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Abstract

RNA-protein interaction plays an important role in various cellular processes, such as protein
synthesis, gene regulation, post-transcriptional gene regulation, alternative splicing, and infections
by RNA viruses. In this study, using Gene Ontology Annotated (GOA) and Structural
Classification of Proteins (SCOP) databases an automatic procedure was designed to capture
structurally solved RNA-binding protein domains in different subclasses. Subsequently, we
applied tuned multi-class SVM (TMCSVM), Random Forest (RF), and multi-class £1/¢;-
regularized logistic regression (MCRLR) for analysis and classifying RNA-binding protein
domains based on a comprehensive set of sequence and structural features. In this study, we
compared prediction accuracy of three different state-of-the-art predictor methods. From our
results, TMCSVM outperforms the other methods and suggests the potential of TMCSVM as a
useful tool for facilitating the multi-class prediction of RNA-binding protein domains. On the
other hand, MCRLR by elucidating importance of features for their contribution in predictive
accuracy of RNA-binding protein domains subclasses, helps us to provide some biological insights
into the roles of sequences and structures in protein—RNA interactions.
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1. Introduction

Regulation of biological processes happens through association and dissociation of
macromolecules, i.e., protein, RNA and DNA. Furthermore, functional components of cells
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are frequently complex assemblies of macromolecules. At the molecular level, RNA-protein
complexes play an important role in various cellular processes, such as protein synthesis,
gene regulation, post-transcriptional gene regulation, alternative splicing, and infections by
RNA viruses. Therefore, it is important to understand the principle of RNA-protein
interactions and prediction of RNA-binding proteins is essential in identifying the cellular
processes in which RNA-protein complexes are involved.

It is commonly accepted that RNA recognition by proteins is mainly mediated by specific
kinds of RNA-binding domains (RBDs) (Morozova et al., 2006; Shulman-Peleg et al.,
2008). The RBDs can be classified into different subclasses based on their basic binding
motifs, e.g., the KH domain, the double-stranded RNA-binding domain (dsRBD), and the
zinc finger motif (Chen and Varani, 2005). Although in recent years, new RBDs have been
identified (Parker and Barford, 2006), an increasing amount of evidence on non-coding
RNAs suggest that new RBDs will be identified (Lingel and Sattler, 2005).

In order to recognize the RNA functional importance in close relationship with protein in its
activities, computational studies of RNA-protein complexes have been significantly
increased (Ellis et al., 2007; Jones et al., 2001). Recently, a variety of approaches have been
proposed to study RNA-protein interactions (Lunde et al., 2007). Although some interesting
results have been obtained, the precise details of the RNA-protein interaction are far from
being fully understood. For this reason, it is strongly recommended to develop reliable
computational methods to accurately predict RNA-binding proteins and analyze important
features in RNA-protein interaction.

Homology-based methods are the most common method to identify the class of unknown
proteins at sequence or structure level. These methods are limited by the absence of
experimentally annotated homologous proteins in protein databases. Hence it is strongly
encouraged to develop computational tools to identify RNA-binding proteins (RBPS) using
sequence- and structure-derived features. Most of previous investigations, predict RBPs
using sequence- derived features (Han et al., 2004; Shao et al., 2009; Yu et al., 2006). In
addition to sequence-based methods, up to now, only one investigation by Shazman and
Mandel-Gutfreund (2008) developed a structural-based method to predict RBPs. Shazman
and Mandel-Gutfreund developed a multiSVM-based method using four subgroups of
features including: (i) Largest patch parameters (such as patch size and patch surface
accessibility), (ii) Protein parameters (such as molecular weight) (iii) Cleft/patch parameters
(such as the overlap between the largest, second largest, and third largest clefts, and largest
patch), and (iv) Parameters related to other surface patches (such as number of residues in
the lysine out patch and in the negative patch), to describe the global composition of each
protein. Using the jackknife test, they reported a 75.61% accuracy of prediction for three
subclasses of RBPs; tRNA-, rRNA-, and mRNA-binding proteins. In comparison with our
work, it is limit to three classes of RBPs, and they have done a non-accurate manually data
collection. Despite the availability of several methods, identification of RBPs using
sequence information with high accuracy is still a major challenge.

Here we present a comprehensive performance evaluation of some state of the art predictor
methods on an important problem, i.e., classifying RBDs using sequence- and structure-
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derived information. Combining a diverse set of features, we developed three different
methods including; tuned multi-class SVM (TMCSVM), Random Forest (RF), and Multi-
class 1/ -regularized logistic regression (MCRLR). By applying these methods, we have
shown that we can classify RBDs based on their RNA target (7S, double-stranded, tRNA,
rRNA, or mRNA). In all of five different subclasses of RBPs, no exclusive RNA-binding
motif is present. However, in such cases in addition to successful classifying RBPs, we
discovered dissimilar sequence and structural features.

2. Materials and methods

2.1. Automatic dataset harvesting

Based on the fact that most of similar works on prediction of RNA-binding proteins,
manually collected and annotated datasets, in this work, in order to do a more accurate and
automated data harvesting we constructed a dataset of non-redundant RNA-binding protein
domains using two main datasets including: (i) Gene Ontology Annotated (GOA) database,
available at http://www.ebi.ac.uk/GOA/, which cover ~2.5 million reports of associated
protein chains with Gene Ontology (GO) terms, and (ii) 40% non-redundant set of Structural
Classification of Proteins (SCOP) 1.75 from ASTRAL website. Based on GO classification,
RNA binding root involves 28 leaves. Our first step of automatic procedure was one by one
search for RNA binding subclasses GO IDs in GOA database to find associated protein
chains to each subclass of RNA binding GO IDs. Briefly, GO is a major bioinformatics tool
for the unification of biology. More specifically, one of the aims is annotation of genes and
gene products. GO contains three ontologies that describe the molecular functions,
biological processes, and cellular components of proteins (Ashburner et al., 2000). For more
details and comprehensive discussion we refer to the paper (Chou and Shen, 2006), as well
as the discussions as elaborated in (Chou and Shen, 2008). The second step was search
across SCOP 1.75 to capture non-redundant RNA binding protein domains in different
subclasses (Fig. 1). We eliminated protein domains, which associated to more than one RNA
binding subclass.

2.2 Feature generation

In this study a combination of sequence- and structure-derived features were used for
prediction of RNA-binding protein domains. Our representation of the protein sequence in
this study is a general form of Chou’s pseudo amino acid composition (Chou, 2011). Indeed,
to avoid losing many important information hidden in protein sequences, the pseudo amino
acid composition (PseAAC) was proposed (Chou, 2001; Chou, 2005) to replace the simple
amino acid composition (AAC) for representing the sample of a protein. For a summary
about its recent development and applications, see a comprehensive review (Chou, 2009).
Ever since the concept of PseAAC was proposes by Chou in 2001, its has rapidly penetrated
into almost all the fields of protein attribute prediction (Chen et al., 2009; Ding et al., 2009;
Esmaeili et al., 2010; Georgiou et al., 2009; Guo et al., 2011; Hayat and Khan, 2012; Hu et
al., 2011; Li et al., 2012; Lin, 2008; Liu et al., 2012; Mei, 2012; Mohabatkar, 2010;
Mohabatkar et al., 2011; Nanni et al., 2012; Qin et al., 2012; Qiu et al., 2009; Qiu et al.,
2011; Yu et al., 2010; Zhang and Fang, 2008; Zhao et al., 2012; Zou et al., 2011). According
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to Eq.6 of a recent comprehensive review (Chou, 2011), the form of PseAAC can be
generated and formulated as

where T is a transpose operator, while the subscribe Q is an integer and its value as well as
the components w1, ¢2, ... will be defined by a series of feature extractions as elaborated

below.

In addition to sequence-derived features, structure-derived features were generated in this
study. Totally, 267 different sequence- and structure-derived features were generated using
several information sources, which can be classified into six major subgroups including:

1.

