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The effect of Airbnb activity on residential 

real estate values and livability: The case for 

the Netherlands 
 

  
Abstract: This paper attempts to examine the relationships between Airbnb activity, 

subjective livability and residential real estate values. Specifically, this research 

answers the following research question: Does subjective livability have a 

mediating effect on the relationship between Airbnb activity and residential real 

estate values? To answer the research question, the mediation model proposed 

by Baron and Kenny is used to examine the relationships. The results indicate 

that Airbnb activity has a positive effect on residential real estate values. 

Specifically, a 1 percent increase in Airbnb activity leads to a 0.038 percent 

increase in residential real estate values. Furthermore, the results suggest that 

Airbnb activity has a negative effect on subjective livability and subsequently 

subjective livability has a positive effect on residential real estate values. 

Therefore, it follows that subjective livability acts as a mediator between Airbnb 

activity and residential real estate values. Subjective livability dampens the total 

effect of Airbnb activity on residential real estate values by 47.3 percent. 

 

Keywords: Airbnb, Residential Real Estate Values, Livability, Mediation, Hedonic Pricing 
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INTRODUCTION 

 

In 2007, Brian Chesky and Joe Gebbia were living in an apartment in San Francisco. Since rents 

were high in San Francisco and they were struggling to pay for their apartment, they came up with 

the idea to put an air mattress in their living room and turn it into a bed and breakfast. They 

launched a website to facilitate bookings in August of 2008 and the idea of Airbnb was born. 

Over the years, Airbnb’s popularity skyrocketed and grew to be the biggest short-term 

rental broker of the world (Gutiérrez, García-Palomares, Romanillos and Salas-Olmedo, 2017). As 

of today, Airbnb facilitated more than 800 million guest arrivals worldwide, lists more than seven 

million listings in over 220 countries and 100.000 cities and accommodates more than two million 

people across the world every day (Airbnb, 2020a). However, unlike conventional hotels, Airbnb 

does not own or manage any properties itself, but merely acts as a broker between property 

owners wishing to rent out space on the short-term rental market and tourists looking for 

accommodation. While Airbnb is not the only short-term rental company on the Dutch market, it 

is certainly the market leader in this particular domain (Guttentag, 2015; Oskam and Boswijk, 

2016). What effect these short-term rentals have on livability is subject to debate. 

While offering private housing as tourist accommodation through online platforms like 

Airbnb might be a lucrative source of income to property owners, many actors raised their 

concerns about the rapid growth of Airbnb and other online platforms that facilitate the sharing 

economy.  Firstly, as many property owners could potentially earn more money by offering 

accommodation to tourists than to long-term tenants, some of them will choose to extract the 

property from the long-term rental market. This decreases the long-term rental market stock and 

contributes to the growing housing affordability problem in many cities, such as Los Angeles, 

London and Amsterdam (Barker, 2020; Guttentag, 2018). Secondly, residents are worried that the 

increase of Airbnb activity in their neighborhood will damage the sense of community and the 

“feel of the neighborhood”, due to the increasing number of strangers (Guttentag, 2018). Lastly, 

as in many cases the owner of the property is not actually present at the property, tourists could 

be involved in anti-social behavior, such as excessive noise, vandalism, disturbance, littering and 

crime. This could have an effect on the livability of the neighborhood (Guttentag, 2018). The 

aforementioned effects of Airbnb activity on livability could possibly also have an effect on 

residential real estate values (D’Acci, 2014). 

Local governments worry that this new form of tourist accommodation has an effect on 

livability and consequently housing affordability of a certain area. Disruptive technologies often 

outpace applicable regulations, resulting in concerns such as general legality or taxation (Carrns, 

2013; Song, 2011; Wolverton, 2002). Therefore, in many cities around the world, short-term 

rental is legally restricted (Dann et al., 2019). In Paris, for example, rentals of less than 12 months 
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are prohibited without a license (Huet, 2021). However, the municipality of Amsterdam first 

embraced short-term rentals. The municipality saw Airbnb as a way to promote tourism, while 

tourism can bring economic and social benefits to a city (Bahceli, 2015; Kok, 2015). During the 

financial and housing crisis between 2007 and 2010, the municipality thought that allowing short-

term rentals would help home owners to pay for their mortgages. The municipality also wished 

to increase visitor numbers and spread tourist spending over more neighborhoods so that more 

residents could benefit of the increasing number of tourists in their city (Oskam and Boswijk, 

2016). Thus, the municipality of Amsterdam did not want to be too stringent by prohibiting all 

short-term rental activity in their city. Instead of prohibiting short-term rental activity, the 

municipality of Amsterdam and Airbnb sat down at the table and discussed what would be best 

for all parties involved. In the end, Amsterdam passed “Airbnb friendly legislation” (van de Glind 

and van Sprang, 2015). They agreed that from the 1st of January, 2017, entire homes could only 

be rented for a maximum of 60 days per year if the home-owner did not have a license (Dann et 

al., 2019). 

 In the early years of Airbnb, things worked out. However, due to the steep tourism growth 

in general and the popularity of short-term rentals in particular, many investors saw the potential 

to earn great amounts of money by transforming long-term rentals to short-term rentals. They 

started building a portfolio of Airbnb properties in the most popular neighborhoods, driving up 

real estate values and rental prices (Oskam and Boswijk, 2016). Due to the rising residential real 

estate values and the upward pressure on livability in some neighborhoods in Amsterdam, the 

municipality decided to intervene. The current situation was not sustainable in the long run. 

Because the negative effects of short-term rentals became more visible, the municipality 

eventually decreased the number of days entire homes without a license could be rented to 30 

days per year (Municipality of Amsterdam, 2020a). While the municipality tightened its the reins, 

research about the effect of short-term rentals on livability and consequently housing affordability 

has not been extensive. 

The purpose of this paper is to provide quantitative statistical evidence of the relationship 

between Airbnb activity, subjective livability and residential real estate values. While previous 

research on the relationship between Airbnb activity and livability has taken a qualitative 

approach, Jordan and Moore (2018) suggest that future research should take a quantitative 

approach to increase the validity and reliability of previous literature on the relationship between 

Airbnb activity and subjective livability. Furthermore, some research regarding the relationship 

between Airbnb activity and residential real estate values has been done. However, the potential 

mediating effect of subjective livability has not yet been included in this equation. Subsequently, 

the aim of this paper is to answer the following research question: 
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Does subjective livability have a mediating effect on the relationship between Airbnb activity and 

residential real estate values? 

 

To answer the research question, a mix of several different methods has been used. First, a 

hedonic pricing model has been used to dissect the residential real estate value and find the effect 

of Airbnb activity and subjective livability on residential real estate values. The hedonic pricing 

model takes into account the intrinsic characteristics of the property, extrinsic characteristics of 

the property and time fixed effects. Second, the mediation model proposed by Baron and Kenny 

(1986) is used to calculate the mediating effect of subjective livability. At last, IV regression is used 

to mitigate the possibility of endogeneity between residential Airbnb activity on one side and 

residential real estate values and subjective livability on the other side. 

This study examines the municipality of Amsterdam and uses multiple datasets from 

different sources. Data on Airbnb has been provided by InsideAirbnb, an independent non-profit 

organization led by Murray Cox. Residential real estate data has been provided by the NVM, the 

Dutch association of real estate agents. Data on subjective livability and other neighborhood 

characteristics has been obtained from several governmental bodies, such as the Municipality of 

Amsterdam and the Dutch Central Bureau of Statistics (CBS). 

The results of this study indicate that Airbnb has a direct positive effect on residential real 

estate values. For every 1 percent increase in Airbnb activity, residential real estate values 

increase by 0.038 percent. The results also imply that Airbnb has a negative effect on subjective 

livability. For every 1 percent increase in Airbnb activity, subjective livability decreases with 

0.00321 units. Furthermore, the results indicate that subjective livability has a positive effect on 

residential real estate values. For every one-unit increase in subjective livability, residential real 

estate values increase by 5.76 percent. The above suggests that subjective livability mediates the 

direct effect of Airbnb activity on residential real estate values and that the indirect effect of 

Airbnb activity on residential real estate values – through subjective livability as the mediator – 

dampens the direct effect by 47.30 percent. 

The remainder of this paper is organized as follows. Section 2 reviews previous research 

regarding Airbnb, livability and residential real estate values. Furthermore, the hypotheses are 

formulated. Section 3 outlines the methods used to empirically test the hypotheses. Section 4 

describes the data used and the exploratory analysis. Section 5 presents the results and section 6 

discusses some considerations regarding the robustness of the results. At last, section 7 outlines 

the conclusion, discusses the practical implications and limitations of this research and suggests 

options for future research. 
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LITERATURE REVIEW 

 

The founders of Airbnb initially started to rent out an air mattress in their own living room as a 

way to support their rent payment. Even after launching the Airbnb website in 2008, the focus 

was to attract like-minded people who also wanted to rent out unused or underused space within 

their already occupied homes (Airbnb, 2020a). With that in mind, Airbnb could be seen as being 

part of the so-called sharing economy. They often use terms such as “car sharing” and “home 

sharing”, although it would be more accurate to call it short-term rental activities (Belk, 2014). 

While Airbnb continues to argue that they are part of the sharing economy, their business 

practices say otherwise. Within one year of the website’s official launch, Airbnb expanded its 

services beyond unused or underused space, such as a spare bedroom, giving people the option 

to list entire apartments, houses and even vacation rentals (Airbnb, 2020a). To get a better 

understanding of the reason Airbnb vigorously wants to be part of the sharing economy and if 

their claim is correct, we take a closer look at literature regarding sharing and the sharing 

economy. 

 

Sharing 

Sharing is a human habit that dates back to the dawn of time. People share in many different 

contexts, such as sharing a picture on Facebook, sharing a secret with a good friend or sharing 

experiences (Frenken and Schor, 2017). In an economic sense, sharing can be described as two or 

more people enjoying the advantages and carrying the disadvantages that come with the 

ownership of something. When something is shared, it is not mine or yours, but it can be identified 

as ours (Belk, 2007). 

 In economics, the ideal form of exchange is commodity exchange. However, sharing is a 

type of distribution that differs from commodity exchange (Belk, 2007). Commodity exchange 

involves the exchange of goods and services for money, whereas when something is shared, we 

do not expect money in exchange. Sharing can thus only happen in the absence of a market 

transaction (Oskam and Boswijk, 2016). 

 One of the reasons that short-term rental became successful, is the fact that consumers 

changed their preference from ownership to sharing. In Western countries, a major transition has 

taken place, from agricultural and industrial production with a focus on product ownership to a 

service economy, where experiences and temporary access to goods and services are more 

important than ownership. In other words, in Western countries, the economy is dematerializing 

(Oskam and Boswijk, 2016; Bardhi and Eckhardt, 2012; Herman, Ardekani and Ausubel, 1990). 

 Sharing occurred more frequently among family, relatives and friends than among 

strangers (Belk, 2014). With the advent of Web 2.0 internet technologies, where the internet 



Page 9 of 90 

 

became a means of communication and virtually anyone could share information on the internet 

with others, this started to change (Belk, 2007). The internet has created numerous new ways to 

share and makes previous forms of sharing possible on a larger scale (Belk, 2014). Airbnb and 

other short-term rental platforms also make use of Web 2.0 internet technologies. People that 

have unused or underused space can, all by themselves, place an advertisement on one of the 

short-term rental platforms to notify people who are looking for a place to sleep that space is 

available for rent (Belk, 2014; Guttentag, 2015). 

 

Sharing economy 

Until today, there is no consensus on the definition of the sharing economy (Belk, 2014; Villari, 

2018; Curtis and Lehner, 2019; Ertz and Leblanc-Proulx, 2018; Gurău and Ranchhod, 2020) and 

various terms are used to define the same concept, such as collaborative economy, peer economy 

and access-based economy (Mont et al., 2020; Villari, 2018). In this research, sharing economy is 

defined as an economic model in which access to resources is more important than ownership 

and consumers act both as provider and receiver of unused or underused resources on 

community-based online platforms enabled by Web 2.0 technologies (Prayag and Ozanne, 2018; 

Hamari, Sjöklint and Ukkonen, 2015; Meelen en Frenken, 2015; Botsman, 2015). To get a better 

understanding of the definition of the sharing economy, the definition can be dissected in the 

following characteristics: 

 The sharing economy is based on online platforms which are enabled by Web 2.0 

technologies (Hamari et al., 2015). With the help of Web 2.0 technologies virtually anyone 

can create content on the Internet by simply uploading it to a website. Airbnb and other 

short-term rental platforms make use of these Web 2.0 technologies (O’Reilly, 2007; Shelly 

and Frydenberg, 2011); consumers can advertise their unused or underused space on one 

of these platforms to attract potential guests. 

 In the sharing economy, consumers do not only receive goods and services, but are also 

able to supply goods and services to the market. Consumers therefore fulfil a dual role of 

provider and receiver (Manzini, 2015). Web 2.0 technologies made these peer-to-peer 

transactions possible (O’Reilly, 2007; Shelly and Frydenberg, 2011). 

 Most researchers’ definition of the sharing economy includes some demarcation on which 

resources are included. Meelen and Frenken (2015) include underutilized physical assets 

and idle capacity, while Barron, Kung and Proserpio (2018) include excess capacity in 

their definition of the sharing economy. Later on in this research, it is discussed why this 

is one of the problems when it comes to labelling short-term rentals as sharing economy 

and why short-term rentals possibly have an effect on residential real estate values and 

subjective livability. 
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 What could be one of the most important characteristics of the success of the sharing 

economy is the fact that sharing economy businesses like Airbnb were able to capitalize 

on the changing trend from product ownership to experiences and access to resources 

(Oskam and Boswijk, 2016). Instead of owning a vacation home, which is bound by its 

geographical location, in this day and age, tourists want to explore more than one place 

and experience the local culture. Staying with locals in their home is a new way to 

experience that local culture (Guttentag, 2015). 

