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Introduction
The limitations of Ziqi (2024) and Rumen et al. 
(2023) on predicting e-commerce users’ purchase 
behaviour are the key motivation for this research 
work. These include geographical limitations, 
insufficient data sources, and the capture of only 
consumers’ personality traits. Therefore, there is a 
need to develop a model that analyzes, forecasts, and 
accurately predicts personalized recommendations 
for e-commerce users’ shopping patterns.  Electronic 

commerce (e-commerce) is the term that indicates the 
use of Information and Communication Technology 
(ICT) facilities in doing business (Ibam et al., 2018). 
E-commerce has been growing at a rapid rate which 
has resulted in the emergence of advanced digital 
marketplaces where businesses must keep up with 
the changes in technology, consumer behaviour and 
regulation. Growth and development of e-commerce 
is an activity of confidence that is built through 
trust that is present between the players, business 
and government within the e-commerce setting. 
(Akinyede, 2017). Online shopping is constantly 
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gaining popularity, as individuals find the platform 
much more convenient, as they are able to shop at 
any place. (Syeliya et al, 2024).
 
As the Internet technology has been rapidly growing, 
the e-commerce industry has slowly formed a 
significant segment of the global economy. The 
future of e-commerce is an innovation and expansion 
with a greater number of new technologies and an 
emphasis on customer-centric approaches. The long-
term observation of the actions of the e-commerce 
users will give us an idea of their needs and habits 
(Grunt et al, 2017).

The prediction of the will to purchase and demand by 
the users can help the platform to plan the management 
of inventory and distribution of logistics and, therefore, 
optimize operations and cost reduction (Ziqi, 2024).  
Nevertheless, the evolution of technology has led to 
the use of the clickstream data as the main source of 
information that a company uses to research on the 
preferences of online customers. It consists of the 
pattern of online activities performed by the users as 
they browse the web pages and online platforms and 
reflects a treasure of information on user behavior and 
interaction and engagement (Deming et al., 2024).

This has resulted in the rising exponential growth of 
the E-commerce industry that has created a demand on 
the availability of precise sales forecasts to promote 
effective business strategies (Rohit et al., 2023). 

The user behaviour is vital in businesses in the 
e commerce environment since personalisation, 
trust and security, convenience, and availability of 
information are some of the issues that affect the 
consumer behaviour. The e-commerce has been 
transformed with the use of such technological 
innovations as AI, ML, blockchain, and mobile 
technologies and has improved personalization, 
security, and the overall user experience. E-commerce 
is a driver in the internationalization of doing 
business because it minimizes barriers to entry as 
well as maximizing logistics and allowing access to 
global markets. Through the analysis of the buying 

behaviour amongst users, not only can the level of 
sales efficiency be improved, but also the consumer 
can receive more personalized and precise shopping 
suggestions, which is a win-win situation to both 
the business performance and the user experience 
(Shuang et al.,2024).

Predictive analytics is fundamental in improving 
user experience, personalisation and business 
strategies in e-commerce through the use of data to 
predict customer behaviour and optimize business. 
The behaviour prediction used with e-commerce 
users implies the forecast of potential consumption 
demand and habits of the consumers on the basis of 
their behaviour on the E-commerce websites. (Yuran 
et al., 2022)

With the help of more sophisticated algorithms, 
e-commerce companies can predict consumer 
demand, work with it individually and increase the 
overall satisfaction of customers. The significant 
contributions of the predictive analytics in this field 
are the improvement of the user experience, strategies 
personalisation, inventory management and proactive 
decision-making.

The Markov Decision Process (MDP) and Recurrent 
Neural Networks (RNN) are some advanced 
modelling techniques that have a great impact on 
predicting the user shopping preference. MDP offers a 
solid framework in making a decision in situations of 
uncertainty, and the modelling of customer behaviour 
in any shopping situation is possible. RNNs are highly 
successful in the task of extracting temporal patterns 
of user behaviour and are therefore an effective tool 
in the analysis of complex and dynamic e-commerce 
data.

RNNs are also efficient at identifying patterns with 
time which is essential in analyzing shopping patterns 
that change as users interact. They have proved to be 
very accurate in predicting customer behaviour as 
compared to the traditional methods with a high of 
93.2 accuracy in different studies.
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The MDP model of shopping behaviour consists 
of the state description, dynamics of action and the 
reward processes. A reward value is attached to 
every state and thus the decision making process and 
to determine the best actions to take to maximize 
expected returns.

Predicting models should be accurate so as to 
maximize the marketing, inventory management 
and retention of customers. These models rely on 
historical information and powerful analytics to 
predict consumer behaviour so that businesses can 
make quality decisions that improve operational 
efficiency and profitability. Marketing optimization, 
inventory management, and customer retention are 
some of the important areas of application.

