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Abstract: 

The main purpose of this degree project is to reveal the Airbnb customer’s preferences and quantify the 

impact of non-market factors on the market price of tourist accommodation in Berlin, Germany. The 

data retrieved from Airbnb listings, publicly available on Inside Airbnb (2017), was supplemented on 

indicator of sharing economy accommodation using machine learning method in order to distinguish 

between amateur and business-running professional hosts. The main aim is to examine the consumers’ 

preferences and quantify the marginal effect of “real sharing economy” accommodation and other key 

variables on market price. 

This is accomplished by model approach using hedonic pricing method, which is used to estimate 

the economic value of particular attribute. Surprisingly, our data indicates the negative impact of sharing 

economy indicator on price. The set of motivations of consumers, which determine their valuation of 

Airbnb listings, was identified. The trade-off between encompass and parsimony of the set was desired 

in order to build an effective model. Calculation of proportion of explained variance showed that the 

price is affected mainly by number of accommodated persons, degree of privacy, number of bedrooms, 

cancellation policy, distance from the city centre and sharing economy indicator in decreasing order. 

Keywords: Sharing economy accommodation, Airbnb, hedonic pricing, machine learning, linear 

regression, ordinary least squares method (OLS), Berlin.  
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1. Introduction 

This paper will focus on tourist accommodation advertised via Airbnb, the specialised internet 

platform matching tourists with hosts, which was launched in 2008. The main concept was 

born in 2007 in San Francisco on the occasion of major conference in the town. Two former 

students got the idea to lay three air mattresses on the floor and offer this accommodation via 

simple website with the slogan AirBed & Breakfast (Guttentag, 2015). According to Airbnb 

fast facts (2017), Airbnb shows nowadays 4.5 million listings in 81 thousand cities all over the 

world. 

Considering the most popular tourist regions in Europe, Berlin recorded the fastest 

growth in tourism sector between 2005 and 2015, measured in total number of nights spent, 

with result 30 million of nights spent in 2017 (Eurostat, 2017). Consequently, Berlin has ranked 

among the 20 most popular tourist destinations and thus deserves more analytical attention. As 

this makes Berlin an interesting case for our study, we will analyse data of all Airbnb listings 

in Berlin retrieved in May 2017. 

The main purpose of this degree project is to examine the customers’ preferences to 

Airbnb accommodation characteristics and quantify the impact of non-market factors on the 

market price of Airbnb tourist accommodation in Berlin, Germany. Thus, set of customers’ 

motivations, which define their monetary valuation of the particular accommodation, will be 

identified. This will help us to understand the formation of the market price of Airbnb 

accommodation deeper. The emphasis is placed on sharing economy accommodation indicator. 

It will be analysed, whether the sharing economy aspect affects the price statistically 

significantly. 

These objectives are accomplished by hedonic pricing method, which is used to estimate 

the economic value of each attribute. In order to build an effective model, the trade-off1 

between encompass and parsimony is desired when choosing the set of variables to be included 

in the model. As our data does not contain explicit information about character of the listing, 

whether it is sharing economy accommodation or not, the machine learning method will be 

employed to enrich our data about sharing economy indicator. 

The main contribution of this work lies in constructing a model which explains price 

formation in the Airbnb tourism accommodation market in Berlin in 2017. We are not aware 

                                                           
1 As a goodness of fit measured in R-squared never decrease if a variable is added, better goodness of fit does not 

necessarily mean better model. The number of variables included in the model has to be reasonable. 
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of any other study analysing data from Berlin with similar research intention. This insight into 

consumers’ motivations can be potentially utilised by hosts to improve their pricing strategies 

or even by Airbnb to improve their 2Smart-pricing . As business-running Airbnb hosts providing 

the hotel experience without the city regulations are often discussed, our segmentation of 

Airbnb hosts could provide necessary evidence for issuing targeted regulations. For instance, 

a tax could be imposed on those who misuse Airbnb to circumvents the system and thus set a 

fair competition on the tourist accommodation market. 

The remainder of this paper is organised as follows: the background for the sharing 

economy accommodation and Airbnb is given in Section 2 as well as other interesting current 

issues associated with Airbnb. In addition, qualitative and quantitative studies which are 

relevant to this topic, are presented in this section. Information gained from the literature is 

summarised in Section 3 to present theoretical foundation for our empirical analysis. The main 

contribution of this work lies in Section 4 – in the empirical analysis of data retrieved from 

Airbnb listings. The data and the approach to the data are described in Section 4 as well. We 

present also the model in mathematical terms and obtained results. The conclusions are drawn 

from obtained results in Section 5. In addition, gained results are compared with our 

expectations based on economic theory and with the cited literature in that section. 

  

                                                           
2 Smart-pricing is a tool developed by Airbnb to help hosts to charge the right price for the accommodation. For 

more information please see https://blog.atairbnb.com/smart-pricing/. 
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2. Literature review 

Our research in this field indicates that massive growth of sharing economy accommodation 

can be considered as a quite new phenomenon. Considering the amount of possible research 

questions connected to sharing economy accommodation, there is still insufficiently broad base 

of peer-reviewed scientific articles. In this section, we try to define what sharing economy 

accommodation is, give some background for the rise of sharing economy, present and compare 

qualitative as well as quantitative studies, which have already been published. The gap in 

literature will be highlighted in order to delimit our contribution to this fields. Finally, possible 

sources of criticism of previous studies will be mentioned. 

2.1. Sharing economy accommodation 

Sharing economy could be simply defined as sharing the excess capacity (Barron et al., 2017) 

in exchange for financial compensation, services or goods. In accordance with economic 

theory, the efficiency grows as the underutilised capacity decreases. Character of suppliers on 

sharing economy market differs from other parts of economy. As sharing economy is often 

restricted only to peer-to-peer transactions, the suppliers are typically small units. Thus, 

mediation between consumers and suppliers is the crucial assumption for development of 

sharing economy. Contact between supplier and consumer often occurs on the Internet via 

specialised Internet platforms. According to Selloni (2017), the greatest growth of sharing 

economy including Airbnb sharing accommodation began in 2008 in connection with world 

financial crisis. In this time, the necessary technology base has already been laid and the loss 

of purchasing power of the population together with growing environmental concerns helped 

to change consumers’ behaviour (Selloni, 2017). 

2.2. Previous research 

As the Airbnb started to grow massively, the analytical attention turned to it. The current 

discussions strongly reflect the competition and even conflict of interests in accommodation, 

rental and housing markets. As the popularity of Airbnb tourist accommodation rises, it 

potentially decreases occupancy levels of hotels; some landlords may switch from long-term 

rental to short-term rental and the decrease of supply in long-term accommodation market can 

possibly increase the price of residential accommodation. From the point of view of third 

parties such as hotels and local inhabitants, Airbnb is even perceived as disruptive innovation 

(Guttentag, 2015). The impacts started to be analysed especially from following points of view: 
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• Tourists and hosts: What motivate tourists for choosing sharing accommodation instead 

of traditional tourist accommodation (Forno and Garibaldi, 2015)? What are the key 

driving factors for selecting particular Airbnb listing (Chen and Xie, 2017)? Which 

hosts’ behavioural patterns can be identified (Lampinen and Ikkala, 2014)? 

• Third parties: How does Airbnb supply affect hotels’ revenues (Zhu et al. (2017), 

Zervas et al. (2017))? How does Airbnb affect long term rental market and residents 

(Schäfer and Braun (2016), Barron et al. (2017))? 

• Macroeconomic: Guttentag (2015) discusses potential impact on destination 

development. 

There are representatives of both major approaches – qualitative as well as quantitative – 

in previous research in this field. Research questions and employed methods differs 

accordingly. Qualitative research is focused on understanding the background of the sharing 

economy accommodation. The information is usually gained through concrete experiences of 

consumers (Forno and Garibaldi, 2015) or hosts (Lampinen and Ikkala, 2014); data was 

obtained either by questionnaire or by face-to-face conversation. 

On the other hand, quantitative studies usually build on previous qualitative research, 

take over the identified attributes affecting price of Airbnb accommodation and try to provide 

evidence for previous conclusions. In addition, they quantify the marginal effects of these 

attributes using statistical methods and modelling, such as hedonic pricing model. In recent 

years, several studies have been devoted to hedonic pricing of Airbnb listings (Chen a Xie 

(2017), Dogru and Pekin (2017), Gibbs et al. (2018)). 

