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ABSTRACT 

In today’s digital-driven marketplace, understanding customer engagement is critical for crafting personalized 

marketing strategies. This study explores the application of the K-Nearest Neighbor (KNN) classification 

algorithm on a customer engagement dataset to segment customers into distinct categories—highly engaged, 

moderately engaged, and inactive. Using engagement metrics, including website visits, email opens, and 

purchase history, we leverage KNN to classify customers based on their interaction patterns and purchasing 

behaviors, enabling targeted marketing initiatives aimed at maximizing engagement and retention. 

The primary challenge in this segmentation process lies in selecting relevant features and optimizing the model 

to accurately reflect varying engagement levels. To address this, we employ robust data preprocessing and 

feature engineering techniques to normalize engagement metrics and enhance the predictive capability of KNN. 

Hyperparameter tuning, specifically optimizing the value of K and the choice of distance metric, is conducted to 

improve classification accuracy. The model’s performance is evaluated using accuracy, precision, recall, and F1 

scores, with comparative analyses against alternative classification methods such as decision trees and logistic 

regression to validate KNN’s suitability for engagement-based segmentation tasks. 

Results indicate that KNN effectively segments customers, with significant potential for businesses to apply this 

approach in targeted marketing campaigns. Highly engaged customers can be prioritized for loyalty programs, 

while moderate and inactive segments can receive tailored re-engagement strategies. This research also 

discusses the ethical considerations and limitations of using customer interaction data, offering insights into 

the future integration of hybrid models to enhance real-time segmentation capabilities. By providing a practical 

framework for engagement segmentation, this study supports data-driven marketing initiatives and highlights 

KNN’s value in consumer behavior analysis. 

I. INTRODUCTION 

In an increasingly competitive market, understanding customer engagement is essential for businesses seeking 

to enhance customer loyalty and optimize marketing efficiency. Engagement-based customer segmentation 

allows companies to categorize customers based on their interaction patterns, helping to tailor marketing 

strategies to each segment’s unique needs and behaviors. Traditionally, customer segmentation relies on broad 

demographic or transactional factors; however, recent advances in data analytics have enabled a more nuanced 

approach, where behavioral metrics—such as website visits, email interactions, and purchase history—offer 

deeper insights into customer engagement levels. By analyzing these interaction patterns, businesses can create 

targeted marketing campaigns that are more likely to resonate with specific customer segments, thereby 

increasing conversion rates and customer lifetime value. 

The application of machine learning techniques in customer segmentation has shown promising results, with K-

Nearest Neighbor (KNN) emerging as a simple yet effective algorithm for classification tasks. KNN’s non-

parametric nature and reliance on distance metrics make it particularly suitable for identifying patterns in 

customer engagement, where varying levels of activity can serve as indicators of a customer’s likelihood to 

engage further or lapse into inactivity. In this study, we employ KNN classification on a customer engagement 

dataset to segment individuals into three distinct groups: highly engaged, moderately engaged, and inactive. 

These segments are defined based on customer interaction metrics, capturing key aspects of their engagement 

journey. 

To enhance the performance of the KNN model, we preprocess data to normalize engagement metrics and 

optimize hyperparameters, including the choice of K and the distance metric, ensuring the model’s alignment 

with real-world customer behavior. By classifying customers based on engagement, businesses can tailor their 
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outreach, prioritizing retention strategies for high-value customers and re-engagement campaigns for inactive 

ones. This study also compares KNN’s performance to other classification algorithms, highlighting its 

advantages and discussing potential limitations in handling large-scale datasets. Additionally, ethical 

considerations surrounding customer data privacy are addressed to ensure responsible use of engagement 

metrics. 

The findings from this research provide a practical, data-driven framework for customer engagement 

segmentation, underscoring KNN’s value in targeted marketing and customer relationship management. This 

approach enables businesses to foster deeper customer connections, transforming engagement data into 

actionable insights that drive personalized marketing and long-term customer loyalty. 

II. LITRATURE REVIEW 

Customer segmentation has long been a cornerstone of targeted marketing, with traditional segmentation 

methods relying heavily on demographic and transactional data. However, as customer data becomes more 

granular and behavior-driven, segmentation models increasingly incorporate engagement metrics to provide a 

more detailed view of customer behavior and preferences. This literature survey examines existing studies on 

customer segmentation and the role of machine learning—particularly K-Nearest Neighbor (KNN)—in 

enhancing engagement-based segmentation for marketing applications. 

1. Customer Segmentation in Targeted Marketing 

Early work on customer segmentation focused primarily on demographic, geographic, and psychographic data 

(Kotler, 1980). However, research by Wedel and Kamakura (2000) demonstrated that behavioral data, such as 

purchase history and frequency of interactions, provides a stronger foundation for understanding and 

predicting customer loyalty and retention. This shift toward behavioral segmentation has led to more 

personalized marketing campaigns that can adapt to changing customer preferences (Yankelovich & Meer, 

2006). 

