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ABSTRACT

This research proposes the optimization of the Frequent Closed High-Utility Itemset Mining (FCHUIM) algorithm for
large-scale retail transaction data through three heuristic pruning strategies: Observed Support Ratio (OSR), Observed Weighted
Lift (OWL), and Modified Subtree Utility (MSU). OSR eliminates infrequent itemsets by evaluating their proportional support
within the dataset, OWL measures the economic contribution of itemsets relative to their transaction utility, and MSU filters
candidates based on the minimum utility overlap in shared transactions. These techniques are designed to reduce redundant
computations and narrow the search space without compromising pattern quality. The proposed algorithm was tested on a real-
world retail dataset from a consumer cooperative, consisting of 56,274 transactions and 4,265 unique items across five years.
The experiments assessed the effectiveness of each pruning method under varying minimum support and utility thresholds, both
independently and in combination. Results demonstrate that the integrated approach reduces the search space by up to 92.5%,
leading to significant improvements in execution time and memory consumption. Sensitivity analyses indicate that utility
thresholds have a greater influence on performance than support thresholds. Furthermore, scalability tests using incremental
annual datasets show that the optimized algorithm maintains acceptable performance with near-linear degradation as data
volume increases. These findings highlight the suitability of the enhanced FCHUIM algorithm for mining high-value itemsets
in complex retail environments. Future work may explore adaptive parameter tuning and deployment in real-time decision
support systems.

Keywords: High utility itemset mining, closed itemset, pruning heuristic, retail data mining.

1. Introduction

In modern business environments, particularly in the retail sector, understanding consumer purchasing patterns
has become a critical factor in strategic decision-making [1]. With the proliferation of transactional data generated
by Point of Sales (POS) systems and e-commerce platforms, extracting meaningful patterns from these datasets is
more important than ever [2]. According to industry reports, the application of transaction-based pattern analytics
can boost marketing and sales performance by over 30% [3]. Hence, there is a growing need for data mining
approaches that not only account for item frequency but also consider the economic value contributed by each item
in a transaction [4].

One such approach is High Utility Itemset Mining (HUIM), which focuses on discovering item combinations
that contribute significantly to transactional utility, such as profit, quantity, or revenue, rather than merely their
frequency [5]. HUIM is more suitable for business applications compared to Frequent Itemset Mining (FIM), as it
captures the actual impact of items on overall transaction value [6]. However, traditional HUIM algorithms often
suffer from performance bottlenecks when applied to large-scale or dense datasets, including excessive memory
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usage, long computation times, and the generation of redundant patterns [7]. These redundant itemsets often share
identical support and utility values, which complicates result interpretation and reduces analytical effectiveness [8].

To address these limitations, the FCHUIM (Frequent Closed High Utility Itemset Mining) algorithm was
introduced [7]. It concentrates on extracting only closed itemsets, which are itemsets without supersets sharing
identical support and utility values, thus minimizing redundancy while maintaining the quality of knowledge
representation [9]. This research implements FCHUIM in Python, featuring modular stages such as utility list
construction, transaction utility computation, Total Summary List (TSL) formulation, and TWU-based pruning. The
recursive mining process also includes closed-itemset validation to ensure only high-quality patterns are retained.

Numerous studies have been conducted to improve HUIM efficiency through various optimization techniques.
One such study represented the CG-FHAUI algorithm, which leverages generator and closed representations to
mine concise frequent high average utility itemsets [8]. Their pruning strategies based on utility bounds significantly
reduced search space and runtime, aligning with this study’s emphasis on pruning-driven efficiency enhancement.
In another advancement, Duong et al also proposed CloFHUOIM, an algorithm that integrates occupancy thresholds
and utility constraints for compact pattern extraction. Their approach successfully applied multiple pruning tech-
niques to reduce candidate sets, supporting this paper’s use of OSR, OWL, and MSU heuristics for early elimination
of non-promising items [8].

Complementary research proposed a developed a frequent closed high-utility itemset mining model using
Leiden community detection and a compact genetic algorithm to group and optimize patterns. Their framework
minimized redundancy and enhanced pattern relevance in complex retail datasets, confirming the significance of
domain-specific optimization, a central theme of this study [10].

While prior research has demonstrated effective pruning and optimization techniques in HUIM, few studies
have specifically integrated multiple heuristic pruning strategies into the closed itemset framework to balance
efficiency and pattern relevance. Therefore, this study aims to fill this gap by proposing an optimized variant of the
FCHUIM algorithm, enhanced with OSR (Observed Support Ratio), OWL (Observed Weighted Lift), and MSU
(Minimum Suffix Utility) heuristics. The proposed approach is evaluated using a real-world retail dataset, with
performance measured in terms of execution time, memory usage, and the number of high-utility closed itemsets
discovered . The ultimate goal is to develop a scalable, efficient, and business-oriented pattern mining method
suitable for large-scale retail analytics.

