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ABSTRACT
The goal of data mining algorithm is to discover useful infor-
mation embedded in large databases. Frequent itemset min-
ing and sequential pattern mining are two important data
mining problems with broad applications. Perhaps the most
efficient way to solve these problems sequentially is to apply
a pattern-growth algorithm, which is a divide-and-conquer
algorithm [9, 10]. In this paper, we present a framework
for parallel mining frequent itemsets and sequential patterns
based on the divide-and-conquer strategy of pattern growth.
Then, we discuss the load balancing problem and introduce
a sampling technique, called selective sampling, to address
this problem. We implemented parallel versions of both fre-
quent itemsets and sequential pattern mining algorithms fol-
lowing our framework. The experimental results show that
our parallel algorithms usually achieve excellent speedups.

Categories and Subject Descriptors
D.1 [Programming Techniques]: Concurrent program-
ming—parallel programming ; H.2.8 [Database Manage-

ment]: Database applications—data mining

General Terms
Algorithms, Design, Experimentation, Performance

Keywords
data mining, load balancing, parallel algorithms, sampling

1. INTRODUCTION
Data mining is a process to extract patterns from a large

collections of data [13]. Due to the wide availability of large
datasets and the desire of turning such datasets into use-
ful information and knowledge, data mining has attracted a
great deal of attention in recent years.

One important problem in data mining is the discov-
ery of frequent itemsets in a transactional database [3].
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The frequent itemset mining problem can be stated as fol-
lows: Let I = {i1, i2, ..., im} be a set of items, and DB =
{T1, T2, ..., Tn} be a database where Ti(i ∈ [1..n]), called
transactions, are subsets of items in I(i.e. Ti ∈ 2I). The
support (or occurrence frequency) of an itemset A(A ∈ 2I)
is the fraction of transactions containing A in DB. A is a
frequent itemset if A’s support is no less than a predefined
support threshold. The frequent itemsets mining prob-

lem is to find all frequent itemsets in a database. Frequent
itemset mining problem has a wide range of applications in-
cluding correlation [6], cluster analysis [5] and associative
classification [18].

Sequential pattern mining is another important problem
in data mining [4]. Its objective is to discover frequent sub-
sequences in a sequence database. Let I = {i1, i2, ..., in}
be a set of items. A sequence s is a tuple, denoted as
〈T1, T2, ..., Tl〉, where the Tj(1 ≤ j ≤ l), are called events

or itemsets. Each event is a set denoted as (x1, x2, ..., xm)
where xk(1 ≤ k ≤ m) is an item. A sequence database S
is a set of sequences. A sequence α = 〈a1, a2...an〉 is called a
subsequence of another sequence β = 〈b1, b2...bm〉, if there
exist integers 1 ≤ j1 ≤ j2 ≤ ... ≤ jn ≤ m such that a1 ⊆ bj1 ,
a2 ⊆ bj2 ,...,an ⊆ bjn

. If α is a subsequence of β, we say that
β contains α. The support of a sequence α in a sequence
database S is the number of sequences in the database con-
taining α as a subsequence. The sequential pattern min-

ing problem is to find all the subsequences whose support
values are no less than a predefined support threshold. Se-
quential pattern mining can be applied to many real-world
applications, such as the analysis of customer purchase pat-
terns or web access patterns [8], the analysis of natural dis-
asters or alarm sequences [27], and the analysis of disease
treatments or DNA sequences [25].

The best algorithms for both frequent itemset mining
problem and sequential pattern mining problem are based
on pattern-growth[14], a divide-and-conquer algorithm that
projects and partitions databases based on the currently
identified frequent patterns and grow such patterns to longer
ones using the projected databases.

In this paper, we propose a framework for parallel min-
ing frequent itemset and sequential patterns. The partition
into tasks is based on the divide-and-conquer strategy of the
pattern-growth algorithm so that the inter-processor com-
munication is minimized.

One problem we must handle is the possibility of an unbal-
anced workload because the size of the projected databases
may vary greatly. We have observed that the mining time
of the largest task may be tens or even hundreds of times



longer than the average mining time. The imbalance of the
workload can significantly degrade performance.

To address the load balance problem, we developed selec-
tive sampling, a technique that estimates the relative mining
time of projections and, in this way, enables the identifica-
tion of large tasks and their decomposition and distribution
across processors to achieve load balancing.

