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Jury

Proteins are one of the most important parts of an organism because of their vital tasks.
Hence, it is necessary to know the structure of a protein since it is closely related to its
biological function. Studies on structural genomics indicate that numerous protein segments
remain unfolded in their native states. Currently these proteins are generally referred to as
“natively unfolded” or “intrinsically disordered’. Upon noticing that many of these proteins
play key role in vital functions and also in some diseases, identification of the disordered
regions has became a demanding process for structure prediction and functional
characterization of proteins. Therefore, many studies have been motivated on accurate
prediction of disorder. Mostly, machine learning techniques have been used for dealing with
the prediction problem of disorder due to capability of extracting the complex relationships
and correlations hidden in large data sets.

In the study, a novel method, named Border Vector Detection and Extended Adaptation
(BVDEA) was developed for predicting disorder as an alternative accurate classifier. For
attesting the performance of the method, three computational learning techniques and eleven
specific tools were used for comparison. In order to perform the predictions, firstly the
collected data was prepared by choosing a variety of structural features for proteins. Then,
training was executed based on the data by 5-fold cross validation. When compared with the
three learning methods of GRNN, LVQ and BVDA, the proposed method gives the best
accuracy on classification. Here, BDVEA provides more fast and robust learning as
compared to the others. Furthermore, comparison with the other existing disorder predictors
demonstrates that the method achieves rather good prediction performance in finding
disordered regions of proteins. As a conclusion, it has been shown that the new method
provides a significant contribution on predicting disorder and order regions of proteins.

Keywords. Intrinsically Disordered Proteins, Compositional-Based Features, Property-Based
Features, Evaluation-Based Features, Border Vector Detection and Extended Adaptation.
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Jari

Proteinler hayati 6nem tasiyan gorevieri nedeni ile canli organizmalarin en onemli
molekilleridir. Bu bakimdan, bir organizmanin yasam surecini anlayabilmek igin ilk olarak
yapi- islev iligkisinin bilinmesi gerekmektedir. Yapilan ¢alismalar ile birgok proteinin 3B
yapisina sahip olmadiklari halde bir veya birden fazla fonksiyona sahip olduklari
bulunmustur. Bu proteinlerin 6nemli fonksiyonlarda ve bazi hastaliklarda anahtar rol
oynadiklarinin bulunmasiyla bu proteinlerin tanmmlanmasi, protein yapisinin tahmini ve
fonksiyonun belirlenmesi icin talep gbren bir islem haline gelmistir. Bu nedenle,
dizensizligin basarili tahmini Uzerine bir¢cok calisma yapilmistir. Bu diizensizligin tahmin
edilmesi problemi ile basa ¢cikabilmek icin, bilylk veri setlerindeki karmagik iliskileri ve
korelasyonu ortaya cikarmadaki yetenegi nedeniyle cogunlukla makine 6grenmesi teknikleri
kullarm|maktadir.

Bu calismada, Simir Vektér Belirleme ve Genisletilmis Adaptasyon (SVBGA) metodu
duzensiz bolgelerin tahmini icin basarili bir aternatif simiflandirici olarak gelistirilmistir.
Metodun basarisinin onaylanmast icin U¢ hesapsal 6grenme teknigi ve on bir mevcut
dizensiz  bblge tahmin aract  karsilastrmada  kullamilmigtir.  Tahminlerin
gerceklestirilebilmesi icin Oncelikle, birgok yapisal Ozellik kullanilarak yeni bir veri
hazirlanmigtir. Daha sonra, 5 katl gapraz degerlendirme ile egitimler gerceklestirilmistir.
Verilen 0grenme yontemleri ile karsilastinildiginda, metot siniflandirmada en basarili sonucu
vermistir. Burada, SVBGA digerlerine gére daha basarili ve daha hizl1 6grenme saglamustir.
Ayrica, verilen mevcut tahmin aracglar ile yapilan diger karsilastirma, metodun oldukca iyi
bir tahmin performans: elde ettigini géstermistir. Sonug olarak, yeni metodun dizensiz ve
dizenli bolgelerin tahmini Uzerine dikkate deger bir katki sagladig: gosterilmistir.

Anahtar Kelimeler: Oziinde Diizensiz Proteinler, Bilesim-Tabanli Ozniteikler, Ozellik-Tabanl
Oznitelikler, Evrim-Tabanl: Oznitelikler, Simr Vektor Belirleme ve Genisletilmis Adaptasyon.




ACKNOWLEDGEMENTS

I would like to express my respects and gratitude to my advisor Asst. Prof. Dr.
Turgay ibrikci and to co-advisor Prof. Dr. Okan K. Ersoy. Many thanks for all supports,
guidance, cooperates, suggestions on initiating, improving and completing the study.

I would like to thank Prof. Dr. Stleyman Glingor, the head of the Department of
Electrical and Electronics Engineering, and all my friends in the Electrical Electronics
department for their moral supports.

I would like to express my appreciation and my respects to Prof. Dr. Y. Gircan
Ultanir, the dean of Tarsus Technical Education Faculty in Mersin University for his
help, tolerance and encouragement. He created a convenient environment for me to be
able to study my Phd thesis. | also thank all staff and colleagues in the faculty for their
supports and motivations.

| also thank my committee members, Prof. Dr. Seyhan Tikel, Prof. Dr. Fikret
Gulrgen, Prof. Dr. Hamza Erol and Asst. Prof. Dr. Ulus Cevik for their supports and
valuable discussions.

For their great supports and considerable assists, | would like to express my
appreciation to my best friends, M. Tulin Tokg6z, Gulhan Orekici and Asli Sezeroglu
Okten. Besides, | thank all my friends that | couldn’t mention their names here for their
lovely wishes, beliefs and supports.

I would like to express my best feelings to my lovely and best friend Ayca
Cakmak Pehlivanli for her helpful collaboration and moral support. She is always with
me in my trouble times.

| greatly appreciate my father Muhlis, my mother Gonil and my sister Ceren.
They always encouraged and supported me with their loves and beliefs. | know they are
always there to love and care me. | would like to denote my lovely feelings to them for
everything. | also thank my mother-in-law Hamiyet, my father-in-law Avni for their
sincere wishes and cares.

Lastly, many special thanks to my husband Cumhur, my love, for his endless
patience, care, support, love and for standing with me every time. He made me feel
comfortable and calm during the study. He always believes in me and motivates me to
complete the thesis. | dedicate this study to him.



CONTENTS PAGE

A B ST RACT <ttt ettt b e bbbt h e s b e bt s bt e bt bt eh e eh e R e e h e nh e e e Rt e he e nhe e beenaeenaes I
OZ ettt ettt ettt et bee I
ACKNOWLEDGEMENTS ...ttt sttt sttt sttt sb e bbb s beesbeesbeesbeesbeens Il
CONTENTS ..ttt st b e a bt s a bt s et s ab e s it sab e ea b sabeeabeenbeenbe e b enee v
LIST OF ABBREVIATIONS AND NOTATIONS.......coiiiiiiertierie ettt sttt V
LIST OF TABLES. ... .ottt bbbt bbbt bbbt bt be e sbe e b e saeenaeas Vi
LIST OF FIGURES........ooiiiiitiiitie ittt st st sttt st st ettt e VIl
L. INTRODUCTION ..oiiitiiitiiitteste ettt ettt ettt ettt ettt et ettt ettt ettt ebe et enne s 1
O = 1= TS 3
1.2, TheProtein Folding Problem ... 5
1.3. TheProtein Non-Folding Problem ... 6
1.4, MachineLearning in BioiNfOrMatiCS..........coivuiiiiiiiiiiiie e e 10
RELATED WORKS ...ttt sttt sttt sttt he e bbb b b e sbe e sbe e b saeesneenaeas 13
MATERIALS AND METHODS.......ccoooiiiietieiee ettt 19

N I = = B0 KT RSSO 19
K D= | £= W Lo 1= < g1 = 4 o SRS 22
3.2.1. Property-Based Profil@S ...t e 24
3.2.2. CompositionN-Based Profil@S.......cccviieieiiieiee e see s seee e snee e see e 26
3.2.3. Evolution-Based Profil€S.......cuuiiiiiiieci et 27
3.3, Performance ASSESSMENT.........ooiiiiiiieeceece s e e e stee e seee e srteeste e s te e e nree e sraeesneeesnreeans 28
3.4.  Pattern Dimensionality REJUCTION ........cooveiiiiiiiii e 30
3.4.1. Principal ComponentS ANalYSIS(PCA) .....ooiiiiiiii ettt 31
3.4.2. LogistiC REQreSSION (LR) c.uuveiiieiiiieiieestieecieesieesieeestee e seeeessteesnteesteeessneesneeesneeesnseenns 33
3.5, Computational MetNOUS.........ccooiiiiiiiee e e 34
3.5.1. Generalized Regression Neural Networks (GRNN) .......occooiiiiiiiiinece e 34
3.5.2. Learning Vector Quantization (LVQ)......ccoiieririierienie ettt 36
3.5.3. Border Vector Detection and Adaptation (BVDA) .......cccceiiiieiieeneee e 37
3.5.4. Border Vector Detection and Extended Adaptation (BVDEA) .......ccccceevevieiiieenenn 40
4, RESULTSAND DISCUSSION ....cooitieitieitieieenie ettt ettt et ettt st sttt sne e 42
4.1, Evaluation APPIICALIONS.....ccieiitieriieitiesiee ettt sttt st sb e st bbb e e 42
4.2.  Comparison With Other Methods...........ccocoiiiiiiiiiiee e 54
4.3. Comparison with Existing Disorder Prediction TOOIS........c.ccovvierienieneeneeneenieeniens 57
4.4, Reduction Of DIMENSION .....ceeiiieiiee e eee et se e e e e et e e srae e snte e st esteeesseeesneees 61
5. CONCLUSIONS.......coiiiitiiiteeitee ittt ettt st s ab e sttt et nbe e 63
REFERENGCES.........coitii ittt sttt sb et b bbbt b b e sb e sb e e s b e e sbe e s be e sbeesbeesbeesbeesaeenaeas 65
BIOGRAPHY ...ttt bbb bbbt e s b e s bt e s b e e s bt e sbe e s bt e sbe e nbe e saeenaeenaeas 73
APPENDIX A ottt bbb bbb b e nh e b e e b e b e e sbe e nbeenbeenbeenree s 74
APPENDIX Bttt sttt b e bbb bbb bbb nbe e nreenreenree s 77
APPENDIX €.ttt bbbt bt s b e bt s b b s bbb e b e b e nbe e nbe e nreenreenree s 78



LIST OF ABBREVIATIONS AND NOTATIONS

GRNN
LVQ
BDVA

BDVEA :

LR
PCA
PCs
Aa
3D
PSSM
Sens
Spoec
ProbEx
Mcc
Acc

h

t

Ne

S

General Regression Neural Networks
Leraning Vector Quantization
Border Vector Detection and Adaptation
Border Vector Detection and Extended Adaptation
Logistic REgresion
Principal Component Analysis
Principle Components
Amino acid
3 Dimensional
Position Specific Scoring Matrice
Sensitiviy
Specificity
Probability Excess
Methews' Correlation Coefficient
Accuracy
Learning Rate

Decreasing Constant
Number of Codebook Vectors

Smoothing Factor, Sigma



LIST OF TABLES PAGE

Table 1.1. Names, symbols and physicochemical properties of amino acid residues. ............ 5
Table 3.1. The compaosition Of D80 daLa SEL. .........eeveeriiiieeiie e 20
Table 3.2. The compaosition Of COB0 data SaL.........ccuerverriierieiieeiee s 21
Table 3.3. The compaosition Of CD79 data SaL.........cccuerverriieiierieeee e 22
Table 3.4. The scale values of 6 different physicochemical properties of amino acids......... 25
Table4.1. The maximum and the testing probability excesses of the evaluation set. ........... 43
Table 4.2. The maximum probability excesses of testing subset 1 at given h-t pairs.......... 46
Table 4.3. The maximum probability excesses of testing subset 2 at given h-t pairs.......... 46
Table 4.4. The maximum probability excesses of testing subset 3 at given h-t pairs.......... 46
Table 4.5. The maximum probability excesses of testing subset 4 at given h-t pairs.......... 46
Table 4.6. The maximum probability excesses of testing subset 5 at given h-t pairs.......... 47
Table4.7. The optimum h-t pairs of training for each SUbSeL. .........cccooceevcee e, 53
Table 4.8. The stopping times of training for each subset in terms of record number. ......... 53
Table 4.9. Thetesting probability excesses of the subsets for BVDEA. ........ccccccevevveeeneen. 54
Table 4.10. The testing probability excesses of the subsets for BVDA. .......cccoevcvevevveeenneen, 55
Table4.11. Thetesting probability excesses of the subsetsfor LVQ. ....cceevevvevcericieeenen, 56
Table4.12. The testing probability excesses of the subsets for GRNN. ...........ccccvevveeenneen. 56
Table 4.13. Comparing the performance of four prediction methods. ..........ccccccccevevveeeneen. 57
Table 4.14. Comparing the performance of BVDEA on testing data COD159 with eeven

EXISHING TOOIS. ...t nar e 58
Table 4.15. The performance for each subset of BVDEA on blind testing. ..........cccoccveveens 59
Table 4.16. Comparing the performance of BVDEA on testing data D80 with eleven

EXISHING TOOIS. ...t nan e 59
Table4.17. List of sdected attributesS Dy LR. ....ccvooiiiiiiieeeee e 61
Table 4.18. The testing probability excesses of the data reduced with PCA. ...........cc.c........ 61
Table 4.19. The testing probability excesses of the datareduced withLR............c.ccveenneen. 61

