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Abstract— Data  Mining (DM) is  the  process  of  extracting  

useful  and  non-trivial  information  from  huge  amounts  

of  data. One of the  important  problems  in  data  mining  is  

discovering association rules from databases of  transactions 

where  each  transaction  consists  of  a set  of  items.  

Frequent itemsets play an important role  in  many  data  

mining tasks. The  task of discovering  all  frequent  itemsets  

is  a  fundamental  problem  in  data  mining.  In  this  paper  

we examine  the  problem  of  finding  frequent  itemsets 

using Apriori and  dEclat algorithms  on  Mushroom Dataset 

and a comparative study is done for both the  algorithms that  

use several optimizations to achieve maximum performance, 

with respect to execution time and frequent pattern 

generation. The Mushroom  dataset  contains characteristics  

of  various  species  of  mushrooms, and  was  originally  

obtained  from the UCI  Repository of  Machine  Learning  

Databases. Apriori and dEclat are the best-known 

algorithms for mining frequent itemsets in a set of 

transactions. Apriori is an influential algorithm for mining 

frequent itemsets for boolean association rules.  The name 

of the algorithm is based on the fact that the algorithm uses 

prior knowledge of frequent itemset properties. The Apriori 

principle states that for an itemset to be frequent all its 

subsets have to be frequent. The Apriori  implementation  is  

based  on  a  prefix  tree  representation  of  the  needed  

counters  and  uses  a  doubly  recursive  scheme  to  count  

the  transactions. The basic idea of dEclat is composed of 

computing diffsets for all distinct pairs of itemsets and 

checking the support of the itemsets. The dEclat  

implementation  uses  bit matrices  to  represent  transactions  

lists  and  to  filter  closed  and  maximal  itemsets. Our 

results show that dEclat outperforms Apriori both in terms of 

frequent generation and execution time for the mushroom 

dataset. 
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I. INTRODUCTION 

Mining frequent itemsets is a fundamental problem in many 

data mining applications. Association Rule Mining (ARM) 

is one of the major techniques in data mining (the main 

stage of Knowledge Discovery in Data (KDD)). ARM has 

already been widely applied in many different areas since it 

was first introduced [1]. One typical application [2], “market 

basket analysis”, focuses on the discovery of interesting 

hidden patterns or associations between items in 

supermarket transaction records. The problem is formulated 

as follows: Given a large database of item transactions, all 

frequent itemsets are found, where a frequent itemset is one 

that occurs in at least a user-specified percentage of the data 

base.  

Apriori [2, 13] and dEclat [5, 11] are the most 

popular ARM algorithms. The main difference between the 

two algorithms is based on the transactional database 

format. Each transaction in the database has a unique 

identifier (tid). In the vertical format, each item is associated 

with its corresponding tidset, the set of all transactions 

which contains that item. Mining algorithms on the vertical 

format have shown to be very effective and usually 

outperform horizontal approaches. This advantage stems 

from the fact that frequent patterns can be counted via tidset 

intersections; instead of using complex internal data 

structures that is candidate generation and counting occurs 

in a single step. Diffset [5, 11] is a vertical data 

representation that only keeps track of the difference in the 

tids of a candidate pattern from its generating frequent 

patterns. It drastically cut down the size of memory required 

to store intermediate results. The initial database stored in 

the diffset format, instead of the tidset, can also reduce the 

total database size. 

In this paper, we implement the Apriori and dEclat 

algorithms on mushroom dataset, which can mine a 

complete set of frequent patterns. A comparison is done to 

find the best algorithm in discovering the frequent itemsets. 

Section 2 provides the basic primitives and terminologies. In 

section 3 and section 4 we discuss about the Apriori and the 

dEclat algorithm. Section 5 provides the description of the 

mushroom dataset. Section 6 deals with the implementation 

and results. Section 7 summarizes our work. 

II. PROBLEM STATEMENT 

A. Basic Concepts 

The association mining task can be stated as follows:  

Let I be a set of items and D be a database of transactions, 

where each transaction has a tid and contains a set of items. 

A set of items is also called an itemset. An itemset with k 

items is called a k-itemset. The support of an itemset X, 

denoted as σ(X) is the number of transactions in which it 

occurs as a subset. The input data (D) for most ARM 

algorithms comprises N columns describing a binary valued 

set of attributes A, and M transactions such that each 

transaction describes some subset of A. The k length subset 

of an itemset is called a k-subset. An itemset is maximal if it 

is not a subset of any other itemset. An itemset is frequent if 

its support is more than a user-specified minimum support 

(min_sup) value. The set of frequent k-itemsets is denoted 

as Fk. If the support of an item set is greater than a given 

support threshold, “min_sup”, the itemset is said to be large 

or frequent [14]. 

B. Subset Lattice 

Both the algorithms rely on a top down search in the subset 

lattice of the items as shown in figure 1. The edges in this 

diagram indicate subset relations between the different item 

sets. To structure the search, both algorithms organize the 

subset lattice as a prefix tree as shown in Figure 2. In this 

tree the itemsets are combined into nodes which have the 

same prefix with respect to some arbitrary, but fixed order 
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of the items. With this structure, the item sets contained in a 

node of the tree can be constructed easily [12]. 