We implemented parallel algorithms for both frequent
itemset mining problem and sequential pattern mining prob-
lem following the proposed framework. The implementation
used MPI [19] and was evaluated on a Linux cluster with 64
processors. The experimental results show that our parallel
algorithms achieve good speedups on various datasets.

To summarize, our key contributions are:

• We propose a framework for parallel mining frequent
itemsets and sequential patterns, based on the divide-
and-conquer property of the pattern-growth approach.

• We describe the load balance problem arising from
pattern-growth algorithm and present a sampling tech-
nique that addresses this problem and greatly en-
hances the scalability of the parallelization.

• We implemented parallel algorithms for mining fre-
quent itemsets and sequential patterns following our
framework and achieved fairly good speedups with var-
ious databases.

We use the datasets listed in Figure 1 to evaluate
our implementations. Transactional datasets(Figure 1(a))
were used to evaluate frequent itemset mining. Sequence
datasets(Figure 1(b)) were used to evaluate sequential pat-
tern mining.
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(a)    Transactional datasets
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(b)    Sequence datasets


Figure 1: Dataset characteristics

The remainder of the paper is organized as follows. Sec-
tion 2 describes the pattern-growth methods for frequent
itemset mining and sequential pattern mining respectively.
The framework for parallelization is introduced in Section
3. In Section 4, we attack the load balance problem and de-
velop the sampling technique to achieve load balance for the
framework. The experimental and performance results are
presented in Section 5. Section 6 outlines the directions of
future research and the related work is presented in Section
7. Section 8 summarizes our paper.

2. THE PATTERN-GROWTH APPROACH
In this section, we introduce efficient sequential algorithms

for frequent itemset mining and sequential pattern mining
respectively. These two algorithms, although attacking dif-
ferent problems, share the same pattern-growth strategy.

2.1 Frequent Itemset Mining
FP-growth algorithm[15] uses a tree structure, called FP-

tree, to store the information about frequent itemsets. Every
branch (from the root) of the FP-tree represents a transac-
tion pattern in the database. The items are organized in
the tree in descending order of their frequencies. The items
with higher frequency are located closer to the root. The
FP-tree has a header table which contains all frequent items
in the database and their occurrence counts. An entry in
the header table is the starting point of a list that links all
the nodes in the FP-tree referring to an item.
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Figure 2: Example for FP-tree construction

Here is a simple example of the FP-tree representation.
Let the transaction database DB be as shown in Figure 2(a)
and the minimum support threshold be 3. First, a scan
of DB derives a list of frequent single items with their fre-
quency, 〈(f : 4), (c : 4), (a : 3), (b : 3), (m : 3), (p : 3)〉. These
items are ordered in descending order of their frequency.
This ordering is important since the items will appear in
the branches of the FP-tree following this order. Then, a
second DB scan constructs the FP-tree. The root of a tree
is first created. Then the frequent items in each transaction
are first sorted in descending order of frequency as in Fig-
ure 2(b) and then inserted as a branch into the tree from
the root with shared prefix path coalesced and counter of
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Figure 3: Example for tree projection

the node updated (Figure 2(c)). Whenever there is a new
node created, the node is linked to the linked list of the item.
The complete FP-tree for the example database is as shown
in Figure 2(d).

After the FP-tree is built, FP-growth mines the tree in
a divide-and-conquer way. For each item i in the header
table of the FP-tree, examine i’s projected database. The
projected database Pi of i consists of the transactions in the
database containing i, with i and the items less frequent than
i deleted. Given an item i in the header table, by following
the linked list for i, all nodes of i in the tree are visited.
Then tracing the branches from i’s nodes back to the root
will form i’s projected database. The projected database
is then represented in FP-tree form and mined recursively.
Figure 3 illustrates the projected database and the FP-tree
for the projection of item m in the example in Figure 2. Item
b does not appear in the FP-tree for m’s projection because
it is not frequent in m’s projected database. Suppose T is
the FP-tree for the whole database and P(i,T) represents the
projected database of i (i ∈ Header(T )). {X1, X2, ..., Xn}
is a set of itemsets and i is an item. We define an operator
⊕ as:

i ⊕ {X1, X2, ..., Xn} ≡ {{i} ∪ X1, {i} ∪ X2, ..., {i} ∪ Xn}.

