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Abstract: CLV prediction plays an important role in e-commerce by helping companies identify 

valuable customers and develop effective retention strategies. However, predicting CLV remains 

challenging due to the sequential nature of customer purchasing behavior. This study proposes a 

CLV prediction model using the LSTM algorithm with Recency, Frequency, Monetary, and Tenure 

features extracted from the Online Retail II dataset. The CLV target is calculated as the accumulated 

monetary value generated during the three months following the historical observation period. The 

proposed approach consists of data preprocessing, monthly RFM-T feature engineering, feature 

normalization using Min-Max Scaling, LSTM model training, denormalization, and performance 

evaluation using MAE and RMSE. The LSTM model incorporates stacked LSTM layers, Batch 

Normalization, Dropout, and L2 regularization to improve learning stability and generalization. 

Experimental results indicate that the model was able to capture customer purchasing patterns 

based on sequential RFM-T features, with training and validation loss trends showing stable 

convergence. The proposed model achieved an MAE of 43.16 and an RMSE of 125.39 on the original 

monetary scale, reflecting the prediction performance obtained on the evaluated dataset. These 

findings suggest that the proposed LSTM model with RFM-T features provides an approach for CLV 

prediction in e-commerce. 
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1. Introduction 

Advances in digital technology have driven the growth of electronic commerce (e-commerce) 

as one of the primary channels for modern commercial activity. Ease of access, a wide variety 

of product choices, and increasingly convenient transaction systems have led to a continuous 

increase in the number of e-commerce users and transaction volume [1], [2]. This increase in 

activity generates large amounts of historical customer data that companies can use to gain 

insights into customer behavior as a basis for business decision-making [3]. One particularly 

important metric is Customer Lifetime Value (CLV), which is an estimate of the economic 
value a customer can provide over the course of their relationship with a company. Information 

regarding CLV can help companies develop marketing strategies, retain potential customers, 

and improve the efficiency of marketing resource allocation [4]. Although large volumes of 

customer transaction data are available, many companies still struggle to identify customers 

who make a long-term contribution to the company’s revenue. Most marketing strategies 

remain focused on short-term sales growth without taking into account the long-term value of 

customers. Consequently, companies risk losing high-value customers and may fail to optimise 

their customer retention strategies. Therefore, a predictive model is required that can estimate 

CLV based on historical customer transaction patterns, enabling companies to segment their 

customers more effectively and support data-driven decision-making. 
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Recent advances in CLV prediction have increasingly relied on deep learning models instead 

of conventional machine learning techniques. Among these models, LSTM has shown 

consistent performance across different application domains. For example, the integration of an 

Attention Mechanism with LSTM achieved 99.83% accuracy, an AUC of 0.985, an RMSE of 

0.0391, and an MAE of 0.0039 on Thai e-commerce transaction data [5]. In a different 

study, using Monte Carlo Dropout with an LSTM model led to a root mean square error of 

0.19 when forecasting the customer lifetime value of global online shoppers [6]. Similarly, an 

LSTM model used in a Software as a Service setting achieved a Root Mean Square Error of 

2.271 and an adjusted Symmetric Mean Absolute Percentage Error of 22.9% [7]. 

These results consistently show that LSTM-based deep learning techniques can effectively 

provide precise customer lifetime value predictions in different business situations [8]. 

Among the developed approaches, the LSTM method has been widely adopted for modelling 

sequential and time-series customer transaction data [9], [10], [11]. In contrast to 

standard RNNs, LSTM has a memory system that is managed by input, forget, and output 

gates. This feature helps the network keep important information across lengthy sequences and 

reduces the issue of vanishing gradients [12], [13]. Therefore, the LSTM method was selected 

in this study as the primary model for predicting customer CLV based on e-commerce 

transaction history [14]. 

