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Abstract
Traditional frequent itemsets mining (FIM) suffers from the vast memory cost, small processing speed and insufficient disk
space requirements. FIM assumes only binary frequency value for items in the dataset and assumes equal importance value for
items. In order to target all these limitations of FIM, high-utility itemsets (HUIs) mining has been presented. HUIs mining is
more complicated and difficult than FIM. HUIs mining algorithms spend more execution time because of large search space.
Therefore, soft computing techniques-based HUIs mining has been proposed. Soft computing techniques provide a systematic
process to discover the optimum solutions by using the concept of natural evolution. This article explores the usage of soft
computing techniques in HUIs mining. The article presents a taxonomy of soft computing techniques-based HUIs mining
including evolutionary computation and fuzzy logic-based approaches. This article enhances understanding of HUIs mining
problems, the current status of provided solutions. The paper provides a comparison analysis of key techniques and discusses
theoretical aspects of the various nature-inspired and fuzzy logic-based techniques along with their pros and cons. In addition,
an overview of strategies and approaches is also presented. Finally, the article mentions key research opportunities and future
directions.

Keywords Pattern mining · High-utility itemsets mining · Utility mining · Evolutionary techniques · Fuzzy logic · Soft
computing · Nature-inspired techniques

1 Introduction

In the past two decades, knowledge discovery database
(KDD) is an evolving issue to mine useful knowledge from
very large datasets. The mining of knowledge is generally
grouped into association rules (Agrawal et al. 1993; Agrawal
and Srikant 1994; Chen et al. 1996; Zaki 2000), sequential
patterns (Agrawal and Srikant 1995), classification [6], clus-
tering (Berkhin 2006) and high-utility itemsets (Chan et al.
2003, [9]). The frequent itemsets mining (FIM) or associ-
ation rule mining (ARM) is proposed to mine the frequent
itemsets where the occurrence of frequencies is no less than
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the minimum support threshold or their confidence is no less
than user defined minimum confidence threshold (Agrawal
and Srikant 1994; Han et al. 2000). In order to mine the asso-
ciation rules (ARs), Agrawal and Srikant (1994) presented
apriori algorithm in a level-wise manner. But, it consumes
a high amount of time to identify the frequent itemsets and
generation of the numerous candidates. In order to target the
limitations of required a high amount of execution time and
a large number of candidate itemsets, evolutionary computa-
tion (EC) techniques have been used to mine ARs (Telikani
et al. 2020).

In real-life situation, there are many itemsets with high
profit value, but less occurrence. In that case, FIM or ARM
is extremely inadequate to discover the high-profit itemsets.
For example, breads are likely to purchase more as compared
to diamonds. The bread itemsets have higher frequency with
low-profit value, while diamond itemsets have low frequency
with high-profit value. Therefore, the information of high-
utility itemsets is highly beneficial as compared to frequent
itemsets. In order to overcome the limitations of FIM, high-
utility itemsets mining (HUIM) algorithms (Ahmed et al.
2009; Yao and Hamilton 2006; Singh et al. 2018, [9]) are
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proposed to find the high-profit itemsets from the quantitative
datasets. An itemset can be chosen as a high-utility itemset if
its utility value is higher than the minimum utility threshold.
The utility of the itemset is measured according to the user
preferences such as profit or cost.

Several algorithms are proposed to efficiently mine the
complete set of HUIs in the literature. Chan et al. (2003)
firstly proposed the concept of HUIs. Yao et al. [9] discover
the complete set of HUIs by using two factors. The first is the
item’s quantity as the internal utility, while the second is the
item’s profit value as the external utility. Due to combinato-
rial issue that occurs in earlier algorithms, Liu et al. (2005)
designed a two-phase transaction weighted utility (TWU)
model and transaction weighted downward closure property
(TWDCP) to mine HUIs. Guo-Cheng Lan and Tseng (2014)
develop the pruning strategy to effectually discover HUIs and
the mining approach based on index-projection technique.
Tseng et al. (2010) proposed UP-Growth algorithm and UP-
tree structure to mine HUIs. Liu and Qu (2012) develop an
efficient list-based HUI-Miner method to mine HUIs without
candidate generation.

The traditional HUIM algorithms spend more computa-
tion time to search an item from the large datasets. This
issue can be resolved by using evolutionary computation
which sets the strict termination condition to decrease the
computational time for a process (Cattral et al. 2009). The
genetic algorithm is an example of evolutionary computa-
tion. It provides an optimal solution to resolve the NP-hard
and nonlinear issues.

A genetic algorithm, named high-utility pattern extracting
using genetic algorithm with ranked mutation using mini-
mum utility threshold (HUPEumu-GRAM) (Kannimuthu and
Premalatha 2014), is proposed to efficiently mine HUIs.
In the same paper, authors proposed another genetic algo-
rithm, named HUPEwumu-GRAM is also proposed to find
HUIs without a specific minimum utility threshold. But,
both these algorithms are inadequate to obtain the promis-
ing HUIs because the computations are more if the distinct
items are very large in the dataset. Zhang and Ji (2015)
proposed particle swarm optimization (PSO) to handle the
continuous problem to obtain the optimum solutions. But, in
real-time applications, PSO is insufficient to optimize for a
binary search space. In order to address this issue, a binary
PSO (BPSO) algorithm is presented to discover the optimum
solutions to handle the binary search space (Lin et al. 2017).
However, BPSO approach requires a large number of com-
putations to obtain high accuracy.

Another solution to the computational evolutionary is to
use the fuzzy theory system to handle the transaction datasets
based on the crisp sets. Fuzzy frequent itemsets (FFIs) dis-
cover the fuzzy data in a level-wise way to greatly reduce the
computation time; however, some information may be lost
(Hong et al. 1999). Several algorithms are also developed to

mine MFFIs based on their designed tree structures (Hong
et al. 2014; Lin et al. 2015). Even though it is better than
apriori-like approaches, it still requires more computation to
mine MFFIs.

Several surveys (Freitas 2003; Ventura and Luna 2016;
Telikani et al. 2020; Badhon et al. 2021) exist on evolu-
tionary computation-based frequent or association itemsets
mining. But no survey is available for evolutionary compu-
tation or soft computing techniques-based HUIs mining. To
the best of our knowledge, this work is the first that presents
a survey on soft computing-based HUIs mining approaches.
Our survey is distinct from FIM-based state-of-the-art works
on the following aspects: First, we present a taxonomy of
evolutionary computation and fuzzy-logic-based HUIs min-
ing approaches. Second, the present theoretical and detailed
analysis of the state-of-the-art approaches. Third, we also
present the advantages and disadvantages of all the state-of-
the-art approaches. Fourth, the paper shows the comparison
of characteristics and features of the available state-of-the-art
approaches.

This paper presents a comprehensive survey of soft com-
puting techniques based on HUIs mining to provide the
current developments and key opportunities in the related
fields. The main contributions of this article are:

1. This paper presents an in-depth understanding of the dif-
ferent approaches of soft computing techniques-based
HUIs mining, including their component features utilized
techniques and comparisons with related concepts.

2. This survey presents a taxonomy of soft computing
techniques-based HUIs mining, including evolutionary
computation and fuzzy-based approaches, as shown in
Fig. 1.

3. It further categorize soft computing techniques-based
HUIs mining into GA, PSO, ACO, multi-objective,
hybrid, simple fuzzy, temporal fuzzy and GA-based fuzzy
approaches.

4. This paper presents a comparative analysis and highlights
the comparative pros and cons of the current state-of-the-
art approaches.

5. This article also discusses research opportunities and
future remarks.

The rest of the paper is organized as follows: Sect. 2 dis-
cusses preliminaries, definitions and properties to describe
the soft computing-based HUIs mining approaches. Sec-
tion 3 reviews the soft computing techniques-based HUIs
mining approaches. Section 4 provides discussions of HUIs
mining approaches. Section 5 discusses the research oppor-
tunities and future directions. Lastly, Sect. 6 concludes the
survey.
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Fig. 1 Taxonomy of soft computing techniques-based high-utility itemsets mining approaches

2 Preliminaries and definitions

Most of HUIs mining approaches are expanded from the
conventional FIM methods. This section introduces prelim-
inaries, definitions and the notion of HUIs mining. This
section also defines the problem statement of HUIs mining.

Let I = {i1, i2, . . . , in} be a finite set of n distinct items
(attributes) in a quantitative dataset D which consists the set
of transactions, D = {T1, T2, . . . , Tm}, where each trans-
action Tq = D(1 ≤ q ≤ m), (1) is a subset of I and (2)
has a unique identifier q, called TI D (transaction identifier).
Each item i in a transaction Tq is associated with a purchase
quantity (or internal utility), denoted as IU (i, Tq). A quan-
titative dataset D is shown in Table 1, which will be used
as a running example. The dataset D consists of eight trans-
actions (T1, T2, T3, T4, T5, T6, T7, T8) and six distinct items
A, B, C, D, E and F . The external utility (or profit value)
of each item is denoted as P R(i) as shown in Table 2. The
minimum utility threshold is set as (δ = 20). For example,
the transaction T1 consists of four items A, B, D, F and has
internal utility 3, 1, 3, 2, respectively. The profit value of
A, B, D and F is, respectively, 2, 8, 5 and 2.

Table 1 Transactional dataset

T I D T ransaction

T1 (A, 3), (B, 1), (D, 3), (F, 2)

T2 (B, 3), (C, 2), (E, 1)

T3 (B, 3), (C, 1), (E, 3), (F, 2)

T4 (A, 3), (B, 2), (D, 2)

T5 (A, 2)

T6 (C, 2), (D, 1), (E, 3), (F, 3)

T7 (A, 3), (C, 2), (D, 3)

T8 (D, 3), (E, 2), (F, 1)

Table 2 External utility Item A B C D E F

Profit 2 8 1 5 7 2

Definition 1 The utility of an item i in a transaction Tq is
calculated as: U (i, Tq) = IU (i, Tq) × P R(i). For example,
the utility of item A in T1 is U (A, T1) = IU (A, T1)×P R(A)

is 3 × 2(= 6). The utility of items A, B, D and F in T1 is,
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Table 3 TU for the running
example

T I D T ransaction T U

T1 A, B, D, F 33

T2 B, C, E 33

T3 B, C, E, F 50

T4 A, B, D 32

T5 A 4

T6 C, D, E, F 34

T7 A, C, D 23

T8 D, E, F 31

respectively, computed as U (A, T1) = IU (A, T1)× P R(A)

is 3 × 2(= 6), U (B, T1) = IU (B, T1) × P R(B) is 1 × 8(=
8), U (D, T1) = IU (D, T1) × P R(D) is 3 × 5(= 15) and
U (F, T1) = IU (F, T1) × P R(F) is 2 × 2(= 4).

Definition 2 The utility of an itemset X in transaction Tq is
calculated as: U (X) = ∑

i∈X U (X , Tq).

For example, the utility of itemsets {B, D} and {B, D, F}
in transaction T1 is, respectively, computed as:U ({B, D}, T1)

= U (B, T1)+U (D, T1) = 8+15(= 23) and U ({B, D, F},
T1)= U (B, T1)+ U (D, T1)+U (F, T1)= 8+15+4(= 27).

Definition 3 The utility of an itemset X in a dataset D is
calculated as: U (X) = ∑

X⊆Tq∧Tq∈D U (X).

For example, the utility of {B} and {B, D} in dataset D is,
respectively, calculated as: U (B) = U (B, T1)+U (B, T2)+
U (B, T3) + U (B, T4) = 8 + 24 + 24 + 16(= 72) and
U (B, D) = U ({B, D}, T1) + U ({B, D}, T4) = 23 + 26(=
49).

Definition 4 The transaction utility of transaction Tq is cal-
culated as: T U (Tq) = ∑

U (i, Tq).

For example, T U (T1) = U (A, T1) + U (B, T1) +
U (D, T1) + U (F, T1) = 6 + 8 + 15 + 4(= 33). Table 3
shows T U for the running example.

Definition 5 The total utility of a dataset D is calculated as:
TD = ∑

Tq∈D T U (Tq).

For example, the total utility of a dataset D is calculated as:
TD = T U (T1)+ T U (T2) +T U (T3)+ T U (T4)+ T U (T5)+
T U (T6)+ T U (T7) + T U (T8) = 33 + 33 + 50 + 32 + 4 +
34 + 23 + 31(= 240).

Definition 6 The transaction weighted utilization (T WU ) of
an itemset X is calculated as: T WU (X) = ∑

X⊆Tq∧Tq∈D
T U (Tq).

For example, T WU of A is T WU (A) = ∑
A⊆Tq∧Tq∈D

T U (Tq) = T1 + T4 + T5 + T7 = 33 + 32 + 4 + 23(= 92).

Table 4 shows the TWU of each item for the running example.

Table 4 T WU of each item

Item A B C D E F

Profit 92 148 140 153 148 148

Table 5 HUIs of the running example

I temsets Utili t y I temsets Utili t y

{B} 72 {D, F} 47

{D} 60 {E, F} 68

{E} 63 {A, B, D} 61

{A, D} 58 {B, C, E} 76

{B, C} 51 {B, E, F} 49

{B, D} 49 {C, E, F} 55

{B, E} 76 {D, E, F} 63

{C, E} 54 {B, C, E, F} 50

{D, E} 55 . . .

Property 1 (Pruning using T WU ). If T WU of an itemset X
is less than min_util, then itemset X and none of its supersets
are HUIs.

HUIM algorithms use T WU to satisfy the anti-monotonic
property.

Definition 7 An itemset X in a dataset D is a high-utility
itemset (HUI) if and only if its utility is no less than minimum
utility count as: HU I ← {X |U (X) ≥ TD × δ}.

For example, the utility of itemsets {B} and {A, B} is,
respectively, calculated as U ({B}) = 72 and U ({A, B}) =
36. Thus, {B} is a HUI since U ({B}) = 72 ≥ 240 × 0.2(=
44.8), while {A, B} is not a HUI since U ({A, B}) = 36 <

240 × 0.2(= 44.8). Table 5 shows HUIs for the running
example, where min_util(TD × δ) is 240 × 0.2(= 48.0).

3 Mining of high-utility itemsets using
soft-computing approaches

The traditional HUIM algorithms perform on extremely high
search space to find HUIs in the large datasets, thereby result-
ing in the exponential problem. To address this issue, soft
computing techniques are proposed to discover the optimal
solutions based on the principles of natural evolutionary (Cat-
tral et al. 2009).

The soft computing techniques are broadly classified into
two main categories, namely evolutionary computation (EC)
and fuzzy logic. The EC soft computing techniques are fur-
ther classified into genetic algorithm (GA), particle swarm
optimization (PSO), ant colony optimization (ACO), multi-
objective optimization EC and hybrid approaches. On the
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other hand, fuzzy logic soft computing techniques are further
classified into simple fuzzy, temporal fuzzy and GA-based
fuzzy approaches.

In the following subsections, the EC-based and fuzzy
logic-based soft computing techniques on HUIs mining are
discussed in detail.

3.1 evolutionary computation-based approaches

Evolutionary computation is motivated by the concept of
biological evolution, which provides the optimal solutions
and solves the NP-hard problems in various domains and
applications such as engineering design problems (Thirug-
nanasambandam et al. 2019) and image processing [30].
Many algorithms are proposed in privacy preserving data
mining (PPDM) to hide the sensitive data itemsets (Atal-
lah et al. 1999; Dasseni et al. 2001; Hong et al. 2013; Lin
et al. 2013; Daniel 1991). The privacy preserving utility
mining (PPUM) extends PPDM to utilize the concept of
utility to modify an item’s quantity (Yeh and Hsu 2010).
Authenticity is the major concern for data sanitization in
the PPUM. Several evolutionary computation-based soft
computing approaches are presented to hide the sensitive
information in the PPUM.

The genetic algorithms (GAs) (Goldberg 1989; Holland
1992) become an active research area that provides probable
solutions in a stipulated period of time and can be used to
hide the sensitive HUIs in PPUM. GA is a meta-heuristic
technique that is influenced by the concept of natural selec-
tion [39] and is widely used to solve the nonlinear and
NP-hard problems (Karakatič and Podgorelec 2015; Mir-
jalili et al. 2020). It uses mainly three populations, namely
selection, crossover and mutation to find promising solutions
(Yang 2010; Goldberg and Holland 1988). GAs adopt various
optimization problems like design, robotics, combinatorial
optimization and data mining (Berson and Smith 1997).

Another major research area of evolutionary computation
is particle swarm optimization (PSO) (Kennedy and Eber-
hart 1995) that is influenced by the flocking characteristics
of birds to resolve the issues of optimization. In PSO, each
particle is denoted by a set of velocities in the evolution pro-
cess. PSO considers personal best (pbest) and global best
(gbest) to keep the previous best particles and neighbor best
particles, respectively, in the memory. PSO-based algorithms
provide faster optimal solutions as compared to the GA-based
algorithms when the number of populations is set low. PSO
is used in many real-time scenarios like routing problems
(Nouaouria et al. 2013), cuckoo search (Li and Yin 2016),
clustering (Tsai et al. 2015), differential solutions (Gong
and Ling 2010; Storn and Price 1997). Other applications
based on PSO are still in progress to solve the optimization
problems (Agrawal and Silakari 2014; Menhas et al. 2011;
Nouaouria et al. 2013).

Most of the traditional algorithms of FIM and HUIM sep-
arately use the two measures, support and utility. Recently,
the FIM and HUIM approaches are composed as a multi-
objective optimization problem (MOP) (Zhang et al. 2018) in
which the support and utility are considered simultaneously
(Zhang et al. 2016) as the multi-objective view. The multi-
objective optimization evolutionary (MOE) is another major
research area of evolutionary computation to address the opti-
mization problems (Zhang et al. 2016; Cheng et al. 2015;
Zhang et al. 2015). MOE has various real-time applications in
data mining (Mukhopadhyay et al. 2014), for example, clus-
tering [59], classification (Levesque et al. 2012), association
rule mining (Minaei-Bidgoli et al. 2013), feature selection
(Venkatadri and Rao 2010) and pattern recommendation
(Zhang et al. 2017). Several MOE algorithms are proposed
where the Pareto optimal solutions are sparse in nature like
sparse reconstruction (Li et al. 2018), neural network train-
ing (Fieldsend and Singh 2005) and portfolio optimization
(Ponsich et al. 2013).

The bio-inspired computing optimizes a problem by iter-
atively improving a candidate solution concerning a given
measure of quality. Biological systems provide abundant
inspiration for the construction of high-performance comput-
ing models and intelligent algorithms, enabling the produc-
tion of problem solving techniques with enhanced robustness
and flexibility under complex optimization scenarios. Ant
colony optimization (ACO) has been successfully applied to
solve several optimization problems. They are especially effi-
cient and effective in finding nearly optimal solutions from
a very large solution space. The ant population selects sim-
ilar paths and makes sure that other possible solutions have
a good chance to be selected. Dolphin echolocation (DE)
is another optimization problem in which the procedure for
food capturing using dolphin’s echolocation is comparable in
finding an optimum solution. The dolphins originally search
completely in the search space for food. No sooner it identi-
fies a target; there is a search restriction made by that of the
animals. The technique pretends DE is restraining its exam-
ination based on the distance of food (Soto et al. 2016).

