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Abstract. In this paper, we propose a novel mining task: mining frequent su-
perset from the database of itemsets that is useful in bioinformatics, e-learning 
systems, jobshop scheduling, and so on. A frequent superset means that it con-
tains more transactions than minimum support threshold. Intuitively, according 
to the Apriori algorithm, the level-wise discovering starts from 1-itemset, 2-
itemset, and so forth. However, such steps cannot utilize the property of Apriori 
to reduce search space, because if an itemset is not frequent, its superset maybe 
frequent. In order to solve this problem, we propose three methods. The first is 
the Apriori-based approach, called Apriori-C. The second is Eclat-based ap-
proach, called Eclat-C, which is depth-first approach. The last is the proposed 
data complement technique (DCT) that we utilize original frequent itemset min-
ing approach to mine frequent superset. The experiment study compares the 
performance of the proposed three methods by considering the effect of the 
number of transactions, the average length of transactions, the number of dif-
ferent items, and minimum support. 

1   Introduction 

Frequent itemset mining algorithms have been investigated for a long time, such as 
Apriori[1], FP-growth[2], Eclat[3], Tree-Projection[4], H-Mine[5], DHP[6], and so 
on. The essence of frequent itemset mining is to discover frequent subsets from a set 
of itemset. In our study, we propose a novel mining task to discover frequent super-
set. We want to find patterns that are superset of a certain number of transactions. For 
the clarity of description, we use the term “frequent subset” to denote the traditional 
frequent itemset, and “frequent superset” to this new problem. 

Definition 1. Let D={T1, T2, …, Tk} be a transaction database with k transactions, X 

be an itemset, and minimum support is h. If 
jiT ⊆ X, where 1 ≤ ij ≤ k, for each j=1, 2, 

…, m, m is referred to as the support of itemset X. If m ≥ h, we say that X is a frequent 
superset. 

Example 1. In Fig. 1, the support of itemset {1, 3, 5} is 3, because there are three 
transactions, {3, 5}, {1, 5}, and {5} which are subsets of {1, 3, 5}. Given the value of 
minimum support 3, the frequent supersets are {1, 2, 3, 4, 5}, {1, 2, 3, 5}, {1, 2, 4, 
5}, {1, 3, 4, 5}, {2, 3, 4, 5}, and {1, 3, 5}. 
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Fig. 1. An Example 

Intuitively, the basic approach to solve the problem of frequent superset mining is 
just a little modification of the original Apriori-based algorithm for frequent subset 
mining. The original Apriori property states that all nonempty subsets of a frequent 
subset must also be frequent. In other words, if an itemset is not frequent, then its 
superset is not a frequent itemset. Therefore, in the Apriori-based algorithm, the 
level-wise generation of frequent itemsets is employed.  

However, the Apriori property cannot be directly applied to the problem of fre-
quent superset mining. Because if an itemset X is not a frequent superset, it is possible 
that the itemset which is a superset of X is frequent. Therefore, we can not use k-
itemset to prune and explore (k+1)-itemset in the same way as the original Apriori-
based algorithm does.  

Certainly, we can utilize the property that if an itemset X is not a frequent superset, 
then the itemset which is a subset of X is not frequent either. Based on this property, 
we can develop the algorithm that (k+1)-itemset are used to prune and explore k-
itemset. However, this algorithm starting the exploration from a long pattern is ineffi-
cient. This method is used as the baseline approach for performance comparison. 

In order to solve this problem, we design three algorithms to discover such fre-
quent supersets. These are Apriori-based, Eclat-based, and data complement tech-
nique (DCT), presented in section 2.1, 2.2, and 2.3, respectively.  

In our experiments, we assess the performance of these algorithms based on the 
following four parameters, minimum support, number of transactions, number of 
items, and the average size of transactions.  

