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Abstract — Based on the real retail data collected over eight
months, a humber of models are developed to determine the
most efficient machine learning algorithm. It is found that the
KNeighbors Regressor model demonstrates the best
performance for a small number of transactions, achieving a
low MSE of 0.00091 and a high R2 of 0.72 in the validation set.
For a large number of transactions, Random Forest Regressor
and Decision Tree Regressor show the best ability to capture
complex relationships and handle nonlinearties in the data,
thanks to the ensemble learning technique. Whereas the Linear
Regressor and Support Vector Regressor models demonstrated
large deviations from the real price on the test data. The
results of the study demonstrate the relevance of rtificial
intelligence algorithms in dynamic pricing trategies, showing
the ability to quickly process huge amounts of data, taking into
account numerous factors and changes in market demand.
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I. INTRODUCTION

Dynamic pricing is the adjustment of prices to products
or services in real time depending on current market
conditions to maximise profits. There are three most
common pricing methods: based on business costs, based on
competitors' pricing decisions, and based on consumer
demand [1]. The use of dynamic pricing will allow
companies to automate price adjustments, respond to current
market demand, use their resources rationally, and segment
customers.

However, there is a need to monitor customer reactions
to price changes, and there is a risk of a race to the bottom
when prices are recklessly cut in response to competitors'
demands. One way to overcome these shortcomings is to
use dynamic pricing, which analyses data on demand,
prices, inventory, customer digital footprints, and website
activity [2].

There are two types of dynamic pricing solutions: rule-
based and machine learning [3]. Rule-based solutions are
characterised by a lack of flexibility to change the
environment and respond to unusual or unpredictable events
and the need to track duplicate rules when adding new ones
or changing existing ones. Machine learning-based systems

gain knowledge from data without direct programming and
improve their performance as data increases.

Building a pricing model using machine learning
provides the following opportunities:

e Based on cluster analysis, to seament customers,
build behavioural models and identify customer
personality groups [4].

e Take into account a large number of external
(seasonality, weather, location) and internal factors
affecting the price in real time [5].

e Take into account various performance indicators,
such as margin, turnover, or profit maximisation,
and inventory optimisation.

e Make forecasts of whether customers will accept the
new price of a product or service [6].

Il. STATE-OF-THE-ART

The technologies underlying urban transport platforms
such as Uber, Lyft, and DiDi have become one of the most
active research topics in computer science, with operations
and dynamic pricing algorithms being studied [7].

Dynamic pricing systems are an innovative step in
online marketing and are able to respond quickly and
efficiently to market changes and anomalies. In [8, 9], the
dynamic pricing problem is modelled as a Markov decision
process using deep reinforcement learning. This model,
combined with an improved reward system, showed good
results in dynamic pricing, taking into account seasonality
and the history of product prices.

In [10], three machine learning algorithms were tested:
gradient boosting (GBM), random forest, and neural
networks. It was shown that the GBM model is able to best
account for complex relationships and handle nonlinearities
and gives the lowest mean square error of 0.012 and the
highest R-squared score of 0.92.

Study [11] attempts to predict purchase decisions based
on adaptive or dynamic pricing strategies for individual
products by integrating statistical and machine learning


mailto:artemkonotopchik2003@gmail.com
mailto:ekaterinamelnik@gmail.com
mailto:LavrSveet@gmail.com
mailto:hrystynets.at.ua@gmail.com
mailto:ekaterinamelnik@gmail.com
mailto:katerina.bortnyk@gmail.com

models. It emphasises the importance of choosing the right
purchase price, not just offering the cheapest option. Unlike
previous studies, the paper clusters customers into groups to
build the model, not just the history of transactions, which
has a positive impact on the formation of purchase
predictions.

A detailed overview of research in the field of dynamic
pricing based on Al can be found in [12]. The literature
review notes that there are no clearly defined algorithms for
different use cases, which makes it difficult to compare their
efficiency and accuracy. This is due to the different datasets
used in each publication. On the other hand, although most
of the publications found have the common feature of price
discovery, they pursue different goals, such as price
forecasting or simulation to determine the best market prices,
or pricing strategy.

I11. METODOLOGY

The research and development of a dynamic pricing
system using machine learning is carried out as shown in
Fig. 1.
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Fig. 1 Flowchart of the study
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A. Data selection and pre-processing

The study was conducted on the basis of real online
retail transactions in the UK over an eight-month period
[13]. This set contains such characteristics as product and
user identifiers, transaction date, unit price and quantity,
which allows us to understand the main trends and
characterise customer behaviour, taking into account the
time component. We created a new column
‘MontlyDemand’, which contains data on the number of
products sold each month. This granularity allows us to
better understand the demand for each product and track
how it is affected by price changes during the month.

