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1. Introduction 

1.1. Airbnb 

Over the last decade, the worldwide economic importance of the sharing economy has grown rapidly 

(Sundararajan, 2016). Platforms for peer-to-peer accommodations sharing have experienced strong 

growth within the sharing economy landscape (PWC, 2015). Peer-to-peer platforms allow users to 

offer products and services while the platform operator manages and maintains the market place 

(Bostman and Rogers, 2011). Airbnb has pioneered the use of this business model to connect people 

who want to offer their homes, or parts of them, for rent to tourists and others in need of short-term 

accommodation (Ikkala and Lampinen, 2014b; Zervas et al., 2016; Wang and Nicolau, 2017a).   

The Airbnb concept was created by two university graduates who converted their home into an ‘’Air 

Bed & Breakfast’’ by offering overnight stays on air mattresses during a San Francisco conference in 

2007 (Oskam, 2016; Gebbia, 2016). The company that started with three air mattresses and broke 

roommates, now offers luxurious lofts, penthouse suites and properties for more than 20 people 

(Carson, 2016; Oskam, 2016). They converted the ‘’inviting strangers to your personal place’’ concept 

into a profitable business model. Since launching in 2008, the business model has seen rapid growth: 

it has become one of the largest single tourism accommodation distribution platforms in the world, 

with 3.000.000 listings and 200.000.000 guests in 65.000 cities and more than 191 countries 

worldwide (Gibbs et al., 2017; Airbnb, 2017a; Teubner et al., 2017). Airbnb has become both a 

competitor and a disruptor for the traditional hospitality industry (Oskam, 2016). 

In studying the networked hospitality market leader, this report seeks to shed light on the 

relationship between pricing and its determinants. Specifically, accommodation rental offers in 

Rotterdam listed on Airbnb are investigated using a hedonic pricing model. Different variables are 

explored in order to examine if and how different listing characteristics are reflected in the price.  

1.2. Pricing

Pricing is widely acknowledged to be one of the most important factors determining the long-term 

success of the hospitality industry (Hung et al., 2010; Wang and Nicolau, 2017a). Due to the unique 

characteristic of perishability, meaning that a room cannot be stored away but rather must be sold 

each given night, pricing and revenue management have been identified as two of the most 

frequently researched topics within the accommodation business (Yoo et al., 2011). The price of a 

hotel room influences consumer’s decision-making and profitability of the hotel, and therefore it is 

crucial to understand pricing (Gibbs et al., 2017). 

Recognizing the importance of pricing to the overall hospitality industry, it could be argued that 

pricing is one of the most important business practices for Airbnb hosts to master. Due to the strong 

growth of Airbnb, hosts are increasingly facing greater competition and strategic pricing becomes 

crucial. However, understanding Airbnb prices not only provides insights of practical importance to 

hosts, but also to researchers, hospitality professionals and municipalities trying to understand the 

sharing economy accommodation phenomenon (Gibbs et al., 2017). 

According to a research study of Hill (2015), hosts are having difficulty with making pricing decisions 

and determining the real market value of their listing. The uniqueness of their offerings on Airbnb 
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makes it very difficult to set efficient prices. In order to tackle this problem, Airbnb introduced a 

pricing tool, offering new daily price tips to help hosts set prices optimally. The tool is based on an 

algorithm that takes into consideration a large number of factors, but lacks transparency (Gibbs et 

al., 2017). Hence, this study will give insights in the price determinants of Airbnb and will hereby 

create more transparency.  

Although Airbnb has become both a competitor and a disruptor for the traditional hospitality 

industry, only a few researches have investigated the factors determining the price of sharing 

economy based accommodation (Gutt and Herrmann, 2015). The number of publications does not 

yet reflect the importance, which the disruptive business model of networked hospitality has 

acquired (Teubner et al., 2017; Oskam, 2016). This study contributes to the limited body of literature 

related to Airbnb and pricing and explains which variables make up the price of a listing, and 

therefore indicate how Airbnb host set their prices and if they systematically link their prices to the 

characteristics of their listing. The study analyzes how characteristics of Airbnb listings influence the 

price of Airbnb in Rotterdam, a secondary tourist destination of growing popularity in the 

Netherlands. 

 

2. Literature review 

2.1. Background of Airbnb 

Collaborative consumption 

The sharing economy is a socio-economic system that allows for shared creation, production, 

distribution and consumption of goods and services among individuals (Tussyadiah and Pesonen, 

2015). It is a major disruption that is happening across the globe, reversing business models and 

driving companies and individuals to rethink the use of underutilized assets (PWC, 2015).  

The emerge of collaborative consumption, has been enabled by two key factors: technological 

progression and supply-side flexibility (Bostman and Rogers, 2011; Zervas et al., 2016; Wang and 

Nicolau, 2017a). Technology innovations have empowered individuals to create their own content, 

share information and conduct transactions via online platforms and market places (Kaplan and 

Haenlein, 2009; Zervas et al., 2016; Wang and Nicolau, 2017a). Likewise, supply-side flexibility 

enables collaborative consumption as suppliers can easily list and de-list the variety of goods and 

services offered on the peer-to-peer platform (Zervas et al., 2016). 

The sharing economy phenomenon is arguably reshaping the market place. Collaborative 

consumption takes many forms, including the rental of houses, car sharing, asset sales, credit unions 

and the provision of freelance labor (Lamberton, 2015; Wang and Nicolau, 2017a). As a term, 

‘’sharing’’ can be related to notions of gifts and favors. Nonetheless, many peer-to-peer platforms 

explicitly involve monetary negotiated exchanges (Lampinen and Cheshire, 2016). 

Sharing economy based accommodation rental 

Sharing economy based accommodation rental has shown rapid growth as a result of high tourist 

demand (Guttentag, 2015; Heo, 2016), with Airbnb being the leading platform (Wang and Nicolau, 

2017b). Airbnb disrupts the traditional hospitality industry: instead of a single company managing 

buildings, terms and leases, Airbnb facilitates connections between hosts who rent spaces in their 

homes or secondary properties and guests from around the world (Lampinen and Cheshire, 2016). 
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Airbnb describes itself as ‘’a trusted community marketplace for people to list, discover and book 

unique accommodations around the world (Airbnb, 2017a)’’. Joe Gebbia, Airbnb CPO, puts the 

emphasis on ‘’commerce with the promise of human connection’’ (Gebbia, 2016).  

Airbnb listings range from entire homes, to private or shared rooms in an accommodation where the 

host is also present, and the involve very modest to extremely luxurious accommodations 

(Guttentag, 2015; Wang and Nicolau, 2017b). The networked hospitality leader enables potential 

guests to search for accommodation based on destination, travel dates and number of guests. The 

website then displays a list of available listings that can be redefined by characteristics, including 

neighborhood, price and amenities. Also, specific listings can be selected for more details such as a 

description, reviews and photo’s. If the potential guest is interested in an accommodation, a 

message can be sent to the host, with the possibility to ask questions. Subsequently, the host can ask 

questions in return and may accept or reject the reservation. Payments are made through the Airbnb 

website (Guttentag, 2015). 

Motivations for Participation 

Several studies have investigated social and psychological aspects of the sharing economy based 

accommodation phenomenon, such as the motivation of hosts and guests. From the perspective of 

hosts, a study of Ikkala and Lampinen (2015) found Airbnb hosts in Finland to be motivated by both 

financial and social reasons. Building upon this study Lampinen and Cheshire (2016) illustrate that 

the financial benefits of hosting do not necessarily crowd out intrinsic motivations, including social 

exchange and interpersonal interaction, for hosting but instead strengthen them.  

According to Guinby and Gasdia (2014) travelers stated better value for money and more space as 

the top reasons to choose for sharing economy based accommodation rental. Similarly, Balck and 

Cracau (2015) argue that guests point out cost reduction as the main reason to choose for peer-to-

peer accommodation instead of hotels. Moreover, Tussyadiah (2014) surveyed peer-to-peer short-

term rental users and found that they were motivated by three key factors, being community, 

sustainability and economic benefits, with economic benefits being the most significant. Additionally, 

Nowak et al. (2015) conducted a study with US and European Airbnb guests and concluded that the 

top five reasons to rent an Airbnb are cheaper price, location, authentic experience, own kitchen and 

uniqueness of the unit.  

