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A Parallel Mining Algorithm for Maximum Erasable ltemset Based on Multi-core Processor
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Abstract: Mining the erasable itemset is an interesting research domain, which has been applied to solve the problem of how to efficiently use limited funds to optimise
production in economic crisis. After the problem of mining the erasable itemset was posed, researchers have proposed many algorithms to solve it, among which mining the
maximum erasable itemset is a significant direction for research. Since all subsets of the maximum erasable itemset are erasable itemsets, all erasable itemsets can be
obtained by mining the maximum erasable itemset, which reduces both the quantity of candidate and resultant itemsets generated during the mining process. However,
computing many itemset values still takes a lot of CPU time when mining huge amounts of data. And it is difficult to solve the problem quickly with sequential algorithms.
Therefore, this proposed study presents a parallel algorithm for the mining of maximum erasable itemsets, called PAMMEI, based on a multi-core processor platform. The
algorithm divides the entire mining task into multiple subtasks and assigns them to multiple processor cores for parallel execution, while using an efficient pruning strategy
to downsize the space to be searched and increase the mining speed. To verify the efficiency of the PAMMEI algorithm, the paper compares it with most advanced algorithms.
The experimental results show that PAMMEI is superior to the comparable algorithms with respect to runtime, memory usage and scalability.
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1 INTRODUCTION

With the fast growth of the speed and size of data
generation, how to quickly mine useful information from
database is the main goal of researchers. Over the past
decades, researchers have proposed many data mining
methods and theories, among which mining erasable
itemset is an interesting area of research. In 2009, Deng
proposed a theory related to erasable itemsets. The theory
is used to extract itemsets from databases of products
whose value is less than a given profit threshold. A typical
application scenario is how to efficiently schedule the
production of a product in the event of an economic crisis
or shortage of funds. An enterprise cannot produce all of
its products because it does not have enough capital, which
means that some of the products need to be discontinued.
But how does the enterprise select the products to be
discontinued? The product to be discontinued should be the
one that causes the least loss of profit for the enterprise. If
a product is considered to be a set of components, each of
components can be regarded as an item, then a product is
an itemset and the profit of the product can be regarded as
the value of the itemset. Enterprises choose to go to
discontinued products, which is equivalent to searching for
erasable itemsets in a product database. However, this is a
very time-consuming work in massive databases. So, we
need to research efficient algorithms to solve the problem.
After Deng first proposed the META [1] method to mine
erasable itemsets in 2009, researchers have proposed
several improved methods like VME [2], MERIT [3],
MERIT+ [4], IMERIT+ [4], MEI [5], sMEI [6], EIFDD
[7], MEIC [8], pMEI [9], and MSPPC [10]. These
algorithms can be highly efficient in mining erasable
itemsets from product databases. However, when the
threshold is large, the mining process will generate a
substantial amount of erasable itemsets. This requires not
only a lot of storage space, but also a lot of CPU time to
compute the gain value of each itemset. In order to
decrease the amount of erasable itemsets and the occupied
storage capacity generated during mining process,
researchers have proposed many other algorithms like
mining closed , top-rank-k, constraints and maximum

erasable itemsets. The published algorithms are VM [11],
dVM [12], TEP [13], TEPUS [13], MECP [14], dNC-
ECMM [15], WEPS [16], IWEI [17], IWEL [18],
GenMax-EI [19], Flag-GenMax-EI [19] and
PE- GenMax-EI [19]. These algorithms can efficiently
complete the corresponding mining tasks and produce
fewer itemsets during the mining process, thus saving
storage space and CPU time. It has been shown in the
literature [7, 14, 19] that when these types of algorithms
are used to mine huge amounts of data, only the algorithm
that mines the maximum erasable itemsets produces the
smallest number of resultant itemsets. Since the maximum
erasable itemset contains erasable itemsets, the task of
mining erasable itemsets may translate into mining
maximum erasable itemsets. However, the existing
algorithms for mining maximum erasable itemsets still
perform sub-optimally when mining massive data.
Therefore,a strong need exists to develop new algorithms
to improve the performance of mining maximum erasable
itemset. This paper proposes an efficient algorithm for
mining maximum erasable itemsets in a multi-core based
platform. For the mining work, the proposed method
decomposes the mining task into multiple subtasks and
assigns them to multiple processor cores for parallel
execution, while adopting a global pruning strategy to
decrease the quantity of candidate itemsets, thus improving
the mining efficiency. The contribution of this study
consists of three main items.

