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Abstract. Understanding consumer behaviour is crucial in today’s competitive market. Market Basket Analysis (MBA) is a key technique in data mining that reveals consumer purchasing patterns. This systematic review follows PRISMA 2020 guidelines to conduct article search across ACM, IEEE Xplore, Springer Link, and Google Scholar from January 2010 to June 2024 publications. Articles focusing on intelligent hybrid models in MBA were selected based on defined inclusion and exclusion criteria. It explores the evolution of Market Basket Analysis (MBA) methodologies, focusing on traditional techniques such as Apriori and FP-Growth, alongside advanced methods including Recurrent Neural Networks (RNN) and Genetic Algorithms (GA). Out of 250 articles identified, 134 were excluded during screening, and 70 studies were included in the review. Key findings include the importance of data preprocessing techniques and evaluation metrics in improving MBA performance. The review identifies trends such as the integration of real-time data processing, explainable AI, and cross-domain applications. Additionally, emerging research directions in handling sparse data, ethical analysis, and cross-domain applications are discussed. This review provides a comprehensive foundation for optimizing business decision-making and customer satisfaction through more effective consumer product purchasing pattern discovery in dynamic market environments. These trends are poised to transform MBA, enhancing its precision and business utility.
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1.0 Introduction

In today's rapidly evolving business landscape, understanding consumer behavior and preferences is critical for organizations striving to maintain a competitive edge. Market Basket Analysis (MBA) is a fundamental technique within data mining and business analytics, designed to identify patterns in transactional data that reveal consumer purchasing behaviors (Kurniawan et al., 2018). This technique has been widely adopted across various industries, including retail, e-commerce, and marketing, due to its ability to provide actionable insights that drive decision-making processes (Nurmayanti, et al., 2021); (Puri et al., 2016); (Qiu et al., 2016) .

The origins of MBA trace back to the development of association rule mining algorithms, such as the Apriori algorithm, which gained prominence in the 1990s. Market Basket Analysis (MBA) is a data mining technique that examines the relationships between items purchased together by consumers during a single transaction. These foundational algorithms enabled businesses to uncover relationships between items frequently purchased together, thereby informing strategies for inventory management, product placement, and promotional activities. Over time, MBA has evolved beyond its retail-centric roots, incorporating advanced techniques such as Frequent Pattern Growth (FP-Growth), Recurrent Neural Networks (RNN), and Genetic Algorithms (GA) to handle increasingly complex datasets (Agrawal et al., 1994); ( Alawadh, et al., 2022); (Bali et al., 2020); (Das et al., 2015); (Heydary et al., 2017); (Yadav et al., 2015); (Efrat et al, 2020). Since then, MBA has evolved from a retail-centric technique to a widely adopted method across various industries, driven by advancements in technology and the proliferation of digital data. (Çetin et al., 2022); (Sakar et. al., 2019) 


Market Basket Analysis finds applications in diverse industries, including retail, e-commerce, marketing, and beyond. In retail, MBA assists in inventory management, product placement optimization, and promotion strategy formulation by identifying purchasing patterns and cross-selling opportunities (Puri et al., 2016); (Venkatachari, 2016).
In e-commerce, it powers recommendation systems, enhances the online shopping experience, and boosts customer engagement by suggesting relevant products based on past purchase behavior. The fundamental algorithm used in Market Basket Analysis is the Apriori algorithm, which employs association rule mining to identify frequent itemsets and generate rules that express the relationships between items. (Carbone et al., 2015); (Li et al., 2018); (Ojugo, et al., (2019); (Qisman et al., 2021); (Wang et al., 2015) 

Market Basket Analysis plays a pivotal role in contemporary business decision-making by providing actionable insights into consumer behavior and preferences. By understanding which items are frequently purchased together, businesses can optimize product assortments, pricing strategies, and marketing campaigns to maximize revenue and enhance customer satisfaction. The basic mathematical expression of Market Basket Analysis involves calculating support and confidence metrics for association rules, which quantify the frequency of occurrence of itemsets and the likelihood of item co-occurrence within transactions. (Bali et al., 2020).

Market Basket Analysis (MBA) stands as a foundational technique in data mining and business analytics, offering valuable insights into consumer purchasing behaviors and preferences. With its rich history, diverse applications, fundamental algorithms, and mathematical foundations, MBA continues to be a vital tool for businesses seeking to drive growth, enhance customer experiences, and stay ahead in today's competitive marketplace.
In spite of all the studies that have been carried out both past and present in Market Basket Analysis (MBA), to date, there has been no comprehensive systematic review examining intelligent hybrid models for consumer product purchasing pattern discovery.
Market Basket Analysis (MBA) is a critical technique in data mining and business analytics, offering essential insights into consumer purchasing behaviors by uncovering patterns in transactional data (Kurniawan et. al.,, 2018). Despite the significant advancements in MBA, there remains a notable gap in the literature regarding the systematic evaluation of intelligent hybrid models that integrate these advanced techniques. Such models have the potential to enhance the precision and applicability of MBA, particularly in dynamic market environments where a multitude of factors influences consumer behavior. This review seeks to address this gap by examining the evolution of MBA methodologies, evaluating the effectiveness of various algorithms and preprocessing techniques, and identifying future research directions that could further refine the utility of MBA. Despite advances, no previous study has systematically reviewed intelligent hybrid models in MBA, highlighting the need for this review.

Integrating traditional MBA algorithms with machine learning techniques has enabled real-time, context-aware product recommendations in industries like e-commerce, driving personalized customer experiences (Mahesh, 2020).
The primary objectives of this review are to:
i. Identify and analyze the key algorithms and data preprocessing techniques currently used in MBA.
ii. Evaluate the effectiveness of these models through a discussion of relevant evaluation metrics and benchmarks.
iii. Explore emerging trends and research directions that could shape the future of MBA.

