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Customer segmentation is a cornerstone of marketing strategy, enabling businesses to gain 

valuable insights into the needs, preferences, and behaviors of their customers. Machine learning 

has emerged as a powerful tool for customer segmentation, leveraging advanced algorithms to 

group customers based on shared characteristics and behavioral patterns. 

This study presents a systematic review of 82 research papers published over the past decade 

that utilize statistical, machine learning, and deep learning techniques for customer 

segmentation. We propose a comprehensive categorization methodology for machine learning-

driven segmentation algorithms and address key challenges, including data quality and 

availability, algorithm selection, feature engineering, business context alignment, and ethical 

and legal considerations. 

Our finding several that machine learning algorithms are extensively employed across various 

industries, particularly retail, banking, and tourism. While deep learning techniques 

demonstrate superior accuracy in segmentation performance, machine learning methods remain 

more commonly adopted due to their balance of effectiveness and practicality. 

We also analyze and compare widely used techniques, summarizing key datasets and proposed 

models in a structured format. This research highlights the significant benefits of machine 

learning-driven customer segmentation for both businesses and customers, offering actionable 

insights for its effective implementation. 

Keywords: Machine Learning Customer Segmentation Targeted Marketing Data-Driven 

Marketing Feature Engineering Consumer Behavior Algorithm Selection Marketing 

Optimization 

 

INTRODUCTION 

Customer segmentation is a pivotal aspect of marketing strategy, involving the division of diverse customer bases 

into smaller, more homogeneous groups based on shared characteristics [27]. Traditional segmentation methods—

such as demographic, psychographic, and behavioral approaches—have long been employed to categorize customers. 

While effective to some extent, these conventional methods are limited by their inability to capture complex customer 

behaviors and their reliance on static, predefined segments. 

Recent advancements in artificial intelligence (AI) and machine learning (ML) have profoundly transformed the 

landscape of customer segmentation, offering solutions that address the limitations of traditional approaches. 

Machine learning, with its ability to process vast datasets and uncover intricate patterns, has emerged as a game-

changer, enabling businesses to analyze customer data with unprecedented accuracy and depth. This shift has 

revolutionized industries such as retail, finance, and tourism, facilitating more personalized and targeted marketing 

strategies. 

In this study, we present a comprehensive examination of the state-of-the-art in machine learning-driven customer 

segmentation and targeted marketing. First, we explore the machine learning algorithms most commonly employed 

in customer segmentation, including their capabilities and limitations. Next, we delve into practical applications 
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across various domains, highlighting how these techniques are implemented to achieve business objectives. Finally, 

we address the challenges and opportunities associated with the adoption of machine learning for customer 

segmentation, including issues of data quality, algorithm selection, and ethical considerations. 

This work contributes to both academic and practical understanding by synthesizing recent advancements in 

machine learning-driven customer segmentation and providing actionable insights for implementation. It is 

particularly valuable for researchers, marketers, and business practitioners seeking to harness the potential of 

machine learning to enhance customer engagement and decision-making. 

 
(a) 

Figure 1: The PRISMA flow diagram [59] 

The remainder of this paper is organized as follows: Section 2 outlines the study methodology. Section 3 introduces 

the key machine learning algorithms utilized for customer segmentation. Section 4 reviews their applications across 

industries. Section 7 discusses challenges and opportunities, while Section 8 concludes the study with 

recommendations and future research directions. 

SURVEY METHODOLOGY 

2.1. Methodology 

We employed PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) reviewing approach 

in our paper. To begin our analysis, we employed five distinct search engines: Google Scholar, ACM, IEEEXplore, 

Springerlink, and ScienceDirect. While searching, we utilized the keywords "machine learning" or "deep learning" in 

conjunction with "customer segmentation" and "targeted marketing". We received 1401 items in all. Then, to move 

on, we utilized a filtering algorithm that considered the trade-off between publication year and citations. After 

deleting 850 duplicate records, 86 ineligible records, and 40 incomplete articles, we received 265 screened records. 

We eliminated 12 items because they were unrelated to the topic. Finally, we selected 82 studies for examination 

based on their relevance to the research issue, the precision of evaluation criteria, and the period since publication, 

and number of citations. The  
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PRISMA flow diagram is shown in Figure 1. 

2.2. Inclusion and exclusion criteria 

In this work, we selected three inclusion criteria: (1) the relevance of the research topic, (2) the precision of 

assessment measures, and (3) the publication year and citations. Furthermore, articles that are duplicated, 

incomplete, published too early, unrelated to the topic, lack clear metrics, or have a low number of citations will be 

removed. 

2.3. The datasets and techniques used in the reviewed papers 

The primary datasets used in the papers under review are public and are obtained from a different public repository 

[5] [14]. Additionally, some studies have utilized their own data, such as (nilashi 2021) who used data from 

restaurants in Bangkok [76]. The machine learning approaches discussed in this review encompass various 

traditional models for customer segmentation, such as Support k-Nearest Neighbor (k-NN)[2] [14], Vector Machines 

(SVMs), Gradient Boost (XGBoost), Self-Organizing Maps, (SOM) Latent Class Analysis (LCA), Fuzzy Rule-Based 

Systems (FRBS), Decision Trees Support Vector Machines (SVM), Artificial Neural Networks (ANN), Density-Based 

Spatial Clustering of Applications with Noise (DBSCAN). Additionally, neural network models, which fall under deep 

learning methods, are also discussed. These include (DNN) Deep Neural Networks, (RNN) Recurrent Neural 

Networks, (LSTM) Long Short-Term Memory, (CNN) Convolutional Neural Networks. Summary tables and bar 

charts providing an overview of the methods discussed in the reviewed papers are also provided. 

