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Background: Many studies have compared the Apriori, FP-Growth, and ECLAT 
algorithms. Most of the previous literature focuses on runtime evaluation 
(execution speed) on homogeneous datasets. Research specifically mapping the 
visualization of memory curves against the level of data sparsity on common e-
commerce heterogeneous. 
Aims: This study aims to analyze the relationship between sparsity and memory 
usage of three classic Association Rule Mining algorithms such as Apriori, FP-
Growth and ECLAT using a heterogeneous e-commerce dataset. 
Method: A quantitative approach using Association Rule Mining was applied to 
different raw datasets from 721 to 30000 transactions. Transactions focused on 
various item types. The Apriori, FP-Growth, and ECLAT algorithms are 
implemented in Python, using grid search for minimum support and confidence 
adjustment to generate frequent item sets and association rules for performance 
comparison. 
Result: The results show that the relationship between sparsity and memory 
usage differs significantly in the three classical association rule mining 
algorithms. The ECLAT algorithm shows low memory consumption because it 
uses a vertical TID-list, while the Apriori and FP-Growth algorithms show high 
memory consumption because they are related to their pattern search methods 
(Candidate Generation and FP-Tree). 
Conclusion: This study shows that memory usage is not only influenced by 
sparsity, but also by the characteristics of the dataset. Then the results of this 
analysis provide an overview of heterogeneous e-commerce datasets when used 
in the classical association rule mining algorithm. 
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INTRODUCTION 

E-commerce is no longer just a side trend but has become a strong and inseparable part of the 
business or trade world (Criveanu, 2025). The growth of e-commerce, from its early days as a niche 
market to its current status as a dominant force in the global economy, has been marked by rapid 
technological advances and changing consumer preferences (Bao et al., 2025). E-commerce often 
collects a lot of information about consumer behaviour (Syah et al., 2025). Consumer behaviour that 
involves buying a few products, occurs due to impulsive behaviour toward a specific product 
(Moghddam et al., 2024). This behaviour is what allows e-commerce to create a highly popular 
flagship product. It's a common mistake for e-commerce companies to expand their product offerings 
without a clear strategy (Gumasing et al., 2023; Ma & Gu, 2024). 

E-commerce businesses can leverage the transaction data they collect as their most important 
analytical tool for understanding consumer behaviour (Nosova & Guleva, 2021); the insights gained 
from this data are invaluable for presenting offers that are relevant and tailored to each consumer. 
To process this large volume of data, e-commerce businesses can implement techniques such as data 
mining (Stylianou & Pantelidou, 2025). Data mining is the process of discovering previously 
unknown knowledge from large datasets, which can specifically be used in commercial applications 
to identify customer purchasing patterns (Niu, 2023). One of the primary tasks in data mining for 
shopping cart analysis is Association Rule Mining (ARM) (Trasierras et al., 2024). This technique aims 
to identify all sets of items (products) that frequently appear together in a single transaction. There 
are several classic algorithms commonly used for this research, including Apriori, FP-Growth, and 
ECLAT have very different approaches and performance characteristics. The Apriori algorithm is the 
first and most classic algorithm in ARM, using a step-by-step iterative search method to discover 
patterns (Zhang & Zhang, 2023). 

The Apriori algorithm is a classic join-based method that operates on horizontal data formats 
using a level-wise search strategy; however, it has a major limitation in the form of high time and I/O 
inefficiency because it requires the creation of complex “itemset” candidates and repeated database 
scans for each iteration. Apriori algorithm is only able to capture static (fixed) purchasing 
relationships or patterns and is less effective when used alone to analyze consumer behavior which 
is actually very dynamic and continues to change over time (Stylianou & Pantelidou, 2025). 
Meanwhile, the FP-Growth algorithm uses a compressed data structure called an FP-Tree (Frequent 
Pattern-Tree) for frequent pattern mining, which allows it to avoid explicitly generating item set 
candidates as in Apriori. The parameters used for the FP-Growth algorithm are compared based on 
execution time to measure the speed when generating itemsets in milliseconds (ms), measuring 
individual memory usage, number of transactions and assessing the sensitivity of the support 
threshold to changes (Srinadh, 2022). The ECLAT algorithm works by utilizing a vertical data format; 
the ECLAT (Equivalence Class Transformation) algorithm offers a different approach by using a 
vertical data format (storing items along with their transaction ID lists) and a depth-first search 
(DFS) method, although this method is very fast on sparse datasets because it reuses the same 
transaction IDs without rescanning the database (Kallay & Dan Mihoc, 2025). 