By providing a comprehensive overview of these aspects, this review aims to contribute to the optimization of business decision-making processes and the enhancement of customer satisfaction in a rapidly changing marketplace.
1.1	Literature Review and Research Questions
1.1.1 Literature Review
Market Basket Analysis (MBA) has become a cornerstone in data mining for understanding consumer behaviour. Pioneered by Agrawal and Srikant (Agrawal et al., 1994), the introduction of the Apriori algorithm marked a significant advancement in association rule mining, enabling businesses to identify patterns in transactional data, particularly in the retail sector (Achar et al., 2012; Chang et al., 2021). This algorithm systematically identifies frequent itemsets and generates association rules, but its computational inefficiency—due to the exhaustive candidate generation process—has been a major limitation, as noted by Borgelt (2010) in his subsequent research on efficient algorithms like FP-Growth. Borgelt demonstrated that FP-Growth, by avoiding candidate generation, offers substantial performance improvements when analyzing large datasets.
Further advancements in MBA include techniques such as Frequent Pattern Growth (FP-Growth), which Han, Pei, and Yin (Alasadi et al., 2017) introduced as a scalable alternative to Apriori. Unlike Apriori, FP-Growth compresses the transactional database into an FP-tree structure, significantly reducing computational overhead. Han et al. (Alasadi et al., 2017) emphasized that this approach is particularly effective for handling large datasets with sparse itemsets, a common characteristic in modern e-commerce environments.
Despite the strengths of these traditional algorithms (García et al., 2017; Habehh et al., 2021) pointed out that they fall short when dealing with high-dimensional, complex datasets. They argue that the increasing complexity of modern transactional data, such as those encountered in e-commerce and healthcare, requires more sophisticated approaches. This has led to the integration of machine learning techniques into MBA, significantly enhancing its predictive power and adaptability to dynamic data environments.
To address the limitations of traditional MBA algorithms, researchers like (Qiu et al., 2016; Rehman et al., 2021) have explored the integration of machine learning models, particularly Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks. These models capture the sequential nature of consumer purchases, enabling more accurate predictions of future buying patterns. (Qiu et al., 2016); (Rehman et al., 2021) demonstrated that RNNs outperform traditional Fl models, especially in online retail environments where temporal patterns in transactions are key to improving recommendation systems.
Similarly, (Prayitno et al., 2023; Puri et al., 2016) applied RNN-based models in their study of consumer purchasing patterns, showing that hybrid models combining RNNs with traditional MBA techniques could achieve superior performance in predicting next-purchase behaviour. Their findings underscore the potential of hybrid approaches in enhancing MBA’s ability to handle complex, time-sensitive data.
Another innovative approach involves the use of Genetic Algorithms (GA) to optimize the extraction of association rules, as highlighted by (Osisanwo et al., 2017; Petrescu et al., 2018). By applying GA to MBA, researchers have been able to find global optima more effectively, improving the discovery of significant associations in large and complex datasets. Osisanwo et al. (Petrescu et al., 2018) emphasized that GA, when combined with traditional algorithms like Apriori or FP-Growth, can enhance MBA’s capacity to handle large-scale data, particularly in applications requiring real-time analysis.
Despite these advances, Siau and Wang (Solnet et al., 2016) noted a critical challenge in the interpretability of machine learning models when applied to MBA. They pointed out that as these models become more complex, especially deep learning-based methods like RNN, they often function as "black boxes," making it difficult for businesses to fully trust the outputs. In response, Habehh and Gohel (2021) have called for the integration of explainable AI (XAI) techniques in MBA models to improve transparency, allowing businesses to understand the reasoning behind recommendations.
Data preprocessing is a critical aspect of MBA that directly impacts the accuracy and efficiency of the models. Al-Taie et al. (2019) underscored the importance of data cleaning and dimensionality reduction, particularly in environments where transactional data may be noisy or incomplete. Their research demonstrated that preprocessing techniques like Principal Component Analysis (PCA) could significantly reduce computational time without sacrificing the accuracy of association rule mining.
Petrescu and Krishen (et al2020)  further emphasized that preprocessing becomes even more important when dealing with imbalanced datasets, a common occurrence in retail transactions where some items are purchased far more frequently than others. To address this, techniques like Synthetic Minority Over-sampling Technique (SMOTE) have been successfully applied, as reported by (Uddin et al., 2019; Ural et al., 2021), ensuring that the models do not become biased toward more frequent items.
The performance of MBA models has traditionally been evaluated using metrics like support, confidence, lift, and leverage, which were initially formalized by Agrawal and Srikant (Agrawal et al., 1994). However, with the advent of more complex hybrid models, evaluation metrics have expanded to include F1-score, precision, and recall, as suggested by (Prayitno et al., 2023; Puri et al., 2016). Their study illustrated that models incorporating machine learning techniques such as RNN and GA tend to deliver higher predictive accuracy than traditional MBA algorithms, though they require more careful tuning of hyper parameters.
Cross-validation techniques, such as k-fold cross-validation, are also widely used to assess model robustness. Siau and Wang (Siau et al., 2018) highlighted that hybrid models, particularly those involving deep learning, often benefit from cross-validation to avoid overfitting, which is a common issue in high-dimensional data environments.
The integration of real-time data processing and streaming analytics has become a significant trend in MBA, as noted by Qiu et al. (2016 and Rehman et al. (2021). Technologies like Apache Kafka and Apache Flink allow businesses to analyse transactional data in real time, enabling more dynamic and responsive decision-making processes. Sakar et al. (2019), Qiu et al. (2016) and Rehman et al. (2021) emphasised the importance of this capability, particularly for e-commerce businesses that rely on up-to-the-minute data for personalised recommendations.
Moreover, (García et al., 2016; Habehh et al., 2021) have identified an increasing focus on cross-domain applications of MBA, where techniques traditionally used in retail are applied to fields such as healthcare and finance. For instance, MBA has been employed to analyze patient treatment pathways in healthcare, as demonstrated by Habehh and Gohel (2021), highlighting the versatility and potential of MBA beyond consumer markets.
Finally, ethical concerns regarding data privacy in MBA have gained attention, with Petrescu and Krishen (Petrescu et al., 2018) advocating for the use of differential privacy techniques to safeguard customer data. As privacy regulations become stricter, businesses must ensure that their data analysis practices comply with legal standards while still deriving actionable insights from transactional data.
In summary, the foundational work by Agrawal and Srikant (1994) and the subsequent advancements in MBA have transformed the field of association rule mining. The integration of machine learning techniques, particularly by (Rehman et al., 2021); (Prayitno et al., 2023); and (Puri et al., 2016), has enabled more accurate and dynamic predictions in consumer purchasing patterns. However, challenges remain in ensuring the interpretability and ethical application of these models, as highlighted by Siau and Wang (Solnet, et al2016) and Habehh and Gohel (2021). Future research should focus on refining hybrid models to balance predictive power with transparency and data privacy.
Despite these advancements, traditional MBA algorithms still struggle with handling high-dimensional and sparse datasets. Hybrid models, which integrate machine learning techniques, aim to overcome these challenges, yet there remains a lack of systematic evaluation of these models in dynamic, real-world environments.

