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Zusammenfassung / Abstract
This study aims at identifying guests’ willingness to pay for characteristics of listings on Airbnb, put-
ting a particular emphasis on trust-building information provided by the platform. In order to do so, a
hedonic regression model is applied to an extensive dataset that was gathered in 2017 from Airbnb’s
website and encompasses listings from seven major German cities, namely Berlin, Munich, Hamburg,
Cologne, Dresden, Stuttgart and Frankfurt am Main. Our results regarding tangible characteristics are
mostly in line with expectations: Additional space and certain amenities increase the value of a lis-
ting. The same holds true for an accommodation’s distance to the city center, although we find proof
for a non-linear relationship. Results for trust-building factors on the other hand are mixed. While fa-
vorable review scores and membership duration have a positive effect on prices, we cannot establish
such a relationship for “superhost” and “verified ID” badges. In contrast to other studies, which are,
however, focused on the US, we cannot find price differences linked to hosts’ gender or ethnicity.
Using an extended data set that encompasses listings from 2007 to 2008, we furthermore construct
hedonic price indices for all seven cities, which suggest supply shifts due to regulatory pressure.
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1 Introduction
Fourteen years after its launch, Airbnb has become one of the leading mar-
ketplaces for the travel industry, connecting travelers with local hosts in
more than 100,000 cities and 220 countries (Airbnb, 2021). Similar to online
platforms like eBay and Amazon Marketplace, Airbnb enables customers
(“guests”) to look for offers from other customers (“hosts”) and facilitates
transactions between them. One of the key factors behind Airbnb’s success
is the company’s ability to increase the platform’s value to participants by
improving the likelihood and quality of matches. In order to do so, Airbnb
offers hosts a variety of tools to assess the true market value of their listings
and set prices properly. Additionally, several trust building mechanisms are
embedded into the platform, which reduce information asymmetry among
hosts and guests.

In traditional markets, repeated transactions and face-to-face interactions
can increase trust between market players and therefore reduce the occur-
rence of inefficiencies caused by information asymmetry. Mechanisms like
warranties, advertising and quality reviews, provided by independent agents,
also contribute to the reduction of asymmetric information (Dewally and Ed-
erington, 2006). However, digital peer-to-peer (P2P) markets, which allow
small businesses or even individuals to engage in transactions with buyers,
are prima facie far more anonymous, as the contract parties rarely meet and
often play a one-shot game from a game theory point of view (Belk, 2010;
Botsman and Rogers, 2010; Hawlitschek, Teubner, and Weinhardt, 2016).

In contrast to online marketplaces like eBay, where physical products are
traded, online booking platforms like Airbnb offer a marketplace for a more
personal (and usually non-refundable) good. Consequently, the stakes are
higher in many cases. At the same time, digital markets can potentially
provide an enormous amount of information that can reduce transaction
costs induced by information asymmetries, given that the information is well-
structured and presented comprehensively. As trust is a prerequisite for P2P
markets in order to function efficiently, platform operators like Uber, Airbnb
and eBay, which facilitate trade between large numbers of fragmented buyers
and sellers, have to create a frictionless market design to match both sides
efficiently (Einav, Farronato, and Levin, 2015).

As mentioned above, the likelihood of matches between hosts and guests
also depends on the balance between a listing’s price and value. While com-
mercial accommodation providers base their pricing decisions on market data,
setting an optimal price is difficult for many hosts, as they often don’t know
the real value of their accommodation. To support hosts in their pricing
decision and therefore improve the likelihood of matching, Airbnb offers a
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dynamic pricing-tool that recommends a price based on multiple listing at-
tributes. The recommended price is calculated using a classifier algorithm
comparing listings with similar attributes.1 However, the host can still choose
the price manually.

Based on a dataset of Airbnb listings in seven German cities,2 we use a
hedonic regression model to estimate price determinants of listing prices. In
contrast to real estate markets, where hedonic models are widely used and
where property values are determined by “hard” characteristics like location
and size, the price of an Airbnb listing may be affected by additional in-
formation. Besides material listing characteristics like the above as well as
accommodation type (house, apartment, loft etc.) and room type (entire
house, private room, apartment), a listing’s value is also affected by trust-
building factors like review scores and host attributes.3 This is because trust
signals like these can reduce uncertainty about the accuracy of an accommo-
dation’s description and furthermore reveal information that is not explicitly
provided by the host. Our study aims at disentangling the contributory
value of a listing’s characteristics, thereby giving insight into the relevance
of trust signals for price determination. Our regression results underscore
the importance of ratings from Airbnb’s review system, as good reviews are
associated with a host’s ability to charge higher prices. The duration of a
host’s Airbnb membership also contributes to a higher valuation. However,
our results don’t suggest a positive effect of other presumedly trust-building
variables like superhost status and host verification. Personal traits of hosts
like gender, name origin and facial expression on the profile picture also don’t
result in higher valuations.

Building on our results from the hedonic regression, we furthermore con-
struct hedonic price indices for Airbnb markets in each investigated city.
With these indices, we can assess price movements on Airbnb while also
taking quality-changes into account. Between April 2017 and March 2018,
quality-adjusted price levels increased in all investigated cities by 15-25%, in
line with the general upward trend for long-term rents in urban areas. Inter-
estingly, our results hint at effects of regulatory intervention on the quality
composition of Airbnb’s offerings. In cities where the public administration
ramped up regulatory pressure on illegal letting of vacation rentals, a de-
cline in median prices accompanied by constant hedonic price levels and a
decline in the overall number of offerings suggests market exit of listings at
the high-quality end, presumedly owned by professional Airbnb landlords.

1For more information about the pricing algorithm, see Hill (2015) and Yee and Ifrach
(2015).

2Berlin, Munich, Hamburg, Cologne, Frankfurt a.M., Stuttgart, Dresden.
3We outline our variable selection in Section 3.
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2 Literature Review
In the academic literature on the sharing economy, trust has become a promi-
nent field of research (Cheng, 2016). A large strand of the theoretical liter-
ature argues that quality signals like rating mechanisms and identity veri-
fication can mitigate inefficiencies in markets with asymmetric information,
as they provide structured and transparent information about both market
sides.4 In this context, much research has been conducted on the rating mech-
anism of the auction platform eBay (McDonald and Slawson, 2002; Resnick
and Zeckhauser, 2002), with the general finding that negative ratings lead
to a drop in weekly sales (Cabral and Hortaçsu, 2010), and have a negative
price effect (Houser and Wooders, 2006; Melnik and Alm, 2002). Klein, Lam-
bertz, and Stahl (2016) use a large dataset in order to estimate a fixed effects
model that analyzes the qualitative and quantitative effects of a change in
the eBay rating system on adverse selection and moral hazard. They find
that an improvement of the rating mechanism decreases the costs linked to
information asymmetries. In the hotel industry, online reviews have a big im-
pact on booking decisions, especially for first time users (Panda, Verma, and
Mehta, 2015). However, customer reviews can be biased or misleading when
customers who submit reviews are not compensated for their efforts (Frad-
kin, Grewal, and Holtz, 2021). For Airbnb, the sharing economy’s leading
platform for accommodation rentals, Zervas, Proserpio, and Byers (2021) ex-
amined 60,000 listings and found that 95% of them have an average rating
of 4.5 or 5 stars (the highest rating) in contrast to approximately half a mil-
lion hotels worldwide collected on TripAdvisor, where there is a much lower
average rating of 3.8 stars, and more variance across reviews. This leads to
the assumption that ratings on Airbnb are possibly biased.

