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Abstract 

 
This study explores the dynamics of consumer behaviour in the retail sector to 

analyze the varied inclinations, patterns of purchase, and frameworks for making 

decisions among different groups of people. The study has identified six unique 

consumer clusters based on a thorough two different methodologies (k-means 

and Self-Organizing Maps (“SOMs”)). Every cluster exhibits a unique profile that 

demonstrates the intricacy and subtlety of customer preferences. The results 

show notable differences in brand loyalty, price sensitivity, and the importance 

of sustainability, with ramifications for customized marketing strategies. 

These findings have significant ramifications for retail enterprises. They 

emphasize how important it is for retailers to tailor their operational and 

marketing strategies to meet the diverse demands and wants of various 

consumer segments. It is recommended that retailers make use of these insights 

to augment customer interaction, refine inventory control, and formulate 

sophisticated sustainability programs that correspond with consumer 

preferences. 

In addition, the study set a direction for more research. Researching how 

consumer preferences vary over time and evaluating the efficacy of various 

marketing strategies across various demographic groups, and would be 

impactful in the realm. A global viewpoint and an enlarged scope would also 

highlight the impact of culture on buying decisions, offering a thorough 

understanding of consumers in various economies. 

 

Keywords: Self-Organizing Maps, Market Segmentation, Clustering, Retail, 

Decision-Making 
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Resumo 

 
Este estudo explora a dinâmica do comportamento do consumidor no setor 

retalhista para analisar as diversas inclinações, padrões de compra e estruturas 

de tomada de decisão entre diferentes grupos de pessoas. O estudo identificou 

seis clusters de consumidores únicos com base em duas metodologias distintas 

(k-means e Mapas Auto-Organizados ("SOMs")). Cada cluster apresenta um 

perfil único que demonstra a complexidade e subtileza das preferências dos 

clientes. Os resultados mostram diferenças notáveis na fidelidade à marca, 

sensibilidade ao preço e importância da sustentabilidade, com repercussões para 

estratégias de marketing personalizadas. 

Estas descobertas têm ramificações significativas para as empresas de retalho. 

Elas enfatizam quão importante é para os retalhistas adaptar as suas estratégias 

operacionais e de marketing para satisfazer as diversas exigências e desejos de 

diferentes segmentos de consumidores. Recomenda-se que os retalhistas 

aproveitem estas perceções para aumentar a interação com os clientes, refinar o 

controlo de inventário e formular programas de sustentabilidade sofisticados 

que correspondam às preferências dos consumidores. 

Além disso, o estudo estabeleceu uma direção para mais investigação. Investigar 

como as preferências dos consumidores variam ao longo do tempo e avaliar a 

eficácia de várias estratégias de marketing em diferentes grupos demográficos 

seria impactante no campo. Uma perspetiva global e um escopo alargado 

também destacariam o impacto da cultura nas decisões de compra, oferecendo 

uma compreensão completa dos consumidores em diversas economias. 

 
 

Palavras-chave: Mapas Auto-Organizados, Segmentação de Mercado, 

Clustering, Retalho, Tomada de Decisão 
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Introduction 

 
Mark segmentation is an essential technique in the business realm that allows 

companies the ability to comprehend their target markets more profoundly and 

tailor their offerings to meet customer needs efficiently. Over the years, extensive 

research has delved into various facets of market segmentation, encompassing 

its conceptualization, segmentation processes, methodological advancements, 

and the challenges inherent in implementation. 

 

At the core of informed decision-making and strategic planning, particularly 

within the volatile landscape of the retail industry, lies successful market 

segmentation. This practice, which involves categorizing diverse markets into 

discrete groups based on shared criteria, proves indispensable for understanding 

the complexities inherent in such multifaceted environments. 

 

The retail sector is characterized by its intricate ecosystem and complex 

structure. Traditional statistical methods have played a pivotal role in 

deciphering the complexities of retail markets, offering interpretability and a 

robust theoretical foundation. However, the dynamic nature of the industry calls 

for innovative approaches to identify and understand the subtle nuances that 

conventional statistical tools might overlook. In this evolving scenario, the field 

of machine learning emerges as a compelling domain for exploration. With its 

ability to recognize and predict complex patterns in consumer behaviour, 

machine learning presents a forward-thinking method to navigate the intricacies 

of the retail ecosystem. 

This research aims to bridge the divide between traditional statistical 

methodologies and modern machine learning techniques, providing an 
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exhaustive evaluation of their respective strengths and limitations. It seeks to 

unearth the hidden structures within retail markets by employing a diverse range 

of analytical tools. This includes traditional methods like K-means and advanced 

machine learning techniques, notably neural networks such as SOMs, which are 

renowned for their ability to capture both the distribution and topology of data, 

placing them at the forefront of market segmentation research. Their grouping 

and visualization capabilities render them a promising tool for this purpose. 

 
By examining the outcomes of these varied methodologies, this study 

endeavours to offer substantial insights into the comparative effectiveness of 

statistical and machine learning approaches in market segmentation. These 

insights aim to assist practitioners, researchers, and market stakeholders in 

making well-informed decisions regarding segmentation strategies, thus 

enhancing their understanding and application of these techniques in the 

dynamic world of retail. 

 

1.1 General Framework 

 

Market segmentation is important due to its allowance for better resource 

allocation and marketing activities. Businesses may better engage their target 

consumers by recognizing and understanding their distinct requirements and 

preferences. This tailored strategy increases customer happiness and loyalty, 

resulting in a more long-lasting relationship between consumers and brands. 

Market segmentation helps firms identify niche markets, allowing them to focus 

on certain sectors that match their strengths and skills. This specific focus enables 

more efficient resource allocation and better usage of marketing dollars, resulting 

in a higher return on investment. 

Advanced analytical approaches, such as clustering algorithms and artificial 

intelligence, are commonly used in market segmentation. These methods allow 
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for more comprehensive analyses of massive datasets, revealing underlying 

patterns and linkages that typical segmentation algorithms may miss. This 

improves the precision and accuracy of market segmentation, enabling 

businesses to make better strategic decisions. 

In conclusion, market segmentation is a dynamic and critical component of 

modern marketing strategy. Its advantages include better resource allocation, 

more consumer satisfaction, and the creation of tailored marketing campaigns. 

As organizations traverse an increasingly competitive marketplace, proper 

market segmentation remains critical for attaining long-term growth and 

preserving a competitive advantage in the market. 

 

1.2 Objectives and Research Methodology 

The key goal is to investigate the practical uses of various clustering 

approaches and evaluate the influence of AI alternatives on market segmentation 

in the retail industry. We aim to provide managerial insights that benefit both 

large and small firms. 

Our goal is to identify the most exact and straightforward approach. The 

success and popularity of AI technologies prompted us to investigate the Neural 

Network (NN) approach. 

The thesis consists of three steps. We begin with an exhaustive review of the 

literature. After that, we use the selected strategies in the database gathered. The 

final phase is to extract outputs and draw significant conclusions from the 

investigation. 
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1.3 Macrostructure 

This dissertation is divided into six chapters that are all cohesive. Chapter 1 

describes the research topic, aims, methodology, and overall structure. In 

Chapter 2, a thorough literature analysis explores existing scholarship, finding 

breakthroughs and knowledge gaps. 

