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Abstract

The rapid development of information technologies contribute to the search for various
methods to increase the e-commerce company's profits. Big Data technologies are conducive
to developing varieties of personalized pricing strategies, in particular dynamic pricing
meaning a process of setting and developing prices for goods and services, where prices
change synchronously for all consumers depending on demand under current market
conditions. The implementation of dynamic pricing approaches is directly related to the use
of appropriate software capable of performing data mining. The important tasks are to study
the successful experience of powerful e-commerce platforms in relation to the tools that they
used for analysis, and to expand the toolkit of methods to support personalized pricing
strategies with methods working with Big Data. The purpose of this research is to study the
experience of modeling dynamic pricing and the proposal to involve the PLS regression both
to confirm the importance of dynamic factors and to predict prices in the implementation of
this strategy of personalized pricing in e-commerce. The approaches to pricing in e-
commerce are studied in the research. The features of different types of personalized pricing
(dynamic, customized, transactional) are identified too. The approaches to modeling of
dynamic pricing are explored. Applying PLS regression for predicting the impact of dynamic
factors on price is proposed. The study places special emphasis on identifying the dynamic
factors that have become increasingly important in recent years. Results of modeling confirm
that linear regression is not able to identify hidden predictors among a large number of
collinear factors (dynamic factors are often hidden and collinear) whereas PLS regression
does. The proposed approach is implemented by using data of the vacation rental e-platform
Airbnb.
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regression, Big Data, information economy

1. Introduction

The rapid development of technology, as well as the growth of the information sector of the
economy, contributes to the search for various methods to increase the company's profits or reduce its
costs. A promising area of the information economy is e-commerce. Interest in the e-commerce
market is increasing every year. There are objective reasons for this fact: the growing number of
Internet audiences, the growing share of online sales in total sales, the development of social and
mobile networks. The COVID-19 pandemic has also been a factor in the significant growth of this
sector of the economy.

One of the most widely used modern types of pricing in e-commerce is personalized or customized
pricing meaning dynamic price adjustment for consumers depending on the value that these customers

IT&I-2020 Information Technology and Interactions, December 02—-03, 2020, KNU Taras Shevchenko, Kyiv, Ukraine
EMAIL: gach.2012@gmail.com (G.Chornous); yaroslava.gorbunova @gmail.com (Y.Horbunova)
ORCID: 0000-0003-4889-1247 (G. Chornous)
© 2020 Copyright for this paper by its authors.
BY Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

O CEUR Workshop Proceedings (CEUR-WS.org)

71


mailto:yaroslava.gorbunova@gmail.com

attribute to the commaodities. Personalized pricing is a technology-based pricing system in which
different prices are set for the same goods for different consumers. The development of Big Data
technologies has contributed to the spread of personalized pricing strategy, as it provided companies
with the opportunity to analyze in real-time many factors on the Internet environment, such as
customer loyalty, purchase history on the site, consumer preferences, and more.

One of the types of personalized pricing is dynamic pricing. This type of pricing bases on a
process of setting and developing prices for goods and services, where prices change synchronously
for all consumers depending on demand under current market conditions.

The number of e-commerce retailers has grown over the past few years. With increasing
competition, they face the difficult task of maximizing profits while maintaining price
competitiveness. Dynamic pricing is a rational and effective solution to this problem because it takes
into account changes in supply and demand and recommends an effective pricing structure. If this
pricing strategy is implemented over a long period, it can significantly increase the overall revenue
and profitability of the business.

The implementation of dynamic pricing approaches is directly related to the use of appropriate
software capable of performing data mining. In recent years, arrays of information on goods,
consumers, and market conditions have become increasingly large. Therefore, on the one hand, the
task is to study the successful experience of powerful e-commerce platforms in relation to the tools
that they used for analysis, and on the other hand - to expand the toolkit of methods to support
personalized pricing strategies with methods working with Big Data.

The purpose of this research is to study the experience of modeling dynamic pricing and the
proposal to involve the PLS model both to confirm the importance of dynamic factors and to predict
prices in the implementation of this strategy of personalized pricing in e-commerce.

The outlined goal requires the solution of the following research tasks:

e Investigate approaches to pricing in e-commerce and show the prospects of personalized

pricing.

o Identify the features of dynamic pricing and explore approaches to its modeling.

e  Propose prospective models for predicting the impact of dynamic factors on price.

o Develop a dynamic pricing model to identify the significant factors that determine price

dependency.

