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Abstract: A sharing economy accommodation service like Airbnb, which provides trust between
strangers to connect them for profiting from underutilized assets, was born and has thrived thanks
to the innovations in the platform technology. Due to the unique structure of Airbnb, the pricing
strategies of hosts are very different from the conventional hospitality industry. However, existing
Airbnb pricing studies have limitations considering the varying scale of operation among hosts, spatial
variances in pricing strategies, and crucial geographic information for estimating the influence of the
pricing variables, as well as ignoring inter-city variances. In this research, we explored the spatially
heterogeneous relationship between price and pricing variables using an innovative spatial approach,
Multiscale Geographically Weighted Regression (MGWR). Analysis results for Airbnb listing in
Log Angeles and New York in the US showed the effectiveness of MGWR regarding estimating
the influence of pricing variables spatially. By revealing spatially heterogeneous and dependent
relationships, this research fills gaps in Airbnb pricing research and deepens the understanding of the
pricing strategies of the hosts.
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1. Introduction

Pricing has become one of the most effective tools for customer satisfaction and promotion of
demand [1]. Pricing strategy has been widely used in the tourism and hospitality industry, and become
a field of revenue management, applied to airlines, hotels, restaurants, golf, casinos, and theme
parks [2–5]. With the advancement in tourism information services that enable customers to compare
prices, the strategic importance of pricing is tremendous now more than ever [2,6].

Tourism products are experience goods that users have strong heterogeneity in their value
recognition, which makes revenue management for the hospitality industry focus on price
differentiation [7]. Numerous studies have investigated strategies for pricing and enhancing profit
margin in the hospitality industry, focusing on hotels [8]. However, sharing economy accommodation
has distinctive attributes compared to hotels, mainly due to its residential housing-based service.
These unique features make it challenging to apply the conventional understanding of the hospitality
industry on the value recognition of users [9–12]. For example, the star rating system based on user
reviews has limited influence on the price of Airbnb listings, unlike the hotel industry, while indirect
signals such as the service duration and personal information of the hosts are considered as alternative
sources for the trust and significant influence on the price [9,13].

However, existing Airbnb pricing studies have limitations considering spatial variances and
crucial geographic information for estimating the influence of the pricing variables. It is well known
that the influence of pricing variables may have local variations, indicating different dynamics among
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factors across space [14,15]. To explicitly reflect this spatial heterogeneity, the geographically weighted
regression (GWR) has been utilized for pricing research into hotels and Airbnb hosts [16] and the
provisions of accommodations in the sharing economy [17–20]. An issue here is that GWR does not
consider a varying scale of spatial heterogeneity, treating all variables as having an identical scale of
operation [21]. Pricing variables are spatial processes that determine the price, and each of them will
operate under a different scale, from local to global. However, to date, no research effort has been
made that considers this multiscale regression approach for Airbnb pricing analysis.

The second issue is negligence on a crucial decision criterion for accommodation: distance to
tourism destinations [14]. Since tourists are the most frequent customers of Airbnb [6], the distance
criterion needs to be included in Airbnb pricing research. A few previous studies have considered the
distance variable in their pricing model. However, they used surrogate points such as a city center and
highway exits for tourism destinations [22,23], which is not an accurate representation. A tourist will
consider accessibility to multiple tourism destinations to make accommodation decisions. Therefore,
distance to multiple tourism destinations must be explicitly considered in the Airbnb pricing research.

Furthermore, the possibility of spatial heterogeneity in pricing decisions among different areas has
not been explored in the previous Airbnb research, such as inter-city differences. It is highly likely that
different regions will show varying spatial dynamics of pricing decisions, as each of them have unique
characteristics. Analyzing big data that cover multiple cities and comparing the results will reveal such
inter-city level spatial heterogeneity, as well as intra-city level spatial variance in each location. Such a
comparison will help us understand the underlying causes of varying patterns of pricing strategies
more effectively. However, to date, the authors have not found Airbnb pricing research that made a
comparison of pricing strategies among places.

In this research, we try to answer these research questions to fill the gaps mentioned above in the
analysis of the sharing economy and the interaction between tourist attractions and accommodation,
using big data: (1) what does relationship between price and pricing variables look like if we consider
spatial heterogeneity in multiscale?; and (2) How does the distance of tourist attractions affect the
price? We utilize a novel spatial approach that enables us to reveal more complex relationships and
spatial patterns among pricing determinants and Airbnb listing price. We use the Multiscale GWR
(MGWR) model for estimating the influence of pricing variables on varying scales. Using MGWR, we
compare the influence of pricing variables in two major tourist destinations in the US, Los Angeles and
New York. Additional geographic information, distances to popular tourism destinations, poverty
ratio, and Airbnb listing density are also included as Airbnb pricing variables to reflect the influence
of external factors. The structure of this research is as follows. We will review the previous studies
related to pricing research in shared economy accommodation and attempts to understand spatial
heterogeneity in pricing strategies. Study areas and the research method will be introduced. We then
present the MGWR analysis results for the influence of the pricing variables in LA and New York,
which will be followed by discussions and concluding remarks.