Chapter 3 outlines the study problem and frames important questions, serving 

as a basic guide. Chapter 4 describes the approaches used, including inputs, 

outputs, and performance measurements, and provides insights into the chosen 

strategies. 

The fifth chapter focuses on experimental outcomes, beginning with dataset 

characterization and progressing to descriptive analysis and findings discussion. 

Chapter 6 summarizes major findings and serves as a synopsis of the study. 

The last section includes handpicked bibliographic sources that support the 

thesis's arguments, concepts, and theoretical foundations. 
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Literature Review 

 
2.1 Market Segmentation 

Mussa, Rosen (1978), and Moorthy (1984) investigated the optimal pricing 

strategies for independent products differentiated by quality, in markets defined 

by heterogeneous consumers whose quality perception may not be the same. 

Debo et al. (2005), on the other hand, extend this research by considering the 

simultaneous determination of product prices and manufacturing techniques in 

the context of a generic customer profile for manufacturable products. Their 

research attempts to supplement Ferrer's (2000) findings by investigating the 

conditions under which his cost savings analysis alone is sufficient to determine 

the viability of remanufacturing. This recurrent study presents the definition of 

market segmentation as the strategy of dividing a heterogeneous group into 

different segments based on their characteristics. 

Linked to the retail market, Allred et al. (2006) investigate market 

segmentation in the context of e-commerce, revealing unique segments such as 

"e-shopping lovers" and "fearful conservatives" (Allred et al., 2006). This study 

demonstrates how recognizing and responding to the distinct requirements and 

preferences of different consumer categories may have a substantial impact on 

retail enterprise success. 

Market segmentation is a fundamental idea in retail, playing a critical role in 

adapting marketing strategies, and customer-centric perspectives with the new 

era of data. 
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2.2 Statistical and Machine Learning Methods 

 
2.2.1 Statistical Methods 

Statistical approaches have a long history in financial analysis and market 

research, making them indispensable instruments for researching market 

segmentation. These methods make use of mathematical models and historical 

data to provide insight into market behaviour and investor preferences. Several 

statistical methods are especially pertinent to the research. 

According to Christoph Ley et al., (2022), statistical methods are primarily a 

top-down technique: there is the assumption of the model from which the data 

was generated (i.e., techniques such as linear and logistic regression), and then 

estimate the model's unknown parameters from the data. In other words, it is 

expected that we understand how input variables relate to output, which 

simplifies the interpretation of results and makes the relationships between 

variables clear. The possible disadvantage is that the relationship between input 

and output is user-defined, which may result in a suboptimal (i.e., less accurate) 

prediction model if the chosen model does not effectively reflect the real input- 

output correlation. 

This can happen if a user selects linear regression yet the relationship between 

input and output is non-linear, or when several input variables are involved. 

 
2.2.1.1 Factor analysis. 

Factor analysis is a statistical technique commonly used in social sciences to 

uncover underlying latent constructs, or factors, that explain patterns of 

correlations between a set of observed variables. It is extremely useful for 

lowering data dimensionality while retaining critical information, which aids in 

understanding complicated relationships within the data (Fabrigar et al., 1999). 

This approach can contribute to the body of knowledge on retail market 

segmentation through a global review of relevant studies and the application of 
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factor analysis techniques, providing valuable insights into the factors that 

influence decisions. 

Costello and Osborne (2005) published a paper outlining best practices in 

exploratory factor analysis (EFA) to ensure optimal results and analysis 

interpretation. The authors make four key recommendations for EFA 

researchers. First, they recommend assessing the suitability of data for factor 

analysis, including sample size and sampling adequacy. Second, they emphasize 

the importance of selecting an appropriate factor extraction method based on the 

characteristics of the data, such as principal components analysis or maximum 

likelihood estimation. Third, they advise examining the factor structure with 

various criteria such as eigenvalues, scree plots, and parallel analysis to 

determine the number of factors to keep. Finally, they emphasize the importance 

of interpreting and labeling the factors by substantive theory or practical 

considerations. 

In conclusion, the main goal and difference lies in the objective of the study. 

Factor analysis seeks to identify factors that can explain the variable correlations 

found in the results. 

 
2.2.1.2 Discriminant Analysis 

Discriminant analysis, pioneered by Fisher in 1936, stands out as a widely 

utilized technique for linear supervised dimensionality reduction. It seeks an 

embedding transformation such that the between-class scatter is maximized, and 

the within-class scatter is minimized. FDA is a traditional but useful method for 

dimensionality reduction. However, it tends to give undesired results if samples 

in a class form several separate clusters (i.e., multimodal). 

In addition to these ideas, multimodal problems urge in several contexts in the 

modern days which bring the idea of Local Fisher Discriminant Analysis (LFDA) 

by Sugiyama (2007) where the LFDA maximizes between-class separability and 
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preserves within-class local structure at the same time, being useful for 

multimodal problems. 

As described by Mika et al. (1999), discriminant analysis is a conventional 

statistical technique, that has been limited to datasets that can be separated 

linearly. It is used to find a linear combination of features that characterizes or 

separates two or more classes of objects or events. The resulting combination may 

be used as a linear classifier, or, more commonly, for dimensionality reduction 

before later classification. 

 
2.2.1.3 Logistic regression 

Logistic regression, as first proposed by Berkson A1944), is an important 

statistical tool used in several areas. This method displays its effectiveness in 

circumstances when the outcome of interest is binary, representing two 

categories. Joseph Berkson's work, lays the groundwork for logistic regression's 

use, demonstrating its effectiveness in evaluating binary sequences and showing 

intricate patterns within datasets. 

David R. Cox (1958) refined and extended the logistic regression paradigm. 

Cox's contributions stress the statistical intricacies involved in assessing binary 

outcomes, providing a solid foundation for regression analysis on binary data. 

Logistic regression is a versatile technique, especially for instances where the 

dependent variable is binary, such as success/failure, yes/no, or 

presence/absence. Its applications range from medical to economics and social 

sciences, all of which have binary consequences. 

Engel (1988) presents the notion of “polytomous” logistic regression, which 

broadens the scope of logistic regression. Unlike its binary predecessor, 

multinomial logistic regression can manage cases with more than two discrete 

outcome categories. This study, develops into the complexities of managing 

several categories, providing a useful expansion to logistic regression for 

scenarios with more diverse outcomes. 
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The primary distinction is that multinomial logistic regression can handle 

dependent variables with different categories, making it an appropriate choice 

when the outcome variable has more than two options. Engel's work makes a 

substantial contribution to the understanding and use of multinomial logistic 

regression, expanding the analytical toolkit for scenarios requiring the modeling 

of categorical outcomes at several levels. 

 

2.2.2 Machine learning methods 

Machine learning technologies have gotten a lot of attention because of their 

capacity to extract important insights from data and automate complex 

operations. These methodologies provide a variety of tools for market 

segmentation in the context of retail markets, allowing for more complex 

categorization of consumers based on different criteria. The allure of machine 

learning resides in its capacity to rapidly examine large information, revealing 

complex patterns that traditional analytical methods may miss. In retail, this 

entails developing a thorough grasp of the qualities, and preferences of 

customers. This granular methodology allows for the construction of more 

accurate and focused segments that transcend broad classifications to capture 

varied consumer motives and purchasing habits. 

