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This work introduces, develops, and empirically applies an innovative approach aimed at assessing selling prices
based on the value perceived by the customers, as measured by electronic word-of-mouth (eWOM) in the guise of
online reviews. To achieve this aim, it applies a constant return to scale Data Envelopment Analysis (DEA)
approach where the price is the input, and the value attributes are the outputs measured through eWOM in the
form of online reviews. We empirically apply the model to the hotel sector by considering both the prices and the
service attributes (i.e., staff, location, cleanliness, comfort, facilities and free wi-fi) of 364 hotels based in two

leading Italian tourism destinations: Milan and Rome. Our findings suggest that online review analytics can be
suitably embedded into analytical models to assess prices. The index developed innovatively supports value-
based pricing by means of online review analytics and it is easy-to-perform, and parsimonious as it is based
on widely available information on the Internet.

1. Introduction

Prices of goods and services have been found to play a key signaling
role in multiple markets (Hayek, 1945). More specifically, product pri-
ces provide information to different stakeholders, including customers
who can take prices as a proxy of the quality of a good or a service (Cao
et al., 2000; Dutta et al., 2007; Erdem et al., 2008; Gerstner, 1985) and
firms that can use prices for competitive purposes (Griffith and Rust,
1997; Yao and Liu, 2005). Setting the right price is both a science and an
art, as witnessed by literature developed in the marketing, revenue
management, and operations fields over time (Fishburn and Odlyzko,
1999; Griffith and Rust, 1997; Yao and Liu, 2005).

A significant amount of research has looked at how to set and/or
maximize prices. In general, three approaches have been devised to set
prices, based on the sources of information and the reference stake-
holders considered: (a) cost-based, (b) competition-based and (c) value-
based approaches. They respectively look at the cost of production, the
practices of competitors, and the value of the product (Cardinaels et al.,

2004). In many cases, these approaches have been examined and
adopted in isolation and scholars have examined how managers use
prices strategically and tactically (e.g., Hsieh et al., 2014; Myers, 1997;
Mortensen and Wright, 2002; Zhang et al., 2019), also by means of
revenue management techniques, and how customers use prices for their
purchase decisions and perceive prices in terms of fairness (Haws and
Bearden, 2006; Malc et al., 2016; Xia et al., 2004).

Even though several studies have highlighted the positive impact of
value-based pricing practices on company's performance (e.g., Hinter-
huber, 2004; Ingenbleek et al., 2013), the approach has been seldom
applied, due to the complexity and the cost to collect information about
customers' value perceptions (Soriano, 2002, 2003; Mariani and Borghi,
2022; Liozu et al., 2012).

However, over the last few decades, the way price and value infor-
mation are collected and processed has been significantly modified by
the advent and development of digital technologies and platforms
(Mariani and Nambisan, 2021; Bresciani et al., 2021). Historically,
before the consolidation of online booking platforms and e—commerce
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websites, prices were compared by managers by speaking to competitors
and/or friends in the same competitive set f-2-f or via phone (Kimes,
2010) and customers typically collected them by phone or leveraging
offline chatter. Today everyone — both managers and customers — can
collect prices and customers' value perception from the Internet in a very
straightforward way (Yakubu and Kwong, 2021).

In this paper we argue that, as online reviews and especially online
review ratings are a good proxy of the value/quality of a product/service
(Erdem et al., 2008), they can be innovatively used to assess online
prices in a value-based perspective. More specifically, we propose that
the online reviews (and the related analytics) and price information
made available by booking and e-commerce engines can help managers
of competing firms to make sense of the pricing strategies/tactics
developed by their competitors, thus supporting innovative approaches
to value-based pricing. Therefore, by extending recent research on
value-based price assessment (Visani and Boccali, 2020), this study aims
to develop and apply an innovative index to assess prices based on the
value perceived by the customers, as measured by the ratings of online
reviews. Accordingly, we address the following research question: how
can prices be assessed based on big data analytics pertaining to online
reviews in data-rich environments? In this view, the interaction between
customers and suppliers is framed as an input-output relationship where
the price paid is the input and the ratings of the online reviews about
several value attributes (staff, location, cleanliness, comfort, facilities
and free wi-fi) are the outputs obtained by the customer. Accordingly,
the new value-based price assessment index is developed by applying
Data Envelopment Analysis (DEA) (Charnes et al., 1978), a well-known
approach to assess the efficiency of input-output relationships. Finally,
we test the model developed on 364 hotels of two leading Italian tourism
destinations (Milan and Rome).

The innovative price assessment approach is able to support value-
based pricing strategies and it is easy-to-perform and parsimonious, as
it is based on widely available data and information on the Internet:
online reviews and prices. This approach is generally very suitable for
data rich environments such as online markets where big data in the
form of online content and prices are available (Wedel and Kannan,
2016). Furthermore, it allows the managers to identify the competitors
to compare with and to support the decision-management process with
clear information about the value attributes to focus on.

The paper is structured as follows. Section 2 reviews the literature by
portraying the theoretical background. Section 3 describes the data and
methods deployed. The fourth section illustrates the results. In the fifth
and last section we draw our conclusions and put forward the theoretical
and methodological contributions of our work as well as the managerial
implications, by identifying the limitations and avenues for future
research.

2. Theoretical background
2.1. Pricing approaches

Setting prices of products and services is an essential managerial
practice, as well as a critical organizational capability with a significant
impact on firms' image, growth, and profitability (Dutta et al., 2003;
Johansson et al., 2012). Despite the well-known idiosyncratic nature of
pricing practices (Hinterhuber and Liozu, 2012; Smith, 1995), the
literature has classified them into three main categories based on the
reference set of information deployed to set prices: (a) cost-based, (b)
competition-based and (c) value-based approach (Ingenbleek et al.,
2003; Hinterhuber and Liozu, 2012; Nagle and Holden, 2002).

In a cost-based-pricing approach the selling price is obtained by
applying the expected or requested mark-up to the allowable cost (i.e.,
the expected/actual cost of manufacturing the product or providing the
service). This approach is aimed to keep the margins under control, but
it can lead to pricing policies inconsistent with the value perceived by
the customers or the market prices set by the competitors, thus reducing

Technological Forecasting & Social Change 182 (2022) 121807

the market share of the company (Hanson, 1992).

On the other hand, competition-based and value-based pricing
practices are more focused on the external environment than on the
internal organization and costs (Kienzler and Kowalkowski, 2017).
Competition-based pricing entails taking the prices set by the competi-
tors for similar products and services as a reference, while value-based
pricing involves embedding in the price the value perceived by the
customer (Ingenbleek, 2014; Kienzler, 2018). These approaches are
aimed to obtain prices that can be accepted, understood, and appreci-
ated by the market, thus leading the company to set target costs (Ahn
et al., 2018) able to generate profit at the given market price. The three
approaches (i.e., cost-based, competition-based, and value-based pric-
ing) can be obviously combined, in order to exploit the benefits and
reduce the disadvantages of each model (Ingenbleek et al., 2003).

