
Applied Mathematical Sciences, Vol. 8, 2014, no. 98, 4877 - 4885 

HIKARI Ltd,  www.m-hikari.com 

http://dx.doi.org/10.12988/ams.2014.46432 

 

 

Association Rule with Frequent Pattern Growth  

 

Algorithm for Frequent Item Sets Mining 
 

Kittipol Wisaeng 

 

Mahasarakham Business School, Mahasarakham University, 

Mahasarakham, Thailand  

 
   Copyright © 2014 Kittipol Wisaeng. This is an open access article distributed under the 

Creative Commons Attribution License, which permits unrestricted use, distribution, and 

reproduction in any medium, provided the original work is properly cited. 

 

Abstract 

Frequent item sets mining from the transaction dataset is one of the most challenging 

problems in data mining approaches. In many real world scenarios, the information is not 

extracted from a single data source, but from distributed and heterogeneous ones. 

Therefore, the discovered knowledge in this paper is generating association rules using 

frequent pattern growth algorithms for transactional market basket analysis dataset is 

presented. The process of rule discovery is illustrated on a dataset containing transactions 

of customers of the supermarket. The experimental results show that provides excellent 

market basket analysis performance even on a big data sets. 

 
Keywords: Frequent item sets mining, frequent pattern growth algorithms, market basket 

analysis 

 

1 Introduction 
 

   One of the most popular algorithms for finding customers’ shopping patterns 

is based on association rules algorithm. In recent years, the association rule 

algorithm has been extended to the multi-relational case, but there are few 

dedicated to business transaction, cross-marketing, and market basket analysis. 

Qiang et al., [1] presented an innovative association rule classification algorithm 

based on neatness of rules, it extends the Apriori algorithm which considers the 

overlapping relationships among rules. The experimental results show that the 

proposed algorithm has better classification accuracy in comparison with 

classification association rule mining. Wang et al., [2] presented a new rule 

weighting techniques in association rule mining called class item score based rule 

weighting (CISRW) algorithm. The experimental results indicate that the CISRW 

algorithm based on related rule ordering techniques do well by means of accuracy 

of classification. Bartik et al., [3] proposed association rules in web data mining. 

The simulation results indicate that the proposed algorithm is a technique with 

better accuracy and human understandable classification scheme. 
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Sumithra et al., [4] presented a distributed Apriori algorithm association rule 

mining and classical Apriori mining algorithms for grid based knowledge 

discovery. The author provides the distributed data mining applications offers an 

effective utilization of multiple processors and databases to accelerate the 

execution of data mining and facilitate data distribution. Therefore, the algorithms 

can decrease the time complexity of data processing to faster results on big data. 

Zongyao et al., [5] proposed a data mining technique for determining local 

association patterns from spatial databases. Pei etal.., [6] presented the data 

mining association rules based on the Apriori algorithm utilized for the student 

score list of computers dedicated fields in the Inner Mongolia university of 

science and technology. Vo et al., [7] proposed data mining association rules 

based on request item sets lattice for the enhancement of time in mining frequent 

item sets. Unfortunately, the proposed methods which deal with the time of data 

mining association rules were not put into deep research. Rastogi et al., [8] 

proposed data mining optimized association rules with categorical and numeric 

attributes. However, the optimized is simplified by allowed to contain a random 

number of un-instantiated features and features can be either categorical or 

numeric. The various existing data mining algorithms for market basket analysis 

in this paper. All the techniques have its own advantages and disadvantages. This 

section provides some of the drawbacks of the existing algorithms and the 

techniques to overcome those difficulties. In this paper, we present a novel 

method for market basket analysis by using an association rule with FP- growth 

algorithm for each item set. The rest of the paper is arranged as follows: In 

Section 2, I review the market basket transaction database in common to basically 

all frequent item set mining algorithms. In Section 3, I explain how the initial 

association rule is built from the market basket transaction stage to the starting the 

algorithm. The main step is described in Section 4, gives an analysis of FP- 

growth algorithm for market basket analysis. Finally, in Section 5 I report 

experiments with my implementation on market basket item sets.   