Machine learning, in essence, enables dynamic segmentation by adjusting to 

the changing dynamics of retail markets over time. Because of this versatility, 

segmentation models remain relevant and sensitive to the ever-changing retail 

sector, delivering useful information for targeted marketing, service 

optimization, and revenue management strategies. 

 
2.2.2.1 Cluster Analysis 

Cluster analysis is a key technique in data mining, and it is an essential 

component of this study's methodological framework. Cluster analysis, as a 

dimension reduction approach, is critical for understanding complex data 
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structures and detecting meaningful patterns, both of which are required for this 

study. 

Based on established factors, cluster analysis identifies groups or clusters of 

comparable data points. K-means clustering (Hartigan & Wong, 1979) and 

hierarchical clustering (Everitt et al., 2011) are the two main notable approaches. 

A case study on market segmentation using the R programming language and 

the K-means clustering algorithm is presented by Hung et al. (2019). Based on 

customer data, the study seeks to categorize and describe various market 

segments. The authors successfully divide the customer base into homogeneous 

groups using K-means clustering and offer details on the preferences and 

behaviours of each segment. The results highlight the usefulness of K-means 

clustering in understanding customer segmentation for targeted marketing 

strategies and show how well it performs in market segmentation. 

 
 

2.2.2.2 SOMs 

Unsupervised learning approaches have shown useful in market 

segmentation, especially when working with large and complicated datasets. 

These methods, which include clustering algorithms, seek to detect natural 

groupings or patterns in data without requiring explicitly labelled data. 

Unsupervised learning is an effective method for recognizing the intrinsic 

structures and relationships between data pieces. 

Huang and Tzeng (2007) explore the application of support vector clustering 

(SVC) for marketing segmentation and compare it with other clustering methods 

such as k-means and self-organizing feature maps (SOFM). The study 

demonstrates the effectiveness of SVC through a case study of a drink company. 

SVC overcomes challenges like data type restrictions, sensitivity to outliers, high- 

dimensional data, and arbitrary cluster shapes. The paper concludes that SVC is 

a suitable tool for marketing segmentation and presents a hybrid segmentation 
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algorithm for hotel managers to identify customer segments and tailor marketing 

strategies accordingly. 

SOMs are a subset of unsupervised learning that has shown to be an effective 

tool for market segmentation and data presentation. After being introduced in 

the 1980s, they have subsequently been used in a wide range of fields, including 

banking and market research (Kohonen, 1982). 

SOMs work by arranging a grid of artificial neurons in a 2D lattice, with each 

neuron representing a prototype or cluster centre. During training, SOMs learn 

to map high-dimensional input data onto this grid while keeping data point 

associations. This topographic mapping allows for the discovery of underlying 

data structures and patterns, which is critical for market segmentation (Kohonen, 

1990). 

SOMs have been used successfully in financial and market research. In one 

work, an iterated greedy heuristic including SOMs was used to solve a market 

segmentation problem with various features. 

 
2.2.2.3 Neural Networks 

 

 

Supervised learning is a fundamental approach in machine learning. To learn 

the mapping function, this paradigm includes training a model on a labelled 

dataset that contains both inputs and outputs. 

In the field of retail market segmentation, neural networks have emerged as a 

potent tool. These models, inspired by the neural architecture of the human brain, 

have the potential to learn complicated correlations among data (Kohonen, 1988). 

Understanding how neural networks learn and the possible challenges they 

provide is critical to our research's success. 

Mitchell's key study (1997) presents an in-depth examination of guided 

learning. It highlights the value of data in training models that can make 

predictions or judgments without the need for explicit programming. According 
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to Mitchell, supervised learning is critical for tasks in which the algorithm must 

learn patterns and relationships from prior data to anticipate outcomes for future 

occurrences. 

Schmidhuber (2015) presents an in-depth look into deep learning in neural 

networks. Deep learning expands the ideas of supervised learning by 

incorporating deep neural networks, which have several layers. This 

architectural breakthrough enables the model to learn hierarchical data 

representations automatically, capturing complicated patterns and connections. 

Machine learning-based forecasting mechanisms have proved their significance 

in anticipating perioperative outcomes, hence improving decision- making for 

future courses of action, according to Rustam Furqan et. al (2020) 

investigations. These models, which are widely used in a variety of application 

areas for recognizing and prioritizing negative aspects, play an important role in 

threat assessment. This work demonstrates the effectiveness of ML models in 

projecting the amount of incoming COVID-19 cases, a current and significant 

hazard to public health. Furthermore, the results of the study can be directly 

related to the importance of supervised models that can be useful to the main 

concept of this paper. 

 
 

2.3 Application to Retail Markets 

This modern approach to consumer segmentation is perfectly aligned with the 

integration of statistical and machine-learning methodologies for clustering in 

the retail sector. These advanced techniques enable retailers to extract 

meaningful patterns from massive and complex datasets, revealing previously 

unknown insights into consumer preferences. 

D. Brown et al. (2018) demonstrated the effectiveness of behavioural 

segmentation in uncovering nuanced patterns in consumer preferences, 

particularly in understanding differences in purchasing behaviours across 

different customer segments. Machine learning algorithms that use historical 
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data improve this understanding even further, allowing for the development of 

personalized marketing strategies tailored to specific product categories or 

consumer segments. 

Furthermore, the research by G. Davis et al. (2020) offers a comprehensive 

examination of the complex and dynamic nature of consumer expectations in the 

retail sector. The authors highlight the multidimensional and multifaceted 

aspects of consumer expectations that are influenced by a variety of factors. This 

acknowledgment is consistent with the study's central premise, which 

emphasizes the use of advanced statistical and machine learning methods to 

decode detailed patterns in consumer actions. 

According to the findings of the literature review conducted by E. Garcia et al. 

(2022), statistical and machine learning methods present a promising avenue for 

improving the precision and utility of clustering in the retail industry. By 

incorporating these advanced techniques, retailers can gain a more sophisticated 

understanding of consumer behaviour, optimize pricing strategies, and 

ultimately improve the overall consumer experience. 

In conclusion, the evolution of consumer segmentation, smoothly integrating 

with statistical and machine learning methodologies for clustering in the retail 

sector, represents a significant advancement in understanding and responding 

to consumer interactions. 
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2.4 Innovative Methods of Data Collection in Retail 

There are various trends in data collection innovations for retailing, with 

Internet of Things (IoT) serving as a prominent example. The convergence of the 

IoT and the age of data represents a transformative force in retail market 

segmentation. As elucidated by Kakhi et al. (2022), the integration of IoT 

technologies and artificial intelligence is driving a paradigm shift, presenting 

both challenges and opportunities. The seamless connectivity of devices and the 

prolific generation of data in the retail environment offer an unprecedented 

depth of insights into consumer behaviours. 

In the landscape of retail, the study by Allred et al. (2006) highlights the 

significance of market segmentation for understanding diverse consumer 

preferences. The IoT contributes to this understanding by enabling the 

continuous collection of real-time data from various touchpoints. This influx of 

data allows retailers to move beyond traditional segmentation based on 

demographic or geographic variables, as discussed by Allred et al. (2006), and 

delve into dynamic and personalized segmentation strategies. 

