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Abstract 

 

The importance of GABA receptors in the modulation of transmitter release and the late 

inhibitory postsynaptic potential and their ubiquitous distribution within the CNS promise 

a good deal as targets for many medical and pharmacological interventions. GABA 

interacts with various receptors types as A, B, C and various subtypes receptors. Various 

methods have been employed to distinguish between different GABA receptors’ identity 

and here we have used various bioinformatics algorithms such as Rule Induction, Tree 

Induction, Attribute Weighting and clustering models to find out the most important 

protein features in each GABA receptors. More than 900 protein features for sequences  
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all known GABA receptors were compared and the results showed in majority of models 

employed in this study, the frequencies and the counts of dipeptides play major roles in 

forming various types of GABA receptors. It has also shown the performance and the 

accuracies of the models employed here were generally high enough (except for one) 

confirming this approach can be used to study the structural difference between types and 

subtypes of GABA receptors. The new finding will be carefully analyzed and will be 

enclosed in camera ready paper. 
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INTRODUCTION 

 

It has been more than 3 decades since -aminobutyric acid (GABA) was established as a 

neurotransmitter along with adrenaline and noradrenalin [1]. GABA is a neutral amino 

acid that subserves neurotransmitter functions at an estimated 25-50% of synapses in the 

mammalian central nervous system and its highest concentration is in specific areas of the 

brain, including the hypothalamus, the hippocampus and the central brain area,. The 

amino acid is synthesized from glutamate by the neuronal cytoplasmic enzyme glutamate 

decarboxylase and it is metabolized by mitochondria1 enzymes to alpha-ketoglutarate 

that enters the Kreb's cycle [2]. In the nerve terminal, GABA is stored in vesicles by a 

unique sodium-independent, ATP-dependent transport system that is selective for 

GABAergic neurons [3]. This uptake system is biochemically and pharmacologically 

distinct from the neuronal and glial membrane high-affinity transport system and is 

driven by an electrochemical proton gradient [4, 5]. After release, GABA diffuses across 

the synaptic cleft to interact with postsynaptic GABA receptors. GABA interacts with 

two receptor types, so-called GABAA, and GABAB, receptors [6, 7]. The GABAA 

receptor is an oligomeric glycoprotein, which forms a pentameric chloride channel 

assembled from different genetic variants of 3 subunits. GABAA receptors are 

ligand-gated chloride channels that are modulated by benzodiazepines and barbiturates 

and inhibited by the convulsant alkaloid, bicuculline. GABAB, receptors are insensitive to 

bicuculline and are sensitive to the agonist baclofen [8-12]. The amino acid 

neurotransmitter, GABA, is the principal inhibitory neurotransmitter in the brain, and is 

essential for the proper function of your brain and the central nervous system, and has the 

effect of reducing excessive brain activity and promoting a state of calm and relaxation. 

The GABA receptor allows more chloride ion to enter the brain cell, thus helping to 

maintain the electrical charge within the cells.  

Data mining tools have been employed when hundreds, or even thousands, of variables  
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have to be dealt with [13]. Attribute weighting or feature selection, as a supervised 

learning model, has been an active research area in pattern recognition, statistics, and data 

mining approaches. A subset of input variable is chosen by eliminating features with little 

or no importance. This process significantly improve the comprehensibility of the 

resulting classifier models and often build a model that generalizes better to unseen points 

and on the other hand, it helps to find the correct subset of predictive features. Usually, 

many attributes determine the different characteristics of a protein molecule. As a result, 

the majority of time and effort spent in the model-building process involves determining 

which variables to include in the model. Attribute weighting or feature selection allows 

the variable set to be reduced in size, creating a more manageable set of attributes for 

modeling [14]. To have a better understanding of features contributing to the structural 

forms of various GABA receptors and comparing the specific protein attributes for each 

receptor, it is necessary to find out the main features responsible for this valuable 

characteristic. Here we employed various bioinformatics modeling tools to determine the 

most important features responsible for the type of GABA receptors. 

