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The primary objective of this research is to discover valuable patterns in customer
data from grocery store chains to identify customer preferences and detect valuable
customer churn. Using data mining and machine learning methods, valuable
customers were identified based on RFM variables. This was achieved through
clustering methods. Subsequently, valuable customers were classified using
classification methods. The preferences of high-value customers were then
identified through an association rule approach. Additionally, clustering and
classification methods were employed to find useful patterns for analyzing the
behavior of churned and non-churned customers. Following a series of data
preparation and preprocessing operations, the data for each customer, along with
their transactions, was determined. The initial data was based on each customer's
transactions. However, after data preparation and preprocessing, datasets were
created, capturing information specific to each customer. Using data mining and
machine learning methods, alongside the three approaches of association rules,
classification, and clustering, models and useful behavioral patterns were trained
and constructed from the customer dataset of grocery store chains. Ultimately, a
set of patterns and rules was developed to identify customer preferences, recognize
valuable customers, and detect churned customers.
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Introduction

Customer preference analysis has emerged as a critical aspect of retail success, particularly for
large-scale grocery store chains that must handle a wide variety of products and cater to different consumer
segments (Chen et al., 2020; Zhou et al., 2020). Effectively pinpointing customer needs requires an
understanding of both purchasing behaviors and consumption patterns, which can be extremely
challenging given the massive volume of data. As machine learning algorithms become increasingly
sophisticated, they provide robust tools for extracting meaningful insights from such data, thereby
enhancing the ability of chain stores to deliver personalized offerings, improve satisfaction, and boost
loyalty (Ram et al., 2017).

Alongside preference analysis, the issue of customer churn holds equal significance. Retailers face
the risk of losing valuable patrons when dissatisfaction, competitive offerings, or unaddressed needs drive
shoppers to other stores (Lalwani et al., 2021; Vafeiadis et al., 2015). By employing data-driven techniques—
clustering, classification, and association rule mining—managers can anticipate churn, identify high-value
customers, and determine the best interventions for retention (Mishra & Reddy, 2017). Therefore, the aim
of this study is to propose an integrated machine learning framework that simultaneously addresses
customer preference identification, high-value customer recognition, and churn prediction in the context
of grocery store chains.

Methods and Materials

This study developed an analytical framework to process and extract insights from large-scale
transaction data obtained from a chain of grocery stores. In the initial phase, a set of preprocessing steps
was carried out to clean and unify the data. Tasks such as handling missing values, removing noise, and
integrating multiple sources of customer transactions were completed to assure the reliability of
downstream analysis.

Following data cleaning, the study built new features reflecting key behavioral indicators. Among
these features were recency of the last purchase, transaction frequency, and monetary value. Pivot tables
were used to transform transaction-level data into a customer-level dataset, where each row represented a
unique customer, and each column captured a relevant feature (e.g., cumulative spending or number of
visits). Once transformed, normalization techniques were adopted to handle differences in the scale of
variables, ensuring appropriate inputs for clustering and classification methods.

Next, the research applied clustering to divide customers into meaningful groups. Iterative
approaches with varying numbers of clusters were tested to optimize internal validity measures such as
the Davies-Bouldin index. Candidate algorithms included k-means and self-organizing maps (SOM). In
parallel, association rule mining was employed to detect frequent item sets and generate rules that
highlighted co-purchase patterns within each cluster.

For classification tasks, multiple machine learning algorithms were explored to identify (1)
whether a customer would buy a specific product, (2) whether a customer belonged to the high-value
segment, and (3) whether a customer would churn. The algorithms tested included decision trees, naive
Bayes, logistic regression, random forests, k-nearest neighbors, support vector machines, and several
neural network architectures. Hyperparameters, such as the number of hidden layers for neural networks
or the number of estimators for ensemble methods, were refined through grid search and cross-validation.
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After model training, predictive performances were assessed using accuracy, precision, recall, and
F1-score. Visualizations of decision boundaries, cluster distributions, and association rule networks were
produced using tools like Tableau, SPSS Modeler, and RapidMiner. The final stage involved selecting the
best algorithms for each task, integrating the outcomes into a business intelligence overview to support
decision-makers in marketing, product assortment, and loyalty program design.

Findings and Results

Clustering revealed that two main segments were especially informative. One cluster encompassed
a large proportion of high-value customers, while the other captured lower-value or one-time purchasers.
A small subset of customers in the high-value cluster also displayed signs of churn, indicating that the
store risks losing profitable clients if it does not act.

Association rule mining highlighted several frequent product sets with high support and
confidence. Specific products emerged as leading indicators for co-purchasing behaviors, and the presence
of these products in a customer’s cart significantly correlated with higher monetary spending and longer-
term store loyalty. Additionally, a few rules showed that certain product combinations served as predictors
of customer churn, hinting at evolving preferences or dissatisfaction among loyal customers.

Classification models demonstrated varied performance. Decision trees, random forests, and
neural networks generally exhibited strong accuracy in predicting whether a customer would buy a
specified product or not. Moreover, for churn prediction among the high-value segment, naive Bayes and
logistic regression provided robust predictive scores, suggesting they capture underlying signals in the
user’s purchase history. Random forests and neural networks showed some advantages in terms of overall
accuracy, but they often produced more complex models that reduced interpretability.

Analyses focusing on RFM-based classification confirmed that recency and frequency were
closely connected to churn outcomes. Customers who had fewer transactions and long gaps since the
previous purchase were more likely to stop shopping at the chain. Conversely, those with higher
frequencies and recent visits contributed substantially to store revenue, making them prime targets for

retention strategies.

Conclusion

The results underscore the importance of a comprehensive data-driven approach in retail
management. By leveraging clustering methods, the study succeeded in capturing the distinct purchase
patterns of high-value and low-value segments, revealing actionable insights for targeted marketing
interventions. Additionally, association rules provided managers with a clear view of co-purchase patterns,
guiding product recommendations and potential promotional bundling strategies.

Combining classification techniques with RFM variables enabled effective churn detection,
highlighting that customers with extended time since their last purchase and fewer transactions were at
higher risk of defection. Notably, the algorithms showing strong predictive power ranged from
interpretable methods, such as decision trees, to more complex ensemble and neural network techniques
that delivered higher predictive accuracy but required supplemental interpretive tools.
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Overall, the multi-pronged methodology outlined here allows for a 360-degree perspective on
customer behavior, addressing preference analysis, high-value customer identification, and churn
prediction in an integrated fashion. From a managerial standpoint, the findings guide resource allocation
decisions, ensuring that marketing budgets are allocated to both retention of top spenders and revitalizing
dormant accounts.

Future research could benefit from developing a decision support system that incorporates real-
time streaming data, providing managers with immediate alerts on potential churn risks or emerging
product preference trends. Moreover, exploring deep learning architectures for more nuanced models
might reveal additional latent factors driving purchase decisions. By continually refining these machine
learning and data mining techniques, grocery store chains can maintain a competitive edge in a rapidly
evolving marketplace and ultimately enhance both customer satisfaction and business profitability.
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Cluster
Churn cluster_0 cluster_1 Grand Total
Churn 182 12,433
No_Churn 1,863 13,955
Grand Total 24,383 2,045 26,428
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