Several recent studies have investigated the price formation mechanism
on Airbnb using different specifications of the hedonic price model, with
the common finding that the average review score has a positive effect on
price(Chen and Xie, 2017; Gibbs et al., 2018; Teubner, Hawlitschek, and
Dann, 2017; Dan Wang and Nicolau, 2017). Teubner, Hawlitschek, and
Dann (2017) estimate a linear model to quantify the economic value of trust
on Airbnb using a dataset containing about 16,000 listings. They find a sig-
nificant positive price effect of several trust-building factors like the average
rating score, duration of a host’s membership or the number of photos shown
for a listing. Chen and Xie (2017) use a dataset of 5,779 Airbnb listings in
Austin, Texas, to estimate a quadratic semi-log specification that tests the
effects of a group of utility-based attributes on the price of Airbnb listings,

4See Bar-Isaac and Tadelis (2008) for a survey.
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including the number of hotels in the same census tract, to measure the ef-
fect of market competition. In another recent study Dan Wang and Nicolau
(2017) apply a quantile regression approach in order to analyse a dataset of
33 different cities. They argue that host attributes are more accurate price
predictors than the star ratings traditionally used in the hotel industry. In
contrast Ert, Fleischer, and Magen (2016) do not find any price effect of
hosts’ review scores using Airbnb data from Stockholm, Sweden. Conduct-
ing a controlled experiment, they found evidence that the more trustworthy
hosts are perceived from their photos, the higher the price of their listings
and the more likely they are being booked. Deboosere et al. (2019) applied
a hedonic regression to Airbnb listings in New York City and find that lo-
cational factors like transit accessibility have a strong influence on prices.
Lorde, Jacob, and Weekes (2019) investigate Airbnb accommodations in the
Caribbean in a cross-country analysis and find significant effects for accom-
modation and host properties that are generally in line with expectations,
supporting the hypothesis that tangible features are equally important as
reputational ones. In contrast to the majority of research on Airbnb, which
is concerned with urban rental markets, Moreno-Izquierdo et al. (2019) focus
on sun and beach destinations in Valencia.

Other research topics related to Airbnb have addressed regulation (Jefferson-
Jones, 2015) and the platform’s impact on the hotel industry (Zervas, Pros-
erpio, and Byers, 2017). B. G. Edelman and Luca (2014) find evidence for
racial discrimination against Afro-American hosts in New York City as they
are forced to charge lower prices than comparable listings of non-black hosts.5
Within a field experiment B. Edelman, Luca, and Svirsky (2017) estimate
that regarding the hosts’ market side, Afro-American guests are less likely to
be accepted than white guests.

However, none of the aforementioned studies have calculated a hedonic
price index. Such an index is computed from a hedonic function, which
describes the relationship between prices of a product’s different varieties and
their characteristics (Triplett, 2006). The hedonic regression approach dates
back to the work of Court (1939), who developed this very concept to evaluate
automobiles. In the field of applied economics, the work of Rosen (1974) and
Lancaster (1966) laid down the conceptual foundations of consumer valuation
of heterogenous products.6 The hedonic price model describes the procedure
of regressing the price of differentiated goods on it characteristics, where
the estimated coefficients represent a characteristic’s discrete hedonic price
(Dale-Johnson, 1982). The hedonic pricing methods is a prominent approach

5A similar effect is estimated for Hispanic and Asian hosts by Kakar et al. (2018).
6See also Griliches (2014).
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in real estate studies, where housings are differentiated goods that exhibit
a bundle of characteristics that completely describe the respective property
(Kang and Reichert, 1991; Strand and Vågnes, 2001; Wilhelmsson, 2002).7

Other studies applying hedonic regression methods in order to assess price
determinants on Airbnb often include the number of reviews as independent
variable (Gibbs et al., 2018; Teubner, Hawlitschek, and Dann, 2017; Dan
Wang and Nicolau, 2017). This implicitly assumes the number of reviews
is exogenous, a crucial assumption for estimates to be consistent. Taking
into account that nearly 70% of guests leave a review (Fradkin, Grewal, and
Holtz, 2021), one can interpret the number of reviews as a proxy for the
demand of the respective listing. Thus including this variable as an inde-
pendent regressor leads to biased and inconsistent estimators.8 Furthermore,
existing studies do not adequately control for city-specific differences within
their estimation model, ignoring the fact that huge variation exists both in
the supply and demand of geographic submarkets that lead to a different
structure of prices in each (Straszheim, 1974). Prior studies, which estimate
hedonic price functions with a dataset that includes more than one city, try
to control for urban heterogeneity using city attributes like the population
size and rental price (Teubner, Hawlitschek, and Dann, 2017) or country
effects Dan Wang and Nicolau, 2017.9 However, one can argue that these
structural controls can never sufficiently capture the spatial variation in the
market (Dale-Johnson, 1982).

3 Data
Our initial dataset contains information on 18,052 Airbnb listings from seven
major German cities, namely Berlin, Munich, Hamburg, Cologne, Dresden,
Stuttgart and Frankfurt am Main. Listings were gathered directly from
Airbnb’s website at first in April 201710 using a custom web scraper and then
processed by extracting the relevant information from the listings’ HTML
source code.11 The scraped data entails almost all information that is visible

7Malpezzi (2002) presents a review of hedonic pricing literature.
8Dan Wang and Nicolau (2017, p. 128) note that “cheaper listings tend to receive more

bookings and consequently more reviews”, recognizing the dual causality. Nevertheless,
they included the number of reviews as an independent variable.

9Gibbs et al. (2018) use a dataset of five large urban destinations in Canada to sepa-
rately estimate the hedonic price function for each of the city.

10Our dataset includes every visible listing with more than three reviews on the date
we scraped the website. The exact dates of scraping include 12 to 16 April 2017.

11We deployed a heavily modified and extended version of a web scraper originally
programmed by Tom Slee (http://tomslee.net). The customized web scraper can be
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to visitors of an Airbnb listing, including (but not limited to) prices, accom-
modation features, reviews and host details. A detailed description of the
Airbnb user-experience can be found in Gibbs et al. (2018). For our con-
struction of hedonic price indices (see Section 5.3), we additionally scraped
Airbnb’s website in July and September 2017 as well as in March 2018.