 

Materials and methods 

 

One hundred and six sequences of GABA receptor proteins extracted from the UniProt 

knowledgebase (Swiss-Prot and TrEMBL) database. Eight hundreds and nine hundred 

and six protein features such as length, weight, isoelectric point, count and frequency of 

each element (carbon, nitrogen, sulfur, oxygen and hydrogen), count and frequency of 

each amino acid, count and frequency of negatively charged, positively charged, 

hydrophilic and hydrophobic residues, count and frequency of dipeptides, number of 

α-helix and β-strand and other secondary protein features were extracted. All features 

were classified as continuous variables, except for the type of receptors and N-terminal 

amino acids which were classified as categorical. A dataset of these protein features was 

imported into Rapid Miner (RapidMiner 5.0.001, Rapid-I GmbH, Stochumer Str. 475, 

44227 Dortmund, Germany) and the type of GABA receptors (categorized as A and B for 

GABAA and GABAB receptors, respectively) set as target or label attribute. When Item 

Set Mining model performed, no label or target attribute was set as this model requires 

so. 

Afterwards, the following steps applied on dataset: 

 

1. DATA CLEANSING 

Duplicate features were omitted by comparing all examples with each other on basis of 

the specified selection of attributes (two examples assumed equal if all values of all 

selected attributes were equal). Then useless attributes removed from the dataset. 

Nominal attributes regarded as useless when most frequent values were contained in  
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more or less than nominal useless above or below percent of all examples. Numerical 

attributes which standard deviations were less or equal to a given deviation threshold 

(0.1). Finally correlated features (with correlation greater than 0.9) removed by using 

Pearson correlation function. These steps resulted in a dataset with 88 examples and 670 

regular protein attributes with 1 special attribute, the Type of receptor (A or B).   

 

2. ATTRIBUTE WEIGHTING 

 

To identify the most important features and to find the possible patterns that contribute to 

the types of GABA receptors, the following attribute weightings applied on cleansed 

dataset as follows: 

 Weight by Information gain: this operator calculated the relevance of a feature by 

computing the information gain in class distribution.  

 Weight by Information Gain ratio: This operator calculated the relevance of a 

feature by computing the information gain ratio for the class distribution.  

 Weight by Rule: this operator calculated the relevance of a feature by computing 

the error rate of a OneR Model on the example set without this feature.  

 Weight Deviation: the operator created weights from the standard deviations of 

all attributes. The values normalized by the average, the minimum, or the 

maximum of the attribute  

 Weight by Chi squared statistic: This operator calculated the relevance of a 

feature by computing for each attribute of the input example set the value of the 

chi-squared statistic with respect to the class attribute.  

 Weight by Gini index: This operator calculated the relevance of an attribute by 

computing the Gini index of the class distribution, if the given example set would 

have been splitted according to the feature.  

 Weight by Uncertainty: This operator calculated the relevance of an attribute by 

measuring the symmetrical uncertainty with respect to the class. 

 Weight by Relief: This operator measured the relevance of features by sampling 

examples and comparing the value of the current feature for the nearest example 

of the same and of a different class. This version also worked for multiple classes 

and regression data sets. The resulting weights were normalized into the interval 

between 0 and 1.  
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  Weight by SVM (Support Vector Machine): This operator used the coefficients 

of the normal vector of a linear SVM as feature weights.  

 Weight by PCA (Principle Component Analysis): This operator used the factors 

of the first of the principal components as feature weights.  

 

3. ATTRIBUTE SELECTION 

 

After attribute weighting models run on dataset, each protein attribute or feature gained a 

value between 0 to 1; showing the importance of that attribute regarded to target attribute 

(the type of GABA receptor). Then attributes with weights equal to or higher than 0.5 

selected, except for Chi squared, Deviation and Information Gain Ratio which attributes 

equal to or higher than 0.7, 0.7 and 0.9, respectively, selected and the others discarded. 

Therefore, 10 new datasets created according to each attribute weighting algorithm. 

These new datasets plus the original dataset used for clustering. 