Vi



LIST OF FIGURES PAGE

Figure 1.1. The exponential growth of the PDB Databasein the period 1974-2007............... 2
Figure 1.2. The general structure of an amino aCid. .........ccceevveeiieiienieeiee e 3
Figure 1.3. The structure of 8 dipeptide..........c.cueivieiieiieiieeee e 4
Figure 1.4. The structure of calcineurin [Kissinger et al, 1995: from DisProt]. ...........ccc.c..... 7
Figure 1.5. The Protein Trinity Model [Dunker, 2001D]. ........ccoeeeiieeiiireiiee e 8
Figure 1.6. The Protein Quartet Model [Uversky, 2002]..........cccooveirieeiienienieeneesee e 8
Figure 1.7. Clustering process versus classification proCess. .........cccvceveveeevieeeseessvee s 11
Figure 3.1. The constructing of PSMM profile of a protein within a given window. ........... 28
Figure 3.2. Two consecutive principle components for two dimensional data..................... 32
Figure 4.1. Prediction results of both evaluation and training setssath =0.5.................... 44
Figure 4.2. Prediction results of both evaluation and training setisath =0.9.................... 44

Figure 4.3. Prediction results of both testing and training setsat h -t =0.5- 9500 (a)
for subset 1 (b) for subset 2 () for subset 3 (d) for subset 4 (€) for subset 5. ... 48
Figure 4.4. Prediction results of both testing and training setsat h -t =0.5- 13500 (a)
for subset 1 (b) for subset 2 () for subset 3 (d) for subset 4 (e) for subset 5. .... 49
Figure 4.5. Prediction results of both testing and training setsat h -t =0.9- 13500 (a)
for subset 1 (b) for subset 2 (c) for subset 3 (d) for subset 4 (e) for subset 5. .... 51
Figure 4.6. Prediction results of both testing and training setsat h -t =0.9- 15000 (a)

for subset 1 (b) for subset 2 () for subset 3 (d) for subset 4 (e) for subset 5. .... 52
Figure 4.7. The performances of twelve predictors on testing data, COD159............cccue... 58
Figure 4.8. The performances of twelve predictors on testing data, D80. ..........ccccceevevrnenne 60

VI



1. INTRODUCTION frem ERSOZ KAYA

1. INTRODUCTION

Proteins are the building blocks of life. They have vital responsibilities in
living organisms such as catalyzing and regulating biochemical reactions,
transporting molecules and also the chemistry of the photosynthetic conversion of
light to growth, defense against alien substances, etc. The proteins accomplish
almost all of the biochemical activities of the organisms. To understand the life
process of an organism, it is necessary to have the knowledge of the protein’s
structure at first. Indeed, the three-dimensional structure of a protein is closely
related to its biological function.

Routinely used and reliable methods to determine the structure of a protein
are laborious techniques such as Nuclear Overhauser Effect, X-Ray
crystallography, Nuclear Magnetic Resonance spectroscopy (NMR) and DNA
microarray technology. Using direct biological techniques requires skilled experts
to operate the equipment and this is quite expensive and time consuming. DNA
microarray technology (sequence comparison) is quite expensive and also
necessitates proficiency to operate. Although assessing protein function by
sequence comparison is rather quick, it is limited to the proteins that have strong
sequence similarity with functionally known proteins, and it might cause large
experimental errors in measurements of the gene expression level. Therefore,
assigning protein functions and determination of protein three-dimensional
structures by traditional experimental methods cannot catch up with the speed of
new genomic data generation since it is much easier to infer the protein sequence.
In recent times, roughly a million protein sequences have been identified but less
than 50.000 structures among them have been determined and also insufficient
number of the known genes has only been assigned functions. The data explosion
in Protein Data Bank is shown in Figure 1.1, retrieved in April, 2008 from PDB
[Protein Data Bank].

Since the capacity to generate data has outstripped the ability to analyze the
data, in recent years scientists have been concerned with new opportunities for
research in statistical modeling and computer intelligence. Computer information
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technology has also advanced rapidly and has provided methods for handling this

data explosion.
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Figure 1.1. The exponential growth of the PDB Database in the period 1974-2007.

The rapid pace of genomic sequencing and thus the abundance of the
sequence data have motivated the studies on structure prediction of the protein
from its amino acid sequence. These predictions are then used to deduce function.
The scheme assumes that tertiary structures are a pre-requisite for function
[Fisher, 1894]. However, this view ignores numerous proteins that utilize
unfolded or incompletely folded regions for function [Romero et al., 2001]. A
protein that lacks three-dimensional (3-D) structure in its intrinsic state has been
called natively unfolded or intrinsically disordered [Dunker et al., 2000]. Such
disordered regions of amino acid sequences are also involved in a variety of
biological functions. The existence of these proteins reveals a “protein non-
folding problem” [Li et al., 2000].
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Upon noticing that many intrinsically disordered protein regions play key
role in vital functions and also in some diseases, identification of disordered
regions in proteins has became a consequential process for structure prediction
and functional characterization of the protein [Weinreb et al., 1996: from Tompa,
2002]. The aim of this study is to find an efficient computational method that can
provide information about the structural class among ordered and disordered
proteins concerning different biochemical and physical features of amino acids.
For this purpose, a new algorithm was proposed in the study, named Border
Vector Detection and Extended Adaptation (BVDEA) to achieve an accurate
prediction of disordered data.

1.1. Proteins

A protein consists of a linear sequence of the twenty naturally occurring
amino acids. An amino acid contain an alpha carbon (Ca) that is attached to a
carboxyl group (-COOH), an amino group (-NH2), a hydrogen atom (-H) and a
side chain group (-R) that gives each amino acid its distinguished properties
[Solomons, 1995]. Figure 1.2 illustrates the general structure of an amino acid.

Side Chain
Amino Carboxyl
Group ‘ Group
H | OH
N C|a ~| /
N c
H 4 H \o

Figure 1.2. The general structure of an amino acid.

When the carboxyl group of one amino acid is joined to the amino group
of another amino acid by a peptide bond, this forms a dipeptide (Figure 1.3). The
molecule constituted by n-sequence of amino acid residues is termed as a
polypeptide. This sequence of amino acids is called as the primary structure.
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TR |
H o}

Figure 1.3. The structure of a dipeptide.

The bonds that join Ca to amino group (N-Ca) and to carboxyl group
(Ca-C) can rotate in a great flexibility with the angles of PHI (f) and PSI (y),
respectively. Thus, the protein folds into a three-dimensional configuration
according to the association between amino acid residues by stabilizing certain
conformations above others to conserve the largest amount of energy with this
rotation of its segments along the f and y angles. This leads to the local and
repetitive spatial arrangements of the sequence, named as the secondary structure
[Denniston et al., 2001]. a-helices, b-strands and coils are the most common
types of the secondary structure.

A protein can take on its final three-dimensional shape via the
arrangement of secondary structure regions. This completion is termed as the
tertiary structure. For many proteins, the functional form is composed of several
polypeptide chains. The quaternary structure involves differences on how chains
combine to compose the functional form (protein complexes) [ Solomons, 1995].

Amino acids can be grouped according to their physicochemical properties
owing to their different side chain-R groups as mentioned above. The names of
the known 20 amino acids, their 1-letter and 3-letter abbreviations and several
physicochemical properties are shown in Table 1.1 [Baldi and Brunak, 2001].
There is numerous scale values specified through different studies for amino acid
properties. In AAlndex database, more than 500 physicochemical feature scales
have been listed [AAIndex] [Kawashima et al, 1999].
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Table 1.1. Names, symbols and physicochemical properties of amino acid residues.

Amino Acid 3-Letter | 1-Letter é;;j(':%// Hydropathy | Polarity
Alanine Ala A Neutra | Hydrophobic | Nonpolar
Cysteine Cys C Neutral Hydrophilic Polar
Aspartic Acid Asp D Acidic Hydrophilic Polar
Glutamic Acid Glu E Acidic Hydrophilic Polar
Phenylalanine Phe F Neutra | Hydrophobic | Nonpolar
Glycine Gly G Neutra | Hydrophobic | Nonpolar
Histidine His H Basic Hydrophilic Polar
| soleucine lle I Neutra | Hydrophobic | Nonpolar
Lysine Lys K Basic Hydrophilic Polar
Leucine Leu L Neutra | Hydrophobic | Nonpolar
Methionine Met M Neutra | Hydrophobic | Nonpolar
Asparagine Asn N Neutral Hydrophilic Polar
Proline Pro P Neutra | Hydrophobic | Nonpolar
Glutamine GIn Q Neutral Hydrophilic Polar
Arginine Arg R Basic Hydrophilic Polar
Serine Ser S Neutra Hydrophilic Polar
Threonine Thr T Neutra Hydrophilic Polar
Valine Vval \ Neutra | Hydrophobic | Nonpolar
Tryptophan Trp w Neutral | Hydrophobic | Nonpolar
Tryosine Tyr Y Neutral Hydrophilic Polar

1.2. TheProtein Folding Problem

Widely believed dogma of structural biology states that the three
dimensional (3D) structure of a protein is a prerequisite for its biological
function. The structure — function paradigm has been given as [Romero et al.,
2000];

AA 3D .
—> —> —
DNA —» mRNA Lence structure Function

The tenet has been arisen more than 100 years ago with Fischer’s “lock
and key” model or Koshland's “induced fit” theory in which both the enzyme and
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its substrate have fit to each other with the complementary 3D shapes like a lock
and key in order to fulfil enzymatic behaviour [Fisher, 1894] [Koshland, 1958].

The functional form of a protein is named as “the native state”; on the
other hand, the loss of functional activity exhibits “the denatured state” of the
protein. Generally the loss of function is associated with the lack of specific 3D
structure [Mirsky and Pauling, 1936].

Due to the influence of structure in protein function, it is also a need to
study structural prediction. The breakthrough that structure (also referred to as
‘the fold’) is uniquely determined by the sequence has been made by Christian B.
Anfinsen in the mid 1950’'s and this brought his outstanding success as the 1972
Nobel Prize in chemistry [Anfinsen, 1973]. Afterwards, tremendous efforts have
been performed by experimental and computational methods on that challenge,
which has come to be widely known as the “The Protein Folding Problem”. The
goal of the studies on solving the problem is mostly the determination of protein
structures, and so functions, and provides insights for the projects on drug
discovery and gene finding.

1.3. TheProtein Non-Folding Problem

At the end of 1970s, researches on structural/functional analysis indicated
that some protein segments remain unfolded in their native states. Contrary to the
structure — function paradigm, several protein regions that fail to fold into a fixed
3D structure under physiological condition, yet exhibit function; have been
discovered by the experimental methods such as X-Ray crystallography, Nuclear
Magnetic Resonance (NMR) spectroscopy and Circular Dichroism (CD)
spectroscopy.

Over the years, many proteins have been found to contain these
unstructured regions and to play crucial role in a variety of functions including
DNA binding, cell signaling and protein modification [Dyson and Wright, 2005].
It has been shown that the proteins can also be entirely disordered. Currently
these proteins are generally referred to as “natively unfolded” or “intrinsically
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disordered” [Dunker et al., 2000]. Different combinations of natively/intrinsically
with unfolded, unstructured or disordered can also be given as alternative terms
of such proteins that have been used in the literature. Figure 1.4 shows the

structure of calcineurin protein as an example of disordered proteins.

CALCINEURIN
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=
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Figure 1.4. The structure of calcineurin [Kissinger et a, 1995: from DisProt].

In the prior work of Dunker and colleagues, they have pointed out the
functional importance of the type of proteins [Dunker et. al, 1997]. Moreover,
many studies have also emphasized the importance and the necessity of the
intrinsically disordered proteins for functionality. For instance, it has been
elucidated that their flexible conformation enables them to form complexes with
several different targets via disorder-to-order transitions upon binding as in
enzyme binding with substrate, and protein binding with RNA/DNA/protein
[Romero et al., 1997] [Obradovic et al., 2003]. These findings have prompted
researchers to re-assess the protein structure — function paradigm. The
requirement was mentioned firstly by Wright and Dyson in 1999 [Wright and
Dyson, 1999].

Afterwards, Dunker et al. have proposed the Protein Trinity model that a
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particular protein function may arise from any one of three structural states of a
protein or transitions between them (Figure 1.5) [Dunker et al., 2001a]. The three
state of protein folding have been known as the ordered state, molten globule and
random coil where molten globule-like and random coil-like forms have been
defined as collapsed—disorder and extended—disorder, respectively. Hence, wholly
or locally unstructured proteins can also be in a functional (native) form in

contrast to the view of “function requires structure”.

Ordered

7\

Molten — 3 Random
Globule €<— (Coil

Figure 1.5. The Protein Trinity Model [Dunker, 2001b].

In 2002, the trinity model was widened according to the acceptance of
“pre-molten globule” as a distinct conformational state in protein folding
[Uversky, 2002]. A protein in the state is segregated from the others by several
characteristic properties such as secondary structure content, all-or-none
transition conduct and size of compactness.

The alternative proposal was introduced by Uversky as “The Protein
Quartet Model” in which the biological activity, henceforth, includes the pre-
molten globule state and also transitions from one to any other (Figure 1.6).

Ordered

Molten Pre-molten
Globule Globule
Random /
Coil

Figure 1.6. The Protein Quartet Model [Uversky, 2002].
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Recently, it has been confirmed that some disordered proteins can also
involve in several diseases such as Alzheimer disease, Parkinson disease and
certain types of cancer [Williams et al., 2001] [Galzitskaya et al., 2006].
Therefore, studies on structural identification of intrinsically disordered proteins
have been thought to be an aid in drug design, protein expression and functional
recognition. Due to their significance, dealing with structural identification of the
proteins that was named as “The Protein Non-Folding Problem”, have gained
growing interest in structural bioinformatics [Li et al., 2000].