We use several public application programming interfaces (APIs) to fur-
ther expand our dataset and to obtain structured information from unstruc-
tured data like a host’s profile picture. More precisely, we use the Google
Maps Distance Matrix API12 to calculate the walking distance from a hous-
ing to the respective city center and the Google Maps Geolocation API13 to
determine the neighborhood an accommodation is located in, based on its
geographical coordinates. Furthermore, we make use of Microsoft’s Azure
Emotion API14 to analyze facial expressions in a host’s profile picture. We
thereby obtain eight numerical weights for the different emotions expressed
in a picture, but only use the value for “happiness” (in a continuum between
0 and 1) in order to determine if hosts smile on their profile pics.

Additionally, hosts’ first names as displayed by Airbnb are analyzed in
respect to gender and origin. We access a database of gender predictions
provided by genderize.io,15 which is compiled from social media profiles, to
determine the gender of hosts by their first name. Furthermore we use the
Behind the Name API16 to determine host names’ ethnic origin with the
intent to unveil potential discrimination against hosts from ethnic groups of
non-German origin.

As the average rating score of a listing is first displayed when it has at least
three reviews, we exclude listings that have not reached this threshold yet.
Furthermore, in order to increase the comparability among the investigated
listings, we only consider listings with accommodations suitable for less than
six guests, with a price less than e 1,000 and a property type that is defined
as apartment, house, loft, townhouse or villa.

Tables 1 and 2 display summary statistics for most of our variables,17

a correlation matrix for all variables is attached in Appendix A2. Airbnb
distinguishes thee different room types that are captured in the the respective
variable. Guests can either book an entire home (57.6%), a private room
within the accommodation (41.1%) or a shared room (1.3%). As expected

made available by the authors upon request.
12https://developers.google.com/maps/documentation/distance-matrix/
13https://developers.google.com/maps/documentation/geolocation/
14https://azure.microsoft.com/en-us/services/cognitive-services/emotion/
15https://genderize.io
16https://www.behindthename.com
17Due to space and readability, we do not include all variables in the tables.
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for a developed accommodation market like Germany, which attracts mostly
travelers of medium and higher income brackets, shared rooms are rarely
offered and only account for a small fraction of total listings. Consistent
with the known professionalization of Airbnb landlords, entire homes that
are inhabited exclusively by a single renter at a time constitute the majority
of supply.

Table 1: Descriptive Statistics for Chosen Categorical Variables

Variable Levels n %
Room Type Entire Home 10,390 57.6

Private Room 7,421 41.1
Shared Room 241 1.3
all 18,052 100.0

Cancel Policy Flexible 5,499 30.5
Moderate 6,914 38.3
Strict 5,639 31.2
all 18,052 100.0

Smoking Allowed No 15,271 84.6
Yes 2,781 15.4
all 18,052 100.0

Verified Host No 7,312 40.5
Yes 10,740 59.5
all 18,052 100.0

Gender Female 8,305 54.3
Male 6,978 45.7
all 15,283 100.0

Security Deposit No 11,143 61.7
Yes 6,909 38.3
all 18,052 100.0

TV No 6,979 38.7
Yes 11,073 61.3
all 18,052 100.0

At the time when listings were gathered for this research, Airbnb offered
its hosts a choice among three different cancellation policies to different de-
grees of rigour: flexible, moderate and strict. Under the flexible cancellation
policy, guests receive a full refund on the reservation cost as long as can-
cellation is more than 24 hours before check-in time, minus booking fees.
When the moderate policy applies and a guest cancels less than 5 days in
advance, the first night is non-refundable, but 50% of the reservation cost
for the remaining nights will be refunded. A full refund (excluding booking
fees) is only given when the cancellation is made more than 5 days before
check-in. If a host decides for strict cancellation rules, guests will only be
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Table 2: Summary Statistics for Chosen Numerical Variables

Variable x̄ x̃ Min Max #NA
Price 64.8 55.0 9.0 1000.0 0
Accomodates 2.7 2.0 1.0 6.0 0
Reviews 24.7 12.0 4.0 435.0 0
Bathrooms 1.1 1.0 0.0 5.5 1252
Bedrooms 1.2 1.0 1.0 6.0 1197
Minimum Stay (days) 2.2 2.0 1.0 27.0 0
Overall Satisfaction 4.7 5.0 1.0 5.0 4
Pictures 12.7 11.0 1.0 160.0 0
Distance to City Center (km) 4.6 4.0 0.0 29.6 1
Membership (Months) 34.4 33.0 1.0 106.0 0
Happiness 0.5 0.7 0.0 1.0 0

refunded 50% of the reservation costs when they cancel more than one week
in advance and no refund will be given afterwards. Interestingly, the can-
cel policies are almost evenly distributed between strict (31.2%), moderate
(38.3%) and flexible (30.5%).

In most of the listed accommodations smoking is not allowed, mirroring
the larger societal trend towards abolishing indoor smoking. Smoking is only
permitted in 15.4% of the apartments and houses. Regarding one of the
trust building factors, about 60% of hosts are verified by Airbnb, meaning
that they have earned a “Verified ID” badge by matching their online identity
to offline ID documentation. This can be achieved by scanning a photo ID
that corresponds to the personal information entered during signing up for
Airbnb. Regarding hosts’ gender there is a prevalence of females (54.3%)
which exceeds the sex ration seen in the general population. Requesting a
security deposit is apparently not the norm on Airbnb’s platform as only
38.3% of hosts ask for it. This is an interesting contrast to the traditional
practice of letting rental homes, where deposits are prevalent. Exemplary for
other amenities Table 1 also depicts the proportion of rentals that offer a TV
set to guests (61.3%). Access to wireless internet and cooking facilities are
even more common in our dataset, as about 95% provide Wifi and 94% offer
a kitchen for either exclusive or shared use. Two thirds of our hosts have
a name that is determined as natively German by the API we use, which
opens up the opportunity to investigate an effect of ethnic background on
perceived trustworthiness that may also be reflected in prices.

Regarding the available property types, our raw dataset contains 26 dif-
ferent property types including unusual ones like caves, tree houses and tents
among others. We reduced the dataset to apartment (94%), house (0.04%),
loft (0.012%), townhouse (0.003%) and villa (0.001%) and thereby eliminate
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513 observations. We constructed a dummy variable that becomes 1, when
the property is a house (including house, townhouse and villa), and 0 oth-
erwise. Only 4.8% of all listings represent houses, which is in line with our
expectations for the urban rental markets contained in our dataset.