The results of this study can be used in companies that apply or plan to use a dynamic pricing
strategy. They also can be helpful for the researchers who are interested in understanding the dynamic
factors that can significantly affect price changes.

2. Research review on pricing in e-commerce

There are plenty of different approaches to pricing that are used in e-commerce. In the article [1]
Tanir identifies such types of pricing as cost-based pricing (the company determines the unit costs for
each of the products and sets a target margin for each of them); market pricing (the company follows
the prices of competitors and offers the prices which are a little cheaper than their competitors’);
dynamic pricing (the company sets the optimal price in a specific period of time for a specific request
in real-time); consumer or behavioral pricing (the company segments the audience through the use of
real-time data, purchase history to accurately identify segments for customers); complete pricing (the
company combines products of the same nature as complementary goods, which increases the average
cost of the order, but the amount per order is less than buying all units separately) and market capture
(the company sets the price for a new product on the market below average and thus capture this
market segment).

Amongt the first studies devoted to dynamic pricing was the work of Weatherford and Bodily [2].
In that paper, dynamic pricing was shown as a tool to determine the optimal price for a product.
Further theoretical principles, methods, and approaches used for implementation are mentioned in the
works of Den Boer [3], Dolgui and Proth [4], Faruqui [5], Kannan and Kopalle [6], Sahay [7], Tong,
Wang and Zhou [8].
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A broader term that is used for dynamic pricing is ‘customized’ or ‘personalized’. The theoretical
foundations of personalized pricing are described in Obermiller, Arnesen, and Cohen [9]. This type of
pricing are defined as a strategy when “identical products are delivered, regardless of time or
situation, to different consumers at different prices” [9, p. 14]. Elmachtoub, Gupta, and Hamilton [10]
in their work define customized pricing as pricing that is based on personal information about the
customer. In this case, it is appropriate to use machine learning methods to determine personal
qualities.

The Office of Fair Trading [11] and the Organization for Economic Co-operation and
Development [12] consider that customized pricing is related to price discrimination.

According to larmolenko and Chornous [13], transactional pricing, as a type of customized pricing
which focuses on direct and indirect transaction features, is used only in the e-commerce market and
can minimize price discrimination.

The relationship between different types of pricing in the information economy is analyzed in [14].
This work presents the peculiar properties of the category ‘dynamic pricing’ in the papers of various
researchers. According to the authors, the concept of customized pricing is broader than dynamic or
transactional ones. It is not limited to a particular market and is defined by the widest variety of
factors that affect pricing. Dynamic pricing does not take into account the subjective characteristics of
customers. Transactional pricing narrows the category of customized pricing to the e-commerce
market.

Bichler uses the term ‘flexible pricing’ in the research [15]. He distinguishes between
differentiated pricing (when different buyers are assigned different prices based on expected price
values) and dynamic pricing (prices are formed during trading between market participants). In the
author’s opinion, flexible pricing covers both of these categories.

According to the research review, there is no consensus on the boundaries of the definition
‘dynamic pricing” among researchers. There is no clearly defined list of parameters the variation of
which will maximize profit [14]. So, Srivastava in the paper [16] showed that dynamic pricing
includes two aspects: price variance and price discrimination. Price variance can be spatial or
temporal. In the spatial variance of prices, several sellers offer this item at different prices. With a
temporary dispersion of prices, the store changes its price for a given product over time, based on the
time of sale and the situation of supply and demand. An aspect of dynamic pricing is differentiated
pricing or price discrimination when the same products are charged different prices to different
consumers.

Belyh in the work [17] identifies the following types of dynamic pricing to solve a specific
problem in the market.

1. Segmented pricing: divide customers into different segments by certain factors (price, quality,

etc.).

2. Time-based pricing: inherent in companies that earn on fast service and work around the

clock.

3. Changing market conditions: frequent changes in market conditions which cause the need of

the companies to adapt quickly.

