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Abstract
Mining quantitative association rules is one of the most important tasks in data mining and exists in many real-world problems.
Many researches have proved that particle swarm optimization(PSO) algorithm is suitable for quantitative association rule
mining (ARM) and there are many successful cases in different fields. However, the method becomes inefficient even unavailable
on huge datasets. This paper proposes a parallel PSO for quantitative association rule mining(PPQAR). The parallel algorithm
designs two methods, particle-oriented and data-oriented parallelization, to fit different application scenarios. Experiments were
conducted to evaluate these two methods. Results show that particle-oriented parallelization has a higher speedup, and data-
oriented method is more general on large datasets.
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1 Introduction

Association rule mining, as one of the main tasks of knowl-
edge discovery in database, was proposed by Agrawal et al.
[1] in 1993, in order to extract frequency item sets as well as
the hidden correlations, i.e. association rules, among them
from transactions in database [2]. Up to now, there have been
many algorithms for the task and many improvements have
been proposed to optimize the accuracy and effectiveness of
these algorithms [3, 4].

In many real world databases, the data may contain both
categorical and numerical attributes, and ARM on this kind of

data is known as quantitative association rule mining [5, 6]. It
becomes complicated and difficult when comes to mine quan-
titative association rules and some special techniques need to
be employed. Recently, evolutionary algorithms, including
genetic algorithm (GA), particle swarm optimization algo-
rithm and differential evolution (DE) algorithm, have been
well researched and successfully applied to ARM problems
[7–9]. Besides them, PSO algorithm has been proved effective
and well performed for quantitative association rule mining
[10]. However, PSO is a kind of iteration algorithm and might
be inefficient on huge datasets. In practical tasks, such as stock
market research and transportation volume analysis, datasets
are so huge that single computer cannot satisfy the require-
ments of computing resources. Thus, this paper proposes a
parallel PSO algorithm for quantitative association rule min-
ing, i.e. PPQAR, which can run on a distribute cluster and get
a remarkable efficiency improvement than the serial version.

Some previous works paid attention to parallelizing classic
ARM algorithms like Apriori and FP-Growth based on
Hadoop Map-Reduce model or Spark RDD framework. For
example, Yu H et al. [11] proposed an improved Apriori algo-
rithm based on the boolean matrix and Hadoop. She X and
Zhang L [12] also proposed an Apriori parallel improved al-
gorithm based on Map-Reduce distributed architecture. Joy R
and Sherly K [13] introduced a parallel frequent itemset min-
ing approach with spark RDD framework for disease predic-
tion. Zhang D et al. [14] proposed a parallel FP-Growth meth-
od for query recommendation, which is included in the
Spark’s machine learning library MLlib. Rathee S and
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Kashyap A [15] studied exploiting Apache Flink’s iteration
capabilities for distributed Apriori, and took community de-
tection problem as an example. However, these methods were
all designed for problems with boolean or categorical data
such as market-basket analysis. When facing the quantitative
association rule mining problems, these methods need to
discretize the numerical attributes in the preprocessing step,
and different discretization strategies may lead to completely
different results.

PSO algorithm is able to find the proper interval of each
attribute by learning from the given dataset, without the need
for an apriori discretization [16, 17]. Besides, as a multi-
objective optimization algorithm, it could find the appropriate
candidate association rules without specifying the minimum
support, minimum confidence or other metrics [18]. In recent
years, many PSO based quantitative association rule mining
methods have been proposed and applied to solving real-
world problems [19]. Most of these approaches tried to opti-
mize the mining results and the effectiveness of the algorithm
[20–22]. Feng et al. [23] utilized the particle swarm optimiza-
tion algorithm to improve the performance of association rule
features in data mining. Jiang et al. [24] introduced a multi-
objective PSO approach to generate association rules that de-
pict the relationship between affective dimensions and design
attributes based on online customer reviews. Qian et al. [25]
proposed a new improved PSO based ARM method to avoid
the local optimal solution by controlling the particle velocity.
However, few of them focused on the optimization of the
computational process. Since the evolutionary algorithms are
all iterative and hard to parallelize, there are few previous
works focused on the parallelization of these algorithms.
Thus, this paper worked to parallelize the PSO algorithm for
ARM to make the algorithmmore scalable, more efficient and
be able to deal with huge datasets in practical problems.

