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Abstract  

The digital transformation era is turning to be more data-driven and 

more relianted on data as the business to analyze the customers and 

make strategic decisions. The given paper develop a predictive customer 

segmentation and value classification model with the help of data 

analytics. The paper leverages machine learning to group customers into 

a given value-based categories with a holistic e-commerce dataset that 

captures all three variables of transactional, behavioral, and 

engagement. The analysis reveals that the key variables, such as 

monetary value, frequency of purchase, and customer engagement are 

significant contributors in the outcomes of segmentation. Predictive 

model is very precise, and this indicates that data analytics possesses an 

excellent possibility of identifying customer value patterns. The results 

point to the significance of combining behavioral and financial 

indicators to realize more specific and practical segmentation. The 

implications of the research in managerial terms are that the research can 

offer insight into how to maximize marketing activities, improved 

customer targeting and better business performance. The paper 

contributes to the literature by providing a data-driven framework to aid 

in closing the gap between customer analytics and strategic decision-

making. Moreover, the paper highlights how machine learning and 

predictive analytics could revolutionize the customer relationship 

management in the digital business context.  
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1. Introduction  

With the modern digital economy, companies are finding themselves more and more dependent on 

data-driven approaches to comprehend customer behavior and increase competitive edge. The 

booming development of online shopping sites has led to the emergence of huge customer data which 

has offered new opportunities to organizations to understand buying behaviours and streamline 

decision-making. The idea of big data analytics has radically altered the marketing practices by 

allowing companies to shift towards evidence-based strategies based on consumer insights as opposed 

to intuitionbased decision-making (Erevelles et al., 2016). Customer segmentation has become a core 

instrument in this revolution, enabling companies to classify customers into valuable segments in 

accordance with the common traits and behaviors. The past practices of segmentation that had greatly 

depended on demographic or geographical aspects have become inadequate in the current context of 

consumer behavior since it is complex. Recent advancements revolve around additional behavioral 

and data-driven segmentation schemes that are founded on measures of transaction and engagement 

to better address them (Alves Gomes and Meisen, 2023).  

Combining the use of advanced analytics and machine learning methodologies with marketing has 

greatly improved the capability of companies to generate value out of customer data. Machine 

learning algorithms enable organizations to uncover the latent trends, predict customer behavior, and 

scale up the decision-making process. These capabilities have broadened the marketing analytics 

beyond the descriptive analysis to predictive and prescriptive insights (Brei, 2020). This change is 

also supported by artificial intelligence providing strategic models to support the real-time 

personalization and adaptive decisions. The AI-driven smart systems enable the companies to 

optimally adjust their marketing based on the interaction with customers, which improves the 

customer experience and efficiency of the operations (Huang and Rust, 2021). Additionally, recent 

literature has conducted a systematic review of AI usage in marketing and indicated that it is playing 

an increasingly important role in the marketing field in the form of customer segmentation, 

recommendation systems, and predictive analytics. Such changes highlight the transition to the use 

of intelligent marketing systems powered by automation and better analytics to achieve an improved 

performance (Chintalapati and Pandey, 2022).  

Customer segmentation is crucial in facilitating personalized marketing techniques that have been 

critical in competitive online markets. Individualized recommendations and campaigns enable 

companies to present the customers with the content that is relevant to them, increasing the interaction 

and conversion rates. Empirical data demonstrate that individualized product recommendation can 

greatly enhance the performance of a firm, especially in an e-commerce context (Basu, 2021). On top 

of this, customer satisfaction, and loyalty are very interdependent on personalization strategies as they 

offer personalized experiences that please customers. The existing literature highlights the evolving 

trend of personalized marketing and need to integrate the top-level analytics to achieve the next level 

of customization and performance (Chandra et al., 2022). Personalization does not just have an 

engagement impact, but also affects purchasing and customer retention. Research in the area of online 

retail shows that both personalized recommendations and promotional techniques can be very 

effective in influencing consumer behavior and buying behavior (Hallikainen et al., 2022).  

Predictive analytics has emerged as a key element in the predictive and comprehension of customer 

value. Predictive models can be used to classify customers into various value segments by analyzing 

the past and behavioral patterns and help firms to allocate their resources more effectively. Customer 

lifetime value is a concept that has become the focus in this context as it offers an overall measure of 

customer profitability in the long run. Business analytics is essential in estimating and optimization 

of customer lifetime value which in turn aids strategic decision-making (Dogan et al., 2025). Recent 

innovations in business analytics have also made it easy to develop hybrid methods that integrate both 

behavioral and geographic data in order to have more precise segmentation. Such methods help to 

better classify customers and gain a more in-depth understanding of customer behavior in various 

settings (Griva et al., 2024). Moreover, the interpretability of machine learning models has enhanced 
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clarity in the customer segmentation process, wherein decision-makers can get to know the factors 

that lead to the classification results. These methods are especially useful in business settings where 

it is essential to have explainability in strategic planning (Joung and Kim, 2023).  

