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ABSTRACT
Customer lifetime value is an important measure for understanding long term profitability in e-commerce, where firms depend on effective customer retention and development in highly competitive digital markets. Traditional statistical approaches have supported early customer lifetime value estimation, but they often rely on assumptions that limit their ability to represent complex and changing customer behavior. This systematic review examined existing studies that applied machine learning methods to customer lifetime value prediction in e-commerce. Guided by the PRISMA framework, the review searched Scopus and IEEE Xplore for studies published between 2020 and 2026, and 12 studies met the inclusion criteria. The findings show that ensemble and deep learning approaches dominate recent research, with stacking, hybrid, and recurrent neural models frequently reporting strong predictive performance. However, the evidence also reveals important limitations, including restricted data accessibility, limited interpretability, high computational demands, and inconsistent evaluation methods, which reduce comparability across studies. The strong predictive performance of these models suggests their potential to support more effective customer segmentation and improved allocation of marketing resources. Future progress in customer lifetime value prediction will depend not only on improved model performance, but also on more transparent methods, publicly available benchmark datasets, and stronger attention to interpretability and practical applicability.
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1. INTRODUCTION
In a global economy shaped by digital transformation and growing competition, firms increasingly recognize that long term profitability depends not only on acquiring new customers but also on retaining and developing existing ones (Wang et al., 2025). This strategic shift toward sustained relationship management has positioned customer lifetime value as a key measure of organizational performance. Customer lifetime value represents the overall financial contribution a customer makes to a business over the entire course of their relationship (Dogan et al., 2025; Jain & Singh, 2002). It offers a forward looking perspective on profitability and supports strategic decision making in marketing resource allocation, customer segmentation, and retention planning (Kunle et al., 2025).
The growth of e-commerce has increased the importance of customer lifetime value prediction. Online platforms generate extensive data on customer transactions, browsing behavior, and engagement patterns (Kvíčala et al., 2024; Munshi et al., 2023). Analyzing these data enables firms to estimate future customer value, identify profitable customer segments, and design more targeted marketing strategies. Accurate customer lifetime value prediction improves marketing resource allocation, supports customer retention, and reinforces competitive advantage in a data driven marketplace (Ali & Shabn, 2024; Bhattacharyya & Sarma, 2025). However, the large volume, diversity, and complexity of online customer data have increased the need for more adaptable modeling approaches capable of capturing nonlinear and time dependent patterns (Firmansyah et al., 2024). 
Traditional statistical and probabilistic models made important early contributions but often rely on assumptions such as linear relationships, stationary patterns, or fixed distributions (Megantara et al., 2023; Reutterer et al., 2021). These constraints limit their ability to capture complex and evolving customer behavior (Wong et al., 2025). Machine learning provides more flexible, analytical methods capable of identifying intricate behavioral patterns and improving predictive accuracy across diverse datasets (AbdelAziz et al., 2025; Patel & Sunitha, 2022; Yadav & Agarwal, 2020). These capabilities have expanded the analytical potential of customer lifetime value modeling and encouraged greater interest in evaluating how such methods perform in practice. A growing body of research has applied machine learning techniques to customer lifetime value prediction, demonstrating notable improvements in predictive performance and methodological innovation (Curiskis et al., 2023; Su et al., 2023). However, the evidence remains fragmented, as studies differ widely in their research focus, data characteristics, model choices, and evaluation procedures (AboElHamd et al., 2021; Das et al., 2024; Zhao et al., 2023). This inconsistency makes it difficult to determine which modeling approaches or design choices consistently perform most effectively across different e-commerce settings. 
This systematic review therefore examines and synthesizes existing research on machine learning applications for customer lifetime value prediction in e-commerce. Through structured analysis, it aims to identify the methods applied, evaluate their reported effectiveness, describe the datasets and features used, and outline recurring methodological limitations and opportunities for improvement. The insights derived are expected to provide a clearer understanding of current practices and guide both academic research and practical applications.
1.1 Rationale
Research on machine learning for customer lifetime value prediction in e-commerce has grown substantially, yet findings remain scattered across different methodologies, datasets, and evaluation procedures, limiting comparability and making it difficult to identify consistent trends. A systematic review is therefore required to consolidate existing evidence, examine methodological approaches, and summarize reported outcomes in a structured and transparent manner. Synthesizing the available studies will clarify how machine learning has been applied in this field, identify common limitations, and provide an informed basis for future research aimed at improving the consistency and practical relevance of customer lifetime value prediction in e-commerce.
1.2 Research Questions
This review was guided by the following research questions:
1. What machine learning methods have been applied for customer lifetime value prediction in e-commerce?
2. How effective are machine learning methods for customer lifetime value prediction in e-commerce based on reported predictive performance metrics?
3. What input features are used for model development in customer lifetime value prediction studies?
4. What methodological limitations are reported in studies on machine learning approaches for customer lifetime value prediction?
2. METHODOLOGY
