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Abstract: The widespread use of technology has led to a transformation of human behaviors and
habits into the digital space; and generating extensive data plays a crucial role when coupled
with forecasting techniques in guiding marketing decision-makers and shaping strategic choices.
Traditional methods like autoregressive moving average (ARMA) can-not be used at predicting
individual behaviors because we can-not create models for each individual and buy till you die (BTYD)
models have limitations in capturing the trends accurately. Recognizing the paramount importance of
individual-level predictions, this study proposes a deep learning framework, specifically uses gated
recurrent unit (GRU), for enhanced behavior analysis. This article discusses the performance of GRU
and long short-term memory (LSTM) models in this framework for forecasting future individual
behaviors and presenting a comparative analysis against benchmark BTYD models. GRU and
LSTM yielded the best results in capturing the trends, with GRU demonstrating a slightly superior
performance compared to LSTM. However, there is still significant room for improvement at the
individual level. The findings not only demonstrate the performance of GRU and LSTM models but
also provide valuable insights into the potential of new techniques or approaches for understanding
and predicting individual behaviors.

Keywords: behavioral analytics; individual-level prediction; BTYD; LSTM; GRU; forecasting

1. Introduction

The development of technology has initiated a transformation in our behaviors and
habits. In contemporary times, activities such as shopping, watching movies, express-
ing opinions and managing accounts have migrated to digital platforms. The advent of
databases, coupled with enhanced data storage capabilities, has facilitated the seamless
recording of individual behaviors.

Businesses, recognizing the value of data, increasingly adopt data-driven methodolo-
gies and predictive techniques to optimize user experiences, formulate effective marketing
strategies and reach success targets. This data encompasses not only human behaviors but
also instances of machine malfunctions, sensor-derived values from machinery, server logs
and analogous information. The advancement of data science has resulted in substantial
financial benefits for companies engaging in behavior prediction. Despite existing academic
studies and applications in behavioral analytics, there is a notable gap necessitating an
exploration of the effectiveness of predictive methods applied across diverse domains to
anticipate individual behaviors.

In this research, we undertake the task of predicting individual behaviors by leveraging
a novel real-world dataset and an online transaction dataset generously shared by UC
Irvine. Due to the impracticality of crafting autoregressive moving average (ARMA) models
tailored for each person and the inherent limitations of buy till you die (BTYD) models, the
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efficacy of deep learning models assumes a vital importance. The precision of individual-
level predictions holds significant implications for businesses, enabling them to distinguish
between individuals based on their anticipated future behaviors and implement customized
actions to enhance overall operational effectiveness. This approach, in contrast to prevalent
industry practices relying on past behaviors for segmentation and decision-making, offers
a forward-looking perspective. We propose a novel approach and conduct a comparative
analysis of the performances of gated recurrent unit (GRU) and long short-term memory
(LSTM) models.

This paper is structured as follows: in Section 2, we provide a brief overview of
previous studies. Subsequently, in Section 3, we describe the models applied in this
study, followed by an explanation of the dataset and evaluation metrics in Section 4.
Next, in Section 5, we present the results and compare the performance of the models.
Finally, in Section 6, we examine the benefits and constraints of the models and provide
recommendations for prospective research in the field.

2. Related Works

One of the important concepts in behavior prediction is behavior patterns which help
to detect recurring behaviors and increase the predictability of future behaviors. These
patterns have been studied to predict future behaviors by considering them as time series.
The main reason for this is the assumption that there is a relationship between recurring
behaviors and time. The best example that can be given for this is consumers ordering
a certain product at certain intervals or a machine breaking down at certain intervals.
Methods such as autoregressive integrated moving average (ARIMA) [1], singular spectrum
analysis (SSA) [2] and support vector regression (SVR) [3] have been used to predict the
future values of these time series. In the presence of nonlinear and irregular curve shapes in
the data, these methods fail to succeed independently. In other words, if an e-commerce site
applies a discount to a product that customers repeat buy for a certain period, behaviors
become irregular and purchasing behavior in this data creates complex patterns over time.
This makes it difficult for the model to perceive different effects. In addition, methods such
as ARMA, ARIMA, seasonal autoregressive integrated moving average (SARIMA) or SSA
are used to predict the future values of a single time series. Instances of univariate time
series, which do not provide individual-level information, are aggregate daily sales or the
total number of users accessing the application.