Classic association rule mining algorithms have been extensively evaluated, with many studies 
emphasizing execution time, memory usage, and rule quality. However, in practice, different dataset 
characteristics exhibit heterogeneity that impacts their computational performance. Therefore, 
analysing memory usage on heterogeneous data is crucial for understanding algorithm behaviour on 
different datasets. 

Previous studies by Srinadh (2022) have primarily evaluated the classic ARM algorithm based 
on computational performance metrics such as execution time and memory usage, without 
investigating the impact of dataset characteristics on these metrics.  Although memory usage has 
been reported, as in the study by Hunyadi et al. (2025), it was treated only as an evaluation metric 
and was not analysed as a function of the dataset’s sparsity level. Research by Dwiputra et al. (2023) 
focused on execution time, memory usage, and the number of high-quality rules for generating 
contextual recommendations. This study measures memory usage directly compared to execution 
time and does not compare it based on sparsity; the evaluation was conducted on a single dataset 
(homogeneous dataset), so the results cannot yet be generalized to other datasets (heterogeneous 
dataset). 
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Most studies have evaluated classical association rule mining algorithms such as Apriori, FP-
Growth, and ECLAT by comparing execution time, memory usage, and rule quality. However, memory 
usage is generally treated as a standard performance metric, and few similar studies have been 
conducted on homogeneous e-commerce data. Therefore, there is a gap in understanding the sparsity 
level in heterogeneous e-commerce data. Research on the relationship between sparsity and memory 
usage provides practical insights into selecting memory-efficient classical association rule mining 
algorithms for scalable and resource-efficient transaction analysis. The results of this research will 
contribute to the development of data processing systems to support the security, stability, and 
sustainability of e-commerce infrastructure. This study aims to investigate the relationship between 
the sparsity level of a dataset and the memory scalability of classical association rule mining 
algorithms using a heterogeneous dataset e-commerce transaction. 

METHOD 

This study employs a quantitative experimental research design, implemented in Python, to 
evaluate the scalability of the classic association rule mining algorithm on a heterogeneous e-
commerce transaction dataset with varying levels of sparsity. 

Four heterogeneous e-commerce transaction datasets were used in this study from publicly 
available datasets collected from Kaggle. These datasets differ in terms of transaction volume, 
comparing raw data and data with structured transaction formats (N), the number of unique items, 
average basket size, density, and sparsity, thereby providing diverse experimental conditions for 
analysing the memory scalability of Apriori, FP-Growth, and ECLAT. The characteristics of these 
datasets are summarized in Table 1. Dataset Summary. 

 
Table 1. Dataset summary. 

No Dataset Source 
Transaction 

Raw/N 
Unique Items Avg. Basket Size Density Sparsity 

1 D1 Kaggle 720/199 7 2.73 0.3905 0.6095 
2 D2 Kaggle 1000/275 7 2.20 0.3143 0.6857 
3 D3 Kaggle 10000/6016 7 1.54 0.2196 0.7804 
4 D4 Kaggle 30000/7963     32 2.35 0.0735 0.9265 

 
The research instruments consist of dataset characteristics and evaluation metrics used to 

analyse the performance of classical association rule mining algorithms. Prior to the mining process, 
each heterogeneous dataset is characterized based on the number of transactions, the number of 
unique items, the average basket size, density, and sparsity to describe its structural properties. 
These characteristics are then used to investigate their relationship with the memory scalability of 
the evaluated algorithms. 

 
Table 2. Dataset characteristics and evaluation metrics. 

