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Abstract: Mining valuable patterns in data streams presents
a significant challenge in the field of data mining. This
task is crucial as it allows for the identification of highly
profitable item sets within transaction databases. However, as
new transactions are continually added, new valuable patterns
emerge, thus changing the usefulness of previously analyzed
data. It is essential to promptly update information regarding
these changes to enable effective business decision-making.
Consequently, existing mining methods applied to transac-
tion flow datasets require considerable time to identify new
patterns and update information related to new transactions.
This article focuses on the research and proposal of a new
transaction stream data mining method called High-Utility
Stream Linked-List Mining. The method utilizes a linked
list structure known as the High-Utility Stream Linked List
(HUSLL) to store information about patterns in the database.
Mining and updating transaction information are directly
performed on the HUSLL structure. Experimental results
demonstrate that this novel mining method exhibits more
efficient execution times compared to previous solutions.

Keywords: transaction stream data, data mining, high-utility
item set.

I. INTRODUCTION

Mining association rules [1] is one of the important top-
ics in the field of data mining. Typically, association rules
in mining are bifurcated into two stages: frequent pattern
mining, also known as frequent item sets, followed by
the generation of rules from these frequent patterns. How-
ever, some patterns, although not frequent, carry a higher
value, such as instances where users purchase a few items
with each item holding greater value than the remaining
items. Consequently, frequent pattern mining encounters
limitations when not considering both the number of items
(internal utility value) and the value of the items (external

utility value) purchased. To address these limitations, high-
utility pattern mining is introduced, which considers both
internal and external utility values to determine high-utility
patterns within the transaction database [2]. Various high-
utility pattern mining algorithms are proposed, including
HMiner [3], EFIM [4], MAHI [5] and UBP-Miner [6].

However, existing algorithms are designed for static
datasets, where data remains unchanged over time. Yet,
the utility of a pattern or set of items may vary over
time, such as beach tourism-related items being highly
useful in the summer but rarely purchased in the winter.
Consequently, methods for mining high-utility patterns over
time are proposed to extract useful patterns in continuously
updated databases. These methods include mining high-
utility patterns on growing databases, such as HUI-list-
INS algorithms [7], EIHI [8], LIHUP [9], and others.
Additionally, transactional data stream mining methods,
such as MHUI-BIT [10], MHUI-TID [10], and HUPMS
[11] are introduced.

The current limitation of transaction stream data mining
methods lies in the generation of considerable intermediate
data when using prefix tree or condition tree structures
for mining. Furthermore, during data update operations,
specifically sliding window movement operations, updating
the state of intermediate data structures incurs significant
time and memory costs. This article proposes a list structure
called High-Utility Stream Linked List (HUSLL), designed
for efficient storage of data related to highly useful patterns
in the database, enabling quick updates whenever a sliding
window shift occurs. Specifically, the article introduces
the High-Utility Stream Linked-List Mining (HSLM) algo-
rithm, exploiting the HUSLL structure to detect high-utility
patterns in the transaction stream database.

By using a list structure, pattern mining can be ap-
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proached differently than with the HUPMS algorithm. The
list structure can provide more flexible mining methods, op-
timizing the process of extracting pattern information. This
can ensure that data is efficiently and accurately mined.
Furthermore, with the list structure, updating the pattern
information storage structure when there is a window shift
can be optimized. When the sliding window moves, the
list can be updated flexibly and efficiently. This helps save
time and resources in updating the pattern information.
Additionally, using a list structure can also change the way
information is stored for parallel mining operations. The
list structure can enhance the efficiency of parallel mining
processes by partitioning and managing pattern information
better.

The remainder of the article is structured as follows.
Section II presents related research, followed by concepts
and definitions in Section III. Section IV details the pro-
posed method, while Section V showcases experimental
results. Finally, conclusions and future research directions
are discussed in Section VI.

II. RELATED WORKS

Frequent pattern mining has received significant attention
and research since the introduction of the Apriori algorithm
by Agrawal and Srikant in 1994 [1]. This algorithm utilizes
the Apriori property, which states that “All nonempty
subsets of a frequent itemset are frequent.“ In the pattern
generation process, if an infrequent pattern emerges, there
is no need to generate a parent pattern for that candidate,
allowing for the early elimination of candidates to reduce
space and exclude non-frequent patterns. However, a no-
table drawback is the algorithm’s tendency to generate a
large number of candidates, requiring multiple database
scans to verify pattern popularity and thus increasing the
overall mining process cost. In 2000, Han et al. proposed
the FP-Growth algorithm [12] to address this limitation by
exploiting frequent patterns without generating candidate
patterns. This algorithm utilizes a tree structure called FP-
Tree to store pattern information and employs a divide-and-
conquer strategy for frequent pattern generation. Initially,
the algorithm scans the database to identify sets with a
length of 1 (1-itemset). Subsequently, the FP-Tree structure
is constructed to identify frequent patterns within the 1-
item set. While finding frequent patterns in trees incurs
lower costs, the time required to generate FP-Trees may
increase with larger databases. Following this, several other
algorithms have been proposed to enhance the efficiency
of frequent pattern mining, including LP-Growth [13],
PMRARIM-IEG [14], and based on a linear table [15].

Frequent pattern mining algorithms are known for their
focus on examining the occurrence frequency of patterns.

However, many real-world problems require considering
additional characteristics of the data, such as the internal
utility value and external utility value of each item within
a transaction. Frequent pattern mining algorithms do not
meet this requirement. As a result, high-utility pattern
mining algorithms, such as those proposed by [3], [4],
[16], and [17], have been introduced. In 2005, Liu et al.
[18] presented the Two-Phase algorithm for mining high-
utility patterns, which builds upon the Apriori algorithm.
To leverage the characteristics of the Apriori algorithm,
Liu introduced the concept of transaction utility weights
(TWUs) to estimate high-utility patterns based on utility
weights. Currently, other mining methods such as FHM
[16] and D2HUP [17] have been proposed for mining
high-utility patterns using data structures like lists. The
effectiveness of applying these list structures has been
demonstrated on various experimental datasets.

Business analytics and decision support applications face
the challenge of handling large and continuously growing
volumes of data over time. A prime example is sales data,
which is consistently updated with each customer purchase.
While there exist high-utility pattern mining algorithms
such as HMiner [3], EFIM [4], D2HUP [17], MAHI [5] and
UBP-Miner [6]. these algorithms are designed to operate on
static data. In other words, they do not accommodate data
updates during the mining process, making them unsuitable
for addressing the real-world mining needs of continuously
evolving datasets.

To address the limitations of static data mining algo-
rithms, several approaches have been proposed for in-
cremental databases. In 2008, Yeh et al. [19] introduced
two algorithms based on the Apriori approach: Incremen-
tal Utility Mining and Fast Incremental Utility Mining.
These algorithms focus on generating candidates and testing
to identify high-utility patterns. In 2009, Ahmed et al.
[20] presented the IHUP algorithm, which utilizes a tree
structure for mining high-utility patterns in incremental
data. Several tree-based mining algorithms have since been
proposed, such as iCHUM [21] and HUPID-Growth [22]. In
2015, Lin et al. [7] introduced a list-based mining algorithm
named HUI-list-INS. Additionally, Fournier-Viger et al. [8]
proposed EIHI, another list-based algorithm in the same
year. In 2017, Yun et al. [9] presented the LIHUP algorithm,
which stands out for its ability to mine high-utility patterns
in a dynamic environment without the need to generate
candidates.

Furthermore, research has extended to mining algorithms
for incremental data and transaction stream data. Trans-
action stream data, characterized by continuous updates
and item ordering over time, presents unique challenges.
Items or sets of items may exhibit varying levels of utility
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over different periods. Sliding window-based algorithms,
such as MHUI-BIT [10] and MHUI-TID [10], have been
proposed to handle the dynamic nature of continuously
changing datasets. However, these algorithms are noted for
generating a significant number of candidates, which poses
a limitation.