In accordance with the studies on protein folding problem, disordered
regions have also been identified by using experimental methods. In X-ray
diffraction, missing electron density indicates disorder. In NMR, disorder is
revealed by sharp peaks or the negative values of N-H heteronuclear Nuclear
Overhauser Effect (NOE) measurements. CD utilizes UV spectra in order to
identify disorder by low intensity wavelength. The method does not give residue-
by-residue basis information but provide secondary structure estimation [ Tompa,
2002]. Each method has its own pros and cons in characterization of disorder due
to the quality of being able to examine different aspects of protein structure. For
instance, because of its lack of regular secondary structure, aloopy protein can be
identified as a disordered protein by CD spectroscopy analysis. A wobbly ordered
region could be misclassified in X-ray crystallography. NMR has difficulties in
discerning the molten globules from the random coils [Romero et al., 2001].

Because of the constraints, it is desirable to confirm or to reinforce the
experimental results by multiple methods. Besides, experimental methods are also
guite expensive and time-consuming as mentioned before. Thus, alternatively,
several computational methods have been suggested for disorder prediction based
on the amino acid sequence [Romero et al., 1997] [Garner et al., 1998]
[Obradovic et al., 2003] [Weathers et al., 2004] [Coeytaux and Poupon, 2005]. It
has been shown that the amino acid properties can be used as a discriminator for
characterizing disorder. For example, Uversky and co-workers have proposed that
a low mean hydrophobicity combined with relatively high mean net charge is a
significant indicator of disorder [Uversky et al., 2000].



1. INTRODUCTION frem ERSOZ KAYA

1.4. Machine Learning in Bioinformatics

Machine learning is a field of research concerning the design and
development of computational algorithms and techniques that have the learning
ability to solve complicated problems. Machine learning techniques are ideally
used for extracting the complex relationships and correlations hidden in large data
sets. Therefore, the methods are well suited for typically multidimensional and
noisy, and complex data of computational biology.

Machine learning approaches can be applied in two distinct manners:
supervised learning and unsupervised learning.

In supervised learning, training requires the corresponding labels of given
input objects to achieve classification or regression of the unseen instances. The
task of the machine is to find the correct class label (in classification) or real
number output (in regression) of the query via the generalization of the training
data. The supervised information enables the learning machine to detect
misclassifications to use it as a feedback. Artificial neural networks like
Generalized Regression Neural Network (GRNN) or satistical methods like
Logistic Regression (LR) can be cited as examples for supervised learning, i.e.
classification, techniques. Classification is generally referred to as a supervised
learning approach.

On the contrary, unsupervised learning approaches do not utilize a
supervisor. Training is executed based on a heuristic search for interesting and
reasonable features of unlabeled data. Clustering and dimensionality reduction are
the main targets of the analysis.

Clustering is a process by which samples that are logically similar in
characteristics are grouped together and by which dissimilar samples are
separated from each other, whereas classification process associate each sample
with an appropriate response (Figure 1.7).

10
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Figure 1.7. Clustering process versus classification process.

There are two basic types of clustering: partitioning and hierarchical. In
partitioning, the data is partitioned into a pre-defined number of k mutually
exclusive and collectively exhaustive groups. The allocation of the samples to
appropriate groups iteratively continues until some convergence criterion is
provided, e.g. no more reassignments occur. For instance, K-means and Self
Organizing Maps (SOM) clusters the data via partitioning by using unsupervised
learning. In hierarchical methods like Hierarchical Clustering, a tree (called a
dendrogram) is produced with individual elements at one end and a single cluster
containing every element at the other. A clustering at a selected precision is
provided via cutting the tree at a given depth.

In machine learning applications, the curse of dimensionality is a common
problem that might be a factor of degradation in the performance of a given
learning algorithm as the number of features increases [Bishop, 1995].
Consequently, it might be necessary to use models that perform dimensionality
reduction for high dimensional data sets. The reduction techniques are often used
as a data pre-processing step to simplify the data so that a suitable low-
dimensional representation of the original high-dimensional data set can be

identified. Dimensionality reduction can be performed by selecting a relevant

11
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subset of the existing features, known as feature selection or transforming to a
new reduced set of features, known as feature extraction. The choice of strategies
differs respective of whether the learning process is supervised or unsupervised.
The most popular feature extraction method is the Principal Components Analysis
(PCA) which is an unsupervised feature transformation technique. On the other
hand, a supervised feature selection can be performed by the Stepwise Logistic
Regression Analysis.

Artificial Neural Networks (ANNs) are computational paradigms that have
an amazing capacity to actually learn from input data, inspired by the way the
biological nervous system in the brain processes information. A neural network is
composed of highly interconnected processing units or artificial neurons. These
units are joined together with weighted connections that are similar to synapses of
the brain. The neural network architecture consists of three or more layers of
neurons that fully connect to consecutive layer neurons in which each connection
is associated with numerical weights [Sarle, 1994]. The input exemplars from
previous neurons are processed through the weighted sum and then transmitted to
another neuron via a transfer or activation function as an input [Jordan and
Bishop, 1996]. This process is repeated after the modification of the weights until
the errors between the predicted and expected output values are minimized
[Lippmann, 1987]. This iterative modification known as training, characterize the
learning ability of ANNSs. The goal of the training is to reach an optimal solution
based on a performance measure.

12
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2. RELATED WORKS

Since experimental analyses are quite expensive, complex and time-
consuming, the statistical modeling, data mining and neural network research on
genome informatics (bioinformatics) have advanced very rapidly in recent years.
Owing to the benefits of recognition, generalization and classification, machine
learning techniques, especially artificial neural networks, are well suited for
structural genomic studies.

Specifically, the rapid pace of genomic sequencing and thus the abundance
of the sequence data have motivated the studies on structure prediction of the
proteins from their amino acid sequences. Although the ultimate goal is to predict
3-D structure, 1-D predictions such as secondary structure or solvent accessibility
predictions have a great interest for researchers because of being an intermediate
step on the way to predicting 3-D structure. Moreover, the approaches for
prediction of 3-D from sequence are frustrated by high complexity of protein
structure formation [Rost, 1998]. The prediction of disordered proteins (per
protein) or disordered regions (per-residue) is also a 1-D prediction problem and
an important tread for structural analysis and functional characterization of the
protein [Uversky, 2005].

As the first application of the computational and statistical studies on
structural predictions, Krigbaum and Kuntton used the multiple linear regression
analysis for prediction of secondary structure [Krigbaum and Kuntton, 1973: from
Cai et al., 2003]. This attempt continued with Chou and Fasman. They achieved a
three-state (Q3) accuracy of 52% with their well-known statistical algorithm that
is based on the frequencies of the secondary structure types [Chou and Fasman,
1978]. Neural network applications on structural studies were started with Stormo
et al. via using perceptron-learning algorithm developed by Rosenblatt in the late
1950's to distinguish ribosomal binding sites from non-binding sites [Stormo et
al., 1982]. Early genome informatics applications mostly involved the use of
perceptron or backpropagation networks [Wu and McLarty, 2000].

In 1988, Qian and Sejnowski attempted to predict protein secondary

13
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structure conformation (a-helix, b-sheet and coil) of non-homologous data set by
using neural networks models [Qian and Sejnowski, 1988]. They applied the
sliding window approach to pre-process the non-homologous protein sequence
data with neural network application and achieved 64.3% success rate on
prediction.

Up to the last decade of the 20th century, the accuracy of secondary
structure prediction did not exceed the level of about 65%. A significant increase
in performance was obtained by Rost and Sander surpassing 70% via the use of
evolutionary information of proteins [Rost and Sander, 1993]. They verified the
prediction performance of two-layered feed forward neural network by 7-fold
cross validation, concluding with 70.8% accuracy. In 1994, Rost and Sander used
a similar method to predict the relative solvent accessibility in either of two
states, buried or exposed. Solvent accessibility prediction has been thought as
another intermediate step on the way to predicting 3D structure as well as
secondary structure prediction. Afterwards, Rost proposed a method, called PHD
(Profile network from HeiDelberg) that consisted of two level structure-to-
structure network, both designed according to three-layer back propagation
procedure [Rost, 1996]. The network input was comprised of the amino acid
residue frequencies and 13 amino acid length sliding window of the HSSP
alignments. Recently, the methods of Rost et al. have been known as PHDsec and
PHDacc.

As the field continues to develop, researchers broaden the choices of
neural network architectures and other statistical methods. Krogh and Riis made
another study on protein structure prediction. They applied structured neural
networks and multiple sequence alignment with an accuracy of 80% [Krogh and
Riis, 1996]. In 1999, Jones et al. applied a two stage neural network based on the
position specific scoring matrices (PSSMs) to predict the secondary structure of a
protein [Jones, 1999]. Position specific scoring matrix profiles obtained from Psi-
Blast execution involves the evolutionary information with the level of position
conservation. The method, named PSIPRED, achieved an average Q3 score
between 76.5% and 78.3% which is the highest score within the published results

14
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of any method to date. Ward et al. used PSSM profiles to train Support Vector
Machines (SVMs) for secondary structure prediction [Ward et al., 2003]. The
average three-state prediction accuracy per protein (Qs) was estimated by cross-
validation to be above %77.

Since amino acid sequence attributes have been widely used for
determining protein structure, it has been theorized that the sequence would also
determine disorder, as well. Thus, alternative to experimental methods, several
computational methods have been suggested for disorder prediction based on the
amino acid sequence. Mostly preferred machine learning techniques can be given
as neural networks [Romero et al., 1997] [Romero et al., 1998] [Garner et al.,
1998] [Li et al., 1999] [Li et al., 2000] [Dunker et al., 2000] [Romero et al., 2000]
[Romero et al., 2001] [Vucetic et al., 2001] [Obradovic et al., 2003] [Linding et
al., 2003a] [Vucetic et al., 2003] [Jones et al., 2003] [Radivojac et al., 2004]
[Yang et al., 2005] [Cheng et al., 2005] [Peng et al., 2005] [Peng et al., 2006] and
support vector machines [ Shimzu et al., 2004] [Weathers et al., 2004] [Peng et al.,
2006] [Shimzu et al., 2007]. In majority of the studies, the input patterns have
been mostly derived from a variety of sequence properties such as flexibility,
amino acid frequency, complexity, charge, and secondary structure that
characterize disorder.

To improve the quality of prediction, it has been recently made efforts to
find more useful features and to develop more robust predictors [ Garbuzynskiy et
al, 2004] [Shimzu et al., 2004] [Dosztanyi et al., 2005] [Shimzu et al., 2007]. For
instance, Jones et al. demonstrated in their study that using the position specific
scoring matrices (PSSMs) within a defined length of window can improve the
accuracy of predicting its disorder attribute [Jones and Ward, 2003].

Eventually, specific disorder prediction tools have been developed such as
PONDRs, DiseMBL, GlobPlot, DISOPRED2, Foldindex, RONN, DisPRO,
PreLink, DisSPSSMP.

The first tool designed specifically for prediction of protein disorder was
PONDR (Predictor of Naturally Disordered Regions) called XL1 [Romero, 1997].
The trained feedforward neural network model achieved 58% prediction accuracy

15
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by using only 7 X-ray characterized partially disordered proteins. Prediction was
based solely on the frequencies of 8 amino acid sequences (His, Glu, Lys, Ser,
Asp, Cys, Trp and Tyr) and two average attributes. Subsequently, a series of
PONDRs were constructed, and overall prediction accuracy ultimately exceeded
the level of 80%. PONDR VLXT reached 70% prediction accuracy by integrating
their three initial neural network predictors, VL1, XN and XC. VL1 was trained
on 25 variously characterized disordered proteins and gave an accuracy of 64%
[Romero et al., 2001]. XN and XC were proposed as N- and C- terminal
predictors [Li et al., 1999]. The overall accuracy of the most recent PONDR
predictors (VL3 series) ranges from 79% to 83% with a Win size of 41 and Wout
sizes ranging from 1 to 121 [Peng et al., 2005]. They attained this significant
improvement by adding the feature of evolutionary knowledge.

DisEMBL provides a method based on artificial networks trained for
predicting three different definitions of disorder. The method was used with all
three types of disorder which are hot loops, coils and REMARKA465, named as
EMBL (hot), EMBL (coil) and EMBL(465) [Linding et al., 2003a]. REMARK 465
contains the regions that lack electron density in crystal structure. Hot loops
indicate highly mobile loops where coils are the regions that have no regular
secondary structures. The most accurate result for the prediction of hot loops was
correct prediction of 64%. The method is publicly accessible as a web server at
http://dis.embl.de.

Linding et al. designed a model, called GlobPlot based on amino-acid
propensities for disorder/globularity [Linding et al., 2003b]. They proposed a new

scale for propensities, named Russell/Linding to be either in regular secondary
structures (a-helices or b-strands) or outside of them (‘random coil’, loops, turns

etc.). GlobPlot is a web service at http://globplot.embl.de that allows the user to

plot the disorder/globularity tendency of a query protein. At a specificity of 88%
we obtained a sensitivity of 28%.

Linear support vector machines based on a local amino acid sequence was
trained in the DISOPRED2 method [Ward et al., 2004a]. Missing residues from
the electron density map were defined as disordered regions to form the data set.
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A sequence profile derived from a PSI-BLAST search was used to construct the
input vector for each residue within the window length of 15. Testing results was
given with a ~93% accuracy. DISOPRED2 can be downloaded from the web site
at http://bioinf.cs.ucl.ac.uk/disopred/ [Ward et al., 2004b].

Uversky and coworkers proposed that a low mean hydrophobicity

combined with relatively high mean net charge is a significant indicator of
disorder [Uversky et al., 2000]. The web-based implementation of the algorithm,
named as Foldindex is served at http://bip.weizmann.ac.il/fldbin/findex by
Prilusky et al [Prilusky et al., 2005]. In the per-sequence prediction method, 30

proteins from among the 39 intrinsically disordered proteins were correctly
assigned with the label of “disordered” while 15 thru 151 ordered proteins were
correctly classified as “ordered”. The overall accuracy was reported as 83%.

