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Abstract
This research paper focuses on data mining in Bioinformatics, 
particularly in which Association Rule Mining is explored. The 
objective of the proposed research work is to identify the significant 
associations present among GO_Terms in genes in the breast 
cancer dataset by applying apriori algorithm for two matrices. The 
two matrices namely binary encoded matrix and weight encoded 
matrix are constructed considering direct GO_Terms and indirect 
GO_Terms which includes level 1 and level 2 GOs for direct 
GO_Terms appears in genes in the experimental dataset. Finally, 
the association rules identified from apriori algorithm for two 
matrices are compared. It is observed that, the apriori applied 
for weight encoded matrix identifies more number of significant 
rules and also hidden associations which are not identified by the 
apriori applied for binary encoded matrix. The research work has 
been implemented in Matlab tool and .NET framework.
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I. Introduction
Data Mining Techniques (DMT) have formed a branch of applied 
artificial intelligence (AI), since the 1960s. During the intervening 
decades, important innovations in computer systems have led to the 
introduction of new technologies [5], for web-based education.
The biological databases generate huge volumes of genomics and 
proteomics data after the draft of human genome sequences in 
2001. The researchers use the existing sequence information to 
find similar patterns of genes, proteins and derive other sequence 
information. The National Center for Biotechnology Information 
(NCBI) is one major resource that maintains public biomedical 
annotation databases, which are represented in different useful 
formats that includes Extended Markup Language (XML) format. 
The XML format of databases is very useful, because XML is 
one of the powerful languages for representing the biological 
data in semi structured form and also the extraction of biological 
entities from XML format of databases are very easy at any 
extent. The recent researches focus to identify the interactions 
between gene products of same gene or different genes using 
either clustering [4] or association rule mining. The clustering 
can help researchers to discover the genes that may be involved 
in the same biological process. Association rule mining [2-3] 
can be used to find out relationships among genes using Gene 
Ontology (GO) annotations, which bring deeper observation and 
implications among genes.
The objective of the proposed research work is to identifying the 
significant associations among GO Terms present in the genes 
in the breast cancer dataset by applying apriori algorithm for 
the constructed encoded matrices namely binary encoded matrix 
and weight encoded matrix. Finally, the results obtained from 
apriori for two matrices are analyzed and compared. Using this 
knowledge source; the relationships or associations among genes 

in the breast cancer dataset are identified. The GO terms appeared 
in every gene in the dataset are annotated using the downloaded 
GO annotation structure. The table 1 shows GO terms, annotations 
and its ontology for the gene ‘APC’. This describes the chain of 
molecular functions and biological processes/activities take place 
in the cellular compounds such as ‘nucleus’ and ‘cytoplasm’.

Table 1: GO Terms Annotations for ‘APC’
GO Terms Annotations and Ontology For ‘APC’ Gene Name
GO Term Annotation Ontology
281 mitotic cytokinesis Biological Process