Nevertheless, previous studies still have several limitations. In previous CLV prediction 

studies, the Recency, Frequency, and Monetary (RFM) framework has been the primary set of 

features used for model development [15] , while the integration of customer relationship 

duration (Tenure) into CLV prediction models has not been widely explored compared with 

traditional RFM features [16], [17]. Furthermore, most studies have focused primarily on 

improving model performance without evaluating the contribution of additional features 

capable of representing the length of time a customer has remained active with the company 

[18], [19]. These limitations indicate that there is still scope to develop CLV prediction models 

that utilise customer information more comprehensively. To overcome these challenges, 

this research creates a customer lifetime value prediction model that relies on LSTM and 

utilizes RFM-T characteristics. Unlike previous studies that primarily rely on the conventional 

RFM framework, the proposed model incorporates the Tenure feature to provide a more 

comprehensive representation of customer behaviour. By accounting for the length of a 

customer's active relationship with the company, the additional feature is expected to improve 

the identification of high-value customers and enhance CLV prediction performance [20]. 

The objective of this research is to construct an LSTM-based Customer CLV prediction model 

using the RFM-T framework. Model development is carried out using the Online Retail II 

dataset obtained from the UC Irvine Machine Learning Repository. The resulting model is 

expected to assist companies in identifying high-value customers, supporting the development 

of customer retention strategies, and enhancing the effectiveness of data-driven marketing 

decision-making. This research is an original study developed on the basis of a review of 

previous research, with an approach and model implementation designed independently. 

2.Methods 

This section explains the methodology employed in the study in sufficient detail to enable the 

experiments to be replicated. All established methods are supported by appropriate references, 

while any modifications or adaptations introduced in this research are clearly described. This 

study employs an experimental research approach to develop and evaluate a CLV prediction 

model using the LSTM algorithm with RFM-T features as representations of customer 

transaction behavior. The experimental approach was selected because it enables the model 

development process to be conducted systematically, allowing the obtained results to be 

objectively evaluated and reproduced. This research uses LSTM because its design helps it 
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understand time-based trends from ordered data and keeps important information for extended 

periods. Consequently, LSTM has become a widely used model for prediction tasks based on 

historical data [21]. 

The model for predicting Customer Lifetime Value is created with the Online Retail II dataset, 

which can be accessed by anyone through the UC Irvine Machine Learning Repository. The 

overall research methodology was designed systematically to ensure that the proposed model 

effectively represents customer transaction behavior and provides reliable prediction results. 

Furthermore, the methodology was structured to facilitate the reproducibility of the 

experimental process and to enable an objective evaluation of the effectiveness of integrating 

RFM-T features with the LSTM algorithm for predicting Customer Lifetime Value [22]. 

 
Figure 1. Research Flow 

Figure 1 shows the complete process used in this research to create the suggested LSTM-based 

CLV prediction model by employing the RFM-T framework. The process begins with the 

acquisition of the Online Retail II dataset, after which data preprocessing is carried out to ensure 

data quality. Customer behaviour features are subsequently derived using the RFM-T approach, 

and the resulting features are normalized through Min-Max Scaling prior to model training. 

After the LSTM model generates the predicted CLV values, the outputs are transformed back 

to their original scale using a denormalization process. The effectiveness of the 

model is evaluated using RMSE and MAE, and then a review of the experimental findings is 

conducted. 

A. Data Description 

The proposed model is developed using transaction data from the Online Retail II dataset, which 

is publicly accessible through the UCI Machine Learning Repository. The information shows 

the buying habits of a UK online shop from December 1, 2010, to December 9, 2011. Although 

the dataset contains multiple attributes, this study focuses exclusively on Customer ID, 

InvoiceDate, Quantity, and Price, as these variables are sufficient for generating customer 

behaviour features under the RFM-T framework. Before being used in the modeling process, 

the data underwent preprocessing to improve data quality. These steps included removing 

records with empty Customer IDs, removing canceled transactions, and removing duplicate 

records. After preprocessing is complete, the data is transformed into a monthly dataset, with 

the RFM-T features used as input to the LSTM model. 