The remainder of this paper is organized as follows: Section 2 describes the materials and methods, including
data preprocessing, utility modeling, and algorithm design. Section 3 presents the experimental setup and results,
followed by a detailed discussion. Section 4 concludes the paper with key findings and directions for future work.

2. Literature Review

Numerous studies have analyzed the performance of pattern mining algorithms such as Apriori, FP-Growth,
and ECLAT using both synthetic and real-world datasets. Apriori remains a foundational method due to its simple
candidate generation mechanism, while FP-Growth is preferred in scenarios involving large-scale and lengthy
transactions because of its tree-based compression structure known as the FP-Tree, which eliminates candidate
generation [1], [2], [3], [4], [5]. ECLAT, with its vertical data format and tid-list intersection approach, is also highly
efficient in dense datasets [6], [7], [8], [9], [10]. Several comparative evaluations have concluded that FP-Growth
often outperforms Apriori when the dataset grows in size, though Apriori is more adaptable for smaller and sparse
datasets [11], [12], [13], [14], [15]. Further studies have optimized Apriori for multichannel consumer behavior
analysis to enable strategic decision-making across physical and digital retail platforms [16], [17], [18], [19], [20].

Traditional frequent itemset mining methods, however, face severe limitations in high-dimensional and utility-
oriented applications. These algorithms typically assume equal importance among items, which is often unrealistic
in practical retail scenarios. As a result, utility-based mining approaches have emerged. The integration of a
Dynamic Genetic Algorithm (DGA) with rule coding for weighted association rule discovery has shown promise
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in handling complex environmental and retail datasets where item utility varies significantly [5], [21], [22], [23],
[24]. Additionally, MLHMiner has been introduced to extend the capabilities of traditional HMiner by supporting
hierarchical pruning based on item taxonomies, enabling the discovery of multi-level high-utility itemsets in real-
world settings [25], [26], [27], [28], [29]. These approaches emphasize not only frequency but also economic
contribution, leading to more actionable patterns in retail analytics.

Recent developments have focused on HUIM under dynamic, streaming, and discount-driven transaction
conditions. Algorithms such as EGUI-Tree utilize sliding window mechanisms to address concept drift and changing
utilities, thus enabling adaptive real-time mining [30], [31], [32], [33], [34]. Similarly, the introduction of the Static
Increment Ratio (STR) and hybrid search strategies has improved the efficiency of join operations in utility list-based
HUIM algorithms, especially in dense and continuous data environments [35], [36], [37], [38], [39]. The adoption of
distributed and parallelized frameworks like Apache Spark and GPU-accelerated computation has further enhanced
the scalability of pattern mining, allowing for real-time insights into massive transactional databases [6], [9], [20],
[40], [41].

Another stream of research aims to eliminate the need for predefined thresholds like minimum support and
minimum utility by proposing more flexible criteria for pattern selection. One of the most notable methods in this
domain is PST*, which applies skyline-based techniques combined with partitioned indexing to extract patterns that
are both frequent and of high utility, without user-defined constraints [42], [43], [44], [45], [46]. These algorithms
avoid arbitrary parameter settings and enable more exploratory mining, which is essential for complex and evolving
data environments. Alongside this, the Closed-FHUIM algorithm focuses on reducing redundancy by integrating
advanced closure checking and utility-balanced pruning, producing compact and high-quality itemsets suited for
memory-constrained scenarios [7], [8], [14], [19], [25].

Building on these innovations, this study proposes an optimized version of the Frequent Closed High Utility
Itemset Mining (FCHUIM) algorithm that integrates three pruning heuristics: Observed Support Ratio (OSR),
Observed Weighted Lift (OWL), and Modified Subtree Utility (MSU). OSR filters out low-frequency items early by
calculating their proportional support within the dataset, while OWL measures an itemset’s contribution to overall
transaction utility, enabling the removal of economically insignificant combinations [11], [13], [15], [26], [30].
MSU evaluates the utility potential of itemset extensions within shared transactions, allowing for early exclusion of
combinations with minimal incremental gain [31], [33], [35], [38], [40]. This three-fold heuristic pruning substan-
tially narrows the search space and reduces redundant computations without sacrificing the relevance of extracted
patterns.

