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Abstract. Protein classification has always been one of the major challenges in 
modern functional proteomics. The presence of motifs in protein chains can 
make the prediction of the functional behavior of proteins possible. The 
correlation between protein properties and their motifs is not always obvious, 
since more than one motif may exist within a protein chain. Due to the 
complexity of this correlation most data mining algorithms are either non 
efficient or time consuming. In this paper a data mining methodology that 
utilizes grid technologies is presented. First, data are split into multiple sets 
while preserving the original data distribution in each set. Then, multiple 
models are created by using the data sets as independent training sets. Finally, 
the models are combined to produce the final classification rules, containing all 
the previously extracted information. The methodology is tested using various 
protein and protein class subsets. Results indicate the improved time efficiency 
of our technique compared to other known data mining algorithms. 

1 Introduction 

The development of elaborate and specialized bioinformatics computational tools has 
led to revolutionary changes in the analysis of biological sequences. Visualizing, 
manipulating and predicting molecular structure and function, separating DNA 
sequences according to protein coding regions, classifying protein, DNA and RNA 
molecules or detecting weak similarities have come to rely vitally on computational 
methods [2, 15]. The continuous increase in size of biological databases requires new, 
computation-sensitive data mining approaches, but also presents unique opportunities 
for new fields of inquiry; among these lies one of bioinformatics more ambitious 
goals, the prediction of the functional behavior of proteins. 

Proteins are large molecules composed of one or more chains of amino acids in a 
specific order, which is determined by the base sequence of the nucleotides in the 
gene coding the protein. A typical protein representation is shown in Fig. 1, where the 
534 amino acids, constituting the protein chain P00747 (Plasminogen precursor), are 
represented by their formal one-character abbreviation. 
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        10         20         30         40         50         60  
         |          |          |          |          |          |  
MEHKEVVLLL LLFLKSGQGE PLDDYVNTQG ASLFSVTKKQ LGAGSIEECA AKCEEDEEFT  
 
        70         80         90        100        110        120  
         |          |          |          |          |          |  
CRAFQYHSKE QQCVIMAENR KSSIIIRMRD VVLFEKKVYL SECKTGNGKN YRGTMSKTKN 
 
       130        140        150        160        170        180  
         |          |          |          |          |          |  
TGHSNQVSQN YPIVQNIQGQ MVHQAISPRT LNAWVKVVEE KAFSPEVIPM FSALSEGATP  
 
       190        200        210        220        230        240  
         |          |          |          |          |          |  
QDLNTMLNTV GGHQAAMQML KETINEEAAE WDRVHPVHAG PIAPGQMREP RGSDIAGTTS  
 
       250        260        270        280        290        300  
         |          |          |          |          |          |  
TLQEQIGWMT NNPPIPVGEI YKRWIILGLN KIVRMYSPTS ILDIRQGPKE PFRDYVDRFY  
 
       310        320        330        340        350        360  
         |          |          |          |          |          |  
KTLRAEQASQ EVKNWMTETL LVQNANPDCK TILKALGPAA TLEEMMTACQ GVGGPGHKAR  
 
       370        380        390        400        410        420  
         |          |          |          |          |          |  
VLAEAMSQVT NSATIMMQRG NFRNQRKIVK CFNCGKEGHT ARNCRAPRKK GCWKCGKEGH  
 
       430        440        450        460        470        480  
         |          |          |          |          |          |  
QMKDCTERQA NFLGKIWPSY KGRPGNFLQS RPEPTAPPEE SFRSGVETTT PPQKQEPIDK  
 
       490        500        510        520        530   
         |          |          |          |          |   
ELYPLTSLRS LFGNDPSSQW GLGCARPNKP GVYVRVSRFV TWIEGVMRNN DKYI 

Fig. 1. P00747 (Plasminogen precursor – PLMN_HUMAN) protein chain 

Common behavioral characteristics and strong structural similarities enable 
classification of proteins into protein families. The lack of cost- and time-efficient 
experimental methods has given rise to computational approaches for protein 
properties identification. Moreover, the overlapping of protein families almost at all 
times - the classification of a protein into multiple families with different similarity 
levels - makes the procedure even harder, due to its ascending complexity. 

Despite the preceding difficulties, protein functionality prediction could hardly be 
achieved were it not for motifs, short amino acid sequences of specific order, which 
appear in protein chains and play a decisive role in protein behavior. Although a 
straightforward mapping between motifs and protein properties is hard to achieve due 
to the presence of multiple motifs in each protein chain, they can facilitate prediction 
of protein functionality, if the latter is considered to be derived by the combining 
effect of many, either conflicting or consistent, motifs. 