2. Background and Literature Review

2.1. Sharing Economy, Tourism, and Sustainability

The sharing economy is a social phenomenon from the convergence of mobile technology and
social media platforms [24]. There are many definitions of the sharing economy by academics [25,26].
However, the sharing economy can be narrowly defined as a business or online platform which
provides temporary access to underutilized physical assets for a fee or for free without a transfer of
ownership [27].

Although the sharing economy uses the word “sharing,” the core of the sharing economy is
not charity but a decentralized commerce platform connecting under-utilized assets and potential
customers [28]. The sharing economy coordinates the acquisition and distribution of goods for a fee or
other compensation, which is called “collaborative consumption” in academia [29].
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Because the most valuable under-utilized assets for people are a house and a car, sharing economy
activities have flourished, especially for accommodation and transportation services in the tourism
industry [30]. The sharing economy services in the tourism industry not only provide the cost
leadership based on the idling capacity of resources but also suggest a new way of life among the local
community through interactive communication [31–33]. The emerging trend of fully independent
tourists accelerated the growth of the sharing economy in the tourism industry [34,35].

Regarding sustainability, the emerging sharing economy in the tourism industry has a higher
possibility of this than the traditional industry. Through the utilization of under-utilized assets,
the sharing economy can increase the amount of service without additional construction or acquisition,
which would decrease the environmental footprint of the industry [31]. Several studies have shown that
consumers of the sharing economy have a higher interest in the local community and the environment,
so that both consumers and suppliers lead to a reduced consumption of energy and water and reduced
waste generation [30,33]. This change in consumption activity ultimately contributes to the reduction
in greenhouse gas emissions and is considered to be an effective response to climate change [25].

Furthermore, the sharing economy increases the employment rate of the local community [36],
as well as the profits of the community [37]. For example, Airbnb’s message to tourists, “travelers to
your neighborhood,” encourages them to have new experiences via sharing the same space with the
local community members, which makes the Airbnb tourists engage more in economic activities in the
local areas, like eating at a local restaurant, than other tourists [37]. On the supply side, the gains in
the sharing economy operations help to vitalize the local economy, as those benefits are transferred
to hosts who operate at the local scene [37–39]. Consumers of the sharing economy are also given
the opportunity to experience meaningful social experiences within the community, away from the
traditional tourism industry’s consumption system [25]. The human capital of the community that
provides idle assets to the sharing economy serves as a bridge between these opportunities and helps
consumers to respect the culture of the community and to resolve social imbalances [32,40].

2.2. Pricing Research in Hospitality Industry

Pricing strategy is a crucial tool in the accommodation business for sales optimization [41].
The tourism services and accommodations are highly perishable; therefore, pricing has been used as a
strategic tool to promote demand for the specified time [1]. Pricing strategy in the tourism industry
has incorporated heterogeneity within hospitality services and grown as a discipline referred to as
revenue management [2,5,42]. With readily available pricing comparison tools for the customers
based on innovative mobile technologies and tourism information systems, the importance of revenue
management has been increased more than ever [2,6]. Understanding how customers recognize
the value of the various attributes of the accommodation has become crucial for successful revenue
management [4].

However, a direct survey to customers is not a viable option due to the numerousness of hotel
service attributes. Naturally, the indirect inference of the decision-making criteria of consumers
has become the standard practice, such as conjoint analysis and the hedonic pricing model [14].
The hedonic pricing model (HPM) is based on the characteristics theory, which assumes that the
utilities of customers are structured not from a good itself but from attributes within the good [43].
Typically, a single good has multiple attributes by its nature, and customers try to make the optimal
selection of the attributes to maximize their utilities under the budget constraints [44]. Observation
of market price can reveal a unit value of each attribute within the given good, and this is referred
to as the hedonic price. The highly differentiated market usually shows a better performance from
measuring the hedonic price [45].

Thus, the hospitality industry, where the most sophisticated price and product differentiation is
used under high competition, frequently uses the HPM to recognize the value of various attributes
in the hotel service. Previous studies have found that star ratings, location, reputation, amenities,
cleanliness, room attributes, and facilities are vital attributes for the hotel price [23,46–49].
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It is generally accepted that the most critical attributes for the hotel pricing are the star ratings
and location [14,47]. Star ratings can be perceived as an index signal evaluated by an independent
organization that does not benefit from the biased report of hotel quality and experience. This makes
the star rating system strongly influential to customers and hotels as well [13]. Empirical studies also
showed that star ratings of hotels have high explanatory power on the hotel price [23,50,51].

Hotel location and the surrounding environment are additional key drivers of product
differentiation in the revenue management of hotels. For example, hotel customers willingly pay
more for a room with a better view [52]. The hotel industry has been aware of such consumer
behavior regarding location, and this has been reflected in the hotel price [46]. Empirical studies have
revealed that sea views [14,46,51], city center [23,51,53], and transportation center [47,50,54] are the
most-considered location factors for hotel pricing.