Although much progress has been made in customer analytics, there are still a number of gaps in the 

merging of predictive modelling and segmentation in strategic decision-making. Although literature 

has been conducted on different areas of machine learning and customer segmentation, it has yet to 

provide a detailed framework of incorporating transactional, behavioral, and engagement data to 

increase the accuracy of classification. The importance of developing machine learning applications 

in marketing is highlighted in the recent studies to overcome these issues and enhance decision 

support systems (Herhausen et al., 2024). To address these gaps, the current study seeks to come up 

with a predictive model of customer segmentation and value classification based on data analytics. 

The paper uses a rich e-commerce data to understand how customers behave and what are the major 

factors that drive value segmentation. Combining machine learning with behavioral analytics, the 

study offers a solid method of categorizing customers into different value segments. The main aim of 

this research is to establish a powerful predictive analytics model in predicting customer churn in a 

subscription-based service. In particular, the study be designed to model the churn behavior based on 

machine learning and analyze the main demographic, behavioral, and financial variables that drive 

customer attrition and transform the study findings into the data-driven retention policies. The study 

aims at helping to improve customer retention and assist in sustainable business performance by 

combining predictive modeling and strategic decision-making.  

  

2. Methodology  

2.1 Research Design  

The present research is based on the quantitative, empirical research design to investigate customer 

segmentation and value classification with the help of data analytics. This method is based on 

predictive modeling and statistics, which allows defining trends in customer behavior and converting 

them into a business action plan. The research follows a systematic analysis pipeline which includes 

data preprocessing, exploratory analysis, model development and validation. Hopefully, the 

collaboration of the behavioral, transactional and engagement metrics result in the research 

developing an effective framework of categorizing customers into value based segments which guide 

in strategic decision making.  

  

2.2 Data Source and Description  

The analysis is based on the e-commerce customer data which consists of 10000 observations and 14 

variables (Shehbaz and Tufail, 2026). The dataset has multidimensional customer behavior data, such 

as transactional measures (Recency, Frequency, Monetary value), and engagement measures (Session 

Count, Clicks, Pages Viewed, Average Session Duration). Other variables like Campaign Response, 

Wishlist Adds, Cart Abandon rate and Returns provide an insight into the customer reaction to the 

marketing campaign and their buying behavior. Dependent variable, Segment_Label, is 

predetermined levels of customer value such as Platinum, Gold, Silver, Copper and Iron. This data is 

structured and can be applied in both descriptive and predictive analytics which gives a wholesome 

base to be applied in segmentation and classification.  

  

2.3 Data Preprocessing and Transformation  

The data were analysed by first preprocessing the data to ensure that the data was of quality and that 

the models were reliable. Data cleaning steps have been carried out in order to deal with 

inconsistencies and ensure there are no missing or outliers. Numerical features were investigated to 

test the scales variation and normalizing where needed to enhance the model performance and 

convergence. To enable supervised learning, the categorical target variable, Segment_Label, was 

coded into numerical values. Moreover, the use of outlier detection methods to the important financial 



 IJRBMA- Journal                                                                                                       Volume 11 | Issue 04 | December, 2025                                                

 

4                                                                                                                          https://ijrbma.com/index.php/bma/index 

and behavioral variables like Monetary and Frequency was also used to reduce the effects of extreme 

observations. The following preprocessing measures made sure that the data was analytically sound 

and fit to predictive modeling.  

  

2.5 Model Development, Evaluation, and Predictive Framework  

Classification of customers into segments with Segment_Label as the target variable was done using 

supervised machine learning techniques. The data was divided into the training and testing sets and 

the models were applied using Logistic Regression, Decision Tree and Random Forest. Random 

Forest was the most effective because of capturing complex patterns and minimizing overfitting. The 

major predictors were Monetary value, Frequency, and engagement metrics. The accuracy, precision, 

recall, F1-score, confusion matrix, and cross-validation were used to measure model performance, 

which validated that the model is effective and reliable in customer segmentation and decision-

making.  