The qualitative studies concluded that in the context of sharing economy 

accommodation, Airbnb does not necessarily have to compete with traditional forms of 

accommodation providing the hotel experience without the city regulations. Airbnb could offer 

different services and thus targets new groups of tourists, with additional sources of utility 

besides the traditional accommodation attributes. These attributes can be categorised as follows: 

• Characteristics of Airbnb listing: Previous studies showed that Airbnb listing is a 

complex bundle of attributes, which affect the demand. Chen and Xie (2017) summarised 

them as room-specific attributes and household amenities. 

• Perceived risk: According to So et al. (2018) trust between host and tourist is one of the 

key aspects. The host needs to offer good image via number of reviews and good rating. 
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• Communication: Lampinen and Ikkala (2014) suggested, that in case of exchanging 

intangible goods like accommodation, the process might be more important that the 

accommodation itself. According to Chen and Xie (2017), the interaction with the host 

and building social relationship distinguish Airbnb from hotels. 

However, the conclusions of quantitative studies are not entirely in line with those 

findings. Chen and Xie (2017) noted that the results indicated the perceived value by consumer 

is mediated mainly through the same intrinsic attributes as in the case of hotel accommodation. 

They did not support the hypothesis that the popularity of sharing economy accommodation 

lies in social interactions. The impacts of number of bathrooms, bedrooms, accommodates and 

room type on natural logarithm of price were identified to be strongly statistically significant 

by studies for Austin (Chen and Xie, 2017) as well as for Calgary, Montreal, Ottawa, Toronto 

and Vancouver (Gibbs et al., 2018). On the other hand, they showed that the host’s effort can 

affect positively the listing’s price. 

The marginal effects cannot be compared as authors chose different variables and 

different specifications of variables, so the results differ accordingly. Both studies used number 

of bathrooms, bedrooms, accommodates, property type, room type, super host indicator and 

review rate as independent variables. However, Chen and Xie (2017) utilised data on 

acceptance rate, cancelling policy, response time and host verification. They also included 

some external factors such as competition in the tract. On the contrary, Gibbs. et al. (2018) 

employed distance from the city centre, amenities indicators such as parking, swimming pool 

and gym. They also examined presentation via instabook and pictures and number of listings. 

Moreover, Gibbs et al. (2018) analysed the intrinsic value of chosen factors for 5 different 

cities – Calgary, Montreal, Ottawa, Toronto and Vancouver. The results show us that the 

average percentage change in logarithm of price caused by one unit change in independent 

variable, ceteris paribus, can be higher-order value within two cities. As an example, we can 

mention impact of change in distance in Ottawa and Toronto or management features (pictures) 

in Montreal and Ottawa. Moreover, statistical significance can also differ as for instance super 

host indicator in Montreal, which shows strong statistical significance, in contrast with Calgary. 

As there are substantial differences within a single study where the same methodology, 

statistical tools, definitions and model specification are used, it indicates that the results cannot 

be applied uncritically to other markets. 

With this in mind, there is a gap in literature, as there is not peer-reviewed scientific 

article analysing Airbnb data for Berlin, thus this is the first attempt to analyse Airbnb data 
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from Berlin deeply using hedonic pricing approach. This study builds also on the suggested 

direction for possible future research from Chen and Xie (2017), who brought up the idea of 

“amateur” versus “professional” host impact, which has not been analysed due to the data 

limitation. To deal with the data limitation related to sharing economy accommodation 

indicator, machine learning method, which enables researches to produce credible and 

repeatable decisions and provide insight into the data, will be employed in this study. As far as 

we know, machine learning has not been used for sharing economy indicator before. 

We aim to fill these identified gaps in literature. However, we will focus on Airbnb 

accommodation from the point of view of tourists and hosts. This work will not deal with 

impact of Airbnb on third parties and whole tourism industry. The attention is paid to 

examining preferences of consumers especially related to the social interaction provided by 

sharing economy, which was not analysed quantitatively before. 

We approached the previous research critically in order to eliminate possible biases 

caused by methodological flaws. Qualitative study conducted by Lampinen and Ikkala (2014) 

was based on 11 in-depth interviews with Airbnb hosts in Helsinki. Lampinen and Ikkala claim 

that the selection of respondents encompasses different age categories, genders and hosting 

experience. They do not discuss the possible misleading caused by choosing non-representative 

random sample and making conclusions based on “outliers”. However, this study could serve 

as the basis for compiling a questionnaire survey in further research. 

Gibbs et al. (2018) analysed the sharing economy accommodation aspects, but they used 

only count of hosts’ listings as the sharing economy or running business decisive criterion for 

quantitative purposes. As a result, host who holds only one property as an investment and rent 

out the entire place during whole year is considered as sharing economy accommodation 

representative. On the other hand, host living in large flat and renting two excess rooms in 

separate listings is classified as running business host. 

The majority of studies analysed data of Airbnb listings in USA cities (Barron at al. 

(2017), Chen and Xie (2017), Dogru and Pekin (2017), Gibbs et al. (2018)). However, the 

assumption of the same market conditions as well as the same consumers’ taste may not be 

necessarily met in other countries, so we are cautious to relate the results from USA to 

European market. 
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3. Theoretical foundation 

In this section, theoretical framework relevant for our empirical analysis will be presented. 

Theoretical foundation for hedonic pricing method was laid in 1966 in Lancaster’s consumer 

theory (Lancaster, 1966), which is based on classical economics. However, classical approach 

assumes homogeneous products, describing it by price per unit. Lancaster introduces concept 

of product differentiation, which associates similar but not identical products within one 

product class. The notion of product differentiation is in contrast with product diversification, 

which divide products according to a business segment or geographical area. Lancaster 

perceives product as heterogenous and define it as a bundle of characteristics. He suggests that 

these characteristics are the source of utility instead of the products as such. He introduces the 

set of prices, where each of the prices refers to one particular characteristic of the product. All 

characteristics together shape the market price. 

The characteristics of Airbnb listings can be categorised as structural, which reflects the 

characteristics 𝑠Ԧ = (𝑠1, 𝑠2,…, 𝑠𝑘) of the property itself, then the characteristics 𝑛ሬԦ =

(𝑛1, 𝑛2,…, 𝑛𝑙) of the neighbourhood such as distance from the city centre and the host’s effort 

𝑒Ԧ = (𝑒1, 𝑒2,…, 𝑒𝑚). These characteristics form the market price of the property. Thus, the 

hedonic price function p can be formulated as follows: 

𝑝 = 𝑓(𝑠Ԧ, 𝑛ሬԦ, 𝑒Ԧ). 

This notation naturally leads to research questions focused on the coefficients of the 

hedonic price function in connection with their signs as well as their scale (marginal effects 

and practical significance) and statistical significance of impact of each variable. 

According to Chen and Xie (2017), Airbnb listings are “heterogenous in huge number of 

utility-bearing attributes.” As Airbnb listings are not perceived equal, hedonic pricing approach 

is suitable approach in our case. The basic principle lies in comparison of two observations 

which differ only in one aspect (for instance number of bedrooms), everything else remains 

fixed. Comparing the market price for both observations, we can deduce the marginal effect of 

change in the particular aspect. The resulting price function can be denoted as hedonic price 

function. According to Verbeek (2004), the hedonic price describes the implicit price of certain 

aspect. The market price can be understood as a bundle of aspects. 

Hedonic pricing method employs regression model for estimating price of attributes, 

which directly affect the market price, but which are not available on the market independently. 
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For modelling the relationship between the dependent (response) variable and independent 

(explanatory) variable(s), linear regression model is a suitable tool (Verbeek, 2004). 

In connection with linear regression, ordinary least squares (OLS) and maximum 

likelihood estimation methods are the most relevant. Verbeek (2004) suggests that OLS is the 

most widely used estimator. The author also claims that maximum likelihood estimator meets 

the required properties only asymptotically and it is not necessarily unbiased. In addition, it is 

often not possible to solve maximum likelihood estimator analytically. Thus, the OLS method 

was chosen for our purposes.   
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4. Empirical analysis 

In this section, we describe the available data, establish the model, identify variables which 

have statistically significant impact on the dependent variable and interpret the results. 

Appointing of some anomalies which are inconsistent with our expectations based on consumer 

theory and discussion about quality of chosen model and possible biases are also contents. 

4.1. Data 

Cross-sectional data for our analysis contains all Airbnb listings from Berlin. The data was 

retrieved on 8 May 2017, so it captures static state at the one moment. The sample contains 

more than 20 thousand observed offers. The data was acquired using Inside Airbnb (2017), the 

open source data tool. This tool batch scrapes publicly available information from Airbnb 

listings. It provides metrics like price or number of review as well as attributes like 

neighbourhood, where the property is located. As the data contains strictly only publicly 

available information, there is no difference between booked and unoffered night, for both 

cases the night is just unavailable for potential customers. 