Similarly, Guttentag (2015) has examined Airbnb guests’ motivations for using the platform and 

proposed three appeals of the service: price, amenities and authenticity. The findings suggest that 

guests choose peer-to-peer accommodation over traditional hotels as it provides a wide range of 

prices and property features, as well as a more diversified experience. Renting an Airbnb property, 

allows people to create social connections, since guests are able to have direct interactions with 

hosts and to connect with local communities (Tussyadiah and Pesonen, 2015).  

2.2. Hedonic Pricing in the Traditional Accommodation Industry  

Hedonic pricing 

Hedonic pricing theory claims that the price of a product can be derived from measurable attributes 

or characteristics of the product (Rosen, 1974). According to this theory, the price of an Airbnb listing 

can be associated with the presence or absence of certain characteristics. In other words, the listing 

price reflects the hosts’ perception of guests’ willingness to pay for certain listing characteristics 

(Gibbs et al., 2017).  
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Hedonic pricing theory uses multiple regression analysis to investigate the correlation between 

characteristics and the price of the product (Rosen, 1974). The theory has been regularly used in 

research regarding the accommodation industry, including hotels, holiday apartments and bed and 

breakfasts (Gibbs et al., 2017). From the perspective of the traditional accommodation industry, 

typical price determinants are: quality signaling factors, location, amenities and services, property 

characteristics and market characteristics (Wang and Nicolau, 2017b; Teubner et al., 2017; Gibbs et 

al., 2017).  

Quality signaling factors 

The first category of traditional accommodation price determinants is quality signaling factors. 

Quality signaling factors offer buyers information on the quality of the accommodation (Yang et al., 

2016). Hotel quality signaling factors include chain affiliation, star rating and customer rating (Wang 

and Nicolau, 2017b). Firstly, hotel rates are higher if hotels are affiliated with branded chains 

(Thrane, 2007; Chen and Rothschild, 2010; White and Mulligan, 2002; Becerra et al., 2011) Secondly, 

high star ratings are one of the main positive drivers for price (Schamel, 2012; Zhang et al., 2011; 

Yang et al., 2016; Becerra et al., 2011; Chen and Rothschild, 2010). Thirdly, using a sample of hotels 

in the Caribbean islands, Yang et al. (2016) show that high customer ratings have a significant 

positive influence on the price. Similarly, Schamel (2012) explores the effect of customer ratings, and 

find that positive customer ratings lead to a higher price.  

Location  

The second category of traditional accommodation price determinants is location. Several studies on 

the influence of location on accommodation price show that a shorter distance from a focal point, 

such as the city center, train station or major attraction, is associated with a higher price (Wang and 

Nicolau, 2017b; Schamel, 2012; White and Mulligan, 2002; Zhang et al., 2011). For example, Thrane 

(2007), identified the relationship between location and price of 78 hotels in Oslo and found that 

hotels located close to the train station in the city center had a higher average daily rate. However, 

these findings are not replicated by Chen and Rothschild (2010), who based on a study of 73 hotels in 

Taiwan, detect that hotels in the city center were less expensive than hotels located outside of the 

city center. With respect to holidays hotels in the sun-and-beach segment, a shorter distance from 

the beach is correlated with a higher price (Coenders et al., 2013; Saló and Garriga, 2011).   

Amenities and services 

The third category of traditional accommodation price determinants is amenities and services. 

Several research studies state that hotels that provide amenities, including hair dryers, mini-bars, 

televisions and safes consistently charge higher prices (Becerra et al., 2011; Yang et al., 2016; Zhang 

et al., 2011; Schamel, 2012). Moreover, the provision of services such as room service, a late 

checkout and advance booking are positively correlated with a higher price (Schamel, 2012; Yang et 

al., 2016). 

Property characteristics  

The fourth category of traditional accommodation price determinants is property characteristics. 

One of the most important property characteristics for hotels is parking. Amongst city-based hotels, 

parking increased the price from 7.4% to 19% (Coenders et al., 2013; Thrane, 2007; Juaneda et al., 

2011). Other meaningful property characteristics of hotels are fitness centers. Chen and Rothschild 

(2010) determined that hotels with fitness centers charged prices that were 26.7% higher than hotels 

without fitness centers.  
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Moreover, Saló and Garriga (2011) analyzed the price of second-home rentals in Spain, and found 

that the rental price of holiday apartments were 10.9% lower than the price of terraced houses, and 

detached houses were 13.8% more expensive than terraced houses.  

Also, they identified that an additional room increases the rental price by 13,8%. Likewise, Juaneda 

(2011) concur in their study that an extra room in a holiday apartment generated an additional 20,6% 

in price. Fleischer (2012) measured the influence of views on the price of hotels situated on the 

Mediterranean Sea. Hotel room prices were found to be about 10% higher for a room with a view 

than for one with no view specification.  

Market and industry characteristics 

The last category of traditional accommodation price determinants is market and industry 

characteristics. Yang et al. (2016) found that high flight costs, which means low market accessibility, 

lead to lower hotel prices. Moreover, Becerra et al. (2011) show that the number and proximity of 

competitors influence the price.  

2.3. Airbnb Pricing 

Background of hosts  

Airbnb hosts are acting as sharing economy entrepreneurs, social media marketers and hospitality 

providers, selling accommodation to prospective guests. However, hosts generally have little general 

business or hospitality knowledge, which gives them a unique position in the tourist industry (Gibbs 

et al., 2017). Ikkala and Lampinen (2014a) performed qualitative interviews with Airbnb hosts, and 

found that they price their listings below the market price in order to be able to choose guests from a 

wider pool of candidates.  

Using a data set of Airbnb listings in Chicago, Li et al. (2015) evaluate differences in the operational 

and financial performance of professional hosts (with two or more properties) and non-professional 

hosts (with only one property). They found that properties managed by professional hosts earn 

16.9% more in daily revenue and have 15.5% higher occupancy rates, compared with properties 

owned by nonprofessional hosts. Also, their data suggests that professional hosts are less likely to 

leave the market place. These differences can be explained by pricing inefficiencies of 

nonprofessional hosts, meaning that professional hosts involve in more intense pricing activities and 

respond better to moments of higher demand.  

Furthermore, several studies have explored differences in pricing caused by racial backgrounds of 

hosts. Edelman and Luca (2014) tested racial discrimination against hosts of Airbnb in New York, 

using a data set that combines hosts’ pictures with the listed price. They concur that non-black hosts 

charge approximately 12% more than black hosts on comparable properties. Moreover, a related 

study on racial discrimination by Kakar et al. (2017), examined the effect of racial backgrounds of 

host on the price of Airbnb listings in San Franciso. They find that Asian and Hispanic hosts charge 8% 

to 10% lower prices compared to their white counterparts. They suggest that minorities charge lower 

prices because they either expect discrimination on the peer-to-peer platform or prefer to increase 

demand in order to achieve occupancy targets or attract more potential guests. 

Unique characteristics 

Airbnb has many unique listing characteristics, such as instant booking and the cancellation policy 

that could be important price determinants (Gibbs et al., 2017). Furthermore, trust is considered to 

be of high importance for the sharing economy accommodation rental (Teubner et al., 2017; 
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Bostman and Rogers, 2011; Hawlitschek et al., 2016; Ert et al., 2016) Airbnb hosts’ income clearly 

depends on how much demand they are able to attract at a certain price. Also, the entire process of 

selecting a listing and sending a booking request is conducted online, which makes the information 

showed on the Airbnb website the only reference point for potential guests (Hawlitschek et al., 

2016).  