1.1.2 Research Questions
Within this literature review, we have outlined three research questions to guide us in achieving the main goals of this study, as outlined below:
[bookmark: _Hlk176438656]RQ1.	What are the key algorithms and data preprocessing techniques commonly utilized in Market Basket Analysis (MBA)?
RQ2.	Which evaluation metrics and benchmarks are most effective in measuring the performance and accuracy of MBA models?
RQ3.	What are the emerging trends and future research directions that are likely to impact the evolution of Market Basket Analysis?

2. Methods
2.1	Protocol and Registration 
	 This review follows PRISMA 2020 guidelines. No prior protocol registration was made. 
2.2 	Eligibility Criteria
	Criteria
	Include
	Exclude

	Date
	Studies conducted 2010 - June 2024
	Sources and publications before 2000

	Location
	International Sources
	Articles not written in English language.

	Topic
	Sources related to hybrid MBA models or advanced data processing techniques, with a focus on practical applications in dynamic environments. 
	Sources and publications not related

	Publications
	Original Studies of a search population of 250 of peer-reviewed journal articles.
	Abstracts, Theses and dissertations.



Table 1: Criteria for articles used for the Systematic Review


2.3 	Information Sources
Table 2 displays the digital libraries utilized for conducting the systematic literature review in this study. It also outlines the types of bibliographic sources, publication periods, languages, and search strategies employed. Notably, a systematic keyword-based search strategy was employed across multiple digital libraries, including ACM, IEEE Xplore, and Springer Link, to identify relevant studies published between January 2010 and June 2024. The search focused on intelligent hybrid models for consumer product purchasing patterns. Studies were included based on their relevance to the research questions, and non-English papers, duplicate articles, and unrelated theses were excluded.
	Language
	Approach
	Duration 
	Type
	Digital library source

	English
	Keywords
	Jan. 2010 to
Jun. 2024
	scholar articles, scientific journals, e-books, conferences, online workshops
	ACM Digital Library 

	
	
	
	
	Elsevier

	
	
	
	
	Google Scholar 

	
	
	
	
	IEEE Xplore

	
	
	
	
	Springer Direct

	
	
	
	
	Springer Link Wiley 

	
	
	
	
	Springer Nature


Table 2. Digital library sources
2.4	Search Strategy
A keyword-based search strategy combined "Market Basket Analysis," "hybrid models," "purchasing patterns discovery," and "business decision-making" using Boolean operators (AND, OR) were used to address the research questions formulated.  This involved identifying a selection of keywords pertaining to Trends and developments in market basket analysis, along with their synonyms. With these terms established, we then combined them using the connectors "AND" and "OR" to form the following search string: (MBA methodologies) AND (MBA Application OR Models OR Limitation in MBA OR Industries) AND/OR (Purchasing patterns discovery) AND/OR (Business decision-making) AND/OR (MBA). Search conducted June 2024.
2.5 Selection Process
Two reviewers independently screened titles and abstracts. Full-text review was conducted for eligible studies.
2.6 Data Collection Process
Data extraction was done manually into predefined templates capturing authorship, publication year, algorithms used, preprocessing methods, and evaluation metrics.
2.7 Data Items
Extracted data included study design, MBA algorithms used, preprocessing techniques, evaluation metrics, and emerging trends.
2.8 Risk of Bias Assessment
Risk of bias was minimized through dual independent review and consensus meetings. Formal bias scoring was not performed.
2.9   Data Synthesis
The results of this work were analyzed using qualitative/narrative synthesis because of the merging of diverse studies incorporated into the discuss and tabulation for evidence tables to organize key information based on articles related to keywords used.
3.	Results
3.1	 Study Selection
Records removed before screening:
Duplicate records removed (n = 15)
Records removed for other reasons (n = 13)
Records identified through database and manual searching:
(n = 250)



Identification







Records screened
(Title, Abstract, Methodology and Result)
(n = 222)
Records excluded
(n = 134)


