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Abstract 
 

Subcellular localization of a protein/ligand plays vital role in drug discovery process, 

computational methods for predicting protein subcellular localization have used various types of 

features, including N-terminal sorting signals from amino acid sequences, amino acid 

compositions like amino acid pairs and arrangements and text annotations from various protein 

databases that describe various properties of a protein. However these methods suffer from 

various drawbacks such as unavailability of known sorting signals and annotations of unknown 

proteins. The proposed approach in this paper does not use biological knowledge such as the 

sorting signals or homologues, but use just protein sequence information. The method divides a 

proteinsequence into short k-mer sequence fragments which can be mapped to word features in 

document classification. A large number ofclass association rules are mined from the protein 

sequence examples that range from the N-terminus to the C-terminus. Then, a boosting algorithm 

is applied to those rules to build up a final classifier. Unknown protein sequences are taken as test 

samples and are subjected to classification through the built classifier to obtain subcellular 

location of the test protein. Computational Studies and Experimental results show that this 

method is excellent in terms of classification performance. 
 

Keywords:  Bioinformatics, Classification and Association Rules, Subcellular Localization, 

Frequent Set Mining. 

1. Introduction 

Computational biology and Bioinformatics deal with the application of computers in solving 

problems of molecular biology. It uses several methods such as mathematical, statistical and 

computational methods that aim to solve biological problems using DNA and amino acid 

sequences and other related information. Subcellular localization is the main functional 

characteristic of proteins which in turn are made up of amino acids.For large-scale genome 

analysis an automatic prediction system which is more reliable and efficient is needed [7]. 

Subcellular location is a main functional characteristic of potential gene expressing the protein 

the protein functions in the specific location in the intact cells to maintain the cell survival. As a 
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result, the knowledge and understanding of the protein subcellular location could provide very 

useful information for the gene function prediction. However, Experimental analysis of 

subcellular localization is more time consuming and could not be performed for the analysis of 

genome scale proteins. With the number of sequences increasing rapidly in the database, there isa 

necessity to develop an automatic system which is accurate, more reliable and efficient system for 

protein subcellular localization.  

The Main objective this paper specifies is how to find the subcellular localization of given 

protein with the help of known protein sequences. We propose a method which uses associative 

classification technique that categorizes given protein sequence into respective subcellular 

location with the help of training examples. In specific we use boosting technique to prune the 

rules to construct an associative classifier. 

2. Related Work 

To find out the subcellular locations through experimental methods requires relatively large 

amount of time and effort. Therefore, there were many computational prediction methods which 

have been suggested recently. Depending on the type of features they use. These methods are 

divided into several different classes accordingly  

 

2.1 Target signals 
The first class uses targeting signals these signals reside at a specific part of primary sequence. A 

diverse range of sorting signals present in bacteria, plant, and animal proteins were reviewed by 

Nakai and these sorting signals were verified through biological experiments. Most of these 

signals are concentrated near specific positions that are N-terminus or C-terminus of the primary 

protein sequence. PSORT, TargetP, and iPSORT predictors use sorting signals for prediction. 

 

2.2 Amino acid sequences 
The second class exploits information which is amino acid sequences extracted from the entire 

range of amino acid sequences. Most of the predictors use the amino acid compositions as 

features in training sequences. The compositions of amino acid, amino acid pairs, and gapped 

amino acid pairs are used by PLOC. Eskin and Agichtein, Hawkins used Support Vector Machine 

(SVM) classifiers with k-mer subsequence features. 

 

2.3 External knowledge base 
The third class considers the information from the external knowledge bases. The keywords 

annotated to the protein entries of the Swiss-Port database are collected by the LOC key. Using 

only sorting signals at the N-terminus may decrease the coverage for unseen sequence patterns of 

test proteins. Although global information such as amino acid composition is helpful to improve 

classification performance, it is not as accurate as sequence information [7]. Thus, recent studies 

have enhanced prediction accuracy through either combining sorting signals and amino acid 

composition Information or combining all three types of features. 