The IoT's impact lies not only in its ability to capture consumer preferences 

but also in the potential for real-time adaptation. By harnessing data from 

connected devices, retailers can respond promptly to shifting consumer 

behaviours, optimizing segmentation strategies on the fly. This responsiveness 

aligns with the findings of Allred et al. (2006), emphasizing the need for retailers 

to adapt their strategies to meet evolving consumer expectations. 

In summary, the IoT and the era of data, as explored by Kakhi et al. (2022), 

have the potential to revolutionize market segmentation in retail. This 

transformative impact stems from the continuous flow of real-time data, 

providing retailers with the tools to create more nuanced, dynamic, and 

personalized segmentation strategies that align closely with the ever-changing 

landscape of consumer preferences. 
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Problem Definition and Research Questions 

 
3.1 Problem Definition 

Developing specialized marketing strategies is made more difficult by the 

peculiarities of the retail industry, which are defined by a wide range of 

consumer behaviours and a constantly changing environment. To successfully 

personalize retail tactics, this heterogeneous market must be efficiently classified. 

The challenge is unfortunately made more complex by the lack of understanding 

regarding the relative merits of statistical and machine learning approaches in 

retail market segmentation. 

The underlying issue stems from an unclear understanding of which 

segmentation strategies—based on statistical or machine learning frameworks— 

produce the best results for detecting consumer attributes. One major challenge 

is the lack of clarity on the trade-offs between interpretability, scalability, and 

accuracy in these systems. Furthermore, little research has been done on the real- 

world effects of segmentation applications on managerial choice-making in the 

setting of retail marketplaces. 

By performing a thorough evaluation of statistical and machine learning 

techniques in the field of retail market segmentation, this study seeks to address 

this important topic. The lack of clear standards for this kind of comparison and 

a poor comprehension of the managerial fallout from various segmentation 

strategies draw attention to important gaps in the state of the art. Closing these 

gaps will be essential to improving retail decision-making processes and 

optimizing tactics in the constantly changing retail offerings landscape. 
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3.2 Research Questions 

The research questions that are addressed in this dissertation are presented in 

the following table. 

Research Question Objective 

In retail market segmentation, how 

do statistical and machine learning 

approaches compare? 

Conduct a thorough review of 

statistical and machine learning 

methodologies in the context of retail 

market segmentation to determine 

their respective strengths, 

shortcomings, and practical 

consequences. 

What are the details of consumer 

habits that statistical approaches may 

overlook? 

Determine and examine minute 

details in consumer behaviour that 

conventional statistical tools could 

miss, highlighting the necessity for 

creative solutions in the changing 

retail environment. 

How do machine learning 

techniques contribute to dynamic 

retail market segmentation? 

Examine how machine learning can 

adapt to shifts in consumer habits to 

help merchants find the best 

segmentation tactics. 

What is the impact of statistical and 

machine learning methods on 

marketing and operational strategies 

in retail? 

Analyze how these innovative 

methods affect pricing tactics to 

improve retail pricing techniques for 

increased customer interaction. 

Table 1- Research questions and objectives 



30  

Research Methods 

 
4.1 Methods Definition 

The selection of a methodological paradigm is crucial for steering the research 

process, determining the tools we employ, the data we gather, and how we 

interpret the outcomes. In the field of retail market segmentation, using a 

methodological paradigm can help to understand and improve service delivery 

resulting in better results for clients. 

The current study is based on a methodological paradigm that employs a 

quantitative approach, including a survey. This technique tries to provide 

objective measurements that can be used to better understand and enhance retail 

market segmentation quality. 

To assess whether there is a trend in customers’ preferences for low- 

cost/luxury services and their connection to wealth status, we asked where the 

customers make their purchases to understand what type of service they address. 

Similar questions were asked to determine how comfortable patients are with 

digital markets and with which types of products can extrapolate that kind of 

purchase. 

To better understand what drives customers’ decisions and, as a result, what 

can encourage their loyalty, we asked respondents to rate several characteristics 

including quality, waiting time, price, and distance in terms of their influence on 

their choice of market. 

By designing a new questionnaire, our study enhances the depth and 

comprehensiveness of understanding the factors influencing patient quality, 

loyalty, and satisfaction. 
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4.1.1 Data collection and measurement instruments 

 
 

This research focuses on the diverse retail market environment. To collect as 

much information as possible, there was made available online survey through a 

variety of digital media, including Instagram, Facebook, and LinkedIn. The 

survey was available on these platforms between December 2023 and January 

2024. 

One of the most significant considerations when conducting a survey or study 

is sample size, as it affects the validity and precision of your findings. The 

number of replicates or observations in our statistical sample is referred to as the 

sample size. 

Furthermore, the task of establishing the ideal number of clusters is handled 

with strategic thinking. The Elbow Method, a well-known technique, is used to 

identify the point at which adding more clusters no longer significantly improves 

the segmentation model. 

In parallel, a trial-and-error method is taken, testing with various cluster 

configurations. This iterative procedure includes repeating segmentation studies 

with changing cluster counts and evaluating their effectiveness on the data set. 

The goal is to find a compromise, ensuring that the segmentation model 

accurately captured the subtle patterns present in the diversified retail market 

environment. 

 
. 
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Experimental Results 

 
5.1 Dataset characterization 

Our database is compiled using a questionnaire available on numerous web 

platforms. There are 23 total questions. A total of 101 responses were gathered, 

and their relationships were investigated and assessed. The questions were 

designed to understand each financial, social, and behavioural context. To 

improve the reliability of the results, the questionnaire is primarily limited to 

multiple-choice items. 

 

5.2 Descriptive analysis 

In this subchapter, we will look at the overall properties of the dataset and 

undertake a descriptive analysis to get a better understanding of the data's 

original state. 

When we look at the dataset, we see replies from people of all ages, with a 

noticeable preponderance of young adults. The distribution is the outcome of the 

questionnaire's sharing strategies, such as social feeds and company networking. 

It's important to remember that most responders can make economic decisions. 

Looking at gender distribution, we see an equitable representation that avoids 

bias in any output. Notably, responses are from a variety of cities, which adds 

great value to the research. Porto stands out as the hub for the major network 

with almost 60% of the answers. As a result, the household income distribution 

is naturally broad, reflecting differences in average incomes among countries. 

In line with the global trend of higher educational attainment, around 80% of 

respondents have at least a bachelor’s degree as their highest level of education. 

Regarding the decision-making questions, we focused on two key factors: 

fresh and non-fresh products. 
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When it comes to fresh products, a large majority of people say they are 

"somewhat uncomfortable" making purchases online. Quality, price, and 

proximity to work/home, respectively, emerge as the most important factors in 

their purchasing decisions. 

On the other hand, when it comes to non-fresh products, 50% of respondents 

say they feel "very comfortable" shopping online. Similarly, quality, price, and 

proximity to home/work are the primary criteria that influence their decision- 

making. Figures 1–10 summarize the descriptive analysis. 

 

 
Figure 1-Highest Level of education completed. 

 

 

Figure 2-Age group. 
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Figure 5-Marital Status 

 

 

 
Figure 3-Household income before taxes. 

 

. 

 

 

 
Figure 4-Gender. 

 

 

 

 

Figure 5- Marital Status. 
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Figure 6 – Location of shopping 

Figure 7 - Online purchasing of fresh products. 

