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Abstract: The market trends rapidly changed over the last two decades. The primary reason is the newly created opportunities and the increased number of competitors competing to grasp market share using business analysis techniques. Market Basket Analysis has a tangible effect in facilitating current change in the market. Market Basket Analysis is one of the famous fields that deal with Big Data and Data Mining applications. MBA initially uses Association Rule Learning (ARL) as a mean for realization. ARL has a beneficial effect in providing a plenty benefit in analyzing the market data and understanding customers’ behavior. An important motive of using such techniques is maximizing the business profit as well as matching the exact customer needs as closely as possible. In this survey paper, we discussed several applications and methods of MBA based on ARL. Also, we reviewed some association rule learning measurements including trust, lift, leverage, and others. Furthermore, we discuss some open issues and future topics in the area of market basket analysis and association rule learning.
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1  Introduction

From the growing corner stores of the 1900 s to modern superstores the shopping experience has changed. The transition led to a new age of international competition and business opportunities. Consumers currently have a broad variety of options, in virtually every sector simultaneously. Also, Consumers can choose from a wide variety of items in the same sector irrespective to the season and other obligations [1,2]. All these options provide the businesses to have an unlimited set of possibilities for enhancing sales and services. However, these possibilities also open up the path for the new competitors entering the market. This leads to a more tough competition than before [1,3,4]. Therefore, to cope up with such scenarios, the retailers are adopting progressive marketing strategies at a rapid pace to have a chance to retain their market share [5].

Market Basket Analysis (MBA) has shown remarkable adoption in both developed and developing countries. In the current time, many multinational retailers’ stores are using different techniques of MBA to achieve higher profits [6]. Furthermore, it is not possible to accomplish a MBA without knowing your customers, demands of the market, individual behavioral attributes, and changing environment. For all this, the key element is obtaining the data about the customers’ purchases, choices, and demands based on their behavior [2,7]. The growth of the amount of data has grown exponentially in the past few decades [2]. There are loads of data generated daily that may appear irrelevant and thus are ignored by the customers, however, as for enterprises that seek to tap more profit they should utilize such data to turn it into relevant and meaningful information. The terminology used for such a process in which an irrelevant stream of data is transformed to generate relevant information is Data Mining (DM) or Knowledge Discovery and Data (KDD) [8]. DM has the capability of retrieving meaningful information from large volumes of repositories of data. DM has covered almost every aspect of life, from education, manufacturing, business to weather forecasting, in recent times [9].

Association Rule Mining is one of the conventional data mining techniques as well as Neural Networks, Classification Models, Clustering, Sequence Discovery and many more. For the MBA, the researchers commonly prefer ARL and clustering techniques, as these have shown better results over the period. However, recent studies are also influenced by hybrid approaches such as Swarm Intelligence (SI), Genetic Algorithms (GA), and Evolutionary Computation (EC) [10–13].

In this survey, we aimed to show the importance of association rule mining in the area of market basket analysis through presenting difference applications in various field. We tried to highlight some methods and techniques used for association rule mining and visualizing. This paper divided into five major sections. First, a background about data mining, association rule mining, and market basket analysis is presented in Section II, where we explain some relevant parameters. Then, Section III constitutes a literature study in the field of market basket analysis applications based on association rule mining. The study of twenty quartiles or ISI journal papers from the last five years is presented in Tab. 1 as a summary of the literature. Sections IV, and V consist of discussion and open research areas respectively. Lastly, Section VI is the conclusion of the paper.
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2  Background

In this section we will give an overview on data mining and market basket analysis as well as explaining some relevant parameters.

2.1 Data Mining (DM)

Data mining methods have been used successfully in different fields so far. For instance, in the marketing world, fraud detection, health insurance,…etc. Data mining techniques can also go further and continue to prevent fraud and maltreatment in different field. In the health care sector, pharmaceutical providers may take better actions on consumer service, doctors recognize appropriate procedures and best practices, and consumers are given safer and affordable medical services [11,14,15].

Recently, data mining is very helpful in the marketing field epically in basket analysis and consumer segmentation. Consumer segmentation includes the separation into smaller consumer segments with the total client pool, comprising with identical customers in each particular segment. This technique of segmentation is useful for identifying and grouping customers based on their attributes and qualities [16].

Moreover, the analysis of transactional data is one of the most impactful applications for data mining, known as “Association Rule Mining”.

2.2 Association Rule Learning (ARL)

Association rule mining or Association analyzes, which are widely used for the market basket analysis, is also known as the affiliation analysis or the association rule extraction [12]. At present, ARL is the most convenient approach to analyze market basket dataset, where there is a considerable number of sales transactions. Each transaction is a list of objects in a documented transaction ledger. Transaction, in general terms, is an arrangement, agreement, or small portion of sale. A traditional purchase in the field of marketing consists of a collection of items bought at a sales shop. Usually, all the information of a particular transaction is entered in the database for storage. Including item’s prices, quantities, some user information,.…etc. [17].

Association Rule is the relationship between items in one sale shop or supermarket. Before introducing support and confidence values, let discuss some terms. Let I be a set of n attributes called items, I = {i1, i2, …, in}. Let D = {t1, t2, …, tm} which is a set of m transactions (the database). Each transaction in D contains a subset of the items in I and has a unique transaction ID. A rule is defined as a connotation of the form A → B where A, B ⊆ I and A ∩ B = Ø. The rule A → B means -in the aspect of supermarket data- buying A (can be an individual item or a sets of items) implies buying B (can be an individual item or a sets of items). In other way, we could generalize this rule and say if the customer buys item A, he/she is most likely to buy B in future. Moreover, rules are often restricted to only a single item in the consequent (right-hand-side of the rule).