  

3. Results  

3.1 Descriptive Statistics and Data Distribution  

Descriptive analysis gives a detailed picture of the structural feature of the dataset and customer 

diversity in terms of behaviors. The data set comprises 10,000 customer observations that have several 

variables associated with transactions and engagement, which allows a multidimensional evaluation 

of customer activity. The statistical distribution suggests that customers are very diverse in respect of 

the purchase behavior, intensity of interaction and financial contribution. The values of recency have 

a wide spread meaning that some customers are very active whereas others have longer periods of 

inactivity. Likewise Frequency and Monetary variables are highly dispersed which means that there 

are low-frequency, low-spending customers, as well as highly engaged customers of high value.  

According to Table 1, some of the key variables like Recency and Frequency have high standard 

deviations which indicate a considerable difference in behavior among customers. Another indicator 

of observable dispersion is the Cart Abandon Rate which implies that there is variation in purchase 

completion behavior among users.  

  

Table 1: Descriptive Statistics of Key Variables 

Variable  Mean  Std Dev  Min  25th Percentile  Max  

Recency  48.67  37.82  1  22  200+  

Frequency  28.78  23.13  0  10  100+  

Cart Abandon Rate  17.65  10.01  0.01  10.83  50+  

Returns  7.27  5.62  0  3  30+  

  

The diversity of customer behaviors in the dataset used in Table 1 is verified by the variability, and it 

is necessary to have a variety of customer behaviors to make effective segmentation and predictive 

model. This kind dispersion guarantees that the modelling of the analysis be able to distinguish 

between the types of customer values.  

  

3.2 Customer Segment Distribution  

Customer segmentation provides valuable information on customer base composition and the relative 

share of each category of value. The data set shows a distinct hierarchical pattern with the middle-

level segments like Silver and Copper taking the most significant part in terms of frequency and the 

high-value segments like Gold and Platinum occupying the lesser part. This pattern is indicative of 

the actual situation in the business environment since the proportion of customers who make 

significant contribution to the overall revenue is comparatively small. Table 2 shows that the Silver 

segment has the highest number of customers followed by Copper and Gold segment. On the other 
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end, the least numerous customers are the platinum customers, implying their exclusivity and higher 

value.  

  

Table 2: Distribution of Customer Segments 

Segment  Count  Percentage (%)  

Silver  3055  30.55  

Copper  2444  24.44  

Gold  2022  20.22  

Iron  1448  14.48  

Platinum  1031  10.31  

  

Table 2 or Figure 1 further depicts the distribution pattern in the form of a table or a visual 

representation of the concentration of customers in segments respectively.  

 

  

The distorted distribution, illustrated in Figure 1, suggests that the customers are clumped in the 

middle-value segments; therefore, it is worthwhile to consider special measures that upgrade the 

customers to higher-value segmentation. This knowledge is critical in the planning and resource 

allocation.  

  

3.3 Exploratory Analysis and Variable Relationships  

The exploratory analysis indicates that customer value drivers are strongly related to the variables of 

transactional, behavioral and engagement. One of the important variables identified is Monetary 

value, which is greatly correlated with Frequency and Average Order Value, i.e. the high value 

customers shop more frequently and also spend more during a single shop. The engagement metrics, 

such as the Session Count, Clicks and Pages Viewed also demonstrate substantial correlations with 

the customer groups, which means that meaningful interactions on the platform are closely related to 

customer value growth. These relationships are brightly depicted in Figure 2 since it demonstrates the 

framework of correlations between the most significant variables.  

  
Figure 1: Distribution of Customer Segments   
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Figure 2: Correlation Heatmap of Key Variables 

  

Strong positive relationships exist between Monetary value and Frequency as well as engagement 

metrics and spending behavior as revealed in Figure 2. It means that the customers, who communicate 

more with the platform, have greater chances of creating more revenue. Also, premium segments are 

linked with low cart abandonment rates and increased campaign responsiveness, which once again 

proves the significance of engaging customers in value creation.  

  

3.4 Predictive Model Performance  

The outcomes of predictive modelling reveal the efficiency of the analytical framework to categorize 

the customers into predetermined groups. Random Forest model showed an extremely high level of 

performance in all areas of evaluation meaning that the dataset characteristics offer a solid 

explanatory foundation to segmentation. The performance measures in Table 3 indicate the accuracy 

and reliability of the model.  