Due to the development of deep learning methods, artificial neural networks (ANN) [1]
have been used for behavior prediction. The constraints that affect the performance of
the model are that the ANN can take the local minimum as the optimal value and show
overfitting to the data. In addition, the ANN makes predictions without establishing the
connection between the data and time. Among the deep learning methods, recurrent neural
networks (RNN), LSTM [4] and GRU [5] can be shown as models that establish the time
connection. RNN has limitations of exploding or vanishing gradient problem [6], and not
having long-term memory feature. To overcome these limitations, LSTM or GRU can be
used. LSTM and GRU have many applications in different fields, such as natural language
processing (NLP) [7,8] and speech recognition [9]. However, LSTM and GRU have been
rarely applied in behavior prediction. Examples can be given such as Jiang et al. [10],
who examined animal behavior patterns and Damian et al. [11], who proposed a new
architecture in recommender systems.

In case one focuses on predictions at the individual level, BTYD [12] models are
widely used modeling approaches. This model uses the recency, frequency and monetary
(RFM) values which take into account purchase intensity, customer attrition tendency and
customer heterogeneity [12]. However, BTYD models also have limitations as they are
unable to predict trends; and they cannot leverage features or high-dimensional data.

Table 1 provides a summary of relevant research in behavior analytics, primarily
focusing on customer behavior. Notably, Ho et al. [1] and Abbasimehr and Paki [13] delve
into univariate time series predictions. In Murray et al. [14], market segmentation precedes



Appl. Sci. 2024, 14, 8858 3 of 13

the application of univariate time series for predictions. Fader et al. [15] and Fader and
Hardie [16] focus on the RFM approach and BTYD models.

Table 1. A summary of literature on behavior analytics.

Study Model Application Area

A comparative study of neural network and Box-Jenkins ARIMA modeling
in time series prediction [1]

Box-Jenkins ARIMA,
RNN System Failure Analysis

“Counting Your Customers” the Easy Way: An Alternative to the
Pareto/NBD Model [15] Pareto/NBD Customer Base Analysis,

Repeat Buying

Probability Models for Customer-Base Analysis [16] RFM Customer Base Analysis

Customer Shopping Pattern Prediction: A Recurrent Neural Network
Approach [17] RFM, RNN Customer Behaviour

Prediction

Ticking Away the Moments: Timing Regularity Helps to Better Predict
Customer Activity [18] Pareto/NBD Customer Base Analysis,

Purchase Regularity

Forecast of individual customer’s demand from a large and noisy
dataset [14]

Market Segmentation,
ARIMA

Behavior Patterns,
Market Segmentation

Improving time series forecasting using LSTM and attention models [13] LSTM, Attention Time series forecasting

Predictive analytics for customer repurchase: Interdisciplinary integration of
buy till you die modeling and machine learning [12]

BTYD, Lasso
Regression, ANN,
LSTM, GRU

Customer Repurchase

Customer base analysis with recurrent neural networks [19] BTYD, LSTM Customer Base Analysis

In literature, the application of deep learning frameworks to individual behavioral
prediction studies is still limited. Furthermore, these studies exhibit a diversity of ap-
proaches when it comes to making predictions at the individual level. Salehinejad and
Rahnamayan [17] and Mena et al. [20] proposed a RNN approach to model RFM variable
changes over time in the context of customer base behavior. Nonetheless, as the attention
continues to center around forecasting RFM metrics that are manually crafted, this method
fails to completely exploit the automatic feature extraction potential of deep learning tech-
niques. Chou et al. [12] applied various machine learning and deep learning methods, but
they took target values as binary transactions. Sheil et al. [21] used neural networks to create
internal representations of transaction histories. Then, they compared the performance of
various RNN architectures with traditional machine learning methods to predict purchase
intentions. Toth et al. [22] showcased that by employing a combination of RNNs, it is possi-
ble to simultaneously approximate multiple intricate functions. Sarkar and De Bruyn [23]
demonstrated the utility of a particular type of RNN in aiding marketers who develop
response models. They illustrated how this RNN can harness the extensive history of
customer-firm interactions associated with observed transaction patterns to predict the
most likely future actions of customers. Nevertheless, their methodology is restricted to
producing single-point predictions for the upcoming step and for the extension of these
predictions over a longer time horizon, it becomes necessary to iteratively re-estimate the
model for each subsequent time step. More recently, Valendin et al. [19] demonstrated
a flexible framework which we can make individual-level predictions in a future time
period and determine the general trend. Li et al. [24] and Lu and Kannan [25] also proposed
models for predicting customer churn. Li et al. [24] integrated ChatGPT into the model,
while Lu and Kannan [25] utilized Large Language Models (LLM).