Numerical variables in Table 2 reflect both properties of accommodations
and hosts. Listings in our dataset can accommodate two persons in the
median and usually entail one bedroom and one bathroom. However, rentals
with more lavish layouts with up to 5.5 bathrooms18 and 6 bedrooms are
also available. Median walking distance from the accommodation to the city
center is 4 km, ranging from immediate vicinity to 29.6 km.

On average each listing has 24.7 reviews while the median is at only
12 reviews, meaning the distribution of reviews is positively skewed. The
variable overall satisfaction is at the core of Airbnb’s user review system and
reflects satisfaction of guests who booked the respective accommodation.
Manifestations of this variable can range between 1 and 5 stars, but are
predominantly in the upper range with a median (and mode) of 5 stars.
The observation that buyers and sellers give exceptionally high ratings to
each other is not uncommon for P2P markets like Airbnb and has also been
noticed on Ebay (Bolton, Greiner, and Ockenfels, 2012).

Ert, Fleischer, and Magen (2016) discuss two possible explanations for
biased review scores on these platforms. Firstly, mutual feedback systems
might deter platform users from posting negative reviews because they fear
retaliation from their counterpart. This potentially leads to a selection bias
where guests with an unfavorable opinion refrain from posting a fitting re-
view. However, Airbnb changed its review mechanism in 2014 in order to
counter this potential source of bias. From then onwards reviews and review
scores were revealed simultaneously to hosts and guests not until both have
submitted their assessment or alternatively a 14-day period has passed af-
ter checkout. As a consequence hosts could not retaliate against unfavorable
reviews any longer, which potentially encouraged guests to share negative ex-
periences more often. Ert and Fleischer (2019) investigated this assumption
and indeed found evidence that implementing this change to the underlying
review mechanism significantly decreased overall review scores on Airbnb.
As data collection for our empirical analysis started in 2017 and about three
years after the revised review mechanism was introduced, we can assume that
the change has been sufficiently absorbed in guests’ reviewing practices and
fear of retaliation is rarely cause for overenthusiastic (or withheld negative)
reviews anymore.

An additional potential source for an upward bias discussed by Ert, Fleis-
18Half-baths are bathrooms with a sink and toilet, but no shower or bathtub.

10



cher, and Magen (2016) is the fact that Airbnb users experience personal
contact in context of the market place transaction. Due to personal ac-
quaintance with the host before and during their stay, guests might be more
reluctant to give a negative review and be more understanding towards any
shortcomings in general. This is underlined by the finding of Ert, Fleischer,
and Magen (2016) that guests in Airbnb reviews often refer to their hosts on
a first-name basis in contrast to reviews on Booking.com, where reviewers
refer to anonymous staff members. However, even under the assumption that
submitted review scores trump the actual experience, this would not lead to
biased estimation results in our empirical setting. Since we want to explic-
itly estimate the effect of posted ratings (and not the effect of former guests’
experiences) on prices, deviations between posted reviews and privately held
opinions do not present an issue for our hedonic valuation approach.

An additional variable that may reassure hosts is the membership dura-
tion of the respective host, measured in months. Our dataset includes listings
by new-fledged hosts that have just signed up for Airbnb as well as hosts with
longstanding experience and reputation with a maximum membership dura-
tion of almost 9 years. Hosts are registered with Airbnb for 33 months in the
median. Providing pictures of the accommodation is another feasible way
to build trust among potential guests and according to our data many hosts
do so accordingly. While 11 pictures are shown in the median, some hosts
provide much more and uploaded up to 160 pictures for a single accommo-
dation. As we also look out for more subtle influences on trustworthiness
and subsequently prices, facial expression are evaluated. The majority of
hosts smiles on their profile pictures, i.e. our happiness variable derived from
Microsoft’s Azure Emotion API, which ranges between 0 and 1 per profile
picture, is much greater than zero on average (0.5) and in the median (0.7).

A graphical representation of a selection of these variables can be seen
in Figures 1a - 1d. The average listing price19 within our dataset is e 64.8
with a median of e 55. However, as can be seen in Figure 1a, the median
differs between cities. The biggest difference is between Munich (e 65) and
Stuttgart and Dresden (both e 45). Furthermore, the walking distance to the
city center from Airbnb accommodations varies between cities. For example
the median walking distance of listings in Berlin is 5.1 km, whereas it is
2.5 km in Frankfurt. Additional data visualizations on the city level can be
found in Appendices A3 and A4.

Figure 1c shows that the distribution of the star-ratings within our sample
is left-skewed, over 90% of all listings have a star rating of 4.5 or higher.

19The displayed price of an Airbnb listing for one person and one night without specified
booking dates.
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Figure 1: Median and Density Plots of Selected Variables

The phenomenon of ratings that are overwhelmingly positive and skewed to
maximum scores can not only be found for Airbnb (Chen and Xie, 2017),
but for other online platforms like eBay as well (Nosko and Tadelis, 2015).
After eliminating all listings with a capacity higher than six guests, nearly
52% of all listings are suited for two guests.

4 Empirical Strategy
Following the standard hedonic price model as described above, we observe
a set of listing prices at time t, which we denote as pit and where i is the
index of a particular listing. As the listing prices differ due to differences in
their properties, we can write pit as a function of a set of characteristics x.

E(pit) = ft(x
′
itβ) (1)

The form of the function f has a direct bearing on the interpretation
of a hedonic price index. As there is no a priori reason to expect price
and attributes to be related in any particular fixed fashion, the selection
of an adequate functional form is an empirical question. Our dependent
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variable is continuous, but is right-skewed and always positive (see Figure 2).
The most common way to analyze such data and to address the problem
of non-linearity, and mitigate the problem of heteroscedasticity, is to log
transform the outcome variable (Malpezzi, 2002). Alternatively, we follow
an approach that builds on the generalized linear model (GLM), where the
response variable pit is assumed to follow an exponential family distribution
with mean µi, which is assumed to be some function of x′itβ. Thus, even with
non-normal errors, our outcome variable is linear in parameters (McCullagh
and Nelder, 1989). As f is monotone, there is a unique function g, called the
inverse function of f , such that we can rewrite Equation 1 as

g{E(pit)} = x′itβ (2)

Function g is also called the link function, as it relates the linear predictor
to the predicted mean of the response. For a classical linear model, the link
function is the identity function. In our case, as suggested by the distribution
of our price variable, we choose a log-link function, such that we estimate
the following model:

log{E(pit)} = x′itβ

pit ∼ Gamma(θi, v)
(3)

When regressing the price of a listing on its characteristics, the estimated
coefficients can be interpreted as the consumers’ implicit valuations of these
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characteristics. Such an implicit price is termed as the hedonic price, or
shadow price, of an attribute.