As the data contains basically equivalent information to Airbnb listings, it consists from 

almost one hundred variables. In this work, we will focus only on variables which have been 

identified as relevant to our study. The raw data variables, data types and descriptions are 

summarised in Appendix A, in Table A. The adjusted data is summarised in the same section 

in Table B., including the coding and description of construction. Visualisation of the location 

of all listings can be seen in Figure 4.1. 

 

Figure 4.1. Map of Airbnb listings in Berlin. 
Source: Airbnb: http://insideairbnb.com/berlin/ 

http://insideairbnb.com/berlin/
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Several steps were taken to contribute to the data quality. First, the data was restricted 

only on active listings. The decisive criterion was based on the date of the last review 

(last_review), which is required to be no older than one year or nonzero availibity_365. The 

data was also cleaned from special property types to eliminate observations which deviate 

distinctly and could potentially have disproportionate impact on our model. We omitted boat, 

bungalow, camper, cabin, guest suite, guest house, island, in-law, lighthouse, nature lodge, 

timeshare, tent and tipi. The restricted data thus contains only apartments, condominium, 

hostel, house, loft and bed & breakfast. 

We implemented a new variable distance, which is calculated using latitude and 

longitude. According to Albrate et al. (2011), the attractiveness of accommodation is 

statistically significantly affected by distance from the nearest city centre. Thus, we choose 

latitude 52° 31′ 6.528′′ N and longitude 13° 24′ 31.3704′′ E, which are the coordinates of the 

Berlin’s City hall (Rotes Rathaus), as the reference point for calculating the distance as the 

crow flies from the most attractive location. 

We also implemented a dummy variable sharing_flg, which is determined in accordance 

with the definition of sharing economy accommodation depending on whether it is sharing the 

excess capacity (1) or not (0). We consider as a sharing economy a tourist accommodation 

which is the host’s main residence. The tourists share the living space with the host or rent out 

whole apartment while the host is travelling. 

Airbnb enumerates on their websites (https://www.airbnb.co.uk/help) list of types of 

offered accommodation: 

• Entire place with high availability – majority of business running hosts is supposed to be 

concentrated in this group. High availability especially in combination with multiple 

listings of the host indicates hotel-like accommodation and minimal contact with the host. 

This group of hosts holds the apartment as an investment and rent it out for most of the 

time during the year. 

• Entire place with low availability – from low availability is to deduce that the host offers 

his or her property in time of own holidays. Choice of this type of accommodation 

provides fully equipped household, complete privacy, close contact with the 

neighbourhood, but minimal contact with the host. 

• Hotel-like private room – private room in combination with property type like Hostel, 

Boutique hotel or Bed & Breakfast indicates professional business running host. 
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• Private room in an apartment – private room in an apartment, where the host actually 

lives and shares all amenities of the apartment, promises travellers close contact with 

local culture. It is suitable for people who require some privacy, but who are enthusiastic 

about habits and lifestyle of the locals. 

• Shared room with other travellers – not in the host’s primary residence, often with self-check in. 

• Shared room with the host – shared living spaces like bathroom and kitchen with the host 

provide guest the closest contact with the locals, it becomes easier to make new friends 

and also to keep in touch after the stay. This is attractive from the economic point of 

view, because it is low-cost accommodation when compared to traditional forms of 

accommodation. This trend could be summed up as “affordable holidays for everyone”. 

However, it is necessary to realise that there is a large variety of sharing economy 

accommodation offers. To provide some halfway examples – there are some offers of highly 

available accommodation, where the host spends only a few days in month when he or she 

needs to oversleep in the city but has there fully equipped household. There are also apartments 

with separate parts for tourists and hosts with different degree of separation. In addition, as we 

have seen in our data, sharing economy accommodation could be based on double-sided 

assistance; the host provides accommodation for significantly reduced price and awaits some 

care and company in return. 

To deal with the large variety of possibilities and to distinguish the types of 

accommodation into two disjoin groups, the machine learning method is employed. The 

supervised learning approach is adopted, thus reading the information for a small random input 

the desired outputs are assigned manually. In the second step the predictive model is 

constructed using algorithm of decision tree, which is often used in statistics, data mining and 

decision making thanks to its merits – for instance its simplicity of understanding and 

interpretation, suitability for large data sets and ability to deal with qualitative as well as 

quantitative data variables. The final algorithm can be seen in Figure 4.2. 
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Figure 4.2. Sharing_flg decision tree. 

This algorithm predicts values for more than 96 % of observations. The distinction of the 

rest is based on the string variable interaction_en, which is gained from interaction using 

automatic document translator from German language to English language based on Google 

3translator . We believe this method is quite reliable as the descriptions are written as clear, 

simple and unambiguous as possible. 

The text analysis utilizes SPMF software and Java 8.0 programming language. We 

identified set of the most common sequential patterns. Reading the interaction_en description, 

we sorted the identified patterns into groups. The most common phrases in interaction_en or 

similar are as follows: 

1) Sharing economy accommodation – I am living in this flat, I will be at home, we can 

talk or cooking together, you can join us, beer, glass of wine, friendly roommate, etc. 

2) Business – I am available via telephone in urgent cases, trusted person will hand over 

the keys, our neighbours, my brother, staff, friend of mine, etc. 

                                                           
3 To defend Google translator as a reliable source, please see https://www.argotrans.com/blog/accurate-google-

translate-2018/. In 2017 Google Translator made a huge progress moving from Phrase-Based Machine Translation 

to translating whole sentences at a time. 

https://www.argotrans.com/blog/accurate-google-translate-2018/
https://www.argotrans.com/blog/accurate-google-translate-2018/
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As not all observations have interaction filled, approximately 50 values remaining were 

distinguished using the variable calculated_host_listings_count, which determines the listing 

to be business as it takes value greater than one. 

Variables sharing_flg and room_type allow us to distinguish types of accommodation as 

listed before. The types are summarised in Table 4.1. 

Table 4.1. Accommodation types. 

Sharing_flg 

Room_cat 
(1) Sharing economy (0) Business 

(2) Entire place 
Entire place with low 

availability 

Entire place with high 

availability 

(1) Private room 
Private room in an 

apartment 
Hotel-like private room 

(0) Shared room Shared room with the host 
Shared room with other 

travellers 

We also calculated the price_total for fully occupied property based on price, difference 

between accommodates and guests_included, fee for extra_people and cleaning_fee4. Zero 

price observations were present in our data. This is caused by the fact that there could be a 

price discount for longer stays. Thus, the weekly price divided by 7 can differ from one-night 

price. The host can also restrict the stays only for longer stays (for instance he accepts only 7 

or more night-stay) and thus only the weekly price needs to be filed and the price for one night 

can be missing. Approximating of the one night-price could cause bias in our data. Considering 

the size of our sample we omitted these observations. 

In the variable review_rating, there is missing value when no review has been made. We 

replaced the missing variables with the average value of review, which affects the total variance 

of the review_rating. Almost 75 % of observations from our sample have rating observed. Last 

but not least, we added some dummy variables for offered amenities. All implemented 

variables are summarised in Appendix A, in Table B. 

The summary of descriptive statistics of adjusted data variables can be seen in Table 4.2. 

The final data sample contains 17 752 observations.  

                                                           
4 The calculation is described in Appendix A, in Table B. 
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Table 4.2. Descriptive statistics of data variables. 
 Mean Std. dev. Min Max 

price_total [USD] 70.862 57.405 9 1023.730 

accommodates 2.618 1.478 1 16 

bathrooms 1.081 0.312 0 8 

bedrooms 1.156 0.616 0 10 

distance 4.447 2.638 0.067 25.506 

room_cat*        -        - 0 2 

sharing_flg 0.262 0.440 0 1 

kitchen_flg 0.952 0.213 0 1 

wifi_flg 0.953 0.211 0 1 

washer_flg 0.812 0.391 0 1 

dish_washer_flg 0.003 0.052 0 1 

pets_flg 0.139 0.346 0 1 

pets_in_flat_flg 0.050 0.218 0 1 

smoking_flg 0.200 0.400 0 1 

super_host_ flg 0.076 0.265 0 1 

rating_avg 93.598 6.512 20 100 

cancelling_cat**        -        - 0 2 
* Room_cat frequencies: level 0: 266 observations, level 1: 8 623 observations, level 2: 8 863 
** Cancelling_cat frequencies: level 0: 5 082 observations, level 1: 5 366 observations, level 2: 7 302 

Note, that there is quite large variance in price_total, which means that the average 

difference between the average price and particular price of each observation is substantial. 

