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Abstract: The paper is focusing on the problem of price optimization in the area of accommodation
services. The main aim is to propose a novel simulation-based methodology of price optimization
based on the customer’s price acceptance. The authors create a model based on the known approaches
but extended by the stochastic approach and optimization based on the coefficient of price elasticity.
The whole model is created, the price is set and optimized in two steps. The first step makes
segmentation and optimization (with the price elasticity approach). The second step then sets the
price of the reservation—the final price for a customer. This reservation price is mainly determined
by knowledge of the length of stay, occupancy and booking lead time. All those parameters are
described in the text from the economic point of view and make the base for the whole and complex
revenue management model.

Keywords: accommodation service; nonlinear programming; price optimization; revenue manage-
ment; price elasticity

1. Introduction

The current hospitality industry is highly affected by the intensive use of information
and communication technologies, and potential customers can easily access an extensive
amount of information generated not only by the accommodations themselves but the
other customers via reviews or word of mouth as well [1]. This leads accommodation
entrepreneurs to rethink their long term strategies and focus on their core objectives, while
effectively allocating their resources to maximize their core strengths [2]. Ortega et al. [3]
stated that one of the critical competencies to focus on while building a sustainable business
strategy is e-commerce, the proper understanding of customers and tailoring company
offers to their needs through e-commerce tools. Even though entrepreneurs and customers
tend to use different online platforms, a well-developed online customer relationship
management (CRM) platform can boost the competitive advantage not only in the online
market but also in the offline one [3].

Developing or simply adapting the online platforms into a business strategy as the
communication or distribution channels can improve a business’ visibility and competitive-
ness [4]. On the other hand, this adoption leads to the need of adopting new technologies
such as channel management tools that can help with labor efficiency as the process of data
loading and updating on various online platforms can be labor-intensive [5] and expensive
for smaller accommodation businesses and require the employment of other strategies in
connection to the available management and their proper pricing.

These strategies are directly linked to revenue management, which can be described
as the strategy of selling the right products to the right customers for the right price (rate)
at the right time [6–8]. Current research in revenue management mainly focuses on pricing,
more precisely, dynamic pricing on online platforms [9–12]. In this scope, it is crucial to
mention that a considerable part of the sales in the hospitality industry are completed
offline through traditional contracts, and dynamic pricing is mainly used while targeting
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the online market [13]. Koushik et al. [14] state that revenue management and revenue
management tools are mainly used to optimize revenue within the transient segment.

The use of modern technologies brings hoteliers great opportunities to use the avail-
able data to improve their decision-making processes and customer-centric strategies. The
volume of data is still increasing as the behavior of hotel clients can be tracked from their
first travel intention until their post-stay behavior, and the data analysis and data-driven
procedures are being implemented in hotel operations. The negative aspect of big data is
closely connected to the lack of knowledge within their analysis and unclear perception of
their use within the operations [15].

The are many areas where big data are being used, for example, within the customer
relationship management while identifying the most valuable customers and their groups [16],
efficient forecasting and identification of hotel reservation cancellations [17,18], demand fore-
casting [19], and customer behavior identification and modelling [20]. Ivanov et al. [21] also
highlight the current gap between revenue management practitioners and researchers where
the big data are being mentioned as one of the topics mainly examined by the researcher
with weak coverage in hotel operations. It is essential to mention that the focus of the big
data-oriented studies is closely (mainly) connected to the topic of revenue management and
dynamic pricing.

Even though there are many studies in revenue management and dynamic online
pricing, there is still a lack of novel and evidence-based research describing the revenue
management methods in a comprehensive and applicable way, and there is still a need
for better understanding the customers’ behavior and online pricing [22,23]. Based on
a study by Ivanov et al. [21], it is essential to propose not only theoretical models but
also examine their practical applications. As described in the literature review, there are
primarily theoretical studies using simple models, including their detailed description or
application studies without a detailed methodology description. The studies use many
assumptions as well and do not reflect current changes in demand for hospitality services.

The main aim of this article is to propose a simulation-based methodology of price
optimization based on the customer’s price acceptance (based on the price elasticity of the
demand coefficient). The whole approach is based on the two steps of price determination.
The first step is linked with the general price optimization based on knowledge of the
price elasticity of demand for the current segment. The second step is based on the
multiplicative and additive approach of setting up the price of the current reservation.
This approach would like to describe all direct and indirect determinants of price in the
hospitality industry.