Generally, the frequent itemsets are achieved by the con-
catenation of item i with the new patterns generated from
mining P(i,T). The mining of the FP-tree, T, of a dataset
can be defined as function F() below:

function F(T)
begin

if (T is a chain) return set of all combinations of T;
else return

�
i∈Header(T )((i ⊕ F (P (i, T ))) ∪ {i});

end

2.2 Sequential Pattern Mining
Following a philosophy similar to that of FP-growth, an al-

gorithm, called PrefixSpan [21], was proposed. It has proved
to be one of the most efficient algorithms for sequential pat-
tern mining.

For sequential pattern mining, we assume that the
items are totally ordered1, so that given an itemset T =
(i1, i2, ...in), we assume that ii < i2 < ... < in.

Given a sequence α = 〈a1, a2, ..., an〉, a sequence β =
〈b1, b2, ..., bm〉 (m ≤ n) is called a prefix of α if and only
if ai = bi (i ≤ m − 1, bm ⊆ am), and either am − bm = ∅
or all the frequent items in (am − bm) are larger than those
in bm according to the total ordering. The sequence γ =
〈am − bm, am+1, ..., an〉 is called the suffix of α relative to
prefix β.

1We use alphabetical order in our following examples.
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Figure 4: Example of Projection

Given a sequence α, we define projection P (α, DB) of a
database DB as the suffixes of sequences in DB of which α

is the prefix.
Here is an example. Figure 4(a) is a sequence dataset and

the support threshold is set to 2. 〈(a)〉:4, 〈(b)〉:4, 〈(c)〉:4,
〈(d)〉:3, 〈(e)〉:3 and 〈(f)〉:3 are frequent length-1 sequences
in DB with their frequencies. Figure 4(b) illustrates the
projections of these frequent-1 sequences of DB.

Given a set of suffixes T = {γ1, γ2, ..., γn}, we can extend
the prefix α in two ways: assemble an item that occurs
frequently in γi(1 ≤ i ≤ n) to the last itemset of α , or
append an item, that occurs frequent in itemsets other than
the first one in γi(1 ≤ i ≤ n), to α as a new itemset.

Given a sequence α = 〈a1, a2, ..., an〉, we define:

α ./ (b) = 〈a1, a2, ..., an ∪ (b)〉
α||(b) = 〈a1, a2, ..., an, (b)〉

Using these definitions, we can now define the PrefixSpan
algorithm to compute the set of all sequential patterns of
a sequence database DB as calling F (〈〉, DB), where F is
defined as follows.

function F(α, PDB) /*PDB is a projection of prefix α*/
begin

if (PDB is a set of empty sequences) return an empty set;
else {

Search in PDB for the set of items b that occurs
frequently in an itemset of the sequences in PDB

such that α ./ (b) is a frequent prefix
of PDB;
Search in PDB for set of items c that occurs
frequently in itemsets other than the first one
in PDB such that α||(c) is a frequent
prefix of PDB;
return

�
b
((α ./ (b)) ∪ F (α ./ (b), P (α ./ (b), PDB))) ∪�
c
((α||(c)) ∪ F (α||(c), P (α||(c), PDB)))

}
end

3. PARALLELIZING FRAMEWORK
Although FP-growth and PrefixSpan aim at different

problems, they both solve the problems in a divide-and-
conquer manner. In frequent itemset mining, the mining



of the FP-tree for the whole database is divided into the
mining of a series projected FP-trees corresponding to the
frequent items in the database. Similarly, in sequential pat-
tern mining, the whole database mining is divided into the
mining of projected databases of the frequent items. Basi-
cally, both FP-growth and PrefixSpan consist of three steps:

• Step 1: Identify the frequent items

• Step 2: Project the whole database into sub-databases
related to each of the frequent items;

• Step 3: Mine the projected databases respectively.

In both cases, the projected databases are independent of
each other. In FP-growth, because the frequent items are
ordered in descending order of their frequency, the projected
database of an item, i, only contains the items that are more
frequent than i. For example, in Figure 2, the conditional
database of p may only contain f, c, a, b or m, while the
conditional database of m may contains f, c, a or b, but not
p. In PrefixSpan, because the items in the sequence are in
the order of their appearance in the sequence, only the suffix
of the first occurrence of an item i will be considered in i’s
projected database.