2. Application of K-Nearest Neighbor (KNN) in Classification Tasks 

K-Nearest Neighbor (KNN) is a non-parametric, distance-based classification algorithm known for its simplicity 

and effectiveness in small- to medium-sized datasets (Cover & Hart, 1967). The KNN algorithm has been widely 

used in pattern recognition, image classification, and recommendation systems. Despite its computational 

limitations with large datasets, KNN remains relevant in marketing applications due to its interpretable nature 

and adaptability to different feature spaces (Guo et al., 2003). 

3. Comparative Studies on Machine Learning Algorithms for Customer Segmentation 

Machine learning algorithms such as K-Means clustering, decision trees, and logistic regression have also been 

widely applied for customer segmentation, with varying success. Kumar and Shah (2004) found that clustering 

algorithms, like K-Means, can effectively group customers based on engagement attributes; however, 

clustering’s lack of predefined labels may limit its effectiveness when specific engagement levels are targeted. 

Comparative studies, such as the work by Jafarzadeh et al. (2018), highlighted that KNN outperformed 

clustering algorithms in accuracy when predefined classes were used, supporting its application in labeled 

segmentation tasks like engagement-based classification. 

4. Ethical Considerations and Data Privacy in Customer Segmentation 

With the increasing availability of customer data, ethical considerations in segmentation have gained 

prominence. In line with GDPR and CCPA, several studies emphasize the importance of anonymizing customer 

interaction data to protect individual privacy while deriving meaningful insights (Feng & Xie, 2021). The use of 

KNN in engagement-based segmentation aligns with privacy-friendly machine learning practices since it 

operates on anonymous, aggregated data without assuming prior distributions, which enhances its compliance 

with data protection standards. 

5. Implications for Targeted Marketing Campaigns 

Research indicates that engagement-based segmentation directly supports targeted marketing efforts by 

aligning customer outreach with their interaction patterns. Studies by Berman and Thelen (2018) showed that 

engagement-based segments, once identified, enable businesses to allocate marketing resources effectively, 

prioritizing high-value customers for loyalty programs and offering re-engagement strategies to less active 

segments. This customer-centric approach increases the relevance of marketing messages, ultimately 
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improving conversion rates and customer lifetime value. 

III. METHODOLOGY 

This study employs the K-Nearest Neighbor (KNN) algorithm to classify customers into engagement segments: 

highly engaged, moderately engaged, and inactive. The methodology is structured into five key stages: data 

collection, preprocessing, feature engineering, model development, and evaluation. web application intends in 

helping to the Farmer to get them a proper guidance about farming. This website will help our users to whether 

update ,pest control. 

Data Collection 

The customer engagement dataset comprises key metrics representing user interactions across multiple channels. 

These metrics include: 

1. Website visits: Number of website sessions per user over a specified period. 

2. Email opens: Frequency and recency of email interactions. 

3. Purchase history: Total purchases, recency of last purchase, and purchase frequency. 

Data Preprocessing 

Effective classification requires preprocessing to standardize and clean the dataset. Key steps include: 

1. Handling Missing Values: Missing engagement data is imputed using median values, as median imputation 

minimizes the influence of outliers common in behavioral data. 

2. Feature Scaling: Since KNN relies on distance metrics, all features are standardized to have a mean of zero 

and a standard deviation of one. Standardization ensures that no single metric (e.g., purchase frequency) 

disproportionately impacts the distance calculation. 

3. Outlier Detection: Outliers, particularly in purchase history and website visits, are identified and either 

removed or adjusted to prevent skewing the classification. 

Feature Engineering  

To accurately capture engagement levels, we derived additional features from the raw data: 

1. Engagement Frequency: Calculated as the combined frequency of website visits and email opens, indicating 

active engagement. 

2. Recency of Interaction: Measures the time since the last website visit or purchase, as recent interactions often 

correlate with high engagement. 

3. Purchase Recency and Frequency (RFM): Recency, frequency, and monetary value of purchases are combined 

into an RFM score, representing a customer’s loyalty and propensity to engage. 

Model Development 

The KNN classifier is implemented to segment customers into three engagement categories. Key decisions in 

model development include: 

1. Choosing K: The optimal K value is determined through grid search and cross-validation, ranging from 1 to 

20. Cross-validation ensures that the model generalizes well across different subsets of the data. 

2. Distance Metric Selection: Euclidean and Manhattan distances are tested as potential distance metrics. 

Euclidean distance is generally preferred due to its simplicity, but Manhattan distance is considered in cases 

where the features may have non-linear relationships. 

3. Class Labeling: Customers are labeled as “highly engaged,” “moderately engaged,” or “inactive” based on 

quantiles of engagement frequency and purchase recency. Thresholds are set to create balanced classes and 

capture meaningful engagement patterns. 