Our hedonic price function in Equation 2 can subsequently be computed
for multiple periods. The implicit prices we obtain will then depend on the
particular period. If the weight pattern of the periods are not too different
and the equation holds well enough in all our periods, we can estimate the
average price change between periods directly by estimating Equation 4 and
assessing a period’s respective time dummy coefficient τj (Griliches, 1961):

log{E(pit)} = β0 + β1x1it + β2x2it + ...+
T−1∑
j=1

τjTj + εit, (4)

where εit is iid and τj is the coefficient of time dummy T .
As in any regression model, the selection of independent variables is a

matter of the empirical problem at hand. We divide our set of variables into
several categories that we add subsequently to our base model in order to
test the validity of our results. Within our base model, we include variables
of which we assume that they will have the biggest impact on listing price.
The correlation matrix in Appendix A2 does not hint at any multicollinearity
issues within our dataset.20 As stated above, we argue that the number of
reviews is not an exogenous variable, and therefore including it would cause
biased estimates of other coefficients (Frölich, 2008). Excluding it means that
the number of reviews is part of the error term, which would be an issue if it
is correlated with the remaining regressors. As no significant correlation can
be found, we decided to exclude the the number of review from our model
apart from a robustness check in Section 5.2.

A crucial assumption made by recent studies (Gibbs et al., 2018; Teubner,
Hawlitschek, and Dann, 2017; Dan Wang and Nicolau, 2017) is that the
price of a listing reflects the market equilibrium price even though we do not
observe real market transactions. We assume rational hosts who maximize
their income by setting prices that reflect the value of their listing. This
assumption is supported by the fact that we only analyze listings with more
than two reviews, as the average rating score of a listing is first displayed if
it has at least three reviews. Of course listing prices will occasionally deviate
from their actual value and consequently impact occupancy rates. But there
is no evidence that this would occur in a systematic way, which would lead
to biased regression results with biased hedonic prices. In further support
of using ask prices for hedonic regressions, Ye, Law, and Gu (2009) confirm

20The number of bedrooms and the capacity are correlated as expected, but their
correlation coefficient (0.59) remains under any threshold that would be cause for concern
(Dormann et al., 2013).
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a significant relationship between online consumer reviews and hotel-room
sales, indicating that reviews reflect real transactions.

In contrast to real estate markets, where ask prices from online platforms
will often differ from actual transaction prices, rental rates on Airbnb are not
negotiated between hosts and customers. Subsequently a general upward bias
in offered room prices, as it could be reasonably assumed for offer prices on
real estate platforms, is unlikely in the case of Airbnb. It is conceivable that
newer hosts might overestimate the value of their property and therefore set
prices higher than in the long-term equilibrium. However, we do not find any
evidence in our data that suggests this is the case, as prices do not negatively
correlate with membership duration. Furthermore, as Airbnb is competing
with the hotel industry, the platform will try its best to nudge hosts to
set competitive prices.21 Although we can reasonably assume offer prices
translate into transaction prices and no bias results from the chosen approach,
we should nevertheless bear in mind that we do not observe transaction
prices and conclusions rely on the assumption that ask prices overall reflect
the actual value of listings on Airbnb. If, for example, hosts indifferent to
depressed occupancy rates indeed set systematically higher prices than guests
are willing to pay, hedonic prices resulting from our regression are potentially
upward biased compared to actual implicit prices.

As the overall rating of a listing constitutes a significant quality signal,
we expect higher ratings to have a positive impact on the price. The same
is true for the number of pictures, as pictures can offer visual information
about the “product” a guest is about to pay for. Other variables within the
base model describe the characteristics of a listing and are therefore assumed
to have an impact on the price: room type, capacity, number of bedrooms,
number of bathrooms, if a listing is a house or some other type of building,
and if a listing offers a real bed (as opposed to e.g. pull-out sofa).

The definition of geographical submarkets is another important task when
estimating a hedonic regression model, as demand and supply is likely to
diverge between these geographical submarkets, because types of housing as
well as the demand for housings of a given type at a given location vary.
If observations are affected by variables that operate at a higher level (e.g.
region), the assumption of random sampling, i.e. error terms are i.i.d., might
be invalid. Straszheim (1974) shows that by estimating separate hedonic
price functions for different geographic areas of the San Francisco Bay area,
the sum of squared errors (SSE) in predicting prices across the entire sample
were significantly reduced. A usual attempt to control for these submarket
differences is the inclusion of area specific variables like the population size

21The intelligent price setting mechanism provided by Airbnb supports this assumption.
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or the rent price level (Teubner, Hawlitschek, and Dann, 2017).
However, it is likely that these variables not only affect the intercept

terms, but also the coefficients of the characteristics that describe the in-
dividual unit. The resulting regression could then yield biased estimates
of the guests’ marginal willingness to pay for key listing attributes. We
use city dummies to control for the variation between cities and distance to
center variables to control for within-city heterogeneity. Besides distances
derived from the Google Maps Distance Matrix API, we also included dis-
tance measures calculated with the haversine formula22 in our different model
specifications. We also recognize the possibility that localization in different
districts in a city may have an impact on the value of a listing, regardless
of their distance to the city center. In Figure 3 we can observe that for the
larger cities (Berlin, Hamburg, Munich, Cologne) Airbnb listings are centered
around two or more areas.23 To control for the impact of a certain district,
we also estimate an alternative model including district dummies.

The first category we add to our base model include dummy variables
about additional amenities a listing offers (Wifi, TV, a Kitchen, Breakfast)
and rules guests have to obey during their stay. Regarding the amenities we
assume that each of them increases the value of a listing and therefore its
price. In respect to the apartment policies, direction of effects is not that
clear a priori. Allowing guests to smoke or to bring their pets may reduce the
value of the listing as it reduces the expectations regarding cleanliness. The
claim of a security deposit on the other hand may be seen as an indicator
for the value of a listing: accommodations that are well equipped with high
quality furniture are more likely to urge a security deposit.

The second category of variables added to the above set of regressors
provide a description of the host himself. Direct interactions between seller
and buyer make the hosts’ (as well as guests’) attributes an important factor
when entering a contract. Airbnb offers a wide range of information on hosts
that can build trust and therefore supposedly has a positive impact on price:
The duration of membership, if the host is a superhost24 and if a host’s ID
is verified.

Lastly, we convert the profile picture as well as the name of hosts into
quantifiable information using the methods and APIs described in Section 3.
As Ert, Fleischer, and Magen (2016) show that hosts’ photos have an impact
on listings’ prices, we assume that the happier hosts are perceived from their

22The haversine formula gives the great-circle distances between two points on a sphere
from their longitudes and latitudes.

23Enhanced maps can be found in Appendix A1.
24A superhost has to satisfy several requirements such as considerable experience, a

high response rate and 5-star reviews.
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Figure 3: Spatial Distribution of Airbnb Listings
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photo, the higher the price of their listings. Furthermore, we control for
hosts’ gender as well as for host names’ ethnic origin in order to measure the
impact of non-German names on price formation.