Screening
Literature Review and Research Questions
2.1.1 Literature Review
Market Basket Analysis (MBA) has become a cornerstone in data mining for understanding consumer behavior. Pioneered by Agrawal and Srikant (Agrawal et al., 1994);, the introduction of the Apriori algorithm marked a significant advancement in association rule mining, enabling businesses to identify patterns in transactional data, particularly in the retail sector. This algorithm systematically identifies frequent itemsets and generates association rules, but its computational inefficiency—due to the exhaustive candidate generation process—has been a major limitation, as noted by Borgelt (Carbone et al., 2015)  in his subsequent research on efficient algorithms like FP-Growth. Borgelt demonstrated that FP-Growth, by avoiding candidate generation, offers substantial performance improvements when analyzing large datasets.
Further advancements in MBA include techniques such as Frequent Pattern Growth (FP-Growth), which Han, Pei, and Yin (Alasadi et al., 2017) introduced as a scalable alternative to Apriori. Unlike Apriori, FP-Growth compresses the transactional database into an FP-tree structure, significantly reducing computational overhead. Han et al. (Alasadi et al., 2017) emphasized that this approach is particularly effective for handling large datasets with sparse itemsets, a common characteristic in modern e-commerce environments.
Despite the strengths of these traditional algorithms, García et al. (Habehh et al.,2021)  pointed out that they fall short when dealing with high-dimensional, complex datasets. They argue that the increasing complexity of modern transactional data, such as those encountered in e-commerce and healthcare, requires more sophisticated approaches. This has led to the integration of machine learning techniques into MBA, significantly enhancing its predictive power and adaptability to dynamic data environments.
To address the limitations of traditional MBA algorithms, researchers like Qiu et al. (Rehman et al., 2021)  have explored the integration of machine learning models, particularly Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks. These models capture the sequential nature of consumer purchases, enabling more accurate predictions of future buying patterns. Qiu et al. (Rehman et al., 2021)  demonstrated that RNNs outperform traditional models, especially in online retail environments where temporal patterns in transactions are key to improving recommendation systems.
Similarly, Prayitno et al. [34] applied RNN-based models in their study of consumer purchasing patterns, showing that hybrid models combining RNNs with traditional MBA techniques could achieve superior performance in predicting next-purchase behavior. Their findings underscore the potential of hybrid approaches in enhancing MBA’s ability to handle complex, time-sensitive data.
Another innovative approach involves the use of Genetic Algorithms (GA) to optimize the extraction of association rules, as highlighted by Osisanwo et al. (Petrescu et. al., 2018) . By applying GA to MBA, researchers have been able to find global optima more effectively, improving the discovery of significant associations in large and complex datasets. Osisanwo et al. (Petrescu et. al., 2018)  emphasized that GA, when combined with traditional algorithms like Apriori or FP-Growth, can enhance MBA’s capacity to handle large-scale data, particularly in applications requiring real-time analysis.
Despite these advances, Siau and Wang [(Solnet et. al., 2016)  ] noted a critical challenge in the interpretability of machine learning models when applied to MBA. They pointed out that as these models become more complex, especially deep learning-based methods like RNN, they often function as "black boxes," making it difficult for businesses to fully trust the outputs. In response, Habehh and Gohel (Hegland, 2014)  have called for the integration of explainable AI (XAI) techniques in MBA models to improve transparency, allowing businesses to understand the reasoning behind recommendations.
Data preprocessing is a critical aspect of MBA that directly impacts the accuracy and efficiency of the models. Al-Taie, Kadry, and Lucas (Al-Taie et al., (2019)  underscored the importance of data cleaning and dimensionality reduction, particularly in environments where transactional data may be noisy or incomplete. Their research demonstrated that preprocessing techniques like Principal Component Analysis (PCA) could significantly reduce computational time without sacrificing the accuracy of association rule mining.
Petrescu and Krishen (Prakash et. al., 2020)  further emphasized that preprocessing becomes even more important when dealing with imbalanced datasets, a common occurrence in retail transactions where some items are purchased far more frequently than others. To address this, techniques like Synthetic Minority Over-sampling Technique (SMOTE) have been successfully applied, as reported by Uddin et al. (Ural et. al., 2021) , ensuring that the models do not become biased toward more frequent items.
The performance of MBA models has traditionally been evaluated using metrics like support, confidence, lift, and leverage, which were initially formalized by Agrawal and Srikant (Agrawal et al., 1994);. However, with the advent of more complex hybrid models, evaluation metrics have expanded to include F1-score, precision, and recall, as suggested by Prayitno et al. [34]. Their study illustrated that models incorporating machine learning techniques such as RNN and GA tend to deliver higher predictive accuracy than traditional MBA algorithms, though they require more careful tuning of hyperparameters.
Cross-validation techniques, such as k-fold cross-validation, are also widely used to assess model robustness. Siau and Wang [(Solnet et. al., 2016)  ] highlighted that hybrid models, particularly those involving deep learning, often benefit from cross-validation to avoid overfitting, which is a common issue in high-dimensional data environments.
The integration of real-time data processing and streaming analytics has become a significant trend in MBA, as noted by Qiu et al. (Rehman et al., 2021) . Technologies like Apache Kafka and Apache Flink allow businesses to analyze transactional data in real time, enabling more dynamic and responsive decision-making processes. Qiu et al. (Rehman et al., 2021)  emphasized the importance of this capability, particularly for e-commerce businesses that rely on up-to-the-minute data for personalized recommendations.
Moreover, García et al. (Habehh et al.,2021)  have identified an increasing focus on cross-domain applications of MBA, where techniques traditionally used in retail are applied to fields such as healthcare and finance. For instance, MBA has been employed to analyze patient treatment pathways in healthcare, as demonstrated by Habehh and Gohel (Hegland, 2014) , highlighting the versatility and potential of MBA beyond consumer markets.
Finally, ethical concerns regarding data privacy in MBA have gained attention, with Petrescu and Krishen (Prakash et. al., 2020)  advocating for the use of differential privacy techniques to safeguard customer data. As privacy regulations become stricter, businesses must ensure that their data analysis practices comply with legal standards while still deriving actionable insights from transactional data.
In summary, the foundational work by Agrawal and Srikant (Agrawal et al., 1994); and the subsequent advancements in MBA have transformed the field of association rule mining. The integration of machine learning techniques, particularly by Qiu et al. (Rehman et al., 2021)  and Prayitno et al. [34], has enabled more accurate and dynamic predictions in consumer purchasing patterns. However, challenges remain in ensuring the interpretability and ethical application of these models, as highlighted by Siau and Wang [(Solnet et. al., 2016)  ] and Habehh and Gohel (Hegland, 2014) . Future research should focus on refining hybrid models to balance predictive power with transparency and data privacy.
Despite these advancements, traditional MBA algorithms still struggle with handling high-dimensional and sparse datasets. Hybrid models, which integrate machine learning techniques, aim to overcome these challenges, yet there remains a lack of systematic evaluation of these models in dynamic, real-world environments.

2.1.2 Research Questions
Within this literature review, we have outlined four research questions to guide us in achieving the main goals of this study, as outlined below:
RQ1.	What are the key algorithms and data preprocessing techniques commonly utilized in Market Basket Analysis (MBA)?
RQ2.	Which evaluation metrics and benchmarks are most effective in measuring the performance and accuracy of MBA models?
RQ3.	What are the emerging trends and future research directions that are likely to impact the evolution of Market Basket Analysis?
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3.2 Study Characteristics
The included studies employed Apriori, FP-Growth, ECLAT algorithms, and hybridized with models like RNNs, LSTM, and Genetic Algorithms. Data preprocessing techniques included data cleaning, dimensionality reduction, and handling of imbalanced data.
3.3 Results of Individual Studies
This section outlines the results from the implementation of the systematic review. It involves searching for works related to intelligent hybrid model for consumer product purchasing patterns discovery from the chosen digital library sources while considering the inclusion and exclusion criteria to assess the obtained studies. The review's responses to the research questions are elaborated upon in the following sections.
3.3.1	RQ1.	What are the key algorithms and data preprocessing techniques commonly utilized in Market Basket Analysis (MBA)?
A variety of algorithms and data preprocessing techniques (Kamiran et al., 2011) are employed to uncover patterns in transactional data in market basket analysis. These methods are essential for identifying associations between products, which can be used to enhance decision-making and improve customer experiences. The primary algorithms and data preprocessing techniques that form the backbone of market basket analysis. (Efrat et al, 2020); (Avcilar et al. 2014).
 Algorithms Used in Market Basket Analysis:
1.  Apriori Algorithm: One of the most widely used algorithms, Apriori helps in finding frequent itemsets and generating association rules (Sağına et al., 2018). It operates by iteratively identifying common itemsets and expanding them by adding more items, ensuring that only the frequent itemsets are considered.(Qisman et al., 2021)  
2. FP-Growth (Frequent Pattern Growth): Unlike Apriori, FP-Growth does not generate candidate itemsets. Instead, it uses a compressed representation of the database called an FP-tree, which is then divided into conditional databases to find frequent itemsets, making it more efficient for large datasets (Prayitno et.al., 2023).
3. Eclat (Equivalence Class Clustering and bottom-up Lattice Traversal): Eclat is based on the vertical database layout. It uses depth-first search to find frequent itemsets by intersecting transaction lists, which can be more efficient than Apriori for certain types of data. It has also been used with fuzzified dataset along with it Apriori. (Matapurkar et. al., 2020) 
4. AIS and SETM Algorithms: These early algorithms laid the groundwork for later developments in market basket analysis by focusing on incremental data mining and efficient candidate generation and counting.

