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In the telecommunications industry, customer retention is critical due to the high tendency of 

customers to switch providers for competitive promotions. This study aims to develop a churn 

prediction model for an internet service provider to identify at-risk customers by analyzing their 

usage patterns. The model facilitates targeted retention efforts, allowing the company to focus 

special offers on high-risk customers, thereby reducing churn rates, enhancing customer 

satisfaction, and increasing profitability. Evaluating machine learning models for churn prediction, 

Gradient Boosting emerged as the top performer with the highest AUC and AP scores. AdaBoost 

and Logistic Regression also showed strong performance. Models like Multi-Layer Perceptron, 

Light Gradient Boosting, and XGBoost were reliable, while K-Nearest Neighbours and Decision 

Tree showed lower precision and consistency. Based on these findings, boosting techniques and 

Logistic Regression are recommended for tasks requiring high recall, with a focus on promoting 

additional services to at-risk customers to effectively reduce churn.  
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1. Introduction 

The objective of this analysis is to evaluate the performance of various acquisition channels 

for an online retailer specializing in consumer electronics. The goal is to identify which 

channels convert better, cost less, and bring in the most revenue. This will inform budgeting 

and customer targeting strategies. A comprehensive five-step assessment is recommended to 

pinpoint underperforming marketing partnerships, as merely relying on basic profitability 

metrics may not provide an accurate evaluation, according to the company. Inadequately 

measuring both direct and indirect costs, such as the investment in human resources for partner 

recruitment and retention, as well as campaign management, can skew the data. Additionally, 

using gross averages for customer value can be misleading. 

Cluster proposes the following practical guidelines for an effective evaluation of marketing 

http://www.nano-ntp.com/
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channels: 

⚫ Reevaluate conventional metrics for channel performance 

Traditional metrics like gross additions, average customer value, or quarterly revenue reports 

may not provide a complete picture of profitability. 

⚫ Challenge assumptions regarding channel costs and Customer Lifetime Value (CLV) 

Factors such as aggressive competition, emerging efficiencies, and changing performance of 

channel partners can impact initial assumptions. 

⚫ Recalculate the actual costs of marketing efforts 

It is crucial to accurately assess both direct and indirect costs to ensure the accuracy of 

contribution calculations. 

⚫ Refine the channel evaluation process 

Break down the analysis of aggregate data and trends to generate actionable recommendations 

incrementally. 

⚫ Reallocate resources to high-performing areas 

Transform the insights gained from the channel assessment into a detailed action plan. 

Optimize the utilization of high-performance channels, improve underutilized ones, and 

discontinue programs or partnerships that do not contribute to profitability. 

Machine learning Role in optimizing acquisition channels 

Machine learning can play a crucial role in optimizing acquisition channels for an online 

consumer electronics retailer. Here are several ways in which machine learning can be applied 

effectively: 

Customer Segmentation: Machine learning algorithms can analyze customer data to segment 

customers based on their behavior, preferences, and purchasing patterns. This segmentation 

can help in targeting specific customer segments with personalized marketing messages 

through appropriate acquisition channels. 

Predictive Modeling: Machine learning models can predict customer behavior, such as the 

likelihood of conversion or churn. This information can guide decisions on which acquisition 

channels to prioritize for different customer segments. 

Channel Attribution: Machine learning techniques, such as Markov chains or machine learning 

attribution models, can help in accurately attributing conversions to different marketing 

channels. This attribution analysis is essential for understanding the impact of each channel 

on customer acquisition and optimizing budget allocation. 

Campaign Optimization: Machine learning algorithms can optimize marketing campaigns by 

analyzing vast amounts of data to identify trends, patterns, and optimal strategies. This 

includes determining the best timing, content, and channels for campaign deployment to 

maximize conversion rates. 

Predictive Customer Lifetime Value (CLV): Machine learning models can predict the CLV of 
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customers acquired through different channels. By understanding the long-term value of 

customers from each channel, retailers can make informed decisions about resource allocation 

and customer targeting. 

Real-time Personalization: Machine learning enables real-time personalization of marketing 

messages and offers based on customer interactions and historical data. This personalization 

enhances the relevance of acquisition channel communications, leading to higher engagement 

and conversion rates. 

Anomaly Detection: Machine learning algorithms can detect anomalies in customer behavior 

or channel performance. For example, detecting sudden drops in conversion rates or 

unexpected spikes in acquisition costs can prompt proactive adjustments to marketing 

strategies. 