Three main models are currently being used to mine
high-utility itemsets in data streams. The first model is
the landmark model: It mines all high-utility itemsets
from the past to the present at a given time point from
the data stream. The MAHUSP [23] algorithm that was
proposed in 2017 is included among them. To store the
necessary patterns, this algorithm utilizes a tree structure
called MAS-Tree. MAHUSP remains limited in its memory
capacity when adding new potential patterns to the tree.
The second model is time decay models: This model is
designed to find the latest relevant information from the
data by distinguishing the importance of old and new
transactions through a weight. In this model, GENHUI
[24] and HAUPM [25] are two typical algorithms that
are included. Lastly, the sliding window model: Separate
the stream data into multiple batches, each batch having
multiple transactions. The window will only keep a specific
number of the latest batches in the stream data. Once there
is new stream data, the data in the old batches will be
excluded and the new transactions will be added to the
window as the last batch. In this paper, we focus on the
approach of mining high-utility itemsets from stream data
using the sliding window model.

In 2010, Ahmed et al. [11] introduced a high-utility
pattern mining algorithm designed for stream data known as
HUP Mining over Stream Data (HUPMS). This algorithm
utilizes a tree structure named HUS-Tree to store data
stream information and conducts high-utility pattern mining
based on this structure. Each time the sliding window
changes, the algorithm updates the information of the nodes
in the tree. The HUPMS algorithm involves generating
prefix trees and condition trees as intermediate structures
during the mining process. High-utility patterns are then
derived from the conditional tree. However, a limitation of
this algorithm is the necessity to generate numerous prefix
trees and condition trees each time a pattern is mined,
resulting in significant time consumption. Additionally,
employing a storage tree structure requires updating the
state of each node whenever the sliding window moves,
especially if non-leaf nodes must be deleted, leading to
increased processing time. Also, approaching from the
perspective of a sliding window, the SHU-Growth [26]
algorithm used a tree structure similar to HUS-Tree to
store highly useful pattern information in the current sliding
window. However, the strength of SHU-Growth lies in the

addition of two techniques, Reducing Global Estimated
Utilities and Reducing Local Estimated Utilities, aimed at
reducing the search space and pruning out unpromising
candidate patterns. In some datasets, experimental results
have indicated that it is more effective than HUPMS.

Most recently, in 2022, Reddy et al. proposed an im-
proved algorithm based on a tree structure called EGUI-
Tree [27] to mine high utility itemsets from streaming data
under the sliding window model. In this algorithm, each
node in the tree stores information about the candidate
patterns, including the transaction utility value and the
remaining utility value. The authors proposed a formula
to recalculate the utility value of patterns after each infor-
mation update to reduce search space. The limitation of this
algorithm is that the update operation involves updating the
entire tree structure, including modifying the pattern values
in each node, using batch information update operations,
and shifting batch positions, which requires a significant
amount of time and memory to execute. In addition, the
deletion operation still has the limitation of the HUPMS
algorithm when it needs to check all the information of the
child nodes of the node to be deleted.

To overcome these limitations, this article proposes a
high-utility pattern mining method based on a linked list
structure called HUSLL. Unlike the HUPMS algorithm,
this method eliminates the need to construct prefix trees
or condition trees while still effectively identifying high-
utility patterns in the transaction stream database. Utilizing
a list structure simplifies node updates, thereby reducing
processing time when handling data updates.

III. PROBLEM DEFINITION

This article adopts and builds upon definitions from
previous studies [28]. Let 𝐼 = {𝑖1, 𝑖2, . . . , 𝑖𝑛} represent the
set of items (or events), and 𝐷 = {𝑇1, 𝑇2, . . . , 𝑇𝑚} represent
the transaction database, where each 𝑇𝑗 ∈ 𝐷 is a children’s
set of items from 𝐼.

Definition 1: The internal utility of each item, denoted as
𝑖𝑢(𝑖, 𝑇𝑗 ), is the frequency of item 𝑖 appearing in transaction
𝑇𝑗 . For instance, in Table I, item 𝑎 appears twice in
transaction 𝑇1, so the internal utility of item 𝑎 in transaction
𝑇1 is denoted as 𝑖𝑢(< 𝑎 >,𝑇1) = 2.

Definition 2: External utility of each item, denoted as
𝑒𝑢(𝑖), represents the value of item 𝑖. For example, in Table
II, the external utility of item 𝑎 is 𝑒𝑢(< 𝑎 >) = 5.

Definition 3: The utility of item 𝑖 in transaction 𝑇𝑗 ,
denoted as 𝑢(𝑖, 𝑇𝑗 ), is calculated by the formula (1):

𝑢(𝑖, 𝑇𝑗 ) = 𝑒𝑢(𝑖) × 𝑖𝑢(𝑖, 𝑇𝑗 ) (1)

For example 𝑢(< 𝑎 >,𝑇1) = 2 × 5 = 10, using data from
Table I and Table II.
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Definition 4: The utility of itemset 𝑋 in transaction 𝑇𝑗 ,
denoted as 𝑢(𝑋,𝑇𝑗 ), is calculated by the formula (2):

𝑢(𝑋,𝑇𝑗 ) =
∑︁
𝑖∈𝑋

𝑢(𝑖, 𝑇𝑗 ) (2)

Where 𝑋 = {𝑖1, 𝑖2, . . . , 𝑖𝑘} is the set of 𝑘 items, 𝑋 ⊆ 𝑇𝑗 and
1 ≤ 𝑘 ≤ 𝑛. For example, the item set < 𝑎𝑐 > in transaction
𝑇1 has a utility of 𝑢(< 𝑎𝑐 >,𝑇1) = 2×5+3×10 = 40, using
data from Table I and Table II.

Definition 5: The utility of itemset 𝑋 in the database,
denoted as 𝑢(𝑋), is calculated by the formula (3):

𝑢(𝑋) =
∑︁

𝑋⊆𝑇𝑗 ,𝑇𝑗 ∈𝐷
𝑢(𝑋,𝑇𝑗 ) (3)

For example, the utility of < 𝑎𝑐 > in Table I is 𝑢(< 𝑎𝑐 >
) = 𝑢(< 𝑎𝑐 >,𝑇1) + 𝑢(< 𝑎𝑐 >,𝑇5) + 𝑢(< 𝑎𝑐 >,𝑇6) + 𝑢(<
𝑎𝑐 >,𝑇7) = 235.

Definition 6: The utility of transaction 𝑇𝑗 , denoted as
𝑡𝑢(𝑇𝑗 ), is the total utility value of the items included in
transaction 𝑇𝑗 , calculated by formula (4):

𝑡𝑢(𝑇𝑗 ) =
∑︁
𝑖∈𝑇𝑗

𝑢(𝑖, 𝑇𝑗 ) (4)

For example, the utility of transaction 𝑇1 in Table I is
𝑡𝑢(𝑇1) = 𝑢(< 𝑎 >,𝑇1) + 𝑢(< 𝑐 >,𝑇1) + 𝑢(< 𝑑 >,𝑇1) =

2 × 5 + 3 × 10 + 4 × 7 = 68.

Definition 7: The minimum utility threshold 𝛿 is a
predetermined percentage value based on the total utility
value of all transactions in the database. In Table I, the
total utility of all transactions is 734. The minimum utility
value can be defined using formula (5):

𝑚𝑖𝑛𝑢𝑡𝑖𝑙 = 𝛿 ×
∑︁
𝑇𝑗 ∈𝐷

𝑡𝑢(𝑇𝑗 ) (5)

For example, when 𝛿 = 20%, the minimum utility value
is calculated as 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 = 20% × 734 = 146.8. A set of
items 𝑋 is deemed a high-utility pattern if 𝑢(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙.
The problem of mining high-utility patterns is framed as
identifying all sets 𝑋 that satisfy the condition 𝑢(𝑋) ≥
𝑚𝑖𝑛𝑢𝑡𝑖𝑙.