Nine variables are dummy variables and two variables are categorical with three levels. The 

average rating is quite high; the average host receives almost 94 points out of 100. Almost 8 % 

of hosts gained status of super host. The most distant accommodation is located almost 26 

kilometres far from the Berlin City Hall. However, the distance is 4.5 kilometres on average 

and more than 90 % of accommodation lies between 1 and 7 kilometres far from the City Hall. 

Only 26 % of Airbnb offers are sharing economy according to our definition. More than 95 % 

of accommodations offer WiFi connection and kitchen. On the other hand, less than 1 % of 

accommodations offer dish washer, which indicates some data problem such as missing option 

to tick the box with the dish washer in past when designing the offer. Almost 14 % of hosts 

accept pets. Pets are present in 5 % of accommodations. 

In the Figure A., in Figure A, there are histograms of price_total and distance and their 

logarithmic transformations depicted. Obviously, distance and price are highly skewed data, 

thus we applied logarithmic transformation as discussed further in Section 4.2. 
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Pursuant to hedonic pricing theory, total price of some goods can be perceived as sum of 

prices of all its attributes. Thus, impact of each attribute can be discussed separately. In 

accordance with consumer theory (Lancaster, 1966), we expect that rating_avg, 

super_host_flg, accommodates, bathrooms, bedrooms, room_cat, kitchen_flg, wifi_flg, 

washer_flg and dish_washer_flg will affect the price positively. Considering the previous 

research (Guttentag et al., 2017), where benefits like local authenticity and social interaction 

were highlighted, we assume positive marginal effect of absolute change in sharing_flg as 

indicator of sharing economy accommodation on price_total. 

On the contrary, we expect negative marginal effects related to increase in distance, 

smoking_flg, pets_flg, pets_in_flat_flg and cancelling cat. We expect accommodates, distance, 

bedrooms and room_cat to have the largest statistically and practically significant impact on 

price_total (Chen and Xie, 2017). 

4.2. Model 

The research focuses on identifying the set of motivations of consumers, which determines 

their valuation of Airbnb listings with emphasis on sharing economy aspect. In hedonic pricing, 

using linear regression model is the most common approach. However, to build a suitable 

model, it is beneficial to take into account the nature of the data. As can be seen in Appendix 

C, several models were considered, however the model (1) was chosen for the purposes of this 

study. 

 𝑦 = 𝑙𝑛𝑃𝑟𝑖𝑐𝑒 = 𝛽0 + 𝛽1𝑎𝑐𝑐𝑜𝑚𝑚𝑜𝑑𝑎𝑡𝑒𝑠 + 𝛽2𝑏𝑎𝑡ℎ𝑟𝑜𝑜𝑚𝑠 + 𝛽3𝑏𝑒𝑑𝑟𝑜𝑜𝑚𝑠

+ 𝛽4𝑙𝑛𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝛽5𝑟𝑜𝑜𝑚_𝑐𝑎𝑡 + 𝛽6𝑠ℎ𝑎𝑟𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽7𝑘𝑖𝑡𝑐ℎ𝑒𝑛_𝑓𝑙𝑔

+ 𝛽8𝑤𝑖𝑓𝑖_𝑓𝑙𝑔 + 𝛽9𝑤𝑎𝑠ℎ𝑒𝑟_𝑓𝑙𝑔 + 𝛽10𝑑𝑖𝑠ℎ_𝑤𝑎𝑠ℎ𝑒𝑟 + 𝛽11𝑝𝑒𝑡𝑠_𝑓𝑙𝑔

+ 𝛽12𝑝𝑒𝑡𝑠_𝑖𝑛_𝑓𝑙𝑎𝑡_𝑓𝑙𝑔 + 𝛽13𝑠𝑚𝑜𝑘𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽14𝑠𝑢𝑝𝑒𝑟ℎ𝑜𝑠𝑡_𝑓𝑙𝑔

+ 𝛽15𝑟𝑎𝑡𝑖𝑛𝑔_𝑎𝑣𝑔 + 𝛽16𝑐𝑎𝑛𝑐𝑒𝑙𝑙𝑖𝑛𝑔_𝑐𝑎𝑡 + 𝜀 = 𝑋𝛽 + 𝜀 

(1) 

 

In following paragraphs, we will motivate, why model (1) was selected. First, we 

anticipated non-linear relationship between dependent and independent variables. As it was 

confirmed, using some injective transformation (such as logarithmic) of variables we were able 

to handle with it preserving the linear model. 

Secondly, in assumption of OLS method, no features of distribution of the dependent 

variable are required. However, the normality of the dependent variable provides us useful 

features, which could be beneficial especially in case of few observations for constructing 
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confidence intervals of the dependent variable (statistical inference). Natural data which are 

only positive or have lower boundary are usually log-normally distributed. Logarithmic 

transformation (using natural logarithm) transforms log-normally distributed data into 

normally distributed data, thus logarithmic transformation is suitable in case of strongly skewed 

data, when preservation of linear model is desired. 

However, in order to fulfil the assumption of normally distributed residuals produced by 

the model, natural logarithmic transformation of price turned out to be appropriate. Considering 

all these points, the model (1) was chosen for the purposes of this study. The model holds under 

the assumption of independent identically normally distributed error terms: εi ~ NID(0, σ2) 

and independence of error terms of independent variables: ሼε1, ε2, … , εNሽ is independent of 

ሼx1, x2, … , xNሽ. 

4.3. Research question 

The research focuses on identifying the set of motivations of consumers, which determine their 

valuation of Airbnb listings. However, the main interest lies in the “real sharing economy” 

aspect. Does price of sharing economy accommodation differs from other Airbnb 

accommodation? The null hypothesis can be formulated as follows: 

𝐻0: 𝛽6 = 0 … sharing_flg has not statistically significant impact on lnPrice. 

𝐻1: 𝛽6 ≠ 0 … sharing_flg has statistically significant impact on lnPrice. 

The statistical significance will be tested using two-sided t-test. 

We are also interested in the marginal effect of absolute change in sharing_flg. As a by-

product, the marginal effect of other variables can be identified and interpreted. 

Analysing t-values of each coefficient 𝛽𝑖, 𝑖 ∈ ሼ1, … ,16ሽ, we can identify a set of 

motivations of consumers, which statistically significantly affect consumers’ valuation of 

Airbnb listings. Calculating proportion of explained variance (PVE) for each independent 

variable, we could decompose the R-squared by each variable and thus understand the 

contribution of independent variables in our model deeper. Subsequently, we could omit 

variables with explain power smaller than in 1.2 % a set more parsimonious model providing 

similar results. 
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4.4. Results 

In this section, obtained results, summarised in Table 4.3., will be discussed. 

 Table 4.3. Linear regression based on model (1). 

lnPrice [USD] Coef. t PVE [%] 

constant (0)  3.011  62.61*** - 

accommodates (1)  0.217  61.65*** 43 .340 

bathrooms (2)  0.037   3 .04***  1 .582 

bedrooms (3)  0.022   3.10*** 11 .827 

lnDistance (4) - 0.162 - 29 .66***  4 .560 

room_cat (5)  0.397  51.75*** 25 .473 

sharing_flg (6) - 0.103 - 13 .01***  1 .52 

kitchen_flg (7) - 0.132  - 8 .41***  1 .190 

wifi_flg (8)  0.029   1 .82* - 

washer_flg (9) - 0.001  - 0 .10 - 

dish_washer_flg (10)  0.175   3 .39*** - 

pets_flg (11)  0.008   0 .99 - 

pets_in_flat_flg (12)  0.103   6 .93***  0 .254 

smoking_flg (13) - 0.066  - 9 .04***  1 .295 

super_host_flg (14)  0.117  12 .64***  0 .7141 

rating_avg (15)  0.003   5 .97***  0 .079 

cancelling_cat (16) - 0.071 - 19.73***  6 .157 

R-squared 0.624   0.617 
Note: OLS: ordinary least squares with robust standard errors. *p < 0.10, **p < 0.05, ***p < 0.01. 

The regression based on model (1) was run using statistical software Stata 15.0. The 

model explained more than 62 % of total variance in the dependent variable, which means we 

obtained more robust results than for instance Gibbs et al. (2018) in their study, who obtained 

R-squared smaller than 53 % modelling the natural logarithm of price. This can be caused by 

pooling data from five American cities into one data set, because consumers’ preferences could 

differ according to each city. We assume for instance weaker negative correlation between 

distance and price in city with top public transportation system. However, they run their 

regressions also separately. We still obtained higher R-squared than for Montreal, Toronto and 

Vancouver. On the other hand, models for Calgary and Ottawa provided better results measured 

in R-squared than our work. 