COMPUTING APPROACHES 

This section provides a brief overview of three major computing techniques used for customer segmentation and 

targeted marketing: machine learning, statistical, and deep learning (Figure 2). 

3.1. Statistical Methods 

Bayesian statistics is a branch of statistics that uses probability to make predictions or draw conclusions from data. 

The approach is based on the Bayes theorem, which describes how the probability of a hypothesis or model can be 

updated in light of new evidence [17]. The Logistic Regression (LR) approach is a statistical method for modeling the 

connection between a binary dependent variable and one or more independent variables. The purpose is to predict 

the probability that the dependent variable will be one of two different results [24]. LDA (Latent Dirichlet Allocation) 

is a probabilistic topic modeling technique used to discover latent topics in a large collection of documents. The 

approach assumes that each document is a mixture of topics, and each topic is a probability distribution over words 

[19]. HOSVD (Higher-Order Singular Value Decomposition) is a method for decomposing multi-dimensional arrays 

(tensors) into a core tensor and a set of orthogonal matrices. The approach is used in data compression, feature 

extraction, and data analysis [28]. These statistical methods have significantly contributed to the field of data 

analysis, enabling researchers and practitioners to extract meaningful insights and make informed decisions. 

Bayesian statistics provides a principled framework for incorporating prior knowledge and updating beliefs based on 

observed data, making it particularly valuable in decision-making under uncertainty [17]. LR has found widespread 

application in various domains such as healthcare, economics, and social sciences, where understanding and 

predicting binary outcomes are of utmost importance [24]. LDA, with its ability to uncover latent topics, has 

revolutionized text analysis and information retrieval, finding applications in fields such as natural language 

processing and social network analysis [19]. HOSVD, on the other hand, has proven instrumental in 

multidimensional data analysis, aiding in data compression, feature extraction, and pattern recognition tasks [28]. 

By leveraging these statistical methods, researchers and analysts can gain deeper insights into complex datasets, 

extract relevant information, and make data-driven decisions. Furthermore, the continuous advancements and 

applications of these methods contribute to the development of more sophisticated techniques and approaches in the 

field of data analysis. As data continues to grow in complexity and volume, these methods serve as valuable tools in 

extracting meaningful knowledge and enhancing our understanding of the world around us. Bayesian statistics, LR, 

LDA, and HOSVD offer powerful techniques for analyzing and interpreting data across various domains. These 

methods provide researchers with valuable tools to model relationships, discover latent patterns, and decompose 
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complex datasets [17, 24, 19, 28]. As data analysis continues to evolve, these methods will remain essential in 

extracting insights and making informed decisions based on observed data. 

3.2. Machine learning 

XGBoost is an ensemble learning method that utilizes a set of decision trees to make predictions. It employs gradient 

boosting to train models and improve performance [ 21]. K-means is a clustering algorithm that partitions 

 
(a) 

Figure 2: Taxonomy Computing techniques 

data into k clusters, where k is a pre-defined parameter. It is commonly used for unsupervised learning and data 

segmentation. Self-Organizing Maps (SOM) is a type of artificial neural network that uses unsupervised learning to 

cluster and visualize high-dimensional data in a lower-dimensional space [ 51]. Decision Trees (DT) are tree-like 

models used to make decisions. They consist of nodes representing features, branches representing decisions, and 

leaves representing outcomes. Various types of decision trees include regression trees [81], classification and 

regression trees (CART) [20], model-based trees (MOB), conditional inference trees (CTREE) [ 109], Bayesian 

model-based clustering decision trees (BMCDT) [80], and random binary decision trees (RBDT) [33]. Support Vector 

Machines (SVM, SVN, SVC) are supervised learning algorithms used for classification and regression analysis. They 

work by finding a hyperplane that separates the data into different classes [23]. Density-Based Spatial Clustering of 

Applications with Noise (DBSCAN) is a clustering algorithm that groups closely packed data points together and 

identifies outliers as noise [34]. Latent Class Analysis (LCA) is a statistical model used to identify unobserved 

subgroups within a population based on observable variables. It finds applications in market research and social 

science [ 55]. Fuzzy Rule-Based Systems (FRBS) are rule-based systems that use fuzzy logic to make decisions. They 

are often used in control systems and decision-making tasks [107]. These machine learning and statistical techniques 

play significant roles in various domains, providing valuable tools for data analysis, pattern recognition, and decision-

making processes. XGBoost, with its ensemble approach and gradient boosting, offers robust predictive modeling 

capabilities [21]. K-means clustering enables the identification of distinct clusters within data, aiding in unsupervised 

learning tasks and data segmentation. Self-Organizing Maps (SOM) leverage unsupervised learning to cluster and 

visualize complex high-dimensional data in a lower-dimensional space, facilitating pattern discovery and 

interpretation [ 51]. Decision Trees (DT) provide a flexible and interpretable framework for decision-making. They 

can be tailored to various tasks, such as regression, classification, and clustering, with different variants available 

[82, 20, 109, 80, 33]. Support Vector Machines (SVM, SVN, SVC) offer effective solutions for classification and 

regression analysis by finding optimal hyperplanes to separate data points [23]. Density-Based Spatial Clustering of 

Applications with Noise (DBSCAN) excels in identifying dense regions and detecting outliers in datasets [34]. Latent 

Class Analysis (LCA) helps uncover hidden subgroups within populations based on observable variables, enabling 

deeper insights into complex datasets [ 55]. Fuzzy Rule-Based Systems (FRBS) with fuzzy logic provide a means to 

handle imprecise and uncertain information, making them valuable for decision-making tasks involving ambiguity 
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[107]. These techniques, along with many others in the field of machine learning and statistics, contribute to the 

advancement of data analysis, modeling, and decision-making. By leveraging their strengths, researchers and 

practitioners can gain deeper insights, extract meaningful knowledge from data, and make informed decisions. 