In the frequent pattern mining problem, the Apriori property
proves valuable for the early elimination of infrequent
patterns by showing that all extensions of an infrequent
event are also infrequent. However, this property does
not apply to the problem of mining high-utility patterns.
For instance, if 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 is set at 146.8, then the pattern
< 𝑎 > in Table I is not considered a high-utility pattern
because 𝑢(< 𝑎 >) = 115. Nevertheless, the extended set of
< 𝑎 > is < 𝑎𝑐 >, which qualifies as a high-utility pattern
since 𝑢(< 𝑎𝑐 >) = 235. Consequently, a measure called
utility weight has been introduced to address the high-utility
pattern mining problem.

Definition 8: The transaction weight utility of a set of
items 𝑋 , denoted as 𝑡𝑤𝑢(𝑋), is calculated as the sum of
the utility values of transactions containing 𝑋 , defined by
formula (6):

𝑡𝑤𝑢(𝑋) =
∑︁

𝑋⊆𝑇𝑗 ,𝑇𝑗 ∈𝐷
𝑡𝑢(𝑇𝑗 ) (6)

For example, in Table I the transaction weight utility of
the item < 𝑑 > is calculated as 𝑡𝑤𝑢(< 𝑑 >) = 68 + 43 =

111. The Apriori property can be applied to this measure.
For example, with 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 = 146.8, then 𝑡𝑤𝑢(< 𝑑 >) <
𝑚𝑖𝑛𝑢𝑡𝑖𝑙. Subsequently, the expanded pattern of < 𝑑 > is
< 𝑑𝑐 >, which also exhibits a transaction weight utility
smaller than minutil or 𝑡𝑤𝑢(< 𝑑𝑐 >) < 𝑚𝑖𝑛𝑢𝑡𝑖𝑙.
A pattern 𝑋 is considered a high transaction-weighted
utility pattern if 𝑡𝑤𝑢(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙.

Transaction stream data is a prevalent type of data in
practical applications, encompassing sales data, website
operations data, weather data, etc. In this type of data,
the volume is unlimited and can grow over time. A batch
of transactions comprises numerous individual transactions,
while a window encompasses several batches. Figure 1
illustrates an example of transaction stream data, with the
database divided into four equal-sized batches and two
windows. Each batch contains two transactions, and each
window comprises three batches. Window 𝑊1 includes
batches 𝐵1, 𝐵2, and 𝐵3, while window 𝑊2 includes batches
𝐵2, 𝐵3, and 𝐵4.

Definition 9: A transaction 𝑇 is said to be reorganized, if
the items present in 𝑇 are arranged in the increasing order of
their 𝑡𝑤𝑢 values [27]. For example, reorganized transaction
for 𝑇1 = {< 𝑎 >, < 𝑐 >, < 𝑑 >} is {< 𝑑 >, < 𝑎 >, < 𝑐 >}
because 𝑡𝑤𝑢(< 𝑑 >) = 111 < 𝑡𝑤𝑢(< 𝑎 >) = 439 < 𝑡𝑤𝑢(<
𝑐 >) = 647.

Definition 10: Given an itemset 𝑋 and a reorganized
transaction 𝑇 with 𝑋 ⊆ 𝑇 , the set of items after 𝑋 in 𝑇 is
represented as 𝐴(𝑇/𝑋) and are available in 𝑇 followed by
𝑋 . For example, set of items after itemset (< 𝑑 >, < 𝑎 >)
in 𝑇1 given by 𝐴(𝑇1/{< 𝑑 >, < 𝑎 >}) = {< 𝑐 >}.

Definition 11: The remaining utility [27] of itemset 𝑋
in a reorganized transaction 𝑇𝑗 , denoted as 𝑟𝑢(𝑋,𝑇𝑗 ), is
calculated by the formula (7):

𝑟𝑢(𝑋,𝑇𝑗 ) =
∑︁

𝑖𝑘⊆𝐴(𝑇𝑗/𝑋)
𝑢(𝑖𝑘 , 𝑇𝑗 ) (7)

For example, 𝑟𝑢(< 𝑑 >,𝑇1) = 𝑢(< 𝑎 >,𝑇1)+𝑢(< 𝑐 >,𝑇1) =
2 × 5 + 3 × 10 = 40.

Definition 12: The utility of itemset 𝑋 in a batch 𝐵𝑘 is
defined by formula (8):

𝑢𝐵𝑘
(𝑋) =

∑︁
𝑇𝑗 ∈𝐵𝑘

𝑢(𝑋,𝑇𝑗 ) (8)
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TABLE I
TRANSACTION DATABASE

TID < 𝑎 > < 𝑏 > < 𝑐 > < 𝑑 > < 𝑒 > tu

𝑇1 2 0 3 4 0 68

𝑇2 4 3 0 0 0 44

𝑇3 0 5 7 0 0 110

𝑇4 0 2 0 1 5 43

𝑇5 6 7 2 0 0 106

𝑇6 3 0 5 0 1 69

𝑇7 8 8 4 0 2 152

𝑇8 0 9 5 0 5 142

TABLE II
EXTERNAL UTILITY OF ITEMS

Item eu(i)

< 𝑎 > 5

< 𝑏 > 8

< 𝑐 > 10

< 𝑑 > 7

< 𝑒 > 4

For example, in Figure 1, and considering data in Table II,
𝑢𝐵3 (< 𝑎𝑐 >) = 𝑢(< 𝑎𝑐 >,𝑇5) + 𝑢(< 𝑎𝑐 >,𝑇6) = 45 + 70 =

115.

Definition 13: The utility of itemset 𝑋 in a window 𝑊𝑙

is defined by formula (9):

𝑢𝑊𝑙
(𝑋) =

∑︁
𝐵𝑘 ∈𝑊𝑙

𝑢𝐵𝑘
(𝑋) (9)

For example, in Figure 1, and considering data in Table II,
𝑢𝑊2 (𝑎𝑐) = 𝑢𝐵2 (𝑎𝑐)+𝑢𝐵3 (𝑎𝑐)+𝑢𝐵4 (𝑎𝑐) = 0+115+80 = 195.

Definition 14: The minimum utility threshold in a win-
dow 𝑊𝑙 , denoted by 𝛿𝑊𝑙

, is a given percentage value based
on the total utility value of all transactions in the 𝑊𝑙

window. In Figure 1, the total utility of all transactions
in window 𝑊2 is 622. If 𝛿𝑊𝑙

= 20%, then the minimum
utility in window 𝑊𝑙 can be defined by formula (10):

𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
= 𝛿𝑊𝑙

×
∑︁

𝑇𝑗 ∈𝑊𝑙

𝑡𝑢(𝑇𝑗 ) (10)

For example, with 𝛿𝑊2 = 20%, the minimum utility value
is 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊2 = 20% × 622 = 124.4.

An item set 𝑋 is called a high-utility pattern in window
𝑊𝑙 if 𝑢𝑊𝑙

(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
. The problem of finding a high-

utility pattern is defined as identifying all item sets 𝑋 that
satisfy the condition 𝑢𝑊𝑙

(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
.

For example, for 𝛿𝑊2 = 20%, the pattern < 𝑎𝑐 > is a
high-utility pattern in window 𝑊2 because 𝑢𝑊2 (< 𝑎𝑐 >) =
195.