Recommendation Engines: Recommender systems powered by machine learning can suggest 

the most relevant acquisition channels or marketing strategies for individual customers based 

on their preferences and past interactions with the brand. 

Sentiment Analysis: Machine learning techniques like natural language processing (NLP) can 

analyze customer reviews, social media sentiment, and feedback to gauge the perception of 

different acquisition channels. Positive sentiment can be leveraged, while negative sentiment 

can signal areas for improvement. 

Optimizing Ad Spend: Machine learning algorithms can optimize ad spend by continuously 

analyzing campaign performance metrics, adjusting bidding strategies, and reallocating budget 

to channels that drive the highest ROI. 

Implementing machine learning in the optimization of acquisition channels for an online 

consumer electronics retailer comes with several challenges: 

Data Quality and Availability: Ensuring that data from various sources (e.g., website analytics, 

marketing platforms, sales data) is accurate, consistent, and up-to-date can be challenging. 

Data may be fragmented or stored in different formats, requiring extensive preprocessing and 

integration efforts. 

Feature Engineering: Creating meaningful features from raw data requires domain knowledge 

and experimentation. Identifying the most relevant features for predicting customer behavior 

or channel performance can be complex. 

Model Interpretability: Complex machine learning models, such as deep learning algorithms, 

may lack interpretability, making it challenging to understand how predictions are made. 

Explainable AI techniques are needed to enhance model transparency. 

Data Privacy and Compliance: Handling sensitive customer data and ensuring compliance 

with data protection regulations (e.g., GDPR, CCPA) adds complexity to machine learning 

implementation. Anonymization, encryption, and robust data governance practices are 

essential. 

Scalability: Scaling machine learning models to handle large volumes of data and real-time 

processing can strain computational resources and infrastructure. Distributed computing and 

cloud-based solutions may be necessary. 
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Model Overfitting: Overfitting occurs when a model performs well on training data but fails 

to generalize to unseen data. Regularization techniques and cross-validation are needed to 

mitigate overfitting risks. 

Changing Customer Behavior: Customer preferences and behavior evolve over time, requiring 

continuous model updates and adaptations. Keeping machine learning models relevant and 

effective amidst changing market dynamics is a challenge. 

Channel Attribution Complexity: Determining the precise contribution of each acquisition 

channel to customer conversions can be complex, especially in multi-touchpoint customer 

journeys. Properly attributing conversions and assigning credit accurately is crucial for 

optimization. 

Real-time Decision-making: Making real-time decisions based on machine learning 

predictions requires low-latency data processing and decision-making frameworks. Delayed 

responses can lead to missed opportunities or suboptimal outcomes. 

Cost Considerations: Implementing and maintaining machine learning infrastructure, hiring 

skilled data scientists and engineers, and acquiring quality data can incur significant costs. 

ROI justification and cost-benefit analysis are essential. 

 

2. Related Work: 

Valentini et al. (2024) evaluate sales forecasting techniques for Mahram Food Industries, 

utilizing technical analysis, time series modeling, machine learning, neural networks, and 

random forest methods to enhance accuracy, although facing complexity in model integration 

[18]. Theoretical exploration by Tudoran et al. (2024) discusses AI's potential in product 

management across various lifecycle stages, catalyzing innovation and strategic decision-

making but encountering complexity in AI integration and ethical considerations [19]. 

Mudjahidin et al. (2024) employ principal component analysis, K-means clustering, and 

random forest methods for financial risk management under machine learning, enhancing risk 

monitoring but relying on data quality and potentially missing some risk factors [20]. Norouzi 

(2024) analyzes sales models for new and refurbished products in the secondary market, 

aiming to maximize manufacturer profits and align with market demand, yet facing challenges 

in blockchain integration and market demand dependencies [21]. In digital marketing 

transformation, Kasem et al. (2024) investigate the role of technology (AI, machine learning, 

big data analytics) in promoting sustainable growth and improving consumer experiences, 

albeit facing challenges like data privacy, channel integration, and cultural change 

complexities [22]. Efficient stock price trend prediction is explored by Han et al. (2023) 

introducing the N-Period Min-Max labeling method and evaluating trading performance using 

XGBoost, enhancing prediction accuracy but limited to stock price prediction [23]. Durant et 

al. (2023) examine the resilience of direct market farmers during COVID-19, showcasing 

adaptation strategies but with a limited focus on a specific market segment [24]. E-commerce 

channel management from the manufacturers' perspective is investigated by Ballerini et al. 