Category Variable Description 
Dataset Characteristics Number of Transactions Total number of transactions in each dataset 

 Number of Unique Items Total distinct items 
 Average Basket Size Average number of items per transactions 
 Density Ratio of existing items to all possible items 
 Sparsity Complement of density (1 – density) 

Evaluation Metrics Execution Time Total execution time of the algorithm (second) 
 Peak Memory Memory consumption during execution (MB) 
 Number of Frequent Itemset Number of generated frequent itemset 
 Number of Association Rules Number of generated association rules 
 Average Confidence Average confidence of all generated rules 
 Average Lift Average lift of all generated rules 

 
The performance of Apriori, FP-Growth, and ECLAT is evaluated using several computational 

metrics, including execution time, memory usage, the number of frequent item sets, the number of 
association rules, the average confidence level, and the average lift. Although execution time and rule 
quality metrics were included for comparison purposes, this study primarily focuses on memory 
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usage as the key indicator for analysing memory scalability under different data set sparsity 
conditions. The dataset characteristics and evaluation metrics used in this study are summarized in 
Table 2 of dataset characteristics and evaluation metrics. 

The experimental environment consists of hardware and software resources used to 
implement the proposed methodology and evaluate the performance of the Association Rule Mining 
(ARM) algorithm. The experiments were conducted using an ASUS TUF Gaming F15 laptop powered 
by an Intel® Core™ i5-10300H processor (2.50 GHz), 16 GB of RAM, and a 477 GB SSD, running the 
Windows 11 Home Single Language (64-bit) operating system. Google Collaboratory served as the 
primary computing platform for data preprocessing, algorithm implementation, and performance 
evaluation thanks to its flexible cloud-based computing environment. 

The implementation was developed using Python, supported by several libraries. Pandas and 
NumPy are used for data manipulation and numerical computations; mlxtend is used to implement 
the Apriori, FP-Growth and ECLAT algorithm. In addition, ‘trace malloc’ are used to measure peak 
memory consumption during algorithm execution, while ‘Matplotlib’ is used to visualize memory 
scalability curves. 
 

 
Figure 1. Flowchart of the method. 

 
The Input stage collects datasets characterized by heterogeneous data. This is followed by the 

Process stage, which includes cleaning and preprocessing, transaction encoding, dataset 
characterization, determining minimum support and confidence, and modelling using the association 
rule mining algorithm. The Output stage performs performance evaluation and memory scalability 
analysis based on its relationship to sparsity. For further details, the steps are explained in sequence 
below. 
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Heterogenous Multi-Dataset Collection 
The process of collecting datasets from various sources with non-uniform format and structure 

characteristics, also known as Heterogeneous Multi-Dataset Collection (Bhilwarawala et al., 2026). 
In this study, we focus on collecting datasets sourced from one open-source datasets on Kaggle, 
paying attention to key features such as Customer ID, Product Name (which indicates the type of 
product), the amount of data, and the shipping status. Shipping status is considered because it plays 
a role in ensuring alignment with the study’s primary focus on data usage specifically, whether the 
product reaches the customer. The differences between the datasets are shown in Table 1 of dataset 
summary. 

Cleaning and Preprocessing 
The data preprocessing and cleaning stage plays a vital role in harmonizing data subsets drawn 

from various generators or different environments. Without structured preprocessing to address 
inconsistencies in the characteristics and formats of raw data, the model will struggle to recognize 
patterns objectively, which ultimately reduces its performance (Zhang et al., 2026). This step 
involves removing duplicate data (as shown in Figure 2), checking for null values (as shown in Figure 
3). Next, one dataset was selected from each of the four datasets that had a shipping status of 
“delivered” (as show in Figure 4). 
 

 
Figure 2. Removing duplicate data. 

 

 
Figure 3. Checking for null values. 

 

 
Figure 4. Select shipping status of delivered. 

 
Transaction Encoding 

Association Rule Mining (ARM) is defined as one of the most important techniques in data 
mining, which is the core process of Knowledge Discovery in Databases (KDD) for identifying valid, 
novel, and meaningful patterns in a dataset. Originally proposed by Agrawal et al. in 1993 for market 
basket analysis, this technique aims to identify sets of items that frequently appear together in a 
transaction dataset (Aloisi et al., 2025). A market basket used to represent transaction data (a binary 
matrix), where rows represent transactions and columns represent items (Harini et al., 2024).  