3.3. Deep Learning 

Deep Neural Networks (DNN) are artificial neural networks (ANN) with numerous hidden layers. They are utilized 

for a variety of tasks such as image recognition, speech recognition, and natural language processing, [41]. Recurrent 

Neural Networks (RNN) are a form of artificial neural network that is used to analyze sequential input. RNNs use 

feedback loops to retain information from prior inputs. [87]. Long Short-Term Memory (LSTM) networks, a form of 

RNN, were created to address the problem of vanishing gradients. Speech recognition, natural language processing, 

and time series prediction are all common applications for LSTMs [42]. Convolutional Neural Networks (CNN) are 

neural networks that use a grid-like structure to process data, such as pictures. Convolutional layers are used by CNNs 

to extract features from input data [56]. These Deep learning approaches have transformed many fields by reaching 

cutting-edge performance in tasks such as picture classification, object identification, language translation, and 

sentiment analysis [3]. Their ability to learn hierarchical representations from data automatically has made them 

indispensable in many fields, enabling improvements in areas such as autonomous vehicles, healthcare, and 

recommendation systems. 

CUSTOMER SEGMENTATION AND TARGETED MARKETING IN MACHINE LEARNING 

4.1. Machine Learning Types and Algorithms 

In recent years, machine learning (ML) has transformed many industries by enabling computers to learn from data, 

identify patterns, and make informed decisions without human intervention. With applications ranging from image 

recognition to medical diagnostics and self-driving cars, machine learning represents a broad field filled with diverse 

methodologies. Each type of machine learning — supervised, unsupervised, semi-supervised, and reinforcement 

learning — has unique characteristics and applications (Figure 3). 

4.1.1. Supervised Learning 

Supervised learning, or learning with labeled data, is one of the most commonly used machine learning techniques. 

In supervised learning, a model is trained on a labeled dataset, meaning that each training example is paired with an 

output label. The model learns the mapping from inputs to outputs by minimizing the error between its predictions 

and the actual labels [4], enabling it to make accurate predictions on new, unseen data. 

**Classification**is a task in supervised learning where the goal is to predict a discrete class label. Classification 

algorithms are widely applied in fields such as targeted marketing, spam detection, sentiment analysis, and medical 

diagnostics. Key algorithms include: 

• Naïve Bayes: Based on Bayes’ Theorem, this simple yet effective algorithm is ideal for tasks with independent 

features, such as text classification. It performs well with large datasets and is highly interpretable. 

• Logistic Regression: Despite its name, logistic regression is a classification algorithm, primarily used for 

binary classification problems. It predicts the probability that an instance belongs to a specific class, and its 

simplicity makes it a popular choice for applications like customer churn prediction. 

• K-Nearest Neighbors (KNN): A non-parametric, instance-based learning algorithm that classifies data 

points based on the labels of their closest neighbors. It is particularly useful for smaller datasets and intuitive 

applications, such as image recognition. 

• Random Forest: An ensemble method that combines multiple decision trees to create a more robust model, 

reducing the likelihood of overfitting. 

**Regression** involves predicting a continuous output and is used in cases where the dependent variable is a real 

number, such as predicting house prices or stock values. Examples include: 
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• Random Forests: Commonly used in many industries for both classification and regression tasks due to their 

accuracy and resilience to noisy data. 

• Support Vector Machines (SVM): These powerful classifiers aim to find a hyperplane that maximizes the 

margin between two classes. They perform well in high-dimensional spaces and are widely used in text and image 

classification. 

• Decision Trees: Highly interpretable and effective for basic tasks, but they may overfit on complex datasets. 

They are also the basis for ensemble methods like random forests. 

• Simple Linear Regression: The foundation of regression analysis, simple linear regression models the 

relationship between a single independent variable and the dependent variable. It is particularly useful for trend 

analysis. 

• Multivariate Regression: Extends simple regression by modeling multiple features simultaneously, which 

is useful when multiple factors contribute to an outcome. 

• Lasso Regression: By adding a penalty for large coefficients, Lasso Regression effectively reduces less 

impactful variables to zero, leading to a simpler, more interpretable model. This makes it ideal for feature 

selection, particularly in datasets with high dimensionality. 

4.1.2. Unsupervised Learning 

Unsupervised learning algorithms work with unlabeled data, meaning the model has no prior knowledge of the 

correct output. The goal of unsupervised learning is to uncover hidden patterns or structures within the data. 

Applications include customer segmentation, anomaly detection, and dimensionality reduction. 

**Clustering** is a central task in unsupervised learning that aims to group data points into clusters such that points 

in the same cluster are more similar to each other than to points in other clusters: 

• K-Means Clustering: One of the most common clustering methods, K-means works by assigning each point 

to one of 𝐾clusters based on the closest mean. Although simple, K-means is highly effective for applications like 

customer segmentation. 

• DBSCAN (Density-Based Spatial Clustering of Applications with Noise): A clustering algorithm 

well-suited for identifying clusters of arbitrary shape and handling noise. It is extensively used in spatial data 

analysis and image segmentation. 