Even if several scholars and practitioners have highlighted the po-
tential of value-based pricing practices to increase the profitability of the
company (e.g., Hinterhuber, 2004; Monroe, 2003; Nagle and Holden,
2002) and more generally to improve firm's performance (e.g., Ingen-
bleek et al., 2013; Liozu and Hinterhuber, 2013), most companies still
rely primarily or exclusively on cost-based or competition-based pricing
(Hinterhuber, 2008; Indounas, 2009; Kurz and Tobbens, 2012; Liozu,
2017).

The main reasons of this paradox identified and analyzed by previous
research in this field (Liozu et al., 2012) deal with organizational
problems related to the design of the pricing processes (e.g., Nagle and
Holden, 2002), the commitment of top management and the involve-
ment of salespeople (e.g., Forbis and Mehta, 1981; Nagle and Holden,
2002).

In order to move to an effective value-based pricing approach, all the
firm's functions and departments - including R&D, Sales, Operations and
Marketing - need to address their attention from the product/service, its
technical issues and cost, to the customers, their needs, their prefer-
ences, their wants, and more generally their value perceptions (Hin-
terhuber, 2004).

To capture customers' value perceptions, it is critical to access in-
formation on the value perceived by the customers (e.g., Guizzardi et al.,
2022; Mariani and Borghi, 2022; Toytari et al., 2015). While informa-
tion pertaining to costs is part of internal data widely available to the
company and information related to competitors' prices can be obtained
quite easily (especially in B2C markets), value-based pricing requires a
deep knowledge of the actual and potential value perceived by the
customer that is very complex to obtain and process (Guizzardi et al.,
2022; Toytari and Rajala, 2015; Ingenbleek, 2014; Nagle and Holden,
2002). Therefore, to develop an effective and widely applicable value-
based pricing approach it is essential to collect and access data about
the value perceived by the customers. Furthermore, the information
provided by the system should be easy-to-read and easy-to use, to
simplify the whole process (Hallberg, 2018), thus increasing the “pricing
capabilities” of the company (Dutta et al., 2003; Liozu, 2015).

2.2. Electronic word of mouth, big data, and online review analytics for
decision making

The growth and expansion of the Internet, social media and digital
platforms have sparked a spread of large volumes of data in the form of
user generated content (UGC) defined as “media content created or
produced by the general public, rather than paid professionals and pri-
marily distributed on the Internet” (Daughtery et al., 2008: p. 16) across
a wide number of industries. UGC constitutes an important source of
information for both managers and customers in data rich environments
such as online markets (Erevelles et al., 2016; Wedel and Kannan, 2016),
and can come under the guise of posts on social media and online re-
views (ORs) (Duan et al., 2008; Vrontis et al., 2022). The latter ones
assist prospective, actual, or prior consumers to express and share their
views and opinions related to services, products, experiences, brands
and even firms on the Internet (Hennig-Thurau et al., 2004). In the wider
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marketing (and information/computer science) literature, they have
been labelled as electronic word-of-mouth (eWOM) and have become
the object of increasing scholarly attention as eWOM is more powerful
than traditional word-of-mouth due to its speed, one-to-many and many-
to-many reach, lack of face-to-face interaction, convenience, and po-
tential anonymity (Sun et al., 2006).

The eWOM body of literature has dug in depth about the drivers (e.
g., Fang, 2014) and outcomes (e.g., Sun et al., 2006) of eWOM. In
relation to the outcomes, eWOM has been found to influence consumer
decisions (e.g., Forman et al., 2008) on one hand and firm performance
such as sales and revenues (e.g., Chintagunta et al., 2010; Hu et al.,
2014; Babic¢ Rosario et al., 2016) on the other hand.

Over the last two decades scholars in the computer science, infor-
mation system, management, and marketing fields have increasingly
examined the big data stemming from increasingly large volumes of
online data (Chong et al., 2017; Filieri and Mariani, 2021; Mariani and
Matarazzo, 2021), in line with studies that have emphasized the rele-
vance of business analytics (Chaudhuri et al., 2021; Davenport, 2006)
and big data to generate insights on societal and business issues (Blaz-
quez and Domenech, 2018). Scholars have progressively emphasized
that big data per se are not enough, but that big data analytics (BDA)
(Dubey et al., 2019; Igbal et al., 2020; Wamba et al., 2017) and big data
analytics capabilities (BDAC) (Gupta and George, 2016) are necessary.

Big data consumer analytics and the related big data capabilities
have been emphasized as a key driver of analytics supporting the deci-
sion making of marketing managers (Erevelles et al., 2016; Wedel and
Kannan, 2016) as well as innovation managers (Chaudhuri et al., 2021;
Mariani and Nambisan, 2021; Mariani and Wamba, 2020). Despite some
scholars emphasizing the dark side of (big) data analytics (e.g., Rana
et al.,, 2021), OR analytics have been found particularly useful to
generate business insights conducive to better business intelligence and
market knowledge across multiple sectors including consumer goods
(Dekimpe, 2020; Erevelles et al., 2016), and hospitality and tourism
services (Mariani et al., 2018; Mariani and Baggio, 2022).

As ORs include both structured and unstructured data, eWOM
scholars have progressively examined several features including the
ratings of online reviews, their volume, as well as several measures
related to the text (Guo et al., 2017). Among the key online review
analytics there are: 1) valence, i.e., the rating of the OR; 2) volume, i.e.,
the number of ORs; and 3) variance, i.e., the dispersion of online review
ratings. The most frequently analyzed feature in relation to product or
firm performance is valence. As far as OR valence is concerned, products
and firms displaying higher ratings in ORs have been found to generate
higher sales (e.g., Chevalier and Mayzlin, 2006; Chintagunta et al.,
2010; Kim et al., 2015; Sun, 2012), higher prices (e.g., Zhang et al.,
2011), higher market shares and profitability. Only a minority of studies
have found a non-significant effect of OR valence on sales (e.g., Duan
et al., 2008). For instance, the higher the hotel OR scores, the more
pronounced their sales (Anderson, 2012; Kim et al., 2015; Ogiit and
Onur Tas, 2012; Ye et al., 2009), which entails higher prices, higher
average daily rates (ADR) (Anderson, 2012; Kim et al., 2015), higher
revenue per available room (RevPAR) (Anderson, 2012; Mariani and
Borghi, 2020; Phillips et al., 2015), higher market shares (Duverger,
2013), higher perceived profitability from managers (Nieto et al., 2014).