 

Airbnb: A true sharing economy business? 

Platforms like Airbnb position themselves as being part of the sharing economy, because sharing 

has a positive symbolic value (Frenken and Schor, 2017). However, many researchers question 

the legitimacy of Airbnb’s view. Some researchers even argue that Airbnb is just offering an 

“innovative rental practice” (Lagonigro, Martori and Apparicio, 2020, p.2; Arias Sans and 

Quaglieri, 2016; Kallis, 2014; Lee, 2016). Opponents argue that Airbnb is exploiting its users and 

only serve their own self-interest and that of their investors (Mallinson et al., 2020). After the 

launch of the platform in 2008, Airbnb initially focused on attracting people that wanted to rent 

unused or underused space within their already occupied homes, such as a spare bedroom. This 

quickly changed; within one year of the website’s official launch, Airbnb expanded its services 

beyond unused and underused space, giving people the option to advertise apartments, houses 

and vacation rentals (Airbnb, 2020a). 

Consequently, professional landlords and other professional parties saw the opportunity 

to earn more money with their rentals by renting them on the short-term rental market rather 

than the long-term rental market (Perren and Kozinets, 2018). This can be substantiated by the 

fact that many Airbnb hosts have more than one listing. For example, Arias Sans (2015, cited in 

Oskam and Boswijk, 2016, p. 29) finds that 30 percent of Barcelona’s entire home listings is 

controlled by 2.5 percent of hosts and 60 percent of entire home listings is offered by hosts with 

multiple listings. The same is true for Sydney, where more than 30 percent of listings is offered by 

hosts with more than one listing (Gurran and Phibbs, 2017). 

Additionally, there seems to be evidence that investors are buying property with the 

primary goal to rent it out on Airbnb (Gutiérrez et al., 2017). For example, Samaan (2015) finds 

that 64 percent of Airbnb listings in Los Angeles are never occupied by their owners and are 

permanently listed on the Airbnb platform. Furthermore, Gurran and Phibbs (2017) find that, in 

Sydney, investors are acquiring houses and transform them into permanent Airbnb listings. Gyódi 

(2019) also finds that the short-term rental markets of Paris, Barcelona, Berlin and Warsaw are 

dominated by professional host listings. Listings which can be categorized as ‘real’ sharing 

economy only constitute 11 to 49.5 percent of the total listings in the above-mentioned cities. 



Page 11 of 90 

 

As can be concluded, in some cities only a small portion of all Airbnb listings can be 

considered being part of the sharing economy (Gyódi, 2019). In this sense, the un-utilization of a 

spare room or the under-utilization of an entire home on one side and the year-round rental of 

entire houses on the other side is the main dividing line between ‘real’ sharing economy services 

and commercial business-to-consumer services (Gyódi, 2019). For Airbnb, it is a logical choice to 

allow hosts to operate permanent rentals. Airbnb earns a percentage of the total value of each 

rental agreement (Airbnb, 2020b). Expanding their services to allow permanent rentals could 

therefore only help them grow. 

Unfortunately, Airbnb has a range of impacts on its environment, namely on the larger 

economy, society and governance. These impacts could be substantial and long-lasting (Mallinson 

et al., 2020). Some of the suspected impacts include increasing residential real estate values, 

decreasing tourism tax revenues, accelerated gentrification and overcrowding (Prayag and 

Ozanne, 2018). However, current literature has only examined a small number of possible 

consequences and even less studies have attempted to empirically estimate impacts (Heo, 2016; 

Zervas, Prosperpio and Byers, 2017). This research mainly focusses on the effect of Airbnb activity 

on residential real estate values and subjective livability and the effect of subjective livability on 

residential real estate values. The current field of literature has explored the impacts of Airbnb 

listings on housing and neighborhoods, but according to Gurran and Phibbs (2017) this field of 

research is still in its infancy. Dann, Teubner and Weinhardt (2019) further mentioned that it is 

not justifiable to generalize the outcomes of ‘local’ studies on Airbnb to other cities and countries, 

let alone the entire platform. It is thus important to continue to examine new locations. 

 

Airbnb activity and residential real estate values 

Before the arrival of Airbnb and other short-term rental platforms, the short-term rental market 

and the long-term rental market mostly operated independently from each other. With traditional 

hotels and hostels serving the market for short-term rentals and little possibilities for owners of 

long-term rentals to switch to the short-term rental market, an equilibrium was in place. With the 

advent of Airbnb, home owners suddenly had the choice to offer their rental on the short-term 

rental market. Consequently, a fraction of long-term rental stock reallocated to the short-term 

rental market. Since housing supply is inelastic, such reallocation could lead to increasing rental 

prices (Calder-Wang, 2020; Chang, 2020). Lee (2016) further mentions that sales prices could also 

increase if property owners decide to use their property on the short-term rental market instead 

of selling it. Additionally, as mentioned earlier, investors are eager to buy up properties which 

were previously used by their owner-occupiers with the sole purpose of renting the unit on Airbnb 

(Gutiérrez et al., 2017). 
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Some research about the relationship between Airbnb and the residential real estate 

market has been done. Schäfer and Braun (2016) find that, in Berlin, many apartments are being 

used for short-term rental and that rent growth is higher in neighborhoods which have more 

short-term rentals. In Los Angeles, Lee (2016) finds that Airbnb reduced the housing supply with 

7,316 units. Gurran and Phibbs (2017) further find that in Sydney, rents are under increased 

pressure from Airbnb and the availability of long-term rentals around major tourist areas is 

decreasing. 

 More recent research focused on quantifying the effect of Airbnb on rents and residential 

real estate values. Horn and Merante (2017) argue that the number of Airbnb listings has a 

positive effect on rents and found that asking rents increased with 0.4 percent in Boston if Airbnb 

activity increased with one standard deviation. Barron et al. (2018) examined US neighborhoods 

and found that Airbnb increased rent prices with 0.42 percent and sales prices with 0.76 percent. 

In Taiwan’s urban areas, a one hundred unit increase of the total number of Airbnb listings 

increases nearby rental prices with 0.83 percent (Chang, 2020). Closer to home, Garcia-López et 

al. (2020) find that Airbnb activity has raised Barcelona’s rents 1.9 percent and sales prices with 

4.6 percent. The impact is even bigger in neighborhoods where Airbnb activity is most substantial; 

rents in those neighborhoods grew with 7 percent and sales prices increased with 17 percent. 

Although previous research finds different magnitudes of effect, in all instances, the effect 

of Airbnb activity on residential real estate values is positive. We thus suspect that Airbnb activity 

has a positive effect on residential real estate values. 

 

Hypothesis 1: Airbnb activity increases residential real estate values. 

 

Livability 

Livability has been a subject of interest for a substantial amount of time as it is an intriguing topic. 

Livable places create the right circumstances for people to be happy (Okulicz-Kozaryn, 2013). 

Livability is also vital for businesses as happy people are better employees (Lyubomirsky, King 

and Diener, 2005). Likewise, livability is crucial for municipalities as livable places attract valuable 

employees and businesses, and the economic activities that these businesses and employees bring 

are the cornerstone to urban growth (Economist 2011a, b). 

 When most people describe a livable city, they almost describe a perfect situation which 

can be referred to as utopia; a livable city with an abundance of services and facilities to 

accommodate its residents, enough opportunities for self-fulfillment, such as work, education and 

leisure activities, an abundance of green space and which is a safe place to live, work and relax. 

Additionally, a livable city should be economically sound and have a positive effect on the 

environment (Kaal, 2011; Hamilton and Atkins, 2008).  
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 Over the last couple of years, the term livability has been used extensively by researchers 

of various disciplines, cultures, and with different objectives. Consequently, different studies 

explain livability in different ways and with different dimensions. The different dimensions used 

reflect the researchers common understanding of living environment quality (Leby and Hashim, 

2010). While most popular media and news outlets regard the term livability self-explanatory, 

within academic literature, there is significant discussion about the definition and generalizability 

of the concept (Kashef, 2016). Although adding to the discussion of defining the concept of 

livability is not one of the objectives of this paper, it is essential to tie a definition to the concept 

so that the reader of this paper is on the same page as the writer. In this paper, the definition in 

Lloyd, Fullagar and Reid (2016, p. 345) is followed, which states that livability is “an individual’s 

perspective and their subjective evaluation of the quality of both tangible and intangible features 

of place.” 

 

The measurement of livability 

There are essentially two strands of research on the measurement of livability. Livability 

can be measured objectively or subjectively (Kaal, 2011). How researchers measure 

livability could be based on their theoretical background. Researchers with an economics 

background would probably consider a measure of wealth, such as Gross Domestic 

Product (GDP), to measure the degree of livability of a country, whereas researchers with 

a social science background would consider subjective measures, such as subjective well-

being, happiness or life satisfaction (Cummins, 2000; Uysal et al., 2016). To get a better 

understanding of the differences between objective and subjective measures of livability, 

a closer look will be given to both types of measures. 

When one considers an objective measure of livability, one quickly arrives at 

composite indicators of livability. Numerous composite indicators of livability have been 

constructed in light of governmental policy evaluation. These composite indicators have a 

range of indicators chosen by government officials with the intention to compare the 

objective situation of a certain area with policy targets or to highlight possible concerns 

(Nakanishi et al., 2005, cited in Doi, Kii and Nakanishi, 2008, p. 1102). The mercer index, 

the EIU livability ranking, the OECD BLI are only three examples of the numerous 

composite indicators of livability that exist (Kashef, 2016). These composite indicators all 

take a different approach in the measurement of livability, but what all of these composite 

indicators have in common is the fact that they try to capture livability objectively, without 

taking the subjective part into consideration (Okulicz-Kozaryn, 2013). Ultimately, 

composite indicators of livability are appealing to use, since they paint an objective and 
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quantifiable picture of the living conditions and consist of elements the local government 

can directly affect (QUT, 2009, cited by Lloyd et al., 2016, p. 346). 

 Although some researchers conclude that composite indicators of livability are the 

ideal measurement tool, due to the fact that local governments can directly affect its 

components, it would be fair to ask if a composite indicator is also the right measurement 

tool for this research. Composite indicators of livability consisting of objective indicators 

are often criticized, because they take little notice of the way local residents perceive their 

everyday life (Vine, 2012, cited by Lloyd et al., 2016, p. 346; Woolcock, 2009, cited by Lloyd 

et al., 2016, p. 347). This does not mean that the quality of the living environment does not 

have an effect on the livability of residents, but that a neighborhood which scores high on 

a composite indicator of objective livability variables is not necessarily livable in the eyes 

of the residents that live in that neighborhood (Norouzian-Maleki et al., 2015). 

 Likewise, it is often implied that the objective and subjective indicators of livability 

have a connection. Schneider (1975) researched the relationship between life satisfaction 

and objective indicators of livability and found a weak correlation of 0.4 between the two 

types of indicators. Pacione (2003) examined multiple papers on the relationship between 

objective and subjective indicators of livability and found some research highlighting a 

strong relationship between the two sets of indicators, while other research only found a 

weak relationship or no relationship at all.  

Although the objective situation potentially influences subjective livability, it does 

not explain why two people in the same neighborhood experience the livability of the 

neighborhood differently (Okulicz-Kozaryn, 2013). However, this is not surprising as 

individuals’ perceptions of an objective situation are influenced by their current situation, 

their attitudes and their prior experiences (Campbell, Converse and Rodgers, 1976). Due 

to those perceptions, it is possible for those individuals to be in an objectively better 

situation than others, such as being in a city with good employment, health care and 

leisure opportunities, but still subjectively feel that their livability is lower than other 

people in that city or other cities (Schneider, 1975). Furthermore, people all have differing 

needs and are raised with varying norms and values. This results in contrasting views 

about how a livable neighborhood – and more broadly, a livable society – should look like 

(Leby and Hashim, 2010). Highlighting an example for a neighborhood characteristic, one 

could think of a children’s playground. People without children living in that 

neighborhood probably find no use for the playground and might even experience 

negative effects due to screaming children in their “backyard”. People with children could 

value the playground, as their children have the opportunity to safely play outside (Leby 

and Hashim, 2010). Additionally, livability does not only consist of the above-mentioned 
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tangible features, but should also include intangible features, such as sense of place, local 

identity and social networks (Leby and Hashim, 2010). 

From the above, it can be concluded that objective indicators of livability do not 

capture the important subjective feelings of the residents about the livability of their city 

or neighborhood. Using subjective indicators of livability has the benefit of capturing how 

local residents experience their surroundings instead of what researchers think is 

important to these local residents (Okulicz-Kozaryn, 2013). By using a subjective measure 

of livability, it essentially takes away one more factor between what is defined as 

important in the literature and what residents find important themselves (Schneider, 

1975). Ultimately, local residents should be the judge when it comes to their own livability 

(Hacker, 2010). Groot (1967, cited by Kaal, 2011, p. 537) even argues that it is not possible 

for a researcher to provide an entirely objective assessment of the livability of a place 

based on a set of objective indicators. This could be due to the fact that livability is a 

subjective concept. That is, livability is about feelings, perceptions and attitudes (Tsaur, 

Lin and Lin, 2006). What thus constitutes a livable city or neighborhood, is very personal 

as every human being has a different set of feelings, perceptions, attitudes, aspirations, 

expectations, norms and values. Each resident thus sees their neighborhood or city 

through their subjective filter (Buys, Vine and Miller, 2013). It can thus be concluded that 

it would be more sensible to take a subjective approach to the measurement of livability. 