(1) A parallel approach is applied to the algorithm for
mining the set of maximal erasable terms. By assigning
multiple subtasks to multiple processor cores for parallel
execution, the execution efficiency is improved and the
total execution time is reduced in the proposed method.

(2) The concept of inclusion relationship between
product sets is proposed. The computation of itemsets
values can be reduced by utilizing this concept, thus
increasing the speed of mining maximum erasable itemset.

(3) The study designed a global pruning strategy that
minimizes the available space for searching and thus
reduces the amount of candidate itemsets produced within
the process of mining.
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The later part of the paper is arranged below. Section
2 describes the related work, Section 3 provides an
introduction to the related concepts, Section 4 presents a
description of the algorithm and gives examples to
illustrate the algorithm, Section 5 shows some experiments
with the algorithm, Section 6 presents a conclusion of the
paper and an outlook for later works.

2 RELATED WORKS
2.1 Erasable ltemset Mining

Numerous methods for the mining of erasable itemsets
have been put forward, some of which have been
summarized in the literature [18, 19]. Deng first proposed
the algorithm META in 2009, which is similar to the
Apriori [20] algorithm and uses a width-first approach to
search for the erasable itemset. The algorithm requires
several scans on databases and produces a substantial
amount of candidate itemsets during the mining process,
thus consuming a large amount of CPU time when
scanning databases and calculating the gain values of the
candidate itemsets. In 2010, Deng put forward the
algorithm VME that uses the Pid List to speed up the
computation of the candidate itemsets and only requires
two database scans when constructing the structure, and no
further database scans are required during subsequent
mining. Although this algorithm is superior to the META
algorithm, calculating the profit of the candidate itemsets
still needs extensive CPU time. In 2012, Deng suggested
the algorithm MERIT, which uses WPPC-Tree to store the
database and employs a depth-first strategy to mine
erasable itemsets, which also outperforms META on
performance. But the algorithm generates new candidate
itemsets by merging the nodes in the tree, which demands
substantial storage space and CPU time. In 2013, Le and
Vo proposed the MERIT+ and dMERIT+ algorithms,
which improve on the MERIT algorithm. Among them, the
dMERIT+ algorithm uses the dNC-Sets structure, which
greatly reduces the quantity of candidate itemsets within
the process of mining, and thus saves CPU time and
memory occupation, and improves the efficiency of the
algorithm. dIMERIT+ algorithm outperforms MERIT+ and
MERIT. In 2014, Le and Vo proposed the MEI algorithm,
which uses a partitioning approach and the dPidset theory
to decrease CPU occupancy time and memory usage. It
outperforms the MERIT+ and dMERIT+ algorithms, but is
not suitable for mining dense datasets. In 2015, Nguyen
and Le proposed the EIFDD algorithm, which solves the
problem that the MEI algorithm is not well-suited for
mining densely populated datasets. In 2017, Vo and Le
proposed the pMEIC algorithm, which uses subset and
superset constraints to decrease the quantity of candidate
itemsets. In 2018, Huynh and Vo proposed the pMEI
algorithm, which improves mining performance by using a
multi-core processor platform to mine erasable itemsets in
parallel. Hong et al. proposed a new algorithm in the
literature [21, 22] based on the FUP [23] algorithm, these
two algorithms address the concern of mining the erasable
itemsets in dynamic datasets. In 2019, Le and Vo
introduced the MSPPC method, which uses the SPPC-Tree
structure to store itemsets for fast computation of the
values of candidate itemsets and mining of the erasable
itemsets. It outperforms MERIT, dMERIT+, MEI and

EIFDD algorithms. In 2020, Baek and Yun presented the
MED [24] method for the mining of erasable itemsets in
dynamic data streams, in which a MED-Tree with a
damping window and a new pruning technique are utilized
to lower the quantity of candidate itemsets and enhance the
performance of the method. Baek, Yun, Lin introduced the
IUEP [25] to mine uncertain erasable itemsets from
dynamic incremental databases. It uses IUEP-tree and
IN-List to save itemsets information. In 2022, Hong and
Chang presented a new approach that used to solve the
problem of mining erasable itemsets in different temporal
contexts in literature [26].

