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Abstract - Mining Frequent Closed High-Utility Sequential Patterns (FCHUSPs) is an important problem in data mining, with
many practical applications such as customer behavior analysis, supply chain optimization, and marketing. However, the
mining process faces a massive search space and high computational cost, especially when the input thresholds are low or the
dataset is large. In this paper, we propose a method for mining FCHUSPs using a Genetic Algorithm (GA), in which each
individual is represented as a bit array to optimize memory and genetic operations. To improve efficiency, the fitness
evaluation process is performed in parallel using PySpark MapReduce, with a hashtable used to verify the closeness of the
patterns. The proposed algorithm, called PFCloHUS_QUANTITY_GA_SS, has been implemented and evaluated on several
experimental datasets. The results show that the proposed method significantly reduces the execution time compared to
traditional approaches in mining frequent closed high-utility sequential patterns.
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I. INTRODUCTION

In the context of rapidly growing data in both volume and variety, data mining has become a core field in computer
science, artificial intelligence, and data science. Organizations and enterprises today are not only concerned with
storing data but also with extracting hidden knowledge to support strategic decision-making. One important
research direction is the mining of sequential patterns [1], which has been applied in various domains such as
user behavior prediction [1], DNA sequence analysis [2], web log mining [3] [4], and particularly in e-commerce
transaction analysis.

However, relying solely on occurrence frequency to find frequent sequential patterns has not truly met practical
needs. Many patterns appear with high frequency but do not bring significant economic value or crucial
information to the business. Conversely, some patterns are less frequent but yield high utility in terms of revenue
or business efficiency. Therefore, the concept of High-Utility Sequential Patterns (HUSPs) [5] [6] was introduced,
allowing for the mining of patterns that satisfy both the frequency factor and reflect the utility value associated
with the data. Although HUSPs provide greater value, the mining process often generates a massive number of
duplicate or redundant patterns. This leads to difficulties in analysis and may introduce noise for decision-makers.
To address this issue, researchers proposed the concept of Frequent Closed High-Utility Sequential Patterns
(FCHUSPs) [7] [8]. These patterns not only reduce the result set—thereby lowering the number of patterns that
need to be examined—but also preserve the ability to reconstruct the original set of HUSPs. As a result, the analysis
becomes easier, more efficient, and more practical. However, the problem of mining FCHUSPs still faces several
major challenges.

Exponential expansion of the search space: As the number of elements and the size of the database increase,
the number of potential candidates grows rapidly, making traversal and verification difficult.

High Computational Cost: Simultaneously evaluating both the utility and support of patterns requires complex
calculations, especially when the input thresholds are set low.

Difficulties in Optimizing and Parallelizing Algorithms: In contrast to frequent itemset mining (FIM), which
adheres to the downward closure property [1], the FCHUSP problem lacks this characteristic. This absence
significantly complicates search space pruning and hinders its effective application on multi-core platforms.

A surge of research has emerged proposing optimizations for the mining of HUSPs and FCHUSPs, including the use
of specialized data structures, pruning strategies, and parallel algorithms on multi-core architectures. However,
these approaches still have several limitations:

Utility threshold dependency: The selection of the minimum utility threshold is often subjective and strongly
influences the mining results.

Limited scalability on large datasets: Traditional sequential algorithms often struggle to handle databases
containing millions of transactions.

Inefficient exploitation of parallel computing power: Some parallel solutions are limited to multithreading and
do not fully leverage the data-distribution capabilities of large-scale platforms such as Spark.

To overcome the above limitations, this research proposes a method for mining FCHUSPs based on the Genetic
Algorithm (GA). GA is an optimization technique inspired by natural evolution, well-known for its ability to search
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for near-optimal solutions in complex spaces. In the proposed model, each individual is represented by a bit array,
which helps optimize memory and accelerates crossover and mutation operations. Notably, the fitness evaluation
process is implemented in parallel using PySpark MapReduce, leveraging the capability of distributed data
processing on multi-core platforms . Additionally, the use of a hashtable efficiently checks the closed-frequent
property of patterns, thereby significantly reducing processing costs. The main contributions of this research can
be summarized as follows:

e Propose the PFCloHUS_QUANTITY_GA_SS algorithm, which combines a Genetic Algorithm with parallel
computing to mine frequent closed high-utility sequential patterns.

