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Abstract

A new scheme to parallelize frequent itemset min-
ing algorithms is proposed. By using the extended
conditional databases and k-prefix search space parti-
tioning, our new scheme can create more parallel tasks
with better balanced execution times. An implemen-
tation of the new scheme with FP-trees is presented.
The results of the experimental evaluation showing the
increased speedup are presented.

1 Introduction

The fundamental problem in mining association
rules from a large database is to discover all the fre-
quent itemsets. A frequent itemset is a set of items
whose support is greater than or equal to a given
threshold. The support of an itemset is the number
of transactions in the database containing it. The
search space of frequent itemsets is the set of all
possible itemsets, the power set of the total set of
all (frequent) items in the database. Therefore, the
search space grows exponentially as the size of the
total set of items increases. Another factor affecting
the time complexity of frequent itemset mining is the
size of the database: the number of transactions in
the database. Especially when the threshold is low,
the number of transactions to be considered is large
for large databases in the real world. As indicated
by the performance measurement posted in the FIMI
repository [1], the frequent itemset mining times of all
algorithms for all datasets grow exponentially as the
threshold decreases.

Since the problem of data mining of association
rules was formulated in 1993 [2], numerous sequen-
tial algorithms and implementations running on a sin-
gle processor were proposed. Due to the exponential
complexity of the problem, it is desirable to use par-
allel processors to speedup the time-consuming com-
putation. Parallel data mining has been studied ex-
tensively in [3, 4, 5, 6]. All these are trying to par-
allelize the Apriori algorithm [2]. In this paper, we
propose a parallelization scheme which can be used to
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parallelize the efficient and fast frequent itemset min-
ing algorithms based on frequent pattern trees (FP-
trees) [7]. To achieve high speedup of parallel mining
of frequent itemsets, it is important to reduce the ex-
ecution time of the largest parallel task. In this pa-
per, we extend the concepts of conditional databases
of [7] and k-prefix search space partitioning [8] to al-
low more parallel tasks. Our scheme is able to reduce
the execution time of the largest parallel task, thus
allowing more parallel processors to join to achieve
higher speedup. We also use dynamic self-scheduling
[9] for parallel task allocation to balance the work load
among parallel processors. The experimental results
show that our parallelization scheme can achieve the
high speedup.

The organization of the rest of the paper is as
follows. Section 2 provides the preliminaries of basic
concepts and their notations to facilitate the discus-
sion. Section 3 describes k-prefix partitioning of search
space and conditional databases. Section 4 describes
the formation and dynamic allocation of parallel tasks
and our parallel mining algorithm. Section 5 provides
the results of experimental evaluation. Section 6 con-
cludes the paper.

2 Preliminaries and Notations

A database D is a bag! of transactions. A trans-
action is a set of items which is a subset of the total set
of items I = {i1, - ,in}, the set of all items used in
the database. An itemset is also a subset of the total
set of items I. The support of itemset = in database
D, denoted as Supp(x), is the number of transactions
in D containing x. That is,

Supp(x) =|{t |t € DAz Ct}| (1)

Given a threshold 1 < ¢ < |D|, an itemset x is frequent
if Supp(x) > €. The frequent itemset mining problem
is to find all the itemsets = with Supp(z) > & for a

1A bag is a set which allows multiple occurrences of an ele-
ment.



given threshold €. A subset of any frequent itemset is
also frequent, because Supp(y) > Supp(z) if y C =z,
according to (1). An item i is frequent, if the support
of its singleton set is greater or equal to the threshold,
ie. Supp({i}) > £ Obviously, non-empty frequent
itemsets can only be made of frequent items.

The support of the empty itemset () is |D], i.e.
Supp(0) = |D|, because every transaction in D con-
tains (). Thus, the empty itemset @ is a trivial frequent
itemset due to |D| > ¢&.

Without loss of generality, we can assume that I
is the set of frequent items of database D [10]. We also
assume that the items of I are sorted according to the
increasing order of support, i.e. Supp({i1}) < --- <
SupD({ln})

In this paper, we use strings to represent item-
sets. Therefore, the total set of items is written as
I = iyi5---i,. The search space is the power set of
I denoted as 27. It is a complete Boolean lattice,
< 2T, U,N >. Any subset of I will be written as a
string of items in the increasing order of their sup-
ports. The contiguous substrings of I will be written
as I[i..j] with 1 < i < j < n. In particular, the k-prefix
of I is denoted as I, = I[1..k]. The empty subset of T
is denoted as e.