2. Literature Review

As mentioned in the previous section of this article, current research mainly focuses
on the dynamic pricing on online markets, while omitting the need for a proper description
of the methods used. The following sections are focused on the key evidence in the field
of e-commerce in the hospitality industry and the description of pricing models used to
match the customers’ needs and their price acceptance characteristics.

Past research and revenue management tools and techniques were mainly focused on
availability control [14,24], while current research highlights the need for price optimization
and dynamic pricing [6,8,25]. A meta-study by Vives et al. [8] showcases the sources of
price variability and demand segmentation as the reasoning for the price optimization
models and their development.

Several studies are focused on price optimization using various outputs. Koushik et al. [14]
describe price optimization using the updated PERFORM (the revenue management tools
of InterContinental Hotel Group—IHG) methodology based on the hotel occupation, price
demand elasticity and competitors rates. During this time, PERFORM used the assumption
of independent demand and mainly controlled the availability and LOS (Length of Stay)
inventory connected to the deterministic model of Baker and Collier [26]. The development of
the internet and e-commerce caused a shift from availability control to dynamic pricing using
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various factors (customer’s behavior and competition characteristics). The updated model
focused on price optimization for a specific date and LOS based on the demand (represented
by the hotel and its competitors), room costs and hotel availability characteristics.

Another practical implementation of advanced price optimization is linked to the
Carlson Rezidor Hotel Group, where the price optimization model was based on the price
elasticity of demand, market (competitors) rates, room availability, forecasted demand
(based on the historical data of hotel customers—length of stay, rate segment, day of the
week and lead time) and business rules. The proposed price optimization model increased
the revenue of compliant hotels by 2–4% more than the non-compliant ones [27].

Pimentel et al. [28] developed a revenue optimization method based on the demand
estimates in a specific market segment ahead of the planning horizon, where the method
optimizes the availability (overbooking levels) and allocation to the specific market segment.
The same author [29] focused on comparing nested network and bid price allocation
methods, where the nested network method overperformed the bid price method. The
authors stated that the hoteliers should shift to nested network allocation as the current
revenue management tools are more available.

Goldman et al. [30] focused on allocation optimization using the deterministic model
of demand of Weatherford [31] and the stochastic model of De Boer et al. [32]. Both
models were also tested in connection to the booking control policies mentioned by Pi-
mentel et al. [29], the bid prices and nested booking limits. The best performing optimiza-
tion was based on the stochastic model/programming with nested allocation methods. Lai
and Ng [33] used the network optimization model, which is the stochastic programming
approach in its nature as the optimization considers the uncertainty of the demand and
customer behavior, mainly focusing on the number of hotel rooms demanded and the
reserved length of stay. Other concepts such as cancellations and no-shows, business
rules, early check-ins, overbooking and extended stays are discussed as well. The length
of stay was later developed more in detail, using the stochastic approach [34,35]. The
same approach, the dynamic stochastic programming model, was used not only for price
optimizations within the hospitality industry but also for car rentals [36]. The authors
based their model on the advanced demand information (ADI) and its combination with
uncertain non-ADI customers.

Another approach, dynamic programming, can be used to identify the optimal selling rate
based on the time variables and availability, mainly within small accommodation facilities [37].

Based on the previously mentioned studies, two different approaches to price opti-
mization can be identified—deterministic and stochastic [24]. The deterministic models are
suitable mainly when the customer’s sensitivity to price changes varies during booking
horizons, while the stochastic approaches are preferred in situations where more vari-
ables should be taken into account. When focusing on the output of the studies, the
stochastic approaches outperform the deterministic ones [38] and are more relevant to
customer behavior [39].

When focusing on more recent studies, for example [8], the concept of price opti-
mization is mainly focused on the identification of the variability of customer behavior
under specific conditions and demand forecasting, mainly on historical data (previous
performance of accommodation facility) [40] and current data [41,42], a stochastic approach
to price optimization.

Respecting the current focus of research within the price optimization, it is important
to mention that several of the previously mentioned optimization studies [14,28,29] are
mainly (some of them only) focused on the transient leisure segment, the most essential
segment within e-commerce and online sales. The proposed optimization model takes into
account the differential behavior of market segments, which is why it is beneficial to focus
on the various approaches to market segmentation and price demand elasticity measuring
as well.