Despite the importance of location in the hospitality industry, previous studies in tourism have
failed to capture spatial variations properly in the HPM. In many cases, researchers assumed that
each region has homogeneous geographical characteristics to control the heterogeneity among regions.
From this perspective, every hedonic pricing study for each city has unique value and meaning [14].
However, even in a small city, various geographical characteristics affect the pricing of hotels in
different ways. To reflect this, strategies that indirectly include heterogeneity have been developed,
such as converting spatial heterogeneity to dichotomous variables [46,53] and including simple
Euclidean distance information as a variable [23,54]. However, these strategies oversimplify the spatial
heterogeneity or even distort it, failing to reflect spatial variance in the results.

2.3. Pricing Model in the Sharing Economy

Airbnb listings are based on residential housing in the local communities, and their characteristics
are extremely different from those of the hotels. The difference between Airbnb listings and hotels come
from not only real estate, but also service, amenities, the personality of hosts, and local communities.
Thus, accumulated knowledge of revenue management in the hospitality industry cannot be applied
directly to the sharing economy accommodations [9].

Most pricing studies on Airbnb commonly pointed out that the standardization of business is
the key difference between Airbnb and hotels. In the case of hotels, the shape and format of services
are quite similar among hotels due to the standardization, so that consumers can easily recognize or
compare the values of the service to these industrial service standards. Unlike hotels, each listing in
Airbnb has unique characteristics that are hard to compare. However, Airbnb’s user interface provides
standardized information of listings to customers. In this way, customers recognize the value of listings
through the user interface of the platform [13].

Acknowledging these differences, pricing studies on Airbnb have recently started using HPM [9,
13,16,55,56]. This revealed that trust-related information and the attributes of a given property have a
statistically significant impact on the price, while amenities and other service factors showed mixed or
even contradicting results. The customer review has been considered as the most indicative information
on the quality of Airbnb listings. However, the interactivity of the trust mechanism in Airbnb has
distorted the reviews under social pressure from the hosts [57].

Although the reviews of customers are still meaningful indicators of the price [9,13], customers
have started to look for other signals to eliminate the biases. The empirical studies found that the status
of the host, the service length of the listing, and the super host badge are now utilized for customers to
measure the quality and value of a listing [6,56].

The attributes of the given property, and the number, size and types of rooms also showed
statistically significant effects on the price of Airbnb listings through product differentiation like hotels.
However, amenities and other service factors did not show consistent results. Sometimes, they showed
contradictory results [55,56].
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2.4. Limitations of Previous Hedonic Pricing Research for Sharing Economy Accommodation

The fundamental assumption of GWR (or any other spatial analysis methods) is Tobler’s First
Law of Geography: “Everything is related to everything else. However, near things are more related
than distant things” [58]. If we translate this for Airbnb pricing, the decision-making processes of
Airbnb hosts are related, not independent, so the pricing strategy of one host will influence (and be
influenced by) other hosts of nearby listings. However, nearby hosts’ strategies will be more influential
to each other than distant hosts’ strategies. There will also be a threshold distance where the degree
of this interaction diminishes to an irrelevant level, which would be the scale of operation. With it,
the differences in the attributes of listings and surrounding environment create spatial variances in
pricing strategies, resulting in heterogeneous patterns of the influence of each pricing variable, instead
of the uniform one across the region, as depicted in OLS(Ordinary Least Squares) analysis results.

GWR captures spatial heterogeneity in pricing strategies by conducting a localized estimation of
the influence of the pricing variables. The core idea of GWR is directly capturing geographical variance
in regression estimates across space [59]. Unlike OLS, it computes localized regression coefficients
of given explanatory variables for a given location, only using its neighboring locations, to show the
varying influence of pricing variables. The neighborhood is defined by search bandwidth, a reflection
of the concept of the scale of operation. Airbnb pricing research has adopted the concept of locally
varying relationships among variables, introducing GWR to the research [16,19,20].

However, the scale of operation is likely to vary for each pricing variable, depending on its
nature [21,52]. For example, management variables such as cancellation policy and superhost status are
likely to show a similar tendency at the regional or global level. Other variables, such as the number of
bedrooms, guests, and distance to tourism destinations, would be the more localized scale of operation,
as the influence of them would be more sensitive to the local environment. A critical limitation of GWR
is that it applies an identical scale of operation for all the explanatory variables, ignoring the possibility
of varying scales [21]. If we assume that all the pricing variables have an identical scale of operation,
it will result in creating false spatial variances in global variables. Differences in the scale of operation
among local variables will be ignored as well.

Another issue is a lack of or flawed consideration of the proximity to local tourism destinations.
Considering that most customers of Airbnb are tourists, proximity to major tourism destinations is
the key factor for pricing decisions. However, it has been completely neglected in most previous
studies [9,55]. The few studies that attempted to consider it they have used surrogate locations, such as
a city center and highway exits, instead of using actual locations [16,23,51]. These are inaccurate
representations of tourism destinations, as they are not necessarily located in the city center or near
the highway. Considering that most tourists would like to visit multiple destinations, measuring the
distance to a single destination is not an effective way to reflect tourists’ influence of the location on
price [60].

Previous studies only focus on analyzing pricing strategy in a single city [14]. However, considering
the unique characteristics of each city, we will likely see significantly different patterns in pricing
strategies among cities. These different patterns may be the product of external factors, such as the size,
demographics, and employment structure of the given city. Therefore, to improve our understanding
of Airbnb pricing decisions, comparison studies among cities need to be conducted.