2.3 Quality Measures of Association Rule

The association rule learning resulting matrix typically ends up being big and scattered (this differs from one ARL algorithm and another), however, this led to the need of some evaluation measures of the resulting matrix. The existence, purpose, and power of an association rule are generally described in two indices: presence or nature and strength of a rule [12].

The most knowing quality measures of association rule are support and confidence [11]. Association rules are usually extracted based on these two measures:

Support

The item or itemset is assisted by the proportion of transactions comprising the item or itemset in the dataset. Some rules may have low support value under circumstance. A rule with low support may also has little commercial value, as marketing of products “seldom bought together” would not be lucrative [8]. Eq. (1) shows the support value indicating the ratio of receipts contains A and B between sales slips in database D.

Support= P(A∩B)N(1)

The support value can be calculated as the probability of having A (can be an individual item or a sets of items) and B A (can be an individual item or a sets of items) together in same transaction in the database, divided by the total number of transaction. Moreover, the support value of individual item is usually greater than the support of this item aggregated with another item: ex: supp (A) ≥ supp (AB) [18].

Confidence

Confidence value indicates the strength of the rule. It is characterized as the conditions that indicate that the left-hand side transaction contains right hand side as well. Causality does not automatically mean the assumption made by an interaction statute. Instead, it indicates a clear co-occurrence between the preceding and consequent objects [19]. Eq. (2) shows the formula of calculating the confidence vale.

Confidence= P(A∩B)P(A)(2)

The confidence value can be calculated as the probability of having A (can be an individual item or a sets of items) and B A (can be an individual item or a sets of items) together in same transaction in the database, divided by the probability of having A in in any transaction (occurrence of A in D). Moreover, if the supp (A) ≥ supp (B) then definitely the conf (A → B) ≤ conf. (B.→ A) [18].

The effectiveness of an association rule is determined by confidence and support. Since the repository of data is enormous, there is an increased probability that too many unimportant rules have no benefit to the cause of marketing. To avoid these errors, the author in [9] establish a support and confidence level after evaluation, such that only useful and relevant rules are generated [9].

There are other quality measures for association rule identifying the interesting level of a rules. They are trust, leverage, lift, Net confidence, conviction, Interestingness, and Comprehensibility. These extra measures give more insight about the rule generated by any algorithm. Tab. 1 summarizes these measures.

Below is some explanation of each measure [11, 20–23] and [18].

Trust: This value measures the extent to which a rule is good at guessing which item will show on its right-hand side. But if the item on the right-hand side are common item, the rule might not be interesting for analyst.

Levereg: For the Levereg value, if it is greater than 1 this mean there is a positive association between those products (A and B appear more together than expected). So, the rule is interesting, for example: if a leverage value is greater than 1 in a two-product rule, the sale of one product may increase the sale of the other product.

On the other hand, if the Levereg value less than 1, this mean a negative correlation between A and B products. Usually, rules with leverage less than 1 are ignored. Finally, if the Levereg value = 1, that mean there is no correlation totally (independence).

Lift: This value is first gathered when knowledge is given on the presence or not of interaction between A and B or whether the relationship is positive or negative. If the Lift value is less than 1 OR greater than 1 then that means, there is an interest on the corresponding association rule. If the Lift value equal 1 then this indicate that there is no interest.

Netconf: This measure takes value between −1 and 1. It tests the importance of ARs on the basis of transactions that support the rule and its antecedent and consequential. Netconf has the ability to recognize and prevent misleading rules which are not recognized by confidence value.

Conviction: Conviction tests the dependency between A and the absence of B (¬B OR Not B). The problem of this measurement is determining the Conviction levels (threshold value) for rules is a difficult task due to its infinity domain. If the Conviction value is equal to 1 then A and B are independent of each other. And if the Conviction value is less than 1, then the related rule can be established.

Interestingness: This measure takes value between 0 and 1. The actual method of calculating the Interestingness value is to divide the dataset based on the existence of each attribute in the left-hand side of the rule. A rule consequent (right-hand side of the rule) Can contain different number of attributes that are not predefined. But this method could be impossible for ARL. So, this value being measured using the support values of the antecedent and consequent as presented in the table.

Certain Factor: Certain Factor is indicated as a measure of the probability that B is in a transaction when only those transactions where A is present are considered. It is calculated using the support and confidence formula. Certain Factor has the ability to recognize and prevent misleading rules which are not recognized by confidence value.

Comprehensibility: Comprehensibility test the clarity of a rule. If the number of conditions involved in the following part of a rule is greater than those in antecedent part, the rule is more comprehensible. Comprehensibility usually takes value between 0 and 1.

2.4 Market Basket Analysis (MBA)

Market basket described as a collection of products that a customer buys together during a single shop visit. On our visit to a supermarket, we sometimes purchase and bring several different items in a single basket from individual categories. This known as one unique purchase [24]. Market Basket Analysis (MBA) is the best technology for analyzing and finding relationships and trends among the supermarket products. Moreover, the study of the market basket involves numerous analytical methods to discern similarities and correlations between individual products, to uncover client attitudes and ties between items. Moreover, market basket analysis is used for marketing purposes based on the principle that once a buyer purchases a collection of products, he or she may purchase a further category of items more (sometimes less). For instance, it is understood that, in most situations a client often selects bread while buying milk. The firms that market their goods are involved in specific patterns that are made in purchasing. To implement innovative marketing or sales approaches to enhance the value of the companies around the world and consumer interactions, retailers or warehouses would like to examine the products being bought collectively [25]. Several shopping sectors focus more on what their buyers purchase. However, when a customer purchases it, they disregard the reality of behavior. That is indeed a significant influence on consumers’ shopping behavior [8]. The key emphasis of the MBA is not only “what”, but also “where” the consumer buys. According to magazine marketers, it’s currently the top phenomenon in which time plays a significant role in seeking and anticipate the upcoming global change and data-driven marketing [2]. This will help us foresee a prosperous future for the retail business.