 Data Preprocessing Techniques in Market Basket Analysis
1. Data Cleaning: Ensuring the data is free from errors, inconsistencies, and missing values is critical. This process involves removing duplicates, correcting inaccuracies, and handling missing data to ensure the dataset is reliable.
2.  Data Transformation: Transforming data into a suitable format for analysis is a crucial step. This can involve normalizing data, converting categorical data into numerical formats, and aggregating data at appropriate levels (e.g., daily sales data to monthly).
3.  Dimensionality Reduction: Techniques like Principal Component Analysis (PCA) and Singular Value Decomposition (SVD) are used to reduce the number of variables under consideration, making the dataset more manageable and analysis more efficient.
4. Encoding: Converting categorical data into a numerical format using techniques such as one-hot encoding or label encoding is necessary for many algorithms to process the data correctly.
5.  Handling Imbalanced Data: Techniques such as oversampling, undersampling, and synthetic data generation (e.g., SMOTE) are used to balance the dataset, ensuring that the model does not become biased towards more frequent items.
Market basket analysis relies on a combination of sophisticated algorithms and meticulous data preprocessing techniques (Kamiran et al., 2011) to extract meaningful insights from transactional data. By leveraging these methods, businesses can identify significant associations between products, optimize inventory management, enhance personalized recommendations, and ultimately drive better decision-making processes. As technology advances, the refinement of these algorithms and techniques continues to shape the future of market basket analysis, enabling more precise and actionable insights. (Efrat et al, 2020); (Fageeri et al, 2023).

3.3.2	RQ2.	Which evaluation metrics and benchmarks are most effective in measuring the performance and accuracy of MBA models?
 Evaluating the performance of market basket analysis models is crucial to ensure their effectiveness in uncovering meaningful associations and providing actionable insights. Various evaluation metrics and benchmarks are employed to assess these models, ensuring they meet the desired standards of accuracy and reliability. The primary evaluation metrics and benchmarks used in market basket analysis. (Efrat et al, 2020); (Fageeri et al, 2023); (Rehman et al, 2021); (Susanto et al, 2018).

 

Evaluation Metrics for Market Basket Analysis Models

1. Support: This metric measures the frequency of an itemset appearing in the dataset. It is defined as the proportion of transactions that contain a particular itemset. Higher support indicates more common itemsets.
[image: ]
2. Confidence: Confidence evaluates the reliability of an association rule by measuring how often items in the rule appear together. It is defined as the ratio of the number of transactions containing both the antecedent and the consequent to the number of transactions containing the antecedent.
[image: ]
3.  Lift: Lift measures the strength of an association rule by comparing the observed support of the rule with the expected support if the items were independent. A lift value greater than 1 indicates a positive association, while a value less than 1 indicates a negative association.
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4. Leverage: This metric measures the difference between the observed frequency of an itemset and the expected frequency if the items were independent. It helps identify strong associations.
[image: ]
5.  Conviction: Conviction compares the expected frequency of the antecedent occurring without the consequent with the actual frequency of the rule. It provides insight into the dependence between items.
[image: ]
 Benchmarks for Market Basket Analysis Models
1. Accuracy Benchmarks: Evaluating the accuracy of market basket analysis models involves comparing their performance against established benchmarks or ground truth data. This can include using known associations from domain expertise or synthetic datasets with predefined patterns.
2. Cross-validation: Cross-validation techniques, such as k-fold cross-validation, are employed to assess the robustness and generalizability of the models. This involves partitioning the data into training and test sets multiple times and averaging the performance metrics.
3. Comparison with Baseline Models: Comparing the performance of market basket analysis models with baseline models, such as random or naive models, helps establish their effectiveness. Baseline models provide a reference point for evaluating improvements in association rule mining.
4. Scalability Benchmarks: Assessing the scalability of market basket analysis models involves evaluating their performance on datasets of varying sizes. This ensures the models can handle large volumes of data efficiently and maintain their accuracy and reliability.

Evaluating the performance of market basket analysis models is essential for ensuring their ability to uncover meaningful associations and provide actionable insights. By employing a range of evaluation metrics and benchmarks, businesses can assess the accuracy, reliability, and scalability of these models. This, in turn, enables them to make informed decisions, optimize operations, and enhance customer experiences. As market basket analysis continues to evolve, the development of more sophisticated evaluation techniques will further refine the ability to assess and improve these models.

3.3.3	RQ3. What are the emerging trends and future research directions that are likely to impact the evolution of Market Basket Analysis?
As market basket analysis continues to evolve, several future trends and research directions are emerging. These advancements aim to address current limitations, enhance the accuracy and efficiency of analysis, and expand the applicability of market basket analysis across various domains. Here, we explore the key future trends and research directions in market basket analysis.
 Future Trends in Market Basket Analysis
1.  Integration of Advanced Machine Learning Techniques: The incorporation of machine learning algorithms, such as deep learning and reinforcement learning, is set to revolutionize market basket analysis. These techniques can handle complex and high-dimensional data, providing more accurate and insightful predictions of consumer behavior and preferences. (Gangurde et al., 2017); (Gangurde et al., 2018)
2. Real-Time Analysis and Stream Processing: With the increasing availability of real-time data, market basket analysis is shifting towards real-time analysis and stream processing. Technologies like Apache Kafka and Apache Flink enable businesses to process and analyze transactional data as it is generated, allowing for more timely and responsive decision-making.
3.  Personalized and Context-Aware Recommendations: The future of market basket analysis lies in providing highly personalized and context-aware recommendations. By leveraging user-specific data, such as browsing history and social media activity, businesses can offer more relevant product recommendations, enhancing customer satisfaction and loyalty.
4.  Explainable AI and Transparent Models: As the complexity of market basket analysis models increases, there is a growing need for explainable AI and transparent models. Researchers are focusing on developing algorithms that provide clear explanations for their predictions, enabling businesses to understand and trust the insights generated.