Model Evaluation 

The performance of the KNN classifier is evaluated using the following metrics: 

1. Accuracy: Measures the overall classification accuracy of the model across all segments. 

2. Precision, Recall, and F1 Score: These metrics are calculated for each class (highly engaged, moderately 

engaged, inactive) to evaluate the model’s performance at a granular level, with a focus on identifying 

inactive customers for re-engagement strategies. 
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3. Confusion Matrix: Provides insights into the model’s misclassification rates and helps to identify which 

engagement segments may require additional feature refinement. 

Ethical and Privacy Considerations 

Given the sensitive nature of customer engagement data, all data processing and model development steps 

adhere to strict data protection protocols. Customer identifiers are removed, and engagement data is 

anonymized to prevent re-identification. In compliance with GDPR and similar regulations, only aggregated, 

anonymized metrics are used to ensure customer privacy. 

IV. DISCUSSION 

The findings of this study provide valuable insights into the effectiveness of the K-Nearest Neighbor (KNN) 

algorithm in classifying customers based on engagement metrics. By segmenting customers into distinct 

categories—highly engaged, moderately engaged, and inactive—the KNN model offers a practical framework 

for targeted marketing campaigns. The discussion below highlights the implications of these results, the 

strengths and limitations of the KNN approach, and potential avenues for future research. 

1. Implications for Targeted Marketing Campaigns 

The K-Nearest Neighbor (KNN) algorithm demonstrated promising results in classifying customers into distinct 

engagement segments. While the reported accuracy of 100% suggests exceptional performance in identifying 

customer behavior patterns, it's important to acknowledge that this may not reflect real-world performance 

due to potential limitations in the dataset size or evaluation metrics used. 

2. Strengths of the KNN Approach 

Despite the limitations, the KNN approach offers several advantages for customer engagement segmentation. 

KNN is a non-parametric algorithm, meaning it makes no assumptions about the underlying data distribution. 

This makes it suitable for various customer engagement datasets, especially those with diverse interaction 

patterns. Additionally, KNN's interpretability allows marketers to understand the rationale behind customer 

classifications, aiding in the development of targeted marketing strategies. 

3. Limitations and Future Research 

One limitation of KNN is its potential computational cost with very large datasets. Additionally, the choice of the 

optimal K value and distance metric can significantly impact the model's performance. Future research should 

focus on validating the model's performance on larger and more diverse datasets. Exploring hybrid approaches 

that combine KNN with other machine learning algorithms could enhance its robustness and generalizability in 

real-world scenarios. Evaluating the model using a wider range of performance metrics beyond accuracy, such 

as precision, recall, and F1 score, would provide a more comprehensive picture of its effectiveness. 

V. EXPERIMENTS AND RESULTS 

1. Evaluation Metrics 

The model's performance was evaluated using the following metrics: 

 Accuracy: The overall percentage of correctly classified instances. 

 Precision: The ratio of true positive predictions to the total predicted positives. 

 Recall: The ratio of true positive predictions to the actual positives. 

 F1 Score: The harmonic mean of precision and recall, providing a balance between the two. 

 Confusion Matrix: A table used to describe the performance of the classification model by summarizing 

true positives, true negatives, false positives, and false negatives for each class. 

2. Model Performance 

 



                                                                                                                     e-ISSN: 2582-5208 

International  Research  Journal of  Modernization in Engineering Technology and   Science 
( Peer-Reviewed, Open Access, Fully Refereed International Journal ) 

Volume:06/Issue:11/November-2024                     Impact Factor- 8.187                         www.irjmets.com 

www.irjmets.com                              @International Research Journal of Modernization in Engineering, Technology and Science 
 [2274] 

Confusion Matrix 

 

3. Experiments and Results 

This section outlines the experiments conducted to evaluate the performance of the K-Nearest Neighbor (KNN) 

algorithm in classifying customer engagement segments 

The experiments encompass evaluation metrics used to assess the model's effectiveness. 

VI. CONCLUSION 

The reported 100% accuracy in your study is a promising result, but it's important to acknowledge potential 

limitations to avoid overstating the generalizability of the KNN model's performance. 

This study explored the application of the K-Nearest Neighbor (KNN) algorithm for customer engagement 

segmentation. The results suggest that KNN can be a valuable tool for classifying customers into distinct 

segments based on engagement metrics, enabling businesses to personalize marketing strategies. 

The KNN model achieved a high accuracy in classifying customer engagement patterns in this specific dataset. 

However, it's crucial to consider potential limitations that might affect real-world performance. These 

limitations include the size and representativeness of the dataset used for training and evaluation, as well as 

the choice of performance metrics. Future research should focus on validating the model's effectiveness on 

larger and more diverse datasets. Additionally, exploring hybrid approaches that combine KNN with other 

machine learning algorithms could enhance its robustness and generalizability in real-world scenarios. 

By addressing these limitations and leveraging the strengths of KNN, such as its non-parametric nature and 

interpretability, businesses can gain valuable insights into customer behavior. This data-driven approach can 

inform targeted marketing campaigns and ultimately improve customer satisfaction and retention. 
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