Figure 8- Top reasons to buy fresh products 

 

 

 
Figure 6- Location of shopping. 

 

. 

 

 

 
 

 
Figure 7- Online purchasing of fresh products. 

 

 

 
Figure 8- Top reasons to buy fresh products. 
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Figure 9- 

 

 

 
Figure 9- Acceptance of online purchase of non-fresh products. 

 

 

 

 

 

Figure 10- Top decision-making reasons to buy non-fresh products 
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5.3 Findings 

In this subchapter, we aim to describe the results obtained by the methods used for a later 

discussion. 

 

As seen in Figure 11, employing the methodology section where the Elbow method is explained, 

we determined that six clusters are optimal. This selection is utilized in our experiments. 
 

Figure 11- Identify the number of clusters using the Elbow method 

 

 

 

5.3.1 Findings using SOMs 

Cluster 1 is a group of 20 consumers who share a combination of behavioural 

and demographic characteristics. Most people in this cluster are married, the 

majority are female, and their average age is 36. This cluster demonstrates people 

who have completed a bachelor's degree as their most advanced degree, the 

household's income before taxes is approximately €2,625 per year. Luxembourg 

is the main shopping location, and Carrefour is the store of choice for both non- 

perishable and perishable goods. 



38  

These consumers typically buy fresh goods including meat, dairy, fruits, and 

vegetables once a week. When it comes to fresh food, price is the most important 

aspect in their decision-making. Weather and proximity to home or work are 

respectively the next crucial factors. They indicate a "neutral" degree of comfort 

with buying fresh food online. 

Regarding non-perishable food, they do this shopping once a month. When 

deciding where to buy non-fresh food, the location of the home or job, weather 

conditions on the day of buying, and weight of purchase are ranked as the most 

important considerations. When it comes to buying non-fresh goods online, they 

exhibit a "somewhat comfortable" attitude. 

They place "somewhat significant" value on brand names, and they are 

prepared to pay more for goods that come from sustainable or ecologically 

friendly sources. 

Cluster 2 comprises a group of 14 selective consumers. Most people in this 

cluster are single men, with an average age of 25. The educational level normally 

reaches a bachelor's degree, and the average household income before taxes is 

€2,250. Luxembourg emerges as the predominant shopping location, with El 

Corte Inglês taking the lead as the preferred retailer for perishable items, as 

opposed to non-perishable goods purchased at Lidl. 

Fresh products are purchased every week, and pricing is the primary influence 

in their store selection. Proximity to work influences the top reasons for choosing 

a store. In-store purchasing is preferred, with online fresh food purchases rated 

as "neutral." 

Moving to non-fresh products, this cluster displays customers who shop every 

week. The underlying theme in decision-making is pricing. In-store shopping is 

the preferred mode of purchase for fresh products, and customers feel 

"somewhat comfortable" making non-fresh purchases online. 



39  

Brand names are considered "somewhat important" in their purchasing 

decisions, and there is a noticeable readiness to pay a premium for 

environmentally friendly or sustainably sourced products. 

Cluster 3 is made up of a separate group of young consumers, with an average 

age of 23, who are primarily single females with a bachelor's degree. Their 

household income before taxes is roughly €2,805. 

Porto stands out as the main retail destination. Local markets are the primary 

suppliers of fresh items, while for non-fresh items, customers prefer Pingo Doce. 

When buying fresh food, the most important elements to consider are price, 

weather conditions, and store hygiene (Ranked from 1 to 3). 

In-store shopping is the preferable option for purchasing fresh foods, as 

internet fresh food transactions are rated as "somewhat uncomfortable." Turning 

to non-fresh (non-perishable) products, the frequency of shopping is as well 

weekly. Similarly, price, weather conditions, and overall store ambiance are 

paramount in their decision-making. 

When it comes to non-fresh (non-perishable) things, shopping occurs every 

week. Similarly, they prioritize price, weather conditions, and overall store 

environment when making purchasing decisions. 

This cluster is distinguished by a "neutral" comfort level with online 

purchasing of non-fresh products. Brand names are rated "somewhat important" 

in purchase decisions, indicating a nuanced concern for quality and brand 

reputation. Interestingly, the cluster indicates a readiness to pay a premium for 

products that promote environmentally friendly or sustainable sources. 

Cluster 4 represents a customer group that is primarily composed of single 

females with bachelor's degrees and an average age of 22. Before taxes, their 

average household income is roughly €1,770. 

They decided to purchase fresh goods once a week, and their decision is 

influenced by the variety, quality, and weather of the goods, in that order. When 

purchasing these kinds of things, these shoppers prefer the in-store experience. 
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After switching to non-fresh (non-perishable) goods, the preferred retailer is 

Continente, and monthly shopping is the frequency of shopping. 

Price is the primary deciding factor for this kind of product, with weather and 

product diversity coming in second and third. 

When purchasing non-fresh goods online, "somewhat comfortable" is the 

mark. They rate the significance of brand names as "somewhat important," 

indicating a careful balancing act between product quality and brand 

identification. It's interesting to note that the cluster reflects a pragmatic attitude 

by showing a reluctance to spend more for things that are environmentally 

friendly or sustainably generated. 

Cluster 5 encapsulates the essence of the young, unmarried male generation in 

Porto who have a strong educational background and are primarily bachelor's 

degree holders. The average age of this group is 22, and their household income 

before taxes is an average of €1,710. 

Every week, they purchase fresh goods, preferring to shop in person. When 

making the decision, factors like price and ease of access to work or home are 

top-ranked. 

As stated above, this one also shows a weekly shopping frequency at Pingo 

Doce for non-fresh items, highlighting the significance of reasonable prices and 

ease of access to home and work. 

These customers reveal a "somewhat comfortable" attitude regarding 

purchasing non-fresh products online. 

In their decision-making process, brand names have a "somewhat important" 

influence, implying a complex fusion of cost and brand awareness. Notably, this 

cluster demonstrates a deliberate effort towards sustainability by demonstrating 

a willingness to pay more for goods that are sourced responsibly or ecologically 

friendly. 

Cluster 6 depicts the Conscious Shopper in Brussels, a group of youthful, 

unmarried women who, on average, are 24 years old and show consideration for 
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their buying choices. Most of their educational background consists of bachelor's 

degrees, and their average household income before taxes is €1,920. 

This cluster shops once a month when it comes to buying fresh produce. When 

choosing retailers for fresh products, customers put cleanliness, quality, and 

proximity first, preferring in-store experiences. 

Monthly shopping frequency at Pingo Doce is consistent with non-fresh (non- 

perishable) preferences, which prioritize variety, affordability, and 

meteorological conditions (ranks 1 through 3, respectively). 

They disclose a "somewhat comfortable" stance on non-fresh product 

purchases made online. 

They give brand names "somewhat important" weight when making 

decisions, reflecting a combination of cost and brand awareness. This cluster, 

however, illustrates a nuanced approach to sustainability by indicating a hesitant 

attitude toward paying more for goods that are sustainably sourced or 

ecologically friendly. 
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5.3.2 Findings using K-means Clustering 

Cluster 1 is a group consisting of 7 individuals characterized by specific 

behavioural and demographic attributes. This cluster predominantly consists of 

young females, with an average age of 26 years. Most individuals in this group 

are single, and they have achieved an undergraduate degree as their highest level 

of educational attainment. The average household income before taxes stands at 

approximately €3,285.71 annually. These consumers predominantly conduct 

their shopping in Brussels, with Carrefour being the preferred retailer for both 

perishable and non-perishable goods. 