In the following subsections, we discuss the GA-based,
PSO-based, multi-objective optimization EC and hybrid-
based soft computing techniques on HUIs mining.

3.1.1 GA-based approaches

GA+ pre-large: In the past few decades, genetic algo-
rithms (Berkhin 2006; Dasseni et al. 2001) become an active
research area to provide the optimal solution for data saniti-
zation in a limited amount of time.

In 2013, Lin et al. (2013) proposed a GA-based privacy-
preserving utility mining algorithm to hide the sensitive HUIs
in PPUM. It adopts three evaluation functions, namely maxi-
mal deleted utility for transaction deletion, downward closure
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Fig. 2 Nine cases of the
pre-large concept generated due
to transaction deletion (Lin et al.
2013)

property (Liu et al. 2005) and pre-large concept ([69], Hong
et al. 2001) to hide the sensitive HUIs. The pre-large con-
cept avoids multiple dataset scans and efficiently maintains
the discovered information in the dynamic datasets. It sets
two thresholds for knowledge maintenance. Therefore, when
some transactions are deleted from the datasets, nine possi-
ble cases may occur that are shown in Fig. 2. Cases 2, 3, 4, 7
and 8 do not disturb the final frequent itemsets. Case 1 may
remove some existing frequent itemsets, and Cases 5, 6 and
9 may generate new frequent itemsets.

PPUM approach keeps the authenticity of the original
dataset as much as possible. Therefore, it is a tedious task
to modify the quantities of items in the datasets. The three
side effects of the proposed algorithm, namely hiding failure,
missing cost and artificial cost, are evaluated to determine
the number of sensitive HUIs, number of missing HUIs and
number of artificial HUIs, respectively. It is observed that
the proposed algorithm performs well in terms of these side
effects. The experimental results show that the proposed GA+
pre-large algorithm significantly works well as compared to
the simple GA algorithm (sGA) in terms of run-time and
computational cost.

PPUMGA: GA algorithms (Berkhin 2006; Dasseni et al.
2001) provide the optimal solutions to solve difficult opti-
mization problems. GAs are successfully applied in the field
of optimization (Lin and Hong 2013; Lindell and Pinkas
2000), machine learning (Lindell and Pinkas 2000), neural
networks (Agrawal and Srikant 2000) and many more.

In 2014, Lin et al. (2014) proposed a GA-based privacy-
preserving utility mining approach named PPUMGA,

through transaction insertion to hide the sensitive HUIs in
PPUM. It is the first work that uses a GA-based approach to
disconcert the initial dataset for data sanitization via trans-
action insertion. It firstly finds a recommendable size of
transactions as the number of genes in a chromosome, which
can be determined by the maximal inserted utility value and
the total utility value in the original datasets. The designed
algorithm extracts the transactions from the original datasets
as the optimal solution for a chromosome to be inserted into
the dataset. A lower-utility threshold is also obtained to find
the pre-large transaction-weighted utilization itemsets, thus
avoiding the re-scanning time of the original dataset. An
evaluation function is designed to consider the three side
effects, namely hiding failure, missing cost and artificial cost.
The adjustable weights are also considered for the three side
effects according to users.

It adopts downward closure property (Liu et al. 2005) and
pre-large concept (Hong et al. 2001) to reduce the compu-
tation for re-scanning the original dataset in the evaluation
process. A pre-large concept is used to maintain the discov-
ered information in the dynamic datasets (Hong et al. 2001).
When some transactions are inserted into the datasets, nine
cases are possible which are shown in Table 6. It is observed
that if all large and pre-large itemsets are kept in the original
dataset, Cases 2, 3 and 4 can be easily handled. In order to
find the exact utility threshold, a sliding count technique is
designed to filter the unpromising itemsets to reduce the eval-
uation cost. The pre-large concepts with two thresholds and
a proposed sliding count are used to reduce the re-scanning

123



A survey on soft computing-based high-utility itemsets mining

Table 6 Nine cases of pre-large
concept generated by transaction
insertion (Lin et al. 2014)

Cases Original/new Merged results

Case 1 Large/large Large

Case 2 Large/pre-large Large or pre-large, decided through existing information

Case 3 Large/small Large, pre-large, or small, decided through existing information

Case 4 Pre-large/large Large or pre-large, decided through existing information

Case 5 Pre-large/pre-large Pre-large

Case 6 Pre-large/small Pre-large or small, decided through existing information

Case 7 Small/large Pre-large or small, when the number of transactions is small

Case 8 Small/pre-large Pre-large or small

Case 9 Small/small Small

time of the original dataset, thus enhancing the performance
in the evaluation process.

In PPUM, data sanitization is divided into two types,
namely item sanitization and transaction sanitization, to hide
sensitive information. The proposed algorithm incorporates
transaction sanitization to protect sensitive information. The
experimental results show that the proposed algorithm has
only a few side effects of hiding the failure of sensitive HUIs.
It significantly reduces the computation time for re-scanning
the original dataset because of using the pre-large concept.
The proposed algorithm performs well as compared to the
existing simple GA (GAs) and GA+ pre-large (Lin et al.
2013) in terms of execution time. The reason is that the pro-
posed algorithm uses the sliding count to reduce the execution
time.

HUPEU MU -GARM and HUPEWU MU -GARM: The
major issue with two-phase HUIM algorithms (Liu et al.
2005; Chu et al. 2009) is that they generate a large num-
ber of candidates, thereby resulting in a significant amount
of time to mine HUIs. Therefore, data analysts face two fol-
lowing major challenges: (1) Search space is exponential that
leads to enormous time to mine HUIs and (2) it is a tough
task to specify the minimum utility threshold to mine HUIs.
To address these challenges, GA-based algorithms (Beasley
et al. 1993) are proposed to efficiently mine HUIs from trans-
actional datasets. Data mining is one of the major application
areas of GAs (Berson and Smith 1997).

In 2014, Kannimuthu and Premalatha (2014) proposed
two algorithms, namely HUPEU MU -GARM (high-utility
pattern extraction using genetic algorithm with ranked muta-
tion using minimum utility threshold) and HUPEWU MU -
GARM (high-utility pattern extraction using genetic algo-
rithm with ranked mutation without using minimum utility
threshold) that utilize GA with ranked mutation to sig-
nificantly mine HUIs from the transactional datasets. The
authors claim that it is the first work that considers neg-
ative item values for mining HUIs and utilizes a genetic
algorithm. HUPEU MU -GARM utilizes s minimum utility
threshold along with a transaction dataset. This algorithm

is preferred when search space and memory are the con-
straints. On the other hand, HUPEWU MU -GARM is used to
generate optimal HUIs without specifying the minimum util-
ity threshold. The proposed algorithms adopt TWU model
(Liu et al. 2005) to eliminate the unpromising itemsets at the
initial stage. These algorithms utilize fitness function (Yao
and Hamilton 2006) to compute the fitness value.

The experimental results show that HUPEU MU -GARM
efficiently works and achieves scalability, especially in the
case of large datasets. On the other hand, HUPEWU MU -
GARM shows linear scalability and scales much better. Both
algorithms efficiently extract HUIs from the datasets con-
sisting of negative profit values. However, it is a non-trivial
task to obtain HUIs as the initial chromosomes for the later
evolution process. Therefore, it requires high amount of com-
putational time to find the initial particles. Moreover, it may
lead to generation of non-HUIs from the dataset.

sGA2DT and pGA2DT: Genetic algorithms [39] find
optimal solutions using the principles of natural evolu-
tion. Earlier PPDM approaches (Agrawal and Srikant 2000;
Verykios et al. 2004; Lindell and Pinkas 2000) use heuristic
methods to sanitize the dataset by deleting partial items.

In 2015, Lin et al. (2015) proposed two algorithms, namely
sGA2DT (simple genetic algorithm to delete transaction)
and pGA2DT (pre-large genetic algorithm to delete trans-
action) for data sanitization to hide the sensitive itemset
through transaction deletion in PPDM. The proposed algo-
rithms delete the necessary transactions to hide the sensitive
itemsets. The sGA2DT adopts the simple genetic algorithm
(Holland 1992) to eliminate the transactions for hiding sen-
sitive itemsets, while pGA2DT adopts a pre-large concept
(Hong et al. 2001) to compute the side effects of artificial
and missing itemsets by evaluating the fitness function with-
out re-scan of the original dataset. The pre-large itemsets
(PL) act as buffers and are used to reduce the movement of
itemsets directly from large to small and vice versa when
transactions are deleted.

An evaluation function is proposed to determine the opti-
mal number of deleted transactions to hide the sensitive
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itemsets. The adjustable weighting and dataset dissimilarities
are also taken into account to measure the side effects as per
the requirement of users. A fitness function is also designed to
consider the three side effects, hiding failures, missing costs
and artificial costs to determine the goodness of the chromo-
somes. The number of deleted transactions is pre-computed
and pre-determine to minimize the side effects. The proposed
algorithms adopt the pre-large concept to accelerate the exe-
cution time of re-scanning the original dataset. It also reduces
the population size.

The experimental results show that pGA2DT performs
well compared to sGA2DT in terms of the execution time,
number of hiding failures, number of missing itemsets, num-
ber of artificial itemsets and dataset dissimilarity from the
benchmark datasets. The pGA2DT algorithm performs well
as compared to the sGA2DT algorithm in terms of the exe-
cution time. However, the dissimilarity between datasets
requires improvement in case of the larger dataset. The
greedy approach has good performance in execution time
since it does not consider any of the side effects to evalu-
ate transactions for hiding the sensitive itemsets; however,
it incurs low performance due to these side effects. The
dissimilarity of the dataset in the greedy approach shows
better performance because it is randomly executed to delete
transactions and those transactions may contain fewer item-
sets without optimal selection for hiding sensitive itemsets.
Although the proposed sGA2DT and pGA2DT algorithms
can achieve a good performance in terms of side effects;
they rely on the pre-defined weights of three side effects in
their pre-defined fitness function. This problem causes the
results of the side effects to be seriously influenced by the
weighted values; the results are occasionally not optimized,
which requires prior knowledge to set up these weighted val-
ues.

PPUMGAT+: Generally, collaboration among industries
can work together to share information to achieve higher ben-
efits and profits in business. However, the shared information
can be extracted and analyzed by the other collaborators or
competitors, thus decreasing its own benefits and causing
security threats. To solve this issue, several PPDM (Amiri
2007; Dunning and Kresman 2013; Han and Ng 2007) and/or
PPUM (Yeh and Hsu 2010; Lin et al. 2014; Yun and Kim
2015) algorithms are proposed to perturb the original dataset
and produce a sanitize dataset. However, these algorithms
are insufficient because of NP-hard problem. It is necessary
to hide the sensitive information but discover the required
information in decision-making.

In 2016, Lin et al. (2016) proposed the following two evo-
lutionary algorithms: (1) PSO-based algorithm to efficiently
mine HUIs in PPUM and HUIM. (2) GA-based privacy-
preserving algorithm in PPDM.

The binary PSO model (Kennedy and Eberhart 1997)
consists of the following four processes to mine HUIs: (1)

pre-processing (2) particle encoding (3) fitness evaluation
(4) updating process. The pre-processing process first dis-
covers the 1-HTWUIs based on the TWU model (Liu et al.
2005). The updating process uses the maximal pattern tree
(MP-tree) to compress the valid combinations of the itemsets.
The experimental results show that the proposed algorithm
performs well as compared to HUPEU MU -GARM approach
(Kannimuthu and Premalatha 2014) in terms of execution
time. The reason is that the proposed algorithm only gener-
ates the valid combinations of itemsets existing in the dataset,
which can greatly avoid the computational problem in the
evolution process.

The GA-based algorithm uses a pre-large concept (Hong
et al. 2001) to accelerate the evaluation process and reduces
the cost and space of the evolution process. It efficiently
updates the discovered information in the dataset. The pro-
posed algorithm calculates the utility of each item, utility
of each transaction and utility of the whole dataset in the
corresponding utility table in the original dataset. The exper-
imental results show that GA-based algorithm with pre-large
concept performs well as compared to the naive GA-based
algorithm (Holland 1992) in terms of various minimum util-
ity thresholds on the benchmark datasets. It is 2 or 3 times
faster than the naive GA-based algorithm. The reason is that
the Pre-large concept (Hong et al. 2001) is adopted in the pro-
posed algorithm which is used to reduce the re-scanning of
the original dataset. Therefore, the proposed algorithm only
scans the original dataset once in the whole evolution process.
The proposed PPUMGAT+ algorithm not only effectively
mines HUIs but also provides a trade-off between privacy-
preserving for the sensitive HUIs and mining performance
for HUIM.

HUIM-IGA: The major issue with traditional HUIM
algorithms (Liu et al. 2005; Yao and Hamilton 2006; Ahmed
et al. 2009; Tseng et al. 2010; Liu and Qu 2012) is the
growth of search space exponentially as the number of trans-
actions and items in the dataset increase (Kannimuthu and
Premalatha 2014). This issue occurs due to the combinatorial
optimization problem (Ventura and Luna 2016). To address
the limitations of HUIM, several EC-based approaches (Kan-
nimuthu and Premalatha 2014; Song and Huang 2018; Lin
et al. 2016, 2017; Wu et al. 2017) are proposed to find the
optimal solutions in a limited amount of time. However, they
consume lots of time to mine HUI that satisfy the minimum
utility threshold. Moreover, some HUIs maybe miss during
the evolution process (Song and Huang 2018).

In 2019, Zhang et al. (2019) proposed a HUIM approach
based on the improved genetic algorithm (HUIM-IGA) to
efficiently mine HUIs. The authors proposed the following
four strategies: (1) A population diversity maintenance strat-
egy is presented which persuasively decreases the number of
missing HUIs in the search process and expands the search
space to provide high quality solutions (Song and Huang
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2018). The bitmap structure (Song and Huang 2018; Song
et al. 2014) is used to mine HUIs according to TWU value
of each 1-HTWUI (Liu et al. 2005). (2) A neighborhood
exploration strategy for repeated HUIs is also designed to
improve the local search ability of the proposed HUIM-IGA
algorithm in the optimum solution regions. It is also used to
accelerate the exploration of the new HUIs. (3) An individual
repair strategy based on TWU sorting is also designed that
reduces the invalid combinations to find HUIs. This process
can ensure that a repaired individual is an effective combina-
tion of datasets. (4) An elite strategy (Deb et al. 2002) is also
introduced which prevents the information loss of promising
itemsets.

In order to check the effectiveness of population diver-
sity maintenance strategy and elite strategy, two versions
of the proposed algorithms are developed, namely HUIM-
IGA−DM S (HUIM-IGA without diversity maintenance strat-
egy) and HUIM-IGA−E S (HUIM-IGA without elite strat-
egy). It is observed that the convergence speeds of HUIM-
IGA−DM S and HUIM-IGA were similar in the early stage
of evolution. However, in the middle and late stages of evo-
lution, HUIM-IGA converged faster than HUIM-IGA−DM S .
Therefore, the proposed HUIM-IGA can mine HUIs signif-
icantly faster than HUIM-IGA−DM S . Furthermore, the elite
strategy can reduce the missing of HUIs and the loss of excel-
lent solutions, so the convergence speed of HUIM-IGA with
elite strategy is significantly faster than that HUIM-IGA−E S .
Experimental results show that the proposed algorithm out-
performs the state-of-the-art EC-based HUIM algorithms,
Bio-HUIF-GA (Song and Huang 2018), Bio-HUIF-PSO
(Song and Huang 2018), HUIM-BPSO (Lin et al. 2017),
HUIM-BPSOsig (Lin et al. 2016) and HUPEumu-GRAM
(Kannimuthu and Premalatha 2014), and three non-EC-based
algorithms UP-Growth (Tseng et al. 2010), UP-Hist Growth
(Dawar and Goyal 2015) and IHUP (Ahmed et al. 2009), in
terms of the run-time, converging speed and promising HUIs.

GAHUIM: Several GA-based algorithms (Kannimuthu
and Premalatha 2014; Song and Huang 2018; Zhang et al.
2019) are proposed to efficiently mine HUIs. However, there
are still lots of scopes to further speed up the mining process
by significantly consumption of memory space.

In 2021, Javangula (2021) proposed an algorithm named
GAHUIM (HUI mining using genetic algorithm) to mine
HUIs by parsing the dataset only once. In the proposed sys-
tem, due to the requirements imposed by the high-utility
itemset mining problem, a non-binary representation of
the genetic algorithm has been proposed. The operators of
genetic algorithm such as crossover and selection operation
have been customized to efficiently operate in the mining
problem. To reduce the explosion of candidate generation,
an upper bound based on the sum of the itemset utility and
remaining utility is used.

GA performs a search over a space of solutions to obtains
the optimal solutions. The fitness function obtains the solu-
tions from the initial population and refines it to obtain the
optimal solutions. HUIM problem can be modeled as an opti-
mization problem which consists of the following entities:
(1) gene; (2) chromosome; (3) population; (4) fitness func-
tion; (5) breeding process; (6) convergence. Gene is a 1-D
array that consists of the information about the set of items
in a transaction. Figure 3 shows the structure of a gene. A
chromosome is a set of genes representing an itemset in the
transaction. Figure 4 shows the structure of a chromosome.

The population is a set of chromosomes. In HUIM prob-
lem, fitness selection has two functions: (1) HUISelect and
(2) MatSelect. HUISelect copies chromosomes representing
HUIs to output, while MatSelect chooses chromosomes with
high probabilities to generate HUIs to mating pool. Two
chromosomes are merged to form offspring. In the breed-
ing phase, the chromosomes from the primary section in the
mating pool are picked up one by one and the offspring are
generated. The itemset utility is compared with the thresh-
old to select the high-utility itemsets. The remaining utility is
used to select prospective candidates for superset generation.
The algorithm starts with an initial population comprising
a single itemset. The fitness function computes the sum of
the itemset utility and the remaining utility and selects the
prospective itemsets for breeding. The children are gener-
ated by merging two prospective itemsets. The selection and
breeding process are repeated until there are no more chro-
mosomes in the population for further breeding.

Experimental results show that the proposed algorithm
outperforms the existing state-of-the-art algorithms (Ahmed
et al. 2009; Qu et al. 2019; Tseng et al. 2010, 2013) in terms
of operational speed and memory requirement.