 

 

4. ITEM SET MINING 

To efficiently calculates all frequent item sets from ten newly created datasets from 

attribute weightings, FPGrowth learner applied. This operator calculates all frequent 

items sets from a data set by building a FPTree data structure on the transaction data 

base; first finding at least the specified number of item sets with highest support without 

taking the minimum support into account and then finding all ites sets with a support 

large than minimum support. All numeric attributes converted to binominal attributes, i.e. 

nominal attributes with only two different values. Finally create association rules operator 

employed to generate association rules from frequent item sets.  

 

Results 

 

The average length, weight, isoelectric point, and aliphatic indices of proteins studied 

here were 236885.4 ± 192793.9, 3059.2 ± 2429.3, 78.8 ± 10.9, and 7319.0 ± 11141.1 

(mean ± SD), respectively. The average counts of sulfur, carbon, nitrogen, oxygen, and 

hydrogen were 206632.4 ± 155707, 2504062925.7 ± 1962636376.5, 173869699.0 ± 

143556269.2, 202571840.0 ± 162437234.0, and 6052232594.3 ± 4836108477.0,  
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respectively, and the average counts of hydrophobic, hydrophilic, and other residues were 

22895832.4 ± 103112660.6, 7719264.8 ± 5852931.5, and 84000247.6 ± 4085317.4, 

respectively. The frequencies of hydrogen, carbon, oxygen, nitrogen, and sulfur in all 

receptor proteins were 99.8 ± 0.8, 41.6 ± 0.6, 3.3 ± 0.01, 2.8 ± 0.1 and 0.003 ± 0.001, 

respectively, and the frequencies of hydrophobic, hydrophilic and other residues were 

93.3 ± 9.9, 30.5 ± 7.9, 25.0 ± 12.1, 3.83 ± 14.25, and 3.38 ± 12.02, respectively. The 

frequencies of amino acids ranged from a low of 1.95 ± 1.09 for Cys to a high of 81.30 ± 

24.24 for Leu. In 99 % of proteins the N-terminal amino acid was Met and just in one 

protein (AC. P0C2W5.1) the same position was occupied by Arg. 

 

1. ATTRIBUTE WEIGHTING 

Before running the models, data were normalized, so it would be reasonable to expect 

that all weights should be between 0 to 1. 

 Weighting by PCA 

Just three attributes weighed equal to or higher than 0.50, the count of Ser (1.00), the 

count of Gly (0.83) and the count of Thr (0.50). 

  Weighting by SVM 

The count of Met – Tyr and the count of Val – Asn had the highest weights (1.00 and 

0.93) when SVM model applied with 61 other attributes weighting equal to or higher than 

0.50. The frequency of Val – Asn was the sole attribute gained weight higher than 0.70 

(0.77).  The frequency of Val – Arg, the count of Tyr – Trp, the frequency of Gly – Ala, 

the count of Val – Lys, the frequency of Pro – His, the count of Ser – Phe, the frequency 

of Ser – Ile and the frequency of Asn – Asp were protein attributes received weights 

equal to or higher than 0.60. Full details have been presented in Table 1. 

 Weighting by Relief 

When this model applied on dataset, 4 attributes showed weights higher than 0.50. Just 

one attribute (the count of Met – Tyr) had weight equal to 1.0 and the frequency of Cys – 

Thr, the count of Val – Lys and the frequency of Val – Lys were the other attributes with 

values of 0.59, 0.56 and 0.50, respectively.  

 Weighting by Uncertainty 

The count of Met -Tyr was the sole attribute with weight equal to 1.0, while the count of 

Asn – Glu, the count of Ile – Glu and the frequency of Val – Lys weighed as 0.77, 0.73 

and 0.71, respectively. The other 18 attributes gained weights between 0.50 and 0.60. 

(Table 1). 

 Weighting by Gini index 

Again the count of Met – Tyr was the only attributes weighed equal to 1.00. Three, one,  
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four, six and seven protein attributes weighed equal to or higher than 0.90, 80, 0.70, 0.60 

and 0.50, respectively (Table 1).  