Members of this cluster engage in the weekly purchase of fresh goods such as 

fruits, vegetables, dairy, and meat. Quality, store proximity, and weather are the 

primary factors influencing their decision-making when selecting a retailer for 

fresh produce. They demonstrate a 'somewhat comfortable' level of ease with the 

notion of purchasing fresh goods online. 

For non-perishable items, such as canned goods, pasta, and toiletries, 

shopping is typically done monthly at Mercadona. Cleanliness, store cleanliness, 

and the day's weather conditions are the most significant factors they consider 

when choosing a store for non-fresh goods. Their comfort level with buying non- 

perishable items online is also reported as 'somewhat comfortable'. 

Brand name holds 'somewhat significant' importance in their purchasing 

decisions. Additionally, there is a readiness to pay a premium for products that 

are environmentally friendly or sustainably sourced, although this willingness 

has its limits. 

Cluster 2 represents a distinct group of 24 consumers, predominantly young, 

single males with an average age of 24 years. The majority have attained a 

bachelor's degree and report an average household income before taxes of 

€3,062.50. These consumers typically perform their shopping activities in 

Luxembourg, with Carrefour being their retailer of choice for both perishable and 

non-perishable goods. 
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The members of this cluster exhibit a weekly shopping pattern for fresh 

produce such as fruits, vegetables, dairy, and meat. Price, store proximity, and 

weather are the key determinants for their choice of Carrefour for fresh product 

purchases. They show a 'somewhat comfortable' level of ease with the concept of 

buying fresh goods online but prefer to make their purchases in-store. 

When it comes to non-perishable items, this cluster also shops every week, 

favouring Lidl for such purchases. In choosing a store for non-fresh goods, price 

is the predominant factor, followed again by price sensitivity and weather 

conditions. Like their habits with fresh goods, they prefer in-store shopping for 

non-perishable items and express a 'somewhat comfortable' attitude towards 

online purchasing in this category. 

The brand name holds 'somewhat important' significance in their decision- 

making process. Furthermore, there is a conditional willingness among this 

cluster to pay a premium for environmentally friendly or sustainably sourced 

products, indicating a selective approach to ethical consumption. 

This cluster's behaviour highlights a price-conscious and convenience- 

oriented segment within the retail market, with a partial inclination towards 

environmental considerations. 

Cluster 3 encapsulates a dynamic group of 15 young, single males with an 

average age of 19 years. These individuals have generally completed their 

bachelor's degrees and have an average household income of €2,333.33 before 

taxes. Their shopping activities are frequently conducted in Porto, with the 

Continent being their preferred choice for purchasing fresh products like fruits, 

vegetables, dairy, and meat every week. 

When selecting Continente for their fresh goods, price emerges as the most 

critical factor, followed by weather conditions and, again, price sensitivity, 

reflecting a strong inclination towards cost-effective shopping choices. These 

consumers exhibit a neutral comfort level with purchasing fresh goods online, 

but they predominantly opt for in-store shopping. 
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For non-perishable goods such as canned goods, pasta, and toiletries, Pingo 

Doce is the go-to retailer, with weekly visits being the norm. Price and proximity 

to their location are the primary factors influencing their store choice for non- 

fresh items, indicating a preference for convenience and value for money. 

Notably, they report a “very comfortable” attitude towards purchasing non-fresh 

products online, suggesting a greater openness to e-commerce in this category 

compared to their purchasing habits for fresh products. 

Brand name carries a somewhat important weight in their purchasing 

decisions, and there is an apparent willingness to invest more in products that 

are environmentally friendly or sustainably sourced, although this willingness 

has financial limitations. 

This cluster's characteristics suggest a consumer segment that is highly price- 

conscious, values convenience, and has a measured interest in sustainability, 

balanced by budget considerations. 

Cluster 4 is characterized by a group of 12 young, single females who have 

completed a bachelor's degree and report an average household income before 

taxes of €2,125.00. These individuals frequently shop in Porto, with Pingo Doce 

being their selected retailer for purchasing fresh products such as fruits, 

vegetables, dairy, and meat every week. 

The key factors influencing their choice of Pingo Doce for fresh goods are the 

quality of the products, the weather conditions, and the variety offered. They 

have a neutral attitude toward purchasing fresh items online and show a clear 

preference for in-store shopping, indicating that the tactile and immediate nature 

of shopping in physical stores is important to them. 

For non-perishable goods, these consumers turn to the Continent, and they do 

so monthly. The proximity of the store to their home or workplace, the weather 

at the time of shopping, and the variety of products available are the main 

considerations for their store choice, suggesting a preference for convenient and 

diverse shopping experiences. When it comes to purchasing non-fresh goods 
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online, they report feeling somewhat comfortable, which may indicate a 

willingness to engage with e-commerce more readily for these types of items. 

The importance of brand names in their purchasing decisions is rated as 

somewhat important, reflecting a discerning approach to product selection that 

factors in brand reputation. Additionally, their willingness to pay a higher price 

for environmentally friendly or sustainably sourced products is conditional, 

indicating a consideration for ethical products that are balanced with financial 

practicality. 

Overall, Cluster 4 depicts a segment that values quality and variety in their 

shopping, is conscious of convenience, and has a tentative interest in 

sustainability that is influenced by cost considerations. 

Cluster 5 comprises a total of 11 mature demographics of 47-year-old married 

males, most holding a bachelor's degree and reporting an average household 

income before taxes of €4,363.64. This group conducts their shopping primarily 

in Luxembourg, with a strong preference for local markets when it comes to 

sourcing fresh products like fruits, vegetables, dairy, and meat every week. 

When it comes to their reasons for choosing local markets for fresh produce, 

price is the most decisive factor, followed by the weight of the products, which 

could indicate a preference for bulk purchasing or an aversion to carrying heavy 

items for long distances. Store cleanliness is also a significant consideration, 

reflecting a concern for shopping in a hygienic environment. They have a neutral 

stance on purchasing fresh products online but show a clear preference for the 

tactile experience of in-store shopping. 

For non-perishable goods, these consumers frequent Cactus monthly. The key 

factors influencing their choice for non-fresh product purchases are quality, 

cleanliness, and the variety of options available, suggesting a discerning 

approach to these types of items. They are somewhat comfortable with 

purchasing non-fresh products online, indicating a willingness to utilize e- 

commerce platforms for convenience. 
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The brand name holds somewhat important significance in their purchasing 

decisions, and there is a conditional willingness to pay a premium for 

environmentally friendly or sustainably sourced products, indicating a 

conscientious approach to shopping that is balanced with budgetary 

considerations. 

In essence, Cluster 5 represents a demographic that values quality and ethical 

considerations in their shopping, prioritizes convenience, and maintains a level 

of price sensitivity in their purchasing decisions. 

Cluster 6 profiles a 32-observation group of 35-year-old single males, 

predominantly holding bachelor's degrees and earning an average household 

income before taxes of €1,812.50. Located in Luxembourg, these individuals 

demonstrate a weekly routine of purchasing fresh products like fruits, 

vegetables, dairy, and meat from Pingo Doce. 