4. Peak pricing: most effective for peak periods in all industries.

5. Penetration pricing.

In this study, while defining ‘dynamic pricing’, the authors emphasize the synchronous change of
prices in order to clearly separate the concept from the category of ‘customized pricing’ and avoid the
association of the category with price discrimination. Therefore, segmented pricing is not considered.
The authors also decided not to limit the goals of dynamic pricing only to the financial goals of the
company but also include reputational goals. Maximizing profits, especially for a limited period of
time, is not a fairly correct goal: a wrong pricing strategy can have negative consequences in future
periods. One of the most difficult aspects of using a dynamic pricing strategy is the difficulty in
determining consumers' willingness to pay. In addition, the cost of setting such prices can be very
high. In large measure, this problem has been overcome through the use of the global network and
Big Data technologies.
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3. Related work in modeling dynamic pricing

The idea of dynamic prices is very transpicuous. The company should adjust prices to demand.
However, its implementation is much more difficult. To achieve this idea, the company uses different
pricing approaches. Dynamic pricing algorithms provide flexibility because e-commerce companies
can set prices based on different customer groups. The main idea is to offer the best price based on
market trends, fluctuations in demand, customer behavior, purchasing power, and many other factors.

Among the classical pricing models can be distinguished parameterization of the demand function.
The essence of this model is that the form of demand function is known. It is only necessary to find
the parameter for this function bases on the historical data that will satisfy the condition of the
problem. The problem is that there are about a dozen different possible types of the demand function.
These functions of demand are constantly influenced by macroeconomic, psychological factors,
consumer preferences, changes in fashion, and so on. These non-price factors affect the form of the
function. Bertsimas and Perakis [18], Boer [19], Carvalho and Puterman [20], Lobo and Boyd [21]
studied the parametric model.

The nonparametric approach is inverted to the parametric. In this type of model, price optimization
occurs without constructing the demand function. There are a lot of methods that are used for price
optimization. Stochastic approximation, Bayesian inference, Poisson process as a basis for the model,
etc. are among them. The application of nonparametric approaches is described in Parkhimenko's paper
[22].

Now non-parametric approaches are very popular. Among non-parametric models are economic
and mathematical models, data mining. Scientists have substantiated the effectiveness of statistical
and econometric approaches in their researches. They have also described different models for
modeling and forecasting dynamic and personalized pricing in their papers. Carta, Medda, Recupero,
and Saia considered ARIMA models [23], Liu, Liu, and Chaninvestigated used stochastic differential
equations [24], Tseng, Lin, Zhou, Kurniajaya, and Li suggest signal processing methods [25], and also
Tyralis, Papacharalampous presented the random forest method [26], etc.

In dynamic pricing, in addition to complex approaches based on mathematical modeling, there are
other algorithms: the price changes depending on the offer of competitors based on price parsing
(automatic monitoring of prices for competitors' products).

The model based on inventories was studied by Chan, Shen, Simchi-Levi, Swann [27],
Elmaghraby, Keskinocak [28]. According to that approach, pricing decisions are based on the number
of inventories of the firm. The problem of dynamic pricing can be defined as the problem of
maximizing the company's total revenue except for production costs and inventory storage costs. The
auction model assumes that the price is set by the auction participants based on the value of the good
for each agent. This model was studied by Bichler [15], EImaghraby [29].

Game models can also be used for dynamic pricing. Such models should be used in a highly
competitive economy when sellers compete for the same group of buyers. Various ways of computer
modeling of prices in such cases are considered. Models based on cooperation between e-market
players are the most realistic and bring the most benefit to market agents. Federgruen, Bernstein [30],
Cao, Shen, Milito, Wirth [31] studied the models of game theory. An e-commerce company can
combine several models and use them for modeling and forecasting dynamic pricing.

4. Forecasting dynamic factors of pricing based on models of Big Data
analysis

The last decade has shown an unprecedented increase in data in all areas of economic activity,
including e-commerce. The amount of data on the activities of customers collecting electronic
platforms is constantly growing. It is important that the set of factors influencing the formation of the
price is considerably expanded. That is why it is crucial to know what factors can be included in the
models of dynamic pricing. Involving more factors helps to increase the accuracy of the forecasts.

The model based on the use of Big Data technology on the Internet environment is considered by
Yang, Zhao, Xing [32]. The model involves the use of methods that analyze statistics or other
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parameters to determine consumer preferences and optimal dynamic prices. Among the technologies
used are data mining, necessary for decision making (search for associative rules, classification
problems, cluster analysis, regression analysis, detection and analysis of deviations, etc.), machine
learning, simulation, statistical analysis, time series analysis, etc. To implement these technologies,
various software products are used, including R, Python, MatLab, NoSQL, Hadoop, etc.