 

Airbnb activity and subjective livability 

In recent years, Airbnb has been under a lot of scrutiny. In Amsterdam, new legislation was 

introduced, which stated that from January 1st, 2017, entire homes could only be rented for a 

maximum of 60 days per year if the home-owner did not have a license (Dann et al., 2019). As this 

measure was not enough to solve the problems existing between residents and Airbnb-visitors, 

the municipality eventually decreased the number of days entire homes without a license could 

be rented to 30 days per year (Municipality of Amsterdam, 2020a). Last year, the municipality of 

Amsterdam even introduced a new licensing system for home owners who wanted to rent their 

home on Airbnb (Municipality of Amsterdam, 2020b). One of the reasons the municipality of 

Amsterdam is taking more stringent measures against the expansion of Airbnb are the numerous 

complaints by residents of Amsterdam about Airbnb and other tourism-related activity. Laurens 

Ivens, alderman of Amsterdam, stated that more than 80 percent of residents living in the city 

center experience frequent nuisance from short-term rentals (Westerveld, 2020). 

 It is not surprising that residents experience nuisance from short-term rentals. Tourists 

often have a deviating day and night rhythm from residents– tourists typically enjoy the night and 

return to their accommodation late (Westerveld, 2020). Residents go to bed earlier, while they 
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have to be bright and early at work the next day. A couple of years ago, this deviation was not a 

problem at all. Tourists mainly stayed in hotels and hostels, which are located in commercial 

buildings and away from residential buildings. Through the advent of Airbnb and other short-term 

rental platforms, this changed. Over the years, more and more Airbnb listings came about and 

most of them are located in residential buildings. This has led to (unwanted) exposure and 

interaction between residents and tourists (Jordan and Moore, 2018). The constant influx of new 

people in a residential building or neighborhood can be bothersome to its residents and could 

have a wide array of externalities (Gottlieb, 2013). However, externalities are present with most 

economic activity. For example, in the Netherlands, car owners pay a hefty amount of tax on gas 

and car ownership. The government uses this tax income to minimize the negative externalities 

caused by car owners, such as placing barriers between a busy highway and a quiet neighborhood. 

By taxing the users of the highway, the producers of the negative externality essentially pay to 

minimize the effect of their economic activity. However, a problem occurs when there is no 

legislation in place to transfer the costs of negative externalities from the third party to the 

producer of the negative externality (Lazăr, 2018). The third party now experiences negative 

effects from another person’s economic activity without the problem being solved or being 

compensated. 

In the case of Airbnb and other short-term rental platforms, some research has been done 

about its effect on residents and their livability. Jordan and Moore (2018) conducted in-depth 

interviews with residents and other stakeholders of Hawai’i and found that residents perceive 

positive and negative effects from Airbnb and other short-term rental platforms. Most 

interviewees recognize the unprecedented positive economic value Airbnb has, but also mention 

that they experience increasing car traffic and overcrowding right at their doorstep. However, the 

most reported negative effect of short-term rentals was the loss of community sense. This is 

expected as tourists are effectively replacing residents, which leaves a smaller group of people to 

participate in community activities that foster that community sense (Chen, 2014; Pindell, 2009). 

 Gurran and Phibbs (2017) examine Sydney and find that an increasing number of 

residents experience negative effects by Airbnb. Members of the Owners Corporation Network 

mention that tourists staying in their residential building often show little concern for building 

security and rules. Additionally, Airbnb is being linked to excessive noise, intoxicated behavior, 

litter and parking issues. Residents also get the feeling of unease, as they constantly see new 

people in their building that are not familiar to them (Richardson, 2015, cited in Gurran and 

Phibbs, 2017, p. 87). It is further mentioned that problems, such as noise from parties and drunk 

people, are more likely to occur when larger groups of people stay at an Airbnb (Thomas, 2015, 

cited in Gurran and Phibbs, 2017, p. 85). 
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 Nieuwland and van Melik (2018) researched multiple cities around the world and found 

that most respondents expressed their worries about nuisance, litter and parking. However, some 

of the problems vary by neighborhood. They also mention that the kind and severity of the 

problems is related to the type of short-term rental, with larger, professionally run short-term 

rentals generating the most issues. Additionally, some respondents mentioned a loss of culture. 

Although some research about the effect of Airbnb on livability has been done, most of this 

research is qualitative of nature. Uysal et al. (2016) further mentions that the suspected link 

between tourism in general and the livability of the community should be further examined to 

empirically validate the above qualitative findings. To add strength to the growing literature on 

Airbnb and livability, the link between Airbnb and subjective livability will be quantitatively 

examined. From previous research it is expected that Airbnb has a negative effect on subjective 

livability. 

 

Hypothesis 2: Airbnb activity decreases subjective livability. 

 

Subjective livability and residential real estate values 

Livability is a multidimensional concept which consists of multiple indicators. As mentioned 

above, the definition of Lloyd et al. (2016, p. 345) is followed, which means that livability consists 

of tangible and intangible features of a place. By dissecting livability into individual tangible and 

intangible features, it is possible to link the concept of livability to residential real estate values. 

Extensive research has been done on the effect of tangible features on residential real 

estate values. For example, residential real estate values increase when there is an abundance of 

green space nearby. Tajima (2003) finds that property prices in Boston decrease by 6 percent 

when the distance to the nearest park doubles. Conway et al. (2008) finds that residential real 

estate values in downtown Los Angeles increase with 0.07 percent when the amount of green 

space increases with 1 percent. Residents also value accessibility. Using the hedonic pricing 

method, Schaerer et al. (2008) show that rent prices of centrally located houses in Geneva and 

Zurich are 9.1 percent and 10.5 percent higher than other houses, respectively.  At the other end 

of the world, in Hong Kong, Hui et al. (2007) find that residential real estate values decrease with 

0.8 percent for every minute increase in travel time to the Central Business District. However, 

living further away from the city center is not necessarily a problem. Good public transport to 

other parts of the city is also convenient and this can be shown by the increase in house prices 

when public transport is nearby. Cervero and Kang (2011) find that house prices in Seoul increase 

by up to 10 percent when a bus stop is within 300m of the residence. House prices in Hong Kong 

which are located within 0.4 km of a railway station are 4.6 percent higher than average (Jim and 

Chen, 2009). Having reputable schools in the vicinity of their home is also valued by residents. Hui 
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et al. (2007) find that property prices in Hong Kong increase by 0.1 percent for each additional 

reputable school in the district. Some tangible features of livability have a negative influence on 

residential real estate values. For example, Neupane and Gustavson (2008) find that property 

values in Sydney, Canada are 13 percent lower than average when a hazardous waste site is within 

100 m of the property. Furthermore, houses in the proximity of O’Hare airport, Chicago were 

approximately 9 percent lower (McMillen, 2004). Other research on house prices in Portland 

suggests that houses located on a busy arterial road are 15 percent cheaper than houses that are 

located 500 feet from a busy arterial road (Polloni, 2019). 

The effect of intangible features on residential real estate values has also been a subject of 

research interest. For example, residential real estate values are lower in areas with high noise 

levels. Bateman et al. (2001) find that residential real estate values in Glasgow decrease with 0.2 

percent per dB. In Leiden, Netherlands, Luttik (2000) found that noise decreased house prices by 

5 percent. Similarly, it has been proven that air pollution decreases residential real estate values. 

In Hong Kong, house prices are, on average, 1.3 percent higher if the house is located in a 

neighborhood where the annual average air pollution is 1 percent lower (Jim and Chen, 2009). 

Kim, Phipps and Anselin (2003) find that the willingness to pay for a 4 percent improvement of 

sulphur dioxide concentrations is 1.4 percent of the average residential real estate prices. 

Additionally, Colombo and Stanca (2014) argue that the willingness-to-pay of residents increases 

with €1150.- per year for relational amenities, such as spending time with friends.  

The above individual indicators are only a few examples of indicators that are considered 

to be components of livability (D’Acci, 2014; Colombo and Stanca, 2014). Additionally, it can be 

concluded that these individual indicators are estimators of residential real estate values. 

Therefore, a link between residential real estate values and livability can be established. 

Residential real estate values can be determined by intrinsic and extrinsic characteristics. The 

intrinsic characteristics are all the characteristics of the residence that are strictly connected to 

that residence, such as the size, the quality and the construction year (D’Acci, 2014). These 

intrinsic characteristics differentiate residences that are located in the same area (Huang, Wu and 

Barry, 2010). After subtracting the value of the intrinsic characteristics of the residence, the 

residual value is equivalent to the monetary valuation of the extrinsic characteristics of the 

residence (i.e., livability). In other words, the value of the extrinsic characteristics of a residence 

is the quantification of the level of livability a resident could expect to get when the resident lives 

in that particular country, city, neighborhood and street (D’Acci, 2014).  

 The overall effect of livability on residential real estate values should not be taken lightly. 

D’acci (2014) examined residential real estate values of Turin, Italy and found that residential real 

estate values across the city varied 143 percent depending on the quality of the area that a 

particular residence is located in. This could be explained by the fact that people value certain 
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aspects of the environment – such as the individual indicators mentioned above – and are willing 

to pay for those aspects (Colombo and Stanca, 2014). 

Livability is a positive notion, which means that people value higher livability over lower 

livability. Living in a neighborhood which offers a high level of livability is considered positive. As 

the value of residential real estate is partly the quantification of the level of livability a resident 

could expect to get when that resident lives in that particular place, it is expected that livability is 

positively related to residential real estate values (Zhang et al., 2019; Colombo and Stanca, 2014). 

 

Hypothesis 3: Subjective livability increases residential real estate values 

 

The mediating effect of subjective livability 

In the above sections, three hypotheses are formulated: 

 

1. Airbnb activity increases residential real estate values; 

2. Airbnb activity decreases subjective livability; 

3. Subjective livability increases residential real estate values. 

 

 The suspected relationships between the three variables are displayed in Figure 1. Interesting to 

note is that the effect of Airbnb activity on residential real estate values could be divided into a 

direct and indirect effect. First, Airbnb activity directly increases residential real estate values. 

Second, Airbnb activity directly decreases subjective livability and subjective livability directly 

increases residential real estate values. Thus, Airbnb activity indirectly decreases residential real 

estate values through subjective livability. The direct effect of Airbnb activity on residential real 

estate values is positive, while the indirect effect of Airbnb activity on residential real estate values 

is negative. In other words, the indirect effect of Airbnb activity through subjective livability on 

 

Figure 1: Conceptual model 
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residential real estate values dampens the direct effect of Airbnb activity on residential real estate 

values. To conclude this research, the following hypothesis will be tested: 

 

Hypothesis 4: The indirect effect of Airbnb activity through subjective livability on residential real 

estate values dampens the direct effect of Airbnb activity on residential real estate values. 
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METHODOLOGY 

 

In this section, the methods used in this paper are set out. Firstly, the dependent variable in this 

research is the average neighborhood residential property value and can be determined by the 

hedonic pricing method. Secondly, this paper uses a fixed effects approach to control for 

differences in transaction price during the analysis period. Lastly, from previous literature, it is 

suspected that there exist multiple relationships between the variables Airbnb activity, subjective 

livability and residential real estate values. Therefore, a mediation model is used to see what the 

effects between all these variables are and what part of the total effect is direct and what part of 

the total effect is indirect. 

 

The hedonic pricing method 

Pricing goods can be a complicated undertaking, especially when intangible factors affect a good’s 

value (van der Rest, Roper and Wang, 2018). In real estate research, the hedonic pricing model 

seems to have the most application. The hedonic pricing model is founded on the basis that real 

estate values are affected by individual intrinsic and extrinsic factors (D’Acci, 2014). Intrinsic 

factors are factors that are strictly connected to the residence and include the size of the property, 

the quality of finishing, safety measures and other mainly tangible properties associated with the 

good. Extrinsic factors include all the factors that are related to the area in which the residence is 

located and include the quality of roads, the abundance of green space, public transport facilities, 

the number of shops, pollution and other properties associated with the area (D’Acci, 2014). 

 The hedonic pricing model is a strong estimator of real estate values (Lisi, 2019). By 

establishing the value of the extrinsic factors, the model allows buyers to not only price the house 

for its utility but also its livability factors. A buyer might desire a property that is small but in a 

quiet neighborhood, especially if that buyer intends to raise a family within that property. The 

difference in value due to extrinsic values could be rather high while houses are largely similar in 

size and fixtures. 

 The current research benefits from the hedonic pricing model because extrinsic variables, 

such as Airbnb activity and subjective livability could have an effect on residential real estate 

values. A buyer’s willingness to pay for a house at a certain price is determined by factors within 

the hedonic pricing model defined by Rosen. Therefore, the market price for any house is 

consistent with the equilibrium between what buyers are willing to pay and what sellers are 

willing to accept, otherwise comparable to regular effects of demand and supply. That stated, the 

current analysis remains cognizant that the hedonic pricing model, as noted by Gibbs et al. (2017) 

and Furuta et al. (2021), is subjective to inefficiencies due to multicollinearity, such as due to the 

mismatch between the number of bedrooms and the number of bathrooms, spatial 
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autocorrelation due to the effect of what houses in the neighborhood have recently sold for and 

sample selection bias where the pricing is affected by the pattern of sold houses while ignoring 

the effect of unsold houses in a neighborhood and what they might currently be valued at. The 

current research also recognizes the possibility of endogeneity, especially endogeneity due to 

reverse causality. 

 

Fixed effects 

The analysis used a fixed effects approach rather than a random effects approach for all regression 

steps of the mediation model. Fixed effects models are close to simple linear regression models 

(De Chaisemartin and D’Haultfœuille, 2020). The model assumes that the independent variable 

has a fixed relationship with the dependent variable across all observations (Plümper and 

Troeger, 2018). In this paper, time fixed effects were used to control for variables that vary over 

time. When looking at the dependent variable, residential real estate values, the analysis period 

spans from 2016 to 2020. The analysis period for subjective livability spans from 2015 to 2019. 

Using a time fixed effects approach effectively protected the analysis from the complexities of 

tracking and accounting for changing residential real estate values and livability scores over the 

research period. Using time fixed effects to control for price effectively offered data that was close 

enough to the actual pricing within the study period without creating computational confusion 

due to the market’s movement over the same period. The same could be said about changing 

livability scores. 