3. Models

The BTYD models, which rely on statistical distributions, do not identify patterns
through learning. These models generate aggregate predictions at the individual level for
the holdout periods, rather than offering predictions for a specific time. Consequently,
to obtain weekly predictions, we derive cumulative forecasts and subsequently calculate
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the differences for each time point. For instance, assuming a three-week scenario, when
calculating predictions for the third week, we first compute forecasts for two and three-
week periods and then, calculate the difference between the predictions for three and
two-week periods. To overcome this limitation, we use GRU and LSTM.

Figure 1 illustrates the daily login patterns of fifteen randomly selected mobile ap-
plication users. The terms ‘Past’ and ‘Future’ refer to the calibration and holdout periods,
respectively. Within this context, models are employed to predict the future behavior of
individual users.

Figure 1. The x-axis in the graph corresponds to the days, with fifteen randomly selected users’ daily
logins represented. On the y-axis, the customer IDs are indicated.

3.1. Buy Till You Die (BTYD)

BTYD models are a class of statistical models used in marketing and customer analytics
to predict the future behavior of non-contractual customers. These models assume that
customers have a certain probability of making purchases in a given time period and that
this probability decreases over time. The BTYD models estimate the customer’s purchase
probability and the expected number of future purchases. The models discussed in this
subsection are all specific implementations within the BTYD framework.

The Negative Binomial Distribution (NBD), Beta Geometric/Negative Binomial Distribu-
tion (BG/NBD) and Modified Beta Geometric/Negative Binomial Distribution (MBG/NBD-k)
models are the maximum likelihood estimated models. Hierarchical Bayes Extension to the
Pareto/NBD (Pareto/NBD (HB)) and Generalized Gamma (Pareto/GGG) models are the
Markov Chain Monte Carlo (MCMC) estimated models. To be able to apply these models,
recency and frequency values must be created. Monetary values are not always needed as
in this study.

NBD model of Ehrenberg [26], assumes that the purchasing process is heterogeneous
but remains constant. The time between purchases follows an exponential distribution,
while the purchase rate λ varies across customers and is distributed according to a Gamma
distribution with parameters r and α.

(M)BG/CNBD-k models [27] make the following assumptions: while active, a cus-
tomer’s intertransaction times follow an Erlang-k distribution and the customer’s purchase
rate λ is distributed across customers according to a Gamma distribution with parameters
r and α. After each transaction, there is a constant probability p that the customer will
become permanently inactive. This probability is Beta(a, b)-distributed across customers.
The only difference between the MBG/CNBD-k and the BG/CNBD-k models is that in
the latter, customers are not allowed to drop out after the initial transaction, but only after
repeat transactions.

Pareto/NBD model [28] integrates the NBD model with the potential for customers to
lapse into inactivity. However, the state of a customer cannot be directly observed and the
model relies on drawing inferences from the time that has passed since a customer’s most
recent activity. The model assumes that a customer’s lifetime, denoted by τ, follows an ex-
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ponential distribution with a parameter of µ and that µ is distributed across customers as a
Gamma(s, β) distribution. The only difference between Pareto/NBD (HB) and Pareto/NBD
is the utilization of MCMC for parameter estimation in the former.

Platzer and Reutterer [18] presented an additional expansion of the Pareto/NBD
model called Pareto/GGG. The shape parameter k differs among customers and follows
a Gamma(t, γ) distribution. Consequently, the purchase process conforms to a Gamma-
Gamma-Gamma (GGG) mixture distribution that can capture various levels of regularity
across customers.