To analyze the influence of pricing variables on Airbnb price accurately, a different regression
model needs to be utilized to reflect the different scale of operation. Additional pricing variables also
need to be included to reflect the geographical characteristics of the given areas.

3. Method, Data, and Study Area

3.1. Study Area and Data

We chose two famous and large tourist destinations in the United States, Los Angeles and New
York, that have a large number of Airbnb listings and distinctive characteristics. They are located
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on the opposite side of North America, showing very different demographics, population densities,
landscapes, and climate.

Airbnb listing data were collected from ‘Inside Airbnb’ (http://insideairbnb.com), which is an
independent Airbnb data collection website, providing updated and cleaned listing data around the
world every month. The most recent listing datasets available at the time of our data collection effort
(September 2019) of New York and LA were collected from Inside Airbnb websites. Additionally,
listings in Jersey City were included as a part of the New York dataset, considering its proximity and
easy access to New York. For the New York area, a total of 51,385 Airbnb listings were collected.
For LA, Inside Airbnb collected 45,044 Airbnb listings for the same month.

We defined the price of Airbnb listing as the listed price plus cleaning fee of each listing.
The cleaning fee is a “one-time fee charged by a host to cover the cost of cleaning” after each stay.
The amount of the fee was widely varying for each host, even for the listings with similar conditions
and locations. As this fee will be included in the final price, it should be included in the price variable.
However, we excluded listings that charged a cleaning fee higher than the listed price, as this price
abuse possibly distorts the analysis results. After this filtering, a total of 44,291 records were remained,
20,422 and 23,869 for LA and New York, respectively. Figure 1 depicts the general distribution of
Airbnb listing in the two cities with price information, while Table 1 shows descriptive statistics of
the price.
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Table 1. Price distribution (US dollar).

LA NY

Mean 209.9 207.9
Median 167 150

Min 10 10
Max 21,053 10,888

Standard deviation 623.3 313.9

Based on the previous research, we selected nine pricing variables, with three additional variables
(Table 2). We grouped variables in four categories: listing functions, attributes of host, reputation,
and geographical characteristics. Listing functions include the number of bathrooms, bedrooms,
and guests, rental type, and cancellation policy, representing the attributes of each Airbnb listing.
The rent type variable was included to represent different accommodation types that are unique to
Airbnb. The attributes of the host are also crucial, so we have adopted duration and superhost status

http://insideairbnb.com
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variables. The influence of feedback from other tourists (reputation) was considered through rating
and reviews variables. The last category is geographical characteristics, which are density, poverty
ratio, and distance index. Density was included to consider the influence of the existence of other
competitors on the accommodation price. The poverty ratio from the 2016 American Community
Survey was used to indirectly reflect the impact of the housing price of a given Airbnb listing and its
neighborhood, since individual housing price data were not available.

Table 2. Selected pricing variables.

Variable Explanation

Listing functions

guests The number of accepted guests
bedrooms The number of bedrooms in a listing
bathrooms The number of bathrooms in a listing

rent type: shared/entire Rental type of a listing: shared, entire unit/house
policy: strict/moderate/flexible Cancelation policy of a listing: strict, moderation, flexible

Attributes of host
duration Duration of a host in Airbnb

superhost Superhost status of a host

Reputation reviews Number of reviews for a listing
rating Rating score for a listing, 0–100 scale

Geographical characteristics
density The number of other Airbnb listings within 1 km range

proverty_r The ratio of households under the federal poverty line
(census blockgroup)

dist_index Combined distance index to 30 popular tourism destinations in a city
(sum of inversed distance)

The distance variable was included to reflect tourists’ consideration for accessibility to popular
tourism destinations, which was measured using straight line distance, as travel time in these large
cities is very sensitive to traffic conditions. It has been proved that a straight distance can be used as a
surrogate for network travel distance in urban areas with a dense grid road network [61]. The second
consideration was measuring the distance to multiple destinations. We picked the top 30 popular
tourism destinations of each city, based on Tripadvisor’s ‘Things to do’ ranking. In LA, to reflect the
unique characteristics of the area, we have included ten beaches on the list. We then derived a distance
index for each listing by adding inverse distances to the selected destinations. The inverse distance
represents the distance decay effect in the accessibility.

3.2. Multiscale Geographically Weighted Regression

A regression model estimates relationships between explanatory and response variables.
Conventional models like OLS assume globally identical relationships in a given region. Therefore,
they estimate the relationships, expressed as correlation coefficients, using the entire cases with the
same level of weight. If we apply this logic to the Airbnb pricing strategy, we would assume that all the
hosts in the region use the same logic and criteria to determine their price, independently to each other.
However, this is not entirely true. First, the decision criteria will vary, responding to the surrounding
environment. For example, Airbnb listings located in an area with higher housing prices are likely to
be more sensitive to the number of bedrooms and bathrooms, compared to lower housing price areas.
Furthermore, spatial dependency may exist in the hosts’ decision-making process. They will consider
the pricing behavior of nearby hosts. The surrounding environment of Airbnb listings in proximity
would also be similar, resulting in a similar pricing strategy. To estimate relationships between pricing
variables and Airbnb price, we should consider spatial non-stationary processes that determine the
influence of pricing variables on the outcome, as well as their spatial dependency.

