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Abstract

Sharing economy constitutes an innovative and novel way of providing goods and services to
interested parties without middlemen. Perhaps the most important element of this new
perspective is the development of the sharing behavior itself, which is predicated on trust. A
well-known sharing-economy model specialized in hospitality services is Airbnb, a peer-to-
peer platform and social network that enables people (hosts) to share their space with other
people (guests) in exchange for a price. The current research focuses on the issue of trust in
sharing economy in general and in Airbnb in particular. It aims to assess first the role that trust
and reputation play in the development of rental price of Airbnb housing accommodations, and
second to explore what determines hosts’ trust to prospective guests. The Athens’ house Airbnb
market is used as a case study. Drawing on a sample of 311 houses rented through Airbnb in
central Athens, the study uses, first, hedonic modelling to determine the shadow price of trust
and reputation attributes and to assess the effect of other determinants of renal price, and
second, Logit models to articulate what influence hosts’ trust towards guests. It finds, first that
having a verified ID (an indication of low trust) affects rental price negatively, and second, that
only “good” or “positive” experience with the Airbnb model of sharing economy tends to

increase trust to peers.
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Iepidnyn

H owovopia dapoipacuod amotehel Evav vEO Kol KOVOTOUO TPOTO TOPOYNG TPOIOVI®MV Kol
VINPECLDV, Y0pig pecdlovteg. To onpavtikotePo, iI0mC, GTOXEI0 AVTAG TNG VENG OKOVOUING
glvar m avamtoén g d10G TG CLUTEPIPOPAC KOl VOOTPOTIOG TOL SLOUOIPAGHOV, 1| 0ol
Baciletar oy gumotocvvn. ‘Eva kovdg YvooTtd HOVTEAD TNG OKOVOUING Ol0OPACHOD, TO
onoio e&e1dikevetar Kvping otig vanpecieg @rhoéeviag eivar n Airbnb, o mAatedpua
OUOTIL®Y YPNOTOV Kol VO KOVOVIKO OIKTVO OV EMITPEMEL GTOVS avOpDTOVG (01KOSEGTOTEG)
VO LO1PaGTOVY TOV YDPO TOLG LE AAAOVE (PTLoEEVODEVOVG), GE Lo TPOGVUPOVIILEVN Tiun. H
napovoo Epevve, €oTdlel oto (RTMUO TG EUMICTOGUVNG GTO TACICL TNG OIKOVOUIOG
JopopOaopol Kol GUYKEKPIUEVO ota mhaicta g mlatedppag Airbnb. Ttoyog avthg tng
épevvag etvar apykd 1 extipnor tov poAov Tov dadpapatilel 1) EUTIGTOGVUYN KOl 1) OIUN OTN
AMopdPPMON TV TU®V gvolkiaong Tov kataivpdtov Airbnb kot éretrta n digpedhvnon tov
napopétpov mov kabopilovv TV EUMOTOGHVI] TOV OIKOOECTOTMY GTOVG VLIOWYNPLOVG
EMOKENTEC. Qg LEAETN MEPIMTOONG YPNOLOTOEITOL 1 Oyopd kartotkiag Tng Airbnb otnv ABrva.
Xpnowonoimvrog éva detypa 311 kotowidv mov dwatifevion péow Airbnb kat mov Bpickovron
OTIS KEVIPIKEG meployég g ABnvag, n €peguva avt) eappolel apyikd HovTEAD MNOOVIKNG
TIHOAGYNONG Yo v kaBopioel TG OKIMOELS TIHEG TOV YOPOUKTNPIOTIKAOV EUTIGTOCVVNG KoL
ENUNG OAAG KOl Y10 VO EKTIUNGEL TNV EMIOPAOT Kol GAA®V KOOOPIGTIKOV TOPAUETPOV CTNV
TN evotkioonc, Kot £metTo ue ypron vrodetypdtov Logit va mpoodiopicel Tovg mapdyovteg
OV EANPEALOVY TNV EUMIGTOCVVI] TOV OIKOOEGTOTAOV PO TOLG PlAocevoiuevovg. Ta 600
KuPLOTEPOL EVPNUATO ElVaL, TPMDTOV, OTL YOUNAG ETMIMESN EUTIGTOGVVING OO TN UEPLL TMOV
01K00e0moTOV (¢ ovaykn va dlabétovy éva mioTomomuévo mPogid) eaivetol va Eyovv
apvNTIKY emidpocn otV Tur, Kot dgvtepov OTL M «BeTikn» eumepia oty Airbnb teivel va

0VENGEL TNV EUMIGTOGUVT] GTOVE GUVOAAAGGOUEVOVG.

AgEerg khedua: Airbnb, Hoovikd poviédo tywordynong, Eumotocivn, A6fva
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Chapter 1: Introduction

The term “sharing economy” refers, according to Lessig (2008 p. 143) who popularized the
term in its current use, to “collaborative consumption made [possible] by the activities of
sharing, exchanging and rental of resources without owning the goods”. Thus, sharing economy
constitutes a new way of providing goods and services to interested parties by enabling people
to share resources in creative and innovative ways, usually without middlemen (Cohen and
Kietzmann 2014). The basis and drivers of these developments are attributed to the
advancement of information technologies and social media in particular, which enable efficient
(online) interaction between interested parties (Heinrichs 2013). Sharing economy takes many
facets. For instance, people can share with others and stay in accommodations (e.g. Airbnb,
Roomorama), be transferred by cars and bikes (e.g. Relay Rides, Wheelz) and enjoy taxi

services without intermediaries (like Uber, Lyft) (Malhorta and Van Alstyne 2014).

Perhaps the most important element of sharing economy is the development of the behavior of
sharing itself, which, by diluting interpersonal boundaries, brings people closer to each other
and promotes cooperation and collective consumption (Belk 2010). Certainly, sharing economy
is predicated on trust; this is the most debated word about the sharing economy (Nesta 2015).
However, trust as a concept has many dimensions and perspectives (Arvanitidis and Nasioka
2017). With specific reference to the sharing economy these are: trust in peers, trust in the
medium (platform, social media) and trust in other targets, from consumer’s, provider’s and
both consumer and provider’s perspective (Hawlitschek et al 2018). Furthermore, trust can be
divided into visual based trust (i.e. photos) and text based trust (such as reviews) (Ert et al
2016).

A well-known sharing-economy model specialized in hospitality services is Airbnb, a peer-to-
peer platform and social network that enables people (hosts) to share their space with other
people (guests) in exchange for a pre—agreed price. Airbnb brings users and providers of space
in touch, introducing an alternative way of obtaining accommodation and travel experience in
comparison to the traditional way (i.e. hotels). To this day, more than 4 million Airbnb listings

have been offered in more than 191 countries (Airbnb.com 2018).

A major factor that motivates guests to use Airbnb is economic benefits, that is, the high added
value (relative lower costs) (Guttentag 2016, Tussyadiah and Pesonen 2016) and the increased
income for hosts (Hawlitshek et al 2016). However, Airbnb, as all facets of sharing economy,
is heavily dependent on trust. Mittendorf (2016), for instance, establishes that trust in renters
significantly affects provider’s intentions to offer their accommodation and to accept a booking

request.



On the basis of the aforementioned, the aim of this research is the exploration of the key
determinants of the rental prices of Airbnb listings, placing emphasis on the role of hosts’
reputation and trust towards guests. The Athens’ Airbnb market is used as a case study. To do
so the study employs a hedonic pricing methodology that, inter alia, enables a ‘shadow price’
of trust and reputation to be assessed (of course for participants in the Athens’ Airbnb market

at the time the study takes place).

For the achievement of these objectives, the current work is consisted of two parts (Study 1 and
Study 2). Study 1 evaluates the determinants of per night rental prices of Airbnb houses in
Athens and focuses on how the trust and reputation attributes (non—visual based attributes,
measured by the number of reviews and the average review score) affect these prices. This part
aims to enrich the literature on rental value determinants of Athens’ Airbnb listings, by
identifying which characteristics may increase or decrease the value of an Airbnb listing and
suggesting (implicitly) a price strategy to hosts in order for their listing to have a competitive
price in comparison with the rest of the market. The second part (Study 2) firstly conceptualizes
and quantifies the trust-in-peers concept, from the perspective of providers (that is, trust of hosts
in prospective guests), and secondly investigates the aspects that determine this kind of trust.
This second study aims to expand our knowledge with regard to trust hosts place in prospective
guests, essentially focusing on the core of Airbnb culture and of the sharing economy in general.
To do so the study uses information on the full set of 311 Airbnb housing listings, that were

offered by hosts in central Athens on 9/5/2017 (available from opendata.com).

The rest of the dissertation is organized as follows. Chapter 2 outlines the hedonic pricing
methodology and reviews the literature that employ such techniques to analyze aspects of the
Airbnb model and the role of trust in the sharing economy. The description of the methodology
that the current study follows (plus the research hypotheses and the description of variables
used) are analyzed in Chapter 3. In Chapter 4 the analysis and results (descriptive statistics and
results of the models) of Study 1 and Study 2 are presented. The conclusions of our study are
outlined in Chapter 5, which also points out the added value and the limitations of this work.



Chapter 2: Literature Review

This chapter outlines the literature review on the topics examined by the dissertation. These
are: hedonic price modeling, Airbnb, price determinants of Airbnb accommodations and trust
and reputation in the sharing economy. More specifically, section 2.1 focusses on hedonic
pricing modeling discussing the theory of hedonic prices and the forms that these models take.
Section 2.2 moves to Airbnb. After a general description of the Airbnb business model, it
outlines the studies that have been concerned with the motives behind the adoption of the
Airbnb, the impact of Airbnb in the housing market and the reason why Airbnb can be seen as
a ‘disruptive innovation’. Section 2.3 sheds light on the attributes that determine the rental
prices of the Airbnb accommaodations, and, finally, section 2.4 investigates the aspects and the

importance of trust in sharing economy.

2.1 Hedonic price models

The housing commodity is comprised of many characteristics, which potentially contribute to
its price. Hedonic price theory explains why this is the case, and hedonic regression analysis is
used for the estimation of the marginal influence of these characteristics on the total value of a

property.

The hedonic price theory articulates that the price of a product can be considered as a function
of its characteristics or of the countable attributes that influence utility (Rozen 1974). In the
context of housing such characteristics (or variables) include the attributes of the property (e.g.
lot size, number of rooms, age of building and others), the neighborhood characteristics (urban
utilities and services, population destiny, etc.) and the location qualities (distance to the central
business district, education facilities, transportation hubs, etc.). Usually the size of the property
(lot size, number of rooms, etc.) has a positive impact on price but the age has negative. The
more utilities and services, the higher the price, but the larger the population density in the
neighborhood, the lower the price. The small distance to a central business district (CBD), the

existence of education facilities and transportation hubs affect the price positively.

In the theoretical front, Houthakker (1952) and Tinbergen (1956) made the first attempts to lay
down a conceptual basis of the hedonic model. However, it was Lancaster (1966) who
formulated a consumer-behavior theory oriented toward the demand for heterogeneous goods
with objectively assessable and identifiable attributes. Lancaster (1966) was therefore the first

who wrote about hedonic utility, but not on the hedonic price models.



Court (1939) is considered to be the father of the hedonic price methodology. However, there
have been a few studies before him that examined the value of a good from a similar
perspective. For example, Haas (1922), Wallace (1926) and Waught (1928) analyzed the price
of a good as a function of the product quality, which would be measured by the product’s
attributes and their implicit prices.

Griliches (1961, 1971) introduced hedonic analysis techniques based on regression. Grilinches
considers that the hedonic price approaches are based on the research strategy that assumes that
a big number of models of a heterogeneous product can be included in terms of a smaller

number of characteristics or factors. He simply states that:

P=f(C)
where P is the selling price of a property and C is a total value of factors which determine the

price.

Hedonic pricing models are widely used in many fields of economics, including the following:
real estate (Goodman 1978, Garcia-Pozo 2009, Small and Steimetz 2012), impact of
environmental factors on house prices (Kuminoff et al 2010, Nelson 2004), the labor market
(Flabbia and Maroc 2012, Goldhaber et al 2010), the tourism and its subsectors
(accommodation, catering, passenger transport, travel agents, and leisure) such as price
competitiveness of tourism packages (Aguil6 et al 2005, Mangion, et al 2005, Taylor 1995),
urban hotels (Chen and Rothschild 2010, Thrane 2007; Zhang et al 2011), holiday area hotels
(Abrate et al 2011, Espinet et al 2003, Fleischer 2012), holiday apartments (Juaneda et al 2011,
Portolan 2013, Salé and Garriga 2011), and bed and breakfasts (Monty and Skidmore 2003).

2.1.1 Theory of the hedonic price model

Rozen (1974) was the first to present the hedonic price theory arguing that the total price of a
good equals to the sum of prices of its features. Rosen (1974) provided the hedonic
methodology with microeconomic fundamentals that made it suitable for formalizing empirical

contributions. From that time onward, the model developed by Rosen was widely accepted.

Rozen (1974) sketches a model of product differentiation based on the hedonic hypothesis that
goods are valued for their utility-bearing attributes or characteristics. Hedonic prices are
defined as the implicit prices of attributes and are revealed to economic agents from observed
prices of differentiated products and the specific amounts of characteristics associated with
them. Rozen provides a generating mechanism for the observations in the competitive case and
uses that structure to clarify the meaning and interpretation of estimated implicit prices. The

model suggests a method that often can identify the underlying structural parameters of interest.
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Also, as a general methodological point, it is demonstrated that conceptualizing the problem of
product differentiation in terms of a few underlying characteristics instead of a large number of
closely related generic goods leads to an analysis having much in common with the economics
of spatial equilibrium and the theory of equalizing differences.

The model itself amounts to a description of competitive equilibrium in a plane of several
dimensions on which both buyers and sellers locate. The class of goods under consideration is
described by n objectively measured characteristics. Thus, any location on the plane, is
represented by a vector of coordinates z = (z1, zz, . . .zn), With zi measuring the amount of the it"
characteristic contained in each good. Products in the class are completely described by
numerical values of z and offer buyers distinct packages of characteristics. Furthermore,
existence of product differentiation implies that a wide variety of alternative packages are
available. Hence, transactions in products are equivalent to tied sales when thought of as
bundles of characteristics, suggesting applicability of the principle of equal advantage for

analyzing market equilibrium.

In particular, a price P(z) = P (Z1, Z, . . . Z,) is defined at each point on the plane and guides
both consumer and producer locational choices regarding packages of characteristics bought
and sold. Competition prevails because single agents add zero weight to the market and treat
prices P(z) as parametric to their decisions. In fact, the function P(z) is identical with the set of
hedonic prices "equalizing differences"”, and is determined by some market clearing conditions:
amounts of commodities offered by sellers at every point on the plane must equal amounts
demanded by consumers choosing to locate there. Both consumers and producers base their
locational and quantity decisions on maximizing behavior, and equilibrium prices are
determined so that buyers and sellers are perfectly matched. No individual can improve his
position, and all optimum choices are feasible. As usual, market clearing prices, P(z),

fundamentally are determined by the distributions of consumer tastes and producer costs.

2.1.2 Forms of hedonic price models

Although the hedonic function that equates the price of a property in relation to its attributes
can take many forms, the fundamental form is:
P=f(S;N,L,C,T)

Where P is either selling or rental price, S is the constructional features of property, N the
neighborhood features, L the location attributes, C the characteristics of the contract, T the time

price is observed (Malpezzi 2003). For the estimation of the characteristics which mostly
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influence the price of a heterogeneous such product, the use of multiple regression analysis is

applied.
Generally, the typical forms of hedonic price regression models are the following:

Linear specification: both dependent and explanatory variables enter the regression with linear

form:

P= Bo+ Zszl BKXK+ €
Where P is the property price, ¢ is a vector of random error term and Bk (k= 1, ..., K) indicates

the marginal change of the unit price of the k™ characteristic xx of the good.

Semi-log specification: in a regression analysis, dependent variable takes log form and
explanatory variables are linear or dependent variable is linear and explanatory variables take
log form:

LnP = LN, + D Se1 e Xe + &

Where P is the property price, ¢ is a vector of random error term and Bk (k= 1, ..., K) indicates

the marginal change of the unit price of the k™ characteristic xx of the good.