Hence, trust is crucial to change a potential guests’ interest into a booking request (Teubner et al., 

2017; Hawlitschek et al., 2016; Gebbia, 2016) For this reason Airbnb has implement different tools to 

facilitate trust between hosts and guests, including review systems, personal pictures and profiles 

and mutual rating (Gebbia, 2016; Teubner et al., 2017; Kakar et al., 2017). The effects of trust tools 

on the price of Airbnb listings have been analyzed in several studies. Wang and Nicolau (2017b) find 

that hosts with a Superhost status, more listings and verified identities usually charge higher prices.  

Similarly, research of Liang et al. (2017) shows that guests are willing to spend more on superhosts 

accommodations and Gibbs et al. (2017) demonstrate that a Superhost badge and higher star ratings 

consistently translate into price premiums. Using a data set of more than 5000 Airbnb listings in 

Austin, Texas, Xie and Mao (2017) estimate the effects of host attributes on listing performance. The 

study reveals that characteristics such as Superhost badge, response rate and operating experience 

are positively correlated with the number of reservations.  

Gutt and Herrmann (2015) empirically investigate how Airbnb hosts in New York adjust their prices 

once their listings get a visible star rating for the first time. The findings indicate that hosts whose 

listings achieve star rating visibility significantly increase their prices by an average of €2.69 more 

than hosts with equivalent listings who do not experience this rating visibility. Interestingly, these 

studies also show that more reviews are associated with a drop in price (Gutt and Herrmann, 2015; 

Wang and Nicolau, 2017b; Xie and Mao, 2017; Liang et al., 2017). A possible explanation could be 

that lower prices attract more bookings (Wang and Nicolau, 2017b). Based on a data set of Airbnb 

listings in Germany, Teubner et al. (2017) find that hosting rating scores, accommodation 

photographs and duration of membership significantly impact price.  

3. Research methods 

3.1. Data collection 

The population of this research project consists of all Airbnb properties in Rotterdam since its launch 
in 2008. For this research report primary data has been used to perform quantitative research on a 
large-scale data set of Airbnb listings in Rotterdam obtained by AirDNA (AirDNA, 2017). AirDNA is an 
analytics platform that provides data packages of Airbnb by scraping data from information publicly 
available on the Airbnb website. Web scraping is the defined process of extracting and combining 
contents of from the web in a systematic web (Glez-Peña et al., 2013). The dataset contained 6.591 
Airbnb listings located in The Hague and Rotterdam in the period August 2010 – February 2017. 

The sample used for this research study is the scraped data provided by AirDNA. The first scraped 
data available are from 6 August 2010 and the last scraped data are from 10 February 2017. For this 
reason, the sample size is all Airbnb properties in Rotterdam that are active on the platform since 6 
August 2010 till 10 February 2017, and from which all necessary data could be scraped. Airbnb 
properties listed after 10 February are not included in the analysis. In total, 1370 listings are included 
in the multiple linear regression analysis. Unfortunately, the data set provided for this research 
report limits the number of listing characteristics that could be investigated. For this reason, 14 
variables are examined, divided in the following four categories: host characteristics, site and 
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property characteristics, rental rules, and reputational characteristics. While this research included 
traditional accommodation price determinants including location, customer reviews and capacity, 
the analysis also took into account host characteristics and rental rules, as suggested by the 
literature on this topic, such as the superhost badge and the cancellation policy. Response rate was 
excluded from the model due to its great amount of missing values 

3.2. Measuring instruments 

In order to examine if and how different listing characteristics are reflected in the price, average daily 

rate (ADR) was taken as dependent variable. The effects of 14 listing characteristics (independent 

variables) are tested and divided in the following four categories: host characteristics, site and 

property characteristics, rental rules, and reputational characteristics. 

 

Variable Description 

Dependent 

Price Average daily rate (ADR) measured in Euro 

Independent 

Host characteristics 

Superhost Badge Being a Superhost: they have hosted at least 10 trips; maintained 90% 
response rate or higher; received a 5-star review at least 80% of the 
time they have been reviewed as long as at least half of the guests 
who stayed left a review; completed each of their confirmed 
reservations without cancelling (Airbnb, 2017c) 

Number of listings Host's number of accommodation rentals listed on Airbnb 

Site and Property Characteristics 

Distance to the city center The distance (KM) between the location of a listing and the 
municipally of Rotterdam 

Number of bedrooms The number of bedrooms 

Listing type Either an entire home, private room or shared room 

Business Ready Status The listing is an entire home and includes 24-hour check-in; Wi-Fi; a 
laptop-ready workspace; smoke and carbon monoxide detector and 
amenities such as hairdryers, hangers, an iron and shampoo (Airbnb, 
2017h) 

Created date Date on which the rental was first listed 

Max number of guests Maximum number of guests 

Rental rules 

Cancellation policy Either flexible, moderate or strict (Airbnb, 2017b) 

InstantBook The guest can place a reservation without explicit approval from the 
host (Airbnb, 2017g) 

Reputational Characteristics 

Number of bookings The ratio of total number of bookings over the years that the rental 
was first listed 

Number of reviews The ratio of total number of review over the years that the rental was 
first listed 

Overall rating Overall review scores, 1- 5 (Airbnb, 2017d) 

Number of photos The number of pictures of the listing 

Table 1 independent and dependent variables used in multiple linear regression analysis 
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3.3. Statistical testing 

As outlined in the literature review, hedonic price modeling assumes that the listing characteristics 

will be reflected in the price and that by regression analysis the individual impact of the various 

characteristics can be quantified. Hence, multiple linear regression analysis is used to detect 

relationships between the dependent variable and a set of independent variables (Rosen, 1974; 

Gibbs et al., 2017; Wang and Nicolau, 2017b; Teubner et al., 2017). Multiple linear regression 

analysis is an extension of simple linear regression analysis, because it assesses the association 

between two or more independent variables and a single dependent variable. In other words, it 

decomposes the unique contribution of each variable as predictor of ADR, and takes into account the 

correlations between the different independent variables. In the least-squares model, the best-fitting 

line for the observed data is calculated by minimizing the sum of the squares of the vertical 

deviations from each data point to the line. The multiple linear regression analysis is used to identify 

the strength of the effect that the independent variables have on the dependent variable and to 

understand how much the dependent variable will change when the independent variable changes 

(Stats, 2011; Statistics Solutions, 2017). 

3.4. Data analysis procedures 

Preparation of the dataset 

Select Rotterdam properties 
The data set provided by AirDNA contained of a total of 6,591 Airbnb listings of which 3,021 in The 

Hague and 2,570 in Rotterdam. Since this research study is focused on Airbnb listings in Rotterdam, 

all the Airbnb listings in The Hague were taken out of the data set. Additionally, the listings were 

checked on their actual location and listings that were not located in areas that are part of the 

municipality of Rotterdam were taken out of the data set as well. This reduced the amount of 

properties to 2,567.  

 

 

FIGURE 1 Municipality Rotterdam (Gemeente Rotterdam, 2017). 

 

Outlier ADR 
Also, the data set contained of some listings without scraped ADR. This reduced the data set to 1,921 

properties. Listings with an ADR of 274.59, i.e. a z-value larger than 3.29 were eliminated as outliers. 

This reduced the amount of properties to 1,891.  

Recode into new variable 
The variable created date has been converted to a new variable: ListedMonths, meaning the 

difference between the date of my analysis (8 December 2017) and the created date expressed in 

the number of months, in order to perform a better analysis.  
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Dummy variables 
In order to include nominal and ordinal variables in the multiple regression analysis, the variables’ 

categories are converted into dummy variables with 0/1 coding. The variable number of listings has 

been recoded into two dummy different variables: professional hosts (2+ listings) and 

nonprofessional hosts (1 listing), since more valuable conclusions could be written.  

Superhost Yes = 1; No = 0 

Nonprofessional 

Professional 

Reference 

Yes = 1; No = 0 

Entire home 

Private room 

Shared room 

Reference 

Yes = 1; No = 0 

Yes = 1; No = 0 

Business ready status Yes = 1; No = 0 

Flexible 

Moderate 

Strict 

Reference 

Yes = 1; No = 0 

Yes = 1; No = 0 

Instant booking enabled Yes = 1; No = 0 

TABLE 2 Code Book Dummy Variables 

Test assumptions 

Multiple linear regression analysis makes several key assumptions, which were checked (Statistics 

Solutions, 2017). 