e Apply bit array and hashtable structures to optimize memory usage and reduce processing time.

e Conduct experiments on multiple benchmark datasets to demonstrate the effectiveness of the proposed
method compared to traditional algorithms.
The rest of the paper is organized as follows: Section II presents the related works. Section III describes the
fundamental concepts and definitions. Section IV describes the proposed algorithm. Section V reports the
experimental results and analysis. Finally, Section VI provides the conclusion and future research directions.

II. RELATED WORK

Data Mining is one of the important application fields of computer science, focusing on discovering hidden
patterns and rules from databases. Among them, Sequential Pattern Mining was first introduced by Agrawal and
Srikant (1995) [1], with the goal of finding recurring sequences of events in transactional data. This method
quickly became the foundation for many applications in customer behavior analysis [1], web access pattern
discovery [3] [4], and biological data analysis [2].

However, traditional sequential pattern mining algorithms tend to rely on the support or frequency of occurrence
of patterns. This leads to situations where many discovered patterns appear frequently but do not carry practical
significance. To overcome this limitation, subsequent research introduced the concept of utility [5] [6]. This value
reflects the importance or economic worth of the patterns.

A. HIGH-UTILITY SEQUENTIAL PATTERN MINING (HUSPS)

In 2010, Ahmed [5] proposed a method for computing the utility value of a sequential pattern and introduced a
mining approach based on sequence-weighted utility (SWU). Two algorithms were proposed, UtilityLevel (UL)
and UtilitySpan (US), which use two different strategies for pattern generation. A limitation of these algorithms is
that they generate too many candidates during the mining process. In 2012, Yin et al. [9] provided a
comprehensive set of important definitions for the High-Utility Sequential Pattern Mining (HUSPM) problem and
proposed the mining algorithm USpan. In this algorithm, the lexicographic quantitative sequence tree (LQS-tree)
structure was introduced to represent the pattern search space, and the mining process is described as traversing
the LQS-tree to extract the high-utility patterns. In 2020, Gan [10] proposed the utility-linked list (UL-list)
structure combined with the LQS-tree, along with two new pruning strategies called Look-Ahead Removing (LAR)
and Irrelevant Item Pruning (IIP) in the HUSP-ULL algorithm, which help overcome the limitations of the USpan
approach.In 2023, Zhang proposed the HUSP-SP algorithm [11], which employs the seqPro structure and an upper
bound called TRSU to enhance mining efficiency.

B. CLOSED HIGH-UTILITY SEQUENTIAL PATTERNS (FCHUSPS)

To limit the search space, some researchers proposed mining closed frequent high-utility sequential patterns
(FCHUSPs). A closed pattern ensures that no superset pattern exists that has the same support, thereby
eliminating redundant patterns while retaining all necessary information to reconstruct the original set of HUSPs.
In 2019, to mine FCHUSPs, Tin [8] proposed the FMaxCloHUSM algorithm, which utilizes a data structure called
SIDUL to store the utility information of the patterns and three pruning strategies. These strategies include using
the Apriori property to mine support, employing a breadth-first/depth-first pruning strategy, and applying a local
pruning strategy on non-closed data patterns. This approach enables the finding of FCHUSPs and FMaxHUSPs
faster than combining existing methods.

C. GENETIC ALGORITHM-BASED APPROACHES (GA)

To enhance mining efficiency, researchers have proposed two solution approaches: (1) applying evolutionary
methods, with the genetic algorithm being the most prominent, and (2) applying parallel processing techniques
on multi-core systems, GPUs, or Hadoop during high-utility pattern mining.

At first, many combinatorial optimization problems, including High-Utility Itemset Mining (HUIs)[12] [13], have
successfully employed the Genetic Algorithm (GA), which finds near-optimal solutions in large search spaces
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without needing to scan the entire dataset. While several studies have experimented with GA for HUI mining, there
are not many studies applying it to the FCHUSPs problem, especially in big data environments.