This study employed a systematic approach to identify, select, and analyze studies that applied machine learning techniques to customer lifetime value prediction in e-commerce. The review process followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) framework, which provides structured guidelines for conducting and reporting systematic reviews. This framework supports transparency and reproducibility in the identification, screening, and evaluation of relevant literature.
2.1 Eligibility Criteria
The selection of studies was guided by the PICOS (Population, Intervention, Comparison, Outcomes, and Study design) framework to ensure a structured and transparent inclusion process.
1. Population (P): Studies that used customer data from e-commerce platforms.
2. Intervention (I): Use or development of machine learning models for predicting customer lifetime value.
3. Comparison (C): Comparison between different machine learning models or between machine learning and traditional statistical methods.
4. Outcome (O): Reported predictive performance using metrics such as coefficient of determination, mean absolute error, or root mean square error.
5. Study Design (S): Empirical studies published in journals or conference proceedings that presented model implementation or evaluation using real or simulated e-commerce data.
2.2 Inclusion Criteria
1. Studies that applied machine learning approaches to predict customer lifetime value in e-commerce.
2. Studies that reported quantitative performance metrics for model evaluation.
3. Studies that used customer data derived from e-commerce platforms.
4. Articles published in English and available in full text.
5. Articles published between January 2020 and March 2026.
2.3 Exclusion Criteria
1. Studies limited to traditional statistical or probabilistic methods without machine learning.
2. Studies focused primarily on churn prediction, segmentation, or recommendation systems rather than customer lifetime value.
3. Conceptual papers, literature reviews, editorials, or abstracts without empirical implementation.
4. Studies that did not report quantitative model performance results.
5. Articles not published in English or not available in full text.
2.4 Information Sources
A comprehensive literature search was conducted using the Scopus and IEEE Xplore databases to identify relevant studies for this review. Scopus was selected because it indexes a wide range of multidisciplinary journals covering business, marketing, and information systems research, while IEEE Xplore provides extensive coverage of computer science and machine learning studies. Together, these databases provide broad coverage of scholarly literature related to machine learning based customer lifetime value prediction. Only studies published in English between 2020 and 2026 were considered.
2.5 Search Strategy
A structured literature search was conducted in the Scopus and IEEE Xplore databases to identify studies applying machine learning approaches to customer lifetime value prediction. The search covered publications from January 2020 to March 2026 and was limited to journal articles and conference papers written in English.
In Scopus, the search retrieved a total of 221 documents using the following query:
TITLE-ABS-KEY(("machine learning" OR "artificial intelligence" OR "data mining" OR "predictive model*" OR "supervised learning" OR ensemble* OR "deep learning") AND ("customer lifetime value" OR CLV OR "lifetime value" OR "customer equity" OR "customer profitab*" OR "customer retention value")) AND PUBYEAR > 2019 AND PUBYEAR < 2027 AND (LIMIT-TO (DOCTYPE, "ar") OR LIMIT-TO (DOCTYPE, "cp")) AND (LIMIT-TO (PUBSTAGE, "final")) AND (LIMIT-TO (LANGUAGE, "English"))
In IEEE Xplore, the search yielded 108 documents using the same combination of search terms:
("machine learning" OR "artificial intelligence" OR "data mining" OR "predictive model*" OR "supervised learning" OR ensemble* OR "deep learning") AND ("customer lifetime value" OR CLV OR "lifetime value" OR "customer equity" OR "customer profitab*" OR "customer retention value")
2.6 Data Management
All search results retrieved from Scopus and IEEE Xplore were exported in RIS (Research Information Systems) format and imported into Rayyan, a web based platform designed for systematic review management. The platform was used to organize the retrieved records, remove duplicate entries, and prepare the dataset for screening. Rayyan incorporates an artificial intelligence feature that supports efficient organization and tagging of studies, improving the accuracy and speed of data handling. Every step in the data preparation process was documented to maintain transparency and ensure reproducibility. The final database search was completed on 3rd March 2026.
2.7 Study Selection
The study selection process was conducted using Rayyan, which facilitates systematic and transparent screening of research articles. Following data preparation, all records were screened systematically to identify studies that met the predefined inclusion criteria. In the first stage, titles and abstracts were reviewed to determine relevance and exclude studies unrelated to customer lifetime value prediction using machine learning. In the second stage, full text articles of potentially eligible studies were examined in detail to confirm that they satisfied all inclusion criteria. Studies that lacked empirical implementation or did not report model performance metrics were excluded, with all screening decisions documented in Rayyan to ensure transparency and reproducibility. The overall study selection process is illustrated in Figure 1.
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Figure 1: The screened studies documented using PRISMA flow diagram
2.8 DATA EXTRACTION
Data extraction was conducted to collect key information from the studies included in the review. A structured form was used to record publication details, dataset characteristics, machine learning methods applied, evaluation metrics, and reported performance outcomes. The extraction process was conducted manually by a single reviewer, and all entries were verified for accuracy and completeness to maintain consistency and transparency in the synthesis of findings.
2.9 Risk of Bias
A risk of bias assessment was conducted to evaluate the quality and reliability of the included studies. Each study was examined for clarity of objectives, adequacy of data description, transparency of model implementation, and completeness of performance reporting. Studies with limited methodological detail or unclear reporting of evaluation metrics were considered to have a higher risk of bias. Consistent application of eligibility criteria and transparent documentation were maintained to minimize bias and ensure the credibility of the review.