The main contributions of this paper includes:

(1) We utilize the PSO algorithm to mine quantitative asso-
ciation rules and take the ARM as a multi-objective op-
timization problem. In this way, the threshold of the op-
timization objectives need not to be specified and the
numerical attributes need not to be discretized first.

(2) We design the parallel optimization of the PSO algorithm
for quantitative association rule mining. Two strategies,
called particle-oriented and data-oriented respectively,
are proposed for different application scenarios.

(3) We design the proposed method based on Spark
framework.

The rest of the paper is organized as follows. Section 2
introduces the background. Section 3 presents the design
and implementation of the proposed approach in detail.
Section 4 introduces the conducted experiments and analyzes
the results. Finally, section 5 concludes the paper.

2 Background

Before introducing the proposed parallel algorithm, some ba-
sic concepts, including the definitions of association rule, or-
igin PSO algorithm and its usage in multi-objective optimiza-
tion, are briefly restated in this section.

2.1 Association rule

Let I = {i1, i2, ..., im} be the set ofm different items. A set X ⊆ I
is termed an itemset or pattern. In particular, an itemset X
containing k items is called a k-itemset. Let T = {t1, t2, ...,
tn} be the set of all possible transactions. A transaction data-
base D is a set of transactions, such that D ⊆ T. Each transac-
tion has a unique transaction ID (tid). A transaction t = (tid, X)
is a tuple (or record) where X is an itemset. A transaction
t = (tid, X) is termed to include itemset Y if Y ⊆ X. An associ-
ation rule is an implication in form of X→ Y, where X, Y ⊂ I
and X∩Y = ϕ, and X is called the antecedent and Y is termed of
consequent, and the rule means X implies Y.

The two fundamental parameters used in conventional
ARM methods are support and confidence. Support of
an association rule X→ Y is obtained as the percentage
of transactions in D that contain X∪Y to the entire num-
ber of transactions. Support indicates the statistical im-
portance of association rules. The confidence of the as-
sociation rule is characterised as the percentage of trans-
actions in D containing X∪Y to the total number of
transactions that contain X.

Particularly, in quantitative association rule mining prob-
lems, attributes are numerical so that items stand for the specific
intervals of each attribute. One of the main tasks is to find the
proper interval for each numerical attribute. There are two ma-
jor approaches to solve this problem. One of the approach is to
discretize the numerical attributes firstly, then take each interval
as the item and employ the traditional association rule mining
algorithm such as Apriori and FP-Growth. The commonly used
discretization methods include equal width method, equal
depth method, clustering based discretization algorithm [26]
and so on. One of the drawbacks of this approach is separating
the discretization and the association rule mining into two pro-
cesses, which is not efficient and may not obtain the best re-
sults. The other approach is to employ the evolutionary algo-
rithms, including GA, PSO and DE, and find the appropriate
boundary of the interval automatically during the iterations.
Since the discretization affects the results of association rules
mining to a great extent, the second approach is more common-
ly used and has been proved to be effective [7, 9, 10].

2.2 Particle swarm optimization

The particle swarm optimization algorithm is a stochastic op-
timization technique proposed by Eberhart and Kennedy in
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1995 [27], which optimizes an objective function by improv-
ing the candidate solutions iteratively. In PSO algorithm, each
particle has two attributes, the position and the velocity, and
represents a candidate solution to the problem. During the
search process, each particle moves to its next position accord-
ing to its own experience and the experience of the whole
particles in the swarm.

LetD∈RN be the search space withN dimensions and k be the
number of particles. The main process of PSO algorithm is as
follows:

(1) For each particle, initialize its position with an N-
dimensional vector Xi = (xi1, xi2, ..., xiN), i = 1, 2, ..., k,
xin∈[Ln, Un], 1 ≤ n ≤N, where Ln and Un are the lower
and upper bounds of the n-th dimension, and set Xi as the
particle’s local best position lbesti ← Xi. Then calculate
the fitness value for all particles and initialize the global
best position of the swarm gbest←Xi, if f(gbest) ≥ f(Xi)
for all values of i∈[1, k], where f is the objective function
to be maximized. Meanwhile, initialize the particle’s ve-
locity with zero vector.

