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Abstract 

This paper proposes a novel approach to accelerate association rule mining using the Reptile Search 

Algorithm (RSA) in conjunction with GPU-based parallel processing. Traditional association rule 

mining techniques can be computationally expensive, especially with large datasets. By utilizing the 

inherent parallelism of Graphics Processing Units (GPUs), we significantly speed up the fitness 

evaluation process, a core component of the Reptile Search Algorithm. Our results show a marked 

improvement in the performance of RSA on large datasets, making it feasible for real-time or large-

scale applications such as market basket analysis, healthcare for drug interaction analysis, and web 

usage mining. We also analyze the impact of various GPU optimizations and present a comparison with 

CPU-based execution. 

. 
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1 Introduction  

 

Association Rule Mining (ARM) consists of extracting useful correlations among items in large 

transactional databases. It is one of the most important tasks in supervised learning. It is used in many 

fields, including market basket analysis, healthcare for drug interaction analysis, web usage mining, and 

more. The two most widely used algorithms for ARM are Apriori. [1] and FP-Growth [2]. These are 

exact algorithms that generate frequent itemsets from which association rules are built. However, 

generating frequent item sets is an NP-hard problem, making it time-consuming, especially as the size 

of the dataset grows. Consequently, many metaheuristic algorithms have been proposed in the literature 

to extract association rules more efficiently. Examples include bee swarm optimization for ARM (BSO) 

[3], particle swarm optimization (PSO) [4], ant colony optimization (ACO) [5], and Reptile search 

algorithm [6]. 

The Reptile Search Algorithm (RSA) is a bio-inspired optimization technique that simulates the hunting 

and adaptive behavior of reptiles. RSA has been successfully applied to a variety of NP-complete 

problems across fields such as engineering, finance, and logistics due to its ability to balance exploration 

and exploitation in search spaces. RSA has been explored in the context of ARM by Abderrahim et 

al.[7] .Applying RSA-ARM (Reptile Search Algorithm for Association Rules Mining) offers a 

promising new direction for optimizing rule-mining processes. However, the computational complexity 

involved in using RSA-ARM on large datasets necessitates innovative approaches.  
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Association rule mining, especially when combined with metaheuristic algorithms like RSA, is 

computationally expensive due to the large number of candidate rules that must be evaluated in each 

iteration of the algorithm. Traditional CPU implementations need help to scale effectively with the 

increasing size of datasets, especially for ARM tasks combined with complex optimization algorithms 

like RSA-ARM.[8]. This is due to the inherently sequential nature of CPU computation, which limits 

parallelism and slows down the process as the dataset grows.[9]. On the other hand, Graphics Processing 

Units (GPUs)[10], designed for high-throughput parallel computation, provide a promising solution to 

accelerate the fitness evaluation process by evaluating multiple rules in parallel. Graphics Processing 

Units (GPUs) offer a powerful solution due to their ability to handle massive parallelism, allowing 

multiple calculations to occur simultaneously. This makes GPUs well-suited for the high-dimensional 

computations required by ARM, offering a scalable solution that significantly reduces execution time 

compared to CPUs. 

GPUs have been widely adopted in various computationally intensive tasks, such as deep learning and 

high-performance computing, due to their ability to perform parallel operations across thousands of 

cores. Recent studies have demonstrated the significant speedups that can be achieved by parallelizing 

frequent pattern mining and ARM algorithms on GPUs [11]. To address the computational challenges 

posed by large datasets, we propose a novel approach that integrates the Reptile Search Algorithm for 

ARM (RSA-ARM) with GPU parallelism to accelerate computations. In our work, we focus on 

parallelizing the fitness evaluation function of  RSA-ARM, which is the most computationally expensive 

part of the algorithm. By offloading the fitness evaluation to the GPU using Nvidia CUDA(Compute 

Unified Device Architecture)[12], we can evaluate multiple candidate rules simultaneously, 

significantly reducing the time required to mine association rules. 

This paper presents the following contributions: 

 We present the first implementation of the Reptile Search Algorithm (RSA) for Association 

Rule Mining (ARM) in GPUs.  