3. RESULTS
A total of 12 studies met the inclusion criteria and were included in the final synthesis. Each study was reviewed to identify the machine learning techniques used for customer lifetime value prediction, the performance metrics applied to evaluate these models, and the main outcomes reported. A summary of the included studies, highlighting these details, is presented in Table 1.

Table 1. Summary of Included Studies
	S/N
	Author, Year
	ML Model(s) Used
	Evaluation Metric(s)
	Key Findings

	1
	(Haddadi & Hamidi, 2025)
	Stacking Ensemble Learning
	nRMSE, nMAE and R²
	The study applied a stacking ensemble model that combined Elastic Net, Random Forest, XGBoost, and Support Vector Machine with Linear Regression as the meta learner for CLV prediction. The model recorded an nRMSE of 0.0089, an nMAE of 0.0022, and an R² value of 0.83. It achieved lower prediction error and stronger explanatory performance compared with CatBoost, CNN, DNN, and other benchmark models. 

	2
	(Gadgil et al., 2023)
	Stacking Regression 
	RMSE and MAE
	The study developed a meta-learning stacking regression model combining Random Forest, XGBoost, and Elastic Net with a Linear Regressor as the meta learner. It achieved an RMSE of 1.37 and an MAE of 0.82 on the Online Retail II dataset, showing lower prediction error than BG/NBD, LightGBM, Random Forest, XGBoost, and Deep Neural Network models.

	3
	(Norouzi, 2024)
	Deep Neural Network 
	MAE, RMSE, R², EVS
	The study developed a deep neural network using three predictors including Net Promoter Score, Average Transaction Value, and Customer Effort Score to predict CLV for an e-commerce retailer. The model recorded a test MAE of 110.28, RMSE of 131.68, R² of 0.96, and EVS of 0.96, indicating a consistent and reliable performance.