 

2 Data Pre-processing 

2.1 Market Basket Transactions  

The transaction data set can be used to keep events in the form of a file where 

each record represents the transaction. This section presents a methodology 

known as market basket transactions, which is useful for discovering interesting 

relationships hidden in big datasets. Table 1 illustrates an example of market 

basket transactions.  

 

    Table 1 Example of market basket transaction 

ID Item Sets 

1 { Breads, Beer} 

2 { Meats, Dairy, Canned Goods}  

3 { Meats, Breads, Beer, 

Paper_goods} 

4 { Canned Goods, Dairy, Breads, 

Beer} 
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Consider in Table 1, the following rule can be extracted from the database is 

shown in Figure 1.  

{Breads}→{Beer} 

The rule suggests that a strong relationship because many customers who by 

breads also buy beer. Retailers can use this type of rules to them identify new 

opportunities for cross selling their products to the customers [9]. 

 

2.2 Binary Representation  

Market basket data can be represented in a binary format as shown in Figure 1, 

where each row corresponds to a transaction and each column corresponds to an 

item. This format is usually used when association rule mining is used to identify 

frequency of item sets. 

ID Breads Beer Meats Juices Paper_goods Dairy Canned 

Goods 

1 1 1 0 1 0 1 1 

2 0 0 1 1 1 0 1 

3 1 0 1 0 1 0 1 

4 1 1 1 0 1 0 0 

5 0 1 0 1 1 1 0 

(A) 

       (B)  

ID Item Set 

1 Breads, Beer, Juices, Dairy, Canned 

Goods 

2 Meats, Juices, Paper_goods, Canned 

Goods 

3 Breads, Meats, Paper_goods, Canned 

Goods 

4 Breads, Beer, Meats, Paper_goods 

5 Beer, Juices, Paper_goods, Dairy 

(C) 

Figure 1 An example supermarket database with five transactions (A) Binary 

database, (B) Vertical Database, (C) Transaction Database.                 

 

3  Association Rules Algorithms 

Let I = {i1, i2,…, in} be set of items (n binary attributes). Let D = {t1, t2,…,tn} be a 

database having a set of transactions where each transaction in D has an unique 

transaction T and contains a subset of the items in I. An association rule is an 

association relationship of the form X⇒Y, where X I, Y I, and XY = .  

 

 

Item 

Set 

Breads Beer Meats Juices Paper_goods Dairy Canned 

Goods 

1 1 2 1 2 1 1 

3 4 3 2 3 5 2 

4 5 4 5 4  3 

    5   
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The support of rule X and Y are called antecedent (LHS: left hand side) and 

consequent (RHS: right hand side) of the rule. Consider in Figure 1, the set of 

items is I = {Breads, Beer, Juices, Dairy, Canned Goods}. An example rule for the 

supermarket could be {Breads, Beer}⇒{Juices} meaning that if Breads and Beer 

is bought, customers also buy Juices. The strength of an association rule can be 

measured in terms of its support and confidence. Support determines how often a 

rule is applicable to a given data set, while confidence determines how frequently 

items in Y appear in transactions that contain X. The formal definitions of support, 

confidence, and lift are defined in Eq. (1), Eq. (2), and Eq. (3), respectively. 

 

 




Probability(X Y)
Support(X Y) =

Total number of t ransact ions
          (1) 

 

 




Probability(X Y)
Confidence(X Y) =

Number of t ransact ion(X)
          (2) 

 

 




Probability(X Y)
Lift (X Y) =

Probability(X)Probability(Y)
           (3) 

 

 

Proof of Equation  

Consider from Eq. (1 and 2), if the rule {Meats, Breads}→{Beer}. Therefore, the 

support count for {Meats, Breads, Beer} is 3 and the total number of transactions 

is 5, the rule’s support is 3/5 = 0.6. While the rule’s confidence is obtained by 

dividing the support count for {Meats, Breads, Beer} by the support count for 

{Breads, Beer}. Since there 3 transactions that contain Breads and Beer, the 

confidence for this rule is 2/3 = 0.67. 