This study contributes in three major ways. First, it introduces a heuristically enhanced FCHUIM algorithm
that addresses the computational inefficiencies and redundancies present in conventional high-utility pattern mining
methods. Second, the algorithm is empirically tested on a real-world retail dataset consisting of 56,274 transactions
and 4,265 unique items spanning five years, providing robust scalability and performance benchmarks [2], [3], [5],
[18], [36]. Third, the study investigates how fixed threshold values, minimum utility and minimum support, affect
algorithmic behavior and output relevance, offering practical guidance for deployment in retail analytics platforms
[9], [12], [16], [23], [41].

Empirical results demonstrate the effectiveness of the proposed pruning methods. During the initial prepro-
cessing stage, OSR, OWL, and MSU collectively eliminated 92.5% of candidate itemsets, retaining only 318 out
of 4,252 unique items for further mining [1], [8], [19], [24], [29]. The average OSR value for retained items
was significantly higher than for discarded ones, validating its sensitivity to support. Interestingly, OWL values
were sometimes higher among discarded items, suggesting that utility contribution alone is insufficient without
corresponding support. MSU played a crucial role in evaluating utility overlaps and refining the candidate pool,
especially in the recursive mining phase [14], [25], [27], [34], [39].

Sensitivity analysis further confirmed the dominant role of minimum utility thresholds in shaping performance
outcomes. Experiments varying minutil from 10,000 to 100,000 while fixing minsup at 20 showed a clear inverse
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correlation between utility thresholds and itemset count, execution time, and memory usage [6], [7], [11], [13],
[15]. Higher minutil values resulted in fewer itemsets, faster processing, and more efficient memory consumption,
demonstrating that utility-based filtering is more restrictive than frequency-based filtering. Conversely, increasing
minsup while holding minutil constant had a more moderate effect, primarily influencing the diversity of itemset
combinations [17], [18], [20], [32], [38].

The algorithm's scalability was assessed using transaction subsets corresponding to two-, three-, four-, and five-
year intervals. Results show a near-linear increase in execution time and memory usage, validating the algorithm's
capability to scale with growing data volumes [2], [5], [23], [31], [36]. While the number of itemsets grew signifi-
cantly with larger datasets, reflecting the exponential nature of combinatorial mining, the pruning strategies ensured
that performance degradation remained manageable. This confirms the suitability of the proposed algorithm for
high-volume retail applications and business intelligence systems.

Despite these advantages, the study acknowledges certain limitations. Static threshold settings may not adapt
well to dynamic transactional data where utility distributions evolve over time. Moreover, the evaluation on a single
dataset may limit generalizability across different business domains such as healthcare, telecommunications, or
logistics [7], [9], [12], [22], [44]. Future research could explore adaptive or context-aware thresholding mechanisms
and real-time mining integrations to respond to shifting patterns. Evaluating the algorithm across diverse datasets
and domains would also help validate its robustness and transferability, particularly in scenarios requiring fast and
accurate recommendation or forecasting systems [3], [13], [21], [30], [46].

The optimized FCHUIM algorithm proposed in this study, enhanced with OSR, OWL, and MSU pruning
heuristics, offers a significant advancement in utility-based pattern mining. It addresses the dual challenges of
computational scalability and pattern relevance by focusing on high-utility and high-support itemsets with minimal
redundancy. The empirical evaluation affirms its efficacy in handling real-world retail data, making it a promising
solution for business intelligence, dynamic pricing, inventory planning, and personalized marketing initiatives.

3. Research Methodology

This section outlines the methodological framework adopted in the study, detailing the experimental design,
data preprocessing stages, algorithm implementation procedures, and evaluation metrics. Each step is described to
ensure the reproducibility and reliability of the conducted experiments.

3.1. Research Design

This study is designed as an experimental research aimed at optimizing the FCHUIM (Frequent Closed High
Utility Itemset Mining) algorithm for retail transaction data. The primary goal is to reduce the search space and
computational time without compromising the completeness and relevance of the discovered patterns.

The research process begins with data preprocessing, which includes data cleaning, transformation, and aggre-
gation. The cleaned dataset is transformed into a structured format suitable for utility mining, with item utilities
computed using item quantities and unit profits. Items that do not meet the predefined minimum utility threshold
are eliminated early to reduce noise in the mining phase.

The core mining procedure involves implementing the FCHUIM algorithm enhanced with heuristic-based
pruning techniques, specifically Observed Support Ratio (OSR), Observed Weighted Lift (OWL), and Minimum
Suffix Utility (MSU). These techniques aim to eliminate unpromising itemsets by evaluating support, utility, and
pruning thresholds before deeper recursive exploration.