• Principal Component Analysis (PCA): A dimensionality reduction technique that transforms data into a 

set of linearly uncorrelated variables, or principal components. It is often used to simplify complex datasets, 

such as in face recognition. 

• Independent Component Analysis (ICA): Often applied in signal processing to separate independent 

signals from mixed sources, such as isolating individual voices in a crowded room. 

**Association Rule Learning** identifies relationships or patterns in large datasets. It is often applied in market 

basket analysis to discover products frequently bought together: 

• Frequent Pattern Growth (FP-Growth): This algorithm improves upon traditional methods by building 

a compact data structure called an FP-tree, enabling efficient discovery of frequent item sets in a dataset. 

• A priori Algorithm: A classical algorithm in association rule mining, A priori is widely used on transactional 

datasets. It identifies frequent item sets and generates association rules, such as discovering that customers 

who buy bread also tend to buy butter. 

**Anomaly Detection** is used to identify unusual patterns that deviate from the majority of the data. It has 

applications in fraud detection, cybersecurity, and health monitoring: 
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• Z-Score Method: Flags anomalies by measuring how far data points are from the mean, assuming a normal 

distribution. It is simple but effective for detecting outliers in smaller datasets. 

• Isolation Forests: Tree-based methods specifically designed for anomaly detection. By isolating anomalies 

in fewer steps than regular data points, they provide a highly effective way to identify outliers in high-

dimensional data. 

 
(a) 

Figure 3: Machine Learning Types and Algorithms 

4.1.3. Semi-Supervised Learning 

Semi-supervised learning lies between supervised and unsupervised learning, utilizing both labeled and unlabeled 

data. This approach is particularly advantageous when labeled data is scarce or expensive to obtain, while unlabeled 

data is abundant. 

**Self-Training: ** In self-training, a model is first trained on a small amount of labeled data. It then predicts labels 
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for unlabeled data, and confident predictions are added to the training set. This iterative process improves the 

model’s performance and helps it learn more complex patterns. 

**Co-Training:** Co-training involves training two models on distinct subsets of features. The predictions from each 

model are then used to label the unlabeled data for the other model. This approach is useful for text categorization 

and other applications where data can be split into well-defined feature sets. 

Semi-supervised learning has applications in fields where obtaining labeled data is challenging, such as medical 

image analysis, where only a few images have been annotated by specialists. 

4.1.4. Reinforcement Learning 

Reinforcement learning (RL) is a type of machine learning where an agent learns to make decisions by interacting 

with an environment. The agent receives feedback in the form of rewards or penalties, which it uses to improve its 

subsequent actions. Reinforcement learning is widely used in robotics, gaming, and autonomous systems. 

**Model-Free Reinforcement Learning: ** In model-free reinforcement learning, the agent does not have a model of 

the environment. Instead, it learns optimal policies directly through trial and error. 

• Policy Optimization: Policy optimization methods directly adjust the agent’s policy to maximize the expected 

reward. These methods are often used in complex decision-making problems, such as playing games or 

controlling robots. 

• Q-Learning: Q-learning is a value-based RL algorithm that seeks to learn the value of taking a specific action 

in a given state. This algorithm is foundational in RL and has been applied successfully in games like Atari, 

where agents learn to execute complex strategies by maximizing points. 

**Model-Based Reinforcement Learning: ** Model-based reinforcement learning methods assume that a model of 

the environment exists or can be learned. This approach helps the agent to plan effective actions before making 

decisions. 

• Learning the Model: The agent first learns a model of the environment, which it then uses to plan and 

evaluate its actions. This technique is useful in controlled environments where gathering data is costly. 

• Given the Model: In some applications, the model of the environment is already known, such as in well-

defined games. The agent can focus on policy optimization without needing to learn the model, making it 

efficient for such tasks. 

Machine learning encompasses a diverse range of techniques and algorithms, each with its unique strengths, 

applications, and limitations. Understanding the distinctions between supervised, unsupervised, semi-supervised, 

and reinforcement learning is essential for selecting the right approach for a given problem. 

4.2. Machine Learning Use Cases 

MACHINE LEARNING APPLICATIONS AND USE CASES 

Machine learning (ML) has become a cornerstone of modern-day technology, powering innovations that enhance 

decision-making, optimize processes, and enable new possibilities. From predictive analytics to real-time decision- 

making, ML is transforming industries with its diverse applications. 

Below, we delve into some outstanding use cases categorized by learning types and their impact across various 

domains (Figure 4). 

5.1. Supervised Learning: Teaching Machines with Labeled Data 

Supervised learning relies on labeled datasets to train models capable of making predictions or classifications. This 

approach is central to tasks requiring accuracy and reliability. 

Applications of Supervised Learning 
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• Weather Forecasting: ML models utilize historical data to predict emerging patterns, aiding agriculture, 

disaster management, and transportation. 

 
(a) 

Figure 4: Machine Learning Use Cases 

• Market Forecasting: By identifying trends and seasonality in financial data, supervised learning enables 

businesses to forecast market shifts and make informed decisions. 

• Targeted Marketing: Personalized advertisements are created by analyzing customer behavior, ensuring 

marketing campaigns reach the right audience. 

• Population Growth Prediction: Governments and organizations leverage ML to understand demographic 

changes, assisting in urban planning and resource allocation. 

• Diagnostics and Health Monitoring: Predictive models aid in diagnosing diseases or anomalies, providing 

quicker and more accurate medical insights. 

