
Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 

 

  

Vol. 22, No. 1, 2026                               https://ijerst.org/index.php/ijerst                              1576 

MARKET BASKET ANALYSIS USING ASSOCIATION RULE MINING 

1
N. ANIL KUMAR, 

2
VEENAM PRIYA VARSHINI, 

3
AKURATHI SRINIVAS, 

4
VEMULA JYOTHIRMAI, 

5
YERAGANI NAGA VENKATA PRAVEEN 

1
Associate Professor, 

2345
Students, Department of Computer Science and Engineering, SRI VASAVI 

INSTITUTE OF ENGINEERING & TECHNOLOGY, NANDAMURU, ANDHRA PRADESH 

 

ABSTRACT 

Market Basket Analysis (MBA) is a widely used 

data mining technique that identifies relationships 

between products purchased together in 

transactional datasets. With the rapid expansion of 

retail and e-commerce industries, massive volumes 

of transactional data are generated daily, making it 

essential for businesses to adopt intelligent 

analytical tools that can extract meaningful patterns 

from this data. Traditional MBA techniques 

generally rely on offline batch processing methods 

that analyze static datasets and fail to respond 

quickly to dynamic changes in consumer 

purchasing behavior. This limitation reduces their 

effectiveness in modern retail environments where 

purchasing trends evolve continuously. The 

proposed system introduces an Intelligent Real-

Time Market Basket Analytics Platform that 

enhances classical association rule mining by 

incorporating automated model updates, real-time 

analytics, and user-friendly visualization 

capabilities. The system processes transactional 

data obtained through manual entry and CSV-based 

uploads and stores it in a relational database that 

acts as a centralized data repository. Machine 

learning models are automatically retrained 

whenever new data is added to ensure that 

generated patterns accurately reflect current 

purchasing trends. The core analytical component 

utilizes the FP-Growth algorithm to efficiently 

discover frequent itemsets while optionally 

comparing performance with the Apriori algorithm. 

Association rules are evaluated using support, 

confidence, and lift metrics to identify strong 

product relationships and generate actionable 

insights. The proposed platform enables retailers to 

optimize product placement, improve cross-selling 

strategies, and enhance marketing campaigns. By 

integrating real-time learning with interpretable 

rule generation, the system provides a scalable and 

intelligent decision-support tool for modern retail 

analytics. 

Keywords: Market Basket Analysis, Association 

Rule Mining, FP-Growth Algorithm, Apriori 

Algorithm, Retail Analytics, Data Mining, 

Recommendation Systems 

I INTRODUCTION  

The rapid digitalization of retail and e-commerce 

platforms has resulted in the continuous generation 

of vast amounts of transactional data that can be 

analyzed to understand customer purchasing 

behavior and market trends [1]. Organizations 

increasingly rely on data mining techniques to 

extract valuable insights from this data and support 

strategic decision-making processes [2]. Among 

these techniques, Market Basket Analysis (MBA) 

plays a significant role in identifying relationships 

between items purchased together in retail 

transactions [3]. By discovering patterns within 

purchase data, MBA enables businesses to 

understand customer preferences and optimize 

product placement strategies [4]. Association rule 

mining forms the foundation of MBA and focuses 
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on identifying correlations between different 

products within transactional datasets [5]. Early 

research in association rule mining introduced 

algorithms such as Apriori to discover frequent 

itemsets from large datasets [6]. These techniques 

helped retailers design effective promotional 

campaigns and cross-selling strategies [7]. 

However, the increasing scale of data generated in 

modern retail environments has exposed several 

limitations of traditional data mining techniques 

[8]. Conventional MBA systems typically operate 

on static datasets using offline batch processing 

methods [9]. This approach restricts the ability of 

businesses to respond quickly to rapidly changing 

customer behavior and market dynamics [10]. As 

consumer purchasing patterns evolve due to 

seasonal trends, marketing campaigns, and social 

influences, businesses require more adaptive and 

intelligent analytical tools [11]. Recent 

advancements in machine learning and big data 

technologies have enabled the development of 

automated data analysis platforms that 

continuously learn from new data [12]. Such 

systems provide real-time insights that help 

organizations make faster and more informed 

business decisions [13]. The integration of machine 

learning algorithms with data mining techniques 

has significantly improved the efficiency of pattern 

discovery in large datasets [14]. Furthermore, 

modern analytics platforms emphasize 

interpretability and usability so that business users 

without deep technical expertise can understand the 

generated insights [15]. 