(2) Update the iteration counter, until meet the predefined
maximum iterations.

(3) Update the position and the velocity of each particle
according to the following equations:

Vi t þ 1ð Þ ¼ w*Vi tð Þ þ C1*r1* lbesti tð Þ–X i tð Þð Þ
þC2*r2* gbest tð Þ–X i tð Þð Þ ð1Þ

X i t þ 1ð Þ ¼ X i tð Þ þ Vi t þ 1ð Þ ð2Þ
where 1 ≤ i ≤ k, w is termed the inertia weight, C1 and C2 are
two constant values called cognitive and social factors, r1 and
r2 are picked from uniform distribution [0,1], aiming to bring
stochastic state to the algorithm.

(4) For each value of i∈[1, k], update the local best position
lbesti if f(lbesti) ≤ f(Xi), and update the global best posi-
tion gbest if ∃j∈[1, k], f(gbest) ≤ f(Xj) and f(Xj) ≥ f(Xi) for
all values of i∈[1, k].

(5) Back to step (2).

2.3 Multi-objective optimization

PSO algorithm is also usually employed in multi-objective
optimization problems. In this situation, more than one objec-
tives need to be optimized and some special techniques have
to be taken to obtain the trade-off between different goals.

There are mainly three approaches to realize the op-
timization of multi-objectives, that is the weighted sum
method, the lexicographic method and the Pareto

method [16]. In the weighted sum method, different
objectives are weighted linear summed and the result
is used for comparison. The lexicographic method pri-
oritizes the optimization objectives firstly, then each ob-
jective is compared sequentially. However, these two
methods have some drawbacks. The weighted sum
method sets the weight coefficient for each optimization
objective, and the value of these parameters is usually
determined according to experts’ previous experience
and lacks of objectivity. This shortcoming also exists
in the lexicographic method. It is difficult to determine
the priority of different optimization objectives and dif-
ferent priority orders may lead to completely different
comparison results. By contrast, the Pareto method over-
comes the limitation and obtains a trade-off among dif-
ferent optimization objectives.

In the Pareto method, a candidate solution is considered to
dominate another candidate solution if it is better for at least
one optimization objective and not worse for all the other
objectives at the same time [28, 29]. Figure 1 illustrates an
example of the Pareto method, where O1 and O2 are two
objectives to be optimized, and c1 to c4 are four candidate
solutions. According to the definition, we can conclude that
c1 is dominated by c2 and c3 is dominated by c4. Since neither
c1 nor c4 is dominated by the other candidate solution, they are
termed non-dominated candidate solutions and both accepted
as Pareto Optimal Front.

In multi-objective PSO algorithm, the comparison of
the objective function often takes Pareto dominance into
account when moving the particles, and the non-
dominated candidate rules are stored in the local best
position set and the global best position set. When ap-
plying PSO algorithm to mining quantitative association
rules, two key issues are how to represent the candidate
rule with the particle and how to design the fitness
function. The particle encoding methods and the com-
monly used metrics are detailedly illustrated in next
section.

Fig. 1 Example of the pareto method
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3 PPQAR

3.1 Rule representation

PSO algorithm can be applied to mining association rules by
designing the particle position vector and the fitness function.
There are two methods to represent a rule as particle position,
which are inspired from chromosome representations in the
genetic algorithms. The first is Pittsburgh approach, where
each particle or chromosome represents a set of rules. The
second is called Michigan method, in which each particle
represents a separate rule. These two methods have different
application scenarios, and decisions should be made depends
on the main task of the problem. The Pittsburgh method pays
attention to the features of the whole rules set instead of eval-
uating the quality of a single rule. On the contrary, the
Michigan method has simpler and shorter encoding form,
and is easier to calculate optimization objectives on each in-
dividual rule. In this work, the Michigan approach is followed
and there is an one-to-one correspondence between candidate
rule and particle position.