5.2. Unsupervised Learning: Finding Structure in Chaos 

Unsupervised learning works without labeled data, focusing on uncovering hidden patterns or relationships. This 

method is particularly effective in exploratory analysis. 

Applications of Unsupervised Learning 

• Clustering for Customer Segmentation: Businesses use clustering algorithms to group customers based 

on shared characteristics, enabling more tailored offerings. 
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• Structure Discovery: Identifying latent structures in unorganized datasets is crucial for data-driven 

decision- making. 

• Identity Fraud Detection: Anomalies in transactional data are flagged using clustering methods, reducing 

financial fraud risks. 

• Dimensionality Reduction: Techniques like PCA simplify complex datasets, enhancing visualization and 

process efficiency. 

5.3. Reinforcement Learning: Learning Through Interaction 

Reinforcement learning (RL) trains agents to make decisions by interacting with their environment. These agents 

learn optimal strategies through rewards and penalties, making RL suitable for dynamic and complex tasks. 

Applications of Reinforcement Learning 

• Real-Time Decision Making: RL powers systems that need to respond instantly, such as automated trading 

and emergency response solutions. 

• Robot Navigation: Robots learn to navigate environments, avoiding obstacles and optimizing routes, which 

is vital for logistics and exploration. 

• Game AI and Skill Acquisition: RL enables the development of intelligent game agents and training 

simulations that enhance human skills. 

5.3. Cross-Domain Applications: Expanding ML Horizons 

Beyond formal learning types, machine learning drives innovations in various fields: 

Applications of Cross-Domain Machine Learning 

• Recommender Systems: From streaming platforms to e-commerce, ML suggests personalized content 

based on user preferences. 

• Advertising Popularity Prediction: Predictive models assess factors influencing ad performance, 

optimizing campaign strategies. 

• Estimating Life Expectancy: By analyzing health, demographic, and lifestyle data, ML provides insights 

into longevity trends. 

• Big Data Compression and Visualization: Advanced ML algorithms transform vast datasets into 

meaningful visual representations, aiding in decision-making and communication. 

5.4. Key ML Learning Tasks 

Underpinning these applications are foundational ML tasks, including: 

• Classification and Regression: Core supervised learning methods used in image classification, targeted 

marketing, and diagnostics. 

• Feature Selection: Selecting the most relevant data features ensures effective and accurate modeling. 

• Clustering and Dimensionality Reduction: These unsupervised tasks streamline data analysis and 

visualization, forming the basis for large projects. 

5.5. The Future of Machine Learning Applications 

Machine learning continues to evolve, driving breakthroughs in both every day and groundbreaking applications. 

Whether it is guiding a robot through a manufacturing floor, recommending your next favorite movie, or predicting 

the weather, ML is reshaping the way we solve problems and make decisions. 
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From improving customer retention to estimating life expectancy, the possibilities are endless. As ML techniques 

mature and data accessibility increases, the potential for innovation grows, paving the way for smarter systems and 

more efficient processes. 

CUSTOMER SEGMENTATION 

6.1. Customer benefits 

Customers can profit from customer segmentation in a number of ways. First of all, it helps businesses better 

understand the wants and preferences of each individual consumer, allowing them to provide a personalized 

experience. Targeted advertising and personalized product recommendations that are more pertinent to each 

individual customer can help accomplish this customization. Second, better customer service results from customer 

segmentation. Businesses can personalize their offerings via understanding the particular necessities of numerous 

client segments. For instance, businesses can deliver clients who value speed faster shipping times or supply 

customers who fee transparency extra thorough product statistics. Furthermore, segmentation allows organizations 

to interact with their customers in greater centered and applicable ways. Companies that section their consumer base 

can ship electronic mail campaigns and other advertising and marketing communications which can be precise to 

every section. This ensures that the communications resonate with clients and pique their curiosity. Finally, client 

segmentation delivers insights that assist agencies create higher products and services. Companies can decide the 

characteristics and attributes that customers fee the most by means of evaluating their preferences and behavior 

across many purchaser categories. This know-how permits them to enhance existing services and create new products 

and services that meet the specific desires of each consumer category. Customer segmentation permits corporations 

to offer an extra customized revel in, boom customer service, speak greater effectively, and create higher services and 

products. These perks help to increase patron happiness and loyalty, which drives business boom and success. 

 
(a) 

Figure 5: Taxonomy: Customer and company views. 

6.2. Company benefits 

Customer segmentation provides many benefits for businesses. Firstly, it allows companies to better understand their 

customers by grouping them into distinct categories based on demographics, behavior, or needs. This insight enables 

the development of tailored marketing strategies, customized product offerings, and personalized customer service 

that resonate with each segment. Secondly, customer segmentation leads to enhanced customer satisfaction. By 

tailoring products and services to meet the unique requirements of each segment, companies can improve the overall 

customer experience, fostering customer loyalty and positive word-of-mouth [ 101]. Additionally, customer 

segmentation contributes to increased profitability. By identifying the most lucrative customer segments, companies 

can focus their marketing and sales efforts more efficiently, optimizing resource allocation and generating higher 

returns on investment, resulting in improved revenue and profitability. Furthermore, customer segmentation enables 

the efficient use of resources. By directing marketing and sales efforts towards specific segments, companies can 

avoid unnecessary expenditures on customers unlikely to be interested, maximizing the efficiency of these activities 
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while reducing costs. In summary, customer segmentation empowers companies to better understand and serve their 

customers, enhancing satisfaction and loyalty, and ultimately driving business growth. Leveraging the insights gained 

from segmentation, companies can optimize their strategies, increase profitability, and maintain a competitive 

advantage. 