Log — log specification: in a regression function, both the dependent and explanatory variables
take log form:

LnP = Lno+ ) %1 B LNXc + &

Where P is the property price, ¢ is a vector of random error term and Bk (k =1, ..., K) indicates

the marginal change of the unit price of the k™ characteristic xx of the good.

Box — Cox transform: determine the specific transformation from the data itself then enter the

regression in individual transformed form:

P(0) = Bo+ D Se1By ()™ + g
Where, PO =(PO_1)/0, 0+0
=LnP, 6=0
XM = x09) [ Qe | A £0
=LnXe, Ax=0

If the 6 and A are to equal 1, the equation transforms to the linear form. If the 6 equals to 0, the
model transforms to the log — linear form. If the 6 equals to 0 and A, are equal to 1, the model

takes the semi — log form (Malpezzi 2003).
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2.2 Airbnb

In this section we present some general information about Airbnb, we explain one’s motives to
use the Airbnb services, we show the impacts of Airbnb in housing markets and also discuss

trust in the context of the sharing economy.

2.2.1 What Airbnb is

Airbnb was founded in 2008 in San Francisco (Airbnb 2018a). Airbnb is a global travel
community that offers peer to peer accommodation, experiences (entertainment, trips, social
interaction, sports) and food, and charges service fees to participants (hosts and guests).
Airbnb’s accommodation marketplace is spread in more than 191 countries and it contains
apartments, houses, private rooms, villas, castles, treehouses and bed and breakfasts (B&B)
(Airbnb 2018a).

The Airbnb website works with the following procedure: based on destination, dates, property
type and number of guests, a guest searches for an accommodation. Then, the website returns
the listings — spaces accompanied with characteristics like price, property type, maximum
number of guests, reviews and some photos of the accommodation. If the prospective guest
selects an accommodation, he is able to see more details about the specific listing. Lastly, if the

listing corresponds to guest’s desires, he can make a reservation.

Airbnb targets to property hosts and travelers. Target groups are adventure-seekers, city-
breakers, people who would like to travel and people who would like to earn extra income by
offering their apartments for a short term (Le Jeune 2016). The fee for home host service is
generally 3%, but may be higher for hosts in Italy or hosts who have a “super strict” cancellation
policy, whereas the corresponding fee for guest service ranges between 0% and 20% according
to factors like the reservation subtotal, the length of the stay, the characteristics of the listing,
etc. (Airbnb 2018b).

The following statistics and facts provide an indication of the size and importance of Airbnb
(see also Table 1 and Figure 1): Airbnb’s total valuation is $31 billion, the number of Airbnb
users is 150 million, the number of Airbnb hosts is 640 thousand, the number of Airbnb listings

is more than 4 million, and the total guest arrivals are 300 million since 2008 (Smith 2018).

1. In 2008, roughly 400 guests checked into in Airbnb listings. Now, 400 guests check in to
Airbnb listings every two minutes.

2. Airbnb guests spent $6.5 billion in restaurants in 44 cities around the world from
September 2016 to September 2017

3. In 2008, roughly 400 guests checked into in Airbnb listings. In 2018, 400 guests check in
to Airbnb listings every two minutes.

12



| 4, Airbnb hosts have earned $41 billion in 10 years
Table 1: More facts about Airbnb. Source — 10L 2018

Figure 1: Top 10 cities by number of Airbnb listings (Source Airbnb Data & Analytics 2016)

Airbnb is becoming an important player in the accommodation markets. Airbnb is a self-defined
“community marketplace” directly connecting hosts and consumers in a short-term rental
economy outside of the traditional rental industries (such as hotels or B&Bs). Peer to peer
accommodation sharing is mostly used by tourists seeking affordable accommodations in

popular tourist destinations (Pizam 2014).

Research on Airbnb is very recent and focuses on the motivations for its use (Tussyadiah and
Pesonen 2016, Satama 2014, Yang and Ahn 2016, Mao and Lyu 2017, Guttentag 2016, So et
al 2018), host’s performance (Li et al 2015), host’s motivation for listing their property on
Airbnb (Ikkala 2014), user satisfaction (Ert et al 2015, Fradkin et al 201, Zervas et al 2015),
impacts of Airbnb on the hotel industry (Zervas et al 2017, Neeser et al 2015, Choi et al 2015)
while others explored the influence on employment of the tourism industry (Fang et al 2016).
Other aspects of Airbnb that have been examined are legal issues (Edelman and Geradin 2015,
Lee 2016), the Airbnb platform system (Fradkin et al 2014, Ert et al 2015) and repurchase
intentions (Liang et al 2017).

2.2.2 Drivers and deterrents of the adoption of Airbnb

13



There are several studies which have examined possible motivations for someone to use Airbnb.
Most of them agree that price, value or, generally, economic benefits (more value with less
cost) are a major factor that motivates guests to use Airbnb (Tussyadiah and Pesonen 2016,
Satama 2014, Yang and Ahn 2016, Mao and Lyu 2017, Guttentag 2016, So et al 2018).

Authenticity is another factor that drives guests to stay in an Airbnb accommodation. Studies
such as Liang (2015), Guttentag et al (2017), Poon and Huang (2017) and Mody et al (2017),
provide the relevant discussion and evidence, whereas authenticity, in the frame of Airbnb,

concerns the “real experiences” of staying at an Airbnb accommodation.

Moreover, “unique experience” (Mao & Lyu 2017) or novelty, defined as the degree to which
a customer desires to obtain information or experiences about new products (Maning et al
1995), is a factor that motivates certain people to stay at an Airbnb accommodation (Guttentag
2016, Johnson and Neuhofer 2017, Mao and Lyu 2017). These people are called “novelty
seekers” (Guttentag 2016).

Tussyadiah and Pesonen (2016) also identified social appeal, that is the desire for community
engagement (collaborative consumption offers opportunities to create and maintain social
connections and a sense of community) and the desire for sustainability (collaborative
consumption reduces the development of new products and the consumption of raw materials),
as important factors leading people to use P2P accommodation sharing. Social interactions is a
motive for a P2P stay (Guttentag 2016, Johnson and Neuhofer 2017, Camilleri and Neuhofer
2017, Poon and Huang 2017, Mody et al 2017, and Tussyadiah and Pesonen 2016, So et al
2018).

Other incentives are enjoyment or hedonic motivations, that is the fun or pleasure derived from
the use of the specific service (Tussyadiah and Pesonen 2016, Satama 2014, So et al 2018) and
home benefits related to attributes of a property, such as amenities offered, homely feel and
large space (Guttentag 2016, Johnson and Neuhofer 2017, So et al 2018). Sharing economy
ethos also constitutes a motive for a prospective guest to use Airbnb accommodation, which
means guest’s willingness to spend their money on local, friendliness, non-professional
accommodation (Guttentag et al. 2017). Moreover, familiarity or unfamiliarity (a person’s
feelings based on previous experience) constitute an incentive and deterrent respectively (Mao
and Lyu 2017, Tussyadiah and Pesonen 2016).

Hawlitschek et al (2016b) developed a questionnaire (addressed to students at the Karlsruhe
Institute of Technology, more than 600 participants) for the assessment of the motives for and
against participating in the sharing economy. By applying factor analysis, the researchers found
that major motives for both consumers and providers are the following: enjoyment, the idea

that sharing expresses a modern life style, the idea that sharing offers a wide range of different
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products and services, the idea that one feels as part of a sharing community, the idea that
sharing enables social experience, the idea that one’s social environment appreciates sharing,
the idea that sharing may save money. The motive for providers is the idea that sharing may
generate an (additional) income and the deterrents are the idea that resources may not be
available when trying to access them through sharing and the idea that ownership is associated
with social prestige. The incentives for users are the anti-capitalism idea and the idea that

sharing allows to access products and services in many places.

Perceived risk, the feeling of uncertainty in using the service, the lack of trust from guests
towards hosts, the lack of trust in technology and the lack of trust toward the company (Satama
2014, Liang 2015, Tussyadiah and Pesonen 2016, Mao and Lyu 2017, So et al 2018) constitute
the deterrents of the consumer's adoption of Airbnb.

2.2.3 Impacts on the hotel industry and housing prices

Some previous studies have examined the impact of Airbnb on the hotel industry. Some of them
have focused on hotel revenues (Choi et al 2015, Neeser et al 2015, Zervas et al 2017) and
anothers in tourism industry employment (Fang et al 2016). Thus, Zervas et al (2017) found
that a 1% increase in Airbnb listings in Texas resulted in a 0,05% decrease in the quarterly hotel
revenues, whereas Fang et al (2016) showed that the sharing economy can generate
employment and benefit the entire tourism industry (period of 2009-2013 in Idaho).

Other researchers examined the impact of Airbnb on the local housing markets. Barron et al
(2016) studied the impact of Airbnb businesses on house prices and rental rates in the USA,
using a dataset of Airbnb listings from all the country. Their results showed that a 1% increase
in Airbnb listings leads to a 0.018% increase in rents and a 0.026% increase in house prices.
Similarly, Eliason and Ragnarsson (2018) explored the impact of the Airbnb in the Icelandic
housing market and found an increase of real house prices, estimated at 2% per year for the last
three years, and about 15% since its inception. Likewise, Segu (2018) found that Airbnb is

responsible for a 4% increase in rents for the city of Barcelona.

2.2.4 Airbnb as a disruptive innovation

Guttentag (2015) examined the potential of Airbnb to disrupt the traditional accommodation
market through Christensen’s disruptive innovation theory and identified Airbnb
accommodation as a disruptive product. A disruptive innovation is the process of the
development of new products and services which replace the existing technologies and gain a

competitive advantage, shaking up a market (Bower and Christensen 1995, Christensen 1997).
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Generally, the performance of disruptive products is weaker than that of the prevailing
products, but disruptive products are usually cheaper and have some new benefits. In our case,
Airbnb accommodation is usually cheaper than traditional services, and some of its benefits for
guests is that they have the opportunity to live like locals and sometimes to stay with them
(Guttentag 2015). However, service quality, staff friendliness and security are the attributes that
partially lack in Airbnb, in comparison with hotels (Dolnicar and Otter 2003).

To sumup, Airbnb is a disruptive innovation that offers new hospitality services and experience
mostly to tourists. Its appeal and popularity has been increased over the years and its business
model has been spread to numerous countries worldwide. The major incentives for someone to
stay in an Airbnb residence are the economic benefits, authenticity and novelty. It is observed
that the development of the Airbnb market influence real housing prices in a rather positive

manner.

2.3 Price determinants of Airbnb accommodations

The current section outlines the attributes that determine the rental prices of Airbnb

accommodations according to previous studies.

The setting of prices for a traditional hotel is typically driven by the economic need for a
business to gain profit. Managers have adequate information about the pricing strategies of their
competitors, future supply of new accommodation and demand generators that allow them to
set prices for optimal economic gain. Within Airbnb, the supply of accommodation is controlled
by hosts who are mostly motivated by economic reasons (Gutt and Herrmann 2015, Lampinen
and Cheshire 2016). These include, as Karlsson and Dolnicar (2016) argue, not only their desire
for monetary gain and profit, but, in many cases, their need to cover fixed costs, such as taxes,
bills and mortgage payments. To achieve these, Airbnb hosts can set rental rates on a daily,

weekly or monthly basis, and as such to determine prices that change over short periods of time.

As it is argued above (section 2.2.2) economic benefits constitute a major motivation for
someone to stay in an Airbnb accommodation, since Airbnb accommodations are generally

cheaper than traditional hospitality accommodation like hotels (Guttentag and Smith 2017).

The factors that, according to the relevant literature, determine the rental price of Airbnb

accommodations are as follows.

Property (structural) attributes

Many researchers have shown that the price of an Airbnb listing is associated with

accommodation’s structural attributes, like size and property type. Literature usually measures
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the size of an Airbnb accommodation by its capacity (accommodates/number of guests), the
number of bathrooms, the number of bedrooms or the number of beds. It is established that
prices are positively related to the size of the accommodation (Wang and Nicolau 2017, Zhang
et al 2017, Ert et al 2016, Gibbs et al 2018, Teubner et al 2017, Magno et al 2017). Property
type is also a fundamental factor that affects price. Wang and Nicolau (2017) and Magno et al
(2017), amongst others, found that entire homes or apartments and private rooms are associated
with higher prices instead of shared rooms. Ert et al (2016) showed that prices of entire
homes/apartments are higher than those of rooms. A study of Airbnb listings in Canada (Gibbs
et al 2017) found that entire apartments are priced 44.2% higher than private rooms. Teubner’s
et al (2017) concluded that entire homes affect the rental price of Airbnb accommodation

positively.
Accommodation amenities

Gibs et al (2017) showed that accommodation amenities like a pool, gym and private parking
space, affect the price positively. Real beds, wireless internet, free public parking also tend to
increase rental prices (Wang and Nicolau 2017). To our knowledge, there is no study that has
examined if the existence of air-conditioning in an Airbnb property affects the rental price.
Surprisingly, Wang and Nicolau (2017) found that offering a breakfast affects the price
negatively. However, for Dogru and Pekin (2017) the amenity of free breakfast increases the
rental price. Furthermore, they showed that availability of washing machine increases the price
by 6%. The same authors found that if the accommodation is family friendly* then the rental
price increases by 10%. Lee et al (2015) show that if pets are allowed, the prices get lower. The
authors also identified that the availability of a gym and shampoo affect the price positively,

but the existence of a kitchen, intercom and television affect the price negatively.
Location

Generally, researchers agree that accessibility (i.e. short distance to location hubs) affects
positively Airbnb listing prices. Zhang et al (2017) employed a sample of 974 listings in Metro
Nashville, Tennessee, USA, found that the Euclidean distances to the Nashville Convention
Center (km) and to nearest highway both have a negative impact on rental price (the longer the
distance, the lower the price). Similarly, Teubner et al (2017) and Dogru and Pekin (2017)
showed that the variable “distance to city center” also has a negative coefficient in relation to

price. Gibs et al (2017), ended up with a similar result, since the distance from the property to

L A listing is family friendly when it fulfils requirements such as: entire home, the offering of a kitchen,
availability of TV and Wi — Fi, and an 4.8 average rating score in the past 365 days with at least 5 total
reviews.
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the local city Hall has a negative impact on price. Li et al. (2016) supports that distance to

nearest landmarks has a positive effect.
Neighborhood / city attributes

Neighborhood qualities such as levels of noise, pollution, crime rates, etc. are assumed to affect
property prices. Teubner et al (2017) explores such attributes using the population density as a
proxy. He finds that residential density (log-population) have positive effects on price.

Contract terms and rules

Contract terms and rules are expected to exert an effect on the rental price of accommodation.
However, limited research has examined the impact of such attributes on Airbnb
accommodations. Dogru and Pekin (2017) showed that the cleaning fee is associated with
higher prices. Lee et al (2015) showed that the variable “minimum stay” affects the rental price
negatively, but Teubner et al (2017) found no such statistical significance. The latter also found
no statistical significance on the variable “Check in/out comfort”, but in another study (Teubner
et al 2017) they shown that if a deposit is required, prices are likely to be higher, something
also verified by the study of Wang and Nicolau (2017).

In a similar sense, Teubner et al (2017) and Wang and Nicolau (2017), find that lower prices
are likely to be associated with instant booking service (i.e. host does not need to confirm the
reservation) but with strict cancelation rules, whereas requirements by hosts for guests to verify
their phone would affect prices positively. Gibs et al (2018) also found a negative coefficient

on the variable “instant booking”.