Definition 15: The transaction weight utility of an item
set 𝑋 in window 𝑊𝑙 , denoted by 𝑡𝑤𝑢𝑊𝑙

(𝑋), is calculated
as the total utility value of the transactions in window 𝑊𝑙

containing 𝑋 . For example, 𝑡𝑤𝑢𝑊2 (< 𝑎𝑐 >) = 𝑡𝑤𝑢𝐵2 (<
𝑎𝑐 >) + 𝑡𝑤𝑢𝐵3 (< 𝑎𝑐 >) + 𝑡𝑤𝑢𝐵4 (< 𝑎𝑐 >) = 106+69+152 =

327.

𝑋 is said to be a high transaction weight utility pattern in
window 𝑊𝑙 if 𝑡𝑤𝑢𝑊𝑙

(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
. For example, with

𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊2 = 124.4, the pattern < 𝑎𝑐 > is a high-weighted
utility pattern because 𝑡𝑤𝑢𝑊2 (< 𝑎𝑐 >) = 327.

Figure 1 illustrates a transaction stream database. In this
representation, the symbols 𝑇𝑖 , with 1 ≤ 𝑖 ≤ 8, represent
each transaction occurring the ith time. The letters in the set
{< 𝑎 >, < 𝑏 >, < 𝑐 >, < 𝑑 >, < 𝑒 >} denote distinct items
in the database. The digits in each row 𝑇𝑖 in the column
of letters in the set {< 𝑎 >, < 𝑏 >, < 𝑐 >, < 𝑑 >, < 𝑒 >}
represent the internal utility of the item in transaction 𝑇𝑖 .
For example, in transaction 𝑇1, item < 𝑎 > has an internal
utility of 2. The symbol 𝑡𝑢 represents the utility of each
transaction. The symbol 𝐵 𝑗 , with 1 ≤ 𝑗 ≤ 4, repre-
sents trading batches, each containing a certain number of
transactions. Different batches have the same number of
transactions, and transactions in each batch do not overlap.
The notation 𝑊𝑘 , with 1 ≤ 𝑘 ≤ 2, represents sliding
windows, each containing a certain number of batches.
Batches in different sliding windows may overlap or two
different sliding windows may contain the same batches. As
shown in Figure 1, sliding window 𝑊2 can contain batches
𝐵2 and 𝐵3, which are also present in sliding window 𝑊1.
Window 𝑊1 is the first window created, and it can only
contain a maximum of three trading batches. After inserting
batches 𝐵1, 𝐵2, and 𝐵3 into window 𝑊1, the window is
full. Upon examining transaction 𝑇7 in transaction batch
𝐵4, sliding window 𝑊1 moves to sliding window 𝑊2. In the
sliding window model, the algorithm only performs pattern
mining on a sliding window containing a certain number
of transaction batches.

The problem of mining high-utility patterns on transac-
tion stream data is stated as follows: Given a transaction
stream database 𝐷 and a user-defined minimum utility
threshold (𝑚𝑖𝑛𝑢𝑡𝑖𝑙), mining high-utility patterns in the
sliding window 𝑊 is to find the set of all patterns 𝑋 whose
utility weight 𝑡𝑤𝑢(𝑋) is greater than or equal to minutil in
the sliding window 𝑊 .

IV. THE PROPOSED ALGORITHM

a) High-Untility Stream Linked List Data

In this section, the article introduces a linked-list data
structure called HUSLL, designed for storing information
about transactions in the database.
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Figure 1. Example of transaction stream data

The most apparent difference between the HUSLL struc-
ture and the Prefix Tree structure is the transformation of
organizing nodes in the tree structure into nodes organized
in a linked list. A sorted list can be used to execute
the mining algorithm without the necessity of storing an
intermediate structure mapping to nodes with the same item
id. Additionally, deleting nodes in the tree requires more
processing steps compared to handling a linked list. This is
because the node deletion in a tree involves checking and
traversing each child node in the branch to be deleted. In
contrast, with a linked list, the deletion operation occurs by
simply removing the node from the linked list via the next
link, without needing to consider the linked child nodes of
the node being examined.

For example, suppose that in window 𝑊1 of batch 𝐵1,
there are two items < 𝑚 > and < 𝑜 > satisfying the
threshold in 𝑇1 and 𝑇2. However, < 𝑚 > and < 𝑜 > do
not appear in the transactions of window 𝑊2. Therefore,
when transitioning from 𝑊1 to 𝑊2, the data in batch 𝐵1
will be deleted. Consequently, items < 𝑚 > and < 𝑜 >

will also be deleted. In the case of organizing data in a
tree structure, to delete the node containing < 𝑚 >, we
need to check if < 𝑚 > has any child nodes because the
deletion operation will be performed on the child nodes
first. Additionally, to perform mining on the tree using the
HUPMS algorithm, an intermediate structure is needed to
store the mapping to node < 𝑚 > in the tree. Therefore,
deleting a node < 𝑚 > requires updating the intermediate
structure. This operation consumes resources, especially in
the case of continuous updates to the transaction stream
database, where batch addition and deletion occur more
frequently than in a static database. In contrast, when the
data is organized as a linked list, node deletion is much
simpler because there is no need to consider child nodes or
update intermediate mapping structures.

Each node in the HUSLL structure stores identification
information about an item (or event), the value of the
node, and the values of transaction batches, which consist
of multiple consecutive transactions containing that item.
Transaction batches are numbered according to the order

Figure 2. Structure of a node that stores information on item < 𝑎 >

of transactions in the database. To achieve this, a hash
table structure is employed to store information about the
values of transaction batches. Utilizing a hash table for
batch information facilitates quick updates of batch values
when the mining algorithm examines transactions within
a specific batch. Additionally, using a hash table helps
conserve storage space by avoiding the need to store values
of batches that do not contain the item under consideration.
Deleting a batch within a node is also more straightforward
with a hash table when there is sliding window movement,
compared to using a list. Figure 2 illustrates the structure
of a node in the list. Figure 2a demonstrates the structure
of the node storing information about item < 𝑎 > with
batch 𝐵1 containing the value of transaction 𝑇1 in Figure
1. Figure 2b illustrates the data update activity on batch
𝐵1 when exploring transaction 𝑇2. Figure 2c showcases the
structure of the node storing information about item < 𝑎 >

after exploring transactions in three batches: 𝐵1, 𝐵2, and 𝐵3.
Since item < 𝑎 > does not appear in batch 𝐵2, information
about batch 𝐵2 is not stored in the list node. For ease of
presentation, the node structure of item < 𝑎 > in Figure 2c
is described as follows: {< 𝑎 >: [1 : 112], [3 : 175]}. The
value of a node represents the total value of the transaction
batches that the node contains. In Figure 2c, the node value
is 287, which is the sum of the values of batches 𝐵1 and
𝐵3.

To represent the relationships between nodes, links are
established. An “after” link is employed to signify the
sequential order of items in a transaction. For instance, in
transaction 𝑇1 in Figure 1, item < 𝑐 > appears after item
< 𝑎 > in alphabetical order. Subsequently, an “after” link is
created to indicate that item < 𝑐 > and item < 𝑎 > belong to
the same transaction, and item < 𝑐 > follows item < 𝑎 >.
The “after” link plays a crucial role in constructing the
HUSLL list when exploring transactions in the database. A
single node can have multiple after-nodes associated with
it. Once the list construction operation is completed, the
after links can be removed to reduce memory size before
the extraction process takes place. Figure 3 illustrates the
after link connecting two nodes, < 𝑎 > and < 𝑐 >.