6.3. Performance ranking of machine learning techniques 

6.3.1. Data Imbalance 

The effects of data imbalance in customer segmentation can go two ways. First, it can lead to skewed insights and 

misrepresent the behavior, needs, and preferences of your customers. Segments with more customers can dominate 

the analysis, making it hard to see the unique traits and actions of smaller groups. Second, when building 

segmentation models, data imbalance can bias the results towards larger segments. This means the model might 

accurately predict and describe the larger segments but struggle with smaller ones due to limited representation and 

fewer examples to learn from. 

To tackle data imbalance in customer segmentation, you need to ensure a balanced representation of customers 

across all segments. Techniques like oversampling the minority segments, under sampling the majority ones, or using 

advanced methods like synthetic data generation can help address this issue. It’s essential to maintain a 

representative sample from each segment to gain accurate insights and tailor marketing strategies and campaigns 

effectively to a diverse customer base. 

6.3.2. Evaluation metrics 

Evaluation metrics are indispensable in measuring the performance and effectiveness of customer segmentation 

models or algorithms. These metrics offer quantitative insights into how well the segments reveal underlying patterns 

and distinguish between different customer groups. At times, the evaluation of customer segmentation centers on its 

predictive performance in subsequent tasks, such as assessing its impact on customer response rates, conversion 

rates, sales, or other significant business outcomes. 

A variety of metrics can be utilized to assess the predictive performance of customer segmentation models. These 

include lift, accuracy, precision, recall, F1 score, and the area under the receiver operating characteristic curve (AUC- 

ROC). Each metric serves a unique purpose in evaluating different dimensions of the segmentation’s performance. 

Accuracy, for instance, represents the overall correctness of the predictions and is determined by dividing the number 

of correctly classifiedinstances by the total number of instances. It is computed using the following equation (eq1), 

derived from the confusion matrix. 

𝐴𝐶𝐶 =
TP+TN

TP+FP+FN+TN
                 (1) 

where TP denotes true positive, TN stands for true negative, FP means false positive, FN denotes false negative. 

Precision measures the proportion of true positives out of the predicted positives, providing insights into the accuracy 

of positive predictions It is calculated using the following equation (eq2): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
            (2) 

Recall, on the other hand, measures the proportion of true positives out of the actual positives, indicating how well 

the segmentation captures all positive instances It is calculated using the following equation (eq3): 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP+FN
                  (3) 

The F1 score is the harmonic mean of precision and recall, offering a balanced assessment of both metrics It is 

calculated using the following equation (eq4): 

𝐹1𝑠𝑐𝑜𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
            (4) 
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The AUC is a metric that quantifies the performance of models in distinguishing between positive and negative 

classes. 

It is calculated by measuring the area under the ROC curve, which represents the trade-off between true positive rate 

and false positive rate. A higher AUC score indicates a stronger discriminatory power of the model AUC [97] can be 

expressed as the following formula (eq5): 

𝐴𝑈𝐶 =
1+

TP

TP+FN
−

FP

FP+TN

2
                 (5) 

In this review, we focus on those metrics as the main metrics for evaluating the performance of customer 

segmentation. 

6.3.3. Ranking of techniques 

In this section, we analyze and compare the performances of common techniques found in related literature. We 

evaluate various classification algorithms applied to the Cell2Cell dataset (Table 1), provided by the Teradata Center 

for Customer Relationship Management at Duke University. 

• Accuracy (Acc): Logistic Regression achieved the highest accuracy score of 80.19%, closely followed by Layer 

Perceptron at 80.12% and AdaBoost Multiple at 80.08%. Random Forest, Decision Tree, and Naive Bayes had 

slightly lower accuracy scores. 

• Precision (Pre): Random Forest achieved the highest precision score of 66.10%, followed by Logistic Regression 

at 65.17% and Layer Perceptron at 65.46%. Naive Bayes had the lowest precision score among the listed 

algorithms. 

• Recall (Rec): Naive Bayes achieved the highest recall score of 73.51%, indicating its ability to correctly identify 

positive instances. Logistic Regression, Layer Perceptron, and AdaBoost Multiple had relatively lower recall 

scores ranging from 53.24% to 54.57%. 

• F1 Score (F1): Naive Bayes achieved the highest F1 score of 61.12%, effectively balancing precision and recall. 

Logistic Regression, Layer Perceptron, and AdaBoost Multiple had slightly lower F1 scores, ranging from 

58.61% to 59.37%. 

• AUC: AdaBoost Multiple achieved the highest AUC score of 84.51%, indicating its strong ability to distinguish 

between positive and negative instances. Logistic Regression and Layer Perceptron also performed well, with 

AUC scores ranging from 84.06% to 84.36%. 

Based on these metrics (Figure 6), Logistic Regression, Layer Perceptron, and AdaBoost Multiple stand out as the 

top-performing algorithms for the Cell2Cell dataset. They exhibit high levels of accuracy, precision, recall, F1 scores, 

and AUC. 
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Figure 6: The accuracy from Cell2Cell dataset 

In the second part, we evaluated other algorithms applied to a bank customer dataset and examined their 

performance using different metrics. 

