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Abstract: The advent of technological innovation today has paved the way for a 15 
new and improved approach to business and decision-making, enabling faster 16 
and more informed choices. An example of such is Customer segmentation. This 17 
study demonstrates the application of customer segmentation analytics using a 18 
dataset of mall customers. Data was collected at four supermarkets in Berlin, 19 
namely, Aldi, Penny, Kaufland and Rewe, using a questionnaire. The obtained 20 
dataset includes the following variables: spending score, age, gender, and annual 21 
income. A total of 253 respondents participated in the study, while only 201 cop- 22 
ies of the questionnaire were found usable. The clustering algorithm utilises the 23 
K-Means to determine useful and meaningful patterns within the obtained da- 24 
taset. The results show a varying customer slice using their observed similarities 25 
and dissimilarities based on the income and spending patterns of the respond- 26 
ents. An important clue into the preferences and features of the diverse customer 27 
clusters was clearly revealed. The understanding of these segments could help 28 
managers with targeted marketing strategies, merchandise recommendations, 29 
thereby enhancing customer experiences, and robust personalised promotions. It 30 
was recommended among others that business organisations should adopt Cus- 31 
tomer segmentation as a marketing strategy to boost sales of products and ser- 32 
vices.  33 
 34 
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 37 

1. Introduction  38 
In today's world, where new technologies are central to modern 39 

marketing strategy, the use of Customer segmentation is inevitable. This 40 
will assist organisations to adapt their communications and products to 41 
a close and specific consumer group. The advent of Big Data has made it 42 
possible to increase data availability, and the field of Machine Learning 43 
(ML) algorithms has helped modern businesses to leverage to gain 44 
reliable insights into hidden customer preferences, activities, and hidden 45 
purchasing patterns [1]. The K-Means clustering algorithm to segment 46 
mall customers in Berlin is the focus of this study. This is achieved by 47 
utilising income and spending scores of customers, thereby providing 48 
more reliable and actionable insights for personalised ad targeting and 49 
improving customer engagement. 50 
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The introduction of computing technology to today's business 51 
environment and decision-making process has made Customer 52 
segmentation an important area of retail marketing, equipping business 53 
organisations with a better understanding of their available customer 54 
base, thereby enhancing their marketing strategies [2]. Our study utilises 55 
the  K-means clustering with k=5 in segmenting mall customers using 56 
their respective spending score and annual income. Our study is 57 
expected to unveil the discovery of distinct customer patterns, thereby 58 
providing a series of valuable base understandings of customer 59 
behaviour activities, and the facilitation of a personalised marketing 60 
approach. 61 

This study, according to [3], adopts the machine learning technique, 62 
amongst other techniques; with the use of K-means clustering, an 63 
unsupervised technique that will separate the provided data into k 64 
number of distinct clusters based on a pre-determined perceived 65 
similarities. The result of this analysis could enable businesses to identify 66 
unique clusters hidden within the customer base and target such clusters 67 
for growth. Personalised offerings, targeted campaigns, and enabling 68 
improved customer satisfaction are various approaches that are likely to 69 
assist business managers in growing their customer base. The use of the 70 
K-means clustering algorithm (k=5) on mall customer data, which was 71 
also confirmed by the research conducted by [3], delivers a data-driven 72 
approach to customer segmentation. The results could inform marketing 73 
decisions by identifying customer target populations and help in driving 74 
business development in the retail sector. 75 

This study is also in agreement with the procedure adopted by [3], 76 
who used the K-means clustering algorithm of the Mall Customers 77 
dataset to arrange or group the customers based on their spending score 78 
and annual income. A study by [4] opined that normative and 79 
informational social influences, and social media commitment, 80 
influence the purchase decision of products advertised on Facebook. In 81 
addition to normative and informational social influences, their later 82 
study [5] added that social interaction ties, trust in online vendors, and 83 
purchase intention are important factors that predict the purchase 84 
decision on products advertised on WhatsApp.  According to [6], 85 
business information use positively influences customer satisfaction 86 
and performance of micro, small and medium-scale enterprises in 87 
Ibadan, Nigeria. 88 