(2024), providing insights into manufacturer-retailer dynamics and pricing strategies but 

highlighting potential gaps in understanding due to fragmented literature [25]. Vemulapalli 

(2024) investigates information sharing strategies for online platforms, aiming to improve 
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market efficiency but facing potential conflicts between platforms, manufacturers, and sellers 

[26]. Customer lifetime value prediction using machine learning by Kumar et al. (2023) 

enhances CRM and targeted marketing but faces data privacy concerns and potential biases in 

ML algorithms [27]. Lastly, Muradkhanli and Karimov (2023) explore customer behavior 

analysis with big data analytics and ML, enhancing customer insights and marketing strategies 

but grappling with data quality challenges and potential biases in predictive models [28]. 

Table 1: Summary of Related work 

Reference Objective Methodology Advantages Limitations 

[18] Sales forecasting for 

Mahram Food 

Industries 

Utilizes technical analysis, time series 

modeling, machine learning, neural 

networks, and random forest 

techniques. 

Enhanced accuracy in 

sales forecasting 

Complexity in model 

integration 

[19] AI's theoretical 

framework in product 

management 

Discusses AI's role across product 

lifecycle stages: ideation, market 

research, prototyping, design, quality 

assurance, launch. 

Catalyzes innovation, 

informs strategic 

decision-making 

Complexity in AI 

integration, potential 

ethical considerations 

[20] Exploration of 

financial risk 

management under 

machine learning 

algorithms 

Employs principal component 

analysis, K-means clustering, and 

random forest method for financial 

risk analysis. 

Enhances monitoring 

and evaluation of 

financial risks 

Relies on data quality, 

may not capture all risk 

factors 

[21] Sales models for new 

and refurbished 

products in the 

secondary market 

Analyzes sales scenarios M, R, and C, 

considering market demand and 

blockchain technology's impact. 

Maximizes 

manufacturer profits, 

aligns with market 

demand 

Dependent on market 

demand, potential 

blockchain integration 

complexities 

[22] Digital marketing 

transformation for 

competitive 

advantage 

Investigates technology's role (AI, 

machine learning, big data analytics) 

in digital marketing transformation 

with case studies. 

Improves consumer 

experiences, 

promotes sustainable 

growth 

Data privacy concerns, 

channel integration 

challenges, cultural 

change complexities 

[23] Efficient stock price 

trend prediction with 

machine learning 

Introduces N-Period Min-Max 

labeling method, evaluates trading 

performance using XGBoost. 

Enhances stock price 

trend prediction, 

generates trading 

outperformance 

Potential bias in labeling 

method, limited to stock 

price prediction 

[24] Resilience of direct 

market farmers 

during COVID-19 

Examines impacts of COVID-19 on 

local supply chains and direct market 

sales channels. 

Adapts to market 

disruptions, increases 

consumer interest 

Limited focus on 

specific market segment 

[25] E-commerce channel 

management from 

manufacturers' 

perspective 

Conducts systematic literature review 

on online channel management 

focusing on strategic issues, pricing 

policies, and supply chain 

interactions. 

Provides insights into 

manufacturer-retailer 

dynamics, pricing 

strategies 

Fragmented literature, 

potential gaps in 

comprehensive 

understanding of online 

channel management 

[26] Information sharing 

strategies for online 

platforms 

Investigates demand information 

sharing strategies for online platforms 

in distribution channels, considering 

reselling vs. marketplace models. 

Improves market 

efficiency, optimizes 

information sharing 

Potential conflicts 

between platform, 

manufacturers, and 

sellers 

[27] Customer lifetime 

value prediction 

using machine 

learning 

Enhances Customer Relationship 

Management (CRM) with machine 

learning for CLV predictions, using 

regression, clustering, neural 

Improves CLV 

accuracy, enhances 

targeted marketing 

Data privacy concerns, 

potential biases in ML 

algorithms 
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Reference Objective Methodology Advantages Limitations 

networks. 

[28] Customer behavior 

analysis with big data 

analytics and ML 

Explores ML algorithms, pipeline 

development for customer behavior 

analysis in digital marketing, focusing 

on churn prediction, prospect 

identification, communication 

channel optimization, and sentiment 

analysis. 