3.1.2 PSO-based approaches

BPSO_Proposed+: The genetic algorithm [39] is an opti-
mization approach to solve the NP-hard and nonlinear
problems. They are used to find the optimal solutions based
on the designed fitness functions. The concept of PSO is
motivated from the flocking characteristic of birds which is
used to resolve the optimization issues (Kennedy and Eber-
hart 1995). The PSO was originally defined to solve the
continuous valued spaces. In real-world applications (Kuo
et al. 2011; Pears and Koh 2011), many problems are set as
discrete variable spaces, such as scheduling and routing prob-
lems. Discrete (binary) PSO (BPSO) algorithm (Kennedy
and Eberhart 1997) is proposed to address the problem of
continuous PSO. Another optimization approach, BPSO is
developed to solve the association rules (Sarath and Ravi
2013).

In 2015, Lin et al. (2015) presented a novel approach
that adopts a binary PSO-based (BPSO) algorithm (Kennedy

123



R. Kumar, K. Singh

Bill No.
(BN)

Item Set
(IS)

Utility
(U)

Remaining Item Set
(RIS)

Remaining Utility
(RU)

Bill No.
(BN)

Item Set
(IS)

Utility
(U)

Remaining Utility
(RU)

Fig. 3 Structure of a gene (Javangula 2021)

Remaining Item Set
(RIS)

Bill No.
(BN)

Item Set
(IS)

Utility
(U)

Remaining Utility
(RU)

Remaining Item Set
(RIS)

Bill No.
(BN)

Item Set
(IS)

Utility
(U)

Remaining Utility
(RU)

Chromosome - IS

Gene
Representing 

IS

Fig. 4 Structure of a chromosome (Javangula 2021)

and Eberhart 1997), to efficiently mine HUIs. The proposed
algorithm first finds the 1-HTWUIs based on TWU model
(Liu et al. 2005). The particle is thus encoded as the set
of binary variables corresponding to the sorted order of 1-
HTWUIs. The particles are then evaluated to find the satisfied
HUIs. After that, the particles are correspondingly updated
by velocities, pbest , gbest and sigmoid function. This iter-
ation is repeated until the termination criteria is achieved.
After that, the set of HUIs is discovered. It greatly reduces the
combinatorial problem in the evolution process. A sigmoid
function is also utilized for discovering HUIs in the evolution
process.

The experimental results show that the proposed algo-
rithm performs better compared to the GA-based HUPEumu-
GRAM (Kannimuthu and Premalatha 2014) algorithm in
terms of run-time and discovered HUIs. Furthermore, the
proposed PSO-based algorithm can generate nearly the same
number of HUIs compared to the state-of-the-art FHM
algorithm (Fournier-Viger et al. 2014) especially when the
minimum utility threshold is set higher in the condensed
datasets. The reason is that the size of a particle is associ-
ated with the number of 1-HTWUIs, fewer computations are
required when the minimum utility threshold is set higher.

BPSO_Proposed: The traditional algorithms of HUIM
(Liu et al. 2005; Yao and Hamilton 2006; Ahmed et al. 2009;

Tseng et al. 2010; Liu and Qu 2012) incur the “exponential
problem” of a very large search space while the number of
distinct items or the size of the dataset is very large. Evolu-
tionary computation is an efficient way to find the optimal
solutions using the principles of natural evolution (Cattral
et al. 2009).

In 2015, Lin et al. [100] presented a binary PSO-based
(BPSO) algorithm with an extended maximal pattern (MP)-
tree structure (Kennedy and Eberhart 1997) to efficiently
mine HUIs. It consists of the following steps: (1) pre-
processing; (2) particle encoding; (3) fitness evaluation; (4)
updating processes. In the first pre-processing step, it first
finds the 1-HTWUIs based on TWU model (Liu et al. 2005).
Then, MP-tree structure reduces the multiple dataset scans
by early pruning the invalid combinations of the particles.
It accelerates the mining process to extract HUIs in the
evolution process. MP-tree structure stores only valid com-
binations of the itemsets to avoid the invalid generations
of the particles in the updation process. It greatly reduces
the computations of multiple dataset scans. The OR and
NOR operators determine that the valid combinations of the
combined itemsets are generated or not. In the second par-
ticle encoding process, the items are sorted according to the
increasing order of their 1-HTWUIs. In the third fitness evalu-
ation process, the particles are evaluated to find the pbest and
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gbest particles in the evolution process. Finally, in the updat-
ing process, the particles are correspondingly updated by
velocities, pbest , gbest and sigmoid function. The MP-tree
structure is used here to generate only the valid combinations
of the particles. The proposed binary (discrete) PSO-based
algorithm presents a sigmoid updating strategy to further gen-
erate the valid combinations of itemsets.

Experimental results show that the proposed algorithm
works well as compare to the HUPEumu-GRAM algorithm
(Kannimuthu and Premalatha 2014) in terms of run-time and
discovered HUIs under different minimum thresholds. The
reason is that HUPEumu-GRAM generates many unpromis-
ing itemsets and scans the dataset multiple times. It hardly
finds promising HUIs. However, the proposed algorithm can
efficiently find the valid HUIs by concerning both the local
and global results. It greatly avoids the combinational prob-
lem in the evolution process. The proposed algorithm can
generate nearly the same number of HUIs compared to the
state-of-the-art two-phase algorithm, especially when the
minimum utility threshold is set higher. The reason is that the
size of a particle is associated with the number of 1-HTWUIs,
and fewer computations are required when the minimum util-
ity threshold is set higher.

HUIM-BPSO+: As we have seen previously, two heuris-
tic GA-based algorithms, HUPEumu-GRAM (Kannimuthu
and Premalatha 2014) and HUPEwumu-GRAM (Kannimuthu
and Premalatha 2014) are proposed to efficiently mine HUIs
with and without specifying minimum utility threshold,
respectively. However, they require the crossover and muta-
tion operations to randomly generate the next solutions in the
evolution process. Moreover, a high amount of computation
is needed to discover the satisfied HUIs in the early stage.
This is insufficient, especially when the number of distinct
items are very large in the dataset.

In 2016, Lin et al. (2017) proposed a discrete PSO-based
algorithm, named HUIM-BPSO (HUIM-binary PSO) which
integrates the sigmoid updating strategy and TWU model
(Liu et al. 2005), to find the complete set of HUIs from
the condense datasets. The authors presented a BPSO-based
algorithm (Kennedy and Eberhart 1997) with an extended
OR/NOR tree structure to discover HUIs. As the number
of iterations is increased, the proposed algorithm obtains
accurate precision to get the identical number of rules as
the conventional two-phase algorithm (Liu et al. 2005). This
OR/NOR-tree structure is used to determine whether the
combined items of a particle exist in the dataset, which can
be used to avoid the redundant combinations in the evolution
process.

The experimental results show that HUIM-BPSO+ algo-
rithm reduces the search space to obtain valid itemsets,
therefore, speeding up the computations as compared to the
GA-based algorithms, HUPEumu-GRAM (Kannimuthu and
Premalatha 2014) and HUPEwumu-GRAM (Kannimuthu and

Premalatha 2014) in terms of run-time, number of discovered
HUIs, number of determining patterns, convergence speed,
under different minimum utility thresholds. The proposed
HUIM-BPSO+ algorithm generates nearly the same number
of HUIs as the TWU model, especially when the minimum
utility threshold is set high in the condensed datasets. The rea-
son is that the size of a particle is associated with the number
of 1-HTWUIs; fewer computations are required when the
minimum utility threshold is set higher. However, when the
number of iterations is increased, HUIM-BPSO+ can achieve
higher accuracy to generate the same number of HUIs as
compared to the traditional TWU model.

HUIM-BPSOsig: The PSO-based algorithms (Kennedy
and Eberhart 1995, 1997) require few parameters as com-
pared to GA-based approaches (Salleb et al. 2007; Kan-
nimuthu and Premalatha 2014). PSO is a bio-inspired and
population-based approach to find the optimal solutions by
adopting the velocity to update the particles (Kennedy and
Eberhart 1995).

In 2016, Lin et al. (2016) presented a binary particle swarm
optimization (BPSO)-based algorithm (Kennedy and Eber-
hart 1997) to efficiently mine HUIs from the transactional
dataset. It consists of pre-processing, particle encoding, fit-
ness evaluation and the updating phases to mine HUIs. The
proposed algorithm adopts the TWU model to find the num-
ber of 1-HTWUIs as the particle size, which can greatly
reduce the combinational problem in the evolution process.
HUIM-BPSOsig encrypts the particles as the binary vari-
ables. It first sets the number of discovered 1-HTWUIs
based on the TWU model (Liu et al. 2005), to significantly
reduce the combinatorial issue in the evolution process. The
sigmoid function is used in the updation process of the par-
ticles to design the HUIM-BPSOsig algorithm.

The experimental results show that the proposed HUIM-
BPSOsig algorithm outperforms the state-of-the-art algori-
thm, HUPEumu-GRAM (Kannimuthu and Premalatha 2014)
in terms of run-time, number of discovered HUIs, number
of patterns and convergence speed under different mini-
mum thresholds. The reason is that HUPEumu-GRAM suffers
from combinational problem of the generated itemsets and
requires several parameters in the evolution process.

MOPSO-based data sanitization model: The data san-
itization in PPDM is an important research issue, which
hides the sensitive information using the distortion method
(Agrawal and Srikant 1994; Oliveira and Zaïane 2002;
Verykios et al. 2004). The sanitization process has the fol-
lowing three side effects (Verykios et al. 2004): (1) hiding
failures; (2) missing costs; (3) artificial costs (Verykios et al.
2004). Another side effect is dataset dissimilarity which
shows the size of deleted transactions before and after saniti-
zation process (Lin et al. 2015). Therefore, it is a tough task
to obtain the optimal solutions because of NP-hard prob-
lem. Several GA-based algorithms (Lin et al. 2014, 2015)
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are proposed to mitigate the effect of these side effects; how-
ever, they delete the important sensitive information in the
dataset during the evolution process.

To alleviate the above side effects, Wu et al. (2019) pro-
posed a data sanitization model, based on a multi-objective
PSO (MOPSO) algorithm (Coello and Lechuga 2002) to
mine HUIs in PPDM. However, MOPSO algorithm can-
not be directly applicable to PPDM problem as dominance
relations should be used to optimize the transactions for
deletion. Hence, a sanitization algorithm based on the hier-
archical clustering method is presented for PPDM. In the
pre-processing phase, the items have to be placed in the con-
fidential information (CI) list before the data sanitization
process. In the evolution process, the particles are evalu-
ated to obtain the optimized solutions in the next iteration.
Each particle has MDT vectors (maximized deleted trans-
actions) in the sanitization process. Since the fitness value
of each particle cannot be determined by pbest , therefore,
the non-domination relation is adopted in the updation pro-
cess for pbest . The proposed algorithm resolves the problem
of PPDM with transaction deletion and minimizes the side
effects and generates the non-dominated solutions. It uses
two strategies, namely LUS (local updating strategy) and
GUS (global updating strategy) to obtain the non-dominated
solutions.

The proposed algorithm achieves significant performance
in contrast to the existing single-objective approach,
cpGA2DT (Lin et al. 2014) and the multi-objective approach,
NSGA2DT [106] in terms of hiding failure, missing cost, arti-
ficial cost and dataset dissimilarity. It is observed that in the
proposed algorithm, dataset dissimilarity increases because
more redundant information is eliminated from the dataset.

GMPSO: Data sanitization is a process to hide sensitive
information by perturbing the dataset; however, it incurs side
effects, namely hiding failure, missing costs, and artificial
costs. Two GA-based algorithms, namely cpGA2DT (Lin
et al. 2014) and pGA2DT (Lin et al. 2015), are proposed to
mitigate these side effects; however, they depend on the pre-
defined weights of side effects in their fitness function. It is
quite challenging to obtain the weight of side effects due to
lack of prior knowledge. To address this issue, EMO-based
algorithm (Cheng and Pan 2014) is proposed to consider
“data distortion” and “knowledge distortion” in the sanitiza-
tion process through item deletion. However, it suffers from
the incomplete knowledge of the decision-making process as
it directly deletes the items in the dataset.

In 2019, Tsu-Yang Wu et al. [108] proposed a grid-
based multi-objective particle swarm optimization algorithm,
named GMPSO, based on the MOPSO framework (Coello
and Lechuga 2002), to discover the optimal solutions for data
sanitization in privacy-preserving data mining. This is the
first work of its kind to design the MOPSO-based framework
in PPDM. In the pre-processing step, the frequent itemsets

and pre-large itemsets are obtained and, respectively, placed
into FI (Set of frequent itemsets) and PF (Set of pre-large
itemsets) lists for later processing. In the evolution step,
two strategies, namely global best (gbest) and personal best
(pbest), are used to update the evolution process for PPDM
to obtain the non-dominated solutions. The pre-large concept
(Hong et al. 2001; Lin et al. 2009) is used to decrease the mul-
tiple dataset scans and speeds up the evolution process. The
local updating strategy (LUS) and global updating strategy
(GUS) are used to obtain the diverse set of non-dominated
solutions of the MOP. They can be able to discover a better
diversity of the desired solutions.

The experimental results show that the proposed algorithm
significantly works well as compared to the state-of-the-art
single-objective cpGA2DT (Lin et al. 2014) and multi-
objective NSGA-II-based [106] approaches, in terms of
flexibility, hiding failure, missing costs, artificial costs, exe-
cution time and scalability. The proposed GMPSO algorithm
does not require crossover and mutation operations to gen-
erate the next populations. However, it suffers from a minor
side effect of data dissimilarity as compared to the bench-
mark algorithms.

HUIM-AF: Heuristic methods are suitable to solve com-
binatorial problems because they can explore a very large
search space to obtain the optimal solutions within the spec-
ified time. The artificial fish swarm (AFS) (LI and QIAN
2002) is a heuristic method that is inspired by the collective
movement of fish and their social behavior. As compared
to the GA (Kannimuthu and Premalatha 2014; Zhang et al.
2019), PSO (Lin et al. 2016; Song and Li 2020) and other
heuristic approaches (Song and Huang 2018; Yang et al.
2017) for HUIM problems, the artificial fish swarm algo-
rithm (AFSA) is more suitable because it only records the
current position, but not other previous knowledge, of each
artificial fish (AF). This approach is quite useful to get the
optimal diversified results for the large search space of HUIM
problems.

In 2021, Song et al. (2021) proposed an algorithm named
HUIM-AF (high-utility itemset mining for artificial fish
swarm) to mine HUIs from the transactional dataset. The
proposed HUIM-AF models the following three behaviors of
AF: (1) swarm; (2) prey; and (3) follow. Swarm is the behav-
ior whereby a fish tends to assemble to protect from danger
while avoiding overcrowded areas. Preying is the behavior
whereby a fish moves to a specific location with the high-
est probability (concentration) of food. Follow is a behavior
whereby a fish finds a location with a high concentration of
food, and other fish follows. A position vector (PV) is used
to represent the position of AF. PV keeps the 1-HTWUIs in
the binary vector as per their increasing order. The utility of
itemset is used directly as the object of optimization as used
in Lin et al. (2016), Song and Huang (2018).
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The experimental results show that the proposed HUIM-
AF outperforms the existing state-of-the-art algorithms,
HUPEU MU -GARM (Kannimuthu and Premalatha 2014) and
HUIM-BPSOsig (Lin et al. 2016) in terms of execution time
and a number of discovered HUIs. It is observed that the
proposed algorithm can leap over local optima effectively,
thereby resulting in the consistency with HUIM problems
with a large number of optimized diversified results.

3.1.3 ACO-based approaches

HUIM-ACS: Ant colony algorithms with other heuristic
methods are successfully applied in the field of data min-
ing (Zhang and Ji 2013). Ant colony system (ACS) is an EC
algorithm that is suitable for discrete solution space. If the
heuristic function is properly set in ACS, then it always per-
forms better than other EC algorithms (Kennedy and Eberhart
1997; Kannimuthu and Premalatha 2014; Lin et al. 2016).

In 2016, Wu et al. (2016) proposed an ant-based frame-
work named HUIM-ACS (high-utility itemsets mining by
ant colony system) to mine HUIs by using a specific rout-
ing graph and TWU model. This work is later extended in
Wu et al. (2017). ACS (Dorigo and Gambardella 1997) is
an expanded version of the ant system (Colorni et al. 1991;
Dorigo et al. 1996), based on the observation that natural ant
colonies use to search the food. The proposed HUIM-ACS
algorithm first finds 1-HTWUIs based on the TWU model
(Liu et al. 2005) by constructing an ant routing graph. Then,
it removes unused items and reduces the size of the routing
graph. A routing graph is generated before all of the ants
start their tours. Each node in the routing graph represents
an itemset that can be estimated whether it is HUI or not. A
heuristic function is used to guide ants and quickly obtains
HUIs. It effectively guides the ant’s population. HUIM-ACS
only calculated the TWU of an itemset when an ant arrives at
the related node for the first time. There are following three
situations arises for the TWU of the itemsets: (1) There is
no information about the TWU for the paired items. (2) The
process keeps all the TWUs for the paired items. (3) Some of
the TWUs for the paired items exist in the process, but some
do not.

There are following two reasons to perform the pruning
processes: (1) to avoid tracing the duplicate tour by an ant
and (2) to remove some branches which have no chance to
discover any HUIs from the routing graph. Therefore, two
pruning techniques, namely positive pruning rule and recur-
sive pruning rule, are proposed to generate same routes which
can be followed by ants as used before. They prune the rout-
ing graph to reduce the search space for HUIs. The proposed
algorithm applies the local updating rule and global updating
rule for mining HUIs.

The experimental results show that the proposed algorithm
performs well as compared to two evolutionary computation

algorithms, HUPEumu-GRAM (Kannimuthu and Premalatha
2014) and HUIM-BPSO (Lin et al. 2017), and two non-
evolutionary computation algorithms, HUI-Miner (Liu and
Qu 2012) and EFIM (Zida et al. 2015), in terms of the exe-
cution time, a number of discovered HUIs and convergence
speed from the large datasets. The proposed algorithm not
only enhances the performance for mining HUIs by ACS
operators but also provides a checking mechanism to see if all
of HUIs in the dataset are being discovered or not. However,
an efficient tree structure (routing graph) could be adopted
to map the total solution space in order to obtain the optimal
global solutions.

ACHUIIM: The infrequent (rare) items may sometimes
produce exceptionally interesting patterns, thereby resulting
in high profits. Therefore, it is not a good idea to ignore infre-
quent items in the dataset from the business point of view.
Although several algorithms (Haglin and Manning 2007; Pil-
lai et al. 2013; Gupta and Chauhan 2015) are proposed to
efficiently mine the infrequent itemsets from the transac-
tional datasets. However, there is still lot of research gap to
mine the high-utility infrequent itemsets ([124], Goyal et al.
2015). Several ant colony optimization techniques (Dorigo
and Gambardella 1997; Wu et al. 2017; Seidlova et al. 2019)
are proposed to obtain the best optimal solutions from the
large search space in the dataset. However, there is still a need
to design an efficient framework to produce better results.