Such divide-and-conquer property is convenient for task
partitioning in parallel processing. Therefore, we propose
the framework for parallel mining frequent itemsets and se-
quential patterns as follows:

1. Count the occurrence of items in parallel and perform
a reduction to get the global counts. Select items,
whose number of occurrences is no less than the sup-
port threshold.

2. Partition the frequent items and assign each subset
to a different processor. Each processor computes the
projection of the databases for the assigned items.

3. Each processor mines its projected database asyn-
chronously in a pattern-growth manner without inter-
processor communication.

Because the projected databases are independent, there
is no inter-processor communication involved after the task
scheduling. Each processor just mines its own projected
database using sequential FP-growth or PrefixSpan. How-
ever, although the communication has been minimized, an-
other issue has to be considered, which is load balancing. In
fact, the inherent task partition of pattern-growth method
may result in extremely imbalanced workload among the
processors because the cost of processing the projected data-
bases may vary greatly. From our experiments, the mining
time of the largest task may be tens, or even hundreds, of
times longer than the average mining time of all the other
tasks. Figure 5 shows the mining time distribution of the
projected databases for two databases. Figure 5(a) is the
transactional dataset pumsb for frequent itemset mining.
Figure 5(b) is for the sequence dataset C10N0.1T8S8I8 for
sequential pattern mining. Figure 6 shows the average and
maximum mining time of the projected databases for all the
datasets we tested.

This imbalanced workload greatly restricts the scalability
of parallelism. To address this problem, we have to identify
which projected databases take much longer time than the
others and split them into smaller ones.
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Figure 5: Example of load imbalance

4. SAMPLING TECHNIQUE
In order to identify which projected databases take longer

mining time before task scheduling, we need an estimation of
the relative mining time of the projected databases before
the actual mining. Since different datasets have different
characteristics, it is difficult, if not impossible, to find an
accurate estimation formula for all datasets. An alternative
to using formulas is to use run-time sampling. By mining
a small sample of the original dataset and timing the min-
ing time of the projected databases of the sample, we may
be able to give an estimation of which projected dataset
takes longer to be mined for the whole database, according
to the ratio of the mining time of the projected databases
for the sample. We call those items, whose projected data-
bases need a long time to be mined, large items. Those,
with short-mining-time projected databases, are called small
items. Accuracy and overhead are two important character-
istics which we use to evaluate the sampling techniques.

4.1 Random Sampling
Random sampling is a fairly straightforward heuristic. We

did some experiments on random sampling, which randomly
collects a fraction of transactions or sequences in the dataset
as a sample and mines it with the support threshold reduced
to the same fraction. However, comparing the mining time
of each item’s projected database in the sample with the
corresponding mining time in the original dataset, we found
that random sampling does not provide a good estimation.
Figure 7 shows one of our experimental results on random
sampling with the dataset pumsb for frequent itemset min-
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Figure 6: Mining time distributions

ing. The curves show the times for mining the projected
database of each frequent item both in the whole dataset
and in a 1% random sample of the dataset. The curve for
the whole dataset follows the left vertical scale while the
one for the sample follows the right vertical scale. Clearly,
there is no correlation between the mining time of a random
sample and the time for the whole dataset. Therefore, we
cannot tell which items are large through random sampling,
and, although mining the 1% random sample costs less than
1% of the original sequential mining time, it is not a feasible
solution for relative mining time estimation. In our experi-
ments, only when we increased the sample size to about 30%
did we obtain a relatively accurate estimation. But then the
overhead of sampling is too large. Things are similar with
sequential pattern mining. Figure 8 is the experimental re-
sults for random sampling with the dataset C10N0.1T8S8I8
for sequential pattern mining.

pumsb


0


50


100


150


200


250


1
 6
 11
 16
 21
 26
 31
 36
 41
 46
 51


Index of projected datasets


 W
ho

le
 d

at
as

et
 m

in
in

g 
tim

e 
(in

 s
ec

on
d)




0


0.05


0.1


0.15


0.2


0.25


0.3


0.35


0.4


0.45


0.5


Sa
m

pl
e 

m
in

in
g 

tim
e 

(in
 s

ec
on

d)