	4
	(Alsharafa et al., 2024)
	Deep Neural Network
	MAPE, MSE, RMSE
	The study proposed a deep neural network model for CLV prediction and compared its performance with multi output decision tree and random forest models. The DNN achieved a MAPE of 10.3%, an MSE of 11.6%, and an RMSE of 12.29%, reflecting lower overall error rates. The results indicate that the DNN provided more reliable CLV estimates across varying customer segments.

	5
	(Bauer & Jannach, 2021)
	GBM-S2S ( Hybrid Model combining Gradient Boosting Machine and Sequence-to-Sequence RNN)
	RMSE and MAE
	The study proposed the GBM-S2S model that integrates Gradient Boosting Machine and Sequence-to-Sequence Recurrent Neural Network through a stacking framework for CLV prediction. The model recorded an RMSE of 64.95 and an MAE of 30.80 on the UKRetail dataset, and an RMSE of 11.65 and an MAE of 3.14 on the Children dataset. It achieved lower prediction errors than BG NBD, Markov Chain, and Embeddings RF models.

	6
	(You, 2025)
	Voting Classifier
	MAE, RMSE, R²
	The study applied a voting classifier ensemble that combined Decision Tree, Random Forest, and Gradient Boosting Machine models to forecast CLV using large-scale e-commerce data. The ensemble recorded an MAE of 0.89, an RMSE of 1.08, and an R² of 0.94, performing better than individual models including Gradient Boosting, Random Forest, and Decision Tree. 

	7
	(Chilakapati et al., 2025)
	Gradient Boosting Regressor and Random Forest Regressor
	R², RMSE, MAE, MAPE
	The study compared Gradient Boosting Regressor and Random Forest Regressor models for CLV prediction using customer ratings and transactional data. The Gradient Boosting model recorded an R² of 0.9997, an RMSE of 5.98, an MAE of 1.39, and a MAPE of 0.11 percent. It outperformed the Random Forest model, which showed slightly higher error values, indicating better predictive precision for CLV estimation.

	8
	(Anitha Kumari et al., 2024)
	LSTM, RNN, LightGBM, ARIMA
	MAE, RMSE, SMAPE
	The study compared LightGBM, ARIMA, RNN and LSTM architectures for CLV prediction using sequential e-commerce transaction data. The LSTM model recorded an MAE of 8.5, an RMSE of 12.7, and a SMAPE of 6.5%, outperforming RNN, LightGBM, and ARIMA models.

	9
	(Yılmaz Benk et al., 2022)
	Multi-Output Deep Neural Network (DNN)
	MAE, MSE, RMSE
	The study proposed a multi-output deep neural network model to simultaneously predict customer lifetime value, distinct product category ratio, and trend in amount spent for multi-category e-commerce retailers. The model recorded an RMSE of 0.62, an MSE of 0.39 and an MAE of 0.48, outperforming single-output DNN, multi-output decision tree, and multi-output random forest models in CLV prediction.

	10
	(Weng et al., 2024)
	OptDist (Optimal Distribution Selection Network)
	MAE, Normalized Gini Coefficient (Norm-GINI), and Spearman Correlation
	The study introduced OptDist, an adaptive probabilistic deep learning framework that models complex CLV distributions by selecting optimal sub-distributions through a distribution selection network. OptDist achieved lower MAE and higher Norm-GINI and Spearman correlation than baselines including ZILN, MDME, and MDAN across the Criteo-SSC, Kaggle, and industrial datasets. On the industrial dataset, it recorded an MAE of 0.32, a Norm-GINI of 0.83, and a Spearman correlation of 0.13, showing improved accuracy in CLV estimation and ranking performance.

	11
	(Yan & Resnick, 2024)
	Feature-Weighted Linear Stacking (FWLS) 
	MAE, Total Revenue Percentage Error (TRPE)
	The study proposed a feature-weighted linear stacking ensemble integrating generative and discriminative models for scalable CLV prediction across multiple retail brands. The FWLS model recorded the lowest MAE and TR-PE values across 12 brands and 6 evaluation periods. On average, it reduced MAE by 37.3% and TR-PE by 75.1% compared with the baseline models. 