Using t-test it can be concluded, that accommodates, bathrooms, bedrooms, lnDistance, 

room_cat, sharing_flg, kitchen_flg, dish_washer_flg, pets_in_flat_flg, smoking_flg, 

super_host_flg, rating_avg and cancelling_cat have statistically significant impact on lnPrice 

on confidence level 1 − 𝛼 = 0.95. Thus, we can strongly reject the null hypothesis that 𝛽6 =

0, because the probability of the test statistic being equal or larger under the null hypothesis is 

close to zero. 
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The marginal effects were derived in Appendix D under the validity of Model (1). We 

obtained signs as we expected, besides sharing_flg, kitchen_flg, washer_flg, pets_flg and 

pets_in_flat_flg. Comments on possible reasons for that anomalies will be attached to marginal 

effects, which are listed according to the order in the model. 

An additional accommodates increases the expected price by more than 24 %, everything 

else fixed. Additional bathroom increases the average price_total more than additional 

bedroom, namely 3,8 % versus 2,2 %, ceteris paribus. The marginal effects of distance can be 

interpreted as follows: 𝛽4 is described as the price elasticity of distance. Thus 10 % increase in 

distance causes on average 1.6 % decrease in price_total, ceteris paribus, thus the response is 

inelastic. An expected finding is that one unit increase in room_cat has strong practical impact 

on price_total, namely almost 49 % on average, ceteris paribus. 

Finding which is not in line with our expectations is that sharing_flg has statistically and 

practically strong negative impact on price_total. However, several reasons for this 

phenomenon can be mentioned. First of all, the tourists in Berlin may not appreciate the 

advantages of sharing economy and the disadvantages play more important role in the 

perceived utility of sharing economy accommodation, which decreases the total price. In 

addition, there might be a huge difference among tourists according to their country of origin. 

The domestic tourists, who make up more than 50 % of tourists in Berlin (Eurostat, 2017), do 

not appreciate seeing local culture and habits and thus they may not appreciate advantages of 

real sharing economy accommodation. The local tourists outweigh the foreigners and thus the 

impact of the real sharing economy accommodation is negative. Secondly, as we seen in our 

data, the price could be reduced in exchange for some assistance and company in return, but 

we believe this was a rare case. However, as the most credible reasoning appears to be the 

finding of Lampinen and Ikkala (2014), who revealed, that the hosts artificially reduce the price 

in order to have more customers to choose from. This observation indicates that price_total is 

not the actual market price reflecting the tourists’ willingness to pay. We could interpret the 

coefficient 𝛽6 alternatively that the average price_total of real sharing economy 

accommodation is reduced by hosts for almost 10 %, ceteris paribus. 

Surprisingly the data showed statistically significant negative impact of the presence of 

kitchen. The listings with kitchen are more than 12 % cheaper than the listings without it on 

average ceteris paribus. However, 95 % of listings offer kitchen and this variable explains only 

1.2 % of total variance in lnPrice. With this in mind, we can understand this coefficient as 

additional intercept term. 
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Presence of dish washer increases the price_total for more than 19 % on average. Dish 

washer can indicate overall more luxury facilities of the property, which would substantiate 

such high value. Pets living in the property increases price_total for almost 11 % on average, 

ceteris paribus. Smoking in the property decreases the average price_total for more than 6 %. 

The results suggest that the host’s effort reflects into the price_total. Host with status of super 

host have more than 12 % higher prices on average. Although rating shows statistically 

significant impact on price_total, the practical significance of 0.3 % impact on average 

price_total can be disputed. On the other hand, stricter cancelling policy decreases the average 

price for almost 7 %, everything else fixed. 

The results indicate that lnPrice is not statistically significantly affected by wifi_flg, 

washer_flg and pets_flg on significance level α=0.05. WiFi connection increases the 

price_total for more than 2.9 % on average, everything else fixed. 

Proportion of explained variance (PVE) shed light on the question, which variables affect 

the lnPrice the most. PVE is useful for finding more parsimonious model preserving similar 

R-squared. Omitting variables with PVE smaller than 1.2 % we identified that model with 

independent variables accommodates, bathrooms, bedrooms, lnDistance, room_cat, 

sharing_flg, smoking_flg and cancelling_cat explains almost 62 % of variance of lnPrice. The 

coefficients of the restricted model can be seen in Appendix C, in Table E. 

The model was tested to avoid concerns related to robustness of results. The robust 

standard errors were used after rejecting of homoskedasticity of the data using Breusch-Pagan 

test. Multicollinearity was rejected based on variance inflation factor (VIF). The distribution of 

residuals was checked comparing empirical probability density functions and empirical 

cumulative distribution functions with the normal distribution. The results of these tests are 

described more in Appendix B. 

Our findings are potentially applicable by hosts in creating their pricing strategies. They 

can estimate the appropriate market price using our model according to their offer 

characteristics. In addition, as the set of characteristics which affect the price most were 

identified, it could serve hosts in designing their online offers. Moreover, it could help hosts to 

direct their potential future investments into their properties more effectively to increase the 

renting price maximally. However, our study may also serve as basis in-decision making of 

municipalities in context of issuing regulations on tourist accommodation market. The policy 

implications are further discussed in Section 5.  
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5. Conclusions 

This research was focused on analysing of bundle of attributes which affect the price of Airbnb 

accommodation in Berlin significantly with emphasis on sharing economy. The main research 

question was whether sharing economy indicator has statistically significant impact on price 

using data of all Airbnb listings in Berlin retrieved in May 2017. The null hypothesis that 

sharing economy indicator has no statistically significant impact on price was strongly rejected.

The results indicate that there is a large price premium on privacy and number of 

accommodated persons. The increase in distance has a large statistical negative impact on 

price. Apparently, the basic characteristics of Airbnb accommodation, which are comparable 

between hotels and Airbnb accommodation, are the main source of consumers’ utility. Thus, 

the virtues of sharing economy, strongly supported by Airbnb, are unfounded. These findings 

are in line with Chen and Xie (2017). 

The null hypothesis was strongly rejected on set confidence level. The results indicate 

that the real sharing economy accommodation is for almost 10 % cheaper than the business-

like accommodation. This phenomenon was identified by Lampinen and Ikkala (2014). They 

suggested that the hosts may price their property below the market price in order to have large 

pool of tourists to choose from. We have to consider also possible biases caused for example 

by reducing price for some assistance and company in return, as we have seen in our data. 

However, we consider it to be of little importance as this was a rare exception 

Another behavioral pattern, which was described as “reputational capital”, was not 

confirmed. According to Lampinen and Ikkala (2014), the hosts set price below the market 

price in the beginning, in order to obtain positive reviews. They gather this “reputational 

capital”, which is afterwhile transformed into price premium. In our study, the practical 

significance of additional rating point is disputable and thus we cannot identify ourselves with 

the idea of “reputational capital” in Berlin. Nevertheless, it can be concluded, that the hosts’ 

effort matters. For example, gaining the super host status can increase the average price for 

more than 12 %, ceteris paribus. 

When compared to model (8) designed by Chen and Xie (2017), we obtained higher 

marginal effect of accommodates and super_host_flg. However, it can be caused by different 

market and different design of the model in sense of choosing independent variables. 

As mentioned earlier, our conclusions could be utilised by municipalities for issuing 

targeted regulations. In the following paragraphs, possible policy implications will be 
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discussed. This work shed light on the factors, which affect prices of Airbnb listings. There are 

two main directions of policy implications. First, the Airbnb hosts can potentially use our 

estimated model in order to improve their pricing strategy and increase their revenues. 

Interesting finding was that real sharing economy accommodation was for almost 10 % cheaper 

on average, ceteris paribus. This can be caused deliberately by hosts in order to have large pool 

of tourists to choose from, as well as unintentionally due to the imperfect information. The 

model could be also utilised by Airbnb for improving their Smart-pricing tool. 

The second direction is related to theoretical implications. On the one hand, several 

virtues like sustainability, social interaction or meeting new cultures and habits are emphasised 

by Airbnb. Airbnb suggests that Airbnb accommodation does not necessarily have to compete 

with traditional forms of tourist accommodation offering different services and thus target new 

groups of tourists. However, according to our definition of sharing economy accommodation 

and using data mining method, only 26 % of active listing were assigned to the real sharing 

economy accommodation. Thus, this paper contributes to hedonic pricing of Airbnb listings 

literature and provided a part of evidence for issuing regulations to set a fair competition on 

the tourist accommodation market. 