The underlying reason for this is that online review ratings embody
information cues that subsume the “wisdom of the crowd” (Filieri,
2015), as average ratings equate to the average evaluation that re-
viewers have given to the various attributes of a product/service, and
therefore indicate the quality and perceived value of hotel services. This
seems consistent with previous literature informed by social influence
(MLK. Lee et al., 2011; S. Lee et al., 2011) that has found that positive
social influence reinforces a) the effect of beliefs and attitude toward
online shopping, b) the effect of attitude on intention to shop.

Several studies have focused on the relationship between ORs and
price and have found that ORs influence price sensitivity (e.g., Park and
Kim, 2008) as highly valenced ORs increase consumers' willingness to
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pay a premium price for the products reviewed. Most of the practitioners
involved with marketing and pricing decisions today view ORs as a
component of the communications mix to be managed and one that goes
hand in hand with price (Chen and Xie, 2008). Moreover, ORs have the
capability to incorporate and deliver signaling information about
products and services almost immediately after consumption (e.g., in-
formation about product quality is updated frequently each time an OR
is posted) and allow prospective buyers to compare products and ser-
vices in real time, anonymously and conveniently (Sun et al., 2006).
In this work we suggest that the valence of ORs (and their analytics)
can be deployed as a relevant, reliable, and updated data source to assess
prices in a value-based perspective. As such, we innovatively show how
OR analytics can help managers to effectively evaluate and set prices.

2.3. Value-based price assessment based on Data Envelopment Analysis
applied to online review analytics

The present research draws on the consideration that online review
analytics could provide real-time, reliable, and cheap information about
the value perceived by the customers in order to support the develop-
ment of an effective and easy-to manage value-based price assessment.
Therefore, they would help solving one of the main issues that limit a
wide adoption of value-based pricing: the lack of information about the
value perceived by the customer (Shipley and Jobber, 2001; Brennan
et al., 2007).

In the context of this study, the customer-supplier relationship is
framed as an input-output relationship where the customer pays a price
(input) and obtains in return a certain level of value (output), repre-
sented by the contingent product/service attributes to which he/she
gives relevance. For this reason, from a technical point of view, we
ground our approach into Data Envelopment Analysis (DEA) (Charnes
et al., 1978), which is widely known and used to measure the efficiency
of Input/Output relationships.

DEA is a linear programming-based technique aimed to assess the
relative efficiency of a set of homogeneous ‘units’ called decision making
units (DMUs), that consume inputs to produce outputs (Cook et al.,
2009, 2013). Being a non-parametric approach (Choi et al., 2012), DEA
is widely applied in situations where the relationships between the
multiple Inputs and Outputs involved are complex and/or unknown.
DEA provides an efficiency score for each DMU analyzed, obtained
through the maximization of the ratio of the weighted sum of Outputs to
the weighted sum of Inputs (Cook et al., 2014). The DMUs with an ef-
ficiency score equal to 1 are considered “fully efficient” and determine
the frontier that “envelops” all the remaining inefficient DMUs. DEA
models have been widely applied to contexts where a certain number of
inputs are transformed into certain number of outputs, including: the
hospitality and tourism industry (Huang et al., 2014; Mariani and
Visani, 2019; Yin et al., 2020), the financial sector (Quaranta et al.,
2018), sustainability measurement (Zhou et al., 2018; Pan et al., 2021),
the education sector (Liu et al., 2013; Shamohammadi and Oh, 2019).

DEA has also been used in the wide field of pricing. Wang et al.
(2016) proposed a theoretical DEA-based pricing approach called
Competitive Pricing DEA, with a very specific application on oscillo-
scopes focusing on suppliers in B2B manufacturing market. More
concretely, Visani and Boccali (2020) proposed a Purchasing Price
Assessment DEA model (PPA-DEA), where the inputs entailed the price
and volume purchased by the customer, and the outputs consisted of
several technical attributes of the product. The innovative idea behind
the approach is that the relationship between the customer and the
supplier can be framed as an input-output relationship where the
customer inputs the price (input) to get some value attributes (outputs).
Accordingly, DEA can be used to assess the efficiency of the relationship,
i.e., how the price is “good” compared to the value provided to the
customer. The model was applied to two supply categories of a
manufacturing company, to assess the prices of all the purchased items,
thus generating several managerial insights for the buyers and actual
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cost savings. In that case, the target was not to support the pricing de-
cisions of the supplier, but to support the customer in assessing the
prices. Furthermore, the outputs of the model were technical attributes
(the weight of the component, the surface, the width, etc.), directly
measured by the company and thus available only for the items pur-
chased. Moreover, in that case, attributes were not value-related mea-
sures included in online review analytics and accessible to any the
competitors on the market.

Based on these considerations, the distinctive aim of the present
study is to develop and test a price assessment approach able to jointly
consider the price set by the companies and the value perceived by the
customers, by exploiting and leveraging the information generated by
online review analytics. In our DEA approach, the selling prices set by
the companies are the inputs of the model, while the valence stemming
from the online review analytics, expressed in relation to several service
attributes, represent the outputs (see Fig. 1).

Consequently, the score generated by the DEA model proxies the
“price efficiency” of each DMU (Visani and Boccali, 2020), i.e., the
consistence between the price and the value perceived by the customer.
When the index (from now on f) is equal to 1 the price set is efficient,
thus it is not possible to find any competitor offering higher value at a
lower or equal price, or the same value at a lower price. When p < 1 the
price is too high compared to the value perceived by the customer, and it
should be lowered by a percentage equal to (1 — p) to reach the frontier
set by competitors' prices. Doing that, the proposed approach conjointly
blends value-based pricing and competition-based pricing, because
scores are generated taking into consideration the price-value relation-
ship of all the competitors. Therefore, the proposed approach is novel
and distinctive because: 1) the frontier is the consequence of the pricing
practices and the value generated by all the players in the market; 2) it
allows to blend two perspectives - competition-based and value-based -
into a single indicator.

3. Methodology
3.1. A DEA model for value-based price assessment

Among the different DEA models summarized by Cook and Seiford
(2009) the DEA-based model proposed in this study is built upon the one
developed by Charnes et al. (1978) twenty years after Farrell's seminal
work on the measurement of productive efficiency (Farrell, 1957). Such
a model, usually referred to as CCR (Charnes, Cooper and Rhodes), is
presented below.