2   Discovery of Frequent Superset 

In this study, we design three algorithms, Apriori-C, Eclat-C, and data complement 
technique (DCT), which are all based on the set complement view of point. We do 
not find frequent supersets directly, but the complement of frequent supersets, and 
then obtain frequent supersets by taking the complement of those patterns. First of all, 
we give some related definitions. 

Definition 2. Let I={i1, i2, …, in} denote the set of all items, X={j1, j2, …, jm} be an 

itemset, where jp∈I, for all p=1~m. An itemset X’={iq | ∀ iq∉X, q=1~n} is defined 

as the complement of X, denoted as X’. Moreover, given a database D={T1, T2, …, 

Tk}, the complement of D is defined as D’={ T1’, T2’, …, Tk’ }. 
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Example 2. Let I={1, 2, 3}. Suppose we have a database D={{1, 3}, {2, 3}}, and the 
complement of D, D’={{2}, {1}}. 

2.1   Algorithm Apriori-C 

This algorithm is an Apriori-based method, which is the level-wise discovery process 
starting from 1-itemset, 2-itemset, and so on. Each level is also a join-and-prune proc-
ess. We first define some terms and properties before describing the algorithm. 

Definition 3. Consider two itemsets X1 and X2, if ∀ Y∈P(X1), the powerset of item-

set X1, Y ⊄ X2, Y��φ, we say that X1 complement-contains X2, denote as X1 c⊇ X2. 

Example 3. Let X1={1, 3} and X2={2, 3}. Because {1}, {3}, and {1, 3} are not con-

tained in X2, we say that X1 complement-contains X2, represented as X1 c⊇ X2. 

Definition 4. Let D={T1, T2, …, Tk} be a transaction database with k transactions, and 

h be the minimum support. If an itemset X, X c⊇
jiT , where 1 ≤ ij ≤ k, for each j=1, 2, 

…, m, we say that m is the complement-support of X. If m ≥ h, we define X to be a 
complement-frequent superset of D. 

Example 4. Consider the database in Example 1, suppose that the minimum support 
is 3, the complement-frequent supersets are {1}, {2}, {3}, {4}, and {2, 4}, and their 
complement-support are 3, 4, 3, 3, and 3, respectively. 

Lemma 1. Consider two itemsets X1 and X2. If X1 c⊇ X2, then X1’ is a superset of X2. 

That is, X1’ ⊇ X2. 

Proof. Suppose X1={a1, a2, …, ai}, X2={b1, b2, …, bj}, and X1 ∩ X2 ={c1, c2, …, ck}, 

where cn∈X1 and cn∈X2, for all n=1~k. Because X1 c⊇ X2, we can get ∀ Y∈P(X1), 

Y ⊄ X2. But the itemset that containing cn , n=1~k, must be a subset of X2 and must 

belong to P(X1).  It is known that any cn, n=1~k does not exist, that is X1 ∩ X2= φ, I-

X1 ⊇ X2, and X1’ ⊇ X2. 

Example 5. Suppose we have a transaction T={1, 5} and two itemsets X1={2, 3} and 

X2={1, 3}. Let I={1, 2, 3, 4, 5}, we can obtain the powerset of X1, P(X1)={{2}, {3}, 

{2, 3}}, and X2, P(X2)={{1}, {3}, {1, 3}}. Because {1} ⊆ {1, 5}, X2’={2, 4, 5} is not 

a frequent superset of T, while X1’={1, 4, 5} is a frequent superset of T. 

There are two steps consisted in each passes of proposed algorithm Apriori-C. This 
algorithm adopts the Apriori property based on the following observation: if an item-
set X is not a complement-frequent superset, the superset of X is not a complement- 
frequent superset either. At the kth pass, first, the candidates with size of k are gener-
ated from complement-frequent superset with size of k-1 using the original aprior-gen 
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methods. Next, scan database once and count the complement-support of candidates 
to determine the complement-frequent supersets. Fig. 2 gives the algorithm of Apri-
ori-C. In order to count complement-support efficiently, we build a prefix trie, which 
is modified from [7] to record the candidates. Fig. 3 shows the algorithm for counting 
complement support using the prefix trie for each transaction. After the execution of 
this algorithm, we have obtained the complement-frequent superset, so we must take 
the complement of the complement-frequent superset to get the frequent superset. 