The studies mentioned in the previous section of the literature review use the key
characteristics of customers (in most cases, mainly the price elasticity of demand) mostly
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nested within the market segments. None of these studies mention the process of market
segmentation and segments development. Revenue management is mainly based on the
understanding of the behavior of various market segment. Koushik et al. [14] describe the
broad perception of market segmentation in the hospitality industry where the transient
and group segments are identified. Lee et al. [43] propose a more analytical approach to
market segmentation, where the transient segment is divided into the retail and negotiated
segments, and the retail segment, consequently, into restricted and non-restricted segments.
The authors focused mainly on the acceptance of the selling rates and the development of
the willingness-to-pay in time for restricted and non-restricted stay offers.

A very complex overview of market segments and segmentation criteria is proposed
by Ivanov [44], where the whole process of market segmentation is being described from
various perspectives. When focusing on the revenue management point of views, it is
crucial to focus on the behavioral criteria and the data-driven market segmentation. Vives
et al. [8] identified two approaches toward market segmentation, the internal and external
market segmentation, where the external segmentation focuses on the factors that cannot
be controlled in short terms by the revenue managers and the internal segmentation focuses
on the controllable ones.

In short terms, the booking dates, rate fences, type of tourist and seasonality are
considered. Aziz et al. [45] described the behavior of low-price tourists who tend to occur
in early booking stages, while the increased prices can be identified in close to arrival
stages. This is proved by the findings of other studies [37,43], which consider the different
behavior of customers across the booking horizons. The goal of revenue management is to
effectively balance the structure of the customers based on their variable behavior in the
booking horizon (lead time) [46].

Rate fences are the rules that are used to segment the demand more comprehensively
in order to justify the differential pricing [47]. The most commonly used fences are closely
connected to the refundability of the offers, minimum length of stay and group size [44],
hedonic product characteristics, loyalty, lead time, corporate membership or reservation
conditions [48,49].

The commonly used segmentation of customers into business and leisure is closely
connected to a specific marketing strategy. Many studies describe the difference between
leisure and corporate clients [13,43,44,50].Moreover, it is crucial to understand the possible
seasonality of the demand on a yearly or even on weekly basis, while targeting various mar-
ket segments as the leisure segment is mainly travelling during weekends and corporates
during weekdays [13]. Other studies within the seasonality of the demand also focused on
the school holidays, religious festival and special events and differences between low and
high seasons [43,49,51].

From this perspective, we can see that there are many approaches toward market
segmentation, while all of them are closely connected to the domain of big data and
data-driven market segmentation. One of the key characteristics of the current market
segmentation stated by Dolnicar [52] is the fact that the data-driven market segmentation
should be always considered as an exploratory study focusing on the individual behavior
of hotel customers.

While taking into account the previously mentioned factors, we can state that one of
the key customer characteristics that represents behavior is the price demand elasticity [53].
The concept of price demand elasticity is describing the connection between public (visible
online) rates and the quantity of hotel rooms demanded. The resulting coefficient can be
used to describe the reactiveness of the client to the price change. When focusing on the
price demand elasticity, several approaches can be identified. Price demand elasticity is
estimated based on the rate segments [27], log–log regression model [54], autoregressive dis-
tributed lag model [55], linear and non-linear demand function [43], logistic regression [50]
and multiple logistic model [56,57].

Tran [55] used an autoregressive distributed lag model for the evaluation of economic
factors and their connection to demand for a luxury hotel in the US. The study works with
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the price demand elasticity coefficient that varies from −0.03 in the long term to −0.02 in
the short term. A study by Rosselló et al. [58] focused on the demand for accommodation
services in Germany, the UK, France and the Netherlands, while focusing on the elasticity
of demand, finding values of the coefficient from −0.51 to −4. A combination of the
previously mentioned approaches towards the elasticity of demand (destination level and
narrow product level category) can be found in a study by Damonte et al. [59], where the
price demand elasticity differs based on the level of services and the destination size, where
the properly defined region can bring better results than the aggregate approach. The same
results are proposed by Canina and Calver as well [60].

A study by Hiemstra and Ismail [61] focused on the elasticity of demand considering
several variables and the impact of taxes as well, where the supply elasticity coefficient
reached the level of 2.86, contrary to the −0.44 price demand elasticity for lodging services.
Similarly to the output of this study, Bayoumi et al. [62] identified the price demand
elasticity of −0.4 as one of the main multipliers in revenue management optimization.
Aziz et al. [45] used price demand elasticity in the optimization model.