 Location fixed effects are also worth considering. However, due to privacy reasons, 

livability data was only available at the neighborhood-level. Therefore, the rest of the data has 

been transformed from individual-level data into neighborhood-level data, so that all data was 

measured on the same level of aggregation. Unfortunately, this makes it impossible to add location 

fixed effects to the current research. 

The regression steps of the mediation model for the current research are all functionally 

identical, which makes the use of a fixed effects model highly suitable. Importantly, the fixed 

effects model allowed to control for all time-variant omitted variables. Furthermore, the effects of 

omitted factors that are unaffected by time such as the size of the property or the number of shops 

were all controlled for easily. The time fixed effects helped to avoid the problem of treating and 

accounting for variables that are hard to observe and which were not included as control variables 

in this research.  

 However, a fixed effects approach presents several challenges and disadvantages, which 

should not go unaddressed. Among the most significant disadvantages is the need to estimate a 

number of additional parameters that might be relevant in an analysis (Brysbaert and Stevens, 

2018). By adding fixed effects to a model, there exists a risk of ignoring factors that change 
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variables over time. For example, it is possible that the shift from offices to remote working 

arrangements due to the pandemic changed how people value residential real estate in the 

Netherlands. A researcher cognizant of such a change could introduce a dummy variable to 

account for that change. However, the introduction of dummy variables increases noise levels for 

any analysis (Kirasich, Smith and Sadler, 2018). Increased noise levels could lead to inaccurate 

findings thereby sabotaging the entire research effort.  

 

The mediation model  

To evaluate the relationships between Airbnb activity, subjective livability and residential real 

estate values in the Netherlands, regression analysis was applied as the primary evaluative 

technique. Regression analysis provides a justifiable basis for explaining observed phenomena 

and predicting probable cause within the limitations of a research subjective matter (Ahlgren and 

Walberg, 2017; Brook and Arnold, 2018).  

Informed by four constituent hypotheses, the study sought to address the research 

question through a modular approach. The mediation model proposed by Baron and Kenny 

(1986) was applied in the current research. The method proposed by Baron and Kenny (1986) 

consists of four steps in order to explain if there exists mediation in a given model and to what 

extent the effect is mediated through the mediator. To get a better understanding of the mediation 

model, the four steps of the mediation model are set out below. 

 

Step 1: Conduct simple regression analysis where X predicts Y. The effect of X on Y is referred to 

as c. This step allows for the quantification of the effect of X on Y without taking into account the 

effect of a possible mediator. If the results from this regression are statistically significant, there 

exists an effect which could possibly be mediated by another variable. In the current research, 

various control variables are taken into account. The regression equation for step 1: 

 

 ln P�� = �� + �� ln A��
� + �� Ν�� + �� Χ�� + ΤQ� + ���   (1) 

 

Where  P�� is the average transaction price of residential properties in neighborhood i in year t. 

A��
� is the Airbnb activity in neighborhood i in year t-1. Every neighborhood consists of a mix of 

different properties, which could have an effect on the average transaction price. Therefore, a 

vector of intrinsic property characteristics, Ν��, are included as a control variable, including the 

size of the property, the building period and the maintenance level. Likewise, the neighborhood 

itself could have an effect on the average transaction price. Therefore, a vector of extrinsic 

property characteristics, Χ��, are included as control variables, including the percentage of non-

western residents, the education level, the unemployment rate and the percentage of households 



Page 24 of 90 

 

with children.  ΤQ� then represents the quarterly time fixed effects and ��� is the error term. �� is 

a constant, �� captures the effect of Airbnb activity and �� captures the effect of the various 

intrinsic and extrinsic property characteristics. 

 

Step 2: Conduct simple regression analysis where X predicts M. The effect of X on M is referred to 

as a. This step allows for the quantification of the effect of X on M. If the results from this regression 

are statistically significant, there is evidence of a relationship between the independent variable 

and the mediator variable. In the current research, various control variables are taken into 

account. The regression equation for step 2: 

 

 Λ�� = �� + �� ln A�� + �� Ζ�� + ΤY� + ���  (2) 

 

Where Λ�� is the subjective livability score of neighborhood i in year t. A�� is the Airbnb activity in 

neighborhood i in year t. The subjective livability score might also be influenced by other 

neighborhood characteristics. Therefore, a vector of neighborhood characteristics, Ζ�� , are 

included as control variables, including the percentage of non-western residents, household 

composition, education level, duration of residence, a physical environment score and the number 

of services. ΤY� then represents the yearly time fixed effects and ��� is the error term. �� is a 

constant, �� captures the effect of Airbnb activity and �� captures the effect of the various control 

variables. 

 

Step 3: Conduct simple regression analysis where M predicts Y. The effect of M on Y is referred to 

as b. This step allows for the quantification of the effect of M on Y. If the results from this regression 

are statistically significant, there is evidence of a relationship between the mediator variable and 

the dependent variable. In the current research, various control variables are taken into account. 

The regression equation for step 3: 

 

 ln P�� = �� + �� Λ��
� + �� Ν�� + �� Χ�� + ΤQ� + ���   (3) 

 

Where  P�� is the average transaction price of residential properties in neighborhood i in year t. 

Λ��
� is the subjective livability score of neighborhood i in year t-1. �� captures the effect of 

subjective livability. All other symbols have been discussed under step 1. 

 

Step 4: Conduct multiple regression analysis where X and M predict Y. The effect of X on Y is 

referred to as c’. This step allows for the quantification of the effect of X and M on Y. If �� in the 

below regression equation is zero, the mediator completely mediates the relationship between X 
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and Y. In the current research, various control variables are taken into account. The regression 

equation for step 4: 

 

 ln P�� = �� + �� ln A��
� + �� Λ��
� + �� Ν�� + �� Χ�� + ΤQ� + ���   (4) 

 

Where  P�� is the average transaction price of residential properties in neighborhood i in year t. 

A��
� is the Airbnb activity in neighborhood i in year t-1. Λ��
� is the subjective livability score of 

neighborhood i in year t-1. �� captures the effect of Airbnb activity and �� captures the effect of 

subjective livability. All other symbols have been discussed under step 1. 

 

The mediation model posits the possibility that M mediates the effect of X on Y in such a way that 

the indirect effect of X on Y through M is opposite in sign to the direct effect of X on Y. It then 

follows that the research hypothesis is that the indirect effect of Airbnb activity on residential real 

estate values through subjective liveability dampens the direct effect of Airbnb activity on 

residential real estate values.  This is also known as inconsistent mediation (MacKinnon, Fairchild 

and Fritz, 2007).  

 To calculate the indirect effect, the product of coefficients method is used. To calculate the 

direct effect and make some additional computations the causal steps approach proposed by 

Baron and Kenny (1986) is used. The product of coefficients method features fewer regression 

steps than the comparative causal steps approach, but it does not provide all the necessary data 

to analyze the mediation. That stated, the coefficients of path a and b was used to arrive at the 

indirect effect. The formula to calculate the indirect effect is as follows: 

 

 � ∗ � (5) 

 

Where a is the effect of Airbnb activity on subjective livability and b is the effect of subjective 

livability on residential real estate values. 

Furthermore, it is important to know if the indirect effect has any economic significance. 

To calculate if the indirect effect is economically significant, this paper will calculate what 

percentage of the total effect can be assigned as going through path � ∗ �. This can be done with 

the following formula: 

 

 � ∗ � / � (6) 
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Where a is the effect of Airbnb activity on subjective livability, b is the effect of subjective livability 

on residential real estate values and c is the effect of Airbnb activity on residential real estate 

values without taking into account subjective livability as a mediator. 

To test whether the indirect effect is statistically significant, the Sobel test is used. This 

test was first introduced by Sobel (1982) and provides an estimate of the statistical significance 

of the indirect effect. The ratio will then have to be treated as a Z-test. The formula to calculate the 

statistical significance of the indirect effect is as follows: 

  

 ��
������ + ��� �

 (7) 

 

Where a is the effect of Airbnb activity on subjective livability, b is the effect of subjective livability 

on residential real estate values, �� is the standard error of a and �  is the standard error of b.  

Assumptions associated with general linear models were assumed to hold. It was assumed 

that there was inherent linearity in the data. It was also assumed that all the data used was 

distributed normally. Another assumption was the independence of errors such that residuals and 

the variables were assumed to have no association. The final assumption associated with linear 

models was the homogeneity of the error variance where the variances of two or more samples 

are assumed to be the same (Brooks and Tsolacos, 2010).  

 In addition to assumptions associated with linear models, three specification error 

assumptions associated with the mediation model were also considered relevant in the current 

research. It was assumed that reverse causal effects between the X and Y, and between X and M 

could exist. In the current context, reverse causal effects could exist between Airbnb activity and 

residential real estate values, and between Airbnb activity and subjective livability (Smith, 1982). 

To reduce the possibility of reverse causality between Airbnb activity and residential real estate 

values, the data on Airbnb activity is lagged with one year compared to the data on residential real 

estate values. Furthermore, an instrumental variables approach is taken to mitigate possible 

reverse causality in mediation steps 1, 2 and 4. The second assumption was that there could exists 

no measurement error in the mediator. A measurement error in the mediator variable can cause 

biased direct and indirect effect estimates (Savalei, 2019). In the current context, the mediator is 

the variable subjective livability. Therefore, the assumption was that the variable subjective 

livability was measured accurately, otherwise, the analysis would have to include a corrective 

measure such as the application of an instrumental variable estimation to correct the 

measurement error (Ullah, Zaefarian and Ullah, 2021). The third assumption under the mediation 

model was that there were no omitted variables. 
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DATA 

 

This section describes the data used for this research. The data came from three main sources. 

The first dataset contained information on Airbnb activity, the second dataset contained data on 

the subjective livability measure and the third dataset contained data on residential real estate. 

 

Airbnb 

Airbnb is a company that does not easily provide anonymized data on its users. Therefore, the 

data on Airbnb used in this paper was web-scraped from the Airbnb website. The web-scraped 

data on Airbnb has been provided by Dr. Cox of InsideAirbnb. Web-scraping is a technique that 

uses scripts written in a programming language such as Python to read publicly available data and 

export it to a datafile (Krotov and Tennyson, 2018). Web-scraping is used to collect digital data 

available at the HTML-level of the website. This is different from screen scraping which refers to 

collecting data that is displayed by the website (Han and Anderson, 2020). As a data collection 

technique, web-scraping can be powerful for collecting data that is not immediately apparent to a 

website’s visitor. The technique uses bots and crawlers to read through a website’s HTML-code 

and copy data of the desired type (Han and Anderson, 2020). Web-scraping also has the benefit of 

allowing a researcher full control over the collection pipeline of vast unstructured primary data 

(Gyódi, 2019). 

 The web-scraping dataset used in this paper started in April 2015. Most of the data for the 

first three months of the year 2015 was scraped and stored. Following the initial web-scraping in 

April 2015, there were subsequent data collection efforts through the same technique between 

the April 2015 and January 2020. Data was scraped from the Airbnb website several times a year. 

The individual web-scraped datasets were then combined to form one dataset which would 

include all listings and reviews from January 2015 to December 2019. This has been done because 

the data collected at the end of the research period would not be fully representative of all listings 

and reviews over the entire research period. Due to the fact that Airbnb regularly deletes inactive 

listings and their corresponding reviews as part of the platform’s internal quality control, listings 

and reviews further in the past had a higher chance of being deleted than recently booked listings 

and their corresponding reviews (Xie and Mao, 2017; Crommelin et al., 2018). Unfortunately, this 

would also lead to the fact that there is no way to tell whether the data scraped for the first three 

months of the year 2015 contained all the listings and reviews of that period. 

 The location data for the listings included in the dataset was anonymized by Airbnb. 

Anonymization of data is an ethical research technique useful to protect the privacy of individuals 

using the Airbnb platform (Krotov and Tennyson, 2018). Airbnb facilitated the anonymization of 

location data through its internal search parameters. By allowing a location error of 
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approximately 150 meters, the website prevented unnecessary revelation of actual addresses for 

listings. As such, Airbnb’s location anonymization leads to the fact that apartments in the same 

building might be displayed as being scattered within the 150-meter location radius. 

 The Airbnb data was divided in two different datasets: A listings dataset and a reviews 

dataset. The Airbnb listings dataset contained listing IDs, listing type and the World Geodetic 

System (WGS) latitude and longitude. The Airbnb reviews dataset contained the listing IDs and 

the date of every review for that particular listing. The listings data and reviews data could be 

matched through the listing IDs, so that every review had information about the listing type and 

location. As the other datasets contained location data in the RD coordinate system, the Airbnb 

location data has been transformed from the WGS coordinate system to the RD coordinate system 

through the online coordinate reprojection tool of LocusFocus (2020). To map the listing and 

reviews and assign them to the corresponding neighborhood, ArcGIS was used. With the use of 

polygons of the neighborhoods of the municipality of Amsterdam, it was possible to assign the 

listings and reviews to a certain neighborhood. 

 Airbnb activity was proxied by the number of reviews rather than the number of listings. 

This paper considered both options and concluded that, theoretically, reviews carried more 

weight. The variance in a listings’ booking could be high with some listings having less than ten 

bookings per year, while other listings would have than 200 annual bookings. Listings with more 

bookings per year could add more stress to the livability of the neighborhood. Therefore, it would 

be more rational to assign more weight to the highly booked listing. However, the number of 

listings is still of importance in this research as they are being used to check the robustness of the 

results. 