There are also different approaches to encode a single rule
as a particle. Binary encoding and attribute interval represen-
tation are two commonly used method. The first approach is
more suitable to handle categorical data and single-dimension
ARM problems like market-basket analysis. By contrast, the
second approach is used to process the fixed-length data with
aptotic attributes, and is more suitable for numerical attributes.
In this paper, the attribute interval representation method in-
troduced by BeiranvandVet al. [16]. is used to encode the rule
to a particle.

In detail, as shown in Table 1, each attribute in the particle
consists of three parts: the mark field (Mark), the lower bound
(L) and the upper bound (U). The first part of an attribute is a
mark indicates which part of the rule the current attribute
belongs to: the antecedent part, the consequent part, or none
of them which means this attribute does not appear in the rule.
This part of the attribute takes the values in three separate
intervals: if Marki∈[0, 0.33], the attribute is involved in the
antecedent of the rule; if Marki∈[0.34, 0.66], the attribute is
involved in the consequent of the rule; and if Marki∈[0.67,
1.00], the attribute does not appear in the rule, at all. The
antecedent section of a rule includes all those attributes in
the particle containing a value in the range of [0.00, 0.33] as
the first part of the attribute, while the consequent section
includes all the attributes containing a value in the range of

[0.34, 0.66] as the first part of the attribute. The second and the
third parts of an attribute in the particle representation specify
the lower bound Li and the upper bound Ui values of that
attribute in the dataset. As the PSO algorithm evolves these
intervals are adjusted so as to find the most appropriate inter-
val for each attribute [17, 18].

3.2 Fitness function

The proposed method uses four measures as optimization ob-
jectives to evaluate the quality of each particle, viz., candidate
solution, including support, confidence, comprehensibility
and interestingness.

As mentioned above, when it comes to numerical attri-
butes, support of A∈[LA, UA] where L and U are the lower
and upper bounds of specified interval is defined in (3).
Accordingly, the confidence of rule A→C is defined in (4).

Support Að Þ ¼ number of records where A∈ LAUA½ �
number of records in the database

ð3Þ

Confidence ¼ Support A∪Cð Þ=Support Að Þ ð4Þ

Many research results have shown that the classical
framework performs well in most cases [30–32], but
there is still room for improvement. The support and
confidence measures guarantee the objectivity and reli-
ability of a rule, in addition, a rule should also be com-
prehensible and interesting. However, comprehensibility
and interestingness of a rule are very abstract and hard
to quantify. According to Ghosh and Nath’s research
[33], the less number of conditions in the antecedent
part of a rule would be, the more comprehensible or
understandable is that rule. Meanwhile, the research
used a method based on the support of both antecedent
and consequent parts to measure the interestingness of
the rule [34]. These two measures are calculated by (5)
and (6).

Comprehensibility ¼ log 1þ jCjð Þ=log 1þ jA∪Cjð Þ ð5Þ
Interestingness ¼ Sup A∪Cð Þ=Sup Að Þ½ �
* Sup A∪Cð Þ=Sup½ �* 1−Sup A∪Cð Þ=jDj½ � ð6Þ

where Sup is the support count of the conditions and |D| is the
total number of records in the database.

All the four objectives evaluate a candidate rule from different
angles. In summary, the paper designs themetric vector shown in
(7) as the fitness of PSO algorithm, where Sup, Con, Com, Int are
short for Support, Confidence, Comprehensibility and
Interestingness, respectively.

Fitness ¼ Sup;Con;Com; Intð Þ ð7Þ

Table 1 Rule representation as a particle

Attribute1 Attribute2 … Attributei … Attributen

Mark1 L1 U1 Mark2 L2 U2 Marki Li Ui Markn Ln Un

1436 Peer-to-Peer Netw. Appl. (2019) 12:1433–1444



3.3 PSO for ARM

The overall framework of PSO algorithm for quantitative as-
sociation rule mining problems is shown in Fig. 2.