 Research Directions in Market Basket Analysis
1.  Handling Sparse and High-Dimensional Data: Addressing the challenges posed by sparse and high-dimensional data is a key research direction. Techniques such as dimensionality reduction, clustering, and matrix factorization are being explored to improve the efficiency and accuracy of market basket analysis on complex datasets.
2.  Ethical and Privacy-Preserving Analysis: With the increasing focus on data privacy and ethics, researchers are investigating methods to conduct market basket analysis while preserving user privacy. Techniques such as differential privacy and federated learning are being developed to ensure compliance with data protection regulations and maintain user trust. (Di Minin et al., 2021) 
3.  Cross-Domain and Multi-Modal Analysis: Expanding the scope of market basket analysis to include cross-domain and multi-modal data is an emerging research direction. This involves integrating data from various sources, such as social media, IoT devices, and external databases, to provide a more comprehensive understanding of consumer behavior.
4.  Scalability and Distributed Computing: Ensuring the scalability of market basket analysis models is critical for handling large volumes of data. Researchers are exploring distributed computing frameworks, such as Hadoop and Spark, to enhance the scalability and efficiency of market basket analysis on big data platforms (Anandhi et al., 2012); (García et al., 2016) 
5.  Enhanced Visualization and User Interfaces: Improving the visualization and user interfaces of market basket analysis tools is a key research direction. Effective visualization techniques, such as interactive dashboards and graph-based representations, enable businesses to easily interpret and act on the insights generated from market basket analysis.
The future of market basket analysis is marked by the integration of advanced machine learning techniques, real-time analysis, personalized recommendations, and explainable AI. Research is focused on addressing challenges related to sparse data, privacy, cross-domain analysis, scalability, and visualization. As these trends and research directions continue to evolve, market basket analysis will become increasingly powerful and versatile, enabling businesses to derive deeper insights, optimize operations, and enhance customer experiences.

3.3.4  	Results on findings on Algorithms used, evaluation metrics and future trends of MBA. 
Table 3: Primary algorithms and data preprocessing techniques used in market basket analysis
	Work
	Year
	Algorithm
	Preprocessing technique

	(Mooy et al, 2023) 
	2023
	Apiori
	Data separation, Data cleaning

	(Singha, 2023) 
	2019
	FP Growth
	Data selection, Data Cleaning, Dimensionality Reduction, Data Transformation

	(Dio et al, 2023) 
	2023
	FP Growth
	Data selection, Data transformation

	(Çiçekli, 2021) 
	2021
	Apriori
	Cleaning, integration, selection,
and transformation

	(Avcilar et al. 2014) 
	2014
	Apiori
	Data transformation, Data separation

	(Zulfikar et al. 2016) 
	2016
	Apiori
	Combining different products on Frequency

	(Abusida et al. 2019) 
	2019
	Apiori
	Data selection, Data splitting, Data filtering, Data transformation

	(Nur et al. 2019) 
	2019
	Apiori
	Encoding

	(Sutisnawati, et al. 2019) 
	2019
	Apiori
	Data Cleaning, Data Transformation

	(Karahan et al. 2019)
	2019
	Apiori
	Data cleaning, Data transformation, Encoding

	(Rizqi.  2019)
	2019
	FP Growth
	Data cleaning, Data transformation, 

	(Kavitha et al.,  2020)
	2020
	Apiori
	Data selection, Data cleaning, Data transformation

	(Nurzani et al., 2020)
	2020
	ECLAT
	Data transformation, Encoding

	(Qisman et al., 2021)  
	2020
	Apiori
	Data cleaning, Dimensionality Reduction, Handling Imbalanced Data



Table 4: Evaluation metrics and benchmarks used to assess the performance of market basket analysis models
	Work
	Year
	Data Source
	Methodology Used
	Performance Evaluation

	(Bali et al., 2020)
	2020
	NA
	K-nearest neighbors (KNN), Confusion matrix, Decision tree, Random Forest, Gradient Descent
	Model Name (Precision, Recall)
K-NN (0.88. 0.89), Decision
Tree (0.91, 0.92), Random
Forest (0.94, 0.94), Gradient
Descent (0.95, 0.95)

	(Li et al., 2018)
	2018
	Online Retail data consisting of 185,000 web pages visited in 9800 of 3500 visitors
	Multilayer perceptron (MLP), Long Short Term Recurrent Neural Network (LSTM)
	In the initial phase, MLP outperforms SVM and Random Forest in forecasting visitor purchasing intent with an accuracy of 87.24%, an F1-score of 0.86, a true-positive rate of 0.84, and a true-negative rate of 0.92. In the subsequent phase, LSTM-RNN predicts visitor inclination to exit the site without making a transaction.

	(Sakar et al., 2019)
	2019
	InstaCart's Online Grocery shopping dataset1 in 2017 comprises transaction histories of 206,209 customers, encompassing 3,411,083 orders across 49,685 products categorized into 21 departments and 134 aisles.
	Market Basket Analysis (MBA) using Recurrent Neural Network (RNN) with Long Short Term Memory (LSTM).
	RNN based Personal Purchasing Preference Pattern achieves an individual prediction accuracy 18.29% higher than the baseline.

	(Gangurde et al., 2018)
	2018
	Itemset, Biscuit, Cold drinks, Tea and Fast food
	Market basket Analysis (MBA) with Feed Forward Neural Network (FFNN)
	Four valid combinations for the rainy phase are (1,3,4), (1,3), (1,4), and (3,4).

	(Wang et al., 2015) 
	2015
	The Ta-Feng, BeiRen, and T-Mall datasets respectively encompass diverse retail and e-commerce transaction histories, covering a wide range of products and brands, involving significant user bases.
	Hierarchical representative model (HRM) based on Neural Network
	HRMmax, which utilizes nonlinear max pooling functions in both the initial and secondary layers, demonstrates superior performance across three datasets, achieving high F1 scores, Hit Ratio, and NDCG.

	(Carbone et al., 2022)
	2015
	Web logs and transaction log record
	Apache Flink streaming and batch data processing
	At a buffer timeout 50 ms, the cluster throughput increase from 1.5 - 80 million events per second with a 99th-percentile latency
of 50 ms.