Let us suppose we have a set of n DMUs, and that each DMUj (j = 1,
...,n)usesmInputs x;; i=1, ..., m) in order to obtain s Outputs Y (r=1,
..., 5), with the values of inputs and outputs that are non-negative.' Let
us also consider the input and output multipliers, 4. and V; respectively.
In case such multipliers are known, we can express the efficiency score ¢;
of DMU;j as the ratio between the weighted outputs and the weighted
inputs:

Zﬁryr,- / Zvixtj (€Y)

In case of unknown multipliers, Charnes et al. (1978) proposed to
solve the problem by solving a specific non-linear programming prob-
lem. In more detail, to measure the technical efficiency for a specific
DMU, under evaluation, a fractional programming problem must be
solved:

! In a situation characterized by negative output(s), externalities may arise,
and a more recent approach called Directional Distance Function (DDF) could
be adopted (Falavigna et al., 2015), thus measuring efficiency while incorpo-
rating undesirable outputs.
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e, = maxZu,.ym / vaxm
r i
s.t. Zuryrj - Zvixij <0, Vj @

u,v; > €, Vr,i.

where ¢ is a non-Archimedean value, which goal is that of enforcing
strict positivity on the variables. This model is referred to as the input-
oriented model, and it can be converted to a linear programming (LP)
model by applying the theory of fractional programming (Charnes and
Cooper, 1962). To do so, the change of variables y, = tu, and v; = tv;,
where t = (Zivixio)’l, has to be made. Therefore, the LP model can be
expressed as follows:

€, = max E HiYro
r

s.t. ZU,’X,‘() =1
i

D My = Y v <0,V

U, 0; > €, Vi

3

By duality, this problem is equivalent to the following linear pro-
gramming problem:

min 0, —¢ <Zsj + Zsi>

st Y x4 s; =00x,, i=1,...,m
7 (4

Z/‘[erj_s:r =Yy T=1,.
J

Aj,s; st >0, Vijr

A meaningful byproduct of developing the DEA-based model, are the
Lambda values. For a given DMU (i.e., a hotel), the Lambdas represent
the weights of inputs and outputs of all the remaining DMUs that are
needed to solve problem (4). So, for a generic DMU, there is a vector of
parameters 4, that represents the weights applied to the inputs and
outputs of the j DMUs in the model needed to work out the efficiency of
the DMU (6,). When a DMU is efficient the Lambda is equal to 1 with
itself, while all the lambdas linking it with the remaining DMUs are
equal to 0. If the DMU is not efficient it can have one or more positive
Lambdas, which link it to one or more efficient DMUs. The Lambda
values could be interpreted as a sort of “similarity indexes”, linking each
inefficient DMU with the closest DMU on the frontier. If the value is
equal to 0, it means that the two DMUs (one efficient and the other one
inefficient) have different inputs-outputs combinations, so that the
efficient DMU can hardly be considered a real benchmark for the inef-
ficient one. On the other hand, if the value is positive, the efficient DMU
is one of the closest on the frontier, with at least a partially similar
combination of inputs and outputs.

To apply and test the proposed model, we chose the hospitality in-
dustry, because it is significantly affected by eWOM. Hotel companies
are perhaps the most influenced by eWOM (Cantallops and Salvi, 2014)
because of the establishment and growth of Online Travel Agencies
(OTAs) like Booking.com and Expedia.com. In such a context, ORs
represent a unique source of information for prospective buyers of hotel
services whose quality is frequently unknown before consumption and
generally challenging to evaluate before purchase and consumption
(Gretzel and Yoo, 2008). More in detail, in the context of this study, a
DMU is a hotel for which a customer pays a certain amount of money
(price) to receive a set of services of different value. Therefore, the
proposed DEA model recognizes the price paid as the only input, and the
value perceived by customers with reference to 6 different service
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DEA model Output
Input
. . g Valence provided b
Selling Price set by EWOM zll)nalytics fo};'

\ each competitor

several service attributes }

Efficiency index

p=1
The price is efficient. There is no
competitor providing higher value at
the same price or the same value at a
lower price

p<1

The price is not efficient and

should be lowered by (1- )%
to become efficient

Fig. 1. The model applied.

attributes —as outputs. Indeed, at the end of their hotel stay, as observed
in previous research (Mariani and Borghi, 2018), every customer is
asked to assess, on a scale from 1 to 10, the following value attributes of
the hotel: the service received by the staff of the hotel, the location, the
general cleanliness of the room and of the common spaces, the comfort
perceived, the facilities (garden, parking, swimming pool, etc.) and the
quality of the wi-fi network. The average values for each value attribute
are displayed on Booking.com for every hotel. These data are very
interesting, because they come from the evaluations of thousands of
customers, they are freely available, and they constitute evaluations
provided by real customers who actually stayed at the hotel.

The definition of the orientation of a DEA model is a relevant aspect:
the aim of an input-oriented model is that of minimizing the input(s) for
a given level of output(s), while the aim of an output-oriented model is
that of maximizing the level of output(s) for a given level of input(s)
(Charnes et al., 1981). As such, the DEA formulation stated by (4) looks
for a maximum contraction of all inputs, while keeping constant the
outputs level. In this study, the models presented are input-oriented,
reflecting the focus on the pricing dimension. The choice of a model
based on constant return to scale depends on the relationship between
the dynamics of price (input) and the value perceived by the customers
(outputs) in the specific industry we chose to apply and test the model
(Volckner and Hofmann, 2007). In this context, indeed, the specific
range of value perceived affects the pricing dynamics. More specifically,
in the tourism industry, when the value perceived is low it often happens
that a limited price increase might encourage the customer to switch to a
different supplier able to generate value for the customer more than
proportionally (increasing return to scales). Contrarily, when the quality
level is already high, the price increase needed to obtain higher quality
is often very high (decreasing returns to scale). Finally, within a given
limited range of quality perceived, it is reasonable to assume the pres-
ence of constant returns to scale in line with the tourism and hospitality
management literature (Aissa and Goaied, 2016; Brown and Ragsdale,
2002; Hwang and Chang, 2003; Ramanathan et al., 2016). In keeping
with extant literature, this is the approach we followed. Therefore, we
decided to split the sample in groups of hotels that are homogeneous in
terms of perceived quality, and we applied a constant return to scale
approach.

3.2. Sample selection and data collection

To apply and test the proposed model in the hospitality industry, the
first step was to identify specific locations. We focused on Italy as it is a
major leading destination worldwide, ranking consistently among the
top 5 destination countries by the United Nations World Tourism

Organization (UNWTO) since the 1980s (UNWTO, 2021). The Italian
cities of Milan and Rome were chosen as empirical settings for several
reasons. Firstly, they are the two top destinations in Italy, and are highly
ranked worldwide (16th and 34th respectively) (Euromonitor Interna-
tional, 2019). Secondly, this choice allows to analyze both a business
(Milan) and a leisure (Rome) travel destination, accounting for the most
common form of tourism differentiation (Gallego and Van Ryzin, 1994).
In fact, different hotel attributes and facilities are required by the two
groups of customers (Yavas and Babakus, 2005), with location, reputa-
tion and price that are extremely important especially for business
travelers (Dolnicar, 2002). Thirdly, the high number of hotels of these
destinations ensures the effectiveness of a DEA approach, avoiding
technical problems due to an insufficient number of DMUs. As regards
this aspect, a good rule of thumb is that the number of DMUs should be
at least three times the number of inputs and outputs selected (Coelli
et al., 2005; Banker et al., 1989). Finally, price competition is more
intense in destinations that are in high demand, and this is an additional
point that makes them two suitable candidates for an analysis focused on
value-based price assessment. As for the choice of the specific location,
being spatial competition related to a narrow radius of kilometers
(Guizzardi et al., 2017) a specific district for each destination has been
identified in Booking.com: the Milan City Center for Milan and the
Central Station for Rome. Having clarified the sampling process used, it
needs to be emphasized that the methodology proposed and applied in
this study can be applied to any online review data related to any
geographical area.

