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Abstract. Association rules mining from transaction-oriented databases is an 
important issue in data mining. Frequent pattern is crucial for association rules 
generation, time series analysis, classification, etc. There are two categories of 
algorithms that had been proposed, candidate set generate-and-test approach 
(Apriori-like) and Pattern growth approach. Many methods had been proposed 
to solve the association rules mining problem based on FP-tree instead of 
Apriori-like, since apriori-like algorithm scans the database many times. 
However, the computation time is costly when the database size is large with 
FP-tree data structure. Parallel and distributed computing is a good strategy to 
solve this circumstance. Some parallel algorithms had been proposed, however, 
most of them did not consider the load balancing issue. In this paper, we 
proposed a parallel and distributed mining algorithm based on FP-tree structure, 
Load Balancing FP-Tree (LFP-tree). The algorithm divides the item set for 
mining by evaluating the tree’s width and depth. Moreover, a simple and trusty 
calculate formulation for loading degree is proposed. The experimental results 
show that LFP-tree can reduce the computation time and has less idle time 
compared with Parallel FP-Tree (PFP-tree). In addition, it has better speed-up 
ratio than PFP-tree when number of processors grow. The communication time 
can be reduced by preserving the heavy loading items in their local computing 
node. 

Keywords: FP-tree, data mining, association rules, parallel and distributed 
computing, load-balancing. 

1   Introduction 

The basic concept of frequent pattern is given a database which consists of many 
transactions, and each transaction is a list of items. After that, to find a pattern that 
occurs frequently in a data set named frequent pattern. It is useful in basket data 
analysis, sale campaign analysis, and DNA sequent analysis. To extract the frequent 
pattern from transaction databases is also an important problem in data mining research 
for mining association rules [1,11], time series analysis, classification [2], etc. Most of 
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previous researches can be classified to candidate set generate-and-test approach 
(Apriori-like) and Pattern growth approach (FP-growth) [5,2]. 

For Apriori-like approach, many methods [1] had been proposed, which are based 
on Apiori algorithm [1,11]: if any length k pattern is not frequent in database, then the 
length (k+1) super-pattern never can be frequent. However, Apriori will generate huge 
number of candidate datasets and tests whether is frequent or not by repetitively 
scanning the database. For example, to mine the frequent pattern with size 50 items 
should generate more than 250 (about 1015) candidate sets and verify whether it is 
frequent or not by pattern matching from database. 

Han et al. [5] had proposed a new approach for mining frequent pattern and 
introduced a data structure, Frequent Pattern (FP) Tree, which only store compressed, 
essential information about frequent patterns. Moreover, a mining algorithm for FP-
tree was also developed, FP-growth. Opposite to Apriori-like algorithm, FP-growth 
only scan database twice and mining information can be obtained from FP-tree.  

However, to discover frequent pattern will increase the computation time 
significantly when the database size is large. Javed et al. [8] had proposed a parallel 
frequent pattern tree mining algorithm (PFP-tree) to solve this problem, and parallel 
and distributed computing is a good strategy to solve this problem. There are many 
parallel and distributed methods had been proposed [6,8,9,10,12,6]. However, it does 
not consider the load balancing issue, some computing nodes will have heavy loading 
and some do not. 

In this paper, we proposed a load balancing approach parallel algorithm for the 
frequent pattern mining problem, Load balancing FP-tree (LFP-tree). Moreover, a 
loading degree function is also developed. The goal of LFP-tree is to calculate each 
item’s loading degree by calculating the weight and the depth of the FP-tree then 
dispatch different number of items to computing nodes to achieve the load balancing.  

The experiment results show that LFP-tree has better balancing than PFP-tree. It 
can reduce the idle time and has the better speed-up ratio then PFP-tree. Moreover, 
the data exchanging time needed in LFT-tree is also less than in PFP-tree. 

This paper is organized as follows. In section 2, FP-tree, FP-growth, and PFP-tree 
will be described. LFP-tree algorithm will be introduced in section 3 and section 4 
shows our experimental results. Finally, conclusions and future work are given in 
section 5. 