The proximity of the store to their home or workplace is the paramount factor 

influencing their choice of Pingo Doce for fresh products, followed by the price 

and again the store's closeness, indicating a strong preference for convenience 

and affordability. Despite the availability of online shopping, their comfort with 

purchasing fresh products online is neutral, and they prefer in-store experiences. 

For non-perishable items such as canned goods, pasta, and toiletries, their 

retailer of choice is Mercadona, with shopping conducted monthly. Similar to their 

fresh product shopping preferences, closeness and price are significant factors 

for selecting Mercadona, alongside the convenience of the store's location. They 

are somewhat comfortable with the idea of purchasing non-fresh products 

online, suggesting a moderate openness to e-commerce for these types of goods. 

The brand name holds a neutral place in their decision-making process, 

suggesting that while they recognize brands, it is not a primary driver of their 

purchase decisions. Their willingness to invest more in environmentally friendly 

or sustainably sourced products is tentative, indicating a consideration for 

ecological factors that may be dependent on the cost implications. 
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Cluster 6 thus represents a consumer segment that prioritizes location 

convenience and price in their shopping habits, with a balanced approach to 

brand recognition and a conditional interest in sustainability. 

 

5.4 Contribution to the Literature 

The comparative analysis of SOMs and K-means clustering techniques reveals 

distinct differences in their abilities to delineate cluster shape and structure, 

flexibility in handling data, interpretability, and suitability for high-dimensional 

data representation. 

SOMs excel in identifying and illustrating complex structures and 

relationships inherent within the dataset. Unlike K-means, which typically 

enforce a spherical shape on the clusters due to their reliance on centroid-based 

clustering, SOMs allow for the emergence of a more nuanced cluster geometry 

that can capture the intrinsic topology of the data. This characteristic of SOMs is 

particularly advantageous when the dataset contains non-linear relationships 

that a simple circular boundary cannot adequately represent. 

 

When considering flexibility and the nature of data representation, SOMs 

demonstrate superior adaptability. They are proficient at managing a diverse 

range of data structures and distributions, making no prior assumptions about 

the homogeneity of cluster sizes or densities. K-means, by contrast, operates 

under the assumption that clusters are of equivalent size and density, which can 

be a significant limitation in datasets where this is not the case. 

The interpretability and usability of the clustering results also vary between 

the two methods. K-means offers a straightforward approach, where each data 

point is explicitly assigned to one cluster, making the interpretation of results 

relatively easy. However, this clarity comes at the expense of detailed insight into 

the data's structure. SOMs, on the other hand, provide a richer and more intricate 

representation of data relationships through their 2D grid layout, albeit with 
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increased complexity in interpretation. The SOM's visualization allows for the 

observation of clusters and their relationships in a way that is not possible with 

K-means, highlighting gradients and transitions between different clusters. 

In the context of dimensionality and visualization, SOMs hold a significant 

advantage, particularly in higher-dimensional spaces. They are designed to 

reduce dimensions while preserving topological and metric relationships 

between the data points, offering a 2D visual representation of multi-dimensional 

data. K-means, in isolation, struggle with high-dimensional data due to the curse 

of dimensionality. It often requires prior dimensionality reduction techniques, 

such as Principal Component Analysis (PCA), to become effective for visualizing 

and interpreting clusters in higher-dimensional spaces. 

In conclusion, both SOMs and K-means have their unique strengths and 

weaknesses. The choice between them should be guided by the specific 

requirements of the data structure, the desired insights from the clustering 

results, and the complexity of relationships within the dataset. This comparison 

underscores the importance of selecting the appropriate clustering technique to 

uncover the true structure of the data in pursuit of meaningful and actionable 

insights. 

 

5.5 Managerial implications 

Understanding the distinctive features and behaviours of consumer clusters is 

crucial for retailers to design effective marketing and operational strategies. This 

analysis gives useful information on the diverse interests and habits of six 

identified customer clusters. 

Given the different consumer clusters discovered, there is potential to create 

unique marketing and operational tactics that appeal to specific populations. We 

propose to look at practical strategies drawn from the discovered groupings. 

Beginning with Cluster 1, which is primarily made up of married people with 

higher incomes, a focused strategy could include promotions geared toward 
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family-oriented products or exclusive loyalty programs for repeat high-value 

customers. Initiatives like family bundle deals or the establishment of a loyalty 

card program that offers discounts on bulk purchases could effectively appeal to 

this group. 

Moving on to Cluster 2, the main strategy should highlight Weekly flash sales 

on new non-fresh items, which could increase the frequency of the buying of 

these products. Looking at the average age and income, using the mobile app or 

online website should be a straightforward way to engage this type of client. As 

we can see in the previous descriptive analysis, the geographic location of the 

retail shop should be carefully decided to be around universities or business 

areas filled with young people that can be associated with cluster 2. 

Cluster 3, which focuses mostly on local marketplaces in Porto, provides an 

opportunity to position the brand as a supporter of local businesses. Marketing 

activities could include collaboration with local farmers for one-of-a-kind in- 

store events, as well as the use of social media to depict the journey of locally 

sourced products, fostering a sense of community. Large surfaces, on the other 

hand, can incorporate typical fresh-product zones to appeal to cluster 3 

customers. 

For Cluster 4, which demonstrates a practical approach to purchases, 

marketing strategies should emphasize cost savings and value for money. 

Initiatives such as a "Smart Shopper" campaign, featuring weekly discounts and 

cost-effective product bundles, along with a rewards system for consistent 

monthly shoppers, could be highly effective. To attract this kind of client, the 

main goal of firms should be to improve their operational backgrounds to 

achieve economies of scale and deliver the best prices. 

Marketing initiatives aimed at Cluster 5, which has an eco-conscious mindset, 

should include sustainability messaging. This could include launching a 

sustainability campaign with eco-friendly product lines, as well as implementing 

practical steps like biodegradable packaging. 
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Finally, Cluster 6, which is characterized by conscientious and caring buyers, 

shows an emphasis on quality and cleanliness. Retailers might pitch the brand as 

a source of high-quality, carefully picked products. We recognize that these 

individuals expect the shop to keep the hygiene of the items and infrastructure 

in exemplary circumstances. Adopting a minimalist decorating design should 

promote engagement among young adults, as suggested by this cluster. 

Examining the characteristics that contribute to success in all clusters reveals 

that most people prefer to buy non-fresh products online and in-store for fresh 

products. Given this knowledge, businesses can employ focused techniques, 

such as online-exclusive promotions or fresh products, to encourage and build a 

popular trend in consumer behaviour. This not only facilitates certain types of 

purchases but also builds client trust. 

The first step in this direction is to develop an operating structure that 

maximizes value for clients. Businesses that prioritize customer involvement and 

happiness can establish the groundwork for developing trust in the retail 

relationship. Furthermore, the geographical environment becomes increasingly 

important, influencing not only the effectiveness of the distribution system but 

also the expansion of the client base, given the importance of closeness to home 

or work to the majority, strategic placement and outreach become critical 

components in success. Aligning these tactics allows organizations to efficiently 

react to their broad consumer base's changing preferences, laying the framework 

for long-term market success. 
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Conclusion and future work 

 
The present investigation explored the complexities of customer behaviour in 

the retail sector, revealing a heterogeneous array of preferences, purchasing 

patterns, and criteria for making decisions among six different clusters. These 

results offer insightful information for both theoretical and applied research. 