 This paper sought to establish how short-term rental market dynamics affect residential 

real estate values and the livability of a neighborhood. While Airbnb is not the only platform 

offering home-sharing in Amsterdam, the company has the biggest market share; data from 

Airbnb, therefore, was a reliable estimator of the industry’s presence in the city. Additionally, 

Airbnb hosts in Amsterdam have the freedom to list their homes on other platforms active in the 

city. Including listings from other platforms presented a risk of double counting the same 

properties (Garcia-Lopez et al., 2020). The risk presented by spam reviews has also been 

considered. While guests are only able to post a review once after they have stayed at a certain 

host’s property and Airbnb has multiple measures to detect spam reviews (Airbnb, 2020c), it can 

be concluded that spam reviews were not significant enough to bias the statistical robustness of 

all reviews.  

 After the collection of Airbnb data in Amsterdam, 51,131 listings were obtained. While this 

study is only interested in listings with a review in the years 2015, 2017 or 2019, 13,934 listings 

which did not have a review in the years 2015, 2017 or 2019 were deleted. Furthermore, it is 
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important to assign the listing to a certain neighborhood. Therefore, 182 listings which could not 

be assigned to a neighborhood were deleted. A further 197 listings with missing data were 

deleted. After the data cleaning process, 36, 818 listings remained.  

 The initial number of reviews collected was 948,072. While this study is only interested in 

reviews from the years 2015, 2017 and 2019, 441, 262 reviews with a date other than 2015, 2017 

and 2019 were deleted. Another 5,267 reviews with missing data were deleted. The total number 

of reviews remaining after cleaning the data was 501,543. Data with listing type “shared room” 

was excluded from the regression analysis because there were not enough listings to warrant the 

inclusion of the shared rooms. 

 

Table 1 shows the descriptive statistics for Airbnb listings. Between 2015 and 2017, the number 

of Airbnb listings increased. However, between 2017 and 2019 the number of listings declined. 

Noticeable is the fact that there is a shift between entire home listings to private room listings 

from 2017 to 2019. This could be due to new regulations regarding the rental of entire homes. 

That stated, the percentage of hosts with multiple listings rose steadily from 2015 to 2019. 

Although the total number of listings declined from 2017 to 2019, it can be concluded that less 

professional hosts with multiple listings stopped renting on Airbnb compared to hosts with one 

listing. However, it can be concluded that not more listings are in the hands of professional hosts 

compared to hosts with one listing. Between 2015 and 2019, the percentage of listings where the 

host has one listing stayed approximately the same. 
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Table 2 shows the descriptive statistics for Airbnb reviews and prices. For Airbnb reviews, the 

analysis suggested that, the total number of reviews increased from 2015 to 2017, but decreased 

from 2017 to 2019. Interesting to note is that, over the research period, private rooms were 

becoming more popular than entire homes. This could be the result of legislation on renting entire 

homes or a cultural shift by people who were looking to book an Airbnb. In each year of the 

research period, private rooms had, on average, more reviews per listing than entire homes. This 

suggests that private rooms are more popular than entire homes in Amsterdam. Furthermore, it 

can be seen that the number of reviews per entire home listing is decreasing between 2015 and 

2019, while the number of reviews per private room listing is increasing between 2015 and 2019. 

Again, this could be due to a change in market preference or in response to legislation prohibitive 

of the rental of entire homes. Figure 2 shows a map of the municipality of Amsterdam with the 

corresponding the number of reviews per neighborhood in 2019, the most recent year of the 

analysis period. A map for the years 2015 and 2017 can be found in appendix I. 

The analysis also reviewed that the prices for booking an Airbnb, be it a private room or 

the entire home, were gradually rising over time. This could be due to the interplay between 

demand and supply, or it could reflect the economy’s performance especially concerning inflation.  
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Figure 2: The number of reviews per neighborhood of the municipality of Amsterdam in 2019 

 

Subjective livability  

Subjective livability is not an easily accessible concept, especially for people who do not hold a 

degree in social sciences (Okulicz-Kozaryn and Valente, 2019). Considering that this research 

strived to include a subjective measure of livability which would come directly from the people 

involved, the concept of subjective livability had to be proxied with a question that was not only 

more intuitive but also less fatiguing for the target population. The question posed to the 

respondents was, “How satisfied are you with your neighborhood? (Total score)”. While the 

question does not capture the full scope of the concept of subjective livability, it was close enough 

to capture the concept within this research’s context. 

 The data on subjective livability was obtained from the Municipality of Amsterdam. A 

survey called “Wonen in Amsterdam” (Living in Amsterdam) facilitated the data collection once 

every two years. The dataset includes data for the years 2015, 2017 and 2019. In total, there are 

481 neighborhoods in Amsterdam. Data was collected for three years, which means there were 

1443 observations on record. However, some neighborhoods did not provide the data necessary 

for this research. Consequently, some neighborhoods had to be dropped for the subjective 

livability dataset. Eventually, the subjective livability dataset contained 812 observations. 
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The control variables for subjective livability included the percentage of non-western residents, 

the composition of households, the level of education in percentages, the duration of residence, a 

rating concerning the physical environment and the number of services available in the 

neighborhood. The control variables were carefully selected to avoid correlation with Airbnb 

activity. 

 As noted by Boterman, Musterd and Manting (2020), the composition of a household is 

considered an indicator to the strain on social infrastructure in the area. The composition of 

households could therefore be an indicator of subjective livability. Households can be divided over 

five categories based on composition. The categories were one-person households, including 

persons living in a room, such as students; one-parent households with one or more children; 

households with more than one adult but without children; households with more than one adult 

and with children; and other household compositions (those not in another category). The data 

on the composition of households has been obtained from the department of Research, 

Information and Statistics (OIS) of the Municipality of Amsterdam. 

 Houses in areas that have a high duration of residence are considered desirable and 

therefore of higher value than houses with a lower duration of residence (Needham, Kruijt and 

Koenders, 2018). In this research, the duration of residence referred to the average number of 

years a resident has lived in the same house since the last move. Data on the duration of residence 

has been provided by the IOS department of the municipality of Amsterdam. 

  According to D’Acci (2014), the physical characteristics of a place, such as the proximity 

to green spaces and a pleasant view, have an effect on livability. The physical environment consists 

of many factors. This research therefore uses the physical environment rating of the 

Leefbaarometer. The Leefbaarometer is a composite indicator of livability which has been 

developed by researchers for the Dutch government. The physical environment rating of the 

Leefbaarometer consists of 29 individual physical environment characteristics. The data on the 

physical environment rating has been obtained from the Dutch Ministry of Internal Affairs and 

Kingdom Relations (Ministry of Internal Affairs and Kingdom Relations, 2016). 

 Livability is also subjective to available services, considering that areas with access to 

desirable services are considered more prime than areas without the same level of access to 

services (Janssen, Daamen and Verdaas, 2021). For this study, the services considered include 

educational services, the police, the fire department, cultural and sports services, recreational 

services, healthcare services and social care services. Data on the availability of services for 

neighborhoods was obtained from Amsterdam’s registry of companies (Bedrijvenregister 

Amsterdam (ARRA)).  

 The percentage of non-western residents is an important factor for subjective livability.  A 

multiethnic neighborhood could have residents with opposing norms and values. Opposing norms 
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and values could decrease residents’ subjective livability (Dekker and Bolt, 2005; Leby and 

Hashim, 2010). For this research, a non-western resident is defined as a person which has been 

born in a non-western country or with one or both parents being born in a non-western country. 

The data on non-western residents has been obtained from the OIS department of the 

Municipality of Amsterdam. 

Typically, a neighborhood where people are generally highly educated is considered more 

desirable (Okulicz-Kozaryn and Valente, 2019). The measure of the level of education used in this 

research relates to the education level of all residents aged between 15 and 74 years old and 

comprises three categories, namely low, mid and high. The category ‘low’ is comprised of 

residents with a vmbo-diploma or lower. The ‘mid’ category includes all residents with an mbo-, 

havo- or vwo-diploma. The ‘high’ category is comprised of residents who hold a hbo or university 

degree. Data on the level of education for residents was obtained from the Dutch Central Bureau 

of Statistics (CBS).  

 

Residential real estate values 

The data on residential real estate has been provided by the Dutch Association of Real Estate 

Agents (NVM). To mitigate the possibility of endogeneity, all data other than the residential real 

estate data has been lagged by one year, leading to the use of residential real estate data from the 

years 2016, 2018 and 2020. For every transaction the NVM dataset includes the date of 

transaction, the transaction price, the postcode, the house number, the size of the property in 

square meters, the building period and multiple other intrinsic characteristics of the property. For 

this research, it was important to determine the location of each property and to assign the 

property to a certain neighborhood. To determine the exact location of the property, the postcode 

and house number were used to find the full address. The full address was then used to find the 

WGS coordinates through the use of the Excel Geocoding add-in from Adventures in CRE (Burton, 

2020). The Excel add-in cleverly integrates Google’s Geocoding API in Excel, which makes it 

possible to find the WGS coordinates. Finally, the WGS coordinates were converted to RD 

coordinates through the use of the online coordinate reprojection tool of LocusFocus (2020). 

 Originally, the NVM dataset contained 84,140 observations for transactions that took 

place in the municipality of Amsterdam from 2011 to 2020. This research is only interested in 

transactions that took place in the years 2016, 2018 and 2020. Therefore, 58,132 observations 

that took place in a year other than 2016, 2018 or 2020 were deleted. Observations concerning 

transactions on other real estate than purely residential, such as mixed-use developments or 

parking facilities were also deleted, further reducing the observations by 211. Any transactions 

with missing data were removed, as were transactions that could not be assigned to a certain 
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neighborhood, deleting 227 observations. After cleaning the data, the residential real estate 

dataset comprised 25,570 observations. 

 

The control variables for residential real estate values can be divided into two categories, namely 

intrinsic characteristics and extrinsic characteristics. All control variables were carefully selected 

to avoid correlation with Airbnb activity.  

 

 Intrinsic characteristics  

The intrinsic characteristics of properties sold were obtained from the NVM dataset. The 

specific characteristics used in this research were the property’s surface area in square 

meters, the state of inside maintenance and the building period. 

To manipulate the surface area for subsequent data analysis, the surface area in 

square meters was transformed into a natural log. 

The inside maintenance of properties was evaluated using three main categories. 

The selling real estate agent would assign the property a rating of between 1 and 10, with 

1 being the worst score and 10 being the best score. The scores were then categorized into 

three categories, namely good, moderate and bad. Properties with a rating between 1 and 

5 are categorized as bad, properties with a rating of 6 or 7 are categorized as moderate 

and properties with a rating of 8 or higher are categorized as good. By categorizing the 

maintenance rating, the number of variables is reduced significantly, which positively 

affects the robustness of the results. 

The NVM dataset contains the building period of the properties and consist of nine 

categories. To reduce the number of variables, the building period categories are reduced 

to five categories, namely 1500-1905, 1906-1944, 1945-1970, 1971-1990, 1991-2020. 

The reduction of the number of categories positively affects the robustness of the results. 

 

 Extrinsic characteristics 

The extrinsic characteristics of the properties used in this research were obtained from 

multiple governmental agencies. The specific characteristics used were the percentage of 

non-western residents, the level of education in percentages, the unemployment rate and 

the percentage of households with children. 

The percentage of non-western residents is an important factor for residential real 

estate values.  Van der Greft, Musterd and Thissen (2014) noted that the percentage of 

non-western residents can affect perceived residential real estate values in Amsterdam. 

The data on non-western residents has been obtained from the OIS department of the 

Municipality of Amsterdam. 
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Typically, a neighborhood where people are generally highly educated is 

considered more desirable and generally affects real estate prices positively (Okulicz-

Kozaryn and Valente, 2019). Data on the level of education for residents was obtained 

from the Dutch CBS. 

According to Liu and Clark (2016) people that own relatively more expensive 

houses are predicted to have more children. This research therefore considers that 

children could be of importance to residential real estate values. Data on the percentage 

of households with children has been obtained from the OIS department of the 

Municipality of Amsterdam. 

Reichert (1990) finds that the unemployment rate has a negative effect on 

residential real estate values. This paper therefore includes the unemployment rate as a 

control variable for residential real estate values.  The measure used in this paper 

considers the percentage of residents between 15 and 65 years old that are unemployed 

when they are officially registered as unemployed. The data on unemployment is provided 

by the Dutch CBS and the Department Work and Income (DWI) of the municipality of 

Amsterdam. 

 

The NVM statistics showed that transaction prices were increasing over the years. The analysis 

also showed that the amount of residential real estate sold was decreasing from 2016 to 2018, but 

increased slightly from 2018 to 2020. The surface area of the units sold was found to be rising 

through the years. The NVM descriptive statistics can be found in appendix A. 

This research aggregates all data on the neighborhood-level. Therefore, it is important to 

look at the neighborhood-level data. As can be seen in table 3, the mean transaction price per 

neighborhood is €503,591. On average, 30% of the buildings in a neighborhood were built 

between 1906 and 1944. Likewise, 74% of the buildings in a neighborhood are considered 

moderately maintained. 
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On average, there are 50 Airbnb listings per neighborhood. Distinguishing between entire 

home and private room listings, there are on average 40 entire home listings and 10 private rooms 

listings per neighborhood. When analyzing the number of reviews, on average, 495 reviews have 

been written per neighborhood. Distinguishing between entire home and private room reviews, 

there are on average 313 entire home reviews and 179 private room reviews per neighborhood. 

Interesting to note is the relatively high standard deviations for all the above means. This suggests 

that there are neighborhoods with lots of listings and reviews and neighborhoods with only a few 

listings and reviews.  

 The analysis showed that the average subjective livability score is relatively high, while 

the standard deviation is comparatively low. This means that residents of Amsterdam are quite 

happy about their neighborhood, but do not rate their neighborhood as either very bad or very 

good. 

 It can be seen that, on average, Amsterdam is highly educated, with more than 48% of 

residents having a hbo or university degree. That could be the result of the city having two major 

universities and multiple other institutions of higher education. Furthermore, it is interesting to 

note that more than half of all household are one-adult household. Again, this could be due to the 

fact that Amsterdam has a high number of students. As has been clarified in the data section, 

students are considered a one-adult household. 