 
Fig. 1: A subset lattice for four items 

 
Fig. 2: A prefix tree four items 

C. Classification of Algorithms 

The characterization of the ARM Algorithms is based on the 

following: 

 The strategy to traverse the search space, and   

 The strategy to determine the support values of the 

itemsets [16]. 

 
Fig. 3: Systematization of ARM algorithms 

D. Common Data Formats 

Figure 4 illustrates some of the common data formats used 

in association mining. In the traditional horizontal approach, 

each transaction has a tid along with the itemset comprising 

the transaction. In contrast, the vertical format maintains for 

each item its tidset, a set of all tids where it occurs. 

 
Fig. 4: Common Data Formats 

III. APRIORI  

Apriori is an influential algorithm for mining frequent 

itemsets for boolean association rules.  The name of the 

algorithm is based on the fact that the algorithm uses prior 

knowledge of frequent itemset properties. 

It is the most popular algorithm based on the 

strategy breadth first search to traverse the search space, in 

which downward closure property of itemset support is 

used. Apriori make use of downward closure property by 

pruning those candidates that have an infrequent subset 

before counting their supports.  This optimization is possible 

because breadth first search ensures that the support values 

of all subsets of a candidate are known in advance. 

A. Apriori Principle  

The Apriori principle states that if an itemset is frequent, 

then all of its subsets must also be frequent. This property is 

based on the following observation. By definition, if an 

itemset I does not satisfy the minimum support threshold, 

min_sup, then I is not frequent, that is P (I) < min_sup. If an 

item A is added to the itemset I, then the resulting itemset, I 

U A can not occur more frequently than I.  Therefore, I U A 

is not frequent either, that is, P (IUA) < min_sup.  This 

strategy of trimming the exponential search space based on 

the support measure is known as support based pruning.  

The property of the support measure namely, that the 

support for an itemset never exceeds the support for its 

subsets, is also known as the anti-monotone property of the 

support measure [2, 14]. 

B. Apriori Algorithm 

Apriori is the first association rule mining algorithm that 

pioneered the use of support based pruning to systematically 

control the exponential growth of candidate itemsets.  Figure 

5 provides an illustration of the frequent itemset generation 

part of the Apriori algorithm for the transactions shown in 

table 1.  

TID Items 

1. 

2. 

3. 

4. 

5. 

{Bread, milk} 

{Bread, Diapers, Orange, eggs} 

{milk, diapers, Orange} 

{Bread, milk, diapers, Orange} 

{Bread, milk, diapers, sweet} 

Table 1: Example of market basket transaction 

 

 

 
The shaded item sets are removed because of low support. 

Fig. 5: Frequent itemset Generation 
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Let the minimum support count be 3. Initially, 

every item is considered as a candidate 1 – itemset.  After 

counting their support, the candidate itemsets {sweet} and 

{eggs} are discarded because they appear in fewer than 

three transactions. In the next iteration, candidate 2- itemsets 

are generated using only the frequent -1 itemsets because the 

Apriori principle ensures that all supersets of the infrequent 

1 – itemsets must be infrequent.  Because there are only four 

frequent 1 –itemsets, the number of candidate 2- itemsets 

generated by the algorithm is 6.  Two of these six candidates 

{Orange, Milk} and {fruit, Bread} are subsequently found 

to be infrequent after computing their support values.  The 

remaining four candidates are frequent and thus will be used 

to generate candidate 3 – itemsets.   

Without support based pruning, 20 candidate 3- 

itemsets can be formed using the six items given in this 

example.  With the Apriori principle, we only need to keep 

candidate 3-itemsets whose subsets are frequent.  The only 

candidate that has this property is {bread, diapers, milk}.  

The effectiveness of the Apriori pruning strategy can be 

shown by counting the numbers of candidate itemsets 

generated [6]. 

IV. DECLAT – DIFFSET BASED MINING 

A. Diffsets 

Let I = {a1, a2… am} be a set of items, and the transaction 

database D = {T1, T2… Tn}, where Ti (i = {1, …, n}) is a 

transaction which contains a set of items in I. The index i is 

a unique identifier of a transaction Ti. The support of an 

itemset X, denoted by σ(X), is the number of transactions in 

D that contain X.  

To illustrate the concept of diffset structure, it is 

assumed that D = {1, 2, 3, 4, 5}, as shown in figure 3. It is 

an example of a transaction database, and I = {A, B, C, D, 

E} be a set of five different items in the database. Figure 4 

depicts a common data format that has been used often in 

mining associations.  