The ARL is a primary method in MBA for applying stock management techniques for upstream transactions and cross-selling. ARL is a preference study used to explain the actions of customers concerning the sorts of transactions that they generate [12]. It has been a data mining methodology that has initially been utilized for marketing intent by collecting correlations and co-occurrences from a sales repository to acquire an awareness of consumer buying behaviors. For instance, consumers hardly purchase a single item when shopping in a supermarket and often more likely to buy a whole food package, mostly from various product categories. This helps us identify unnoticeable, hidden and trigger-intuitive correlations between items or categories. It is possible to distinguish goods and types of items that are acquired collectively, so the specific items can be described as association rules. This organization guidelines require administrators to implement strategic techniques such as the development of initiatives and promotion of different types of products that ultimately leads to more money being invested by consumers based on two separate concepts [9]. A promotional bundle that consists of the purchasing of a significant quantity of the same product or the introduction of new features and the cross-selling of additional items in subcategories [8].

Fig. 1. Classify different approaches for the association rule learning in the market basket analysis field. For the evolutionary algorithmic (EA) approach, genetic algorithms-based and Swarm-based approaches are the most widely used approaches. Recently, there is a wide use of multi-objective evolutionary algorithms too [26]. The association rule learning process considered as a multi-objective problem when the rule evaluation measures have different objectives.
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Figure 1: ARL approaches for MBA

Partitioning and Combining is the easiest discretization numerical ARL approach. It is easier to understand as well as to implement but is produced redundant association rules. An effective and alternative approach to find meaningful regions for the discovery of association rules is the clustering-based approaches. Clustering approaches primarily focus on the generation of appropriate intervals using the concept of density variance or dense regions. An efficient hierarchical clustering and visualization algorithm for the association rules is discussed in the literature. For the fuzzy-based approaches, the classical fuzzy techniques for association rule learning used the linguistic terminologies as a bases for defining partitions. Partition points are used to divide neighboring fuzzy sets. But there is an optimization problem in the selection of partition points caused a higher exec-time as the dataset size increases. This problem was solved by modern optimized fuzzy-based approaches [11].

The generic approach for market basket analysis using ARL is illustrated in Fig. 2. The generic approach starts with the combination process -if needed- where the data is combined in one dataset from multi business data sources. Then, if there is any predefined steps or proposed framework for domain knowledge or feature selection method and pruning will be applied. Then, the analysis and rule generation step (list of association rules).
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Figure 2: Generic approach for market basket analysis using ARL [3]

3  Literature Review

3.1 MBA Applications

The concept of an MBA is not only limited to the supermarket or utility stores. It can also be applied in sports, [19] where MBA is used for the analysis of tactical patterns in Elite Beach Volleyball game. The author proposes a data mining approach combined with Sequential Association Rule Mining (SARM). The dataset was collected from the 400 games played at FIVB between 2013 and 2016. The huge amount of data is distributed into small rallies consisting of three touchpoints by a single team. The clustering technique is used in the post-processing of SARM, producing ordered rules data for each defined rally. More work is still required to reduce the complexity of the model because more post-processing steps refine the rules in better form with complexity overload [19].

The authors in [21] used MBA with ARL techniques in the healthcare field. This research was to identify the metabolic profiling of a human-based on the diet intake. The authors claim that this is the first use of MBA in metabolomics field. The researchers used Nuclear Magnetic Resonance (NMR) to obtain transaction data of the diet intake. They measured the chemical data using NMR and plasma optical emission spectrometer. Based on the diet analysis and MBA, the software suggests the calories intake and burn habits, thus avoiding disease procurement at initial stage. Moreover, in this study, the data were divided into three classes of high, low, and null. In addition to that more than 5 million rules were identified with approximately 4000 selected by applying a threshold value of high confidence. Based on these rules, humans can plan their dietary routines [21]. The work in [22] also is related to healthcare, it discusses the dietary habits of children in schools in the USA. The MBA analysis is performed to generate clusters of variant categories. These clusters can be utilized to plan a dietary routine for different categorize of the children depending on their habits and obesity category [22].

To further strengthen the case of MBA applications, the author in [27] dealt with the sales and promotions in the hospitality sector that could be arguably similar to the supermarket structure. The author proposed the use of a MBA for a prestigious hotel in Australia to enhance sales and promotions other than just marketing the room related services. It is claimed that the MBA produces an upward graph in the sales of the hotel [27]. The methodology reveals the information of the customer relating the nature of the room, the food utilized, time spends, and services attain. All these attributes for a single customer generate one row of a record stored in the database, and ARL can be used on these sets of records to correlate the various services. The retrieved information is also helpful for future promotion plans and services [27].

3.2 Association Rules Representation and Visualization

The visualization enhances the decision-making of a sales manager or analyst by providing deep insight into the correlated products, as discussed by [25,28]. The author in [25] uses MST for the visualization purpose as well for the association rules learning. MST technique which is complementary Association Rules with Minimum spanning tree (MST). This technique complements the search for significant association rules among the set of rules as well as defining the correlation between the products of the same category [25]. This deep insight into the correlation between products of the same category enhances the decision-making of a sales manager or analyst.