2.2 Erasable Closed Itemset Mining

The erasable closed itemset (named CloseEl) contains
the information of the erasable itemset, but its number is
less than that of the erasable itemset. Therefore, mining
erasable closed itemsets can reduce the memory usage
during mining. In 2015, Nguyen and Le proposed the
MECP algorithm, which utilizes a divide-and-conquer
strategy and a hash table to find erasable closed itemsets
efficiently. In 2017, Vo and Le proposed two algorithms,
ECPat and dNC-ECPM. The ECPat algorithm is based on
the dPidset structure and achieves fast mining of CloseEIs.
The dNC-ECPM algorithm uses the dNC_Set instead of
the dPidset and improves the mining method in the ECPat
algorithm. So, the AINC-ECMM algorithm outperforms the
ECPat algorithm.

2.3 Weighted Erasable Itemset Mining

In 2015, Lee and Yun introduced WEPS, a weighted
erasable itemset mining algorithm. WEPS uses a WEP tree
structure to build a structure of the data through a single
scan of the database. The subsequent mining process is
performed on the tree without scanning the database again.
In 2016, Lee, Yun, Ryan and Kim proposed the algorithm
IWEI for mining weighted erasable itemsets from
streaming databases. The algorithm constructs a data
structure called the IWEI-tree to store information about
the itemsets and updates the structure during the
reconstruction of the tree. In 2020, Nam, Yun and Yoon
proposed IWEL, an algorithm for mining weighted
erasable itemsets from dynamically growing databases,
which uses a list structure to store candidate erasable
itemsets and efficiently performs the mining operation with
weighted conditions. Its performance is better than that of
the IWEI algorithm.

2.4 Top-rank-k Erasable Itemset Mining

In 2013, Deng first presented VM, a top-rank-k
erasable itemset mining algorithm using the Pid List
structure. In 2014, Nguyen and Le proposed an improved
algorithm, dVM, which uses the dPid_List structure. The
dVM has smaller runtime and memory usage than the VM.
In 2018, Le and Vo proposed TEP and TEPUS algorithms.
TEP uses dPidset structure and dynamic threshold pruning
strategy to improve the mining speed. TEPUS is an
improved algorithm of TEP which uses the concept of
subume and indexing strategy to decrease the execution
time and memory usage. In 2022, Nguyen and Le proposed
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the TRK-ECP algorithm [27], which uses a virtual
threshold-based pruning method and dPidset structure to
speed up the mining process. It can efficiently mine
top-row-k erasable closed itemset.

2.5 Maximum Erasable ltemset Mining

Since a maximum erasable itemset contains many
erasable itemsets, mining the maximum erasable itemset
can greatly reduce the number of mining result sets as well
as CPU time and memory space usage. Nguyen and Le
proposed three algorithms in the literature [19] in 2019,
namely GenMax-El, Flag-GenMax-EI and
PE-GenMax-EI. GenMax-EI is based on the algorithm
GenMax [28]. The Flag-GenMax-EI adds constraints on
subset and superset relations to GenMax-EI and uses the
isMax tag to accelerate the determination of maximum
erasable itemset. The PE-GenMax-EI algorithm builds on
the Flag-GenMax-EI algorithm and improves on it. It uses
the dPidset structure and an early pruning strategy, and
takes up less runtime and memory space than GenMax-EI
and Flag-GenMax-EI. Although these algorithms can mine
maximum erasable itemsets effectively, it is difficult to get
the mining results quickly when they are used to mine huge
amount of sparse data. We can see from the experimental
results in Reference [19] that the PE-GenMax-EI algorithm
is currently the most effective algorithm for mining
maximum erasable itemsets, but it still requires a large
amount of CPU time when mining Retail datasets. To
quickly mine maximum erasable itemsets in massive data,
we propose a parallel mining algorithm based on a multi-
core processor platform called PAMMEI (Parallel
Algorithm for Mining Maximum FErasable Item Sets). It
divides the mining process into multiple tasks, each
assigned to a single processor core, so that multiple tasks
can be executed in parallel. At the end of this paper we have
implemented the PAMMETI algorithm and compared it with
the PE-GenMax-EI algorithm.

3 RELATED CONCEPTS
3.1 Erasable Itemset and Maximum Erasable Itemset

Set the product database PDB as {P\, P», ..., Pn}, Pi is
a product, and the items contained in the product are
expressed as Pjitems, the value of the product is expressed
as Pyvalue, the size of PDB is represented as |PDB|. Let [
be the set of all items in PDB, [ = {iy, is, ..., in}, and P; can
be expressed as P; = {ix, ir, ..., itnlkj € [1, ..., n]}. We
present an example product database, as shown in Tab. 1.
For an itemset S and the items in S are contained in /, the
value of S is expressed as Gain(S), which can be computed
by the value of products in PDB. The equation is as
follows.
Gain (S ) = Z{

P,"Sﬂpiitems¢0} Pivalue (1)

Definition 1 (Erasable Itemset). Let the sum of all
products value in PDB be expressed by Sum(PDB), and 6
is a threshold. If S meets the following conditions:

Gain(S)< Sum(PDB)-&, then S is called an erasable

itemset, which is represented as EI.