To accept spatial non-stationary processes and use it for regression analysis, the scale of operation
of processes must be analyzed [21]. The scale of operation can be defined as a threshold distance that
represents an area where a spatial process works similarly. A spatial process will work differently for
every location, in varying degrees of change [21]. However, estimating correlation coefficients for a
location based on only one case is not acceptable, as it only uses a single sample. Instead, we can
expand the scope of analysis to other cases that are assumed to have a very similar spatial process [21].
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This scope is the scale of operation of the given spatial process. For a local process, this will vary
significantly across the region, as it has a limited scale of operation. If a process has a large enough
scale of operation to cover the entire given region, we call it a global process, which has an ignoble
level of spatial heterogeneity. To estimate the relationship for the process, only cases within its scale of
operation should be used, as we assume spatial non-stationary of processes [21]. Since we assume
spatial heterogeneity, this step needs to be repeated for each case in the given region [21,62].

Another crucial concept is spatial dependency [21,62]. Socio-economic decision-making processes
like Airbnb pricing decisions cannot happen entirely independent to each other. Decision-makers will
influence each other either directly or indirectly, and similarity in the surrounding environment will
also add another layer of resemblance. This spatial dependency, as stated in Tobler’s First Law of
Geography [63], has a diminishing impact, along with distance [62]. To consider this regression analysis
for spatial non-stationary processes, distance-decayed weight needs to be applied for analysis, even
for those cases within the scale of operation [62]. Closely located cases will have more influence than
cases located near the boundary of the scale of operation. It should be noted that, however, this does
not mean that such a method would be able to identify the reasons behind the spatial dependency.
This approach focuses on estimating relationships under the influence of the spatial dependency,
revealing the degree of spatial dependency. Still, it can be used as an exploratory tool for further
analysis to find hidden variables or processes behind the spatial dependency.

Based on this logic, GWR was developed to estimate locally varying coefficients for the explanatory
variables for each sample location, i, with intercept and residual [62]. The expression of the GWR
model is like the following

yi =
m∑

j=0

β j(µi, νi)xi j + εi, i = 1, . . . , n (1)

where:

yi: dependent variable at location i;
xi j: jth explanatory variable at location i;
β j(µi, νi): jth local correlation coefficient at location (µi, νi);
εi: error term at location i.

As mentioned previously, to estimate a unique set of coefficients using the given case and nearby
cases (neighbors), a distance-based non-zero weight function will be applied for them. The weight
function can be a Gaussian function or a kernel function. Other cases located beyond the bandwidth
will get zero weight.

Then how does GWR estimate the scale of operation? Under ideal circumstances, we would know
the actual scale of the operation of the given spatial process. However, this is not the case for most
research, requiring an approach based on the distribution of the given data. GWR uses least-squares
cross-validation and goodness of fit measures to estimate the distance that minimizes the sum of
residuals, considering distance decay effect. In other words, it searches the distance that can maximize
the similarity of the spatial process.

For each location i, GWR derives a set of unique parameters using weighted least squares.
The weight is determined by distance from the given location, usually based on a kernel function.
Only neighboring locations, defined as either the locations within a given distance threshold (fixed) or
the given number of the nearest locations regardless of the distance (adaptive), will be given non-zero
weight. This is expressed as in matrix form

β̂(i) = [X′W(i)X]−1X′W(i)y (2)

where β̂(i) denotes a j × 1 vector of estimated coefficients, X represents n × j matrix of the explanatory
variables, W(i) means diagonal weight matrix, and y is a n × 1 vector for the dependent variable.
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However, as stated earlier, applying an identical scale of operation for every explanatory variable
can be a wrong idea. To consider the mixed effect of a local and global variable simultaneously,
GWR model was modified as follows, referred to as semi-parametric GWR, or SGWR [64]

yi =

ka∑
j=1

a jxi j(a) +
kb∑

l=1

bl(µi, νi)xil(b) + εi, i = 1, . . . , n (3)

This model estimates coefficients of global variables and local variables separately, limiting
spatial variance only for local explanatory variables. In simple terms, SGWR computes general linear
regression for global variables, while it produces local estimates only for variables designated as local.

However, SGWR has two limiting issues. Firstly, making the distinction between local and global
variables could be arbitrary or extremely time-consuming. Arbitrary classification possibly results in
erroneous estimation. Alternatively, the local-global variable test is possible by altering a variable’s
category one at a time, followed by the goodness-of-fit test for evaluation. However, this can be a very
time-consuming procedure, as all possible combinations need to be evaluated. Furthermore, even if
the local-global distinction can be made easily, SGWR only allows two scales of interaction: global or
fixed-scale local.