Secondly, parallel processing techniques have been applied to the high-utility itemset mining problem in several
studies, such as the 2018 work by Nguyen et al. [14] and the 2023 work by Kimura [15]. Furthermore, Fang [16]
proposed a method that combines GPU-based parallel processing with evolutionary techniques to improve high-
utility pattern mining efficiency. However, these studies focus only on high-utility itemset data and neglect the
challenges associated with sequential data. In 2022, Nguyen et al. proposed the P-FCloHUS algorithm [7] for
mining frequent closed high-utility sequences using multi-core processors. The authors demonstrated that P-
FCloHUS outperforms the state-of-the-art FMaxCloHUSM algorithm [8]. However, a notable limitation of this
algorithm is that it is exclusively implemented on multi-core processor systems, failing to leverage the advantages
of existing distributed architectures.

D. RESEARCH GAP
Based on the findings, this paper addresses the following research gaps:

e Traditional sequential pattern mining algorithms are difficult to scale for Big Data.

e Genetic Algorithms (GA) have only been utilized at the level of High-Utility I[temset (HUI) mining and have
not been fully applied to the FCHUSPs problem.

e Current parallel methods primarily focus on multi-core models and have not yet fully leveraged
distributed architectures like MapReduce.

Therefore, this study proposes the PFCIoHUS_QUANTITY_GA_SS algorithm, which combines GA + PySpark
MapReduce to both reduce processing time and ensure accurate mining of closed frequent high-utility sequential
patterns.

III. FUNDAMENTAL CONCEPTS AND DEFINITIONS
A. SEQUENTIAL TRANSACTION DATABASE

Given a set of distinct items I = {iy, i, ..., iy}, an itemset is a non-empty unordered set of items. A sequential
sequence, denoted as S = (e, €y, ..., €m), is an ordered list of itemsets, where each e; (1 < i <m) is an itemset.

A sequential database (SDB) is a list of sequential sequences, represented as SDB = (s, S5, ..., S|SDB|), where |SDB|
is the number of sequential sequences in the SDB, and s; (1 < i < |SDB]) is the i-th sequential sequence in the SDB.

Table 1. Non-quantitative sequence database (SDB)

SID | Sequence

1 ({A}.{A.B}.{AB,C})
2 ({A,B}.{A,CL{B.C})
3 ({CL{AC}.{AB})

4 ({D}{A,B,D})

Example: Table 1 describes a sequence database SDB that contains 4 sequences, |[SDB| = 4, and 4 distinct items I
={A B,C, D}

Definition 1: The support of a sequence S is defined as the number of sequences in the sequential database SDB
that contain S, denoted as sup(S). From Table 1, we have sup({A, B}) = 4.

Definition 2: A sequence S is considered a frequent sequence if and only if its support is greater than or equal to

the minimum support threshold, i.e., sup(S) = minSup, which is a threshold set by the user. For example, given
minSup = 3, the sequence {A, B} is a frequent sequence.

A quantitative sequential database is a sequential database where each item instance within a sequence is
associated with its corresponding local quantity (internal utility). Furthermore, each item type is assigned an
external profit value (utility value).

Table 2. Quantitative sequential database SDB D

SID | Sequence Table 3. Utility values.

S1 ({A:2,C:1}{A:1}{C:2,D:4})

S2 ({B:2}{A:2,B:1,C:3}{B:3,D:4},{A:1,B:2}) Item a|bjc|d
S3 ({A:3,D:1},{B:2,C:4,D:1},{A:1,B:1,C:2}),{A:2,D:1} Utility | 3 |5 ] 1|4
S4 ({A:1,C:2,D:3},{A:2,B:1,C:1},{A:3,B:3})

Definition 3: The utility of an item is defined as the product of its internal utility and external profit value, denoted as:
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u(@) = iu(@) x eu(i) (1)
where iu(i) and eu(i) represent the internal utility and external profit, respectively.
Definition 4: The utility of an itemset X, denoted as u(X), is the sum of the utilities of all items i € X:

u(X) = Yiexu(d) (2)

As an illustration, consider the itemset X = {A:2, C:1}. The external profits of items A and C are 3 and 1 respectively,
the utility of X is computed as u(X) = 7.

