a large number of variables, factor analysis identifies
how suites of variables are related. Factor analysis can be used
for exploratory or confirmatory purposes. As an exploratory
procedure, factor analysis is used to search for a possible
underlying structure in the variables. In confirmatory research,
the researcher evaluates how similar the actual structure of the
data, as indicated by factor analysis, is to the expected
structure. The major difference between exploratory and
confirmatory factor analysis is that researcher has formulated
hypotheses about the underlying structure of the variables
when using factor analysis for confirmatory purposes. As an
exploratory tool, factor analysis doesn't have many statistical
assumptions. The only real assumption is presence of

relatedness between the variables as represented by the
correlation coefficient. If there are no correlations, then there
is no underlying structure. There are five basic factor analysis
steps such as data collection and generation of the correlation
matrix, partition of variance into common and unique
components, extraction of initial factor solution, rotation and
interpretation, and construction of scales or factor scores to use
in further analyses. In addition, FA applies some rotational
transformation based upon how each variable lies somewhere
in the plane formed by the factors. The factor loadings, which
represent the correlation between the factor and the variable,
can also be thought of as the variable's coordinates on this
plane. In un-rotated factor solution the Factor "axes" may not
line up very well with the pattern of variables and the loadings
may show no clear pattern. Factor axes can be rotated to more
closely correspond to the variables and therefore become more
meaningful. Relative relationships between variables are
preserved. The rotation can be either orthogonal or oblique.

2.3

Principal Component Analysis (PCA)

Principal components analysis [9] is a procedure for
identifying a smaller number of uncorrelated variables, called
"principal components", from a large set of data. The goal of
principal components analysis is to explain the maximum
amount of variance with the fewest number of principal
components without losing any significance of the given data.
Principal Component Analysis (PCA) is a dimension-reduction
tool that can be used to reduce a large set of variables to a small
set that still contains most of the information in the large set.
Hence, principal component analysis (PCA) is a mathematical
procedure that transforms a number of (possibly) correlated
variables into a (smaller) number of uncorrelated variables
called principal components. The following characteristics
explain the PCA. First, the first principal component accounts
for as much of the variability in the data as possible, and each
successive component accounts for as much of the remaining
variability as possible. Second, PCA reduces attribute space
from a larger number of variables to a smaller number of
components and as such is a "non-dependent" procedure if it
does not assume a dependent variable is specified. Third, PCA
is a dimensionality reduction or data compression method.
Since the goal is dimension reduction and there is no guarantee
that the dimensions are interpretable, in order to select a subset
of variables from a larger set based on the original variables,
the highest correlations with the principal components need to
be considered.

2.4

Fuzzy C-Means (FCM) Clustering [10]
For 2 d c d

X

n, consider a set of n vectors

{x1 , x 2 ,....., x n } to be clustered into c groups of data.

Each of the groups,

xi  R S , is a feature vector consisting of

s real-valued measurements describing the features of the
object represented by xi . The features could be length, width,
color, etc. Fuzzy clustering of the objects can be represented by
a fuzzy membership matrix called a fuzzy partition.
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The set of all c u n non-degenerate constrained fuzzy
partition matrices is denoted by Mfcn and is defined as
U [u ij ]i 1, 2,...,c, j 1, 2,...,n M fcn (1)
where uij expresses the degree to which the element xj belongs
to the ith cluster and is a numerical value in [0,1] such that the
constraints in
c

¦u

1 for all j = 1, 2,………, n

ij

(2)

i 1

and
n

0  ¦ u ij  n

for all i = 1, 2,…, c. (3)

j 1

For the fuzzy c-means algorithms, the objective is to find U =
[uik]  Mfcn as the fuzzy c-partition matrix and V= (v1, …., vc)
with vi  Rs as the cluster center such that
n

¦¦ (u

J m (U , V )

2

c

) x k  vi
m

ik

(4)

2.5

Varimax Rotation [11]

The varimax rotation procedure was first proposed
by Kaiser in 1958. The procedure is to find an orthonormal
rotation matrix T by multiplying the given number of points
and the number of dimensions configuration A. Then, the sum
of variances of the columns of B u B, is a maximum,
where B = AT. Each factor has a small number of large
loadings and a large number of Zero (or small) loadings. A
direct solution for the optimal T is not available, except for the
case when the number of dimensions equals two. Kaiser
suggested an iterative algorithm based on planar rotations, i.e.,
alternate rotations of all pairs of columns of A. This simplifies
that each original variable tends to be associated with one or a
small number of factors, and each factor represents only a
small number of variables. Then, the factors are interpreted
from the opposition of few variables with positive loadings to
few variables with negative loadings. The variance of the
loadings is maximized by

k 1 i 1

is minimized, where uik is the value of the ith membership
function on the kth data point xk, n is the number of samples in
X, and m  (1, f ) is a weighting constant. The distances, dik
=

