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Abstract—Consumer Behavior analysis plays an
essential part in modern e-commerce systems as it
ensures the preservation of the target audience and the
right marketing campaigns. At present, customer
segments are created on the basis of the RFM model,
which consists of Recency, Frequency, and Monetary
value, but it does not take into account the complexities
of consumer behavior. The purpose of this paper is to
propose a technique for consumer segmentation via the
application of the Variational Autoencoder algorithm to
build RFM embedding space. First, it is supposed to
train the VAE algorithm for obtaining embeddings
based on RFM values. For embedding generation, one
may project consumer RFM values on the manifold
latent space. Besides, the reconstruction error resulting
from the training process can be utilized as a criterion
for measuring embedding quality. Clustering can be
applied for classifying consumers according to their
behavior into Loyal, Potential, Fresh, and At-Risk
segments. Finally, a dashboard is created to perform
clustering through visual analytics. As follows from the
results of the experiment, the technique proposed for
consumer segmentation based on the generation of
embeddings via RFM proved its efficiency.

Index Terms—Consumer Behavior Analytics, Deep
Learning, E-Commerce, RFM Model, Variational
Autoencoder, Customer Segmentation.

[. INTRODUCTION

With changing trends in the world of the internet, a
great deal of data is collected through transactions
that can be applied in studying the behavior of
consumers. The behavior of consumers at different
levels such as purchase or browsing level indicates
how they would respond to the website. Studying the
behavior of consumers helps in enhancing marketing
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strategies and designing products for them. RFM is
one of the commonest methods used to help in
understanding behavioral patterns of consumers who
adopt certain behavior for marketers to conduct
customer segmentation. RFM technique helps in
grouping customers' behavior according to the
following three factors: recency (R), frequency (F)
and monetary value (M). Recency is the period of
time since the consumer made a transaction,
frequency is the number of times the consumer made
the transaction and monetary value is the total
amount spent by the consumer when making
purchases. This method makes it easy for customers'
segmentation based on behavior.

Though the above-mentioned method seems simple,
the traditional methods such as statistical and rule-
based techniques may not be able to comprehend the
complexity of the behavioral pattern of customers
due to its non-linear nature. With a lot of algorithms
in deep learning having been proposed, it becomes
possible for scientists to propose the development of
such a solution that would help identify underlying
structures in huge datasets. Among the most effective
techniques of representation learning in the
unsupervised way are variational autoencoders. They
make it possible to encode information from high-
dimensional spaces into low-dimensional spaces
while retaining all information related to
interdependence of the given pieces of data. In this
way, the machine learning algorithm learns the
underlying distribution of the data and is able to
detect various patterns within them. In this paper, we
provide an overview of the approach we followed
when applying VAEs for behavioral analysis. The
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task that we have is encoding of the given input RFM
vector by utilizing the suggested technology. It will
help us reveal some common features between those
customers. As a result, latent behavioral profiles of
the customers will be generated. Using those
behavioral customer profiles, it will be possible for us
to categorize these customers into four different
classes: loyal customers, potential buyers, new
customers, and risky customers. In addition, the
validity of customer behavior can be measured using
reconstruction errors of our VAEs. For ensuring that
the information collected from them is meaningful,
the proposed methodology involves the usage of an
analytics dashboard that uses the technology of
artificial intelligence for developing graphics in
segmentations, behavior analysis, and KPIs. The
implementation of the analytics dashboard proposed
in the research will ensure that there is interaction in
real time between the firms and the customer
intelligence, alongside  developing marketing
strategies on the basis of customer evaluation.

II. LITERATURE REVIEW

Customer behavior analysis has developed into one
of the primary fields of interest in the study
conducted for e-commerce. The area of interest is
very important in retaining customers and making
profit. As the increase in e-commerce websites leads
to increasing amounts of data from different firms,
efficient tools are needed to analyze such datasets.
Some of the ways that have been applied to customer
segmentation are RFM segmentation among others.
They have proven to be quite successful through
various studies [3]. However, these ways work under
some assumptions that do not allow for effective
customer segmentation in cases where such
assumptions are not met.

Some machine learning techniques can help
overcome the problem. Clustering approaches have
been widely applied for customer segmentation on
the basis of customer behavior within businesses.
Among the many ways, some of the approaches that
have been applied are k-means algorithm [10] and
DBSCAN [11]. In comparison to other ways, such
approaches are more flexible and effective.
Flexibility and efficiency depend largely on inputs
and distances. The impact of data mining techniques
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on the extraction of useful patterns from large
databases cannot be ignored. The framework
presented in [7], [13], [27], and [28] has provided
various methods for the discovery of hidden
relationships and trends in the database of the
customers. This has helped businesses gain more
insight into the nature of the customers, thus making
wise business decisions. In addition, the concept of
association rule mining [18] provides businesses with
the opportunity to discover various relationships
concerning the products and the nature of the
customers.