Sequence-derived features including: (i) composition of all 20 amino acids (20
features), (ii) composition of amino acids in 9 different physicochemical groups
including tiny, small, aliphatic, aromatic, polar, non-polar, charged, acidic, and
basic amino acids groups (9 features), (iii) p/, the isoelectric point (1 feature), (iv)
molecular weight (1 feature), and (v) number of residues and humber of atoms (2
features). This subgroup of features was generated using seginrpackage (version
3.0-3) in R environment.

Secondary structure features including: (i) composition of all 20 amino acids and
composition of amino acids in physicochemical groups, within three different
secondary structures, i.e., helix, sheet and random coil (87 features), and (ii)
composition of 6 different secondary structures, i.e., H (a-helix), G (319 helix), E
(extended B-strand), B (isolated p-bridge), T (turn), and S (bend) (6 features).
Secondary structure parameters in each protein domain were computed using the
output of the program DSSP (Kabsch and Sander, 1983). In order to calculate
secondary structures structures in three different secondary structures, the six
structures were reduced into three classes (H,G — H, E — E, all other states to C).

Solvent accessibility features including: composition of all 20 amino acids and
composition of amino acids in physiochemical groups, within three different
solvent accessibility states, i.e., buried, intermediate, and exposed (87 features).
Based on the standard ranges of solvent accessibility values (SAV), three kinds of
solvent accessibility states are defined. Buried state, B, is endowed to residues
having 0<SAV<0.16, intermediate state, I, to residues having 0.16<SAV<0.36, and
exposed state, E, to residues having 0.36<SAV<1. Solvent accessibility values of
residues were computed using ASAView program (Ahmad et al., 2004).

Hydrogen bonds features: The hydrogen bond from the backbone CO (i) to the
backbone NH (i+N), is expressed by the symbol H-bond (i, i+N). In this study we
computed frequencies of H-bond (i, i+N) for N=-5,-4,-3, ..., 3, 4, 5. Furthermore,
total hydrogen bonds, parallel- and antiparallel hydrogen bonds were computed.
The values of these features were divided by length of protein domains. The output
of the program DSSP (Kabsch and Sander, 1993) was used to generate these
features (13 features).
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5. Electrostatic properties features: eight electrostatic properties features including net
molecular charge, net molecular charge per atom, overall molecular dipole moment
in debyes, net molecular dipole moment per atom, number of positively charged
residues, and number of negatively charged residues were calculated using the
Protein Dipole Moments Server (http://bip.weizmann.ac.il/dipol/).

6. Patch features: main, second and third patch sizes, main patch’s molecular weight,
composition of all 20 amino acids and composition of amino acids in physico-
chemical groups, within the main patch were calculated (33 features). In order to
extract all continuous positive patches on the proteins surface the PatchFinder
algorithm (Stawiski et al., 2003) was used. The patches were sorted based on the
number of grid points contained within the patch, and the largest three patches were
selected.

2.3. Predictor methods

In this study, we used three different predictor methods including tuned multi-class SVM
(TMCSVM), Random Forest (RF), and multi-class regularized logistic regression (MCRLR)
to classify RBDs to three and five subclasses. The jackknife test was used to training and
testing on databases. Through the jackknife test, one case is removed from the database and
training is done using the remaining cases; then testing is done using the removed case. This
procedure is repeated until all cases are tested. Although this method is time-consuming, it is
more useful for the small databases such as ours. In addition to jackknife we also used self-
consistency test to evaluate the prediction results. Both of jackknife and self-consistency are
thought to be the most rigorous and objective methods for evaluation of prediction.

Among the independent dataset test, sub-sampling (e.g., 5 or 10-fold cross-validation) test,
and jackknife test, which are often used for examining the accuracy of a statistical prediction
method (Chou and Zhang, 1995), the jackknife test was deemed the least arbitrary that can
always yield a unique result for a given benchmark dataset, as elucidated in (Chou and Shen,
2008) and demonstrated by Eqs.28-32 of (Chou, 2011). Therefore, the jackknife test has
been widely recognized and increasingly used by investigators to test the power of various
prediction methods (see, e.g., (Chen et al., 2009; Chou et al., 2011; Chou et al., 2012; Ding
et al., 2009; Esmaeili et al., 2010; Georgiou et al., 2009; Gu et al., 2010; Jiang et al., 2008;
Lin, 2008; Li and Li, 2008; Lin et al., 2008; Lin and Wang, 2011; Li et al., 2012; Mei, 2012;
Mohabatkar, 2010; Mohabatkar et al., 2011; Qiu et al., 2010; Wu et al., 2011; Wu et al.,
2012; Xiao et al., 2011a; Xiao et al., 2011b; Xiao et al., 2012; Yu et al., 2010; Zeng et al.,
2009; Zhang and Fang, 2008; Zhang et al., 2008; Zhou et al., 2007).

2.3.1. Tuned multi-class support vector machine—Basically, support vector
machine (SVM) is a kind of learning machines based on statistical learning theory. They
have three remarkable characteristics including: the absence of minima, the sparseness of the
solution, and implementation using the kernel Adatron algorithm. The kernel Adatron maps
inputs to a high-dimensional feature space, and then optimally separates data into their
respective classes by isolating those inputs which fall close to the data boundaries.
Therefore, the kernel Adatron is especially effective in separating sets of data which share
complex boundaries. Because of seeking a global optimized solution and avoiding over-
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fitting in the SVM training process, dealing with a large number of features is possible.
SVMs can only be used for classification, not for function approximation. The theory and
algorithms of SVMs can be found in Vapnik (1995, 1998).

In this study, we applied the tune function using e1071-package of R environment (version
2.11-1) to develop our multi-class SVM based method. Multi-class SVM in e1071 uses the
“one-against-one” strategy, i.e., binary classification between all pairs, followed by voting.
On the other hand, the tune function uses Grid Search to find the best functions. Using the
tune function through jackknife procedure, it provides as many simulations as the number of
cases in databases to select optimum structure each time.

2.3.2. Random Forest—Random forest (RF) was developed by Breiman in 2001
(\Vapnik, 1998). The RF classification extends the concept of decision trees and has been
successfully used in various biological problems (Dudoit et al., 2002; Statnikov et al., 2008;
Jia and Hu, 2011; Kandaswamy et al., 2011; Lin et al., 2011; Pugalenthi et al., 2012; Qiu
and Wang, 2011; Shameer et al., 2011). RF is a collection of decision trees instead of one
tree, where each tree is trained using a bootstrap sample from the training dataset. The trees
are then grown using a randomly selected subset of predictors at each node. After
constructing all trees, a new object can then be classified based on the class label with the
most votes, where every vote is decided by every tree in the forest. Finally, predictive
performance is estimated using the observations left out of the bootstrap sample, termed the
out-of-bag (OOB) observations. An appeal of RF is that the forest of trees contains a large
amount of information about the relationship between the variables and observations. This
information can be used for prediction, clustering, imputing missing data, and detecting
outliers. The RF algorithm was implemented by the randomForest (version 4.6-2) R package
(Liaw, 2002). We used tune randomForest (tuneRF) function. The number of trees and
stepFactor were set to 1000 and 2, respectively. However, there are default values for
different features, which are provided by the program and we used in this work.

2.3.3. Multi-class h/f-regularized logistic regression—A multi-class ¢1/(g-
regularized logistic regression model that we used in this study is a generalization of the ¢1-
regularization logistic regression. Development of such strong theoretical guarantees, and
great empirical success method is from recent studies in areas such as machine learning,
statistics, and applied mathematics (Bach, 2008; Duchi and Singer, 2009; Kowalski, 2009;
Negahban et al., 2009; Yuan and Lin, 2006).

The multi-class £1/¢g-regularized logistic regression is an expression of the form

where % indicates vector of size 1 x 77, n is number of features for /th protein domain of the

¢-th RBDs subclass, w;yis the weight for ; yjris the response of a;4 and cyis the intercept
for the /-th RBDs subclass. To construct multi-class ¢1/¢g-regularized logistic regression we
used mcLogisticR function of SLEP package (version 4.0) which is written in Matlab. In
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this function, the elements in y are required to be /m x kA matrix including elements of 1 or -1
(mis the number of protein domains and & is the number of RBDs subclasses).