3 Mining Conditional Databases

To parallelize frequent itemset mining, we need to
partition the search space first. The depth-first search
algorithm proposed in [7] can find all the frequent
itemsets (FI) without enumerating all the candidates
in 27, This is the reason why the mining algorithm of
[7] is faster than the old breadth-first algorithms based
on the Apriori approach [2].

Given I = abcde, the algorithm of [7] using FP-
trees is to find all the frequent itemsets containing a
first, then those containing b but not a, those contain-
ing ¢ but not ab, and so on.

Obviously, the number of partitions is n, the num-
ber of frequent items. For parallel processing using
large number of processors, the load balancing is im-
portant. Larger number of partitions for larger num-
ber of tasks tend to balance the work load among par-
allel processors better. As proposed in [8], we can par-
tition the lattice based on the power set of the k-prefix
Ii.. In particular, for each itemset x from the power
set of I (i.e. = € 2'¥), we define the partition P, as
follows:

Py ={zuy|ye2/-rD-n} (2)

Obviously, P. = 2/l(k+1)-1] and

le N PIQ = @,VIl,IQ (S 21[1:k] N (Il ;é .’,EQ)
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By using k items from I, we are able to have 2 par-
titions. Partition P, will continue to be partitioned
which allows to have totally as large as [ %](2F — 1) +
(2nmedk _ 1) parallel tasks as we will see later.

To mine the frequent itemsets in a particular par-
tition P,, we do not need the whole database, but only
the transactions of D containing x. We now extend the
conditional database of [7] and redefine it as follows:

Definition 1 Given a database D and a subset of pre-
fix I, © € 2%, the conditional database of D on z,
denoted as D,, is

Dy={t—Iy |z CtAte D}

Here, the set subtraction t — Iy is t N I, = t N I[(k +

It is important to note that conditional database
D, may have empty transactions €. This happens
when the original database D has transactions that
contain x and contain the items in I only. It is im-
portant to include these empty transactions in D, be-
cause they will affect the decision on if z is a frequent
itemset of D as we will see later.
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Figure 1: Conditional Databases and Their FIs (£ = 3)

Figure 1 shows an example of database and its
conditional databases. The original database at the
top-left shows that it has 9 transactions using 9 items
named 1,---,9. Suppose that the threshold is £ = 3
and the frequent items in the non-decreasing order of
support are: 8(3), 1(3), 9(4), 5(4), 3(4), 4(5), 2(7).
The numbers in the parentheses above are the supports
of the items. The database containing only these fre-
quent items is shown as D. Therefore, the total set of
(frequent) items is I = 8195342. Suppose that k = 3.
So I, = 819 and we have eight conditional databases:
Dg,Dl,Dg,Dgl,Dgg,Dlg, Dglg and DE, as shown in
Figure 1. Note the empty transactions € in Dy, Dy, D19



and D.. For example, D has three transactions con-
taining 1: 19, 124589 and 123. Subtracting 819 from
each of them gives the three transactions in D;i: e,
2345 and 23, respectively.

According to Definition 1, we can prove [10] that
the support of any itemset y C I — I, in D, is the
same as the support of itemset z Uy in D:

Supp, (y) = Supp(r Uy)

Therefore, for an itemset y C I — I, itemset x Uy is
frequent in D if and only if itemset y is frequent in D,.

Based on the discussion above, the mining of fre-
quent itemsets for D can be reduced to mining the
frequent itemsets for each conditional database D, for
all x € 2%+, This is summarized in the following theo-
rem.

Let the sets of frequent itemsets of D and D, be
denoted as F'Ip and FIp,, respectively.

Theorem 1 Given a database D with the total set of
items I, a threshold &, and the k-prefix I, of I, the
set of frequent itemsets of D, can be partitioned to the
sets of frequent itemsets mined from each individual
conditional database D, for all x € 2% as follows:

Fip= |J FIp,

ze2lk

and
/ ! o
FIDI1 N FIDm2 =0

for x1 # 2, where FI}, is the set of frequent itemsets
mined from D, as FI, ={xUy|y € Flp,}.