5 Results

5.1 Hedonic Regression Results

Estimating six different specifications of Model 4 yields the regression results
shown in Table 3 with price per one person and one night as dependent
variable. A parsimonious model with only fundamental properties already
shows the expected signs for regression parameters, which are all significant
at the 0.01 level with the exception of bed type only. The overall rating has
a significant impact on price, which is increased by 12.3% (e0.117−1=0.1229)
for every rating increase of 0.5 stars. As discussed in Section 3, a potential
upward bias in review scores, meaning guests’ posted reviews overrate the
actual experiences, is irrelevant for the validity of our hedonic regression
results. We can nevertheless hypothesize that in a review system where no
upward bias in rating scores is present and grades are more evenly distributed,
guests would be more tolerant towards less than perfect scores, resulting in
a weaker relationship between overall rating and price.

While prices increase in a housing’s capacity (11.4% per person), private
rooms and shared rooms display high discounts in comparison to entire apart-
ments (-34% and -40% respectively). The number of bedrooms (17.4%) and
bathrooms (18.2%) have significant positive coefficients just as the provision
of real beds (2.8%) in contrast to pull-out sofas, airbeds or similar. Prices are
also significantly higher (9.3%) for accommodations that are entire houses.
An increase in the number of photos a listing provides is associated with
higher prices, for every additional photo we observe a price increase of 0.6%.
Consequently, guests spend more when hosts reduce the uncertainty about a
listing’s quality by providing more photos.

Consistent with empirical findings for hotel markets (Bull, 1994; Hung,
Shang, and F.-C. Wang, 2010; Lee and Jang, 2012; Monty and Skidmore,
2003; Thrane, 2007), we find a negative effect of the distance to city center
variable. As touristic attractions are usually located in close proximity to a
city center, guests are willing to pay a premium if a listing is in the vicinity
of the center. Our estimation results suggest that prices decrease by -4.2%
per kilometer.25

25In Section 5.2 we estimate a model variation assuming a non-linear relationship be-
tween price and distance to the city center.
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Our results remain stable with changes in the model specification and
coefficients keep the expected signs when control dummies for amenities and
house rules are added in model (2). Having a TV set in the accommodation
allows hosts to charge a premium of 8.8%, while the positive effect of wifi
access is surprisingly weaker with only 2.7% surcharge and significance at
the 0.1 level. If breakfast is provided at an accommodation, prices are 2.9%
higher.

Our findings for the impact of certain house rules that hosts impose on
their guests are somewhat surprising at first glance, as more liberties tend to
lower prices in some cases. Accommodations that allow smoking within the
apartment are cheaper by -3% and allowing pets in the apartment leads to a
price decrease of -2.6%. Hence, although smokers and pet owners might be
pleased by these permits, the majority of guests seem to be deterred by the
prospect of cigarette smell and animal hair, resulting in the observed negative
coefficients. Allowing children in an accommodation in contrast increases the
value of an accommodation, as the estimated parameter suggests 3% higher
prices.

As expected coefficient estimates for city dummies show a pronounced
heterogeneity in price levels among the seven cities in our dataset (see Fig-
ure 4), which cannot be explained by other regressors. Within model specifi-
cation (2), Dresden’s city dummy coefficient estimate (-0.369) suggests 31%
lower prices for otherwise equal listings in comparison to Berlin, whereas
hosts in Munich and Frankfurt can charge a premium of 28% and 11% re-
spectively. Hamburg (-1.5%) and Cologne (-4%) on the other hand show only
a minor negative price differential when compared to our baseline Berlin.

Adding additional information on hosts as in model (3) to (6), which
might influence if guests perceive a host as trustworthy, shows mostly incon-
clusive and negligible interdependencies with accommodation prices. Hosts
that are longtime members of Airbnb can charge slightly more for their list-
ings as the estimated semi-elasticity for an additional month of membership
is consistently 0.2%. Negative parameter estimates for superhost status and
ID verification on the other hand seem less straightforward. A conceivable
explanation is that since obtaining superhost status from Airbnb is linked
to the number of reviews hosts receive over a certain time span, hosts that
attract more guests by setting lower prices are more likely to be superhosts.
A negligible factor for accommodation prices is the number of friends a host
has accumulated on Airbnb, p-values remain above the 0.1 threshold for all
models.

Extending the model with more detailed and personal variables on hosts
as done in model (4), does not reveal additional determinants for accommo-
dation prices. A host’s gender does not explain differences in prices, which is
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Figure 4: City Dummy Coefficients with Berlin as Baseline - Model (2)

in line with results obtained by other authors (Kakar et al., 2018). The co-
efficient of our name heritage variable, which indicates German host names,
is insignificant as well. This is somewhat in contrast to findings from other
authors (B. G. Edelman and Luca, 2014; Gilheany, David Wang, and Xi,
2015; Kakar et al., 2018), who reveal that hosts from ethnical minorities
must charge significantly lower prices than their caucasian counterparts when
controlling for other factors.

However, there are multiple possible explanations for these differences.
First and foremost, we analyze listings only from German cities, whereas the
aforementioned studies that detect racial bias are investigating Airbnb offer-
ings from the US, where ethnicity-related heterogeneity is more common, as
it is already apparent from simple summary statistics. The median price in
our sample is e 55 for hosts with German names as well as for hosts with for-
eign names, whereas B. G. Edelman and Luca (2014) show that black Airbnb
hosts’ median prices are $37 lower in comparison to other ethnicities, even
before taking other factors into account. Owing to our large sample set, the
construction of our ethnic origin variable however differs significantly from
other approaches. In contrast to studies that rely on manual visual inspection
of host profile pictures and subsequently very small numbers of observations
(B. G. Edelman and Luca, 2014; Gilheany, David Wang, and Xi, 2015; Kakar
et al., 2018), we derive ethnicity from host names alghorithmically using a
name origin database.
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Nevertheless, within the limitations of our name-based approached, we
cannot find any hints to ethnic discrimination on Airbnb in our Germany-
focused dataset. This holds true when we control for subgroups of hosts with
non-German names, e.g. hosts with Arabic names.

Contrary to our expectations, the parameter estimate for the host hap-
piness variable, which assesses if a host smiles in his profile picture, is nega-
tive. Taking into account that experimental evidence concludes that guests
attribute a positive monetary value to the trustworthiness they sense from
a host’s profile picture (Ert, Fleischer, and Magen, 2016), showing a smile
does not seem to be sufficient to establish a perception of trust. However, the
coefficient is rendered insignificant in other specifications (see Section 5.2).