 

Time fixed effects 

This research uses time fixed effects to control for time-variant omitted variables. To add time 

fixed effects, dummies were created. For all regressions where the residential real estate value is 

the dependent variable, this was possible because every observation included the date of the 

transaction. Consequently, it was possible to divide the observations into categories, each 

consisting of the observations that happened in a certain quarter. 

For the regression where subjective livability is the dependent variable, the year of the 

subjective livability score was known. It was therefore possible to divide the observations into 

categories, each consisting of the observations that happened in a certain year. 

 

Instrumental variables 

To mitigate the possibility of endogeneity of the variable Airbnb activity, an instrumental 

variables approach is taken. The two instrumental variables of interest were the number of 

cultural establishments and the number of horeca (hotels, restaurants and cafes) establishments. 

The relationship between Airbnb activity and cultural establishments in Amsterdam is partially 

defined by the attractiveness of cultural establishments to Airbnb visitors. Areas with a rich 



Page 38 of 90 

 

cultural profile can offer visitors more because visitors can experience immersive experiences 

while staying close to their accommodation (Abusedou and Zakaria, 2020). Airbnbs should 

therefore be concentrated to areas which have more cultural establishments.  

The same can be said on the association between Airbnb activity and horeca 

establishments. Guttentag (2019) considers the Airbnb a product of convenience. With such a 

product, the customer is looking to maximize their value for money. Areas with horeca 

establishments provide convenience for visitors and present an opportunity to maximize value 

through a variety of dining and entertainment options in proximity to the accommodation. 

 

Other 

The data used for the analysis needed to be as close to a normal distribution as possible. Using 

normally distributed data is preferred because research has observed that many natural 

phenomena are normally distributed (Frank, 2009). A normally distributed dataset, therefore, is 

likely to provide the best chance for understanding a research phenomenon. Not all data collected 

was normally distributed. To create a degree of normal distribution, the data were converted 

using a uniform method; the use of natural logs. Since the actual data points are representative of 

a variable, conversion using natural logs did not impact the accuracy of representation. That is 

why datasets for residential real estate value, Airbnb reviews, the surface area of the properties 

in square meters, the number of services, the number of cultural establishments and the number 

of horeca establishments were all converted using the natural log.  

 The data analysis excluded outliers for the variables Airbnb activity, transaction price and 

subjective livability. For these three variables, the top 0.5 percent and the bottom 0.5 percent were 

excluded. For other variables, the data was left as is because the other variables were not as 

significant to the study as the three main variables forming the X, Y and M variables as defined in 

the mediation model.  
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RESULTS 

 

In this section, the main results of this research are presented. The results section follows the 

regression regime outlined in the methodology section. First, a regression where Airbnb reviews 

predicts residential real estate values is performed. Second, a regression where Airbnb reviews 

predicts subjective livability is performed. Third, a regression where subjective livability predicts 

residential real estate values is performed. Fourth, a regression where Airbnb reviews and 

subjective livability predict residential real estate values is performed. Fifth, an IV regression is 

performed for some of the above-mentioned relationships. At last, the significance of the results 

will be calculated. 

 

Airbnb activity predicting residential real estate values 

To determine if there exists a relationship between two variables that could be mediated by 

another variable, a regression where Airbnb reviews predicts residential real estate values is 

performed. The regression results are shown in table 4. 

 

Column (1) shows the basic regression with Airbnb reviews as the independent variable and 

residential real estate values as the dependent variable. The results suggest that Airbnb reviews 

have a positive effect on residential real estate values; on average, a 1 percent increase in Airbnb 

reviews in a neighborhood a year prior to the transaction year of the properties results in a 0.163 

percent increase of the average residential real estate value in that neighborhood. The estimate is 

significant at the 1 percent level. The associated adjusted R-squared, explaining how much of the 

variance in the dependent variable can be explained by the model, is only 17.3 percent.  

 The addition of the intrinsic property characteristics to the model leads to the results in 

column (2). By adding the intrinsic property characteristics, the effect of Airbnb reviews on 

residential real estate values decreased compared to the results of column (1). In this model, on 

average, a 1 percent increase in Airbnb reviews in a neighborhood a year prior to the transaction 

year of the properties results in a 0.109 percent increase of the average residential real estate 

value in that neighborhood. The estimate is significant at the 1 percent level. The addition of the 

intrinsic property characteristics to the model raises the adjusted R-squared from 17.3 percent to 

76.3 percent. This suggests that the intrinsic property characteristics helped to explain the 

variation in the dependent variable. 
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Column (3) represents the addition of the extrinsic property characteristics to the model. 

By adding the extrinsic property characteristics, the effect of Airbnb reviews on residential real 

estate values decreased compared to the results of column (2). In this model, on average, a 1 

percent increase in Airbnb reviews in a neighborhood a year prior to the transaction year of the 

properties results in a 0.067 percent increase of the average residential real estate value in that 

neighborhood. The estimate is significant at the 1 percent level. The addition of the extrinsic 

property characteristics to the model raises the adjusted R-squared from 76.3 percent to 84.3 

percent. This suggests that the extrinsic property characteristics helped to explain the variation 

in the dependent variable.  
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The addition of time fixed effects to the model leads to the results in column (4). By adding 

the time fixed effects, the effect of Airbnb reviews on residential real estate values decreased 

compared to the results of column (3). In this model, on average, a 1 percent increase in Airbnb 

reviews in a neighborhood a year prior to the transaction year of the properties results in a 0.038 

percent increase of the average residential real estate value in that neighborhood. The estimate is 

significant at the 1 percent level. The addition of the time fixed effects to the model raises the 

adjusted R-squared from 84.3 percent to 91.7 percent. This suggests that the time fixed effects 

helped to explain the variation in the dependent variable.  

 

Airbnb activity predicting subjective livability 

To determine if there exists a relationship between the independent variable and the mediator 

variable, a regression where Airbnb reviews predicts subjective livability is performed. The 

regression results are shown in table 5. 
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Column (6) shows the basic regression with Airbnb reviews as the independent variable and 

subjective livability as the dependent variable. The results suggest that Airbnb reviews have a 

positive effect on subjective livability; on average, a 1 percent increase in Airbnb reviews in a 

neighborhood results in a 0.00205 unit increase of the average subjective livability score of that 

neighborhood. The estimate is significant at the 1 percent level. The associated adjusted R-

squared, explaining how much of the variance in the dependent variable can be explained by the 

model, is only 10.8 percent.  

 The addition of the neighborhood characteristics to the basic model of column (6) results 

in the effect of Airbnb reviews on subjective livability becoming negative. Column (7) represents 

the addition of the neighborhood characteristics. In this model, on average, a 1 percent increase 

in Airbnb reviews in a neighborhood results in a 0.00076 unit decrease of the average subjective 

livability score of that neighborhood. The estimate is significant at the 1 percent level. The 

addition of the neighborhood characteristics to the model raises the adjusted R-squared from 10.8 

percent to 71 percent. This suggests that the neighborhood characteristics helped to explain the 

variation in the dependent variable. 

Column (8) represents the addition of the time fixed effects to the model. By adding the 

time fixed effects, the effect of Airbnb reviews on subjective livability increased in magnitude 

compared to the results of column (7). In this model, on average, a 1 percent increase in Airbnb 

reviews in a neighborhood results in a 0.0009 unit decrease in the average subjective livability 

score of that neighborhood. The estimate is significant at the 1 percent level. The addition of the 

time fixed effects to the model raises the adjusted R-squared from 71 percent to 71.2 percent. This 

suggests that the time fixed effects had little effect in explaining the variation in the dependent 

variable. 

 

Subjective livability predicting residential real estate values 

To determine if there exists a relationship between the mediator variable and the dependent 

variable, a regression where subjective livability predicts residential real estate values is 

performed. The regression results are shown in table 6. 

 

Column (10) shows the basic regression with subjective livability as the independent variable and 

residential real estate values as the dependent variable. The results suggest that subjective 

livability has a positive effect on residential real estate values; on average, a one-unit increase in 

the average subjective livability score of a neighborhood a year prior to the transaction year of 

the properties results in a 46.67 percent increase of the average residential real estate value in 

that neighborhood. The estimate is significant at the 1 percent level. The associated adjusted R-
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squared, explaining how much of the variance in the dependent variable can be explained by the 

model, is only 37 percent.  

Column (11) represents the addition of the intrinsic property characteristics to the model. 

By adding the intrinsic property characteristics, the effect of subjective livability on residential 

real estate values decreased compared to the results of column (10). In this model, on average, a 

one-unit increase in the average subjective livability score of a neighborhood a year prior to the 

transaction year of the properties results in a 19.01 percent increase of the average residential 

real estate value in that neighborhood. The estimate is significant at the 1 percent level. The 

addition of the intrinsic property characteristics to the model raises the adjusted R-squared from 

37 percent to 76.9 percent. This suggests that the intrinsic property characteristics helped to 

explain the variation in the dependent variable. 
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The addition of the extrinsic property characteristics to the model leads to the results in 

column (12). By adding the extrinsic property characteristics, the effect of subjective livability on 

residential real estate values decreased compared to the results of column (11). In this model, on 

average, a one-unit increase in the average subjective livability score of a neighborhood a year 

prior to the transaction year of the properties results in a 7.68 percent increase of the average 

residential real estate value in that neighborhood. The estimate is significant at the 1 percent level. 

The addition of the extrinsic property characteristics to the model raises the adjusted R-squared 

from 76.9 percent to 83.3 percent. This suggests that the extrinsic property characteristics helped 

to explain the variation in the dependent variable.  

Column (13) represents the addition of the time fixed effects to the model. By adding the 

time fixed effects, the effect of subjective livability on residential real estate values decreased 

compared to the results of column (12). In this model, on average, a one-unit increase in the 

average subjective livability score of a neighborhood a year prior to the transaction year of the 

properties results in a 5.76 percent increase of the average residential real estate value in that 

neighborhood. The estimate is significant at the 1 percent level. The addition of the time fixed 

effects to the model raised the adjusted R-squared from 83.3 percent to 91.5 percent. This 

suggests that the time fixed effects helped to explain the variation in the dependent variable.   

 

Airbnb activity and subjective livability predicting residential real estate values 

To determine if the mediator completely mediates the relationship between the independent and 

dependent variable, a regression where Airbnb reviews and subjective livability predict 

residential real estate values is performed. The regression results are shown in table 7. 

 

Column (14) shows the basic regression with Airbnb reviews and subjective livability as the 

independent variables and residential real estate values as the dependent variable. The results 

suggest that Airbnb reviews have a positive effect on residential real estate values; on average, a 

1 percent increase in Airbnb reviews in a neighborhood a year prior to the transaction year of the 

properties results in a 0.095 percent increase of the average residential real estate value in that 

neighborhood. Furthermore, the results suggest that subjective livability has a positive effect on 

residential real estate values; on average, a one-unit increase in the average subjective livability 

score of a neighborhood a year prior to the transaction year of the properties results in a 39.38 

percent increase of the average residential real estate value in that neighborhood. The estimates 

are significant at the 1 percent level. The associated adjusted R-squared, explaining how much of 

the variance in the dependent variable can be explained by the model, is only 42.2 percent. 
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Column (15) represents the addition of the intrinsic property characteristics to the model. 

By adding the intrinsic property characteristics, the effect of Airbnb reviews on residential real 

estate values increased and the effect of subjective livability on residential real estate values 

decreased compared to the results of column (14). In this model, on average, a 1 percent increase 

in Airbnb reviews in a neighborhood a year prior to the transaction year of the properties results 

in a 0.101 percent increase of the average residential real estate value in that neighborhood and 

a one-unit increase in the average subjective livability score of a neighborhood a year prior to the 

transaction year of the properties results in a 17.82 percent increase of the average residential 

real estate value in that neighborhood. The estimates are significant at the 1 percent level. The 

addition of the intrinsic property characteristics to the model raises the adjusted R-squared from 
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42.2 percent to 80.7 percent. This suggests that the intrinsic property characteristics helped to 

explain the variation in the dependent variable. 

The addition of the extrinsic property characteristics to the model leads to the results in 

column (16). By adding the extrinsic property characteristics, the effect of Airbnb reviews and 

subjective livability on residential real estate values decreased compared to the results of column 

(15). In this model, on average, a 1 percent increase in Airbnb reviews in a neighborhood a year 

prior to the transaction year of the properties results in a 0.07 percent increase of the average 

residential real estate value in that neighborhood and a one-unit increase in the average subjective 

livability score of a neighborhood a year prior to the transaction year of the properties results in 

a 8.76 percent increase of the average residential real estate value in that neighborhood. The 

estimates are significant at the 1 percent level. The addition of the extrinsic property 

characteristics to the model raises the adjusted R-squared from 80.7 percent to 84.9 percent. This 

suggests that the extrinsic property characteristics helped to explain the variation in the 

dependent variable. 

 Column (17) represents the addition of the time fixed effects to the model. By adding the 

time fixed effects, the effect of Airbnb reviews and subjective livability on residential real estate 

values decreased compared to the results of column (16). In this model, on average, a 1 percent 

increase in Airbnb reviews in a neighborhood a year prior to the transaction year of the properties 

results in a 0.04 percent increase of the average residential real estate value in that neighborhood 

and a one-unit increase in the average subjective livability score of a neighborhood a year prior to 

the transaction year of the properties results in a 6.4 percent increase of the average residential 

real estate value in that neighborhood. The estimates are significant at the 1 percent level. The 

addition of the time fixed effects to the model raises the adjusted R-squared from 84.9 percent to 

92 percent. This suggests that the time fixed effects helped to explain the variation in the 

dependent variable. 

 

Reverse causality 

As mentioned in the methodology section, it was assumed that reverse causality could exists 

between Airbnb activity and residential real estate values, and between Airbnb activity and 

subjective livability. From the Durbin-Wu-Hausman test, it becomes clear that there exists 

endogeneity in the results column (8) of table 5, which is the regression with Airbnb reviews as 

the independent variable and subjective livability as the dependent variable.  