3. Results

3.1. Construction of dataset

Constructed dataset cover 7 out of 28 RNA binding subclasses with at least one protein
domain member, including 7S RNA binding (10 protein domains), double-stranded RNA
binding (16 protein domains), mMRNA binding (11 protein domains), rRNA binding (29
protein domains), tRNA binding (16 protein domains), translational factor activity RNA
binding (2 protein domains), and single-stranded RNA binding (1 protein domain). The
RBDs of our dataset are summarized in Table 1. In construction of our methods we
eliminated subclasses with less than 10 protein domain. In addition we constructed methods
for prediction of five subclasses (i.e. tRNA-, rRNA-, mRNA-, 7S-, and double-stranded
binding domain subclasses) and three subclasses (i.e. tRNA-, rRNA-, and mRNA-binding
domain subclasses).

3.2. ANOVA analysis for feature selection

In order to consider the effect of number of features on performance of methods, ANOVA
was used to select significantly different features between three and five RNA-binding
protein domain subclasses. Table 2 and Table 3 have shown 10 top features with the lowest
p-values. From ANOVA results, RNA binding subclasses show an obvious difference in
sequence- and structure-based features. Figure 2 shows difference of shape, size of RBDs,
size of main patch and frequency of two important charged amino acids, i.e., Arg and Lys, in
five different RBD subclasses. In addition reduced models were constructed using selected
features with significant level of <.05, which were 45 and 102 features in three and five
subclasses, respectively.

3.3. Tuned multi-class support vector machine analysis

We used a tune function to select optimized structure of TMCSVM through jackknife and
self-consistency tests. The most important parameter of TMCSVM topology is kernel
function which was searched for the best one among four different kernel functions, i.e.,
linear, polynomial, radial, and sigmoid. Table 8 and 9 show the highest performance
obtained by TMCSVM in overall. TMCSVM and reduced-TMCSVM show the highest rate
of 79.31% in prediction of rRNA BDs subclass in comparison with the other methods in five
subclasses prediction and also SVM shows the highest rate of 50% for prediction of tRNA
BD subclass in three subclasses prediction. Our results confirm that although TMCSVM is a
machine learning method, dealing with a large number of features is possible because of
seeking a global optimized solution and avoiding over-fitting in the SVM training process.
However, obtained results in three subclasses prediction, emphasize that this ability is
diminished to limited range of features/samples ratio.

3.4. Random Forest analysis

R randomForest package was used to construct RF for prediction of RBD subclasses. In
order to optimize performance of RF, we defined cutoffs based on distribution of RBDs in
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subclasses, i.e., number of RBDs in each subclass divided by total number of RBDs.
Obtained results reveal that although RF can predict all of RBDs correctly through self-
consistency, performance of jackknife test drastically reduced (Table 8 and 9). However,
reduced-RF shows the highest rate in prediction of 7S RBDs subclass (70%), and mRNA
RBDs subclass (81.82%) in comparison with the other methods in five subclasses
prediction. In addition, RF and reduced-RF show the highest rate of 81.82% for prediction
of mMRNA BD subclass in three subclasses prediction. Furthermore, from obtained results, it
is obvious that number of features in RF training is an important issue and it is independent
of number of subclasses. Indeed, RF is over-fitting prone when we train it using large
number of features.

3.5. Multi-class &4/k-regularized logistic regression

We ran a MCRLR method on the dataset in five and three subclasses using jackknife and
self-consistency. MCRLR provides useful information about preferred and avoided features
in each one of RNA binding subclasses. tRNA BD subclasses shows some preferred and
avoided with higher average values in comparison with the other subclasses in three- and
five subclasses through jackknife and self-consistency procedures (Tables 4-7). Our results
confirm previous reported unique properties of tRNA BPs by Shazman and Mandel-
Gutfreund (2008).

The results of jackknife and self-consistency tests, which shown in Table 8 and 9, are
obtained according to the output of the model. High performance measures of MCRLR
model through self-consistency confirm usefulness of defined features in prediction of RBPs
subclasses. Results of jackknife tests show that performance of reduced-MCRLR drastically
decreased especially in three subclasses prediction using selected features. Rationale for
decrease of MCRLR performance is restriction of shrinkage ability using limited number of
features (N=45 for prediction of three subclasses). Indeed, £1/ ¢g-regularized constrains the
total weight allocated to a set of features, with the end result that some features received
zero weight. Additionally, MCRLR shows the highest rate in prediction of double-stranded
RBDs in comparison with the other methods.

4. Discussion

Knowledge regarding how bio-macromolecules interact with each other is essential in the
understanding of cellular processes. In this study, we investigated interaction of protein and
RNA as an important interaction in various cellular processes.

According to a recent comprehensive review (Chou, 2011), to establish a really useful
predictor for a protein system, we need to consider: construct a valid benchmark dataset,
formulate the protein samples with an effective mathematical expression, develop a
powerful algorithm to operate the prediction, evaluate the anticipated accuracy of the
predictor, and establish a user-friendly web-server, respectively.

From previous reports, it is mentioned that the aminoacyl tRNA synthetases, and bacterial
factors, which mimic tRNA BPs have highly negatively charged surface (Tworowski et al.,
2005; Nakamura and Ito, 2003). But there is no more information about variation in feature
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distribution in different RBPs. In this study, in addition to multi-class classification of RBDs
we tried to do feature selection. In addition to comparable prediction accuracy with
TMCSVM, a clear variety of feature distributions was elucidated by using MCRLR. For
example, our results demonstrate exciting diversity in distribution of Lys and Arg, two
important charged amino acids in interaction and catalytic reaction, in different RBDs
subclasses. From our data in tRNA BD subclass, Lys is preferred in sequence and Arg is
preferred in intermediate regions with high scores (Tables 4-7). In mRNA BDs subclass,
Arg is preferred in sequence, and in double-stranded RBD subclass, Lys is preferred in main
domain while Arg is avoided in main domain. In addition, in rRNA BD subclass, Lys is
avoided in sequence and it seems that Arg is preferred to be on surface as it has been
determined with negative value of being in intermediate regions. In 7S RBD subclass, Arg
and Lys have not been selected among top preferred or avoided residues. From our results
we can understand that Lys and Arg in tRNA BDs, Arg in mRNA BDs, Lys in double-
stranded RBDs, and exposed Arg in rRNA BDs are possibly important in RNA-protein
interaction and catalytic reaction of RBDs. Figure 2 illustrates distribution of Arg and Lys in
main patches of different RBDs subclasses.

These results emphasize that the tRNA BDs have unique local and global properties that can
be utilized for identifying novel proteins possibly involved in tRNA processing. Moreover,
it is worth to mention that the size of secondary patch show positive average value in tRNA
BDs subclasses and it means secondary patch may have specific properties as mentioned by
Shazman and Mandel-Gutfreund (2008). Growth of 3D solved protein databases will be
helpful to discover more details about RBDs.

In this study we developed a first of its kind /n silico approach for analysis and prediction of
RBDs subclasses in three and five subclasses using RF, TMCSVM and MCRLR. In overall,
TMCSVM outperforms the other methods, although tuning of SVM is time consuming. On
the other hand, MCRLR show some advantages including fast training, report of more
important features for RBD prediction, and detection of avoided and preferred features in
each subclass.

In addition, RF shows the worst accuracy among three predictor methods which means RF is
prone to over-fitting especially when large numbers of features are fed into it. In conclusion,
we used two types of predictor methods including: (1) MCRLR as a statistical method and
(2) RF and TMCSVM as machine learning methods. Statistical methods are commonly
accepted and popularity of these models may be attributed to the interpretability of model
parameters and ease of use, although they suffer from their specific limitations. For
example, statistical methods use linear combinations of independent variables and, therefore,
are not the best adept at modeling grossly nonlinear complex interactions as has been
demonstrated in biological systems. On the other hand, machine learning methods are rich
and flexible nonlinear systems that show robust performance in dealing with noisy or
incomplete data and have the ability to generalize from the input data. They may be better
suited than other modeling systems to predict outcomes when the relationships between the
variables are complex, multidimensional, and nonlinear as found in complex biological
systems. Although machine learning methods can give high prediction accuracy, some
problem may be raised in their training. For example in this study we showed that RF as a
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well-known machine learning method is not well suited for our problem and is prone to
over-fitting. “black box” nature, and the empirical nature of model development are other
disadvantages of machine learning methods (Tu, 1996).