In 2020, Arunkumar et al. (2020) proposed a customized
ant colony algorithm named ACHUIIM, to efficiently mine
the high-utility infrequent itemsets (HUIIs) from the trans-
actional dataset. The procedure of the proposed algorithm
is as follow: (1) Firstly, the initial utility value and TWU
of each item or itemset are calculated for every node and
update these values according to the ant traversal system.
As the ant system is populated with more ants, then all ants
traverse the same route concurrently. (2) Secondly, the prun-
ing method using downward closure property on TWU, is
adopted to reduce the search space according to the lexico-
graphical order of values. If TWU of a node is no less than
the minimum utility value, then it is considered in the mining
process, otherwise not. The ant in the proposed ACHUIIM
system visits only the node that has been set as its target,
which reduces the unnecessary time spent on traversing the
other nodes on the graph. As the unnecessary traversal has
been evaded, the execution time of the proposed system gets
considerably reduced. The ant’s traversal toward the speci-
fied target is achieved by adding a modest intelligence to the
ants artificially.

The experimental results prove the effectiveness of the
proposed algorithm over the state-of-the-art algorithm,
named HURI (High utility rare itemset) (Pillai et al. 2013),
in terms of execution time and a number of generated HUIs
on the benchmark datasets. As ants in the system work in
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parallel, the execution time reduces proportionally with the
increase in number of ants.

3.1.4 Multi-objective evolutionary computation-based
approaches

MOEA-FHUI: FIM (Agrawal and Srikant 1994; Han et al.
2000) and HUIM (Ahmed et al. 2009; Tseng et al. 2010;
Liu and Qu 2012, [9]) algorithms need to provide minimum
support threshold and minimum utility threshold, respec-
tively. However, due to a lack of prior knowledge, it is
quite challenging to provide the optimal values for the min-
imum threshold. Various evolutionary computation-based
algorithms (Kannimuthu and Premalatha 2014; Lin et al.
2016, 2017; Wu et al. 2017) are proposed to efficiently
mine HUIs. However, they consider both measure’s sup-
port and utility separately. An algorithm named TKU-Miner
(Zhang et al. 2016) is proposed to consider both measures
together. However, the users need to specify parameters, min-
imum support (min_sup) and minimum utility (min_util)
in advance, but it is a tough task to provide the value for these
parameters properly without prior knowledge.

In 2018, Zhang et al. (2018) proposed an efficient multi-
objective evolutionary algorithm to consider both support and
utility simultaneously. The proposed MOEA-FHUI (multi-
objective evolutionary algorithm for mining frequent and
high-utility itemsets) algorithm based on the MOEA/D
method (Zhang et al. 2017) mines frequent and high-utility
itemsets without specifying the prior parameter, min_sup
and min_util, from the transactional dataset. MOEA/D gives
an adequate balance between the convergence and popu-
lations diversity in the evolution process. This is the first
work of its kind that considers both frequent and high-
utility itemsets as a multi-objective optimization problem.
MOEA/D breaks down a complex multi-objective optimiza-
tion problem into several simple multi-objective optimization
sub-problems. MOEA/D generates good convergence (Cai
et al. 2015) and evenly distributes solutions than that of
NSGA-II (Deb et al. 2002) and SPEA-II [129]. It uses the
Tchebycheff value (Miettinen 2012) for optimization sub-
problems. MOEA-FHUI checks the performance with two
metrics, namely hypervolume (Zitzler and Thiele 1998) and
coverage (Bobadilla et al. 2013). Hypervolume is used in
multi-objective optimization problems. The larger hypervol-
ume value shows the better solutions obtained. Coverage is
used in recommendation systems to compute the diversity of
the recommendation lists. The higher coverage value shows
the more diverse items in the recommendation lists. A pop-
ulation initialization strategy is also suggested for HUIM
problem that gives a guarantee to generate diverse solutions
for the recommendation.

In order to show the effectiveness of MOEA-FHUI, two
baseline versions, namely NSGA2-FHUI and SPEA2-FHUI,

are proposed that are based on framework of NSGA2 (Deb
et al. 2002) and SPEA2 [129], respectively. It is observed
that MOEA-FHUI is slightly better than NSGA2-FHUI
and significantly performs well than SPEA2-FHUI. The
experimental results show that the proposed MOEA-FHUI
performs well as compared to the baseline algorithms, FP-
Growth (Han et al. 2000), HUI-Miner (Liu and Qu 2012),
HUIM-ACS (Wu et al. 2017) and TKU-Miner (Zhang et al.
2016) in terms of hypervolume and coverage for most of the
datasets. It is observed that MOEA-FHUI can simultaneously
provide many recommendations for decision-makers in just
one run. Moreover, the efficiency of MOEA-FHUI could be
further improved, especially when the number of transactions
(or items) in the dataset becomes very large. However, the
run-time and memory usage of MOEA-FHUI are escalated
as the number of transactions and/or items grows.

CP-MOEA: The main advantage of MOEA-FHUI algo-
rithm (Zhang et al. 2018) is that the users do not need to
specify the minimum support threshold and minimum utility
threshold. Moreover, it provides multiple items recommen-
dation for decision-makers in only one run. However, it does
not take into consideration the important property of the clos-
est itemset.

To further continue this work to utilize the potential of
MOEA, Cao et al. (2019) proposed closed itemset property-
based multi-objective evolutionary approach (CP-MOEA)
adopts a similar framework used in NSGA-II (Deb et al.
2002) to mine the frequent and high-utility itemsets. The
closed itemset property means that if the superset of an
itemset is closed, then this itemset must be dominated by
its superset. CP-MOEA optimizes the notion of support
(Han et al. 2007) and utility (Gade et al. 2004; Tseng et al.
2010; Liu and Qu 2012, [9]) simultaneously. The proposed
algorithm adopts binary encoding as the individual represen-
tation. If the item appears in each individual itemset, then the
corresponding bit is set to 1 or 0 for otherwise. Two updating
strategies, namely updating strategy based on closed itemsets
(USC) and updating strategy based on approximate-closed
itemset (USA), are designed to enhance the quality of the
mining process. It is observed that the proposed updating
strategies can not only accelerate the convergence of popu-
lation but also improve the diversity of the population.

In order to check the effectiveness of the proposed
strategies of CP-MOEA, two variants, namely CP-MOEA
without USC strategy (CP-MOEA(-USA)) and CP-MOEA
without USA strategy (CP-MOEA(-USC)), are proposed.
It is observed that CP-MOEA outperforms its variants CP-
MOEA(-USA) and CP-MOEA(-USC), which adopt only one
updating strategy on the benchmark datasets. The experimen-
tal results show that the proposed algorithm works well as
compared to the state-of-the-art FHUI-MOEA (Zhang et al.
2018) approach in terms of convergence speed and hypervol-
ume value.
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SparseEA: In the literature, several sparse multi-objective
optimization problems (MOPs) (Ma et al. 2016; Zhang et al.
2018; Zille et al. 2018) are proposed to obtain the optimal
diversified results. However, they are ineffective for large
sparse datasets because they do not consider the sparse nature
of Pareto optimal solutions in the evolution process. More-
over, they incur very high computation cost.

In 2019, Tian et al. (2020) presented multi-objective opti-
mization evolutionary algorithm (MOEA) named sparseEA
to resolve the exhaustive sparsity MOPs. The proposed algo-
rithm has a similar framework as used in NSGA-II (Deb
et al. 2002). The following four sparse MOPs are introduced
to increase the usefulness of the SparseEA: (1) feature selec-
tion (Xue et al. 2013) (2) pattern mining (Tang et al. 2012) (3)
critical node detection (Lalou et al. 2018) (4) neural network
training (Jin et al. 2004). The feature selection reduces the
number of features and improves the performance of clas-
sification (Dash and Liu 1997). It is bi-objective MOP and
used by several MOEAs (Xue et al. 2013; Hamdani et al.
2007). Pattern mining is used to maximize completeness and
frequency. The critical node detection is used by the sev-
eral MOEAs (Ventresca et al. 2018; Faramondi et al. 2019)
to minimize the selected points and the pair-wise connec-
tivity in the graph. The neural network training is used to
minimize the error and complexity for optimization of the
weights of a feed-forward neural network. Although these
MOPs have different objectives and are from different fields,
they consist of sparsity Pareto optimum solutions, therefore,
grouped together in the same category of MOPs. The pro-
posed algorithm solves the sparsity of MOPs with real and
discrete variables. A novel population initialization strategy,
named score assignment strategy, works efficiently and effec-
tively to solve the sparse MOPs. The genetic operators are
also suggested to guarantee the sparsity of the obtained solu-
tions by considering the sparse characteristics of the Pareto
optimum solutions. The proposed algorithm uses existing
genetic operators for real variables, while new genetic oper-
ators are used for binary variables (Simões and Costa 1999;
Ishibuchi et al. 2010). Furthermore, a test suite is proposed to
assess the effectiveness of SparseEA. The test suite consists
of eight sparse MOPs, namely SMOP1–SMOP8 to define
various shape functions and landscape functions.

The experimental results show the effectiveness of the
proposed sparseEA as compared to the state-of-the art meth-
ods, NSGA-II (Deb et al. 2002), SPEA2 [129], SMS-EMOA
(Beume et al. 2007), and EAGMOEA/D (Cai et al. 2015)
in terms of hypervolume, test instances, convergence speed,
diversity, complexities and error rates for sparse MOPs. How-
ever, the proposed algorithm evolves the population without
consideration of interaction between decision variables.
Therefore, it could be further improved by incorporating
other effective strategies, for example, decision variable clus-

tering (Zhang et al. 2018) and Bayesian optimization (Wang
et al. 2016).

MOEA-PM: There are few research works (Coello 2006;
Zuo et al. 2015) which consider the three measures, support,
occupancy and utility simultaneously and transformed as a
three-objective optimization model. The model can be further
improved to meet the actual needs.

In 2020, Fang et al. (2020) proposed an improved
three-objective multi-objective optimization model for high-
quality pattern mining (HQPM). The proposed MOEA-PM
(multi-objective evolutionary algorithm for HQPM) discov-
ers the high-quality patterns without specifying minimum
support, minimum occupancy and minimum utility. The pro-
posed work is an extended work of NSGA-II (Deb et al.
2002). The authors claim that this is the first work that consid-
ers three measures, namely support, occupancy and utility as
a multi-objective optimization problem (MOP) (Zhang et al.
2017) for high-utility patterns mining (HUPM) (Fournier-
Viger et al. 2019; Ahmed et al. 2021; Srivastava et al. 2021).
The MOP involves two or more conflict objective functions
to be maximized or minimized. The support measures the
frequency of patterns that appear in the dataset. The occu-
pancy measures the completeness of the patterns. The utility
measures the profit of the patterns. These three measures are
conflicting in nature. Therefore, the proposed algorithm per-
forms the population evolution to find the balance among
support, utility and occupancy. Hence, the users can get the
best accurate recommendations.

Two population initializing strategies, namely MOEA-PM
(initialization 1) and MOEA-PM (initialization 2), are devel-
oped to effectively distribute the population in the feasible
solution space from the three perspectives, namely random-
ness, generality and compositional (Kazimipour et al. 2014).
A bitmap (bit-table) structure is used to represent the dataset
in the concise form that is quite common in the pattern mining
algorithms (Dong and Han 2007; Burdick et al. 2005; Song
et al. 2008, 2014). An auxiliary tool is designed to effectively
reduce the search space and refine the exploration ability of
solution space. The top-k pattern recommendation technique
(Zhang et al. 2017) recommends the user to choose the best
k solutions by using the Euclidean distance method.

In order to check the effectiveness of auxiliary tool
used in MOEA-PM (initialization 1) and MOEA-PM (ini-
tialization 2), two variants are proposed, namely MOEA-
PM(initialization 1)− and MOEA-PM(initialization 2)− in
which the auxiliary tool is removed. It is observed that
the convergence speed of MOEA-PM(initialization 1) and
MOEA-PM(initialization 2) is significantly faster than that of
MOEA-PM(initialization 1)− and MOEA-PM(initialization
2)−. Therefore, it is proved that the auxiliary tool speeds up
the convergence of the proposed algorithm. The experimen-
tal results show that MOEA-PM works well as compared
to the state-of-the-art methods, SparseEA (Tian et al. 2020),
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MOPM (Zhang et al. 2017) and MOEA-FHUI (Zhang et al.
2018) in terms of the quality of results, efficiency and con-
verging speed. It is observed that MOEA-PM (initialization
2) has a better convergence speed than that of MOEA-PM
(initialization 1). The proposed algorithm is not only rela-
tively complete, but at the same time, it also has both frequent
and high utility in the dataset. Since there is less research on
modeling problems from the perspective of multi-objective
optimization, the proposed algorithm could further improve
the modeling problems to be suitable for real-world applica-
tions.

3.1.5 Hybrid approaches

Three-phase mining: In the past decades, several utility
mining algorithms (Erwin et al. 2007; Ahmed et al. 2009;
Li et al. 2012) are proposed to consider the utility of itemsets
(e.g., profit, quantity, etc.) as a piece of useful information
to mine HUIs from the transactional datasets. However, the
utility of an itemset is considered constant and independent.
The concept of discount strategies is widely applicable in
the supermarkets and may differ in different time periods.
Hence, they play a vital role in mining of HUIs. It is a quite
challenging task to calculate the profits of itemsets using dis-
count strategies because HUIs in a supermarket may differ
under the different discount strategies. Therefore, the dis-
count strategy is a vital factor in HUIM problems.

In 2014, Lin et al. (2015) proposed a three-phase min-
ing algorithm to discover HUIs with discount strategies. The
proposed algorithm consists of the following three phases:
(1) During the first phase, the utilities of items are calculated
in the transaction-item-utility (TIU) table which consists of
three tables, namely the transaction table, discount strate-
gies table and cost-sale price table. The transaction table
includes the records of the purchase history of customers.
The discount strategies table includes the records of discount
strategies of all items with their corresponding values. The
cost-sale price table includes the cost and sale price of all
items. (2) In the second phase, all HTWUIs are discovered
level-by-level based on the TWU model (Liu et al. 2005). (3)
During the third phase, one more dataset scan is performed to
check all HTWUIs for their actual utility values. These three
phases discover all HUIs with discount strategies. The TIU
table enhances the execution efficiency of the proposed algo-
rithm. A complete TIU table includes the TIU of all items,
transaction utility (TU) of all transactions and TWU of all
items.

The experimental results show that the proposed algo-
rithm performs well in terms of execution time and scalability
on the benchmark datasets. The execution time decreases
with the increase in minimum utility threshold. However, it
increases approximately linearly as the data size increases.
The reason is that more computation is required for longer

transactions. It is observed that the changes in discount strate-
gies have a significant impact on the mining of HUIs.

Bio-HUIF: The previous bio-inspired algorithms (Kan-
nimuthu and Premalatha 2014; Lin et al. 2017, 2016)
maintain the optimal values of one population in the next
iteration. However, the distribution of HUIs is not even.
Therefore, some results may miss with a certain number
of iterations because there may be misleading values if the
desired result is searched with the best values from the pre-
vious one.

In 2018, Song and Huang (2018) proposed a bio-inspired-
based HUIM framework (Bio-HUIF), adopts the roulette
wheel selection to find the complete set of HUIs from the
transactional datasets. The roulette wheel selection is applied
to all the discovered HUIs to determine the initial target of
the next population. The authors proposed three novel Bio-
HUIF algorithms, namely Bio-HUIF-GA, Bio-HUIF-PSO,
and Bio-HUIF-BA which are based on GA (Holland 1992),
PSO (Kennedy and Eberhart 1995) and BA (Bat Algorithm)
(Yang 2011), respectively. The GA [39] is a bio-inspired
technique in which each individual has a fitness value to rep-
resent the quality of solutions. PSO (Kennedy and Eberhart
1995) is also a bio-inspired technique that simulates the for-
aging behavior of birds or fish. It uses the population-based
approach to determine the optimal solutions by incorporating
the velocity of updated particles. BA (Yang 2011) is another
bio-inspired technique that uses the echolocation behavior
of bats which vary the pulse rates and loudness of emissions
when searching for prey and avoiding obstacles. They are
also used to solve optimization problems.

The three strategies, namely bitmap dataset representa-
tion (Song et al. 2014), promising encoding vector checking
(PEVC) and bit difference sets, are used to speed up HUI
discovery process. The original dataset is firstly transformed
into a bitmap which is an effective representation way for
mining HUIs (Song et al. 2014). The size of the encoding
vector represents each individual (chromosome, particle, or
bat) is equal to the number of 1-HTWUIs in the dataset.
During the first dataset scan, the 1-HTWUIs are determined
based on TWU model (Liu et al. 2005). Then, a bitmap rep-
resentation is constructing by using PEVC pruning strategy.
Finally, a comprehensive set of HUIs is obtained.

The experimental results show that the proposed Bio-
HUIF efficiently works well as compared to the existing
bio-inspired algorithms, HUPEumu-GRAM (Kannimuthu
and Premalatha 2014) and HUIM-BPSO (Lin et al. 2017),
and two state-of-the-art HUIM algorithms IHUP (Ahmed
et al. 2009) and UP-Growth (Tseng et al. 2013) in terms of
the execution time, number of obtained HUIs and converging
speed. It is observed that the proposed Bio-HUIF discovers
more HUIs than HUPEumu-GRAM and HUIM-BPSO with
fewer number of iterations. It also improves the diversity of
solutions within a limited number of iterations.
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HUIM-ABC: The main issue with GA-based algorithms,
HUPEumu-GRAM (Kannimuthu and Premalatha 2014) and
HUPEwumu-GRAM (Kannimuthu and Premalatha 2014) is
the pre-mature convergence, which means that these algo-
rithms can easily fall into local optima.

In 2018, Song and Huang (2018) proposed an efficient
algorithm named HUIM based on artificial bee colony
(HUIM-ABC) to mine HUIs. The proposed algorithm is
based on the artificial bee colony (ABC) [166] which is
inspired by the foraging characteristics of bees. The ABC
approach has two unique properties: (1) decentralized con-
trol (2) self-organization. The authors claim that this is the
first work that applies ABC approach to mine HUIs. The
proposed HUIM-ABC algorithm consists of the following
three steps: (1) Formulate the problem from the perspective
of ABC approach. (2) Bitmap structure is used to represent
both information representation and pruning of search space.
It significantly speeds up the mining process. (3) The size of
information of the discovered HUIs is used to produce new
nectar sources instead of the generation of new candidates.

The bitmap structure is used to transform the original
dataset into a nectar resource. It represents the information
in the compact form and prunes the search space and thereby
significantly speeds up the process to discover HUIs. After
transforming the dataset into a bitmap, it is natural to encode
each nectar source in a bit vector. The length of this vector is
equal to the number of 1-HTWUIs. Based on the bit vector,
a new nectar source generation in the HUIM-ABC algorithm
can be achieved by only changing the value of 1 bit in the old
nectar source, either from zero to one or from one to zero.