5634 nucleus Cellular 
Component

5737 cytoplasm Cellular 
Component

6974 cellular response to DNA 
damage stimulus Biological Process

7026
negative regulation 
of microtubule 
depolymerization

Biological Process

7050 cell cycle arrest Biological Process

8013 beta-catenin binding Molecular 
Function

8285 negative regulation of cell 
proliferation Biological Process

16477 cell migration Biological Process

30178 negative regulation of 
Wnt signaling pathway Biological Process

43065 positive regulation of 
apoptotic process Biological Process

Association rule mining [1] was first introduced by Agrawal et al. 
(1993). This is used to find interesting relationships or correlation 
among attributes in a large database. The results of the association 
rule mining are similar to that of clustering, which are groups of 
data with similar relations. For example, in the market basket 
analysis, association rule mining is used to discover itemsets which 
are frequently purchased together. The frequent itemsets provide 
useful knowledge for shop keeper about the purchasing habit of 
the consumers. The association rules in frequent itemsets may be 
large in numbers, which may include good as well as bad rules. 
These rules can be filtered so that only good rules can be taken for 
consideration to take decisions. This is possible with two factors: 
support and confidence.
This paper is organized as follows. The second chapter presents the 
related works. The third chapter presents the overall methodology 
of the proposed research work. The fourth chapter presents the 
results and discussion of the proposed research over breast cancer 
dataset. The fifth chapter summarizes the proposed research 
work.
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II. Related work
Rahman et al 2006 described Association rule mining template is 
guided from XML document. XML is used in all areas of Internet 
application programming and is giving large amount of data 
encoded in XM [13]. With the continuous growth in XML data 
sources, the ability to extract knowledge from them for decision 
support becomes increasingly important and desirable. Due to the 
inherent flexibilities of XML, in both structure and semantics, 
mining knowledge in the XML Era is faced with more challenges 
than in the traditional structured world. 
 Rahman AliMohammadzadeh, et al 2006 proposed a practical 
model for mining association rules from XML document.XML 
enabled association rule frame work that was introduced by Feng.
XML AR frame works better than simple structured tree. The 
framework is flexible and powerful enough to represent simple 
and difficult structured association rules in XML document. 
But the best level of XML document model which is not yet 
implemented in has been proposed. The problem of mining XML 
association rules from the content of XML documents is based 
on user provided rule template. An implementation model is 
already introduced by Feng. Our practical model consists of the 
following steps Filtering, Generating Virtual Transactions, Finding 
Association Rules, Converting extracted rules of XML AR rules 
and Visualizing. Filtering and Generating virtual transactions 
are most important steps in this model Filtering step uses the 
XML-AR template and extracts only those parts of XML that 
are interesting for the user. The next step, defining a transaction 
context, based on tag nesting in XML document uses to generate 
virtual transactions that can be used as input format by association 
rule mining algorithms (e.g. Apriori). As an example, consider 
the problem of mining frequent associations among people who 
appear as coauthors, with our XML-AR template formulate. The 
statement is two parts| (body and head) and the each part has 
3-level xml fragment display generated virtual transactional based 
on XML AR template and xml fragment of dblp collection. The 
experimental results have found the coauthors and the keyword 
relationship, mining from xml document [13].
P. spellmen et al 1998 described Infer gene–gene association 
networks from gene expression data. These methods range 
from rather straightforward correlation-based methods to more 
sophisticated models, such as Bayesian network models. One 
of the first approaches to the problem was clustering algorithms 
[7]. These approaches are based on a simple assumption, which 
is still used in functional genomic, called the guilt-by association 
heuristic. This assumption suppose that co-expression means co-
regulation, i.e. if two genes show similar expression profiles, they 
are supposed to follow the same regulatory Programme.
The usage of XML data in the World Wide Web and elsewhere as a 
standard for the exchange of data and to represent semi structured 
data tends to develop the various tools and techniques to perform 
various data mining operations on XML documents and XML 
repositories. In recent years, several encouraging methods have 
been identified and developed for mining XML data. R Porkodi 
Presented an improved framework for mining association rules 
from XML data using XQUERY and .NET based implementation 
of Apriori algorithm [12].
R. Porkodi presents an efficient framework for extracting 
relationships between gene ontology terms in biological documents 
using association rule mining and GO annotations. This may be 
useful for the biologists to arrive any kind of decisions in their 
research in gene prediction and identification of deceases in their 
respective area. This provides set of possible rules for every gene 

product which may be useful at the time of predicting the gene 
expression patterns and extracting the relationships between gene 
products. The associations of various GO terms are grouped by 
prior biological knowledge which is organized in the form of GO 
annotations, that it proves that the association rules produced 
by our system are good and this may be referred by any future 
research in this area [11].
P.Prithiviraj presents the extensive of study of various ARM 
algorithms in data mining which are really useful and very much 
needed to obtain useful facts or associations among data items 
in large data sets to take some important decision making in any 
kind of problems [14].