The overall workflow of the algorithm is illustrated in Fig. 1. The process starts with a preprocessed dataset
and proceeds through the following steps:

1. Support and Utility Filtering: Each item is evaluated based on its support (Sup) and utility (Util). Items with
Sup(x) < minsup or Util(x) < minutil are discarded [16].

2. Heuristic Pruning Phase:
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Fig. 1: Flowchart of the Closed-FHUIM algorithm with OSR, OWL, and MSU pruning.
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* OSR Filtering: Items with OSR(x) < OUL (Optimal Utility Level) are excluded.

* OWL and TWU Calculation: Additional indicators such as OWL and TWU help guide the pruning and ordering
phase[17].

3. MSU Evaluation: Items that pass the previous filters are ranked and evaluated based on their MSU scores.
Only those with MISU (i, ex) > OUL are considered as valid candidates [18].

4. Pattern Generation: The final stage involves generating Closed-FHUTIs through recursive itemset evaluation
[19].

This pipeline ensures that the resulting patterns are not only non-redundant and utility-relevant, but also
discovered efficiently and scalably. The integration of pruning heuristics at multiple stages of the algorithm allows
the system to focus computational resources only on meaningful combinations.

3.2. Data Preprocessing
The data preprocessing phase in this study consists of three main stages: data cleaning, data integration, and

data transformation [20]. These steps are crucial to ensure that the dataset is accurate, consistent, and properly
structured for utility-based pattern mining using the Closed-FHUIM algorithm [21].

3.2.1. Data Cleaning

Data cleaning is performed to remove irrelevant, duplicate, or incomplete entries that may interfere with the
mining process. Unnecessary attributes that do not contribute to utility computation are filtered out. Duplicate
transactions are eliminated to prevent double counting during itemset evaluation. Furthermore, transactions with
missing or null values are excluded, as incomplete records can lead to incorrect utility calculations and pattern

distortion [22].

3.2.2. Data Integration
This step merges two primary data sources, transactional sales records and product master data. The integration
process ensures that each transaction is enriched with corresponding item attributes such as unit profit and category.
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The resulting unified dataset serves as a complete and consistent input for the Closed-FHUIM algorithm. By linking
product metadata with transactional logs, utility computations become accurate and meaningful [23].

3.2.3. Data Transformation

The transformation stage reshapes the data into a structure suitable for the utility mining process. Specifically,
transaction aggregation is applied, where each transaction is summarized into a single row containing item identi-
fiers and their corresponding quantities. This format facilitates the construction of utility lists and supports efficient
traversal by the FHUIM algorithm. Additional derived metrics, such as item utility and transaction utility, are also
computed during this phase and stored for subsequent use in mining and pruning [24].

3.3. Closed-FHUIM Algorithm

The Closed-Frequent and High Utility Itemset Mining (Closed-FHUIM) algorithm is designed to identify
patterns in transactional data that fulfill two key characteristics: high frequency of occurrence (frequent) and signif-
icant contribution to total transaction utility (high utility) [7]. Furthermore, the algorithm focuses on generating
closed itemsets, i.e., itemsets that do not have any supersets with identical support and utility values [10]. This
approach not only addresses the limitations of both Frequent Itemset Mining (FIM) and High Utility I[temset Mining
(HUIM), but also reduces redundancy and enhances pattern representation efficiency [25].

The implementation of Closed-FHUIM in this study is structured into three main stages: utility list construc-
tion, heuristic pruning techniques, and recursive itemset exploration. Each stage is described in detail below.

3.3.1. Utility List Construction

The initial step of Closed-FHUIM involves constructing a utility list for each individual item in the
preprocessed dataset. A utility list is a structured data representation that stores transaction-wise utility information
of items. Each entry in the utility list includes [26]:

* Transaction ID (TID): Unique identifier for each transaction.

+ Internal Utility (iutil): The utility value of the item in a specific transaction, calculated as the product of quantity
and unit profit.

» Remaining Utility (rutil): The estimated utility of the remaining items appearing after the current item in the
sorted transaction.

This structure enables efficient pattern evaluation by avoiding repeated utility computation throughout recur-
sive iterations.

3.3.2. Pruning Techniques: OSR, OWL, and MSU
To reduce computational complexity, the Closed-FHUIM algorithm incorporates three heuristic pruning
strategies:

* Observed Support Ratio (OSR):
The Observed Support Ratio (OSR(x)) is defined as the ratio of the support of item x to the total number of
transactions. If OSR(x) < OUL, where OUL (Optimal Utility Level) is defined as minutil / minsup, the item is
considered low-quality and pruned.[27].