B. Data Preprocessing 

During the preprocessing stage, the dataset was cleaned to improve data quality before RFM-T 

feature engineering was performed. The process involved standardizing column names, 

converting the InvoiceDate attribute to a datetime format, converting the Price attribute to a 

numeric value, removing canceled transactions, removing records without a Customer ID, and 

removing duplicate records. Next, the data is sorted by InvoiceDate so that the customer’s 

transaction history is arranged chronologically and ready for use in the feature engineering 

stage. 
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C. Feature Engineering Using RFM-T 

Feature construction involved converting raw transaction records into four behavioural 

indicators: Recency, Frequency, Monetary, and Tenure. Adding the Tenure factor 

expands the usual RFM model by taking into account how long the customer has been actively 

engaged with the business. To reflect changes in purchasing behaviour over time, the RFM-T 

indicators were calculated at monthly intervals and then used as sequential inputs for the LSTM 

model. 

Table 1. Definition of RFM-T Features 
 

 Feature Description 

1 Recency Calculates how long ago a customer bought something by figuring out the 

days from their most recent purchase to the end of the month being reviewed. 

2 Frequency Represents customer purchasing activity as the total number of transactions 

recorded within the observation month. 

3 Monetary Total monetary value of customer transactions during the observation month, 

measured in Pound Sterling (£). 

4 Tenure Demonstrates the duration of the customer's 

activity by calculating the number of days from the first purchase to 

the final day of the month in question. 

In this study, CLV is defined as the cumulative monetary value generated by a customer during 

the future prediction period. The model utilizes historical monthly RFM-T sequences as input 

features, while the CLV target is calculated from future Monetary values after the observation 

period. The historical observation window consists of six consecutive months, and the 

prediction horizon is defined as the following three months. Therefore, the Monetary feature 

used as input does not contain information from the target period, preventing target leakage 

during the prediction process. 

𝐶𝐿𝑉𝑖 =  ∑ 𝑀𝑜𝑛𝑒𝑡𝑎𝑟𝑦𝑖,𝑡
𝑇+ℎ
𝑡=𝑇+1    (1) 

Where T represents the final month in the historical observation window and h represents the 

prediction horizon. In this study, h is set to three months. 

Table 2. Input and Target Construction 

 Component Description 

1 Historical observation window 6 consecutive months 

2 Input features Recency, Frequency, Monetary, Tenure 

3 Prediction horizon 3 future months 

4 Target variable Accumulated future Monetary value 

5 Input Dimensions (samples, 6, 4) 

6 Time steps 6 

To construct sequential input data for the LSTM model, the monthly RFM-T observations were 

arranged chronologically for each customer. Each input sequence consists of six consecutive 

monthly observations, where each time step contains four behavioural features: Recency, 

Frequency, Monetary, and Tenure. Therefore, the input dimension of the LSTM model is 

represented as (samples, 6, 4), where 6 indicates the number of historical time steps and 4 

represents the number of input features. 

For each six-month input sequence, the corresponding CLV target was generated from the 

accumulated Monetary value of the following three months. This sliding-window approach 

allows the model to learn temporal purchasing patterns from historical customer behaviour and 

predict future customer value. Months without customer transactions were retained in the 

sequence to preserve the temporal structure. For these inactive months, Frequency and 
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Monetary values were assigned as zero, while Recency and Tenure were updated according to 

the monthly observation period. The resulting monthly RFM-T observations were then arranged 

chronologically for each customer to construct sequential input data for the LSTM model. An 

example of the resulting Monthly RFM-T dataset is presented in Table 3. 

Table 3. Example of Monthly RFM-T Features 
 

 Customer ID Year Month Recency Frequency Monetary (£) Tenure 

1 13 2011-05 23 2 10.35 25 

2 13 2011-06 53 0 0.00 55 

3 13 2011-07 6 1 0.83 86 

4 13 2011-08 13 1 4.13 117 

5 13 2011-09 19 1 1.65 147 

6 13 2011-10 1 1 6.13 178 

7 13 2011-11 0 2 2.07 208 

8 13 2011-12 31 0 0.00 239 

D. Data Normalization 

Data normalization was performed to standardize the scale of each feature, thereby making the 

LSTM model training process more stable. Prior to normalization, the RFM-T features were 

first clipped using the 1st and 99th percentiles of the training data to reduce the influence of 

outliers. To ensure consistent feature values, Min-Max Scaling was employed to normalize all 

features within the interval of 0–1. The normalization process was fitted using only the training 

data, while the resulting parameters were reused for the validation and test sets, thereby 

preventing data leakage. 