ABC algorithm has three types of bees, namely employed
bees, onlooker bees and scout bees. The number of employed
bees equals the number of nectar sources. Every employed
bee produces a new solution from the old solution. When all
employed bees have finished their searching process, they
share the fitness (nectar) information of their solution (nec-
tar sources) with the onlookers. Each onlooker bee selects
one of the memorized nectar sources depending on the fit-
ness value obtained from the employed bees. The scout bees
use the direct nectar source generation (DNSG) strategy to
frequently search the new nectar sources to generate more
HUIs. The bit-wise operation and direct utility computation
are performed to limit the search space.

The experimental results show that the proposed HUIM-
ABC approach is very effective as compared to the algorithms
HUPEumu-GRAM (Kannimuthu and Premalatha 2014),
HUPE-BPSOsig (Lin et al. 2016) and HUPE-BPSO (Lin
et al. 2017) in terms of the run-time, the number of obtained
HUIs and converging speed. The reason is that the DNSG
strategy of the HUIM-ABC algorithm generated new nectar
sources by making use of the discovered HUIs rather than
completely at random. Moreover, the useless operations of
utility calculation can be avoided by performing the bit-wise

operations to detect the unpromising bit vectors. Hence, new
nectar sources can be generated within the range of size of
most discovered results.

MOEA-HEUPM: The traditional mining algorithms
(Fournier-Viger et al. 2014; Gan et al. 2021) are designed to
mine the high frequent or high-utility patterns by considering
support and utility individually from the uncertain datasets.
They are not designed to mine the required information from
the uncertain datasets which consider both measures (utility
and uncertainty) together as a multi-objective optimization
problem. The utility measure is considered as a semantic
method to access the value of a pattern; on the other hand,
the uncertain measure is considered as an objective method
to access the reliability and existence of a pattern. It is a non-
trivial task to consider both measures to mine HUIs from
uncertain datasets. The reason is that both measures conflict
with each other, thereby resulting in the useless extracted
patterns.

In 2020, Ahmed et al. (2021) proposed the multi-objective
evolutionary approach to discover the high expected utility
patterns mining (MOEA-HEUPM) framework in a limited
time-period from the uncertain dataset. The proposed algo-
rithm considers the utility and uncertainty simultaneously to
extract the set of non-dominated high expected utility pat-
terns (HEUPs) based on the evolutionary computation from
the uncertain environment. The proposed algorithm does not
need prior knowledge (minimum utility threshold and mini-
mum uncertain threshold) to discover the information. But,
instead of prior knowledge, it mines more meaningful and
unique non-dominated patterns to meet the decision.

Two strategies, namely meta-itemset-selection and
transaction-itemset-selection, are proposed to select the pat-
terns. For transaction-itemset-selection, 50 percent of the
population are selected from the dataset based on the util-
ity probability. On the other hand, remaining 50 percent of
the population for the meta-itemset-selection, only one item
in a transaction is encoded and selected based on the uncer-
tainty probability. The transaction itemset quickly achieves
the stable convergence of the solutions, while meta-itemset
generates new off-springs from parents with high diversity.

Firstly, a weight-based algorithm, named Tchebycheff
(Zhang et al. 2018), is incorporated to quickly obtain the
non-dominated solutions based on the utility and uncertainty
(multi-objective) concept. Secondly, two encoding schemes,
namely binary encoding and value encoding, are used to
obtain the diversity and high convergence of the derived
solutions (Mukhopadhyay et al. 2014). Finally, the proposed
algorithm utilizes MOEA/D procedure (Wang et al. 2016)
for the evolution progress. After the iteratively evolution-
ary progress of MOEA/D, the final population is generated
and produced. The individuals in the population are then
sorted and selected as the non-dominated solutions for the
final results.
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The experimental results show that the proposed MOEA-
HEUPM performs well compared to the existing state-of-
the-art baseline algorithms, U-apriori (HOOSHSADAT et al.
2012) and EFIM (Zida et al. 2015) in terms of the hyper-
volume, convergence, promising patterns and scalability.
MOEA-HEUPM generates patterns at least 5 to 10 times
smaller than that of U-apriori and EFIM. The value encoding
is converged with the low number of generations, whereas the
binary encoding performs better when more generations are
achieved especially in the sparse dataset. Therefore, binary
encoding is more suitable for the dataset that has a large
number of itemsets. On the other hand, when the number of
several itemsets is lower or dataset is a dense type, then value
encoding schema is considered to be used. It is observed
that the proposed algorithm generates less but useful non-
dominated HEUPs for decision-makers without the need to
specify the threshold value in the uncertain environment.

BGWO: In the literature, meta-heuristic optimization
approaches are used to solve the various engineering prob-
lems because of the following: (1) They are simple and easy
to implement. (2) There is no requirement for gradient infor-
mation. (3) They avoid local optima. (4) They can be used in
diverse disciplines. Grey wolf optimization (GWO) approach
(Mirjalili et al. 2014) is proposed to solve the combinatorial
optimization problems. This bio-inspired algorithm repli-
cated the leadership foraging strategy by simulation of the
behavior of the grey wolf. Grey wolf is considered as the
top-level predators. They usually live in a group size of 5–12
wolves. However, it only deals with continuous optimization
problems.

In 2020, Pazhaniraja and Kumar (2020) proposed a
Boolean-based modified grey wolf optimization (BGWO)
algorithm based on the traditional GWO (Mirjalili et al.
2014), to mine HUIs from large datasets. The grey wolf opti-
mizer approach (Wang and Li 2019) is easy to implement
and search the solution space with less number of parame-
ters and high accuracy. The proposed algorithm is inspired by
the optimization model which is based on the biotic behavior
of the grey wolf. BGWO algorithm uses five Boolean oper-
ators, namely binary adder, difference, de Morgan’s AND,
multiplexer (with uncertainty) and circular-shift, to handle
the binary solution representation. The Boolean operators are
used for the conversion of continuous GWO into modified
GWO where each operator in GWO is redefined with uncon-
ventional Boolean operators. The flow of GWO is preserved
to retain the originality of the searching algorithm, whereas
the operators are redefined to handle Boolean values.

Unlike standard GWO, the modified GWO does not pos-
sess any boundary check procedure which ensures the entire
search is made within the boundary region. The fitness
function is used as the total utilization of an itemset in
every transaction in the dataset. An item pruning strategy
is employed to enhance the proficiency of mining process in

terms of run-time prior to the initialization of the population.
It saves lots of time to compute the itemset combination to
identify HUIs from the given transactions.

The experimental results show that the proposed algo-
rithm performs well compared to the existing state-of-the-art
algorithms, HUPEumu-GRAM (Kannimuthu and Premalatha
2014), HUIM-BPSO (Lin et al. 2017), IHUP (Ahmed et al.
2009), UP-Growth (Tseng et al. 2013), Bio-HUIF-GA (Song
and Huang 2018), Bio-HUIF-PSO (Song and Huang 2018)
and Bio-HUIF-BA (Song and Huang 2018), in terms of
the run-time, converging speed and promising HUIs. It is
observed that the proposed BGWO reduces overall time com-
plexity in a significant manner.

TNR-HUARM: In the literature, evolutionary compu-
tation (Kannimuthu and Premalatha 2014; Lin et al. 2016,
2017; Song and Huang 2018) techniques are never designed
to mine top non-redundant high-utility association rule min-
ing.

In 2020, Krishna and Ravi (2020) proposed an evolu-
tionary computation-based top non-redundant high-utility
association rule mining (TNR-HUARM) algorithm with
binary differential evolution (BDE) and adaptive binary dif-
ferential evolution (ABDE), to mine the top non-redundant
high-utility association rules without using the downward
closure property. This work is the first of its kind where the
proposed TNR-HUARM algorithm uses and compares BDE
and ABDE. Differential evolution (DE) has four critical seg-
ments, namely initialization, mutation, recombination and
selection for the continuous optimization problems (Storn
and Price 1997). DE (Das and Suganthan 2011; Das et al.
2016) is chosen because of the following reasons: (1) It
can work on nonlinear, non-differentiable and multi-modular
search spaces. (2) It is robust and fast. (3) It can also be
utilized for discrete problem spaces. The adaptive differen-
tial evolution (ADE) changes DE with parameters through
roulette wheel selection (Bäck 1996) and random local-
ization (Kaelo and Ali 2006). The BDE uses the sigmoid
function by passing the continuous values to DE (Engel-
brecht and Pampara 2007), while ABDE uses the binary
version of continuous ADE. TNR-HUARM algorithm con-
sists the following five steps: (1) initialization; (2) mutation;
(3) recombination; (4) discretization; (5) selection. The pro-
posed algorithm uses the Michigan approach for the rule
coding.

TNR-HUAUM has various applications for analytical
customer relation management (CRM), namely Bayesian
networks (Tian et al. 2013; Xiao et al. 2016), recommender
systems (Park et al. 2012; Bobadilla et al. 2013; Najafabadi
et al. 2019), binary vectors (Li et al. 2019) and neural binary
representation learning (Zhang et al. 2019). The proposed
algorithm is applied to the online Retail dataset from the
UCI repository (Chen and Guo 2012). The t-test is per-
formed on the benchmark datasets where the null supposition
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is accepted. The experimental results prove the effective-
ness of the proposed algorithm in terms of memory usage,
run-time and convergence on the benchmark datasets. The
proposed TNR-HUAUM does not perform an exhaustive
search of the search space to mine top non-redundant high-
utility association rules. Moreover, it does not depend on
another algorithms to generate top non-redundant high-utility
association rules. It generates high-utility association rules
first without depending on any closed itemset miner and then
after generating the high-utility association rules removes the
redundant rules.

HUIM-DEO: In 2020, Pazhaniraja and Sountharrajan
(2021) proposed a meta-heuristic evolutionary computa-
tion algorithm named high-utility itemset mining dolphin
echolocation optimization (HUIM-DEO), based on genetic
algorithm and dolphin echolocation optimization (DEO) to
discover HUIs. It is inspired by the echolocation in dolphins
to search the optimal path and direct toward the food. This
technique further simulates the Dolphin echolocation (DE)
by restraining its exploration, which is proportional to the
distance from the target (Soto et al. 2016). DEO provides
global search solutions to find HUIs.

The proposed algorithm consists of the following two
phases: (1) During the first phase, it finds all the possible
search space. (2) During the second phase, it examines better
solutions. The proposed HUIM-DEO finds 1-HTWUIs to be
the dolphin echo search size, based on TWU model (Liu et al.
2005). It incorporates meta-heuristic features which regulate
the values of the randomly created solutions.

The experimental results show that HUIM-DEO algo-
rithm performs well as compared to the state-of-the-art
algorithms, HUPEumu-GRAM (Kannimuthu and Premalatha
2014), HUIM-BPSO (Lin et al. 2017), Bio-HUIF-GA (Song
and Huang 2018) and Bio-HUIF-PSO (Song and Huang
2018), in terms of the execution time, promising HUIs and
convergence. It is observed that the proposed HUIM-DEO
makes use of a global search solution and can discover the
HUI with the corresponding parameters in terms of profit and
quantity.

3.1.6 Discussion of evolutionary computation-based
approaches

In the previous section, evolutionary computation includ-
ing GA, PSO, ACO, multi-objective optimization and hybrid
approaches-based HUIs mining approaches is discussed.

GA-based algorithms are based on the principle of survival
of the fittest that generate the next population by various oper-
ations with each individual represents a possible solution.
The meta-heuristic GA-based techniques are used to obtain
the optimal solutions to solve the difficult optimization prob-
lems by using genetic operations, for example, crossover,
mutation and selection. These genetic operations are then per-

formed to generate the next generations. They used the fitness
function to efficiently mitigate the three side effects, hiding
failure, missing costs and artificial costs. However, GA-based
approaches suffer from the combinatorial problem of assign-
ing the initial chromosomes in the later evolution process.
Moreover, it is a non-trivial task to obtain the appropriate
parameters for the GAs.

To address the above discussed issues, the EC-based PSO
algorithms are proposed to efficiently mine HUIs. They
are based on bio-inspired and population-based approaches
to find the optimal solutions by adopting the velocity to
update the particles. The PSO-based approach can be eas-
ily implemented without the trivial task to set the appropriate
crossover and mutation rates as the GA-based algorithm does.
A hierarchical classification MOPSO framework is used for
data sanitization to hide the sensitive itemsets in PPDM.
However, it cannot be directly applied to solve the prob-
lem of PPDM because the dominance relationships should
be utilized to obtain the optimized transactions for deletion.
Therefore, MOPSO framework using grid-based algorithm
is presented to obtain the un-dominated solutions in PPDM
by adopting the pre-large concept and updating the gbest
and pbest values in the evolution process. It effectively mit-
igates the three side effects, hiding failure, missing costs
and artificial costs. The heuristic method based on HUIM-
AF approach explores very large space to efficiently find
the optimal diverse solutions within limited amount of time.
PSO-based approaches provide better results as compare to
GA-based methods in terms of execution time, number of
discovered HUIs and convergence. However, some useful
information may be missing to discover the complete set of
HUIs in the dataset.

To address the above limitations , EC-based ant colony
optimization techniques are proposed, which not only effi-
ciently mine HUIs, but also provide a checking mechanism to
ensure the complete set of HUIs in the dataset. However, they
require to set the heuristic function in a proper way which is
quite challenging task.

The previous studies focus on the efficiency of mining fre-
quent itemsets or high-utility itemsets. They do not consider
both measures, support and utility, separately. Therefore, it
significantly affects the performance of the mining process.
On the other hand, multi-objective EC-based methods con-
sider both measures, support and utility simultaneously to
mine the frequent itemsets and high-utility itemsets with-
out specifying the minimum support threshold and minimum
utility threshold from a multi-objective view. This task can
be further extended by considering the closed itemsets in the
dataset. However, it is computationally costly to obtain the
optimized solutions from large datasets. To address this issue,
an MOEA-based approach is proposed to mine HUIs from
large-scale sparse MOPs. A general multi-objective HQPM
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is proposed to balance support, occupancy and utility simul-
taneously.

In order to improve the optimal diverse solutions, HUIM
framework, from the perspective of bio-inspired algorithms,
is proposed to discover HUIs. It targets the values of the next
population rather than maintaining the current optimal values
in the next population. Another HUIM framework, based on
ABC algorithm, is proposed to mine HUIs by using nectar
sources and bitmap structure. A multi-objective EC-based
framework is proposed to mine HEUPs by considering both
utility and uncertainty in a limited amount of time from an
uncertain environment. An optimization model based on the
biological behavior of grey wolf is proposed to mine HUIs by
using less parameters and high accuracy. A multi-objective
EC algorithm, based on BDE and ABDE, to mine high-utility
association rules, is proposed to mine HUIs from the online
retail sector.

The overview of EC-based soft computing techniques is
shown in Table 7 which includes the following fields: (1)
name of algorithm; (2) data structure; (3) dataset; (4) mining;
(5) pruning strategies; (6) the state-of-the-art algorithms; (7)
base algorithms. The paper has encompassed the comprehen-
sive list of research papers in the domain of soft computing
including GA-based, PSO-based, ACO-based, MOE-based,
bio-inspired, ABC-based, Dolphin echolocation-based and
others. The data structures are used to store the useful infor-
mation in concise form to mine the high-utility itemsets.
Most of the research papers have considered transactional
datasets. The paper has discussed several pruning strategies
to efficiently prune the search space, thereby resulting in the
enhancement in the mining process. The survey has shown
an in-depth comparison of each algorithm with their state-
of-the-art algorithms and base algorithms.

A brief summary of EC-based soft computing techniques
along with their pros and cons is shown in Table 8. The arti-
cle has provided the theoretical basis of each algorithm that
discuss the core concept used in the algorithm. The pros and
cons of each algorithm are discussed in depth. This will pro-
vide new ideas to the researchers on how they can built novel
frameworks, pruning strategies and new developments per-
taining to similar studies.

3.2 Fuzzy logic-based approaches

Crisp set theory is used to determine whether an element is a
member of a set or not and, thereby, has a limited scope to map
a quantitative value in the dataset. On the other hand, fuzzy
set theory is taken into consideration whether an element is
a member of a set with a definite level such as very modest,
modest, average, extreme and very extreme (Zadeh 1975)
and, thereby, provides an easy interpretation of the data. It
transforms the numerical value of the transactions into the
representation of the semantic terms in the dataset.

The fuzzy set theory is a major research area of data min-
ing (Kuok et al. 1998). Many fuzzy data mining algorithms
based on apriori are available in the literature (Alcalá-Fdez
et al. 2009; Chen et al. 2009; Chan and Au 1997; Hong et al.
2003; Lee et al. 2008). However, they generate a large number
of candidates. To overcome this issue, various HUIM algo-
rithms are proposed to discover HUIs (Ahmed et al. 2009;
Chan et al. 2003; Hu and Mojsilovic 2007; Yeh et al. 2008).
However, these algorithms only provide the utility informa-
tion to make business decisions. Wang et al. (2009) first
combine the high-utility mining with the fuzzy set theory
to discover the high fuzzy utility itemsets from the dataset.
However, fuzzy utility mining considers only pre-defined
fuzzy membership functions.

To address this issue, temporal-based fuzzy utility mining
algorithms are proposed. They adopt the concept of temporal
property of the itemsets to find the different time intervals of
the items in the transactions in the dataset (Huang et al. 2017;
Hong et al. 2019). However, they consume a high amount of
time to process an itemset. Moreover, the temporal fuzzy
utility mining approaches consider the single-conditional
measurement which does not precisely reflect the itemsets in
the real-time applications (Wang et al. 2009; Lan et al. 2015;
Huang et al. 2017). To address this issue, several fuzzy utility
mining algorithms are proposed which consider the concept
of multi-conditional measurement (Chen et al. 2007; Ouyang
and Huang 2011) where each item is assigned with an indi-
vidual threshold. However, it is a more challenging task to
consider the multiple item thresholds.

Several genetic fuzzy mining (GFM) algorithms (Alcalá-
Fdez et al. 2009; Chen et al. 2012; Hong et al. 2006;
Kaya and Alhajj 2005, 2006) are proposed that combine
the genetic concept and fuzzy utility mining to discover the
fuzzy association rules from the datasets. However, these
algorithms consider only the single-objective optimization
which does not reflect the true characteristics of the real-time
applications. To address this issue, several multi-objective
optimization GFM algorithms (Alhajj and Kaya 2007; Chen
et al. 2013; Kaya 2005) are proposed with multiple objective
functions. However, it is a challenging task to process the
items to find the appropriate optimal solutions.