Yang et al. proposed a novel model, Regional Order Neural Network
(RONN), for prediction of disordered region based on the alignment scores of the
windowed sequences against a series of sequences of known folding state [Yang
et al., 2005]. In RONN, the determined distances from a subset of well-
characterized prototype sequences are used to train a neural network for
classifying the query sequence as ordered or disordered. They created a data set
through the proteins from BDP by applying some filtering applications. 80
proteins of the data set were reserved for main testing; the remaining sequences
were used for training and validation. Another test set was derived from 79
completely disordered proteins and 80 completely ordered proteins. The method
achieved the testing accuracies of 0.849% and of 0.789% for the main testing set
and for the other, respectively. RONN is avalable at
http://www.strubi.ox.ac.uk/RONN.

DISpro is a 1D-recursive neural network method that involves the use of
evolutionary information incorporating the predicted secondary structure and
relative solvent accessibility [Cheng et al., 2005]. The proteins used for training
and testing were extracted from the PDB. They used only the proteins that were
solved by X-ray crystallography with a resolution better than 2.5 A. All proteins
were required to be at least 30 residues long. Disordered regions were determined
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according to missing residues of ATOM records in PDB. Sensitivity result was
given as 75.4% and the specificity was 38.8%.
PreLink is a method that relies on compositional bias and low hydrophobic

cluster content and is accessible at http://genomics.eu.org/spip/PreLink. In this

method, a linker set was created by aligning the BDP proteins with its
corresponding Swiss-Prot record and extracting non-aligned regions. The
resulting segments were classified by their position as N-terminal, C-terminal or
inner fragments. The prediction involved using three values obtained from the
calculation of the amino acid distributions in structured and unstructured regions,
of the probability that a given sequence fragment be part of either a structured or
an unstructured region, and of the distance to the nearest hydrophobic cluster of
each amino acid [Coeytaux and Poupon, 2005]. PreLink correctly predicted
59.9% of the N-terminal fragments, 70.5% of the C-terminal fragments and
61.1% of the inner fragments.

Su et al. used condensed position specific scoring matrix profiles by
merging associated columns of the matrix concerning the several
physicochemical properties of amino acids, called PSSMP [Su et al., 2006]. The
training data set that contained totally 336880 residues was collected from the
Protein Data Bank and DisProt Database. They achieved rather successful
predictions for two distinct test sets via training a Radial Basis Function (RBF)
neural network based on their proposed PSSMP patterns. In the study, the same
testing sets were used as with the study of Yang et al. The sensitivity of 0.767 and
the specificity of 0.848 were given for the prediction results of the main test set
while the obtained scores on testing the other set were 0.825 and 0.765.
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3. MATERIALSAND METHODS

In the problem of predicting disordered regions, the first step isto prepare
a data set for training machine learning techniques and for measuring their
prediction performances. In the study, two data sets were constructed. The one
has been used as the main data set and the other has been used as blind testing.

To evaluate the proposed method, several applications were performed.
Firstly, a series of evaluations and validations have been performed for finding
the setting values of the method. Afterwards, to compare the performances of the
method, Border Vector Detection and Adaptation (BVDA), Learning Vector
Quantization (LVQ) and Generalized Regression Neural Networks (GRNN) were
utilized as machine learning techniques. For the second comparison, the existing
tools of disorder predictor in literature were used. PONDRs, DisEMBL, GlobPlot,
DISOPRED?2, Foldindex, RONN, DisPRO, PreLink and DisPSSMP were chosen
for this aim. These tools have been mentioned in literature review. Finally, the
effect of dimension reduction to performance was investigated with Principal
Component Analyse (PCA) and Logistic Regression (LR)

3.1. Data Sets

Although the regions of the proteins whose structure is specified by X-ray
crystallography in Protein Data Bank /PDB with missing electron density can be
classified as possible disorder regions, it has no certainty. The unobserved
residues in the structure obtained at the end of X-ray diffraction, may arise from
the technical malfunctions or measurement errors during the experiment (Protein
Data Bank). Hence, it can be insufficient to use only this criterion in selecting the
disordered proteins for the training set in terms of reliability. Due to this
reasoning, proteins that were used and verified in previous studies were preferred
in this study for composing the data sets. In this study, 3 protein sets from

different studies were used for training and validation processes.
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Yang et al. organized a data set including 80 proteins to test the prediction
accuracy of Regional Order Neural Network / RONN that they developed.
[Yang et al., 2005]. This data set was constituted through the analysis of
all entries obtained by NMR and X-ray crystallography in the Molecular
Structure Database/MSD [Boutselakis et al, 2003]. For each MSD entry;
the residue of the sequence observed in ATOM coordinate records in PDB
is aligned with both the SEQRES records providing protein sequences and
corresponding UniProt sequences. In this way, the unseen regions could be
detected. 7327 entries were obtained considering unobserved regions
containing at least 5 consecutive residues. These entries were divided into
two as the ones having more than 20 consecutive unobserved residues
(long set, 1573) and the others (short set, 5754). The long set received 872
entries after the filtering applications like the extraction of multi
component complexes, the preference of only the highest numbered
sequence within the same 3-letter code entries, the selection of the
residues which have not been observed in other chains for entries
containing multiple chains. Then, by using CD-Hit program, the ones with
more than 70% sequence identity among the remaining proteins were
eliminated. [Li et al, 2001]. Consequently Yang et al. used randomly
selected 80 proteins from these entries as the basic test set. The
composition of the data set called D80 in our study is shown in Table 3.1.

Table 3.1. The composition of D80 data set.

2.

D80
Number of Chains 80
Number of Ordered Regions 151
Number of Disordered Regions 183
Number of Ordered Residues 29909
Number of Disordered Residues 3649
Tota Residues 33558

Data set with 80 completely ordered proteins were obtained from
PONDR® website by Yang et al (retrieved in February 2003). Romero et
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al. developed this data set in 2001 for the PONDR studies from their non-
redundant database, named as O PDB_Select 25 that was created by
using PDB_Select_25 database [Romero et al., 2001]. PDB_Select 25isa
database that contains one protein sequence representing each protein
group in PDB [Hobohm and Sander, 1994]. By extracting only the ordered
sequences from this database, O_PDB _Select 25 database was created.
The composition of the completely ordered data set, called CO80 in this
thesis is shown in Table 3.2.

Table 3.2. The composition of CO80 data set.

CO080
Number of Chains 80
Number of Ordered Regions 80
Number of Disordered Regions 0
Number of Ordered Residues 16568
Number of Disordered Residues 0
Total Residues 16568

3. In the study conducted by Uversky et al. in 2000, they reported 91
completely disordered proteins defined through spectroscopic methods in
the literature [Uversky et al, 2000]. These proteins ranging in size between
50 and 1827 were stated in the literature as having the chemical shifts of a
random-coil in nuclear magnetic resonance and/or lacking of regular
secondary structure detected by circular dichroism/CD or fourier transform
infrared  spectroscopy/FTIS and/or showing close hydrodynamic
dimensions to a polypeptide chain under physiological conditions. In the
studies, Uversky et al. pointed out that the proteins were not in ordered
structure via low mean hydrophobicity and relatively high net charge
relation. In this thesis, 79 out of 91 proteins in certainly disordered
structure were used [Yang et al, 2006]. The composition of the completely
disordered data set called CD79 in this study is shown in Table 3.3.
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Table 3.3. The composition of CD79 data set.

CD79
Number of Chains 79
Number of Ordered Regions 0
Number of Disordered Regions 79
Number of Ordered Residues 0
Number of Disordered Residues 14462
Tota Residues 14462

From the 3 chosen protein sets, 2 data sets with different characteristics
were constructed. The first data set was created by using D80 protein set which
contains disordered regions and thus having an unbalanced distribution. This set
was used as blind test set for comparing the success of the proposed method with
existing predictors. The second set was developed by balancing equal amounts of
completely ordered (CO) and completely disordered (CD) protein data sets,
named as COD159. The data set was used for training and testing of the methods
to measure the performances.

3.2. Data Representation

In order to develop successful models in estimating the protein structure, it
is beneficial to consider amino acid neighboring in knowledge representation
[Dunker et al., 2001]. For this reason, the information about an amino acid in ith
position of a protein is used together with the amino acids surrounding it.
According to this, all amino acids' knowledge in a k residue length window is
included to represent the central amino acid of the window. Through sliding the
window, all residues in the protein are scanned in order to extract information for
each sequence position [Qian and Sejnowski, 1988]. However, inclusion of each
amino acid individually in the window causes a curse of dimensionality [Bishop,
1995]. Besides, using 20bits of binary representation for these amino acids
enlarges this problem. In order to avoid this dimensionality problem, it has been
preferred to use the real value representations of amino acids and the average
information of all the amino acids within the window [Dunker et al., 2001] [Peng
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et al., 2005]. In this way, each feature is represented by only one attribute in a
pattern. This also removes the dependency on the window size. For n attributes,
an n-dimensional pattern is created for a given position of protein and labeled
with the class of the corresponding amino acid at that position. Here, class label
can take the value of ordered or disordered.

The estimation of disordered regions is considered as a binary
classification problem. The per-residue prediction values obtained by the
computational learning methods, take the value of “1” for ordered or “0” for
disordered. In this study, new patterns of amino acids in the data sets were
constructed in 3 different manners as training inputs for machine learning
methods.

The first step for obtaining network input is to create initial profiles for
each amino acid of all proteins in the data set by means of the sliding window
technique. The centre of a window, with a size of an odd number, is placed
targeting an amino acid and starting from the first residue; this is repeated by
sliding one residue to the right until the end of sequence, thus all residues of a
sequence are treated. In this study, the size of the sliding window was determined
as 21 by considering the references [Linding et al., 2003a] [Dosztanyi et al.,
2005]. N and C terminals of proteins can cause bias as they have tendency to be
disordered [Li et al, 1999]. For this reason, the regions of the protein remaining
outside the window with a number of (w -1)/2 amino acids from the beginning
and from the end were excluded.

Previous studies have shown that the several physicochemical properties
of amino acids can be used for distinguishing disorder. Therefore, in the next
step, by using property, composition and evolution values of the amino acids in
the window, input profiles were constructed for each residue within a protein
sequence. Then, these profiles were combined to derive an input pattern. The
pattern attributes are named as X(i) where i is the attributes number.

Finally, for each attribute, the values of the input patterns were re-scaled

between 0-1 with min-max normalization technique (Equation 3.1).
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V- min : i
V'=———A __(new_max,- new_min,)+new_min, (3.1
max ,- min,,

where v' is the new scale value for an attribute. new_min, and new_max, are
given as the expected minimum and maximum values respectively, here 0 and 1.
min, and max, get the minimum and maximum values of an attribute in the data

Set.

3.2.1. Property-Based Profiles

In the thesis, 49 property scales of amino acids from AAlndex and from
different references were used for constituting property-based profiles. The 6
known scale values of physicochemical properties of amino acids obtained from
AAlndex are given in Table 3.4 [Lise and Jones, 2005] [Xie et al, 1998]
[Williams et al., 2001] [Radijovac, 2003]. In the table, the scales have been
presented as, Hydro: Hydrophobicity [Kyte and Doolittle, 1982], Flexi:
Flexibility [Vihinen et al.,1994], Bulki: Bulkiness [Zimmerman et al, 1968] Pol:
Polarity [Grantham, 1974] , Alpha: Alpha Helix Propensity [Koehl-Levitt, 1999]
and Beta: Beta Helix Propensity [Koehl-Levitt, 1999]. The contents and the
references of all properties and their scale values are given in Appendix A.

The calculation of Xipop attributes for ith position residue of a sequence
with length N within the window of length w is given in Equation 3.2,

=

X

Qo

prop, (3.2)

iprop =

S|+

j=wg

wherew, =i- (w-1)/2, w, =i+(w-1)/2, prop, is the scale value of a given

property for the amino acid at position j.
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Table 3.4. The scale values of 6 different physicochemical properties of amino acids.

AA | Hydro | Flexi | Bulki Pal Alpha | Beta
1.8 0.36 115 8.1 | -0.040 | -0.120
C 25 035 | 1346 | 55 0.570 | -0.630
D -3.5 051 | 1168 | 130 | 0.270 | 1.120
E -3.5 0.5 1357 | 123 | -0.330 | 0.910
F 2.8 0.31 19.8 5.2 0.010 | -0.670
G -0.4 0.54 34 9.0 1.240 | 0.760
H -3.2 032 | 1369 | 104 | -0.110 | 1.340
| 4.5 0.46 214 52 | -0.260 | -0.770
K -3.9 0.47 15.7 11.3 | -0.180 | 0.290
L 3.8 0.37 21.4 49 | -0.380 | 0.150
M 1.9 0.3 16.2 57 | -0.090 | -0.710
N -35 046 | 1282 | 116 | 0.250 | 1.050
P -1.6 0.51 17.4 8.0 0.000 | 0.000
Q -35 049 | 1445 | 105 | -0.020 | 1.670
R -4.5 053 | 1428 | 105 | -0.300 | 0.340
S -0.8 0.51 9.47 9.2 0.150 | 1.450
T -0.7 044 | 15.77 8.6 0.390 | -0.700
V 4.2 039 | 2157 59 | -0.060 | -0.700
W -0.9 0.31 21.67 54 0.210 | -0.140
Y -1.3 042 | 18.03 6.2 0.050 | -0.490

As the final property-based attribute, the measure of sequence complexity
called K2 entropy was used in the thesis [Wootton and Federhen, 1996].
Complexity is a measure which shows how many different ways a sequence can
be rearranged [Weathers, 2004]. It has been demonstrated that low complexity
regions are more likely to be disordered than ordered [Peng et al., 2005] [Romero
et al., 2001]. Shannon’s K2 entropy, Xikz value over a window was calculated

from the 20 amino acid frequencies, X, within the window (Equation 3.3).
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20
Xy, =- A X, log, X, (3.3)

a=1

Consequently, 50 attributes of an input pattern were derived from the
property-based profile.