In contrast to the input features, the target variable, CLV, did not undergo Min-Max Scaling for 

normalization. The target value is transformed using the Signed Logarithm (Signed Log1p) 

function to reduce the influence of a skewed distribution caused by customers with very high 

transaction values. The formula for Min-Max Scaling utilized in this research is displayed in 

Equation (2). 

x′ =  
x − xmin

xmax − xmin
  (2) 

E. Dataset Splitting Strategy 

The dataset was divided into training, validation, and testing sets based on customer identity. 

Customer-level splitting was applied to ensure that transaction records from the same customer 

were not distributed across different subsets, thereby preventing customer information leakage. 

This strategy enables the model to evaluate its generalization capability on unseen customers. 

The dataset was split into 70% training data, 10% validation data, and 20% testing data. 

Although the transaction data contain temporal information, customer-based splitting was 

selected because this study focuses on evaluating CLV prediction performance across different 

customer profiles while maintaining customer independence between datasets. Within each 

customer subset, transaction records were maintained in chronological order before sequence 

generation for LSTM input construction. 

Table 4. Dataset Splitting Strategy 

Dataset Proportion Purpose 

Training 70% Model training 

Validation 10% Validation monitoring and early stopping 

Testing 20% Final performance evaluation 
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F. LSTM 

LSTM overcomes one of the main limitations of conventional RNNs by employing an internal 

memory architecture that preserves information across long sequences. As a result, the model 

can effectively capture temporal relationships in sequential data, which is essential for accurate 

CLV prediction. The flow of information in an LSTM cell is managed through a set of three 

gates: forget, input, and output. The initial phase includes the forget gate, which looks at 

details from the last hidden state and carefully eliminates unneeded 

information before adding the current input into the memory cell. The formulation of this 

operation is shown in Equation (3). 

ft = σ ( Wf[Wt−1, xt] +  bf )  (3) 

The input gate controls how new data is added to the memory cell by determining which pieces 

of information should be kept at this moment. This operation is mathematically defined in 

Equation (4). 

it = σ ( Wi[ht−1, xt] + 𝑏i )  (4) 

The candidate cell state is then generated using the hyperbolic tangent activation function, as 

expressed in Equation (5). 

Ĉ t = tanh ( Wc[ht−1, xt] + 𝑏c )  (5) 

Following this, the memory cell gets refreshed by merging the old cell state with 

the suggested cell state using the input gate, as indicated in Equation (6). 

ct =   ft ∗ 𝑐t−1 +  it  × Ĉ 𝑡    (6) 

In the end, the output gate decides which part of the hidden state moves forward to the next 

time step and helps make the prediction, as shown in Equation (7). 

ot = σ ( Wo[ℎt−1, xt] + 𝑏o )  (7) 

The output gate controls the information flow from the cell state to the hidden state. The 

hidden state is then generated by combining the output gate with the activated cell state, as 

expressed in Equation (8). 

ht =  ot  ×  tanh(ct)  (8) 

A stacked LSTM network is constructed using two recurrent layers with 64 and 32 hidden units, 

respectively. To improve the stability and generalization capability of the model, Batch 

Normalization, Dropout, and L2 regularization are incorporated during training. Parameter 

optimization is carried out using the Adam algorithm by minimizing the Mean Squared Error 

(MSE) loss. Moreover, the training strategy includes Early Stopping, Model Checkpoint, and 

Reduce Learning Rate on Plateau, enabling efficient convergence while preserving the optimal 

model based on validation performance. 

F. Denormalization  

The prediction results produced by the LSTM model are still represented in the transformed 

target space. Therefore, a denormalization process is performed to convert the predicted values 

back to their original monetary scale (£), making the prediction results easier to interpret and 

suitable for performance evaluation. In this study, the target values were transformed using the 

Signed Log1p function during the normalization stage. Consequently, the prediction results 

were restored to their original scale by applying the inverse transformation before calculating 
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the evaluation metrics. This process ensures that the predicted CLV can be interpreted as actual 

monetary values. 