Fig. 3. shows the proposed methodology of [25]. The most importance idea in the first step of data pre-processing, is eliminate items with very low appearance. As the author mentioned, it could be not convenient to work with products at a very disaggregated level. Moreover, it is wasting time more than improving the accuracy. In this methodology, edges and nodes distance is calculated while constructing the MST. Nodes importance value is calculated in the step of finding key products. Conclusively, this proposed method has shown its worth in the increase in the sales and the effectiveness of promotional events.
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Figure 3: The proposed methodology of [25]

In [28], R language is used to visualize the data gathered by IoT in sales market. The experiment shows a satisfactory accuracy level and a better performance in aspect of visualization data.

Furthermore, [25] proposes a method for the post-processing of association rules. The rules defined in ARL are generally large in numbers, and there is no method to combine complementary rules. Therefore, an expert is always needed to perform and refine the rules in the post-processing of ARL. The author in [23] suggested a group matrix-based visualization method to refine the generated rules with the capability of combining the complementary rules set of items. Thus, creating small to large clusters to organize data according to rules. The R software is used for implementation purposes. The confidence level is scattered between 0.54–0.63 that shows the removal of outliers and a lift of 18.99 at peak max value [23].

Fig. 4. shows an example of the proposed method with k = 20 (number of clusters). In this method of visualization, a balloon plot chart is used. The antecedent groups or the left-hand side of the association rule are represented as columns, while the consequences or the right-hand side of the association rule are represented as rows. The size of the balloon represents the support value, and the darkness represents the lift value of each referenced rule. The cluster containing the most interesting lift rules in Fig. 4 is shown in the top left-most column. For example, the following two rules are belonging to that cluster: {Instant food products, soda} → {hamburger meat}, this rule has a support value of 0.00122, confidence value of 0.631 and a lift value of 18.995. Another rule in the same row and column is {whole milk, Instant food products} → {hamburger meat}, this rule has a support value of 0.00152, confidence value of 0.5000, and a lift value of 15.03823. Another cluster in the same column has only one rule which is: {whole milk, Instant food products} → {other vegetables}, this rule has a support value of 0.001525, and confidence value of 0.5000, and a lift value of 2.58408.
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Figure 4: Visualization of grouped matrix provided by [23]

The generated rules are nested as a group in each cluster. This form a hierarchy structure of subgroups to allow the user to drill down for another grouped matrix for any specific cluster and explore the entire set of rules. Fig. 5. Illustrates the concept further.

Similar nature of the task is done by [24] for the visualization of ARL. The visualization is a cumbersome task when it comes to a large amount of transaction data. The two major problems in the visualization of ARL are the cardinality of the set of rules and the proportion of rules complementing each other as antecedent [24]. To address the issue author proposed a visualization technique for simple association rules extraction called Structured Association Map (SAM). SAM follows the clustering structure of the heat map, but the ordering mechanism makes SAM unique for the easy identification of association rules and related information. Moreover, a testing index is also proposed to evaluate the SAM results called S2C. This technique is applied to a data set of a mass health test result. The results of the experiment show that SAM with a high S2C value greatly reduces the difficulty of the association rule analysis through avoiding the irrelevant association rules. The limitation of S2C is its working with 2x2 association rules set [24].
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Figure 5: Visualization of sub-grouped matrix provided by [23]

3.3 ARL Implementation, Methods, and Algorithms

Association rule learning was initially implemented using Apriori algorithm. In [20], market basket analysis was done through Apriori and FP-growth algorithms. The authors compared those two algorithms using data of supermarket from Vancouver Island University website. Apriori fails at first level due the categorized nature of data. Therefore, an advancement of Apriori, FP-growth algorithm is used and implemented in Weka tool. There are total of 225 products in the dataset to form the rules. Out of set of rules only 10 are considered passed and assigned with conviction values. It is shown that the Rule 1 is tested in the real scenario and gained confidence level equal to 1 (100% confidence level). Similarly, other rules also proved to be correct and hence the overall activity shows positive figures in sales and profits of the supermarket [20]. A recent study in 2019 [29], also compared these two algorithms (Apriori and FP-growth) with a French Bakery Retail Store and confirms that FP-growth performs better than Apriori in terms of the execution time. Both produced similar association rules. In this study, Transaction Encoder was used to map the dataset into binary item list or NumericToNominal dataset. Here, NumericToNominal is a binary dataset having values either 0 (not purchased) or 1 (purchased). The comparison between those two algorithms were conducted under a minimum support of 0.01 and a minimum confidence of 0.05. The results show that if we use reduction with top 50%-55% selling products, then: the time required for both algorithms decrease, and it gives same rules and almost same frequent item sets for various support levels. So, it is beneficial to use reduction for less computation efforts [29].

A similar type of work is produced by [30] suggesting FP-Tree as a novel data structure to avoid the Apriori bottleneck problem. The frequent pattern mining has nodes representing the most frequent and less frequent items in hierarchical tree order. The model is implemented in python and produced 10% better results as compared to the previous methods [30]. Authors also discuss different fields of MBA and ARL, such as web click data, log files, and questionnaires.

Similar work is proposed by [31] for the frequent itemset data based on time series transactions. The author proposed a modified Apriori algorithm with Time constraint properties of the ARL approach. The modified Apriori algorithm outperformed traditional Apriori in terms of storge space for the time series frequent dataset as shown in Fig. 6.
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Figure 6: Comparison between the improved frequent itemsets Apriori algorithm and the traditional Apriori algorithm based on storage space [31]

Apriori algorithm is also modified in another article [32] for the MBA of transaction database. The modified Apriori algorithm builds a 0–1 transaction matrix to attain the weighted value of confidence. The modification reduces the time of memory access, the number of I/O operations, and increases the support for rare products. Although the support factor of other products is decreased, this decrease results in the effective extraction of hidden and valuable items [32].