When applying Theorem 1 to mine frequent
itemsets of D, it is important to consider if the
empty itemset € is frequent or not in each conditional
database D,, because x is a frequent itemset of
D if and only if € is frequent in D,. The sup-
port of the empty itemset € is the total number of
transactions in the database, because every trans-
action contains it. Therefore, empty itemset e is
frequent in D, if and only if there are at least &
transactions (including empty transactions €) in D,.
In the conditional databases shown in Figure 1,
empty itemset € is frequent only for Dg, Dy, Dy
and D, because each of them has at least £ = 3
transactions. The set of frequent itemsets of each
conditional database in the example is also shown in
Figure 1. Note that FiIp,,,FIp,,FIp,, and Flp,,
are empty, but FIp, and FIp, are not empty, as
they contain e. As a result, FIp,_ ,FIy FIp
an(} FIp,,, are empty, but IFIbl = {1} and
FIp, = {9}. We also have FIp = {8,82,85,825}
because FlIp, = {¢2,5,25}, and FI, =
Flip, = {€,2,3,4,5,23,24,25,35,45,235,245}.
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Finally, the set of frequent itemsets of D is
the wunion of these sets of frequent itemsets
mined from the conditional databases: FIp =

{8,82,85,825,1,9,¢,2,3,4,5,23,24, 25, 35, 45, 235, 245}

4 Parallel Tasks and Their Allocation

To have more parallel tasks, we need to continue
to partition the job of mining D, using the same mech-
anism as the original database D. Now the problem
becomes to mine the database D, with the total set of
items I — I, using its k-prefix I[(k + 1)..2k]. Again,
according to Theorem 1, the mining of D, can be parti-
tioned to mining each individual D, for all non-empty
x € 2/1(k+1)-2K] ip parallel on multiple processors. This
process will continue until the total set of items be-
comes empty. In general, given the original set of fre-
quent items I = iy - - -1, and integer 1 < k < n, the
data mining of frequent itemsets of D is divided to [ 7]
rounds of parallel tasks. Each round consists of 2% — 1
tasks with possible exception for the last round. The
number of tasks of the last round is 27 medk — 1 if
k does not divide n. Therefore, the total number of
parallel tasks is

Pnk) = ()@ =1+ @t —1) (3)
Each parallel task is denoted as Tj; with 1 < j <
[#] and 1 <[ < 2k _ 1. For the database D with
I = 8195342 shown in Figure 1, there are 15 parallel
tasks with k = 3, namely, lel, cee ,T117, T211, s 71_'277
and T3 ;. Let the binary code of integer | be denoted
as b(l). The job of task T;; is to mine the frequent
itemsets from conditional database D;, where z =
I — 1)k 4+ 1)..5K] A b(l). Here, operator A between
a k-string (ordered set) S = s1--- s, and a binary k-

vector B = by---by is defined as T = S /O\ B such
ifb; =1

that
s; €T

for 1 <7 < k. The conditional database D; ; is
Dj,={t—I[((j—1k+1).jk] |z CtAt € D;_1} (4)

where D;_; is the € conditional database to be parti-
tioned for parallel processing and it is as follows ac-
cording to the discussion above:

Dj1={t—I1.(G—1)k]|eCtAte D} (5)

Note that Dy = D and the D, mentioned in section 3
is Dl.

The algorithm for task 7, is shown in function
T(j,1) in Figure 2. Firstly, = is extracted from I ac-
cording to the values of j and [. Then, the conditional



function 7'(5,1)
begin
if (j < [2]) then
Let B be the k-bit binary vector of [;
z— I[((j — )k +1)..k] A B;
else
Let B be the (n mod k)-bit binary vector of [;
z— I[((j — D)k +1)..n] A B;
endif
Construct conditional database D; . from D
using (4) and (5);
Call a frequent itemset mining algorithm to obtain
Flp, , from Dj, using ;
return {zUy |y € Flp, };
end

main( )
begin
if (p = 0) then
Read threshold ¢ and parameter k;
Broadcast £ and k to all processors with p # 0;
tasks — | 2](2% — 1) 4 2n etk — 1,
ticket «— 1,
completed «— 0;
total FI — {e};
while (ticket < tasks or completed < tasks) do
receive a message from any processor Q # 0;
if (the message is a set of frequent itemsets FI)
then
total F'I « total FI U F1I;
completed <+ completed + 1;
endif
send ticket to processor Q;
ticket «— ticket + 1;
endwhile
output totalFI to a file;
else
input database to construct D, I and n;
receive £ and k from processor 0;
tasks — | 2](2F — 1) 4 2nmedk —q;
send an initial request to processor 0;
receive ticket from processor 0;

while (ticket < tasks) do

- ticket .
J = ’—2k71 )