However, there are several limitations in this work, which could be perceived as an 

opportunity for future research. Due to the data limitation, the tourists were not distinguished 

according to the country of origin. This extension of model would be really interesting, 

especially in context of sharing economy accommodation, as international tourists evaluate 

social benefits like contact with local community and local culture more than domestic tourists. 

Although it is common practice in literature related to hedonic pricing of Airbnb 

accommodation, we pointed out that the assumption of linear relationship between dependent 

variable and independent variable does not have to necessarily meet. Thus, the linear regression 

might not be the best approach and different models could be employed. As can be seen in 

Appendix B, we examined the dependence of residuals on lnPrice and these variables share a 

common trend. The residuals were not discussed in previous research. However, the model 

provides considerably large R-squared. 

Adjustment of price could provide better fit of the model. It would be suitable to calculate 

expected value of price based on the distribution of number of nights spent depending on 

minimum and maximum nights allowed by the host and cleaning fee. However, due to the lack 

of data this idea was not used in this work. 



 

22 
 

As our conclusions are based on cross-sectional data containing all Airbnb listings from 

Berlin, we are cautious to relate our result to other markets. In addition, the trends may change 

over time. 
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Appendix 

Appendix A. Data variables 

Table A. Raw data. 

Variable Data type Description 

interaction CHAR 
comment made by host on 

interactions between host and guest; 

host_is_superhost BOOLEAN 

at least 10 stays per year, good 

reviews, no cancelled reservation and 

quick response; 

latitude FLOAT(2,15) latitude; 

longitude FLOAT(2,15) longitude; 

property_type CHAR 
28 types of property like Apartment, 

House, B&B or Hostel; 

room_type CHAR 
entire home, private room or shared 

room; 

accommodates INTEGER maximum persons accommodated; 

bathrooms FLOAT(2,1) number of bathrooms; 

bedrooms INTEGER number of bedrooms; 

amenities CHAR 

list of amenities divided by comma - 

interested especially in kitchen, 

washer, dishwasher, …; 

price FLOAT(5,2) 
price of overnight stay per whole 

property calculated in USD; 

cleaning_fee FLOAT(5,2) cleaning fee for whole stay; 

guests_included, INTEGER 
number of persons included in the 

price; 

extra_people, FLOAT(5,2) fee for additional person; 

availability_30 INTEGER available nights in the next 30 days; 

availability_60 INTEGER available nights in the next 60 days; 

availability_90 INTEGER available nights in the next 90 days; 

availability_365 INTEGER available nights in the next 365 days; 

number_of_reviews INTEGER number of all reviews; 

first_review DATE date of the first review; 

last_review DATE date of the last review; 

review_scores_rating INTEGER guests rating on a scale 0-100; 

calculated_host_listings_count INTEGER total number of the host's listings; 

cancellation_policy CHAR flexible, moderate or strict; 

reviews_per_month FLOAT(2,2) average reviews per month. 

 

  



 

26 
 

Table B. Adjusted data. 

Variable Coding Description 

Dependent variables  price + (accommodates – guests 

included) × extra_people + 

cleaning_fee/6.35; 
price_total REAL+ 

lnPrice 

 

REAL 

 

logarithmic transformation of 

price_total; 

Independent variables   

    Listing properties   

distance REAL+ 
distance from City Hall based on 

latitude and longitude6; 

distance_sq REAL+ square root of distance; 

lnDistance REAL logarithmic transformation of 

distance; 

accommodates INTEGER  

bathrooms INTEGER  

bedrooms INTEGER  

room_cat 

Entire home/apt (2) 

Private room (1) Shared 

room (0) 

based on room_type; 

sharing_flg Yes (1) No (0) decision tree in Figure 4.2.; 

    Amenities   

kitchen_flg Yes (1) No (0) based on amenities; 

wifi_flg Yes (1) No (0) based on amenities; 

washer_flg Yes (1) No (0) based on amenities; 

dish_washer_flg Yes (1) No (0) based on amenities; 

smoking_flg Yes (1) No (0) based on amenities; 

pets_flg Yes (1) No (0) based on amenities; 

pets_in_flat_flg Yes (1) No (0) based on amenities; 

    Host effort  average reviews_score_rating 

calculated then 15 % of missing 

values replaced with this average; 
rating_avg INTEGER 

cancelling_cat 
Flexible (2) Moderate (1) 

Strict (0) 
based on cancellation_policy; 

super_host_flg Yes (1) No (0) based on host_is_superhost. 

                                                           
5 The price was calculated for fully occupied property. According to Airbnb (2013), the average length of stay in 

Berlin is 6.3 nights. Thus, we adjusted the price for accordant part of the cleaning_fee. 

6 The purpose of implementing variable distance is clarified in Section 4.1. Here we describe the technical 

approach. Considering the position of Germany, the coordinates have a positive sign. Converting the coordinates 

into radians we obtain parameters lat2, lng2 for the city centre and lat1, lng1 for calculating the distance of 

particular accommodation from the city centre using the formula below, which is based on the spherical law of 

cosines and average Earth radius. 

 distance = arccos(cos(𝑙𝑎𝑡1) cos(𝑙𝑛𝑔1) cos(𝑙𝑎𝑡2) cos(𝑙𝑛𝑔2)

+ cos(𝑙𝑎𝑡1) sin(𝑙𝑛𝑔1) cos(𝑙𝑎𝑡2) sin(𝑙𝑛𝑔2) + sin(𝑙𝑎𝑡1) sin(𝑙𝑎𝑡2))6372.795 
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Figure A. Histograms of price and distance and their logarhitmic transformations.   
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Appendix B. Model (1) testing 

• Heteroskedasticity: the data was tested using Breusch-Pagan test: 

𝐻0: 𝛼 = 0  … error variance does not depend on 𝑧𝑖. 

𝐻1: 𝜎𝑖
2 = 𝜎2ℎ(𝑧𝑖′𝛼)  … error variance is a function of 𝑧𝑖. 

  … for i= {1,…,K}, for some function h meets ℎ(0) = 1. 

The test statistic 𝜒2 = 25.15. Thus, the null hypothesis was strongly rejected on 

confidence level 1 − 𝛼 = 0.95, based on p-value 0.000. We can conclude that the 

data is not homoskedastic and thus the standard errors were replaced by 

heteroskedasticity robust standard errors. The residuals against the fitted values 

can be seen in Figure B. 

• Multicollinearity: the correlation analysis was performed. The independent 

variable is strongly correlated with dependent variables, which is desired, when 

choosing linear regression approach. All other coefficients are smaller than 0.6, 

as can be seen in Table C., so we have no suspicion of multicollinearity. As can 

be seen in Table D., we supported our findings with variance inflation factors 

(VIF) calculated as no VIF is larger than 10. 

• Normally distributed residuals: using logarithmic transformation of price_total, the 

empirical distributional function of residuals generated by Model (1) was close to 

normal distribution, as can be seen in Figure C. We supported our finding with 

Shapiro-Wilk test and the null hypothesis of normally distributed residuals cannot 

be rejected on the confidence level 1 − 𝛼 = 0.95, namely the test statistic was 

0.675. However, Shapiro-Wilk test is not suitable tool for large samples as this 

test is too sensitive to any deviations. Thus, we tested normal distribution of 

residuals on restricted random sample (200 observations from 5 000 to 5200). 

 

Figure B. Checking homoskedasticity of residuals in Model (1). 
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Table C. Correlation matrix. 

Table D. Variance inflation factor. 