Marketing optimization is a process of analysing 
consumer data so as to enhance conversion rate and 
customer retention. Knowing customer preferences 
and behaviours enables the firms to customize their 
products to increase satisfaction and loyalty. The 
inventory management allows the retailers to make 
good demand predictions, reduce overstocking or 
stock-outs, and they are able to make correct changes 
in inventory levels to match the expected demand 
changes due to seasonality or promotions. Businesses 
have always required sales forecasting to predict the 
demand, manage inventory and make forecasts for 
strategic decisions. Sales forecasting has been an 
important aspect of business since the beginning of 
time; it helps businesses to know what to expect, and 
manage the inventory as well as make reasonable 
strategic decisions (Harshit et al., 2024).

Customer retention is a process that is conducted 
to find the at-risk customers and to apply proactive 
engagement schemes to improve customer 
relationship management. Predictive insights can be 
recommended to customers in a personalised way to 
encourage stronger customer relationships and boost 
lifetime value.

Nevertheless, there are a number of challenges in 
capturing and predicting the complex e-commerce 

user behaviour.  Information can never be useful until 
it is transformed into data. There is a need to process 
this massive data and find some valuable information 
in it (Pavani et al., 2020).

The large dimensions and unequal distribution 
of classes can complicate the process of feature 
extraction and model training and temporal dynamics 
demand models that are capable of capturing time-
dependent trends. Such methods as Recurrent Neural 
Networks (RNNs) and time-series attention models 
have demonstrated potential in dealing with those 
issues. The encoded time-stamps of events have the 
potential to improve the insight into the behaviour 
of the user over the time, a factor that can easily be 
ignored within the conventional framework.
Personalisation and user modelling are considered 
to aid in successful personalisation because different 
factors determine personal behaviour in an individual 
user, such as demography and transaction history. 
Session based prediction activities that require real-
time personalisation are critical activities whereby 
user intent may change drastically in one shopping 
session.

Materials and Methods
The research methodology was achieved using five 
major stages, including Phase 1: Review of related 
works, Phase 2: Data Collection, Phase 3: Design of a 
model predicting the shopping patterns of e-commerce 
users using MDPs and RNNs, Phase 4:  System 
Implementation, and, Phase 5: System Evaluation, 
were used to reach the research methodology, based 
on Accuracy, Precision, Recall, and F1 score.

The systematic search was carried out on the internet 
resources and academic literature on e-commerce 
and e-commerce shopping patterns, as well as on 
machine learning and machine learning models 
based on MDPs and RNNs.The dataset was obtained 
through the AliExpress e-commerce website and 
further enriched with web scraping using Apify. 
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Data Collection and Preprocessing
Apify was used to scrape additional transaction 
records from online retail websites. The extracted 
dataset was merged with the AliExpress-based online 
retail dataset, which contains: Invoice Numbers 
(Unique purchase identifiers), Stock Codes and 
Descriptions (Product details), Quantities (Number of 
items per transaction), Invoice Dates (Timestamps for 
transaction sequences), Customer IDs (Anonymous 
unique customer identifiers), Prices (Product cost in 
Nigerian Naira)

Data Cleaning and Processing
The dataset was cleaned and formatted using Pandas 
and NumPy. Rows with incomplete information 
were removed. Invoice dates were transformed into 
a datetime format using pd.to_datetime. Transactions 
were grouped by Customer ID to identify purchase 
patterns.

Implementation of the Predictive Model

Libraries Used
Python libraries used include Pandas for data 
manipulation and preprocessing, NumPy for 
numerical computations, Seaborn for data 
visualization (bar plots, distributions), and Matplotlib.
pyplot for generating loss curves and evaluation 
metric charts,  sklearn.model_selection for splitting 

the dataset into training/testing, sklearn.metrics for 
computing accuracy, precision, recall, and F1-score, 
Pymdptoolbox for implementing Markov Decision 
Process(MDP), and Tabulate for formatting dataset 
display in the console

Markov Decision Process (MDP) and Recurrent 
Neural Network (RNN) were applied to predict the 
next product a customer is likely to purchase based 
on previous transactions.

Transition Matrix Calculation: Customer purchase 
sequences were extracted and analysed. A transition 
matrix was computed, representing probabilities of 
moving from one product to another. The matrix was 
normalized to obtain realistic probabilities.

Prediction Mechanism: Given a customer's current 
purchase, the model predicts the most probable next 
product. The pymdp toolbox library was used to 
implement state transitions based on past purchases.

Results and Discussion
Purchase Likelihood and User Behaviour Cluster
Figure 1 shows the likelihood of purchase at the first 
event stage and highest likelihood is given to purchase. 
This means that purchase action users are very 
likely to make further purchases and initial purchase 

Figure 1. Purchase Likelihood by first Event Stage
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or buying indicators are important in modelling 
customer lifetime value or buying propensity.