Enhances customer 

insights, optimizes 

marketing strategies 

Data quality challenges, 

potential biases in 

predictive models 

 

3. Methodology: 

The machine learning workflow begins with acquiring the dataset, followed by conducting 

exploratory data analysis to understand its characteristics. Next, missing data is handled 

through imputation or deletion, and the data is normalized to ensure consistent scales across 

features. The dataset is then split into training and testing sets, typically in an 80/20 ratio. 

Various models such as Gradient Boosting, AdaBoost, Logistic Regression, Multi-layer 

Perceptron, Light Gradient Boosting, eXtreme Gradient Boosting, Random Forest, Support 

Vector Classifier, and K-Nearest Neighbours are trained using the training set. Finally, the 

models are evaluated as shown in figure 1 [29][30][31]. 

 

Figure 1: Proposed methodology framework 

Datasets: The DataFrame consists of 4930 rows and 11 columns, each representing a customer 

with 11 attributes, most of which are nominal categorical types currently stored as objects, 

leading to inefficient memory usage as shown in figure 2. These categorical attributes will be 

converted to the 'category' data type for optimization. Numerical attributes, such as tenure and 

Monthly Charges, are stored as int64 and float64, respectively, and can be downcast to more 

memory-efficient types like int8 and float32. Categorical data is consistently written, 

indicating no input errors, while numeric data, being measurement results, does not require 

consistency checks [32][33][34]. 
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Figure 2: Dataset attributes Description 

Figure 3 provides an overview of Dataset with five records. 

 

Figure 3: Sample records of Dataset 

The boxplot and histogram (figure 4) illustrate that churn customers typically have shorter 

tenures compared to non-churn customers, who exhibit a higher median tenure and a broader 

distribution extending beyond 60 months. Notably, there are significant upper outliers among 

the churned customers, indicating that some had unusually long tenures before churning. The 

histogram further highlights this distinction, with churned customers concentrated at lower 

tenures and non-churned customers more evenly distributed across longer tenures. These 

anomalies among churned customers necessitate further analysis to determine if the outliers 

exhibit distinct characteristics from the rest, potentially indicating systemic differences [35]. 
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Figure 4:Tenure Distribution on Customer Churn 

Figure 5 illustrates the tenure distribution of customers across different features (Online 

Backup, Device Protection, and Contract type), segmented by churn status. Each box plot 

highlights the tenure differences between churned and non-churned customers, with a red 

horizontal line indicating a reference point at a tenure value of 70. In all categories, churned 

customers consistently show lower median tenures compared to non-churned customers. 

Specifically, for month-to-month contracts, churned customers have significantly lower 

tenures, whereas two-year contracts show the highest tenures with non-churned customers 

having notably higher medians. This trend underscores the impact of contract length and 

service features on customer retention, with longer tenures generally associated with reduced 

churn rates. 

 

Figure 5: Tenure Distribution on features with systemic modes 

The figure 6 displays a density plot of tenure versus monthly charges, differentiated by 

customer churn status. The plot shows the relationship between tenure (in months) and 

monthly charges (in dollars) with churned customers in green and non-churned customers in 

blue. The density distributions along the axes illustrate that churned customers (green) tend to 

cluster at lower tenures and higher monthly charges. Conversely, non-churned customers 

(blue) show a more dispersed pattern with higher tenures and a wider range of monthly 

charges. The red diagonal line indicates a positive correlation between tenure and monthly 

charges. This visualization highlights that customers with lower tenures and higher monthly 
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charges are more likely to churn, while those with longer tenures are less likely to churn 

regardless of their monthly charges. 

 

Figure 6: Tenure vs Monthly Charges on customer churn 

The figure 7 comprises a pie chart and a bar chart illustrating the distribution of internet service 

types and their relationship to customer churn. The pie chart reveals that 44.14% of customers 

use fiber optic, 34.55% use DSL, and 21.31% have no internet service. The bar chart shows 

churn rates for each service type: fiber optic has the highest churn with 907 churned versus 

1256 non-churned customers, DSL follows with 305 churned versus 1388 non-churned 

customers, and those without internet service have the lowest churn rate with 74 churned 

versus 970 non-churned customers. These visuals highlight that fiber optic users are more 

likely to churn compared to DSL users and those without internet service, indicating that 

internet service type significantly impacts customer retention. 