Definition 2 (Maximum Erasable Itemset). Let 7 be the
set of all E/ in PDB, S € T. If there are no supersets of S in
T, then S is called a maximum erasable itemset, which is
expressed as MaxEI, and the set of all MaxEI is expressed
as MESet (Maximum Erasable itemset Set).

Example 1. According to Definitions 1 and 2, when ¢
is 60%, the erasable itemsets and the maximum erasable
itemsets mined from the product database in Tab. 1 are
shown in Tab. 2.

Table 1 A product database (PDB)

Product ID (Pid) Items Value
P, i1, b, I3 230
P, i, I 120
P iy, 13 110
Py iy, 13, Is 240
PS iz, is 120
P6 i;, i5 130
P7 i3, i4, is, i(), i7 210
Py is, 16 105
P[] i;, i6 115

Property 1. If ¥ € MESet and S S 7Y, then
Gain(S) < Gain(Y) < Sum(PDB) x 0.

Proof. Suppose that the items in S are included in
product sequence Ps, Ps= {P |k € [1, n]}, and the items in
Y are included in product sequence Py, Py= {P;|j € [1,n]}.
Because S € 7, so Ps © Py. According to Eq. (1), we can
get Gain(S) < Gain(Y). And because Y € MESet, so
Gain(Y) < Sum(PDB) x ¢. Finally, we can deduce that
Gain(S) < Gain(Y) < Sum(PDB) x 0.

Table 2 The Els and MaxEls in PDB (5 = 60%)
Size Els MaxEls
1 i}, {is}, {is), {in}, {ia}, {is},
{7}

{ie, is}, {is, 17}, {01, ia}, {01, ia},
{0, s}, {0, iz}, s, ds}, {is, n},
{i& l7}

3 {is, l'4’ i7}, {iﬁ, l'4’ ig}, {i(‘, l'4’ i7},
{ié, ig, i7}, {il, i4, i7},
A, By, i7}, {la, Is, 7}

s, da, in}, i, Iay i7},
{in, ds, i7}

L, ia, I3, I7}

3.2 Set of Product Identifiers

Definition 3 (Pidset). Given an item i, the products
containing ix in PDB are {Pu, Pi, ..., Pun |1 <k <|PDB|},
which is a set of product identifiers (shorted for Pidset),
denoted as P(ix). For example, in Tab. 1, P(is) = {7, 8, 9}.
Let S be an itemset, S = {ix1, ix2, ..., im|k; € [1, n]}, so that
the Pidset of S'is P(S) = P(ix1) U P(i2) U, ..., U P(im). The
value of S can be computed from P(S) by the following
equation.

Gain(S) = ZQGP(S) Pvalue (2)

Example 2. Given an itemset Y = {i4, is} in Tab. 1, the
Pidset of Y is P(Y), and P(Y) = P(is) U P(is) = {7, 8,9} U
{4,5,6,7,8 =1{4,5,6,7, 8,9}, Gain(Y) = Pyvalue +
Psvalue + Pgvalue + P7value + Psvalue + Povalue = 240 +
120 + 130 + 210 + 140 + 105 = 945.
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3.3 Inclusion Relationship Between Pidsets

Definition 4. Let X and Y be two different itemsets, and
if P(X) € P(Y), the Pidset of X is included in the Pidset of
Y. We denote the inclusion relationship between Pidsets as

follows: C(Y) = {X|X el, P(X) c P(Y)} . According to

Eq. (2), we can get Gain(X U Y) = Gain(Y).

Example 3. From Tab. 1, we can get P(is) = {7, 8, 9},
P(is) = {7, 8,9, 10, 11}, P(i;) = {7}, P(is) = {8, 10}. Since
P(i4) c P(iﬁ), P(i7) C P(is), P(i7) c P(iﬁ), P(ig) C P(ig), we
can get C(is) = {is, i7, i3}, C(ia)={i7}, C(isis) = {i7, ig}.

Property 2. Given three different itemsets X, ¥ and Z,
if X € C(Y), Y€ C(Z), then X € C(2).