Table 1. Rank from Cell2Cell dataset 

Methods Acc Pre Rec F1 AUC Rank ACC Rank AUC 
Logistic Regression 80.19 65.17 54.57 59.4 84.36 1 2 
Layer Perceptron 80.12 65.46 53.4 58.8 84.06 2 3 
AdaBoost Multiple 80.08 65.39 53.24 58.6 84.51 3 1 
Random Forest 79.55 66.1 47.51 55.3 83.79 4 4 
Decision Tree 78.33 61.5 50.72 55.3 82.37 5 5 
Naive Bayes 75.14 52.32 73.51 61.1 82.3 6 6 

• The Artificial Neural Network (ANN) demonstrated high precision, recall, and F-measure scores, indicating its 

accurate and comprehensive classification performance. With a recall score of 100%, it correctly identified all 

positive instances. Additionally, the AUC score of 98% indicates its strong ability to distinguish between positive 

and negative instances. 

• The Deep Neural Network (DNN) achieved high precision, recall, and F-measure scores, indicating accurate 

and comprehensive classification performance. The balanced precision and recall scores suggest a good trade-

off between correctly identifying positive instances and minimizing false positives. Moreover, the AUC score of 

97% suggests its strong discriminatory power in distinguishing between positive and negative instances. 

• The Support Vector Machine (SVM) achieved a relatively lower precision score compared to the other methods. 

However, it had a perfect recall, correctly identifying all positive instances. The F-measure and AUC scores 

suggest that it exhibited reasonably good overall performance by balancing precision and recall while effectively 

distinguishing between positive and negative instances. 

Based on these metrics (Figure7), all three methods (ANN, SVM, and DNN) demonstrated strong performance on 

the bank customer dataset, exhibiting high precision, recall, F-measure, and AUC scores. 

 

Figure 7: The accuracy from bank customer dataset 

Table 2 

Source XGBOOST Kmean SOM LCA RF FRBS DT RT Cart MOB DBN SVM DBSCAN CTREE BMCDT RBDT 
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7. Results and Discussions 

7.1. The Summary Tables 

Our survey findings are presented in Table 7.1, Table 7.1 and Table 2. From Table 7.1, it is evident that statistical 

learning techniques heavily rely on LR models. On the other hand, machine learning techniques primarily employ 

kmean, Tree-related models, XGBOOST and SOM models, as evident from table 2. However, CART, CTREE, BMCDT 

and RBDT have received relatively low utilization rates. Table 7.1 illustrates that deep learning techniques, especially 

RNN, ANN, CNN and DNN models, are widely used. Additionally, Table 3 highlights several significant works that 

employ unique datasets and customized computing models to enhance the original algorithms or to evaluate their 

models. 

Papers containing statistical models Papers containing deep learning models 

Source Bayesian LR LDA HOSVD PLSA 

[39]  + 

[26]  + 

[77]  + + 

[110]  + 

[90]  + 

[6]  + 

[79]  + 

[32] +  

Source RNN ANN DNN CNN LSTM 

[16] +  

[78]  + 

[92] +  

[73]  + 

[74] + + + 

[102]  + 

[31]  + + 

7.2. The datasets used in reviewed articles 
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Papers under review uses a variety of datasets of customer segmentation. The type of dataset used in customer 

segmentation research depends on the research objectives and the available data. Figure 8 shows the distribution of 

customer segmentation application domain. 

The main research contexts detected are as: 

• Retail: customer segmentation is widely used in retail industry since it’s a valuable tool for retailers to improve 

their marketing strategies [5] and offerings, increase customer loyalty [2] and satisfaction, and ultimately drive. 

Table 3. A summary table with datasets 

 

 

Figure 8: Distribution of dataset used in customer segmentation research 
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sales and profitability. The datasets cover different markets such as trading [ 95], groceries [38], fashion [38], 

cosmetics [86], consumer electronics [38, 86, 57], and wine [65, 74], and include data on customer behavior [64], 

purchase patterns [88][110], and preferences[57]. The types of data collected in these datasets vary from sales data 

and transaction data to product reviews [74] and direct marketing campaign data [54] [85]. 

• Tourism: Customer segmentation is important in the tourism sector to better understand the needs, preferences, 

and behaviors of different types of travelers. Datasets used includes different types of customer data in the tourism 

industry, including hotel customer behavior data, traveler reviews [6], and ratings [7]. These datasets provide a 

wide range of variables such as demographic, geographic, psychographic, and behavioral factors [10], that can be 

used for customer segmentation and analysis. The datasets also cover different regions, such as the Czech Republic 

[78], Malaysia [77], and the Canary Islands [7], which can provide valuable insights into customer behavior and 

preferences in different geographic locations. 

• Banking: customer segmentation in the banking industry can help banks improve customer satisfaction and 

retention, increase cross-selling opportunities, and ultimately drive profitability. By tailoring their services and 

offerings to the needs and preferences of different customer segments like in studies [98], [1] and [100], banks 

can build stronger relationships with their customers and improve their overall financial performance. 

• Others: the remaining reviewed papers discussed customer segmentation across various industries, including 

energy [8, 105], telecom [84], and insurance []. In these industries, customer segmentation is used to better 

understand customers and tailor marketing and service offerings to their specific needs and preferences. 

The variety of used datasets provides a comprehensive view of the customer landscape in the different industries, 

allowing for targeted marketing campaigns, customized offerings, and improved customer satisfaction and loyalty. 

7.3. Customer segmentation taxonomy in reviewed articles 

Reviewed articles about customer segmentation can be categorized based on whether the segmentation approach is 

focused on customer profit or enterprise profit. 