1. Multivariate Normality 

Multiple regressions assume that the errors between observed and predicted values (i.e., the 

residuals of the regression) are normally distributed. This assumption has been checked by looking at 

a histogram and a normal p-p plot (Statistics Solutions, 2017) (figure 2 and 3). 

 



 
 
 

 

10 | P a g e  
 

 

FIGURE 2 Histogram Regression Standardized Residual (ADR) 

 

 

 

 

FIGURE 3 Normal P-P Plot of Regression Standardized Residual (ADR) 

The histogram shows a quite unregular distribution of the residuals associated with listing 

characteristic. Also, the values in the plot are not very close to the line of least squares, the line of 

the greatest fit. This might indicate multivariate abnormality. 
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2. No multicollinearity 

Multiple regressions assume there is no multicollinearity in the data, which occurs when the 

independent variables are too highly correlated with each other (Statistics Solutions, 2017) . 

Multicollinearity is checked by assessing the Pearson’s correlations among all independent variables. 

The highest correlations are found between the number of bookings and the number of reviews (r = 

0.729) and between the number of bedrooms and the max number of guests (r= 0.699) (appendix 

6.2, table 7). However, all the correlations between the independent variables are less than 0.80. 

Moreover, the Variance Inflation Factors (VIF) of the multiple linear regression have been checked 

and are all smaller than 10. Hence, no multicollinearity issues exists (Gibbs et al., 2017; Statistics 

Solutions, 2017). 

3. Homoscedasticity 

The last assumption of multiple linear regressions is homoscedasticity, which states that the variance 

of error terms are similar across the values of the independent variables (Statistics Solutions, 2017). 

A plot of standardized residuals (ZRESID) versus predicted values (ZPRED) has been created to 

indicate whether points are equally distributed across all values of the independent variables (figure 

4). Heteroscedasticity is present when the variance associated with the residuals of the dependent 

variable are not homogenous across levels of the independent variable. The strength of the 

prediction of the regression equation should be equally strong across all levels of the independent 

variables (Stats, 2011). The cone-shaped pattern in figure … shows that the data might be 

heteroscedastic.  

 

 

 

FIGURE 4 Plot of Standardized Residuals Vs Standardized Predicted Values (ADR) 

Logarithmically transform data 

When the residuals of the regression are not normally distributed and the data is heteroscedastic, a 

non-linear data transformation offers a solution (Statistics Solutions, 2017). For this reason, the Y 

(ADR) has been logistically transformed. Whereas in the equation Y = a + bX, a unit increase in X is 

associated with an average of b units increase in Y, in the equation Ln(Y) = a + bX, a unit increase in X 

is associated with an average of b% increase in Y (Statistics Solutions, 2017). The log transformation 

has resulted in the following histogram and plots (figure 5 and figure 6).  
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FIGURE 5 Histogram Regression Standardized Residual (LOG ADR) 

 

FIGURE 6 Normal P-P Plot of Regression Standardized Residual (Log ADR) 

The histogram in figure 8 indicates that after the log transformation the residuals associated with 

listing characteristics are equally distributed. Moreover, the plot in figure 9 shows that the values are 

now ‘’hugging’’ the line of least squares. 
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FIGURE 7 Plot of Standardized Residuals vs Standardized Predicted Values (Log ADR) 

 

The cone-shaped pattern has disappeared after the log transformation, which indicates that the data 

is probably homoscedastic (figure 7). To be 100% certain about this assumption, a Breusch-Pagan 

test should be performed (Gibbs et al., 2017). However, due to administrator limitations in SPSS the 

test could not be executed. It should be noted that even when the data might still be 

heteroscedastic, it would not violate the results presented due to the large sample size (Gibbs et al., 

2017). 

Descriptive statistics 

Descriptive statistical tests have been performed, to give a better overview of the dependent and 

independent variables. The data set contained of 1,891 listings, and for the descriptive statistics all 

listings with available data are taken into account.  

Statistical analysis 

After the data set was prepared, the multiple regression analysis could be conducted. The multiple 

regression analysis included 1,370 Airbnb listings, as it can only take into consideration Airbnb listings 

with zero missing values.  

The following multiple regression model has been formulated: 

Ln(ADR)i = β0 + β1SuperhostBadge + β2Professional + β3DistanceTo + β4NumberOfBedrooms + 

β5Private + β6Shared + β7BusinessReady + β8ListedMonths + β9MaxGuests + β10Moderate + 

β11Strict + β12InstantBook + β13NumberOfBookings + β14NumberOfReviews + β15OverallRating 

+ β16NumberOfPhotos + Ui 

The coefficients represent the percentage change in price when the independent variables change by 

1. The price effect of the dummy coded variables on the log dependent variable is quantified by eb - 

1, with b being the coefficient and e standing for the base of the natural logarithm (Gibbs et al., 

2017; Wang and Nicolau, 2017b) 

The stepwise multiple regression method has been applied in SPSS. Stepwise only includes 

statistically significant contributors to the multiple linear equation. It looks into the correlation 

matrix and chooses the independent variable that has the largest Pearson correlation with the 

dependent variable. It puts it into a regression and calls it model one, then it goes back to the 
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correlation matrix and looks to the next highest predictor of the dependent variable, controlling for 

variance in the first predictor. It does that sequentially; it keeps going back to the semi-partial 

correlations and looks for the next biggest predictor of the dependent variable. And once it finds a 

non-significant predictor it stops the analysis (Stats, 2011). After the results of the multiple 

regressions have been analyzed, a conclusion and recommendations were written.  

Limitations 

Demand side 
The research study used the ADR as dependent variable and this does not take into account the 

demand side by for example weighting the ADR by the occupancy rate. For this reason, no 

conclusions can be made about the accuracy of the host’s perception and economic success of their 

pricing strategy.  

One price point / average price 
Moreover, only one average price is used in the research study. Hence, the influence on price of 

different seasons, special events and moment of the week (weekdays vs. weekends) are not taken 

into account.  

Limited independent variables 
The research does only consider a limited amount of variables. As suggested in the literature review 

other factors could also be taken into account, such as the presence or absence of amenities and 

special services offered (late check-in, breakfast). Also, the research model does not include market 

competition and other external factors. The large variety in the types of properties makes it very 

difficult to model competition, and therefore it was not possible to take into account. Hence, the 

research study cannot make conclusions about if and how hosts include competition in their pricing 

decisions.  

Data reliability 
The data was scraped and provided by AirDNA. Since the data was scraped from information 

publicity available on the Airbnb site, there might be inaccuracies in the data, which could potentially 

harm the results. The reserved status is extrapolated by AirDNA from historical data. 

Lack of segmentation 
Different target markets (for example business travelers vs. leisure travelers) are not involved in this 

research study, and therefore the research assumes that hosts focus on one equal consumer market. 

Hence, no statements can be made about price differences between different target groups. 

Lack of price areas  
Also, no interquartile ranges of the ADR are applied for indicating a significant difference among 

certain price ranges. For example, the distance to the city center could have a greater price effect for 

high-priced properties than for low-priced properties. Since the research does not include quantiles, 

no conclusions can be made about different effects of the listing variables for the various price 

ranges.  

Lack of multiple focal points 
The research takes into consideration only one focal point (the municipally) to indicate the effect of 

location on the listing price. However, Rotterdam might have multiple focal points, such as the 

harbor and some other specific tourist areas that could have a price effect on the listings.  
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Lack of psychological and social factors 
The research study aims to create a better understanding of host behavior and perception about 

price. However, no psychological and social factors are taken into account that indicates the rational 

for hosts’ price decisions. 

 

4. Results 
In the following paragraphs, the results are presented and the research questions are answered. The 

SPSS output of the descriptive statistical tests and the multiple linear regression analysis can be 

found in appendix 6.1 and appendix 6.2. 