Host attributes

Another factor, according to the literature, that determines rental prices of Airbnb
accommodations is host’s characteristics. Wang and Nicolau (2017), Teubner et al (2017), Gibs
et al (2018) and Dogru and Pekin (2017) support that the status of “Superhost™? is related to
higher rental prices. For Teubner et al (2017), Gibs et al (2018), Magno et al (2017) and Wang
and Nicolau (2017) the number of listings that a particular host owns affects the price positively.
According to Gibbs et al (2017), Wang and Nicolau (2017) and Teubner et al (2017), the higher
number of host’s pictures, the more the price charged. Another variable that has a positive
coefficient for price is hosts’ experience in the medium (i.e. how much time the host owns at
least one Airbnb listing) (Teubner 2017, Magno et al 2017), but Lee et al (2015) showed that

experience reduces the price. The ethnic or racial profile of hosts might also have an effect of

2 To be a superhost someone has to maintained (1) a 50% review rate or higher, (2) a 90% response rate
or higher, (3) a 4.8 overall rating and (4) to have no cancelations
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the price they ask. Edelman and Luca (2014) find that non-black hosts in New York City charge
higher prices than their black counterparts, whereas Kakar et al (2016) show that hispanic and
asian hosts on average have a 9,6% and 9,3% lower list price respectively, relatively to white
hosts.

Reputation and trust attributes

On the basis of the argument that the number of reviews effects heavily the prices of Airbnb
accommaodation (Hill 2015), Zhang et al (2017), Gibs et al (2017), Teubner et al (2017), Magno
et al (2017) and Wang and Nicolau (2017) find a negative such relation. On the other hand, Ert
et al. (2016) find no such statistical significance, not only for the number of reviews but also
for the average customer rating. However, most of the literature agrees that the higher the
customer rating is, the higher is the price (Gibbs et al 2017, Teubner et al 2017, Wang and
Nicolau 2017). In fact, Gutt and Herrmann (2015) showed that an one point increase in rating

leads to an increase in price by 2.69 euros.

Hosts’ verified ID also seems to affect positively the rental price of accommodation (Wang and

Nicolau 2017), though other studies (i.e. Teubner et al 2017) have showed the opposite.
Other price determinants

Market demand (total number of beds in bookable shared accommodations available on a
specific date) is another price determinant. Specifically, the increase of one bed in the total
number of bookable P2P property rentals on one date is correlated to an average increase of
prices of 0.02% on that date (Magno et al 2017).

To conclude, the factors that influence the pricing strategies of the hosts are property attributes
and amenities offered, neighborhood characteristics, the rules of the listings, and host attributes

including reputation and trust. The next section focuses on these two last aspects.

2.4 Trust and reputation in Airbnb and the sharing economy

Previous studies have shown that trust is an important parameter for the establishment of
business relationships in interpersonal and commercial environments (McKnight and Chervany
2001, Morgan and Hunt 1994). So is the case in Airbnb, and in the sharing economy model in
general. However, trust has may dimensions in the context of sharing economy. A fundamental
aspect of trust is the trust in peers, from consumer’s, from provider’s and both from consumer’s
and provider’s perspectives. Another important aspect, though less explored in the literature, is
trust in the platform. The current section draws on the work of Hawlitschek et al (2018) to

explore all these aspects and issues.
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Trust is the most often mentioned word when we discuss about the sharing economy (Nesta
2015). This is because, in online P2P marketplaces, two contracting parts (usually strangers
between each other) are unlikely to make a transaction without trusting each other (Bonson
Ponte et al 2015, Kim et al 2011). Due to asymmetric information and economic risks,
reputation mechanisms have been developed to encourage trust among trading parties (Resnick
and Zeckhauser 2002), since increased reputation seems to enhance trust (Ert et al 2016, Resnik
et al 2006, Melnik and Alm 2002, Livingston 2005, Diekmann 2014, Resnik and Zeckhauser
2002, Jia and Wagman 2018). However, reputation should be rather seen as a condition for

trust, because people sometimes trust strangers even without information on their reputation.

The most popular reputation mechanism in the sharing economy is the reviews made by
previous users (guests). Airbnb endorses this mechanism, by aggregating customer reviews,
connecting consumers’ social networks to their Airbnb accounts, and acting as a secure

payment intermediary.

2.4.1 Trust in peers

Trust in peers is the trust between consumers and providers. Aufmann (2016) stated that such
trust (i.e. between hosts and guests) makes Airbnb possible. The trust in peers is consisted of
consumer’s, Of provider’s and of both consumer’s and provider’s perspective, which are

discussed next.

Consumer’s perspective

Trust is mainly assessed from the perspective of consumers (Papadopoulou et al 2001,
Mohlmann 2015). Teubner et al (2017, 2016) consider trust of the consumer in terms of
willingness to rely on the host’s actions and intentions. Deng and Ravichandran (2017) suggests
to differentiate between visual-based trust (photos) and text-based trust (reviews) in providers

to analyze consumers purchasing behavior on Airbnb.

The affect-based factors, that Yang et al (2016) identified and expect to exist, are reputation
(how users feel about Airbnb hosts by reading their personal information, rating, reviews, or
Superhost recommendation), interaction (the extent to which Airbnb hosts and users experience
interaction in the process of making a transaction, ongoing conversation or real-time feedback)
and familiarity (the degree of agreement or preference that users find in similar interests, values,

or lifestyles with Airbnb hosts).

Ert et al (2016) and Ert and Freischer (2017) studied the effects of photos, facial and image
characteristics on the trustworthiness of Airbnb hosts. They measured trustworthiness, asking

“How trustworthy is this person”, in a 10-point Likert scale, to find that consumer’s choice are
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affected by product attributes (e.g. apartment size, location) and seller attributes (reputation,
visual appearance - photo). Moreover, host photos play a significant role even when reputation
varies. Visual (host photos) and nonvisual (reputation, reviews) information has positive effects

in trust building.

Mohlmann (2015) applied partial least squares path modeling analysis on 187 Airbnb users and
found that trust affects satisfaction with a sharing option positively. Ma et al (2017) measured
hosts’ trustworthiness by developing a six-item perceived trustworthiness scale on three
dimensions: ability (capability of paying rent or mortgage, and maintenance of a clean, safe,
and comfortable household), benevolence (host’s concern for satisfying guest needs during
stay, willingness to go out of their way to help guests in case of an emergency during stay) and
integrity (the degree to which a host sticks to their word, and do not intentionally harm,
overcharge, or scam their guests). The authors found that the hosts who have longer self-
descriptions are perceived to be more trustworthy.

Wu et al (2017) using regression analysis in a sample of 1345 hosts on xiaozhu.com
(corresponding website of Airbnb in China) in Beijing examined the effects of host’s perceived
trustworthiness on consumer’s booking behavior (measured by orders that hosts receive). Host
trustworthiness was measured in three dimensions, named benevolence (host’s average
response rate, host’s average confirm time), ability (host’s acceptance rate of order, number of
houses host owns) and integrity (host personal page open or not). The authors found the
following variables statistically significant with positive coefficients: host’s average response
rate, host’s acceptance rate of order, number of houses that host owns, host personal page open
or not. They also found that consumers prefer to choose women as hosts when they book a

single room.

Han et al (2016) investigate how trust in the Airbnb platform affects trust in hosts, given a
certain fit of user, platform and host characteristics. Airbnb and host characteristics are seen as
determinants of perceived fit (between Airbnb and host characteristics) in the sharing economy.
Perceived fit also influences trust in Airbnb platform and trust in hosts. Lastly, trust in Airbnb

transfers to trust in hosts.

Provider’s perspective

The trust in consumers from the accommodation provider’s perspective is assessed with
contextual measurement approaches. Mittendorf (2016) investigated the concept of trust both
in the accommodation platform (Airbnb.com) and in potential guests. A questionnaire was

designed and 189 participants answered in a 7-point Likert scale (1-strongly agree, 7-strongly
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disagree) whether they “trust renters” in accordance to the following aspects: renters are in
general reliable, renters are in general honest, | trust potential renters, | believe renters are
trustworthy. The results showed that both respondents’ deposition to trust in general and to trust
in Airbnb in particular affect host trust in renters. They also found that both trust in the Airbnb
platform and trust in renters affect provider’s intentions to offer an accommodation and to
accept a booking request. A study that examines the Airbnb platform (Mittendorf and
Ostermann 2017) distinguishes trust in business and trust in private customers, by investigating
how trust, social motives and perceived risk alter the accommodation provider’s intentions to

accept a booking request.

Abramova et al (2015) examined the role and effect of negative reviews in P2P accommodation
provision, using 82 listings in New York and 200 listings in Milan as a case study. By applying
regression analysis they showed that customer trust after negative reviews can be improved if
the host endorses either a confession/apology or a denial strategy, with the former being the

most effective one.

Consumer’s and provider s perspective

The studies which examine both consumer’s and provider’s trust in peers use the same
measurement instruments to both parties. Kamal and Chen (2016) explored the factors that have
an impact on people’s trust and willingness to participate in the sharing economy. They
concluded that the sharing economy is still at an early stage and that the major obstacle in the
sharing economy is lack of trust between sharing members. The top three risk factors found

from participants’ answers are risk of life loss, theft and loss of property.

Hawlitschek et al. (2016b) investigate the lack of trust in other users as one of 24 potential
drivers and impediments for participation in peer-to-peer rental. They find that lack of trust (the
idea that other sharing users should not be trusted) which mixes with process risk (the idea that
sharing involves procedural risks) is a major deterrent for using the sharing economy for both

users and providers.

Chica et al (2017) present an evolutionary trust game to investigate the formation of trust in the
so-called sharing economy from the general population perspective. Untrustworthiness of the
consumers (e.g. causing financial and/or psychological costs to the provider due to theft or
damage) is reciprocated with untrustworthy behavior by the providers (e.g. deviating from the
agreed upon level of access to the asset), driving consumers to behave untrustworthily.
Likewise, trustworthiness can also be reciprocated and relayed between consumers and
providers. So, this balancing effect, stemming from the high level of mutual trust required

between the consumer and the provider, drives higher welfare levels in the sharing economy.
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2.4.2 Trust in the platform

The cognitive-based factors, that Yang et al (2016) identified and expect to exist, are security
and privacy (how well personal information is used and protected before and after making a
transaction), IT quality (how Airbnb users feel about using the website including aspects such
as ease of use, controllable, intuitive to find sources, and website design and effects) and Airbnb
traits (the extent to which an Airbnb accommodation has its unique characteristics in addition

to the traditional hotel accommodation).

Drawing on Ba and Pavlou (2002), Kim et al (2015) assert that trust in the platform is a direct
antecedent of intention to participate in the sharing economy and suggest to measure such trust
along the lines of platform’s honesty, reliability and competence.

Philip et al (2015) support that trust in a P2P network (such as Airbnb) depends on the risk of

use (i.e. fear of negative reciprocity, the high involvement nature of the transaction).

Instead of examining trustworthiness and trusting beliefs, Liang et al (2018) argue the need to
differentiate between two other dimensions of trust: institution-based trust (trust in Airbnb) and
deposition to trust (trust in hosts). To that end, they designed a questionnaire that they address
to Airbnb users, and they used confirmatory factor analysis (CFA) and structural equation
modeling (SEM) to examine how some aspects affect these kinds of trust. The results
demonstrate that transaction-based satisfaction (i.e. satisfaction with the recent transaction
experience with Airbnb, and satisfaction with the overall mechanism of Airbnb) has both direct
and indirect effects on repurchase intention, trust in hosts and switching intention, while it has
a direct effect on trust in Airbnb. The authors conclude that satisfaction with Airbnb can be
assessed based on the transaction and the experience process as well as trust in the Airbnb

company and its hosts.

Philip et al (2015) support that trust in P2P network (such as Airbnb) depends on the risk of use
(fear of negative reciprocity, the high involvement nature of the transaction). Teubner and
Hawlitschek (2018), by reviewing studies about trust in sharing economy, conclude to different
means of building trust between providers, consumers and the platform (i.e., verification and

signaling, ratings and reviews, insurances and support, web design, and user representation).

To sum up, trust in the sharing economy in general and the Airbnb in particular, is a major
aspect for its development. However, trust and reputation are difficult to build and to maintain
because there are a lot of risks and asymmetries that arise (principally in information) between
those involved. To that end, scholars have pointed out specific strategies that peers can deploy
in order to build trust in each other. Some suggestions to hosts seeking to enhance trust, on the

part of perspective guests, are to provide comments (in a form of explanations or an apology)
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to negative reviews and to publish more visual (and not only) information (such as photos) so
that the aforementioned asymmetries to be somewhat mitigated. Finally, the trust of hosts to

the potential guests affect the providers’ intentions.
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Chapter 3: Methodology

This chapter describes the methodologies that we follow about our two topics. The Section 3.1
describes the methodology of Study 1. Section 3.1.1 refers to the OLS method theoretically and
Section 3.1.2 describes the research model and the hypotheses that we developed in Studyl. In
Section 3.2 the methodology of Study 2 is presented. Section 3.2.1 is refered to the theory of
the Logit model and in Section 3.2.2 we describe the research model and the hypothesis

development of Study 2.

In total, there are 5127 Airbnb listings located in the center of Athens, from which 83,2% (4268)
are entire houses/apartments, 15,8% (808) are private rooms and 1,0% (51) are shared rooms
(Insideairbnb.com). The average rental price per night is 55 euros. Airbnb guests may leave a
review after their stay and these can be used as an indicator of Airbnb rental activity. The
estimated reviews/listing per month is 1,5 and the estimated income of hosts per month is 382
euros (insideairbnb.com). Airbnb established its presence in Athens in 2011, since the total
Airbnb rentals the year before (in 2010) were none but in that year (2011) they reached to 133

(airdna.com).

Our study was carried out in spring 2018 and is based on secondary data collected from the
websites public.opendatasoft.com and insideairbnb.com. A total of 311 Airbnb accommodation
listings (of which 75,72% are entire houses and 24,28% are private rooms) in the center of
Athens constitute the sample of the study, since these properties were those that were available
at the date the data set was compiled, which is the 9" of May 2017. Study 1 examines the key
variables that influence the rental price of these 311 Airbnb listings (houses). We developed a
series of OLS (Ordinary Least Squares) hedonic pricing models to examine a number of
research hypotheses set. Study 2 focuses on the key variables that determine the trust of hosts
(of those 311 Airbnb listings) toward prospective guests. To do this we employ Logit (Logistic
regression) models. The listings used in our analyses are shown on the following map (Figure
2). The descriptive statistics of both studies were conducted by using Excel, and the analyses

and diagnostic tests of the models were performed by Eviews 9 Student version.
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Figure 2. Distribution of the 311 Airbnb housing accommodation listings in Athens (author’s

construction)

The methodologies of Study 1 and Study 2 are discussed further in sections 3.1 and 3.2 that
follow respectively. In each one we firstly describe the general theories of the models that are
applied, secondly we present the variables, thirdly we outline our hypotheses and lastly we

present the theoretical models.

3.1 Methodology of Study 1

This study (Study 1) examines the key variables that determine the price of an Airbnb listing
and focuses on how reputation and trust attributes (measured by the number of reviews and the
review score) affect rental prices. Hedonic price analysis is performed on the Airbnb housing

market at the center of Athens, and we present three of a series of OLS models developed
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(OLS1, OLS2 and OLS3). As discussed, our initial sample is consisted of 311 Airbnb listings.
However, the sample in all of the hedonic models is reduced to 256 listings, of which adequate
information was available. Alongside, the diagnostic tests of heteroscedasticity (White’s test),
multicollinearity (Variance Inflator Factors) and regularity of residuals (Jargue Bera’s test) are

performed and are presented in the Appendix.

3.1.1 The Ordinary Least Squares (OLS) method

According to Halkos (2011), the ordinary least squares method (OLS) is used for the selection
of the best linear relation between the variables of a model. However, the relationship between
the variables may not always be accurate. Practically, the random or not observed variations on
the observations may lead to false results. For including these variations, a stochastic — random
part is added in the regression model. If we use the variable X, to interpret the behavior of Y,
our model takes the form:

Yi= o+ PiXi+ &

where, B, + B1Xi is the systematic part of the equation, and &; is the random part, known as
residuals. To estimate the parameters of the model, at first we collect a sample of observations

that contain information for both the dependent variable and the independent variable/es.

3.1.2 Research model and hypothesis development of Study 1

In employing initially “Price” (rental price per night in euros) as the dependent variable, the
model did not pass the White’s heteroscedasticity test for every statistical significance level.
For that reason, the dependent variable that the model was transformed to “Log (Price)”, and
our model takes a semi-logarithmic form. Following the theory (and given the availability of
required data), the independent variables are property attributes, accommodation amenities,
location characteristics (i.e. distance from key location hubs), neighborhood qualities, contract

rules, host attributes and reputation and trust attributes.