 By leveraging the parallel architecture of GPUs, we significantly speed up the fitness evaluation 

process, enabling RSA to scale to larger datasets. 

 We evaluate the performance of the proposed approach on both GPU and CPU, highlighting the 

speedup achieved through GPU parallelism and analyzing the scalability of the algorithm across 

different datasets. 

The structure of this paper is as follows: Section 2 provides a review of related work on association rule 

mining, RSA, and parallel GPU computing. Section 3 outlines the methodology, including the 

integration of RSA-ARM with GPU-based parallelism. Section 4 proposes the parallel approach 

employed in this study. Section 5 presents the performance evaluation of experimental results and 

compares the efficiencies of CPU and GPU implementations. Finally, Section 6 concludes the paper and 

discusses potential directions for future research. 

2 Related Work 

2.1 Sequential ARM Algorithms: 

Association Rule Mining (ARM) has long been studied using sequential algorithms, most notably exact 

approaches such as Apriori, FP-Growth, DIC, and DHP. These algorithms are highly effective for small 

to medium-sized datasets but are limited when dealing with large datasets due to their time and space 

complexity. Apriori, for example, involves multiple passes over the dataset to generate candidate 

itemsets, making it prohibitively time-consuming for larger datasets. Similarly, FP-Growth, which 
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compresses the dataset into a compact tree structure, suffers from significant memory overhead when 

handling large-scale data. 

To address these limitations, researchers have explored metaheuristic-based approaches for ARM. 

Algorithms like Genetic Algorithms for Association Rules (GAR)[13], Particle Swarm Optimization for 

ARM (PSO-ARM)[14], and Bees Swarm Optimization for ARM (BSO-ARM)[15] Have demonstrated 

improved performance for large datasets, balancing solution quality and execution time. These methods 

aim to navigate the vast solution space more efficiently but encounter difficulties with extremely large 

datasets, such as the WebDocs benchmark, which contains over 1.5 million transactions.  

2.2 Algorithms For Parallel Processing: 

With the increasing size of datasets, parallelization has become a critical solution for enhancing the 

performance of ARM algorithms. Early attempts at parallelizing ARM focused on exact methods like 

Apriori. [16]Agrawal and Shafer introduced parallel Apriori algorithms using strategies like count 

distribution (CD) and data distribution (DD), where the workload is divided among several processors. 

Extensions of these methods, such as the Intelligent Data Distribution (IDD) and Hybrid Distribution 

(HD) models, sought to optimize communication between processors.[17]. However, the limitations of 

the underlying hardware still bound these approaches. 

FP growth has also been parallelized to improve performance on large datasets.[18]. Algorithms such 

as Multiple Local Frequent Pattern Trees (MLFPT) and distributed FP-Growth achieved some success 

by distributing the workload across multiple processors and merging local results.[19]. However, the 

frequent itemset mining task, even when parallelized, remained challenging for large datasets due to the 

memory requirements of storing FP trees and the computational complexity of pattern discovery. 

In addition to exact approaches, parallel metaheuristic algorithms have been developed. Melab et al.[20] 

They introduced a parallel genetic algorithm for ARM called PGARM, using a master-slave 

architecture. However, this approach required replicating the entire database on each processor, leading 

to significant memory usage and potential inefficiency when dealing with very large datasets. Similarly, 

Mishra et al. [21] IPMOGA divided the search space into regions and assigned them to different 

processors. However, partitioning the search space efficiently remains a challenge. 

In parallel and distributed association rule mining in life science: A novel parallel algorithm to mine 

genomics data. This paper introduces BPARES (Balanced Parallel Association Rule Extractor from 

SNPs)[22], a novel algorithm designed to improve the performance of Association Rule Mining (ARM) 

on biological datasets, particularly those containing Single Nucleotide Polymorphisms (SNPs). 

Traditional ARM algorithms face significant challenges with execution time, even on small datasets. 

BPARES leverages parallel computing and a new balancing strategy to optimize response time, 

efficiently utilizing computational power and reducing memory consumption while maintaining 

accuracy. The paper also includes a comparison of various sequential, parallel, and distributed ARM 

techniques. 