Definition 5: The utility of a sequence S = (s, sz, .., Sk) is denoted as u(S) and computed as.
u(s) = - uls) (3)

Definition 6: Let O(sub, S) be the set of all occurrences of subsequence sub in sequence S. The utility of sub in S is:

u(sub, S) = max{u(sub,S);|i € O(sub,S) } (4)

For instance, consider the subsequence sub = {4, B} in sequence Sz from Table 2. This subsequence appears twice
as sub; = {A:2, B:1} and subz = {A:1, B:2}. Given the utilities u(sub;) =2 X 3+ 1 x 5=11and u(subz) =1 X 3+2 X 5
=13, the utility of the subsequence in Sz is determined as u(sub, Sz) = max(11, 13) = 13.

Definition 7: The utility of a subsequence sub in the quantitative sequence database D is the utility value of the
subsequence sub. Formula (2) is as follows:

U(sub,D) = Y, U(sub, S;) (5)

For example, consider the subsequence sub = {A, B} from Table 2. U({A,B}, D)= U({A,B}, Sz)+U({A,B}, S3) +U({A,B},
S4)=13+8+24=45.

B. GENETIC ALGORITHM
1. CHROMOSOME AND POPULATION REPRESENTATION
Table 4. Population initialization

Chromosome Populations

a b c d e f g
C1 1 0 0 1 1 0 1
C2 0 1 0 1 0 0 1
C3 0 0 0 1 1 0 1
C4 1 0 0 0 0 0 1
C5 1 1 0 1 1 0 1
Cé6 1 0 1 0 0 1 1
C7 1 0 0 1 0 1 1

2. GENETIC OPERATIONS
Random Selection: Suppose there are 5 individuals with different fitness values: Table 5. Example of Random Selection

Table 5. Random Selection

Individual Fitness
A 90
B 80
C 70
D 60
E 50

In the random selection method, all individuals have an equal chance of being chosen. Therefore, individual E can
still be selected instead of A, even though it has lower fitness.

Multi-point crossover:
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Parent:

Crossover
Point

Children:

Figure 1.Example of multi-point crossover

Bit-flip mutation:

[oJofr1fajofrfofoJrfof=>Jofofrfojof1fojof1]o]

Figure 2. Example of bit-flip mutation at position 4

3. PARALLEL MODEL WITH PYSPARK MAPREDUCE
PySpark is a powerful tool for distributed and parallel processing on big data.

The overall MapReduce word count process

Input Splitting Mapping Shuffling Reducing Final result
=
Deer, 1 »! Bear, 1 R
Deer Bear River -~ Bear, 1 P, g
_,. River, 1 \ *,
¥ JA
» Bear, 2

~ v Cari
L
Deer Bear River Car, 1 =5, P Car, 1 Car, 3
Deer Car Bear River, 1 / River, 2

[
/ Deer, 1 I Deer, 2 I -
B N Deer, 1 . g
. Deer, 1 b /

Deer Car Bear »| Car1 7

Bear,1 |~ River, 1 —-»l River, 2 |/
h River, 1

Figure 3. MapReduce execution model in Python

4. CLOSED FREQUENT PATTERNS
A pattern P is considered a closed frequent pattern if:

P is a frequent pattern, meaning its support is greater than or equal to the minimum support threshold
(min_sup). There does not exist any frequent pattern Q such that P € Q and support(P) = support(Q).

Table 6. Example of a transaction table

Giao dich | Items
T1 A B, C
T2 A B
Ts A B, C
Ta A B

Given the minimum support threshold min_sup = 3, the pattern {A, B} is a closed frequent pattern because there
isno larger frequent pattern that has the same support. Meanwhile, the pattern {A} is not a closed pattern because
it is a subset of the pattern {A, B}.

IV. PROPOSED ALGORITHM: PFCLOHUS_QUANTITY_GA
A. PROPOSED ALGORITHM FLOWCHART
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The proposed algorithm diagram

Phase 1 Phase 2

) Scan the data and store it
Begin into transaction_ba

\J
Take the seeds ]

!