5. Conclusion

A great challenge in classifying ligand binding proteins (such as RBDs) is to be able to
identify to which ligand it will bind. For this purpose, we applied three different predictor
methods to classify RNA-binding domains using a large number of sequence and structural
features, which was trained on three and five different subclasses of known RBDs classified
according to their RNA target. From our results TMCSVM shows the highest prediction
accuracy in compare with other methods. Overall, the results we obtained are encouraging,
reinforcing the idea that combination of sequence and structural properties of protein
domains can give clues to the protein’s interacting partner.

It is important to note that subclassification of the RBDs to three and five subclasses using
our multiclass approach is only possible —given the prior knowledge that the protein domain
binds RNA. Indeed we have to mention that requiring known protein domains as RNA
binding is a limitation of such predictor models.

Finally, our results showed that, in addition to multi class prediction, biological diversity of
RBD’s subclasses would be interpretable using state-of-the-art methods like £1/¢g-
regularized logistic regression.

Since user friendly and publicly accessible web-servers represent the future direction for
developing practically more useful predictors (Chou and Shen, 2009), we shall make efforts
in our future work to provide a web-server for the method presented in this paper.
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Figure 2.
Diversity of features between five different RBDs. (A) sample of 7S RBDs (d1914al), (B)

sample of rRNA RBDs (d2v3kal), (C) sample of double_stranded RBPs (dlekza ), (D)
sample of mMRNA RBDs (dlafwal), and (E) sample of tRNA RBDs (d1a6fa_). The gray
region represents the main patch, blue represents Arg amino acids, and green represents Lys
amino acids.

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 18

Jahandideh et al.

uewnH  dgy feajonuuiad piyewads agysp aI-agysp MI-qaysp  g+° Buipulg YNy sa TeAwpzp  ve
\/ J01eAI}O®

UBLINH  MdA VNY SPI- Uosapa| asusp »I-agusp a-agysp  g+0 Bupuig vNY SA TEXIpZP €2
Jxd aseury

asnoNl ugjoud Juspuadap-NYsp agysp aI-agysp a-aaysp  g+o Burpulg Ny sa Te6VXIP 22
1d aseury

asnoN utsjoud Juspuadap-YNYsp agysp aI-agysp MI-gaysp  g+° Buipulg YNy sSa TegyXIp T2

uewnH urejold 8106@ agysp aI[-agysp a-aaysp  g+o Burpulg Ny sa TeLyXTP 02
6XUQ ‘v aseoljay

asnoy VNN juapuadap-d1v agysp aI-agysp MI-gaysp  g+° Buipulg YNy sSa “ebymip 6T

asnoNl Iesna agysp aI-agysp a-aaysp  g+o Burpulg Ny sa Teuymtp 8T

BSNON 'V 8sedljay YNY %ummm asysp MI-agysp a-agysp  g+0  Bulpulg Ny SA “engp LT

asnoy ¢ Bojowoy uayness agysp aI[-agysp a-aaysp  g+o Burpulg Ny sa Tezyntp 9T
urewop

oS [eulwIR}-O ‘111 8sENY agysp aI-agysp MI-gaysp  g+° Buipulg YNy sSa “eopdtp 6T
urewop

WL [eUILLIB}-D ‘I1] 8SENY asusp »I-agusp a-agysp g+ Bupuig vNY SA TeMQOTP  ¥T

WL @do3 1118seNy  fij-urewop onAjered |1] aseNy j1]-Urewop |11 9seNy MI|-urewop |11 3seNy D Bulpuig vNY Sa TeMQOTp €T

NG 111 urewop ‘usjnels agysp aI[-agysp a-aaysp  g+o Burpulg Ny sa eDpIp T

X Vv agysp agusp aI-agysp M-qaysp  ¢+0 Buipuig vNY " SA “ezptp 1T

SSv Uid dgss agds agds agds D Buipulg YNy SL zexzbtp 01

uewnH INYSdYS agds agds agds » Buipulg Ny SL “ezqbtp 6

W _

\41 dgSs J0 Urewop ased 19 a1|-utejold uoJi aseusbolIN $95e]0IPAY d LN dooj-d sase|oIpAy dLN dooj-d g/ BuipuIg YNy SL zetsItp - 8

v1 U4 dass  suisjoid-9 10)dadas d4S/dYS-a  sursjold-9 103dadal d¥S/dHS-a aanH4 » Buipulg Ny SL Tets|Tp L

[NV 6TdYS 61dYS 6TdNS 6TddS  g+0 Buipuig wNY SL “ebuitp 9

4vv 6TdYS 6TdYS 6TdNS 6TddS  g+0 Buipulg YNy SL “RANTP S

uewnH 6TdYS 6TdYS 6TdYS 6TdYS  g+o Buipulg Ny SL “epiltp 14

03 Uy dgSS asads asads asads D Buipuig wNY SL Tethytp €

3SNON yTdYS vT/6ddS vT/6ddS vI/6ddS  g+o BuipuIg YNy SL TevI6TP ¢

asnoN 6dYS v1/6d4S Y1/6dYS vI/6ddS  g+p Buipulg Ny SL TeyT6IP T

sa10ads urewoq Ajiweq Anwepradng plo4  sse|D wJi9) 09 urewoq uiglodd ON

"19se1ep JINo ul surewop Buipulg WNY pazuewwns
Talqel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 19

Jahandideh et al.