2.3 GPU resources for parallel processing 

With the rise of GPU computing, ARM algorithms have been significantly accelerated by leveraging 

the massive parallelism that GPUs offer. Wenbin et al. introduced two parallel versions of Apriori for 

GPU architectures: Pure Bitmap Implementation (PBI) and Trie Bitmap Implementation (TBI) [23] . 

These implementations transformed datasets into bitmap structures to optimize memory usage and 

parallelism, achieving speedups of 10x to 15x in their experiments. Syed et al. further improved GPU-

based Apriori by implementing a two-step process that first computes itemset support on the GPU before 

transferring the results back to the CPU for rule generation. This approach showed a 20x speedup but 

was limited by the cost of CPU-GPU communication. Other GPU-based implementations, such as the 
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GPApriori algorithm [24], used compact data structures to accelerate item set counting and reduce 

memory usage, achieving up to 100x speedups on small datasets. However, as the number of transactions 

increases, the performance benefits diminish due to thread divergence and memory bottlenecks. 

Parallel metaheuristic algorithms have also benefited from GPU acceleration. Cano et al.[25] They 

proposed a GPU-accelerated evolutionary algorithm for ARM, parallelizing the fitness evaluation step 

to allow multiple rules to be evaluated simultaneously on the GPU. This approach reduced computation 

time, but the number of rules that could be evaluated in parallel was limited by the GPU’s memory 

capacity. Strategies to overcome these limitations, such as using multiple GPUs or more efficient 

memory management techniques, have shown promise in recent research. 

Recent works have focused on optimizing the performance of ARM algorithms on GPUs by addressing 

the memory and communication bottlenecks inherent in large-scale data mining. For instance, Jiayi et 

al.[26] They introduced the Mempack strategy for compressing itemsets and reducing memory fetching 

operations during ARM on GPUs. While this approach showed speedups of up to 15x, it was limited by 

the complexity of the data structures involved. Other approaches have explored clustering techniques, 

such as the probabilistic frequent itemset mining approach.[27], which partitioned the dataset across 

GPU clusters. However, load balancing between nodes remained a challenge, impacting overall 

performance. 

The introduction of swarm intelligence algorithms, such as Ant Colony Optimization (ACO) and 

Particle Swarm Optimization (PSO), has also been adapted for GPU architectures. These algorithms 

exploit the multi-threading capabilities of GPUs, allowing large numbers of swarm agents to explore the 

solution space concurrently. Weiss et al. implemented ANtMinerGPU.[28], an ACO algorithm where 

each ant is mapped to a GPU thread, demonstrating that larger swarms significantly improved solution 

quality. Similarly, Zhou et al.[29] We have developed a fully GPU-implemented PSO algorithm, where 

each dimension of the fitness function is evaluated in parallel, showing that the size of the swarm plays 

a crucial role in the parallel efficiency of the algorithmS. In the work by Cecilia et al.[30], they applied 

this hierarchical approach to solving the Traveling Salesman Problem (TSP) using a GPU-based ACO 

algorithm. In this setup, two categories of artificial ants were defined: queen ants and worker ants. The 

queen ants are associated with CUDA thread blocks, and the worker ants are individual CUDA threads 

that assist the queen ants in making decisions during the tour construction step of the algorithm. This 

collaboration between queen ants and worker ants helps accelerate the decision-making process, 

especially in selecting the next city to visit in the TSP. By using this strategy, the algorithm achieves 

better GPU resource utilization without requiring an excessively large swarm, which is beneficial for 

improving both performance and efficiency. 

This hierarchical organization contrasts with the flat implementations, like those used in ANtMinerGPU

, where each thread is assigned a single agent, potentially leading to under-utilization of the GPU’s 

computational power if the swarm size is not large enough. By organizing threads hierarchically, the 

computational load is more evenly distributed, resulting in higher GPU occupancy and faster execution, 

particularly for complex tasks like ACO. 