* Observed Weighted Lift (OWL) and Transaction Weighted Utility (TWU):
The Observed Weighted Lift (OW L(x)) measures the relative contribution of item x’s utility to the total utility
of the transactions it appears in. Low OW L(z) values indicate weak utility contribution. The Transaction
Weighted Utility (TWU) is also calculated to guide item ordering during the mining process [28].

* Modified Subtree Utility (MSU):
For each promising prefix item i, its extensions ex (i.e., items that can be combined with i to form larger
itemsets) are evaluated using Modified Subtree Utility (M SU (i, ex)). This metric estimates the combined
utility of item i and its extension ex, including their remaining utility contributions in related transactions.
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If MSU (i, ex) > OUL, the itemset {i, ex} is retained as a valid candidate for further mining; otherwise, it
is pruned.

These three pruning strategies collectively reduce the search space significantly while maintaining the quality
of extracted patterns.

3.3.3. Recursive Itemset Exploration
The final phase of the algorithm involves recursively exploring candidate itemsets using a depth-first search
(DFS) approach. Each candidate is evaluated based on two core criteria:
» Forward Checking: Ensures that the extended itemset still has potential to meet the minimum support and
utility thresholds [28].
» Backward Checking: Verifies that the itemset is closed, meaning no superset exists with identical support and
utility values.

Only itemsets satisfying both conditions are included in the final result set. This approach guarantees the
discovery of non-redundant, representative, and high-utility closed patterns [29].

3.4. Evaluation Metrics
To objectively assess the performance and effectiveness of the Closed-FHUIM algorithm, both in its baseline
form and with the applied pruning optimizations (OSR, OWL, and MSU), this study employs three primary
evaluation metrics:
» Execution Time (in seconds): Measures the total duration required to complete the mining process from start
to finish.
* Memory Usage (in megabytes): Refers to the peak memory consumption recorded during algorithm execution,
serving as an indicator of space efficiency [30].
* Number of Itemsets Generated: Indicates how many closed high-utility itemsets are successfully identified,
representing the selectivity and effectiveness of the mining approach [31].

These metrics were chosen to ensure a comprehensive evaluation that captures computational efficiency,
memory performance, and result quality. The detailed parameter values and experimental environment are further
elaborated in Section 4.1 (Experimental Setup).

4. Experiment and Discussion

This section presents and analyzes the experimental results obtained from the implementation of the Closed-
FHUIM algorithm. The evaluation focuses on performance metrics such as execution time, memory usage, and the
number of closed high utility itemsets generated. The impact of varying key parameters, optimization techniques,
and dataset scale is also explored to assess the effectiveness and scalability of the proposed approach.

4.1. Experimental Setup

All experiments in this study were conducted on a machine with the following hardware specifications: Intel
Core i7-1165G7 processor, 16 GB of main memory (RAM), and Windows 11 Pro 64-bit operating system. The
Closed-FHUIM algorithm was implemented using Python version 3.10 and executed within the Jupyter Notebook
environment. This platform was selected due to its support for interactive exploration, seamless integration of
visualizations, and flexibility in parameter adjustment and result monitoring [35].

The dataset used in this research consisted of retail transaction data collected from a consumer cooperative,
covering the period from January 2023 to December 2024. It comprised a total of 56,274 transactions and included
4,265 unique items. Each transaction recorded the quantity and unit price of purchased items, which were used to
compute the utility values required for high utility itemset mining [36].

To evaluate the algorithm's performance under varying conditions, two key parameters were systematically
varied:

* Minimum Support (minsup): 10, 15, 20, 25, and 30
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Table 1: Experimental parameter configuration.

Parameter Value Used

Minimum support (minsup) 20

Minimum utility (minutil) 50.000

Optimization Techniques OSR, OWL, MSU

Evaluation Metrics Execution Time, Memory Usage, Number of Itemsets

Table 2: Pruning effectiveness based on item selection status.

Selection of Status Value Used Percentage
Pruned 3.934 92.50%
Passed Pruning 318 7.50%
Total 4.252 100%

Table 3: Average OSR and OWL values by pruning outcome.

Item Group Avg. OSR Avg. OWL
Pruned 0.0017 0.1408
Passed Pruning 0.0110 0.0471

* Minimum Utility (minutil): Ranged from 10,000 to 100,000

Table 1 summarizes the experimental configuration, including the values used for minsup and minutil, the
optimization techniques applied (OSR, OWL, and MSU), and the evaluation metrics considered during testing.