As property attributes we used the size of the accommodation, measured by the number of
people that can be hosted as guests, the number of baths and the number of bedrooms, as well
as the property type (if the accommodation on offer is an entire house or in a private room of
the house). The variable Number of beds was not included in the model due to its strong
correlation with the variable Number of bedrooms. The amenities of the listings that are
examined are the availability of air-conditioning, cable TV and breakfast, whether the property

is family friendly, and if smoking is allowed into the property (all dummy variables). As
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location variables we use the distance of the listing (in meters) from the center of Athens
(Syntagma Square) and from the nearest metro station. Due to data availability, we employ only
one variable that proxies the neighborhood quality, which is the population density of the
neighborhood in which the property is located. The contract rules that have been examined are:
the amount of the cleaning fee (in euros), the minimum period of stay (in nights), if a 24 hour
check-in is offered (dummy variable) and if the listing is instantly bookable (dummy variable).
The host attributes that we examine are the experience of hosts (in days) and if the host is a
company or business (dummy variable). Finally, as proxies for reputation and trust we used the
variables “Number of reviews” and the “Average rating score” for the listing and if the host has

a “Verified ID” (dummy variable). Table 2 below presents all of the variables used.

Table 2: Description of variables of Study 1

Variable Description
Price (dependent variable) | Price per night (in euros) (log transformed)
Property attributes

Guests Number of people that can be hosted as guests

Bathrooms Number of bathrooms

Bedrooms Number of bedrooms

Entire home ? If the accommodation is an entire home

Accommodation amenities

Air-conditioning @ If air-condition is available

Breakfast ? If breakfast is offered

Family-friendly 2 If the accommodation is family friendly

Cable TV ® If cable TV is available

Smoking @ If smoking is allowed

Location (distances)

City center Euclidian distance to city center — Syntagma Square (m)

Metro Euclidian distance to the nearest metro station (m)

Neighborhood qualities

Density Density of residents in neighborhood (residents/km? per
neighborhood)

“Contract” terms (rules)

Cleaning fee Amount of cleaning fee (in euros)

Minimum nights Minimum nights guest is allowed to stay

24 hour check-in @ If guest is able to check-in 24hr per day

Instant booking ? If host does not need to confirm the booking

Host attributes

Membership ° Experience in Airbnb (in days)

Company ? If host is a company or business

Reputation & trust attributes

Number of reviews Number of reviews of the listing

Review score Average score rating of the listing

Verified ID ? If host’s online ID is verified

2 Indicates a dummy variable (yes=1, no=0).
“Entire home”: 1 if it is an entire house, 0 if it is a private room.
“Air conditioning™: 1 if it is available, O otherwise.
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“Breakfast™: 1 if it is offered, O otherwise.

“Family-friendly”: 1 it is family friendly, 0 otherwise.

“Cable TV”: 1if it is available, O otherwise.

“Smoking”: 1 if it is allowed in the property, 0 otherwise.

“24 hour check-in”: 1 if it is available, 0 otherwise.

“Instant booking™: 1 if host does not need to confirm the booking, 0 otherwise.
“Company”: 1 if the host is a company or business, 0 otherwise .

b The difference in days between the date that a host became member of Airbnb and the date that the observations
was collected (9/5/2017).

The hypotheses that Study 1 examined are mostly based on the literature. The ones introduced
by this study are Hle and H1r. The hypotheses that are of particular interest are H1s, H1t and
H1lu.

In accordance to the relevant literature (e.g. Wang and Nicolau 2017, Zhang et al 2017, Ert et
al 2016, Gibbs et al 2018, Teubner et al 2017, Magno et al 2017), we assume that the size of
the accommaodation is associated with price positively. Thus:

H1a: The number of people that can be hosted as guests affect the price positively.

H1b: The number of bathrooms affect the price positively.

H1c: The number of bedrooms affect the price positively.

Wang and Nicolau (2017), Magno et al (2017), Ert et al (2016), Gibbs et al (2017) and Teubner
et al (2017) have found that the entire house is related with a higher price. We support that if
the use of the accommodation is in the entire house instead of in a private room, the rental
prices get increased. So:

H1d: If the accommodation is an entire home, the effect on price is positive.

We consider that the more facilities offered, the higher are the prices. So, the first hypothesis
will be:

Hle: If there is an air—conditioning available, the effect on price is positive.

Wang and Nicolau (2017) found that offering a breakfast affects the price negatively. However,
for Dogru and Pekin (2017) the amenity of free breakfast increases the rental price. The
hypothesis of this study is:

Hif: If  Dbreakfast is  supplied, the effect on price is  positive.
The same authors found that if the accommodation is family-friendly then the rental price

increases. Thus,

H1lg: If the accommodation is family friendly, the effect on price is positive.
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As we discussed, the more amenities offered, the higher are the prices. This means that:

Hih: If cable-TV is offered, the effect on price is positive.

The allowance of smoking into the accommodation is associated with lower prices, according
to Wang and Nicolau (2017). On these gronds, we assume that:
H1i: The allowance of smoking affects the price negatively.

Previous studies (Zhang et al 2017, Teubner et al 2017, Dogru and Pekin 2017, Gibs et al 2017,
Li et al 2016) made clear that distance of property from location hubs decreases its rental price,
therefore locational variables are expected to have a negative sign. As such we argue:
H1j: The distance of the accommodation to the city center affects the price negatively.
H1k: The distance of the accommodation to the nearest metro station, affects the price

negatively.

In turn, the higher the population density (and arguably the attractiveness of the area to the
population), the higher are the prices in that neighborhood. That means that:
H1l: The neighborhood population density affects the price positively.

Dogru and Pekin (2017) showed that the cleaning fee is associated with higher prices. Although
Lee et al (2015) showed that the variable “minimum stay” affects the rental price and has a
negative coefficient, Teubner et al (2017) found no significance. Teubner et al (2017) also did
not find any significance on the variable “Check in/out comfort”. Both Wang and Nicolau
(2017) and Gibs et al (2018) found a negative coefficient on the variable “instant booking” (i.e.
the host does not need to confirm the reservation). For exploring the findings of the literature,
the hypotheses about the characteristics “Rules” are the following:

Him: Cleaning fee affects price positively.

H1n: The number of minimum nights affects the price negatively.

H1o: 24 hour check-in affects the price positively.

H1p: If the listing is instantly bookable, the effect on price is negative.

With regard to the attributes “Host attributes and experience”, a variable that is expected to
have a positive effect on price is host experience (that is, since when a host owns at least one
Airbnb listing) (Teubner 2017, Magno et al 2017).

Hiq: Membership affects the price positively.

To our knowledge, there is no study that has examined the effect on price if the host is a
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company or business. We assume that companies generally have higher fixed costs in
comparison to individuals and as a result they charge more in order to cover this kind of
expenses. For that reason:

H1r: If the host is company or business, the effect on price is positive.

Although Airbnb asserts that the number of reviews has a positive impact on price (Hill 2015),
Zhang et al (2017), Gibs et al (2017), Teubner et al (2017), Magno et al (2017) find this variable
to have a negative coefficient. Likewise, Wang and Nicolau (2017) support that the number of
reviews per year also affect the price negatively. Ert et al (2016) found no significance in the
number of reviews, and also found the same result about the average customer rating. On these
grounds we assert:

Hils: The number of reviews affect the price negatively.

However, most of the literature agrees that the higher the average customer rating, the higher
is the price (Gibbs et al 2017, Teubner et al 2017, Wang and Nicolau 2017). As mentioned
above (section 2.3), Gutt and Herrmann (2015) showed that if the average rating score is shown
this leads to an increase in price by 2.69 euros. In addition, having a verified ID might be
associated with a higher rental price (Wang and Nicolau 2017), but other researchers (Teubner
et al 2017) argue for the opposite. The hypotheses we postulate are:

H1t: The score of reviews affect the price positively.
HZ1u: If host has a verified ID, it affects the price negatively.

Thus, based on the research hypotheses of Study 1, we can express our model as follows:

Log (price) i = co + c1 Guests i + ¢, Baths i + c3 Bedrooms i + ¢4 Entire _home i + ¢cs Air _
conditioning i + cs Breakfast i + ¢c; Family_Friendly i + cg Cable tv i + ¢co Smoking i + ¢10 City
Center i + c11 Metro i + c12 Density i + ¢13 Cleaning_ fee i + ¢14 Minimum_ nights i + ¢1524h_
check_in i + c46 Instant_ booking i + ¢i7 Membership i + ¢1s Company i + ¢19 Number_ of

reviews i + cx Review_ score i + Co1 Rev i + ¢z Verified_ID i + ei

Where c; are the coefficients and gjare the residuals.
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Figure 3: Research hypotheses of Study 1.
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3.2 Methodology of Study 2

3.2.1 The logistic regression model (Logit)
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This study examines what determine the hosts’ trust. Specifically, we explore what attributes
determine the trust host place in the prospective guests. For this purpose, six Logit models
(LOGIT1, LOGIT2, LOGIT3, LOGIT4, LOGIT5, LOGIT6) are developed. The sample
examined is the same as in Study 1 (i.e. the 311 Airbnb listings). The diagnostic test of

normality (using Jargue Bera’s test) is applied and presented in the Appendix.

According to Halkos (2011), the logistic regression model (Logit) guarantees that the estimated
probabilities are ranged between 0 and 1 and are non — linear correlated with the independent

variables. The Logit model is based on the Log — transformation of the odds ratio. The




dependent variable is a binary variable (Y) which takes the values of 0 and 1 with probabilities
® and ® — 1. That kind of variable follows a simple distinct distributions of the probabilities,
defines as:

Pr(Yi, ©)=0""(1-0)""

Given the mutually exclusive Y1,Y>,... Yn, the probability function constitutes the product of
the marginal allocations of Yi. The coefficients B; of the model measure the relation between
the independent variables and the dependent variable including the odds ratio.

Odds (E | X1, X2, ..., Xn) =Pri(E )/ 1 - Pri(E )
The logistic regression maximizes the probability for an event to happen.
Ln(Pi/1—-Pi)=Po+Pr Xy +P2Xo+... + P Xc

The equation above approaches the odds ratio like a linear equation of the independent variables
and is equivalent to a multiple regression model with the odds ratio to be the dependent variable.
The form of the model is a modification of the probability Pr(Y=1) which is defined as the
physical logarithm of odds of the event E(Y=1).

This method is more preferred than the multiple regression analysis, since the dependent

variable is a binary, discontinuous variable.

3.2.2 Research model and hypotheses development of Study 2

Since the aim of the Study 2 is to explore the determinants of trust of hosts in potential guests,
we had to quantify this kind of trust. The system enables hosts to ask from prospective guests
their profile picture and/or to verify their phone in order to confirm the reservation (Airbnb.com
2018). We argue that if a host requires both pieces of information (i.e. guest’s profile picture
and phone verification), this can be seen as an indicator of low trust towards guests. In contrast,
we assert that a host trusts prospective guest in the case of not requiring guest’s profile picture

and phone verification.

On the basis of the above, the dependent variable we develop is a binary variable (and so our
model is logit), that takes the value of 1 if a host does not require both guest’s profile picture
and guest’s phone verification, and O if they require either guest’s profile picture or their phone
verification there is no trust from the host toward the guest, so the variable “Trust” takes the

amount of 0.
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The independent variables that we examine are the gender of hosts, the number of languages
that they speak, if the hosts have a verified ID, their experience with Airbnb (in days), the
average rating score of the listing concerned and the number of reviews that the listing has. The
description of the variables is presented in the following table (Table 3).

Table 3: Description of variables of Study 2.

Variable Description
Trust? If guest’s profile picture is not required

If guest’s phone verification is not required
Host gender @ Host’s gender
Number of languages The number of languages that the host speaks
Superhost ® If host has a superhost status
Verified ID ? If host’s online ID is verified
Membership ° Host’s experience in Airbnb (in days)
Review score Average score rating of host’s listing
Number of reviews Number of reviews of host’s listing

2 Indicates a binary variable (yes=1, no=0).
“Trust”: 1 if both guest’s profile picture and phone verification are not required by the host, O otherwise.
“Host gender”: 1 if the host is a man, 0 if the host is a woman.
“Superhost™: 1 if the host has a Superhost status, 0 otherwise.
“Verified ID”: 1 if the host has a verified 1D, 0 otherwise.

b The difference in days between the date that hosts became members of Airbnb and the date that the observations
was collected (9/5/2017).

Given that a study like this has not been undertaken before, our hypotheses are based on the

findings of the general literature and on logical assumptions.

Various pieces of literature (e.g. Alessina and Ferrara 2002) has shown that females are less
likely to trust others. For that reason we hypothesize that if the hosts are men, they are more
likely to trust their guests in comparison with women.

H2a: If the host is a man, he is more likely to trust the guests.

The number of languages someone speaks indicate openness, tolerance and a degree of
cosmopolitanism. On these grounds we argue:

H2b: The more languages the host speaks, he/she is more likely to trust the guests.

To become a superhost, a host has to fulfill the following requirements: to have completed at
least 10 trips, maintained a 50% review rate or higher, maintained a 90% response rate or
higher, have 0 cancellations and received a 5-star review at least 80% of the time (Airbnb.com
2018). We reckon that such a superhost is quite keen on Airbnb sharing economy model and

this should be associated with high levels of trust towards peers and prospective guests. Thus:
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H2c: Being a superhost, a host is more likely to trust prospective guests.

As regards the verified ID, we argue that a host seeks such a qualification® because they want
to be trusted by the platform, the peers and the guests. For that reason, we assert that such a
person might be more reserved and sceptic towards strangers. Therefore:

H2d: Having a verified ID, the host is less likely to trust the guests.

Turning to host experience in Airbnb, we believe that the more experienced the host is the more
familiar they get with the Airbnb business model and so more trustful they become to both the
system and to prospective guests. On these grounds:

H2e: The more experienced the host is, the more is likely to trust the guests.

So is the case for the review score and the number of reviews. We support that the higher a
review score and the number of review a listing has, the host is more comfortable and more
experienced with the concept of the sharing economy, and therefore they are likely to trust
potential guests. So:

H2f: The higher a review score a listing has, the host is more likely to trust the guests.
H2g: The more reviews a listing has, the host is more likely to trust the guests .

Based on the hypotheses development above, we can express our model as follows:

Logit (Trust) i = co + c1 Host_gender i + ¢, Number_of_languages + cs Superhost i - ¢4

Verified_ID + ¢s Review_ score i + cs Number_of _reviews + g i

Where ¢ are the coefficients and ¢ are the residuals.

3 Airbnb users can earn a “Verified ID” badge on their profile by providing their online identity via
existing Airbnb reviews, LinkedIn, or Facebook and matching it to offline ID documentation, such as
confirming personal information or scanning a photo ID (Airbnb.com 2018).
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Figure 4: Research hypotheses of Study 2.
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To conclude, for the exploration of the explanatory variables of the rental price of the 311
housing listings, we perform OLS models (hedonic pricing — semi-logarithmic form). For the
exploration of host’s trust in guests, we use LOGIT models, in order to examine the impact of
some characteristics of the hosts and the listings. The selection of the variables have been
mostly based in the literature. However, we also introduce some parameters in order to enrich

the literature.
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Chapter 4: Analysis

This chapter presents the analyses of both studies; in particular, section 4.1 provides the analysis
of Study 1 and 4.2 the analysis of Study 2. In each section we describe the results of the
descriptive statistics and the econometric analyses of Study 1 and Study 2 respectively. The
descriptive statistics were acquired by Microsoft Excel 2013 and the econometric analyses with

Eviews 9 Student version.

4.1 Analysis of Study 1

Study 1 is designed to estimate the factors that affect the market rental prices of Airbnb listings.
In total, 311 houses which are located in the center of Athens, Greece, are examined. For the
rental price valuation, the hedonic pricing method was used, examining a number of OLS
models, of which three are presented here. As discussed, the dependent variable of the models
is the log transformed rental price per night (in euros). However, a reported limitation of the
hedonic pricing method is that it offers limited theoretical guidelines for selecting explanatory
variables (Anderson 2000). Theoretically, the independent variables are the constructional (or
property) features, the neighborhood features, the location attributes, the characteristics of the
contract and the time the rent or value is observed. The selection of the independent variables
in our model was mostly based on similar works on Airbnb (i.e. Gibs et al 2018, Wang and
Nicolau 2017, Teubner et al 2017, Ert et al 2016, Zhang et al 2017, Magno et al 2017, Dogru
and Pekin 2017, Lee et al 2015).