Whole dataset

1% random sample


Figure 7: Random sampling for frequent itemset

mining

4.2 Selective Sampling

4.2.1 How selective sampling works
We devised a sampling technique, called selective sam-

pling, which has proved to be quite accurate in identifying
the large items. Instead of randomly selecting a fraction of
transactions or sequences from the dataset, selective sam-
pling analyzes the information of every transaction or se-
quences in the dataset.
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Figure 8: Random sampling for sequential pattern

mining

For frequent itemset mining, selective sampling discards a
fraction t of the most frequent items from each transaction,
as well as those items whose frequencies are less than the
support threshold. For example, let 〈(f : 4), (c : 4), (a :
3), (b : 3), (m : 3), (p : 3), (s : 1)〉 be the items in a dataset
sorted in descending order of frequency. Let t be 33% and
the support threshold be 3. Then f and c are the top 33%
most frequent items. When applying selective sampling, for
each transaction in the dataset, we discard c, f and the
infrequent item s and preserve a, b, m and p if they appear,
for each transaction.

For sequential pattern mining, selective sampling discards
l items from the tail of each sequence, as well as the infre-
quent items of each sequence in the dataset. The num-
ber l is computed by multiplying a given fraction t by
the average length of the sequences in the dataset. For
example, let (a:4), (b:4),(c:4),(d:3),(e:3),(f:3) and (g:1) be
the items in the database. Let the support threshold be
4 and the average length of the sequences in the dataset
be 4. Suppose t equals to 75% so that l is 3 (4 ∗ .75).
Then a, b and c are frequent items because their sup-
port values are no less than the threshold. Given se-
quence 〈(a)(abc)(ac)(d)(cf)(d)(b)〉, its selective sample is
〈(a)(abc)(a)〉. The suffix 〈(c)(d)(cf)(d)(b)〉 is discarded be-
cause it contains the last l frequent items of the sequence (d
and f do not count because they are infrequent items.).

4.2.2 Accuracy and overhead of selective sampling
We examine the effectiveness of selective sampling by com-

paring the mining time of the projected databases for the
selective sample with the mining time for the whole dataset.
The two curves match quite well in all datasets. For in-
stance, in the case of frequent itemset mining, Figure 9
shows our experimental results of selective sampling for the
same dataset as Figure 7 with t set to 20%. The mining time
of items 1—10 are missing in the selective sample curve be-
cause these items are the top 20% most frequent items and
are discarded during selective sampling. However, since the
actual mining time of these top 20% items is little, this does
not affect balancing the load of each processor and it also
proves the feasibility of our selective sampling strategy. Fig-
ure 10 gives the results of selective sampling for sequential
pattern mining with the dataset C10N0.1T8S8I8. The av-
erage sequence length of C10N0.1T8S8I8 is 64 and we set t

as 75% so that l is 48. As we can see, the two curves are



quite close to each other. That is to say, those large items
in the mining of selective sample are also the large items in
the mining of the whole dataset.
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Figure 9: Accuracy of selective sampling for fre-

quent itemset mining
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Figure 10: Accuracy of selective sampling for se-

quential pattern mining

As you may expect, there is a trade-off between the ac-
curacy and the overhead of selective sampling. The more
items we discard, the less accurate the sampling will be and
the less overhead will be introduced by sampling.

According to our experiments, for frequent itemset min-
ing, 20% is a reasonable value for t with the datasets we
considered (75% for sequence pattern mining). For exam-
ple, with t equals to 20%, the overhead of selective sampling
in Figure 9 is only 0.71% of the sequential mining time of the
whole dataset and the overhead of Figure 10 , with t set to
75%, is only 0.52% of the sequential mining time while they
both provide accurate information for the relative mining
time estimation. Figure 11. presents the overhead values
with t being 20% for frequent itemset mining and 75% for
sequential pattern mining.

4.2.3 Why selective sampling works
Let us now discuss the reason why selective sampling

works.
We first discuss the reason why it works for frequent item-

set mining. In the FP-growth algorithm, the most frequent
items are close to the root of the FP-tree because the items
in a transaction are inserted into the FP-tree in descending
order of their frequency. The most frequent items appear in
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Figure 11: Overhead of selective sampling

most of the branches from the root so that removing them
will make the FP-tree shallower and the mining time of the
FP-tree is reduced.