Age, gender, marital status, and educational background are just a few of the 

demographic factors that combine to create distinct customer profiles and 

highlight how complicated consumer choices may be. The study has important 

ramifications for retailers looking to improve their marketing and operational 

strategies in addition to providing insights on how customers make choices. 

Opportunities for future research directions exist, providing the potential to 

increase our understanding of the industry. A thorough investigation into 

changing customer preferences over time is necessary for merchants hoping to 

maintain their competitiveness in a changing market. 

Moreover, a thorough analysis of how various marketing strategies affect 

customer groups might enable businesses to better customize their approaches. 

Additionally, examining customers from a global viewpoint might reveal 

cultural traits that affect buying decisions. This is particularly important for 

companies that operate in the increasingly interconnected global economy. 

As a result, this study not only wraps up a thorough investigation into 

contemporary consumers but also establishes the foundation for further study 

that will be essential for companies navigating the always-shifting retail market. 
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Appendix 

 
Appendix 1 – Survey Questionnaire 

 
 

A comparison between 

statistical and machine 

learning methods for retail 

market segmentation. 
This thesis undertakes a thorough investigation into market 

segmentation in the retail sector, specifically focusing on the 

comparison between statistical and machine learning methods. It 

aims to unravel the intricate patterns that define consumer 

preferences and behaviors within the realm of retail. By employing 

both statistical and machine learning techniques, the study seeks 

to identify the most effective strategies for categorizing diverse 

consumer segments. The research delves into the nuances of the 

retail market, meticulously examining the performance and 

practical implications of each segmentation approach. Through 

this effort, we aim to not only enhance our understanding of 

market dynamics but also provide valuable insights for 

stakeholders navigating the complex landscape of retailofferings. 

 
Furthermore, I thank you for allowing me to collect the necessary 

data for the research. 

 
For Survey Circle users (www.surveycircle.com): The Survey 

Code is: HAH6-GFNQ- NAPS-6DPY 
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What is your age group?* 

 

 
 

Under 18 
 

18-24 

 

25-34 
 

35-44 

 
45-54 

 

55-64 
 

65+ 

What is your gender? 

Male Female 

Non-binary/third gender Prefer not to say 

 

 

What is your highest level of education completed? * 

 

High school diploma or equivalent 

 
Bachelor’s degree 

Master's degree 

PhD 

Other: 
 



https://docs.google.com/forms/d/1g1wEfZDAk_z2OQc7OcVRi60KraxoSoPD9wKPsQgNSR4/edit? 3  

A comparison between statistical and machine learning methods for retail market 

What is your household income range before taxes (in EUR)? 

 
 

< 1 500 

 
1 500 - 3 999 

 
4 000 - 7 999 

 

8 000 - 11 999 
 

> 12 000 

 
 
 

Where is the location where you mostly do shopping? * 
 

Lisbon 

Porto 

Luxembourg 

Brussels 

Paris 

Other:  

 

 
What is your occupation? * 

 
 

 
 



https://docs.google.com/forms/d/1g1wEfZDAk_z2OQc7OcVRi60KraxoSoPD9wKPsQgNSR4/edit? 4  

A comparison between statistical and machine learning methods for retail market 

When purchasing fresh (perishable) products like fruits, vegetables, dairy, and meat, which store 

do you usuallyprefer? 

 
Continente 

Pingo Doce 

Mercadona 

Aldi 

El corte inglés 

Lidl 

Auchan 

Cactus 

Carrefour 

Local Markets 

Other: 

 

 

 
How frequently do you purchase fresh products like fruits, vegetables, dairy, and meat, from this 

store? 

Daily 

Weekly 

Monthly 

Rarely 

What are thetopthreereasonsforchoosingthe above storeforfreshproducts? (Rank 1 to 3, with 

1 being the most important) 



https://docs.google.com/forms/d/1g1wEfZDAk_z2OQc7OcVRi60KraxoSoPD9wKPsQgNSR4/edit? 5  

A comparison between statistical and machine learning methods for retail market 

 

 

Quality  
Weather Weigh Store 

 

 
of 

products 

Price 
Closeness/proximity 

to home or work 

of the 

shopping 

day 

 
of the 

order 

cleanliness 

and 

hygiene 
 

Rank 1 
 

Rank 2 
 

Rank 3 
 
 

 

 
How do you prefer to shop for fresh products? * 

 

In-store shopping 

 

Online ordering with home delivery 

 
Online ordering with click-and-collect service 

 

Other: 

 

 

 

Does your preferred store offer your preferred method of shopping for fresh * 

products? 

Yes 

No 

Not sure 



https://docs.google.com/forms/d/1g1wEfZDAk_z2OQc7OcVRi60KraxoSoPD9wKPsQgNSR4/edit? 6  
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How comfortable are you with purchasing fresh products online? * 

 

Very comfortable 

Somewhat comfortable 

Neutral 

Somewhat uncomfortable 

Not comfortable at all 

 
 

When purchasing non-fresh (non-perishable) products like canned goods, pasta, and toiletries, 

which store do you usually prefer? 

 
Continente 

Pingo Doce 

Mercadona 

Aldi 

El corte inglés 

Lidl 

Auchan 

Cactus 

Carrefour 

Local Markets 

Other: 



https://docs.google.com/forms/d/1g1wEfZDAk_z2OQc7OcVRi60KraxoSoPD9wKPsQgNSR4/edit? 7  
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How frequently do you purchase non-fresh products like canned goods, * 

pasta, and toiletries, from this store? 

Daily 

Weekly 

Monthly 

Rarely 

 
 

 
Whatarethetopthreereasonsforchoosingtheabovestorefornon-freshproducts? (Rank 1 to 3, 

with 1 being the most important) 

 

 
 

Quality 
Weather Weigh Store 

 

 
of 

products 

Price 
Closeness/proximity 

to home or work 

of the 

shopping 

day 

 
of the 

order 

cleanliness 

and 

hygiene 
 

Rank 1 
 

Rank 2 
 

Rank 3 
 
 

 

 

How do you prefer to shop for non-fresh products? 

 
 

In-store shopping 

 
Online ordering with home delivery 

 
Online ordering with click-and-collect service 

 

Other: 
 



https://docs.google.com/forms/d/1g1wEfZDAk_z2OQc7OcVRi60KraxoSoPD9wKPsQgNSR4/edit? 8  
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How comfortable are you with purchasing non-fresh products online? * 

Very comfortable 

Somewhat comfortable 

Neutral 

Somewhat uncomfortable 

Not comfortable at all 

 
 

How important is a brand name to you when making a purchase decision? 

 
 

Very important 

Somewhat important 

Neutral 

Not very important 

Not at all important 

 
 

Are you willing to pay a higher price for products thatare environmentally * 

friendly or sustainably sourced? 

 
 

Yes, definitely. 

 

Yes, but only up to a certain point 

Maybe, it depends on the product 

Not really. 

No, not at all. 



 

If you could change one thing about the way you shop, what would it be? 
 

 

 

 

 

 

 

 

 

Please share any additional comments or suggestions you have about your 

shopping experience. 
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