5.2 Robustness Checks

Although our parameter estimates are remarkably stable for model speci-
fications (1) to (4), we conduct further robustness checks to substantiate
our results. As city dummies cannot account for heterogeneity in location
value within a particular city, we replace city dummies with neighborhood
dummies, which we obtained by reverse geocoding the coordinates of every
accommodation to the respective city district using Google’s Geolocation
API. As the lower AIC score of specification (5) in comparison to model
(4) show, this increases model quality in comparison. However, accounting
for heterogeneity on the city district level does not change any sign of our
parameter estimates.

Since all our estimations identify distance to the city center as an impor-
tant driver for accommodation prices, we seek to find a more precise measure
for our distance variable. Hence we replace the simple geodesic distance be-
tween housing and city center with walking distance obtained from Google
Maps Distance Matrix API, as this distance measure accounts for obstacles
like rivers and motorways. As anticipated, when compared to models (1) to
(3), the more exact measure increases model quality in terms of AIC score
and yields a lower parameter estimate for the distance variable.26

Figure 5 shows residuals vs. fitted plots for all six specifications in Ta-
ble 3 with residuals on the y-axis and fitted values on the x-axis. Ideally,
residuals should be scattered randomly around the zero line. Besides a few
outliers that are highlighted in the respective figures, residuals in all specifi-
cations are well-behaved and don’t show a pattern that suggests a non-linear

26The decrease of the coefficient seems plausible, when keeping in mind that the walking
distance obviously grows overproportionally with geodesic distance. Subsequently, every
additional kilometer measured in terms of geodesic distance impacts the accommodation
value more negatively than an additional kilometer of walking distance.
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Figure 5: Residuals vs. Fitted for Models (1) - (6)

relationship we don’t account for in our model. However, further inspection
of the relationship between price and distance to city center suggests that
the effect of the distance variable might change direction when distance to
the city center reaches a certain threshold. Figure 6 draws a loess smoothed
curve in green and the linear regression line in orange.27 As long as the loess
smoother roughly approximates the linear regression line, the assumption of
linearity is verified. As we can see in Figure 6, this assumption does not hold
for higher distance values in our dataset as the loess smother’s slope changes
from negative to positive somewhere between 10 and 15 km.

In order to capture this non-linear relationship in our model, we add
the squared value of the distance variable to our hedonic regression model

27The shading around the loess smoother and the linear regression line corresponds to
standard errors.
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in Equation 3 in order to obtain β1 and β2 from regression results in Ta-
ble 4. Subsequently, we then calculate the marginal effect of distance (x) on
price (y):

∆yt
∆xt

= β1 + 2β2xt (5)

Since the coefficient estimate for our distance variable (β̂1) is negative,
prices fall with increasing distance to the city center at first. However, as
the coefficient estimate for its quadratic transformation (β̂2) is positive, the
aforementioned effect changes direction when a certain threshold is reached.
We calculate the extreme point for β1 < 0 and β2 > 0 by setting Equation 5
equal to zero:

x∗ = −β̂1/(2β̂2)
x∗ = 0.08123338/(2 ∗ 0.00282588)

x∗ = 14.3731

(6)
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Table 4: Non-Linear Regression Results

1 Person, 1 Night

price

Overall Rating 0.118∗∗∗ (0.010)
Number of Pictures 0.005∗∗∗ (0.0004)
Private Room (D) −0.388∗∗∗ (0.008)
Shared Room (D) −0.491∗∗∗ (0.030)
Capacity 0.101∗∗∗ (0.004)
Bedrooms 0.160∗∗∗ (0.009)
Bathrooms 0.165∗∗∗ (0.013)
House (D) 0.070∗∗∗ (0.017)
Realbed (D) 0.033∗∗∗ (0.013)
Distance to CC (km) −0.081∗∗∗ (0.003)
Squared Distance to CC (km) 0.003∗∗∗ (0.0002)
TV (D) 0.081∗∗∗ (0.007)
Wifi (D) 0.030∗ (0.016)
Kitchen (D) −0.028∗ (0.015)
Breakfast (D) 0.032∗∗ (0.014)
Smoking Allowed (D) −0.028∗∗∗ (0.010)
Children Allowed (D) 0.025∗∗∗ (0.008)
Pets Allowed (D) −0.024∗∗ (0.010)
Minimum Stay (days) −0.012∗∗∗ (0.002)
Security Deposit (D) 0.056∗∗∗ (0.007)
Membership Duration (months) 0.002∗∗∗ (0.0002)
Superhost (D) −0.018∗ (0.010)
Verified Host (D) −0.020∗∗∗ (0.007)
Number of Friends −0.003 (0.005)
Constant 3.097∗∗∗ (0.056)

City Dummies Yes

Observations 16,782
Log Likelihood −74,407.870
Akaike Inf. Crit. 148,877.700

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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This result implies that after a threshold of about 14km distance to the
city center is reached, guests value locations higher the more remote they
are. This can be explained by the fact that guests who book accommodations
in a city’s outskirt likely have different preferences compared to those who
book apartments close to the center. Listings that are located in a city’s
“bacon belt” allow easy access to nature attractions and therefore offer higher
recreational value than accommodations closer to the center. Guests that
book accommodations more than 14km away from the center tend to be more
interested in these surrounding excursion destinations than in urban tourist
attractions. Inclusion of the quadratic term however does not substantially
change the remaining parameter estimates in Table 4.

As discussed in Section 4, we do not include the number of reviews in our
model specifications in Table 3 as basic supply and demand theory suggests
that lower prices will cause more bookings and consequently more reviews.
The number of reviews then is a proxy for demand and not exogenous for a
listing’s price. For the sake of illustration and as further robustness check,
we introduce the number of reviews as an additional regressor in our model,
obtaining the expected negative coefficient (-0.001) significant at the 1 per-
cent level (see Appendix A5). Other parameter estimates keep mostly in
line with our prior results and signs of coefficients do not change direction.
However, the coefficient for kitchen access gains significance in contrast to
model (1)-(6) specifications in Table 3.

5.3 HPI for Seven German Cities

With the results from the hedonic regression as conducted in Section 5, we can
disentangle the contributory value of each characteristic to a listing’s price.
Building on that approach and by including the time dimension (see Equa-
tion 4), we can use our results to also construct hedonic price indices (HPIs)
for each city in our dataset. These hedonic indices are useful measures, as the
apartments and houses on Airbnb are obviously very heterogenous in their
characteristics and changes in rental prices can reflect pure price changes as
well as quality changes. Hence, an exemplary increase in a city’s overall price
level on Airbnb can be purely driven by an influx of high-quality listings. If
this is the case, the level of a hedonic price index would remain constant,
although mean (and median) prices go up.