2

xk  vi , are weighted with the membership values uikm ,

where

x k  vi

2

is any inner product-induced norm on Rs,

which is called the square of Euclidean distance for the ith
cluster center and the jth data point. The Euclidean distance
formula is
݀ ൌ ԡݔ െ ݒ ԡ ൌ ሺሼݔ െ

ଵ
ݒ ሽଶ ሻଶ ሺͷሻ

where dik is the distance between the ith cluster center and the
kth data point xk.
The assumption is that the distance between their
corresponding data vectors measures the similarity between
objects. Then the necessary conditions to minimize the
objective function, Jm(U,V), can be

1

u ik

§d
¦ ¨¨ ik
j 1 d jk
©
c

2

(6)
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¸
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ଶ
where ݍǡ
is the squared loading of the jth variable on the l
ଶ
factor and ݍതǡ
is the mean of the squared loadings.

2.6

Root Mean Square Deviation (RMSD) for
Protein Structures

The root-mean-square-deviation (RMSD) is the most
commonly used metric in the detection of the protein structure
in order to quantifies the deviation for the degree of the
similarity in between two or more than two protein structures.
RMSD values were calculated by
 ൌ  ට

vi

¦ (u

ik
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¦ (u

(7)
ik

)

m

(9)
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where n is the number of pairs of equivalent CD atoms and di is
the Euclidean distance between the two CD atom of the ith pair.
By the standardization of RMSD values, RMSDstd becomes

and
n

(8)


భబబ

(10)

where n is the number of residues in the proteins that are
compared and RMSDstd values are the RMSD that would be
measured if the structures that are compared contained 100
residues [19].

k 1

where 1 < i < c, and 1 < k < n. Therefore, the fuzzy c-means
algorithm is an iterated procedure through these two necessary
conditions to minimize the objective function, Jm(U,V).

Basically, the RMSD quantifies how similar the threedimensional structure of two proteins are [18]. In other words,
for the protein structure comparison, the RMSD is the root
mean square deviation between corresponding residues which
is calculated after an optimal rotation of one structure to
another. Since the RMSD weights the distances between all
residue pairs equally, a small number of local structural
deviations could result in a high RMSD even though the global
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topologies of the compared structure are similar. Apart from
the intrinsic uncertainty in structure determination, proteins are
dynamic flexible entities that can undergo significant structural
fluctuation. In addition, the average RMSD of randomly
related proteins is based upon the length of compared
structures [16]. RMSD for protein structure has often been
used to measure the quality of reproduction of a know
particular binding site cluster of a protein [17].

3

Physicochemical Properties of Protein
Tertiary Structure Data [12]

The data set used in the presented paper is a data set of
physicochemical properties of protein tertiary structure. The
data set is taken from CASP 5-9. There are 45730 decoys and
size varying from 0 to 21 Armstrong. Six variables of the data
have been used to implement the prediction of the
physicochemical properties of protein tertiary structure. The
input variables are non-polar exposed data, fractional area of
exposed non-polar part of residue, molecular mass weighted
exposed data, Euclidian distance, secondary structure penalty,
and special distribution constants (N.K. value),. The output is
RMSD, which presents the size of the residue for the
physicochemical property of protein tertiary structure.

4

Applied Neurofuzzy Systems

To predict the size of the residues for protein structures,
the neurofuzzy systems are used for evaluating the predicted
values applying the reduced data sets or original data set. Fig.
1 shows a neurofuzzy system using reduced five inputs and one
output with the original data to evaluate the size of the residues
for the protein structures through the root-mean-squaredeviation (RMSD) values applying the physicochemical
properties of protein tertiary structure.

Fig. 2 Neurofuzzy Inference System with membership
functions of Input Variables
Fig. 2 shows the membership functions for each input
variables and an output variable for applied neurofuzzy
systems. Fig. 3 shows the developed rulebase system for
applied neurofuzzy systems with reduced five inputs and one
output for the prediction of the size of the residues for the
protein structures through root-mean-square-deviation
(RMSD) for the physicochemical properties of protein tertiary
structure.