Proof. Since X € C(Y), Y € C(Z), we can know P(X) ©
P(Y), P(Y) € P(Z), so, P(X) € P(Z), we can get that X is an
element of C(Z), that is X € C(Z). The property is proved.

3.4 Parallel Mining Process

In a multi-core processor platform, each processor
contains multiple processor cores. A computational task
can be decomposed into multiple independent subtasks,
and then each subtask is assigned to a processor core for
independent execution, which enables parallel execution of
multiple subtasks. For a processor with m cores, its
performance is about m times higher than that of a single
core processor. When mining the maximum erasable
itemsets with multi-core processors, it is necessary to
decompose the mining task into multiple independent
subtasks in the mining algorithm, and then assign those
subtasks to multiple processor cores for parallel execution
in order, and finally merge the mining results of each
subtask. The process is shown in Fig. 1. In Fig. 1, the input
mining task is first divided into multiple subtasks. Since
the number of subtasks is more than the number of
processor cores, the subtasks are first placed in the task
queue waiting for execution in order to balance the load on
the cores. When one core in the processor is idle, the queue
head subtask is taken out of the task queue and assigned to
the idle core for execution. Multiple cores are relatively
independent in the process of executing subtasks, and there
is no cross-interference between them. When the execution
of a subtask is completed, the output itemsets it produces
are placed in the set of result itemsets. When all the
subtasks in the queue are executed, the whole mining
process is over.

Task queue

Figure 1 Multi-core processor mining process

4 PAMMEI ALGORITHM

Let L; be the set of all erasable items, represented by
one-dimensional array. The ith element in L; is expressed
as Li(7), and the erasable items of L(i) are expressed as
Li(i)items. The Pidset corresponding to Li(i)items is
represented by Li(i)pids, and the value of L(i)items is

represented by Li(i)value. All items in L; are arranged in
the descending order by the size of L(i)pids. The length of
L, is represented by |Li|.

Property 3. Let X and Y be the two different erasable
itemsets. If X € C(Y), neither X nor Y is the maximum
erasable itemset.

Proof. Because X € C(Y), P(X) € P(Y) and P(XU Y) =
P(Y). According to Eq. (2), we get Gain(X U Y) = Gain(Y),
so X'U Yis also an erasable itemset. Since X € XUY and Y
C XU Y, Xand Y can't be the maximum erasable itemset.

Property 4. Let X be an erasable itemset, X N (ix U i+
U, ..., Ui =9, ix, ix+1, ..., ijL1) are the last |L;|—k+ 1 items
inLy, Y=XU VUi U, ..., Ui, if (PG U P@ir) U, ...,
U P(ijz1))) € P(X), and no itemsets longer than Y in MESet,
then Y must be the maximum erasable itemset.

Proof. Because (P(ix) U P(ix+1) U, ..., U P(ijL1)) €
P(X), so Gain(Y) = Gain(X U ix U i1 U, ..., U i) =
Gain(X), Y is also an erasable itemset. Suppose Y is not the
maximum erasable itemset and Z is a superset of Y. Then Z
must contain more items than Y contains, which contradicts
the condition in the property. Therefore, the property is true
and the proof is complete.

Property 5. Let X be an erasable itemset, i is an
erasable item in L. If X U i, is not an erasable itemset, all
itemsets prefixed with X U iy are not erasable itemsets.

Proof. Because X U i; 1s not an erasable itemset,
according to Property 1, all supersets of X U i are not
erasable itemsets. Therefore, the property is true.

4.1 Pruning Strategy

According to property 2 and property 3, in mining the
maximum erasable itemset prefixed by the itemset X, if
Y € C(X), X and Y are merged directly without searching
for subsets of Y, which reduces some computational cost.
According to property 4, if ¥ € C(X) and the items
contained in Y are the last k items in L, there is no need to
search for these k items in all tasks. Since X is erasable
itemset, neither X nor Y is maximum erasable itemset
according to property 3, while X U ¥ may be a maximum
erasable itemset. Therefore, in the algorithm, we set a flag
called noMaxflag for each item in Y. When noMaxflag =1,
it means that the item and its subsequent items do not need
to be searched anymore, and the mining process of the
maximum erasable itemsets prefixed by X can be stopped.
Meanwhile, in all subtasks, itemset Y does not need to be
searched. Therefore, this can achieve global pruning in
multiple subtasks, and also reduce the CPU time and
memory usage. According to property 5, if X U ixis not an
erasable itemset, there is no need to search for branches
after i, during the mining process. This can save a lot of
CPU time and memory usage.