The algorithm proposed by [32] is shown in Fig. 7. The main idea in this proposed improvement is that the database scan of transaction is done only once. Get the transaction identifier set for each item, then before the candidate item sets Ck come out, further prune Lk-1 : count the times of all items occurred in Lk-1, delete item sets with this number less than k-1.
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Figure 7: Flow chart of the proposed algorithm by [32]

The ARL and MBA is an important factor to arrange items on a shelf to increase sales. However, it is also critical to increase and identify the pattern of quantity item sale in an invoice. [33] proposes a technique to deal with frequent item sets in the aspect of utility invoice. An extra attribute of quantity and price per quantity of an item is included from the database. A novel NUFM algorithm is suggested for utility mining. The algorithms define rules based on frequent items with their sales per quantity and price per quantity. The algorithm assigns a specific weightage to each transaction for the items selected and quantity taken. The proposed method helps make business decisions with the ordering of shelves [33].

In [18], a comparative analysis is performed for the Uninorm (interestingness measures). This measure taking into consideration 3 factors: which store is, the user information and when (time). So, the transaction in this study is fully detailed as Ts,u,t = I2 I5 …Ii …etc. read as “A unique transaction T occurring in store ‘s’ for user ‘u’, in time period ‘t’, contains items I2 I5… etc.”. The Uninorm was compared with Jaccard measure, Cosine Similarity, and Conviction models of ARL. It outperformed all three on the monotonicity principle. The only acceptable performance by the remaining three on principle is given by Jaccard measure with high antecedent [18].

MBA is a critical factor in the categorization of sales items and decision-making. Through the MBA, the products can be classified on their quantitative and qualitative characteristics. Clustering techniques are applied to classify market basket data by [3] with the assumption that customers buy at most one product from each category. The author uses a genetic algorithm to optimize the generated problem and implemented the model to categorize items in a Czech drug store company. The resulted clusters of items are similar to that of experts’ classification of items. Moreover, the population size is kept to 500 to avoid computational complexity. It is shown in paper [3], that with synthetic data, the model produces more accurate results as compared to the real data that, in some cases affected by individual behavior violations. The test is taken on the whole population and subdivisions of population-based on selecting all categorize and selection half of the categories. However, more than one item selected in all categories is less impacted by the violation rules [3].

With the variant application fields of ARL, it is also to be noted that ARL algorithms can be designed for different computing environments. A survey [12] is conducted to cover the evolution journey of ARL covering sequential computing, parallel and distributed computing, grid computing, and cloud computing. The author provided three classes of sequential computing as Apriori based, Eclat & Clique based, and FP-growth based. Apriori based algorithms generate frequent item sets with candidate item sets generations while FP-Growth based algorithms generate frequent item sets without generating candidate item sets. Eclat & Clique based algorithms are based on equivalence classes & hypergraph clique clustering and lattice traversal schemes [12]. It is also argued that sequential algorithms are enhanced to design parallel and distributed computing algorithms that work for homogeneous clusters. However, when it comes to heterogeneous clustering in distributed and, more specifically, grid computing, the performance of these algorithms faces noticeable degradation. Therefore, novel algorithms are designed for the grid and heterogeneous clustering. For such types of computing and clusters, Hadoop MapReduce provides the basic structure of execution and solves the problem of memory and processing capacity in single computers [12].

Whenever an MBA is discussed, a related technique of Association Rule Learning (ARL) emerges as the most suitable model for MBA [11]. However, a MBA can be implemented with several other techniques as well, and similarly, ARL also have different implementations such as evolution-based, Physics inspired, swarm intelligence based and hybrid approaches [11]. In [11], the authors divided the ARL into various categories and discussed number of studies applied various Machine Learning (ML) techniques. [11] conclude that Genetic Algorithms (GA) are the most commonly used algorithms for all kinds of ARL. However, the trend is shifting towards Evolutionary Computation (EC). EC is producing better results in a hybrid approach with meta-heuristics. Although the area is still wide open for the researchers to test algorithms like Ant Bee Colony (ABC) or Cuckoo Search in ARL [11].

The Genetic Algorithm is also used for the nonlinear binary programming problem in MBA [34]. It refers to the allocation of items on shelves using a mathematical model for the optimization of the genetic algorithm. The results show a realistic approach to the mathematical model except for the linearity problem. The algorithm can be modified for the other sets of problems to address allocation that directly impacts the selling rate.

The trends of MBA are now shifting towards the online shopping portals. The nature of data is more diverse and huger in number. Thus, requiring novel and modified Apriori techniques for such type of MBA. As presented in [35], the Artificial Neural Networks (ANN) may come as a help to deal with such diverse and huge datasets.