	(Prakash et al., 2020)
	2020
	Two datasets Covid-19-India  and Covid-19-Data
 from Kaggle data source
	ML models based on the algorithms like SVM,
KNN+NCA, Decision Tree Classifier, Gaussian Naïve
Bayes Classifier, Multilinear Regression, Logistic
Regression, Random Forest Classifier, and XGBoost
Classifier
	Random Forest Regressor and Random Forest Classifier has outperformed other models in terms of CoD and Accuracy.

	(Ojugo  et al., 2019) 
	2019
	Knowledgebase consists of historic, observed-structured items co-occurrence dataset (feats) of market basket for Delta Mall (Shoprite) Asaba and Warri respectively
	Genetic algorithm (GA), Artificial neural network (ANN), GANN model pseudocoded
	memetic (genetic algorithm trained neural net) GANN model as used for classification of market basket data – adapts GA to help speed up the final stages of ANN and thus, yield a robust optima in the shortest amount of time for such a dynamic and complex task


Table 5: Future trends and research directions in market basket analysis
	Work
	Year
	Data Source
	Future Trend Algorithms

	(Bali, et. al., 2020)
	2020
	NA
	K-nearest neighbors (KNN), Confusion matrix, Decision tree, Random Forest, Gradient Descent

	(Li et. al., 2018)   
	2018
	Online Retail data consisting of 185,000 web pages visited in 9800 of 350 visitors
	Multilayer perceptron (MLP), Long Short Term Recurrent Neural Network (LSTM)

	(Sakar et al., 2019)
	2019
	InstaCart's Online Grocery shopping dataset1 in 2017 comprises transaction histories of 206,209 customers, encompassing 3,411,083 orders across 49,685 products categorized into 21 departments and 134 aisles.
	Market Basket Analysis (MBA) using Recurrent Neural Network (RNN) with Long Short Term Memory (LSTM).

	(Sagina et al., 2018)
	2018
	Itemset, Biscuit, Cold drinks, Tea and Fast food
	Market basket Analysis (MBA) with Feed Forward Neural Network (FFNN)

	(Wong et al., 2021) 
	2015
	The Ta-Feng, BeiRen, and T-Mall datasets respectively encompass diverse retail and e-commerce transaction histories, covering a wide range of products and brands, involving significant user bases.
	Hierarchical representative model (HRM) based on Neural Network

	(Carbone et al., 2015)
	2015
	Web logs and transaction log record
	Apache Flink streaming and batch data processing

	(Prakash et al., 2020)
	2020
	Two datasets Covid-19-India  and Covid-19-Data
 from Kaggle data source
	ML models based on the algorithms like SVM,
KNN+NCA, Decision Tree Classifier, Gaussian Naïve
Bayes Classifier, Multilinear Regression, Logistic
Regression, Random Forest Classifier, and XGBoost
Classifier

	(Ojugo  et al., 2019)
	2019
	Knowledgebase consists of historic, observed-structured items co-occurrence dataset (feats) of market basket for Delta Mall (Shoprite) Asaba and Warri respectively
	Genetic algorithm (GA), Artificial neural network (ANN), GANN model pseudocoded