In order to construct hedonic price indices for each city, we repeatedly
scraped Airbnb’s website for listings at different points in time and estimated
Equation 4 for each scraping’s results, using the same specification as in
model (3) in Table 3. Specifically, our scraping process covered a time span
of one year, gathering listings from Airbnb in April, July, September 2017 and
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Figure 7: Hedonic and Other Price Indices (s.a.)
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March 2018. As we need to take seasonal price fluctuations into account, we
conduct a seasonal adjustment with seasonality index values obtained from
the German CPI for “Accommodation services of hotels, inns or the like”.28

Figure 7 shows the evolution of the hedonic price index in seven Ger-
man cities over time in contrast to mean and median price levels. All cities
exhibit a remarkable upward trend in their price indices, resulting in about
20% higher mean prices in most cities within a year. While the figures for
Dresden, Frankfurt, Munich and Stuttgart only show minor deviations be-
tween hedonic price levels and mean as well as median prices, other cities
like Berlin, Hamburg and Cologne exhibit a different pattern.

In Hamburg, we can observe a steep decline in the mean and median
price level between September 2017 and March 2018, while the hedonic price
index remained relatively constant. Apparently, in this time span an over-
proportional amount of high-quality accommodations left the market, leading
to the observed drop in the average and median price in Hamburg. This
finding is supported by a decline in total Airbnb listings in Hamburg by
about 45 index points between September 2017 and March 2018. An apparent
explanation for this finding is the legal decree that came into effect on the
20th of March 2018, in which the sufficient provision of housing space was
declared as endangered in the whole city of Hamburg until 2028 according to
the city’s law to protect and preserve long-term housing.29 The legal process
was accompanied by a public debate and reports in the local press, attracting
attention to the legal restrictions and menacing fines threatening landlords
conducting illegal short-term letting. As the legal restrictions predominantly
apply to professional landlords, who rent out whole apartments with high
quality characteristics, this is a possible explanation for the decline in the
median price level, while the quality-adjusted HPI value remained constant.

Similar patterns can be observed for Berlin, Cologne and – for a lesser
extent – Munich. Although median price levels declined, the quality-adjusted
HPI increased or remained constant. As it was the case in Hamburg, the turn-
ing public mood and the pushback of municipalities against vacation homes
in crowded urban rental markets and subsequent sensitization of landlords
might be a factor in this development.30

In summary, the development of hedonic price levels on Airbnb mirrors
28In detail, we decompose the monthly time series of SEA-CPI 11201 between 2015 and

2019, using a multiplicative model of the form Yt = TtStet, where T is the trend and S
the seasonality component. Subsequently, a seasonality index with April=1 is constructed
and multiplied with the values from our Airbnb price indices.

29See § 9 Abs. 1 HmbWoSchG.
30See Reichel (2017) for Munich’s threat to imprison illegal Airbnb landlords and Schön-

ball (2017) for Berlin’s move to tighten regulation for short-term rentals.
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the upward trend in urban long-term housing markets. Within a year, the
quality-adjusted price level in all investigated cities climbed by 15-25%. How-
ever, our results hint at the effectiveness of municipal regulation countering
misappropriation of housing space.

6 Conclusion
Housing markets in general are characterized by a high degree of hetero-
geneity and price formation depends on a vast set of characteristics, which
are not always easily observed. The same holds true for short-term vacation
rentals as they can be found on Airbnb’s platform. The hedonic regression
approach allows to identify each characteristic’s contribution to a property’s
overall value. In respect to Airbnb, hedonic regression results are of partic-
ular interest, as they give insights into the relevance of quality signals that
are build into the platform’s trust-buildings mechanisms. These are designed
to reduce customer’s uncertainty regarding the vacation rental and thereby
reduce information asymmetry between host and guest. Our hedonic regres-
sion model therefore includes a set of variables that is not formed by hard
facts about the listing, but includes information on other guests’ experiences
as well as personal traits of hosts.

Regarding characteristics of the vacation rental, our results are predom-
inantly in line with expectations: Whole apartments achieve higher prices
than private and shared rooms, capacity and size improves a rental’s val-
uation. Listings in close proximity to the city center and amenities like a
TV set and provided breakfast can obtain price premiums as well. However,
results for variables that reflect trust-worthiness are mixed. As expected,
good reviews allow hosts to set higher prices on the platform, but superhost
and verified status have no significant positive effect. In contrast to findings
for Airbnb in the US, we cannot confirm implicit racial discrimination, as we
cannot find price differences linked to the ethnicity of hosts. Neither name
origin or gender of hosts has a significant effect on prices. In conclusion, our
results suggest that Airbnb’s review system and the host’s membership dura-
tion are the most important factors in building trust, which in turn translates
into hosts’ ability to set higher prices for their rental.

In respect to the evolution of (quality-adjusted) prices, we observe an
overall increase in hedonic price index levels in the investigation period for
all seven cities, ranging between 15 and 25%. Market exit of high-quality
listings in cities with extensive regulatory pressure on short-term vacation
rentals suggests effectiveness of these measures. However, this impression
needs to be properly evaluated in causal inference studies.
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Appendix

Figure A1: Spatial Distribution of Airbnb Listings
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Figure A1: Spatial Distribution of Airbnb Listings (cont.)
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Figure A1: Spatial Distribution of Airbnb Listings (cont.)
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Figure A1: Spatial Distribution of Airbnb Listings (cont.)
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Figure A2: Correlation Matrix
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Figure A3: Distribution of Chosen Numerical Variables by City
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Figure A4: Distribution of Chosen Categorical Variables by City
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Table A5: Regression Results with Number of Reviews

1 Person, 1 Night

price

Overall Rating 0.106∗∗∗ (0.010)
Number of Reviews −0.001∗∗∗ (0.0001)
Number of Pictures 0.007∗∗∗ (0.0004)
Private Room (D) −0.388∗∗∗ (0.008)
Shared Room (D) −0.503∗∗∗ (0.030)
Capacity 0.101∗∗∗ (0.004)
Bedrooms 0.158∗∗∗ (0.009)
Bathrooms 0.156∗∗∗ (0.013)
House (D) 0.082∗∗∗ (0.017)
Realbed (D) 0.031∗∗ (0.013)
Distance to CC (km) −0.045∗∗∗ (0.001)
TV (D) 0.087∗∗∗ (0.007)
Wifi (D) 0.030∗ (0.016)
Kitchen (D) −0.036∗∗ (0.015)
Breakfast (D) 0.026∗ (0.014)
Smoking Allowed (D) −0.037∗∗∗ (0.010)
Children Allowed (D) 0.032∗∗∗ (0.008)
Pets Allowed (D) −0.022∗∗ (0.010)
Minimum Stay (days) −0.012∗∗∗ (0.002)
Security Deposit (D) 0.058∗∗∗ (0.007)
Constant 3.129∗∗∗ (0.054)

City Dummies Yes

Observations 16,782
Log Likelihood −74,515.460
Akaike Inf. Crit. 149,084.900

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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