Firstly, the value of two parameters, i.e. particle population
and maximum iteration, are set. Then, records are imported
from the database and for each attribute in the record, calculate
the lower and upper bounds as the limit of the particle
position.

Then the PSO algorithm begins iterating until meet the stop
criteria, i.e. maximum iterations. Since the PSO algorithm is
easy to fall into local optimum, the particles are initialized
randomly in the range of attribute values, instead of assigning
the same initial position.

During each iteration, the fitness function vector consists of
four objectives is calculated for all the particles. Then both
local best value set lbset and global best value set gbest are
updated based on Pareto dominance. More concretely, if the
fitness fi of the particle’s current position pi is higher than the
fitness fj of some best known position pj in the local or global
best set on all the four metrics, which means the candidate rule
represented by pi dominates the rule represented by pj, then
delete pj from the local or global best set and add pi as the new
best known position. By contrast, if fi is lower than the fitness
fj of some best known position pj in the local or global best set
on all the four metrics, indicating that the candidate rule rep-
resented by pi is dominated by the rule represented by pj, then
just finish the comparison and move to next iteration.
Otherwise, the particle’s current position pi is a new non-
dominated candidate solution and should be added to the local
or global best set.

To update the particles’ velocity and position, certain items
in the local best set and global best set have to be selected to be

put into the formula, and there the Roulette wheel selection is
applied. Specifically, for a non-dominated best known posi-
tion pi, the probability of being selected is calculated by (8),
where fi is the fitness value of position pi and the denominator
is the sum of the fitness value of particle positions stored in the
local best set and global best set. Since the fitness is a four-
dimensional vector, the product of the four measures is used as
the fitness value.

Probability pið Þ ¼ f i
∑p j in set f j

ð8Þ

The Roulette wheel selection method ensures the position
with better fitness value has higher chance of being selected.

Fig. 2 The particle-oriented parallelization method

Fig. 3 The particle-oriented parallelization method
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In this way, the particle as well as the whole swarm can con-
verge to the optimum value more quickly.

Moreover, to control excessive roaming of particles
outside the search space, the value of each component
in the velocity vector is clamped to the predefined
range. Let Vmax = {vmax1, vmax2, ..., vmaxn} be the max-
imum velocity, where vmaxi, i∈ [1, n] represents the ve-
locity component on attribute ai∈ [Li, Ui] and is calcu-
lated by (8).

vmaxi ¼ Ui−Lið Þ=K ð9Þ

Here K is termed the limitation factor, which is a
constant value set by user according to the specific data
feature. When the velocity component vi exceeds the
limit, it is rectified according to (10).

vi ¼ r* vmaxi ð10Þ
where r is randomly picked from uniform distribution
[0,1]. Similarly, the particle position is also fixed when
exceeds the bound during each iteration.

3.4 Parallel optimization

As an iterative algorithm, PSO algorithm requires previ-
ous results to finish calculation in each iteration, so the
algorithm must execute in serial between iterations. In
this situation, this paper aims at parallelizing the stages
in each iteration and reducing time consumption.

Previous section and Fig. 2 show that many stages of
the algorithm can be executed in parallel. For example,
procedures like calculating the fitness function and
updating the position, velocity and local best set value
of each particle can be processed separately. We propose
the particle-oriented approach for large number of parti-
cles and relatively small datasets. In view of huge
datasets, the data-oriented parallelization method is pres-
ent to split the whole dataset into partitions. So the two
proposed methods in this paper are adopted in different
application scenarios and we will discuss it in detail.

Let |D| be the number of records in the database, N
be the number of attributes, the complexity of the algo-
rithm is equal to O(N*|D|). Moreover, with specific par-
ticle population P and iteration number I, the complex-
ity is equal to O(N*|D|*P*I), which grows linearly with
each parameter increasing. The fitness function calcula-
tion step needs to scan the whole dataset to get values
of optimization objects, so its complexity depends on
the scale of dataset. Since the complexities of other
steps are only related to the scale of swarm and itera-
tions, it is obvious that the fitness calculation step is the
main part of the whole time consumption in each itera-
tion. Therefore, this paper focuses on computing the
fitness function in parallel and proposes two strategies,
termed particle-oriented and data-oriented parallelization,
respectively. Brief illustration of these two methods are
shown in Fig. 3 and Fig. 4.