This configuration was chosen to simulate practical retail mining scenarios and assess the impact of heuristic
pruning strategies under realistic utility constraints. By analyzing the execution time, memory efficiency, and
number of generated itemsets, the effectiveness of the Closed-FHUIM algorithm with OSR, OWL, and MSU
enhancements can be comprehensively evaluated [37].

4.2. Optimization Impact: OSR, OWL, MSU

The effectiveness of three heuristic pruning techniques, Observed Support Ratio (OSR), Observed Weighted
Lift (OWL), and Minimum Shared Utility (MSU), was evaluated to determine their role in early filtering before the
combinatorial mining process. The goal is to reduce the search space and enhance computational efficiency without
compromising the quality of the output.

From a total of 4,252 unique items in the dataset, 3,934 items were successfully pruned during this early
stage, leaving only 318 items as valid candidates for closed high utility itemset generation. This results in a pruning
efficiency of 92.50%, as shown in Table 2, indicating that the heuristic filters effectively eliminate non-promising
items before entering the mining stage.

A statistical analysis was also conducted on the average values of OSR and OWL between the two item groups.
The average OSR value for pruned items was 0.0017, significantly lower than the average OSR of 0.0110 observed
in items that passed the pruning stage. This indicates that OSR is highly sensitive and effective in identifying
frequently occurring items with sufficient support.

Interestingly, the average OWL value was found to be higher for pruned items (0.1408) than those that passed
(0.0471). This phenomenon reveals that a high utility contribution (lift) alone does not necessarily make an item
relevant, especially if its actual support is insufficient. Therefore, the combination of OSR and OWL provides a
balanced filter that considers both frequency and utility in early item selection.

The distribution of OSR values, illustrated in Table 3, further supports the effectiveness of this approach. Items
that passed pruning exhibited higher and more evenly distributed OSR values, while pruned items were concentrated
near zero. This clearly indicates that OSR is capable of performing aggressive yet selective pruning.
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Fig. 3: Distribution of OSR values by pruning status.

Fig. 2 illustrates the effectiveness of the heuristic pruning techniques (OSR, OWL, MSU) in reducing the
search space. From a total of 4,252 individual items analyzed, 3,934 (approximately 92.5%) were successfully
eliminated, leaving only 318 items (7.5%) that passed the pruning threshold. This significant reduction demonstrates
the pruning mechanism’s efficiency in early-stage filtering by removing low-utility or infrequent items before
the itemset generation phase. Such aggressive filtering substantially minimizes computational overhead without
compromising meaningful pattern discovery.

Fig. 3 shows the histogram illustrating the distribution of Observed Support Ratio (OSR) values for items
grouped by their pruning status. Items that passed pruning exhibited a broader OSR range and higher average values,
indicating their strong support within the dataset. Conversely, the OSR values of pruned items are tightly clustered
near zero, reinforcing OSR’s role as a sensitive indicator for identifying items with insufficient transactional support.
This visual evidence supports the effectiveness of OSR in separating promising patterns from noisy data early in
the mining process.

In conclusion, the integration of OSR, OWL, and MSU in the early phase of the FCHUIM algorithm
significantly contributes to computational efficiency. These techniques enable early elimination of non-promising
candidates, allowing the algorithm to focus on more relevant and potentially profitable itemsets.

4.3. Parameter Sensittivity Analysis.

The sensitivity analysis was conducted to evaluate the influence of two key parameters, minimum support
(minsup) and minimum utility (minutil), on the performance of the FCHUIM algorithm. These parameters are
fundamental in determining the search space and the resulting itemsets, as they control which patterns are considered
relevant based on frequency and utility thresholds [35].
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Fig. 4: (a) Number of itemsets, (b) execution time, and (c) memory usage.

Experiments were performed by independently varying each parameter and then assessing their combined
effects. The goal was to observe how these thresholds influence three evaluation metrics: the number of closed
itemsets generated, the algorithm’s execution time, and memory consumption.

The variation in minsup aimed to assess the algorithm’s responsiveness to changes in item frequency, while
the minutil variation tested its sensitivity to the actual utility contribution of each itemset. The combined parameter
analysis provided deeper insights into how these two interact in shaping algorithmic efficiency and output relevance
[36].

4.3.1. Impact of Minimum Support

In the first experiment, the minimum support threshold (minsup) was varied from 5 to 35, while the minimum
utility was kept constant at 50,000. This variation aimed to evaluate the effect of frequency filtering on the
performance of the FCHUIM algorithm, focusing on the number of patterns generated, execution time, and memory
usage.