The predictors which use only sorting signals or sequence motifs as features are apt to suffer from 

low coverage for test proteins. So are the predictors which use text annotation features, because 

newly synthesized proteins might not have text information in the protein knowledge bases. 

This paper encompasses an approach that uses only sequence feature, while keeping a better 

classification performance than the previous methods. 
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3. System And Method For Subcellular Localization 

 

3.1 Overall flow of system 
This overall procedure is much similar to a document classification which uses both frequent-

pattern mining and boosting approach.  

3.1.1 Extraction of association rules from training example 
First, training examples data are collected from protein databases such as Swiss-Prot. The training 

example consists of a primary protein sequence and the main label taken here is its subcellular 

location label. The primary protein sequences which were taken are now divided into fixed-length 

sequence fragments with subcellular location labels annotated to them, which then can be mapped 

to words in a document. The most frequently occurring sequence fragments along with the class 

labels are considered and these are extracted from the training set, and then are arranged into 

associative classification rules which are implemented or used later. Then, a boosting process is 

applied to smaller number of association rules that will constitute the final classifier. 

3.1.2 Prediction of localization of test protein 
A test protein is taken whose subcellular location is not known and this is converted into a 

document format like the case of training examples. Then, the classification rules are applied to 

the test protein, yielding the prediction scores of all the class labels. After the scores are 

compared to one another, the localization of the test protein is determined. This overall procedure 

is much similar to a document classification which uses both frequent-pattern mining and 

boosting approach.  

 

3.2 Data sets 
There are numerous repositories of sequences present and there is large number of protein 

sequences collected from various different species and some of these also contain redundant 

sequences. This method uses the following data sets: 

TargetP 
The protein sequences are collected from the Swiss-Prot database and there are about 3,678 

redundancy-reduced protein sequences present in TargetP data set which are retrieved from the 

Swiss-Prot database. In the redundant version of TargetP there were about 11,794 protein 

sequences and they were also used. Plant proteins and non-plant proteins are annotated through 

the location labels. In plant proteins there are four location labels: chloroplast (chl), 

mitochondrion (mit), secretory pathway (SP), and other.  

MultiLOC 
The MultiLOC data set there is animal, plant, and fungal protein sequences taken from the Swiss-

Prot release 42.During the training phase, the primary protein sequences in the data sets are 

divided into k-character pseudo words also called k-mer substrings.  

In our case we consider k=3, a split protein sequence would look like this: 

mitochondrion MLR QII GQA KKH PSL IPL FVF 

IGT GAT GAT LYL LRL ALF NPD VCW DRN NPE 

PWN KLG PND QYK FYS VNV DYS KLK KER PDF 

To extract more features, a sliding window is applied to the original sequences to obtain two 

additional sets of 3-mers: 

mitochondrion M LRQ IIG QAK KHP SLI PLF 

VFI GTG ATG ATL YLL RLA LFN PDV CWD RNN 

PEP WNK LGP NDQ YKF YSV NVD YSK LKK ERP 

DF 

mitochondrion ML RQI IGQ AKK HPS LIP LFV 

FIG TGA TGA TLY LLR LAL FNP DVC WDR NNP 

EPW NKL GPN DQY KFY SVN VDY SKL KKE RPD F 
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The data is taken from Swiss-Prot database the parameters are set and query is given as per the 

requirements and the datasets can be downloaded from the Swiss-Prot DB. There can be different 

subcellular locations taken into considerations for example cytoplasm (cyt), chloroplast, 

extracellular space (ext), mitochondrion, vacuole (vac), endoplasmic reticulum (er),plasma 

membrane (pm), nucleus (nuc), peroxisome (per), and Golgi apparatus (gol). These various 

different locations were taken and they were transformed into FASTA format.  

 

3.3 Subsequence length and Order of Association Rules. 

There is a trade-off between the specificity (Spec) and the coverage of the induced predictor 

while selecting the length of the subsequences. As the fragment length increases, the specificity 

grows gradually but the coverage drops. Another factor which affects prediction accuracy is how 

many subsequences should be included in the condition part of association rules that is the order 

of rules. The specificity of the classifier should be raised as the order of rules increases. 