3.2. Devised Deep Learning Architecture

Incorporating insights from NLP research [7,8,29,30] and the work of Valendin et al. [19]
on leveraging techniques, we devised a GRU model framework. This pipeline predicts
future behavior by analyzing chronological records of the past behaviors, which are individ-
ual sequences used for training. In this architecture, many covariates can be added, but in
this study we used the base model, which has only the week number as its feature. Unlike
BTYD models, which rely on predefined probabilistic distributions and assumptions about
customer behavior, the GRU and LSTM models capture complex, nonlinear relationships
within the data and allow for more flexibility.

Figure 2 illustrates a high-level diagram of the GRU and LSTM model architectures
used in this study. The model framework begins with an input layer that feeds into the
embedding layer. The embeddings are then concatenated into a long vector. This vector
passes through one or more GRU or LSTM layers, and the output of these layers is fed into
one or more dense layers, also known as neural network layers.

Figure 2. Proposed Model Framework.

Equation (1) represents the computational flow within a GRU cell, which consists of
an update gate, a reset gate, a candidate activation, and the hidden state.
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zt = σ(Wz · [ht−1, xt]) (1a)

rt = σ(Wr · [ht−1, xt]) (1b)

h̃t = tanh(W · [rt ⊙ ht−1, xt]) (1c)

ht = (1 − zt)⊙ ht−1 + zt ⊙ h̃t (1d)

where zt is the update gate output at time step t, rt is the reset gate output at time step
t, h̃t is the candidate activation vector at time step t, ht is the hidden state at time step t,
ht−1 is the previous hidden state at time step t − 1, xt is the input at time step t, Wz, Wr
and W are weight matrices to be learned, σ denotes the sigmoid function and ⊙ denotes
element-wise multiplication.

Equation (2) represents the computational flow within a LSTM cell, which consists of
an input gate, a forget gate, an output gate, a candidate activation, the cell state, and the
hidden state.

it = σ(Wi · [ht−1, xt]) (2a)

ft = σ(W f · [ht−1, xt]) (2b)

ot = σ(Wo · [ht−1, xt]) (2c)

c̃t = tanh(Wc · [ht−1, xt]) (2d)

ct = ft ⊙ ct−1 + it ⊙ c̃t (2e)

ht = ot ⊙ tanh(ct) (2f)

where it indicates the input gate output at time step t, ft determines the forget gate output
at time step t. ot represents the output gate output at time step t. c̃t stands for the candidate
activation vector at time step t. ct denotes the cell state at time step t; and ht represents
the hidden state at time step t. The terms ht−1 and xt represent the previous hidden state
and the input at time step t, respectively. The weight matrices are Wi, W f , Wo and Wc. The
functions σ and tanh indicates the sigmoid and hyperbolic tangent functions, respectively.
The symbol ⊙ represents element-wise multiplication.

At the final step, a softmax layer generates the output prediction by converting the
raw output z obtained from a fully connected layer of size k into a multinomial probability
distribution over the k observed outcomes of the target variable. The target variables are
the number of behaviors, which will be carried out in the upcoming time interval. Each
class label determines the probability of observing a specific number of i − 1 (i = 1, 2, . . . , k)
behaviors in the subsequent unit of time. The softmax normalization is computed similarly
to multinomial logit regression as follows:

softmaxi(z) =
ezi

∑k
i=1 ezi

, (3)

and the softmax layer produces a k-tuple (p(xt = c1), p(xt = c2), . . . , p(xt = ck)) at any
time step t, which represents the distribution of probabilities among the k neurons in the
output layer.

In the final step to generate each prediction, we sample from the multinomial output
distribution produced by the lower network layer. As a result, this model does not generate
point or interval estimates; each output represents a simulated draw. After each draw, the
observation is reinjected into the model as the new behavior variable input to generate the
next prediction and this process continues until a sequence of predicted time steps of the
desired length is created. In Figure 2, this flow, where each output value becomes the new
input, is illustrated with a dotted arrow that bends from the output layer back to the input.
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4. Empirical Study
4.1. Dataset

We possess two datasets originating from a mobile application in the financial technol-
ogy sector, specifically capturing daily user logins.