The “before” link is employed to represent the preceding
order of items within a transaction. For instance, in trans-
action 𝑇1 in Figure 1, item < 𝑎 > precedes item < 𝑐 >

in alphabetical order. A “before” link is then established
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Figure 3. After link between two nodes < 𝑎 > and < 𝑐 >

Figure 4. Before link between two nodes < 𝑎 > and < 𝑐 >

to signify that item < 𝑎 > and item < 𝑐 > belong to the
same transaction, and item < 𝑎 > precedes item < 𝑐 >.
The “before” link plays a crucial role in the high-utility
pattern mining process. For example, if node < 𝑐 > has a
“before” link with node < 𝑎 >, a new pattern < 𝑎𝑐 > can
be created during the candidate generation process. Figure
4 illustrates the “before” link between node < 𝑐 >.

A HUSLL root node is created by default with a null
value. As each item in a transaction is examined, the root
node establishes an after link with the node containing the
first item in the transaction. These nodes also create a before
link with the root node. Subsequently, when inspecting
other items in the transaction, a new node is generated
containing the item, along with before and after links
between the nodes.

The next link is employed to connect all the nodes, form-
ing a HUSLL structure. During the list-building process,
the nodes created are linked together and sorted based on
item identifier information. The next link is utilized in both
the mining process and the update process of the HUSLL
structure when the sliding window moves.

During mining operations, the algorithm considers items
with the same identifier to generate patterns containing
a specific identifier. The use of the next link facilitates
the easy identification of patterns with the same identifier,
as nodes are sorted by item identification. This approach
avoids the necessity of using an intermediate mapping
structure to locate nodes with the same identifier.

When a sliding window shift operation occurs, a loop
traverses all the nodes in the HUSLL based on the next
link to identify nodes with updated information about
the transaction batch. Once found, a delete operation is
performed to eliminate the selected batch of transactions
and update the node’s value. If the value of a node is
0, the node is removed from the HUSLL by deleting the
before, after, and next links to that node. The deletion

Figure 5. Next link between nodes in transactions 𝑇1 and 𝑇2

of such a link is simpler than updating a tree structure.
Simultaneously, not using an intermediate structure to store
the links mapping to the node allows update operations on
HUSLL to be faster than on the HUS-Tree structure. Figure
5 illustrates the next link between the nodes in transactions
𝑇1 and 𝑇2 in Figure 1. In this figure, transaction 𝑇1, the
node containing item < 𝑐 >, has a before link with the
node containing item < 𝑎 > and has no connection with
the node containing item < 𝑏 >. However, because item
< 𝑏 > is placed before item < 𝑐 > in the alphabet, when
the next link is created, item < 𝑏 > will be positioned
before item < 𝑐 >.

The process of constructing the HUSLL structure in-
volves creating nodes to store item information and es-
tablishing before, after, and next links connecting these
nodes. Initially, an empty root node is created. Utilizing the
information from Table I, the algorithm sequentially goes
through each item in each transaction in alphabetical order
to add each item to the HUSLL structure. For example,
during the traversal operation of transaction 𝑇1 (with a
total utility value, 𝑡𝑢, of 68 and items < 𝑎, 𝑐, 𝑑 >), the
item < 𝑎 > is added to the list by creating a new node
with item-id < 𝑎 > and 𝑡𝑤𝑢 value 68. The resulting
node is {< 𝑎 >: [1 : 68]}. A next link is established
from the root node to {< 𝑎 >: [1 : 68]}, and the root
node will have an after link to {< 𝑎 >: [1 : 68]}.
Simultaneously, {< 𝑎 >: [1 : 68]} will have a before link
to the root node. Subsequently, item < 𝑐 > is added to the
HUSLL by creating the node {< 𝑐 >: [1 : 68]}. Since,
in transaction 𝑇1, item < 𝑐 > comes after item < 𝑎 >,
an after link is created between node {< 𝑐 >: [1 : 68]}
and node {< 𝑎 >: [1 : 68]}. Additionally, a before link
is established between node {< 𝑎 >: [1 : 68]} and node
{< 𝑐 >: [1 : 68]}. Node {< 𝑐 >: [1 : 68]} is inserted at
the end of the HUSLL list, creating a next link between
node {< 𝑎 >: [1 : 68]} and node {< 𝑐 >: [1 : 68]}.
Similarly, item < 𝑑 > is added to the HUSLL by creating
node {< 𝑑 >: [1 : 68]}. As item < 𝑑 > follows item
< 𝑐 > in transaction 𝑇1, a before link is formed from node
{< 𝑑 >: [1 : 68]} to node {< 𝑐 >: [1 : 68]}. Two links,
after and next, are generated at node {< 𝑐 >: [1 : 68]}
to point to node {< 𝑑 >: [1 : 68]}. Figure 6 illustrates
the HUSLL structure that stores the items contained in
transaction 𝑇1.

For simplicity, the HUSLL structure is represented as
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Figure 6. The HUSLL stores information on transaction 𝑇1

Figure 7. The HUSLL after adding transaction 𝑇2

{} → {< 𝑎 >: [1 : 68]} → {< 𝑐 >: [1 : 68]} → {< 𝑑 >:
[1 : 68]}, where the direction of the arrow signifies the
next link.

Next, transaction 𝑇2 is processed to add items to the
HUSLL. With a 𝑡𝑢 value of 44, 𝑇2 includes 2 items
< 𝑎, 𝑏 >. Item < 𝑎 > from 𝑇2 is incorporated into the
HUSLL, but since there is already node < 𝑎 > with an after
link to the root node, and transactions 𝑇1 and 𝑇2 belong to
the same batch 𝐵1 (as shown in Figure 1), the 𝑡𝑤𝑢 value of
item < 𝑎 > in 𝑇2 is accumulated to node {< 𝑎 >: [1 : 68]},
resulting in {< 𝑎 >: [1 : 112]}. Subsequently, item < 𝑏 >

is added as the next node after {< 𝑎 >: [1 : 112]} in
alphabetical order. The HUSLL structure is designed to
maintain alphabetical order, placing item < 𝑏 > before
item < 𝑐 >. Figure 7 illustrates the HUSLL structure after
incorporating transaction 𝑇2, with some details omitted for
clarity.

Moving on, transaction 𝑇3 is processed to add items to
the HUSLL. With a tu value of 110, 𝑇3 includes two items,
< 𝑏, 𝑐 >. Item < 𝑏 > from 𝑇3 is introduced into the HUSLL
with a 𝑡𝑤𝑢 value of 110. Given that there is no after link
from the root node to the identifier < 𝑏 >, a new node is
created. Additionally, since 𝑇3 belongs to transaction batch
𝐵2, the newly added node will take the form {< 𝑏 >: [2 :
110]}. As the list already contains node {< 𝑏 >: [1 : 44]},
the new node will be inserted after node {< 𝑏 >: [1 : 44]}.
Similarly, a new node {< 𝑐 >: [2 : 110]} is generated
and added after node {< 𝑐 >: [1 : 68]}. Since a new
transaction batch is involved, nodes {< 𝑏 >: [2 : 110]}
and {< 𝑐 >: [2 : 110]} only store the value of the current
batch, which is batch 2. Figure 8 illustrates the HUSLL
structure after incorporating transaction 𝑇3.