The concept of intelligent analytics platforms has 

emerged as a solution to address the limitations of 

traditional MBA systems [16]. These platforms 

integrate automated model training, scalable data 

processing frameworks, and interactive 

visualization tools to support advanced business 

intelligence applications [17]. Association rule 

mining algorithms such as FP-Growth have been 

developed to improve computational efficiency in 

discovering frequent itemsets from large-scale 

datasets [18]. Unlike the Apriori algorithm, FP-

Growth reduces the number of database scans and 

eliminates the need for candidate generation, 

thereby improving performance [19]. The use of 

evaluation metrics such as support, confidence, and 

lift allows analysts to assess the strength and 

relevance of discovered association rules [20]. 

These metrics help filter meaningful patterns that 

can support decision-making in retail environments 

[21]. Modern recommendation systems often 

integrate association rule mining techniques to 

suggest complementary products to customers 

during online shopping [22]. Such 

recommendations can significantly increase sales 

through cross-selling and up-selling strategies [23]. 

Additionally, data-driven marketing strategies rely 

heavily on insights obtained from transactional data 

analysis [24]. Retailers use these insights to 

optimize inventory management, improve store 

layout, and design targeted promotional campaigns 

[25]. The adoption of automated analytics 

platforms also improves operational efficiency by 

reducing manual data analysis efforts [26]. Cloud 

computing and scalable database technologies 

further enhance the ability of businesses to process 

large datasets efficiently [27]. Real-time analytics 

systems are increasingly being implemented in 

retail environments to monitor customer behavior 

continuously [28]. These systems allow businesses 

to adapt quickly to market changes and customer 

preferences [29]. Consequently, intelligent market 

basket analytics platforms are becoming an 

essential component of modern retail decision-

support systems [30]. 

II LITERATURE SURVEY  
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Market Basket Analysis has been extensively 

studied in the field of data mining as a method for 

identifying patterns within large transactional 

datasets [1]. Early research focused on discovering 

relationships between items purchased together 

using association rule mining techniques [2]. The 

Apriori algorithm was one of the first methods 

developed for mining frequent itemsets in 

transactional databases [3]. This algorithm 

identifies item combinations that occur frequently 

and generates association rules based on predefined 

support and confidence thresholds [4]. Despite its 

effectiveness, Apriori suffers from high 

computational complexity due to repeated database 

scans and candidate itemset generation [5]. 

Researchers subsequently introduced more efficient 

algorithms to address these limitations [6]. One of 

the most notable improvements was the FP-Growth 

algorithm, which uses a compressed data structure 

called the FP-tree to discover frequent itemsets 

without candidate generation [7]. This method 

significantly reduces computational overhead and 

improves performance when processing large 

datasets [8]. Several studies have compared the 

efficiency of Apriori and FP-Growth algorithms in 

retail analytics applications [9]. Results indicate 

that FP-Growth performs better in scenarios 

involving large-scale transactional data [10]. 

Researchers have also explored hybrid approaches 

that combine association rule mining with machine 

learning techniques for improved predictive 

capabilities [11]. These approaches enhance pattern 

discovery and enable more intelligent 

recommendation systems [12]. Data preprocessing 

techniques such as data cleaning, normalization, 

and transformation play an important role in 

improving the accuracy of association rule mining 

results [13]. Additionally, visualization techniques 

have been proposed to make discovered patterns 

easier for business users to interpret [14]. 

Interactive dashboards and graphical 

representations allow decision-makers to explore 

relationships between products more effectively 

[15]. 

Recent research has focused on integrating 

association rule mining with real-time analytics 

systems to support dynamic business environments 

[16]. Traditional batch-processing approaches are 

increasingly being replaced by automated systems 

that continuously update analytical models as new 

data becomes available [17]. These systems provide 

businesses with up-to-date insights into customer 

purchasing patterns [18]. Real-time analytics 

platforms often utilize scalable data processing 

frameworks capable of handling large volumes of 

streaming data [19]. Cloud-based infrastructures 

have further improved the scalability and 

accessibility of these systems [20]. Researchers 

have also investigated the application of association 

rule mining in recommendation systems used by e-

commerce platforms [21]. These systems analyze 

past transactions to recommend related products to 

customers during online shopping sessions [22]. 

Studies have shown that effective recommendation 

systems can significantly increase sales and 

customer engagement [23]. Another important 

research area involves the use of explainable 

artificial intelligence techniques to improve the 

transparency of recommendation models [24]. 

Explainable analytics ensures that business users 

understand how recommendations are generated 

[25]. The integration of automated model retraining 

mechanisms further enhances the adaptability of 

modern analytics platforms [26]. Such mechanisms 

allow systems to update discovered patterns 

whenever new transactional data is added [27]. 

This capability ensures that analytical insights 

remain relevant in rapidly changing retail 

environments [28]. Recent studies also emphasize 

the importance of user-friendly interfaces for 
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analytics platforms [29]. Systems that combine 

advanced analytics with intuitive visualization tools 

are more likely to be adopted by organizations for 

decision-making processes [30]. 