2   Related Work 

First, we will define the frequent pattern mining problem. Let I={a1, a2, …, an} be a 
set of items, and a transaction database DB=<T1, T2, …, Tn> be a set of transaction Ti 
( ]..1[ ni ∈ ). The number of transaction in DB contains pattern A named support. A is 
frequent pattern if A’s support is no less than a predefined minimum support threshold 
ξ. Give a transaction database DB and a minimum support threshold ξ, the problem of 
finding the complete set of frequent patterns is called the frequent pattern mining 
problem. 
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2.1   Frequent Pattern Growth (FP-Growth) 

FP (Frequent Pattern)-growth [5] algorithm was proposed by Han et al. in 2000 A.D., 
FP-growth algorithm only scan the database twice. Firstly, it scans database to create 
header table, the frequent 1-item descend sorting in header table. Secondly, it scans 
database again to create FP-tree. Afterward, the algorithm uses FP-growth to get all 
frequent patterns via scanning FP-tree. FP-tree only stores frequent 1-itemset, it 
compresses the space requirement with huge database, and thus it can use the space 
more efficiently. FP-tree includes the node-link that node-link links the item which 
has the same name. Moreover, each link started from header table, thus for any item ai 
can be efficiently obtained from the FP-tree’s header table by following ai’s node-
links. 

FP-growth is a mining algorithm based on FP-tree. It begins by building header 
table, after selecting an item as mining target, it finds out all relative routes of this 
item data by node-link. Then it constructs the subtree item by the same concept of FP-
tree construction, named conditional frequent tree. Afterward, the algorithm will 
select an item from subtree as a mining goal and construct a new subtree. To traverse 
the FP-tree recursively, finding all frequent item set. 

2.2   Parallel FP-Tree Algorithm (PFP-Tree)  

In order to shorten the mining time, Javed et al. proposed PFP-tree algorithm [8], 
which is developed for SIMD computing environment. PFP-tree is based on FP-tree 
data structure and divided into different partitions that equal the number of computing 
nodes. After that, each processor constructs local header table (LHT) with their own 
database. Then creates the global header table (GHT) by sending data from each slave 
computing node (SN) to master computing node (MN). Afterward, each SN has the 
GHT information and using the FP-tree construction algorithm to create local FP-tree. 
MN assigns each SN to mine the same number of items by block distribution. Then 
each SN should exchange portion of FP-tree and using FP-growth mining algorithm to 
find all frequent patterns. 

The main characteristic of PFP-tree algorithm is to use special data exchanging 
method. The method groups the SN to reduce the repetition data exchange. Every SN 
needs to communicate to each other at most log p rounds. (p is the number of SNs) In 
order to exchange data for FP-growth, SNs will be divided into two groups, then 
exchange necessary information, and divide each group into two sub groups, and 
repeatedly until all SNs have been exchanged. After receiving necessary information 
from other SNs, each SN begins to mine frequent pattern by applying FP-growth 
method.  

3   Load Balancing Frequent Pattern Tree (LFP-Tree) 

After studying the previous FP-tree related algorithms. We find that the depth and 
width of the tree will influence the computation time tremendously in recursively 
mining process. Moreover, in parallel and distributed computing environment, 
unsuitable data distributions will increase the makespan and the idle time of each 
participate computing node.  
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Therefore, to evaluate load degree of processors and evaluate how much time will 
be used when mining each item is a crucial issue. A suitable evaluating function can 
evaluate the computation time accurately and balanced the load of each computing 
node. The procedure of the proposed LFP-tree will be described in detail as follows: 

3.1   Global Header Table Construction Step 

The Global Header Table construction step is based on FP-tree. The data will be 
distributed equally to each slave computing node (SN) from Master computing node 
(MN). After that, SNs receives the data (as local database, LDB) and scans the LDB 
for the first time. Then we will get all items and its support and create the local header 
table. Afterward, each SN transfers local header table to MN and then receives a 
combined global header table (GHT). (Fig. 1) 

 

Fig. 1. An example of Global Header Table 

3.2   FP-Tree Construction Step 

According to tree construction rule in FP-tree, each SN constructs the local FP-tree by 
scanning the LDB. First of all, each SN creates a FP-tree that contains only a root 
node named null. Secondly, it selects and sorts the frequent item in transaction 
according to the order of GHT for each transaction in LDB. Then inserts the 
transaction into FP-tree. Each node of FP-tree stores item-name, count, and node-link, 
where item-name is the item  of the node represents, count represent the number of 
transactions occurred by the portion of path, and node-link links to the next node 
which has the same item-name in FP-tree. For example, in fig. 2 each SN constructs 
their local FP-tree according to the order of GHT, then link each item from GHT by 
node-link. 