Data Characterization 
After the three stages described earlier have been completed, each transaction dataset is 

analysed in this stage to identify its structural properties prior to the Association Rule Mining 
process. This stage looks at the characteristics of the heterogeneous dataset used, including the 
number of unique items, average basket size, density and spread. Additionally, dataset density is 
calculated as the ratio of the number of actual item occurrences to the total number of possible item 
occurrences in the transaction-item matrix (1) based on Equations (1). Dataset sparsity is then 
calculated as the complement of density, indicating the proportion of item values that do not appear 
in the transaction matrix (0) based on Equations (2). These structural characteristics are used to 
investigate the relationship between dataset sparsity and the memory scalability of Apriori, FP-
Growth, and ECLAT across various heterogeneous e-commerce transaction datasets (Anastasov et 
al., 2026). 

  

Density =
Total Transactions

Number of Customers × Number of Products
 

 
(1) 
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Sparsity = 1 − Density (2) 
  

Min Support and Confidence 
In this stage, the minimum support and minimum confidence parameters were set as the 

minimum thresholds for identifying relevant patterns based on Equations (1) through (3). The data 
mining process was then carried out by comparing the performance of the Apriori algorithm, FP-
Growth algorithm and the ECLAT algorithm. The model configuration was optimized using a grid 
search (Dendy & Tanamal, 2026), which comprehensively evaluated the parameter space and 
determined that a minimum support of 0.005 or 0.05% and a minimum confidence of 0.1 or 10% 
yielded the most statistically significant rules. Although the number of transactions in each dataset 
varies, a minimum support value of 0.05% and a minimum confidence level of 10% were applied 
uniformly across all experiments. This experimental design eliminates parameter bias and ensures 
that performance comparisons reflect the influence of dataset characteristics, including transaction 
volume, the number of unique items, average basket size, density, and scarcity. By using the same 
parameters, the influence of dataset characteristics on algorithm performance can be observed more 
objectively. 

  

Support (𝐴) =
Number of Transaction Containing 𝐴

Total Transactions
 (3) 

  
Support for two items, such as item A and B, using Equation 4. 

  

Support (𝐴, 𝐵) =
Number of Transaction Containing 𝐴 ∩ 𝐵

Total Transactions
 (4) 

  
Confidence is a measure of the strong association between two products in the total demand 

for either product, equation (5) is used to calculate the confidence for products A and B 
(Wahyuningsih & Suharsono, 2023). 

  

Confidence (𝐴, 𝐵) =
Number of Transaction Containing 𝐴 ∩ 𝐵

Number of Transaction Containing 𝐴
 (5) 

  
Association Rule Mining 

Based on the data that has been prepared, the next step is to formulate a method and 
implement a data mining model focused on the application of Association Rule Mining (ARM) 
algorithms such as Apriori, FP-Growth, and ECLAT. The minimum support and confidence thresholds 
were applied as previously specified during the determination of these thresholds; these values were 
chosen because they were capable of generating item sets and rules across all four types of datasets. 
These values were chosen because this study aims to make a fair comparison using these minimum 
thresholds; the results are presented in Tables 4 through 7. 

Performance Evaluation 
The research process ultimately focused on evaluating and understanding the results obtained. 

The evaluation results included comparisons of model execution time, the number of item sets 
formed, the number of rules, and peak memory (MB). The generated association rules were then 
validated using average confidence and lift ratios (Felix & Tjen, 2025) to measure the strength of the 
correlation between items and ensure that the rules were valid and not merely coincidental, across 
the three association rule mining algorithms used: Apriori, FP-Growth, and ECLAT. To evaluate the 
memory efficiency of the implemented algorithms, we used a built-in Python library called trace 
malloc (Mudumba & Kabir, 2024). This library tracks memory allocations and records peak memory 
usage during the execution of the Apriori, FP-Growth, and Eclat algorithms. 