	12
		



	(Win & Bo, 2020)



	Random Forest Classifier, AdaBoost
	Accuracy, Precision, Recall, F1-Score
	The study applied a random forest classifier to predict customer class based on CLV using 4 years of e-commerce transaction data. After hyperparameter optimization with random search, the model achieved an accuracy of 84.27%, improving from 81.46 % with default parameters and 78.21% for AdaBoost. The findings showed that random forest provided higher predictive reliability for identifying high- and low-value customers, supporting targeted retention decisions.




3.1 Summary of Findings
The reviewed studies applied a range of machine learning methods to customer lifetime value prediction in e-commerce. Ensemble and deep learning approaches appeared most frequently. Stacking, hybrid architectures, and voting frameworks were used to combine learners such as random forest, gradient boosting, support vector machines, and linear regression components to improve predictive performance (Gadgil et al., 2023; Haddadi & Hamidi, 2025). Deep learning models were also prominent, particularly long short term memory networks, recurrent neural networks, and deep neural architectures designed to capture sequential purchasing behavior and complex nonlinear relationships in customer data (Anitha Kumari et al., 2024; Norouzi, 2024). Alongside these more complex frameworks, individual algorithms such as gradient boosting and random forest were also evaluated, showing continued interest in comparing standalone models with ensemble and neural approaches (Chilakapati et al., 2025; Win & Bo, 2020). 
Model performance was assessed using a range of quantitative evaluation metrics. The most frequently reported indicators were mean absolute error, root mean square error, and the coefficient of determination (R-squared). Other measures, including mean absolute percentage error, symmetric mean absolute percentage error, normalized Gini coefficient, and Spearman correlation, were reported less often (Alsharafa et al., 2024; Anitha Kumari et al., 2024). Reported outcomes generally indicated low prediction errors and high explanatory performance, with R-squared values above 0.9 appearing in multiple cases (Chilakapati et al., 2025; Win & Bo, 2020). Ensemble frameworks often achieved lower error values than individual algorithms, while deep learning models also demonstrated competitive predictive accuracy, especially in settings involving sequential purchase behavior (Anitha Kumari et al., 2024; Gadgil et al., 2023). Hybrid models that integrated ensemble and neural components likewise reported reduced error measures in comparative evaluations (Bauer & Jannach, 2021). 
The datasets used in the reviewed studies varied considerably in scale and structure, ranging from relatively small proprietary retail datasets to large public e-commerce benchmarks containing millions of transaction records (Bauer & Jannach, 2021; Weng et al., 2024). Most datasets represented non contractual purchasing environments typical of online retail platforms. A smaller number of studies used mixed or multi-n category retail data, extending the modelling context beyond a single product environment (Yan & Resnick, 2024; Yılmaz Benk et al., 2022). Evaluation procedures commonly used data splits of approximately 70% to 80% for training and the remainder for testing, while some studies also applied cross validation to improve reliability (Anitha Kumari et al., 2024; Gadgil et al., 2023). Because dataset characteristics differed substantially in scale, structure, and transaction frequency, direct numerical comparison across studies remained limited. For this reason, the review focused on relative performance patterns and consistency in the choice of evaluation metrics.
The input features used for model development were derived mainly from transactional and behavioral customer data. Common predictors included recency, frequency, and monetary value, together with customer tenure, average transaction value, and purchase intervals (Chilakapati et al., 2025; Norouzi, 2024). Additional indicators of customer engagement and satisfaction were incorporated in a smaller number of cases, including customer effort score and net promoter score, to capture behavioral signals related to future purchasing potential (Yılmaz Benk et al., 2022). Feature engineering practices commonly involved aggregating historical transaction records, constructing time based sequence variables, and normalizing monetary attributes to improve model performance (Chilakapati et al., 2025). Across the reviewed studies, structured transactional variables remained dominant, while contextual or unstructured inputs such as textual feedback, browsing records, or social media information were rarely included (Weng et al., 2024; Yılmaz Benk et al., 2022). 