4.0 Discussions
4.1 Summary of Evidence:  Critical Evaluation of Traditional and Hybrid Models
Traditional Market Basket Analysis (MBA) models, such as the Apriori and FP-Growth algorithms, have proven effective in identifying frequent itemsets and generating association rules from transactional data in results stated in Table 3. These algorithms provide foundational insights into consumer purchasing patterns, helping businesses optimize inventory management and product placement. However, they exhibit notable limitations when applied to large-scale, high-dimensional datasets, particularly in modern e-commerce environments where data is generated in real time and must be processed quickly.
4.1.1 Critical Performance Gaps:
Traditional algorithms, such as Apriori, suffer from computational inefficiency due to their exhaustive candidate generation process, especially when dealing with a vast number of potential itemsets. Although FP-Growth improves on Apriori’s performance by using a compressed data structure (FP-tree), it still struggles with high-dimensional, sparse datasets and is not suited for real-time processing.
Hybrid models, which combine traditional MBA techniques with advanced machine learning methods, particularly Recurrent Neural Networks (RNNs) and Genetic Algorithms (GA), address many of these challenges by improving the accuracy and scalability of predictions. For example, RNNs are particularly useful for capturing temporal dependencies in consumer behavior, which traditional models cannot handle. Genetic Algorithms enhance the rule discovery process by optimizing association rule mining, (Heydary et al., 2017) particularly in dynamic and complex datasets.
4.2 Outperformance of Hybrid Models:
Studies by (Prayitno et al., 2023); (Puri et al., 2016) show that hybrid RNN-based models significantly outperform traditional MBA approaches in predicting next-purchase behavior, a critical component of modern recommendation systems. RNNs leverage the sequential nature of transactional data, allowing for more accurate predictions of what a consumer is likely to purchase next based on past behavior.
Similarly, Genetic Algorithms have been shown to be highly effective in optimizing rule selection, enabling businesses to uncover non-trivial associations that might be missed by traditional models. This optimization is particularly useful in industries where the volume and variety of products are large, and understanding complex customer preferences is essential for marketing and promotional strategies.
However, while hybrid models provide these clear advantages, they also introduce new challenges, particularly in terms of interpretability. Machine learning-based models, especially those using deep learning like RNNs, are often seen as "black boxes," where the decision-making process is not transparent. This lack of explain ability can hinder businesses’ trust in these models, making it difficult to justify or operationalize their use without further advancements in explainable AI (XAI).
4.3 Scalability Challenges in Hybrid Models
Despite the benefits of hybrid models, scalability remains a significant challenge, particularly when handling large-scale datasets with real-time processing requirements.
Computational Cost: Hybrid models, such as RNNs and GAs, often require substantial computational power, particularly when applied to high-dimensional data. Training an RNN model, for example, involves processing sequential data over multiple time steps, which can be computationally expensive. This cost increases exponentially with the size of the dataset and the complexity of the sequential patterns involved. Businesses with limited computational resources may find it difficult to implement these models at scale without investing in high-performance computing infrastructure.
Real-Time Processing: Traditional MBA models are generally batch-oriented, meaning they analyze large datasets after data collection. In contrast, modern businesses require real-time insights to remain competitive, particularly in fast-moving industries such as e-commerce and digital marketing. Hybrid models offer the potential for real-time analysis, but this capability comes at a significant computational cost. Real-time stream processing platforms like Apache Kafka and Apache Flink can facilitate this, but integrating these platforms with hybrid models requires advanced systems engineering and significant investments in IT infrastructure.
Memory and Storage: Models like FP-Growth and RNNs require substantial memory resources, particularly when working with dense and high-dimensional datasets. For example, while FP-Growth compresses data using an FP-tree structure, maintaining this tree for large-scale, real-time data streams can quickly consume memory. Similarly, RNNs often require large amounts of storage for maintaining sequence histories across multiple layers and time steps. Businesses with limited storage and memory capacity may struggle to deploy these models effectively.
Scalability in Cloud Environments: To overcome the resource limitations of local infrastructures, many businesses are turning to cloud-based solutions for scaling MBA models. Cloud environments can dynamically allocate resources to meet the demands of real-time processing and high-dimensional datasets. Hadoop and Spark are distributed computing frameworks that can handle large-scale MBA models, including hybrid approaches. However, the cost of running these services on cloud platforms can be prohibitive, especially for small- and medium-sized enterprises (SMEs).
Scalability vs. Accuracy Trade-Off: There is often a trade-off between scalability and accuracy in MBA models. Hybrid models, while offering higher predictive accuracy and better handling of complex datasets, may sacrifice scalability due to their increased computational requirements. Balancing this trade-off requires careful optimization of model parameters and infrastructure decisions, ensuring that businesses can derive meaningful insights without overwhelming their computational resources.
4.4 Addressing Scalability through Distributed Computing
A potential solution to these scalability challenges is the use of distributed computing frameworks, such as Apache Spark and Hadoop. These frameworks allow for the parallel processing of large datasets, distributing the computational load across multiple machines. Distributed computing can help alleviate the memory and processing bottlenecks encountered by hybrid models when applied to large-scale data.
Apache Spark offers advanced in-memory processing capabilities, which can speed up the execution of machine learning algorithms like RNNs and reduce the overall training time. Hadoop, with its distributed file system (HDFS), allows businesses to store and process vast amounts of data, making it suitable for handling large-scale MBA implementations.
However, while these distributed frameworks offer solutions to scalability, they introduce additional layers of complexity in model deployment and maintenance. Businesses must ensure they have the technical expertise to manage distributed computing environments and optimize their hybrid models for efficient performance in these systems.
The scalability of hybrid models is a major concern in their widespread adoption, particularly for small and medium-sized businesses. While hybrid approaches such as RNNs and GAs provide clear advantages in terms of predictive accuracy and handling complex datasets, their computational demands and infrastructure requirements may limit their practical use. Distributed computing frameworks like Apache Spark and Hadoop offer promising solutions, but they require significant technical expertise and investment. Future research should focus on optimizing hybrid models to balance accuracy with scalability and explore cost-effective solutions for deploying these models in real-time environments.
4.5 	Future Research Directions
Looking forward, the future of MBA lies in the continued integration of cutting-edge technologies. The adoption of real-time data processing frameworks, such as Apache Kafka and Apache Flink, is set to revolutionize the field, allowing businesses to analyze transactional data as it is generated, leading to more timely and context-aware recommendations. This capability will be particularly valuable in industries where consumer preferences change rapidly, such as retail and digital marketing. Additionally, the rise of explainable AI (XAI) is another important trend, addressing the need for transparency in complex machine learning models. As MBA models become more advanced and integrated into critical decision-making processes, the ability to understand and trust the recommendations provided by these models will become increasingly important for businesses.
One of the most pressing issues identified in this review is the ethical use of data in MBA. With the increasing availability of consumer data, ensuring that these analyses are conducted in an ethical and privacy-preserving manner is paramount. Techniques such as differential privacy are emerging as essential tools for protecting consumer data while still enabling businesses to extract valuable insights from transactional records. Future research must continue to explore ways to balance the need for detailed consumer insights with the growing regulatory and ethical concerns surrounding data privacy.
Furthermore, the potential for MBA to expand beyond its traditional retail applications is vast. Emerging research points to the applicability of MBA techniques in sectors such as healthcare, where patient treatment data can be analysed to identify patterns that improve care outcomes (Jhang et al., 2019), and in finance, where transaction histories can be used to detect fraudulent activities. The integration of multi-modal data from diverse sources such as social media, Internet of Things (IoT) devices, and external databases is another promising direction that could lead to richer, more holistic analyses of consumer behaviour.


5. 	Conclusion
This systematic review presents a thorough examination of the advancements in Market Basket Analysis (MBA), particularly highlighting the critical role that intelligent hybrid models play in evolving the field. By integrating traditional association rule mining algorithms with advanced machine learning techniques, MBA has shifted from a basic tool for identifying consumer purchasing patterns to a sophisticated system capable of handling complex, high-dimensional, and real-time data. This review underscores the growing importance of machine learning algorithms such as Recurrent Neural Networks (RNN) and Genetic Algorithms (GA) in improving the precision and scalability of MBA models, particularly in dynamic environments like e-commerce and personalized recommendation systems.
A key focus of this review has been on the data preprocessing methods that ensure the robustness and efficiency of MBA. The importance of preprocessing techniques such as data cleaning, transformation, and dimensionality reduction cannot be overstated, as they are fundamental to preparing datasets for analysis. Moreover, addressing challenges posed by sparse and imbalanced data, through techniques like SMOTE and PCA, has been shown to enhance the performance of MBA models across diverse applications. These methods not only improve the reliability of the insights generated but also optimize the computational efficiency of the models, which is crucial when working with large-scale datasets.
In addition to data preprocessing, this review has outlined various evaluation metrics and benchmarks that are essential for assessing the effectiveness of MBA models. Traditional metrics such as support, confidence, and lift continue to play a pivotal role, but the incorporation of more advanced measures like F1-score, precision, and recall has enabled a more nuanced evaluation of model performance, particularly in hybrid models that incorporate machine learning. These metrics provide businesses with a robust framework for evaluating the quality of their market basket analyses, ensuring that strategic decisions are grounded in accurate and reliable data insights.
Finally, this systematic review has provided a comprehensive exploration of the current state and future potential of Market Basket Analysis. The evolution of MBA, from its roots in association rule mining to the integration of advanced machine learning techniques, highlights the field's ability to adapt to the growing complexities of modern data environments. As the discipline continues to evolve, researchers and practitioners must address challenges such as data sparsity, ethical concerns, and model interpretability while embracing innovations in real-time processing, explainable AI, and cross-domain applications. The insights presented in this review offer a valuable foundation for future work, helping to drive further innovation and foster a deeper understanding of consumer behaviour in an increasingly dynamic and data-driven world.
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