4.2 The Algorithm

According to the above properties and pruning
strategy, we give a description of PAMMEI algorithm as
follows (see Fig. 2 to Fig. 4). A havesuperset flag is set in
the algorithm. When a superset of X is an erasable itemset,
havesuperset = 1. When X has no superset or its superset is
not an erasable itemset, havesuperset = 0. At this time, X
must be a maximum erasable itemset.
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Input: PDB, 6, MESet=2
Output: MESet
(1) Scan PDB, find all erasable items and their pids,
and store them in Z;
(2) Sort L; in descending order according to the
length of Z,[i].pids, i€[1, |Z4];
() for each k€1, |L/|] do
@) S=Lik;
(5) Create Taski (1 =1=|L) with three parameters
S, L1, k and put the task into the TaskQueue;
(6) end for
(7) while TaskQueue7 2 do
(8)  When Corej (j€[1, m]) is idle, take a task
from the TaskQueue to Core; for execution;
(9)  call StartTask(S, Z.k);
(10) end while

Figure 2 The PMMEI algorithm

Procedure StartTask (S, L;,k) //start a task
(1) result = SearchMaxEI(S, Lz, k+1);
(2) ifresult =1 then
(3) delete all tasks created afer this task;
(4) end if
End Procedure

Figure 3 StartTask executes a task

Procedure SearchMaxEI(S, Z;,pos)
(1) if S.noMaxFlag = 1 then

2y return 1;

(3) end if

(4) haveSuperset = 0;

(5) for j+—pos to || do

6y if Sipids B Z;[j].pids then

7 Sitems = Sitemsl Z,[j].items;

(8) if j=|Z:| then

9) MESet= MESetf] S;

(10} if { dposlicnt,. . Ly ]} € CES) then

(11) for all &€ [pos, |Z:|] do L;[k] noMaxFlag=1;
(12) endif

(13) end if

(14) else

(15) Titems = S.itemsH Z,[j].items;

(16) T.value = Gain(SB L:[j]),

(17 if T.value < Sum(PDB) x8 then

(18) haveSuperset = 1; /4S has a superset
(19) Tpids = Spidsll Z,[j]pids;

(20) if j<|Z:| then

(21) if SearchMaxEI(7, Z;, j+1}=1 then
(22) retun 1;

(23) end if

(24) elseif j=|Z,| then

(25) MESet= MESetl 7

(26) if { dpos,dicr,. . Ly ]} € C(T) then
27) for all e [pos, |L/]] do L;[k].noMaxFlag=1;
(28) endif

(29) endif

(30) else if j=|£,| and haveSuperset = 0 then
31 MESet= MESetll S;

(32) end if

(33) endif

(34) end for

(35)if pos >|Z;| then MESet= MESetf] S; end if
End Procedure

Figure 4 The procedure SearchMaxEl

4.3 An lllustrated Example

From the description of PAMMETI algorithm, we can
see that the task of mining the maximum erasable itemsets
is mainly completed in the procedure SearchMaxEl. In this
part, we use the product database in Tab.1 to illustrate the
execution process of SearchMaxEl. In Tab. 1,
SUM(PDB) = 1721, when 0 = 60%, the corresponding

= {i:911, i5:40, ic:771, i1:460, i4:455, i3:341, i7:210}.
This means that the erasable items are i, is, is, i1, ia, i3, 710
the PDB. The pidsets of each item in L, are P(i») = {l, 2,
4,5,10}, P(is) = {4, 5, 6,7, 8}, P(is) = {7, 8,9, 10, 11},
PG = {1, 2, 3}, PGs) = {7, 8, 9}, P(is) = {8, 10},
P(i7) = {7}. Assuming that the processor has three cores,
Core;, Core, and Cores, the algorithm divides the mining
task into seven subtasks, Taski, Task,, Tasks, Taska, Tasks,
Tasks and Task;, for mining the maximum erasable
itemsets prefixed with i, is, i, i1, i, is and i7, and puts them
into TaskQueue. Since the three cores are idle at the
beginning, the algorithm takes Taski, Task, and Tasks; out
of TaskQueue in turn and puts them into Core;, Core, and
Cores for execution. The mining process is shown in
Fig. 5 to Fig. 7. In Fig. 5, since all supersets of {ixi;} are
not erasable itemset, according to definition 2, {i>} is a
maximum erasable itemset. In Fig. 6, since P({i7}) C
P({isis}), we merge {i7} and {isis} and take the value of
{isis} as the value of {isisi7}. Because i7 is the last item in
Ly, according to property 4, {isisi;} is the maximum
erasable itemset, and set L(i7). noMaxFlag = 1. In Fig.7,
since P({isgi7}) S P({is}), we merge {isisi7} and {is}
directly. Because i4, i3 and i7 are the last three items in L,
according to property 4, {isisisi7} is the maximum erasable
itemset, and set Li(is).noMaxFlag = 1 and Li(is).
noMaxFlag = 1, so i4 and its later items s, i; are no longer
searched. When a core is idle, Tasks is removed from the
TaskQueue and executed in the Core, as shown in Fig. 8.
Since Li(i4). noMaxFlag = 1, Tasks, Tasks and Tasks; do not
need to be executed again according to the first line of
SearchMaxEl and the third line of StartTask. The
maximum erasable itemsets obtained at the end of the
algorithm execution are shown in Tab. 2.
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5 EXPERIMENTS