Besides the types of algorithms used for MBA, there is also a variation in the approach of business analytics. MBA usually seems to be a customer-oriented domain. However, [36] argued about the limitations of the concept and presented a novel approach that is customer-centered with the event-oriented concept. The author claimed that the categorization of products based on basket transactions is not sufficient to analyze the business tactics [36]. It is also necessary to add occasion or the event in the database as an attribute. For instance, a customer visits a store in the morning and evening. For the morning visit, the customer buys items for breakfast and at evening customer prefers beverages [36]. So, the time of event also matters in designing promotional events. Hence, in this way business outlets can also manage traffic by introducing sales during a certain clock of time [36]. The proposed method is implied to FMCG shopping malls (a collection of European fast-moving consumer goods malls). The impact of the method seems to be better than the traditional approach in terms of promotional event responses [36]. Tab. 2 presents an overview of the literature survey since 2016.
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4  Discussion

In the literature review section, twenty recent papers in the area of market basket analysis and association rule learning were discussed. Fig. 8. Illustrate the distribution of the collected papers published between 2016 and 2020. As showed, the highest number of papers were proposed in 2018 (30%). This demonstrates that the association rule learning in the market basket analysis has emerged as a popular topic in recent years.
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Figure 8: Number of papers in this survey

As seen in the literature review, association rule learning techniques in the market basket analysis helps retailer and supermarket operators. They can predict with the aid of ARL about (i) customers’ purchases behavior, (ii) market-based surveys, (iii) consumer demand, (iv) product positioning in shelves, (v) successful bids or coupons or discounts, and (vi) consumer segmentation [3,13,36]. An example to illustrate, the right position to put goods (e.g., shelving) is found through the analysis of ARL. Moreover, the ARL can be used to identify everyday items based on a certain service level and confidence level from the selling data. So that, for example the everyday items can be put nearby to boost their sales [14,25,36].

ARL aim to study the association or relation between items through generating association rules in form of A→ B. These rules are evaluated using some measurements like support and confidence. In addition to these well-known measurements, [11,20–23] and [18] interduce new measures for association rules : trust, leverage, lift, Net confidence, conviction, Interestingness, and Comprehensibility. These additional measures are discussed in the background section. These measures provide more knowledge about generated rules.

There are various aspects of an MBA that comes across from the literature review of MBA with ARL applications. These can be categorized as the business approaches to MBA, the algorithmic study of mining approaches, and applications of MBA in fields other than supermarket stores [11–12,18,35,36].

There is a transition of business approaches as a comprehensive literature study of the related data has shown that researchers analyzed sales data by customer (Consumer-centric) using various methods such as clustering, Markov chains, etc. [24]. In terms of sales volumes, frequency of visit, and a combination of goods with product type; the entire selling history per customer is analyzed, and consumer segments are thus created, providing a genome of purchases with related characteristics like budget availability and personal preferences [36]. Sales data may be analyzed to identify the individual consumer groups by clustering or classification [13,37]. For discovered consumer groups, the different marketing strategies and promotional activities may be modified. The consumer who purchases less but spends a lot often handled separately from the customer who shops very often but in smaller amounts [13]. Moreover, it is observed that indicatively groups of clients who buy regular, seasonal, or relaxation groups or that clients who buy serums are more likely to purchase other cosmetics. Alternatively, there is a customer group that includes customers that have a high proportion of their buying experience with delicacies, grooming, food and butchering goods or clients that have been consuming cosmetics with expenditure constraints and may have bought nail screws with cleaner-polish or high-dispense buyers during the sales period [8].

It is found from the literature that, despite the continues improvements and modification of many datamining algorithms, the Swarm Intelligence and Neural Networks are trending due to the better performance in clustering big data and post-processing capabilities. The novel hybrid approaches produce better results with less time and space complexity overhead as compared to traditional mining algorithms.

Many researchers apply hybrid rules on basket level data to derive pairs of food groups, in which consumers -for example- buy milk and meat products more often on their shopping trips [30]. Also, it is evaluated that basket data does not separate market categories or pairs items [36]. Therefore, the trend is shifting towards a consumer-oriented and event centered MBA. In event-centered MBA, each shopping trip is focused on, and groups identified by the types of products bought during the visits of each category are viewed [3,36]. The combination of product types bought per visit section identifies the buying goal that inspired every visit to each category. Various product category blends for each visiting segment represent specific consumer shopping criteria that conduct each segment visits [3,16]. This business approach brings a revolutionary change in the promotional sector. The application of event centered consumer-oriented approach introduces the concept of promotional activities concerning time. For instance, the sales on breakfast items can be implied in the morning and providing discounts on groceries on the weekend.

Moreover, shifts in the algorithmic implementation of the MBA approach can also be seen from the literature [25,31–35]. The neural networks and swarm algorithms are tested for the MBA and ARL. These algorithms in hybrid form produce better results in comparison to others. It is due to the fact that the huge amount of data is adding to the repository at every instant of time. Therefore, the traditional Apriori and FP-growth algorithm cannot handle them alone [35]. The traditional approaches require the pre-processing and post-processing mechanisms to generate further information that eventually helps in better decision-making. The hybrid approaches define and visualize the important set of rules and can deal with complementing categories [9,25]. The addition of time series data for frequent item sets signals the use of neural networks since the neural networks have a better impact on such type of data [13]. Similarly, to reduce the time cost of the rule’s generation, Genetic Algorithms (GA) and Swarm Intelligence (SI) can be used in feature selection and optimization of association rules [10–13,34,38]. Lastly, the visualization of classification rules various DM algorithms has shown positive results, specifically in the case of real-time data analytics [21,23,24].

Furthermore, it is shown in this survey that MBA has enough scope to be applied to other fields such as hospitality field, sports and healthcare [11,19,21–27], and this may prove to be a growing research area in the near future.

5  Open Issues

Market Basket Analysis (MBA) is a key element in the categorization and decision-making of sales products. Association rule learning (ARL) is the most well-known technique used with MBA especially for understanding the customer’s buying behavior. But the transformation of data evolution into large Data warehouses with an immense amount of data generating regularly raises an issue and an open research area. Although, the change in the computing environment from sequential computing to parallel or even cloud computing shows a tangible and beneficial effect in handling this amount of data, but this area is still an open research issue and need more researches as well. Also, the traditional ARL approaches are not fulfilling the demands of e-commerce as it requires rapid and real-time analysis of data.