1) L1 = {frequent superset with size of 1} 

2) L’ = I – L1; 

3) for ( k = 2 ; L ≠ φ ; k++) do begin 

3)   Ck = apriori-gen(L’); 

4)   forall transactions t∈D do 
5)     compSupp(root,t,0); //count complement support 
6)   Lk = {c∈Ck|c.count ≥  minsup} 

7)   L’= Ck - Lk 

7) end 

8) Answer = �k kL ; 

Fig. 2. Apriori-C algorithm 

Procedure compSupp (Node:n,Transaction:t,Int:i) 
1)  if(n is internal node) then begin 
2)    forall children c of n do begin 
3)      if(c < t[i]) then begin 
4)        call compSupp(i,c); 
5)      else if(c > t[i]) then 
6)        if(exist t[i+1]) then 
7)          i++; 
8)        else 
9)          forall leaf node f large then c do 
10)           f.counter++; 
11)     else 
12)       if( exist t[i+1]) then 
13)         i++; 
14)     end 
15)   end 
16) else 
17)   n.counter++; 
18) end 

Fig. 3. An algorithm for counting complement support 
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Example 6. Consider the database in Fig. 4 and assume that minimum support is 3 
transactions. At the first pass, we determine the complement-frequent superset with 
size of 1 showed in L1. At the second pass, there are 6 complement-supersets gener-

ated, but only {2, 4} is frequent. There are three transactions, which are complement-
contain {2, 4}, {3, 5}, {1, 5}, and {5}. At last, we obtain the frequent superset by 
taking the complement of each frequent-complement superset, showed in the table 
Answer. 
 

 

Fig. 4. An example for Apriori-C 

2.2   Algorithm Eclat-C 

According to the characteristics of complement-frequent superset, the shorter the 
frequent supersets are, the longer the complement-frequent supersets are. To find 
shorter frequent supersets, we have to go more passes to obtain longer complement-
frequent supersets. Eclat is an algorithm which is beneficial for mining frequent sub-
set when the patterns are long[8], owing to its depth-first and transaction-list intersec-
tion mechanisms[3][9].  

Eclat maintains the transaction list for each frequent itemset. Each transaction list 
records the set of transaction ID corresponding to the itemset. When generating 2-
itemset, Eclat intersects two transaction lists to obtain the transaction list of each 2-
itemset. In our study, we design an Eclat-based algorithm, named Eclat-C, which 
finds complement-frequent superset, and then obtain the frequent superset. 

To find complement-frequent superset, we maintain transaction list to record the 
TID of transactions that are complement-contained in the candidates. 

Example 7. Consider the database in Fig. 5, and let the minimum support be 3 trans-
actions. The transaction list records the transaction ID that is complement-contained 
in the items. For example, the itemset {2} complement-contains the transactions, 100, 
200, 300, and 400. The complement-support of {2} is 4, which is more than the 
minimum support. Because {2} is complement-frequent, the complement of the item-
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set {2}, that is {1, 3, 4, 5}, is a frequent superset. The right of Figure 5 shows the 
search path for generation of itemsets with the prefix 2. The final results are shown in 
the second column of the table Answer. 
 

 

Fig. 5. An example for Eclat-C 

2.3   Data Complement Technique (DCT) 

The other proposed method is so called the data complement technique (DCT). DCT 
utilizes the original frequent itemset mining algorithms. All of Apriori, FP-growth, 
Eclat, Tree-Projection, H-Mine, DHP, or other frequent subset mining algorithms can 
be adopted as the black box of our algorithm without any modification. We do not 
need to develop a new data mining system, but adopt the well-developed one. In our 
experiments, we choose Apriori and Eclat as instances of black boxes to compare the 
performance with Apriori-C and Eclat-C. 