III. Methodology
The methodology framework for identifying the relationship 
between the GO terms present in the breast cancer genes using 
Apriori algorithm consists of four phases as shown in figure 1 
namely Preprocessing, Data encoder for constructing binary 
encoded matrix and weight encoded matrix and Association rule 
generator.

Fig. 1: The Framework of Association Rule Mining using GO 
Terms and Apriori Algorithm

A. Preprocessing
The preprocessing phase takes breast cancer genes in the dataset as 
input and applies series of processes to produce gene structure with 
5 column information which are necessary to produce significant 
associations among genes present in the dataset. The gene structure 
describes the Gene Name, GO Terms, Ontology, GO description 
and total number of GO terms as shown fig. 2.

Fig. 2: The Gene Structure After Preprocessing
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B. Data Encoder
The data encoder is used to encode the data with respective GO 
ontology description. 
This data encoder takes gene structure as input which is produced 
as a result of preprocessing phase and produces two encoded 
matrices as output.

C. Constructing Binary Encoded Matrix
The encoder computes the binary encoded array for every gene 
in such a way that the occurrence of GO terms present in each 
gene is coded with 1 against the corresponding GO term in total 
distinct GO terms and 0 otherwise constructing binary encoded 
matrix as shows Table 2.
 
Let i be the set of genes in the dataset
Let j be the set of distinct Direct GO_Terms
Binary_Encoded_matrix (i, j) = {1 | if  j appears in list of GO_
Terms for Gene i;
 0 | otherwise ;}

Table 2: Structure of Binary_Encoded_Matrix

Gene 
Names

GO Terms

GO Ann1 GO Ann2 ... GO Annn

G1 1 0 ... 1

G2 0 1 ... 0

G3 0 0 ... 1

G4 1 1 ... 0

... ... ... ... ...

Gn 0 1 ... 1

D. Constructing Weight Encoded Matrix
The reason for constructing weight encoded matrix is to explore 
hidden associations which are not produced or extracted from 
binary encoded matrix. The weight encoded matrix considers 
the GO Terms which are not directly given in list of GO Terms 
appeared in a particular gene in the dataset. The hidden or unseen 
GO Terms are taken into account by computing level 1 and level 
2 GO Terms for each GO Terms presents in a gene. As already 
mentioned in previous section, the GO is divided into three separate 
ontology category which is organized as hierarchical manner. The 
overall available GO Terms are classified into three main GO 
Terms namely GO_0003674, GO_0005575, GO_0008150. First 
GO Terms represent the root of Molecular Functions, the second 
GO Terms represent the root of cellular Compounds and third GO 
Terms represent the root of Biological Processes.

Each GO Term has its own ancestors and descendants and these 
are managed like a tree in which ancestors are descendants are 
called as levels. These levels directly or indirectly support various 
activities take place in a gene. Hence this can be considered to get 
more meaningful associations. By keeping this in mind, the weight 
encoded matrix is calculated using the below formula.

The fig. 3 shows the direct and indirect GO Terms for the gene 
‘VARS’ is given with 2 levels.

Fig. 3: Level 1 and level 2 GO_Terms for Gene ‘VARS’

The weight encode matrix are computed for every gene in such 
a way that the occurrence of direct GO Terms present in the list 
of actual GO Terms in the dataset, put 1; otherwise 0; as like in 
binary encoded matrix. In addition to that, level 1 and level 2 GO 
Terms for every GO Term are computed and these GO Terms are 
present in the list of actual GO Terms, put weight 0.5 and 0.25 
respectively as shown in table 3.
Let i be the set of genes in the dataset
Let j be the set of distinct Direct GO_Terms
Let l1 and l2 be level 1 and level 2 GO_Terms for jth GO_
Terms
Weight_Encoded_Matrix (i, j) = {1 | if  j appears in set of distinct 
direct    GO_Terms for gene i;
0.5 | if  j appears in set of distinct GO_Terms in l1; 
0.25 | if  j appears in set of distinct     
GO_Terms in l2;
0 | otherwise ;}

Table 3: Structure of Weight_Encoded_Matrix

Gene 
Names

GO Terms

GO Ann1 GO Ann2 GO Ann3 ... GO Annn

G1 0 0.5 1 ... 0.25

G2 0.5 1 0.25 ... 0

G3 0.25 0.50 0 ... 1

G4 1 0 0.25 ... 0.5

... ... ... ... ... ...