To overcome this limitation, Fotheringham et al. (2017) propose another variation of GWR,
multiscale GWR (MGWR) [21]. The fundamental idea of MGWR is using different search bandwidth,
the scale of operation, for each explanatory variable to estimate its coefficient. Bandwidths are
determined by the data rather than relying on external factors.

yi =
m∑

j=0

βbwj(µi, νi)xi j + εi, i = 1, . . . , n (4)

Here, bwj indicates the scale of operation (bandwidth) of the jth explanatory variable. To determine
the bandwidth, MGWR requires a different approach than GWR and SGWR as it needs to derive
multiple different bandwidths for given variables at the same time, so it uses a back-fitting approach.
This back-fitting is initialized from ordinary GWR or OLS estimation, and tests goodness-of-fit for
each variable to find the most suitable bandwidth to reflect the scale of operation indicated in the
given dataset.

4. Results

4.1. Traditional Hedonic Pricing Model

Before the analysis of MGWR, we conducted the traditional HPM-analysis-based OLS method,
and summarized the reultd in Table 3. In the listing functions group, the number of guests, bedrooms,
and bathrooms have positive relationships with the price, while sharing a property (private room or
shared room) lowers the price. The tendency of the listing functions is similar to previous research
results in both cities [9,56]. However, the influence of the cancellation policy is different in LA and
New York. In New York, the strict cancellation policy has a positive effect on the price compared to
a moderate one, while a flexible policy has no impact. In LA, the influence of cancellation policies
was precisely the opposite. Previous studies also showed similarly mixed results: a strict policy may
have a positive impact [13,56] or may not have any significant influence, while flexible policies impact
negatively [9]. Local characteristics may determine the relationship between the cancellation policy
and the price.



Sustainability 2020, 12, 4710 10 of 18

Table 3. OLS results.

LA New York
Variables Coefficient SD T-Value Coefficient SD T-Value

guests 0.053 *** 0.01 5.54 0.200 *** 0.009 21.917
bedrooms 0.157 *** 0.01 15.722 0.078 *** 0.008 9.533
bathrooms 0.387 *** 0.008 48.006 0.124 *** 0.007 18.685

shared −0.080 *** 0.007 −12.08 −0.100 *** 0.007 −14.057
strict −0.007 0.007 −1.015 0.020 *** 0.007 2.725

flexible −0.034 *** 0.007 −4.695 −0.001 0.008 −0.096
superhost 0.025 *** 0.006 4.053 0.030 *** 0.006 4.773
duration 0.017 *** 0.006 2.994 0.020 *** 0.006 3.228

rating −0.115 *** 0.006 −18.766 −0.049 *** 0.006 −7.762
reviews −0.015 ** 0.006 −2.461 −0.041 *** 0.006 −6.366
density −0.008 0.008 −1.09 0.020 *** 0.007 3.038

poverty_r −0.055 *** 0.006 −9.413 −0.031 *** 0.006 −5.134
dist_index 0.028 *** 0.008 4.363 0.195 *** 0.007 27.841

R2 = 0.368 R2 = 0.205

**: p < 0.01, ***: p < 0.001.

The OLS results revealed that web-based reputation variables have a negative influence on the
price. This seems to contradict the previous theories about the influence of reputation. However,
it has been theoretically and empirically confirmed that the customers have less faith in the review
ratings of the Airbnb listings, as the rating score can be determined by any customer, unlike ratings
for hotels evaluated by a third party [13]. The number of reviews also showed the same tendency
as in previous studies, impacting negatively on the price. On the other hand, superhost status and
service duration have a positive impact on the price. In the signal theory, the customers try to find
alternatives (superhost, durations) for the neutralized signals (rating, the number of reviews) to make
decisions [13]. Our finding agrees with the signal theory.

In the geographic information group, distance to the tourism destinations and poverty ratio
follows the conventional pricing mechanism. The positive coefficient shows a similar tendency to the
analysis in the existing HPMs [6,14]. LA has a relatively higher coefficient for the distance. This is a
reflection of the geographical characteristics of the two cities, as the destinations in the New York area
are clustered to each other compared to LA destinations, and most accommodations are located close
to those destinations. The larger size of the LA area is also assumed to influence the pricing decisions
regarding distance, which was reflected in the different scale bars that appeared in figures.

However, the relationship between the density of nearby Airbnb listings and the price showed
almost opposite results compared to the traditional understanding of the competition and price in the
economics, as it turned out to be utterly irrelevant in the LA area while showing a positive influence in
New York. After all, Airbnb accommodation is not a business that provides identical goods at the same
location. Therefore, it can be interpreted as Airbnb listings being more sensitive to demand based on
geographical location, and higher density is an indication of higher demand, which corresponds to the
results in Chen and Xie (2017) [9].