oy ¢-439 A pue ||| surewop g-439/9-43 3I|-urewop [euiwlzl-) 9-43 MI-uixopaued  g+o Burpuig Nyl venouUIp 0§
oS Al Urewop ‘z-439 JNL a1|-g urewop GS dy Ml-zurewopsSdy g+ Buipuig” YNy €enoutp  6Y
urewop
oS (9) reuwssy-N ‘z-439 sutsiold 9 sase|oJpAy d LN dool-d sase|oJpAy d LN dool-d g Burpuig Nyl Zenoutp 8y
oS 11 urewop ‘z-439 43 su8104d uole|suel | UIBWIOP UOWILIOD 10308} F/1/Y d Buipuig” YNy TenouIp Ly
1L 9S dd 9S dd 9S dd afl-uxopaied  g+o Buipuig Nyl Tenoitp 9y
HdV /S dd /S dd LS dd LS urejold ewosoqry » Burpuig Nyl TeAbitp Gy
A\ 8S dd 8S dY 8S dY 8Sdd  ¢+v Buipuig” YNy enoltp i
vi 221 dyd 221dd 221dd ze1dd g+ Buipuig Nyl Telpitp v
(010 urzr0id _ _
11 ssals [edauab) 611 oY MNI-G21dY MII-G21 dY aMI-G21 dd d Buipuig” YNy endyTp 2w
urewop
23 Jeulwlgl-) 813 3sed 19 urewop H adA1 anoAsexoid urewop H adAy anoAsesiold  ayjij-urewopoud asesjold anA|-D g+0 Buipulg YNy zeebaTp T
WL ¥1dd ¥1dd ¥1dd v1dd g Buipuig” YNy “ebwptp  ov
1s4 urewop-2 671 dd urewop-2 671 dd urewop-2 671 dd urewop-061dd  g+v Buipuig Nyl TeAIPTP  6€
1s9 GTS dd GTISdY  urewop Bulpuid-yNY TSN/STS  urewop Bulpuig-vNY TSN/STS » Burpuig Nyl Tegeerp 8¢
oS ase|opAy uidAwos|g a1]-uteded saseula)o.d aulgIsAD saseula)oid aulgIsAD gm Bulpuig wNYW “eqobgp 1€
S  dzays utaloid Buipulg-wNY dzays ursloud Buipuig-wNY dzays ursloud Buipuig-wNY dzays ursioud Buipuig-wNY D Buipuig wYNHW TeAxTp o€
oS 1doq 1do@ aI|-urewop Hd [344eg 31]-urewop Hd d Buipuig vNYW TelobTp  Ge
uewnH 1-rd 1dyd/1-0Q M-V sutwen|b | sse|y M1|-UIXOPOAR| gm Buipulg vYNYW “Bgdp vE
urewop
23 |euiwIgl-) ‘g 9Seluody Urewop Inyns-uoJi asesuody urewop InyNs-uoJi aseuody Urewop InyNs-uoJi asesuody gm Bulpuig wNYW celgitp €e
urewop |euiwia)l
o3 -N pu028s ‘g 8seluody aI-anaT aMI-aall/ane  urewop o/gdyd Burjeamvs,, sy g Buipuig wYNHW zelsitp ze
urewop urewop urewop
o3 JeuIWIB)-N ‘g 8SeHU0dY |euIWwIB)-N ‘g 8SeNu0dy |euIwIa)-N ‘g 8SeNuody x1|ay4adns 0-n D Bulpuig wNYW Telgitp 1€
urewop
NY aseuly| ajeuo|eAs|N aseuly| ajeuo|eAsN leuiwIgl-) ‘aseury dINHO 1]-uIxopaia4 d+o Bulpuig wNYW eI TP 0g
urewop
N aseury eyeuoleAsIN [eulwgi-N ‘aseury! diNHO 31|z urewop Gs do MI-zurewop §Sdy  g+» Buipuig wYNHW TOIMIP 62
uewnH uljsuel | urjsues . urjsues . xXijaydadns -n 0 Bulpuig wNYW “eltlTp 87
oS asejolyL pajejau-aseloly L a1]-asejoly L a1|-asejoly L g Butpuig wYNYw Temjerp /g
urewop _ B
vV [euIwIgi-O ‘111 3seNy agysp a1|-urewop BulpuIg-vYNYsp a-agysp  g+v Buipulg vNY sa zebnuzp 9z
vV do3 111 9seNy  3j1j-urewop onAered |11 aseNy a1|-urewop ||| 8seNy 31|-urewop ||| 8seNy D Bulpuig Ny sa Tebnugp Sz
sa10ads urewoq Ajiweq Ajiweysadng plo4  sse|D wJis) 09 urewoq uiglodd ON

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 20

Jahandideh et al.

SUIBLIOP [RUILLLIB)

IAH -0 '3 Buippe-y00 YN} aj-uoibal 10d v Alod a1|-uotbal 10d v Alod aIf-uolbal 10d v Alod D Buipulg Ny} TeGNOTP 9/
L ugjold d aseNy ugjold d aseNy MI|-Z UreWop §S dy M-z urRWOPGS dY  g+0 Buipuig vNYl Teozutp  GL
urewop dnAered SaseIayIUAS Sase1ayIuAS
L1 uungns eydye SYayd ‘DI -S VNY-V 1S58 unolq pue Syee || sse| unolq pue Syee | ssejy  g+0 Buipulg Ny} “eolltp pL
11 wesD fojowoy TTTdaYL urewop JAN surajoud Buipuig-pioe d131NN PI0J-€0 g Butpuig Ny TepbTp €L
uewnH 11 dvINg urewop JAW surejoud Burpuig-proe o18]oNN pIoj-90 q Buipulg” Ny} TeOuTP 2L
vniL
o3 | mmmsuc\mm aulpLInopnasd wnil | wwmcuc\Am aulpLnopnasd wmmsE\Am aulplinopnasd wmmcuc\Am aulpLnopnasd m+d mc_tc_gl<2m~ Ico_‘u._”v TL
nsg uzjold d aseNy uajold d aseNy 3MI|-g Urewop §s dy DI-ZUWOPGS dY  J+D BuipuIg VNY} Tejgerp 0L
uewnH (TINS) T 419 MNI-T419 MNI-Td19 MI-T41e  g+p  Bulpuig wNY V4L Temyze 69
aM1|-urewop
uewnH eT419 Buipuig-wNQ o0ys pjod sutajoud Buipuig-pioe 13|aNN plo}-90 ¢ Bupuig wNY V4L “eb/ptp 89
o3 P ST dSH @1 ST uIsjoid >o0ys yeaH ow Buipuig-wNy 1-» Jnow Butpuig-wyNy -0 g+p  Bulpulg vYNY TSS TeeWPTP 29
(W Td3aN dgy MI-TdIN/TONT Jouy g/o owigm gm Butpuig Nyl TePQAEP 99
ol TON3 MII-TdIN/TONI Jouy g/o lowjgm  gm Burpuig”wNy! TOEAZP  S9
vV 9S dd 9S dd 9S dd MI|-uIxopaueg  g+o Burpuig Ny Teeslep 19
uewnH 97dd 97dY 914y 91dy  g+o Buipuig Nyl Teloozp €9
sq yI1dY ¥T1dd ¥17dd ¥T1dd g Burpuig Ny TRlUMIp 29
urewop
11 Jeulwlgl-) 813 3sed 19 urewop HY adA1 anoAiexoid urewop HY adA1 onoAiexold  ayij-urewopold asesjosd onAl-n g+o Bulpuig Ny, ZeSIMTP 19
urewop
11 [eUIWIB)-N "8I3 3sed 1D sutejoid 9 sase|oIpAy d LN dooj-d sase|oIpAy d LN dooj-d g Buipuig Nyl TeSIMTP 09
21 aM1-urewop
WHY d¥ JO urewop [euluwal-N Buipuig-wNQ >00us pjod sutajod Buipulg-proe d13|INN pI0j-90 d Buipuig YNy ZeobATp  6G
21
WHY d¥ JO urewop [euluusl- 271 dY JO urewop [eulwisl-o urewop axIl-eHS d.L [310eq AMI|-EHS g Buipuig Nyl TeObATP 8§
AL 9S dd 9S dd 9S dd MfI-uxopaisy  g+o Burpuig”wNy! TeqWATP 4§
1sg 8S dd 8S dd 8S dd 85dd  ¢+» Burpuig Ny TelsTp 9§
1s9 97dd 97dY 914y 91dy  g+o Buipuig Nyl Te9UTP G
159 97dy 97dy 974y 91dy  g+o Buipuig vNy! TEQUTP  ¥§
1S9 urewop [eulwie)-N ‘SS dd urewop [euiunal-N ‘GS dd aI-agysp a-aaysp  g+o Burpuig Ny zeddrp €5
1S9 urewop [euluua)-N ‘SS dd JNL MI|-Z UreWop §S dy MI-ZUrRWOPGS dY  g+0 Buipuig Nyl Tedqdip 2§
28 Z439 A PpUe ||| Surewop z-438/9-43 j1]-UreLop [eulws}-D 943 DfI-UIXOpaLRy  g4D Buipuig vNy! genoutp TG
sa10ads urewoq Ajiweq Ajiweysadng plo4  sse|D wJis) 09 urewoq uiglodd ON

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 21

Jahandideh et al.