The trend of ARL algorithms is now shifting towards the hybrid approaches for association rule and market basket analysis [10–13]. Even though the area is still wide open for the researchers to test hybrid algorithms as they are still not tested especially for accuracy and efficiency in most of the areas where diverse and heterogeneous data are involved.

It is also observed from the literature that the MBA is not limited to supermarket stores anymore. A few researches have been done in new area like healthcare, sports, hospitality,…etc. Therefore, it also ranked as an open research area for the upcoming researchers. However, the field of supermarket analysis also needs advancement and review for the changing trends of the business era. Moreover, the effect of using ARL as a MBA technique should be studied it term of it’ s impact on the three market performance indicators: Finance, Marketing, and Operation.

6  Conclusion

Market Basket Analysis (MBA) provides many sectors with relevant information about their customers’ behavior. MBA uses association rule learning (ARL) techniques to fulfill the market demand for rule mining and promotional marketing, considering consumption behavior. In this survey, we discussed different applications and method of MBA based on ARL. Twenty recent studies were reviewed for ARL application finding that it facilitates the change in the trends of the MBA approaches. It is observed from the literature that these concepts are not limited to a specific field or sector. MBA and ARL have a wide scope of applied research to industries such but not limited to healthcare, retail sector or supermarkets, hospitality, sports, …etc. Lastly, the “neural networks and other intelligent data mining techniques may prove as a paradigm shift in the MBA.
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Table 1: Summary of association rule measurements

Measure Definition Formula
P(ANB
Trust Is a conditional probability value Trust (A—B) = %
indicating how much of the receipts
containing A also include B.
Leverage Calculated using Support and Leverage(A—B) =
Confidence. Confidence(A — B)
Support(B)
. . . . P(A N B)
Lift The degree to which a rule is Lift(A—B) = P(A) = P(B
interesting. P(A) x P(B)
Netconf Measures the interest of rule based on Netconf(A—B) =
the transactions that support a rule P(ANB) — (P(A) x P (B))
and its antecedent and consequent. PA) (1 — P(A))
Conviction Is the probability that a group of Conviction(A—B) =
elements A are seen without element 1 — Support(B)
B are calculated. 1 — Confidence(A, B)
Interestingness Discovers the rule’s frequency value in Interestingness(A—B) =
the dataset. P(A N B) y P(A N B) y
P(A) P(B)
1 -P(ANB)
D

Certain Factor

Comprehensibility

Indicate the probability that Bisin a
transaction when only those
transactions where A is present.

If the number of conditions involved
in the left-hand side of a rule is more
than those in right-hand side, the rule
is more comprehensible.

Certain Factor(A—B) =
(Conf(A = B) — supp(B))

1 — supp(B)

Comprehensibility(A—B) =
log(1 + P(A))

log(1 + P(A N B))
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Table 2: Overview of the RESEARCH in MBA correlation to ARL since 2016

S. No Title of the Year Methodology Results Advantages Limitations
Paper

1 Clustering 2017 Clustering Results are Randomization Simulations using
Retail Products Techniques satisfactory for on each execution synthetic data prove
Based on applied using both synthetic and that the more data, the
Customer Genetic real data with the more accurate results.
Behavior [3] Algorithms on  edge of the model But the author expects

the maximum towards synthetic some limitations with
population size  data due to the real data.
of 500. less individual

behavior

violations

2 A Survey of 2020 A survey-based It is shown Shows the Apriori results are not
Evolutionary on patterns and through various strength of ECin  discussed
Computation algorithms of tables and charts MBA
for Association ARL. that EC is
Rule Mining Implemented replacing GA in
[11] different types =~ ARL with better

of concepts for  results. These
ARL. However, results have the
the focusison  scope to be more
EC, GA and precise by using
hybrid swarm intelligence
approaches of  in combination
swarm with EC.
intelligence.

3 Market Basket 2020 FP-growth and  FP-growth Real data is Rules to be selected
Analysis With Apriori applied produces 10 rules used—a high manually in
Association in the Weka tool for 225 products  range of products. post-processing
Rules [20] with a positive

impact on sales
and profits while
Apriori fails at the
initial stage.
Highest
Conviction Rate
= 24.1 with 100%
confidence

(Rule 1)

4 Data Mining In 2019 SARM used Clustering in the ~ Use of MBA in No Preprocessing of
Elite Beach with clustering  post-processing other Fields than  data yields to biased
Volleyball- technique on provides better marketing. results
Detecting the dataset of accuracy of rule
Tactical Beach definition by
Patterns Using Volleyball SARM
Market Basket
Analysis [19]

5 Market Basket 2019 Introduced The results A specified data Benchmarking is not
Analysis [30] novel data enhance by 10% in structure done through proper

structure confidence for introduced evaluation
FP-Tree using  rule definition as

Python compared to

platform previous methods

6 Visualizing 2017 In the The Proposed Automatic Higher time complexity
Association post-processing, method Produces Visualization and
Rules In the a confidence value selection of Rules
Hierarchical matrix-grouped of 0.63 at peak
Groups [23] method is and a lift of 18.99

applied to at the max peak.
generate

clusters or

groups of rules

using R

software.

7 A Novel 2016 Novel Confidence of Time constraints ~ No post-processing
Algorithm For algorithm 100% and Utility  in MBA are sorted method integrated
Utility- NUFM is weightage of 3.54
Frequent proposed for is achieved for
Ttemset Mining utility or Rule 1.