To calculate a median price (so a DEA score) that can be represen-
tative of the hotel's pricing strategy regardless the specific day of the
week, data related to four different booking-dates were collected. Spe-
cifically, all the booking-dates were in four different (and consecutive)
weeks of June, and mixed workweek and weekend days. The inclusion of
different dates is extremely important because the leisure and the
business segments are usually more heavily focused on different periods:
the former tends to prefer weekend periods and the latter weekdays (M.
K. Lee et al., 2011; S. Lee et al., 2011). Furthermore, price discounts
differ along the week, and are usually given for weekends (Hanks et al.,
2002).

Consistently with Abrate et al. (2019), the price for the same
booking-date has been observed several times. The rationale was to
consider different pricing strategies while approaching the check-in
date, and to calculate a median price that could be embedded into the
DEA approach. Consistently, and according to dynamic pricing litera-
ture (Abrate et al., 2019), data were collected from the beginning of
April 2019 with reference to each target booking-date by simulating the
booking process using 60, 45, 30, 20, 10, 5, 3 and 1 days in advance
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(thus, 8 data collections for each booking-date and 32 for each hotel).

Furthermore, to standardize the data collection and get reliable DEA
efficiency indexes, each search concerned the best available price for a
one-night reservation for two persons (double room accommodation).
According to specific filtering options activated in the online booking
platform, each search provides information on the best available price
for the hotels in the sample in the selected location and district.

Considering the list of hotels with double room accommodation
availability for the target booking-dates at the beginning of the data
collection process and excluding those with <100 reviews as suggested
by the extant eWOM literature in the hospitality industry (Schuckert
et al., 2015), the samples for the two selected districts of Milan and
Rome consisted of 184 and 180 hotels respectively. In more detail, the
sample of Milan was made up of 80 budget/midscale hotels (i.e., 1-, 2-
and 3-star hotels) and 104 higher-end hotels (i.e., 4- and 5-star hotels).
Instead, the sample of Rome consisted of 128 budget/midscale hotels
and 52 higher-end hotels. For all the hotels in our sample we also
collected the online review ratings for the service attributes related to
staff, location, cleanliness, comfort, facilities and free wi-fi. All the data
were collected from Booking.com. Finally, we computed the median
price for each hotel.

The descriptive statistics for the two samples in terms of number of
hotels and prices are reported in Tables 1 and 2, while the descriptive
statistics pertaining to the scores of the service attributes are reported in
Tables 3 and 4.

3.3. Data analysis

According to the general framework presented in Section 3.1, an
input-oriented DEA model was developed, with the median price as the
only input and the scores obtained by the hotel for staff, location,
cleanliness, comfort, facilities and free wi-fi service attributes as out-
puts. All the analyses have been carried out through the PIM-DEA soft-
ware, version 3.2.

Before running the DEA model for the two sub-samples (Milan and
Rome), 1-star hotels were excluded (14 for Milan and 9 for Rome) to
follow the most common distinction adopted in hospitality literature (2-
and 3-star hotels versus 4- and 5-star hotels). Then, the scores of the
outputs were standardized and stretched in the range from O to 1, to
avoid problems related to the relatively flat distribution of such scores
and thus increasing the sensitivity of the DEA score to changes in the
level of the values of such outputs.

With the aim to eliminate DMUs with prices that can be considered as
“outliers”, we developed a super-efficiency approach (Banker and Gif-
ford, 1988). Differently from conventional DEA, the super efficiency
approach excludes from the reference set the specific DMU under eval-
uation, thus allowing efficiency scores to reach values >100,/100. DMUs
with very high scores (we set the threshold at 120/100, according to
Banker and Chang, 2006) are often characterized by Input/Output data
errors or by extraordinary operating conditions. If not excluded from the
sample, super-efficient DMUs would affect the shape of the efficient
frontier and the efficiency scores of all the DMUs. Accordingly, we

Table 1
Descriptive statistics for Milan: number of hotels by star rating and statistics on
price.

Hotel Number of Average Price

star h.otels in the nurflber of Mean  Min Max SD.

rating final sample reviews

One-star 14 928 71.0 56.3 92.4 11.5

Two-star 19 920 72.8 54.5 103.7 12.1

Three- 47 1848 104.0 551 184.4 25.8
star

Four- 88 1705 153.8 94.1  305.6 47.0
star

Five-star 16 962 4157 2165 961.8  206.7
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Table 2
Descriptive statistics for Rome: number of hotels by star rating and statistics on
price.

Hotel Number of Average Price
star hotels in the number of -

. X . Mean Min Max S.D.
rating final sample reviews
One-star 9 456 69.0 54.8 83.2 7.8
Two-star 36 917 82.8 59.7 131.0 147
Three- 83 1020 110.2 721 2384 282

star

Four-star 48 1441 181.3 73.4 3421 57.4
Five-star 4 759 363.7 2587 5132 928

excluded from the analysis all the DMUs of the four sub-samples with a
DEA index higher than the threshold of 120/100, 5 DMUs in total (two
from the sub-sample of the budget/midscale hotels of Milan, one from
the sub-sample of the budget/midscale hotels of Rome and two from the
higher-end hotels of Rome).

As aresult of the exclusion of 1-star hotels and of the super-efficiency
analysis, the final samples were as follows: 64 budget/midscale hotels
and 104 higher-end hotels located in Milan, and 118 budget/midscale
hotels and 50 higher-end hotels located in Rome. The rule of thumb
commonly applied in the field of DEA is that the number of DMUs must
be higher than three times the sum of inputs and outputs (Coelli et al.,
2005; Banker et al., 1989). The model is based on 1 input and 6 outputs,
so the number of available hotels for each cluster is more than sufficient.

On the selected samples we ran an Input-Oriented CCR-DEA model,
accordingly to the model presented in Section 3.1. In more detail, we ran
two DEA models for each location, one for budget/midscale hotels and
one for higher-end hotels. Once run the models, we realized the presence
of a serious problem of negative correlation between prices and DEA
indexes (the values of the Pearson correlation indexes were respectively
—0.62 and —0.81 for the two subsamples of Milan and —0,55 and —0,81
for the two subsamples of Rome). These results point out that the
common distinction between 2-3 star and 4-5 star might is not suitable
to assess prices following a value-based perspective, because within each
class the price (input) variability is very high, while the range of vari-
ation of the value attributes (outputs) is much lower. The standardiza-
tion of the scores is only partially able to manage this difference.