Based on the results of the previously mentioned studies, it is clear that the proposition
of a novel approach toward price optimization must be connected with its applicability in
the hospitality industry [21] and proper methodology description.

3. Model Proposal (Methodology)

The whole process of price optimization based on the price demand elasticity can be
described using the following Figure 1:
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Figure 1. Process of Price Optimization and Setting.

The whole process consists of four major steps (1) the market segmentation, (2) the
calculation of price demand elasticity, (3) general price optimization (optimization of
the price level), and (4) the optimization and determination of the rate of the specific
(individual) reservation.

3.1. Market Segmentation

The following model describes the steps of price optimization using customer’s
characteristics, mainly the price demand elasticity of identified market segments. Due to the
fact that the data-driven market segmentation can identify differences in market segments’
behavior based on the property characteristics, we assume four basic market segments with
the possibility of their behavior set up based on the individual hotel characteristics. From
the model development perspective, the segments and their description should mainly
capture the connection of the segment with the specific price level and price demand
elasticity coefficient distribution, as well as, for example, the preferred distribution channel.

3.2. Price Demand Elasticity Estimation

As proposed in the literature review, there are various approaches toward measuring
the price elasticity of the demand. Within this model, we assume three different options
that can be applied, namely using (1) the log–log linear model used by Petricek et al. [54], (2)
an arc elasticity estimate using the Monte Carlo simulation, or (3) an individual coefficient
values setting.



Mathematics 2021, 9, 1552 6 of 16

The log–log linear model is based on the linear regression function and the coefficient
of price elasticity is then the estimated parameter β1 in the following regression function:

logQi = β0 + β1 × logPi + εi, (1)

To determine the coefficient of price elasticity using the Monte Carlo simulation, it
is possible to use the following approach based on the arc elasticity. This new approach
is based on the probabilistic distribution function (in this example normal distribution),
which is an input into the iteration algorithm for the Monte Carlo simulation solution.

The normal distribution was used as an example to realistically capture the complexity
of the proposed methodology. On the other hand, the whole method can be updated for
a specific case-estimated distribution function that would reflect the specifics of selected
characteristics [45,62]. In previous research, the binomial distribution was used to simulate
the arrivals and demand in general [26,63] or the Poisson process [26,64]. Alternatively, the
BetaPERT distribution can be used, as it is commonly used in the Monte Carlo simulation.
The advantage of this model is its flexibility and possible general application.

The calculation is then based on the following formula:

Epd =

(
Qd2 −Qd1
Qd1 + Qd2

)/(
P2 − P1

P1 + P2

)
, (2)

where the individual indices 1 and 2 indicate the initial (1) or new (2) price and the quantity
of the demanded data. If we focus on the whole process of determining the price elasticity
in terms of accommodation facilities, then it is evident that the value of the price is defined
as an external variable. The value of Qd1 is known as well. The objective is to describe
the behavior of consumers when changing the price to the value of P2, i.e., explaining the
change in the form of a new Qd2. With the availability of historical data, this process can be
determined relatively easily. However, it is necessary to implement a certain element of
chance in the entire calculation, which reflects the fact that the determination of the price
elasticity coefficient always depends on the current market situation. Still, this market
situation may be different (albeit slightly) from a situation based on a historical perspective.
Therefore, the entire calculation is modified to a formula that can be written as follows:

Epd =


(∫ Qd2

0
1

σ×
√

2π
e
(Qd2−µ)2

2σ2 dQd2

)
×Qd2 −Qd1

Qd1 +

(∫ Qd2
0

1
σ×
√

2π
e
(Qd2−µ)2

2σ2 dQd2

)
×Qd2


/(

P2 − P1

P1 + P2

)
, (3)

Hence, the role of chance is implemented in the entire calculation in the form of
a certain probability (defined by the mean value and standard deviation in a normal
distribution) that customers will react to the price change. However, this element must
be addressed in the calculation in a way different than the traditional one. The use of the
calculation with the help of the Monte Carlo simulation is offered as a suitable solution
here, as this successfully respects the probability distribution related to the expected change
in the quantity demanded of a given service (or product).