To mitigate the effect of endogeneity, an instrumental variables approach is taken. By 

taking an instrumental variables approach, any bias that might have been present due to the 

endogenous variable, would be erased. However, finding a suitable instrumental variable is not 

always easy. An instrumental variable has to be correlated to the independent variable and 
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unrelated to the dependent variable (Ullah et al., 2021). In the current research, the number of 

horeca establishments and the number of cultural establishments were used as instrumental 

variables. The chosen instrumental variables were correlated with Airbnb reviews, but unrelated 

to the dependent variable, as shown in the correlation matrices in appendix H. The results of the 

IV regressions are set out below. 

Column (5) of table 4 defines the IV regression of Airbnb reviews and residential real 

estate values. The IV regression returned results nearly similar to the results of column (4). In this 

model, on average, a 1 percent increase in Airbnb reviews in a neighborhood a year prior to the 

transaction year of the properties results in a 0.038 percent increase of the average residential 

real estate value in that neighborhood. The estimate is significant at the 1 percent level. The 

adjusted R-squared remained high at 91.5 percent, suggesting that the IV regression explained the 

variation in the dependent variable as good as the model in column (4). 

 Column (9) of table 5 defines the IV regression of Airbnb reviews and subjective livability. 

The IV regression returned results different from the results of column (8). In this model, on 

average, a 1 percent increase in Airbnb reviews in a neighborhood results in a 0.00321 unit 

decrease of the average subjective livability score of that neighborhood. The estimate is significant 

at the 1 percent level. The adjusted R-squared remained relatively high at 67 percent, suggesting 

that the IV regression explained the variation in the dependent variable almost as good as the 

model in column (8). 

 Column (18) of table 7 defines the IV regression of Airbnb reviews, subjective livability 

and residential real estate values. The IV regression returned results nearly similar to the results 

of column (17). In this model, on average, a 1 percent increase in Airbnb reviews in a 

neighborhood a year prior to the transaction year of the properties results in a 0.040 percent 

increase of the average residential real estate value in that neighborhood and a one-unit increase 

in the average subjective livability score of a neighborhood a year prior to the transaction year of 

the properties results in a 6.82 percent increase of the average residential real estate value in that 

neighborhood. The estimates are significant at the 1 percent level. The adjusted R-squared 

remained high at 91.9 percent, suggesting that the IV regression explained the variation in the 

dependent variable as good as the model in column (17). 

 To conclude, according to the Durbin-Wu-Hausman test, Airbnb reviews is an endogenous 

variable in the regression with Airbnb reviews as the independent variable and subjective 

livability as the dependent variable. Therefore, it would be wise to use the results of the IV 

regression as a definitive result for this research. The IV regression results will be used to calculate 

the remaining equations and compared to the results of the robustness checks. 
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The mediating effect of subjective livability 

Within the mediation model used in this paper it is possible for the independent variable to 

influence the dependent variable in two different ways, namely directly and indirectly. To get a 

better understanding of the relationships between the variables Airbnb reviews, subjective 

livability and residential real estate values, the direct and indirect effect of Airbnb reviews on 

residential real estate values are calculated. Furthermore, it is of importance to check if the 

indirect effect of Airbnb reviews on residential real estate values is statistically significant. The 

Sobel test will be used to check if the indirect effect is statistically significant. At last, this research 

will calculate if the indirect effect is economically significant by estimating what percentage of the 

total effect is mediated through the mediator subjective livability. 

According to Baron and Kenny (1986) the direct effect of Airbnb reviews on residential 

real estate values is equal to the first step of the mediation model. Specifically, one should look at 

column (5) of table 4 for the direct effect of Airbnb reviews on residential real estate values. From 

column (5) it follows that, on average, a 1 percent increase in Airbnb reviews in a neighborhood a 

year prior to the transaction year of the properties results in a 0.038 percent increase of the 

average residential real estate value in that neighborhood. This estimate is significant at the 1 

percent level. 

 Calculating the indirect effect of Airbnb reviews on residential real estate values is more 

cumbersome. To calculate the indirect effect, the product of coefficients method is used. Formula 

(5) in the methodology section states the formula for the product of coefficients method. The 

product of coefficients method states that the indirect effect can be calculated by � ∗ � in which a 

represents the effect of Airbnb reviews on subjective livability and b represents the effect of 

subjective livability on residential real estate values. From column (9) of table 5 it follows that a 

= -0.321 and from column (13) of table 6 it follows that b = 0.056. The indirect can thus be 

calculated as -0.321 x 0.056 = -0.01798. This means that, on average, a 1 percent increase in 

Airbnb reviews in a neighborhood a year prior to the transaction year of the properties results in 

a 0.01798 percent decrease of the average residential real estate value in that neighborhood. 

 To calculate the statistical significance of the indirect effect, the Sobel test is used. Formula 

(7) in the methodology section states the formula for the Sobel test. To calculate the statistical 

significance of the indirect effect, the following estimates are needed; a which is the effect of 

Airbnb reviews on subjective livability, b which is the effect of subjective livability on residential 

real estate values, �� which is the standard error of a and �  which is the standard error of b. From 

column (9) of table 5 it follows that a = -0.321 and �� = 0.045. From column (13) of table 6 it 

follows that b = 0.056 and � = 0.018. From the Sobel test it follows that the p-value of the estimate 
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of the indirect effect is 0.004349. This means that the estimate of the indirect effect is significant 

at the 1 percent level. 

 Furthermore, it is important to know if the indirect effect has any economic significance.  

To calculate if the indirect effect is economically significant, this paper will calculate what 

percentage of the total effect can be assigned as going through path � ∗ �. This can be done with 

formula (6) stated in the methodology section. From the above calculations, it is known that, on 

average, a 1 percent increase in Airbnb reviews in a neighborhood a year prior to the transaction 

year of the properties results in a 0.01798 percent decrease of the average residential real estate 

value in that neighborhood. This is the effect that goes through path � ∗ �. From column (5) of 

table 4 it follows that, on average, a 1 percent increase in Airbnb reviews in a neighborhood a year 

prior to the transaction year of the properties results in a 0.038 percent increase of the average 

residential real estate value in that neighborhood. This is the total effect, otherwise known as path 

c. It then follows that -0.01798 / 0.038 = -47.30 percent of the total effect goes through path � ∗ �. 

Noticeably, the estimate is negative. The estimate indicates that there exists inconsistent 

mediation in this mediation model; the direct effect of Airbnb reviews on residential real estate 

values is positive, while the indirect effect of Airbnb reviews on residential real estate values - 

through the mediator subjective livability – is negative. It can therefore be concluded that the 

mediator subjective livability has a dampening effect on the relationship between Airbnb reviews 

and residential real estate values.  
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DISCUSSION 

 

In this section, some robustness checks will be performed. First, Airbnb listings will be used to 

measure Airbnb activity instead of Airbnb reviews. Second, the Airbnb reviews will be divided 

between entire home reviews and private room reviews to check if different listing types have a 

different effect on subjective livability and residential real estate values. The results of the 

robustness checks will be compared to the main results of this paper. 

 

Airbnb listings 

To check the robustness of the main results, Airbnb listings will be used as a proxy for Airbnb 

activity instead of Airbnb reviews. For each step of the mediation model, the main results of this 

paper will be compared to the results of the robustness check. 

 Column (22) of table 8 in appendix B represents the regression with Airbnb listings as the 

independent variable and residential real estate values as the dependent variable. Furthermore, 

intrinsic property characteristics, extrinsic property characteristics and time fixed effects are 

added as control variables. The results suggest that Airbnb listings have a positive effect on 

residential real estate values; on average, a 1 percent increase in Airbnb listings in a neighborhood 

a year prior to the transaction year of the properties results in a 0.047 percent increase of the 

average residential real estate value in that neighborhood. The estimate is significant at the 1 

percent level. The associated adjusted R-squared is 91.8 percent. Noticeably, the estimate for 

Airbnb listings is higher compared to the estimate for Airbnb reviews, which was 0.038 percent. 

 Column (25) of table 9 in appendix C represents the regression with Airbnb listings as the 

independent variable and subjective livability as the dependent variable. Furthermore, 

neighborhood characteristics and time fixed effects are added as control variables. The results 

suggest that Airbnb listings have a negative effect on subjective livability; on average, a 1 percent 

increase in Airbnb listings in a neighborhood results in a 0.0013 unit decrease of the average 

subjective livability score of that neighborhood. The estimate is significant at the 1 percent level. 

The associated adjusted R-squared is 71.4 percent. Noticeably, the estimate for Airbnb listings is 

lower in magnitude compared to the estimate for Airbnb reviews, which was -0.00321. 

 Column (29) of table 10 in appendix D represents the regression with Airbnb listings and 

subjective livability as the independent variables and residential real estate values as the 

dependent variable. Furthermore, intrinsic property characteristics, extrinsic property 

characteristics and time fixed effects are added as control variables. The results suggest that 

Airbnb listings have a positive effect on residential real estate values; on average, a 1 percent 

increase in Airbnb listings in a neighborhood a year prior to the transaction year of the properties 

results in a 0.049 percent increase of the average residential real estate value in that 
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neighborhood. Furthermore, the results suggest that subjective livability has a positive effect on 

residential real estate values; on average, a one-unit increase in the average subjective livability 

score of a neighborhood a year prior to the transaction year of the properties results in a 6.18 

percent increase of the average residential real estate value in that neighborhood. The estimates 

are significant at the 1 percent level. The associated adjusted R-squared is 92.1 percent. 

Noticeably, the estimate for Airbnb listings is higher compared to the estimate for Airbnb reviews, 

which was 0.040 percent, while the estimate for subjective livability here is lower in magnitude 

compared to the estimate of the main results, which was 6.82 percent. 

 To calculate the indirect effect, formula (5) of the methodology section is used. From 

column (25) of table 9 in appendix C it follows that a = -0.13 and from column (13) of table 6 it 

follows that b = 0.056. The indirect effect can thus be calculated as -0.13 x 0.056 = -0.00728. 

According to the Sobel test, the estimate is statistically significant at the 1 percent level. The 

estimate for the indirect effect is lower in magnitude compared to the estimate of the main results, 

which was -0.01798. To calculate the economic significance, formula (6) of the methodology 

section is used. From column (22) of table 8 in appendix B it follows that c = 0.047. The economic 

significance of the indirect effect can thus be calculated as -0.13 x 0.056 / 0.047 =   -15.49 percent. 

The estimate for the economic significance of the indirect effect is lower in magnitude compared 

to the estimate of the main results, which was -47.30 percent. 

 Although most the results of this section are lower in magnitude than the main results, the 

same conclusions can be drawn when Airbnb listings are taken as proxy for Airbnb activity instead 

of Airbnb reviews. 

 

Entire home reviews and private room reviews  

Another approach to test the validity of the main results is to divide Airbnb reviews into two 

categories, namely entire home reviews and private room reviews. These categories are then used 

as proxy for Airbnb activity instead of Airbnb reviews. For each step of the mediation model, the 

main results of this paper will be compared to the results of the robustness check. 

 Column (33) of table 11 in appendix E represents the regression with entire home reviews 

and private room reviews as the independent variables and residential real estate values as the 

dependent variable. Furthermore, intrinsic property characteristics, extrinsic property 

characteristics and time fixed effects are added as control variables. The results suggest that entire 

home reviews have a positive effect on residential real estate values; on average, a 1 percent 

increase in entire home reviews in a neighborhood a year prior to the transaction year of the 

properties results in a 0.039 percent increase of the average residential real estate value in that 

neighborhood. The estimate is significant at the 1 percent level. The associated adjusted R-

squared is 91.9 percent. Noticeably, the estimate for private room reviews is not significant, while 
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the estimate for entire home reviews is slightly higher compared to the estimate of the main 

results, which was 0.038 percent. 

 Column (36) of table 12 in appendix F represents the regression with entire home reviews 

and private room reviews as the independent variables and subjective livability as the dependent 

variable. Furthermore, neighborhood characteristics and time fixed effects are added as control 

variables. The results suggest that entire home reviews have a negative effect on subjective 

livability; on average, a 1 percent increase in entire home reviews in a neighborhood results in a 

0.00059 unit decrease of the average subjective livability score of that neighborhood. The 

estimate is significant at the 1 percent level. Furthermore, the results suggest that private room 

reviews have a negative effect on subjective livability; on average, a 1 percent increase in private 

room reviews in a neighborhood results in a 0.00034 unit decrease of the average subjective 

livability score of that neighborhood. The estimate is significant at the 5 percent level. The 

associated adjusted R-squared is 71.3 percent. The sum of the estimates is -0.00093. Noticeably, 

the sum of the estimates here is lower in magnitude compared to the estimate of the main results, 

which was -0.00321. 

 Column (40) of table 13 in appendix G represents the regression with entire home 

reviews, private room reviews and subjective livability as the independent variables and 

residential real estate values as the dependent variable. Furthermore, intrinsic property 

characteristics, extrinsic property characteristics and time fixed effects are added as control 

variables. The results suggest that entire home reviews have a positive effect on residential real 

estate values; on average, a 1 percent increase in entire home reviews in a neighborhood a year 

prior to the transaction year of the properties results in a 0.040 percent increase of the average 

residential real estate value in that neighborhood. Furthermore, the results suggest that subjective 

livability has a positive effect on residential real estate values; on average, a one-unit increase in 

the average subjective livability score of a neighborhood a year prior to the transaction year of 

the properties results in a 6.29 percent increase of the average residential real estate value in that 

neighborhood. The estimates are significant at the 1 percent level. The associated adjusted R-

squared is 92.2 percent. Noticeably, the estimate for private room reviews is not significant, while 

the estimate for entire home reviews is equal to the estimate of the main results. Furthermore, the 

estimate for subjective livability is lower in magnitude compared to the estimate of the main 

results, which was 6.82 percent. 