3.2.2. Composition-Based Profiles

In the construction of composition-based profiles, first order statistics of
20 known amino acids and compositions for 30 different property groups of
amino acids within the window were examined.

The attendance of each known 20 amino acids within the window, a | {A,
C,D,E,F,G H I,K,L,M,N,P,QR,ST,V,W, Y}, constitutes the first 20
attributes of the profile. The next 30 attribute values of the profile are derived
from the frequency of the specified amino acids belong to the same property
groups in a given window (Appendix A). A total of 50 attributes constitutes a
composition-based profile.

For the ith position residue of a sequence with length N, the calculation of
Xia attribute value corresponding to an amino acid within the window of length w

is given in Equation 3.4.

W a (3.4)
where w, =i- (w-1)/2 and w, =i+(w-1)/2, P, =1 if amino acid a is at position
j, otherwise P, =0.

Similarly, an attribute value of a group composition is calculated by
averaging the numbers of amino acids which pertain to a given property group

within the window. For instance, according to Table 1.1, the sum of X, values of
amino acids which have hydrophobicity feature, al {A, 1, L, M, F, P, W, V, G},
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provides the Xi(property) attribute value of the property group (Equation 3.5).

Xi(hydrophobicity) =Xiat Xij+ Xij+ Xim+ Xig+ Xip+ Xiwt+ Xiv+ X|g (35)

Here, net charge value for a residue should be calculated considering the
sign of that amino acid. Based on this, the number of negative charged amino
acids, a | {D, E}, is subtracted from the number of positive charged amino acids,
al {K, R}, (Equation 3.6).

Xi(net charge) =Xik+ Xir- Xip- Xie (3.6)

3.2.3. Evolution-Based Profiles

It was shown that the use of evolutionary knowledge improves the
accuracy of disorder prediction. [Jones and Ward, 2003] [Ward et al., 2004a] [Su
et al., 2006]. Therefore, position-specific scoring matrices (PSSM) generated by
PSI-BLAST search were used to construct evolution-based profiles in the study.

PSI-BLAST provides a measure of residue conservation in a given
position [Altschul et al., 1997], and returns 20 dimensional vector representing
probabilities of conservation against mutations to 20 different amino acids. Thus,
for a sequence of length N, an Nx20 matrix called PSSM is formed. PSI-BLAST
search was performed against a filtered non-redundant sequence database,
Uniref100 with 3 iterations by using “blastpgp” program.

The moving-average approach was used for obtaining evolution-based
profiles as in construction of the other profiles to avoid the curse of
dimensionality. The 20 columns of the matrix were averaged over the input
window, resulting in the second set of 20 features.

For the ith position residue of a sequence, X, attribute is calculated as
given in Equation 3.7.
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E -
7 oz

(3.7)

where Mj, is the PSSM element at residue (row) j for the column of a amino acid.

The procedure is given in Figure 3.1.

Sequence
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ARKGVNPQTRKPITIPERKVPKFKPGKALKEKVK
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Figure 3.1. The constructing of PSMM profile of a protein within a given window.

3.3. Performance Assessment

There are many measures for quantifying the prediction accuracy in a
binary classification problem, herein order and disorder. Four widely used indices
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can be given as Sensitivity, Specificity, Accuracy and Matthew Correlation
Coefficient [Melamud and Moult, 2003] [Yang et al., 2005 /RONN] [Su et al.,
2006]. The definitions of the measures are given by the following equations
(Equation 3.8 — Equation 3.11);

___(TP+TN) (3.9)
Accuracy (Acc) (TP+FP+TN+FN)
Sensitivity (Sens)=—1"— (3.9)
TP+FN
L __TN 3.10
Foecificity (Spec) TN.FP ( )
(TP" TN- FP” FN) (3.12)

Matthews' Correlation Coefficient (Mcc) = JaPTFP) (FPTTN) (TN +FN)” (FN+TP)

where TP (true positive) is the number of correctly classified disordered residues,
TN (true negative) is the number of correctly classified residues which have the
ordered structure, FP (false positive) is the number of ordered residues
incorrectly classified as disordered and FN (false negative) is the number of
disordered residues incorrectly classified as ordered. Therefore sensitivity (Sens)
and specificity (Spec) represent the fraction of correctly identified residues as
disorder and order, respectively [Wu and McLarty, 2000]. The correlation
coefficient, introduced by Matthews, gives 1, 0 and -1 for perfect, random and
completely wrong predictions, respectively.

Although the matthews correlation coefficient provides a much more
balanced evaluation of the prediction than the percentages, all three measures are
critically affected by the relative frequency of the target and they are not suitable
for the isolated evaluation. For example, in a situation in which all residues are
estimated to be disordered, taking a value of sensitivity equal to 1 yields a
specificity equal to 0. Then, accuracy is rather affected by the relative frequencies
of the two classes. A sensitivity of less than 50% but a specificity of more than
80% demonstrates an under-prediction of a predictor which has the tendency of
predicting order more than disorder.

Therefore, probability excess has been recommended as an unbiased
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measure for evaluating the performance of prediction by Yang et al. [Yang et al.,
2005]. Probability excess is independent of the relative class frequencies by
means of the evaluation of sensitivity and specificity values in cooperatively with
sensitivity + specificity — 1, that can be graphed by a plot of sensitivity versus
specificity. It is defined by Equation 3.12;

TPXTN - FPXFN (3.12)
(TP +FN)X(TN + FP)

Probability Excess (ProbEx) =

The values of greater than 0.5 reveal an acceptable prediction performance
in probability excess criteria. Here the value of 1 is also an indicator of a perfect
predictor. When the properties of all aforementioned evaluation measurements
are considered, it can be said that the probability excess can be assumed as a
more effective evaluation criteria; and accordingly it was the preferred measure to
evaluate the success rate of the methods in our study.

3.4. Pattern Dimensionality Reduction

It is not convenient for multicollinearity or correlation between variables
to exist at a significant level in estimation problems. This case may cause an
overestimate as in all classification models. To deal with the problem, it is
necessary to purify the data set from multicollinearity and to define the data set
with fewer variables. The purpose of pattern dimensionality reduction process is
to obtain the most appropriate purified data set for estimation.

In the investigation of the relationship between two or more variables, it is
impotant to find which factors have an impact on the result and which variables
have more effect among the variables. In the model, the affected variable is
named as dependent variable and the variables which affect are named as
independent variable.

Recently, being parallel to the changes in computer technology, there are
many techniques that provide opportunity to assess many variables together and
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to choose independent variables which explains the dependent variable best. In
the literature, there are many statistical techniques that serve this aim, such as
Classification and Regression Trees (CART), Multivariate Adaptive Regression
Splines (MARS), Logistic Regression (LR), Principal Component Analysis
(PCA).

In the study, Logistic Regression technique has been used for attribute
selection, and Principal Component Analysis has been used for attribute
extraction. The logic of attribute selection is to decrease data dimensionality by
eliminating some of the pattern attributes without causing any loss of information
in prediction. In the attribute extraction, the n-dimensional pattern attributes are
recombined by passing through a transformation process to constitute lower
dimensional patterns.

3.4.1. Principal Components Analysis (PCA)

Principal Components Analysis is a method that projects the multivariate
data onto the subspace spanned by a set of orthogonal vectors in order to perform
a dimensionality reduction while retaining as much of the available information
(variance) as possible [Haykin, 1994]. The analysis is mathematically defined as
the transformation of correlated variables of the data to a new set of uncorrelated
principal components (PCs). The first principal component encapsulates the
greatest variance among the other PCs. The second principal component is then
lying in the subspace orthogonal to the first so asto maximize the variation of the
projected data (Figure 3.2). The remaining components (if any) can be construed
in asimilar manner i.e. a PC is taken to be along the maximum variance direction
in the subspace orthogonal and therefore uncorrelated to the remaining
components. Hence most important aspects of the data are captured in the first
few PCs. Here, dimensionality reduction can be performed by ignoring the

remaining components of lesser significance.
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Dimension 2

Dimension 1

Figure 3.2. Two consecutive principle components for two dimensional data.

The starting point for PCA is to compute the mean for a given n

independent m dimensional sample vectors, X, :[x1 A xn]T where
j=(L 2, ..., n) and then subtracting the mean from each of the measurements X;
byY, = X, - m. Hence, zero mean i.e. E{ X} =0 is achieved.

For adata matrix Y (m x n) where each row represents the measurement of
a particular probe while each column corresponds to a set of measurements from
one repetition of the experiment, PCA linearly transforms each vector Y; into a

new vector T; by an orthogonal matrix P with T, = PY;.

Here the covariance matrix of T (C, =TT' =PC,P") is diagonalized by P

where the rows are the eigenvectors of covariance matrix of Y (C, =YY"). The

diagonal values of C' denote the variances of Y along their associated principal
components. The principal components of Y are the eigenvectors of YY' that are
sorted in the order of descending eigenvalues (largest first).

In order to perform the transformation, it is necessary to find the

eigenvectors, U, and the corresponding eigenvalues, |, where k=(, 2, ..., m)

such that U =P". The solution of the following equation by means of identity
transformation (1U, =U, ) gives the eigenvalues (Equation 3.13).

c,U, =l U, (3.13)
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To find the components of the eigenvectors, it is necessary to solve a
system of linear equations given in a matrix form that is obtained by substituting
the found eigenvalues in the above equation. The best low-dimensional space can
efficiently be determined by a few of the eigenvectors corresponding to the

largest eigenvalues.
3.4.2. Logistic Regression (LR)

Logistic regression provides a method that can describe a relationship only
between a dichotomous response variable (Y) which takes a value of binary and a
set of explanatory variables (x) in any types [Tabachnick et al., 2001]. That is,
logistic regression makes no assumption about the distribution of the independent
variables. In case of binary definition, the dependent variable can take only two
possible outcomes; 1, with a probability of success P and O, with a probability of
failure 1 —P.

In logistic regression, the probability of y =1 is given via a logistic

function (Equation 3.14).

1
P()/I _1) - 1+e - (b0+b1X]j +ooxoi + ... +bmxm')

(3.14)

where x;; are the independent variables of ith dependent variable y; (j=1, 2, ..., m)
and by, by, b, ..., b; are known as the regression coefficients which have to be
estimated from the data. The logistic regression model can be identified by the
logit (the logarithm of the odds) transformation (Equation 3.15).

logit(P) :|n§1%§: by +byx, +b,%, + .. +b_x. (3.15)

The unknown parameters f; are usually estimated by using the method of
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maximum likelihood. A maximum likelihood estimation procedure maximizes the
probability of getting the observed results given the fitted regression coefficients.
To determine whether a variable should be included in the model or eliminated,
logistic regression iteratively test the fit of the model after each coefficient is
added or deleted, called stepwise logistic regression. If no significant effect is
observed, then the resulting model excludes the variable. When no more variables
can be included to, or removed from, the model, the analysis has been completed.

In the study, during the stepwise selection, the Chi-square test was
performed to find the significance of the attribute’s effect on the model [Li et al.,
1999]. The significance level of 0.05 was used for choosing the attribute. The
threshold level for order or disorder predictions was set to be 0.5i.e. if P2 0.5,

then the residue was labeled as disordered; otherwise, ordered.

3.5. Computational M ethods

Border Vector Detection and Extended Adaptation (BVDEA) method was
proposed in the study. In addition the three methods, Generalized Regression
Neural Network (GRNN), Learning Vector Quantization (LVQ), Border Vector
Detection and Adaptation (BVDA) were also carried out for benchmarking.

3.5.1. Generalized Regression Neural Networks (GRNN)

GRNN introduced by Donald Specht in 1990 is a memory-based feed
forward neural network based on the estimation of Probability Density Function
(pdf) from observed samples using Parzen-window estimation [Specht, 1991]. It
approximates any arbitrary function (either linear or non-linear relationships
between input and output vectors), drawing the appropriate function estimate
directly from the training data. This approach removes the necessity to specify a
functional form of the estimation.

The method is a kind of regression network that utilizes a probabilistic
model between an independent vector random variable X (i.e. input) and a
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dependent scalar random variable Y (i.e. output). It will be assumed that x and y
are the particular measured values of X and Y random variables, respectively, and
g (X, Y) is the joint continuous probability density function of these random
variables.

A good choice for non-parametric estimate of the probability density
function g (as noted in Specht) is using the Parzen window estimator that is
proposed by Parzen and performed for multidimensional cases by Cacoullos.
Given a sample of n real d dimensional x; values for a scalar y; values, the
estimate of joint probability density is (Equation3.16):

o 1 18€ &(x-x) (x-x)8  &(y-y) y)
axy) = (zp)(d+l)/2 @+ na:. éexp o5 2 éexp 2 %(3 16)

where s is the window width of a sample probability and called smoothing factor
of the kernel [Y eung and Chow, 2002].

The expected value of Y given x (the regression of Y on x) can be given as
(Equation3.17):

+¥
OY.g(x,Y)dy
E[Y/x]=%5 (3.17)
O9(x,Y)dY
-¥

Substituting the joint probability estimate g(x, y) into the definition of the
conditional mean, E[Y/x] yields (Equation3.18):

& & exp(d,)f
y(x)=E[Y/x] =+ (3.18)
exp(d,)

QJ°:

i=1

where d; is the distance function between the input vectors and the centers
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recorded in the pattern nodes, which is given by Equation 3.19.

S Xg;(zx x) (3.19)

The estimate y (X) is thus a weighted average of all the observed y; valves where
each weight is exponentially proportional to its Euclidean distance from x.

3.5.2. Learning Vector Quantization (LVQ)

Learning Vector Quantization is a supervised classification algorithm
based on a comparison with a number of so-called prototype vectors [Kohonen,
1984]. The learning is executed by adjusting the vector positions in order to
describe optimal class boundaries.