 

Figure 7: Service report 

The bar plots (figure 8) illustrate that customers without services such as Online Security, 

Online Backup, Device Protection, and Tech Support exhibit higher churn rates compared to 
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those with these services. Specifically, customers without Online Security, Online Backup, 

Device Protection, and Tech Support have churn rates of 939, 810, 769, and 926 respectively, 

while those with these services show significantly lower churn rates of 187, 316, 357, and 200 

respectively. This pattern suggests that customers with these additional services are more 

likely to stay, highlighting the potential for reducing churn by encouraging customers to adopt 

these services. 

 

Figure 8:Customers without services 

The figure 9 reveals that customers without dependents exhibit higher churn rates (926) 

compared to those with dependents (176), with a tendency for shorter tenures and higher 

monthly charges, suggesting these factors contribute to their higher churn. In contrast, 

customers with dependents are less likely to churn (1259 retained versus 2355 without 

dependents), with more balanced tenure and monthly charges distributions. This indicates that 

retention strategies should target customers without dependents by addressing their shorter 

tenure and higher charges to reduce churn effectively. 
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Figure 9: Tenure and Monthly charges distribution on dependents 

Figure 10 compares the performance of various machine learning models based on their AUC 

(Area Under the Curve) and AP (Average Precision) scores, along with their standard 

deviations (STD). The Gradient Boosting model stands out with the highest AUC score of 

89.06 and an AP score of 69.15, indicating excellent capability in distinguishing between 

classes and maintaining precision. Its relatively low standard deviation (0.82 for AUC and 

0.86 for AP) suggests consistent performance across different runs. Similarly, AdaBoost and 

Logistic Regression follow closely with AUC scores of 88.69 and 88.44, respectively, and AP 

scores of 68.67 and 68.39. Despite their high performance, AdaBoost shows a slightly higher 

variability (STD of 1.10 for AUC and 2.08 for AP), which might reflect some instability in 

certain cases. 

Models such as the Multi-Layer Perceptron, Light Gradient Boosting, and eXtreme Gradient 

Boosting also show strong performance, with AUC scores ranging from 87.18 to 88.20 and 

AP scores between 64.11 and 68.09. These models have moderate standard deviations, 

indicating fairly reliable performance. The Random Forest and Support Vector Classifier 

models demonstrate respectable results with AUC scores around 85 and AP scores in the mid-

60s. However, the standard deviations are somewhat higher for the Support Vector Classifier 

(1.43 for AUC and 2.03 for AP), indicating more fluctuation in their predictive accuracy and 

precision. 

On the lower end of the spectrum, the K-Nearest Neighbours and Decision Tree models 

perform less effectively, with AUC scores of 81.40 and 74.09, respectively. Their AP scores 

of 53.83 for K-Nearest Neighbours and 43.19 for Decision Tree are significantly lower, 

suggesting poorer precision in their predictions. Moreover, these models exhibit higher 

standard deviations, particularly the Decision Tree (2.19 for AUC and 2.39 for AP), indicating 

inconsistent performance. Overall, while boosting techniques (Gradient Boosting, AdaBoost) 

and Logistic Regression emerge as the top-performing models, Decision Tree and K-Nearest 

Neighbours lag behind, highlighting the importance of model selection based on the specific 

requirements of precision and consistency in classification tasks. 
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Figure 10: Different Machine Learning models result analysis 

The bar chart (figure 11) reveals that Gradient Boosting (AP Score: 69.15, AUC Score: 89.06) 

and AdaBoost (AP Score: 68.67, AUC Score: 88.69) are the top performers, followed closely 

by Logistic Regression (AP Score: 68.39, AUC Score: 88.44) and Multi-Layer Perceptron (AP 

Score: 68.09, AUC Score: 88.20), indicating their strong balance of precision and recall. Light 

Gradient Boosting (AP Score: 66.79, AUC Score: 87.85) and XGBoost (AP Score: 64.01, 

AUC Score: 87.18) also perform well, though slightly lower. Random Forest (AP Score: 62.49, 

AUC Score: 85.48) and Support Vector Classifier (AP Score: 65.62, AUC Score: 85.00) are 

reliable but less effective compared to boosting methods. K-Nearest Neighbors (AP Score: 

53.83, AUC Score: 81.40) and Decision Tree (AP Score: 43.19, AUC Score: 74.09) are the 

least effective, particularly in terms of Average Precision. Overall, boosting methods and 

Logistic Regression should be prioritized for tasks where recall is crucial, reflecting the F2 

Score emphasis. 