  

Table 3: Model Performance Metrics 

Metric  Value  

Accuracy  1.00  

Precision  ≈1.00  

Recall  ≈1.00  

F1-Score  ≈1.00  

  

The model, as per Table 3, scores almost perfect in all the evaluation criteria which shows that it can 

be used to classify customer segments accurately. This good performance implies that the 

segmentation labels have a good correspondence with the observed behavioral and transactional 

pattern. The results of the classification are also confirmed by the confusion matrix in Figure 3.  
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Figure 3: Confusion Matrix of Classification Model 

 The model as shown in Figure 3 classifies most of the observations with the least error, meaning that 

it is strong and can be generalized. Such precision increases the level of confidence in how well the 

model can be applied in real-world decision-making.  

  

3.5 Feature Importance Analysis  

The importance analysis of the features gives important information on the variables that drive the 

customer segmentation and value classification. As shown in the analysis, the strongest predictor is 

the Monetary value, and the variables related to engagement including the number of Sessions and 

Wishlist Adds is the next influential predictor. This implies that contribution of money and behavioral 

interaction are major determining factors of customer value. Table 4 shows the relative significance 

of these variables.   

Table 4: Top Feature Importance Rankings 

Rank  Variable  Importance Score  

1  Monetary  0.334  

2  Session Count  0.131  

3  Wishlist Adds  0.122  

4  Avg Order Value  0.103  

5  Clicks  0.091  

  

Monetary value is the most important score as depicted in Table 4, highlighting the importance of the 

same in segmentation. Nonetheless, the fact that engagement metrics are included in the list of the 

best predictors indicates the multidimensionality of customer value. Figure 4 that shows the 

comparative importance of key variables visually reinforces these findings.  

 

Figure 4: Feature Importance Plot 
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As Figure 4 shows, Monetary value plays an important role compared to other variables, and 

engagement metrics overall form a part of the predictive ability of the model. This underlines the 

importance of businesses to combine financial and behavioral data in their analytics systems. All the 

results indicate that the dataset can be used as a strong base of customer segmentation and predictive 

analytics. The descriptive statistics along with the segmentation distribution, exploratory 

relationships and predictive modeling makes it true that customer value can be efficiently represented 

by transactional and engagement data. High-value customers are defined by the frequent purchasing, 

more spending level, and high level of interaction with the platform whereas lower-value segments 

are less engaged and more likely to abdicate.  

  

4. Discussion  

The results of this paper prove that data-driven methods that combine transactional and behavioral 

variables can be used to effectively achieve customer segmentation and value classification. 

According to the predictive model findings, monetary value, frequency of transactions, and 

engagement metrics are the leading factors in order to determine customer segments. This supports 

the idea that profiling customers is becoming more reliant on complex analytics and artificial 

intelligence methods, and these allow companies to detect patterns that matter and anticipate customer 

behavior with a high degree of accuracy. The findings align with the recent studies that have shown 

that AI-based customer profiling and segmentation are effective in enhancing marketing activities and 

sales forecasting (Kasem et al., 2024). The excellent predictive accuracy of this study indicates that 

the customer segments are not arbitrary, but they are entrenched in behavioral patterns that can be 

observed. This means that companies can use data analytics to come up with correct and meaningful 

insights hence decreasing the element of uncertainty when making decisions.  

The findings can also give valuable lessons on how customer experience affects the outcomes of 

segmentation. It was revealed that high-value customers had a higher level of engagement, reduced 

rates of cart abandonment, and sensitivity to marketing campaigns. These behavioural traits are in 

line with the overall concept of the customer journey, where frequent engagement and positive 

experiences lead to enhanced customer relationship and increased lifetime value. The role of customer 

experience management in various touchpoints has been widely debated in the marketing literature, 

with a focus on the role of the former in the long-term customer experience and satisfaction (Lemon 

and Verhoef, 2016). Moreover, the identified correlation between the measures of engagement and 

customer value indicates that the businesses should not aim at achieving transactional results only but 

also aim at improving the quality of customer interactions. This viewpoint establishes the significance 

of incorporating customer experience management in segmentation plans. The use of machine 

learning methods in the study reveals that they are useful in processing multidimensional and intricate 

customer data. With the predictive models, it is possible to identify nonlinear relationships among the 

variables, which is usually disregarded when using traditional methods of analysis. This is in line 

with the recent developments in the field of marketing research, in which artificial intelligence has 

been identified as a revolutionary instrument in the improvement of customer analytics, and decision-

making. The increasing use of AI in marketing and consumer research illustrates how it could enhance 

the accuracy of the segmentation and offer more behavior insights (Mariani et al., 2022). Furthermore, 

the results confirm the general idea that AI-based tools can make marketing strategies more efficient 

and effective by automating the data analysis and providing the ability to make decisions in real time. 

This is especially true in vibrant digital space where the behavior of customers changes quickly.  