[ Create the population ]

. false true High-utility frequent hash
Selection & .
equent itemset table

v v

[ Crossover ] [ Mutation ]

p—

Figure 4. algorithm diagram

Phase 1: Using the Genetic Algorithm to generate Frequent High-Utility Itemsets

Phase 2: Using a hash table to filter out closed frequent itemsets.

B. TRANSACTION STORAGE REPRESENTATION

Itemset as a bit array.

Dictionary with key as the item, the value is the utility of the item.

Given the quantitative sequence database shown in Table 2, the transaction_ba_list is constructed

Table 7 Transaction_ba_list

SID List (bitarray, dict)

S1 | [(1,0,1,0{a:6,c:1}),(1, 0,0, 0'{a:3},('0, 0, 1, 1'{c:2,d:16})]

S2 | [(0,1,0,0, {b:10}),(‘1, 1, 1, 0, {a:6,0:5,c:3}),(‘0, 1, 0, 1’, {b:15,d:16}),('1, 1, 0, 0’, {a:3,b:10})]

S | [(1,0,0, 1, {a:3,d:4}),('0, 1, 1, 1, {b:10,c:4,d:4}),('1, 1, 1, 0’, {a:3,b:5,c:2}),('1, 0, 0, 1, {a:6,d:4})]
Se | [(1,0,1,1, {a3,c:2,d:12}),(1, 1, 1, 0, {a:6,0:5,c:1}),(‘1, 1, 0, 0, {a:9,b:15})]

C. REPRESENTATION OF INDIVIDUALS AND THE POPULATION

The population is a list containing individuals. Each individual stores: a list of bitarrays, where each bitarray
represents an itemset, and a tuple with two components — the fitness of the individual and its support_count.

Table 8. Initialize the population
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C | Population (bitarray_list) | (fit, sup)
3)

Ci {1,010, '0,0,1,1] (251)

C2|1[1,1,1,0,1,1,0,0] (441)

Cs | 10,0,1,17 (40,3)

Cs | ['1,1,0,07 (43,4)

D. FITNESS FUNCTION

Compute the utility of each individual over the entire database, using parallel processing to divide the computation
and reduce execution time. At the same time, count the number of occurrences of the individual being evaluated.

E. CALCULATE_FITNESS ALGORITHM
.Input: candidate_pattern, sequence

.Output: Utility value of candidate_pattern in sequence (or 0 if not found)

1. let pattern_len = length(candidate_pattern)

2. leti=0,j=0,util=0

3. while i < length(sequence) and j < pattern_len do

4. let current_pattern_item = candidate_pattern([j]

5. let current_seq_item = sequenceli]

6. if current_pattern_item C current_seq_item then

7. let util = util + util_pattern_in_itemset (current_pattern_item, current_seq_item)
8. letj=j+1

9. endif

10. leti=i+1

11. end while

12. ifj = pattern_len then

13.  return util

14. else

15. return0

16. end if

Explanation:

Line 1: Get the length of the candidate pattern.
Line 2: Initialize the values i, j, and util = 0.

Lines 3 to 11: loop until one of the two (string or pattern) runs out.
Line 4: Get the currently considered pattern value.
Line 5: Get the value of the current sequence.

Lines 6 to 9: If the currently considered pattern is a subsequence of the current sequence, then add the util of the
current pattern and proceed to the next pattern.

Line 10: proceed to the next subsequence.

Lines 12 to 16: Ifall candidate patterns have been traversed, return the util value of this pattern; otherwise, return
0

F. THE PFCLOHUS_QUANTITY_GA_SS ALGORITHM

Input: Dataset Sequence, population_size, generations, min_util, min_sup

Output: highUtilityPatterns

1. let population = initialize_population(POPULATION_SIZE);
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2. for generation = 1 to GENERATIONS do
sort population by fitness in descending order;
let nextGeneration = top 50% of population;
while size of nextGeneration < POPULATION_SIZE do

3
4
5
6. randomly select parent1 and parent2 from population;
7. let (child1, child2) = crossover(parent1, parent2);

8. add childl, child2 to nextGeneration;

9 randomly select child from population;

10. let mutatedChild = mutate(child);

11. add mutatedChild to nextGeneration;

12.  end while

13. population = nextGeneration;

14. end for

15. return highUtilityPatterns;

Explanation:
Line 1: Initialize the population.