3.2.1 Simple fuzzy logic-based approaches

HUFI-Miner: The existing utility mining algorithms (Erwin
et al. 2007; Liu et al. 2005; Yao and Hamilton 2006, [9])
cannot deal with both integer and real quantities. In 2009,
Wang et al. (2009) proposed HUFI-Miner (High utility fuzzy
itemsets miner) algorithm, first of its kind, to find the high-
utility fuzzy itemsets (HUFIs) over numeric and nominal
attributes from the transaction dataset. The authors proposed
certain constraints and accompanying algorithms for effi-
ciently pruning the search space in high-utility fuzzy itemset
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mining problems. Moreover, the theoretical and experimen-
tal of these intelligent heuristics can effectively be applied
to discover HUFI. The concept of quantitation is easy to
interpret because of the fuzzification concept into linguistic
regions. Hence, it finds less redundant quantitative itemsets
from the dataset. It not only simplifies the mining problem
but also provides an accessible amount of itemsets. HUFI-
Miner incorporates the downward closure property of HMFI
(high transaction-max utility fuzzy itemsets) and small look-
up tables to solve the memory requirements in the case of
large datasets. Moreover, it needs at most two scans of the
original dataset. It significantly prunes HUFI candidates, thus
resulting in the reduction of execution time cost considerably.

The experimental results show that the proposed HUFI-
Miner algorithm significantly reduces the search space and
HUFI candidates, which results in the reduction of the execu-
tion cost. Moreover, almost half of the cost is reduced in the
second scan. It is observed that the proposed algorithm not
only simplifies the mining problem but also produces more
profitable patterns.

GDFU: However, TPFU (two-phase fuzzy utility mining)
algorithm (Lan et al. 2015) efficiently avoids information loss
in fuzzy utility mining by using FUUB (fuzzy utility upper-
bound) model. But, there are lots of generated unpromising
candidates because there is no effective strategy to reduce
the upper-bound of fuzzy utilities of itemsets in the mining
process.

In 2014, Lan et al. (2014) designed an approach named
GDFU (gradual data reduction fuzzy utility mining) to mine
high fuzzy utility itemsets from the quantitative transactional
dataset. The profits, quantities and fuzzy utility of each item is
considered in a transaction. The authors proposed an efficient
data reduction strategy to improve the performance and prune
the unpromising candidate itemsets. The fundamental of this
proposed method is that the unpromising fuzzy itemsets in
the transactions at the k-th pass are early eliminated by using
the members emerged in the set of candidate fuzzy utility
upper-bound k-itemsets before discovering high fuzzy utility
upper-bound (k + 1)-itemsets. This strategy accelerates the
execution speed in terms of matching and counting the fuzzy
utilities of itemsets in the mining process.

The experimental results show that the proposed GDFU
approach significantly works well as compared to TPFU (Lan
et al. 2015) in terms of the execution time. The reason is that
the proposed algorithm incorporates the effective strategy to
further prune a large number of unpromising candidates and
thereby significantly improves the mining performance.

TPFU: As we have seen that fuzzy utility mining (Wang
et al. 2009) integrates the concept of fuzzy set concept with
utility mining to mine high fuzzy utility itemsets from quan-
titative datasets. However, the common membership degree
value of fuzzy itemsets is not considered in the fuzzy util-

ity function. Moreover, the fuzzy utility values of items are
difficult to calculate and understand.

In 2015, Lan et al. (2015) proposed an algorithm named
TPFU (two-phase fuzzy utility mining) to discover the actual
high fuzzy utility itemsets (HFUs) from the quantitative
transactional dataset. Since the downward closure property
cannot hold in the fuzzy utility mining, a novel fuzzy util-
ity measure is designed to measure the fuzzy utility itemsets
using the fuzzy minimum operator. The fuzzy utility upper-
bound (FUUB) method is proposed to avoid information loss
in fuzzy utility mining. TPFU considers not only the quan-
tities and profit values of items in transactions but also the
common degrees of fuzzy itemsets by using the concept of
fuzzy minimum operator. TPFU consists of the following two
phases: (1) During the first phase, the FUUB of all distinct
fuzzy itemsets is calculated and 1-HFUUB is obtained from
their FUUB value in a level-wise way. (2) During the second
phase, the actual fuzzy utility values of all itemsets in the
set of all 1-HFUUB are obtained by scanning the dataset.
Finally, the complete set of HFUs are obtained.

The experimental results show that the proposed algo-
rithm performs well in terms of execution time under various
parameter settings on the benchmark datasets. The reason is
that TPFU effectively reduces the search space to find fuzzy
utility itemsets in comparison with the full search space of
itemsets. It is observed that the number of HFUs is less than
that of high-utility itemsets (HFs) under various parameters.
The reason is that TPFU uses the concept of both original
utility function and minimum operator.

FFI-Miner: In 2015, Lin et al. (2015) proposed a fuzzy
frequent itemset miner (FFI-Miner) algorithm to discover
the fuzzy frequent itemsets (FFIs) without candidates gener-
ation. A fuzzy-list structure is used to maintain the required
fuzzy data for the mining process. It efficiently speeds up the
computation process to directly find the discovered FFIs. It
consists of the following three attributes: (1) transaction TID
(t id); (2) internal fuzzy value (i f ); and (3) resting fuzzy value
(r f ).

Two strategies, namely maximum scalar cardinality ([211],
Lin and Hong 2014) and support-ascending order, are
adopted to transform the original datasets into fuzzy datasets.
The maximum scalar cardinality strategy is used to eas-
ily identify the fuzzy values between the transformed fuzzy
terms based on the designed fuzzy-list structure. The fuzzy
terms are sorted in their support-ascending order to perform
the intersection operations for discovering their support val-
ues among the fuzzy k-terms (k ≥ 2). The search space
of FFI-Miner is represented as an enumeration tree accord-
ing to the support-ascending strategy. However, the complete
search space of the enumeration tree is very large to find
the complete set of FFIs. Therefore, a pruning strategy is
proposed to prune the search space, thereby accelerate the
mining process to directly obtain FFIs. If the summation of
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r f values of an itemset is no less than the minimum support
count, then any extensions of an itemset will not be FFIs.
Hence, it can be directly ignored to avoid the construction
phase of fuzzy-list structures of the extensions of that itemset.

The experimental results show that the proposed FFI-
Miner performs well as compared to the existing state-of-the-
art, apriori-based FDTA (Hong et al. 1999) and, tree-based
algorithms, CFFP-tree [211], GDF (Lan et al. 2015) and
UBFFP-tree (Lin and Hong 2014), in terms of the run-time
and number of visited nodes for discovering FFIs under vari-
ants of membership functions. It is observed that the proposed
algorithm is almost up to 1 or 2 orders of magnitude faster
than other benchmark algorithms.

MFFI-Miner: Although tree-based methods ([211], Lan
et al. 2015; Lin and Hong 2014) perform well as compare to
apriori-based FDTA (Hong et al. 1999), to discover the fuzzy
frequent itemsets (FFIs). However, they incur high computa-
tion cost. In addition, they require multiple dataset scans to
mine FFI in a level-wise way. Moreover, they consider the
maximum scalar cardinality to discover, at most, one rep-
resented item from the transformed linguistic terms, which
results in the missing of some useful FFIs. Therefore, the set
of discovered FFIs may be incomplete.

In 2016, Lin et al. (2017) proposed multiple fuzzy frequent
itemset miner (MFFI-Miner) algorithm to find the multiple
fuzzy frequent itemsets (MFFIs) without candidates genera-
tion. The fuzzy-list structure is proposed to efficiently retain
the required data to decrease the computation of dataset
scan of the mining process in a level-wise way. The pro-
posed algorithm consists of two phases: (1) transformation
and (2) fuzzy-list construction. During the transformation
phase, if the fuzzy itemset with its support count is no less
than the minimum support count, then it is considered as
the FFI and kept in the transformed datasets. In the fuzzy-
list construction phase, the remaining fuzzy itemsets build
their own fuzzy-list structure to maintain the desired infor-
mation. Then, the upper-bound value of processed fuzzy
itemsets is obtained to maintain the downward closure prop-
erty for a later combinational procedure. The search space
of the fuzzy-list structure is represented as an enumeration
tree according to the designed support-ascending-order strat-
egy using depth-first search. Two pruning strategies, namely
pruning by internal value (PI) and pruning by resting value
(PR), are designed for pruning the search space of the enu-
meration tree and thereby accelerate the mining process to
directly mine the MFFIs. Thus, if the summation of the inter-
nal fuzzy (if) values or resting fuzzy (rf) values of a fuzzy
itemset is less than the minimum support count, any exten-
sions of that itemset will not be the FFIs and can be directly
ignored to avoid the construction phase for its fuzzy-list
structure. Thus, the search space can be reduced in the enu-
meration tree.

In order to evaluate the effectiveness of the designed
pruning strategies, two versions of the proposed algorithm,
namely MFFI-MinerP I and MFFI-MinerP R , are developed.
It is observed that these pruning strategies significantly
reduce the search space to discover MFFIs. MFFI-MinerP R

always performs well than MFFI-MinerP I for dense datasets.
Experimental results show that the proposed MFFI-Miner
algorithm efficiently works well as compared to the state-of-
the-art algorithms, generate-and-test GDF (Lan et al. 2015)
and pattern-growth UBMFFP-tree (Lin and Hong 2014), in
terms of the memory usage, run-time, node analysis and a
number of determined candidates from the real and synthetic
datasets. MFFI-MinerP I and MFFI-MinerP R are almost 2
to 3 orders of magnitude faster than GDF or UBMFFP-tree
algorithms. Although the proposed MFFI-Miner algorithm
required extra memory in order to retain the fuzzy-list struc-
tures, the number of candidates could be greatly reduced
when the search space was eliminated by using the designed
pruning strategies.

HFUBWSM: Several fuzzy utility mining algorithms
(Wang et al. 2009; Lan et al. 2014, 2015; Lin et al. 2017)
are proposed to efficiently mine the fuzzy utility itemsets
from the quantitative transaction datasets. However, in the
literature, less work is done on the fuzzy utility-based web-
page sets mining from weblog datasets. In 2017, Kumar and
Thakur (2018) proposed a high fuzzy utility-based web-page
sets mining (HFUBWSM) algorithm to find the sets of the
frequent web-page without candidates generation from the
weblog transaction dataset. However, it only stores fuzzy-
based frequent web page sets. It requires only one dataset
scan to significantly reduce the computation time, thereby
resulting in the acceleration of the mining process. A new
fuzzy set membership function is defined for proper value
assignment to each member in the set. A minimum fuzzy
utility threshold value (MFUTV) and user-defined percentile
(UDP) are applied to reduce the search space of the mining
process.

The proposed algorithm consists of the following steps:
(1) In the first step, it collects the weblog data sets from
web servers to create the weblog transaction dataset (WDB).
Then, it defines two parameters, namely maximum fuzzy
transaction utility (MFTU) and external utility (EU) in the
mining process. (2) In the second step, it creates the web
transaction table with internal utility and fuzzification of web
transactions into fuzzy regions using the membership func-
tion. (3) In the third step, it calculates the value of MFTU
for each transaction in WDB and the value of FTWU (Fuzzy
transaction weighted utilization) using the IU (Internal util-
ity) and EU in the weblog dataset. (4) In the fourth step, if
the value of FTWU is no less than that of MFTU, then it
is desired web page set, otherwise not. (5) In the last step,
it prunes all the superset of infrequent generators which do
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not satisfy the minimum fuzzy threshold value. Finally, it
extracts the high fuzzy utility web page sets.

The experimental results show that the proposed HFUB-
WSM algorithm works well as compared to the state-of-
the-art algorithms, IHUP (Ahmed et al. 2009), UP-Growth
(Tseng et al. 2013), FHM (Fournier-Viger et al. 2014) and
HUI-Miner (Liu and Qu 2012), in terms of the memory
usage, run-time and extracted high-utility web page sets
from weblog datasets. It is observed that HFUBWSM is
approximately 50 percent, 35 percent, 32 percent, and 30
percent more efficient than IHUP, UP-Growth, HUI-Miner
and FHM, respectively. These results are highly useful for
decision-makers to understand the behavior of customers and
do business planning according to the discovered knowledge.

WFUM: Weighted-based frequent itemsets mining algo-
rithms (Lin et al. 2015, 2017) are proposed to discover the
weighted frequent itemset by considering the weight for
items as a significant parameter. However, the concept of
weighted items is still to be explored more to get useful infor-
mation about items in the dataset.

In 2019, Hong et al. (2019) proposed a two-stage algo-
rithm, named weighted fuzzy utility mining (WFUM), to
mine the high weighted fuzzy utility itemsets (HWFUIs)
in a level-wise. The proposed work is the extended version
of TPFU approach (Lan et al. 2015), to handle the differ-
ent weights of items. WFUM consists of two phases: (1)
In the first phase, the weighted fuzzy utility upper-bound
(WFUUB) model is designed to obtain all the high weighted
fuzzy utility upper-bound itemsets (HUFUUBI) to satisfy the
downward closure property. It is used to avoid information
loss in WFUM model. (2) In the second phase, the actual
weighted fuzzy utility (aw f u) value of HUFUUBI is com-
puted. If aw f u value is no less than the minimum threshold,
then the itemset belongs to the HWFUI, otherwise not.

The experimental results show that the proposed WFUM
works well than the state-of-the-art TPFU algorithm (Lan
et al. 2015) in terms of the number of transactions, mean-
length of frequent itemsets and mean-length of items per
transaction. It is observed that the number of itemsets, in
proposed WFUM, is always less than that of TPFU.

FHFAUIM: The main issue with two-stage utility mining
(UM) (Liu et al. 2005) is that it considers the same threshold
value to evaluate the itemsets, irrespective of their length.
Fuzzy utility mining (FUM) (Lan et al. 2015) integrates the
utility mining with the fuzzy concept to identify the high
fuzzy utility itemsets. It has the advantage over UM as it effi-
ciently represents quantitative information. However, it has
a measurement issue in which the fuzzy utility value for an
itemset may be higher than that of its subsets. To address this
issue, fuzzy average-utility itemsets using two-stage strategy
(Hong et al. 2020) is proposed to mine high fuzzy average-
utility itemsets. However, it incurs high computational cost.

In 2021, Hong et al. (2021) proposed a single-stage algo-
rithm, named fast high fuzzy average-utility itemset mining
(FHFAUIM), based on FP-tree (Han et al. 2000), to iden-
tify fuzzy average-utility itemsets. It integrates a single-stage
strategy with a tree structure to prune the search space to
store information in the external array list at the node level.
The external list stores the transaction ID of the fuzzy item,
fuzzy value and utility value is added to the tree node. It
directly performs mined information in a single phase. An
over-estimation model (Hong et al. 2020) is used for fuzzy
average-utility mining.

The experimental results show that the proposed algorithm
performs well as compared to high fuzzy average-utility
itemset mining (HFAUIM) (Hong et al. 2020) in terms of
execution time and the number of generated candidates. The
proposed FHFAUIM algorithm has 95.39 percent efficiency
improvement rate of execution time over HFAUIM. However,
FHFAUIM consumes lots of memory to add list information
for each node. The reason is that it speeds up the execution
time by using an external list for each node to store mined
information which needs extra memory.

HUWAS: High-utility product mining (HUPM) generates
the utility of products by considering their duration. In 2021,
Ganesan and Shankar (2021) proposed a novel structure,
named high-utility product sets using fuzzy (HUFPM), to
mine high-utility products from the web datasets by integrat-
ing the concept of fuzzy with utility mining. A high-utility
web access sequence (HUWAS) tree structure is designed to
create the sequential tree by using the internal and external
utility of web-access sequence.

The data collection of web service consists of the fol-
lowing phases: (1) pre-processing execution logs; (2) Utility
analysis for the product set; (3) predicting maximum utility
based on fuzzy logic (FL). In the pre-processing phase, the
weblog data are processed to get the statistical information.
In the utility analysis phase, the utility of the product set
is considered to estimate the high utility in the mining pro-
cess. HUWAS tree consists of the number of sequences in
the dataset. In the last step, the generated pattern is arranged
according to the fuzzy membership function into the fuzzy
regions. The proposed algorithm performs a single scan to
discover the high-utility web access sequence from the candi-
date sequence. After the construction of the tree, the proposed
algorithm finds candidate patterns from the tree. It generates
web access patterns to discover frequent sub-sequences from
web sequence dataset. The high-utility patterns are obtained
in two dataset scans. It prunes the duplicate patterns from the
tree to enhance the efficiency of the mining process.

The experimental results show that the proposed algorithm
performs well as compared to the state-of-the-art algorithms,
ANN and top-k HUI (Duong et al. 2016), in terms of execu-
tion time, memory consumption and accuracy from the large
web pages from complex datasets. It is observed that the pro-
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posed algorithm effectively discovers all HUIs in a dataset
with the utilization of optimization methods.

3.2.2 Temporal fuzzy logic-based approaches

TP-TFU: The existing fuzzy utility mining algorithms
(Wang et al. 2009; Lan et al. 2014, 2015) are not suitable
to mine high temporal fuzzy utility itemsets from temporal
datasets. The reason is that these datasets consist of the quan-
titative data with different time stamps, thereby resulting in
high computational complexity.

In 2017, Huang et al. (2017) proposed two-phased
temporal-based fuzzy utility mining (TP-TFU) algorithm to
find the high temporal fuzzy utility itemsets (HTFUIs) from
the temporal quantitative dataset (TQD). The proposed algo-
rithm considers the sale of the items, the amount of the
items and transaction periods of transactions in order to find
HTFUIs in product datasets. An upper-bound fuzzy utility
model is also designed to effectively mine the HTFUIs with-
out loss of any information in temporal fuzzy utility mining.
It prunes the unpromising candidates to speed up the min-
ing process. TP-TFU consists of the following two phases:
(1) During the first phase, the high temporal fuzzy utility
upper-bound (HTFUUB) is derived if their high temporal
fuzzy utility upper-bound ratio (ht f uuubr ) is no less than
the minimum threshold value. (2) During the second phase,
the dataset is scanned to obtain the fuzzy utility values of the
derived HTFUUB. If the fuzzy utility value of the derived
candidate is no less than the user-specific minimum thresh-
old, then it belongs to HTFUIs, otherwise not.

The experimental results show that the proposed TP-TFU
algorithm performs well as compared to the two-phased high
fuzzy utility (TP-HFU) (Lan et al. 2015) in terms of the total
number of different items, the average length of items per
transaction, number of transactions and execution time under
different threshold settings and fuzzy membership regions.
However, the proposed algorithm is required more computa-
tional time and slower than the TP-HFU. But, it obtains more
useful information to make better decisions. It is observed
that the proposed algorithm discovered more useful items
that of TP-HFU.