A special place among the models of dynamic pricing is occupied by machine learning models,
which provide for the analysis of large arrays of information. Usually, the main parameters of the
market environment are subject to constant dynamic changes, so it is impossible to predict all options
for the development of the market system. Computer technology and Big Data technology have
provided an opportunity to predict the main trends in market development and design pricing models
for them. The researches in this area were done by Gupta, Ravikumar, Kumar [33], Zagaynova [34].

The main purpose of dynamic pricing is to respond in real-time to changes in factors that affect the
price. Based on the approach described in this paper, these factors can be divided into two groups:
dynamic (factors values of which change over time and depend on market conditions) and others
(characteristics of the product or service and the characteristics of customers). Importantly, the
number of dynamic factors available for observation in the information economy, specifically in e-
commerce, is growing as rapidly as the set of behavioral characteristics of customers.

The feature of dynamic factors is that often they are collinear and quite difficult to determine
which of them should involve the model or be excluded. Dynamic factors contain latent variables, the
impact of which on the price is difficult to investigate using classical econometric or statistical
models.

Promising models that can effectively predict changes in model factors are, for example, ridge
regression and neural networks but none of them include hidden factors that are most useful in
modeling. This disadvantage is absent in the model of PLS regression (Partial Least Squares, or
Projection into Latent Structure). The PLS regression uses the decomposition of the original
predictors along the axes of the principal components. This model also allocates a subset of latent
variables in which the relationship between the dependent variable and predictors reaches the
maximum value. The research [35] provides a comprehensive overview of Partial Least Squares
(PLS) methods with a discussion of the directions of current research and perspectives.

The general underlying model of multivariate PLS is

X=TPT +E, )
Y =UQT +F, (2)
where X — nxm matrix of predictors, Y- nxp matrix of responses, T and U - nx| matrices projections
of X and projections of Y, P — mx| orthogonal loading matrix; Q — pxI orthogonal loading matrix,
matrices E and F are the error terms, assumed to be independent and identically distributed random
normal variables. The decompositions of X and Y are made to maximize the covariance between T and
u.

PLS regression is a useful method when the factors are many and highly collinear. The increase in
the number of dynamic characteristics of price formation in e-commerce means the increase in the
number of model factors that correlate with each other. There are many obvious factors. However,
there may be only a few keys or latent factors that explain much of the variation in response. The
main idea of PLS regression is to try to extract these latent factors. Thus, the PLS model should be
used to determine the most influential dynamic factors in the modeling of dynamic pricing.

Until the advent of Big Data, this approach was not used to establish a set of important factors that
affect dynamic pricing. The current volumes of information resources cause the possibility and
prospects of using the PLS model for forecasting in the field of e-commerce.

In the next section, we will demonstrate the implementation of this approach in comparison with the
classical linear regression. We use the booking service Airbnb to study the models of dynamic pricing.
In a number of studies [36-37], this service has already been considered as an object of development of
a flexible pricing system. The purpose of dynamic pricing was to obtain the maximum profit for each
future booking date. Thus, the article [36] presents three pricing models. The reservation probability
model, based on the binary classification model, shows the probabilistic forecast of the reservation of
flat for each night. Based on this model and two indicators (price decrease recall and booking regret) a
model of pricing strategy is built. The model is based on historical data on booking prices on a particular
night.
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Based on information from the booking probability model, pricing strategy model, and
quantification, customers were offered personalized prices that satisfied them as consumers and
allowed the company to maximize profits.

In this study, we are going to develop applied approaches through the use of the PLS regression to
analyze the impact of dynamic factors on price change and to show the prospects for the widespread
introduction of this method for pricing and price forecasting in e-commerce.

5. Modeling of dynamic pricing in booking accommodation

We examined the popular vacation rental e-platform Airbnb’s data [38] to model the dynamic
pricing in order to determine the factors that most influence the price formation.

Airbnb is an American vacation rental online platform designed to view and book accommodation
for rent. It is a marketplace where tenants and renters interact. The online platform connects owners
and travelers and facilitates the rental process. In addition, this service develops the economy of
shared use, allowing property owners to rent private apartments.