All that considered, to compare homogeneous DMUs and solve the
problem, we clustered the data according to the median price of the
hotels. Doing so, we include in the same cluster hotels for which the
expectations of the customer are similar, according to the logics of the
internal reference price (Rajendran and Tellis, 1994; Mazumdar et al.,
2005; Winer, 1986).

As a first step, we performed a hierarchical clustering on prices using
the Ward method for Milan and Rome separately. The clustering pro-
cedure suggested an optimal number of clusters between 4 and 5 for
Milan and between 3 and 4 for Rome. This result was than refined
through judgmental considerations aimed to maximize the number of
hotels to include in the analysis and to keep as narrow as possible the
range of prices of each cluster at the same time.

Four different clusters for each location were identified, labelled:
“low budget hotels” (LB Hotels), “mid-low budget hotels” (MLB Hotels),
“mid-high budget hotels” (MHB Hotels), “high budget hotels” (HB Ho-
tels). The descriptive statistics for each cluster are reported in Tables 5
and 6 for Milan and Rome respectively.

As shown in Tables 5 and 6, the range is larger in MHB and HB Hotels
clusters, because when the absolute price increases the price sensitivity
decreases.

For each cluster we repeated the same procedure previously
described, from data standardization to DEA model development.

As a result of the super-efficiency analysis, the final samples were as
follows: 29 LB hotels, 38 MLB hotels, 46 MHB hotels and 30 HB hotels
for Milan; 39 LB hotels, 58 MLB hotels, 27 MHB hotels and 28 HB hotels
for Rome.
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Table 5
Descriptive statistics for the clusters of Milan: price range and number of DMUs
(hotels) included.

Cluster

LB MLB MHB HB
Price range 55-80 80.1-105 105.1-135 135.1-170
Range width (€) 25 25 30 35
No hotels 30 39 46 30

Table 6
Descriptive statistics for the clusters of Rome: price range and number of DMUs
(hotels) included.

Cluster

LB MLB MHB HB
Price range 60-85 85.5-110 110.1-145 145.1-185
Cluster width (€) 25 25 35 40
No hotels 41 58 29 29

4. Findings
4.1. The DEA-scores obtained

After running the different DEA models, we focused on the analysis
of the distribution of the DEA scores in each cluster.’ Fig. 2 (Milan) and
Fig. 3 (Rome) respectively report the price and the DEA index of each
hotel of the eight clusters.

The low values of correlation highlighted in Table 7, which reports
the descriptive statistics of each cluster, confirm the effectiveness of the
clustering procedure. The values range from —0.43 for the LB Hotels of
Rome to 0.07 for the LB Hotels of Milan. The mean DEA indexes show
values higher than 80 and lower than 90 in all the 8 clusters, while the
standard deviation ranges from 10.48 (Milan HB hotels) to 18.05 (Milan
LB hotels).

Efficient DMUs account for almost 15-20 % of each cluster, with the
exception for the MHB hotels of Rome (29.6 % of fully efficient DMUs).

LB MLB MHB HB
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Fig. 2. Price and DEA index for each hotel of Milan by cluster.

2 In the DEA model developed, the outputs are subjective evaluations of the
customers, that can be considered as “fuzzy” data. Accordingly, we tested the
results of our CCR model by developing a specific Fuzzy CCR model, comparing
the different DEA scores through correlation analysis. A positive and strong
correlation was highlighted. Since the target of the present study is to develop
an easy model to be applied in the real world, we prefer to focus on the
traditional CCR approach. The details of the Fuzzy model and the correlation
analysis are presented in the Appendix.
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Fig. 3. Price and the DEA index for each hotel of Rome by cluster.

Finally, in line with Section 2.3, the actual price set by each hotel can be
by multiplied by (1 — ), that represents the percentage discount
required to reach the frontier set by competitors' prices. The average
price discount by cluster and location is reported in the last line of
Table 7.

4.2. Peers' analysis

According to Section 3.1, by looking at the number of inefficient
DMUs for which an efficient DMU shows positive Lambda values, we can
understand which companies can represent real “best practices” for the
remaining organizations in terms of price-value consistency. If an effi-
cient hotel shows positive lambdas with several inefficient hotels, it can
be seen as a reference point for them, because it means they share a
similar combination of attributes.

As an example, Table 8 reports the Lambda values for the MHB hotels
of Rome.

If we look at the last two lines of the table, “Hotel San Remo”, “Hotel
Martini” and “Flower Garden Hotel” are efficient, but they don't show a
positive Lambda for any of the “inefficient” hotels. It means that they are
on the frontier, but far from the input-output combinations of most of
the competitors. Instead, “Hotel Marcantonio” shows positive Lambda
values for 12 Hotels and “Domus Australia” for 15. This is an additional
information to the DEA index, which helps to highlight the real peers for
the inefficient DMUs. To better illustrate this point, for each of the six
outputs and for each cluster, we worked out the position of the hotels in
the valence ranking. As an example, Table 9 reports the values for a) the
DMU with the highest number of positive Lambdas among the MHB
Hotels of Rome (“Domus Australia”, see Table 8); b) two DMUs linked to
it by the highest Lambdas (“Hotel Camelia” and “Hotel Des Artistest™)
and c¢) two DMUs linked to it by the lowest Lambdas (“Hotel Aberdeen”
and “Hotel Lirico™).

The DMUs linked by high Lambda values with “Domus Australia”,
exactly as their peer, show high performances in “Cleanliness”, “Com-
fort”, “Staff” and “Facilities”, while show low values for “Location”. On
the contrary, “Hotel Aberdeen” and “Hotel Lirico” show the highest
position in the ranking for “Location”, exactly the value attribute for
which “Domus Australia” shows the worst performance. On the contrary
they perform poorly on average for the most important value attributes
of “Domus Australia”. This example helps to understand how the
Lambda values can show the similarity between DMUs in terms of price-
value attributes combinations, thus explaining to the inefficient DMUs
which efficient peer can be considered a “best practice” to compare with.