As shown in Fig. 3, the particle-oriented method
treats each particle as the computing unit and calculate
each particle’s fitness function in parallel. For each par-
ticle, the algorithm scan the dataset and run just like the
serial version.

Based on Spark RDD framework, the algorithm cre-
ate an RDD particleRDD = [P1, P2, ..., Pp] to save the

Fig. 4 The data-oriented
parallelization method

Table 2 The statistics of the test dataset

Records number Indexes number Type

20 million 12 numerical
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whole swarm, where p is the particles number and Pi, 1 ≤ i ≤ p
is a particle. When the algorithm begins, it firstly loads the
dataset into the memory from file on each worker node, and
the dataset is resident during the whole process. During each
iteration, the algorithm distributes the particles to different
worker nodes, and all the computing tasks of each particle is
finished on the same node. Algorithm 1 presents the pseudo
code of this method.

Assume that there are enough computing resources,
including CPU cores and memory, this method can re-
duce the complexity from O(N*|D|*P) to O(N*|D|)

theoretically. Moreover, the particle-oriented approach
has strong flexibility and can be applied on clusters with
different number of worker nodes by adjusting the num-
ber of partitions in the particle RDD.

The particle-oriented parallelization method is more
suitable for large particles number and relatively small
datasets. Since only particles information is transmitted
in network in the following iterations, this method has
very small network communication overhead. Besides,
by caching the dataset in memory, there is no I/O cost
during iterations, which makes it also applicable for
large iteration number.

The particle-oriented approach can get a linear speed-
up compared to the origin serial algorithm. However,
there are some deficiencies in this method. When it
comes to huge datasets, the single worker node may
not be able to load the whole dataset into the memory.
Moreover, the particle-oriented method is unable to
make full use of the computing resources when the par-
ticle number is close to or even less than the number of
worker nodes. Therefore, a more scalable and general
method is proposed to overcome these disadvantages.

The data-oriented parallelization method updates par-
ticles’ positions, velocities and local best sets in the
same way as the particle-oriented parallelization method.
But in the fitness function computing step, this method
splits the whole dataset into partitions and each partition
is treated as a computing unit. The swarm is processed
serially. For each particle, the algorithm computes the
fitness function on every partitions in parallel, then re-
sults on every partition are collected and merged to get
the final fitness value.

In this method, the records in the dataset are orga-
nized as an RDD: dataRDD = [R1, R2, ..., Rd], where d
is the number of records in dataset, and Ri, 1 ≤ i ≤ d is a
record. The relation between each record and the rule

Table 3 Sample records

Sample
number

P Q I WDIRECTION WSPEED GDIRECTION GSPEED HUMIDITY TEMPERATURE PRESSURE MDIRECTION MSPEED

1 301.55 −56.65 314.80 12 6.4 343 9.1 67 26.2 990.8 359 9.3

2 310.69 −54.82 325.35 67 5.1 45 8.5 61 30.1 996.4 63 5.2

3 −555.0 6.09 573.18 111 2.6 94 3.9 45 31.6 999.7 97 2.3

Table 4 The parameters settings

Parameter Value Description

w 0.8 Inertia weight

C1, C2 2 Cognitive and social factors

K 20 Limitaton factor

Peer-to-Peer Netw. Appl. (2019) 12:1433–1444 1439



represented by the particle’s position can be divided
into four conditions: the record satisfies both anteced-
ent and consequent conditions, only satisfies anteced-
ent condition, only satisfies consequent condition and
satisfies neither antecedent nor consequent condition.
The algorithm calculates the optimization objectives
by counting the number of records of these four types.
Let Ti, 1 ≤ Ti ≤ 4 indicates the relation type, map each
record Ri to a key-value pair <Ti, 1>, then it is able to
get records number of each type by applying the re-
duce action. Figure 4 demonstrates the fitness calcula-
tion step and Algorithm 2 describes the data-oriented
method in detail.