Efficient data preprocessing is essential for building
accurate and reliable machine learning models. The
following steps were taken to prepare the dataset for
analysis:

e Rows with a missing CustomerID were removed to
ensure accurate analysis of customer segmentation
and behaviour.

e InvoiceDate was converted to date and time format
to facilitate time-based analysis.

e Transactions with negative or zero quantities and
unit prices have been filtered out, as they do not
contribute to the effectiveness of the pricing
strategy.

e Several new features have been created to take into
account temporal aspects and demand patterns:

o TotalPrice: Calculated as Quantity
multiplied by UnitPrice, which represents
the total cost of the transaction.

o Year, Month, Day, DayOfWeek:
Extracted from InvoiceDate to identify
date relationships.

o MonthlyDemand: Calculated as the total
number of units sold for each product
(StockCode) in each month.

Creating relevant features improves the predictive
capabilities of models and increases their performance.

B. Selection of models

Transaction data differs from product to product. The
number of records in the database, the frequency of
purchases, and the market factors that influenced the
creation of the database are crucial in deciding which model
to use. In this case, we chose to run the analysis with several
models, which allows us to generate a comparative analysis
for each product separately. Each model is trained on the
basis of each product separately, which leads to a high
training speed, but requires a sufficient amount of initial
data. This problem is solved in the proposed dataset by
having a sufficient number of transaction records in the
database for each commodity.

Linear models are particularly valued for their simplicity
and interpretability. They assume a direct, proportional
relationship between the inputs and the target variable,
which makes them wuseful in situations where this
assumption holds true. However, these models may be
limited in their ability to capture complex, non-linear
relationships in the data. From this category, linear
regression has been used, which allows for a linear
relationship between attributes and prices, offering a simple
approach to forecasting.

Tree models are excellent at handling non-linear
relationships and interactions between features by
segmenting data into hierarchical branches based on
decision rules. These models are powerful for capturing
complex patterns in data, although some, like decision trees,
can be prone to overfitting without proper hyperparameter
tuning. The following tree-based models were selected [12]:

e Decision Tree Regressor - used to capture
nonlinear relationships by dividing the data into
separate segments based on feature values.

e Random Forest Regressor - used to improve
forecasting accuracy and reduce overfitting by
combining predictions from multiple decision trees.

e Gradient Boosting Regressor - used to gradually
create an ensemble of trees, each of which corrects
the errors of its predecessors, which leads to an
increase in accuracy.

e AdaBoost Regressor - used to combine several
weak models into a more powerful one by focusing
on hard-to-predict cases.

e one by focusing on hard-to-predict cases. XGBoost
Regressor - chosen for its efficiency and ability to
handle large datasets, this model is based on
gradient boosting with optimisations for speed and
accuracy.

Distance and kernel-based models are effective at
capturing relationships by taking into account the proximity
of data points or transforming the feature space to better
capture non-linear patterns. These models are particularly



useful when the relationship between features and the target
variable is not obvious. The following models are included
in this category:

e K-Nearest Neighbours (KNN) Regressor - used to
predict prices based on the average of the nearest
data points, offering a simple but effective method
for local pattern recognition.

e Support Vector Regressor (SVR) - used to find the
optimal boundary in the transformed feature space,
which allows capturing complex, non-linear
relationships between features and the target
variable.

C. Training and evaluation of models
The dataset was split into training and test samples in an

80/20 ratio. Each trained model was evaluated on the test set
using the metrics presented in Table 1:

e Mean Squared Error (MSE) - measures the average
squared difference between predicted and actual
prices. Lower values indicate better performance.

e Mean Absolute Error (MAE) - measures the
average absolute difference between predicted and
actual prices, providing a clearer measure of model
accuracy.

e R-Squared - shows the proportion of the variance
of the target variable explained by the model.
Higher values (closer to 1) indicate better
performance.

The performance of the models was evaluated and
compared. The results demonstrate the highest performance
of the KNeighborsRegressor model in terms of accuracy and
predictive power. The results are for one type of commodity
with a small number of transactions (94).

TABLE 1. PERFORMANCE COMPARISON OF MACHINE
LEARNING ALGORITHMS

Model MSE MAE R-squared
LinearRegression 0.0303 | 0.1241 | 0.0781
RandomForestRegressor 0.0124 | 0.0413 | 0.6234
GradientBoostingRegressor | 0.0182 | 0.0653 | 0.4466
AdaBoostRegressor 0.0178 | 0.0496 | 0.4583
DecisionTreeRegressor 0.0142 | 0.0331 | 0.5667
KNeighborsRegressor 0.0091 | 0.0529 | 0.7227
SVR 0.0184 | 0.1089 | 0.4402
XGBRegressor 0.0142 | 0.0342 | 0.568

The results of this study emphasise the effectiveness of
machine learning algorithms in complex dynamic
environments, in particular the KNeighbors Regressor and
Random Forest Regressor models. Table 1 shows that the
KNeighborsRegressor model achieved the lowest mean
squared error of 0.0091, which indicates the closest match

between predicted and actual prices. In addition, the R-
squared of 0.72 shows that the model explained 72% of the
variance of the target variable, demonstrating its high
predictive power.