4.1. Data analysis  

In order to give a better understanding of the data set, a frequency table and histogram of ADR has 

been created to display the distribution of Airbnb listings in Rotterdam by ADR (table 3 and figure 8). 

The ADR ranges from €10.00 to €261.67. On average the ADR is €78.62. Most listing prices range 

between €50.00 – €99.99 (44.8%).  

 

Price range Frequency Percentage Cumulative percentage 

€0.00 – €49.99 554 29.3% 29.3% 

€50.00 – €99.99 847 44.8% 74.1% 

€100.00 – €149.99 366 19.4% 93.4% 

€150.00 – €199.99  93 4,9% 98.4% 

€200.00 – €249.99 23 1.2% 99.6% 

€250.00+ 8 0.4% 100% 

Total 1,891 100%  

TABLE 33 Distribution of Airbnb Listings In Rotterdam By Average Daily Rate 
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FIGURE 8 Histogram Average Daily Rate 

In order to identify the determinants of the price of Airbnb listings in Rotterdam, the influence of the 

listing characteristics on the ADR in logarithmic form is assed. Appendix 6.2 displays the output of the 

multiple regression analysis conducted in SPSS. In the 11th model of the stepwise multiple regression 

analysis 11 dependent variables are included, which are: private rooms, shared rooms, max number 

of guests, number of photos, distance to the city center, overall rating, number of bedrooms, listed 

months, number of reviews, moderate cancellation policy, strict cancellation policy. Table 4 and 

table 5 demonstrate the main results of the multiple regression analysis. Table 4 includes the 

independent variables that have a statistically significant influence on price. Table 5 presents the 

independent variables that do not have a statistically significant influence on price. The beta 

coefficients represent the percentage change in price when the independent variables change by 1. 

The price effect of the dummy coded variables on the log dependent variable is quantified by eb - 1, 

with b being the coefficient and e standing for the base of the natural logarithm (Gibbs et al., 2017; 

Wang and Nicolau, 2017b). For this reason, ad additional column % change is added to the table.  

 

 

Variables P-value Correlation 
Coefficient 

Beta Coefficient % Change Standard 
Error 

Private* 0.000 -0.547 -0.522 -40.68% 0.022 

Shared* 0.000 -0.373 -0.947 -61.20% 0.064 

MaxGuests 0.000 0.162 0.047 4.75% 0.008 

NumberofPhotos 0.000 0.221 0.008 0.75% 0.001 

DistanceTo 0.000 -0.207 -0.051 -5.11% 0.007 

OverallRating 0.000 0.131 0.095 9.52% 0.020 

NumberofBedrooms 0.000 0.118 0.074 7.42% 0.017 

ListedMonths 0.000 0.111 0.003 0.29% 0.001 

NumberOfReviews 0.000 -0.108 -0.001 -0.14% 0.000 

Moderate* 0.001 0.089 0.071 7.36% 0.021 

Strict* 0.002 0.082 0.072 7.50% 0.024 

Constant 0.000 3.645   0.097 

Model information 

F-value 176.159     

Adjusted R2 0.585     

P-value model 0.000     

Durbin Watson 1.188     

* Binary variables 
TABLE 44 Significant Predictors of Ln(ADR); Multiple Regression Analysis SPSS 
 

 

Variable P-value Correlation 
Coefficient 

Superhost* 0.210 0.034 

Professional* 0.258 -0.031 

BusinessReady* 0.434 -0.021 

InstantbookEnabled* 0.564 0.016 

NumberOfBookingsLTM 0.479 -0.019 

TABLE 55 Unsignificant Predictors of Ln(ADR); Multiple Regression Analysis SPSS 
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The ANOVA table (appendix 6.2, table 10) is testing sequentially the statistical significance of the 

model as it adds more and more independent variables. The F value in the 11th model 176.159 and 

the model is statistically significant (p-value = 0.000; p-value < 0.05). The adjusted R2 of 0.585 

indicates that 58.5% of the variance in ADR can be accounted for by the independent variables. The 

Durban Watson of 1,188 (smaller than 1.5) shows that the data has meaningful serial correlations 

(Stats, 2011). 

Results 

1. Host characteristics  

1.1 What is the price effect of the Superhost Badge on Airbnb listings in Rotterdam?  
The superhost badge represents hosts who provide a perfect example for other hosts, and 
extraordinary experiences for their guests. Hosts can receive the superhost badge when they fulfill 
specific criteria: they have hosted at least 10 trips in their listing in a year; received a 5-star review at 
least 80% of the time they have been review as long as at least half of the guests who stayed left a 
review; maintained a 90% response rate or higher by responding to guests quickly and honored 
confirmed reservations without cancelling (Airbnb, 2017c).  

The superhost badge could provide valuable information to guests: for example knowing that a host 
never cancels confirmed bookings, could reduce the risk of a trip. A superhost badge is associated 
with outstanding quality and is expected to help the host to build reputation and enhance trust 
(Teubner et al., 2017). According to Liang et al. (2017) it draws significant attention to potential 
guests since it is provided by Airbnb, an independent party, and clearly visible on the online platform. 
Not to mention that guests can even specifically select superhost listings when they are in search for 
available rental (Teubner et al., 2017). 

 

The descriptive statistics reveal that in Rotterdam only 7.28% of hosts have a superhost badge and 
92.72% of hosts do not have a superhost badge. A possible explanation for this imbalance could be 
that the superhost badge represents a unique combination of listing characteristics (Teubner et al., 
2017).  

Surprisingly, the multiple regression analysis indicates that hosts do not use this unique feature for 
price premiums. There is no significant difference in ADR between hosts who do have a superhost 
badge and hosts who do not have a superhost badge (p-value = 0.211, p-value > 0.05). 

As the superhost badge fails to influence price, the superhost badge might not be as important as 
some may expect (Gibbs et al., 2017). 

1.2 What is the price effect of the number of listings on Airbnb in Rotterdam?  
The variable number of listings is equal to host’s number of accommodation rentals listed on Airbnb, 

in Rotterdam and in other cities as well.  

The number of listings ranges from 1 listing to 37 listings. The variable has been recoded into two 

dummy variables: professional hosts (with 2 or more listings) and non-professional hosts (with only 1 

listing). In Rotterdam, 61.2% of units are offered by non-professionals and 38.8% are offered by 

professionals.  

It can be concluded that there is no significant difference in ADR between listings operated by 

professional hosts and non-professional hosts (p-value = 0.260; p-value > 0.05). This result does not 
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correspond with findings of other research studies in which professional hosts charge higher prices 

than non-professional hosts because professional hosts with multiple Airbnb properties involve in 

more intense pricing activities, and hereby respond better to moments of high demand and execute 

more efficient and successful pricing strategies (Li et al., 2015).  

. 2. Site and property characteristics  

2.1 What is the price effect of the Distance to the city center on Airbnb in Rotterdam?  
The distance to the city center, represents the location of the property, and is the difference 
between the location of the property and the Town Hall of Rotterdam expressed in KM.  

Between the Airbnb listings in Rotterdam the distance to the city center ranges from 0.06 KM till 10.8 
KM. On average, the distance to the city center is 1.96 KM. 

It can be concluded that there is a significant relationship between the location of Airbnb listings and 
the ADR (p-value = 0.000; p-value < 0.05) The correlation coefficient of -0.207 indicates that there is 
a weak, negative relationship between the distance to the city center and the ADR. Hence, a longer 
distance to the city center can be associated with a lower ADR. The linear regression analysis shows 
that every KM further from the city center leads to a price decrease of 5.11%. 

The results are in line with the findings of previous studies of traditional accommodation price 
determinants (Schamel, 2012; White and Mulligan, 2002; Zhang et al., 2011), and indicate that a 
shorter distance from a focal point, in this case the municipally of Rotterdam, is associated with 
higher prices. It can be concluded that hosts expect guests to highly value listings close to the city 
center.  

2.2 What is the price effect of the number of bedrooms on Airbnb in Rotterdam? 
The number of bedrooms ranges from 0 to 10. The mode (1) reveals that most listings boast one 
bedroom (68.3%). Also many listings boast two bedrooms (21.4%). 