Gn 1 0 0.50 ... 0.25

E. Association Rule Generator
Association rule mining, one of the most important and well 
researched techniques of data mining, was first introduced in the 
year 199354. It aims to extract interesting correlations, frequent 
patterns, associations or casual structures among sets of items in 
the transaction databases or other data repositories. The first step 
in association rule mining is to identify frequent sets, the sets of 
items that occur together often to investigate further. Consider a 
database D contains a set of transactions T and each transaction 
consists of one or more items called itemsets. The itemset I = 
I1, I2, I3… In, where I is a set of n distinct items, and a set of 
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items such that T ⊆ I. An association rule is of the form A⇒B 
where A⊆ I, B⊆ I, and A ∩ B =φ. The set of items A is called 
antecedent and the set B the consequent. The rules are considered 
to be good if they satisfy some additional properties, which are 
most important properties used in association rule mining: support 
and confidence. 
Support s for a rule A ⇒B, denoted by s (A ⇒ B), is the ratio of 
the number of transactions in D that contain all the items in A∪B 
to the total number of transactions in D. That is,
S (A→B) = σ(A∪B)
|D|
Where the function σ of a set of items A denotes the number of 
transactions in D that contain all the items in A. σ(A) is also called 
the support count of A. Confidence c for a rule A⇒B, denoted 
by c (A⇒B), is the ratio of the support count of A∪B to that of 
the antecedent A.

F. Apriori Algorithm
Apriori Algorithm was initially introduced by R. Agrawal. In 
this algorithm is used for frequent item set, Association rule 
mining techniques. Apriori uses pruning techniques to avoid 
measure bound item sets, whereas guaranteeing completeness7. 
The Apriori algorithmic program is predicated on the Apriori 
principle. The algorithm for use a level-wise search, k-itemsets 
exist used to explore (k+1)-itemsets, to mine frequent itemsets 
from transactional database for Boolean association rules. In this 
algorithm, frequent subsets are extended one item at a time and 
this step is known as candidate generation process. Then groups 
of candidates are tested against the data. To count candidate item 
sets efficiently, Apriori uses breadth-first search method and a hash 
tree structure. It identifies the frequent individual things within 
the information and extends them to larger and bigger item sets 
as long as those item sets seem sufficiently typically within the 
information. Apriori algorithmic rule confirms frequent item sets 
that may be accustomed determine association rules that highlight 
general trends within the information.

Apriori Algorithm Pseudocode
L1 = {frequent items};1. 
For (k = 2; Lk-1! = 2. ∅; k++) do begin
Ck = candidates generated from Lk-1 (that is: Cartesian 3. 
product Lk-1 x Lk-1 and eliminating any k-1 size itemset 
that is not frequent);
For each transaction t in database do4. 
Increment the count of all candidates in 5. 
Ck that are contained in t6. 
Lk = candidates in Ck with min_sup7. 
End; Return 8. ∪k Lk;

G. Rule Visualizer
The Rule visualizer has been implemented using .NET and 
provides the visualization part of the generated association rules 
by apriori algorithm in XML format.  The association rules among 
direct GO Terms and indirect GO Terms are identified using apriori 
by giving different threshold values.

IV. Results and Discussion
The proposed framework is tested on breast cancer dataset of 150 
genes which is downloaded from the NCBI website. The detailed 

summary of the dataset is described in table 4 and also represented 
in bar chat as shown in fig. 4.