Figure 8. The HUSLL after adding transaction 𝑇3

Figure 9. The HUSLL after adding transaction 𝑇4

{} → {< 𝑎 >: [1 : 112], [3 : 106]} → {< 𝑏 >: [1 :
44], [3 : 106]} → {< 𝑏 >: [2 : 153]} → {< 𝑐 >: [1 :
68]} → {< 𝑐 >: [2 : 110]} → {< 𝑐 >: [3 : 106]} →
{< 𝑑 >: [1 : 68]} → {< 𝑑 >: [2 : 43]} → {< 𝑒 >: [2 :
43]} → 𝑛𝑢𝑙𝑙

Figure 10. The HUSLL after adding transaction 𝑇5

Continuing with the process, transaction 𝑇4 is processed
to add items to the HUSLL. With a 𝑡𝑢 value of 43, 𝑇4
encompasses three items: < 𝑏, 𝑑, 𝑒 >. As the root node has
an after link to node {< 𝑏 >: [2 : 110]} and transaction 𝑇4
belongs to batch 𝐵2, the 𝑡𝑢 value of 𝑇4 should be added to
node {< 𝑏 >: [2 : 110]} to result in {< 𝑏 >: [2 : 153]}.
Subsequently, two new nodes {< 𝑑 >: [2 : 43]} and {<
𝑒 >: [2 : 43]} are generated and appended to the list in the
following order: {< 𝑑 >: [1 : 68]}. Figure 9 illustrates the
list structure after the addition of transaction 𝑇4.

Moving forward, transaction 𝑇5 is processed to add items
to the HUSLL. With a 𝑡𝑢 value of 106, 𝑇5 includes three
items: < 𝑎, 𝑏, 𝑐 >. Given that the root node already has an
after link to node {< 𝑎 >: [1 : 112]} and transaction 𝑇5
belongs to batch 𝐵3, we update node {< 𝑎 >: [1 : 112]} to
{< 𝑎 >: [1 : 112], [3 : 106]}. The order of 𝑡𝑤𝑢 values for
batches 𝐵1 and 𝐵3 in node {< 𝑎 >: [1 : 112], [3 : 106]}
is represented in the hash table structure. Since there is an
after link from node {< 𝑎 >: [1 : 112], [3 : 106]} to node
{< 𝑏 >: [1 : 44]}, it is updated to {< 𝑏 >: [1 : 44], [3 :
106]}. As there is no after link after {< 𝑏 >: [1 : 44], [3 :
106]} to the node with the identifier < 𝑐 >, a new node
{< 𝑐 >: [3 : 106]} is created and connected after node
{< 𝑐 >: [2 : 110]}. The HUSLL structure after adding
items in transaction 𝑇5 is illustrated in Figure 10.

Figure 10 illustrates the HUSLL structure after incorpo-
rating the items from transaction 𝑇5. In this representation,
link information is omitted for simplicity.

Continuing with the process, transaction 𝑇6 is processed
to add items to the HUSLL, and the outcomes are illustrated
in Figure 11.

With the HUSLL structure, when the window shifts from
𝑊1 to 𝑊2, the data in transaction batch 𝐵1 is removed,
and the data from transaction batch 𝐵4 is added to the
list. To delete the data of transaction batch 𝐵1, the HUSLL
structure is traversed from the first node to the last node
based on the next link. At each node traversal, the data
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{} → {< 𝑎 >: [1 : 112], [3 : 175]} → {< 𝑏 >: [1 :
44], [3 : 106]} → {< 𝑏 >: [2 : 153]} → {< 𝑐 >: [1 :
68], [3 : 69]} → {< 𝑐 >: [2 : 110]} → {< 𝑐 >: [3 :
106]} → {< 𝑑 >: [1 : 68]} → {< 𝑑 >: [2 : 43]} → {<
𝑒 >: [2 : 43]} → {< 𝑒 >: [3 : 69]} → 𝑛𝑢𝑙𝑙

Figure 11. The HUSLL after adding transaction 𝑇6

(𝑡𝑤𝑢) of batch 𝐵1 is deleted from the hash table. Utilizing
a hash table structure makes finding and deleting the value
of batch 𝐵1 in each node easier compared to using a list of
batch values. Subsequently, nodes with a 𝑡𝑤𝑢 value of 0 are
removed from the list. For example, from the HUSLL list
in Figure 11, when the algorithm reaches transaction 𝑇7, the
sliding window will shift from window 𝑊1 to 𝑊2. At that
point, all the values of batch 1 in each node will be deleted.
A loop will iterate through each node in the HUSLL list
to find and delete batch 1 data in each node. In Figure 11,
we can see that the nodes {< 𝑎 >: [1 : 112], [3 : 175]}, {<
𝑏 >: [1 : 44], [3 : 106]}, {< 𝑐 >: [1 : 68], [3 : 69]}, and
{< 𝑑 >: [1 : 68]} contain data of batch 1. After performing
the deletion operation, the values of these nodes will be {<
𝑎 >: [3 : 175]}, {< 𝑏 >: [3 : 106]}, {< 𝑐 >: [3 : 69]}, and
{< 𝑑 >:}. At this point, the node {< 𝑑 >:} does not contain
any data and will be removed from the list. The deletion
operation is performed by deleting all links created to the
node {< 𝑑 >:} and the next link of the node just before
the node {< 𝑑 >:}, which is the node {< 𝑐 >: [3 : 106]}
in Figure 11, will be directly linked to the node just after
{< 𝑑 >:}, which is the node {< 𝑑 >: [2 : 43]}. Finally,
the items of transaction batch 𝐵4 are incorporated into the
HUSLL. The advantage of maintaining a HUSLL list is
that traversing and deleting nodes is considerably more
straightforward than with the HUS-Tree structure. The use
of a hash table enables the storage of only batches with the
item identifier present, without having to store zero values,
as is the case in the HUS-Tree structure. Consequently, the
update only occurs on nodes containing the batch under
consideration, and the deletion of batch 𝐵1 is performed
solely on nodes where this batch appears, such as nodes
{< 𝑎 >: [1 : 112], [3 : 175]}, {< 𝑏 >: [1 : 44], [3 :
106]}, {< 𝑐 >: [1 : 68], [3 : 69]}, and {< 𝑑 >: [1 : 68]},
instead of having to update all nodes as required by the
HUS-Tree structure. Figure 12 illustrates the outcome of
the shift operation to window 𝑊2.

The process of constructing the HUSLL list is detailed
in algorithm 1.

b) Mining High-Ultility Patterns on the HUSLL List

From the list structure in Figure 12, we can recognize
the following characteristics:

Property 1. Nodes containing information about items ap-

{} → {< 𝑎 >: [3 : 175], [4 : 152]} → {< 𝑏 >: [3 :
106], [4 : 152]} → {< 𝑏 >: [2 : 153], [4 : 142]} → {<
𝑐 >: [3 : 69]} → {< 𝑐 >: [2 : 110], [4 : 142]} → {< 𝑐 >:
[3 : 106], [4 : 152]} → {< 𝑑 >: [2 : 43]} → {< 𝑒 >: [2 :
43]} → {< 𝑒 >: [3 : 69]} → {< 𝑒 >: [4 : 152]} → {<
𝑒 >: [4 : 142]} → 𝑛𝑢𝑙𝑙

Figure 12. The HUSLL after sliding to window 𝑊2

Algorithm 1: BuildHUSLL (D, minutil)
1 Inputs: Transaction database D, minimum utility

threshold minutil.
2 Outputs: HUSLL data structure.
3 begin
4 Create root-node R;
5 Set current node C is null;
6 foreach 𝑇 ∈ 𝐷 do
7 i=T[0];
8 if R.hasAfter(i) = False then
9 CreateNode for i AS iN;

10 R.setAfter(iN);
11 iN.setBefore = R;
12 call AddToHUSLL (iN,R);
13 C=iN;
14 end
15 else
16 C= R.getNode(i);
17 Update twu of C;
18 end
19 k=1;
20 while 𝑘 < 𝐿𝑒𝑛𝑔𝑡ℎ(𝑇) do
21 i=T[k];
22 if C.hasAfter(i) = TRUE then
23 C=C.getNode(i);
24 Update twu of C;
25 end
26 else
27 CreateNode for i AS iN;
28 C.setAfter(iN);
29 iN.setBefore = C;
30 AddToHUSLL (iN,R);
31 C=iN;
32 end
33 k=k+1;
34 end
35 end
36 end

pearing in the same transaction will possess a “before”
link to a node containing information about the item
whose identifier immediately precedes the item iden-
tifier of the node under consideration. For instance,
in Figure 12, the node {< 𝑒 >: [3 : 69]} has a
“before” link to node {< 𝑐 >: [3 : 69]}, and node
{< 𝑐 >: [3 : 69]} has a “before” link to node
{< 𝑎 >: [3 : 175], [4 : 152]}. Simultaneously, the
items < 𝑎, 𝑐, 𝑒 > appear in the same transactions 𝑇6
and 𝑇7.