Memory Scalability Analysis 
The final stage of this study involves analysing the memory scalability of the Association Rule 

Mining (ARM) algorithms under evaluation. Memory scalability refers to an algorithm’s ability to 
maintain efficient memory utilization as the structural characteristics of a dataset change, 
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particularly with regard to the datasets sparsity level. Unlike conventional performance evaluations, 
which primarily emphasize execution time, this study focuses on memory consumption as the 
primary indicator of algorithmic scalability. Peak memory usage was recorded during the execution 
of the Apriori, FP-Growth, and ECLAT algorithms on each heterogeneous dataset. The collected 
memory measurements were then compared across datasets with different sparsity levels to identify 
variations in memory behaviour. 

The performance of Apriori, FP-Growth, and ECLAT will be analysed based on execution time, 
memory usage, the number of frequently occurring item sets, the number of association rules, the 
average confidence level, and the average lift. Data set characteristics, including transaction volume, 
average basket size, density, and sparsity, will be calculated in advance for each heterogeneous data 
set. A comparative analysis will then be conducted to evaluate the memory scalability of each 
algorithm under different sparsity conditions. The results will be presented using comparison tables 
and memory scalability curves to illustrate the behaviour of each algorithm across various 
heterogeneous datasets. 

RESULTS AND DISCUSSION 

The experimental results obtained from evaluating the memory scalability of the Apriori, FP-
Growth, and ECLAT algorithms using heterogeneous e-commerce transaction datasets. The results 
include dataset characteristics, algorithm performance, and the relationship between dataset 
sparsity and peak memory usage. To facilitate interpretation, the findings are presented through 
descriptive tables, comparative analyse, and visualization using curves. These datasets differ in terms 
of transaction volume, comparing raw data and data with structured transaction formats (N), the 
number of unique items, average basket size, density, and sparsity. 

 
Table 3. Dataset summary. 

No Dataset 
Transaction 

Raw/N 
Unique Items Avg. Basket Size Density Sparsity 

1 D1 720/199 7 2.73 0.3905 0.6095 
2 D2 1000/275 7 2.20 0.3143 0.6857 
3 D3 10000/6016 7 1.54 0.2196 0.7804 
4 D4 30000/7963     32 2.35 0.0735 0.9265 

 
The research results from using the minimum support equation of 0.005 and minimum 

confidence of 0.1, produce the number of frequent itemset and rules that match the characteristics 
of the dataset in Table 4 up to Table 7. 

 
Table 4. D1 Performance evaluation. 

Dataset/N Algorithm 
Execution 

Time 
(second) 

Peak 
Memory 

(MB) 

Frequent 
Itemset 

Rules 
Avg. 

Confidence 
Avg. 
Lift 

D1/199 Apriori 0.00663 0.4916 109 644 0.294048 1.200281 
 FP-Growth 0.03968 0.5154 109 644 0.294048 1.200281 
 ECLAT 0.00056 0.4869 109 644 0.294048 1.200281 

 
Table 5. D2 Performance evaluation. 

Dataset/N Algorithm 
Execution 

Time 
(second) 

Peak 
Memory 

(MB) 

Frequent 
Itemset 

Rules 
Avg. 

Confidence 
Avg. 
Lift 

D2/275 Apriori 0.00961 0.3396 94 439 0.274594 1.265244 
 FP-Growth 0.05198 0.3645 94 439 0.274594 1.265244 
 ECLAT 0.00352 0.3356 94 439 0. 274594 1.265244 
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Table 6. D3 Performance evaluation. 

Dataset/N Algorithm 
Execution 

Time 
(second) 

Peak 
Memory 

(MB) 

Frequent 
Itemset 

Rules 
Avg. 

Confidence 
Avg. 
Lift 

D3/6016 Apriori 0.00546 0.4199 37 68 0.157669 0.69185 
 FP-Growth 0.03552 0.7934 37 68 0.157669 0.69185 
 ECLAT 0.00139 0.0336 37 68 0.157669 0.69185 

 
Table 7. D4 Performance evaluation. 

Dataset/N Algorithm 
Execution 

Time 
(second) 

Peak 
Memory 

(MB) 

Frequent 
Itemset 

Rules 
Avg. 

Confidence 
Avg. 
Lift 

D4/7963 Apriori 0.01266 4.8609 209 74 0.110357 1.023972 
 FP-Growth 0.06195 4.4449 209 74 0.110357 1.023972 
 ECLAT 0.00901 0.0365 209 74 0.110357 1.023972 

 
From the results of the performance evaluation in Table 4 to Table 7, we continue by looking 

at the comparison of data characteristics with memory usage in Table 8 to Table 11. 
 