"sjusuodwod Alaulydew [euone|suel | DAL ‘@SeyIuAs aulpLInoIpAyIp

SN ‘v 101eA1Ne aseuny ulsloid Juapuadap-NY Papuelis 8|gnop 8]qIaNpul-U0JaIalu| | J0JeAlIR Mdd WYNY SPI-U0Ja}alu] ‘Urewop 1A ered aseajonuopus ||| 8SeNy :dD3 111 9SeNy ‘ymwolb

21J0HW 104 [e1IUsssT DN ‘uteloid siseusBiolq swosogry :dgy ‘u1eioad 3o0ys 1esH :dSH ‘8SeIBUIUAS YN YI-|AUBYd :SH8Ud ‘awAzus Buippe-v0D YN} 13 Bulppe-w00 YN ‘uteloid Buipuig-wNy:
:d9YL '8seIvyIuAs YNYI-|AUOILPBIN SHIBIN ‘Urewop [eulsi-N ‘1Y L usiold sisayjuAsolq sulweryL :d 18)-N ‘YL dgL ‘ose1syiuhs YN H-JAuele|Ausyd :SHaYd ‘urewiop onAeyed ases|anuopus ||| 8seNy
:dd3 111 8SeNY ‘Uid utsoad Buipuig aouanbas [eubiS :dgSS ‘SnoLIeIRY|0S SNQOJ04INS UOSRYDIY :SSY ‘Sinde| sndouax X ‘Jsisefouelaw ejiydosolq NG ‘snaibanlou sniey :NY ‘[elpuoyd03W uewnH
JNH ‘ewnrew ebojoway ] (AL ‘snonenbe snwiay LW 1 ‘11Ysoy1Ioy SN220904Ad U0aRYIY (HdV ‘INLIOWSLIBW BINdJeojeH U0sRYaIY (AHY ‘S1IIgNs snjj1oeg :NSg ‘1109 _Iyd1iayasy ;03 ‘snjiydowayloless
snjj1oeg ;1S9 ‘aeISIAGIA S30AWO0IRYIIES (DS ‘IIYdseuuel snao030uBYISIN [IA ‘11Ydseuuel Sna9020UBYIBIN U0SRYIIY [NV ‘Bwniiew efojowlay] AL ‘snoljose Xa)inby Y ‘esoulfniae seuowopnasd
:/95d ‘ISSAQe SN22090IAd 1d ‘SIoeJUIUE Sn|jioeg g ‘sajiydowayy snwuay :1 1 ‘snpibiny snqojfoseydly UoseydlY 4V ‘od1j-aselajsueliopiwe aulweln|f | sse|d ax1j-INY aulwein|b | ssed ‘sutsjold-o
101da281 d4S/dHS ayp Jo urewoq :suisoid-9 101dadal dHS/dHS-a ‘Urewop axij-EHS sulaioid uorre|suel] :urewop axi-EHS d.1 ‘@X1]-asejopAy eydje apiioajonu auluspy :a)1]-asejoIpAy D-NY ‘SaselayiuAs
VN1 -|AoBoUIWE | SSB|I JO SSe[IgNS B JO Urewop Bulpuig-UuopodnuY :S-NYI-VV | SSe|d JO SSejagns e Jo gy ‘ai|-g Urewop Hd ases|onuogry :ax1-z urewop Hdy ‘ax1j-uoifai feuiwlsl- asesswAjod

v Ajod :a1]-uo1bas 1 Dd V A|0d ‘Sese1ayiuAs unolg pue Syee || SSe|D :Sg pue Syee || SSe|D ‘Ulsloid [ewosoqry dy ‘Ulewop UoWwwWod 1039k} Uo1IeBUO|a/aSelawos]/aselonpay :Ulewop UOWWOd J0)Jey

3/17Y ‘sasejolpAy areydsoydiy apisoajonu Bulureluod dooj-d :sasejopAy 41N dooj-d ‘@jpung umop-pue-dn [ealjay-ino4 :ganH4 ‘urewop Buipuig-spndad jeubis :agds ‘Jswipolalay Bulpuig wNY hfe
a|a1ed uonubogal [euBIS :dyS ‘Bulpulq YNY AlANoe 1008y [euole|sue) (Bulpulq WYNY V4L ‘Bulpulg wNY papuess-a|buls :Bulpulq YNY SS ‘Bulpuld YNY papuens-a|gnop :Bulpulg NS Sa

1 SHdyd SHdyd wie Bulpulg-vN Y} urdirey-eydye fuon D Buipulg VNY} TecAigp S8

vd @8N ‘1YL dgl urewop dWNHL I|-urewop dIWNHL urewop dWNHL ~ g+» Buipulg Ny} qesgzp  ¥8

vd Q49N ‘YL dgL aM1|-ase|oIpAY D-NV aM1|-ase|oIpAY D-NY gm Buipulg VYNY} TesGoZp €8
urewop

vd SHIBN oNnAeIed 'S YNYI-V | Sse10 asesajsuel) |AIApRosoNN a1|-3s8]01pAY D-NV g Buipuig Nyl zebbutp 28

S-VNUI-YY S-VNUI-YY S-VNUIYY

vd SHIBN | SSe|9 JO ssejogns e Jo adv | SSeJ9 JO Ssejogns e Jo agyv | SSBJ2 JO Ssejagns e Jo agv D Buipuig wNY) Tebbutp 18

Vasd g Ulewop ‘Hd asesjonuogry  a3|-g Urewop Hd aseajonuoqry aMI|-z urewop Hdy M-z Urewop Hdy ~ g+» Buipulg Ny} Zel9ITp 08

Vosd T UIeWOp ‘Hd asesjonuogry  a)1|-T urewop Hd aseajonuoqry aMI|-Z urewop s dy M-z URWOP GS dY  g+P Buipulg vNy} TeIUTP 6L

vV TTTdgdl urewop JAN sutajoud Buipuig-pioe a13joNN pI0}-90 g Buipulg vNH} Teghdtp 82
urewop a1|-urewop

WH  peay ‘3 Buippe-wDD YNH! peay aselawAjod v Ajod aselaysuel}ApnoajonN aseJaysuel}ApnosjonN g+0 Buipuig WNH) 2egnotp 1l

sa10ads urewoq Ajiweq Ajiweysadng plo4  sse|n wJal 09 ulrewoq uielodd ON

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 22

Jahandideh et al.

'sIsAjeue WAONY Buisn Ag sassejogns urewop Buipulg-wNY 994Y) Usamiaq sainiea) pa1dajas dol uay Buneaipul

NIH-PA Author Manuscript

¢ ?olgel

NIH-PA Author Manuscript

7000 juiod 9141981908 ot
6€00°0 199yS Ul SpIde oulwe pafireyd Jo JaquinN 6
¥€00°0 suoifial pasodxa ul Buy Jo JaquinN 8
€00°0 9douanbas ul spioe oulwe pabireyd Jo JaquinN /
92000 198ys Ul N9 Jo JsquinN 9
21000 39uanbas Ul sp1oe oujwe JIseq Jo JaquinN g
T000 yored urew ui sAD Jo JaquinN ¥
¥0-30°2 suoiBal paling ul Jas Jo JaquinN €
¥0-30'G sagy 4o ybram Jejnasjon z
$0-30'C suoifial ajerpawLB)ul Ul By Jo JsquinN T
anjen-d ainyead  JaquinN

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 23

Jahandideh et al.

‘sIsAeue WAONY Buisn Ag sassejagns urewop Bulpulg-wNY dALL Usam1a( Sainjea) palds)as dol ual Bunesipul

NIH-PA Author Manuscript

G0-329'F suoifal patng Ul ey 40 JaquinN 0T
G0-30S'T  Yydled urew ui SpI9e OUIWE [[eWS JO JaqWNN 6
90-38T°C NY 8
10-365°'8 sagy 10 ybiam 1ejnasjoN /
80-3¢6'8 yored urew ui sAT Jo JaquinN 9
80-3€6'Y sanpIsal aARIsod Jo Jaguinu [ejo L S
60-30%°L sanpisal aA1eBau Jo Jaguinu [e1o L ¥
60-301'T Swioje Jo Jsquinu [e101 €
07-300'8 Sanpisal Jo Jaquinu [e1o 2z
0T-300% sjodig 1

snjeA-d aimesd  JaquinN

€9l|qel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 24

Jahandideh et al.