 

Figure 11: Different Machine Learning models training Cross validation Score 

The  bar chart (figure 12), showing classifier testing scores, reinforces the performance trends 
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observed in the cross-validation average scores. Gradient Boosting (AP Score: 70.24, AUC 

Score: 89.96) remains the top performer, followed by AdaBoost (AP Score: 67.90, AUC 

Score: 89.21), and Multi-Layer Perceptron (AP Score: 72.01, AUC Score: 89.14). Logistic 

Regression (AP Score: 70.21, AUC Score: 89.09) and Light Gradient Boosting (AP Score: 

68.60, AUC Score: 89.01) also demonstrate strong performance. eXtreme Gradient Boosting 

(AP Score: 65.53, AUC Score: 87.62) and Random Forest (AP Score: 66.28, AUC Score: 

86.17) continue to provide solid, albeit slightly lower, results. The Support Vector Classifier 

(AP Score: 70.07, AUC Score: 85.33) maintains respectable scores, while K-Nearest 

Neighbors (AP Score: 61.69, AUC Score: 84.98) and Decision Tree (AP Score: 42.41, AUC 

Score: 73.50) exhibit the lowest performance. Overall, boosting methods and neural networks, 

alongside logistic regression, are confirmed as the most effective classifiers, particularly in 

applications prioritizing high recall. 

 

Figure 12: Different Machine Learning models testing Cross validation Score 

 

4. Conclusion: 

The analysis of the customer churn dataset, comprising 4930 rows and 11 attributes, revealed 

critical insights into optimizing data and understanding churn behavior. By converting 

categorical data to the 'category' type and downcasting numerical attributes to more memory-

efficient types, significant improvements in memory usage can be achieved. The dataset shows 

a clear distinction between churned and non-churned customers, particularly in terms of tenure 

and monthly charges. Churned customers typically have shorter tenures and higher monthly 

charges, with significant outliers indicating some had long tenures before churning. In 

contrast, non-churned customers tend to have longer tenures and more dispersed monthly 

charges, suggesting a positive correlation between these two factors. 

Detailed feature exploration uncovered that churn rates are higher among fiber optic users 

compared to DSL and customers without internet service. Additionally, customers lacking 

services such as Online Security, Online Backup, Device Protection, and Tech Support are 
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more likely to churn. This pattern indicates that promoting these additional services could 

effectively reduce churn. The analysis also highlighted that customers without dependents 

exhibit higher churn rates and shorter tenures, suggesting that retention strategies should target 

this demographic to address their specific needs and reduce churn effectively. 

Machine learning model performance was evaluated to determine the most effective 

approaches for predicting churn. Gradient Boosting emerged as the top performer with the 

highest AUC and AP scores, indicating its strong discrimination and precision capabilities. 

AdaBoost and Logistic Regression also showed high performance, though with slightly higher 

variability in AdaBoost's results. Models like Multi-Layer Perceptron, Light Gradient 

Boosting, and XGBoost displayed strong and reliable performance, while K-Nearest 

Neighbours and Decision Tree were less effective, showing lower precision and consistency. 

Based on these findings, boosting techniques and Logistic Regression should be prioritized for 

tasks where high recall is crucial, with targeted efforts to promote additional services and 

address factors contributing to churn among customers without dependents. 

 

 

References 

1. Dylan, J., & Nathan, J. (2024). Project Management Strategies for Integrating Machine 

Learning into Business Analytics Initiatives. Unique Endeavor in Business & Social Sciences, 

3(1), 28-37. 

2. Asadi Ejgerdi, N., & Kazerooni, M. (2023). A stacked ensemble learning method for customer 

lifetime value prediction. Kybernetes. 

3. ABIDAR, L., ZAIDOUNI, D., Ikram, E. L., & ENNOUAARY, A. (2023). Predicting 

Customer Segment Changes to Enhance Customer Retention: A Case Study for Online Retail 

using Machine Learning. International Journal of Advanced Computer Science and 

Applications, 14(7). 