The use of the Monte Carlo simulation is proposed by several researchers to faithfully
simulate hotel processes such as arrivals, cancellation, and length of stay, no-shows, sea-
sonality and trends [62]. Other researchers used the Monte Carlo simulation to forecast the
arrivals and hotel occupancy [63], arrivals, cancellations and, for example, group reserva-
tions using non-linear programming [45], dynamic pricing for low-cost providers [65] or to
improve the overall performance of the accommodation facility [66]

As stated by Bayoumi et al. [62], the Monte Carlo simulation can be used to describe
the current situation as realistically as possible. The whole procedure can be easily imple-
mented in various processes as well [65], which is why the probability-based approaches
can improve the quality of forecasting and overall business performance [67].
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3.3. Price Optimization Based on Epd

The issue of the relationship between price and price elasticity was illustrated in the
previous part of the paper. For the purpose of this article, it is important to focus on how to
execute a specific optimization, which results in a recommendation to adjust the price with
respect to the expected or historically known price elasticity of the customer segment.

The optimization is then based on the assumption of the existence of a link between
the price elasticity of demand and the change in price. Once the data on price elasticity are
obtainable, it is then possible to define the whole optimization model of linear programming
as follows:

TR = ∑n
i=1

[
Qi + E(pd)i ×

(
Ppi − Pi

)
× Qi

Pi

]
× Ppi → max, (4)

where TR stands for total revenues, Qi for the quantity demanded, E(pd)i for the elasticity of
the given product, Pi the initial sales price and Ppi the planned sales price. The planned
sales price is the same size as the initial price, with the difference that it represents the
input to the optimization process as one of the variables, where the range in which the
optimization will be performed is set.

The approach to price optimization based on the price elasticity described above can
then be extended in such a way as to capture the fact resulting from the determination
of price elasticity using the Monte Carlo simulation. In the optimization model, it is,
therefore, necessary to capture the coefficient of the price elasticity of demand in the form
of a probability distribution. Let us assume that the determined price elasticity coefficient
using the Monte Carlo simulation has a normal distribution at the parameter N (µ, σ2).
Then, it is possible to rewrite the above optimization equation to the following form of
nonlinear programming model:

TR =
n
∑

i=1

[
Qi +

(
E(pd)i∫
−∞

1
σ×
√

2π
e
(E(pd)i−µ)2

2σ2 dE(pd)i

)
× E(pd)i ×

(
Ppi − Pi

)
× Qi

Pi

]
× Ppi → max (5)

The above approach must then be solved using nonlinear programming and the
Monte Carlo simulation, thus ensuring that the final form of the sought price will consider
the appropriate role of chance in the form of the probabilistic distribution of inputs (price
elasticity). All optimization makes sense only under the following limiting conditions:

Qi ≤ BLi, (6)

n

∑
i=1

Qi ≤ Cap (7)

Pi Λ Ppi ≥ Pmin (8)

The above conditions state that it is necessary to respect such an offered quantity,
which is based on the set booking limits for the given segment (BLi). This is, therefore, the
maximum expected quantity offered, determined, for example, based on the EMSR model.
The latter condition respects the total capacity of the accommodation and the third respects
the minimum price level. This in turn respects the minimum price (set, for example, as a
cost price). The solution is also possible only under the following non-negative conditions:

Qi > 0, (9)

Pi Λ Ppi > 0 (10)

To show the result of the presented model, an example based on the real market data
is presented in this part. To combine the non-linear and linear programming, the Monte
Carlo simulation and basic statistical approaches, the model was developed in the scripting
language “R”.



Mathematics 2021, 9, 1552 8 of 16

The main assumption of this application is to define the accommodation facility,
its capacity, make the segmentation, basic cost analysis, market analysis, etc. It is also
important to compute the coefficient of price elasticity for each segment and different
periods. In case of having those data, the model can make the recommendation based on
the price elasticity for the segment. The result of the previously mentioned model and its
simulation is presented in the Figure 2.
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The coefficient of price elasticity was measured at the value −0.85 (as the mean
value). The picture shows how we can assume that price should change in accordance with
the different scenarios. The different scenarios were based on the parameters of normal
distributions of the coefficient of price elasticity. Those parameters, as well as distribution,
can be changed. One thousand simulations of scenarios were made to create the result.
Based on the simulation, there is a recommendation to increase the initial price by 11.41%
on the mean value of the distribution (334.2 PLN). This change will lead to an increase in
the sales for this segment by more than 2%.

3.4. Specific Reservation Pricing

The proposed optimized rate is mainly reflecting the segment characteristics, namely
the price demand elasticity, but cannot be used as the final selling rate as this proposed
rate still omits several other factors that have a direct impact on the product pricing.