TFUM with MMU: The existing fuzzy utility mining
algorithms (Wang et al. 2009; Huang et al. 2017) are pro-
posed to mine fuzzy utility itemsets by considering only a
single minimum utility threshold. However, the single mini-
mum utility threshold does not reflect the true characteristics
of real-world applications. Moreover, the threshold require-
ment should depend on the item. For example, people may
consider the utility of emerging items and aged ones in dif-
ferent criteria. An emerging item may not currently get much
profit, but it may have a high potential to earn more profit in
the future. Therefore, it is not a fair selection to choose a
single threshold only. On the other hand, multiple minimum

utility thresholds generally reflect the actual requirements of
real-world applications. However, they incur high complex-
ity in the mining process.

In 2018, Huang et al. (2018) proposed the temporal
fuzzy utility mining (TFUM) with multiple minimum utility
(MMU) threshold to find all the HTFUIs from the quantita-
tive transaction dataset. The minimum utility threshold itself
depends on the item. The proposed algorithm consists of two
phases: (1) During phase one, the proposed algorithm finds
the high temporal fuzzy utility upper-bound itemset based
on the minimum constraint (HTFUUBMC) of the promising
candidate itemsets. Then, the upper-bound t f uubr values are
obtained and compared against the corresponding minimum
thresholds. (2) During phase two, the actual fuzzy utility
value of each promising candidate itemset is obtained by per-
forming the additional dataset scan. If the actual fuzzy utility
values are no less than their corresponding minimum thresh-
olds, then it belongs to HTFUIs, otherwise not. Finally, it
finds the complete set of high temporal fuzzy utility itemsets
(HTFUIs) satisfying the multiple minimum constraints.

The experimental results show the effectiveness of the
proposed algorithm is in terms of execution time on the
benchmark datasets. It is observed that the multiple con-
straints of the proposed algorithm give good performance.

TFUM using tree structure: As compared to the tradi-
tional fuzzy utility mining algorithms (Huang et al. 2017;
Lan et al. 2015), temporal fuzzy utility data mining consid-
ers the temporal factor of transactions, purchased quantities,
item profits and linguistic terms.

In 2019, Hong et al. (2019) proposed a temporal fuzzy
utility mining algorithm to extract the HTFUIs from the
temporal quantitative transaction dataset (TQD). A tree struc-
ture is designed, based on the frequent pattern tree (FP-tree)
(Han et al. 2000), to store the required information in the
mining process. The proposed algorithm consists of two
phases: (1) In phase one, it discovers the set of high tem-
poral fuzzy utility upper-bound itemsets (HTFUUBI) using
FP-Growth approach. The maximum temporal fuzzy utility
(mt f u) is calculated. The temporal fuzzy utility upper-bound
ratio (t f uubr ) is computed and compared to the user-defined
threshold. If t f uubr is no less than the minimum threshold,
then the itemsets belong to HTFUIs. (2) During the second
phase, the dataset scan is performed to examine whether the
candidate itemsets are HTFUIs or not. Finally, it discovers
the complete set of HTFUIs.

The experimental results show that the proposed algorithm
performs well as compared to the apriori-based mining algo-
rithm, named TP-FPU (Huang et al. 2017) with regard to
the run-time and memory consumption on the benchmark
datasets.

TPM: The utility mining algorithms using a single-
conditional threshold (Tseng et al. 2015; Chu et al. 2009;
Wang et al. 2009) are proposed to efficiently mine HUIs from
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the datasets. However, they do not reflect the true character-
istics of all items. To address this issue, several algorithms
using multiple-conditional thresholds (Liu et al. 1999; Chen
et al. 2007; Ouyang and Huang 2011; Lin et al. 2016) are
proposed to represent the true characteristics of real-world
applications. However, these algorithms assign an individual
threshold for each item, thereby resulting in the complexity
of the mining process.

In 2019, Huang et al. (2019) proposed an algorithm
named, two-phase multi-conditional algorithm for tempo-
ral fuzzy utility mining (TPM) to find the HTFUIs with
multi-conditional minimum thresholds from the quantita-
tive transaction dataset. The proposed algorithm considers
the temporal behavior, importance of items and usage of
linguistic terms in the mining process. TPM is the general-
ized version of TFUM (Huang et al. 2017) which considers
the single-conditional minimum threshold (TFUMPsmt ). The
proposed temporal fuzzy utility mining algorithm considers
the multi-conditional minimum threshold (TFUMPmmt ) to
hold the downward closure property and avoids information
loss in the mining process. TPM consists of the following two
phases: (1) During phase one, the proposed algorithm discov-
ers the HTFUUBI by checking whether their t f uubr values
are larger than or equal to their corresponding minimum
thresholds. A pre-processing procedure is built to transform
the occurrence time of each transaction to a time period and
to convert the quantitative information of the dataset to fuzzy
regions. (2) During phase two, the temporal fuzzy utility
ratio (t f ur ) values of HTFUUBIs are computed and com-
pared against their corresponding minimum thresholds. If
t f ur values are no less than their corresponding minimum
thresholds, then the candidate itemsets belong to HTFUIs,
otherwise not.

The experimental results show that the proposed algo-
rithm is highly effective as compared to the traditional TFUM
algorithm (Huang et al. 2017), in terms of execution time
under different parameter settings. It is observed that the pro-
posed TPM derives fewer itemsets than that of TFUM and
performs good performance from both the effectiveness of
multi-conditional view-point and the execution efficiency.

3.2.3 Fuzzy logic and GA-based approaches

TMOGFM: In the literature, several genetic fuzzy min-
ing (GFM) algorithms (Hong et al. 2006; Kaya and Alhajj
2005, 2006) are proposed with diverse objective functions,
for example, number of large itemsets, number of rules and
suitability of membership functions. Although these algo-
rithms provide non-dominated solutions to choose different
market strategies for decision-makers. However, there are
still lots of challenges how to choose appropriate solutions
among different strategies.

In 2013, Chen et al. (2013) proposed a two-stage multi-
objective fuzzy mining approach named TMOGFM (two-
stage multi-objective genetic-fuzzy mining) to discover
the linguistic information from the quantitative transaction
dataset. The proposed algorithm not only discovers Pareto
solutions but also provides representative solutions for the
decision-making process. In the first stage, the proposed algo-
rithm determines non-dominated solutions with the given
objective functions. In the second stage, the clustering tech-
nique obtains the optimal solutions from the set of the
non-dominated solutions. Therefore, each clustered group
is a trade-off among objective functions. Finally, the valid
solutions of each cluster is used to find the promising item-
sets.

The experimental results prove the effectiveness of the
proposed algorithm in terms of different generated solu-
tions and clustering results on the benchmark datasets. It
is observed that the proposed algorithm provides a simple
and useful method to derive non-dominated solutions accord-
ing to the favorites of decision-makers. These corresponding
results could be mined and the obtained outputs could be
further examined for business purposes.

HFUI-GA: Traditional high fuzzy utility itemset mining
(HFUIM) algorithms (Lan et al. 2015; Wang et al. 2009)
mine a set of satisfied high fuzzy utility itemsets (HFUIs) on
small datasets, but in real-life applications, the datasets are
very large. Thus, it takes a too long time to find the required
information, which makes real-time decisions inefficient or
impossible. Evolutionary computation (EC) is a technique to
find the desired information in a limited time. Several EC-
based algorithms (Kannimuthu and Premalatha 2014; Lin
et al. 2017; Wu et al. 2017) are proposed to mine the required
knowledge in different domains. However, no existing works
focus on mining high fuzzy utility itemsets using EC-based
algorithms.

In 2019, Wu et al. (2019) proposed high fuzzy utility item-
sets for using a genetic algorithm (HUFI-GA) framework
to discover the HFUIs in a definite time period from the
large datasets. First, the proposed algorithm finds the vari-
ous lengths of fuzzy itemsets separately. Then, it performs an
evolutionary process to discover the HFUIs recursively until
the complete set of promising candidate itemsets are exam-
ined. The proposed algorithm consists of the following steps:
(1) chromosome encoding; (2) crossover operator; (3) muta-
tion operator; (4) fitness function and evaporation policy;
(5) selection operator; (6) termination conditions; (7) rela-
tionship array; (8) candidate pool and initialize population.
In the designed HFUI-GA, each chromosome in the popu-
lation is represented as a candidate of HFUI. The proposed
process will randomly select two chromosomes from the pop-
ulation according to a relationship array. Each fuzzy item in a
chromosome will perform the mutation operator. The muta-
tion operator simply selects a fuzzy item from the candidate
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pool to replace the selected one randomly or according to a
relationship array. A chromosome with higher fuzzy utility
illustrates a higher fitness value. An evaporation policy is
utilized to keep the diversity of the population (Dorigo and
Gambardella 1997). The tournament selection method is cho-
sen as the selection operator. The termination conditions are
employed to terminate the evolutionary process. Relation-
ship array records the transaction weighted fuzzy utilization
for each pair of items. The proposed HFUI-GA processes
reveal not only HFUIs but also HTWFUIs. If a fuzzy itemset
contains a subset that is not HTWFUIs, it is not HFUIs. Thus,
the GA process in HFUI-GA generates an initial population
from the previous level GA process.

Two improved strategies, namely evaporation strategies
(HFUIGA(E)) and relationship array strategies (HFUIGA(R)),
are designed to efficiently and effectively generate the
HFUIs. HFUIGA(E) and HFUIGA(R) are evaluated and
compared against the two strategies, namely HFUIGA
algorithm with no strategy (HFUIGA(O)) and HFUIGA
algorithm with two strategy (HFUIGA(F)), to show the
effectiveness of the proposed algorithm. It is observed that
HFUIGA(R) reveals fewer HFUIs in most of the cases.
HFUIGA(O) shows similar behavior as of HFUIGA(R).
Although the convergence of HFUIGA(O) is slower than
that of HFUIGA(R), the HFUIGA(O) also focuses on some
patterns due to the fitness values. The HFUIGA(E) and
HFUIGA(F) have better performance than the other two
algorithms due to the evaporation strategy. The evaporation
strategy can discover more potential patterns to generate
more HFUIs effectively. Sometimes, HFUIGA(F) can dis-
cover more HFUIs in the early iterations since it can quickly
combine the suitable patterns to find HFUIs. However, this
benefit is not very obvious. Finally, the HFUIGA(E) can try
more possible patterns and keep the diversity in the popula-
tion. Thus, the HFUIGA(E) can find more HFUIs in all cases.
Generally, the HFUIGA(E) outperforms the other variants
and always reveals the highest number of HFUIs. Experimen-
tal results prove the effectiveness of the proposed algorithms
in terms of discovered HFUIs in a limited time for different
variants.

3.2.4 Discussion of fuzzy logic-based approaches

The transactions may consist of the quantitative values in the
retail datasets that is a tedious task. Therefore, the concept
of fuzzy data mining is adopted to convert the quantitative
values into linguistic regions. The fuzzy utility mining algo-
rithms are proposed to efficiently mine fuzzy utility itemsets
by integrating the fuzzy set concept and utility mining. How-
ever, it consumes lot of time to prune search space. To address
this issue, an efficient fuzzy-list structure is used to efficiently

store the information for later mining process. However, it
may miss some useful information to mine a complete set
of HUIs. Therefore, an efficient algorithm with fuzzy-list
structure and pruning strategies is proposed to mine multiple
fuzzy utility itemsets without candidates generation. How-
ever, it suffers from high memory consumption.

In real-time applications, transactions may include trans-
action time and transaction stamps in the dataset. Therefore,
temporal-based fuzzy utility mining problems find attention
to these issues according to the fuzzy set concept. However, it
is quite complex as compared to traditional fuzzy utility min-
ing. A tree-based temporal fuzzy utility mining algorithm is
proposed to extract temporal fuzzy utility patterns. However,
these approaches use the single minimum utility threshold
for all the items in the dataset. Therefore, they are failed
to represent the true characteristics of the mining process.
To address this issue, the temporal fuzzy utility mining with
multiple minimum utility thresholds is proposed to extract
interesting highly temporal fuzzy utility itemsets from the
quantitative dataset.

The GA-based fuzzy utility itemsets mining efficiently
discover the multi-level fuzzy utility itemsets in the dataset.
It provides a simple way to use the derived non-dominated
solutions according to the users’ favorites. However, the
performance can be further improved by utilizing other GA-
based optimization techniques.

The overview of fuzzy logic soft computing techniques
is shown in Table 9, including data structure, mining tech-
niques, datasets used, pruning strategies, comparison with the
state-of-the-art algorithms and compared base algorithms.
The data structure, for example, fuzzy-list, is used to effi-
ciently store the mining information in an appropriate way.
The several pruning strategies, for example, fuzzy utility
upper-bound, downward closure property and others are used
to efficiently prune the search space and reduce the compu-
tational cost, thereby resulting in the improvement of mining
performance. The proposed algorithms were compared and
evaluated against the respective existing state-of-the-art algo-
rithms and base algorithms to show the effectiveness and
efficiency of these proposed methods from the benchmark
datasets.

A brief summary of the fuzzy logic-based soft comput-
ing techniques, along with their pros and cons, is shown in
Table 10. The survey has given the theoretical aspects of
the proposed algorithms in order to emphasize on the core
concept used in these methods. The pros and cons of each pro-
posed algorithm are discussed in detail. The new researchers
may work to improve these algorithms and also get novel
ideas and insights into the novel potential methods in the
field of fuzzy high-utility mining.

123



R. Kumar, K. Singh
Ta
bl
e
9

C
om

pa
ri

so
n

of
th

e
ex

is
tin

g
fu

zz
y

lo
gi

c-
ba

se
d

hi
gh

-u
til

ity
ite

m
se

ts
m

in
in

g
ap

pr
oa

ch
es

Y
ea

r
A

lg
or

ith
m

D
at

a
st

ru
ct

ur
e

D
at

as
et

M
in

in
g

Pr
un

in
g

st
ra

te
gy

T
he

st
at

e-
of

-t
he

-a
rt

al
go

ri
th

m
s

B
as

e
al

go
ri

th
m

s

Si
m

pl
e

fu
zz

y
lo

gi
c

te
ch

ni
qu

es

20
09

H
U

FI
-m

in
er

(W
an

g
et

al
.2

00
9)

Sm
al

ll
oo

k-
up

ta
bl

es
T

ra
ns

ac
tio

na
l

H
U

FI
s

D
ow

nw
ar

d
cl

os
ur

e
pr

op
er

ty
of

H
M

FI
N

on
e

(fi
rs

to
f

its
ki

nd
)

N
on

e

20
14

G
D

FU
(L

an
et

al
.2

01
4)

FU
U

B
T

ra
ns

ac
tio

na
l

H
FU

s
D

at
a

re
du

ct
io

n
st

ra
te

gy
,

H
FU

U
B

s
T

PF
U

(L
an

et
al

.2
01

5)
Tw

o-
ph

as
e

(L
iu

et
al

.2
00

5)

20
15

T
PF

U
(L

an
et

al
.2

01
5)

FU
U

B
T

ra
ns

ac
tio

na
l

H
FU

s
D

ow
nw

ar
d

cl
os

ur
e

pr
op

er
ty

in
fu

zz
y

se
ts

,H
FU

U
B

s
N

on
e

Tw
o-

ph
as

e
(L

iu
et

al
.2

00
5)

20
15

FF
I-

M
in

er
(L

in
et

al
.2

01
5)

Fu
zz

y-
lis

t
T

ra
ns

ac
tio

na
l

FF
Is

PI
-p

ru
ne

,P
R

-p
ru

ne
FD

TA
(H

on
g

et
al

.
19

99
),

C
FF

P-
tr

ee
[2

11
],

G
D

F
(H

on
g

et
al

.2
01

3)
,

U
B

FF
P-

tr
ee

(L
in

an
d

H
on

g
20

14
)

N
on

e

20
16

M
FF

I-
M

in
er

(L
in

et
al

.2
01

7)
Fu

zz
y-

lis
t

T
ra

ns
ac

tio
na

l
M

FF
Is

PI
-p

ru
ne

,P
R

-p
ru

ne
G

D
F

(H
on

g
et

al
.2

01
3)

,
U

B
M

FF
P-

tr
ee

(L
in

et
al

.2
01

5)

N
on

e

20
17

H
FU

B
W

SM
(K

um
ar

an
d

T
ha

ku
r

20
18

)
M

FU
T

V
W

D
B

H
ig

h
fu

zz
y

ut
ili

ty
-b

as
ed

w
eb

-p
ag

e

M
FU

T
V

an
d

U
D

P
IH

U
P

(A
hm

ed
et

al
.

20
09

),
U

P-
G

ro
w

th
(T

se
ng

et
al

.2
01

3)
,

H
U

I-
M

in
er

(L
iu

an
d

Q
u

20
12

),
FH

M
(F

ou
rn

ie
r-

V
ig

er
et

al
.