4.1.1 Descriptive statistics

This section presents the descriptive statistics of the variables used. First, we present the
variables of interest (trust and reputation) and next the rest. Thus, we start with the variables
“Price”, “Number of reviews”, “Review score” and “Verified ID” presenting the average
values, the standard deviations, the means and the minimum and maximum amounts of these

variables. The descriptive statistics of the rest of the independent variables used follows.

Although the dependent variable of our models is the “Log (Price)”, following standard practice
we present the characteristics of the variable “Price” (see Figure 5 and Table 4). As it is shown
in Figure 5, the majority of houses is priced between 25 and 75 euros per night, whereas the

average rental price of Airbnb houses (entire homes and private rooms) is 69,82 euros per night.
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The standard deviation of prices is 68,706 and the mean is 50 euros per night. The minimum

price that is observed is 9 euros per night and the maximum is 526.

Figure 5: Distribution of the variable “Price” (in Euros per night - Percent Histogram).
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The factor that Study 1 focuses on, is reputation and trust attributes, as measured by the
“Number of reviews”, “Review score”, and “Verified ID”. Most of the amounts of the “Number
of reviews”, are between 0 and 25 (Figure 6). It is shown in Table 4 that the average number
of reviews is 29,21. That means that the average listing has 29,21 reviews. It must be mentioned
that 16,73% (52 out of 311) of the listings have not been rated, and that is the reason why the

model’s sample is reduced to 259 observations after adjustments.
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Figure 6: Distribution of “Number of reviews” (Percentage Histogram).
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Most of the review scores of the listings are between 90 and 100 (Figure 7). The average review

score is 94,193 (i.e the average listing has been rated with 94,193 out of 100). The standard

deviation of this variable is 7,61 and the mean is 96.

Figure 7: Distribution of the variable “Review score” (Percentage Histogram).
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The 50,32% of hosts have a verified ID and the median of this variable is 1, so our population
is nearly distributed into two halves (i.e 50,32% of hosts have a verified ID, and the rest 49,68%

have not).
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Figure 8: Distribution of the variable “Verified ID” (Percentage Histogram).
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The descriptive statistics of the rest variables that are used in the research model of Study 1, are

outlined in the following table (Table 4).

It is interesting to note that the average number of guests is 4,07. That means that the Airbnb
houses which are located in the center of Athens are capable of hosting 4 people approximately.
As was mentioned above, 75,72% of our listings are entire homes and the rest 24,28% are
private rooms. Moreover, the 3,53% of the hosts are companies or businesses. The average
membership of hosts in Airbnb (experience) is 960,93 days. As can be seen, the average house
listing has 1,36 bathrooms, 1,63 bedrooms, it has an air-condition, it is family-friendly, but it
does not offer breakfast or cable TV, and smoking is not allowed. Most of the houses do not
offer 24-hour check-in or instant booking. On average these listings are close to the city center

(at a distance of about 1700m) and quite close to a metro station (about 500m).

Table 4: Descriptive statistics of Study 1.

Variable Average St. dev Median Min Max
Price 69,82 68,706 50 9 526
Property attributes
Guests 4,0675 2,3799 4 1 16
Bathrooms 1,3601 0,6725 1 0,5 5,5
Bedrooms 1,6334 0,966 1 0 7
Entire home 0,7572 0,4287 1 0 1
Accommodation amenities
Air-conditioning 0,7184 0,4497 1 0 1
Breakfast 0,2297 0,4206 0 0 1
Family-friendly 0,7508 0,4325 1 0 1
Cable TV 0,1197 0,3246 0 0 1
Smoking 0,3818 0,4861 0 0 1
Location (distances)
City center | 1727,657 | 963,1929 | 1615,648 | 43,0961 | 5694,45
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Metro | 556,7031 | 309,2394 | 492,6047 | 21,1962 | 1566,273
Neighborhood qualities

Density | 18429,44 | 7647,912 | 18670,78 | 7827,52 | 3168991
“Contract” terms (rules)

Cleaning fee 17,881 16,3956 15 0 80
Minimum nights 2,0514 2,4919 2 1 28

24 hour check-in 0,3268 0,469 0 0 1

Instant booking 0,4612 0,4984 0 0 1

Host attributes

Membership 960,9355 | 586,4922 | 810 7 2274
Company 0,0353 0,1847 0 0 1
Reputation & trust attributes

Number of reviews 29,2186 46,2651 8 0 425
Review score 94,193 7,6168 96 40 100

Rev 3267,722 | 4528,184 | 1302 0 40375
Verified ID 0,5032 0,4999 1 0 1

4.1.2 Hedonic price models

The OLS1 model shows all of the variables that we used. The OLS2 model uses all of the
variables except from the variable “Instant booking”. The OLS3 model do not analyze the
variables “24h check-in”, “Instant booking and “Density”. The analysis in the OLS4 model is
limited to the variables that are statistically significant for o. = 0,01, o = 0,05 and o = 0,10 in
the previous models, and the variables that Study 1 is focused on (reputation and trust
attributes). The OLS4 model has the lowest value of AIC (AIC = 0.831169) in comparison with
the rest of the models. For that reason, only the results of the OLS4 model will be discussed,

since this represents the best model.

The adjusted R? value indicates that the OLS4 model explains by 74.782% of the variance in
Airbnb listing prices. The OLS4 model is statistically significant for any o (o = 0.01, a. = 0.05,
a = 0.10) by whole, since the F — statistic equals to 48.261 and the Prob. (F — statistic) equals
to 0.000. Table 5 also includes the percentage change in accommodation price associated with
the attributes that were found to be statistically significant. When assessing the influence of a
dummy coded variable on a logarithmically transformed dependent variable, one must
transform the coefficient by (e? — 1), with B representing the coefficient and e representing the
base of the natural logarithm (Halvorsen & Palmquist 1980). For example, a hypothetical
coefficient of 0.30 would signify that this attribute results in a 34,98% increase [exp. (0.30) —
1] in the price of an Airbnb listing, if the rest key variables remain stable (ceteris paribus). In
all of the interpretations that follow, when we describe a result of the percentage change of an
attribute in the rental price of a listing, we assume that the rest of the independent variables

remain stable (ceteris paribus).
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All the property attributes have positive sign, meaning that their existence is associated with
higher rental prices. In OLS4, it is observed that each additional guest increases the rental price
by 8,4961%. Similarly, each additional bathroom increases the listing price by 33.1705%. If
the use of the accommodation is in the entire home, instead of in a private room, the price is
30.7125% higher. Thus, the larger the accommaodation, the higher the price.

In the case of offered amenities like air-conditioning and cable TV, prices will be increased by
25.663% and 14.286% respectively. If the accommodation is family-friendly, the listing price
per night is increased by 11.804%. However, when smoking is allowed in the accommodation

the rental price per night gets reduced by 14.286%.

Turing to location attributes, both distance to the city center (Syntagma Square) and distance
to the nearest metro station have negative signs, which means that the closer the accommodation
is to these points the higher are the rental prices. We found that if an accommodation is located
1 meter further from the city center, the price gets reduced by 0,0188% and if the house is

located 1 meter further from the nearest metro station, the price gets reduced by 0,0175%.

The cleaning fee is statistically significant for o = 0,01. When the cleaning fee is increased by
1 euro, the rental price per night gets increased by 0,5347%. The minimum stay in nights is also
statistically significant, but for o = 0,10. When the minimum stay gets increased by 1 night, the
charge gets reduced by 3,583%.

The host attributes that Study 1 investigates, is the duration of membership with Airbnb
(experience) and if the host is a company or business instead of being an individual. Both
variables are statistically significant for o = 0,05. If the host gets more experienced by 1 day,
the rental price gets increased by 0,0082%. If the host is a company or business, the charge is

observed to be increased by 34.54%.

The characteristics that Study 1 is focused on, are host reputation and trust attributes.
Specifically, it examines the variables “Reviews score”, “Number of reviews”, and “Verified
ID”. Tt is shown in Table 4 that the variable “Review score” (i.e. the average star rating of the
listing) has no significance (for every statistical significance level), so it does not affect the
price. The same result also occurs with the variable “Number of reviews”. “Verified ID” has a
coefficient equal to — 0,0911 and is statistically significant for a. = 0,10. This means that when

a host has a verified ID, the price gets reduced by 8,710%.
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Table 5: Hedonic Price Models.

DV: Log (Price)
Variable OLS1 OLS2 OLS3
Constant 3.039281 (9.625) *** | 3.032304 (9.837) *** 2.977823 (9.699) ***
Property attributes
Guests 0.076530 (4.154) *** | 0.076426 (4.163) *** 0.074868 (4.074) ***
Bathrooms 0.266884 (5.617) *** | 0.267763 ( 5.735) *** 0.274558 ( 5.886) ***
Bedrooms 0.036659 (0.831) 0.036673 (0.833) 0.029276 ( 0.667)
Entire home 0.270151 (4.132) *** | 0.269420 (4.153) *** 0.275076 ( 4.288) ***
Accommodation Amenities
Air-conditioning | 0.240699 (4.418) *** | 0.240391 (4.427) *** 0.242694 ( 4.460) ***
Breakfast 0.089003 (1.613) + 0.088346 (1.615) + 0.084006 (1.533) +
Cable TV 0.137645 (1.927) * 0.137389 (1.929) * 0.106063 ( 1.791) *
Family- friendly | 0.105854 (1.786) * | 0.105547 (1.787) * 0.123463 (1.741) *
Smoking -0.15220 (-2.942)*** | -0.15381 (-2.995)*** | -0.142848 (-2.837)***
Location (distances)
City center -0.00017 (-5.614)*** | -0.000177 (-5.625) *** | -0.000191 (-6.252)***
Metro -0.000126 (-1.439) | -0.000126 (-1.439) -0.000180 ( -2.272)**
Neighborhood qualities
Density | -7.14E-06 (-1.364) | -7.15E-06 (-1.370)

“Contract” terms (rules)

Cleaning fee

0.004988 (2.736) ***

0.004997 (2.750) ***

0.005031 (2.793) ***

Minimum nights

-0.034348 (-1.810) *

-0.034180 (-1.811) *

-0.033944 (-1.811)*

24 hour check-in

-0.062200 (-1.221)

-0.06158 ( -1.220)

Instant booking

-0.005178 (-0.106)

Host attributes

Membership 9.15E-05 (2.210) ** | 9.20E-05 (2.242) ** 8.66E-05 (2.114) **
Company 0.303257 (1.936) * 0.301699 (1.938) * 0.302366 (1.952) *
Reputation & trust attributes
Review score 0.001305 (0.406) 0.001344 (0.422) 0.001379 (0.432)
Number of -0.000125 (-0.245) -0.000130 (-0.257) -0.000128 (-0.253)
reviews
Verified ID -0.080771 (-1.689) * | -0.081166 (-1.706) * -0.079144 (-1.662) *
Adj. R? 74,874% 74,979% 74,85%
AIC 0.845439 0.837675 0.835456
F — value 37.18500 39.20863 43.17549
Prob. (F — value) 0.000000 0.000000 0.000000
N 256 256 256

***p<a=0,01, **p<a=0,05,*p<a=0,10, + likely to be statistically significant for a=0,10. (t — statistics). [percentage

change in price].
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Table 5 (Cont.): Hedonic Price Models.

DV: Log (Price)
Variable OLS4
Constant 2.998220 (9.765) ***
Property attributes

Guests 0.081544 (5.800) *** [8,4961%]
Bathrooms 0.286460 (6.485) *** [33,1705%]
Bedrooms
Entire home 0.267830 (4.180) *** [30,7125%]

Accommodation Amenities

Air-conditioning

0.228439 (4.250) *** [25,6637%]

Breakfast
Family friendly 0.133536 (1.888) * [14,2862%]
Cable TV 0.111585 (1.885) * [11,8049%]
Smoking -0.142240 (-2.824) ***[14,2862%]
Location (distances)
City center -0.000188 (-6.158) *** [-0,0188%]
Metro -0.000175 (-2.206) ** [-0,0175%]
Neighborhood qualities
Density |
“Contract” terms (rules)
Cleaning fee 0.005333 (3.018) *** [0,5347%]

Minimum nights

-0.036495 (-1.962) *  [-3,5837%]

24 hour check-in

Instant booking

Host attributes

Membership

8.20E-05 (2.003) ** [0,0082%]

Company

0.296698 (1.927) *  [34,5409%)]

Reputation & trust attributes

Review score

0.001555 (0.488)

Number of reviews

-0.000203 (-0.405)

Verified ID -0.085086 (-1.795) * [-8,1567%]
Adj. R? 74,782%
AlIC 0.831169
F —value 48.26168
Prob. (F — value) 0.000000
N 256

***p<a=0,01, **p<a=0,05,*p<a=0,10, + likely to be statistically significant for a=0,10. (t — statistics). [percentage

change in price].

According to OLS1, OLS2, and OLS3 models, the variables “Bedrooms”, ‘“Breakfast”,

“Density”, “24hr check-in”, “Instant booking”, “Review score” and “Number of reviews” have

no influence on the rental price per night. Thus, the hypotheses that Study 1 rejects are: Hlc,
H1f, H1l, Hlo, H1p, H1s and H1t and those which it accepts are H1a, H1b, H1d, Hle, Hlg,
H1h, H1i, H1j, H1k, H1m, Hin, H1q H1r and H1u.
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All of the three presented models have been checked for heteroscedasticity (White’s test),
multicollinearity (Variance Inflator Factors) and regularity normality (Jargue Bera’s test) (these
tests are available in the Appendix). We found that none of our models has the problems of
heteroscedasticity and multicollinearity. Unfortunately, the residuals do not follow normal

distribution in all of the five OLS models.

4.2 Analysis of Study 2

Study 2 assesses the attributes that affect the trust of hosts in their prospective guests. The
analysis is performed on the same sample (311 listings) as in Study 1 appling six LOGIT models
(Logistic regression) with the quantified independent variable “Trust”, as we described in the
section 3.3.2. The independent variables that we examine are key available characteristics of

the hosts.

4.2.1 Descriptive statistics

As it is shown in Figure 9, the majority of values of the variable “Trust” is 1, whereas the
average of “Trust” is 0,9433. It seems that the 283 out of 300 of the hosts who own or manage
the listings, trust the prospective guests. This means that the 94,33% of host do not require both
guest’s profile picture and their phone verification. This can be interpreted as: 94,33% of hosts

trust the prospective guests. The standard deviation of “Trust” is 0,2312.

Figure 9: Distribution of “Trust” (Percentage Histogram).
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Table 6 presents the descriptives of the other variables used. As it is shown, 45,64% of the hosts
are men and the rest 54,36% are women. The average host speaks 2,08 languages and 23,22%
of them are Superhosts. The variables “Verified ID”, “Membership”, “Review score” and
“Number of reviews” have also been examined. We see that 50,32% of hosts have a verified
ID, the average host has experience of 960,93 days with Airbnb, the average listing has been
rated with 94,193 (out of 100) and has 29,21 number of reviews.

Table 6: Descriptive statistics of variables of Study 2.

Variable Average St. dev Mean Min Max
Trust 0,94333 0,2312 1 0 1
Host gender 0,4564 0,498 0 0 1
Number of languages 2,0878 1,077 2 1 7
Superhost 0,2322 0,4222 0 0 1
Verified ID 0,5032 0,4999 1 0 1
Membership 960,935 586,492 810 7 2274
Review score 94,193 7,616 96 40 100
Number of reviews 29,21 46,265 8 0 425

4.2.2 Logit models

Study 2 has performed in total six LOGIT models. All these are presented in Table 7 that
follows, so that the reader to have a better understanding of how the variables affect host trust
towards prospective guests. The LOGIT1 model shows all of the variables that we use. LOGIT2
model analyses all of the variables that we used in the LOGIT1 model except for the variable
“Number of languages”. LOGIT3 shows all the variables except for the variable “Gender”. In
the LOGIT4 model we excluded the variables “Gender”, “Number of languages” and “Review
score”. In LOGITS the variables that are excluded from the analysis are “Gender” and “Number
of languages” and in LOGIT®6 the variable “Review score” is excluded. In comparison to all of
the LOGIT models, the LOGIT4 has the lowest value of AIC (AIC = 0,3118), and as such we
deem it to be the best model of the six. For that reason, the results of the LOGIT4 model will

only be discussed next.