The paper also highlights the need to build a strong customer analytics systems at organizations. It is 

important to be able to collect, process and analyze vast amounts of customer data to effectively 

segment and classify value. The findings indicate that the combination of various data dimensions 

such as variables of transactional, behavioral, and engagement, increase predictive power of 

analytical models. This result is aligned with the current body of literature that highlights the 

importance of customer analytics capabilities to enhance the performance of businesses and strategic 
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decisions (MayaRestrepo et al., 2024). Concerning strategy, the results of this research could be 

applied to create specific marketing campaigns, to optimize resources distribution, and to enhance 

customer retention strategies. The results of segmentation can enable businesses to target customers 

with high values and focus on them during marketing activities to maximise on the money invested 

in the process.  

The correlation between the customer segmentation and personalization can be seen in the study 

results. When properly categorizing the customer into the value-based segments, the firms can 

develop customized marketing plans, which would address the needs and preferences of individual 

segments. Tailored suggestions and personalized offers have proven to have an effect on consumer 

behavior and enhance overall economic performance of companies. The significance of personalized 

marketing strategies is emphasized by the economic consequences of the strategies in terms of 

increasing customer satisfaction and boosting revenue (Molaie and Lee, 2022). The findings indicate 

that companies can gain substantial performance gains through aligning the segmentation strategies 

with tailored marketing programs. With this integration, the firms can provide more relevant and 

timely offers and thus higher customer engagement and conversion rates.  

The research also points out how customer segments are dynamic, which change with time as the 

behavior of customers changes. Fluctuations in the values of the transactional and engagement 

variables imply that buyers can move across segments due to changing their interactions with the 

platform. Prior research supports such a dynamic viewpoint and stresses that the segments of 

customers are not fixed and they can be used to predict customer lifetime value (Mosaddegh et al., 

2021).  

The results support the significance of algorithmic methods of customer segmentation. Machine 

learning models allow one to automatize the segmentation processes, enhancing its accuracy and 

efficiency. Algorithms segmentation has emerged as one of the most important fields of marketing 

analytics development, and it has a substantial potential in improving the decision-making and 

customer targeting approaches (Salminen et al., 2023). Moreover, big data analytics integration into 

the segmentation process can enable the firms to get a more holistic picture of the customer behavior. 

This is consistent with the recent studies that have identified the importance of big data in 

comprehending consumer behavior and aiding data-driven marketing approaches (Theodorakopoulos 

and Theodoropoulou, 2024).  

The results of the study are especially applicable to the situation of online and multi-channel retailing. 

The merging of online and offline customer experiences needs companies to use advanced analytics 

tools to effectively manage customer relationships. Omni-channel retailing has complicated the 

behavior exhibited by customers because of a shift in multichannel retailing towards omni-channel 

retailing (Verhoef et al., 2015). The findings indicate data-driven segmentation may assist companies 

to make decisions amidst this complexity as it offers a single perspective of the customer behavior on 

various channels. It helps companies to provide uniform and customized experiences, thus increasing 

customer satisfaction and loyalty (Verma et al., 2021). The growing use of artificial intelligence in 

marketing is a new chance to improve the customer segmentation and value classification. The results 

of this research contribute to the increasing amount of research which supports the idea of the 

implementation of AI technologies into marketing. More advanced models are likely to be developed 

in future research to consider the real-time data and adaptive learning mechanisms. The dynamic 

nature of AI in the marketing field demonstrates that it is necessary to develop and innovate constantly 

and experiment with new methods of analysis.  

  

5. Conclusion  

The usefulness of data analytics and predictive modeling in segmenting customers and classifying 

their values in an ecommerce environment. Using the variables of transactional, behavioral, and 

engagement, the study has managed to find specific types of customer segments as well as to point 

out the most important factors affecting customer value. These findings confirm the importance of 
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the factors such as monetary contribution, frequency of purchase and customer interaction to classify 

the segment, and therefore give valid and reliable predictive outcomes. The paper add to the existing 

evidence of data-driven marketing by offering a comprehensive framework, which incorporates both 

customer analytics and machine learning methods. The results underscore the importance of adopting 

advanced analytical software to facilitate decision-making, marketing and customer relationship 

management. Practically, the findings of the study can help companies to find high-value customers, 

create specific marketing campaigns, and enhance the overall profitability. The research also has 

limitations as it is limited to a single set of data in an e-commerce scenario. The framework can be 

extended in the future with real-time data, cross-industry data, and more sophisticated artificial 

intelligence methods to further increase segmentation accuracy and strategic relevance.  
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