Table 8. D1 Dataset characteristics and peak memory usage of association rule mining algorithms. 

Dataset/N 
Unique 
Items 

Avg. Basket Size Density Sparsity Algorithm 
Peak Memory 

(MB) 
D1/199 7 2.73 0.3905 0.6095 Apriori 0.4916 

     FP-Growth 0.5154 
     ECLAT 0.4869 

 
Table 9. D2 Dataset characteristics and peak memory usage of association rule mining algorithms. 

Dataset/N 
Unique 
Items 

Avg. Basket Size Density Sparsity Algorithm 
Peak Memory 

(MB) 
D2/275 7 2.20 0.3143 0.6857 Apriori 0.3396 

     FP-Growth 0.3645 
     ECLAT 0.3356 

 
Table 10. D3 Dataset characteristics and peak memory usage of association rule mining algorithms. 

Dataset/N 
Unique 
Items 

Avg. Basket Size Density Sparsity Algorithm 
Peak Memory 

(MB) 
D3/6016 7 1.54 0.2196 0.7804 Apriori 0.4199 

     FP-Growth 0.7934 
     ECLAT 0.0336 

 
Table 11. D4 Dataset characteristics and peak memory usage of association rule mining algorithms. 

Dataset/N 
Unique 
Items 

Avg. Basket Size Density Sparsity Algorithm 
Peak Memory 

(MB) 
D4/7963 32 2.35 0.0735 0.9265 Apriori 4.8609 

     FP-Growth 4.4449 
     ECLAT 0.0365 

 
Then, from the quantitative comparison of Table 4 up to Table 11, visual analysis is needed to 

see the pattern in the relationship between sparsity and memory in each classic association rule 
mining algorithm. The research results are further illustrated with memory scalability curves, an 
analysis of the relationship between sparsity and memory. 

The analysis of the relationship between sparsity and peak memory consumption using four 
heterogeneous datasets shows the relationship between the two depending on the association rule 
mining strategy used. Figure 5 shows that the Apriori algorithm consumes relatively stable memory 
between datasets D1, D2, and D3. Then, on dataset D4, it experiences a high increase in large datasets 
with an increase of up to 4.8 MB because Apriori is wasteful on large datasets after storing many 
itemset combinations. From these results, the Apriori algorithm is not only determined by the 
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sparsity of the dataset but also by the process of forming the itemset. Figure 6 shows that the FP-
Growth algorithm has relatively low memory consumption on datasets D1, D2, and D3. Then, on 
dataset D4, memory consumption increases to 4.4 MB. FP-Growth experiences waste because it has 
to create a tree structure and its pointers on large data. In the FP-Growth algorithm, it can be 
associated with a substantial increase in the number of unique items, which enlarges the FP-tree 
structure and requires additional memory for node storage and tree traversal, and its memory usage 
is still affected by the complexity of the compressed tree representation. Figure 7 shows that the 
ECLAT algorithm is more efficient on the D4 dataset, in contrast to the conditions of the Apriori and 
FP-Growth algorithms which experience increased memory. ECLAT works using a vertical TID-list 
where when the dataset has high sparsity, it indicates that many items appear in few transactions. 
When looking at the size of the sparsity which touches 92% of empty matrix cells, this benefits 
ECLAT. As the dataset becomes sparser, each item appears in fewer transactions, resulting in shorter 
TID lists and more efficient slicing operations. Consequently, the memory required to store 
intermediate data structures is significantly reduced. This explains why the ECLAT algorithm exhibits 
superior memory usage scalability when processing very sparse transaction datasets. 
 

 
Figure 5. Sparsity–memory relationship of apriori. 

 

 
Figure 6. Sparsity–memory relationship of fp-growth. 
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Figure 7. Sparsity–memory relationship of eclat. 