 VIF  VIF 

accommodates 1.89 washer_flg 1.12 

bathrooms 1.14 dish_washer_flg 1.00 

bedrooms 1.71 pets_flg 1.06 

lnDistance 1.02 pets_in_flat_flg 1.23 

room_cat 1.69 smoking_flg 1.08 

super_host_flg 1.05 sharing_flg 1.53 

rating_avg 1.04 kitchen_flg 1.16 

cancelling_cat 1.11 wifi_flg 1.10 

Mean VIF 1.25 

 

 

Figure C. Empirical probability density function and distribution function of residuals.  
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lnPrice 1                 

accommodates 0.70 1                

bathrooms 0.17 0.26 1               

bedrooms 0.44 0.62 0.32 1              

lnDistance -0.20 -0.04 -0.01 0.00 1             

room_cat 0.54 0.38 -0.01 0.24 -0.06 1            

sharing_flg 0.13 0.09 -0.02 0.10 -0.01 0.43 1           

kitchen_flg 0.02 0.04 0.02 0.04 -0.02 0.14 0.06 1          

wifi_flg 0.03 0.04 0.04 0.04 -0.04 -0.02 0.00 0.26 1         

washer_flg -0.03 -0.01 0.04 0.06 0.00 -0.04 0.07 0.26 0.19 1        

dish_washer_flg 0.05 0.04 0.02 0.04 0.01 0.02 0.00 0.01 0.00 0.01 1       

pets_flg 0.05 0.09 0.01 0.03 0.04 0.01 0.01 0.02 0.01 0.03 0.00 1      

pets_in_flat_flg -0.04 -0.03 0.02 -0.01 0.06 -0.09 0.32 -0.01 0.03 0.03 0.01 0.10 1     

smoking_flg -0.15 -0.07 0.00 -0.06 0.02 -0.16 -0.05 0.03 0.02 0.07 -0.01 0.18 0.06 1    

super_host_flg 0.08 0.01 0.02 0.00 -0.05 -0.01 -0.04 -0.01 0.04 0.00 0.02 -0.01 0.02 -0.04 1   

rating_avg -0.01 -0.06 0.01 0.00 0.00 -0.03 0.05 0.03 0.02 0.07 0.01 -0.04 0.02 -0.05 0.15 1  

cancelling_cat -0.30 -0.21 -0.03 -0.10 0.10 -0.20 0.01 -0.02 -0.06 0.01 -0.03 0.01 -0.01 0.09 -0.12 0.02 1 
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Appendix C. Models (2), (3), (4) and (1) results comparison 

 𝑦 = 𝑝𝑟𝑖𝑐𝑒_𝑡𝑜𝑡𝑎𝑙 = 𝛽0 + 𝛽1𝑎𝑐𝑐𝑜𝑚𝑚𝑜𝑑𝑎𝑡𝑒𝑠 + 𝛽2𝑏𝑎𝑡ℎ𝑟𝑜𝑜𝑚𝑠 + 𝛽3𝑏𝑒𝑑𝑟𝑜𝑜𝑚𝑠 + 𝛽17𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

+ 𝛽5𝑟𝑜𝑜𝑚_𝑐𝑎𝑡 + 𝛽6𝑠ℎ𝑎𝑟𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽7𝑘𝑖𝑡𝑐ℎ𝑒𝑛_𝑓𝑙𝑔 + 𝛽8𝑤𝑖𝑓𝑖_𝑓𝑙𝑔

+ 𝛽9𝑤𝑎𝑠ℎ𝑒𝑟_𝑓𝑙𝑔 + 𝛽10𝑑𝑖𝑠ℎ_𝑤𝑎𝑠ℎ𝑒𝑟 + 𝛽11𝑝𝑒𝑡𝑠_𝑓𝑙𝑔 + 𝛽12𝑝𝑒𝑡𝑠_𝑖𝑛_𝑓𝑙𝑎𝑡_𝑓𝑙𝑔

+ 𝛽13𝑠𝑚𝑜𝑘𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽14𝑠𝑢𝑝𝑒𝑟ℎ𝑜𝑠𝑡_𝑓𝑙𝑔 + 𝛽15𝑟𝑎𝑡𝑖𝑛𝑔_𝑎𝑣𝑔

+ 𝛽16𝑐𝑎𝑛𝑐𝑒𝑙𝑙𝑖𝑛𝑔_𝑐𝑎𝑡 + 𝜀 = 𝑋𝛽 + 𝜀 

(2) 

 𝑦 = 𝑝𝑟𝑖𝑐𝑒_𝑡𝑜𝑡𝑎𝑙 = 𝛽0 + 𝛽1𝑎𝑐𝑐𝑜𝑚𝑚𝑜𝑑𝑎𝑡𝑒𝑠 + 𝛽2𝑏𝑎𝑡ℎ𝑟𝑜𝑜𝑚𝑠 + 𝛽3𝑏𝑒𝑑𝑟𝑜𝑜𝑚𝑠 + 𝛽17𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

+ 𝜷𝟏𝟖𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆_𝒔𝒒 + 𝛽5𝑟𝑜𝑜𝑚_𝑐𝑎𝑡 + 𝛽6𝑠ℎ𝑎𝑟𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽7𝑘𝑖𝑡𝑐ℎ𝑒𝑛_𝑓𝑙𝑔

+ 𝛽8𝑤𝑖𝑓𝑖_𝑓𝑙𝑔 + 𝛽9𝑤𝑎𝑠ℎ𝑒𝑟_𝑓𝑙𝑔 + 𝛽10𝑑𝑖𝑠ℎ_𝑤𝑎𝑠ℎ𝑒𝑟 + 𝛽11𝑝𝑒𝑡𝑠_𝑓𝑙𝑔

+ 𝛽12𝑝𝑒𝑡𝑠_𝑖𝑛_𝑓𝑙𝑎𝑡_𝑓𝑙𝑔 + 𝛽13𝑠𝑚𝑜𝑘𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽14𝑠𝑢𝑝𝑒𝑟ℎ𝑜𝑠𝑡_𝑓𝑙𝑔

+ 𝛽15𝑟𝑎𝑡𝑖𝑛𝑔_𝑎𝑣𝑔 + 𝛽16𝑐𝑎𝑛𝑐𝑒𝑙𝑙𝑖𝑛𝑔_𝑐𝑎𝑡 + 𝜀 = 𝑋𝛽 + 𝜀 

(3) 

 𝑦 = 𝒍𝒏𝑷𝒓𝒊𝒄𝒆 = 𝛽0 + 𝛽1𝑎𝑐𝑐𝑜𝑚𝑚𝑜𝑑𝑎𝑡𝑒𝑠 + 𝛽2𝑏𝑎𝑡ℎ𝑟𝑜𝑜𝑚𝑠 + 𝛽3𝑏𝑒𝑑𝑟𝑜𝑜𝑚𝑠 + 𝛽17𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

+ 𝛽5𝑟𝑜𝑜𝑚_𝑐𝑎𝑡 + 𝛽6𝑠ℎ𝑎𝑟𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽7𝑘𝑖𝑡𝑐ℎ𝑒𝑛_𝑓𝑙𝑔 + 𝛽8𝑤𝑖𝑓𝑖_𝑓𝑙𝑔

+ 𝛽9𝑤𝑎𝑠ℎ𝑒𝑟_𝑓𝑙𝑔 + 𝛽10𝑑𝑖𝑠ℎ_𝑤𝑎𝑠ℎ𝑒𝑟 + 𝛽11𝑝𝑒𝑡𝑠_𝑓𝑙𝑔 + 𝛽12𝑝𝑒𝑡𝑠_𝑖𝑛_𝑓𝑙𝑎𝑡_𝑓𝑙𝑔

+ 𝛽13𝑠𝑚𝑜𝑘𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽14𝑠𝑢𝑝𝑒𝑟ℎ𝑜𝑠𝑡_𝑓𝑙𝑔 + 𝛽15𝑟𝑎𝑡𝑖𝑛𝑔_𝑎𝑣𝑔

+ 𝛽16𝑐𝑎𝑛𝑐𝑒𝑙𝑙𝑖𝑛𝑔_𝑐𝑎𝑡 + 𝜀 = 𝑋𝛽 + 𝜀 

(4) 

 𝑦 = 𝑙𝑛𝑃𝑟𝑖𝑐𝑒 =  𝛽0 + 𝛽1𝑎𝑐𝑐𝑜𝑚𝑚𝑜𝑑𝑎𝑡𝑒𝑠 + 𝛽2𝑏𝑎𝑡ℎ𝑟𝑜𝑜𝑚𝑠 + 𝛽3𝑏𝑒𝑑𝑟𝑜𝑜𝑚𝑠 + 𝜷𝟒𝒍𝒏𝑫𝒊𝒔𝒕𝒂𝒏𝒄𝒆

+ 𝛽5𝑟𝑜𝑜𝑚_𝑐𝑎𝑡 + 𝛽6𝑠ℎ𝑎𝑟𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽7𝑘𝑖𝑡𝑐ℎ𝑒𝑛_𝑓𝑙𝑔 + 𝛽8𝑤𝑖𝑓𝑖_𝑓𝑙𝑔

+ 𝛽9𝑤𝑎𝑠ℎ𝑒𝑟_𝑓𝑙𝑔 + 𝛽10𝑑𝑖𝑠ℎ_𝑤𝑎𝑠ℎ𝑒𝑟 + 𝛽11𝑝𝑒𝑡𝑠_𝑓𝑙𝑔 + 𝛽12𝑝𝑒𝑡𝑠_𝑖𝑛_𝑓𝑙𝑎𝑡_𝑓𝑙𝑔

+ 𝛽13𝑠𝑚𝑜𝑘𝑖𝑛𝑔_𝑓𝑙𝑔 + 𝛽14𝑠𝑢𝑝𝑒𝑟ℎ𝑜𝑠𝑡_𝑓𝑙𝑔 + 𝛽15𝑟𝑎𝑡𝑖𝑛𝑔_𝑎𝑣𝑔

+ 𝛽16𝑐𝑎𝑛𝑐𝑒𝑙𝑙𝑖𝑛𝑔_𝑐𝑎𝑡 + 𝜀 = 𝑋𝛽 + 𝜀 

(1) 

Table E. Models (2), (3), (4), (1) and restricted (1) results comparison. 