Lines 2 to 14: Iterate through the GENERATIONS to perform the genetic operations.
Line 3: sort the population in descending order of fitness
Line 4: Take % of the population for the next generation.

Lines 5 to 12: The loop performs genetic operations to create new individuals until reaching the required number
of POPULATION_SIZE.

Line 13: Update the population for the next iteration

G. PHASE 2: CLOSED FREQUENT PATTERN MINING ALGORITHM
Input: pattern, fitness, support, HashTable

Output: HashTable has been updated and now contains only closed frequent patterns

if support & HashTable then
create HashTable[support] « @
end if

for each (existing_pattern, existing_fitness) € HashTable[support] do

1
2
3
4
5. if pattern C existing_pattern or pattern = existing_pattern then
6. return

7. else if existing_pattern C pattern then

8 remove existing_pattern from HashTable[support]

9

add (pattern, fitness) to HashTable[support]
10. return
11. end if
12.  end for
13. append (pattern, fitness) to HashTable[support]
Explanation:
Lines 1, 2, 3: If the key does not exist in the hashtable, then create a new entry with HashTable[support] = @

Lines 1, 2, and 3: If the key does not exist in the hashtable, create a new entry with HashTable[support] = @.
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Lines 4 to 12: Iterate through the values of hashtable[support] to perform the insertion of the (pattern, futness)
pair into hashtable[support].

Lines 5 to 11: If the pattern currently being considered is a sub-pattern of or equal to the existing_pattern, do not
insert the pattern into the hashtable. Otherwise, delete the existing pattern and insert the pattern into
hashtable[support].

Line 12: In the case where the pattern is neither a parent nor a child, insert the pair (pattern, fitness) into
hashtable[support].

H. EXAMPLE ILLUSTRATING THE PFCLOHUS_QUANTITY_GA_SS ALGORITHM

To illustrate the operation of the PFCloHUS_QUANTITY_GA_SS algorithm, we use the sequence transaction
database shown in Tables 2 and 3, stored as in Table 7, as well as the population in Table 8.

With the input parameters: minutil = 10, minsup = 2, popsize = 5, and gen = 50
The proposed algorithm consists of the following two phases:

Stage 1: Apply the genetic algorithm to find the set of high-utility frequent patterns, and store them in the
hashtable as shown in the following result.

1-1 -2 #TotalUtility: 48, sup = 10

2 -1 -2 #TotalUtility: 75, sup = 8
12-1-2 #TotalUtility: 67, sup =5

2 3 -1-2 #TotalUtility: 35, sup =4
2-12-1-2 #TotalUtility: 75, sup = 4
2-112-1-2 #TotalUtility: 96, sup = 4
3-12-1-2 #TotalUtility: 34, sup =3
3-13-1-2 #TotalUtility: 12, sup =3

3 4 -1-2 #TotalUtility: 40, sup = 3

2 4 -1 -2 #TotalUtility: 45, sup = 2
24-12-1-2 #TotalUtility: 60, sup = 2

2 3-14-1-2 #TotalUtility: 42, sup = 2
4-12 3-1-2 #TotalUtility: 40, sup = 2
4-123-12-1-2 #TotalUtility: 60, sup = 2
2-123-1-2 #TotalUtility: 50, sup = 2
2 -1 3 -1-2 #TotalUtility: 40, sup = 2
34-12-1-2 #TotalUtility: 32, sup = 2
24-112-1-2 #TotalUtility: 66, sup = 2

12-112-1-2 #TotalUtility: 59, sup = 2
Phase 2: Consideration for inclusion in the set of high utility closed frequent patterns

Table 9. Result set of high utility frequent patterns

Sup Sequences
Itemsets #TotalUtility

10 [1] 48
8 [2] 75
5 [12] 67
4 [2 3] 35
[2],[1 2] 96
[3], [2] 34
3 [3], [3] 12
[3 4] 40
[2 3], [4] 42
[4], [2 3], [2] 60
2 [2], ]2 3] 50
[34],[2] 32
[24],[12] 66
[12],[12] 59