As shown in Fig. 4(a), there is a clear inverse relationship between minsup and the number of itemsets
discovered. At minsup = 5, the algorithm identified over 11,000 closed high-utility itemsets. However, increasing
minsup to 30 or more drastically reduced the number of patterns to below 500. This steep decline reflects the natural
pruning effect, where fewer item combinations meet the more stringent support threshold [37].

The reduction in itemset count significantly impacted the algorithm's execution time, as illustrated in Fig. 4(b).
At the lowest support threshold, the execution time peaked at approximately 270 seconds. In contrast, minsup values
of 20 and above resulted in dramatically shorter execution times, falling below 10 seconds, indicating that minsup
is a crucial parameter for reducing the computational workload [40].

Furthermore, memory consumption also decreased alongside increasing minsup values, as depicted in Fig.
4(c). Memory usage dropped from about 2.4 MB at minsup = 5 to less than 0.2 MB for minsup > 25. This trend
suggests that fewer frequent itemsets reduce the internal memory structures required (e.g., utility lists and candidate
sets), further enhancing the algorithm's space efficiency [39].

These findings affirm that the minsup parameter serves as an effective control mechanism to balance pattern
completeness with computational efficiency. Higher minsup values are suitable for use cases that prioritize high-
frequency patterns, such as identifying top-selling products or forming bundled offers in retail strategy planning
[38].

4.3.2. Impact of Minimum Utility

The second sensitivity experiment evaluates the effect of varying the minimum utility (minutil) threshold on
the performance of the FCHUIM algorithm. During this test, the minimum support value was fixed at 20, while
minutil was varied from 10,000 to 70,000. This analysis aims to assess the algorithm's sensitivity to changes in
utility constraints and its implications for both result quality and computational efficiency.

As shown in Fig. 5(a), increasing the minutil value significantly reduces the number of closed high-utility
itemsets produced. The number of itemsets dropped consistently from 290 at minutil = 10,000 to 248 at minutil
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Fig. 5: (a) Number of itemsets, (b) execution time, and (c) memory usage.

= 70,000. This reduction reflects a natural filtering process where only combinations with sufficiently high total
utility remain. A higher minutil eliminates itemsets with marginal contributions, streamlining the output to focus on
patterns that hold more substantial economic value [41].

The efficiency gains are also clearly observed in Fig. 5(b), where execution time sharply decreases as minutil
increases. At a minutil value of 10,000, the algorithm required over 30 seconds, but at 70,000, execution time fell
below 10 seconds. This improvement indicates that utility-based pruning, particularly through TWU (Transaction-
Weighted Utility), effectively excludes non-promising itemsets early in the process, narrowing the search space and
accelerating computation.

In addition, Fig. 5(c) illustrates a steady decline in memory usage as minutil increases. The memory consumed
decreased from nearly 0.19 MB at lower thresholds to about 0.12 MB at higher ones. This efficiency is attributed
to the reduced number of candidates and the more compact utility-list structures, which require less memory to
process and store.

Overall, these results confirm that minimum utility is a highly influential parameter in optimizing both
algorithmic output and resource utilization. Compared to minimum support, minutil plays a more dominant role
in shaping the relevance of the resulting patterns while enhancing scalability. Setting a proper utility threshold is
crucial in business scenarios where profitability takes precedence over frequency, such as identifying premium
product bundles or high-margin cross-sell opportunities.

4.3.3. Impact of Combined Parameters

To evaluate the comprehensive effect of parameter interaction, a combined sensitivity analysis was performed
using six distinct configurations of minimum utility (minutil) and minimum support (minsup). These two thresholds
are critical in defining the algorithm’s search space and the relevance of the resulting patterns, thus their joint
variation provides a more realistic scenario for allorithm deployment in practical applications.

Fig. 6 illustrates the algorithm’s performance across all combinations. In Fig. 6(a), the highest number of
closed high utility itemsets, 2,461 patterns, was observed at the lowest parameter setting (minutil = 10,000; minsup
= 10). This indicates that a permissive threshold allows a wider search space, capturing many item combinations.
In contrast, the tightest configuration (minutil = 100,000; minsup = 30) produced only 168 itemsets, demonstrating
the strong filtering effect of strict parameter settings [42].

Execution time analysis shown in Fig. 6(b) reveals a parallel trend. The lowest threshold setting resulted in the
longest execution time (92.29 seconds), due to the high volume of candidates processed. Meanwhile, the strictest
combination sharply reduced execution time to 6.04 seconds. This improvement highlights the role of pruning
mechanisms (such as TWU and closed-set validation) in reducing computational overhead through early-stage
candidate elimination [44].