Fig. 3 Rulebase System for Reduced Components

5
Fig. 1 Neurofuzzy Inference System of physicochemical
properties of protein tertiary structure

Analyses and results

The proposed work has been analyzed by comparing the
results with applying factor analysis, principal component
analysis, and FCM clustering analysis with varimax rotation
using the neurofuzzy systems. In Fig. 4, to determine the
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reduced dimensionality through a proposed procedure, the
number of the reduced components or factors is determined by
the accumulation of the covariance and the significant
eigenvalues of the system when the eigenvalues are plotted
versus each factor or component extracted by the applied
multivariate analyses. As an example of using the factor
analysis among the other compared techniques, from Fig. 4, the
first three or four newly extracted factors are relatively
significant to implement the deployed data.
Dimension Reduction with Factor Analysis

From TABLE 1, with applying the methodologies of
dimensionality reduction and various multivariate analysis
methods, the comparison between the applied methodologies
using the original data and the reduced data of the
physicochemical properties of protein tertiary structure with
reduced dimension analyses is presented. In Fig. 5, the best
performance among five reduced dimension techniques using
the reduced dimension of the data set is the technique applying
factor analysis with the FCM clustering analysis in order to
predict the size of the residues for the protein structure through
the root-mean-square-deviation (RMSD) values with applying
the physicochemical properties of protein tertiary structure.

5

Eigenvalue

4

3

2

1

0
1

2

3
4
Factor Number

In TABLE 1, the applied statistical categories are
correlation (corr), total root mean square (trms), standard
deviation (stdev), mean average distance (mad) and equally
weighted index (ewi). The employed neurofuzzy systems are
developed by the original data (org), the original data with
applying FCM clustering analysis (clust), applying factor
analysis (fa), applying factor analysis with FCM clustering
analysis (fc), applying principal component analysis using
correlation (pca), and applying principal component analysis
with FCM clustering analysis (pc).

5

6

Fig. 4 Graph of Eigenvalues vs. Extracted Features
Hence, in the evaluation, three or four extracted factors
by factor analysis may be enough to show its comparison, but
five extracted factors are used for the predicted estimation of
root-mean-square-deviation (RMSD) values applying the
physicochemical properties of protein tertiary structure for the
better accuracy with more accumulated data. Similarly,
applying principal component analysis or other methods, five
newly extracted components are selected and used to evaluate
the prediction of the size of the residues for the protein
structure through the root-mean-square-deviation (RMSD)
values applying the physicochemical properties of protein
tertiary structure.
TABLE 1 Multivariate Analyses including Five Reduced
Dimension Analyses
corr
trms
stdev
mad
ewi
pc

0.7397

1.239

2.178

1.203

4.8801

fc

0.9889

0.273

0.853

0.265

1.4024

pca

0.5629

4.068

2.968

4.069

11.542

fa

0.5731

4.033

2.938

4.033

11.431

clust

0.0803

2.983

5.514

2.896

12.313

org

0.4329

8.359

17.93

8.1927

35.055

Fig. 5 Plot of types of methods vs. statistical coefficient
values
The second-best performance to predict the size of the
residues for the protein structures through the root-meansquare-deviation (RMSD) was the technique with applying
FCM clustering analysis as a post operation with principle
component analysis. In overall, among compared five reduced
dimension analyses, the results predicted by applying the
principle component analysis, factor analysis, and FCM
clustering analysis showed the similar levels of the prediction
of the size of the residues for the protein structures. The result
predicted by applying the original data showed the relatively
lower performance than other applied methods.

6

Conclusions

As a conclusion, the results of the size of the residue as
one of the physicochemical properties of protein tertiary
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structure through the root-mean-square-deviation (RMSD)
with applying five reduced dimensions, are compared by the
predicted values through the traditional multivariate analyses
such as factor analysis and principle component analysis and
the proposed techniques with applying the neurfuzzy systems
implemented by the reduced data set as well as the original data
set to estimate the predicted values. In overall, among five
reduction analyses, the technique using factor analysis with the
FCM clustering analysis as a post operation shows the best
performance. Furthermore, the worst performance found the
case with applying the original data. However, due to the data
dependency, the results from the analyses using the reduced
data or the original data, may cause the different tendancy of
the performance even though the reduced cases show the better
performance than the original data set case in this typical
example. Therefore, for the future study, more various data
may need to be explored to find out the more accurate
prediction of the size of the residue for the protein structures
through the root-mean-square-deviation (RMSD) values as one
of the physicochemical properties of protein tertiary structure
with the various dimensionality reduction methods.
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