To calculate the indirect effect, formula (5) of the methodology section is used. From 

column (36) of table 12 in appendix F it follows that a = -0.059 + -0.034 = -0.093. Here, the 

estimates of entire home reviews and private room reviews are added together. From column (13) 

of table 6 it follows that b = 0.056. The indirect effect can thus be calculated as -0.093 x 0.056 =      

-0.00521. The estimate for the indirect effect is lower in magnitude compared to the estimate of 
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the main results, which was -0.01798. To test the statistical significance, the Sobel test is used. 

Because the Sobel test only allows one independent variable, the statistical significance is tested 

for entire home reviews and private room reviews separately. According to the Sobel test, the 

estimates are statistically significant at the 5 percent level. Unfortunately, it is not possible to 

calculate the economic significance. The estimates for private room reviews are statistically 

insignificant in some steps of the mediation model, which makes it invalid to calculate the 

economic significance. 

 To conclude, it is noticeable that the estimate of private room reviews is statistically 

insignificant in column (33) and column (40). This could suggest that private room reviews do not 

have an effect on residential real estate values, while entire home reviews do have an effect on 

residential real estate values. Furthermore, it can be concluded that the estimates for entire home 

reviews are approximately the same as the estimates of the main results, again suggesting that 

entire home reviews are the main reason for rising residential real estate values in Amsterdam, 

rather than both entire home reviews and private room reviews. This is not unsurprising as the 

owner of the property is not present when the entire home is rented out (Guttentag, 2018). 
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CONCLUSION 

 

In this study, the relationships between Airbnb activity, subjective livability and residential real 

estate values have been investigated. Earlier research investigating the effect of Airbnb activity on 

residential real estate values found a positive effect. Furthermore, it also became apparent from 

previous studies that subjective livability has a positive effect on residential real estate values. 

However, research on the relationship between Airbnb activity and subjective livability was 

mainly qualitative of nature. This study attempted to bring these concepts together in one model, 

namely the mediation model proposed by Baron and Kenny (1986), to shed light on the interplay 

between the three variables. 

  The results of this study indicate that Airbnb has a direct positive effect on residential real 

estate values; for every 1 percent increase in Airbnb reviews, residential real estate values 

increase by 0.038 percent. The results also imply that Airbnb has a negative effect on subjective 

livability; for every 1 percent increase in Airbnb reviews, subjective livability decreases with 

0.00321 units. Furthermore, the results indicate that subjective livability has a positive effect on 

residential real estate values; for every one-unit increase in subjective livability, residential real 

estate values increase by 5.76 percent. This paper is also able to answer the research question 

“Does subjective livability have a mediating effect on the relationship between Airbnb activity and 

residential real estate values?”. The above suggests that subjective livability mediates the direct 

effect of Airbnb activity on residential real estate values and that the indirect effect of Airbnb 

activity on residential real estate values – through the mediator subjective livability – dampens 

the direct effect by 47.30 percent. 

 The findings of this paper confirm that subjective livability has a dampening effect on the 

relationship between Airbnb activity and residential real estate values. However, as the effect is 

dampened by 47.30 percent, the total effect of Airbnb activity on residential real estate values is 

still positive. Airbnb activity has therefore a positive total effect on residential real estate values. 

 

Policy Recommendations  

Rising real estate values are important for wealth creation and the expansion of the tax base for a 

government. However, in the Netherlands, municipalities do not have to worry so much about 

income, as their income is supplemented by the Gemeentefonds of the national government 

(Rijksoverheid, 2022). Municipalities can thus focus on other important affairs. As can be 

concluded by the main results, Airbnb activity has a negative effect on livability and a positive 

effect on residential real estate values. On one hand, as the municipality of Amsterdam already 

has to deal with decreasing affordability of housing and livability, it would be of interest to focus 

on mitigating the negative effects of Airbnb on housing affordability and livability (Barker, 2020). 



Page 55 of 90 

 

On the other hand, the municipality of Amsterdam does not want to forbid Airbnb altogether, 

because of its undeniable positive effect on the economy (Jordan and Moore, 2018). This research 

therefore suggests that the municipality of Amsterdam should optimize existing legislation, by 

introducing a permit system, which would allow a certain amount of Airbnb listings in certain 

neighborhoods. This could increase the total amount of Airbnb listings, while distributing the 

burdens that come with the increasing number of tourists over a greater surface area. In 

Amsterdam, the same is done for houses that accommodate students. Only a certain percentage 

of the total housing stock can be converted to student accommodation to prevent the 

studentification of a neighborhood, which could drive away other groups of residents 

(Municipality of Amsterdam, 2021b). Introducing such a permit system could thus be a viable 

option to apply to Airbnb listings too. 

 Furthermore, in the discussion section, the total effect of Airbnb activity is divided 

between the effect of entire homes and private rooms. From that analysis, it becomes apparent 

that the effect of Airbnb activity on residential real estate is mainly driven by entire homes and 

that the effect of Airbnb activity on livability is stronger for entire homes than for private rooms. 

The municipality should take these findings into account when it comes to new legislation 

regarding Airbnb. To increase the positive effects of Airbnb, which are mainly economical, it could 

be of interest to decrease the amount of entire home listings and increase the amount of private 

room listings, as private room listings do not have as much of a negative effect on housing 

affordability and livability as entire home listings. The municipality of Amsterdam could 

accomplish this by making it mandatory to register the listing type when the home owner 

registers for a permit and check if the specified listing type corresponds to the listing type of the 

ad on the Airbnb platform. 

 

Limitations and future research  

The current study had some limitations. According to the Breusch-Pagan / Cook-Weisberg test 

and White’s test, there exists heteroskedasticity in some of the regression results. 

Heteroskedasticity leads to a violation of the OLS assumption of constant variance (White, 1980). 

This paper used neighborhood clustered standard errors to overcome the problem of 

heteroskedasticity (Cameron and Miller, 2015). Furthermore, the variables residential real estate 

values and Airbnb activity are transformed into a natural log, so that the effect of extreme values 

is reduced. Unfortunately, the Breusch-Pagan / Cook-Weisberg test and White’s test cannot be 

used after using clustered standard errors. Therefore, heteroskedasticity in the data cannot be 

ruled out. 

 Furthermore, Ramsey’s RESET test indicates that the model is not correctly specified. A 

model that is not correctly specified could potentially lead to results that are not reliable (Ramsey, 
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1969). Future research could try to use a non-linear functional form to approximate the 

relationships. 

 Data on subjective livability and the control variables that were provided by several 

governmental agencies had been provided at the neighborhood-level to protect the privacy of 

individuals. This research chose to aggregate all other data at the neighborhood-level, so that all 

data was measured at the same level of aggregation. Unfortunately, this leads to a loss of detail. 

Future research could focus on a multilevel model or a structured equation model to retain the 

detail that is in the residential real estate data and Airbnb data (e.g., Preacher, Zyphur and Zhang, 

2010).  

 This study used a single variable as the measure of subjective livability. However, livability 

consists of multiple factors. For example, the Leefbaarometer consists of 100 individual variables 

(Ministry of Internal Affairs and Kingdom Relations, 2016). It would be beneficial to governmental 

bodies to get a better understanding of the livability factors that are most affected by Airbnb 

activity, so that they can focus their effort at introducing policies specifically addressing those 

issues.  
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Appendix B: The effect of all Airbnb listings on residential real estate values 
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Appendix C: The effect of all Airbnb listings on subjective livability 
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Appendix D: The effect of all Airbnb listings and subjective livability on residential 

real estate values 
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Appendix E: The effect of Apartment and Private room Airbnb reviews on 

residential real estate values 
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Appendix F: The effect of Apartment and Private room Airbnb reviews on 

subjective livability 
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Appendix G: The effect of Apartment and Private room Airbnb reviews and 

subjective livability on residential real estate values 
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Appendix H: Correlation matrices 
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Appendix I: The number of reviews per neighborhood (map) 

 

Figure 3: The number of reviews per neighborhood of the municipality of Amsterdam in 2015 
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Figure 4: The number of reviews per neighborhood of the municipality of Amsterdam in 2017 
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Appendix J: Airbnb 

Airbnb started out in 2008 as a website to facilitate bookings for consumers who wished to rent 

out unused or underused space, such as an air mattress, a couch or a spare room. Airbnb is a so 

called short-term rental company. Also known as peer-to-peer (P2P) rental, short term rental is 

defined as an individual or household renting (a portion of) a private home, apartment or other 

private space to another individual or household for a period less than 30 days (Jordan and Moore, 

2018). This is different from the traditional form of tourism accommodation which involves 

business-to-consumer (B2C) transactions, such as hotels. Over the years, Airbnb’s popularity 

skyrocketed and grew to be the biggest short-term rental broker of the world (Gutiérrez et al., 

2017). As of today, Airbnb facilitated more than 800 million guest arrivals worldwide, lists more 

than seven million listings in over 220 countries and 100.000 cities and accommodates more than 

two million people across the world every day (Airbnb, 2020a). It thereby surpassed all mayor 

and well-established hotel chains, such as Marriot, Hilton and InterContinental, in number of beds 

offered and in market valuation (Oskam and Boswijk, 2016). While Airbnb is not the only short-

term rental company on the Dutch market, it is certainly the market leader in this particular 

domain (Guttentag, 2015; Oskam and Boswijk, 2016). 

 

One might ask how Airbnb became the biggest short-term rental broker of the world. There are 

multiple explanations to the explosive growth of Airbnb.  

 Firstly, unlike conventional hotels, Airbnb does not own or manage any property itself. It 

merely acts as a broker between property owners wishing to rent out space on the short-term 

rental market and consumers or business travelers looking for accommodation (Kenny and 

Zysman, 2016). As a result, Airbnb does not have to deal with cleaning rooms, having a reception 

or doing maintenance on the properties like other hotels have to.  

 Secondly, before the inception of Airbnb and other short-term rental brokers, consumer-

to-consumer accommodation was limited, because it was difficult for hosts to advertise their 

accommodation to consumers and business travelers looking for accommodation. Airbnb 

overcame this obstacle by its use of the internet and Web 2.0 technologies. By using the internet, 

hosts could easily reach millions of potential renters and consumers or business travelers looking 

for a place to sleep have a variety of options to choose from on the platform. This makes Airbnb 

an attractive platform for both hosts and renters (Guttentag, 2015; Habibi, Davidson and Laroche, 

2017).  

 Thirdly, every home owner could be a potential Airbnb landlord and thus a large portion 

of the housing stock could have the potential to become an Airbnb listing. Home owners wishing 

to rent out (a spare room in) their residence could easily create a listing on the Airbnb website. 

Home owners wishing to rent out an entire house, which was previously occupied by a long-term 
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tenant would only need to remove the existing tenant before he/she could list the property on the 

Airbnb platform (Wachsmuth and Weisler, 2018).  

 Lastly, with platform like Airbnb, growth leads to increasing returns to scale. When more 

consumers make use of the platform and more listings are available on the platform, it is easier to 

find the right match between the two. The platform then becomes more valuable and users pay 

more for access to a larger network (Eisenmann, Parker and Van Alstyne, 2006). 

 Together, these traits make Airbnb’s business model unique. It could be said that Airbnb’s 

business model was truly disruptive for the short-term rental industry at the time of its inception 

in 2008 (Christensen and Raynor, 2003). According to disruptive innovation theory, products and 

services that offer alternative benefits than the traditional products and services on the market 

can transform that market and capture most of the market share (Guttentag, 2015). Airbnb’s 

business model was a first of its kind and had a first movers’ advantage over its competitors, which 

allowed it to become the largest short-term rental broker of the world. 

 

Disruptive technologies often outpace applicable regulations, resulting in concerns such as 

general legality or taxation (Carrns, 2013; Song, 2011; Wolverton, 2002). Therefore, in many cities 

around the world, short-term rental is legally restricted (Dann et al., 2019). In Paris, for example, 

rentals of less than 12 months are prohibited without a license (Huet, 2021). However, in the 

Netherlands, several municipalities have embraced short-term rentals. The goal of these 

municipalities is to promote tourism, while tourism can bring economic and social benefits to a 

city (Bahceli, 2015; Kok, 2015). One of these cities which embraced short-term rentals is 

Amsterdam. During the financial and housing crisis between 2007 and 2010, the municipality 

thought that allowing short-term rentals would help home owners to pay for their mortgages. The 

municipality also wished to increase visitor numbers and spread tourist spending over more 

neighborhoods so that more residents could benefit of the increasing number of tourists in their 

city (Oskam and Boswijk, 2016). Thus, the municipality of Amsterdam did not want to be too 

stringent by prohibiting all short-term rental activity in their city. Instead of prohibiting short-

term rental activity, the municipality of Amsterdam and Airbnb sat down at the table and 

discussed what would be best for all parties involved. In the end, Amsterdam passed “Airbnb 

friendly legislation” (van de Glind and van Sprang, 2015). They agreed that from the 1st of January, 

2017, entire homes could only be rented for a maximum of 60 days per year if the home-owner 

did not have a license (Dann et al., 2019). 

 In the early years of Airbnb, things worked out. However, due to the steep tourism growth 

in general and the popularity of short-term rentals in particular, many investors saw the potential 

to earn great amounts of money by transforming long-term rentals to short-term rentals. They 

started building a portfolio of Airbnb properties in the most popular neighborhoods, driving up 
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real estate values and rental prices (Oskam and Boswijk, 2016). Due to the rising residential real 

estate values and the upward pressure on livability in some neighborhoods in Amsterdam, the 

municipality decided to intervene. The current situation was not sustainable in the long run. 

Because the negative effects of short-term rentals became more visible, the municipality 

eventually decreased the number of days entire homes without a license could be rented to 30 

days per year (Municipality of Amsterdam, 2020a). 
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Appendix K: STATA-code 
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