In [31], in parallel Association rule mining using GPUs and Bees behaviors, the authors propose a 

parallel GPU-based extension of the Bees Swarm Optimization algorithm for Association Rule Mining. 

While the CPU handles the solution generation and search processes, the evaluation of solutions is 

parallelized on the GPU to take advantage of its massive threading capabilities. The experimental results 

demonstrate that this parallel approach significantly outperforms the sequential version in terms of 

efficiency and execution time, showcasing the potential of GPU-based optimization in ARM. 

In GPU-based Bees Swarm Optimization for Association Rules Mining[32], the paper introduces two 

GPU-based Bees Swarm Optimization algorithms for Association Rule Mining: SE-GPU and ME-GPU. 

SE-GPU evaluates one rule at a time, assigning each thread to a transaction, while ME-GPU evaluates 

multiple rules concurrently, with each thread handling several transactions. These approaches leverage 
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the parallel processing power of GPUs to address the computational challenges posed by large datasets, 

such as the WebDocs benchmark. Experiments conducted on an Intel Xeon processor coupled with an 

Nvidia Tesla GPU demonstrate up to 100× speed improvement compared to sequential versions. 

Additionally, the GPU-based algorithms outperformed multi-core CPU versions, proving more efficient 

across various core counts. This study highlights the significant advantages of GPU-based parallelism 

for large-scale ARM. 

In 2020[33], researchers introduced two parallel Genetic Algorithms for ARM: ARM-GPU and ARM-

CPU/GPU. ARM-GPU accelerates fitness evaluation using GPU parallelism, while ARM-CPU/GPU 

applies a two-level parallelism where CPU cores evolve sub-populations and offload fitness 

computation to the GPU. These methods significantly outperform traditional exact algorithms (Apriori, 

FP-Growth) and other parallel approaches (SE-GPU, ME-GPU) in terms of execution time, especially 

for large datasets. This demonstrates the effectiveness of combining CPU and GPU parallelism to handle 

the computational demands of large-scale ARM tasks. 

In [34], the work introduced NRFP-Growth, a non-recursive version of FP-Growth, and GPFP-Growth, 

a parallel GPU-based variant. NRFP-Growth reduces time and space complexity by using FP-array and 

ItemPoss-map structures, while GPFP-Growth leverages GPU parallelism to accelerate frequent itemset 

mining. Tests on various datasets showed that NRFP-Growth improved performance over the classical 

FP-Growth, and GPFP-Growth provided significant speedups and scalability, making it suitable for 

large datasets. 

Despite these advances, several challenges remain. Memory limitations on GPUs continue to constrain 

the size of datasets that can be processed efficiently. Additionally, the overhead of frequent data transfers 

between the CPU and GPU limits the potential speedups in some applications . Researchers are now 

investigating strategies to minimize these communication costs, such as by performing most 

computations on the GPU and reducing the need for CPU intervention. 

3 Reptile Search Algorithm for ARM 

The Reptile Search Algorithm (RSA) was introduced by Abualigah et al. in 2022 as a novel 

metaheuristic inspired by the hunting strategies of reptiles, particularly their encircling and cooperation 

behaviors. RSA has shown remarkable success in solving various NP-complete optimization problems, 

ranging from energy optimization to image processing. 

Recently, RSA was applied to ARM by Boukhalat et al. in their work titled "Reptile Search Algorithm 

for Association Rule Mining."[7]. Their approach demonstrated that RSA could outperform traditional 

metaheuristics, such as BSO and genetic algorithms, in terms of rule quality, execution time, and 

memory efficiency. This application of RSA to ARM introduced a novel way to address the 

computational complexity of mining association rules from large datasets. 

In the context of ARM, RSA is used to find the optimal association rules by evaluating candidate rules 

based on two key metrics: 

 Support: The support of an association rule X → Y is determined by the frequency of 

occurrence of a rule's antecedent and consequent in the dataset, as shown in Eq (1). 

 

 Confidence: The confidence (Conf) for the rule X → Y, as outlined in Eq. (2), The likelihood 

that the consequent of the rule occurs given the antecedent. 