LOGIT4 shows that statistically significant for statistical significance level (o) equal to 0,01 is
only the variable “Membership” (p=0,000). For 0=0,05, the variable “Number of reviews” is
significant (p=0,0162), and the variable “Verified ID” is significant for a=0,10 (p=0,0844). So,
based on the LOGIT4 model these are the variables that determine the trust of hosts in guests,
in the corresponding statistical significance levels. LOGIT4 is statistically significant as a
whole for every o (o = 0,01, o = 0,05, a = 0,10), since the LR statistic equals to 41,58 and the
Prob. (LR statistic) equals to 0,000.
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For the aforementioned model we estimated the odd ratios* in order to acquire the probabilities
of variables that affect the trust of the hosts in the prospective guests. The coefficient of the
variable “Verified ID” is -1,2286 which implies that e-1,2286 = 0,2926 so the odds ratio of
“Verified ID” is 0,2926 - 1 = -0,79735. This result means that if the host has a verified ID the
probability of trusting a prospective guest gets reduced by 70,738%, if the rest of the factors of
the model remain stable (ceteris paribus). The variable “Membership” has a coefficient of -
0,00291, and the odds ratio equals to -0,002909. This means that as the experience of the host
increases, the probability of trusting guests gets reduced by 0,2909% (ceteris paribus). it can be
argued that the more experienced the host is, the more bad events he has lived through during
his Airbnb membership. As a result, we hypothesize that the more experience the host has, the
less likely he trusts potential guests. Similarly, the coefficient of “Number of reviews” is -
0,01114. Thus, as the number of reviews of the host’s listing increases by one unit, the
probability of trusting a guest gets reduced by 1,114% (ceteris paribus). A possible explanation
of why high number of reviews might lead to lower levels of trust is because as the number of
reviews increases a host might expect to get some “bad” (low-rated) reviews, and as a result

they might be less likely to trust future guests.

Concluding this section let us discuss the results of all models and the general conclusion that
can be drawn. Fist, the variable “Gender” does not seem to play any role in trust, since it remains
statistically not significant. This indicates that there is no difference in the trust attitude between
men and women. So is the case for the variable “Number of languages”, indicating that Greek
hosts trust their guests in a similar way independent of the degree of their cosmopolitanism.
The variable “Superhost” is positive and marginally statistically significant in 2 models, but
significant in LOGIT2 for 0=0,10 (p=0,0901). The coefficient equals to 1,473 and the odds
ratio is 3,3663. This means that if the host has a Superhost status, the probability of trusting a
guest gets increased by 336,633% (ceteris paribus). Overall, Based on the models LOGIT2 and
LOGIT4, we accept the hypotheses H2c, H2d, but we reject the hypotheses H2a, H2b, H2, H2f
and H2g.

4 Odd ratios are listed in the brackets [] in Table 6.
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Table 7: Results of LOGIT models.

Variable LOGIT1 LOGIT2 LOGIT3

Constant 14.806 (1.736) * 16.522 (2.226) ** 12.364 (1.529) +

Host gender 0.025 (0.038) -0.059 (-0.089)
[0,02536] [-0,0574478]

Number of languages | 0.372 (1.247) 0.364 (1.182)
[0,4516139] [0,440314]

Superhost 1393  (1.59) + 1.473 (1.695)* 1.129 (1.418)
[3,0292248] [3,3663394] [2,094876]

Verified ID -1.564 (-2.07) ** -1.607 (-2.124)** -1.321 (-1.813)*
[-0,7907562] [-0,1484804] [2,747298]

Membership -0.003  (-3.941) *** | -0.0031 (-4.128)*** -0.002 (-3.821)***
[-0,0030723] [-0,0030962] [-0,002923]

Review score -0.080 (-0,958) -0.087 (-1.210) -0.057 (-0.713)
[-0,0772215] [-0,0840257] [-0,055485]

Number of reviews -0.0109 (-2.042)** -0.011 (-2.221)** -0.0099 (-1.957) *
[-0,0108458] [-0,0113323] [-0,009869]

McFadden R? 0.3644 0,3511 0.3398

AIC 0,3958 0,3723 0,3841

LR statistic 4211 41.23 39,86

Prob. (LR statistc) 0,0000 0,0000 0,0000

N (after adjustments) | 226 239 238

***p<a=0,01, **p<a=0,05,*p<0=0,10, + likely to be statistically significant for a=0,10. (z — Statistics). [Odds Ratio].

Table 7 (cont.): Results of LOGIT models.

Variable LOGIT4 LOGIT5S LOGIT6

Constant 8.024  (5.575)*** | 14.5163 (2.0548)** 7.0355 (4.7488) ***

Host gender 0.2115 (0.3248)

[0,235602]
Number of languages 0.3680 (1.1884)
[0,444945]

Superhost 0.8002 (1.1266) | 1.219461 (1.5671) + 0.8743 (1.1398)
[1,226186] [2,385363] [1,397422]

Verified ID -1.2286  (-1.7256)* | -1.391201 (-1.9067) *** | -1.4399 (-1.9516) *
[-0,707308] [-0,751224] [-0,763062]

Membership -0.00291(-4.1146)*** | -0.002975 (-3.9958)*** | -0.0028 (-4.0761)***
[-0,002909] [-0,002971] [-0,002891]

Review score -0.069197 (-0.9910)

[-0,066857]

Number of reviews -0.0112 (-2.4048)** | -0.010556 (-2.1745)** -0.0117 (-2.2627) **
[-0,011144] [-0,010500] [-0,011713]

McFadden R? 0.3331 0,3284 0,3687

AIC 0.3118 0,3663 0,3377

LR statistic 41.58 39.09 44,69

Prob. (LR statistic) 0,0000 0,0000 0,0000

N (after adjustments) | 299 251 268

***p<a=0,01, **p<a=0,05,*p<a=0,10, + likely to be statistically significant for a=0,10. (z — Statistics). [Odds Ratio]
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Chapter 5: Conclusions

The aim of this research was to explore the key determinants of the rental prices of Airbnb
listings, placing particular emphasis on the role of hosts’ reputation and trust towards guests.
The Athens’ house Airbnb market was used as a case study. This chapter discusses the results
of the study, highlighting a number of conclusions drawn and pointing out directions where

future work can follow.

Our first set of models (Study 1) was indented to assess the significance of reputation and trust
attributes on (along with other attributes that affect) the rental price of Airbnb house listings in
Athens. By applying a number of hedonic price models, the results show that only the variable
“Verified ID” (i.e. if the host has his online 1D verified on Airbnb) is significant, having a
negative effect on price. Surprisingly, the average score rating and the number of reviews have
no influence on the rental prices of Airbnb listings in Athens. The negative effect that the
Verified 1D has on price, implies that hosts who fill more reserved and skeptical towards the
system and, perhaps, perspective guests, reduce their property price in order to make their
listings competitive and attractive.

Turning to the other price determinants, we found that major such positive determinants of
Airbnb houses in Athens are: the status of the owner (that is, if the host is a professional
company) and, naturally, the size of the accommodation, as measured by the number of
bathrooms, the number of guests that can be served, and whether the accommodation is an
entire house. These findings are certainly in accordance with the relevant literature (see Wang
and Nicolau 2017 and Magno et al 2017, for instance). The existence of amenities also affects
positively (as expected) the rental price asked. We found that for Athens housing market such
determinants are availability of air-conditioning and cable TV. If the accommodation is family-
friendly also adds a premium on the price, as other scholars too have made it clear (e.g. Dogru
and Pekin 2017). Furthermore, taking side with Wang and Nicolau (2017), we found that the
allowance of smoking inside the accommodation is associated with lower prices. Surprisingly,
none of our models showed availability of breakfast to has a significant effect on price, in
contrast with Dogru and Pekin (2017) who supported the opposite. As expected, we also found
location to play an important role on price. In particular, in tandem with Zhang et al (2017),
Teubner et al (2017), Gibs et al (2018) anh Dogru and Pekin (2017) we concluded that the
longer the distance of the property is to either the city center or to a transport hub (such as a
metro station), the lower is the price. A cleaning fee and a required minimum length of stay

(minimum number of nights) have positive and negative coefficients, respectively, in relation
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to price. Lastly, host experience also seems to have an impact on the price asked, giving it a

premium in comparison to hosts of lower experience.

These findings are certainly useful to hosts looking to enter the market or aiming to increase or
to sustain their market share. It is suggested that altering (adding or removing) a specific
characteristic in the property under offer or in the host’s profile, can have a certain effect in the
price that can be asked for. For example, if a house does not have air-conditioning, the host can

add an air-condition and the price can be increased by about 25%.

Now let us briefly focus on our second set of models (LOGITs) and the conclusions that these
provide. As discussed, these models had a different purpose, i.e. to assess the determinants of
host’s trust on their prospective guests. First, we found that hosts with a Superhost status are
more likely to trust the prospective guests. This means that “good” or “positive” experience
with the Airbnb model of sharing economy tends to increase trust to peers. In turn, “bad” or
“negative” such experience (reflected, arguably, in the number of low-rated reviews within the
Airbnb membership time) increases the possibility hosts to be less likely to trust future guests.
As such, time of membership, alone, seems to have a negative effect on trust. We argue that
according to our knowledge this is the first time that such an issue is brought to the attention of
the limited but growing relevant literature (e.g. Deng and Ravichandran 2017, Ert et al 2016,
Hawlitschek et al 2016c, Liang et al 2018, Ma et al 2017, Mittendorf 2017c, Yang et al 2016),
and certainly this is an area that needs further research and exploration. Lastly, it is interesting
to note that both the gender and the degree of cosmopolitanism of hosts do not seem to play a

significant role in affecting trust to peers in the Athens Airbnb case.

Undoubtedly the current research constitutes a very first attempt to explore the role of trust in
Athens Airbnb sharing economy model, and in Airbnb housing business model in general.
Further studies need to be conducted using not only more advanced techniques but also larger
samples (expanded in space and in time). Future work could conduct a comparative analysis
with other cities and could do a pricing through the time. On the context of trust of hosts in the
potential guests, researchers can add more behavioral characteristics of hosts, acquired through

(for example) questionnaires.
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Appendix

Table 4: Descriptive statistics of variables of Study 1.

Variable Average St.dev Median Min Max
Price 69,82 68,706 50 9 526
Property attributes
Guests 4,0675 2,3799 4 1 16
Bathrooms 1,3601 0,6725 1 0,5 55
Bedrooms 1,6334 0,966 1 0 7
Entire home 0,7572 0,4287 1 0 1
Accommodation amenities
Air-conditioning 0,7184 0,4497 1 0 1
Breakfast 0,2297 0,4206 0 0 1
Family-friendly 0,7508 0,4325 1 0 1
Cable TV 0,1197 0,3246 0 0 1
Smoking 0,3818 0,4861 0 0 1
Location (distances)
City center 1727,657 | 963,1929 | 1615,648 | 43,0961 5694,45
Metro 556,7031 | 309,2394 | 492,6047 | 21,1962 | 1566,273
Neighborhood qualities
Density | 18429,44 | 7647,912 | 18670,78 | 7827,52 | 31689,91
“Contract” terms (rules)
Cleaning fee 17,881 16,3956 15 0 80
Minimum nights 2,0514 2,4919 2 1 28
24 hour check-in 0,3268 0,469 0 0 1
Instant booking 0,4612 0,4984 0 0 1
Host attributes
Membership 960,9355 | 586,4922 810 7 2274
Company 0,0353 0,1847 0 0 1
Reputation & trust attributes
Number of reviews 29,2186 46,2651 8 0 425
Review score 94,193 7,6168 96 40 100
Verified ID 0,5032 0,4999 1 0 1
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Table 5: Hedonic Price Models

DV: Log (Price)
Variable OLS1 OLS2 OLS3
Constant 3.039281 (9.625) *** | 3.032304 (9.837) *** 2.977823 (19.699) ***
Property attributes
Guests 0.076530 (4.154) *** | 0.076426 (4.163) *** 0.074868 (4.074) ***
Bathrooms 0.266884 (5.617) *** | 0.267763 ( 5.735) *** 0.274558 ( 5.886) ***
Bedrooms 0.036659 (0.831) 0.036673 (0.833) 0.029276 ( 0.667)
Entire home 0.270151 (4.132) *** | 0.269420 (4.153) *** 0.275076 ( 4.288) ***
Accommodation Amenities
Air-conditioning | 0.240699 (4.418) *** | 0.240391 (4.427) *** 0.242694 (4.460) ***
Breakfast 0.089003 (1.613) + 0.088346 (1.615) + 0.084006 ( 1.533) +
Cable TV 0.137645 (1.927) * 0.137389 (1.929) * 0.106063 ( 1.791) *
Family- friendly | 0.105854 (1.786) * 0.105547 (1.787) * 0.123463 (1.741) *
Smoking -0.15220 (-2.942)*** | -0.15381 (-2.995)*** -0.142848 (-2.837)***
Location (distances)
City center -0.00017 (-5.614)*** | -0.000177 (-5.625) *** | -0.000191 (-6.252)***
Metro -0.000126 (-1.439) -0.000126 (-1.439) -0.000180 ( -2.272)**

Neighborhood qualities

Density

| -7.14E-06 (-1.364)

-7.15E-06 (-1.370)

“Contract” terms (rules)

Cleaning fee

0.004988 (2.736) ***

0.004997 (2.750) ***

0.005031 (2.793) ***

Minimum nights

-0.034348 (-1.810) *

-0.034180 (-1.811) *

-0.033944 (-1.811)*

24 hour check-in

-0.062200 (-1.221)

-0.06158 ( -1.220)

Instant booking

-0.005178 (-0.106)

Host attributes

Membership 9.15E-05 (2.210) ** | 9.20E-05 (2.242) ** 8.66E-05 (2.114) **
Company 0.303257 (1.936) * 0.301699 (1.938) * 0.302366 (1.952) *
Reputation & trust attributes
Review score 0.001305 (0.406) 0.001344 (0.422) 0.001379 (0.432)

Number of -0.000125 (-0.245) -0.000130 (-0.257) -0.000128 (-0.253)
reviews
Verified ID -0.080771 (-1.689) * | -0.081166 (-1.706) * -0.079144 (-1.662) *
Adj. R? 74,874% 74,979% 74,85%
AIC 0.845439 0.837675 0.835456
F — value 37.18500 39.20863 43.17549
Prob. (F — value) 0.000000 0.000000 0.000000
N 256 256 256
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Table 5 (Cont.)

DV: Log (Price)

Variable 0OLS4
Constant 2.998220 (9.765) ***
Property attributes
Guests 0.081544 (5.800) *** [8,4961%]
Bathrooms 0.286460 (6.485) *** [33,1705%]
Bedrooms
Entire home 0.267830 (4.180) *** [30,7125%]

Accommodation Amenities

Air-conditioning

0.228439 (4.250) *** [25,6637%]

Breakfast
Family friendly 0.133536 (1.888) * [14,2862%]
Cable TV 0.111585 (1.885) * [11,8049%]
Smoking -0.142240 (-2.824) ***[14,2862%]
Location (distances)
City center -0.000188 (-6.158) *** [-0,0188%]
Metro -0.000175 (-2.206) ** [-0,0175%]
Neighborhood qualities
Density |
“Contract’ terms (rules)
Cleaning fee 0.005333 (3.018) *** [0,5347%]

Minimum nights

-0.036495 (-1.962) *  [-3,5837%]

24 hour check-in

Instant booking

Host attributes

Membership

8.20E-05 (2.003) ** [0,0082%]

Company

0.296698 (1.927) *  [34,5409%]

Reputation & trust attributes

Review score

0.001555 (0.488)

Number of reviews

-0.000203 (-0.405)

Verified ID -0.085086 (-1.795) * [-8,1567%]
Adj. R? 74,782%
AlC 0.831169
F — value 48.26168
Prob. (F — value) 0.000000
N 256
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OLS1 model.