 

 

4 Frequent Item Set Generation by using FP-Growth Algorithm   

 

The FP-growth is algorithm which overcomes the major problems association rule 

with Apriori algorithm. It follows a divide and conquer strategy. The original 

dataset is transformed into a tree well known as FP-tree, which holds all the 

information regarding frequent items. The transformed dataset is divided into a set 

of conditional dataset for each frequent item and mines each such dataset 

separately to generate frequent items. In this work, I have used this algorithm for 

generating frequent item sets mining from market basket analysis. All frequent 

item sets can be mined from the tree directly via the FP-growth algorithm, whose 

pseudo-code is shown in Figure 2, which proposed by [9].  
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FP-Growth Algorithm 

// Initial Call: R←FP-tree(D), P← , F←  

1. FP-growth (R, P, F, minsup): 

2. Remove infrequent items from R 

3. if IsPATH (R) then  

4.   foreach Y R do 

5.      X←PY  

6.      Sup(X) ←minxϵY{cnt(x)} 

7.      F←FU{(X, sup(X))} 

8. else 

9.   foreach iR in increasing order of sup(i) do 

10.      X←PU{i} 

11.      sup(X) ←sup(i) 

12.      F←FU {(X, sup(X))} 

13.      RX← //projected FP-tree for X 

14.      foreach pathPATH FROM ROOT(i) do 

15.                      cnt(i) ← count of i in path 

16.                      Insert path, excluding I, into FP-tree RX with count cnt(i) 

17.           if Rx ≠  then FP-growth (Rx, X, F, minsup)  

  

Figure 2 Pseudo-code of FP-growth algorithm 

Consider from FP-Growth algorithm, the root of the FP-tree is labelled with 

“null” in the first stage. Afterward, each transaction from the structure are 

processed in reverse order and saved the number of transactions in the FP-tree 

structure in reverse order because the aim is to have a rather small tree size, the 

most frequent articles within the transactions being saved as close as possible to 

the root. 

4.1 Developing a Series of Pre-processing for Generating Associations Rule   

The first stage, to determine the frequent sets and to generate association rules 

based on the frequent sets discovered. The generating associations rule is 

presented in Figure 3. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3 Scheme of the generating association rules by using the FP-growth 

algorithm 
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The FP-growth algorithm to determine the frequent item sets and the create 

association rules algorithm to generate association rules based on the frequent 

item sets discovered. This algorithm calculates all frequent item sets, building a 

FP-tree structure from a database transactions and all process are descries below. 

1. Retrieve Transaction: This operator can be used to access the 

repositories. It should replace all file access, since it provides full Meta data 

processing. In contrast to accessing a raw file, it provides the complete of the data, 

so all data transformations are possible. 

2. Numerical to Binominal: This operator changes the type of the 

selected numeric attributes to a binominal type. It also maps all values of these 

attributes to corresponding binominal values. Binominal attributes can have only 

two possible values i.e. “1” or “0”. If the value of an attribute is between the 

specified minimal and maximal value, it becomes “0”, otherwise “1”. Minimal 

and maximal values can be specified by the min and max parameters respectively. 

If the value is missing, the new value will be missing. 

3. FP-Growth Algorithm: This operator calculates all frequent item sets 

from an example set by building a FP-tree data structure on the transaction data 

base. This is a very compressed copy of the data which in many cases fits into 

main memory even for large data bases. All frequent item sets are derived from 

this FP-tree. Many other frequent item set mining algorithms also exist e.g. the 

Apriori algorithm. A major advantage of FP-growth algorithm compared to 

Apriori algorithm is that it uses only 2 data scans and is therefore often 

applicable even on large data sets. 