Such models as Gradient Boosting Regressor and Ada
Boosting Regressor showed an average result, which is
explained by the specifics of these algorithms and the need
for more training data than provided in the dataset.

The analysis of the results of the Linear Regressor and
Support Vector Regressor models indicates their inability to
detect complex relationships between variables affecting the
price. Consequently, the forecasts obtained with these
models will be inaccurate and inadequate for this dataset.

Figs. 2-4 show a comparison of model performance for a
large number of transactions of the same commodity. The
number of transactions in this case is 1727.
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Fig. 2 The value of MAE when training models with a
large volume of transactions
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Fig. 3 The importance of MSE when training models
with a large volume of transactions
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Fig. 4 R-squared value when training models with a
large volume of transactions

The superior performance of the Random Forest
Regressor and Decision Tree Regressor models can be
attributed to its ability to capture complex relationships and
handle nonlinearities in the data and to the ensemble
learning technique. The hyperparameter tuning process




further optimised the performance of the models, resulting
in the lowest MSE and highest R2 among the compared
algorithms.

Fig. 5 shows a graph that visualises the difference
between the actual and predicted values of the product price.
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Fig. 5 Comparison of predicted values and the actual price
of goods (black line)

D. Discussion of model evaluation results

The study revealed differences in model training errors
depending on the following phenomena:

e the ambiguity of the advantage of one model over
others for commodities with different numbers of
transactions (training data) in the database used;

e dependence on the presence of intense fluctuations
in the value of the target variable in the sample.

Each machine learning model used assumes a balanced
training sample, however, in the real world where the
database was formed, the frequency of purchases differs
significantly between different products. This phenomenon
has natural reasons, as different types of goods have
different purposes and needs for customers. The difference
between everyday goods and highly specialised goods has a
significant impact on the saturation of the database with
sufficient information.

It is also important to note that certain goods have sharp
price changes, which affects model training. The results of
testing models trained on commodities with a relatively
stable price history (the difference between which did not
exceed 10-20%) and those with price spikes differ.

In this case, it is advisable to draw a conclusion about
which models should be used depending on these two
features. The tests revealed that:

e In the case of a small amount of training data (from

50 to 150 training items), the KNeighbors
Regressor and Decision Tree Regressor models
demonstrated higher accuracy rates.

e In the case of a large amount of training data (500
or more training items), the accuracy of the
Random Forest Regressor, Gradient Boosting
Regressor, and XGB Regressor algorithms
increases;

e In the presence of significant fluctuations between
historical commaodity prices, the accuracy of all
tree models increases, while distance and kernel-
based models show significant deviations from real
data;

e In the absence of significant fluctuations between
price values in the training sample, the accuracy of
the models improves and the data has a more stable

and linear relationship. Such models are
KNeighbors Regressor and Support Vector
Regressor. Also, in this case, the accuracy of the
basic Linear Regressor improves, which is
explained by the fact that it is easier to find a linear
relationship between data with small differences.

In real-life situations, these phenomena can be
combined, which makes it necessary to consider situations
where these phenomena overlap. The testing revealed that in
the case of high training data saturation and large
differences between historical prices of commodities, the
Gradient Boosting Regressor and XGB Regressor models
have high accuracy rates. In the opposite conditions, with a
small training sample and stable prices, Linear Regressor,
KNeighbors Regressor, and Support Vector Regressor
demonstrate higher accuracy rates.

As can be seen from Figs. 6-7, the obtained conclusions
hold for other commodities with a large and small number
of transactions. The MAE values for the eight models are
presented.
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Fig. 6 MAE of models trained on a large data set for five
randomly selected products
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Fig. 7 MAE of models trained on a small sample of data for
five randomly selected goods

V. CONCLUSION AND FUTURE WORK

This study demonstrates the potential of using machine
learning methods in dynamic pricing tasks. We have built
and analysed 8 machine learning models, with an
assessment of the performance of each model.



As a result of the study, a programme was developed
that predicts the price of goods depending on such indicators
as the quantity of goods, the date of purchase, and the
monthly demand for goods.

It was found that KNeighbors Regressor is the most
accurate model for a small number of transactions, and
Random Forest Regressor and Decision Tree Regressor for
a large number, while Linear Regressor and Support Vector
Regressor models showed large deviations from the real
price on the test data.

Future research on this topic could take into account
other features to determine the relationship with price, data
saturation, and data uniqueness or difference from each
other. Also, the algorithms used can be tuned with different
values of hyperparameters, which also affects the results in
case of changing the number or type of training features or a
different data set. Thus, creating a unified dataset for
comparing machine learning algorithms remains relevant.
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