Table 4: Summary of Dataset

DATASET DETAILS COUNT
Total  No. of Genes 150
Avg. No. of GO terms 10
Maximum No. of GO terms for gene 139
Minimum No. of GO terms for gene 3
Total No. of GO terms 2775
Total  No. of distinct GO Terms 1549
Total  No. of Cellular components 162
Total  No. of Molecular functions 264
Total  No. of Biological processes 1123

Fig. 4: Dataset Summary

A. Mining by Apriori
The association rule generator has been successfully implemented 
using apriori algorithm in .NET and the mining results are analyzed 
using support and confidence threshold values, the results are also 
analyzed using time factor.
The confidence and support threshold values are necessary to filter 
out good rules. The association by varying any one threshold value 
and keeping other as constant. For rules are generated example, 
support may be kept constant and confidence may be varied to 
generate association rules. The figure 5 shows that the number 
of rules generated is decreases when the minimum confidence 
threshold is increases.

Fig. 5: Confidence Vs Itemsets

In fig. 6, the number of itemsets produced is based on the minimum 
support threshold. It is experimental that the number of itemsets 
created is decreasing when the minimum support is increases.
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Fig. 6: Support Vs Itemsets

The Fig. 7 shows that how much time is taken for producing rules 
in all itemsets. The number of rules produced is based on both 
thresholds and the time factor is either increased or decreased 
based on the number of rules. It is observed that the time taken 
to generate the large number of itemsets for dataset is increased 
when the support count decreases.

Fig. 7: Time Vs Itemsets

B. Rule Visualizer
The rule visualizer part of this research work has been successful 
implemented using .NET to visualize association rules in XML 
format.
Association Rules for Binary_Encoded_Matrix
The rule in figure 8 describes the relationships between ‘Mitotic 
cell cycle’ and ‘Protein binding’. The ‘Mitotic cell cycle’ biological 
process has 89% chances to come with ‘Protein binding’.

Fig. 8: Association Between ‘Mitotic Cell Cycle’ and ‘Protein 
Binding’

The Rule in fig. 9 presents the relationship between ‘Mitotic cell 
cycle’ and ‘nucleus’. ‘Nucleus’ has 83% chances to come with 
‘mitotic cell cycle’.

Fig. 9: Association Between ‘Mitotic Cell Cycle’ and ‘Nucleus’

The Rule in fig. 10 specifies the relationship between ‘epidermal 

growth factor receptor signaling pathway’, ‘fibroblast growth 
factor receptor signaling pathway’ and ‘innate immune response’. 
‘Innate immune response ‘each biological process has 48% chance 
to come with ‘epidermal growth factor receptor signaling pathway’ 
and ‘fibroblast growth factor receptor signaling pathway’.

Fig. 10: Association Between ‘Epidermal Growth Factor Receptor 
Signaling Pathway’, ‘Fibroblast'

Association Rules for Weight Encoded Matrix:  
The rule in fig. 11 describes the relationships between ‘Urea cycle’ 
and ‘Protein binding’. ‘Protein binding’ has 82% chances to come 
with ‘Urea cycle’. This rule has not been identified from binary 
encoded matrix.

Fig. 11: Association Between ‘Urea Cycle’ and ‘Protein 
Binding’

The rule in fig. 12 presented relationships between ‘G1/S transaction 
of mitotic cell cycle’ and ‘nucleus’. ‘Nucleus’ has 83% chances to 
come with ‘G1/S transaction of mitotic cell cycle’.

Fig. 12: Association Between ‘g1/S Transaction of Mitotic Cell 
Cycle’ and ‘Nucleus

The rule in fig. 13 presented relationships between ‘Urea cycle’, 
’hypochlorous acid biosynthetic process’ and ‘cytosol’. ‘Cytosol’ 
has 57% chances to come with ‘Urea cycle’ and ’hypochlorous 
acid biosynthetic process’.

Fig. 13: Association Between ‘Urea Cycle’, ’Hypochlorous Acid 
Biosynthetic Process’ and ‘Cytosol’

The rule in fig. 14 specifies the relationships between 
‘angiogenesis’, 'sprouting angiogenesis’ and ‘receptor binding’. 
‘Receptor binding’ has 70% chances to come with ‘angiogenesis’ 
and ’sprouting angiogenesis’.