"80uanbas :*bas ‘suoibal paring :yg ‘spioe oulwe Sy ‘puoq uabolpAy :gH ‘suoifial aelpawsiul :y| ‘suoibai pasodxa ;43 ‘jloowopuel 10y ‘yored urew 4

8G2'T-/Od Ul SAD Jo JequinN

PITT/d1 Ut ujo 30 J_3quinN 026°0/d1 U1 dsy 40 JaquinN 82.°0/dIN Ul ds/ Jo JoquinN 6¢.°0-/921S yored puodss )
99T'T/d| Ul 3yd J0 J_3quInN 69¢°T-/43 Ul SIH JO J3quiNN T€6°0-/43 U1 By 40 JaquinN 2SL°0/dN Ul SAT7 40 JoqWINN €G/2°0-/GH [9]1eJednue Jo Aousnbaiy 6
9¢¢'T-/43 Ul 3yd 4o JsquinN 08C°T/X1I8y Ul [eA JO JaquinN ¥£6°0/43 U1 ds 40 JaquinN 612°0-/dIN Ut Bl JO J8quInN 652°0/d1 Ul N|O JO JsquinN 8
GGC'T/193YS Ul 18N JO J3qUINN Y0E T-/dIN Ul JAL JO JBQUINN  6¥6°0~/'bds ul sy pabreyd Jo saquinN 662°0-/04 Ul U]D JO J3quinN TT80/XII9Y Ul JAL JO JaquinN L
GEE'T-/HI Ul 3]] JO JsqUINN 0€E'T/OY Ul IS JO JaquinN 696°0/0Y Ul SAD J0 JaquinN T18°0/44 Ul Bl JO JsquinN 988°0-/dIN Ul N|D 0 J3quINN 9
T/E'T/d4 Ul dsy 40 JaquinN 8GY'T-/Od Ul 18Nl JO J3quINN L00°T-Au10d 914303]308] TES'0/dN Ut JAL 30 JaquinN 066°0/43 Ul 18Nl JO JsquinN S
9/G°T-/dN Ul 9] JO JIsquINN  T8'T-/X1I8Y Ul N3] JO JOqUINN ¥60°T-/d1 Ul J3S JO J3qUINN T68°0/d1 Ul N[O J0 JIBqUINN 026°0-/"hs ul sIH Jo JaquinN 14
€8G'T-/dIN Ul 0ld JO JSqUINN 667 T/dIN Ul 3]] JO JSqUINN ZVT T/dN Ul SAD 30 JaquinN 006°0/310d1Q 866°0/193Us Ul SAD 0 JaquinN €
€00°¢/193ys Ul SIH JO JsquinN GGG T-/d1 Ul By 40 JsquinN 9/7°T/44 Ul Jss JO JaquinN 006°0/dIN Ul N|9 Jo JsquinN ¥.2'T/0d Ul 18Nl JO JaquInN 4
700°2/d1 U1 61y Jo JequinN €T6°T/dIN Ul SIH JO JsquinN €L€'TAYBIOM JBINIBION  L96°0/dIN Ul SV DIseq JO J3qINN LTS T/dIN UI'ISIN JO J3qUINN T
ssejogns agy YNy} ssejogns agy YNy ssejogns dgy YNYW  ssejagns gy papuedis- sjgnod ssejoqns dgd s, 'ON

anfe,\ abelaAy/ainiea

| - TEE
L [ [ |
| | L

- ] ]

| || |
| | L

L | .
. L .

| ] .
| | L

-

||
-
=

=

"S9SSR[IgNS pate|al

Ul Sainjeay 8y} JO 89UBPIOAR MOUS SaNjeA aAlTeBau pue sassejogns pale|al Ul sainyeay ayl 40 8ouaJayald MOYS SanfeA aAIlISOd "sasse|agns urewop Buipuiq
-WNY 9A1} Jo uonoaipaid Joj sainjesy Jo [e Buisn ainpasoud aptuxpoel ayr ul Y19DIN Ag paindwod saunjesy ueniodwi dol us) Jo syblam abelane Buneaipul

NIH-PA Author Manuscript

v alqel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 25

"80uanbas :'bags ‘suoibal paring :yg ‘spioe oulwe Sy ‘puoq uabolpAy :gH ‘suoifial aelpawsiul ;Y| ‘suoibai pasodxa ;43 ‘[loowopuel :0Y ‘yored urew gl

06.'T-/Odul 8yd J0 JsquinN 8G'¢-/dI Ul N9 JO JSqUINN LTET/dIN Ul 311 JO J3aquinN 186°0/0d Ul 19IAl JO JSqUINN T8LT'T-/321s yored puodss 0T
9T18'T-/dIN
Ul SV |[eWS JO J3quinN 88G°Z-/d1 Ul By Jo JsquinN 6T€ T-Aul0d 0113081308] 686°0-/49 Ul SV Jlseq Jo JsquinN TECT/OH Ul u[9 Jo JsquinN 6
160°'2/9H €+1 0 Aouanbai CVL'2-/0d Ul BN JO JsquinN €9€'T-/dI Ul N[O JO JSqWINN 9€0°'T/31 Ul J3S JO JsqWINN GEC'T/A83YS Ul N8 JO JSqUINN 8
882°Z/183ys Ul sy Aun Jo ssquinnN 8¢¥L'¢/A98YS Ul 01d JO JBqUINN 28y’ T/d1 Ul By JO JBqUINN /70" T/dIN Ul SV J1JeWOIY 4O JaquinN ¢62'T/d1 Ul N9 Jo JsquinN L
€79°¢/dI1 Ul 8yd J0 JaquinN ¥56°2-/dIN Ul JAL JO JsqWINN 981 T/Hg Ul SV [[eWS JO JaquinN 290°T/dIN Ul 3yd Jo JsquinN 00€'T/d3 Ul 18N Jo JsquinN 9
120°€/'bas ul siH J0 JaquinN 0€0°E/d|1 ul JssS Jo JsquinN 75 TAYBIIM JendsjoN 0.0'T-/Od Ul U9 JO JaquinN 04€'T-/'bas ur sIH Jo JsquinN S
8TT'€-/0Y Ul SV |[ewsS JO JsquinN 6T¢'€/d3 Ul SV JIpIde JO JsquinN €€.°'T/d4 Ul J3S JO JsquinN 09T'T/R10dId  #S°T-/9H [3][esednue yo Aousnbaig 14
G29°e-/XII’Y
Ul SV |[eWsS JO J3aquinN 8/E'E/dIN Ul 3]] JO J3quInN 9/6'T/dW Ul SAD JO JsquinN 0€Z'T/dIN U1 JA1 Jo JaquinN €G9'T/OYd Ul 181Nl JO JSqUINN €
€807/ Ul By Jo JaquinN ¢S9°€/0Y Ul IS JO JsquinN 7£0°2-/43 u1 b1y Jo JsquinN ¥6€ T-/dW Ul Bl Jo JaquinN TTO'¢/dIN Ul'ISIN JO J3quIinN 4
€LLE
TSE'7-/dIN Ul 9]] JO JSqUINN /X118y Ul SV [[eWsS JO J3quinN TG0°¢-/dl Ul J3S JO JSqUINN G/9'T/d1 Ul N9 JO J3quinN 620°Z33ys ul sAD Jo JequinN T
ssejagns agy YN} ssejogns agy YNy ssejogns agy YNHW sse|ogns agy papuedis-ajgnog ssejogns Agys,  ON

anfe, abelaAy/ainiea

"
1

J Theor Biol. Author manuscript; available in PMC 2014 February 03.

Jahandideh et al.

- . "
. £
L
|
| N
[
L

'$9SSL|IgNS Pale|al Ul Sainjea) ay) JO a9UBpIoAeR
MOUS SanjeA aAllefau pue sasse|agns patejal Ul Sainjea) ayl JO adualajald MOUS SanjeA anlISOd '$asse|agns urewop Buipuig-wNY aAl Jo uonaipald
10J sIsAjeue WAONY Aq sainea) paos|as Buisn ainpadoid aptuxpoel ayy ul 41990 Aq paindwod sainyea) Jueniodwi doy ua) Jo syybiam abelane Buneaipu|

GalqeL
NIH-PA Author Manuscript

NIH-PA Author Manuscript NIH-PA Author Manuscript



Page 26

Jahandideh et al.