The importance of patterns in the database should not
be undermined. There is the use of different methods
in the model described by [7], [13], [27], and [28].
These techniques have been very important for
businesses in understanding how the clients relate
with trends in the customer databases. It has also
been used in assisting organizations in decision-
making through helping them understand how their
customers behave. Besides, another important
technique of analyzing customers is association rules
mining [18]. With the development of portals for e-
commerce business, big data analysis has come into
existence. It is important to look into the literature
review of the role played by intelligence systems in
big data analysis based on client behavior [4] and
[21]. This kind of data has been very essential in
decision-making. Another aspect is that of customer
data analytics [17]. The deep learning method has
also been employed to improve the process of
complex data analysis. With regards to [2] and [24],
it is clear that the deep neural network method has
been used to improve complex data analysis. When
carrying out complex data analysis, the process of
representation learning method has proven to be
useful in solving problems of complex data analysis.
With the use of the process of representation learning
method, it becomes easy to determine the features of
the complex data.

Moreover, LSTM-based neural network methods can
be used in modeling complex data and the behavior
of customers. Moreover, the use of neural networks
can be employed in making predictions on the future
behaviors of customers. The factorization model can
be used in analyzing the relationship between the
users and products. This is where some of the
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algorithmic models to be wused include
recommendation  system algorithms such as
collaborative filtering [25], matrix factorization [5],
and neural collaborative filtering [6]. There does not
seem to be any particular approach that helps in
segmenting customers using this entire process. On
the other hand, the application of VAE as indicated in
[1] appears to be among the best ways of ensuring the
entirc process of learning takes place. The
performance of this algorithm is measured based on
how efficiently the entire process can convert all the
information into a structural format. This process
makes it one of the best ways of identifying patterns
in the clients. This way, optimization of the deep
learning algorithm will become possible as indicated
in [22] and [23].

Another alternative solution to the above-presented
issue can be a combination of machine learning and
deep learning techniques, also known as hybrid
learning. This concept has been considered by other
researchers [19, 20], and the authors have shown that
the integration of the two methods significantly
improves efficiency. In this case, the benefits of both
approaches are used, thus allowing identifying linear
and nonlinear relationships. In addition, the
importance of scalability is vital because of the
increasing volume of generated data in the e-
commerce system. As claimed in [29, 30], the
suggested framework along with the optimal
technique will ensure efficient functioning of the
system. At the same time, it is important to mention
that there are some drawbacks between the presented
solution and currently available ones. While there are
some instances of resolving the issue, it is still not
enough since the solutions are not integrative. It is
necessary to fill the gaps since both e-commerce
system and VAE were considered in the proposed
solution.

[II. METHODOLOGY

The suggested methodology will be designed in such
a way to predict consumer behavior concerning
online purchasing through machine learning and
variational autoencoders. These will be different
procedures involved in coming up with the suggested
methodology. Some of the processes include data
acquisition, data pre-processing, feature extraction,
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latent feature extraction, clustering, and visualization.
Through all of these procedures, one can identify
latent consumer behavior along with consumer
clustering.

A. Data Collection

The data source is the application that has been
created to run as an entire e-commerce stack. Using
this application, consumers will create their accounts,
look for available items and review products based
on the products purchased. However, on the other
side, the shopkeepers will have the entire control over
their items. As an administrator, the consumer
behavior and revenues will be analyzed.

There are several transactions in the data source,
including consumer identification, buying dates,
transaction frequencies, and expenditures. This data
source gives a hint about consumer behavior, which
can be used to analyze other datasets.

B. Data Preprocessing

In order to enhance the quality of the data and
increase the data integrity level, data preprocessing
will be conducted before any analysis. This will
involve getting rid of all unnecessary data points. At
this stage, only necessary data points for the analysis
of consumer behavior will be selected.

The dataset is filtered to ensure only valid customers
with positive transaction frequency and amount are
considered. This is necessary to ensure that the model
is not trained on inappropriate customer information.

C. Feature Extraction using RFM Model

Customer’s purchase behavior is based on the

following criteria:

e Recency (R): Days from the date of the last
purchase made by the customer.

e Frequency (F): Number of purchases made by the
customer.

e Monetary (M): Monetary value of purchases
made by the customer.

RFM characteristics will be adjusted through the
following method: g formula:

X scaled=(X-pw /o
This step ensures that all features contribute equally
during model training and prevents bias.
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D. Latent Feature Learning using VAE

The Variational Auto Encoder (VAE) technique is
applied to identifying the intrinsic pattern within the
RFM feature set. The VAE framework includes two
primary components, in this case, the Encoder paired
with the Decoder. The encoder's key function is to
transform the data into a a reduced dimensionality,
while the main duty of the decoder is to reconstruct
the data back to its original form.

The method to recognize the underlying variables is
shown below:

Z=pn+oe
Using the above formula, complicated relationships
among the customers.