LVQ applies a “winner takes all” approach and a nearest neighbor search
(in the Euclidean distance sense) during the competitive learning procedure. For
each training pattern, Xy, the nearest prototype, b, called “winner” isidentified by
Equation 3.20.

D;(%.b) = [x- b, j=1...m -
w:argmin{Dj} (3:20)

where mis the number of prototype vectors.

In classification, the data sample, X is assigned to the class according to
the class label of the closest prototype vector. If a data sample is correctly
classified (the labels of the winner vector and the data sample are the

same, Y, ! v, ), the winner vector is attracted towards the sample. If the vector is

incorrectly classified, the data sample has a repulsive effect on the vector.
The adaptation procedure of the winner vector h, is defined by the

nearest-neighbor rule as given in Equation 3.21.
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b, (t+1) =R, (®) £h(x, - I, (1)) (3.21)

where h is the learning rate parameter and the sign depends on whether the data
sample is correctly classified (+) or misclassified (—). The training algorithm
involves an iterative adaptation and terminates if the prototypes stop to change

significantly.
3.5.3. Border Vector Detection and Adaptation (BVDA)

The algorithm of the border vector detection and adaptation (BVDA) is
based on the approach which is defined as partitioning of the feature space by
using reference vectors selected from the training set [Kasapoglu et al., 2007].
The processing which is named as border vector detection forms the initial step.
In the next step, the selected vectors adaptation is made in a way that is similar
to the LVQ (Learning Vector Quantization) method [Kohonen, 1989].

In this method, class centers are used for the initial border vectors. The

samples which are the nearest to the class mean are determined as class centers.
The training set{ (X, ¥,), (X5, Y5), -+ (X1 Yo)} , has n number of samples and m
number of class labels, x T RY ,y1{12..,n}.

Class meansQ, are presented as an arithmetic mean of the training

samples belonging to the related class. By using the obtained means, class centers
are determined (Equation 3.22).

Cc:

}_k:argrrin{ Dj}

o=k @ 5. {1y =I]

JALIEM), (£ £N) (3.22)

Eona

The attained class centers are the initial border vector set for all classes.

Initial border vector set,B, is given asB, ={(c, ¥.), (C,,¥,), s Gy Y)}. IN
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addition, m, =m is the number of the members of the initial border vector set.
Initial border vector set congtitutes the initial reference vectors for all
classes. In the beginning, reference vector set of classi is defined as R, (0) =B,,
i=12,...,m . During the detection process, new border vectors are added to these
reference vectors. At the end of the process, the reference vector set obtained for
classi becomes R, =B, E B, . The number of members of classi reference vector
is determined as (m,=m)+m,. B, is the added border vector set and m is the

number of its members.

In the detection procedure, all the training samples of the class i=q are
processed iteratively. Any of the input samples are compared with the given
reference vectors of its class. If the input training sample (X,,Y,) is not in the

same class with b, which is in the nearest Euclidean distance of it, then this

sample is added to the reference vectors, and the process is continued with the
next sample. The detection process of the nearest reference vector is given as
follows (Equation 3.23);

D; (%, b)) = ”Xk' bi”’ j=L..,(m+m,)
: (3.23)
w=ag mm{ Dj}
where M, represents the number of the border vectors that are added until time t.
If the class label of b, detected as the nearest reference vector is y,, * v, =q then
the sample (X.Y,) is added to the reference vector set
Ri_ (1) =R, (t- DE{(X,. Y, =)} . This procedure is repeated for all classes. The
detected border vectors are combined before the adaptation process. At the time,

t =0, of the adaptation process the border vector set B° is the combination of the

border vectors and center vectors of all classes (Equation3.24). The attained

vector set B® is used for the partitioning of the feature space.
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B°= U B, (3.24)

OEif£m

In the beginning of the adaptation, the number of the total vectors, nb is

given by nb:é m :m+§1 m . For the adaptation stage, first, the mean vectors

i=0 i=1
are determined by computation of the arithmetic mean of the border vectors
belonging to each class. These vectors are used in the adaptation process but not

in the  test stage. Mean vector set IS defined as
M?={(my, ¥, (M, ¥,), e (M, Y}

Adaptation process is done by comparing B° vectors with the training
samples at each time t. The vector b, and mean vector belonging to its class m,
are adapted together at time t. If the winning border vector is in the same class
with the sample then it is brought closer. Otherwise, it is pushed away. At each
time t, the vectors which are detected and adapted in the previous step are used. If
the class of b, border vector that is nearest to input training sample x; is different
from the class of sample then adaptation process occurs as given in Equation
3.25.

i, (t+D) =k, (1)- h(t).(x; - b,(1)

DR L @y =(m, m, O-nO. - b,ONm,

(3.25)

On the other hand, the nearest vector, j which has the same label with x;,

is adapted as (Equation 3.26).

iR (E+) =k O +h(0).(x; - (V)

AP m, (4= m, m, O +h(0.04 - ROV,

(3.26)

where learning rate h(t) is given as a function decreasing in time. In the thesis the
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most appropriate value was obtained by attempting different learning rate

coefficients.
During training, a reference set is formed by combining the vector sets. B
and M' at the end of the predefined time t'. Then, input samples are compared

with these reference vectors. If the winning vector is a mean vector M, (t >t") and

itsclass Y, isdifferent from the sample class then that sample is added to border

vectors set, Y; ! Y, P B =B E{(X;,y,)}, (t>t"). Henceforth, the related

mean vectors are adapted (Equation 3.27).
m, (t+D =(m, m, (t)+x;)/(m, (t)+1) (3.27)

where M), (t) is defined as the number of the border vectors belonging to class Yi

at the end of the iteration t.
3.5.4. Border Vector Detection and Extended Adaptation (BVDEA)

In the BVDA method, if the winner vector is not in the same class with
given sample, it will be adapted. In this approach, the vector closest to the sample
is sent away if it is not in the same class with the sample while the closest vector
in the same class with the sample is brought closer to the sample. In this way,
learning is realized in some of repetitions. In the proposed method, Border Vector
Detection and Extended Adaptation (BVDEA), arewarding is definitely provided
in some iterations, namely learning is realized in each step.

Determination of vectors is applied in the way offered by the BVDA

method. For a given training set,(X,Y) which is composed of n number of
samples and m class labels, il {12,...,r}, y1{12..,n}, first the closest samples

to class means are determined (Equation 3.22). These vectors are assigned as
reference vectors. Then, training samples of each class are respectively compared

40



3. MATERIALS AND METHODS frem ERSOZ KAYA

with the reference vectors and given sample is added in reference vectors if it is
not in the same class with the closest reference vector (Equation 3.23). Next, the
following sample is compared with the new reference vector set.

Reference vectors existing for all classes are combined, and then border

vectors are obtained, B={(B, %), (0, ¥,), -, (By,, Y)} where nb is the total

number of found vectors.

In the adaptation stage, all samples are compared with existing border
vectors and the winner vector is determined according to the nearest neighbor
rule. If the winner vector has not the same label with the sample, it is pushed
away. On the other hand, the nearest vector which is in the class of input sample

is brought closer to input vector, X (Equation 3.28).

ik, (t+D) =h,()-h(t).(x; - b,(D)

W% Py (e =b, @) +h@).0x, - b, () (3.28)

If the winner vector has the same label with the given sample, it is

awarded by being brought closer (Equation 3.29).
Y, =%, P {.+)=h,0) +h(®).(x - b,(1) (3.29)

In this way, at least one border vector is ensured to be adapted in each
repetition. This approach which shortens the learning period provides an
improvement in generalization capability of the algorithm.

Vector adding approach used in BVDA has been extracted from the
method BVDEA because supplementing the number of vectors during training

may cause over-fitting and increase training time.
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4. RESULTSAND DISCUSSION

In the problem of predicting disordered regions, the first step for applying
the machine learning techniques is to prepare the dataset. For this purpose, a
balanced data set was constituted from completely ordered and completely
disordered proteins in this work. Then, the input pattern for each residue of the
dataset was obtained by using the sliding windows with length equal to 21. Each
pattern contains 120 attributes comprised of 50 composition-based attributes, 50
property-based attributes and 20 evolution-based attributes. Patterns are labeled
as0or 1 if the class label of the corresponding residue is either order or disorder.

The aim of the study isto test the success of the prediction of the proposed
method together with chosen optimum parameters and to compare the results with
a few known methods. For this purpose, the proteins of the dataset were divided
into 6 different subsets whose sequence lengths are approximately equal. Each
subset includes the balanced number of order and disorder residues. One of these
subsets was allocated as validation set for choosing the optimum parameters.
Remaining 5 subsets were used for training the methods via 5 fold cross
validation. Therefore, at each time, the different combinations of 4 subsets were
used for training while the remaining subset was used for testing. The average of
the success rates comes from 5 repetitions of training/testing. Thus, any
dependency on some initializations such as detection of border vectors and order
of training samples on determining the prediction success has been prevented by
means of k-fold cross validation technique.

4.1. Evaluation Applications

In this work, initially, the obtained dataset COD159 was randomly
partitioned into two parts as training and evaluation set to pre-evaluate the
optimum learning rate (h) parameter of the proposed method. Then, BVDEA was
trained for all h parameter values between 0.1 and 0.9 interval with 0.1
increments and also for the smallest values 0.01, 0.001, 0.0001. During training,
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the prediction results both on training and evaluating sets were recorded for one
of every 50 adaptations. For each candidate parameter, the maximum probability
excess (probEx) values of the evaluating and training sets were found from
among 12000 records. Besides, the probEx value of the evaluation set at the time
of the maximum success on training self-consistency was assigned as the testing
result of training with the corresponding h parameter. The maximum and the

testing probEx values of the evaluation set are given in Table 4.1.

Table 4.1. The maximum and the testing probability excesses of the evaluation set.

h probEx (max) | probEx (test)
0.0001 0.3709 0.3688
0.001 0.6374 0.6281
0.01 0.6612 0.5620
0.1 0.6674 0.5320
0.2 0.7562 0.6529
0.3 0.7831 0.6322
0.4 0.8006 0.7324
0.5 0.8016 0.7366
0.6 0.8071 0.6915
0.7 0.7758 0.6353
0.8 0.7872 0.6405
0.9 0.8192 0.6901

According to the testing results of the evaluation set, the learning rate
parameters of 0.4, 0.5, 0.6 and 0.9 were determined as the optimum parameter
selection of the method. Here, since 0.4, 0.5 and 0.6 values of rate are rather

comparable, the only value of 0.5 is used for further investigation.
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1 1
0 2000 4000

ProbEx

training
evaluation

12000

_|:|5 1 1 | 1 1
0 2000 4000 G000 go00 10000
time

Figure 4.2. Prediction results of both evaluation and training setsat h =0.9.
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However, using a constant rate during training causes oscillation in
success values, especially at high rates (Figure 4.1, Figure 4.2). The plots in
Figure 4.1 and Figure 4.2 show the prediction results of both evaluation and
training sets for the chosen h parameters, 0.5 and 0.9 respectively. The oscillation
can be seen in these figures.

The continuing oscillation during training makes difficult to determine an
optimum stopping criterion. Hence, it has been necessary to use an exponentially
descending function of time for learning rate (Equation 4.1).

h(t) =h,e ™" (4.)

where, t parameter is added to the system. Kasapoglu et al. determined the
optimum values for the pair of h-t parameter as 01-1000. For complex problems,
the pair of 02-6750 was suggested. Nevertheless, since the appropriate values of
h was determined as 0.5 and 0.9 for BVDEA, several combinations of these two
values (h-t) were evaluated in this study. The evaluated values are given ash 1

{0.5,0.9} andt T {6750, 9500, 11500, 13500, 15000} .

The evaluations were performed after 5 cross training and testing
applications for the reorganized data that was mentioned above. For choosing
candidate parameter pairs, the success values of all testing subsets have been
taken into consideration, concurrently, to make a general evaluation. The
maximum success rates in probability excess for all testing sets were obtained at
each parameter pair. The values are given in the following tables for each subset
(Table 4.2-Table 4.6). It is noted that these maximum values are not accepted as
prediction success of the method. The test successes of the method are
determined after evaluation and validation applications.

By examining the results given in Table 4.2-Table 4.6, the 05-9500, 05-
13500, 09-13500 and 09-15000 h-t pairs were determined as candidate

parameters for the method.
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Table 4.2. The maximum probability excesses of testing subset 1 a given h-t pairs.

h-t probEx (max) h-t probEx (max)
0.5-6750 0.6426 0.9-6750 0.6333
0.5-9500 0.6767 0.9-9500 0.6467

0.5-11500 0.6798 0.9-11500 0.6653
0.5-13500 0.6746 0.9-13500 0.7180
0.5-15000 0.6808 0.9-15000 0.6777

Table 4.3. The maximum probability excesses of testing subset 2 at given h-t pairs.

h-t probEx (max) h-t probEx (max)
0.5-6750 0.4317 0.9-6750 0.3309
0.5-9500 0.4338 0.9-9500 0.4275

0.5-11500 0.3971 0.9-11500 0.4191
0.5-13500 0.4884 0.9-13500 0.4160
0.5-15000 0.4160 0.9-15000 0.3981

Table 4.4. The maximum probability excesses of testing subset 3 at given h-t pairs.

h-t probEx (max) h-t probEx (max)
0.5-6750 0.5685 0.9-6750 0.6107
0.5-9500 0.6148 0.9-9500 0.6004

0.5-11500 0.6097 0.9-11500 0.5788
0.5-13500 0.5984 0.9-13500 0.5644
0.5-15000 0.5911 0.9-15000 0.5994

Table 4.5. The maximum probability excesses of testing subset 4 at given h-t pairs.

h-t probEx (max) h-t probEx (max)
0.5-6750 0.4801 0.9-6750 0.4619
0.5-9500 0.5295 0.9-9500 0.4662

0.5-11500 0.4404 0.9-11500 0.5274
0.5-13500 0.4415 0.9-13500 0.4984
0.5-15000 0.4415 0.9-15000 0.5134
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Table 4.6. The maximum probability excesses of testing subset 5 at given h-t pairs.

h-t probEx (max) h-t probEx (max)
0.5-6750 0.6320 0.9-6750 0.5876
0.5-9500 0.6237 0.9-9500 0.6144

0.5-11500 0.6062 0.9-11500 0.6155
0.5-13500 0.6072 0.9-13500 0.6144
0.5-15000 0.6340 0.9-15000 0.6515

Any other general evaluation was verified by investigating the training
behavior for chosen parameter pairs. For this purpose, for each candidate pair, the
prediction results of both testing and training sets of each subset for the chosen h-
t parameters, 05-9500, 05-13500, 09-13500 and 09-15000 were graphed
regarding the probability excess values of 2000 records (Figure 4.3-Figure 4.6).
Figure 4.3, Figure 4.4, Figure 4.5 and Figure 4.6 show the plots of training and
testing for the pairs 0.5-9500, 0.5-13500, 0.9-13500 and 0.9-15000, respectively.