The main task of modeling is to find out the factors that determine the rental price dependency and
their significance; identify the dynamic factors that are most influential in dynamic pricing when
booking accommaodation. Data analysis and modeling were performed in the software environment
RStudio.

5.1. Data preparation

To build the model, we considered data on future bookings of vacation rent in Madrid
(17.03.2020-17.03.2021), which contained the price for accommodation and information about
available housing (table with data ‘Calendar’) and data with a description of housing (a type of
housing, host rate, reviews, accommodation, and other characteristics) (table with data ‘Listing”). The
dataset was formed by combining two tables (Figure 1).

Calendar Listing_id id , Listing

Figure 1: Data connection scheme

The data needed to study pricing on the Airbnb platform contains a significant amount of
categorical data. Some of the data can be transformed into Logical or Numeric views (for example,
the presence/absence of certain rooms, facilities, and devices; proximity to the sights of the city),
some important data (for example, such factor as feedback) may be involved in the study only after a
sentimental analysis. In addition, the data also contained quite a few missing values. Based on the fact
that the simulated building of missing values can distort the results, we got rid of rows and columns
that contained a large number of spaces. The appropriate values of the categorical factors were
converted to Logical (0/1) and Numeric types.In the next step, we formed several new factors. For
example, among the non-dynamic factors based on the coordinates of the house location was
calculated the distance to the city center. Because the important task of modeling is to determine the
influence of dynamic factors, the set of such factors has been expanded. Variables were introduced to
determine the number of days before settling: x1 - less than 290 days, x2 - more than 290 and less
than 360 days. The threshold value of 290 days is justified by the fact that at this time there was a
significant jump in price. This was the beginning of a new year, relative to the date of the study
(March 17, 2020). We also singled out the day of the week when housing was ordered (0 - weekday, 1
- day off or holiday) and, on a similar principle, when housing was booked. A column was added with
the popularity of housing, showing the percentage of booked housing per month of all housing offered
by a particular owner. 23 columns (of 71) with 639,999 rows of data were formed after data
processing. Table 1 describes the main factors of the processed dataset.
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5.2. Data analysis

In order to initially understand the data, we have performed a visual analysis of the data on
booking accommodation in Madrid. For the analysis, we used the RStudio software environment. For
this purpose, we used such tools as bar and line charts, histograms, boxplots, scatter plots, correlation
matrix and map, and others. The results of the analysis allowed us to obtain the set of conclusions.

The highest demand for housing was observed in the center of Madrid, slightly less in the north
and north-east. The housing in the west and south areas are the less booked. In all areas of Madrid, a
significant advantage is the booking of apartments (60% - 89%). The closer the area is to the center,
the higher the percentage of apartment booking is. Private houses take the second place in terms of
booking, both in the central and the outlying districts. The highest prices are in the central regions.

Table 1
Data types
Data Type Description
listing_id Numeric  Booking code
Date Date The date on which the accommodation is booked or
available for booking
Available Logical Available or booked accommaodation on a specific date
host_acceptance_rate Logical The host acceptance rate
is_location_exact Logical The correctness of the specified location
accommodates Numeric  The capacity of housing
guests_included Numeric Number of guests
number_of reviews Numeric Number of reviews
review_scores_rating Numeric Total rating by reviews
instant_bookable Logical The time rate of booking
TV Logical Availability of TV
Internet Logical Availability of the Internet
AirCondition Logical Availability of air conditioning
Pets Logical Opportunity to live with animals
Kitchen Logical Availability of kitchen
Breakfast Logical Breakfast included
Weekday1l Logical The day of the week when the order is placed
Weekday2 Logical The day of the week on which the booking is made
distance Numeric Distance to the center
X1 Logical Less than 290 days before booking
X2 Logical More than 290 and less than 360 days before booking
Price Numeric Price
i.available Numeric Percentage of booked housing per month

When analyzing prices considering popular days of the week for the rent, the highest demand is
observed on Saturdays and Sundays. This tendency can be explained by the fact that people have days
off. The cheapest prices are on Thursdays. Surprisingly, low prices are also observed on Fridays. The
data also show a high spike in prices at the end of June. This can be explained by the fact that the
famous national holiday of San Juan, which attracts tourists, occurs during this period in Spain. The
rise in prices at the end of the year is due to the fact that tourists come to celebrate the New Year in
Madrid.