MODEL 

(2) (3) (4) (1) restricted (1) 

price_total 

[USD] 

price_total 

[USD] 

lnPrice 

[USD] 

lnPrice 

[USD] 

lnPrice 

[USD] 

Constant -47.54 (-9.24)*** -36.72 (-6.92)*** 2.91 (59.92)*** 3.01 (62.61)*** 3.21 (165.28)*** 

accomm~s 21.52 (41.71)*** 21.44 (41.45)*** 0.22 (60.99)*** 0.22 (61.65)*** 0.22 (62.56)*** 

bathrooms 18.17 (9.56)*** 17.58 (9.22)*** 0.04 (3.53)*** 0.04 (3.04)*** 0.04 (3.16)*** 

bedrooms 10.70 (10.11)*** 10.62 (10.04)*** 0.02 (2.95)*** 0.02 (3.1)*** 0.02 (3.09)*** 

distance -1.93 (-13.78)*** -5.6 (-18.3)*** - - - 

distance_sq - 0.25 (12.3)*** - - - 

lnDistance - - -0.03 (-20.93)*** -0.16 (-29.66)*** -0.16 (-29.3)*** 

room_cat 22.29 (26.78)*** 21.81 (26.45)*** 0.40 (51.63)*** 0.40 (51.75)*** 0.37 (51.18)*** 

sharing_flg -13.49 (-14.72)*** -12.98(-14.26)*** -0.11 (-13.49)*** -0.10 (-13.01)*** -0.08 (-11.07)*** 

kitchen_flg -7.71 (-5.17)*** -7.41 (-5.02)*** -0.14 (-8.59)*** -0.13 (-8.41)*** - 

wifi_flg 0.79 (0.59) 0.88 (0.66) 0.03 (1.92)* 0.03 (1.82)* - 

washer_flg -1.49 (-2.01)** -1.35 (-1.83)* -0.00 (-0.19) 0.00 (0.1) - 

dish_was~g 22.28 (2.69)*** 22.15 (2.73)*** 0.18 (3.24)*** 0.18 (3.39)*** - 

pets_flg -0.70 (-0.77) -0.80 (-0.88) 0.00 (0.92) 0.01 (0.99) - 

pets_in_fl~g 9.60 (7.03)*** 8.98 (6.66)*** 0.10 (6.93)*** 0.10 (6.93)*** - 

smoking_flg -3.55 (-5.33)*** -3.18 (-4.78)*** -0.07 (-9.52)*** -0.07 (-9.04)*** -0.07 (-9.89)*** 

super_h~lg 8.57 (7.66)*** 7.99 (7.19)*** 0.13 (13.31)*** 0.12 (12.64)*** - 

rating_avg 0.23 (4.64)*** 0.22 (4.61)*** 0.00 (5.87)*** 0.00 (5.97)*** - 

cancelli~t -3.92 (-11.52)*** -3.68 (-10.89)*** -0.07 (-20.47)*** -0.07 (-19.73)*** -0.08 (-21.8)*** 

R-squared 0.596 0.601 0.616 0.624 0.617 

Note: OLS: ordinary least squares with robust standard errors, t-values in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. 
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We made post estimation tests analogically as in Appendix B for all models (2), (3) and (4) as 

well. Figure D. shows the empirical distribution of observed residuals compared to normal 

probability density function. The results indicate that model (1) meets this assumption best. 

 

Figure D. Empirical probability density function of residuals in Models (2), (3), (4), (1). 

As can be seen in Figure E., heteroskedasticity was partially absorbed by logarithmic 

transformation of price_total. Figure F. shows the dependence of residuals on the dependent 

variable. Obviously, the residuals and the dependent variable share a common trend. We 

checked functional form adding second and third powers of all independent variables, but this 

feature was not absorbed. As the quality of model was discussed in literature only in terms of 

R-squared and linear regression is frequent approach, we suppose that this bias is caused by 

omitting relevant variables due to the data limitation. Theoretical framework is given by 

Formulas (5)-(9). The size of bias is shown in Formula (9). 



 

32 
 

 

Figure E. Checking homoskedasticity of residuals in Models (2), (3), (4) and (1). 

 

Figure F. Checking linearity assumption in Models (2), (3), (4) and (1).  
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True model: 𝑦 = 𝑋𝛽 + 𝑍𝜃 + 𝜀 (5) 

Assumed model: 𝑦 = 𝑋𝛽 + 𝑢 (6) 

OLS-method for model (6): 𝑏 = (𝑋𝑇𝑋)−1𝑋𝑇𝑦 (7) 

β estimate using true data: 

Formula (5) into (7): 

𝑏 = (𝑋𝑇𝑋)−1𝑋𝑇(𝑋𝛽 + 𝑍𝜃 + 𝜀)

= 𝛽 + (𝑋𝑇𝑋)−1𝑋𝑇𝑍𝜃 + (𝑋𝑇𝑋)−1𝑋𝑇𝜀 

(8) 

Expected value of b from (8) 𝐸[𝛽 + (𝑋𝑇𝑋)−1𝑋𝑇𝑍𝜃 + (𝑋𝑇𝑋)−1𝑋𝑇𝜀] = 𝛽 + (𝑋𝑇𝑋)−1𝑋𝑇𝑍𝜃 (9) 

Proof of bias emerged omitting relevant variables. b is no longer unbiased estimate of β, if 𝜃 is 

nonzero. Omitting relevant variables can cause change in the slope of the regression line.  
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Appendix D. Marginal effects 

The model can be chosen with respect to the research question and also the nature of the data. 

The research question and the purpose of the study relate to the marginal effect of one unit 

change in regressor 𝑥𝑘 (e.g. distance) or marginal effect of absolute change in case of dummy 

variables (e.g. 𝑥8 (wifi_flg)). 

Marginal effect of one unit change of regressor 𝑥𝑖𝑘 (or absolute change in case of dummy 

variables) on the price can be calculated in Model (2) as follows: 

∂E[yi|𝑥𝑖]

∂𝑥𝑖𝑘
= 𝛽𝑘,  𝑘 = ሼ1,2,3,5 …17ሽ 

Which means that one unit change in 𝑥𝑖𝑘 (e.g. distance), ceteris paribus will increase or 

decrease the price for 𝛽𝑘-units on average. 

In Model (3) the marginal effect could be calculated analogically apart from marginal 

effect of distance. 

 ∂E[yi|𝑥𝑖]

 ∂𝑥𝑖17
= 𝛽17 + 2𝛽18𝑥𝑖17  

In Model (1) the price can be explicitly rewritten as: 𝑒𝛽𝑋+𝜀. Thus, we can calculate the 

marginal effect of 𝑥𝑖𝑘 except 𝑥𝑖4. 

 ∂E[yi|𝑥𝑖]

 ∂𝑥𝑖𝑘
= E[yi|𝑥𝑖] 𝛽𝑘, 𝑘 = ሼ1,2,3,5 …17ሽ 

…  𝛽𝑘 can be interpreted as (𝑒  𝛽𝑘 − 1) × 100 percentage change of 𝑦𝑖. 

In Model (1) the most elegant interpretation of marginal effect of  𝛽4 is in term of 

elasticity, which can be calculated as follows: 

 ∂E[yi|𝑥𝑖]

 ∂𝑥𝑖17
∙

𝑥𝑖17

𝐸[𝑦𝑖|𝑥𝑖]
 = 𝐸[𝑦𝑖|𝑥𝑖] 𝛽4 ∙

1

𝑥𝑖17
 ∙

𝑥𝑖17

𝐸[𝑦𝑖|𝑥𝑖]
= 𝛽4  