4. Create Association Rules: Association rules are created by analyzing 

data for frequent if/then patterns and using the criteria support and confidence to 

identify the most important relationships. Support is an indication of how 

frequently the items appear in the database. Confidence indicates the number of 

times the if/then statements have been found to be true. The frequent if/then 

patterns are mined using the operators like the FP-growth algorithm. The create 

association rules algorithm takes these frequent item sets and generates 

association rules. 

 

5 Experimental Results   

 

The simulate process of generating association rules by using the FP-Growth 

algorithm with the creation or load of a previously pre-processed. The process 

consists of algorithms that have individual parameters to control their functions. 

This parameters that affect the result of exploration are the minimum support and 

minimum confidence. The minimum support value was set to 0.1 (10%) while the 

minimum confidence value was set to 0.2 (20%). The scanner data from the stores 

was aggregated and market basket analysis was run individually for each store. 

The results of the FP-growth algorithm are as shown in Table 2.  
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Table 2 The mining result of item 1-set, item 2-set, and item 3-set are shown.  

Total 

Size 

Size Support Item 1 Item 2 Item 3 

Min. 

Size:1 

Max. 

Size: 3 

1 0.339 Beer_wine_spirits   

1 0.338 Snack_foods   

1 0.335 Produce   

1 0.329 Frozen_foods   

1 0.327 Meats   

1 0.322 Paper_goods   

2 0.191 Beer_wine_spirits Snack_foods  

2 0.104 Snack_foods Produce  

2 0.188 Snack_foods Frozen_foods  

2 0.108 Snack_foods Meats  

2 0.107 Produce Frozen_foods  

2 0.163 Produce Meats  

2 0.161 Paper_goods Desserts  

3 0.155 Beer_wine_spirits Snack_foods Frozen_foods 

 
Consider from Table 2, beer_wine_spirits and Snack_foods are top two individual 

items and also the top item set (Size = 2) which is brought together. Next step is to 

calculate the Support, Confidence, and Lift by using Eq. (1),(2) and (3). These results 

are shown in Table 3, and look at the output in graph are illustrated in Figure 4. 

Table 3 Association rule matching for market basket items 

No. Premises Conclusion Support Confidence Lift 

1 Produce Paper_goods 0.102 0.304 0.943 

2 Beer_wine_spirits Produce 0.104 0.307 0.916 

3 Snack_foods Produce 0.104 0.308 0.920 

4 Produce Beer_wine_spirits 0.104 0.310 0.916 

5 Produce Snack_foods 0.104 0.311 0.920 

6 Frozen_foods Meats 0.103 0.311 0.955 

7 Meats Frozen_foods 0.103 0.315 0.955 

8 Beer_wine_spirits Meats 0.107 0.315 0.962 

9 Paper_goods Produce 0.102 0.315 0.943 

10 Meats Desserts 0.104 0.317 1.017 

 

Figure 4  

Item set Lattice and  

Prefix-based Search Tree 
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6  Conclusions  

This paper has presented the association rule with FP-growth algorithm for 

frequent item sets of market basket transaction. Initially, the process was selected 

numeric attributes to a biominal type. After conducting experiments by using 

Apriori algorithm, the process is uses expensive of memory. Moreover, the data 

were collected from comma separated values files, which resulted in additional 

memory usage and increased time for processing. Therefore, in this work the data 

were imported using biominal type directly into FP-growth algorithm by building 

a FP-tree data structure on the transaction data sets. A major advantage of 

FP-growth algorithm compared to Apriori algorithm is that it uses only 2 data 

scans and is therefore often application even on big data sets.  

This solution is much shorter and uses less complexity for analyzing data for 

frequent item sets and generates association rules. The experimental results show 

that careful pre-processing stages, and an appropriate algorithm together provides 

excellent market basket analysis performance even on a big data sets.   
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