In Market quantity or

Basket Analysis sales based

[33] frequent itemset
mining

8 Construction 2017 A Clustering The results are An efficient Limitations with
and Evaluation software SAM  satisfactory, and  method for rules = complementary rules
of Structured is proposed for SAM outputs not clustering category
Association visualization of  only helpful for
Map for Visual ARL and is rules clustering,

Exploration of tested on the but these can also

Association S2C index. become an input

Rules [24] to other models
used for
decision-making
or some data
mining process

9 Market Basket 2018 MST for the More refined Deals Attributes
Analysis: post-processing association rules  complementary preprocessing is
Complementing and with defining rules in an ignored
Association Visualization of interdependencies efficient way
Rules with association of the product
Minimum rules based on  resulting in
Spanning Trees the correlation  enhance sales
[25] of the product  activity and

lying in the effective
same or related promotion
categories. policies.

10 Application of 2016 A human Based on the Use of MBA in Manual interpretation
Market Basket dietary routine ~ NMR results, the healthcare with the complex
Analysis for is visualized daily input and computational system
The using NMR and output of the diet
Visualization of MBA of data in terms of
Transaction using ARL. proteins and
Data Based on calories can be
Human generated. Also,

Lifestyle and the generated
Spectroscopic rules can be used
Measurements to structure diet
[21] plans for
individuals
depending on
body behaviors.

11 An Untapped 2016 Applied MBA  The profits are Robust Focused promotions
Gold Mine? and ARLina  maximized manipulation and solely and ignoring the
Exploring the hotel through timely marketing model  internal structure of the
Potential of management and accurate hotel.

Market Basket system. promotions. The

Analysis to main output is the

Grow Hotel pricing of rooms

Revenue [27] and foodstuffs.
The increase in
room payments
affects the overall
sales, while the
increase in
foodstuff like
beverages had no
impact on sales
considering the
data from the past
five years.

12 An Improved 2019 An improved The M_Apriori Weights improved  No visualization of
Apriori M_Apriori algorithm reduces the categorization data.

Algorithm algorithm is the time and /O of products.

Based on proposed to operations with
Support Weight assigned increased support
Matrix for Data weights to each  for rare items.
Mining in database

Transaction transaction.

Database [32]

13 A New 2017 A genetic The presented Deals binary Limitations with
Optimization algorithm results seem more problem with an  linearity problems due
Model for model is realistic on the efficient algorithm to the evaluation
Market Basket proposed for mathematical method adopted
Analysis with the nonlinear model as compare
Allocation binary to previous studies
Considerations: programming with limitations of
A Genetic problem of the mathematical
Algorithm placing items on model for the
Solution shelves. The linearity problems.

Approach [34] mathematical
model is used
for the
illustration of
the presented
model.

14 Application of 2019 The Apriori The results A practical Focus on time
Improved Time algorithm is showed better solution to time complexity and storge
Series Apriori improved for performance in constraint or space rather than the
Algorithm by the time series  storage space and time-series data in categorization of
Frequent frequent item latency time for MBA products
Ttemset in sets using time  improved Apriori
Association constraints Algorithm in
Rule Data ARL comparison to
Mining Based algorithms traditional
on Temporal Apriori algorithm
Constraint [31] without time

constraint ARL

15 Mining 2016 Studies four Four Algorithms  Classifies the Less work discussed on
Association computing for Sequential algorithms for cloud computing.
Rules in Various environments computing and each environment.

Computing for ARL homogenous

Environments: clustering, Apriori

A Survey [12] and FP-growth
have better
performance. For
grid computing
and
heterogeneous
clustering,
Hadoop
MapReduce
algorithm
provides the edge
over traditional
algorithms.

16 Application of 2019 The Uninorm Presented the Synthetic data is
Uninorms to comparative outperformed all  high-class preferred over real-time
market basket analysis of the other three in  performance of data
analysis [18] Uninorm, all categorize of Uninorm with the

Jaccard, cosine, the principle. specified dataset
and conviction  Jaccard measure
over the performed well
monotonicity only when the
principle antecedent is high.
performed on While in the case
the diverse of a low
nature of data.  antecedent, the
performance faces
the decrease
pattern.

17 Dietary habits 2018 Addresses the Formation of More inclined Manual plan
and physical obesity issue in  clusters with toward Al-based  formations for the
activity: Results the children by  variant dietary dataset instead of  different categories
from cluster forming clusters habits and obesity healthcare data
analysis and using MBA levels. The future
market basket work is to
analysis [22] automate their

diet plans using
this analysis.

18 Optimized 2018 A novel The model Introduction of High complexity and
Predictive ANN-based outperformed neural networks in biased results due to
Model using model is previous methods MBA divergent dataset
ANN for MBA proposed for in most cases.

[35] the MBA. The
specific target
of the research
is to modify the
Apriori
algorithm to
meet the
demands of
e-commerce
web portals.

19 A Big Data 2018 R language Tested for the Better Limited testing of
Analysis and used to visualize sales of items and  performance in items. Only frequent
Mining the data providing aspect of items are evaluated.
Approach for gathered by [oT satisfactory visualization of
ToT Big Data in sales market. accuracy level. data
[2¢]

20 Retail Business 2018 A business The proposed Introduced a Still in the development
Analytics: analytics approach is novel business phase. Therefore,
Customer Visit approach is applied to alocal approach to visit  limited evaluation is
Segmentation applied to link  market, and the the event. applied
Using Market basket datato  results are Preprocessing
Basket Data customers’ visit satisfactory. The = model applied
[36] cause, for categorization due

instance, to semi-supervised
breakfast. approach includes
Moreover, the rare items, and
applied customer-oriented

semi-supervised
feature selection
to enhance the
categorization
in basket
analysis

approach leads to
more refined
decision-making
capabilities
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