4. Association Rule Mining 

Association rules establish correlations between different or similar items in a transactional 

database. In recent past, association rule discovery methods have been successfully used to build 

accurate classifiers, which have resulted in a branch of Associative Classification mining. 

 

4.1 Associative classification 
 

Several studies have provided evidence that Associative Classification algorithms are able to 

extract classifiers competitive with those produced by decision trees, rule induction and 

probabilistic approaches.To build a classifier using an Associative Classification algorithm, the 

complete set of class association rules (CARs) is first discovered from the training data set and a 

subset is selected to form the classifier. The selection of such a subset can be accomplished in 

many ways, for example in the classification by association rule (CBA) [21] and classification 

based on multiple rules (CMAR) algorithms [21], the selection of the classifier is made using the 

database coverage heuristic, which evaluates the complete set of CARs on the training data set 

and considers rules that cover a certain number of training data objects. Once the classifier is 

constructed, its predictive power is then evaluated on test data objects to forecast their class 

labels. There are various techniques for Associative Classification that use several different 

approaches to discover frequent itemsets (these are attribute values that pass a user-defined 

threshold known as minimum support), extract rules, rank rules, store rules, prune redundant or 

‘harmful’ rules (rules that lead to incorrect classification) and classify new test objects. 

Associative Classification is a special case of association rule discovery in which only the class 

attribute is considered in the rule’s right-hand side (consequent)[21].One of the main advantages 

of using a classification understand and interpret it. 

Definition 1 A row or a training object in T can be described as a combination of attribute names 

 and values aij, plus a class denoted by cj.  

Definition 2 An item can be described as an attribute name Ai and a value ai, denoted [(Ai,ai )].  

Definition 3 An itemset can be described as a set of disjoint attribute values contained in a 

training object, denoted [(Ai1,ai1 ),…., (Aik,aik )]  

Definition 4 A ruleitem r is of the form (itemse, e), where   is the class.  

Definition 5 The actual occurrence (actoccr) of a ruleitem r in T is the number of rows in T that 

match the itemset of r.  
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Definition 6 The support count (suppcount) of ruleitem  is the number of rows in T that match 

the itemsets of r, and belong to the class c of r.  

Definition 7 The occurrence of an itemset i(occitm) in T is the number of rows in T that match i.  

Definition 8 An itemset i passes the minsupp threshold if .  

Definition 9 A ruleitem r passes the minsupp threshold, 

if .  

Definition 10 A ruleitem  passes the minconf  threshold 

if .  

Definition 11 Any itemset  that passes the minsupp threshold is said to be a frequent itemset.  

Definition 12 Any rule item  that passes the minsupp threshold is said to be a frequent ruleitem.  

Definition 13 A CAR is represented in the form: [(Ai1,ai1 ),…., (Aik,aik )]� c, where the lefthand 

side (antecedent) of the rule is an itemset and the consequent is a class. 

 A classifier is a mapping form H: A� Y, where A is a set of itemsets and Y is the set of 

classes. The main task of Associative Classification is to construct a set of rules (model) that is 

able to predict the classes of previously unseen data, known as the test data set, as accurately as 

possible.  

Table 1 The main differences between AC and association rule discovery. 

Association rule discovery Associative classification 

No class attribute involved (unsupervised 

learning) 

A class must be given (supervised learning) 

The aim is to discover associations between 

items in a transactional database 

The aim is to construct a classifier that can 

forecast the classes of test data objects 

There could be more than one attribute in the 

consequent of a rule 

There is only attribute (class attribute) in the 

consequent of a rule 

Overfitting is usually not an issue Overfitting is an important issue 

 

The problem of constructing a classifier using Associative Classification can be divided into four 

main steps, as shown in Figure 7.  

Step 1: The discovery of all frequent ruleitems. 

Step 2: The production of all CARs that have confidences above the minconf threshold from 

frequent ruleitems extracted in Step 1. 

Step 3: The selection of one subset of CARs to form the classifier from those generated at Step 2. 