Each figure contains 5 plots for 5 subsets.
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Figure 4.5. Prediction results of both testing and training setsat h -t =0.9- 13500
(a) for subset 1 (b) for subset 2 (c) for subset 3 (d) for subset 4 (e) for

subset 5.
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Figure 4.6. Prediction results of both testing and training setsat h -t =0.9- 15000
(a) for subset 1 (b) for subset 2 (c) for subset 3 (d) for subset 4 (e) for
subset 5.

By examining the graphs presented in Figure 4.3, it is observed that the
curves of the testing success for the h-t pair 0.5-9500 changes their direction at
450-500 levels of the records i.e. while the training success goes on increasing,
the testing success begins to decrease at these levels, and the two curves start to
separate from each other. Correspondingly, it has been decided that the training
for thish-t pair had to go on up to level ~500 at most. For the other rate pairs, the
corresponding graphs were also examined and this limitation was determined as
~550 for 0.5-13500 and ~700 for 0.9-13500, heuristically. On the other hand, in
the graphs for the parameter pair of 0.9-15000, the regions of separation for the
curves exhibit significant diversity. For example, while the level is approximately
500 in the curve of subset 4, it is almost 1000 for subset 5 as seen in Figure 4.6.
This precludes performing a generalization, so the pair 0.9-15000 was eliminated

from the evaluations.
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After the general evaluations, validation applications were performed to
determine the parameter pairs belonging to the related subset. In order to make a
decision, the training of a subset with all candidate parameter pairs is continued
until predefined times (record level) and then, up to this time, it is investigated at
which time the training set has the maximum success value i.e. the maximum
self-consistency result of training in probEx.

The results attained from testing of validation set were obtained according
to the decision regions described by the border vectors at stopping points of
trainings. The parameter pair that gives the most successful validation result for
the corresponding subset is then assigned to the associated subset. The validation
results of training BVDEA with 3 candidate parameter pairs, obtained for each
subset, are given in Appendix B.1. The optimum parameter pairs selected for
subsets are presented in Table 4.7. The stopping times of training with related
parameter pairs determined by the self-consistency results are given for each
subset in Table 4.8.

Table4.7. The optimum h-t pairs of training for each subset.

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

0.9-13500

0.5-13500

0.5-13500

0.5-9500

0.5-9500

Table 4.8. The stopping times of training for each subset in terms of record number.

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

604

503

498

494

494

For attaining prediction results of BVDEA, the classification of testing
subsets was accomplished according to the border vectors of the training which
was performed by using the optimum h-t pairs (Table 4.7) and was stopped at the
given time in Table 4.8. It has to be emphasized that the given stopping times are
the times of the maximum training performance up to given limiting time. The
rates of testing successes for the testing sets with the given settings are presented
in Table 4.9.
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Table 4.9. Thetesting probability excesses of the subsets for BVDEA.

Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.7128 0.4811 0.5901 0.5177 0.5948

The results given in Table 4.9 show the prediction performance of
BVDEA with subsets of data generated by aforementioned training applications.
All were used for comparing the performance with the other computational
methods and the other tools of disorder predictors, as presented later.

4.2. Comparison with Other M ethods

To evaluate the performance of BVDEA on prediction disordered regions
of a protein, it was compared with several methods. LVQ and BVDA have been
preferred due to their similar learning approach with BVDEA. Besides, the
method of GRNN was also included.

Before determining the success values for the chosen methods, some
evaluation and/or validation applications were executed for choosing associated
parameters.

A series of run which is similar to BVDEA were generated for the method
BVDA. At first, in all subsets, trainings were realized for different h-t pairs. On
this occasion, the candidate parameter pairs defined in BVDEA was compared
with suggested values by Kasapoglu and Ersoy. The evaluated values were given
as h-t T {0.1-1000, 0.2-6750, 0.5-9500, 0.5-13500, 0.9-13500}. The maximum
success rates in terms of probability excess for testing the subsets at each
parameter pair are given in Appendix B.2. It is observed that the optimum
parameter values given in BVDEA causes more successful results than the
suggested values in Kasapoglu et al.’s article [Kasapoglu et al., 2007].
Afterwards, the prediction results of both testing and training sets of subset 1,
subset 3 and subset 5 with associated candidate h-t parameters, 09-13500, 05-
13500 and 05-9500, respectively, were graphed regarding the probability excess
values of 2000 records as examples for evaluation (Appendix C). It was
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concluded that the limiting levels for the training parameter pairs are similar to
the found levels in BVDEA.

However, some differences stand out in results. For example, in BVDA,
adding new vectors during the training causes a continual increase in training
success and so the success approaches 1. Furthermore, testing success usually
gets its maximum value at earlier times of training. But, due to the oscillations,
the success rates fluctuate between very high and very low values at around these
regions. This makes it impossible to stop the training around these regions. As a
result, because of the similarity in general evaluation results for both methods, the
optimum parameters found in BVDEA for the subsets have been preferred.
Anyway, using any other parameter values did not change the results significantly
due to the nearness of the success values among parameter values (Appendix B.2)

Eventually, for attaining prediction results of BVDA, the prediction was
performed according to the training settings which are the optimum h-t pairs
given in Table 4.7 and the stopping times of trainings with related parameter pairs
determined by the self-consistency results given in Appendix B.3. The testing
successes for the testing sets are given in Table 4.10.

Table 4.10. Thetesting probability excesses of the subsets for BVDA.

Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.6198 0.3372 0.5427 0.3974 0.5103

In the LVQ method, the number of codebook vectors (n;) was considered
as parameter. In this study, two values of n. were validated for this number. One
of them was determined as 50 because BVDEA was performed with
approximately 50 vectors; but for the other, the smaller value, 10 was preferred to
compete against the value of 50. The training in LVQ was carried on until 100
epochs given as a default value in MATLAB application of “learnlvl”.

According to the validation success results given in Appendix B.4, it was
recognized that the most successful learning was achieved with the number of 10

for all subsets. Thus, 10 codebook vectors were used for training in LVQ.
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The default value of learning rate, 0.01 was used for learning. It was
demonstrated that the success was badly affected for greater values of rate.
Testing results of validation set for rate 0.05 with 10 vectors are given in
Appendix B.4 as an example.

The prediction results of LVQ for each subset were obtained by using the
optimum number of vectors for subset trainings. The performances in terms of

probability excess are provided in Table 4.11.

Table 4.11. Thetesting probability excesses of the subsets for LVQ.

Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.7820 0.4412 0.5417 0.5627 0.4969

Similarly, GRNN was also trained with two different sigma parameters (s)
and validated to find the optimums for the subsets. Validation applications were
verified with sT {0.3, 0.7}. The value, 0.3 was suggested in previous studies
[Ersdz et al., 2004]. As a higher value, 0.7 was chosen to compete against the
other. The values obtained for all subsets are listed in Appendix B.5. The value of
0.7 was found to give maximum success for all subsets. The classification of
testing subsets was achieved by using the optimum s values in training (Table
4.12).

Table 4.12. Thetesting probability excesses of the subsets for GRNN.

Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.7180 0.4034 0.6220 0.5134 0.5474

Consequently, the overall performances for all methods were calculated by
averaging the results of 5 subsets. The success values in terms of all measures for
all methods are listed in Table 4.13. The given list is ordered concerning the
probability excess measures.
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Table 4.13. Comparing the performance of four prediction methods.

M ethods Sens Spec Acc Mcc ProbEx
BVDEA 0.7964 0.7850 0.7907 0.5858 0.5814
LVQ 0.6981 0.8707 | 0.7844 | 0.5818 | 0.5688
GRNN 0.7263 0.8345 0.7804 0.5714 0.5608
BVDA 0.7309 0.7506 0.7408 0.4878 0.4815

Results on testing data indicate that the proposed classifier, BVDEA
achieves the best performance in prediction with the ProbEx of 0.5814. The
nearest performance belongs to the method of LVQ. However it provides an
unbalanced prediction between order and disorder residues with high specificity
but relatively low sensitivity. Overall, the results support BVDEA as a successful
classifier for predicting disorder and order.

4.3. Comparison with Existing Disorder Prediction Tools

For the second comparison, the performance of specific disorder
prediction tools, PONDRs, DisEMBL, GlobPlot, DISOPRED2, Foldindex,
RONN, DisPRO, PreLink and DisPSSMP were investigated. These methods have
been presented in literature as publicly available web servers or packages. The
server for DiISEMBL provides three choices for prediction as mentioned before.
The three applications have been given as DisEMBL (hot), DiSsEMBL (465) and
DisEMBL (coils). The results for the methods were collected from the work of
Yang et a. and the work of Su et al [Yang et al., 2005] [Su et al., 2006].

The performance of BVDEA on COD159 dataset was compared with the
11 methods in Table 4.14. Similarly, the performance of the methods on blind
testing set, D80, were also examined (Table 4.14). In Table 4.14 and Table 4.15,
the results were compiled in all mentioned measure types, sensitivity, specificity,
accuracy, matthews correlation coefficient and probability excess. The success
order of the algorithms was given with regard to the favoured measure,
probability excess.
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Table 4.14. Comparing the performance of BVDEA on testing data COD159 with

eleven existing tools.

M ethods Sens Spec Acc Mcc ProbEx
DisPSSMP 0.825 0.765 0.795 0.589 0.590
BVDEA 0.796 0.785 0.791 0.586 0.581
RONN 0.675 0.888 0.782 0.580 0.563
Foldindex 0.722 0.815 0.769 0.540 0.536
DISOPRED2 0.469 0.981 0.725 0.543 0.449
PONDR 0.632 0.782 0.707 0.420 0.414
DisPro 0.383 0.982 0.683 0.467 0.365
DisEMBL (465) 0.348 0.978 0.663 0.430 0.327
PreLink 0.319 0.991 0.655 0.430 0.310
DisEMBL (hot) 0.502 0.749 0.626 0.260 0.251
DisEMBL (coil) 0.719 0.446 0.583 0.170 0.165
GlobPlot 0.308 0.821 0.565 0.151 0.129
prodhien
1.0 g 1.0
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EXCEss
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Figure 4.7. The performances of twelve predictorson testing data, COD159.
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The prediction performances on testing the balanced set of COD159 were
also compared with the given methods via the graph of probability excess given
in Figure 4.7. Inspection of the results exhibits that while DisPSSMP performs
slightly better than BVDEA, BVDEA gives slightly more balanced prediction
compared with DisPSSMP. The four methods, BVDEA, DisPSSMP, RONN and
Foldindex have significantly performed better than from the remaining methods.
Most of them are found in the left side of the trapezoid graph. This show the
tendency of predicting order i.e. under-prediction of disorder.

For obtaining prediction results of BVDEA for blind testing set of D80,
the classification was performed by testing the set with the found border vectors
under the given conditions of training (Table 4.7, Table 4.8).

Table 4.15. The performance for each subset of BVDEA on blind testing.

Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.5323 0.5583 0.5718 0.5205 0.5416

Table 4.16. Comparing the performance of BVDEA on testing data D80 with eleven

existing tools.
M ethods Sens Spec Acc Mcc ProbEx
DisPSSMP 0.767 0.848 0.808 0.463 0.615
BVDEA 0.817 0.728 0.773 0.451 0.545
RONN 0.603 0.878 0.741 0.395 0.481
DisPro 0.418 0.993 0.706 0.578 0.411
DISOPRED2 0.405 0.972 0.689 0.470 0.377
PONDR 0.557 0.816 0.687 0.278 0.373

DisEMBL (hot) 0.492 0.840 0.666 0.260 0.332
DisEMBL (465) 0.334 0.981 0.658 0.437 0.315

Foldindex 0.488 0.811 0.650 0.224 0.299
PreLink 0.237 0.947 0.592 0.219 0.183
GlobPlot 0.372 0.811 0.592 0.140 0.183

DisEMBL(coil) | 0740 | 0424 | 0582 | 0104 | 0.165
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The performances in terms of probability excess are provided in Table
4.15. The testing performances for each training application were averaged and
this gives the overall success results for D80 blind set (Table 4.16). All
performances are presented in Figure 4.8. The reproduced graphs of Figure 4.7
and Figure 4.8 were given from Yang et al. in original and used by both Esnouf et
al. and Su et al., later [Yang et al., 2005] [Esnouf et al., 2006 / honing] [Su et al.,
2006].

Perfect
prediction

1.0, 1.0

Prob.
BXCass

0.0, ol
All residues . * . All residues
predicted to Order / disorder predicted predicted to
be ordered in correct proportion be disordered

{break-even point)

Figure 4.8. The performances of twelve predictors on testing data, D80.