The implication of the negative relationship between the review rating and the price in the
OLS-based HPM needs to be discussed more in detail, which also appeared in the previous
studies [13,16]. We assume that it is a result of spatial spurious regression, based on our findings
like high t-values (LA: −18.766, NY: −7.762) with relatively lower R2 values, as well as the existence
of spatial autocorrelation in both cities as depicted in Figure 2 (high-high and low-low clusters).
Spatial spurious regression is a regression that shows false evidence of the correlation between two
independent non-stationary variables due to random walk in error terms. Methods that can consider
spatial non-stationarity are required to analyze such datasets with spatial spurious regression [65],
such as GWR and its variations.
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4.2. MGWR Analysis Results

MGWR estimation results are presented in Tables 4 and 5, which only include statistically significant
cases. As each case has unique correlation coefficients for the explanatory variables, their mean,
standard deviation, median, minimum, and maximum values were presented to summarize tendency
in each city. Bandwidth, or the scale of the interaction of each variable, were also included. The ratio of
significance represents the percent of statistically significant cases for each variable. The explanatory
power of MGWR is noticeably higher than OLS, which indicates that MGWR successfully considers
localized spatial influence in the price of Airbnb listings.

Table 4. Multiscale Geographically Weighed Regression (MGWR) results of LA area.

Variables Bandwidth (m) Mean Std Min Median Max Ratio of Significance (%)

guests 45 0.264 0.540 −3.216 0.300 2.384 9.3
bedrooms 1321 0.100 0.039 0.043 0.093 0.324 90.9
bathrooms 250 0.289 0.141 −0.225 0.253 0.931 61.0

shared 3663 −0.064 0.015 −0.181 −0.063 −0.026 99.8
strict 264 −0.097 0.210 −0.798 −0.126 0.346 5.9

flexible 20,427 −0.011 0.000 −0.012 −0.011 −0.010 93.9
superhost 3452 0.042 0.047 −0.048 0.051 0.097 2.8
duration 20,428 N/A N/A N/A N/A N/A 0.0

rating 43 −0.503 0.465 −2.763 −0.368 0.909 6.7
reviews 20,441 −0.015 0.000 −0.016 −0.015 −0.015 100.0
density 670 0.068 0.155 −0.196 0.076 1.237 48.2

poverty_r 1869 −0.014 0.071 −0.089 −0.041 0.295 26.1
dist_index 15,732 0.019 0.004 0.014 0.019 0.031 22.7

R2 = 0.705

Regarding the scale of operation of the pricing variables, MGWR results revealed that (1) the
scale of operation varies widely among variables; and (2) even for the identical variable, the scale
of operation differs between cities. Based on the bandwidth and the statistical distribution of the
coefficients across each city, we classified the pricing variables as local, regional, and global variables.
In LA, one cancellation policy dummy (flexible), the number of reviews, and the distance to tourism
destinations were identified as global variables. In New York, the strict dummy variable appeared to
be regional, and superhost, poverty ratio, and Airbnb density were identified as global variables in
addition to the above three variables. These global variables can be interpreted in two ways: (1) Airbnb
hosts in each city use similar pricing strategies regarding these variables, and/or (2) the hosts are
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influenced by other competitors’ pricing strategy related to these variables’ city-wide scale. The spatial
distribution of correlation coefficients of the flexible cancellation policy in the two cities in Figure 3
shows the global characteristic of the given variable. In LA, the flexible policy resulted in a slight price
drop of 1%, with less than 0.1% variance across the entire area. A similar observation has been made in
the New York area, though the influence on the price was a little stronger than the LA area.

Table 5. MGWR results of New York area.

Variables Bandwidth
(m) Mean Std Min Median Max Ratio of Significance

(%)

guests 44 0.443 0.548 −4.674 0.377 4.351 14.6
bedrooms 1391 0.097 0.050 −0.063 0.088 0.348 64.1
bathrooms 110 0.339 0.347 −2.116 0.294 2.637 20.3

shared 81 −0.192 0.460 −1.409 −0.242 3.926 11.4
strict 18,305 0.025 0.008 0.014 0.024 0.037 91.0

flexible 23,868 −0.014 0.000 −0.014 −0.014 −0.013 100.0
superhost 23,868 0.024 0.000 0.024 0.024 0.025 100.0
duration 45 0.002 1.273 −7.844 0.219 4.715 3.2

rating 44 −0.340 0.744 −4.392 −0.330 3.515 4.9
reviews 23,845 −0.030 0.001 −0.032 −0.030 −0.027 100.0
density 23,868 0.049 0.000 0.049 0.049 0.050 100.0

poverty_r 23,868 −0.016 0.000 −0.017 −0.016 −0.015 100.0
dist_index 20,393 0.115 0.004 0.110 0.114 0.132 100.0

R2 = 0.598
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Figure 3. MGWR result for cancellation policy (flexible over moderate).

The distribution of the coefficients for the number of bedrooms shows the difference between
local and global variables clearly (Figure 4). The bandwidth of the bedroom is about 1.3 km in both
cities, which reveals that the hosts in the two cities tend to refer only the neighboring competitor’s
strategy regarding the pricing with bedrooms. In the New York area, the stronger influence of the
bedrooms that appeared in Harlem and lower Brooklyn areas can be partially explained by the poverty
ratio. Figure 5 shows bivariate cluster analysis results between the poverty ratio and the correlation
coefficient of bedroom variable, where high–high points are clustered in those two areas. However,
in the LA area, such a relationship was not observed (Figure 5). Instead, Airbnb listings more sensitive
to the number of bedrooms are clustered in the Hollywood area (central cluster) and Malibu area
(western beach area), where the poverty rate is relatively low (low–high clusters). Therefore, this could
be a result of higher housing prices.
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However, the influence of the pricing variables has inter-city differences, not just intra-city
variances. For example, the density of Airbnb listings has a globalized scale of operation in the New
York area, increasing by 10% in the final price with a rising one-standard deviation (Figure 6). On the
other hand, the density is a local variable with much narrower bandwidth (670 m) in LA. This is
consistent with the conclusions of previous studies, where the price characteristics of accommodations
vary significantly from city to city [14,53].