Therefore, the particle-oriented parallelization meth-
od is efficient when the datasets are small and the
number of particles is large, while the data-oriented

method has a better performance on the huge datasets.
Meanwhile, it has a fine scalability because the effi-
ciency can be raised by simply adding more compute
nodes to the cluster.

4 Experiments and discussion

In this section, a series of experiments were conducted to
evaluate the proposed algorithm PPQAR. All experi-
ments run on a Spark cluster with one master and six
worker nodes. Each worker node has four CPU cores
and 4GB RAM, with an environment of 64bit centOS 7
and Spark 2.0.0.

This paper used equipment defects records in power
grid as the test dataset. This dataset is collected from the
actual production environment and recorded twelve in-
dexes such as environment temperature, humidity, dis-
solved gas in oil etc. when device failure happened.

Fig. 5 Time consumption of three methods

Fig. 6 Speedup comparison between two proposed methods
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And all attributes are numerical. As shown in Table 2,
there are 20 million records in test dataset. Table 3 illus-
trates three sample records.

In our experiments, the hyper parameters in PSO algorithm
are set to the values shown in Table 4.

Firstly, we compared two proposed methods with various
particles numbers ranging from 10 to 200, and serial version
algorithm was used as the benchmark. Since both particle-
oriented and data-oriented method parallize the stages in a
single iteration, the time consumption of one iteration was
recorded. These experiments used dataset with a scale of 2
million lines. Moreover, to avoid randomness, each test was
repeated 10 times and took the average of the results. The
results are shown in Fig. 5, Fig. 6 and Table 5.

Figure 5 shows that the time costs of all the three methods
keep near-linearly increasing with the particle number grow-
ing, which is consistent with the theoretical complexity.
According to the calculation, we can conclude that the data-

oriented parallelization method gets a 180% speedup approx-
imately and the particle-oriented method achieves 600%
speedup in average. The results shown in Fig. 6 indicate that
the particle-oriented method is more than three times the per-
formance of data-oriented method. Therefore, when the
dataset size is not huge or there is enough memory on each
compute node, the particle-oriented parallelization approach
should be the first choice.

Figure 6 also shows that the speedup of the data-oriented
parallelization method is relatively stable on different particle
number. It means that the performance of the method has little
correlation with the swarm size. By comparison, the particle-
oriented method works better on large particle number. This is
because there are more particles in a single partition when the
particle number grows, and the computation takes higher pro-
portion of the total time cost compared with the communica-
tion loss. The result verifies that the particle-oriented approach
is more fit for applications with large particle number.

Table 7 Time consumption on different dataset sizes

Size (million
lines)

2 4 6 8 10 12 14 16 18 20

time cost (sec) 0.22 0.40 0.77 1.31 1.48 1.74 2.16 2.67 2.71 2.95

Table 5 Comparison between
two methods Particle

number
Time cost (sec) Speedup

Serial Particle-oriented Data-oriented Particle-oriented Data-oriented

10 15 3 10 5.00 1.50

20 25 4 19 6.25 1.32

30 34 6 24 5.67 1.42

40 40 8 33 5.00 1.21

50 49 9 35 5.40 1.40

60 56 9 35 6.22 1.60

70 61 10 36 6.10 1.69

80 69 10 40 6.90 1.73

90 80 10 42 8.00 1.90

100 89 11 48 8.10 1.85

110 99 12 53 8.25 1.87

120 107 13 59 8.23 1.81

130 115 14 65 8.21 1.77

140 124 15 71 8.26 1.74

150 132 16 74 8.25 1.78

160 139 17 76 8.18 1.83

170 147 18 81 8.17 1.81

180 156 19 85 8.21 1.84

190 164 20 91 8.20 1.80

200 172 21 96 8.20 1.79

Table 6 The memory consumption of three method

Serial Particle-
oriented

Data-
oriented

221 MB 1256 MB 223 MB
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We also record the memory consumption of three methods
and the results are shown in Table 6. We can see that the mem-
ory cost of serial and the data-oriented method is basically the
same. But the particle-oriented method uses almost six times of
memory, because it needs to broadcast the dataset to every
worker and six worker nodes are utilized in the experiment.