At the moment when it is possible to start from the basic offer price, it is time to
determine the price of a specific reservation. This approach is what we could call dynamic
price formation because the price changes virtually on a daily basis (in some cases even
more often) and it also needs to always reflect the current situation but take into account the
minimum acceptable price as well. When guaranteeing the price of a particular reservation,
it is then necessary to focus on several aspects that affect it and that are appropriate (and in
some cases necessary) to monitor.

The creation of this price depends on several key factors [68–72], which can be sum-
marized in the following:

• Length of stay (LOS);
• Occupancy (Occ);
• Working days/weekends;
• Time from reservation to service implementation;
• Current competitive prices;
• Other services offered;
• Other attributes (e.g., ongoing events).

Many previous studies omit the following: (1) LOS, (2) current occupancy and (3)
booking lead time. Therefore, this paper, in the part on specific reservation pricing, focuses
on those attributes that influence the price and determine the theoretical model. The
principle applies to the length of stay (1) that it is possible to achieve a lower average price
of consummated accommodation with its growth. However, to be able to use this element,
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it is always necessary to respect the cost aspect in particular. The total cost of consummated
accommodation can be determined for a suitable presentation as the sum of the fixed and
variable costs expressed as unit quantities (usually on a daily basis), as follows:

ATCb =
FC

∑b
b=1 Qb

+
VC

∑b
b=1 Qb

, (11)

where index b indicates a specific reservation and Qb indicates the “order” of a given
reservation in terms of the number of used capacities. It is always necessary to focus on the
marginal revenue and marginal costs resulting from the next added unit of length of stay
(usually one night/room). Indeed, a possible reduction in the price per unit of length of
stay is possible only under the following conditions:

MCb ≤ MRb, (12)

where index b again indicates one added unit length of stay for reservation. The specific
setting of a possible price reduction is, therefore, always individual and again it is necessary
to reflect the current situation of the accommodation facility.

In the context of the above, it is possible to determine the specific possible level of price
reduction based on a comparison of the unit total costs of the reservation and the revenues
achieved from it. When denoting the possible discount level as PRb (Price Reduction), then
its value can be determined by a simple calculation such as the following:

PRb = BAR− ATCb. (13)

For the sake of completeness, it is of course necessary to mention that if the value of
the PRb is negative, the average price can no longer be reduced. For proper work with the
length of stay, it is, therefore, first necessary to determine the correct cost, on which the
concept of marginal costs is based. These must be compared with the marginal revenues
(or revenues) from the realized reservation.

For the current occupancy (2), the mutual relation applies that with the growth of the
current occupancy of the accommodation facility, there is more room for increasing the
price, and as the price increases, the quantity demanded decreases. Within the model in this
publication, this element is incorporated in an extended model working with the so-called
booking limits, which does not adjust the price, but just sets a limit for the maximum offered
quantity for a given segment. Nevertheless, it is possible and appropriate, when setting the
price, to incorporate the current occupancy into the decision-making and this element can
serve as a partial adjustment of the currently offered price, even while respecting the set
booking limits.

However, the issue to be determined at this point is the level of the maximum price for
that segment. This can be determined using the logic of price elasticity. If in the previous
step, the general level of price elasticity of demand was determined, it is possible in this
step to determine the maximum possible price level at which the reservation could be
offered in the event of the availability of free capacities. The procedure, thus, actually sets
the condition of the maximum price, which is used in determining the price of a particular
reservation at the end of this paper section. The graphical interpretation (see Figure 3) of
the given problem then better shows the provided possibilities and connections.

Henceforth, three basic strategies can be applied that present the given problem in
general. In the case of a neutral strategy, the value of the occupancy mark up could have
an expression that corresponds to the following function, where the mark up is denoted as
MUp (Occ) (Mark Up based on Occupancy):

MUp(Occ) = (a× ExOcc + Pmin)− Pre f , (14)
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If a minimum price (Pmin) is based on the basic cost analysis, then the set reference
price (Pref) (i.e., the price to which we expect an increase) can be based on BAR and,
therefore, it can be argued that the value of the mark up is a coefficient of growth rate.
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In the case of an aggressive strategy or a conservative strategy, the value of such a
mark up would be based on an exponential function.