The most noteworthy aspect of this study is the relationship between review rating and Airbnb
price. In OLS results, they have a negative relationship with significantly higher t-values (LA: −18.766,
NY: −7.762). However, MGWR revealed a different pattern (Figure 7). The review rating was not
statistically significant in most of the listings in the two cities. In New York, no distinctive pattern
exists, and less than 5% of Airbnb listings in New York show statistically valid relationship between the
review rating and price. This confirms that the observed effect of the review rating in the OLS-based
HPM was incorrect, which was the result of spatial spurious regression. Spatial non-stationary should
be considered using MGWR to prevent such erroneous estimation. In the case of LA, a negative
relationship exists in Hollywood and Malibu areas. This is consistent with the previous Airbnb
research, as well as hotel practice [13,56]. There have been two possibilities suggested for this anomaly
in the Airbnb pricing [16]. Firstly, biased and inconsistent customer review ratings in the Airbnb
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platform. It has been discovered that the ratings in Airbnb tend to be higher than other accommodation
platforms [35], which can lead to such different relationships between the price and the review ratings
in Airbnb. Another possibility is the unique nature of customer satisfaction in Airbnb, as the customers
mostly value its low price. In the previous Airbnb research, the low price has been recognized as
the core value of Airbnb, along with cultural exchange. This causes a higher correlation between the
low price and the satisfaction of Airbnb, as a customer likely to give higher ratings more easily for a
low-priced listing, since the expectation for other factors would be low. However, for the high-priced
listings, an opposite tendency would exist, as it is possible that a customer has higher expectations
that are likely to result in disappointment regarding other services. Figure 8 shows bivariate cluster
analysis results for the price and review rating for the LA area, which suggests the potential influence
of the expectation-based negative relationship in LA (high–low clusters).
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5. Discussions and Conclusions

In this research, we analyzed the pricing determinants of Airbnb listings in LA and New
York, using OLS and MGWR HPMs. OLS-based results presented similar results to the previous
Airbnb studies regarding the influence of listing functions, attributes of the host, reputation variables,
and geographical characteristics. The results also showed that the explanatory powers of the identical
pricing variables were different between locations, and distinctive geographical properties explain this.
However, OLS was not able to reveal the reasons behind such differences, since it cannot include spatial
variance in the model. The opposite estimation in the review rating to the previous studies could not
be explained with OLS results. On the contrary, MGWR was able to reveal that the spatial variance
(the scale of operation) of pricing variables varies within a city, as well as between cities, due to their
geographical characteristics. Unlike the OLS, MGWR estimated differing spatial influences for the
variables. From this, MGWR provided the groundwork to analyze how geographical location affects
the influence of the pricing variables, as well as geographic visualization of the results. Additionally,
we presented that the traditional OLS-based approach can mislead a non-significant relationship to a
significant one due to its ignorance of spatial variance.

Based on the MGWR results, we demonstrated the importance of the spatial variance and
effectiveness of MGWR for pricing research, providing a deepened understanding of the pricing
strategies in Airbnb listings. From a theoretical perspective, this research presented the risk of spatial
spurious regression in the OLS-based HPM by comparing it with MGWR results. We also proved that
MGWR is a useful tool to account for spatial variance in pricing strategies.

Practically, this research showed that pricing models were different among cities and even within
a city, with visualization of the results over the maps. Using the MGWR method, this research proposes
a practical approach for analyzing spatially varying relationships between pricing determinants
and prices for different cities and regions. In addition, in constructing the price policy, the model
provides guidelines for practitioners to effectively distinguish the influence of various factors related
to price through the model. By theoretically explaining the relationship between price and review
rating, which has not been adequately explained in the previous price research, we have empirically
demonstrated a methodology to optimize the price of Airbnb and other sharing economy services.

This study suggested a method to effectively analyze the relationship between the price and the
geographical characteristics of tourist destinations, but did not cover detailed characteristics of the
region. Subsequent studies are expected to expand on how the diversity of a tourist attraction affects
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price and service characteristics. There is also a need to look more socially and economically into why
regional differences in influence arise.

It should be noted that this research has several limitations. First, the estimated pricing strategies
and the scale of operation of the variables cannot be generalized, since this research analyzed only
two cities. We will need more cities to analyze how the geographical characteristics of locations
affect the pricing determinants. Second, distance measurements to tourism destinations need to be
updated to reflect various transportation modes for tourists and actual travel time considering traffic
and road conditions. Fourth, the housing price of individual houses that host Airbnb listings needs
to be included as a pricing variable to evaluate the influence of the housing price directly and more
accurately. Lastly, monthly or seasonal variations in the price and the pricing strategy need to be
considered since the price varies with time.
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