It can be concluded that the number of bedrooms significantly impacts price (p-value = 0.000; p-
value < 0.05). There is a weak, positive relationship between the two variables (r = 0.118). Hence, 
when the number of bedrooms increases, the ADR increases as well. Each additional bedroom was 
associated with price increases of 7.4%. 

These findings correspond with previous research studies on price determinants of the 
accommodation industry. Apartments with more bedrooms can accommodate more guests, which 
significantly increases price (Saló and Garriga, 2011; Juaneda et al., 2011) 

2.3 What is the price effect of the listing type on Airbnb in Rotterdam? 
The listing type can either be a shared room, a private room or an entire home / apartment. When 
renting a shared room guests share the entire space with the hosts or other guests. When renting a 
private room guests share some common areas with the host or fellow guests, such as the kitchen, 
living room or bathroom, however, they are provided with a private bedroom. With an entire home 
or apartment guest rent the entire unit and do not have to share the space with the hosts or any 
other guest (Airbnb, 2017f).  

The descriptive statistics illustrate that most Airbnb listings in Rotterdam are an entire home (n = 
1196, 63.25%), followed by private rooms (n = 652, 34.48%) and only 43 listings (2.27%) of Airbnb 
listings are a shared room. 

The entire homes have been used as reference category. Hence, the change % of the dummy 
variables stands for the deviation from this reference category. The multiple regression analysis 
revealed that there is a significant difference in ADR between entire homes and shared rooms (p = 
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0.000, p  < 0.05) and a significant difference between entire homes and private rooms (p = 0.000, p < 
0.05). Private rooms were priced 40.68% lower than entire homes, and shared rooms were priced 
61.20% lower than entire rooms. 

The main difference between entire homes and private rooms, and entire homes and shared rooms, 
is that the guests do not have to share any space with another individual. For this reason, an entire 
home creates a sense of privacy. Hence, the test results show that hosts charge a huge premium for 
privacy (Gibbs et al., 2017). 

2.4 What is the price effect of the business ready status on Airbnb in Rotterdam?  
The business ready status is implemented to attract business travellers and help them to know what 
they can expect when they arrive. In order to achieve a business ready status, the listings need to 
fulfill specific criteria. The listing must be an entire home and not allow pets living in the property 
when guests are present. Moreover, the listing must have at least 3 stars rated reviews, of which at 
least 60% of both the listing’s primary reviews, and reviews for cleanliness and accuracy must be 5 
star reviews. Also, hosts must have responded to 90% of booking requests within 24 hours over the 
last year and provide a 7-day cancellation commitment to reservations. Lastly, the listing must also 
have the certain business travel ready amenities, including Wi-Fi, a laptop-friendly workspace; self 
check-in; a smoke detector; a carbon oxide detector; essentials; an iron; hangers; a hair dryer and 
shampoo (Airbnb, 2017h). 

The descriptive statistics reveal that most listings are not business ready (n = 1650, 87.26%) and only 
few listings (n= 241, 12.74%) are business ready.   

The multiple linear regression analysis shows that there is no significant difference in the ADR 
between listings with a business ready status and listings without a business ready status (p-value = 
0.435; p-value > 0.05 ) This could be explained by the fact that Airbnb very recently introduced this 
new listing characteristics. Hence, hosts might believe that guests do not see additional value in this 
feature. 

2.5 What is the price effect of the listedMonths on Airbnb in Rotterdam? 
The listedMonths variable represents the number of months between the date on which the rental 
was first listed and the current date of the statistical test (8-12-2017).  

The days of existence of the Airbnb range from 11 months till 95 months. On average the listings 

exists 27 months (26.69). 

It can be concluded that there is a weak, positive relation between the number of months existence 

of the Airbnb listing and the ADR (p-value = 0.000; p-value < 0.05; r = 0.111) This means that when 

the Airbnb listing is longer online on the platform, the ADR is higher. Each additional listed month 

was associated with a price increase of 0.29%. 

This relation could be explained by the fact that if a listing is longer on the platform, the host has a 
longer duration of membership as well. The longer duration of membership might create trust, as it 
requires long-term engagement of the host, hence is time-costly and chances are smaller that it is a 
case of fraud. In addition, when the listing is longer on the platform, the host’s experience increases 
and he/she responds better to moments of high demand, hence may implementing a more effective 
and successful pricing strategy (Teubner et al., 2017). 

2.6 What is the price effect of the max number of guests on Airbnb in Rotterdam? 
The maximum number of guests ranges between 1 and 16 guests. The mode (2) reveals that most 

Airbnb hosts allow two guests in their listing (50.2%). On average, Airbnb hosts allow three (2.87) 

guests in their listing. 
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An increase in the maximum number of guests was significantly associated with price increases (p-

value = 0.000; p-value > 0.05) The correlation coefficient of 0.221 indicates that there is a moderate, 

positive relationship between the two variables. Every additional guest allowed leads to a price 

increase of 4.75%. 

Clearly, this listing characteristic corresponds with the number of bedrooms. These results are in line 

with previous research studies on price determinants of the accommodation industry. Apartments 

that can facilitate more guests, consistently translate into price premiums (Saló and Garriga, 2011; 

Juaneda et al., 2011). 

3. Rental rules  

3.1 What is the price effect of the cancellation policy on Airbnb in Rotterdam? 
Airbnb allows hosts to choose among three cancellation policies, flexible, moderate, and strict, which 
aims to protect both guest and hosts. The main difference between the cancellation policies is the 
refund amount (flexible = full refund; moderate = full refund; strict is 50% refund) and the time that 
the guest is able to cancel (flexible = 1 day prior to check-in; moderate = 5 days prior to check in; 
strict = 7 days prior to check in) (Airbnb, 2017b). 

Of all the Airbnb listings, 875 listings offer a flexible cancellation policy (46.3%), 578 listings offer a 
moderate cancellation policy (30.6%) and 438 offer a strict cancellation policy (23.2%). 

The flexible cancellation policy is used as a reference category. It can be concluded that there is a 
significant difference in ADR between listings with a flexible cancellation policy and moderate 
cancellation policy (p-value = 0.001; p-value < 0.05) and listings with a flexible cancellation policy and 
listings with a strict cancellation policy (p-value = 0.002; p-value < 0.05). Airbnb listings with a 
moderate cancellation policy were priced 7.36% higher than listings with a flexible cancellation policy 
and Airbnb listings with a strict cancellation policy were priced 7.50% higher than listings with a 
flexible cancellation policy. Hence, a flexible cancellation policies and lower prices are related.  

This relation suggests that hosts with a stricter cancellation policies are driven by rational aspects 
rather than emotional, they set higher prices and want to secure their income by avoiding last-
minute cancellations (Wang and Nicolau, 2017b). 

3.2 What is the price effect of the Instant Book enabled option on Airbnb in Rotterdam?  
When instant booking is enabled, the guest can place a reservation without explicit approval from 
the host (Airbnb, 2017g). As Instant Book listings do not require approval from the host before they 
can be booked, which helps guests plan their trip in an easier way (Wang and Nicolau, 2017b). 

Of the 1891 listings, 1606 listings do not have instant booking enabled (84.93%) and 285 listings do 
have instant booking enabled (15.07%). Hence, most listings do not have Instant booking enabled 
(mode).   

It can be concluded, that there is no significant difference in the ADR between listings that have 
instant booking enabled and listings that do not have instant booking enabled (p-value = 0.564; p-
value > 0.05). For this reason, the instant book option does not lead to price premiums.   

4. Reputational characteristics  

4.1 What is the price effect of the number of bookings on Airbnb in Rotterdam?  
The number of bookings of a listing is the ratio of total number of bookings over the years that the 
rental was first listed. 
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The number of bookings of the last twelve months range from 0 bookings till 195 bookings. On 
average the listings have been booked 16.45 times. However, most listings have only been booked 
once in the last twelve months (14.3%). 