The trend is also similar considering the dependency of the price on the day of placing the order.
You will have to pay more ordering on weekends. However, low prices are observed when looking
for housing on Mondays.

The increase in the price of accommodation is directly proportional to the number of bathrooms up
to 5 rooms, while after that amount the price decreases. There is a similar dependence on the number
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of rooms in an apartment but prices increase slowly. Considering a housing capacity, the cheapest
prices are for the housing which can accommodate 1 person or 9 people, and the most expensive
prices are for the housing which can accommodate 6 or 12 people.

The correlation analysis of the dependence of the variables demonstrates a high correlation (value
0.7 and higher) for almost half of the factors. Among collinear factors, almost 70% are dynamic
factors.

5.3. Modeling of dynamic pricing and interpretation of results

Among the main dynamic factors for developing models, we included the day of the week when
the order was made, the booked day of the week, the number of days before booking, the number of
reviews, the total rating for reviews, the time rate of accommodation booking, the percentage of
accommodation booked with the same owner during the month. And non-dynamic factors include the
distance to the center, the capacity of housing, the availability of a kitchen, the Internet, air
conditioning, TV, the inclusion of breakfasts, and so on.

We determined the significance of the factors using linear regression and the PLS model. Their use
provides an answer to the question of whether dynamic factors significantly affect price formation.

Linear regression is a standard and reliable tool for finding linear relationships between factors but
it has many limitations and disadvantages, especially in Big Data environment. The PLS model
should help in finding latent pricing factors, especially this model is suitable for forecasting based on
large information arrays in conditions of high collinearity of factors.

To construct a linear regression, we selected factors that showed a low level of correlation in the
previous analysis. This limitation significantly narrowed down many factors, especially dynamic,
because, for example, the days of the week or the number of days before booking had a high level of
collinearity. Several linear regression models were built based on the selected factors. The best model is:

Price =3.67 + 0.18accommodates — 0.06x, —0.06distance + 0.15i.available 3)
where accommodates — capacity of housing, X, — less than 290 days before booking, distance —

distance to the center, i.available — the percentage of accommodation booked with the same owner
during the month.

To determine the quality of the model, we need to check several conditions: the absence of
multicollinearity, absence of heteroscedasticity, and absence of autocorrelation.

So, in this case we explore panel data as the basis for modeling, and not time series, therefore it is
sufficient that the first two conditions are met.

To check for multicollinearity, we realized two tests: VIF and Cl. Both tests confirmed the absence
of multicollinearity (Cl = 11.14 < 30; VIF = 1.05 < 10).

To verify the absence of heteroscedasticity, we used criteria Goldfeld-Quandt and White. Both
tests verified heteroskedasticity. We got rid of heteroskedasticity using a covariance matrix without
heteroskedasticity.

All the factors of the regression are significant but R? has a value of 0.5059, which indicates that
the value is not enough to justify the forecasts. At the same time, we can confirm the presence of
dynamic factors in the model. According to the simulation results, it turned out that the price is
affected by the housing capacity, distance to the center, accommodation booking for 290 days, and the
percentage of accommodation booked with the same owner during the month. As you can see, among
the dynamic factors, these are the number of days before booking and the percentage of booked
accommodation for the exact date. The presence of dynamic factors suggests that they affect the price
and confirms that this online platform is used the dynamic pricing strategy.

The next step was the implementation of the PLS regression. Among the advantages of using this
model in comparison with the linear regression is that there is no need to narrow down factors set
because this model effectively works with multicollinear data and with a large number of predictors.

PLS model finds the useful information that is contained in independent variables and in the
relationship between dependent and independent variables. The goal of PLS is to maximize the
covariance between variables X and Y in order to uncover latent factors. The main assessment of the
quality of the model is the minimization of standard errors.
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Based on the results of PLS modeling, we see that one component can explain 17.7% of the
information, and 3 components can explain 51.2%.

The resulting model was the model with the lowest standard deviation and the highest R% The R?
estimate for this model is a non-standard quality assessment, so it was calculated using an
econometric formula. The VIF projection approach was used to randomize the significance of the
factors. The results of comparing the importance of predictors are presented in Figure 2.
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Figure 2: Influence of importance of factors on pricing

By estimating the magnitude of the impact of each of the factors on the price, we see that the most
influential are such dynamic factors as booking accommodation 290 days before the trip, the time rate
of booking, and booking more than 290 days but less than 360. Slightly less impact on price has
accommodation capacity and the distance to the center.