Other previous studies have also attempted to enumerate the 89 
procedures involved in data feature selection, pre-processing, and 90 
clustering using the K-means algorithm [7,2,8]. The various results 91 
obtained have demonstrated the usefulness of K-means in identifying 92 



  
 

 

distinct customer clusters in shopping malls. [8] used K-means 93 
Clustering, as defined by [3], to assist in analysing shopping patterns of 94 
mall customers by exploring the use of demographic and transactional 95 
data to identify customer segments and understand their purchasing 96 
behaviours.  97 

The study by [2] emphasised customer segmentation in the retail 98 
environment, which conforms with the study by [3], which includes the 99 
mall customers using the K-means clustering algorithm. It emphasised 100 
the utilisation of Big Data and the integration of various additional 101 
variables, including age and gender, to improve the clustering results. 102 
Our study highlighted the same pattern contained in the work of [3], 103 
which is the importance of segmenting customers for targeted marketing 104 
campaigns and personalised services. [7] explored the hidden data 105 
pattern in the K-means Clustering based on the segmentation of Mall 106 
Customers, but our research used the K-means clustering based on 107 
annual income and spending score to segment mall customers. The set 108 
objective is to find distinct patterns of clusters, thereby developing a 109 
tailored marketing strategy that is aligned with each segment’s 110 
characteristics.  111 

 112 
2. Literature Review 113 

Customer segmentation plays a pivotal role in marketing decision- 114 
making by revealing behavioural and demographic heterogeneity within 115 
consumer populations [9, 10]. Traditional segmentation relied heavily on 116 
static demographic variables; however, recent advancements in data 117 
analytics and Artificial Intelligence (AI) have fostered a shift toward 118 
dynamic, data-driven segmentation methods [11,12].  119 

 120 
2.1 Data-Driven Segmentation Approaches 121 

Data-driven segmentation techniques, particularly those powered 122 
by ML, provide businesses with greater precision and adaptability [13]. 123 
According to [14], the adoption of K-Means as a way of using the machine 124 
learning algorithms with DBSCAN clearly revolutionised customer 125 
segmentation by automatically detecting patterns from large datasets. 126 
Recent studies demonstrate that hybrid approaches combining K-Means 127 
with dimensionality reduction techniques like Principal Component 128 
Analysis (PCA) can improve interpretability and accuracy [15]. 129 

Recent research by [1] introduced deep K-Means clustering for e- 130 
commerce segmentation, achieving higher accuracy and real-time 131 
adaptability in recommendation systems. Similarly, [16] explored AI- 132 
enhanced clustering models that leverage Natural Language Processing 133 
(NLP) from customer reviews to augment segmentation precision. These 134 



  
 

 

emerging methods emphasise the growing synergy between ML models 135 
and marketing analytics. 136 
 137 
2.2 Applications of K-Means in Retail and Marketing 138 

The K-Means clustering algorithm remains a foundational 139 
technique for market segmentation. [8]  demonstrated its effectiveness in 140 
analysing mall customers' purchasing patterns, while [2] emphasised its 141 
scalability and simplicity in retail environments. More recent studies, 142 
such as [17,18], reaffirm the relevance of K-Means for segmenting diverse 143 
customer bases using transactional and behavioural data. 144 

Moreover, [19] proposed a recommendation system framework 145 
integrating K-Means with deep reinforcement learning, showing 146 
enhanced personalisation and conversion rates. This evolution toward 147 
hybridised clustering models illustrates the ongoing innovation in data- 148 
driven marketing strategies.  149 