108



The Sixth International Symposium on Informatics and Its Applications (ISIA)  

December 10-11, 2024 - Msila, Algeria 

 

 

 

The core components of RSA in ARM are: 

 Rule Representation: Each rule is represented as a candidate solution in RSA. The rule's 

antecedent and consequent form the search space, which RSA explores. 

 Fitness Function: The fitness of each rule is evaluated based on the support and confidence 

metrics as in Eq (3). The goal is to maximize both metrics to generate high-quality association 

rules. 

 

4  Proposed parallel approaches 

4.1 Motivation for GPU-Accelerated RSA-ARM 

Despite the success of metaheuristic algorithms like our previous RSA-ARM, as shown in Algorithm 

1[7], the scalability of these algorithms remains a challenge, particularly when applied to large 

datasets. To address this, researchers have turned to parallel computing, utilizing multi-core CPUs and 

GPUs to reduce execution times. Graphics Processing Units (GPUs), with their high degree of 

parallelism, are particularly well-suited for tasks that involve repetitive computations, such as the 

evaluation of candidate rules in ARM. 

Several studies have demonstrated the effectiveness of using GPUs to parallelize ARM algorithms. 

For instance, Djenouri et al. proposed a GPU-based implementation of BSO-ARM, which showed 

significant performance improvements over CPU-based implementations. Similarly, Syed and Qamar 

[35]  demonstrated the effectiveness of parallelizing the Apriori algorithm using CUDA to achieve 

substantial speedups in support counting. However, no previous work has applied GPU parallelism to 

RSA for ARM, leaving an important gap in the literature for further performance optimization. 

The fitness function in RSA-ARM, which evaluates the quality of association rules based on support 

and confidence, is computationally expensive. With larger datasets, the iterative nature of RSA further 

increases the complexity, making it difficult to achieve real-time performance using traditional CPU-

based implementations. Therefore, by offloading this computationally intensive part of the algorithm to 

a GPU, the evaluation of candidate rules can be parallelized, resulting in a significant reduction in 

execution time. 

Our work seeks to address this gap by implementing RSA-ARM on GPUs, parallelizing the evaluation 

of candidate rules and fitness functions to enhance scalability and performance on large datasets. 

4.2 Parallelizing RSA-ARM Using the Master-Slave Paradigm 

Parallelizing the RSA-ARM algorithm is based on the Master-Slave paradigm, also known as Master-

Worker or Manager-Worker.[36]. This is a common parallel computing design pattern used in 

distributed systems to divide computational tasks across processors effectively. In this strategy, the CPU 

acts as the master, while the GPU functions as the slave. 
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The Master (CPU) coordinates the entire computational process, managing the generation of candidate 

solutions (rules represented by reptiles), distributing computationally intensive tasks (like fitness 

evaluations) to the GPU, and updating global information such as the best fitness or solution based on 

results received from the GPU. The Slaves (GPU) handle the execution of these computationally 

intensive tasks, distributing the workload across thousands of GPU cores. Each core performs 

computations in parallel, significantly speeding up the overall process. 

4.3  Implementation in RSA-ARM 

The CPU(Master) generates candidate solutions represented as reptiles in RSA-ARM. It manages the 

iterative flow of the algorithm, offloading computationally heavy parts (like fitness evaluation) to the 

GPU for parallel execution. Once results are received from the GPU, the CPU updates global 

information, such as the best fitness or solution found so far. 

The GPU(Slave) performs the actual computations, including evaluating the support and confidence of 

candidate rules. The computational workload is distributed across the thousands of GPU cores, ensuring 

efficient parallel execution. In RSA-ARM, tasks such as fitness function evaluation and rule updates 

(high walking, belly walking, and hunting cooperation) are executed concurrently by the GPU cores. 

As shown in Figure 1, the CPU (master) generates candidate solutions (rules represented by reptiles) 

and manages the iterative flow of the algorithm. It sends computationally expensive parts, such as fitness 

evaluations, to the GPU (slave) for parallel execution. After receiving results from the GPU, the CPU 

updates global information, such as the best fitness or solution. The GPU (slave) distributes the 

computational workload across its cores, performing calculations in parallel to optimize performance. 