For booking lead time (3), this is the period that begins from the time of booking to
the time of the execution of the service itself, in the case of accommodation services, i.e.,
until the time of accommodation. There are only a few empirical studies that address this
issue. Moreover, these approaches are often not based on any economic model or other
interpretation that would lead to the optimization of the issue. Therefore, at least the basic
outputs that can be found in the professional literature are presented. The link between
booking lead time (BLT) and marketing tools is presented by the authors of [73], who
conclude that, in the long run, tools that are based on the assumption of price increases
while gradually filling accommodation capacities work relatively well. However, this
effect was not observed for short-term BLTs. Interesting conclusions are presented by an
empirical study by Falk and Vieru [74], which comes to the clear conclusion that with the
growth of the BLT, the price of a given reservation also increases. The lowest prices are
then offered in the BLT interval of 10 to 24 days. The importance of BLT for the final price
of a reservation is also mentioned in another industry, for example, in rail transport [75].
The significance of a cancellation that affects BLT is reported in a study focusing on the
Asian space [74]. It is, therefore, an element that must always be set individually, taking
into account the individual accommodation facility. In general, four basic approaches can
be envisaged that look at the link between price and BLT. This output can be illustrated in
the Figure 4.

However, these are only basic approaches, which probably need to be combined
in different situations. To complete the whole issue, it is, therefore, appropriate to first
state the basic theoretical framework that will define what decision-making is desirable in
relation to the BLT in determining the price. First, it is necessary to realize what situations
can theoretically occur in the case of the implementation of the reservation before the actual
implementation of the service. Therefore, if the BLT has a positive value, the following
three basic situations can arise in terms of economic optimization:

1. Cancellation of reservation
2. The price on the day of implementation on the market will be higher
3. The price on the day of implementation on the market will be lower

The above three basic points need to be modified into economic concepts. Cancellation
of a reservation represents additional costs (or marginal loss), which are associated with
the fact that there is a certain probability that this free capacity will not be consummated (it
is, therefore, a possibility of additional foregone profits). This variant will be marked as ML
cancellation (marginal loss when making a reservation cancellation). The second situation,
which is identified as the possibility that the price on the day of realization will be higher
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on the market, means that the company collects a marginal loss caused by the difference
between the initial reservation price and the current price (at which this reservation could
theoretically be offered on the market). This variant will be referred to as the MLMPH,
denoting the marginal loss (ML) in the situation of a higher market price (Market Price
Higher; MPH). The third situation represents the opposite, i.e., the possibility that the price
on the day of implementation will be lower on the market and, thus, it can be described as
a marginal profit, which is due to the fact that under the current conditions at the time of
the service, this reservation would no longer be for sale at the initial price. This option will
be referred to as the MPMPL, i.e., the Marginal Profit (MP) option at a lower market price
(Market Price Lower, MPL).
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Based on the conducted expert interviews, it is then possible to present the general
concept of these three situations graphically in the following Figure 5, where the limit value
indicates the value of one of the three situations listed above.
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The Figure 5 shows that with an increasing BLT, the probability that one of the above
situations will occur and that, therefore, a marginal loss, marginal profit or marginal cost
in the form of lost profits when cancelling a reservation will be achieved also increases.
However, growth is not linear. This probability in the infinity of BLT approaches the limit
of one. Nevertheless, it should be noted that this is only a theoretical framework, which
must always be properly grasped in specific market conditions.

To make the result more complex, it is important to mention that the problem of
booking cancellation can be described in detail in case of time-varying and cancellation
predicting. A good predicting model for the consumer behavior related to the cancellation
can be used as an approach based on the artificial neural network (see [18]). Even if this
model assumes to put the value of MLcancellation at a specific moment, the whole value can
change over time.

If we assume a rational-minded manager, it is obvious that she/he will try to min-
imize the possible marginal loss and maximize the possible marginal profit. The whole
application then makes sense under the conditions when the following applies:

pcancellation ×MLcancellation + pMPH ×MLMPH ≤ pMPL ×MPMPL, (15)

where p denotes the probability of individual events. Probability represents a function of
the BLT variable, and its course may correspond to some probability function of traditional
distribution. It follows from the above that the distribution may correspond, for example,
to the normal distribution for 0 ≤ BLT ≤ +∞. In the case of the transformation of the above
problem into an optimization approach, it is possible to state that we are optimizing the
following function within the task of nonlinear programming in order to find its minimum:

OPT(BLT) =

(∫ BLT
0

1
σ×
√

2π
e
(BLT−µ)2

2σ2 dBLT

)
×MLcancellation +

(∫ BLT
0

1
σ×
√

2π
e
(BLT−µ)2

2σ2 dBLT

)
×MLMPH−(∫ BLT

0
1

σ×
√

2π
e
(BLT−µ)2

2σ2 dBLT

)
×MPMPL = 0→ min,

(16)

The above solution is possible under the following conditions of non-negativity:

BLT ≥ 0.