We repeated the same analysis for all the clusters of hotels to eval-
uate which efficient DMUs can be considered as real best practices in
terms of price efficiency. The results highlighted that in each cluster
there are efficient DMUs that can be considered a reference point for a
very high number of peers of the clusters and others that are efficient,
but with input-output combinations very dissimilar from most, if not all,
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Table 7
Descriptive statistics for the 4 clusters of each location.
Milan Rome
LB MLB MHB HB LB MLB MHB HB
DEA index Mean 80.81 83.10 86.04 87.03 86.44 83.14 89.27 80.24
Minimum 19.49 40.16 43.11 52.83 57.24 36.93 56.96 20.68
Maximum 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
S.D. 18.05 12.29 14.46 10.48 11.06 14.37 11.72 17.76
Efficient DMUs 6 5 8 5 8 7 8 4
Efficient DMUs (%) 20.7 % 13.2% 17.4 % 16.7 % 20.0 % 12.1 % 29.6 % 14.3 %
Correlation price/DEA 0.07 -0.27 -0.30 —0.42 —-0.43 0.01 -0.17 -0.07
Average price discount 19.2 % 16.9 % 14.0 % 13.0 % 13.6 % 16.9 % 10.7 % 19.8 %
Table 8
Lambda values for the inefficient DMUs of the MHB hotels of Rome.
Inefficient DMUs/efficient DMUs Hotel San Hotel Hotel Hotel Hotel Astoria Flower Garden Hotel Domus
Remo Sonya Martini Marcantonio Garden Hotel Oceania Australia
Raeli Hotel Archimede - - - 0.53 - - - -
Hotel Lirico - 0.59 - 0.37 - - - 0.01
Hotel Emona Aquaeductus - - - - 0.11 - 0.59 -
Madison Hotel - - - 0.87 - - - -
Hotel Amadeus - - - 0.70 - - - 0.04
Hotel Windrose - 0.32 - 0.46 - - - 0.14
Hotel California - 1.00 - - - - - -
Best Western Hotel Artdeco - - - - - - - 0.63
Exe Domus Aurea - - - 0.50 - - - 0.46
Hotel Select Garden - - - 0.25 0.14 - - 0.53
Hotel Montecarlo - - - - - - 0.19 0.66
Hotel Milani - 0.21 - 0.56 - - - 0.14
Hotel Impero - 1.00 - - - - - -
Hotel Camelia - - - - - - 0.02 0.90
Hotel Tito - 0.52 - 0.27 - - - 0.23
Hotel Des Artistest - - - - - - - 0.75
Hotel Aberdeen - - - 0.50 0.34 - - 0.15
Al Viminiale Hill Inn & Hotel - 0.52 - 0.27 - - - 0.23
Hotel Aphrodite - - - 0.58 - - 0.20
Number of DMUs with positive 0 7 0 12 15
Lambdas
Average Lambda 0 0.59 0 0.49 0.20 0 0.27 0.34
Table 9
Position in the ranking of MHB Hotels of Rome for one efficient DMU and some peers.
DMU Lambda Staff Location Cleanliness Comfort Facilities Free wi-fi
Domus Australia (efficient) 1 17 1 1 1 2
Hotel Camelia 0.90 3 20 2 2 2 5
Hotel Des Artistest 0.75 13 23 4 4 4 18
Hotel Aberdeen 0.15 5 4 15 17 11 18
Hotel Lirico 0.01 13 4 15 15 17 24

the other DMUs. This analysis enables to isolate the best practices of
each cluster and to select the real peer(s) for each inefficient DMU.

5. Discussion and conclusion
5.1. Concluding remarks

The main objective of this work was to understand if and to what
extent eWOM, and more specifically online review analytics, could be
used to assess prices according to a value-based pricing approach, thus
overcoming the typical practical limitation inherent in value-based
pricing: limited availability of information and data on customers'
perceived value. The novel model developed and proposed is unique and
distinctive as it: 1) is one of the first to leverage an easy-to —access data
source in digital settings such as online reviews for pricing decisions
adopting a managerial perspective; 2) allows to take into account price/
value relationships pertaining to competitors, thus allowing decision
makers involved in pricing decision to blend both competition-based

and value-based pricing considerations.

5.2. Theoretical and methodological implications

This study makes several theoretical and methodological contribu-
tions at the intersection of (value-based) pricing literature, efficiency
modelling and eWOM. First, from a methodological point of view, we
put forward an innovative approach able to support value-based price
assessment by means of eWOM, and more specifically online review
analytics. Previous studies had just hypothesized the possibility to apply
DEA to purchasing prices (Wang et al., 2016) or had developed DEA-
based price assessment approaches for industrial activities (Visani and
Boccali, 2020), where the attributes were real features of the object
(length, weight, etc.) measured by the operators of the company, not
online reviews freely available online. This approach is easy-to-perform
and parsimonious as it is based on widely available information on the
Internet, and on the mathematical model of DEA, which can be easily
run through cheap software or even by deploying an Excel spreadsheet.
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This way we extend previous big data research calling for data analytical
methods relying on potentially very large volumes of data (Blazquez and
Domenech, 2018) as well as prior value-based pricing literature (Hin-
terhuber, 2004, 2008; Kienzler, 2018; Liozu, 2017; Toytari et al., 2015)
and enrich it by developing an innovative approach to support value-
based pricing decisions.

Second, we contribute to the revenue management literature (Klein
et al., 2020; Shen and Su, 2007) by suggesting that analytics from ORs
constitute an effective source of data for revenue management decisions
and price assessment. Relatedly, we offer insights on the way analytics
from potentially large amounts of data such as big data from online
review platforms can be leveraged to generate big data analytics that are
potentially conducive to better decision making (Akter et al., 2016,
2019), namely pricing decisions. Future research might detect if better
pricing decision would eventually translate also into better firm per-
formance (Wamba et al., 2015) which seems to be one of the ultimate
goals of the use of large volumes of data.

Third, we contribute to the eWOM literature (Liang and Corkindale,
2019; Hennig-Thurau et al., 2004), by suggesting that eWOM - and
generally vast amounts of online reviews - can be suitably embedded to
assess prices in a value-based perspective in data rich environments
(Erevelles et al., 2016; Wedel and Kannan, 2016). This extends the
nascent research stream that has deployed eWOM (and more specifically
OR data) to determine the efficiency of firms (Mariani and Visani, 2019)
and firms' performance (Mariani and Borghi, 2020), thus suggesting that
eWOM is critical in today's firm efficiency evaluations and that it is
conducive to enhanced performance. We therefore strengthen the
theoretical argument that eWOM is a key determinant of both firm ef-
ficiency and firm performance.

Fourth, we contribute both the established big data consumer ana-
lytics research stream in marketing (Erevelles et al., 2016) and the
nascent stream of big data analytics research within the hospitality and
tourism management field (Mariani et al., 2018), by extending previous
research that has suggested that hospitality and tourism firms adopting
analytics on large volumes (big data) of UGC can generate business in-
telligence (Mariani et al., 2018; Mariani and Wamba, 2020) that trans-
lates into better firm performance for (Mariani and Borghi, 2020; Yang
et al., 2018).

Last, we contribute to the recent and emerging set of efficiency
studies that have deployed DEA to support price assessment and setting
(Wang et al., 2016; Visani and Boccali, 2020). In their study, Wang et al.
(2016) proposed a theoretical DEA-based pricing approach called
Competitive Pricing DEA, without providing tangible results and
focusing on suppliers in B2B manufacturing market. Visani and Boccali
(2020) found instead that DEA could be suitably deployed to assess
prices in a B2B manufacturing market, providing also empirical results
from real-world applications, but the focus was again on B2B
manufacturing market and the value dimension was not considered To
the best of our knowledge this is the first study to deploy DEA to assess
prices in services industries that today make up more than two thirds of
the world GDP (Zeithaml et al., 2018) and focuses on consumer markets
that are becoming critical for value chains and systems (Porter, 2001).