 
  

Figure 1. Master/Slave paradigm 

4.4 Parallel Fitness Evaluation on GPU 

Algorithm 2 shows that the fitness function evaluation is parallelized using the GPU to enhance the 

computational efficiency of RSA-ARM. At the start of the computation, the transaction data is 

transferred to the GPU memory to minimize overhead. This data remains in GPU memory throughout 

the process, ensuring minimal data transfer between the CPU and GPU. The dataset is split among 

multiple GPU threads, with each thread processing a portion of the dataset to calculate the support and 

confidence for different candidate rules. Each thread runs the fitnessKernel (Algorithm 3), which 
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computes support and confidence for a candidate rule, and the results are aggregated across threads, 

enabling faster fitness evaluations compared to a serial CPU implementation. The GPU's parallelization 

distributes fitness calculations across thousands of cores, significantly reducing execution time 

compared to CPU-only implementations. 

4.5 Parallel Reptile Movements on GPU 

In RSA-ARM, reptiles explore and exploit the search space using specific strategies like high walking, 

belly walking, and hunting cooperation. These strategies involve updating candidate solutions (rules) 

during each iteration. The movement strategies of RSA are parallelized by assigning each GPU thread 

to a reptile agent, ensuring that rule updates are performed concurrently. A separate CUDA kernel is 

designed to handle these reptile movements, with each thread applying the rule update logic in parallel, 

making the algorithm more scalable and efficient. In RSA-ARM, parallelization of rule updates ensures 

that computationally intensive parts of the algorithm are efficiently handled by the GPU, allowing 

concurrent updates of multiple candidate solutions. 

  
Figure 2. RSA-ARM[7]  
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Figure 3. Parallel RSA-ARM Algorithm 
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Figure 4. Fitness calculation for parallel RSA-ARM 
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5 Performance Evaluation 

In this section, we first evaluate the performance of the proposed Parallel RSA-ARM using GPUs 

against the original CPU-based RSA-ARM. In the second part, we will make comparisons with state-

of-the-art GPU-accelerated ARM algorithms, such as Multiple Evaluation GPU-based BSO. The 

comparison was conducted using the same datasets to ensure a fair and accurate evaluation. 

5.1  Experimental Setup 

Table 1 shows hardware specifications and software framework environment. The experiments were 

conducted on a system configured as follows: 

Table 1: Hardware specifications and software framework environment 

Category Specification 

Hardware 

Specifications 

CPU: Intel Core i7 

Cores/Threads: 8 cores, 8 threads 

1. RAM: 16 GB DDR4 

GPU: NVIDIA GeForce RTX 2070, 8 GB 

Software 

Frameworks 

CUDA Toolkit 11.4: Libraries and tools for parallel 

execution on NVIDIA GPUs. 

JCuda Library: Java binding for CUDA enabling 

Java applications to interact with CUDA. 

Java Development Kit (JDK) 11: For 

implementing RSA-ARM algorithm (both CPU and 

GPU versions). 

5.2 Datasets and Performance Metrics 

The evaluation uses the same benchmark datasets from the original CPU-based RSA-ARM experiments. 

The datasets represent varying sizes and complexities, allowing us to measure performance across small, 

medium, and large datasets. To compare the CPU-based and GPU-based RSA-ARM implementations, 

metrics such as Execution Time, Speedup Ratio, which is the ratio of execution times between the CPU 

and GPU implementations, and scalability are considered.  

5.3  Results 

The execution times and Speedup Ratio of the CPU-based RSA-ARM, Parallel RSA-ARM ME-GPU-

BSO for each dataset are presented in Table 2  

Table 2: CPU-based RSA-ARM vs Parallel RSA-ARM vs ME-GPU-BSO 

Dataset Transactions Item Size 

CPU-based 

RSA-ARM 

Time (s) 

GPU-based 

RSA-ARM 

Time (s) 

ME-GPU-

BSO Time 

(s) 