The diffset structure is based on the concept of 

vertical database format. It avoids storing the entire tidset of 

each item by keeping track of only the differences in the tids 

between the tidset of each item and the whole tidset. Figure 

6 shows the difference between the tidset and diffset based 

structures. These differences in tids are stored in what has 

been called the diffset. Figure 7(a) shows Diffset structure 

with min_sup = 50%. In Figure 7(b), Diffset structure is 

sorted by the support in an ascending order and, hence, it 

has a better chance that more postfix can be shared.   

dEclat - diffset based mining 

dEclat performs a depth-first search of the subset 

tree. Our experiments show that diffsets allow it to mine on 

much lower supports than other methods like Apriori and 

the base Eclat method. 

Frequent itemsets are generated by computing 

diffsets for all distinct pairs of itemsets and checking the 

support of the resulting itemset. A recursive procedure call 

is made with those itemsets found to be frequent at the 

current level. This process is repeated until all frequent 

itemsets have been enumerated. The intermediate diffsets 

for atmost two consecutive levels within a class are stored in 

memory. Once all the frequent itemsets for the next level 

have been generated, the itemsets at the current level within 

a class can be deleted [5]. 

 
(a) 

 
Fig. 6: Diffsets for pattern Counting 

 
Fig. 7: Diffset Data Format 

B. Searching and Filtering Item Sets 

A convenient way to represent the transactions for the 

dEclat algorithm is a bit matrix, in which each row 

corresponds to an item, each column to a transaction. A bit 

is set in this matrix if the item corresponding to the row is 

contained in the transaction corresponding to the column, 

otherwise it is cleared. dEclat searches a prefix tree in depth 

first order. The transition of a node to its first child consists 

in constructing a new bit matrix by intersecting the first row 

with all following rows. For the second child the second row 

is intersected with all following rows and so on. The item 

corresponding to the row that is intersected with the 

following rows thus is added to form the common prefix of 

the item sets processed in the corresponding child node. 

Determining itemsets with dEclat is slightly more difficult 

than with Apriori, because due to the backtrack dEclat 

“forgets” everything about a frequent item set once it is 

reported.  

In order to filter the itemsets, a structure is essential 

that records these sets, and determines quickly whether there 

is an itemset that is a superset of a newly found set. Frequent 

item sets are reported in a node of the search tree after all of 

its child nodes have been processed. In this way it is 

guaranteed that all possible supersets of an item set that is 

about to be reported have already been processed. 

Consequently, a repository of already found itemsets is 

maintained and only this repository is searched for a 

superset of the itemset in question. The repository can only 

grow, because due to the report order a newly found item set 

cannot be a superset of an item set in the repository [12]. 

V. DATASET DESCRIPTION 

 Title                             : Mushroom Database 

 No of instances            :  8124 



Performance Evaluation of Recurrent Set Mining Algorithms 

 (IJSRD/Vol. 4/Issue 02/2016/533) 

 

 All rights reserved by www.ijsrd.com 1917 

 No of attributes          :  22 (all nominally valued) 

 Attribute information: (classes: edible=e, poisonous=p) 

cap_shape, cap-surface, cap color, bruishes, odor, gill-

attachment, gill-spacing, gill-size, gill-color, stalk-

shape, stalk, root, stalk _surface _along ring, stalk 

color_above_ring, stalk_color_ below ring, veil type , 

veil color, ring_number, ring_type spore_print_colour, 

population, habitat. 

A. Class Distribution:  

Edible       :      4208(51.8%) 

Poisonous :      3916(48.2%)  

VI. EXPERIMENTAL RESULTS 

In this section, we describe the experimental results of 

Apriori and dEclat algorithm for generating frequent 

patterns. We performed experiments on benchmark 

mushroom dataset, obtained from UCI Repository of 

Machine Learning Databases [15]. Typically, this dataset is 

very dense, i.e., they produce many long frequent itemsets 

even for very high values of support.  

Algorithms were coded in JAVA. The result shows 

the variation of execution time with number of itemsets and 

various support values. We have tested our programs for 

different values of minimum support and the results are 

presented in figure 8 and figure 9. 

 
Fig. 8: Frequent pattern Mining 

 
Fig. 9: Execution Time 

 The  results  show  that  for Apriori algorithm the  

execution  time  increases  as  the  number  of  itemsets  

increases and more time is consumed in the complex 

candidate generation process of Apriori. Also it performs 

multiple scan of the database to generate the frequent 

patterns. In contrast, since dEclat uses only the notion of the 

diffset generation, major costs occurring in dEclat algorithm 

are computation of diffsets for all distinct pairs of itemsets 

and checking of the supports of the itemsets. Furthermore, 

the time for execution includes the cost for the conversion of 

the original database from a horizontal to a vertical format. 

The dEclat algorithm performs well when the support 

threshold is low and when the number of transactions is 

large.  

VII. CONCLUSION 

Our experimental results show that the performance of the 

algorithm is determined by finding all frequent itemsets and 

is influenced by various support factors. From the 

experiments which we have conducted we were able to find 

frequent itemsets from the mushroom dataset depending 

upon various support values which were given as input by 

the user. Our results show that dEclat outperforms Apriori 

both in terms of frequent generation and execution time for 

the mushroom dataset. 
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