Step 4: Measuring the quality of the derived classifier on test data objects. 
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Associative classification steps. 

4.2 Techniques for frequent ruleitems 

The step of finding frequent ruleitems in Associative Classification is a hard step that necessitates 

large amounts of computation. Several different approaches to discover frequent ruleitems from a 

data set have been adopted from association rule discovery. 

4.3 FP-growth 

The FP-growth method builds a highly dense FP-tree for the training data set, where each training 

object is represented by at most one path in the tree [21]. As a result, the length of each path is 

equal to the number of the frequent items in the transaction representing that path. This type of 

representation is very useful for the following reasons.  

(1) All of the frequent itemsets in each transaction of the original database are given by the 

FP-tree, and because there is much sharing between frequent items, the FP-tree is smaller 

in size than the original database.  

(2) The FP-tree construction requires only two database scans, where in the first scan, 

frequent itemsets along with their support in each transaction are produced, and in the 

second scan, the FP-tree is constructed. 

Once the FP-tree is built, a pattern growth method is used to find the rules by using patterns of 

length one in the FP-tree. The mining process is performed by concatenating the pattern with 

those produced from the conditional FP-tree. One primary weakness of the FP-growth method is 

that there is no guarantee that the FP-tree will always fit in the main memory, especially in cases 

where the mined database is dimensionally large. 

5. Results and Discussion 

After withdrawing the one tenth of the original data that are reserved for simulation to 

determine parameters, the remaining data is divided into five subsets, four subsets were reserved 

for training and one for testing. The protein sequences in FASTA format undergo some 

preprocessing steps before being considered as input to the rule mining process.The input 

sequence whose length Lis divided into k-mer subsequences and indexed using a document-

indexing library. 
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Three measures were used to evaluate the prediction result of each subcellular location 

and they are specificity (spec), sensitivity (Sens) and the accuracy (Acc): 

 

 

Here, TP, TN, FP, and FN mean the numbers of true positive, true negative, false positive and 

false negatives, respectively. The overall performance on a whole data set was evaluated using 

accuracy, which is defined as: 

 

Where j is location index and M is the number of total locations. Another overall measure we 

used was the averaged specificity which was defined by . 

M  

 

From the above formulas procedures and steps of associative classification the below prediction 

results with the best accuracy are displayed.   

The boosting algorithm is based on the statistical learning theory. The algorithm was redesigned 

so that it can be applied to a real-world classification problem such as subcellular localization, 

without losing its splendid prediction performance. As the biological features like the sequence 

motifs or the sorting signals when compared all of these k-mers do not have good prediction 

ability.  

 

  Table 2 Prediction results. 

 

    

 

 

 

  

 

6. Conclusion 

BCAR uses only the amino acid sequence information ofproteins for localization prediction. It 

does not need othertypes of features from the motif database or the textknowledge bases. After 

Location        BCAR 

Spec Sens MCC 

Chl 0.89 0.87 0.83 

Cyt 0.84 0.68 0.70 

Er 0.59 0.76 0.62 

Ext 0.57 0.86 0.76 

Gol 0.87 0.59 0.58 

Mit 0.75 0.82 0.75 

Nuc 0.79 0.38 0.83 

Per 0.76 0.78 0.59 

Pm 0.91 0.82 0.63 

Vac 0.47 0.37 0.90 

(avg) 0.63 

73.8(±0.7) Acc[%] 



IJRIT International Journal of Research in Information Technology, Volume 3, Issue 1, January 2015, Pg. 193-201 

Abhijeet R Patil, IJRIT- 200 
 

mining association rules fromprotein sequences, BCAR boosts those rules so as to inducea more 

general and accurate localization predictor. Manyexperiments on benchmark data sets used in 

previousstudies show that BCAR has an equivalent or betterprediction performance than the 

state-of-the-art results.BCAR is very simple for practical use, compared with otherprediction 

methods that consist of a set of many SVM’s orneural networks. This method could be well 

applied to newly synthesized proteins which have no known information other than amino acid 

sequence. It can be applied for protein-protein interactions and also other classification of 

proteins.    
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