Methodological limitations were evident across the reviewed studies. A major concern was the frequent reliance on proprietary or restricted datasets, which reduced reproducibility and limited opportunities for external validation across different e-commerce contexts (Bauer & Jannach, 2021; Gadgil et al., 2023; Weng et al., 2024). Incomplete reporting of data preprocessing, feature selection, and hyperparameter optimization also weakened methodological transparency and made cross study comparison more difficult (Alsharafa et al., 2024; Win & Bo, 2020). Another recurring limitation was the strong emphasis on predictive accuracy without equivalent attention to interpretability. Only limited effort was made to explain how input variables influenced predicted customer value (Norouzi, 2024; Yılmaz Benk et al., 2022). In addition, ensemble and deep learning architectures often involved substantial computational demands, particularly when applied to large scale datasets or sequential modeling tasks (Alsharafa et al., 2024; Anitha Kumari et al., 2024). These limitations indicate the need for clearer reporting standards, more accessible benchmark datasets, and stronger use of interpretability techniques to improve the reproducibility and practical applicability of machine learning based customer lifetime value prediction.
4. DISCUSSION
The findings of this review show that research on customer lifetime value prediction in e-commerce has increasingly adopted machine learning approaches, particularly ensemble and deep learning models. This trend reflects the growing availability of large transactional datasets and the need to analyze complex and evolving customer behavior. Methods such as stacking ensembles and recurrent neural networks can model nonlinear relationships and sequential purchasing activity more effectively than traditional statistical models. However, the evidence does not indicate that any single modeling approach consistently performs best across different contexts. Differences in datasets, features, and evaluation procedures make comparison across studies difficult. As a result, reported performance depends largely on the analytical setting. The current literature demonstrates the potential of machine learning for customer lifetime value prediction, but it does not yet provide consistent evidence of a universally superior modeling strategy.
The review also highlights the central role of input data in determining model performance. Most prediction models rely heavily on transactional and behavioral indicators, particularly recency, frequency, and monetary value, together with measures such as purchase intervals, customer tenure, and average transaction value. These variables are widely used because they are readily available in e-commerce environments and directly reflect purchasing behavior. However, this reliance suggests that existing models capture only part of the broader determinants of customer value. Customer lifetime value is influenced not only by past purchases but also by engagement patterns, service experience, and changing customer preferences. Data from browsing behavior, customer feedback, and service interactions remain underused in the reviewed studies. Expanding input data and integrating additional customer information may improve the ability of models to capture more complete patterns of customer value. In practice, models must be both accurate and interpretable, so firms can understand the drivers of predicted customer value.
Several methodological limitations affect the strength and comparability of existing research. The frequent use of proprietary datasets restricts independent validation and reduces reproducibility. Differences in evaluation metrics and procedures further complicate comparison across studies, as performance measures are not reported on a common basis. Limited reporting of data preprocessing, feature engineering, and hyperparameter optimization also reduces transparency and makes it difficult to assess how modeling choices influence predictive outcomes. In addition, ensemble and deep learning models often require substantial computational resources and complex implementation processes, which may limit their practical deployment in real business environments.
The review has limitations, including the use of two databases, restriction to English-language publications, and a limited number of eligible studies within the selected time period. Although these criteria ensured relevance and quality, they may have excluded studies from other sources. These limitations, together with the variability across studies, highlight the need for consistent evaluation practices, transparent reporting of modeling procedures, and accessible benchmark datasets. In addition, practical application requires models that are interpretable and computationally feasible for real-world use in customer lifetime value prediction in e-commerce.
5. CONCLUSION
This systematic review examined recent research on machine learning approaches for customer lifetime value prediction in e-commerce. The findings show that ensemble and deep learning methods are widely used due to their ability to model complex customer behavior and achieve high predictive accuracy. However, important limitations remain, including restricted data access, limited model interpretability, high computational requirements, and inconsistent evaluation practices, which constrain reproducibility and practical implementation. Future research should therefore focus on improving transparency in modeling procedures, developing accessible benchmark datasets, and adopting standardized evaluation frameworks to enable more reliable comparison across studies, while ensuring an appropriate balance between predictive performance, interpretability, and computational efficiency to support effective real-world application.
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