Property 2. A high-utility pattern can be generated by com-
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Algorithm 2: AddToHUSLL (iN,R)
1 Inputs: considered node iN, root node R
2 Outputs: HUSLL
3 begin
4 C = R;
5 while c.next is not null do
6 if c.next > iN.id then
7 iN.next = c.next;
8 c.next = iN;
9 return;

10 end
11 end
12 c.next = iN
13 end

bining items in the same branch through the “before”
link, and the utility value of the pattern is the list
of values of the transaction batch of the last node in
the branch. For example, in Figure 12, the “before”
link of the nodes includes nodes {< 𝑎 >: [3 :
175], [4 : 152]} and node {< 𝑐 >: [3 : 69]}. The node
{< 𝑒 >: [3 : 69]} can generate the pattern < 𝑒𝑐 > by
concatenating the identifiers of node {< 𝑐 >: [3 : 69]}
and node {< 𝑒 >: [3 : 69]}. Subsequently, the utility
of the < 𝑒𝑐 > pattern will be the transaction batch
value of the first node in the “before” link, which
is node {< 𝑒 >: [3 : 69]}. The utility value of the
pattern < 𝑒𝑐 > is {< 𝑒𝑐 >: [3 : 69]}. Then, the
pattern < 𝑒𝑐𝑎 > can be generated by concatenating
the identifier of node {< 𝑒𝑐 >: [3 : 69]} and node
{< 𝑎 >: [3 : 175], [4 : 152]}. Since, in the “before”
link, node {< 𝑒 >: [3 : 69]} is the first node, the
utility of the < 𝑒𝑐𝑎 > pattern is the transaction batch
value of node {< 𝑒 >: [3 : 69]}. The utility value of
the < 𝑒𝑐𝑎 > pattern is {< 𝑒𝑐𝑎 >: [3 : 69]}.

Based on the two characteristics mentioned above, the
pattern mining process on HUSLL can be outlined as
follows: From the existing HUSLL list, iterate through each
node using the next link. For each node, determine the
linked branch based on the before link. For each branch,
concatenate the item identifiers of each node within the
branch to create a candidate pattern. Next, assess the utility
of the candidate pattern by summing the utility values in
the transaction batch of that pattern and comparing it with
the minutil value. Candidate patterns exceeding the minutil
threshold will be retained, and the concatenation operation
to create new candidate patterns will be iterated. After this
browsing and merging process, all high-utility patterns will
be obtained. Algorithm 3 outlines the process of mining
high-utility patterns from the HUSLL list.

For instance, with 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 set to 260, item < 𝑐 > has a
utility weight equal to the total utility value in the trading
batches, summing up to 69 + 106 + 152 + 110 + 142 = 579.

Next, retrieve the id item list of nodes containing item <

𝑐 > in HUSLL, which includes {< 𝑐 >: [3 : 69]}, {< 𝑐 >:
[2 : 110], [4 : 142]}, and {< 𝑐 >: [3 : 106], [4 : 152]}.
Starting with node {< 𝑐 >: [3 : 69]}, traverse the list based
on the before link to generate a pattern {< 𝑐𝑎 >: [3 : 69]}.
For node {< 𝑐 >: [3 : 106], [4 : 152]}, perform a list
traversal based on the before link to generate patterns {<
𝑐𝑏 >: [3 : 106], [4 : 152]} and {< 𝑐𝑎 >: [3 : 106], [4 :
152]}. From node {< 𝑐 >: [2 : 110], [4 : 142]}, traverse
the list based on the before link to generate the pattern
{< 𝑐𝑏 >: [2 : 110], [4 : 142]}. Then, calculate the utility
weights of the patterns by summing up the utility values.
With the pattern < 𝑐𝑎 >, comprising {< 𝑐𝑎 >: [3 : 69]}
and {< 𝑐𝑎 >: [3 : 106], [4 : 152]}, the utility is 69 + 106 +
152 = 327. For pattern < 𝑐𝑏 >, consisting of {< 𝑐𝑏 >: [3 :
106], [4 : 152]} and {< 𝑐𝑏 >: [2 : 110], [4 : 142]}, the
utility weight is 106 + 152 +110 + 142 = 510. Both patterns
< 𝑐𝑎 > and < 𝑐𝑏 > qualify as high-utility patterns since
their utility weights exceed 𝑚𝑖𝑛𝑢𝑡𝑖𝑙. The pattern generation
process continues with < 𝑐𝑎 > and < 𝑐𝑏 >. For the pattern
< 𝑐𝑎 >, the node containing < 𝑎 > is the one with the root
node as the before link, so no further patterns can emerge.
However, for the pattern < 𝑐𝑏 >, comprising two nodes
{< 𝑐𝑏 >: [3 : 106], [4 : 152]} and {< 𝑐𝑏 >: [2 : 110], [4 :
142]}, the node {< 𝑐𝑏 >: [2 : 110], [4 : 142]} has node
< 𝑏 > with the before link as the root node, indicating
that no additional patterns can be generated. Regarding the
node {< 𝑐𝑏 >: [3 : 106], [4 : 152]}, the preceding node is
{< 𝑎 >: 0, 175, 152}, enabling the pattern {< 𝑐𝑏𝑎 >: [3 :
106], [4 : 152]} to arise. However, the pattern < 𝑐𝑏𝑎 >

with a utility weight of 106 + 152 = 258 does not meet
the criteria for a high-utility pattern. The mining process
persists until all nodes in HUSLL are traversed.

The HUSLL structure shares similarities with the HUS-
Tree structure, but it differs in the use of after links during
the extraction process. In contrast to the HUPMS algorithm,
which relies on intermediate structures like condition trees,
the HSLM algorithm utilizes the previous link, rendering
after links unnecessary for mining operations. As a result,
after links can be removed during mining to optimize
memory usage. Each node in the HUSLL structure con-
tains information such as the item identifier, total batch
value, and before and next links. To enhance performance,
mining information can be stored in text files for separate
mining operations on another processor. This allows for
the optimization of both mining structure construction and
mining activities by dividing these tasks. One processor can
focus on building the HUSLL structure and continuously
updating the data, while mining operations can be carried
out on one or more separate processors.