 150 
3. Methodology 151 
3.1. Structured Dataset and Data Collection Creation  152 
In this study, we took steps to determine the attributes that were 153 
presented in the dataset. Data was collected from four supermarkets in 154 
Berlin, Germany, using a questionnaire. These supermarkets are Kaufland, 155 
Rewe, Aldi and Penny. A total of 253 participants responded during the 156 
data capturing process over a period of six months; however, only 201 157 
copies of the questionnaire were found usable, as some respondents failed 158 
to provide full information about their annual income and their spending 159 
behaviour. The subsequent data was checked and corrected for data 160 
redundancy, and irrelevant data not needed was removed, using the 161 
Python code. A primary data collection approach was used. The collected 162 
and refined dataset obtained was resorted and reorganised into a form 163 
that is usable in a spreadsheet application program, Microsoft Excel (.csv) 164 
2016 edition was used in our case.  165 

 166 
3.2.  Data Collection Phase:  167 
a) Identifying the variables or attributes to be collected. These are 168 

features that are relevant to the task at hand; these include gender, age, 169 
spending score, and annual income [3]. Respondents' name was not 170 
collected as they are not important to this study, and also for the 171 
reason of confidentiality. 172 

b) Determining the data types for each attribute, such as numerical, 173 
categorical, or textual [3]. 174 



  
 

 

c) Defining a consistent format for representing the data. For example, 175 
age should follow a specific format, and numerical values should have 176 
a consistent unit of measurement, as is also in the study by [3]. 177 

d) Collecting data was [3], input into a structured format. Ensuring that 178 
each row represents an individual instance or observation, and each 179 
column represents a specific attribute. 180 

e) Cleaning the data by removing any inconsistencies, errors, missing 181 
values, or outliers [3]. 182 

 183 

 184 
Figure 1: Dataset for Mall Customers 185 

 186 
Dataset Pre-processing: The dataset, in accordance with the work of 187 

[3], was compiled bearing in mind the fields that are required to be present 188 
in it. In this case, the pre-processing procedure was not necessary, but a 189 
Python program we used to check, and it returns that the dataset is perfect 190 
for use.  191 

 192 

 193 

Figure 2.0: Pre-processing of the Dataset 194 
 195 

3.3. Specification of Problem: 196 
This study set out to address the need for effective customer 197 

segmentation in mall marketing [3]. The study aimed at designing data- 198 



  
 

 

driven techniques to resolve the issues surrounding many mall businesses 199 
around the world [3].  The study aims to deliver actionable 200 
understandings for retailers to organise their marketing strategies, 201 
advance customer satisfaction, and initiate business development in and 202 
around the mall environment [3]. Offering a robust segmentation model 203 
that boosts customer targeting and personalisation in the mall setting is 204 
an addition to the body of knowledge via this study.  205 
 206 
 207 
 208 
3.4. Choosing an appropriate algorithm 209 

In our study and also confirming the study carried out by [3], several 210 
factors were taken into account, including simplicity and interpretability, 211 
scalability, flexibility, cluster centroid representation, and the fact that 212 
they are widely used and well-studied. These factors have been 213 
considered twice to ensure their importance in the analysis for this study. 214 
K-means clustering in the literature has proven to be the widely used and 215 
well-studied algorithm in the field of machine learning (data mining). The 216 
choice of the K-means algorithm aligns with effectively segmenting mall 217 
customers based on their annual income and spending score.  218 

 219 
4. Results 220 

The use of clustering using the K-Means analysis revealed five 221 
distinct and meaningful customer segments consistent with findings from 222 
prior studies [9,17]. These segments include: (1) high-income, high- 223 
spending customers; (2) high-income, low-spending customers; (3) 224 
moderate-income, moderate-spending customers; (4) low-income, high- 225 
spending customers; and (6) low-income, low-spending customers. The 226 
resulting clusters align with the segmentation patterns observed by [2] 227 
and [18], confirming that income and spending scores remain critical 228 
determinants of consumer behaviour in retail markets. 229 