4. Summary

This paper introduced a model of price optimization that can be used in the area of
accommodation services. The whole model is focusing on price optimization only and
creates a two-step approach that is based on a stochastic assumption of consumer behavior
(measured by the coefficient of price elasticity). The first step is to set the general price
for different segments. Before the first step, it is necessary to make valid segmentation
and to determine the coefficient of price elasticity. If the firm knows those attributes,
an optimization process that is based on nonlinear programing and the Monte Carlo
simulation approach can be carried out. The second step in the whole process of setting the
price is focused on the price of the current reservation. It is necessary to incorporate all
the attributes that can influence the final price. The whole process of setting the price is
dynamic and, therefore, can be changed based on the current condition of the market. The
model created in this paper describes the theoretical application of three main attributes
that influence the price of the current reservation (the second step in the whole process).
The first attribute is length of stay (LOS), the second is current occupancy (Occ) and
the third is the booking lead time (BLT). All those attributes influence the price and the
managers who set the price should act following the optimization and recommendation
that is described in the text.
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5. Discussion

Contrary to several studies mentioned in the literature review [27], the proposed
optimization model is clearly stating a procedure of price demand elasticity calculation that
makes the whole model more applicable, which reflects the findings of Ivanov et al. [21]
and Denizci Guillet [23]. One of the proposed methods of price demand elasticity calcu-
lation, the log–log linear regression, was used by Petricek et al. [54] with a high level of
reliability. This approach can be used to identify the individual behavior of key market
segments, while finding the unique values directly linked to the behavior of the clients of a
specific hotel.

Similarly to several studies mentioned in the literature review [32,33,35,36,38,39], the
proposed model uses a stochastic approach as the pricing and price optimization can be
performed automatically using available modern hospitality and business intelligence tools,
which can be the solution for the efficiency improvement mentioned by Vives et al. [8]. A
stochastic approach allows the researcher and revenue management practitioners to set the
variability/distribution of the variables used for optimization and find the most suitable
solutions, which is always connected with a certain level of uncertainty.

Another benefit of the proposed approach is in the use of big data in the price demand
elasticity calculation. The use of big data can be perceived as one of the drivers of the future
success of hotel operators in the competitive market. Where previous research focused on
cancellation management [17,18], demand forecasting [19,20] or customer online booking
evaluation [76], this study uses the big data to estimate the booking behavior within a
predefined market segment using reservation data and also the dynamic pricing and rate
optimization based on the stochastic approach, which delivers a more comprehensive
solution than the previously mentioned studies.

6. Conclusions

The main aim of this article was to propose a simulation-based methodology of price
optimization based on the price elasticity of the demand coefficient calculation, which
directly reflects customer behavior that can be applied in the revenue management for
the area of accommodation service. The approach that is described in the text is only
focused on the price, but it does not mean that the optimization for revenue management
should not be based also on the optimization of capacity. In accordance with the current
issues in hospitality, future possible work with big data and other possibilities can be more
focused toward the development of e-commerce services, although we discussed only
price optimization. The price optimization model is missing a full theoretical description
if we are focusing solely on the stochastic approach and optimization based on the price
elasticity. However, we can argue that the coefficient of the price elasticity of demand is
still the key factor that should determine the behavior of accommodation in the case of
price setting.

The proposed model reflects the current need for more comprehensive solutions that
would reflect more aspects of the customer behavior and will be able to react to the ongoing
changes and needs of revenue managers and practitioners. As mentioned before, future
research should focus on the simultaneous optimization of the price and the capacity or
take into consideration customers other than the flexible online segments (FIT or transient).
The distribution strategy commonly consists of yieldable and non-yieldable segments.
This dynamic and public pricing mostly focuses on the yieldable online segments and
omits other customers, which might be even more beneficial for specific hotels (mostly the
business clientele-oriented ones).

The presented model only shows the price optimization. In the case of complex
use, it is also important to focus on the part of capacity management. For better results
this model can be combined with the approaches using machine learning for quantity
demanded prediction or other elements that influence consumer behavior. Those updates
and extensions will make the whole approach more robust and helpful for any facility,
regardless of its capacity, a number of segments or destinations.
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