Lemma 2. If X is a frequent subset of database D with minimum support h, X’ must 
be a frequent superset of database D’ with minimum support h. 

Proof. If X is a frequent subset of database D with minimum support h, there are k 
transactions, T1, T2, …, Tk, k ≥ h, that Ti ⊇ s, where 1 ≤ i ≤ k. We can get I-Ti ⊆ I-X, 

that is Ti’ ⊆ X’, 1 ≤ i ≤ k, and k ≥ h. This means X’ is a superset of each Ti, where 

1 ≤ i ≤ k, and k ≥ h. In other words, X’ is a frequent superset of D’. 
According to this lemma, we can first transfer the database D into its complement, 

D’, and then explore the frequent subsets of D’. Finally, the frequent supersets are 
obtained by taking the complement of those explored frequent subsets. The following 
gives an example. 

Example 8. Fig. 6 gives an example for illustration of DCT-Apriori. Consider the 
database D and assume the minimum support is 3 transactions, where CompData is 
the complement of database. L1 and L2 are frequent itemset of CompData, and also 

frequent complement-superset of original database (See the previous example of 
Apriori-C). The frequent supersets are shown in the table Answer. 
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Fig. 6. An example for DCT-Apriori 

3   Experiment Results 

We evaluate the time efficiency of the proposed algorithms. Four parameters may 
affect the performance of the algorithms for discovering frequent superset. The first is 
the effect of minimum support. The second is the number of transactions. The third is 
the number of items, while the fourth is the average length of transactions. We choose 
Apriori and Eclat as the black box for DCT algorithms to compare with Apriori-C 
and Eclat-C. To inspect the performance of these five algorithms, baseline, Apriori-C, 
Eclat-C, DCT-Apriori, and DCT-Eclat, under the four parameters, we performed 
several experiments to measure them on an Intel Xeon 2.4GHz computer with 2GB 
main memory, and running FreeBSD 5.2-CURRENT. We first describe the genera-
tion of the synthetic datasets used in the assessment. Then we show the performance 
results of the five frequent superset discovery methods. 

3.1   Synthetic Data Generation 

The synthetic data was generated using the dataset generator from IBM Almaden 
Quest research group[10]. To create a dataset, we take the parameters for generation 
program shown in Table 1. Table 2 gives the descriptions for the abbreviations of 
values of parameters. 

Table 1. Parameters for dataset generator 

Parameters Description 
|D| The number of transactions 
|T| Average size of the transactions 
N Number of items 
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Table 2. Descriptions for the abbreviations of values of parameters 

Name |D| |T| N Size in Megabytes 
D100kT25N50 100k 25 50 7.3 
D10kT25N50 10k 25 50 0.75 
D10kT5N40 10k 5 40 0.12 
D10kT5N10 10k 5 10 0.07 
D10kT25N40 10k 25 40 0.6 

3.2   Performance Analysis 

Table 3 depicts the execution times in seconds for the five algorithms at different 
support from 10% to 90%, using the D10kT10N20 dataset. According to this figure, 
the Eclat-based methods are much faster than all Apriori-based algorithms, especially 
in lower minimum support. It is because the lower the minimum support is, the more 
the shorter the minimum frequent superset is, and in turn, the longer the complement- 
frequent superset is. Besides, the Eclat-C is a little faster than DCT-Eclat. 