V. EXPERIMENTAL EVALUATION

EVALUATION OF EXECUTION TIME AND MEMORY CONSUMPTION
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The experiments were performed on a computer with a 2.90 GHz CPU, 8 cores, and 32 GB of memory, running the
64-bit Microsoft Windows 10 operating system. The program was implemented in Python using the Google Colab
environment. The datasets were taken from the website https://www.philippe-fournier-viger.com/spmf, as
shown in Table 10. The proposed algorithm uses the basic parameters of the genetic algorithm as follows: the
maximum number of generations is 20, and the population size is 100.

Table 10. Quantitative Sequential Datasets

Dataset Sequences | Distinctitemsets | Distinct items twu
BMS 23773 18473 497 108457438
OnlineRetails 29471 83490 16470 14910915
crimes_chicago 196003 13549 31 1593655
accidents 170042 339898 463 196141636

First, the paper compares the execution time efficiency of the proposed algorithm (PFCloHUS_QUANTITY_GA)
with the P-FCloHUS [7] algorithm on the BMS dataset. The minutil threshold is set to 4.57e-4%, and the minsup
threshold is selected within the range [4.53e-3, 9e-3]. The experimental results show that the
PFCIoHUS_QUANTITY_GA algorithm is significantly more efficient than P-FCloHUS. Pattern generation is
performed directly during the population generation phase of the proposed algorithm. Next, the experiment
compares the memory usage of P-FCloHUS and PFCloHUS_QUANTITY_GA on the BMS dataset. The results in Figure
V-1 show that the proposed algorithm consumes less memory and exhibits greater stability due to its fixed number
of populations and generations, even as the number of transactions increases.

Execution Time Memory Consumption
50 - 500.000
T 40 S 400.000
=] —
g 30 = 300.000
w
<2 S 200.000
5]
§ 10 < 100.000
~ 0 .000
%) > ) ) %)
Q Q Q Q Q
N N N N N g ¢ ¢ & &
N & & & & B EP N N N
N . . B b‘.
) (\O) (o(‘\ (3(0 bff) A © &
1 0
minSup (%) minSup(%)
— PFCIoHUS_QUANTITY GA  ——P-FCloHUS m PFCloHUS_QUANTITY_GA  mP-FCloHUS

Figure 5. Execution time and memory consumption of the BMS dataset on P-FCloHUS and PFCloHUS_QUANTITY_GA

For the Accidents dataset, with the minutil threshold of 3.57e-4 and the minsup threshold in the range [4.5e-3, 9e-
3], the results consistently demonstrate that the execution time and memory consumption of
PFCloHUS_QUANTITY_GA are significantly lower than those of P-FClIoHUS.
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Execution Time Memory Consumption
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Figure 6. Execution time and memory consumption of the Accidents dataset on P-FCloHUS and PFCloHUS_QUANTITY_GA.

For the crimes_chicago dataset, with the minutil threshold of 4.52e-5 and the minsup threshold in the range [4.6e-
4, 9.2e-4], the results show that both the execution time and memory consumption of PFCloHUS_QUANTITY_GA
are significantly lower than those of P-FCloHUS.
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Figure 7. Execution time and memory consumption of the Crimes_Chicago dataset on P-FCloHUS and PFCloHUS_QUANTITY_GA

Finally, for the OnlineRetails dataset, with the minutil threshold of 17.9e-5 and the minsup threshold in the range

[1.3e-2, 3.2e-2], the results also show that the execution time and memory usage of PFCloHUS_QUANTITY_GA
are significantly lower than those of P-FCloHUS.
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Figure 8. Execution time and memory consumption of the Retail dataset on P-FCloHUS and PFCloHUS_QUANTITY_GA

VI. CONCLUSION

The paper proposes the PFCloHUS_QUANTITY_GA_SS algorithm, which combines an optimization method based
on the Genetic Algorithm (GA) with a bit array representation to save memory and accelerate genetic
operations. The fitness evaluation process is executed in parallel using the PySpark MapReduce model, which is
simultaneously coupled with a hash table structure to efficiently check the closed frequent property of the
patterns. Consequently, the algorithm significantly reduces processing time while ensuring the accurate mining of
the set of Closed High-Utility Sequential Patterns (FCHUSPs). The main theoretical contributions include: (i)
Proposing an individual structure based on the bit array in GA for memory optimization. (ii) Designing and
implementing a novel parallel processing strategy based on PySpark MapReduce. (iii) Utilizing a hash table for
rapid checking of the pattern's closed property (these contributions are clearly described in Section III of the
paper).