The first cluster, as shown in Figure 4, is composed of high-income 230 
and high-spending customers, reflecting the premium consumer group 231 
described by [8], who are most receptive to personalised, high-value offers. 232 
The second cluster—high-income but low-spending customers—mirrors 233 
the conservative buyer behaviour identified by [2], highlighting the need 234 
for motivational campaigns and value-based marketing. Cluster three 235 
represents the middle-income segment with balanced spending patterns, 236 
similar to the findings of [14], indicating stability in purchase behaviour 237 
and responsiveness to loyalty-driven strategies.  238 

Cluster four, as shown in Figure 4, consists of low-income yet high- 239 
spending individuals, supporting the observations of [19], suggesting that 240 



  
 

 

emotional or impulsive purchase drivers influence spending behaviour 241 
more than income levels. Lastly, the fifth cluster—low-income, low- 242 
spending customers—corresponds with the cost-conscious groups 243 
identified by [13], who prioritise affordability and value for money.  244 

The high degree of separation achieved among the five clusters 245 
demonstrates the robustness of the K-Means algorithm as previously 246 
discussed by [15]. These results further substantiate the scalability and 247 
interpretability of K-Means in modern marketing contexts, as highlighted 248 
by [1] and [16]. By identifying behavioural distinctions across segments, 249 
this study underscores the algorithm's value in guiding data-driven 250 
advertising and customer retention strategies. 251 

 252 

 253 

Figure 3: Scatter Plot for Mall Customer Dataset 254 

 255 



  
 

 

Figure 4: Clustering Visualisation for Mall Customers Dataset 256 
 257 

The third segment (Cluster 2), as shown in Figure 4, encompasses 258 
average-income, average-spending customers who can be considered the 259 
average customer group. If we are able to analyse their buying patterns and 260 
preferences, we will gain access to identifying areas where we could use 261 
promotional offers to make them spend more. The fourth segment (Cluster 3) 262 
represents low-income, high-spending customers who prioritise certain 263 
products by exhibiting a higher propensity for impulse buying. Customers in 264 
this category are more easily retained by giving them a choice of alternatives 265 
that are affordable to them in terms of Loyalty offers and discounts on various 266 
products. The fifth segment (Cluster 4) includes low-income, low-spending 267 
customers who may have limited disposable income or prioritise saving. 268 
Building brand loyalty, providing value for money, and offering affordable 269 
product lines can cater to this segment effectively. Figure 4 shows the display 270 
of the visualisation of the entire clusters created at a go; different colours were 271 
used to easily identify the different clusters, with Figure 5 showing the Python 272 
codes for the model [3]. 273 

 274 

 275 

Figure 5: Clustering Ads Description for Mall Customers Dataset 276 
 277 

In accordance with the study carried out by [3], five clusters have been 278 
decided and created for this assignment (Case k=5). K-means is computationally 279 
efficient and scalable, making it suitable for large datasets like the Mall 280 
Customers dataset. It can handle a substantial number of data points and 281 
features without significant computational overhead, enabling the analysis of 282 
large customer datasets efficiently. It provides meaningful insights into 283 
customer segments, aiding marketers in targeted marketing strategies and 284 
personalised customer experiences. 285 



  
 

 

 286 

 287 
Figure 6: Confusion Metrics for our Model 288 

 289 
Figure 6 confirms the work done by [3], specifying the matrix for our 290 

algorithm, but since the cluster label is comparing with itself, we will obtain a 291 
non-zero result on the diagonal, indicating the count of instances within each 292 
cluster label.  293 

 294 
Table 1: The values obtained and their various explanations 295 

Metric Value Explanations 
Accuracy [1.0] in 

all 
This means we achieved a good arrangement of 
instances within each cluster. 

Precision [1.0] in 
all 

This means there are no wrong positive assignments; 
correct cluster assignments were achieved. 

Error Rate [0.0] in 
all 

This means there are no misclassifications or errors in 
cluster assignments 

Prevalence 1.0 This means our model is well-balanced, clustered with 
equal proportions of instances. 