Two different types of motifs can be distinguished; patterns and profiles. The first 
is the simplest form of a motif and can be represented by an expression like the 
following example: 
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[AC] – G – x – V – x(4) – [ED] 

 
This syntax provides specific information about the particular sequence of amino 

acids. It states that the first position can be occupied by an Alanine (A) or a Cystine 
(C), while in the second position there must be a Glycine (G). The symbol x that 
follows stands for any of the 20 amino acids, and x(4) means four such places. 

More complex than a pattern, the profile constitutes a multiple sequence alignment, 
symbolized by alignment matrices. The question of occurrence of a particular motif in 
a protein chain is where the main distinction between the two types lies. Comparison 
with a profile provides information of similarity, in contrast to a definite, but simpler, 
answer of YES or NO obtained when a pattern is used. 

The overall procedure of motif identification and detection in a protein sequence 
can be carried out in two different ways; unsupervised or supervised. The former can 
be accomplished by a large variety of machine learning algorithms, whereas the latter 
requires prior information, such as expert opinion or experiment conclusions. A 
comprehensive and well-documented database created by experts in the field of 
molecular biology, such as the PROSITE [7, 25] the PFAM [3, 26] or the PRINTS [1, 27] 
databases can facilitate motif search in a way that satisfies these requirements. 

Related literature features many data mining algorithms that utilize the presence of 
motifs in protein sequences to perform protein classification, originating from the 
field of pattern recognition [6], as well as that of artificial intelligence [5, 14]. They 
include many different techniques, such as decision trees [19], statistical models, 
neural networks [4] or finite state automata [16, 17]. 

This paper presents G-Class (Grid Classification), a novel methodology that aims 
to benefit from the use of grid technology in data mining applications. The 
combination of the two leading technologies can help overcome the computational 
difficulties often encountered in protein classification problems. 

The G-Class methodology follows a “divide and conquer” approach comprising 3 
steps: First, protein data from an expert-based database are divided into multiple 
disjoint sets, each one preserving the original data distribution. The new sets are used 
as training sets, and multiple models are derived by means of standard data mining 
algorithms [19, 23]. Finally, the models are combined to produce the final 
classification rules, which can be used to classify a given instance and evaluate the 
methodology. 

The paper is organized as follows: Section 2 presents an outline of the G-Class 
methodology and Section 3 introduces the procedure of Data Splitting. Section 4 
introduces the Classifier Training process, together with some background 
information on Grid Computing while Section 5 describes the process of the 
Classifier Combination. Section 6 presents some comparative experimental results 
and, finally, Section 7 summarizes and concludes the paper. 
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2 Methodology Outline 

The main goal of the G-Class methodology is to utilize existing data mining 
algorithms in a parallel-enabled environment, such as the Grid, in order to create a 
protein classification model. The methodology is illustrated in a block diagram in Fig. 
2. The different steps of the process are described below. 

Initially, data from a supervised motif database (in our case PROSITE) are 
formatted in a single .arff file. As the data are going to be used for the training of the 
model, the class in which the protein belongs to, as well as the motifs it contains, must 
be known. The .arff file generally has the form presented in Fig. 3. 

 

Protein.arff

Total Classifier

Classifier
Training

P1.arff

Model 1

P2.arff

Model 2

P3.arff

Model 3

Pn.arff

Model n

Data Splitting

Classifier
Training

Classifier
Training

Classifier
Training

Classifier 
Combination

 
Fig. 2. G-Class Methodology 

According to the specifications, an .arff file is divided into two parts: the first 
part contains all the information describing the data and the second part contains the 
actual data. 

In the first part, the attribute protein lists all the protein codes that should be 
included in the training set. The next attributes are binary, specifying the occurrence 
or not of a specific motif in a protein chain. The last attribute (CLASS) contains a 
listing of all protein classes that should be taken under consideration during the 
classification process. It must be noted that for each protein listed in the protein part, 
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all the corresponding classes must be listed in the CLASS part. Finally, the second part 
lists all protein data in the form of a string vector, such as the following: 

 
<protein code>, NO, NO, NO, YES, NO, ..., NO, YES, NO, <class code> 

 
In case a protein belongs to more than one class, then for each one of these classes 

a new instance is listed in the @data part of the file. 
 
@relation protein 
 
@attribute protein {<List of Protein Codes>} 
@attribute PS00010 {YES,NO} 
@attribute PS00011 {YES,NO} 
@attribute PS00012 {YES,NO} 
... 
@attribute PS60000 {YES,NO} 
@attribute CLASS {<List of Class Codes>} 
@data 
<List of data Instances> 
... 

Fig. 3. Form of an .arff file 

The single input file is then split into multiple files of the same format. The process 
makes sure that each new file contains a unique subset of the original data, 
maintaining also the same class distribution found in the original file. This allows for 
the independent use of them and therefore enables parallel processing. 