On the other hand, every subset of a frequent itemset
must be frequent[3]. According to our experiments, the min-
ing time of a projection is proportional to the number of
frequent itemsets in the mining output of this projection.
Thus, if there is a length-L frequent itemset in the output
of mining i’s projection, there must be additional 2L fre-
quent itemsets in this output (every subset of the length-L
frequent itemset is a frequent itemset.). Therefore, we can
expect that if there are no long frequent itemsets in the out-
put of mining i’s projection, the total number of frequent
itemsets in the output of mining i’s projection would not
be large. And consequently the mining time of i’s projec-
tion would not be long. In FP-growth, only the prefix paths
of the FP-tree are examined for the nodes of an item. The
most frequent items have short prefix paths and therefore do
not have long frequent itemsets in their mining outputs. So
the mining time of their projections is short and removing
them will not hinder the identification of large projections.

The reason for sequential pattern mining is similar to that
of frequent itemset mining. When doing projection for a
sequential pattern, only the suffixes (with the pattern as
prefix) will be collected. Comparable to the items near the
root of the FP-tree, the items in the tail of a sequence are
in the projections of all items appearing before them in the
sequence. So by removing the items at the tails of the se-
quences, the sequences in the projections become shorter
and therefore, the mining time of the dataset is reduced. At
the same time, the items at the tail of the sequences have
short suffixes so that no long pattern exists in the output of
mining their projections. Thus, we can safely remove them
while the large items still remain in the sample.

4.2.4 Applying selective sampling to the framework
We perform selective sampling to identify the large items

and divide their projected databases into smaller sub-
databases. The partition proceeds in a pattern-growth way.

For example, in the frequent itemset mining problem, let
〈(f : 4), (c : 4), (a : 3), (b : 3), (m : 3), (p : 3)〉 be the fre-
quent single items sorted in descending order by their fre-
quency. Suppose m is a large item, the mining task of item
m is divided into the mining subtasks of (mb), (ma), (mc)
and (mf) respectively. Generally, the projected database
of i is split into the sub-databases of pairs which consist of
the item i and another item which is more frequent than i

(or appears before i in the ordered list of frequent items).



These pairs are called frequent-2 itemsets. Similarly, in
sequential pattern mining, suppose the frequent items are
(〈a〉 : 4), (〈b〉 : 4)and(〈c〉 : 3) and b, c are frequent items in
a’s projected database, the projected database of 〈a〉 can be
divided into a series of sub-databases with prefix 〈(a)(a)〉,
〈(a)(b)〉 , 〈(a)(c)〉, 〈(ab)〉 and 〈(ac)〉. Generally, the pro-
jected database of i is split into the sub-databases of inter
or intra pairs of i with all the frequent items in i’s projected
database.

By breaking the large tasks into smaller ones, the size of
the tasks tends to be closer and more tasks are available for
scheduling and, as a result, load balancing improves.

We use frequent itemset mining problem to illustrate how
selective sampling is applied in our framework. Selective
sampling for sequential pattern mining works in a similar
way.

We assume that there are total M frequent items in the
whole dataset. And the number of processors in the system
is P. Selective sampling performs in the following four steps.

1. Sample tree construction
One of the processors, say processor 0, does selective
sampling by scanning the whole dataset, discarding
the top 20% most frequent items and the non-frequent
items in each transaction. The items left in the selec-
tive sample are sorted in descending order of frequency
and inserted into an FP-tree structure, named T.

2. Sample tree mining
Processor 0 mines T using the FP-growth algorithm.
However, instead of outputting the frequent itemsets
found, processor 0 records the mining time of each
frequent items in the header table of T. Assume there
are S items in T’s header table. The mining time of
item i for the sample is Li(i ∈ [1..S]).

3. Task partition

If there is an item i(i ∈ [1..S]) such that Li > 1
4

�
Li

P
,

task i will be partitioned. That is, if the mining time
of i is larger than 1

4
of the average mining time of each

processor, which is
�

Li

P
if the items are distributed to

all P processors, i will be treated as a large item.

4. Task scheduling
Task scheduling consists of two parts. Part I is to
schedule the projections corresponding to the frequent
items which appear in the sample and Part II is to
schedule the projection of items which are the top 20%
most frequent items found in Step 1 and have been
discarded during the sampling. For Part I, since we
have identified the large projections with selective sam-
pling, these large projections are further partitioned
into subtasks and then scheduled evenly in a round-
robin way. For the small projections, we have recorded
their sample mining time so we schedule them using a
bin-packing heuristic. For Part II, since the projected
databases take little time to be mined, they are sched-
uled evenly with round-robin.