It was expected that number of bookings could be associated with lower prices as low prices 
stimulate more demand (Gibbs et al., 2017; Wang and Nicolau, 2017b). Surprisingly, it can be 
concluded that there is no significant relation between the number of bookings and the ADR (p-value 
= 0.479; p-value > 0.05) 

4.2 What is the price effect of the number of reviews on Airbnb in Rotterdam?  
The number of reviews is equal to the ratio of total number of reviews over the years that the rental 
was first listed. 

The number of reviews ranges from 0 reviews till 299 reviews. On average the 1,981 listings have 
12.94 reviews. However, most listings have zero reviews (21%).   

Since hosts that charge lower prices, tend to receive more bookings and consequently the number of 
reviews increases (Gibbs et al., 2017; Wang and Nicolau, 2017b), it could be concluded that there is a 
significant weak relation between the number of reviews and the ADR (p-value = 0.000; r= 0.108). 
Every additional review is associated with a price decrease of 0.14%. These hosts are aware of the 
unique characteristic of perishability and aim for a high occupancy and try to attract more bookings 
by charging lower prices, and thus receive more reviews (Wang and Nicolau, 2017b; Gibbs et al., 
2017). 

4.3 What is the price effect of the overall rating on Airbnb in Rotterdam? 
In addition to written reviews, guests can submit star ratings on different categories, including 

overall experience, cleanliness, accuracy, value, communication, arrival and location. The overall 

rating score is an aggregate of the different categories scores guests have given for that listing, and 

ranges from 1 star till 5 stars (Airbnb, 2017d). 

Remarkably, the Airbnb listings in Rotterdam have an average star rating of 4.56. In addition, most 
listings have a 5 star rating (22.2%), and only 5,3% of overall rating scores falls below 4 out of 5 stars. 
Also the percentiles (25th = 4.4; 50=4,7 and 75th=4.9) and the SD of 0.48 indicate a low variation. 
There are three possible explanations for this disproportion. Firstly, guests have a natural tendency 
to avoid conflict and want to keep harmony, and therefore prefer to provide a high star rating. 
Secondly, personal contact with the hosts leads to social restraints to give low star ratings. Thirdly, 
the fact that hosts are able to see the previous reviews of potential guests might hold guests from 
giving low ratings since they are afraid that hosts do not want to rent their property to them when 
there is a chance that they receive low ratings as well (Teubner et al., 2017).  

The multiple regression analysis finds higher star ratings to be correlated with higher rates (p-value = 
0.000; p-value < 0.05). The correlation coefficient of 0.118 indicates that there is a weak, positive 
relationship between the two variables. Moreover, every additional star is associated with a price 
increase of 9.5%. Hence, hosts tend to increase prices when they receive higher star ratings, which 
suggest that hosts expect guests to be willing to pay more for listings with a higher star rating. 

4.4 What is the price effect of the number of photos on Airbnb in Rotterdam?  
The number of photo’s ranges from 1 photo till 150 photos. On average the listings have 14.4 photos. 
Moreover, most listings have 8 photos.   

It can be concluded that there is a significant relationship between the number of photos and the 
ADR (p-value = 0.000; p-value < 0.05) The correlation coefficient of 0.211 indicates that there is a 
weak, positive relationship between the two variables. Hence an increase in the number of photos, 
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leads to an increase in ADR. The linear regression analysis shows that every additional photo is 
associated with a price increase of 0.08%.  

More photos of the property enables the guest to better assess the apartment rooms, facilities and 
style and thus enables them to better know what to expect, which creates a sense of trust (Teubner 
et al., 2017). Besides trust, more pictures could also be an indication of greater professionalism of 
the hosts as more effort is put into the platform. In conclusion, these results confirm that hosts 
expect pictures are perceived to be important, since hosts who post more pictures charge a higher 
price Gibbs et al., 2017). 

5. Conclusion 
‘’How do characteristics of Airbnb listings in Rotterdam influence the price of Airbnb in 

Rotterdam?’’ 

This study has examined the impact of a variety of variables on the rates published for Airbnb listings 

in Rotterdam in order to understand how Airbnb hosts set their prices and how perceptions of 

guests’ willingness to pay for certain listing characteristics potentially influence their price decisions. 

The multiple regression analysis revealed that 9 of the 14 listing characteristics have a significant 

impact on the price, with listing type, overall rating and the cancellation policy causing the greatest 

price change.  

The research model took into consideration the unique characteristics of the peer-to-peer platform 

and the attributes of hosts engaging in the sharing economy. It can be concluded that host 

characteristics have no significant effect on the price, as there is no difference in ADR between hosts 

with a superhost badge and hosts without a superhost badge, and professional hosts and non-

professional hosts.  

Moreover, the research study included traditional accommodation price determinants such as 

property characteristics. Most of these traditional listing characteristics greatly influence ADR, which 

suggests that Airbnb accommodation is very similar to traditional hotels and holiday apartments in 

multiple ways. Location and number of bedrooms and max number of guest are significantly 

correlated with the ADR. In line with findings of previous studies of traditional accommodation price 

determinants, a shorter distance from a focal point (the Town Hall of Rotterdam), can be associated 

with a higher ADR. Concretely, the linear regression analysis shows that every KM closer to the city 

center leads to a price markup of 5.11%. In addition, capacity is taken into account by Airbnb hosts. 

The number of bedrooms and the maximum number of guests tend to increase to getter, and both 

are positively related to price. In other words, apartments with more bedrooms can accommodate 

more guests, which significantly increases price.  

Also, hosts charge a huge premium for privacy as private rooms were priced 40.68% lower than 

entire homes, and shared rooms were priced 61.20% lower than entire rooms. Furthermore host’ 

experience influences price, as there is a positive relationship between the number of months that 

the listing is online on the platform and the ADR. However, a recently introduced tool: business 

ready status does not translate into price premiums. 

With regards to rental rules, the instant booking tool does not impact price. However, there is a 

significant difference in ADR between the different cancellation policies. Flexible cancellation policies 

and lower prices are related, suggesting that hosts with a strict cancellation policy are driven by 
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rational aspects rather than emotion, they set higher prices and want to secure their income by 

avoiding last-minute cancellations (Wang and Nicolau, 2017b). 

Moreover, trust is crucial for the sharing economy accommodation rental as it helps to change a 

potential guests’ interest into a booking request (Teubner et al., 2017; Bostman and Rogers, 2011; 

Hawlitschek et al., 2016; Ert et al., 2016) The entire process of selecting a listing and sending a 

booking request is conducted online, which makes the information showed on the Airbnb website 

the only reference point for potential guests (Hawlitschek et al., 2016). The different reputational 

tools implemented by Airbnb to facilitate trust between hosts and guests have been analyzed. While 

the number of bookings is not significantly correlated with price, a higher number of reviews are 

associated with a lower ADR.  

Furthermore, a higher overall rating and more photos consistently translate into price premiums. Not 

surprisingly, higher star ratings are associated with higher prices. Hence, hosts tend to increase 

prices when they receive higher star ratings, which suggest that hosts expect guests to be willing to 

pay more for listings with a higher star rating. Also, the multiple linear regression analysis shows that 

the ADR increases with 0.08% with every additional photo.  

In studying the networked hospitality market leader, this report has identified the price determinants 

of Airbnb listings in Rotterdam. The following hedonic model can be formulated, in which a unit 

increase in the listing characteristic represents a % increase in ADR.  

 

Ln(ADR)I = 3,645 + -0,051*DistanceTo + 0,074NumberOfBedrooms + -0,522Private + -0,947*Shared 
+ 0,003*ListedMonths + 0,047*MaxGuests + 0,071*Moderate + 0,071*Strict + -
0,001*NumberOfReviews + 0,095*OverallRating + 0,008*NumberOfPhotos + Ui 

 
The study contributes to the few existing studies related to Airbnb and pricing as it explains which 

characteristics make up the price of a listing, and therefore indicates how Airbnb host set their prices 

and how they systematically link their prices to the characteristics of their listing.  