In order to extract a useful knowledge model from each one of the datasets any 
classification algorithm can be used [11, 13]. 

Finally, the multiple knowledge models are combined into a single unified model, 
by means of a voting procedure, and the new model is tested both on the original 
dataset and on test datasets. 

3 Data Splitting 

The first step of the G-Class methodology, after the creation of the original single 
dataset, is to divide it into multiple .arff files. The process is performed by the 
algorithm ArffSplitter presented in Fig. 4. 

As input the algorithm requires an .arff file with the data to be divided. It then 
reorders the data so as to cluster entries with the same protein class. Finally, instead of 
simply chopping the file into equal parts, ArffSplitter employs a method similar to 
Round-Robin to equally distribute the members of each class to all the files, thus 
preserving the initial class distribution. 

Experimentally, it is found that the method is robust in the class allocation, both for 
different number of splits and for varying number of classes involved, as shown in 
Fig. 5. 
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algorithm ArffSplitter 
input: 
      a single .arff file 
      n: the number of splits 
output: 
      n .arff files 
begin 
  Extract the data from the file and rearrange it so that entries 
                    with the same protein class are grouped together. 
 
  Create n new .arff files and set the data description part in each 
                     one exactly the same as the original one, 
                     leaving however the protein attribute empty. 
 
  do (for each entry i in the original reordered file) 
    copy entry[i] to file [i MOD n] 
    add the protein code of entry[i] to the protein attribute list of 
                                                      file [i MOD n]. 
  end do 
end algorithm ArffSplitter 

Fig. 4. ArffSplitter algorithm 

 

4 Classifier Training Process 

The splitting of the original data being complete, the next step in the G-Class 
methodology is creating of the individual knowledge models. Each data set is used to 
train and test a separate classifier. Since each dataset contains a disjoint subset of the 
original data, they can be processed in parallel for time efficiency. Any classification 
algorithm that can be applied on nominal values can be used in this phase. For 
comparative reasons, the experiments were performed using the C4.5 classification 
algorithm from the WEKA [21] software package. Moreover, to ensure the quality of 
the models, the C4.5 algorithm [18] was applied using stratified 10-fold cross-
validation. 

In order to facilitate an efficient way to train multiple models simultaneously, the 
training phase makes use of the EGEE Grid resources. At this point a short 
introduction to the concepts of the Grid and Grid Computing is necessary. 

The concept of “the Grid” started to materialize in the mid 1990’s in order to 
provide a distributed computing infrastructure for advanced science and engineering 
[8, 10]. It aims to facilitate the flexible, secure, coordinated and controlled resource 
sharing among computers, to distribute computing power, data storage and 
specialized equipment use among computing nodes scattered all over the world, and 
assist “virtual organizations”, dynamic collections of individuals, institutions, and 
resources, where cooperation is not subject to geographical distance, countries or 
legal entities. 
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5 Classes : 5 Splits 
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70 Classes : 5 Splits 
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5 Classes : 10 Splits 
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70 Classes : 10 Splits 

Fig. 5. Class Distributions for varying number of classes and splits (the red-colored graphs are 
the distributions of the original files) 

 
A commonly accepted definition of the Grid is the following: 
 
“A Grid is a system that: 
1. coordinates resources that are not subject to centralized control … 
2. … using standard, open, general-purpose protocols and interfaces … 
3. … to deliver nontrivial qualities of service.” [9] 
 
The EGEE (Enabling Grids for E-sciencE) project [24], funded by the European 

Commission, provides a grid infrastructure ideal for scientific research, especially 
when the time and resources needed for running the applications are considered 
impractical with traditional IT infrastructure. In our case, the Grid offers the resources 
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needed to run multiple training processes in parallel, thus reducing the total time cost 
of the classification procedure. 

In order to run a training process, or to “submit a job” in Grid terms, it must be 
described in a .jdl file (Job Description Language), which is subsequently submitted 
to the Grid together with the actual executable and any necessary input files. The Grid 
infrastructure is then responsible for assigning the suitable resources, according to the 
description in the .jdl file, and queue the job in the appropriate Grid node. After the 
successful execution of the training process, the resulting output files are returned 
[28]. This procedure is repeated for the multiple training processes, each one of them 
assigned to a Grid node for execution. 

At this point it must be noted that, contrary to other parallel classification 
techniques [22], the G-Class methodology is independent of the actual data mining 
algorithm. Any classification algorithm available in literature can be utilized in the 
classifier training process, thus providing a degree of freedom to the methodology. 
Also, due to the fact that the training datasets were equivalent regarding the actual 
data representation, the final knowledge models are also of equivalent accuracy. 