The experimental results on standard datasets (BMS, OnlineRetails, Crimes_Chicago, Accidents) show that
PFCloHUS_QUANTITY_GA_SS significantly outperforms the competitive algorithm P-FCloHUS in terms of both
execution time and memory consumption. Specifically, on the BMS dataset, the proposed algorithm achieves
significantly faster execution times and lower memory consumption than P-FCloHUS. Similarly, on the
OnlineRetails, Crimes_Chicago, and Accidents datasets, PFCloHUS_QUANTITY_GA_SS also yields much better
results regarding time and memory, demonstrating the efficiency and scalability of the method.

In terms of practical applications, the proposed algorithm holds significant promise in mining behavioral and
transactional sequence data. For example, it can be used to analyze customer behavior over time, discover high-
utility purchasing patterns in e-commerce transactions, or optimize supply chains through high-utility recurring
transactional patterns. These applications help businesses improve marketing strategies, product planning, and
logistics management by identifying high-value customer behavior patterns.

For future research directions, the fitness function of the GA can be further optimized (for example, using a multi-
objective GA or a dynamic GA) to improve the quality of the generated individuals. In addition, extending the
algorithm to real-time data streams (where concept drift may occur) would enable real-time data analysis, which
is especially important in alert detection systems or online transaction analysis. Finally, integrating the algorithm
into large-scale data analytics platforms such as Apache Spark or Hadoop MapReduce would enhance its ability to
process large datasets, aligning with current data trends.

In summary, the research results not only provide an effective new method for the problem of mining closed
frequent high-utility sequential patterns but also open up further development directions associated with parallel
processing and large real-world datasets, promising to deliver practical value in knowledge discovery from data.
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KHAI THAC CAC MAU TUAN TU €O LOT iCH CAO PHO BIEN PONG DUA TREN
THUAT GIAI DI TRUYEN
Tran Anh Duy, Lé Thi Minh Nguyén

TOM TAT—Khai thac cic miu tuin tw c6 loi ich cao pho bién déng (Frequent Closed High-Utility Sequential Patterns-
FCHUSPs) 12 mdt bai to4an quan trong trong khai pha dit lidu, véi nhiéu (rng dung thwc tién nhw phén tich hanh vi khach hang,
t81 wu chudi cung &rng va marketing. Tuy nhién, qua trinh khai thac phai d6i mit véi khong gian tim kiém khéng 16 va chi phi
tinh toan cao, dic biét khi ngwdng dau vao thap hodc dir liéu c6 quy mo 16n. Trong bai bio nay, ching t6i dé xuit mot phwong
phép khai thac FCHUSPs dua trén thuat giai di truyén (Genetic Algorithm- GA), trong d6 mbi c4 thé dwoc biéu dién bang cau
tric bitarray nhim t6i wu héa bd nhé va thao tac di truyén. P& nang cao hiéu qua, qua trinh tinh to4n dé thich nghi dwoc thuc
hién song song bang PySpark MapReduce, két hop véi hashtable dé kiém tra tinh phd bién déng clia mau. Thuat toan dé xuit,
g0ila PFCloHUS_QUANTITY_GA_SS, di dugc trién khai va danh gia trén nhiéu tip dit liéu thwc nghiém. Két qua cho thdy phwong
phép dé xuat gitip gidm dang ké thoi gian thuec thi so véi cac phwong phap truyén théng trong khai thac cdc mAu tuan tw loi ich
cao dong thwong xuyén.

Tir khéa— Khai thac mau tuin tu, lgi ich cao, ph6 bién déng, thuat giai di truyén, tinh toan song song, PySpark.
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