E. Clustering

Latent variables were processed through K-Means
clustering. This allows for the possibility of
clustering customers depending on their behavior
pattern. Customers may thus be segmented based on
their cluster category (Loyal, Potential, Fresh, At-
Risk, etc.).

F. Reliability Score

The reliability score shall be calculated as the
measurement of the efficiency of prediction made by
the system. The higher the score, the more accurate
the segmentation process would turn out. In this case,
the reliability score is dependent on the
representation pattern of the system's customers.

Data has been retrieved from the full-stack e-
commerce website, which is one of the real-life uses
of the concept. Through this website, its users can
register, purchase, and provide reviews about their
purchases. On the other hand, the
owner/administrator of the website shall be able to
manage products sold and analyze sales data.

G. Visualization

These have been accomplished using the dashboard
in regard to segmentation and KPIs.

Data has been obtained from transactional data,
which includes identifying the customers, days they
make their purchases, how often they purchase
goods, and the amount of money they spend when
purchasing. Such type of data can be very important
in establishing how customers behave, hence
behavioral data. In the first step, the behavioral data
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of the customer is transformed to RFM feature
vectors. This implies that the data has been simplified
as simple behavioral vectors. Recency entails the
days elapsed since the customer made his/her last
transaction. Frequency represents the number of
transactions made by the customer during a certain
period of time. Monetary is concerned with the total
money spent by the customer. The behavioral vectors
include these variables.

Customer Behavioral Vector:

X = (R, F, M)
Whereas R, F, and M are recency, frequency, and
monetary variables respectively. Standardization of
the variables has taken place.

The collected data will go through the data
preprocessing stage. It is important for us to ensure
that we will have high-quality data after collecting
them. There will be some data cleaning where all the
unnecessary information such as noise and incorrect
data will be removed from the collected data.
Normalization will take place where all the input
variables that will be used in the analysis will be
converted into the same scale. Lastly, the patient data
will be anonymized.
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Fig (1): Flowchart representation of customer
behavior prediction using RFM and VAE model.
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IV.RESULT

Proposed E-commerce Analytics Model can be used
for predicting behavior of the customers with the help
of transactional data. With the help of RFM attributes
combined with VAE approach, it becomes possible
for the proposed system to recognize trends and
classify customers into loyal, potential, fresh, and at-
risk customers. Therefore, proposed system would
definitely prove to be beneficial for organizations in
enhancing their marketing, retention, and revenue
performance.
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Fig (2): Neural Performance Dashboard — Al
Behavioral Engine

Performance evaluation of proposed model based on
different parameter values has been shown in Fig.
(2). For instance, 0.4305 reconstruction loss value
indicates high efficiency in data representation. A KL
Divergence value of 0.0906 indicates high structural
efficiency in the feature space while Silhouette Score
value of 0.3857 reveals high efficiency in
segmentation of customers in clusters. Reliability of
proposed system has been determined to be 95.69%.
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Fig (3): Customer Intelligence Dashboard —
Segmentation Output.
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Results obtained from the customer segmentation
process have been illustrated in Fig. (3). Details
regarding customer segmentation process including
RFM, customer segments, and reliability of customer
segments have been revealed in the figure.
Classification of customers into different categories
using proposed system has been done in order to
illustrate the usage of proposed system in marketing
activities.
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Fig (4): Executive Overview Dashboard — Al
Behavioral Engine

Fig (4): The figure shows the dashboard for the
predictive model that is to be used to predict
consumer behavior.

The figure above shows the model for predicting the
consumer behavior analysis using the effectiveness of
the Variational Autoencoder Model. There are
various assumptions of the factors to be used in the
predictive model. These include the following:

V. CONCLUSION

The proposed recommendation framework can be
defined as a practical approach to making predictions
of consumer behavior in e-commerce sites through
the use of the RFM method combined with
variational autoencoders and clustering. Consumer
behaviors within the e-commerce website will be
analyzed to predict future consumer actions through
hidden patterns in the transactions. Based on the
proposed recommendation framework, consumers
will be divided into various categories including
loyal, potential, fresh, and risky consumers.

Reliability index included in the recommendation
framework will be instrumental in ensuring the high
level of reliability of the predictions generated using
the framework. The inclusion of the dashboard for
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the web interface is considered as one of the most
effective ways of evaluating the practicality of the
recommendation framework. The recommended
recommendation framework is considered as an
efficient model to predict consumer behavior in e-
commerce platforms.

VI. FUTURE ENHANCEMENT

In addition, the model can incorporate the behavior of
consumers or other variables that might form part of
the system to create prediction models that provide
accurate results. Also, there could be incorporation of
machine learning algorithms aimed at increasing
efficiency of segmentation of the market segments.
Last but not least, real time analysis would be
incorporated as well for purposes of creating real-
time decision-making abilities.

Looking towards the future improvement of this
system, it is advisable that the recommendation
engine be incorporated into this system. This module
will play an important role of recommending
strategies for marketing based on the findings of the
segmentations performed.
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