Dependent Variable: LOGPRICE

Method: Least Squares

Diate: 08/28M18 Time: 08:32

Sample (adjusted): 1 311

Included observations: 256 after adjustments

Wariable Coefficient Std. Error t-Statistic Prob.
C 3.039281 0.315762 9625232 0.0000
GUESTS 0.076530 0.018420 4 154821 0.0000
BATHS 0266884 0.047507 5617732 0.0000
BEDROOMS 0.036659 0.044085 0.831539 0.4065
ROOM_TYPE 0.270151 0.065370 4 132676 0.0000
AlR_COMDITION 0.240699 0.054481 4 418034 0.0000
BREAKFAST 0.089003 0.055163 1.613472 0.1080
FAMILY_FRIEMDLY 0105854 0.059254 1.786448 0.0753
CABLE_TV 0.137645 0.071409 1.927566 0.0551
SMOKIMNG -0.152202 0051730  -2.942230 0.0036
DIAST_SINT -0.000177 316E-05  -5.614468 0.0000
DIST_METRO -0.000126 877E-05  -1439862 0.1512
DEMESITY -T.14E-06 5.23E-06 -1.364246 01738
CLEAM_FEE 0.004988 0001822 2736722 0.0067
MIM_MIGHTS -0.034348 0018972  -1.810490 0.0715
_24H_CHECE_IM -0.062200 0050910 1221758 0.2230
INSTAMNT_BOOKING -0.005178 0.048582  -0.106582 0.8152
MEMBERSHIP 9.15E-05 4 14E-05 2210992 0.0280
COMPANY 0.303257 0156640 1.936014 0.0541
MUM_REV -0.000125 0000508  -0.245248 0.8065
REVIEW_SCORE 0.001305 0.003207 0406992 0.6844
VERIFIED_ID -0.080771 0047795  -1.689951 0.0924
R-squared 0769432 Mean dependentvar 3.8956081
Adjusted R-squared 0748740 35.D. dependentvar 0707092
S.E. of regression 0.354436 Akaike info criterion 0.845439
Sum squared resid 29 39616 Schwarz criterion 1150102
Log likelihood -86.21615 Hannan-Cluinn criter. 0967973
F-statistic 2718500 Durbin-Watson stat 2190694

Prob(F-statistic) 0.000000
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Heteroscedasticity test of OLS1 model.
Heteroskedasticity Test: White

F-statistic 1.864070 Prob. F(227 28) 0.0257
Obs*R-squared 2401115  Prob. Chi-3quare(227) 0.2627
Scaled explained S5 4240916 Prob. Chi-3quare(227) 0.0000
Test Equation:

Dependent Variable: RESID"2

Method: Least Squares

Date: 08/28M18 Time: 10:29

Sample: 1311

Included observations: 256

Collinear test regressors dropped from specification

Normality test of OLS1

20
I Series: Residuals
35 Sample 1 311
— Observations 258
A0+ __
25 - Mean 1.80e-16
Median -0.035418
204 ] — Maximum  1.717584
Minimurm -0.8982459
154 Std. Dev. 0.339528
Saswness 0.889052
B Kurtosis 5.227902
; Jarque-Bera 73.20232
a ’_! A —— ’_! — = Probability  0.000000
14 a5 aa a5 14 15
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Multicollinearity test of OLS1

Variance Inflation Factors

Date: 08/28M18 Time: 10:34

Sample: 1313
Included observations: 256

Coefficient  Uncentered Centered

Yariable Yariance WIF WIF

C 0.099706 203.1816 A
GLUESTS 0.000339 15.50510 3896014
BATHS 0.002257 10.73909 2117566
BEDROOMS 0.001944 1474360 38279738
ROOM_TYPE 0004273 G.530981 1.632745
AIR_COMDITION 0.002968 4 394687 1.201672
BREAKFAST 0.003043 1.477559 1125484
FAMILY _FRIEMDLY 0.003511 5 366105 1.341526
CABLE_TV 0.005099 1.339491 1.166822
SMOKIMNG 0002676 2002358 1.267117
DIAST_SINT 9 99E-10 6.611050 1.388215
DIST_METRO 7.70E-09 5.957625 1.418853
DEMSITY 2 T4E-11 9693652 1.5724386
CLEAM_FEE 3.32E-06 3.8908157 1.6161449
MIMN_MIGHTS 0.000360 ITE2T413 1.2235349
_24H_CHECE_IN 0.002592 1.856866 1.204061
INSTANT_BOOKIMNG 0.002360 2329694 1.201249
MEMBERSHIP 1.71E-09 4 432059 1.221485
COMPANY 0024536 1171876 1.144410
HMUM_REY 2 BBE-07 1.890836 1.249944
REVIEW_SCORE 1.03E-05 187.6598 1.182043
VERIFIED_ID 0002284 2491221 1.158028
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OLS 2 Model

Cependent Variable: LOGPRICE

Method: Least Squares

Date: 1002718 Time: 20:36

Sample (adjusted): 1 311

Included observations: 256 after adjustments

Yariable Coefficient Std. Error t-Statistic Prob.
C 3.032304 0.308251 9837120 0.0000
GUESTS 0076426 0.018355 4 163809 0.0000
BATHS 0267763 0.046687 5735287 0.0000
BEDROOMS 0.036673 0.043992 0.8336149 0.4053
ROOM_TYPE 0269420 0.064871 4 153146 0.0000
AIR_COMDITION 0.240391 0.0542480 4 427915 0.0000
BREAKFAST 0.088346 0.054701 1.615062 0.1076
FAMILY_FRIEMDLY 0.105547 0.059054 1787134 0.0752
CABLE_TV 01373849 0071218 1.829132 0.05449
SMOKING -0.151381 0.051046  -2.9655748 0.0033
DIAST_SINT -0.000177 3.15E-05  -B5.G25627 0.0000
DIET_METRO -0.000126 a.74E-05  -1.439100 0.1515
DEMSITY -7.15E-06 5.22E-06  -1.370362 0.17149
CLEAM_FEE 0.004997 0.001817 2750411 0.0064
MIM_MIGHTS -0.034180 0.018866  -1.811696 0.0713
_24H_CHECE_IM -0.061580 0.050470  -1.220127 0.2236
MEMBERSHIP 9.20E-05 4 10E-05 22427049 0.0258
COMPANY 0301699 0.155628 1.89385492 0.0537
MUM_REY -0.000130 0000505  -0.2572249 07972
REVIEW _SCORE 0.001344 0.0031749 0422612 0.6730
VERIFIED_ID -0.081166 0.047551 -1.706908 0.0892
R-squared 0769421 Mean dependentvar 3.956081
Adjusted R-sguared 0749797 35.D. dependentwvar 0707092
S.E. ofregression (0.353689 Akaike info criterion 0837675
Sum squared resid 2939759 Schwarz criterion 1.128490
Log likelihood -86.22237  Hannan-CQwuinn criter. 0.8954540
F-statistic 39.20863 Durbin-Watson stat 2193066

Prob{F-statistic) 0.000000
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Heteroscedasticity test of OLS2 model.

Heteroskedasticity Test: White

F-statistic 1.303800 Prob. F(207 48)
Obs*R-squared 217.3447 Prob. Chi-Square(207)
Scaled explained 55 388.20586 Prob. Chi-Square(207)

01382
0.2871
0.0000

Test Equation:

Dependent Variable: RESIDA2

Method: Least Squares

Date: 10/27M18 Time: 22:01

Sample: 1311

Included observations: 256

Collinear test regressors dropped from specification

Normality test of OLS 2 model.

40
- Series: Residualzs
35 o Sample 1 311
— Ob=ervations 258
30 _
N Mean 1.12e-18
=g N Median -0.034512
204 — Maximum 1.721235
— Minimum -0.563138
15 | | Std. Dev. 0.339535
Skewness 0.652400
10 Kurtoziz 5235230
&+ Jargue-Bera 73.935940
Probability 0.000000
o U/ = /
| T T T T T | T T T T | T T T | T T T
-1.0 0.5 0.0 0.5 1.0 15
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Multicollinearity test of OLS1

Variance Inflation Factors
Date: 10/27M18 Time: 22:06
Sample: 1313

Included observations: 256

Coeflicient  LUncentered Centered

Wariable Wariance WIF VIF

c 0.095019 194 4439 A
GUESTS 0.000337 1546113 3.884965
BATHS 0.002180 10.41519 2053700
BEDROOMS 0.001935 14 74347 3.827943
ROOM_TYPE 0.004208 6.453951 1.614738
AlR_COMDITION 0.002947 4382359 1.188301
BREAKFAST 0.002992 1.458085 1.111413
FAMILY_FRIEMDLY 0.003438 5.353440 1.338360
CABLE_TV 0.005072 1.337974 1.165501
SMOKING 0.002606 1.857992 1.238042
DIAST_SINT 9.895E-10 G.610603 1.388120
DIST_METRO 7.64E-09 5.8936709 1.413871
DEMSITY 2T72E-11 9687113 1571426
CLEAM_FEE 3.30E-06 3.899750 1612672
MIM_MIGHTS 0.000356 3701744 1.215113
_24H_CHECE_IM 0.002547 1.832571 1.188308
MEMBERSHIF 1.68E-09 4423096 1.205416
COMPANY 0.024220 1.1616649 1.134443
MUM_REY 2.55E-07 1.873186 1.238270
REVIEW _SCORE 1.01E-05 185.2676 1166975
VERIFIED_ID 0.002261 2476290 1.151088
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OLS3 Model

Dependent Variable: LOGPRICE

Method: Least Squares

Date: 1042518 Time: 15:15

Sample (adjusted): 1 311

Included observations: 256 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
C 2977823 0.307002 9. 699680 0.0000
GUESTS 0.074868 0.018377 4 074095 0.0001
BATHS 0274558 0.046645 5.886068 0.0000
BEDROOMS 0.029276 0.043889 0.667041 0.5054
ROOM_TYPE 0275076 0.064141 4 288600 0.0000
AlR_COMDITION 0242694 0.054408 4 4606449 0.0000
BREAKFAST 0.084006 0.054780 1.533510 0.1265
FAMILY_FRIEMDLY 0106063 0.059195 1.791761 0.0744
CABLE_TV 0123463 0.070893 1741547 0.08249
SMOKING -0.142848 0.050338 -28377TN 0.00449
DIAST_SINT -0.000181 3.06E-05 -6.252115 0.0000
DIST_METRO -0.000180 T.94E-05 2272427 0.0240
CLEAM_FEE 0.005031 0.001801 27937649 0.0056
MIM_MIGHTS -0.033844 0018742 1811054 0.0714
MEMBERSHIP 8.66E-05 4 09E-05 2114371 0.0355
COMPANY 0.302366 0.154848 1.952664 0.0520
MUM_REV -0.000128 0.000503 -0.253838 0.7993
REVIEW_SCORE 0.0013749 0.003187 0432706 0.6656
VERIFIED_ID -0.079144 0047592  -1.662965 0.0976
R-squared 0766309 WMean dependentvar 3.856081
Adjusted R-squared 07483560 S.D. dependentvar 0707092
S.E. of regression 0.354563 Akaike info criterion 0.835456
Sum squared resid 2979435 Schwarz criterion 1.098575
Log likelihood -87.893837 Hannan-Cluinn criter. 0.9412381
F-statistic 4317549 Durbin-WWatson stat 2184041
Prob(F-statistic) 0.000000
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Heteroscedasticity Test of OLS3 model

Heteroskedasticity Test: White

F-statistic 1.045114 Prob. F(169,86) 0.4152
Obs*R-squared 1721692 Prob. Chi-Square(169) 04178
Scaled explained 55 3097100  Prob. Chi-Square(169) 0.0000
Test Equation:

Dependent Variable: RESIDA2

Method: Least Squares

Date: 10/25M8 Time: 20:25

Sample: 1311

Included observations: 256

Collinear test regressors dropped from specification

Normality test of OLS3 model

Series: Residuals
Sample 1 311
— Observations 256

Mean -7.33e17
Median -0.022322
Maximum 1.731710
— Minimum -0.983071

B Std. Dev. 0.341820

| Skewness 0.658034

Kurtosis 5197716

Jarque-Bera  69.99457

. . . Probability 0000000

[T
-1.0 -0.5 0.0 0.5 1.0 1.5
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Multicollinearity test of OLS3 model

WVariance Inflation Factors
Date: 10/25M8 Time: 20:31
Sample: 1313

Included observations: 256

Coefficient  Uncentered Centered

Variable Variance WIF WIF

C 0.084250 191.9276 A
GLUESTS 0.000338 15.42159 3875030
BATHS 0002176 10.34554 2039965
BEDROOMS 0001926 14.60252 3791348
ROOM_TYPE 0.004114 6.283353 1570838
AIR_COMDITION 0.002960 4 379736 1.187584
BREAKFAST 0.003001 1.456102 1.109141
FAMILY _FRIEMDLY 0.003504 5.351546 1.3378387
CABLE_TV 0.005026 1.319271 1.1482049
SMOKIMNG 0.002534 1.894663 1.198966
DIAST_SINT 9 34E-10 6.171936 1.305343
DIST_METRO G.30E-09 4 872302 1.160375
CLEAM_FEE 3.24E-06 3813196 15768749
MIM_MIGHTS 0.000351 3635330 1.183312
MEMBERSHIP 1.68E-09 4 383860 1.186085
COMPANY 0023873 1.144396 1117574
MUM_REV 2 53E-07 1.850802 1223479
REVIEW_SCORE 1.02E-05 185.2349 1.166769
VERIFIED_ID 0.002265 2468333 1.147389
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OLS4 model.

Dependent Variable: LOGPRICE

Method: Least Squares

Diate: 08/28M18 Time: 08:38

Sample (adjusted): 1 311

Included observations: 256 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
C 2998220 0.307036 8765037 0.0000
GUESTS 0.081544 0.014058 5.800609 0.0000
BATHS 0286460 0.044168 6485697 0.0000
ROOM_TYPE 0267830 0.064065 4180624 0.0000
AlR_COMDITION 0228439 0.053750 4 250051 0.0000
FAMILY_FRIEMDLY 0111585 0.059184 1.885400 0.0606
CABLE_TV 0.133536 0.070694 1.888926 0.0601
SMOKING -0.142240 0.050365  -2.824193 0.0051
DIAST_SINT -0.000188 3.05E-05 -6.1581449 0.0000
DIST_METRO -0.000175 7.94E-05  -2.206295 0.0283
CLEAM_FEE 0.005333 0.001767 3.01849749 0.0028
MIM_MIGHTS -0.036485 0.018597  -1.962386 0.0509
MEMBERSHIP 8.20E-05 4 09E-05 2003765 0.0462
COMPANY 0. 296698 0.153903 1.927825 0.0551
MUM_REV -0.000203 0.000502  -0.405552 0.6854
REVIEW_SCORE 0.001555 0.003183 0488730 0.6255
VERIFIED _ID -0.085086 0.047392  -1795364 0.07349
R-squared 0763644 Mean dependentwvar 3.956081
Adjusted R-squared 0747821 35.D.dependentvar 0707092
S.E. of regression (.355083 Akaike info criterion 0.831169
Sum squared resid 30.13409 Schwarz criterion 1.066591
Log likelihood -89.383966 Hannan-Cluinn criter. 0.925855
F-statistic 4326168 Durbin-Watson stat 2237383
Prob(F-statistic) 0.000000
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Heteroscedasticity test of OLS4

Heteroskedasticity Test: White

F-statistic 1.156010 Prob. F{135120)
Obs*R-squared 1447204 Prob. Chi-3gquare(135)
Scaled explained S5 2818618 Prob. Chi-Zgquare(135)

0.2088
0.2682
0.0000

Test Equation:

Dependent Variable: RESID"2

Method: Least Squares

Date: 08/28M18 Time: 10:44

Sample: 1311

Included observations: 256

Collinear test regressors dropped from specification

Normality test of OLS4

- Series: Residuals

35+ [ ] Sample 1311
Observations 256

20 1

a5 ] L[ Mean 6.76e-16

- Median -0.016335

20 Maximum  1.788862
Minimum  -0.896147

15 - Sid. Dev. 0.343763
Skewness 0.709843

107 Kurtosis  5.469105

; Jarque-Bera 86.52787

e P /| Probability  0.000000

0.5 0.0 0.5 1.0 1.5
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Multicollinearity test of OLS4

Yariance Inflation Factors
Diate: 0B/28M18 Time: 10:46
Sample: 1313

Included observations: 256

Coefficient  Uncentered Centered

Variable Variance WIF WVIF

C 0.094271 191.4075 A
GUESTS 0.000193 3.998340 2261040
BATHS 0.001951 9248547 1.823657
ROOM_TYPE 0.004104 G.249979 1.562495

AIR_CONDITION 0.002588 4261920 1.165369
FAMILY _FRIEMDLY 0.003503 5333945 1.333486

CABLE_TV 0.004998 1.308046 1139420
SMOKING 0.002537 1.891135 1196734
DIAST_SINT 8.32E-10 6.143971 1.289429
DIST_METRO 6.31E-09 4861234 1157739
CLEAM_FEE 312E-06 3.659020 1513122
MIMN_MIGHTS 0.000346 3.568692 1171438
MEMBERSHIP 1.67E-09 4366437 1.189975
COMPANY 0.023686 1127161 1100743
MUM_REV 2.52E-07 1.834703 1.212837
REVIEW_SCORE 1.01E-05 1841885 1160178
VERIFIED_ID 0.002245 2.440478 1134441

74



Table 6: Descriptive statistics of variables of Study 2.