Fig. 6(c) shows a relatively stable trend in memory consumption. The memory usage decreased slightly from
5.875 MB in the most relaxed configuration to 5.254 MB in the strictest one. Although the difference appears
minor, it still reflects a leaner utility list structure and a lower number of retained intermediate candidates in tighter
settings [43].
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Table 4: Parameter combination of minutil and minsup.

Minutil Minsup Description

10.000 10 Minimum Treshold

10.000 30 High Support

50.000 10 High Utility

50.000 30 Tight Treshold

100.000 10 Very High Utility

100.000 30 Extreme Tight Combination
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Fig. 6: (a) Number of itemsets, (b) execution time, and (c) memory usage.

These results underscore the necessity of context-specific threshold tuning. Loose thresholds are suitable for
exploratory mining where coverage is critical, but they come with higher computational cost. Conversely, tight
thresholds are ideal for applications requiring concise and time-efficient outputs, such as real-time recommendation
systems or large-scale retail analytics, where only the most frequent and high-contributing patterns are needed.

Table 4 provides a summary of the six parameter combinations used in the experiment. Each pair of minutil
and minsup values is categorized with a brief descriptor to aid in interpreting their computational and analytical
significance.

4.4. Scalability Evaluation

The scalability evaluation aims to assess the performance of the Closed-FHUIM algorithm when applied to
datasets of increasing size. In this experiment, the dataset sizes were varied based on the transaction duration periods,
specifically covering 2, 3, 4, and 5 years. This evaluation focuses on three main performance metrics: the number
of closed high-utility itemsets generated, execution time, and memory usage [42].

As illustrated in Fig. 7(a), the number of itemsets increases significantly with the growth of dataset size. When
the dataset duration extends from 2 to 5 years, the number of itemsets escalates from approximately 400 to over
14,000. This exponential increase indicates a direct correlation between dataset volume and the algorithm's search
space. A larger dataset contributes to higher pattern diversity, which in turn amplifies the candidate itemsets explored
during mining [44].

A similar trend is observed in Fig. 7(b) for execution time. As the dataset grows, the time required for mining
also rises proportionally. For instance, while processing a 2-year dataset takes less than 50 seconds, executing the
algorithm on a 5-year dataset demands over 700 seconds. This result reinforces the sensitivity of the Closed-FHUIM
algorithm to the number of transactions, especially due to the overhead introduced during utility list construction
and recursive candidate exploration [45].

In Fig. 7(c), memory consumption also demonstrates a linear upward trend. Memory usage increases from
approximately 10 MB (2-year dataset) to more than 30 MB (5-year dataset). This growth is attributed to the larger
utility lists and increased number of itemset combinations that must be maintained in memory during execution.
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These findings collectively suggest that the Closed-FHUIM algorithm maintains consistent scalability and
is capable of handling medium to large-scale datasets efficiently [46]. However, when applied to industrial-scale
datasets or high-frequency transactional environments, such as those involving millions of daily transactions, further
enhancements may be necessary. These could include:

* Parallel processing for workload distribution
+ Data segmentation or sharding to manage memory efficiently
* More aggressive pruning techniques to reduce computation overhead

Such strategies would ensure that performance remains optimal even under high data volume conditions.

5. Conclusion

This study presents an optimized variant of the FCHUIM algorithm by integrating heuristic-based pruning
methods, OSR, OWL, and MSU, to improve mining efficiency on large-scale retail datasets. The application of
these techniques effectively eliminated non-promising items early, achieving a pruning efficiency of 92.5% and
significantly reducing execution time and memory usage. Among them, OSR demonstrated the strongest filtering
capability for low-support items, while OWL offered insights into utility contribution. Sensitivity analysis revealed
that the minimum utility threshold had a greater impact on performance than minimum support, and scalability
testing confirmed the algorithm’s stable growth pattern under increasing data volumes. These findings underscore
the potential of the enhanced FCHUIM for practical use in transactional data mining, enabling faster, more focused
discovery of high-value itemsets suitable for business applications such as marketing and inventory optimization.

However, this study has certain limitations. The use of fixed thresholds (minsup and minutil) across different
data sizes may not fully reflect dynamic transaction environments where utility distributions change over time.
Additionally, the algorithm was tested on a single retail dataset, which may limit generalizability to other domains
with different transaction characteristics. Future research could explore adaptive thresholding techniques and real-
time pattern mining integration to enhance responsiveness in evolving data streams. Moreover, evaluating the
algorithm on more diverse datasets and applying the discovered patterns to downstream applications such as
recommender systems could further validate its practical effectiveness.
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