Additionally, the use of a hash table to store information
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Algorithm 3: HSLM (T, minutil)
1 Inputs: HUSLL T, minimum utility threshold (minutil)
2 Outputs: High-utility patterns
3 begin
4 foreach 𝑖𝑑 ∈ 𝑇 do
5 Identify the nodes belonging to the branch

associated with the id;
6 Add the nodes to the id item list ;
7 foreach node 𝑛 ∈ 𝑖𝑑 𝑖𝑡𝑒𝑚 𝑙𝑖𝑠𝑡 do
8 Browse T and combine node n with before

nodes of n to create pattern nx;
9 Save nx in K;

10 end
11 foreach pattern 𝑚 ∈ 𝐾 do
12 if utility of m ≥ minutil then
13 MiningSubPattern(T,m,minsup);
14 Output m;
15 end
16 end
17 end
18 end

Algorithm 4: MiningSubPattern (T,minutil,m)
1 Inputs: HUSLL T, minimum utility threshold (minutil),

pattern m
2 Outputs: High-utility patten (mx)
3 begin
4 Create L to save list;
5 Browse T and combine node m with before nodes of

m to create pattern mx;
6 Save mx to L;
7 foreach pattern mx∈L do
8 if utility of mx ≥ minutil then
9 MiningSubPattern(T,mx,minsup);

10 Output mx;
11 end
12 end
13 end

about item batches in each node facilitates easy updating
of node information when the sliding window moves. This
hash table structure speeds up transaction searches and op-
timizes storage operations by excluding information about
batches that do not contain the item identifier of the node
under consideration. The next link enables straightforward
node deletion operations. When a node’s value reaches 0,
the node is removed from the HUSLL list by deleting
all before, after, and next links and updating the value
to null. In contrast, the HUS-Tree structure requires more
complex deletion operations, especially for branch nodes,
where updating is not easily accomplished. Traversing the
next link from the root node to the last node in the list
simplifies state updates for the entire mining structure.

V. EXPERIMENTAL RESULTS

In this section, we present the experimental results com-
paring the effectiveness of the HUPMS [11] algorithm ,

TABLE III
EXPERIMENTAL DATA

Dataset name Trans No. Item No. AvgLen
foodmart utility 4,141 1,559 4.42
chainstore utility 1,112,949 46,086 7.23
ECommerce retail utility 14,975 3,468 11.71
Chicago Crimes 2,662,309 35 1.795

EGUI-TREE [27] algorithm and the proposed HSLM algo-
rithm. The study utilizes four real-life datasets for compari-
son: chainstore, foodmart, ecommerce, and chicago crimes.
Detailed information about each dataset is provided in Table
III. The program is implemented in Java and executed on
a system running Windows 10, equipped with an Intel®
Core™ i7-9700 processor and 16384 MB RAM.

The input data for all three algorithms is a transactional
database with three parameters: (i) the number of transac-
tions per batch, (ii) the number of batches in each window,
and (iii) the minimum useful threshold value, 𝑚𝑖𝑛𝑢𝑡𝑖𝑙. In
contrast to the HUPMS algorithm, the EGUI-Tree algorithm
incorporates the 𝑟𝑢 value for every pattern to facilitate the
early pruning of unpromising patterns. Specifically, in the
first phase, the EGUI-Tree algorithm constructs the global
utility 1-item sets to store information about the 𝑡𝑢 and 𝑟𝑢
values of each item per transaction and batch for the current
window. Next, based on the 𝑟𝑢 value, EGUI-Tree decides
whether to expand the items in the 1-item set to create
candidate patterns and add these candidate patterns to the
EGUI-Tree. Each node in this structure stores information
about the pattern. The EGUI-Tree is subdivided into various
levels. The candidate patterns at each level have the same
number of items in each pattern. Finally, the algorithm
traverses the EGUI-Tree to find high utility patterns by
comparing the utility value of each pattern stored on the
tree with a minutil. The algorithm updates the information
for both the global utility 1-item sets and the EGUI-Tree
whenever the window changes.

a) Comparision of execution time when performing

In this section, we present experimental results from the
high-utility pattern mining process on various datasets, with
a focus on adjusting the number of batches per window,
ranging from 2 to 6 for different datasets. Each dataset
is associated with specific parameters. For the chainstore
dataset, the minimum utility threshold is set to 0.25%, and
the number of transactions per batch is 100K. The foodmart
dataset has a minimum utility threshold of 0.25%, with
200 transactions per batch. In the case of the ecommerce
dataset, the minimum utility threshold is 0.75%, and there
are 2000 transactions per batch. Lastly, for the Chicago
dataset, a minimum utility threshold of 0.15% is chosen,
and there are 300K transactions per batch. The article
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Figure 13. Comparison results according to execution time

compares the execution time to assess the effectiveness
of both the proposed algorithm (HSLM) and the HUPMS
algorithm. The results depicted in Figure 13 illustrate the
execution times.

Figure 13 reveals that for highly dense datasets like
chainstore, ecommerce, and foodmart, the HUPMS algo-
rithm requires operations involving the construction of pre-
fix trees, condition trees, and utility value calculations for
patterns. As a result, HUPMS utilizes more execution time
and memory. Conversely, HSLM can perform extraction
without the need to generate prefix trees and condition trees,
leading to a lower execution time for the proposed HSLM
algorithm. Additionally, the EGUI-Tree algorithm performs
at a faster rate than the HUPMS algorithm on these datasets.
However, the update operation of the EGUI-Tree requires
traversing the batch list to update patterns, which consumes
more time than the HSLM algorithm. Besides, with sparse
datasets like Chicago, where the density is very low, the
time spent creating and deleting the condition tree and
prefix tree of the HUPMS algorithm becomes negligible.
In such cases, the execution time of HUPMS surpasses that
of the proposed algorithm.

The above experimental results indicate that the proposed
HSLM algorithm outperforms the HUPMS algorithm on
dense datasets. Additionally, the results reveal that as the
number of batches per window increases, the mining time
also tends to increase.

b) Comparision of excution time with different batch

In this section, the article examines the experimental
results by varying the number of transactions in each
batch. Figure 14 illustrates the experimental outcomes
on the chainstore dataset. In Figure 14a, as the number
of transactions per batch increases from 50K to 100K,
the HUPMS, EGUI-Tree, and HSLM algorithms exhibit
a decrease in mining time. Conversely, when reducing
the number of transactions per batch, the mining time

Figure 14. Comparison results based on the number of transactions per
batch

increases correspondingly. Figure 14b specifically presents
the mining time of the HSLM algorithm on the chainstore
dataset while varying the number of transactions per batch
from 50K to 100K. The results indicate that a decrease in
the number of transactions per batch leads to an increase in
the number of mining algorithm executions, subsequently
elevating the overall mining time.

VI. CONCLUSIONS

This article introduced a high-utility pattern mining tech-
nique for transaction stream data based on the HUSLL list
data structure. The experimental results demonstrated that
the proposed method outperforms the HUPMS algorithm,
particularly on dense datasets such as chainstore, foodmart,
or ecommerce.

The HUSLL structure, resembling the HUS-Tree struc-
ture, offers the advantage of not using after links in mining
operations. This feature facilitates storing HUSLL list in-
formation in text files, enabling external memory storage.
Consequently, mining operations can be conducted on a
different processor using the file containing the HUSLL
list structure. This separation of update and exploitation
steps allows efficient handling of the latest sliding window
information stored in the text file without the need to rerun
the algorithm from the beginning. Storing in text files also
enables users to retain information about data status at
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various exploitation stages, facilitating the comparison of
patterns and strategic planning for subsequent stages.

Moreover, the linked list organization proves to be more
effective in updating the state compared to tree data orga-
nization, particularly in a stream data mining environment
where transaction information undergoes regular updates.
This adaptability contributes to the practical effectiveness
of the HSLM algorithm.

The proposed algorithm’s performance is not particularly
outstanding in sparse datasets. This is a limitation when
mining high-utility sets for sparse datasets. Moreover, the
process of building the linked list sequentially does not
reflect parallel processing during list creation. Therefore,
the mining has not been optimized for the case of a
large window size. Our research will continue to focus
on parallelizing the list-building process and using early
candidate pruning techniques to optimize mining in the
future.

The utilization of textual data opens avenues for research
in parallel and simultaneous processing of multiple datasets
from various sources. It also provides users with the flex-
ibility to transform shared data while retaining valuable
information gleaned from exploitation activities.

Additionally, the mining of closed high-utility sets of
stream data via a sliding window [29] helps eliminate
highly useful but non-repeating patterns to reduce the time
and space required for mining, which also needs to be
further researched.
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