Secondly, we conducted the experiments to evaluate the per-
formance of the data-oriented method. The data-oriented
parallelization method is designed for huge datasets which could
not be loaded into memory at once. Thus, in this part, the algo-
rithmwas tested on different dataset sizes ranging from 2million
to 20million lines. Time cost of the fitness computing step of one
particle was recorded and results are shown in Table 7. The result
shows that the algorithm took 0.22 s to calculate the fitness for
one particle on dataset with 2 million lines. Assume this as the
time consumption unit, a baseline is shown in Fig. 7 and com-
pared with the real time cost. It indicates that with dataset size
increasing, the real time consumption has a deviation trend from
the ideal baseline. This is because when dataset size grows, the
algorithm generatesmore key-value pairs, whichmakes the shuf-
fle and reduce steps take more time. This is an optimization goal
and would be focused on in future work.

Finally, we validated the scalability of the particle-oriented
method. In this part, we used the dataset of 20 million lines and
tested the algorithm on clusters consisting of different number
of computing nodes. The twomain parameters, particle number
and iteration, are set to 30 and 100 respectively, and the

experiment result is shown in Table 8 and Fig. 8. The result
shows that the speedup of the particle-oriented method is ap-
proximately proportional to the number of computing nodes. It
means that we can improve the efficiency of the algorithm by
deploying large scale clusters. Moreover, from Fig. 7, we can
find that there is also a small gap between the real speedup and
the ideal curve due to the communication loss, and the devia-
tion is more obvious as the cluster scale increasing.

Table 9 shows a rule case of the dataset. The mark of
attribute P, I is between 0.00 and 0.33, so P and I is the ante-
cedent part; The mark of attribute WSPEED, GDIRECTION
and PRESSURE is between 0.33 and 0.66, so these attributes
is the consequent part. Other attributes are not contained in the
rule. Specially, the rule can be shown as follows:

P −38:8; 671:8½ �; I 356:9; 681:7½ �→WSPEED 0; 3:3½ �;
GDIRECTION 0; 99:9½ �;PRESSURE 994:1; 1003:9½ �

ð11Þ

Fig. 7 Experiments on different dataset sizes
Fig. 8 The speedup on different number of worker nodes

Table 9 A Rule case

Attribute Mark Lower bound Upper bound

P 0.05 −38.8 671.8

Q 0.84 −37.8 35.7

I 0.24 356.9 681.7

WDIRECTION 0.71 1 560

WSPEED 0.55 0 3.3

GDIRECTION 0.59 0 99.9

GSPEED 0.68 1.3 6.68

HUMIDITY 0.74 64.2 100

TEMPERATURE 0.70 22.6 28.3

PRESSURE 0.43 994.1 1003.9

MDIRECTION 0.84 4876 9999

MSPEED 0.87 4.5 9.3

Table 8 The speedup of the particle-oriented method

Nodes number Time cost (sec) Speedup (%)

1 3426 100

2 1737 197

4 889 385

6 613 559
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where P[−38.8, 671.8] means that the value of attribute P is
between −38.8 and 671.8. The support, confidence, comprehen-
sibility and interestingness of the rule are 0.31, 0.63, 0.86, 0.28.

5 Conclusion

This paper presents a parallel PSO algorithm for quantitative
association rule mining problems. According to previous ap-
proaches, PSO algorithm is used to mine quantitative associ-
ation rules by encoding the particles’ position and defining the
optimization objectives as fitness function. In order to im-
prove the efficiency, two parallelization strategies, called
particle-oriented and data-oriented respectively, are designed
for different application scenarios. Experiments show that the
particle-oriented parallelization is more efficient and the data-
oriented method is more general and scalable to process huge
datasets. Both methods have an obvious speedup compared to
the serial algorithm. The algorithm will be deployed to clus-
ters with more computing nodes and applied to large scale
analysis on defects records in power grid in future work.
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