1« ((ticket — 1) mod (2F
FI —17(,0);
send F'I to processor 0 ;
receive ticket from processor 0;
endwhile
endif
end

-1)+1;

Figure 2: Parallel Algorithm of FI Mining
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database Dj , is constructed according to (4) and (5).
Then, a frequent itemset mining algorithm is called to
obtain the set of frequent items, FIp, ,, from D; , us-
ing threshold §. Lastly, each frequent itemset in F'Ip, ,
is concatenated with = to form a frequent itemset of
D to be sent to the master processor.

Since the execution times of parallel tasks 717,
vary depending on the data in the database, it is best
to use dynamic self-scheduling [9] to allocate tasks
T}, to parallel processors at run-time. We dedicate
processor 0 as the master processor for I/O and self-
scheduling. The rest processors are work processors for
parallel tasks. We use a single variable called ticket
and initialize it to 1 in processor 0. This variable is in-
cremented every time its value is sent to a work proces-
sor. The work processor will convert the received ticket
to the index values of (j,1) for the task. Each work
processor keeps requesting the next ticket after com-
pleting a parallel task until it receives a ticket larger
than the total number of tasks P(n, k) (see (3)).

The SPMD (Single Program Multiple Data) par-
allel program for all processors is also shown in Fig-
ure 2. pis the processor number of each processor. The
then part is executed by processor 0 and the else part
by all other work processors.

We now discuss how to construct conditional
database D, , required in function T'(j,1) using FP-
tree representation. Figure 3 shows the FP-tree of the
example database D in Figure 1 according to [7]. At
the left is the header table of all frequent items with
non-decreasing support from bottom up. In each entry
of the header table, the first number is the name of the
item and the second number after colon its support.
At the right of the figure is the FP-tree of the database.
At each node, the first number is the name of the item
and the second number after colon the number of oc-
currences of the item. The dash arrows show the links
of the nodes representing the same item.

root

T

274-= 27 49:\2
. )
45 \*4:5 il
3:4****4 ~32 01 5h

] ,51\\ /,p //
5:4 5:2 81
9:4”’91’ W
1:3***11 i
83w 8‘.1 /

Figure 3: FP-Tree of Example Database

Given database D, the construction of D;_; de-
fined by (5) is straightforward: D;_; is a subtree of



D linked from the upper part of the header table by
ignoring the first (j — 1)k items from the bottom. In
our example in Figure 3, D is the subtree of D linked
from items 5, 3, 4 and 2 only. This is the upper part
of the tree obtained by trimming out the nodes linked
from items 8, 1 and 9.

The construction of D; . defined by (4) can be
obtained by extending the algorithm in [7] as follows.
Assume z = -2, € 2IN(G=Dk+1)- 7] with p < k.
From each node linked from zi, we traverse its an-
cestors following the parent node link. The traver-
sal continues only if none of the z2,---x, is miss-
ing. If the traversal has visited the nodes of all
22, - ,&p, we have found a frequent pattern for D; ,.
This pattern contains all the ancestor items not in
I[((j — 1)k + 1)..jk] and the number of occurrences
of each of them is that of z;. For example, the condi-
tional database Dg; in Figure 1 corresponds to D g;.
To construct D; g; from the FP-tree in Figure 3 , the
algorithm follows the link from item 8 of the header
table and finds three leaves for item 8. The traversal
of the ancestors of the first leaf continues until it finds
item 1. Therefore, it continues the traversal and finds
the frequent pattern (5:1, 4:1, 2:1) (using the notation
in [7]). The traversals from the second and third leaves
of item 8 stop when they see nodes for item 5 with-
out having visited any node for item 1. They do not
provide any frequent pattern for D; g;. Thus, D g1
contains one itemset 245.