 Weighting by Chi Squared 

Here also one attribute (the count of Val - Lys) had a weight equal to 1.0 and 41 other 

attributes weighed equal to or higher than 0.50. The count of Met – Tyr weighed equal to 

0.80. The list of other attributes is given in Table 1.. 

 Weighting by Deviation 

The count of Ser, the count of Gly, the count of Thr and the count of Arg were protein 

attributes weighed higher than 0.50 (1.00, 0.93, 0.63 and 0.51, respectively).  

 Weighting by Rule 

Length of amino acids (1.0) and the frequency of Val – Lys (0.81) were the first two 

attributes with 14 other attributes weighed higher than 0.50 (Table 1).  

 Weighting by Gain Ratio 

From 83 protein attributes weighed equal to or higher than 0.50, again the count of Met – 

Tyr was the sole attribute weighed equal to 1.00. The count of Val – Asn was the next 

attribute weighed 0.95 (Table 1).  

 Weighting by Info Gain 

From twenty three attributes gained weights higher than or equal to 0.50. Here again the 

count of Met – Tyr gained the highest weight (equal to 1.00).  The frequency of Gly and 

the count of Val – Asn were two attributes with weights higher than 0.90 (0.94 and 0.91). 

The rest showed in Table 1. 

 

 ITEM SET MINING 

 

More than 700 rules created when FPGrowth run on Chi Squared dataset. The support of 

the rules went up to 93% for the frequency of Ser – Ile as premises and the count of Val – 

Asn as conclusion. The same premises with the conclusion of the counts of Val – Asn and 

Ser – Ile gained the same support (0.93%). When the model run on deviation dataset, just 

two rules created; when the count of Ser and the count of Gly were true or vice versa, the 

support and the confidence were 100%. Info gain ratio algorithm created more than 3200 

rules and the length of proteins, the frequency of Thr, the frequency of Gly, the count of 

Tyr, the count of Gly, the count of Arg, the count of Val – Asn and the frequency of 

Asp – Gly were the most important premises and conclusions with support up to 100%. If 

the count of Met – Tyr and the count of Val – Asn were true, the confidence of Info gain 

ratio application went up to 0.97%. 

When FPGrwoth applied on PCA dataset, 12 rules created with the highest possible  
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support and confidence. The count of Thr, the count of Ser and the count of Gly and their 

combinations were used as premises and conclusions to create the rules. Using Relief 

dataset, more than 100 rules created with confidence up to 94%. The frequencies of Cys – 

Thr, the count of Val – Lys, the count of Met – Tyr and the count of Tyr – Pro were the 

main protein attributes selected by this algorithm to induce the rules.  

More than 2000 rules induced by create association rule operator, when the model run on 

Rule dataset. The rules induced when the values for the length of receptors, the frequency 

of hydrophobic, the frequency of Gly, the frequency of Gln, the count of Gly and the 

count of Val – Asn were true. The same numbers of rules induced when SVM dataset 

used. The support and the confidence for these rules reached to 97% (Table 3). More than 

600 rules with support up to 93% created when the model applied on Uncertainty dataset. 

The most important features were the count and the frequency of the following features: 

Val – Asn, Ser – Ile, Cys – Glu, Pro – Tyr, Ile – Glu, Val – Lys, Val – Lys, Gly – Lys, 

Arg – Tyr, Asp – Gln and Phe – Gln.  

 

Discussion 

 

GABA, and GABA, receptors were widely distributed in mammalian brain and are in 

high concentration in cortical, hippocampal, thalamic, basal ganglia, and cerebellar 

structures [15]. Drugs mediating actions at GABAergic synapses are likely to affect 

GABAergic function in multiple brain areas. In recent years, the GABAA receptor has 

been purified and studied at the molecular level [16]. Several subunits exist for the 

GABAA receptor and different isoforms of the various subunits have also been identified. 

The different subunits have unique pharmacological and electrophysiological properties. 