The second dataset is sourced from UC Irvine and is known as the Online Retail II
dataset. This dataset encompasses the comprehensive log of transactions conducted by
an online retail business operating in the United Kingdom. The company specializes in
retailing unique gift items. Table 2 provides essential details about both datasets in terms
of basic information.

Table 2. Descriptive statistics of the used data (These statistics were found after some preprocess).

Dataset Fintech Mobile Application Online Retail II

Cohort Size 53,576 4993
Calibration Period Length (Weeks) 49 80
Holdout Period Length (Weeks) 25 25
Minimum Date 4 March 2021 2 December 2009
Training End Date 10 February 2022 16 June 2011
Maximum Date 3 August 2022 8 December 2011

We conducted an empirical study using a weekly time unit as the default, which
allowed us to capture the dynamics of the input data while keeping the dataset and model
size reasonable. However, we acknowledge that the choice of granularity may depend
on the specific context and objectives of the decision makers. Moreover, we note that the
mobile application data and the online retail data differ in how they measure user activity:
the former uses binary indicators of daily logins and single users may engage up to a
maximum of seven times per week, while the latter records the number of transactions
per day, which can be higher than 7. Therefore, the results of this study are valuable for
understanding behavior across different types of datasets.

4.2. Evaluation Metrics

The evaluation metrics are the mean absolute error (MAE), the root mean square
error (RMSE), the bias and the symmetric mean absolute percentage error (SMAPE). These
metrics provide different insights into the performance of models at the individual level.
Bias determines the percentage of the difference between the total estimations and actuals.
It is defined as

Bias =
∑n

t=1 ∑k
i=1(ŷi,t − yi,t)

∑n
t=1 ∑k

i=1 yi,t
× 100 (4)

where ŷt is the predicted value and yt is the actual value for individual i at point t.
Since we have many 0 values, it is not possible to use MAPE. Thus, we used SMAPE;

and its definition is given by Equation (5) :

SMAPE =
1
n ∑n

t=1
∑n

t=1|ŷt − yt|
∑n

t=1
|ŷt |+|yt |

2

× 100 (5)

where ŷt represents the predicted value and yt denotes the actual value at point t.
We also calculate MAE and RMSE at individual level. We determined them as

Equations (6) and (7):

MSE =
1
n ∑n

t=1 ∑k
i=1(yi,t − ŷi,t)

2 (6)

RMSE =

√
1
n ∑n

t=1 ∑n
i=1(yi,t − ŷi,t)2 (7)

where ŷt is the estimated value and yt is the actual value for individual i at point t.
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5. Results

We commence with the outcomes that derived from the mobile application data, as
summarized in Table 3. In each model, we made predictions for the weekly login counts
of the users. For Pareto/NBD (HB) and Pareto/GGG models, some login predictions
exceeded 7. To align with the practical constraint, that is, 7 represents the upper limit for
weekly logins per user, these predictions were adjusted to this maximum value. Addi-
tionally, Pareto/NBD (HB) and Pareto/GGG models yielded negative results, which we
converted to 0. In Table 3, we did not include BG/CNBD-k and MBG/CNBD-k models
because the optimum k paremeters for the BG/CNBD-k and MBG/CNBD-k models were
1, which means that they do not differ from BG/CNBD and MBG/CNBD.

Table 3. Summary of Results for mobile application data: Total number of actuals and estimations,
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), bias and Symmetric Mean Absolute
Percentage Error (SMAPE).

Model Actuals Estimation MAE RMSE Bias (%) SMAPE

GRU 125,342 122,365 0.178 0.681 −2.375 0.659
LSTM 125,342 129,139 0.183 0.664 3.029 0.628
Pareto/NBD (HB) 125,342 167,959 0.143 0.530 34.000 0.687
MBG/NBD 125,342 168,229 0.139 0.510 34.216 1.960
Pareto/GGG 125,342 168,819 0.145 0.520 34.687 0.704
BG/NBD 125,342 170,077 0.142 0.507 35.691 1.960
NBD 125,342 654,812 0.461 0.980 422.421 1.944