For performance enhancement, we apply one optimization
before applying selective sampling. If M

P
> 10 where M is

the number of frequent items, we will use round-robin strat-
egy instead of selective sampling to partition the frequent
items. This is because when M

P
> 10, each processor has

more than 10 tasks on average, and thus the number of tasks

is large enough so that it tends to balance the load. There-
fore, it becomes unnecessary to do the sampling-based task
partition. This optimization can improve the performance
when P is small or M is very large.

5. EXPERIMENTAL RESULTS

5.1 Experimental Setups
All of our experiments were performed on a Linux cluster

consisting of 64 nodes. Each node has a 1GHz Pentium III
processor and 1GB main memory. We used MPICH-GM
1.2.4..8a in the implementation of our parallel algorithms.
MPICH-GM is a portable implementation of MPI that runs
over Myrinet. The operating system is Redhat Linux 7.2
and we used the GNU g++ 2.96 compiler.

We used eleven databases (Figure 1) in the performance
study, six transactional datasets for frequent itemset min-
ing and five sequence datasets for sequential pattern min-
ing. Four of the transactional datasets are realistic datasets
downloaded from the FIMI repository[1]. The rests are syn-
thetic datasets generated by the IBM dataset generator[16].

5.2 Speedups of Parallel Algorithms
We implemented a parallel frequent itemset mining algo-

rithm and a parallel sequential pattern mining algorithm
based on FP-growth and PrefixSpan respectively. Our par-
allel implementation follows the framework proposed in Sec-
tion 3 and applies the selective sampling technique discussed
in Section 4. We named our parallel frequent itemset min-
ing algorithm Par-FP, and the parallel sequential pattern
mining algorithm Par-ASP. We measured speedups to ex-
amine the scalability of our parallel algorithms. For each
dataset we executed our algorithms on 2, 4, 8, 16, 32 and
64 processors and compared the mining time to that of the
sequential FP-growth algorithm for frequent pattern mining
and with PrefixSpan algorithm for sequential pattern min-
ing. The speedups of Par-FP and Par-ASP are shown in
Figure 12 and Figure 13 respectively.

From the graphs, we can see that both Par-FP and Par-
ASP have obtained good speedups on most of the datasets
we tested. The speedups are scalable up to 64 processors
on our 64-processor system. For frequent itemset mining,
Par-FP shows better speedups on synthetic datasets than
real ones. This is because synthetic datasets have more fre-
quent items and, after the large projected databases are par-
titioned, the sub-databases derived are of similar size. How-
ever, in real datasets, the number of frequent items is small
and even when the large tasks are partitioned into smaller
subtasks, the size of the subtasks may still be larger, or even
much larger as in pumb star, than those small tasks, which is
also the reason for the flattening speedup of C10N0.1T8S8I8
for Par-ASP.

In order to illustrate the effectiveness of the selective sam-
pling technique, we compared the performance of Par-FP
and Par-ASP to the straight parallel implementations with
selective sampling turned off on 64 processors. Figure 14
and Figure 15 show the difference of speedups for frequent
itemset mining and sequential pattern mining respectively.
As we can see from the graphs, selective sampling can im-
prove the efficiency of the parallel implementation in all the
cases we tested. For most of the cases, the speedups can be
enhanced by more than 50%. Selective sampling is able to
greatly improve the scalability of the parallelization.
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Figure 12: Speedups of Par-FP algorithms
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Figure 13: Speedups of Par-ASP algorithms
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6. FUTURE WORK
There are several optimizations which can further improve

the performance and scalability of the parallel algorithms
built with our framework.

First, as is shown in Figure 12 and Figure 13, the speedups
of datasets pumsb star and C10N0.1T8S8I8 are not satis-
factory. This is because of load imbalance. The mining time
of some large items is so large that the subtasks derived from
them are still much bigger than the small tasks. To solve this
problem, the large subtasks need to be further divided into
smaller ones, which is to conduct multi-level task partition.
Then we need to estimate which subtasks need to be further
divided and how many levels are necessary. The selective
sampling technique can be extended to fulfill this duty. In
addition to just recording the mining time corresponding to
the frequent-1 items during the sample mining, we may also
record the mining time of their subtasks. From our experi-
ments, the mining time curves of subtasks by selective sam-
pling still match quite well with the corresponding curves
of the whole dataset. So we can recursively use the curves
obtained from sampling to identify the large subtasks.