Table 3. Execution times in seconds for the five algorithms in different minimum support, the 
dataset is D10kT10N20 

Minimum 
Suppport (%) 

10 20 30 40 50 60 70 80 90 

Baseline 150.11 163.37 168.49 171.11 172.32 173.75 173.93 174.08 174.05 
Apriori-C 1.66 0.4 0.21 0.07 0.06 0.05 0.05 0.05 0.02 
DCT-Apriori 1.72 0.46 0.25 0.1 0.08 0.08 0.08 0.07 0.02 
Eclat-C 0.26 0.12 0.08 0.06 0.05 0.04 0.03 0.04 0.03 
DCT-Eclat 0.27 0.12 0.09 0.07 0.05 0.06 0.05 0.04 0.05 

The second experiment is the evaluation of influence of the number of transac-
tions.  Table 4 shows the execution times for different number of transactions from 
10k to 100k. The test dataset is T5N15 and the minimum support is set to 60%. We 
can see that the execution times are increasing linearly with the number of transac-
tions. 

Table 4. Execution times in second for five algorithms in different number of transactions from 
10k to 100k and the datasets are T5N15 

Number of 
Transactions (k) 

10 20 30 40 50 60 70 80 90 100 

Baseline 2.8 3.04 3.27 3.32 3.42 3.55 3.65 3.68 3.73 3.8 
Apriori-C 0.02 0.05 0.08 0.11 0.13 0.16 0.19 0.22 0.25 0.28 
DCT-Apriori 0.06 0.11 0.18 0.24 0.29 0.35 0.42 0.48 0.54 0.6 
Eclat-C 0.02 0.04 0.07 0.09 0.13 0.14 0.16 0.2 0.23 0.26 
DCT-Eclat 0.03 0.08 0.12 0.17 0.21 0.26 0.31 0.36 0.4 0.46 

 
The third parameter is the total number of items in the transaction database. Basi-

cally, when the number of items increases, the size of the complement of a itemset 
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increases, too. Table 5 shows the execution times for different number of items from 
10 to 40, and use D10kT5 datasets. When the number of items is more than 25, the 
baseline algorithm falls into memory exhausting. 

Table 5. Execution times in second for five algorithms in different number of itmes from 10 to 
40 and the datasets are D10kT5 

Number of Items 10 15 20 25 30 35 40 
Baseline 0.08 2.78 226.2 NA NA NA NA 
Apriori-C 0.02 0.02 0.03 0.06 0.44 7.61 55.53 
DCT-Apriori 0.02 0.05 0.09 0.22 0.99 6.88 62.75 
Eclat-C 0.02 0.01 0.03 0.06 0.1 0.28 0.94 
DCT-Eclat 0.01 0.04 0.54 0.08 0.14 0.33 0.99 

The last is the average size of transactions. When the average size of transactions 
increases, the size of the complement of an itemset decreases. The execution becomes 
slow, especially when |T| are small. Table 6 shows the result, and we can see that the 
depth first approach, Eclat-based algorithm, is more efficient when the average size 
of transactions is small. 

Table 6. Execution times in second for five algorithms in different average size of transactions 
from 10 to 30 and the datasets are D10kN50 

Average Size of  
Transactions 

10 15 20 25 30 

Baseline NA NA NA NA NA 
Apriori-C 473.37 26.42 1.08 0.24 0.17 
DCT-Apriori 518.99 19.25 1.71 0.37 0.17 
Eclat-C 4.88 0.53 0.22 0.12 0.11 
DCT-Eclat 4.92 0.57 0.23 0.13 0.09 

4   Conclusion and Discussion 

In this paper, we proposed three methods, Apriori-C, Eclat-C, and data complement 
technique (DCT) for discovering frequent superset, which are all based on the set 
complement view of point. We do not find frequent supersets directly, but the com-
plement of frequent supersets. We performed several experiments to evaluate our 
three algorithms in different dataset and diverse support. In DCT, we choose Apriori 
and Eclat to compare with Apriori-C and Eclat-C. We modify the original Apriori 
algorithm as a baseline in addition. The experiment results show that all of these three 
algorithms are more time efficient than the baseline, and the Eclat-C is most time 
efficient. When the number of transactions increase, the execution time of the three 
algorithms increase linearly. Due to the Eclat-based algorithm is depth first algorithm, 
so the transaction size does not influence the execution time of Eclat-based approach 
too much. 
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