• Customer-centric segmentation: This type of segmentation focuses on understanding and categorizing 

customers based on their needs [89,70,49], behaviors [110,102,79,35], and preferences [26,89,1,44]. The aim 

is to provide a personalized and tailored experience for each customer, which in turn leads to increased 

customer satisfaction and loyalty. Customer-centric segmentation is often based on data analysis, such as 

demographic, psychographic, and behavioral data. 

• Profit-focused segmentation: This type of segmentation focuses on categorizing customers based on their 

potential profitability to the company. The aim is to identify high-value customers who are likely to generate 

the most revenue for the company and provide them with incentives and offers to increase their loyalty and 

spending. Some common methods used in Profit-focused segmentation include RFM (recency, frequency, 

monetary value) analysis [111, 83, 40, 22, 91], customer lifetime value (CLV) modeling [16, 63, 62, 46], and 

profitability analysis [85, 29, 36, 68]. By combining these methods, Businesses can identify valuable client 

segments and build tactics to boost profitability and customer loyalty within each category. 

This type of studies includes also Churn detection [72, 91, 18, 14, 32]. Customer churn can be costly for a company as 

it can result in lost revenue, decreased profitability, and a negative impact on the company’s reputation. Therefore, 

companies need to focus on retaining their existing customers and preventing churn [103, 90, 31]. 

It’s worth noting that these two categories are not mutually exclusive and can be used in conjunction with each other. 

For example, a company could use customer-centric segmentation to identify customer needs and preferences and 

then use profit-focused segmentation to provide targeted offers to high-value customers based on those needs and 

preferences. 

7.4. Challenges 
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As with any research field, machine learning-driven customer segmentation comes with its own variety of difficulties. 

Some of the key challenges in this area are Data Quality and Availability, Algorithm Selection, Feature Engineering, 

Business Context and Ethical and Legal Considerations. Machine learning algorithms rely heavily on data, and the 

quality and availability of data can significantly impact the accuracy and effectiveness of customer segmentation [94]. 

Challenges may arise in obtaining clean, accurate, and comprehensive data that is representative of the target 

customer population. Data may also be fragmented or siloed, making it challenging to integrate and analyze for 

segmentation purposes. There are numerous machine learning algorithms available for customer segmentation, each 

with its own strengths and weaknesses. Selecting the appropriate algorithm for a specific business problem can be 

challenging [104], as it requires careful consideration of factors such as data size, data complexity, interpretability, 

and desired segmentation outcomes. Furthermore, some machine learning algorithms may be difficult to read, 

making it challenging to explain and comprehend the reasoning behind the segmentation results. Identifying the 

most relevant features or variables for segmentation can be challenging, as not all variables may be informative or 

relevant for different customer groups [93]. Feature engineering, which involves selecting, transforming, and 

combining features, can significantly impact the accuracy and interpretability of the segmentation results. Moreover, 

dealing with high-dimensional data 

can be challenging, as it may result in increased computational complexity and overfitting. Overfitting is a typical 

problem in machine learning driven consumer segmentation, in which a model performs well on training data but 

fails to generalize to unseen data [25]. Overfitting can lead to inaccurate and biased segmentation results, as the 

model may learn patterns from noise or irrelevant information in the training data. Ensuring that the segmentation 

model generalizes well to unseen data and avoids over fitting is a critical challenge. Customer segmentation is often 

conducted to support strategic business decisions. Therefore, it is important to interpret the results in the context of 

the business problem and make actionable recommendations [13]. Interpreting and translating the segmentation 

results into meaningful insights that can guide marketing strategies, product development, and other business 

decisions can be challenging, as it requires a deep understanding of both the machine learning techniques and the 

business context. Machine learning-driven customer segmentation may raise ethical and legal concerns related to 

privacy, bias, fairness, and transparency [ 47]. Ensuring that customer segmentation is conducted in a fair and ethical 

manner, and complies with relevant laws and regulations, such as data protection and anti-discrimination laws, is a 

significant challenge that researchers need to address. Implementing machine learning-driven customer 

segmentation in a real-world business environment can be challenging, as it may require changes in organizational 

processes, systems, and culture. Managing change, addressing resistance, and ensuring smooth implementation of 

the segmentation results into the business operations can be a complex and ongoing challenge. 

CONCLUSIONS 

In conclusion, machine learning-driven customer segmentation has emerged as a pivotal strategy for organizations 

seeking to better understand and cater to customer needs. This study underscores the widespread adoption of 

machine learning algorithms, including K-means, Decision Trees, Random Forests, XGBoost, and Self-Organizing 

Maps, across various industries such as retail, finance, and tourism. These methods offer significant advantages in 

terms of precision and scalability, enabling businesses to derive actionable insights that inform targeted marketing 

strategies and improve customer satisfaction. 

Despite its potential, the effectiveness of machine learning-based segmentation hinges on the quality and availability 

of data, the choice of appropriate algorithms, and the application of robust feature engineering techniques. Ensuring 

high-quality data and selecting meaningful features are critical for improving both the accuracy and interpretability 

of segmentation results. Furthermore, translating these results into actionable business insights requires an inter 

disciplinary understanding of machine learning techniques and the specific business context. 

Future research must address challenges related to data privacy, bias, fairness, and transparency to ensure that 

segmentation practices align with ethical and legal standards, including data protection and anti-discrimination laws. 

Establishing frameworks for responsible AI and promoting transparency in segmentation processes will be key to 

building trust among stakeholders. By tackling these challenges, machine learning-driven customer segmentation 
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can continue to evolve as a powerful tool for enhancing marketing efficacy and delivering value to both businesses 

and consumers. 
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