For GRU and LSTM models, we have three hyperparameters which are memory units,
dense units and simulation numbers. The GRU model was configured with 256 mem-
ory units and 32 dense units, while the LSTM model employed 128 memory units and
128 dense units during training. Additionally, simulation numbers were taken as 23 for
both models. The impact of these hyperparameters presented in Figures 3–5. It is apparent
that the bias is influenced by the choice of the number of memory and dense units. When
simulation numbers increase, SMAPE values increase. This pattern seems plausible as
more simulations lead to slightly elevated predictions for zero values, contributing to a
greater deviation in SMAPE calculations. Conversely, the stability of MAE and RMSE
values remains consistent. The results emphasize the impact of simulation numbers and
underscore the persistent advantages of GRU and LSTM, despite variations in simulation
numbers compared to BTYD models.

Upon reviewing Figure 6 and Table 3, GRU and the LSTM have the least bias and the
lowest SMAPE values; and they capture the trends better than the BTYD models. GRU has
the lowest difference between the actuals and estimations, lowest bias and second lowest
SMAPE values. However, it is important to note that MAE and RMSE values are relatively
higher than most BTYD models.

Figure 3. Evaluation metrics vary with the memory units for mobile application data.
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Figure 4. Evaluation metrics vary with the dense units for mobile application data.

Figure 5. Evaluation metrics vary with the number of simulations for mobile application data.

Figure 6. Aggregate weekly actual logins and predictions for mobile application data. The dotted
vertical blue line in the upper line chart separates the calibration and holdout periods.

Further, Table 4 presents the evaluation metrics for each model applied on Online
Retail II dataset. It is noteworthy that the Pareto/NBD (HB) and Pareto/GGG models
produced negative results, which we adjusted to zero.
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Table 4. Summary of Results for Online Retail II data: Total number of actuals and estimations, MAE
(Mean Absolute Error, RMSE (Root Mean Square Error), bias and SMAPE (Symmetric Mean Absolute
Percentage Error.

Model Actuals Estimation MAE RMSE Bias (%) SMAPE

GRU 8469 8330 0.127 0.342 −1.643 1.181
LSTM 8469 8300 0.127 0.349 −2.000 1.120
MBG/NBD 8469 8035 0.109 0.286 −5.123 1.972
BG/NBD 8469 8018 0.109 0.286 −5.321 1.972
Pareto/GGG 8469 8972 0.116 0.299 5.936 1.278
NBD 8469 9072 0.116 0.287 7.125 1.971
Pareto/NBD (HB) 8469 10,414 0.126 0.303 22.966 1.316

In both the GRU and LSTM models, we employed 256 memory units and 32 dense
units, conducting 23 training simulations.

Upon examining Figure 7, and Table 4, it becomes apparent that both the GRU and
LSTM models perform better than the BTYD models in capturing the underlying trend.
GRU exhibits the smallest disparity between actual and estimated values, the least bias and
the lowest SMAPE values although the MAE and RMSE values are higher compared to all
the BTYD models.

Comparisons between the weekly aggregated actual data and the corresponding
predictions for the LSTM and GRU models are illustrated in Figure 7. This visualization
clearly demonstrates that LSTM and GRU effectively capture the overall trend in the data.

Figure 7. Aggregate weekly transactions and predictions for Online Retail II data. The dotted vertical
blue line in the upper line chart separates the calibration and holdout periods.

The MAE and RMSE metrics for the BTYD models were observed to be lower than
those of the GRU and LSTM models. As in the user login dataset, users exhibit infrequent
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activity in the Online Retail II dataset. The BTYD models demonstrate higher accuracy in
terms of MAE and RMSE due to their tendency to underforecast. This means that BTYD
models often forecast better near zero transactions or logins, which is probably the main
reason for this result.

In relation to performance, both GRU and LSTM models demonstrated superior
results in terms of bias and SMAPE compared to the BTYD models across both datasets.
The GRU achieves slightly better results compared to the LSTM. Notably, these recurrent
neural network models effectively captured the underlying patterns and trends inherent in
the data.