Speed

up 

Ratio 

Basketball 96 5 0.17 0.04 0.69 4.25 

IBM Quest 1,000 20 0.13 0.03 1.73 4.33 

Quake 2,178 4 0.10 0.02 1.38 5.00 

Chess 3,196 75 0.30 0.08 16.38 3.75 

Mushroom 8,124 119 1.42 0.35 25.86 4.06 

BMS-Web-1 59,602 497 40.78 8.5 106 3.88 

BMS-POS 515,597 1,657 1,185 125 2166 9.48 

WebDocs 1,692,082 526,765 Blocked 1,500 6202 / 
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5.4 Discussion 

5.4.1 Comparing with CPU-based RSA-ARM 

The Parallel GPU-based RSA-ARM consistently outperforms the original CPU-based RSA-ARM 

across all datasets, demonstrating clear performance improvements due to parallelization. The speedup 

ratios range from 3.75x to 5.00x, which aligns with common speedup trends in GPU-accelerated data 

mining tasks. This indicates that the algorithm is effectively leveraging the parallel architecture of the 

GPU. The results validate the potential of parallel computing to handle the computational bottlenecks 

in RSA-ARM, especially in evaluating the fitness function across large datasets. For smaller datasets 

like Basketball, IBM Quest, and Quake, the GPU implementation achieves speedup ratios of around 4x 

to 5x. For medium-sized datasets like Chess and Mushroom, the speedup ratios are slightly lower, 

around 3.75x to 4.06x. 

For medium-sized datasets like Chess and Mushroom, the speedup ratios are slightly lower, around 

3.75x to 4.06x. This is due to increased memory overhead and more complex rule mining, which requires 

more GPU resources but still maintains significant speedup compared to the CPU. In large datasets like 

BMS-Web-1 and BMS-POS, the GPU-based RSA-ARM achieves speedup ratios of approximately 

9.48x, which reflects the ability of the GPU to manage larger transaction volumes and item sizes through 

efficient parallel computation. 

The execution time for BMS-POS is reduced from 1185 seconds on the CPU to 125 seconds on the 

GPU, demonstrating a substantial reduction in mining time. The CPU-based implementation could not 

process the WebDocs dataset due to memory limitations, but it was feasible on the GPU within 1,500 

seconds. This shows that parallelization not only accelerates computation but also enables the processing 

of previously intractable datasets. 

The results demonstrate the scalability of the GPU-based RSA-ARM, as it maintains consistent speedup 

ratios across datasets of varying sizes. However, there is a slight reduction in speedup for larger datasets 

due to Handling larger transaction data and frequent itemsets, which can lead to more memory access 

delays, impacting speedup, and transferring data between CPU and GPU can add overhead, especially 

for extremely large datasets. Despite these limitations, the Parallel RSA-ARM shows strong potential to 

efficiently mine association rules even in complex, large-scale datasets. 

5.4.2 Comparing with other GPU-accelerated approaches 

GPU-RSA-ARM is extremely fast for small datasets; ME-GPU-BSO lags significantly, with 

runtimes 17–69 times slower than GPU-RSA-ARM. As the dataset size increases, GPU-RSA-

ARM maintains its performance with minimal increases in runtime. ME-GPU-BSO slows 

down significantly, with runtimes 74–204 times slower, demonstrating poor scalability 

compared to GPU-RSA-ARM. 

GPU-RSA-ARM scales efficiently to large datasets, maintaining reasonable runtimes even for 

extremely complex datasets like WebDocs. ME-GPU-BSO, while feasible, becomes 4–17 

times slower, with runtimes that are impractical for real-time or large-scale applications. 
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6 Conclusion 

The results strongly support the use of GPU-based parallelization for RSA-ARM, showing significant 

performance gains across all dataset sizes. The approach not only accelerates mining but also extends 

the feasibility of processing larger datasets that are beyond the capacity of traditional CPU-based 

implementations. This work demonstrates that parallel computing is a promising strategy for enhancing 

the speed and scalability of association rule mining, making it more applicable to big data scenarios. 

These findings illustrate the effectiveness of the Parallel RSA-ARM and highlight its advantages in 

terms of speed, scalability, and handling of complex datasets. 
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