In this part, we chose PE-GenMax-El, the
state-of-the-art algorithm for mining maximum erasable
itemsets, to compare with PAMMEI. We implemented
PAMMEI and PE-GenMax-EI respectively in C++ Builder
10 using the C++ language. When implementing the
PAMMEI algorithm, we designed five threads,
corresponding to five cores of the processor. When
implementing the PE-GenMax-EI algorithm, we designed
only one thread, corresponding to a single core of the
processor. The computer used in the experiments was
installed with an Intel Core i7 11700K CPU (with 8 cores),
16 GB RAM and Windows 10 operating system. The
datasets used in the experiments are the same as in the
literature [19]. These datasets can be downloaded from
http://fimi.cs. helsinki.fi/data/. During the experiments, we
ran the PAMMEI algorithm and the PE-GenMax-EI
algorithm separately and recorded the running time used
and the maximum memory used for each algorithm, as
shown in Fig. 9 to Fig. 26. We have also conducted
algorithm scalability experiments (in Fig. 27 and Fig. 28)
and multi-core processor platform validation experiments
(in Fig. 29 to Fig. 32).

5.1 The Running Time

The experimental results show that the performance of
PAMMEI algorithm based on multi-core platform is better
than that of PE- GenMax-EI algorithm. From these results,
we can see that for dense datasets Chess and Connect, the
gap between PAMMETI and PE-GenMax-EI is small, while
for sparse datasets Mushroom, T10I4D100K, BMP-Pos,
Pumb, Retail, Kosarak and Pumsb_Star, the gap between
the two algorithms is large.
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Figure 10 Runtime on connect

=}

On the Chess dataset, when the thresholds are 28%,
32%, 36% and 42%, the runtime of PE-GenMax-EI
algorithm is 721 ms, 1345 ms, 2897 ms and 9123 ms
respectively, and the runtime of PAMMETI algorithm is
198 ms, 478 ms, 1023 ms and 2387 ms respectively. The
ratios of the runtime of the two algorithms are 2.807, 2.814,
2.832 and 3.822 respectively, with an average of 3.069. On
the Connect dataset, the average value of runtime ratio is
7.877. On the sparse datasets of Mushroom, T1014D100K,
BMP-POS, Pumb, Retail, Kosarak and Pumsb_Star, the
average values of runtime ratio are 29.483, 14.865, 49.278,
13.474, 22.148, 18.572 and 13.1 respectively. From these
ratios, we can see that there is a large gap between the two
algorithms in running time on sparse datasets and a small
gap on dense datasets. Thus the PAMMETI algorithm is
better than PE-GenMax-EI in terms of runtime and can
efficiently mine both dense and sparse datasets.

Mushroom

045
04 —— PE-GenMax-EI
0.35
—8— PAMMEI
. 03
=
5025
E
g 02
=
0.15
0.1
0.05
0 - o An__l_.—-Er———l—"—E‘

11 13 17 19

15
Threshold(%)
Figure 11 Runtime on mushroom

T10I4D100K

9
8 —a— PE-GenMax-EI
5
2 —=— PAMMET
£
£ 5
=
Bog
3
2
1
-
0
0.03 0.05 0.07 0.09
Threshold(%6)
Figure 12 Runtime on T1014100K
Retail
140
120 | —a— PE-GenMax-EI
100 —&—PAMMEI
—
E 80 |
S 60 |
(-4
40 |
20 |
0 =

0.00118 0.00122 0.00126 0.0013
Threshold(%)