Specificity [1.0] in 
all 

This means there is the correct identification of 
instances outside each cluster. 

Recall [1.0] in 
all 

This means there is correct identification and 
assignment of instances to clusters. 

 296 
Table 1 confirms the results obtained from the study conducted by [3], 297 

which gives a summary of the values obtained and various explanations. The 298 
general meaning of all the values is that our algorithm was able to achieve a 299 
near-perfect classification with no misclassifications or errors. The clusters were 300 
well-balanced, and all the instances were correctly assigned to their respective 301 
clusters. Our model, in fact, correctly identified instances outside each cluster. 302 



  
 

 

Overall, these results suggest that the clustering model performed optimally 303 
based on the provided values [3]. 304 

In summary, the clustering results revealed five distinct customer 305 
segments: (1) high-income, high-spending; (2) high-income, low-spending; (3) 306 
moderate-income, moderate-spending; (4) low-income, high-spending; and (5) 307 
low-income, low-spending. Each cluster exhibited unique behavioural 308 
characteristics, providing a framework for designing personalised marketing 309 
campaigns. 310 

 311 
5. Discussion of Findings 312 

The results of this study reinforce the growing consensus that K-Means 313 
clustering remains an effective and interpretable approach for customer 314 
segmentation [9]; [14]. The five identified segments align with findings from [17] 315 
and [18], who both reported that income and spending patterns serve as robust 316 
predictors for understanding customer heterogeneity in retail environments. 317 

In particular, the presence of high-income but low-spending clusters 318 
parallels observations by [2], who noted that conservative spenders often 319 
prioritise long-term brand loyalty over impulsive consumption. Similarly, the 320 
identification of low-income yet high-spending customers resonates with [19], 321 
who demonstrated that targeted promotional offers and personalised ad 322 
recommendations can increase retention and spending among such clusters. 323 

The use of five clusters in this study corresponds to optimal segmentation 324 
levels in comparable works [15,13]. The precision of the K-Means algorithm in 325 
separating customers by spending score and income validates its continued 326 
relevance even amid emerging AI-driven alternatives. A study by [20] showed 327 
that socioeconomic factors positively influence the adoption and use of e- 328 
commerce. However, integrating complementary models such as PCA or deep 329 
K-Means [1,16] could further enhance interpretability and predictive capacity. 330 

Moreover, the findings underscore the practical applicability of data- 331 
driven segmentation in improving customer engagement, consistent with [9] 332 
and [11]. By identifying distinct behavioural groups, marketers can design 333 
highly targeted and data-informed campaigns. For instance, high-income 334 
clusters can be approached with premium offerings, while moderate-income 335 
groups can receive loyalty-driven promotions. This approach aligns with [19], 336 
who demonstrated that combining reinforcement learning with K-Means 337 
segmentation yields dynamic, real-time recommendation capabilities. 338 

Overall, the clustering results affirm that leveraging K-Means in 339 
conjunction with modern AI techniques can significantly upscale the quality of 340 
marketing insights, leading to improved customer satisfaction and long-term 341 
brand engagement. 342 

 343 
6. Conclusion 344 



  
 

 

K-Means clustering adoption has proved helpful for business managers 345 
who seek to have a better understanding and willingness to target customer 346 
clusters effectively. Partitioning our dataset correctly on annual income and 347 
spending scores has revealed distinct customer groups with varying 348 
characteristics and preferences. These perceptions empower business managers 349 
in developing tailored strategies for each segment, eventually helping in 350 
enhancing marketing efforts and customer involvement [3]. 351 

The result unveiled an exceptional customer segment based on annual 352 
income and spending scores, providing the mall owner with valuable insights 353 
into customer characteristics and preferences, thereby enabling the 354 
development of targeted marketing strategies, personalised promotions, and 355 
customised experiences. By understanding and catering to the specific needs of 356 
each segment, the mall can enhance customer satisfaction, loyalty, and overall 357 
performance [3]. 358 

 359 
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