Antibodies against the receptor subunits have been used to map receptor localization. The 

various subunits are differentially distributed in brain. In the future, it may prove possible 

to design drugs that act on specific subpopulations of GABAA receptors [17]. It seems 

GABAA receptor play dual roles in brain, mild Inhibition of neuronal firing by drugs 

acting at the GABAA receptor causes a reduction of anxiety in the patient (an anxiolytic 

effect) [18] while more pronounced inhibition induces sleep (sedation) and in extreme 

cases of overdose, may result in death [9]. On the other hand, GABAB by stimulating the 

opening of K
+
 channels, hyperpolarize the cell and so stops neurotransmitter release, an 

inhibitory effect. They are involved in behavioral actions 

of ethanol, gamma-Hydroxybutyric acid (GHB) and possibly in pain and even they may 

play an important developmental role [19].  

Here we applied different modeling techniques on more than hundred GABA receptors 

sequences to find out which protein attributes can be used to differentiate between A and 

B subtypes of these receptors. We used different data preparation and various modeling  

http://en.wikipedia.org/wiki/Ion_channel
http://en.wikipedia.org/wiki/Neurotransmitter
http://en.wikipedia.org/wiki/Ethanol
http://en.wikipedia.org/wiki/Gamma-Hydroxybutyric_acid
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criteria to find out the relation between the receptors and their structural differences.  

Data cleansing algorithms applied on original dataset to minimize the effects of 

duplicates, useless or correlated attributes on results, it has been shown that data 

preprocessing increases computation speed and results' reliability [20].  As we showed 

previously [21], each weighting algorithm employs a specific method to calculate the 

weights of attributes, so the type and the number of features selected by weighing 

algorithms should be different. The minimum number of features (2) selected by 

Deviation and Ratio algorithms while the maximum number of feature selected by SVM 

method (36).  

The results showed in many screening, rule induction and attribute weighting algorithms 

used in this study, the frequencies and the counts of dipeptides play major roles in 

forming various types of GABA receptors. From four attributes which selected by all 10 

attribute weighting algorithms, three of them (the count of Met – Tyr, the count of Val – 

Asn and the count of Val – Lys) were dipeptides protein features. The frequency of Gly 

was also selected by the same number of attribute weighting algorithms (10). As seen in 

Table 2., most features selected by attribute weighting algorithms were from dipeptide 

protein features. The same can be seen in premises and conclusions of induced rules by 

item set mining algorithms.  

The count of Gly also selected as an important feature of 19 rules induced by create 

association rules. Gly is non-polar and hydrophobic amino acids which may play an 

important role in tertiary structure of proteins. The role of Gly as positive allosteric 

modulator of GABAA receptors and also as an enhancer for glycine receptor has been 

highlighted [22]. The role of amino acids in GABA receptors activity has been discussed 

earlier [2]. The roles of dipeptides highlighted as an important tools to identify between 

thermostable and non-thermostable enzymes. Here the count of Val – Asn selected by 9 

induced rules whiles the count of Val – Lys selected by 7 rules. To best of our knowledge, 

this is the first report on the importance of dipeptide in classifying GABA receptors and 

the importance of bonds between a non-polar amino acid such as Val and polar amino 

acid such as Asn or electrically charged amino acid such as Lys may provide an 

important clue in GABA receptors' functions which should be noticed in future studies. 

The results also showed the performances and the accuracies of the models employed 

here were generally higher than 80%; showing the efficiency of these models to predict 

the type of GABA receptors and promising a new vista to use bioinformatics tools in this 

field. 

For the first time we showed the importance of dipeptide protein features in distinction of 

GABA receptors and promising a new vista to use bioinformatics tools in this field.  
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Table 1. Protein attributes (or features) selected by each attribute weighting algorithm with weight higher than the set values. 