 

III METHODOLOGY  

The proposed system follows a structured 

methodology for developing an intelligent market 

basket analytics platform capable of discovering 

product relationships and generating actionable 

insights from transactional data. The process begins 

with data collection, where transaction records are 

obtained either through manual user entry or by 

uploading CSV files containing historical purchase 

data. This data is stored in a relational database that 

acts as the centralized repository for all 

transactional information. Once the data is stored, 

preprocessing steps such as data cleaning, removal 

of duplicate entries, and formatting of product lists 

are performed to ensure consistency and accuracy. 

The cleaned transactional dataset is then 

transformed into a format suitable for association 

rule mining, where each transaction is represented 

as a set of purchased items. The core analytical 

stage involves applying the FP-Growth algorithm 

to identify frequent itemsets from the dataset 

efficiently. The FP-Growth algorithm constructs a 

compressed FP-tree structure that stores item 

frequency information and eliminates the need for 

repeated database scans. This improves 

performance when dealing with large datasets. For 

comparative analysis, the Apriori algorithm can 

also be implemented to generate candidate itemsets 

and evaluate their frequency. After identifying 

frequent itemsets, association rules are generated 

using predefined thresholds for support and 

confidence values. Additional evaluation metrics 

such as lift are used to measure the strength of 

relationships between products. These metrics help 

filter meaningful and actionable rules that can be 

used for business decision-making. The system also 

includes an automated model retraining mechanism 

that triggers whenever new transactional data is 

added to the database. This ensures that generated 

rules remain up to date with evolving customer 

purchasing patterns. Finally, the results are 

visualized using interactive dashboards and reports 

that allow users to explore product associations, 

identify cross-selling opportunities, and derive 

business insights. 

IV SYSTEM DESIGN  

The system architecture of the proposed Market 

Basket Analytics Platform is designed to support 

efficient data processing, automated model training, 

and interactive data visualization. The architecture 

consists of multiple interconnected modules, 

including the data input layer, data storage layer, 

analytics engine, and visualization interface. The 

data input layer allows users to add transactional 

data through manual entry or bulk CSV uploads. 

This flexibility ensures that businesses can 

integrate historical datasets as well as continuously 

add new transaction records. Once the data is 

received, it is stored in a relational database that 

serves as the primary data repository. The database 

structure is designed to store transaction identifiers, 

product lists, timestamps, and related metadata. The 

centralized database ensures data consistency and 

allows the analytics engine to access the most 

recent transaction records for analysis. A 

synchronization mechanism connects the database 

with a CSV-based data layer used for machine 

learning processing. This synchronization ensures 

that whenever the database is updated, the 

corresponding dataset used by the analytics 

algorithms is also refreshed. The architecture also 

includes data preprocessing components 

responsible for cleaning, validating, and formatting 
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transaction records before they are passed to the 

analytical modules. These preprocessing steps 

remove inconsistencies and prepare the data for 

efficient pattern discovery. 

 

 

 

The analytics engine forms the core component of 

the system and is responsible for executing 

association rule mining algorithms. The FP-Growth 

algorithm is implemented as the primary method 

for identifying frequent itemsets due to its 

efficiency in handling large transactional datasets. 

The algorithm constructs an FP-tree data structure 

that represents item frequencies and conditional 

relationships between products. From this structure, 

frequent itemsets are extracted without the need for 

generating large candidate sets. The system can 

also optionally execute the Apriori algorithm to 

compare performance and validate results. Once 

frequent itemsets are identified, association rules 

are generated based on user-defined thresholds for 

support and confidence. Additional evaluation 

metrics such as lift are calculated to determine the 

strength of relationships between products. These 

rules are stored in the database and presented to 

users through an interactive visualization interface. 

The visualization module displays product 

associations using charts, tables, and 

recommendation panels that highlight frequently 

purchased item combinations. The user interface is 

designed to be intuitive so that business users 

without technical expertise can easily interpret 

analytical results. The system also incorporates an 

automated retraining mechanism that continuously 

updates the model whenever new transactions are 

added. This design ensures that the platform 

remains adaptive to evolving customer purchasing 

behaviors and provides accurate recommendations 

for retail decision-making. 

V PROPOSED SYSTEM  

The proposed system introduces an Intelligent 

Real-Time Market Basket Analytics Platform 

designed to overcome the limitations of traditional 

market basket analysis approaches. Conventional 

systems often rely on static datasets and periodic 

batch processing, which makes them less effective 

in rapidly changing retail environments. The 

proposed platform addresses this challenge by 

implementing an automated analytics pipeline that 

continuously processes new transactional data and 

updates analytical models in real time. The system 

integrates data collection, preprocessing, 

association rule mining, and visualization within a 

unified architecture. Transactional data can be 

entered manually or uploaded through CSV files, 
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allowing businesses to incorporate both historical 

and newly generated transaction records. The data 

is stored in a relational database that acts as the 

single source of truth for the analytics pipeline. A 

synchronization mechanism ensures that the dataset 

used for machine learning analysis is automatically 

updated whenever changes occur in the database. 