As seen from the results, BVDEA gives rather high accuracy even with the
dominance of ordered residues in the blind test set. Indeed, for prediction of blind
set, D80, DiSPSSMP outperforms all methods. But, this can be caused by the
training set of DisSPSSMP. It is composed of the disordered proteins which were
collected from PDB and involves the disordered regions, as like D8O0.
Nevertheless, BVDEA has the closest results to DisPSSMP among the others.
Both are the only methods that have a probability excess value over 0.5. On the
other side, BVDEA perform best in predicting disorder with the highest value of
specificity at 82%. DisEMBL(coils) has a good performance of sensitivity but
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reveals a significant over-prediction. For the other methods, they yield very high
scores of specificity but they attain this at the expense of missing estimate with a
significant number of disordered residues. This means that under-prediction

occurs.

4.4. Reduction of Dimension

In this stage of the work, the contribution of data reduction to the training
success was investigated. Accordingly, the data, COD159 was reduced by the
methods Principal Component Analyze (PCA) and Logistic Regression (LR).
Concerning the LR results, only 14 attributes are selected. The list of determined
attributes by LR is given in Table 4.17. On the other hand, PCA reduced the data
to 21 dimensions keeping the 95% variance of the original data.

Table4.17. List of selected attributes by LR.

Attributes
X50 | X101 | X102 | X104 | X105 | X106 | X107
X109 | X112 | X115 | X116 | X117 | X118 | X120

During the LR-based (BVDEA_LR) and PCA-based (BVDEA_PCA)
applications of BVDEA, predefined parameters and criterions were used for the
best comparison. The performances of using PCA-based and L R-based data have
been given in Table 4.17 and Table 4.18, respectively.

Table 4.18. Thetesting probability excesses of the data reduced with PCA.

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

0.3337

0.1691

0.2945

0.1955

0.4351

Table 4.19. Thetesting probability excesses of the data reduced with LR.

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

0.6694

0.2731

0.3203

0.1106

0.5918
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The results given in Table 4.18 and Table 4.19 show that dimension
reduction does not provide any improvement in performance for predicting
disorder. On the contrary, it causes a significant decrease in prediction success.
For this reason the overall comparison was not executed here. Briefly, the
reduction does not enhance the learning capability of the proposed method. Here,
it can be said that all used features are needed for prediction in spite of the

multicollinearity between them.
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5. CONCLUSIONS

Studies on structural genomics indicate that numerous protein segments
remain unfolded in their native states. Contrary to the structure — function
paradigm, these regions that fail to fold into a fixed 3D structure under
physiological condition yet exhibit function. Currently, these proteins are
generally referred to as “natively unfolded” or “intrinsically disordered”. Upon
noticing that many of these proteins play key role in vital functions and also in
some diseases, identification of the disordered regions has became a demanding
process for structure prediction and functional characterization of proteins.
Therefore, many studies have been motivated on accurate prediction of disorder.

Since amino acid sequence attributes have been widely used for
determining protein structure, it has been theorized that the sequence would also
determine disorder, as well. Thus, alternative to experimental methods, several
computational methods have been suggested for disorder prediction based on the
amino acid sequence. Recently, several specific disorder prediction tools have
been developed include PONDRs, DisEMBL, GlobPlot, DISOPRED2, FoldIndex,
RONN, DisPRO, PreLink, DisPSSMP.

In the study, a novel method was developed for predicting disorder as an
alternative accurate classifier. For attesting the performance of the method, three
computational learning techniques and eleven specific tools were used for
comparison. In order to perform the predictions, first the collected data was
prepared by utilizing a variety of structural features for proteins. Then, training
was executed based on the data by 5-fold cross validation.

When compared with the three learning methods of GRNN, LVQ and
BVDA, the proposed method BDVEA gives the best accuracy on classification.
Here, BDVEA provides more fast and robust learning as compared to the others.
The training time is almost the same with LVQ (~3 minutes), the half of BVDA
and the quarter of GRNN. Despite, the training in GRNN is only the loading of
the train data.

Furthermore, comparison with the other existing disorder predictors
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demonstrates that the method achieves quite good prediction performance in
finding disordered regions of proteins. Except for DisPSSMP, BVDEA
outperforms all other ten methods, significantly, without either under-predicting
or over-predicting the disordered regions. This is confirmed with both main and
blind testing successes. Nevertheless, for testing the main set, BVDEA vyields
roughly equal performance with DisPSSMP and more balanced prediction
accuracy. Besides, it reveals a highest score of sensitivity on prediction of blind
test set within all methods, including DisPSSMP. As evident from the results,
BVDEA can be suggested as an influential method to achieve accurate
predictions of disordered regions.

As a conclusion, it has been shown that the new method provides a
significant contribution on predicting disorder and order regions of proteins.
Thus, accurate prediction of disorder that is a demanding problem due to its
importance on structural and functional identification of protein was significantly
achieved. This also provides insights for projects on drug discovery and gene
finding.
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APPENDIX A

The List of Used Property-Based and Composition-Based (Groups) Features

X(1) Bulkiness [Zimmerman et a., 1968: from AAINDEX]

X(2) Amino acid composition [Dayhoff et al., 1978a from AAINDEX]

X(3) Amino acid distribution [Jukes et al., 1975: from AAINDEX]

X(4) Isoelectric point [Zimmerman et a., 1968: from AAINDEX]

X(5) Localized electrica effect [Fauchere et al., 1988: from AAINDEX]

X(6) Solvation free energy [Eisenberg-McLachlan, 1986: from AAINDEX]

X(7) Hydration free energy [Robson-Osguthorpe, 1979: from AAINDEX]

X(8) Absolute entropy [Hutchens, 1970: from AAINDEX]

X(9) Polarizability parameter [Charton-Charton, 1982: from AAINDEX]

X(10) Polarity [Grantham, 1974: from AAINDEX]

X(11) Polarity [Zimmerman et ., 1968: from AAINDEX]

X(12) Steric parameter [Charton, 1981: from AAINDEX]

X(13) Side chain volume [Krigbaum-Komoriya, 1979: from AAINDEX]

X(14) Residue volume [Bigelow, 1967: from AAINDEX]

X(15) Residue volume [Goldsack-Chalifoux, 1973: from AAINDEX]

X(16) Volume [Grantham, 1974: from AAINDEX]

X(17) Normalized van der Waals volume [Fauchere et al., 1988: from AAINDEX]

X(18) Average volume of buried residue [Chothia, 1975:; from AAINDEX]

X(19) Mass [Wu and McLarty, 2000]

X(20) Average accessible surface area[Janin et al., 1978: from AAINDEX]

X(21) Surface Area[Wu and McLarty, 2000]

X(22) Propensity to be buried insde [Wertz-Scheraga, 1978: from AAINDEX]

X(23) Alpha-helix propensity derived from designed sequences [Koehl-Levitt, 1999: from AAINDEX]

X(24) Beta-sheet propensity derived from designed sequences [Koehl-Levitt, 1999: from AAINDEX]

X(25) AlphaHelix Popensity [Wu and McLarty, 2000]

X(26) Beta Strand Propensity [Wu and McLarty, 2000]

X(27) Turn Propensity [Wu and McLarty, 2000]

X(28) Alpha-helix indices [ Gel sow-Roberts, 1980: from AAINDEX]

X(29) Beta-strand indices [Geisow-Roberts, 1980: from AAINDEX]

X(30) Normalized frequency of alpha-helix [Chou-Fasman, 1978b: from AAINDEX]

X(31) Normalized frequency of beta-sheet [Chou-Fasman, 1978b: from AAINDEX]

X(32) Normalized frequency of beta-turn [Chou-Fasman, 1978b: from AAINDEX]

X(33) Hydrophilicity scale [Kuhn et al., 1995: from AAINDEX]

X(34) Average flexibility indices [Bhaskaran-Ponnuswamy, 1988: from AAINDEX]

X(35) Normalized flexibility parameters (B-values), average [Vihinen et a., 1994: from AAINDEX]
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X(36) Location Parameters of the fit of the B Factors[Smith et al., 2003]

X(37) Hydrophobicity index [Engelman et al., 1986: from AAINDEX]

X(38) Hydrophobicity [Prabhakaran, 1990: from AAINDEX]

X(39) Hydrophobicity scales [Ponnuswamy, 1993: from AAINDEX]

X(40) Consensus normalized hydrophobicity scale [Eisenberg, 1984: from AAINDEX]

X(41) Hydrophobicity [Zimmerman et al., 1968: from AAINDEX]

X(42) Hydrophobicity [Jones, 1975: from AAINDEX]

X(43) Hydrophobicity [Prabhakaran, 1990: from AAINDEX]

X(44) Hydropathy index [Kyte-Dooalittle, 1982: from AAINDEX]

X(45) Electron-ion interaction potential [Vejkovic et d., 1985: from AAINDEX]

X(46) Refractivity [McMeekin et al., 1964: from AAINDEX]

X(47) Nunber of Contacts [Garbuzynskiy et al., 2004]

X(48) Russell/Linding Propensity [Linding et al., 2003]

X(49) Deleage/Roux Propensity [Linding et a., 2003]

X(71) | NetCharge (K+R-D-E) [Xieet al., 1998]

X(72) Disorder Promoting (R+K+E+P+S) [Romero et d., 2001]

X(73) Order Promoting (C+W+Y+I+V) [Romero et d ., 2001]

X(74) Flexibility (G+T+R+S+N+Q+D+P+E+K) [Smith et al., 2003]

X(75) Rigidity (W+Y+F+C+I+V+H+L+M+A) [Smith et al., 2003]

X(76) Beta Strand Related (E+B) [Schlessinger and Rost, 2005]

X(77) AlphaHelix Rdated (H+G+l) [Schlessinger and Rost, 2005]

X(78) Best Helix Formers (E+M+A+L) [Xie et ., 1998]

X(79) Best Helix Breakers (Y+N+P+G) [Xieet al., 1998]

X(80) Best Sheet Formers (V+I+Y+F+W) [Xie et a., 1998]

X(81) Best Sheet Breakers (S+G+K+P+D+E ) [Xieet al., 1998]

X(82) Ambivalent (A+C+G+P+S+T+W+Y) [Baldi and Brunak, 2001]

X(83) Externa (R+N+D+Q+E+H+K) [Baldi and Brunak, 2001]

X(84) Internal (I+L+M+F+V) [Baldi and Brunak, 2001]

X(85) | Acidic (D+E) [Baldi and Brunak, 2001]

X(86) Basic (R+H+K) [Baldi and Brunak, 2001]

X(87) | Amide (N+Q) [Baldi and Brunak, 2001]

X(88) Aliphatic (A+G+I+L+V) [Baldi and Brunak, 2001]

X(89) | Aromatic (F+W+Y) [Baldi and Brunak, 2001]

X(90) Hydroxyl (S+T) [Baldi and Brunak, 2001]

X(91) Imino (P) [Baldi and Brunak, 2001]

X(92) | Sulfur (C+M) [Baldi and Brunak, 2001]

X(93) | Small (A+C+D+G+N+P+S+T+V) [Su et al., 2006]
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X(94) | Tiny (C+A+G+S) [Suetal., 2008]

X(95) | Most Hydrophilic (D+E+N+Q+R+K) [Wu and McLarty, 2000]

X(96) | Most Hydrophobic (A+M-+I+L+V+F+W) [Wu and McLarty, 2000]

X(97) Hydrophobic (A+l+L+M+FHP+W+V+G) [Baldi and Brunak, 2001]

X(98) Helix Propensity (A+E+Q+H+K+M+L+R) [Wu and McLarty, 2000]

X(99) Sheet Propensity (C+T+I+V+FHY +W) [Wu and McLarty, 2000]

X(100) | Cail Propensity (S+G+P+D+N) [Wu and McLarty, 2000]

76




APPENDIX B

The successresults of BVDEA, BVDA, LVQ and GRNN for each subset

Table B.1. The probability excesses of validation set for each subset at given h-t pairsin

BDVEA.
h-t Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.5-9500 0.0671 0.2074 0.3787 0.3385 0.2949
0.5-13500 0.1517 0.3364 0.4747 0.1032 0.2250
0.9-13500 0.4211 0.2477 0.1280 0.0310 0.2745

Table B.2. The maximum probability excesses of testing set for each subset at given h-t

pairsin BDVA.

h-t Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.1-1000 0.3812 0.1964 0.2987 0.3222 0.3897
0.2-6750 0.6209 0.4160 0.5170 0.4909 0.4701
0.5-9500 0.7438 0.4118 0.5901 0.5929 0.6155
0.5-13500 0.7459 0.4286 0.5644 0.5811 0.6093
0.9-13500 0.7500 0.4685 0.5901 0.5714 0.5753

Table B.3. The stopping times of training for each subset in terms of record number in

BDVA.

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

694

545

469

499

498

Table B.4. The probability excesses of validation set for each subset at given n. in LVQ.

Nc Subset 1 Subset 2 Subset 3 Subset 4 Subset 5

10 0.3529 0.3003 0.3540 0.3416 0.3292

50 0.2508 0.2766 0.3499 0.3199 0.3241
10 (h =0.05) 0.2136 0.1558 0.3230 0.3220 0.3148

Table B.5. The probability excesses of validation set for each subset at givens in GRNN.

S Subset 1 Subset 2 Subset 3 Subset 4 Subset 5
0.3 0.3447 0.3088 0.3787 0.3602 0.3416
0.7 0.4417 0.4037 0.4582 0.4778 0.3963
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APPENDIX C

The graphs of subset 1, subset 3 and subset 5in BVDA
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Figure C.1. Prediction results of both testing and training setsat h -t =0.9- 13500 for
subset 1.
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Figure C.2. Prediction results of both testing and training setsat h -t =0.5- 13500 for
subset 3.
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Figure C.3. Prediction results of both testing and training setsat h -t =0.5- 9500 for
subset 5.
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