 
From the research results, dataset sparsity alone does not fully explain the strong relationship 

on memory usage, in the D4 dataset which has the highest sparsity at 0.9265, memory behaviour is 
seen to have differences in each association rule mining algorithm. The ECLAT algorithm shows a 
reduction in memory usage due to vertical representation which benefits from shorter TID-lists in 
high sparsity datasets. Then, the Apriori and FP-Growth algorithms consume more memory caused 
not only by sparsity but also by increasing the number of unique items from 7 items to 32 items, 
expanding the search space for candidate generation in Apriori and the complexity of the FP-Tree 
structure in FP-Growth. Therefore, these findings indicate that the size of memory usage is influenced 
by dataset sparsity and other characteristics of the dataset structure and not by sparsity alone. 

The results obtained in this study show different structural characteristics, then in previous 
studies mainly focused on homogeneous datasets or datasets with relatively similar transaction 
structures, this study uses a heterogeneous e-commerce transaction dataset with substantial 
variations in the number of transactions, unique items, average basket size, density, and sparsity. As 
a result, the observed memory behaviour reflects not only the effect of dataset scarcity but also the 
interaction between several structural characteristics of the dataset. 

The results of this study provide theoretical and practical implications for evaluating the 
application of classical association rule mining algorithms. From a theoretical perspective, the results 
show that sparsity alone is not sufficient to explain memory usage. Instead, memory usage is 
influenced by sparsity and other dataset characteristics, such as the number of unique items and the 
average bucket size. These findings contribute to the growing understanding that the performance 
of classical association rule mining algorithms should be evaluated using more heterogeneous 
datasets rather than solely using metrics such as execution time. From a practical perspective, the 
proposed memory usage analysis provides useful guidance in selecting an association rule mining 
algorithm tailored to the characteristics of the dataset. The ECLAT algorithm is proven to be efficient 
in memory usage for sparse datasets because it uses vertical data, and the Apriori and FP-Growth 
algorithms require additional consideration when applied to datasets with a large number of unique 
items because of their memory requirements related to candidate generation and FP-Tree. 

Despite the contributions of this research, there are several limitations that need to be 
acknowledged. First, the testing used four heterogeneous e-commerce datasets, which may not fully 
represent the diversity of real-world transaction data mining. Second, the evaluation was limited to 
three classic association rule mining algorithms: Apriori, FP-Growth, and ECLAT, without 
considering more recent approaches. Third, the testing relied on the same minimum support and 
confidence and did not examine the influence of different parameters. Finally, while dataset sparsity 
was analysed as the primary test, other factors such as frequent item sets, transaction length, and 
dataset size can affect memory usage and require further research. 
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The results of this study have practical implications, specifically, the proposed memory 
scalability analysis can serve as a knowledge base Kayvanfar et al. (2024) for selecting the 
appropriate Association Rule Mining (ARM) algorithm according to the structural characteristics of 
Decision Support Systems (DSS) transaction datasets (Alahmadi & Jamjoom, 2022). Instead of 
selecting an algorithm solely based on execution time, decision makers can also consider dataset 
characteristics such as sparsity, number of unique items, and average bucket size to achieve more 
efficient memory utilization. 

CONCLUSION 

Based on the results of this study, sparsity-based memory scalability analysis of association 
rule mining using e-commerce heterogeneous multi-dataset helps provide an overview for 
researchers and practitioners in selecting the right classical algorithm evaluation apart from sparsity 
on heterogeneous transaction data. Dataset sparsity is not the only factor in assessing the memory 
size of the algorithm, the effect of sparsity depends on the search pattern used in each algorithm such 
as the Apriori algorithm that uses candidate generation, the FP-Growth algorithm that uses FP-Tree 
and ECLAT that uses vertical TID-list.  

In further research, this research can be expanded by using heterogeneous datasets from 
various sources and the characteristics of the datasets in relation to memory usage. The development 
of a recommendation algorithm framework with dataset characteristics can be further research 
beyond sparsity. 
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  Density =   Total Transactions  Number of Customers × Number of Products


  Sparsity = 1 − Density


  Support   ( A ) =   Number   of   Transaction   Containing   A  Total   Transactions


  Support   ( A , B ) =   Number   of   Transaction   Containing   A ∩ B  Total   Transactions


  Confidence   ( A , B ) =   Number   of   Transaction   Containing   A ∩ B  Number   of   Transaction   Containing   A