This automation eliminates the need for manual 

data preparation and ensures that the analytical 

model always reflects the most recent purchasing 

behavior. The system also includes preprocessing 

modules that clean and transform raw transaction 

records into structured itemsets suitable for 

association rule mining algorithms. 

The analytical component of the proposed system 

utilizes the FP-Growth algorithm as the primary 

technique for identifying frequent itemsets and 

generating association rules. Compared with 

traditional algorithms such as Apriori, FP-Growth 

significantly improves efficiency by reducing 

database scans and eliminating candidate itemset 

generation. This makes the system suitable for 

analyzing large transactional datasets commonly 

generated in retail and e-commerce platforms. 

Once frequent itemsets are discovered, association 

rules are generated using evaluation metrics such as 

support, confidence, and lift. These metrics help 

determine the strength and relevance of product 

relationships and allow the system to filter 

meaningful rules. The generated rules are then used 

to provide product recommendations and insights 

that support business decision-making. An 

interactive dashboard presents the results using 

graphical visualizations, product recommendation 

lists, and rule-based insights that highlight 

frequently purchased product combinations. The 

system also includes an automated model retraining 

mechanism that ensures newly added data is 

immediately incorporated into the analysis process. 

This capability enables the platform to adapt to 

evolving customer purchasing patterns and market 

trends. By combining real-time analytics, 

automated model updates, and user-friendly 

visualizations, the proposed system provides an 

efficient and scalable solution for modern retail 

analytics and intelligent recommendation systems. 

VI RESULTS & DISCUSSION  

The implementation of the Intelligent Real-Time 

Market Basket Analytics Platform demonstrates the 

effectiveness of association rule mining techniques 

in analyzing retail transactional data. The system 

successfully identifies frequent itemsets and 

generates meaningful association rules that reveal 

relationships between products purchased together. 

The FP-Growth algorithm shows improved 

computational efficiency compared to the Apriori 

algorithm, particularly when processing large 

transactional datasets. The evaluation metrics of 

support, confidence, and lift help filter strong 

product associations and ensure that generated 

recommendations are meaningful for business 

applications. The automated retraining mechanism 

allows the system to update analytical models 

whenever new transaction records are added, 

ensuring that insights remain relevant to current 

purchasing trends. Visualization dashboards 

provide clear and interpretable representations of 

product relationships, enabling business users to 

easily identify cross-selling opportunities and 

optimize marketing strategies. Overall, the results 

indicate that the proposed system enhances retail 

decision-making by providing real-time insights 

into customer purchasing behavior. 

https://ijerst.org/index.php/ijerst


Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 

 

  

Vol. 22, No. 1, 2026                               https://ijerst.org/index.php/ijerst                              1582 

 

 

VII CONCLUSION  

Market Basket Analysis has become an essential 

analytical technique for understanding customer 

purchasing behavior in modern retail environments. 

With the increasing volume of transactional data 

generated by retail stores and e-commerce 

platforms, businesses require intelligent systems 

capable of efficiently analyzing this data and 

extracting meaningful insights. The proposed 

Intelligent Real-Time Market Basket Analytics 

Platform extends traditional association rule mining 

techniques by incorporating automated data 

processing, real-time analytics, and user-friendly 

visualization tools. By integrating data collection, 

preprocessing, association rule mining, and result 

visualization within a unified architecture, the 

system provides a comprehensive solution for retail 

analytics. The use of the FP-Growth algorithm 

significantly improves the efficiency of frequent 

itemset discovery, allowing the system to process 

large datasets more effectively than traditional 

approaches such as the Apriori algorithm. 

Evaluation metrics including support, confidence, 

and lift ensure that the generated association rules 

represent meaningful relationships between 

products. The system’s automated retraining 

mechanism enables continuous learning from 

newly added transaction data, ensuring that 

analytical insights remain up to date with changing 

customer purchasing patterns. Additionally, the 

interactive dashboard provides business users with 

an intuitive interface for exploring product 

associations and identifying opportunities for cross-

selling and targeted marketing. The results 

demonstrate that the proposed platform can 

significantly improve retail decision-making by 

transforming raw transactional data into actionable 

business intelligence. Future enhancements may 

include integrating advanced machine learning 

models, real-time streaming analytics, and 

personalized recommendation systems to further 

improve the effectiveness of market basket 

analysis. 
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