4. Zhao, S., Wu, R., Tao, J., Qu, M., Zhao, M., Fan, C., & Zhao, H. (2023). perCLTV: A general 

system for personalized customer lifetime value prediction in online games. ACM 

Transactions on Information Systems, 41(1), 1-29. 

5. Delgado, M. M. (2023). Predictive Customer Lifetime value modeling: Improving customer 

engagement and business performance. 

6. Li, N., Wu, J., Shan, L., & Yi, L. (2024). Transient Stability Assessment of Power Systems 

Based on CLV-GAN and I-ECOC. Energies, 17(10), 2278. 

7. Curiskis, S., Dong, X., Jiang, F., & Scarr, M. (2023). A novel approach to predicting customer 

lifetime value in B2B SaaS companies. Journal of Marketing Analytics, 11(4), 587-601. 

8. Valla, M., Milhaud, X., & Olympio, A. (2024). Including individual Customer Lifetime Value 

and competing risks in tree-based lapse management strategies. European Actuarial Journal, 

14(1), 99-144. 

9. Akshara, R., & Jain, A. (2024). Data to Decisions: Optimizing E-commerce Sales Potential 

with Analytics. International Research Journal on Advanced Engineering Hub (IRJAEH), 

2(04), 1087-1093. 

10. Gadgil, K., Gill, S. S., & Abdelmoniem, A. M. (2023). A meta-learning based stacked 

regression approach for customer lifetime value prediction. Journal of Economy and 

Technology, 1, 197-207. 



1165 Shantanu Srivastava et al. Machine Learning Techniques: Predictive....                                                                                                      
 

Nanotechnology Perceptions Vol. 20 No. S7 (2024) 

11. Su, H., Du, Z., Li, J., Zhu, L., & Lu, K. (2023, June). Cross-domain adaptative learning for 

online advertisement customer lifetime value prediction. In Proceedings of the AAAI 

Conference on Artificial Intelligence (Vol. 37, No. 4, pp. 4605-4613). 

12. Welikadaarachchi, S., Botheju, M., Ariyasena, D., Fernando, V., Gamage, A., & Gunathilake, 

P. (2023). Data Driven Approach to Improve Profitability in Vehicle Insurance Sector. 

International Research Journal of Innovations in Engineering and Technology, 7(10), 333. 

13. Yang, X., Jia, B., Wang, S., & Zhang, S. (2023, February). Feature Missing-aware Routing-

and-Fusion Network for Customer Lifetime Value Prediction in Advertising. In Proceedings 

of the Sixteenth ACM International Conference on Web Search and Data Mining (pp. 1030-

1038). 

14. Peker, S., & Kart, Ö. (2023). Transactional data-based customer segmentation applying 

CRISP-DM methodology: A systematic review. Journal of Data, Information and 

Management, 5(1), 1-21. 

15. Jiang, P., Liu, Z., Zhang, L., & Wang, J. (2023). Hybrid model for profit-driven churn 

prediction based on cost minimization and return maximization. Expert Systems with 

Applications, 228, 120354. 

16. Jiang, P., Liu, Z., Zhang, L., & Wang, J. (2023). Hybrid model for profit-driven churn 

prediction based on cost minimization and return maximization. Expert Systems with 

Applications, 228, 120354. 

17. Priyadarshni, S., Fathima, R., Urolagin, S., Bongale, A. M., & Dharrao, D. S. (2023, 

December). Unveiling Customer Segmentation Patterns in Credit Card Data using K-Means 

Clustering: A Machine Learning Approach. In 2023 International Conference on Modeling, 

Simulation & Intelligent Computing (MoSICom) (pp. 362-366). IEEE. 

18. Soltaninejad, M., Aghazadeh, R., Shaghaghi, S., & Zarei, M. (2024). Using Machine Learning 

Techniques to Forecast Mehram Company's Sales: A Case Study. Journal of Business and 

Management Studies, 6(2), 42-53. 

19. Ogundipe, D. O., Babatunde, S. O., & Abaku, E. A. (2024). AI and product management: A 

theoretical overview from idea to market. International Journal of Management & 

Entrepreneurship Research, 6(3), 950-969. 

20. Cao, Y., Zhao, D., & Xiao, C. (2024, January). Exploration on Financial Risk Management 

under Machine Learning Algorithms. In Proceedings of the First International Conference on 

Science, Engineering and Technology Practices for Sustainable Development, ICSETPSD 

2023, 17th-18th November 2023, Coimbatore, Tamilnadu, India. 