6. Discussion

This research focuses on elucidating the primary contributions and limitations, utiliz-
ing a deep learning architecture to predict individual-level behavior across datasets with
diverse characteristics. We achieved the best results in terms of accuracy with the GRU
model, which is a type of recurrent neural network that can capture temporal dependencies.
This model allows us to make predictions for each week during the calibration period,
which reveals the overall trends of user and customer behavior. These predictions can help
enterprises make decisions based on future expectations rather than past patterns. This can
enhance the understanding of individual-level behavior and enable better strategies for
engagement and retention. For instance, the aggregated results can help identify trends at
the managerial level, while the individual-level predictions can enable customer segmenta-
tion and churn detection at a more personalized level. Thus, the deep learning approach
has great potential for optimizing business strategies and improving customer experiences.
However, we also note that scalability issues may arise when dealing with large data and
many individuals.

In comparison, the widely used BTYD models, which are statistical models typically
based on some statistical distributions, do not learn any patterns. In this study, we observed
that the BTYD models provided better MAE and RMSE values. However, the bias results
indicated potential misleading tendencies; and these values may still be considered suc-
cessful. If we apply the proposed methodology on data with less zero values at individual
level (e.g., less inactivity of users), we might have better MAE and RMSE values. Also,
as Valendin et al. [19] mentioned in their study, if we encounter more frequent cases, em-
ploying LSTM could lead to greater benefits. On the other hand, when the model predicts
logins or transactions more than zero for the users or customers who have zero logins
or transactions, it might determine the users or customers who are more likely to make
logins or transactions. These individuals might be treated differently by decision makers.
Considering the nature of the datasets, where a significant portion of users had zero logins
during most of the calibration period, predicting user activity as active or not may hold
more value than calculating the difference between login counts in various cases.

In addition to BTYD, several methods have been proposed for individual-level predic-
tions. Salehinejad and Rahnamayan [17] model the temporal evolution of RFM values, Chou
et al. [12] use binary outcomes as targets, and Sarkar and De Bruyn [23] forecast single-
point values. These studies address important aspects such as handcrafted features, RFM
interdependencies, and target diversity. The framework proposed in this study can be
adapted to various target settings and benefit from incorporating handcrafted features.
However, integrating such features might be challenging for companies with large datasets
and real-time needs. In these cases, invariant features may be more practical than time-
varying features. Additionally, the impact of these covariates may vary across different
types of datasets (e.g., e-commerce data, mobile application usage data).

Future research could explore how BTYD and deep learning models might comple-
ment each other. Investigating hybrid or ensemble models might enhance both individual-
level and aggregate results. Furthermore, future studies should focus on effectively inte-
grating covariates across diverse datasets. Incorporating additional features (e.g., variables
that determine economic trends, socioeconomic variables) that may influence individual
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behavior could also be beneficial. Moreover, addressing scalability challenges is crucial;
therefore, future research might investigate various segmentation strategies to manage
large datasets more effectively. Exploring different segmentation approaches could facil-
itate the application of specialized models tailored to distinct data subsets, which could
lead to improved overall model performance. These efforts will advance the application of
deep learning pipelines in real-world scenarios and contribute to the development of best
practices across diverse datasets.

7. Conclusions

This study addresses an important task of predicting individual-level behavior, a
critical aspect for businesses across diverse industries. By employing a deep learning
architecture, particularly the GRU model, on two distinct datasets, our research significantly
contributes to the field. The utilization of GRU not only proves effective in mitigating bias
but also offers valuable insights into nuanced individual behavior trends. This predictive
approach empowers enterprises to formulate targeted strategies based on anticipated future
behaviors, transcending reliance on historical patterns and deepening comprehension of
individual-level behavior dynamics.

A pertinent comparison with prevalent BTYD models reveals nuanced trade-offs; while
statistical models excel in terms of MAE and RMSE values, the deep learning approach
demonstrates superior bias results, shedding light on potential misleading tendencies
within BTYD models.

Despite the strides made in individual-level predictions, opportunities for refinement
persist. Future research endeavors may explore ways to enhance prediction accuracy and
precision, considering the incorporation of attention models. Furthermore, extending the
application of deep learning methods to datasets exhibiting diverse characteristics will
offer a more comprehensive understanding of individual-level behavior in varied contexts.
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