Figure 13 Runtime on retail

Tehnicki viesnik 31, 2(2024), 618-627

623



Qunli ZHAO et al.: A Parallel Mining Algorithm for Maximum Erasable Itemset Based on Multicore Processor

Pumb

60

—#— PE-GenMax-EI

50

40 —&— PAMMEIL

30

Runtime(s)

20

0 2 e —

0.0041 0.0043 0.0045 0.0047
Threshold(%)

Figure 14 Runtime on Pumb

BMP-POS
60

so | —#— PE-GenMax-EI

——
a0 | PAMMET

30 |

Runtime(s)

\

20 |

10 |

0.0003 0.00034 0.00036 0.00039
Threshold(%)

Figure 15 Runtime on BMP-POS

Pumsh_star
100 —

90 |
80 |

—#— PE-GenMax-El

70 | —&— PAMMEI
60 |
50 |
40 |
30 |
20 |
10 |
0 O
0.0047 0.0048 0.0049 0.005
Threshold(%)

Figure 16 Runtime on Pumb_star

Runtime(s)

\

Memory usage(MB)

}

Kosarak

—#— PE-GenMax-EI

—&— PAMMEI

Runtime(s)
S 5 R oo
! \

0.00006 0.00007 0.00008 0.00009
Threshold(%)

Figure 17 Runtime on kosarak
5.2 The Memory Usage

In the memory usage test, we recorded the maximum
amount of memory used by the algorithm during its
execution. By comparing the memory usage of the
PAMMEI and PE-GenMax-EI algorithms it can be seen
that the PAMMEI algorithm uses less memory than the
PE-GenMax-EI algorithm. This result is due to the fact that
the pruning strategy used in the PAMMEI algorithm results
in a relatively small number of the candidate itemsets being
generated during the mining process, which not only
reduces the time spent by the CPU to calculate the itemset
values, but also reduces the amount of memory usage.
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5.3 Scalability Tests

To verify the scalability of algorithms, we ran the two
algorithms on datasets of different sizes and tested their
runtimes to check the effect of dataset size on the
performance of the two algorithms. To make the tests more
representative, we chose two datasets, BMP-POS and
Connect, which are sparse and dense datasets respectively.
The results of the tests are shown in Fig. 27 and Fig. 28. In
Fig. 27, we set the threshold to 0.018 and in Fig. 28, we set
the threshold to 0.0000038.
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Figure 27 Scalability test on runtime of the two algorithms for Connect dataset
with different sizes
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Figure 28 Scalability test on runtime of the two algorithms for BMP-POS dataset
with different sizes

From the two Figures, it can be seen that the PAMMEI
algorithm has better scalability compared to the
PE-GenMax -EI algorithm.

5.4 Muti-Core Processor Test

We ran the PAMMETI algorithm on different numbers
of processor cores to verify the effectiveness of the multi-
core processors, as shown in Fig. 29 to Fig. 32.
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We chose two dense datasets, Chess and Connect, and
two sparse datasets, T1014D100K and Pumb. From the
experimental data, it can be concluded that on the Chess,
Connect, T10I4D100K and Pumb datasets, the ratio of the
average execution time of the algorithm on three and six
processor cores is 2.016, 1.972, 2.056 and 2.095
respectively. The execution time of the algorithm on three
processor cores is approximately equal to twice that of six
processor cores.

6 CONCLUSIONS

PAMMEI is an efficient algorithm for finding
maximum erasable itemsets developed on a multi-core
platform. The algorithm integrates a parallel approach to
maximum erasable itemset mining for the first time. In the
executing process of PAMMEI , the whole mining task is
first divided into multiple sub-tasks, and then the multiple
sub-tasks are sequentially arranged to be executed in
parallel on multiple processor cores, and finally the mining
results of each sub-task are merged to get the desired
maximum erasable itemset. This parallel mining method
used in the algorithm makes it better in runtime, memory
usage and scalability. Furthermore, a novel pruning
technique is designed, which utilizes an inclusion
relationship between the product sets and cuts off the
branches in the search space that do not need to be
searched, which decreases volume of candidate sets
generated by the process of mining, and thus improving
mining efficiency. The experimental data shows that
PAMMEI performs much superior to comparison
algorithm in mining the maximum erasable itemsets.
Therefore, PAMMEI can better accomplish the task of
mining maximum erasable itemsets. In our future work, a
method for mining maximum erasable itemsets in

ultra-large-scale streaming data will be the next step in our
research. This method mainly addresses the application of
efficiently finding useful information in ever-increasing
amounts of massive data.
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