The PLS regression demonstrates a high dependence of dynamic factors on the price. As the
importance of the dynamic factors is 51.2% for determining the price.

Estimates of the quality of the main resulting models in the research, as well as the names of
significant dynamic factors, are summarized in Table 2.

Thus, both models, which were developed based on the booking database of the Airbnb platform
in the city of Madrid, demonstrated the dependence of the rental price on dynamic factors. In addition,
we can make sure about the high level of significance of dynamic factors in both models.

At the same time, we see that the results of applying the linear regression model give a rather
rough estimate on a large data set (low value of R?). The PLS regression delves more subtly into the
hidden relationships between factors in the context of Big Data and demonstrates a range of
significant dynamic factors. This fact once again confirms the feasibility of using such an approach to
modeling dynamic pricing in the presence of huge arrays of observations.

A significant amount of effort to prepare the data for modeling is one of the main problems that
occurred during modeling. This is due to both the need for data integration and the low quality of the
original data. A large amount of categorical data was needed to be transformed. Some problems
concerned the expansion of the range of dynamic factors.

Some problems were caused by the fact that the initial data were uploaded on a specific date, so it
is difficult to see the dynamics of change. The dataset is based on the offered prices by the service for
home owners and this affects the accuracy of forecasting (for example, prices were presented in the
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format: 70, 75, 80, 85, etc, rounded to integer multiples of 5). Adjusted host prices would have shown
a greater dynamic relationship.

Table 2
Estimation of model quality
Indicators Linear regression PLS regression
R? 0.5059 0.6842
RMSE - 27.4188
Dynamic factors X1, i.available X1, instant_bookable, x;

It should also be noted that the analysis of large amounts of data requires significant computing
capacity and requires more time for modeling.

6. Conclusion

In today's competitive market environment, e-commerce has a number of advantages over
traditional trading. Among these advantages are the absence of maintenance costs, low market entry
costs, low ‘menu’ costs, flexibility, as well as the ability to use significant amounts of information on
the specifics of the sale or purchase transactions to form favorable prices. The development of the
information economy, especially the e-commerce market, facilitates faster adaptation to changes in
market conditions and consumer preferences. The new opportunities allow companies to set the
optimal price for a specific period of time for a specific consumer.

More and more e-commerce platforms are using dynamic pricing as a type of personalized pricing.
Among the positive aspects of dynamic pricing usage can be identified the growth of business
profitability, the absence of direct price discrimination, because it does not take into account
information about the behavioral characteristics of a particular customer, their solvency, and so on.
These special features alleviate the ethical issues that typically arise from customized pricing. Prices
are the same for all consumers but depend on time factors.

The features of dynamic pricing include the speed of response to changes in the market, flexibility,
control over pricing strategy, cost savings in the long term, implementation of specific software into
management processes that promotes informatization and digitalization of business.

This study with the mathematical modeling implementation confirmed the use of dynamic pricing
strategies on the popular online service Airbnb. Significantly, this online platform is recognized as
one of the most successful businesses in e-commerce. It has many competitive advantages, which
confirms the growth of its popularity compared to the popularity of Booking and other similar e-
services.

This fact once again confirms the relevance of studying the company's successful experience to
increase competitiveness in e-commerce and prospects of using modern data mining technologies and
powerful methods to form strategies for pricing and determining factors affecting prices. This study
places special emphasis on identifying the dynamic factors of pricing that have become increasingly
important.

When implementing the new software to support personalized pricing, e-commerce companies can
use the approach proposed in this study, namely, the PLS regression. The advantages of this model
are the ability to identify hidden predictors among a large number of collinear factors (dynamic
factors are often hidden and collinear) and good performance in the processing of large information
arrays, even in cases where the number of observations is small, and number of factors is large. It is
also important to note that the inclusion of this algorithm in the toolkit of other methods and
approaches does not require significant funds, as it is present in most popular open-source libraries.

It should be noted that we can recommend the use of PLS regression in the implementation of all
other types of personalized pricing because in modern conditions the constant increasing the number
of factors is also due to the expansion of the range of behavioral characteristics of consumers.

Thus, the use of the PLS model answers the today’s challenges and this approach should take its
rightful place among the tools to support personalized pricing.
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