G. Evaluation Metrics 

Performance evaluation was conducted after converting the normalized predictions back to their 

original monetary scale. Model performance was evaluated using MAE and RMSE. Equation 

(9) defines Mean Absolute Error (MAE) as the average absolute difference between the 

observed and predicted CLV values. 

𝑀 𝐴 𝐸 =
1

𝑛
∑ |𝑦𝑖 − ŷ𝑖|

𝑛

𝑖=1
  (9) 

Observed values are denoted by 𝑦𝑖, predicted values by 𝑦̂𝑖, and 𝑛indicates the total samples 

considered. RMSE is also employed to evaluate prediction accuracy by measuring the square 

root of the mean squared error between actual and estimated values. Because larger errors 

receive greater weight during computation, RMSE penalizes substantial prediction deviations 

more heavily than MAE. Its formulation is shown in Equation (10). 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − ŷ𝑖)

2𝑛
𝑖=1   (10) 

Lower values of MAE and RMSE indicate better prediction performance because they represent 

smaller differences between the predicted and actual CLV. 
 

3. Results and Discussion 

The following section reports the outcomes of the LSTM model developed for CLV prediction 

based on RFM-T features. Evaluation focuses on RMSE and MAE values, together with visual 

representations that describe the model training dynamics and predictive capability. 

A. Comparison of RFM and RFM-T Models 

To evaluate the contribution of the Tenure feature, an additional experiment was conducted by 

comparing two LSTM models: LSTM-RFM using Recency, Frequency, and Monetary features, 

and LSTM-RFM-T using Recency, Frequency, Monetary, and Tenure features. Both models 

were trained and evaluated using the same dataset splitting strategy and experimental settings 

to ensure a fair comparison. 

Table 5. Performance Comparison between RFM and RFM-T Models 

Model Features MAE RMSE 
LSTM-RFM Recency, Frequency, Monetary 43.3025 124.8661 
LSTM-RFM-T Recency, Frequency, Monetary, Tenure 43.2911 125.6761 

 

The comparison results show that the LSTM-RFM-T model achieved a slightly lower MAE 

value than the LSTM-RFM model, decreasing from 43.3025 to 43.2911. However, the RMSE 

value increased from 124.8661 to 125.6761. These results indicate that the Tenure feature 

provides additional information regarding customer relationship duration, but its contribution 

to overall CLV prediction performance is limited in this dataset. Table 5 presents the 

comparative experiment results, whereas Table 6 reports the final evaluation of the selected 

LSTM-RFM-T model. 

B. Model Training Performance 

Figure 2 presents the progression of the loss values obtained during model training. The 

evolution of training and validation losses was analyzed to examine convergence stability and 

the model's capacity to generalize. The training loss indicates the error computed from the 
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training samples, whereas the validation loss reflects the model's performance on a separate 

validation dataset. Similar trends between the two curves suggest that the model learns 

representative patterns while preserving stable predictive performance on unseen data. 

To improve training efficiency and prevent unnecessary iterations, the Early Stopping 

technique was employed during the optimization process. This strategy automatically 

terminated the training when the validation loss showed no further improvement for a 

predefined number of epochs while restoring the model weights that achieved the lowest 

validation loss. Consequently, the selected model represents the best-performing configuration 

obtained during training and is expected to provide reliable prediction performance on unseen 

customer transaction data. 

 
Figure 2. Training and Validation Loss 

Figure 2 provides a visualization of the training and validation loss trends observed during 

optimization. Both metrics decreased substantially in the initial epochs and then stabilized as 

the model approached convergence. Moreover, the validation loss consistently followed the 

same pattern as the training loss without experiencing a noticeable increase, suggesting that the 

learning process remained stable and that the model generalized effectively to unseen data. The 

small gap between the two curves suggests that the proposed LSTM model achieved good 

generalization performance while avoiding significant overfitting. Overall, these results 

demonstrate that the selected model converged successfully and was capable of learning the 

temporal purchasing patterns represented by the RFM-T features. 

C. Model Training Performance 

Following the completion of model training, the proposed LSTM architecture was evaluated on 

an independent testing dataset to examine its ability to estimate CLV. Figure 3 presents the 

prediction results for the first 100 testing samples. The close correspondence between predicted 

and actual CLV values reflects the model's ability to capture purchasing behavior. 