5 Experimental Evaluation

We have implemented the parallel mining algo-
rithm in Figure 2 using FP-tree as the database rep-
resentation. The code for sequential frequent itemset
mining needed in task T ; is taken from [11], which is
an implementation of the FP-growth algorithm of [7].

The parallel program runs on a cluster of PC
workstations using MPI. Each processor is a Dell Op-
tiPlex GX1p with Intel Pentium III (Katmai) proces-
sor of 497 MHz CPU, 512KB cache and 256 MB RAM.
The test runs for the datasets from FIMI repository [1]
confirm that our parallel data mining algorithm and
implementation is correct: the frequent itemsets ob-
tained by the parallel processors are exactly the same
by the sequential code [11].

To evaluate the performance of parallel process-
ing and the impact of k£ value on the speedup, we run
our parallel program on two data sets: T40I10D100K
called T40 and chess from [1] with different & values.

T40 is a large dataset with about 1000 items and
100,000 transactions. We run the parallel code for T40
with threshold 500 on 1 to 16 work processors. The
number of frequent items is 838. We have run the code
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with four different values of k = 1,2, 3,4.

We also run all the parallel tasks on processor 0
to get the sequential execution times for k = 1,2, 3, 4.

We use the sequential time of k = 1 as the refer-
ence time, denoted as E1, to calculate the speedup of
parallel execution with P work processors as follows:

E,y
SPp = By

Here, Ep is the parallel execution time measured on
processor 0 after all parallel tasks are completed by
P work processors. The speedups of T40 are shown
in Figure 4(a). The frequent itemsets mined by work
processors are not sent to processor 0. The time for
building the FP-tree for the original database D is not
included in FE; or Ep. The speedups of T40 plotted in
Figure 4(a) show that the linear speedup is achieved
and there are not much difference among the speedups
of different k£ values. For k = 1, there are 838 tasks.
With maximum 16 processors, the work load seems to
be well balanced. We also measured the execution time
of each parallel task. When k = 1, task Th14,1 (ticket
114) has the highest execution time of 132.948 sec-
onds. The sequential time is E; = 2060.155 seconds.
Therefore, the maximum speedup achievable is 15.49
(2060.155/132.948). This means that we just reach
this limit with 16 processors and more processors be-
yond 16 will not give us more speedup if k remains 1.
In order to achieve higher speedup, we need to increase
the k value to have more and smaller tasks and break
that largest task, as we can see in the database chess
below.

chess has 75 items and 3,196 transactions. We
set threshold € to 1500 and there are 38 frequent items.
We use the sequential time of £k = 1 as the refer-
ence sequential time again, which is 4904.113 seconds.
Figure 4(b) shows the speedups of the parallel exe-
cutions of chess on 1 to 16 work parallel processors.
The results show that there are no significant differ-
ences among the performances for k£ = 1,2,3. When
k reaches 6, the speedup shows significant improve-
ment. This improvement is brought by two factors:
(1) the sequential time is reduced from 4904.113 sec-
onds (k = 1) to 2420.633 seconds (k = 6), and (2) the
workload is better balanced with more tasks. When
k =1, there are 38 tasks and the largest task is task
Ty5.1 (ticket number 15). It takes 1554.231 seconds to
complete. Therefore, the maximum speedup achiev-
able is 3.16 (4904.113/1554.231). This is the reason
for the low speedup for k = 1 shown in Figure 4(b).
This large task was not broken up until we increased
the value of k to 6. There are 381 tasks when k = 6
and the execution time of the largest task (task T3 32,
ticket number 158) is 967.349 seconds, lifting the max-
imum speedup to 5.07 (4904.113/967.349). This max-



Speedup for T40 with threshold 500
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Figure 4: Speedups of Parallel Execution

imum speedup is reached approximately when 5 work
processors are used (see Figure 4(b)).

6 Conclusion

We have presented a scheme to parallelize fre-
quent itemset mining algorithms. By using the condi-
tional databases extended from [7] and k-prefix parti-
tioning from [8], our parallelization scheme is able to
create more parallel tasks with better balanced exe-
cution times. We have implemented our scheme us-
ing FP-tree as the database representation and con-
ducted preliminary experiments. The experimental re-
sults show that large k values will break large tasks to
allow higher speedup.
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