Variable Average St. dev Mean Min Max
Trust 0,94333 0,2312 1 0 1
Host gender 0,4564 0,498 0 0 1
Number of languages 2,0878 1,077 2 1 7
Superhost 0,2322 0,4222 0 0 1
Verified ID 0,5032 0,4999 1 0 1
Membership 960,935 586,492 810 7 2274
Review score 94,193 7,616 96 40 100
Number of reviews 29,21 46,265 8 0 425
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Table 7: LOGIT models

Variable LOGIT1 LOGIT2 LOGIT3

Constant 14.806 (1.736) * 16.522 (2.226) ** 12.364 (1.529) +

Host gender 0.025 (0.038) -0.059 (-0.089)
[0,02536] [-0,0574478]

Number of languages | 0.372 (1.247) 0.364 (1.182)
[0,4516139] [0,440314]

Superhost 1393  (1.59) + 1.473 (1.695)* 1.129 (1.418)
[3,0292248] [3,3663394] [2,094876]

Verified ID -1.564 (-2.07) ** -1.607 (-2.124)** -1.321 (-1.813)*
[-0,7907562] [-0,1484804] [2,747298]

Membership -0.003  (-3.941) *** | -0.0031 (-4.128)*** -0.002 (-3.821)***
[-0,0030723] [-0,0030962] [-0,002923]

Review score -0.080 (-0,958) -0.087 (-1.210) -0.057 (-0.713)
[-0,0772215] [-0,0840257] [-0,055485]

Number of reviews -0.0109 (-2.042)** -0.011 (-2.221)** -0.0099 (-1.957) *
[-0,0108458] [-0,0113323] [-0,009869]

McFadden R? 0.3644 0,3511 0.3398

AIC 0,3958 0,3723 0,3841

LR statistic 4211 41.23 39,86

Prob. (LR statistc) 0,0000 0,0000 0,0000

N (after adjustments) | 226 239 238

***p<0=0,01, **p<a=0,05,*p<a=0,10, + likely to be statistically significant for a=0,10.

(z — Statistics). [Odds

Ratio].
Table 7 (Cont.)
Variable LOGIT4 LOGIT5 LOGIT6
Constant 8.024  (5.575)*** | 14.5163 (2.0548)** 7.0355 (4.7488) ***
Host gender 0.2115 (0.3248)
[0,235602]
Number of languages 0.3680 (1.1884)
[0,444945]
Superhost 0.8002 (1.1266) | 1.219461 (1.5671) + 0.8743 (1.1398)
[1,226186] [2,385363] [1,397422]
Verified ID -1.2286  (-1.7256)* | -1.391201 (-1.9067) *** | -1.4399 (-1.9516) *
[-0,707308] [-0,751224] [-0,763062]
Membership -0.00291(-4.1146)*** | -0.002975 (-3.9958)*** | -0.0028 (-4.0761)***
[-0,002909] [-0,002971] [-0,002891]
Review score -0.069197 (-0.9910)
[-0,066857]
Number of reviews -0.0112  (-2.4048)** | -0.010556 (-2.1745)** -0.0117 (-2.2627) **
[-0,011144] [-0,010500] [-0,011713]
McFadden R? 0.3331 0,3284 0,3687
AIC 0.3118 0,3663 0,3377
LR statistic 41.58 39.09 44,69
Prob. (LR statistic) 0,0000 0,0000 0,0000
N (after adjustments) | 299 251 268
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LOGIT1 model.

Dependent Variable: TRUST3

Method: ML - Binary Logit (Mewton-Raphson / Marquardt steps)
Date: O7MG6M8 Time: 12:02

Sample (adjusted): 1 310

Included observations: 226 after adjustments

Convergence achieved after 6 iterations

Coefficient covariance computed using observed Hessian

Variable Coefficient Std. Error -Statistic Prob.
C 14 80648 8.525861 1.736655 0.0824
HOST_GEMDER 0.025361 0.659147 0.038475 0.9693
MIUM_LAMNG 0372676 0.298698 1.247669 02122
SUPERHOST 1.393574 0.874511 1.593546 01110
VERIFIED_ID -1.564255 0.755574  -2.070286 0.0384
MEMBERSHIP -0.003077 0.000781  -3.941553 0.0001
REVIEW_SCORE -0.080366 0.083860  -0.953329 0.33749
MUM_REV -0.010805 0.005340  -2.042153 0.0411
McFadden R-squared 0.364415 Mean dependent var 0.929204
3.0, dependent var 0257054 S.E. ofregression 0225144
Akaike info criterion 0.385828 Sum squared resid 11.05043
Schwarz criterion 0516908 Log likelinood -36.72851
Hannan-Quinn criter. 0444691 Deviance 7345702
Restr. deviance 11556738 Restr. log likelinood -57. 736891
LR statistic 42 11680 Avg. log likelihood -0.162516
Prob(LR statistic) 0.000000
Qbs with Dep=0 16 Total obs 226
Obs with Dep=1 210

Normality test of LOGIT1 model.

Series: Standardized Residuak
Sample 1 310

— Observations 225

Mean 0.018198
Median 0.090975
Maximum 1.478982
Minimum -5.595480
5td. Dev. 0. 780392
Skewness -5.338908
Kurtosis 40.34075

L Jarque-Bera 14202.80
= ._.—._._u—u_._i—‘ —= Probability 0.000000

|||||i_i||||||||||||||||
4 i [i] 1
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LOGIT 2 model.

Dependent Variable: TRUST3
Method: ML - Binary Logit (Mewton-Raphson / Marquardt steps)
Date: 07MG6ME8 Time: 12:05
Sample (adjusted): 1 310
Included observations: 239 after adjustments
Convergence achieved after & iterations
Coefficient covariance computed using observed Hessian

Wariable Coefficient Std. Error -Statistic Prob.
C 16.52203 7422197 2226030 0.0260
HOST_GEMDER -0.0559164 0659862  -0.089662 0.9286
SUPERHOST 1473925 0.869544 1.695055 0.0801
YERIFIED_ID -1.607328 0.756661 -2124239 0.0337
MEMBERSHIP -0.003101 0.000751 -4 128522 0.0000
REVIEW_SCORE -0.087767 0072519 1210251 0.2262
MUM_REV -0.011397 0005130 -2221812 0.0263
McFadden R-squared 0.351137 Mean dependent var 0.933054
3.0. dependent var 0.250452 S.E. ofregression 0223325
Akaike info criterian 0377384 Sum sguared resid 11.57073
Schwarz criterion 04789205 Log likelinood -38.09738
Hannan-Cuinn criter. 0.418415 Deviance T6.19477
Restr. deviance 117.4281 Restr. log likelinood -58.714086
LR statistic 4123336  Avg. log likelihood -0.158403
Prob(LR: statistic) 0.000000
Obs with Dep=0 16  Total obs 239
Obs with Dep=1 223

Normality test of LOGIT2 model.

00
Series: SEndardized Residusk
— Sample 1 310
160 Observations 233
Maan 0020305
120 Median 0093166
kaxginmum 1. 348506
0 Iininmiam 6.1 15885
Std. Dev. 0.TZEZEZ
Skewness -5.073430
40 Hurtosis 35 52628
—l—'_‘__‘ Jarque-Bera 12218.58
T T T T A e - H Rt | Probsbility 0.000000
F 5 a 2 4 [ 1
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LOGIT3 model

Dependent Variable: TRUST3

Method: ML - Binary Logit (Newton-Raphson / Marquardt steps)

Diate: O7MG6M8 Time: 12:05

Sample (adjusted): 1 311

Included observations: 238 after adjustments
Caonvergence achieved after G iterations
Coefficient covariance computed using obsenved Hessian

Yariable Coefficient Std. Error -Statistic Prob.
C 12 36456 8.081692 1.529948 0.1260
MUM_LAMNG 0.364861 0.308442 1.1829149 0.2368
SUPERHOST 1.129748 0.7896671 1.418085 0.1562
VERIFIED_ID -1.321035 0728552 -1813234 0.0698
MEMBERSHIP -0.002827 0000766 -3.821954 0.0001
REVIEW_SCORE -0.057084 0.080008 -0.713485 0.4755
MUM_REY -0.008918 0.005067  -1.957363 0.0503
McFadden R-squared 0.339855 WMean dependentvar 0832773
5.0. dependent var 0.250842 SE. ofregression 0.225283
Akaike info criterion 0.334151 3um squared resid 11.72379
Schwarz criterion 0486276 Log likelinood -38.71395
Hannan-Quinn criter. 0425309 Deviance F742790
Restr. deviance 117.2892 Restr. log likelinood -58.64462
LR statistic 2886134  Avg. log likelihood -0 162664
Prob(LR statistic) 0.000000
Obs with Dep=0 16  Total obs 238
Obs with Dep=1 222

Normality test of LOGIT3 model.

Mean
Median
Mazimum
Minimum
Std. Dev.
Skewness
Kurtosis

&

5 4

— — e
III|III|III|III|III|III|III

i

Jargue-Bera
Probability

Series: Slandardized Residuak
— Sample 1 311
Observations 238

0.020243
0.092035
1.341348
-0 551989
0.734575
-5.093008
37.43838

12790.092
0.000000

[
a 1
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LOGIT 4 model.

Dependent Variable: TRUST3
Method: ML - Binary Logit (Newton-Raphson / Marquardt steps)

Diate: O7MEME Time:

12:08

Sample (adjusted): 1 311
Included observations: 299 after adjustments
Caonvergence achieved after G iterations
Coefficient covariance computed using obsenved Hessian

Variable Coefficient Std. Error -Statistic Prob.
C 8.024034 1.438051 5575921 0.0000
SUPERHOST 0800290 0.710342 1126627 0.25949
VERIFIED_ID -1.228635 0711991 1725633 0.0844
MEMBERSHIP -0.002813 0.000708  -4.114670 0.0000
MUM_REV -0.011207 0.004660  -2.404825 0.0162
McFadden R-squared 0.333160 Mean dependent var 0.94G5438
3.0, dependent var 0225429 SE. ofregression 02076749
Akaike info criterion 0.311821 Sum squared resid 12680349
Schwarz criterion 0373702 Loglikelinood -41.61729
Hannan-Quinn criter. 0.336589 Deviance 83.23458
Restr. deviance 1248195 Restr. log likelinood -62.40974
LR statistic 4158489 Avg. log likelihood -0.138188
Prob(LR statistic) 0.000000
Qbs with Dep=0 16 Total obs 2949
Obs with Dep=1 283

Normality of LOGIT4 model.

P =T e ——

7

|III|III|III|Ii_i
4

3 2 i
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Series: Standardized Residuak

Sample 1 311
Observations 259

Mean 0.023402
Median 0.075506
Maximum 1.494311
Minimum 5. 758844
Std. Dew. 0.887840
Shewness -5.428330
Kurtosis 44 21281

2282777

0.000000

Jargue-Bera

Probability




LOGIT5 model.

Dependent Variable: TRUST3
Method: ML - Binary Logit (Newton-Raphson / Marquardt steps)
Date: 07M16M8 Time: 12:06

Sample (adjusted): 1 311

Included observations: 251 after adjustments
Caonvergence achieved after 6 iterations
Coefficient covariance computed using observed Hessian

Yariable Coefficient Std. Error I-Statistic Prob.
C 14 51639 7.064489 2054840 0.03949
SUPERHOST 1.219461 0778121 1.6567188 01171
VERIFIED_ID -1.381201 0729619  -1.906751 0.0566
MEMBERSHIP -0.002875 0000745  -3.995825 0.0001
REVIEW_SCORE -0.068187 0069822  -0.9910549 0.3217
MUM_REV -0.010556 0.004854  -2174526 0.0297
McFadden R-squared 0328435 WMean dependentvar 08936255
3.0. dependent var 0244736 S.E. ofregression 0222554
Akaike info criterion 0366332 Sum squared resid 12.13496
Schwarz criterion 0.450606 Loglikelinood -39.897470
Hannan-2uinn criter. 0400246 Deviance 79.894940
Restr. deviance 119.0493 Restr. log likelinood -58 52467
LR statistic 39.09994 Awvg. log likelihood -0.158262
Prob(LR statistic) 0.000000
Obs with Dep=0 16 Total obs 251
Obs with Dep=1 235

Normality test of LOGIT5 model.

200
_ Series: Standardized Residusk
Sample 1 311
160 Dbservations 251
hMean 0.021736
=9 Median 0.095672
Maximum 1.242238
a0 Minimum -5 5988742
Std. Dev. 0.711275
Skewness -4.535145
204 Kurtosis 23.04728
—l_'_'_‘ Jargue-Bera 1042020
a T AL e e i ;_}_:_i — —— Probability 0.000000
& 3 4 3 2 1 Li] 1
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LOGIT6 model.

Dependent Variable: TRLUIST3
Method: ML - Binary Logit (Mewton-Raphson / Marguardt steps)
Date: 07MG6/M18 Time: 12:09

Sample (adjusted): 1 310

Included observations: 268 after adjustments
Convergence achieved after 6 iterations
Coefficient covariance computed using obsenved Hessian

Variable Coefficient Std. Error -Statistic Prob.
C 7.035596 1.481539 4748843 0.0000
HOST_GEMDER 0.211558 0.651302 0.324824 0.7453
MUM_LAMNG 0.368071 0.30964949 1.188478 0.2346
SUPERHOST 0874394 0767140 1.139810 0.2544
VERIFIED_ID -1.438856 0737816  -1.951647 0.0510
MEMBERSHIP -0.002885 0000710  -4.076157 0.0000
MNUM_REV -0.011782 0.008207  -2262702 0.0237
McFadden R-squared 0368762 Mean dependentvar 0.9402949
3.0, dependentvar 0237376 S.E ofregression 0.211330
Akaike info criterion 0337742 Sum squared resid 11.66138
Schwarz criterion 0.431536 Loglikelihood -38.25743
Hannan-2uinn criter. 0375414 Deviance T6.51485
Restr. deviance 121.2139 Restr. log likelinood -G0.60696
LR statistic 44 69907 Avg. log likelihood -0.142752
Prob(LR statistic) 0.000000
Dbz with Dep=0 16 Total obs 268
Dbz with Dep=1 252

Normality test of LOGIT6 model.

= e e
U L L L L L L L
3

7 & 5 4

3

1
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Senes Standardized Residuak

Sample 1 310
Observations 258

hean
Median
Maximum
Minimum
Std. Dev.
Seewness
Kurtosis

Jargue-Bera

Probability

0.028930
0.083328
1.898885
-7.250888
0.6985835
-5.712288

51.35620

27588.73
0.000000
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