20
14

)

N
on

e

20
19

W
FU

M
(H

on
g

et
al

.2
01

9)
W

FU
U

B
T

ra
ns

ac
tio

na
l

H
FU

Is
H

U
FU

U
B

I,
aw

fu
T

PF
U

(L
an

et
al

.2
01

5)
Tw

o-
ph

as
e

(L
iu

et
al

.2
00

5)

20
21

FH
FA

U
IM

(H
on

g
et

al
.2

02
1)

W
FU

U
B

T
ra

ns
ac

tio
na

l
H

FU
Is

H
U

FU
U

B
I,

aw
fu

T
PF

U
(L

an
et

al
.2

01
5)

Tw
o-

ph
as

e
(L

iu
et

al
.2

00
5)

20
21

H
U

W
A

S
(G

an
es

an
an

d
Sh

an
ka

r
20

21
)

H
U

W
A

S-
tr

ee
W

eb
lo

g
H

ig
h-

ut
ili

ty
pr

od
-

uc
ts

et
s

E
U

,F
uz

zy
fu

nc
tio

n
A

N
N

an
d

To
p-

k
H

U
I

(D
uo

ng
et

al
.2

01
6)

N
on

e

Te
m

po
ra

lf
uz

zy
lo

gi
c

te
ch

ni
qu

es

20
17

T
P-

T
FU

(H
ua

ng
et

al
.2

01
7)

Pe
ri

od
ic

fu
zz

y
ut

ili
ty

ta
bl

e
T

Q
D

H
FU

Is
H

T
FU

U
B

an
d

ht
fu

uu
br

T
PF

U
(L

an
et

al
.2

01
5)

Tw
o-

ph
as

e
(L

iu
et

al
.2

00
5)

20
18

T
FU

M
w

ith
M

M
U

(H
ua

ng
et

al
.2

01
8)

Fu
zz

y-
lis

t
T

ra
ns

ac
tio

na
l

H
T

FU
Is

H
T

FU
U

B
M

C
N

on
e

N
on

e

20
19

T
FU

M
us

in
g

tr
ee

st
ru

ct
ur

e
(H

on
g

et
al

.2
01

9 )
T

re
e

st
ru

ct
ur

e
T

Q
D

H
T

FU
Is

H
T

FU
U

B
I

an
d

tf
uu

br
T

P-
T

FU
(H

ua
ng

et
al

.
20

17
)

Tw
o-

ph
as

e
(L

iu
et

al
.2

00
5)

20
19

T
PM

(H
ua

ng
et

al
.2

01
9)

Fu
zz

y-
lis

t
T

Q
D

H
FU

Is
H

T
FU

U
B

I
an

d
tf

ur
T

P-
T

FU
(H

ua
ng

et
al

.
20

17
)

Tw
o-

ph
as

e
(L

iu
et

al
.2

00
5)

F
uz

zy
lo

gi
c

&
G

A
-b

as
ed

te
ch

ni
qu

es

20
13

T
M

O
G

FM
(C

he
n

et
al

.2
01

3)
Fu

zz
y-

lis
t

T
ra

ns
ac

tio
na

l
Fu

zz
y

as
so

ci
at

io
n

ru
le

s
N

on
-d

om
in

at
ed

so
lu

tio
ns

(N
D

S)
N

on
e

N
on

e

20
19

H
FU

I-
G

A
(W

u
et

al
.2

01
9)

Fu
zz

y-
lis

t
T

ra
ns

ac
tio

na
l

H
FU

Is
H

T
W

FU
I

N
on

e
(fi

rs
to

f
its

ki
nd

)
N

on
e

123



A survey on soft computing-based high-utility itemsets mining

Table 10 The pros and cons of the fuzzy logic-based HUIs mining approaches

Algorithm Theoretical basis Pros and cons

Simple fuzzy logic techniques

HUFI-Miner
Wang et al.
(2009)

The proposed fuzzy approach discovers high fuzzy
utility itemsets by considering both profits and quan-
tities of items. The theoretical and empirical study are
also provided

HUFI-Miner scans the original dataset at most twice.
It can handle both integer and real quantities

GDFU Lan
et al. (2014)

The proposed algorithm efficiently handles the prob-
lem of fuzzy utility mining by incorporating the
effective reduction strategy

The proposed algorithm resolves the issue of fuzzy
utility mining to prune unpromising candidate item-
sets by adopting the fuzzy utility upper-bound which
guarantees to find all the high fuzzy utility itemsets.
However, it consumes high amount of time to mine
fuzzy utility itemsets

TPFU Lan
et al. (2015)

A two-phase TPFU proposed fuzzy utility upper-
bound model and efficiently solves the problem of
fuzzy utility mining

It significantly performs well on the real dataset with
respect to the effectiveness of HFUs and run-time.
However, it spends lots of computational time to mine
fuzzy utility itemsets

FFI-Miner
Lin et al.
(2015)

The authors proposed a fast algorithm to discover FFIs
without candidates generation

The proposed algorithm needs low memory to retain
the relevant fuzzy information in the fuzzy-list struc-
ture. However, some information may be miss to
discover the complete set of FFTs

MFFI-Miner
Lin et al.
(2017)

The authors proposed the MFFI-Miner algorithm to
efficiently mine the complete set of MFFIs without
candidates generation

The proposed pruning strategies greatly reduce the
number of candidates. However, the proposed algo-
rithm needs extra amount of memory to keep the
fuzzy-list structure

HFUBWSM
Kumar and
Thakur
(2018)

A high fuzzy utility strategy is proposed to mine
the web page sets from the weblog dataset by using
MFUTV and UDP pruning strategies

The proposed algorithm is efficient and effective with
regards to the memory usage and run-time

WFUM Hong
et al. (2019)

The authors proposed efficient two-stage weighted
utility mining algorithm to mine the high weighted
fuzzy utility itemsets

The designed WFUUB model prevents the loss of
information in the mining process in level-wise man-
ner

FHFAUIM
Hong et al.
(2021)

A single-stage tree structure-based method, based on
FP-tree (Han et al. 2000), is proposed to efficiently
discover fuzzy average-utility itemsets by using an
external list for each node in the tree

The mined process can be performed directly in a
single-phase. However, it consumes lots of memory
to store the list information for each node

HUWAS
Ganesan
and Shankar
(2021)

The proposed algorithm efficiently discovers all HUIs
by adopting the optimization techniques

It significantly improves the execution speed by using
the minimum utility threshold

Temporal fuzzy logic soft computing techniques

TP-TFU
Huang et al.
(2017)

The authors proposed two-phased temporal fuzzy util-
ity mining algorithm to mine the high temporal fuzzy
utility itemsets from the temporal quantitative dataset

The proposed algorithm considers the period of trans-
action of the items. However, it consumes more
computation time and slower than existing TP-HFU
(Lan et al. 2015) method

TFUM with
MMU Huang
et al. (2018)

The temporal fuzzy utility mining algorithm with mul-
tiple minimum constraint is proposed to mine the
HFUIs

The proposed algorithm is effective with respect to the
execution time

TFUM using
tree structure
Hong et al.
(2019)

The authors proposed temporal fuzzy utility mining
algorithm using a modified tree structure, based on
the FP-tree (Han et al. 2000), to mine the high tempo-
ral fuzzy utility itemsets from the quantitative dataset
using the temporal property

The proposed algorithm performs well with regards
to the memory usage and run-time
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Table 10 continued

Algorithm Theoretical basis Pros and cons

TPM Huang
et al. (2019)

An extended two-phased multi-conditional minimum
threshold approach is proposed to mine the high
temporal fuzzy utility itemsets by considering the tem-
poral behavior, items’ importance and the linguistic
terms’ usage

The proposed algorithm is efficient in execution time
under different parameter settings. However, when
TPM consists of all the identical value, it requires
more execution time than TP-TFU (Huang et al. 2017)
because it requires to find itemset constraints

Fuzzy logic & GA-based techniques

TMOGFM
Chen et al.
(2013)

TMOGFM works in two stages; firstly, the multi-
objective genetic algorithm is utilized and a set of
non-dominated membership functions is derived. Sec-
ondly, the non-dominated solutions are divided into
groups

TMOGFM provides a useful way to use the derived
non-dominated solutions according to the users
favorites. However, the performance of proposed
algorithm could be further improved by incorporat-
ing other multi-objective genetic methods

HFUI-GA Wu
et al. (2019)

A GA-based framework is proposed to mine the high
fuzzy utility itemsets in a limited time for small
datasets

Two proposed strategies enhance the performance of
the mining process

4 Discussion

The paper discussed the soft computing techniques on high-
utility itemsets mining that include evolutionary computation
and fuzzy logic approaches, available in literature till-date.
Evolutionary computation soft computing techniques are
classified into GA, PSO, ACO, multi-objective optimization
and hybrid approaches, while fuzzy logic-based soft com-
puting techniques are classified into simple fuzzy, temporal
fuzzy and GA-based fuzzy approaches.

GA is a directed optimization and search technique that
can solve highly complex and nonlinear problems. GA-
based techniques are more robust and general-purpose search
methods to discover HUIs in the large exponential search
space. The GA algorithms with pre-large concept signifi-
cantly reduce the computational time to re-scan the dataset,
thereby significantly improving the mining performance.
They hide the sensitive high-utility itemsets in PPUM by
using the concept of pre-large. A GA-based framework of
sGA2DT and pGA2DT algorithms (Lin et al. 2015) find the
appropriate transactions to be deleted for hiding sensitive
itemsets. The HUPEU MU -GARM algorithm mines HUIs by
using a minimum utility threshold. However, it generates a
large number of HUIs if the threshold is set too low. On
the other hand, HUPEWU MU -GARM algorithm mines HUIs
without specifying the minimum utility threshold.

In contrast to GA-based approaches, the PSO-based
approach [100] can efficiently discover the relevant HUIs
by considering of the global and local results. A binary
PSO-based (BPSO) algorithm with improved MP-tree, is
proposed to efficiently mine HUIs by using the sigmoid
updating strategy and TWU model. Another efficient PSO-
based HUIM-BPSOsig is proposed to mine HUIs by using
the sigmoid function and TWU model. A multi-objective
PSO-based framework is proposed to hide the sensitive

information in PPDM by using LUS and GUS strategies.
The GA-based multi-objective PSO approach with pre-large
concept greatly reduces the computing time of the mining
process. A multi-objective grid-based method is proposed to
efficiently mine HUIs by adopting the pre-large concept and
updating the gbest and pbest values in the evolution process.

The HUIM-based ACO approaches (Wu et al. 2016, 2017)
provide faster convergence speed and reduce the computa-
tional time to better judge the utility of the duplicate itemsets.
The infrequent itemsets may play a significant role in gain-
ing high profits from the business perspective. Therefore, a
customized ant colony algorithm is proposed to efficiently
mine the high-utility infrequent itemsets from the transac-
tional dataset.

The previous algorithms consider frequent itemsets or
high-utility itemsets separately. To address this issue, MOEA-
FHUI framework is proposed to efficiently mine frequent and
high-utility itemsets by considering both support and utility
together, thereby resulting in the significant improvement of
the mining process. CP-MOEA approach further extends the
MOEA framework by considering the closed itemsets for the
task of mining frequent and high-utility itemsets. However,
they incur high costs for sparse datasets. To deal with this
issue, SparseEA algorithm is proposed to obtain the effec-
tive sparse Pareto optimal solutions from the large sparse
datasets.

The bio-inspired-based HUIM approaches enhance the
optimal solutions diversity in minimum iterations rather than
to maintain the best values of population, significantly dis-
cover HUIs. The HUI mining based on the artificial bee
colony algorithm using nectar source and bitmap struc-
ture is proposed to mine HUIs from the large dataset. The
MOEA-HEUPM approach produces non-dominated solu-
tions to make the decision without setting the pre-threshold
in the uncertain dataset. A GWO-based approach produces
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significant outputs in a limited number of iterations. The
TNR-HUAUM approach is applicable to retail sectors for
managing and allocating the space of shelf efficiently to get
the maximum profits in the business.

The fuzzy utility itemsets mining not only discovers HUIs
but also give relevant information about the purchase items.
As the traditional DCP property does not hold for the fuzzy
itemsets, therefore, the fuzzy utility upper-bound is used
to avoid information loss. Similarly, weighted fuzzy utility
upper-bound holds the monotonic property to process the
itemsets in the weighted fuzzy utility itemset mining. FFI-
Miner utilizes the fuzzy-list structure to efficiently reduce
the computation time and search space, thereby significantly
enhances the performance of the mining process. However, it
generates a large number of candidates. To address this issue,
MFFI-Miner algorithm is proposed to mine MFFIs without
candidates generation. However, it consumes high amount
of memory. Two-stage-based fuzzy utility mining algorithm
(Hong et al. 2020) is computationally expensive. Therefore,
a single-stage fuzzy average-utility mining is proposed to
mine fuzzy average utility itemset by using external list for
each node in the tree. However, memory is a critical issue.

The temporal fuzzy utility itemsets mining not only per-
forms well in terms of items profit but also significantly
obtains the transaction period of an itemset in the temporal
dataset. The utility itemsets mining or fuzzy utility mining
with multiple minimum thresholds provide the true charac-
teristics of the real-time applications to obtain the maximum
benefits in the businesses. To further enhance the mining
performance, an extended two-phase multi-conditional min-
imum threshold approach is proposed to mine high temporal
fuzzy utility mining by considering the temporal behavior
and fuzzy linguistic terms.

To obtain the optimal Pareto solutions, a GA-based
TMOGFM algorithm is proposed to find more accurate non-
dominated solutions for decision-making process. When the
search space is very large or the distinct items are big in the
dataset, it is a challenging task to mine fuzzy utility itemsets.
To address this issue, HFUI-GA framework is proposed to
mine fuzzy utility itemsets in a limited amount of time. How-
ever, there is still a wide scope to use the fuzzy utility mining
problem in other domains of data mining, including on-shelf,
top-k, sequential mining, data stream, negative itemsets and
many more.

The soft computing techniques in high-utility itemsets
mining are applied on various real and synthetic datasets.
The details of these real and synthetic datasets are shown
in Table 11 and Table 12, respectively. The real datasets
have been taken from various resources (Fournier-Viger et al.
2016; Asuncion and Newman 2007; Goethals 2003). Acci-
dent dataset anonymized traffic accident data. Chess dataset
is prepared based on the UCI chess. Connect dataset is pre-
pared based on the UCI connect-4. Foodmart dataset consists

of the customer transactions from a retail store, obtained
and transformed from SQL-Server 2000. Mushroom dataset
is prepared based on the UCI mushrooms. kddcup99 is
transformed from the KDD CUP 1999. OnlineRetail is trans-
formed from the Online Retail dataset. Pamp dataset is
transformed from the PAMAP2 dataset. Pumsb dataset con-
sists of the census data for population and housing. Kosarak
is a very large dataset containing 990000 sequences of click-
stream data from a Hungarian news portal. The dataset was
converted in SPMF format using the original data. Retail
dataset is the customer transactions from an anonymous Bel-
gian retail store. Susy dataset is related to physics. It is related
to particles detected using a particle accelerator. The dataset
contains instances prepared using the original dataset. The
instances were transformed to transactions, such that the
value field of every attribute is divided into 10 equal parts
and every part is represented by a number. As a result, the
dataset has 190 items. USCensus is transformed from the
US Census 1990 dataset. The real datasets BMSWebview-
1 and BMSWebview-2 are taken from (Zheng et al. 2001).
These two datasets were used in KDD CUP 2000. It contains
click-stream data from e-commerce. On the other hand, the
synthetic datasets have been taken from resources (Srikant
1999; Almaden 1994; Goethals 2003, [237]). These datasets
are generated by using the random transaction dataset gen-
erator provided in SPMF.

5 Research opportunity and future
directions

In the recent decade, lots of research advancement have been
taken place in the high-utility itemsets mining with soft com-
puting techniques. However, there are more emerging issues
to address the conventional methods. In this section, we dis-
cuss key opportunities in high-utility itemsets mining with
soft computing techniques.

GA-based algorithm with pre-large concept (Lin et al.
2014) can also be applied on deletion and modification
of the transactions to hide the sensitive information in the
dataset. Combining pre-large concept with insertion, dele-
tion and modification of the transactions for PPUM may
be a good research opportunity. The MOEAs using PPUM
can be explored as a research opportunity. Other interest-
ing areas are bound estimation of pattern measures (Zhang
et al. 2016) and surrogate-based model (Vu et al. 2017) into
MOEAs that decrease the computational time of the fitness
evaluation. The MOEAs include applications in the area of
personalized recommendation such as travel landscapes rec-
ommendation (Liu et al. 2011) and online shopping platforms
[240] that will provide greater research opportunities. Fur-
thermore, the MOEAs with sparsity evolution that includes
Bayesian optimization (Wang et al. 2016) and decision vari-
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Table 11 Statistical information
about real datasets

Dataset # of transactions # of distinct items Average length Maximum length Type

Accidents_10% 34018 469 34 46 Dense

Chess 3196 76 37 37 Dense

Connect 67557 130 43 43 Dense

Connect_50% 33779 129 43 43 Dense

Kddcup9910% 100000 133 16 16 Dense

Mushroom 8124 120 23 23 Dense

Pamp_10% 100000 142 24 24 Dense

Pumsb 49045 21113 74 74 Dense

Susy_1% 50000 191 19 19 Dense

USCensus_10% 100000 396 48 48 Dense

BMSWebview-1 59602 497 2.5 181 Sparse

BMSWebview-2 77512 3340 5 Sparse

BMS-POS 515597 1657 6.53 164 Sparse

Foodmart 21557 1559 4 11 Sparse

Kosarak 9899 1044 8 Sparse

OnlineRetail_10% 54191 2585 4.4 8 Sparse

Powerc_10% 104000 133 7 7 Sparse

Retail 88162 16470 10 76 Sparse

Table 12 Statistical information
about synthetic datasets

Dataset # of transactions # of distinct items Average length Type

T6I4D10K 10000 100 6 Sparse

T10I10D100k 100000 870 10.1 Sparse

T10I4D10k 10000 100 10 Sparse

T10I4D100k 100000 870 10.1 Sparse

T10I4NXKDYK 100000-500000 2000-10000 10 Sparse

able clustering (Zhang et al. 2018) can be used to resolve the
sparsity of MOPs. The HUIM-based bio-inspired algorithms
such as parallelization of Bio-HUIF and bee swarm optimiza-
tion (Ozturk et al. 2015) can be explored as a new research
opportunity. The fuzzy utility itemset mining approaches
could be used in the data streams, sequential pattern, on-shelf,
tree-based and dynamic environment. The GA-based fuzzy
mining approaches can be further enhanced by adopting
multi-objective GAs and iterative learning methods. These
may be good research opportunities in the field of fuzzy logic-
based soft computing high-utility itemsets mining.

Online social platforms significantly influence the spread-
ing of information in the real-world applications. The soft
computing techniques may be good future scope in the area
of social spider optimization (Singh et al. 2020). Jaya opti-
mization could be used to resolve the knapsack problem. The
combination of Jaya optimization and differential evolution-
ary techniques produces significant results to explore the vital
information in the dataset (Wu and He 2020). It can be fur-
ther explored in the field of soft computing techniques and
researchers can adopt the Jaya optimization in high-utility

itemsets mining as a future direction. Another interesting
area in moth flame optimization (Mirjalili 2015) which is
inspired by nature optimization. The moth travels a long dis-
tance by maintaining an angle with respect to the moon. The
behavior of moth can be used as a future direction to model
the optimization techniques in HUIMs. A multi-objective
binary bat optimization approach (Song et al. 2016) effec-
tively mines the association rule and produces better results
as compared to apriori-like approaches. The bat optimization
could be a good future direction in the high-utility itemsets
mining. There are lots of tremendous research opportunities
and future directions in soft computing techniques based on
high-utility itemsets mining. The researchers can adopt these
novel areas of soft computing to further explore the various
techniques and perform significant research.

6 Conclusions

In this article, we presented a comprehensive survey of a
number of state-of-the-art algorithms on mining high utility
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itemsets using soft computing techniques. We classify the
soft computing-based techniques into two categories evolu-
tionary computation and fuzzy logic. The evolutionary tech-
niques included nature-inspired approaches like GA, PSO,
ACO multi-objective optimization and hybrid approaches.
The fuzzy logic techniques included simple fuzzy, temporal
fuzzy and GA-based fuzzy approaches. The article presented
a taxonomy of the state-of-the-art algorithms of evolutionary
computation and fuzzy logic-based soft computing tech-
niques for HUIs mining. We have provided a brief description
as well as a detailed summary of the evolutionary computa-
tion and fuzzy logic-based HUIs mining approaches. The
article also presented pros and cons of the nature-inspired
and fuzzy logic-based techniques on HUIs mining. Finally,
the key research opportunities and future directions of soft
computing techniques in HUIs mining are discussed. More-
over, the paper provided insights to end-users for developing
appropriate algorithms for mining high-utility itemset using
evolutionary computation-based techniques.
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