3.3   The Load Degree Evaluation and Item Distribution Step 

Since the computation time of mining process in each SN depends on how many items 
needed to mine. However, each item in FP-tree has different width and depth; the 
mining time also varies. Therefore, it is important to assign the mining items to SN. A 
suitable distribution of mining items can reduce the makespan and tge idle time. To 
evaluate each item processed on each SN, and then MN collects the results from SNs 
and assigns items to SN to mine the frequent patterns. Fig. 3 is an example of load 
degree evaluation procedure. For example, item A appears twice in FP-tree on  
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Fig. 2. An example of FP-tree 

 

Fig. 3. The depth and width of FP-tree 

Processor 3. The first one of item A has depth equal to 3, and second one has depth 2. 
So the average of depth of item A is 2.5 ((2+3)/2). 

The proposed loading evaluation formula is presented in equation (1), where P is 
the number of processors, S is all item set, Ct is the number of leaf nodes, and Dpi is 
the depth of pattern in processor i. Each SN uses this loading evaluation function to 
determine the load degree of each item. Afterward send the evaluated value to MN, 
and then the MN assign items to mine to SN according to this value. In order to avoid 
exchange in large data between computing nodes, LFP-tree preserves the item which 
the loading is large in the local computing node. Then dispatch items according to the 
loading of each item. 
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             (1) 

3.4   Data Exchanging and Result Collection Step 

After decided the load degree, the algorithm assigns mining items to each SN. SN 
should exchange FP-tree with other SNs to receive the required data for mining. In 
this step, we will apply group exchanging method in PFP-tree algorithm. The method 
could refer to 2.2, and Fig. 4 shows the exchanged and integrated FP-tree. 

 

Fig. 4. An example of exchange and integrate FP-tree 

After that, each SN execute FP-growth algorithm to mining all frequent item set 
from local FP-tree, and the MN collects all mined data and store it back to database. 
Afterward, MN reports the mined results to user.  

4   Experimental Results 

In order to evaluate the performance of our proposed algorithm, we implement LPF-
tree along with PFP-tree algorithms and executed in a 16-node Linux based PC-
cluster. These two algorithms are implemented by message passing interface 2 (MPI-
2) and C programming language. We use a practical blood biochemical testing data 
which contains 157,222 transactions and there are at most seven items of each 
transaction. Moreover, we also compare the degree of load balancing of PFP-tree and 
LFP-tree algorithms. Table 1 is the hardware and software specification. 

Fig. 5 and Fig. 6 are the computation time with different number of processors of 
PFP-tree and LFP-tree respectively. The results show when the number of processors 
increased, the variation of computation time of each processor in PFP-tree is  
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Table 1. Hardware and Software Specification 

Hardware Environment 
CPU AMD Athlon Processor 2200+ 
Memory 1GB DDR Ram 
Network 100 Mbps interconnection network 
Disk 80GB IDE H.D. 

Software Environment 
O.S. ReadHat Linux 7.3 
Library MPICH2 1.0.3 
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Fig. 5. Computation time of PFP-tree 
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Fig. 6. Computation time of LFP-tree 

increased. On the contrary, our proposed LFP-tree can balance the workload of each 
participated processor and reduce their idle time. In Fig 7, LFP-tree algorithm can 
save about 16% of computation time when the number of processors great than eight 
compared with PFP-tree. Fig. 8 shows the speed-up ratio of PFP-tree and LFP-tree, 
we can observe that LFP-tree algorithm has better ratio when the number of 
processors increases. We also observed that the data exchanging time rises when the 
number of processors grows. Moreover, Fig. 9 shows LFP-tree could preserve items  
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Fig. 7. Speed-up ratio of PFP-tree and LFP-tree 
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Fig. 8. Speed-up ratio of PFP-tree and LFP-tree 
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Fig. 9. Data exchange time 

which loading is large in the local computing to save communication time. The 
experimental results shows FP-tree has better balancing capability and it can save 
about 16% of computation time. Moreover, the speed-up ratio is better than PFP-tree 
when the processors augmented. 
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5   Conclusions 

To mine the frequent pattern from transaction-oriented database is an important issue 
in data mining research. There are lots of methods that had been proposed to solve 
this problem, and some of them are developed for parallel and distributed 
computingsystem. However, distributed mining item without considering the size of 
FP-tree will cause some computing node to idle and increasing the makespan. In this 
paper, we proposed an efficient parallel algorithm for frequent pattern mining 
problem and proposed an evaluation function to estimate the loading of each item. 
The experimental results show that our algorithm has better load balancing capability 
and can reduce the computation time. Moreover, the proposed algorithm can save the 
communication time by preserving the heavy loading items in their local computing 
node. In the future, we can extend this concept to grid computing system. In grid 
computing, the computing abilities are heterogeneous, we can dispatch mining item to 
computing node according to the computation power of nodes and reduce the overall 
computation time. 
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