 
Figure 3. CLV Prediction Results on the Testing Dataset 

Figure 3 shows that the predicted CLV values generally follow the same trend as the actual 

CLV values throughout the observation period. The proposed model is capable of capturing 

both low-value and high-value customer patterns, including several noticeable fluctuations in 
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customer lifetime value. Although prediction errors are still observed at several peak values, 

the overall prediction trend remains consistent with the actual data. 

The consistency between the two curves reflects the model's capability to extract temporal 

patterns from the sequential RFM-T representation. This result demonstrates that the model can 

effectively represent changes in customer purchasing behavior over time and produce 

predictions that closely approximate the actual Customer Lifetime Value. Nevertheless, the 

deviations observed at several extreme values suggest that customers with exceptionally high 

transaction values remain more difficult to predict accurately than customers with moderate 

purchasing behavior. 

D. Prediction Accuracy Evaluation 

To further evaluate the prediction performance, a scatter plot was generated to compare the 

actual CLVwith the predicted values for all samples in the testing dataset, as shown in figure 4. 

 
Figure 4. Scatter Visualization of CLV Predictions 

 

The scatter plot in Figure 4 reveals that most prediction points lie close to the reference line 

(𝑦 = 𝑥), demonstrating that the model maintains accurate CLV estimates for the majority of 

customers. The close alignment also confirms that the sequential RFM-T representation 

effectively supports the LSTM model in learning customer purchasing behaviour associated 

with CLV. A wider dispersion can be observed for customers with relatively high CLV values, 

indicating that customers with exceptionally large transaction values remain more difficult to 

predict than those with moderate or low purchasing behavior. Such deviations are expected 

because high-value customers generally exhibit greater variability in their purchasing patterns, 

making their future lifetime value more challenging to estimate accurately. Nevertheless, the 

overall distribution confirms that the proposed LSTM model provides reliable predictions 

across different customer segments while maintaining a strong correlation between the 

predicted and actual values. 

E. Model Evaluation 

Prediction quality was examined using MAE and RMSE, which indicate the deviation of the 

model outputs from the reference CLV values. These metrics were used to determine the 

reliability of the developed model, where smaller error values reflect higher predictive 

accuracy. 

Table 6. Model Evaluation 
 

 Metric Value 

1 MAE 43.16 

2 RMSE 125.39 
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As presented in Table 6, the proposed LSTM model achieved an MAE of 43.16 and an RMSE 

of 125.39 on the original CLV scale. The MAE indicates that the predicted CLV differs from 

the actual value by approximately £43.16 per customer on average. Meanwhile, the RMSE is 

higher than the MAE because RMSE places greater emphasis on larger prediction errors, 

making it more sensitive to customers with exceptionally high CLV values. 

The discrepancy between MAE and RMSE implies that, although the proposed model predicts 

most customer CLV values with relatively low error, several high-value customers generate 

larger deviations that have a stronger influence on RMSE. A similar pattern can be observed in 

Figure 4, where the spread of prediction points increases at higher CLV values. Even so, the 

experimental results confirm that the model provides consistent and dependable CLV estimates 

for the overall customer population. 

4. Conclusions 

Using the Online Retail II e-commerce dataset, this research developed an LSTM-based 

approach for CLV prediction using the RFM-T feature framework. The experimental results 

demonstrate that the proposed model was able to learn customer purchasing patterns from 

sequential RFM-T features and generate CLV predictions based on the evaluated metrics. The 

training and validation loss trends showed stable convergence, while the prediction analysis 

indicated that the model was able to capture the general pattern of customer lifetime value. 

The quantitative evaluation produced an MAE of 43.16 and an RMSE of 125.39 on the original 

monetary scale. The comparison between LSTM-RFM and LSTM-RFM-T models shows that 

the Tenure feature provides additional information regarding customer relationship duration; 

however, its contribution to prediction performance was limited in this dataset. The proposed 

model may assist companies in analyzing customer value patterns and supporting customer 

retention strategies. Future research may explore additional behavioural features, alternative 

deep learning architectures, or attention mechanisms to improve CLV prediction performance. 
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