"90uanbas :*bas ‘suoibal paring :yg ‘spioe oulwe Sy ‘suoifal ajeIpawiaiul (Y| ‘suoifial pasodxa 143 ‘|10owopuel ;Y ‘yored urew 4N

99/°0/321S yored puodss 682°0-/0Y U SAD 40 JaquinN 2T2°0/2Y Ul sAD Jo JsquinN 0T
06.°0-/X113Y Ul SAD J0 JaquInN 0€6°0-/198Ys Ul SIH JO JsquinN €G2°0/d1 Ul By Jo saquinn 6
TZ6°0/X118y Ul 8yd Jo JsquinN ¥56°0/X118Y Ul SAD J0 JsquinN 69.°0-/43 u1 Buv Jo JsquinN 8
€E0'T-/dI Ul 311 JO J3aquinN GTO'T-/821S Yored puooss ¢8.°0-/41 Ul 3yd JO JsquinN L
GGO'T-/XI|3Y Ul [eA Jo JsquinN T2O'T/d1 Ul Jss Jo JsquinN 868°0/49 Ul JsS JO JaquinN 9
€8T'T-/dI Ul USY JO J3qINN T60'T/dIN Ul 3yd JO JaquinN 676°0/193Ys Ul N9 JO JaquinN S
6EE T/YI Ul 8Ud 4O JBQWINN 60T T/'bas ul sy pabreyo Jo JaquinN £56°0/'bas ut 01d 40 JaquinN 14
T8S'T-/dI Ul 01d Jo JsquinN 8. T-/XII3Y Ul 8yd JO JsquinN TET T/ bss ul By Jo JsquinN €
669'T-/dIN Ul 0id JO JsquinN 95G'T/183Ys Ul N[ JO JsquinN CET'T-/dI Ul J3S JO JsquinN 4
627°2/41 Ul By Jo JaquinN ¥6L°2-/d1 Ul B Jo JsquinN  2€€°T-/hss Ul sy pableyd Jo JsquinN T
SSejogns agyd vNdl SSegns agyd vNd4 SSEPIgNS ddd VNJW  'ON
aN[e/\ aPelany/aINTea
v 0 - st 50 ST §E 0T T

|| I t

[— | z

| [ €

| [ v

| ] - 5

l [ a

— [ L

[ | 8

O ] 6

. . ot

"S9SSL|IgNS Paleal Ul saines)

8y} JO 30UBPIOAR MOYS SanjeA aAleBau pue sasse|agns pale|al Ul sainjes) ayl JO a2uaiaaid Moys SanjeA aAINISOd Sasse|agns urewop Buipulg-wNY
921y JO uonaipald 1oj sainyeay Jo [fe Buisn ainpadolad apiuxael syl ur Y1HDIN Aq paindwod sainjes) jueodwi doy ual Jo siybiam abeiane Bunesipu|

NIH-PA Author Manuscript

99Iqel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 27

T2 T-/X1|3y ul 18|Al JO JaquinN mmm.ﬁ.\._umm ul syv \_m_oqcoc JO JaquinN Hmo.ﬁ\.cow ul Q\_._. JO JaquinN 0T
20 T/X1|3y ul 0.d JO JsquinN ._”mm.._”\.cwm ul 0ld Jo JlsquinN Nw._”.._”\.cwm ul syv E_oaco: JO JaquinN 6
95°'T/'03s U1 81 40 JBqUINN 819°T-/bas ul 8|1 Jo JaqunN SZST/XIBY UlRlY JO JBqUNN 8
€//'T/bas u1 sA7 Jo JaquinN 2T.T-/'bas ul sA7 Jo JeaquinN 0.25'T/bas ul na Jo JequinN A
8v0'z/bes U1 sy oneydije 4o JsquinN L€8'T/bas ur di1 Jo JaquinN 0z9'T/bos U [eA O JaquInN 9
98€°Z/X118Y Ul A|9 J0 JequInN 006'T/X1[8Y Ul SAD J0 JaquINN TZ9T-/XIBY UI NI JO JBGUINN G
€T6°Z/X113Y U1 |\ JO J3qUINN T87°Z/X113Y Ul USY JO JaquInN 6GL'T/XIIBY UL UID JO JSQWNN ¥
8/6°2-/'bas ur diy jo JaquinN 1,62/ bas u1 na jo JaquinN 056°T/'bas ul dsy Jo JaquinN e
G9/°€-/"bas u1 na Jo JaquInN 666°€/03s U1 N9 Jo JaquInN LY €-/X119Y Ul SAD 4O JaquunN I
6'G-/X113Y Ul USY JO JagqUINN 2L 'p=/X113Y Ul BIY JO J3GUINN Goe'e-/besurnio yosequnN T
ssefoqns agy YN} ssejogns agy YN ssejogns gy VNYW  "ON

an[e, abelaAy/ainiea

0

@ oo

oo W~ o

J Theor Biol. Author manuscript; available in PMC 2014 February 03.

Jahandideh et al.

'$9SSL|IgNS Pale|al Ul Sainjea) ay) JO a9UBpIoAeR
MOYS SanjeA aAliefau pue sasse|ogns paje|al Ul sainjeay ayl Jo adualayald MOYS SanfeA aAIISOd 'Sasse|agns utewop Bulpulg-wNyY 884y} Jo uonaipaid
10J sIsAjeue WAONY Aq sainea) paos|as Buisn ainpadoid aptuxpoel ayy ul 41990 Aq paindwod sainyea) Jueniodwi doy ua) Jo syybiam abelane Buneaipu|

LalqeL
NIH-PA Author Manuscript

NIH-PA Author Manuscript NIH-PA Author Manuscript



Page 28

Jahandideh et al.

86'09 SLEy 7599 s'ay 09'/8 0005 YTYON-Paonpay
T'€9 TR 7559 SGYS 00T 0009 HTHONW
¥8'59 SLEY T€'6L Sy'ay 058 000§ INAS-paonpay
1029 0005 T€6L S5vS 0578 000V NAS
585 05'.€ £8'vy 7818 SZ18  000L 4y-psonpay
88'%S 0528 8% ¥9'€9 G218 0009 e 3J1Lpioer
00T 00T 00T 00T 00T 00T  YTAOIN-PaoNpay
00T 00T 00T 00T 00T 00T HTHONW
9526 0528 001 001 001 001 INAS-paonpay
00T 00T 00T 00T 00T 00T NAS
00T 00T 00T 00T 00T 00T 4y-paonpay
00T 00T 00T 00T 00T 001 44 Aousisisuod-yas
(%) VN1 (%) VNYI (%) YNYW  (9%) papuens-s|qnod (%) s.
Aoeanooe Jo ajel |[edanO S8sse|ogns agy yoes 40} uondipaid 1081409 JO s1ey potan el
$95SRJaqNS 3AlY JO uonaipaid ul $153) ajluxpael pue AouaisISu02-}|3s JO S1nsey
8 9|qel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



Page 29

Jahandideh et al.

NIH-PA Author Manuscript

9€'a§ 05°L€ T€°6L 8T'8T  YTHON-paonpay
EvTL 0529 9,728 elone] UTHON
eV'TL 0529 T€'6L ¥9'€9 INAS-PaoNpay
L0°99 05°L€ 9,728 ¥9'€9 NAS
L0'99 0529 1029 7818 44-paonpay

TL°09 SLEy 1029 2818 ER| QI
00T 00T 00T 00T  dTYOIN-paONpay
00T 00T 00T 00T UTHON
00T 00T 00T 00T INAS-PaoNpay
00T 00T 00T 00T NAS
00T 00T 00T 00T 44-psonpay

00T 00T 00T 00T 44 AJusisISuod-4|8s

(9%0) VN1 (96) VNI (%) YNYW
POUIBIN 1881

Koeanooe o 81ed |[easn0

Sasseoqns gy Yoes Joj uonoipaid 1081100 Jo e1ey

sasse|agns 88y} 40 uonaipaid ul s1sa) ajiuyyoel pue AousisIsuod-1]as J0 S)Nsay

6 dlqel

NIH-PA Author Manuscript

NIH-PA Author Manuscript

J Theor Biol. Author manuscript; available in PMC 2014 February 03.