Second, although the average overhead of selective sam-
pling is only 1.1% of the sequential mining time on average
for both Par-FP and Par-Span, such overhead will become

more critical when the number of processors grows large.
According to Amdahl’s Law, the best possible speedup with
1.1% serial component on 64 nodes is restricted to 37.8.
Therefore, in order to get better speedups, we need to re-
duce the overhead of sampling. One promising solution is to
parallelize the selective sampling. Since the process of min-
ing the selective sample is analog to the sequential mining
of the whole dataset, we may parallelize the mining of the
sample in a similar way, so that the overhead of sampling
may be reduced.

Furthermore, the application domain of our framework
may be extended to other interesting data mining issues,
such as the discovery of correlation or mining subgraphs in
a database.

7. RELATED WORK
The parallel frequent itemset mining algorithms pub-

lished are mostly based on candidate generation-and-test
approach[2, 12, 20, 30, 7, 23]. Despite the various heuristics
used to improve the efficiency, they still suffer from costly
database scans, communications and synchronizations. This
greatly limit the efficiency of these parallel algorithms2.

As far as we know, there are three parallel frequent item-
set mining algorithms based on pattern-growth methods [28,
17, 22]. The algorithm presented in [28] targets a shared-
memory system. Although it is possible to apply the al-
gorithm to a distributed-memory system by replicating the
shared read-only FP-tree, it will not efficiently use the ag-
gregate memory of the system and will suffer of the same
memory constraint of the sequential algorithm. In [17] the
FP-growth algorithm is parallelized for a distributed mem-
ory system and reports the speedups only of 8 and fewer
processors. Both [28] and [17] did not address the load bal-
ancing problem. In [22], the load balancing problem is han-
dled using a granularity control mechanism. The effective-
ness of such mechanism depends on the optimal value of a
parameter. However, the paper does not show an effective
way to obtain such value at run time.

In [26], the authors proposed a parallel itemset mining
algorithm, named D-Sampling, based on mining a random
sample of the datasets. However, different from our work,
the sampling here is not used to estimate the relative min-
ing time, but to trade off between accuracy and efficiency.
D-sampling algorithm mines all frequent itemsets within a
predefined error, based on the mining results of the random
sampling.

We are aware of three papers on the parallelization of se-
quential pattern mining[24, 29, 11]. The method in [24] is
based on a candidate generation-and-test approach. The
scheme involves exchanging the remote database partitions
during each iteration, resulting in high communication cost
and synchronization overhead. In [11], the author presents a
parallel tree-projection-based algorithm and proposed both
static and dynamic strategies for task assignment. The
tree-projection based algorithm is also based on candidate
generation-and-test approach, which is often less efficient
than the pattern-growth approach used in our Par-ASP[21].
The static task assignment strategy presented is based on
bin-packing and bipartite graph partitioning. Although it
works well with some datasets, it may lead to unbalanced

2In [23], the number of bytes transmitted was claimed to be
reduced, but no data of performance was reported



work distribution in some cases. The dynamic task assign-
ment proposed uses a protocol to balance the workload of the
processors, which may introduce large inter-processor com-
munications. The method proposed in [29] targets shared
memory systems. As the database is shared among proces-
sors, a dynamic strategy followed a work-pool model and
fine-grained synchronizations can be used to balance the
work load. This method is not always effective in a dis-
tributed memory system.

8. CONCLUSIONS
In this paper, we introduce a framework for parallel

mining frequent itemset and sequential patterns, based on
the divide-and-conquer property of the pattern growth al-
gorithm. However, such a divide-and-conquer property,
though minimizing inter-processor communication, causes
load balancing problems, which restricts the scalability of
parallelization. We present a sampling technique, called se-
lective sampling, to address this problem. We implemented
parallel frequent itemsets and sequential pattern mining al-
gorithms with our framework. The experimental results
have shown that our parallel algorithms have achieved good
speedups on various datasets on at least 64 processors.
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