Fig. 14: Association Between ‘Angiogenesis’, ’Sprouting 
Angiogenesis’ and ‘Receptor Binding’

The fig. 15 shows that The Molecular function ‘protein binding’ 
has 89%, 88% chance to co-occur with ‘mitotic cell cycle’, 
‘angiogenesis’ biological process. The Molecular function 
‘protein binding’ has 89%, 62% chance to co-occur with ‘Protein 
tyrosine kinase activity’ and ‘Atp binding’ Molecular functions 
respectively.
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Fig. 15: ‘Protein Binding’ Associate with Biological Process and 
Molecular Function

The fig. 16 shows that the Molecular function ‘protein binding’ has 
63%, 63%, 62%, 48% chance to take place in ‘cytoplasm’, ‘nucleus’, 
‘cytosol’ and ‘nucleoplasm’ cellular components respectively.

Fig. 16: Protein binding’ Associate with Cellular Components

The Table 5 presents the identified associations between molecular function ‘protein binding’ with other ontology terms biological 
processes and cellular compounds by apriori algorithm for weight encoded matrix. It is observed that, this produces more number 
of significant relations or associations between ‘protein binding’ with other ontology terms than binary encoded matrix. The number 
of association between the molecular functions ‘Protein binding’ with other biological process and other molecular functions are 
25 and 15 respectively, where as the number of association extracted from binary encoded matrix for ‘protein binding’ with other 
biological process and molecular function are only 2 and 2 respectively.

Table 5: Comparison Associations between Weight Encoded Matrix and Binary Encoded Matrix

Weight Encoded 
Matrix

Ontology

Biological Process Molecular Function Cellular Components

Negative regulation of cell matrix 
adhesion 90%

Core promoter sequence specific 
DNA binding 90% Cytosol 64%

Mitotic cell cycle 89% Core promoter binding 90% Nucleus 63%

Regulation of cyclin-dependent 
protein serine/threonine kinase 

activity 88%

Transmembrane receptor protein 
tyrosine kinase activity 90% Cytoplasm 63%

Positive regulation of cytokine 
production 88 % Replicative cell aging 89% Nucleoplasm 48%

G1/S transition of mitotic cell cycle 
87% Integrin binding 89% -

Response to hypoxia 85% Receptor signaling protein 
tyrosine kinase activity 89% -

Angiogenesis 85% Protein kinase activity 82% -

Urea Cycle 82% Protein tyrosine kinase activity 
85% -

Regulation of protein phosphorylation 
81% DNA binding 82% -

Negative regulation of protein 
phosphorylation 79% Protease binding 68% -

Binary Encoded 
Matrix

Mitotic cell cycle 89% Protein tyrosine kinase activity 
89% Cytosol 64%

Angiogenesis 88% Atp binding 62% Nucleus 63%

- - Cytoplasm 63%

- - Nucleoplasm 48%
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V. Conclusion 
The research paper presents an efficient framework for extracting 
significant relationships between GO_Terms for genes in breast 
cancer dataset using association rule mining by Apriori algorithm. 
The framework consists of three important phases namely 
Preprocessing, Constructing binary encoded matrix and weight 
encoded matrix for direct GO_Terms and indirect GO_Terms 
which includes level 1 and level 2 GO_Terms for direct GO_Terms 
and using third phase, Association rule generator, the significant 
association or relationships are identified for both matrices by 
Appling apriori algorithm. Finally, the results or rules obtained 
from both matrices are analyzed and compared. It is observed that 
by applying apriori for weight encoded matrix produces more 
number of rules and also identified the hidden associations than 
binary encoded matrix. This may be useful for the researchers 
to arrive any kind of decisions in their research in gene and 
identification of deceases in their respective area. This provides 
set of possible rules for every GO Term which may be useful at 
the time of calculating the gene relationships between GO Terms. 
That it proves that the association rules produced by our system 
are good.
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