5 Classifier Combining 

The final step in the G-Class methodology is the efficient combination of the 
multiple knowledge models, which were extracted in the previous phase. 

 
algorithm ClassifierCombiner 
input: 
    the multiple classifier models 
    the original data set 
output: 
    a classifier of the whole data set 
begin 
  do (for each instance i of the original data set file) 
    do (for each separate classifier model) 
      create distribution vector of the classifier for the 
                                                      single instance 
    end do 
    calculate average vector of all classifiers for the 
                                                      single instance 
    use final distribution vector to make decision on the  
                                classification of the  given instance 
  end do 
  use all classification decision and probability results to test 
                    the final classification on the original data set 
end algorithm ClassifierCombiner 

Fig. 6. ClassifierCombiner algorithm 

The models are combined by a voting process, where each one is represented by a 
distribution vector. The performance of the total classifier for a single instance is 
derived by the average of all the distribution vectors. The overall efficiency of the 
model is calculated by testing it on the original dataset. The algorithm used is 
presented in more detail in Fig. 6. 
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Results found through extensive experimentation have shown that the accuracy of 
the combined model is equal to the accuracy of models that have been extracted 
directly form the original dataset. 

6 Experiments 

In order to validate the correctness of the methodology, a number of experiments 
were performed in comparison with other recorded methods. 

In the first case, the input dataset was derived from the 10, 20 and 30 class sets 
presented in [12]. The results are shown in Table 1. The number of splits was selected 
based on the size of the new .arff files that would be produced each time, in order to 
maintain a similar processing time. It is obvious, that when the number of splits is 1, 
the original .arff file was processed. 

Table 1. Results from 10, 20 and 30 classes 

  

 # of Splits: 1 # of Splits: 2 # of Splits: 5 
GenMiner [12] 

 Acc. 
(%) Time Acc. 

(%) Time Acc. 
(%) Time Acc. 

(%) Time 

10 76.8 1΄ 30΄΄ 79.7 1΄ 08΄΄ - - 80.1 5΄ 53΄΄ 

20 68.9 31΄ 00΄΄ 71.1 6΄ 55΄΄ 70.9 3΄ 43΄΄ 84.3 10΄ 56.8 ΄΄ 

30 65.9 6 h 68.1 2 h 18΄ 54΄΄ 67.9 7΄ 24΄΄ 74.5 - 

 
An improvement in the processing times can be seen from the table, while the 

accuracy is fairly constant. 
At this point, it must be noted that although the number of the selected classes is 10 

(20 and 30 in the other cases), the actual number of classes involved in each of the 
classification process is much larger, due to the overlapping of the classes. In the 10-
class dataset, there is a total of 662 proteins over 27 different classes, in the 20-class 
dataset there are 2214 proteins over 64 classes and in the 30-class dataset, 2788 
proteins over 105 classes. 

In fact, the last dataset is the largest one (both in classes and in entries) that can be 
processed as a single file by WEKA. For this reason, two more datasets were created. 
The first contains the 5 most populated protein classes, with 4380 proteins. Due to 
overlapping this dataset actually contains 66 different protein classes, including the 
initial 5 ones. The second contains the 10 most populated classes (7027 proteins over 
96 classes). These two datasets could not be directly processed by WEKA. Using the 
G-Class methodology the results are presented in Table 2. 

The numbers of splits for each dataset are different to keep similar file sizes, in 
order to have comparable results. 
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Table 2. Results from 5 and 10 most populated classes 

 # of Splits: 2 # of Splits:3 # of Splits: 6 

 Acc. 
(%) Time Acc. 

(%) Time Acc. 
(%) Time 

5 78.2 1 h 14΄ 34΄΄ 78.2 56΄ 00΄΄ 78.2 6΄ 10΄΄ 
 

 # of Splits: 3 # of Splits:4 # of Splits: 10 
10 81.9 6h 46΄ 46΄΄ 81.9 3h 56΄ 08΄΄ 81.6 10΄ 17΄΄ 

 
Results show a substantial improvement in the processing time while keeping 

almost constant model accuracy. All the previous results are presented in Fig. 7. 
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Fig. 7. Experimental Results 

The processing time in all cases follows the e-α x model, where α depends on the 
size of the original dataset and x is the number of splits. The accuracy of the 
methodology is fairly constant over the number of splits, with minor fluctuations 
owing to the distribution of the instances of the overlapping protein classes over the 
different dataset splits. 
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7 Conclusions 

We have presented G-Class, a protein classification methodology for a Grid 
environment. A protein dataset is divided into multiple disjoint sets, where each one 
preserves the original class distribution. The new sets are then mined in parallel for 
knowledge, using any classification algorithm, and the extracted knowledge models 
are combined by means of a voting procedure. 

Results indicate that the methodology is time efficient and shows an overall 
accuracy comparable with other known methods. It must be noted that the 
parallelization of the procedure allows for the processing of much larger datasets, as 
compared to other techniques. 
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