Deviation Info Gain Ratio PCA Relief Chi Squared Rule Gini Index Info Gain SVM 

Count of Gly Count of Met-Tyr 
Count of 

Gly 
Count of Cys-Met Count of Ile-Glu Length Length Length Freq. of carbon 

Count of Ser Count of Val-Asn 
Count of 

Ser 
Count of Met-Trp Count of Met-Tyr Freq. of Hydrophobic Res. Count of Gly Count of Gly Freq. of nitrogen 

  

Count of 

Thr 
Count of Met-Tyr Count of Asn-Glu Count of Phe Count of Arg Count of Arg Freq. of Phe 

 

  

Count of Val-Lys Count of Ser-Ile Count of Gly Count of Tyr Count of Tyr Count of Cys-Met 

 

  

Count of Tyr-Pro Count of Val-Lys Freq. of Gly Freq. of Gly Freq. of Gly Count of Asp-Lys 

 

  

Freq. of Cys-Thr Count of Val-Asn Freq. of Gln Freq. of Thr Freq. of Thr Count of Phe-Val 

 

  

 
Count of Tyr-Gly Count of Asp-Pro Count of Asp-Pro Count of Asp-Pro Count of Gly-Ala 

 

  

 
Freq. of Gly-Cys Count of Gly-Ala Count of Gly-Ala Count of Gly-Ala Count of Gly-Ile 

 

  

 
Freq. of Ser-Ile Count of Met-Tyr Count of Gly-Tyr Count of Gly-Tyr Count of His-His 

 

  

 
Freq. of Val-Lys Count of Val-Lys Count of Met-Tyr Count of Met-Tyr Count of Ile-Pro 

 

    

Count of Val-Asn Count of Val-Lys Count of Val-Lys Count of Met-Trp 

 

    

Freq. of Phe-Gln Count of Val-Asn Count of Val-Asn Count of Met-Tyr 

 

    

Freq. of Gly-Cys Freq. of Asp-Gly Freq. of Asp-Gly Count of Asn-Glu 

 

    

Freq. of Gln-Gln Freq. of Asp-Gln Freq. of Asp-Gln Count of Asn-Thr 

 

    

Freq. of Ser-Ile Freq. of Phe-Gln Freq. of Phe-Gln Count of Ser-Phe 

 

    

Freq. of Val-Lys Freq. of Gly-Cys Freq. of Gly-Cys Count of Ser-Ile 

 

     

Freq. of Met-Ala Freq. of Met-Ala Count of Thr-His 

 

     

Freq. of Gln-Gln Freq. of Gln-Gln Count of Thr-Met 

      

Freq. of Arg-Tyr Freq. of Arg-Tyr Count of Val-Lys 

      

Freq. of Ser-Ile Freq. of Ser-Ile Count of Val-Asn 

      

  
Count of Val-Arg 

        

Count of Trp-Gly 

        

Count of Tyr-Pro 

        

Count of Tyr-Trp 

        

Freq. of Asp-Gln 

        

Freq. of Gly-Ala 

        

Freq. of Gly-Ile 

        

Freq. of Gly-Met 

        

Freq. of Met-Met 

        

Freq. of Asn-Asp 

        

Freq. of Pro-His 

        

Freq. of Pro-Tyr 

        

Freq. of Ser-Ile 

        

Freq. of Val-Lys 

        

Freq. of Val-Asn 

        

Freq. of Val-Arg 
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Table 2. The most important protein attributes (features) selected by attribute 

weighting algorithms, the # represents the number of algorithm selected this feature. 

 

Attribute # of repeat 

The count of Met-Tyr 10 

The frequency of Gly 10 

The count of Val-Asn 10 

The count of Val-Lys 10 

Length 9 

The count of Gly 7 

The count of Gly-Ala 7 

The frequency of Gly-Cys 7 

The count of Asp-Pro 7 

The frequency of Arg-Tyr 7 

The frequency of Val-Lys 7 

The count of Gly-Tyr 7 

The frequency of Phe-Gln 7 

The frequency of Gln-Gln 7 

The frequency of Asp-Gly 7 

The frequency of Tyr-Gly 7 

The frequency of Asp-Gln 7 

The frequency of Met-Ala 7 

The frequency of Ser-Ile 7 

The frequency of Thr 7 

The count of Arg 7 

The count of Tyr 7 

The count of Asn 6 

The count of Asp 6 

The frequency of Glu 6 

The count of Gly-Gly 6 

The count of Met-Ala 5 

The frequency of Asn-Asp 5 

The frequency of Phe 5 
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Table 3. The most important premises and conclusions obtained from item set 