5.3. Practical implications

This study bears important managerial implications. First, the
innovative approach developed can assist managers in gaining a better
understanding of the customers' price/value perceptions which can
translate into either a revision of prices or a modification of the value
proposition and the value brought about by products and services sold
(Bresciani et al., 2015). This might be deployed to justify the actual
prices. The strength of this approach is that it is based on online review
data that are broadly and freely available and easy to collect. Second and
related to the previous point, the results provided by the approach are
very easy to understand for managers, as they are based on a single index
ranging from O to 1. The simplicity of interpretation of the score is
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critical to overcome two typical issues arising when carrying out value-
based management: the involvement of the salespeople (Nagle and
Holden, 2002) and the need of top management's commitment (Liozu,
2017). Third, by analyzing the Lambdas, managers involved in pricing
decisions might be able to identify the most efficient firms among those
operating on the market adopting similar competitive approaches, i.e.
the peers displaying a better price/value ratio. They could evaluate
whether the “peers” are real competitors for them and if being more
efficient in terms of value/price relationship is a real source of profit-
ability and growth. In any case, they could deeply analyze the online
reviews of their competitors to understand what processes should be
modified to achieve a better quality and/or contain costs. Otherwise, if
managers think that a different combination of value attributes could be
more interesting in terms of economic value, they could analyze the
performance and the reviews of other peers. This would prompt
important managerial initiatives.

Fourth, as far as customers are concerned, the index generated by the
DEA model provides prospective customers with reliable information on
the value/price relationship, thus supporting the information search
phase of purchase decision processes and generally paving the way for
more informed purchase decisions. This is extremely relevant in today's
markets whose features are covered by an extensive and continuous flux
of data and information. Fifth and related to the previous point, the
index could be suitably embedded by online review platforms such as e-
commerce websites (e.g., Amazon), online travel agencies (e.g., Boo
king.com) and online travel review websites (e.g., Tripadvisor). This
way online customers would be allowed to access a meaningful metric
before making a purchase. More generally, the index could be built into
each digital platform hosting transactions whereby information about
price and attributes is available. Accordingly, the index proposed is
applicable to goods and services from multiple industries — ranging from
consumer electronics to media and entertainment products, to retailing
— that are transacted on platforms enabling consumers to post online
reviews.

5.4. Limitations and future developments

This research is not without limitations. First, for illustrative pur-
poses this model was applied to the hospitality industry where eWOM in
the form of online reviews is widely available, accessible and reliable,
especially when it originates from e-commerce platforms like Booking
where ORs are certified. This implies that future studies may seek to test
the model in other contexts and platforms, as well as distinguishing
mobile vs. nonmobile channels (Kim et al., 2021) to generalize our
findings. Moreover, the approach adopted might need to be validated
also across different industries. That said, we believe that similar results
could be achieved by considering other sectors and products as the way
e-commerce platform work is rather similar across products and services
in B2C markets. Second, we considered two specific destinations: future
studies might consider multiple destinations across different countries to
improve the generalizability of this study. We do not anticipate con-
trasting results as the way hospitality services are transacted and eval-
uated on online platforms is similar regardless of the destination/
location considered. In terms of research agenda, future studies might
examine - possibly by means of a two-stage DEA, what factors influence
price efficiency. Moreover, they might analyze if firms that are efficient
in terms of value-based price are also generating higher revenues to
better ascertain if prices consistent with the value generated are only
useful for customers or also for firms' managers. This represents a rele-
vant way to understand the value of the proposed analysis. In a
completely rational world, it is reasonable to expect that a higher price/
value ratio should lead to higher revenues and profits. However, in
several fields - for instance the fashion industry - this is not always the
case. Thus, future studies could deeply analyze the environmental fac-
tors that affect the relevance of increasing the price/value efficiency.
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Appendix A. A Fuzzy DEA approach

In the DEA model developed, the outputs are subjective evaluations of the customers. As such, they can be considered as “fuzzy” data. Accordingly,
we tested the results of our CCR model by developing a Fuzzy CCR model, in more detail a multiplier input oriented CCR model, according to
Allahviranloo and Firozja (2010) and Hosseinzadeh et al. (2016).

Let n decision-making units (DMUs) to be evaluated and each DMU; (j = 1, ..., n) transforms inputs )?J into outputs 17] For each DMUj; xj(i=1,..,
m) and i,j (r=1, ..., s) are positive LR fuzzy numbers.

The multiplier form of the CCR model in input orientation according to the ranking functions defined by Allahviranloo and Firozja (2010) and
Hosseinzadeh et al. (2016), according to our specific set of data where the inputs are crisp data and outputs are fuzzy data, is as follows:

s
max Z = Z uUy,0

r=1

m
st Y vixg =1
=

m

5
Eur Vi — Z"i x50,
=1 =1
j=1,..,n,
u>ev>e

Then we compared the results generated by the Fuzzy DEA approach with those provided by the CCR approach. Tables A.1 and A.2 respectively
report the results of correlation analysis for the hotels located in Rome and Milan. The tables highlight a positive and strong correlation between both
the cardinal and ordinal values generated by the two approaches. The confidence Intervals (Cls) are tight and they do not include zero. Accordingly,
the null hypothesis HO: rho = 0, is rejected for all the three coefficients. The result is confirmed by the bootstrap p-values.

Table A.1
DEA and Fuzzy DEA of the hotels located in Rome: correlaztion analysis via bootstrap.

Rho Bias SE CI p-Value
Pearson 0.824 0.004 0.054 (0.707; 0.919) 0.000%**
Spearman 0.866 —0.002 0.029 (0.804; 0.914) 0.000%**
Kendall 0.730 0.001 0.034 (0.663; 0.793) 0.000%**

*p-Value < 0.05; **p-value < 0.01; ***p-value < 0.001; NS = not significant.

Table A.2
DEA and Fuzzy DEA of the hotels located in Milan: correlation analysis via bootstrap.

Rho Bias SE CI p-Value
Pearson 0.858 0.0002 0.056 (0.733, 0.949) 0.000%**
Spearman 0.866 —0.0002 0.039 (0.782, 0.933) 0.0007%**
Kendall 0.735 0.000 0.035 (0.666, 0.803) 0.000%**

*p-Value < 0.05; **p-value < 0.01; ***p-value < 0.001; NS = not significant.

The target of the present study is to develop an approach able to evaluate the relationship between prices and value that could be easy applied in
the real world, by using widely available data and tools. As a consequence, we prefer to focus on the traditional input oriented CCR approach that
could be developed much easier by the management accounting departments.
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