21. Cao, Y., Zhao, D., & Xiao, C. (2024, January). Exploration on Financial Risk Management 

under Machine Learning Algorithms. In Proceedings of the First International Conference on 

Science, Engineering and Technology Practices for Sustainable Development, ICSETPSD 

2023, 17th-18th November 2023, Coimbatore, Tamilnadu, India. 

22. Hussain, H. N., Alabdullah, T. T. Y., Ries, E., & Jamal, K. A. M. (2023). Implementing 

Technology for Competitive Advantage in Digital Marketing. International Journal of 

Scientific and Management Research, 6(6), 95-114. 

23. Han, Y., Kim, J., & Enke, D. (2023). A machine learning trading system for the stock market 

based on N-period Min-Max labeling using XGBoost. Expert Systems with Applications, 211, 

118581. 

24. Durant, J. L., Asprooth, L., Galt, R. E., Schmulevich, S. P., Manser, G. M., & Pinzón, N. 

(2023). Farm resilience during the COVID-19 pandemic: The case of California direct market 

farmers. Agricultural Systems, 204, 103532. 



                                     Machine Learning Techniques: Predictive.... Shantanu Srivastava et al. 1166  
 

Nanotechnology Perceptions Vol. 20 No. S7 (2024) 

25. Ballerini, J., Yahiaoui, D., Giovando, G., & Ferraris, A. (2024). E-commerce channel 

management on the manufacturers’ side: ongoing debates and future research pathways. 

Review of Managerial Science, 18(2), 413-447. 

26. Zha, Y., Li, Q., Huang, T., & Yu, Y. (2023). Strategic information sharing of online platforms 

as resellers or marketplaces. Marketing Science, 42(4), 659-678. 

27. Kumar, A., Singh, K. U., Kumar, G., Choudhury, T., & Kotecha, K. (2023, October). Customer 

Lifetime Value Prediction: Using Machine Learning to Forecast CLV and Enhance Customer 

Relationship Management. In 2023 7th International Symposium on Multidisciplinary Studies 

and Innovative Technologies (ISMSIT) (pp. 1-7). IEEE. 

28. Muradkhanli, L. G., & Karimov, Z. M. (2023). Customer behavior analysis using big data 

analytics and machine learning. 

29. Narayan, V., Srivastava, S., Mall, P. K., Kumar, V., & Awasthi, S. (2024). A theoretical 

analysis of simple retrieval engine. In Computational Intelligence in the Industry 4.0 (pp. 240-

248). CRC Press. 

30. Narayan, V., Srivastava, S., Faiz, M., Kumar, V., & Awasthi, S. (2024). A comparison between 

nonlinear mapping and high-resolution image. In Computational Intelligence in the Industry 

4.0 (pp. 153-160). CRC Press. 

31. Sawhney, R., Sharma, S., Srivastava, S., & Narayan, V. (2024). Ear Biometry: Protection 

Safeguarding Ear Acknowledgment Framework utilizing Transfer Learning in Industry 4.0. 

Journal of Electrical Systems, 20(3s), 1397-1412. 

32. Gupta, A., Gupta, S., Mall, P. K., Srivastava, S., Saluja, A. S., Yadav, N., ... & Sriramulu, S. 

(2024). ML-CPC: A Pathway for Machine Learning Based Campus Placement Classification. 

Journal of Electrical Systems, 20(3s), 1453-1464. 

33. Sawhney, Rahul, et al. "An Efficient Scientific Programming Technique for MRI 

Classification using Deep Residual Networks." Journal of Electrical Systems 20.2s (2024): 

241-255. 

34. Mall, P. K., Srivastava, S., PATEL, M. M., Kumar, A., Narayan, V., Kumar, S., ... & Singh, 

D. S. (2024). Optimizing Heart Attack Prediction Through OHE2LM: A Hybrid Modelling 

Strategy. Journal of Electrical Systems, 20(1). 

35. Kumar, M., Kumar, A., Gupta, A., Srivastava, S., Narayan, V., Chauhan, A. S., & Srivastava, 

A. P. (2024). Self-attentive CNN+ BERT: An approach for analysis of sentiment on movie 

reviews using word embedding. Int J Intell Syst Appl Eng, 12, 612. 