mining algorithms run on various datasets 

Premises Conclusion Support Confidence 

CHI SQUARED 

Freq of Ser-Ile Count of Val-Asn 0.932 0.988 

Freq of Ser-Ile Count of Val-Asn, Count of Ser-Ile 0.932 0.988 

Freq of Ser-Ile, Count of Ser-Ile Count of Val-Asn 0.932 0.988 

DEVIATION 

Count of Ser Count of Gly 1 1 

Count of Gly Count of Ser 1 1 

INFO GAIN 

Length Freq of Thr 1 1 

Freq of Thr Length 1 1 

Freq of Gly Length 1 1 

Length Count of Tyr 1 1 

Count of Tyrosine (Y) Length 1 1 

Length Count of Gly 1 1 

Count of Gly Length 1 1 

Length Count of Arg 1 1 

Count of Arg Length 1 1 

Freq of Thr Freq of Gly 1 1 

Freq of Gly Freq of Thre 1 1 

INFO GAIN RATIO 

Count of Met-Tyr Count of Val-Asn 0.35 0.97 

PCA 

Count of Thr Count of Ser 1 1 

Count of Ser Count of Thr 1 1 

Count of Thr Count of Gly 1 1 

Count of Gly Count of Thr 1 1 

Count of Ser Count of Gly 1 1 

Count of Gly Count of Ser 1 1 

Count of Thr Count of Ser, Count of Gly 1 1 

Count of Ser Count of Thr, Count of Gly 1 1 

Count of Thr, Count of Ser Count of Gly 1 1 

Count of Gly Count of Thr, Count of Ser 1 1 

Count of Thr, Count of Gly Count of Ser 1 1 

Count of Ser, Count of Gly Count of Thr 1 1 

RELIEF 

Freq of Cys-Thr Count of Val-Lys 0.39 0.94 

Count of Met-Tyr Count of Val-Lys 0.31 0.84 

Count of Met-Tyr Count of Tyr-Pro 0.31 0.84 

Count of Tyr-Pro, Freq of Cys-Thr Count of Val-Lys 0.30 0.93 

Count of Val-Lys, Count of Met-Tyr Count of Tyr-Pro 0.26 0.85 
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Count of Tyr-Pro, Count of Met-Tyr Count of Val-Lys 0.26 0.85 

Count of Val-Lys, Count of Tyr-Pro, Count of Met-Tyr Freq of Cys-Thr 0.23 0.87 

RULE 

Length Freq of Hydrophobic 1 1 

Freq of Hydrophobic Length 1 1 

Length Freq of Gly 1 1 

Freq of Gly Length 1 1 

Length Freq of Gln 1 1 

Freq of Gln Length 1 1 

Length Count of Phe 1 1 

Count of Phe Length 1 1 

SVM 

Freq of Nitrogen Freq of Carbon 1 1 

Freq of Carbon Freq of Nitrogen 1 1 

Freq of Nitrogen Freq of Phe 1 1 

Freq of Phe Freq of Nitrogen 1 1 

Freq of Nitrogen Count of Thr-Met 1 1 

Count of Thr-Met Freq of Nitrogen 1 1 

Freq of Nitrogen Count of Phe-Val 1 1 

Count of Phe-Val Freq of Nitrogen 1 1 

Freq of Carbon Freq of Phe 1 1 

UNCERTAINTY 

Count of Val-Asn Count of Ser-Ile 0.93 0.95 

Count of Ser-Ile Count of Val-Asn 0.93 0.99 

Count of Ser-Ile Count of Ile-Glu 0.76 0.81 

Count of Ile-Glu Count of Ser-Ile 0.76 1.00 

Count of Val-Asn, Count of Ser-Ile Count of Ile-Glu 0.75 0.80 

Count of Ile-Glu Count of Val-Asn 0.75 0.99 

Count of Ile-Glu Count of Val-Asn, Count of Ser-Ile 0.75 0.99 
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