The cluster scatter presented in Figure 2 and density 
plots, represent segmentation in user behavior on the 
basis of several features (such as user ID, add-to-cart, 
click, login, logout, etc.). These three clusters give 
insights into the underlying patterns or the user groups, 
who may be casual browsers, engaged buyers, and 
frequent purchasers, with their unique distribution of 
features. Density plots demonstrate the concentration 
of behaviors of every cluster and provide information 
about the common user types and the level of activity 
they have.In Figure 3, we have provided the Sankey 

diagram which visually models a simulation of user 
journeys on an e-commerce platform which depicts 
the flow of the user through various actions. The 
diagram shows important transitions of users with 
a higher volume of users indicated by thicker flows 
between the actions.  The process starts with users 
accessing pages as indicated by the flow of the node 
of page views. The next action users take is the login 
action, and this serves as a point of entry into more 
active actions. Upon their logging in, they are taken 
to a product view, indicating an interest in particular 
products. The key distinction of this diagram is the 
cyclic nature of the flow between product view to 
again login as some users may want to revisit the 

Figure 2: User Behaviour Cluster

Figure 3. Sankey Diagram showing simulated user journey
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product again post the re-logging in process, perhaps 
to continue with the product further or compare it 
with other ones.

The Sankey diagram provides the information 
about the user navigation directions, thus allowing 
the analysts and marketers to see the major routes 
and points of the user journey that can be adjusted 

and optimized to enhance the user experience and 
conversion rates.

Prediction Accuracy Analysis
Standard measures of classification: Accuracy, 
Precision, Recall and F1 Score were used to assess 
the predictive strength of the developed models. 
Three different modeling strategies that included 
Markov Model, MDP Policy and Q-Learning Policy 
were implemented to predict user shopping behaviour 
given the data of sequential user behaviour. Table 1 
and Figure 4 indicate high predictive effectiveness of 
all models and Q-Learning is more effective than the 
rest.Markov Model Performance

The Markov Model has a prediction accuracy 
of 93.3 and the Precision, Recall and F1 Score 
values were also estimated at 0.93. This model 

was effective in determining consecutive states of 
the user and forecasting transition like browsing, 
adding to cart and purchasing. It demonstrates the 
fact that it is not necessary to deep-learn policies to 
model state-to-state transitions. The findings affirm 
that the Markov Model, though less complex than 
the deep reinforcement learning models, is strong 
in representing regularities in the user navigation 
behaviour in e-commerce websites. 

MDP Policy Performance
Markov Decision Process (MDP) Policy model 
reported that its accuracy is 89.9 percent, Precision, 
Recall, and F1 Score estimates are 0.89.  This is to 
include the chances of transitioning between one 
state and the other not only in terms of transitions 
frequencies but also in a reward based strategy.  The 
findings render MDP appropriate in locating the path 

Model Accuracy Precision Recall F1 Score
Markov Model 93.3% 0.93 0.93 0.93
MDP Policy 89.9% 0.89 0.89 0.89
Q-Learning Policy 94.3% 0.94 0.94 0.94

Table 1. Comparative insights of Markov Model, MDP Policy and Q-Learning Policy

Figure 4. Comparative insights of Markov Model, MDP Policy and Q-Learning Policy
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of high value which includes those that result in 
conversions hence helpful in designing the specific 
marketing or recommendation strategies. This less 
performance is explained by the fact that specifying 
rewards is more challenging and that some rewards 
(purchases vs page views) are sparse.

Q-Learning Policy Performance
Q-Learning Policy model did better at performance 
with a precision of 94.3 and estimated Precision, 
Recall and F1 Score of 0.94 each. This algorithm 
successfully used user action sequences of large 
scale to learn the behavioural patterns that result in 
successful outcomes including purchases or sustained 
interactions. The classification report indicates 
that there are high values consistently (0.93) in the 
major user actions such as add to cart, click, login, 
log out, page view, product view, and purchase. The 

large support numbers (9,100 to 9,300 per type of 
action) show that the dataset is well-balanced, which 
supports the idea of the model being reliable in all 
cases of interactions between users.

Policy Simulation and Business Impact
The adjusted policy simulation of 0.789 shows that 
the model can assist users with a more streamlined 
shopping process, which means that their chances 
of conversion are increased. This simulated rate 
indicates that, when implemented, the policy will, in 
fact, result in a conversion rate of about 79 which is 
much higher than industry averages which is relevant 
in influencing strategic decisions in the management 
of inventory, dynamic pricing, promotional offers as 
well as personalized recommendation engines.

Markov Decision Processes and the application 

Figure 5. RNN model results

of reinforcement learning using Q-Learning has 
been effective in predicting user behaviour within 
an e-commerce setting. These findings confirm the 
presence of considerable potential in improving 
personalization, user experience and business 
performance to make e-commerce platforms smarter 
and more adaptive.

RNN Model
The training results for the RNN model after 10 
epochs, as shown in Figure 5, show a very good 
performance metrics

Training Loss-  Slightly decreases from 1.9470 to 
1.9451, indicating stable training without overfitting 
or divergence.

Classification Metrics
Precision:  Approximately 89% across individual 
event classes.
Recall:  Around 87%, indicating good coverage of 
actual events.
F1-Score: About 88%, showing balanced precision 
and recall.
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