6. Recommendations 

6.1. Recommendations for Airbnb Hosts 

Although no conclusions can be made about the efficiency of the pricing strategies of the Airbnb 

hosts, the following recommendations have been written for Airbnb hosts in Rotterdam willing to 

adjust their pricing strategy to other Airbnb hosts in Rotterdam. 

The ADR could be increased when:  

• The listing is an entire home or apartment 

• The listing has a high overall star rating 

• The listing has a moderate of strict cancellation policy 

• The listing has more bedrooms  

• The listing is located closer to the city center 

• The listing accommodates more guests  

• The listing has more photos 

• The listing is listed longer on the platform 

• The listing has less reviews 



 
 
 

 

24 | P a g e  
 

 
The listing characteristics have been listed based on the strength of the change in price caused by the 

listing characteristic.  

6.2. Suggestions for further research 

As mentioned in chapter 4, this research has various limitations due to time constraints and limited 

data availability. For this reason, the following suggestions for further research can be made: 

• Research about the efficiency of host’s pricing strategy by taking into account the demand 
side. This could be done by weighting the ADR by the occupancy rate. 

• Research about the influence of seasons, special events and moments of the week 
(weekdays vs. weekends) on the price by using multiple price points. 

• Research the influence of other listing characteristics such as amenities and services, market 
competition and other external factors. 

• Investigate price differences between different target groups, such as business travelers vs. 
leisure travelers. 

• Research the price effects of the listings variables for various price ranges by applying 
interquartile ranges of the ADR. 

• Test the influence of other focal points in Rotterdam, such as the harbor or prices in different 
neighborhoods. 

• Investigate psychological and social factors that might influence the pricing strategies of 
Airbnb hosts. 
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8. Appendices 

8.1. Descriptive Statistics  

 

Test 1: Descriptive statistics ADR 

Variable ADR 

Level of measurement Scale 

 

 

 
 

Interpretation 
The ADR ranges €10.00 to €261.67. On average the ADR is €78.62. Most listing prices range 
between €50.00 – €99.99 (44.8%). 
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Test 2: Descriptive statistics superhost badge 

Variable Superhost badge 

Level of measurement Nominal  

Codebook Yes = 1 
No = 0 

 
 
 
 
 

Interpretation 
Of the 1891listings, the data set provides available data for 1703 listings about the superhost 
status. The mode (0) reveals that most hosts do not have a superhost badge. More specifically, of 
the 1703 listings, 1779 hosts do not have a superhost badge (92.72%) and only 124 hosts do have 
a superhost badge (7.28%).  

 
 

Test 3: Descriptive statistics number of listings 

Variable Number of listings 

Level of measurement Scale 

 



 
 
 

 

32 | P a g e  
 

     
Interpretation 
The number of listings ranges from 1 listing to 37 listings. On average, hosts have 2.44 listings. 
However, the mode reveals that most hosts (1158) have only 1 listing (61.2%).  

 

Test 4: Descriptive statistics distance to the city center 

Variable Distance to the city center 

Level of measurement Scale 

 

 
Interpretation 
The distance to the city center ranges from 0,06 KM till 10.8 KM. On average, the distance to the 
city center is 1.97 KM.  

 

Test 5: Descriptive statistics number of bedrooms 

Variable Number of bedrooms 

Level of measurement Scale 
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Interpretation 
The number of bedrooms ranges from 0 to 10. The mode (1) reveals that most listings boast one 
bedroom (68.3%). Also many listings boast two bedrooms (21.4%). 

 
 

Test 6: Descriptive statistics listing type 

Variable Listing type 

Level of measurement Nominal 

Code book Entire home / apartment = 2 
Private room = 1 
Shared room = 0 

 
 
 
 
 

Interpretation 
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The descriptive statistics illustrate that most Airbnb listings in Rotterdam are an entire home / 
apartment (n = 1196, 63.25%), followed by private rooms (n = 652, 34.48%) and only 43 listings 
(2.27%) of Airbnb listings are a shared room.  

 
 

Test 7: Descriptive statistics business ready status 

Variable Business ready 

Level of measurement Nominal 

 

  
 
 
 

Interpretation 
The descriptive statistics reveal that most listings are not business ready (n = 1650, 87.26%) and 
only few listings (n= 241, 12.74%) are business ready.   

 
 

Test 8: Descriptive statistics days existing 

Variable Days existing 

Level of measurement Scale 

 
 

Interpretation 
 he days of existence of the Airbnb range from 11 months till 95 months. On average the listings 
exists 27 months (26.69). 

 
 

Test 9: Descriptive statistics max number of guests 
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Variable Max number of guests 

Level of measurement Scale 

 
 

Interpretation 
The maximum number of guests ranges between 1 and 16 guest. The mode (2) reveals that most 
Airbnb hosts allow two guests in their listing (50.2%). On average, Airbnb hosts allow 3 (2.87) 
guests in their listing.  

 
 

Test 10: Descriptive statistics cancellation policy 

Variable Cancellation policy 

Level of measurement Ordinal 

Code book Flexible = 2 
Moderate = 1 
Strict = 0 

 
 
 

Interpretation 
Of all the Airbnb listings, 875 listings offer a flexible cancellation policy (46.3%), 578 listings offer a 
moderate cancellation policy (30.6%) and 438 offer a strict cancellation policy (23.2%).  
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Test 11: Descriptive statistics Instantbook enabled 

Variable Instantbook enabled 

Level of measurement Nominal 

Code book Yes = 1 
No = 0 

  
 
 

Interpretation 
Of the 1891 listings, 1606 listings do not have instant booking enabled (84.93%) and 285 listings do 
have instant booking enabled (15.07%). Hence, most listings do not have Instant booking enabled 
(mode).   

 
 

Test 12: Descriptive statistics number of bookings 

Variable Number of bookings 

Level of measurement Scale 

 
 

Interpretation 
The number of bookings of the last twelve months range from 0 bookings till 195 bookings. On 
average the listings have been booked 16.45 times. However, most listings have only been booked 
once in the last twelve months (14.3%).  

 
 

Test 13: Descriptive statistics number of reviews 

Variable Number of reviews 
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Level of measurement Scale 

 
 

Interpretation 
The number of reviews ranges from 0 reviews till 299 reviews. On average the 1981 listings have 
12.94 reviews. However, most listings have zero reviews (21%).   

 
 

Test 14: Descriptive statistics overall rating 

Variable Overall rating 

Level of measurement Scale 

  
Interpretation 
Of the 1891 listings, overall rating data is only scrapped for 1453 listings. The overall rating ranges 
from 1 star till 5 stars. On average the listings have a 4.56 star rating. Most listings have a 5 star 
rating (22.2%).   

 
 

Test 15: Descriptive statistics number of photo’s 
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Variable Number of photo’s 

Level of measurement Scale 

 
 

Interpretation 
The number of photo’s ranges from 1 photo till 150 photo’s. On average the listings have 14.4 
photos. However, most listings have 8 photo’s.   

 



 

 

8.2. Multiple Regression Analysis 

The following tables present the outcome of the multiple regression analysis in SPSS (stepwise 

method) 

 

SUMMARY VARIABLES 

 

TABLE 6 Summary Variables Multiple Regression Analysis
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CORRELATIONS MATRIX 
 

 

TABLE 7 Correlation Matrix Multiple Regression Analysis 
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VARIABLES INCLUDED 
 

  

 

TABLE 8 Variables Included in Multiple Regression Analysis
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MODEL SUMMARY 

 

TABLE 9 Model Summary Multiple Regression Analysis 
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ANOVA TEST 

 

TABLE 10 Anova Test Multiple Regression Analysis
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STEPWISE MODELS INCLUDED VARIABLES 

 

TABLE 11 Included Variables Part 1 Multiple Regression Analysis 
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TABLE 12 Included Variables Part 2 Multiple Regression Analysis 

 

 



 
 
 

 

47 | P a g e  
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STEPWISE EXCLUDED VARIABLES 

 

TABLE 13 Excluded Variables Part 1 Multiple Regression Analysis 
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TABLE 14 Excluded Variables Part 2 Multiple Regression Analysis 
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