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Abstract 

The sharing economy is a quickly growing phenomenon that has been 

challenging traditional business models. Airbnb is one of the most prominent sharing 

economy platforms, and its effect on hotels is unclear but heavily debated on. This 

thesis analyzes the effect of Airbnb prevalence on hotel performance in San Francisco. I 

employ a differences in differences approach to find that there is a slight negative effect 

of Airbnb on hotel revenue but no effect on occupancy rate.  
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1 Introduction 

 The growing popularity of the sharing economy is a recent phenomenon that has 

been disrupting many industries and contesting traditional business models. The 

sharing economy is also known as collaborative consumption, which is defined as the 

peer to-peer-based activity of obtaining, giving, or sharing the access to goods and 

services, coordinated through community-based online services (Hamari, 1). Its 

emergence and growth over recent years has been tremendous. In fact, it is estimated 

to grow from $14 billion in 2014 to $335 billion by 2025 (Yaraghi and Ravi, 3). 

Companies such as Airbnb, Uber, Taskrabbit, have been well received by consumers, 

but have been subject to controversy and reluctance from regulators and incumbents. 

 Airbnb is the largest P2P platform in accommodation. Founded in 2008, Airbnb is 

a community marketplace for people to list and book accommodations around the world 

(Airbnb). It connects hosts with extra accommodation area to guests in need of a place 

to stay. Its platform was built on the three assumptions that 1) Price is a concern for 

customers booking travel online, 2) Hotels leave you disconnected from the city and its 

culture, and 3) No easy way exists to book a room with a local or become a host. It 

attempts to address these concerns, as connecting guests to hosts can allow guests to 

find cheaper accommodation and meet locals on a convenient online platform.  

 Although Airbnb is not as competitive in aspects such as staff professionalism, 

security, and service compared to incumbent firms such as hotels or traditional bed and 

breakfasts, it seems as though increasingly more people are considering using Airbnb 

over traditional accommodations while traveling. This raises the question of what the 

impact of Airbnb’s entry on incumbent firms are. 
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 Airbnb is headquartered in San Francisco, where it got its start. It is the city’s 

biggest vacation rental site, with about 9000 listings as of October 2017. 72% of Airbnb 

properties in San Francisco are outside of the central hotel areas (Airbnb). The hotel 

industry in San Francisco remains strong, and it is difficult to determine whether Airbnb 

has an effect on hotel performance, and how large this effect is. 

 This paper will examine the effects that Airbnb’s has on hotel performance in San 

Francisco. We will examine the effect of Airbnb’s price and supply on hotel revenue and 

occupancy. First, I will give an overview of existing literature related to this topic. Next, I 

will explain the data I used and its advantages and shortcomings. Finally, I will detail the 

difference in difference methodology I employed and my findings. 
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2 Literature Review  

Given Airbnb’s potential for such disruption to the travel industry, there has been 

an abundance of media coverage and speculation about its effect on hotels but 

relatively few academic studies or empirical research available. Among the few studies 

that have been conducted on its effects in relation to hotels, there have been varying 

results. Results among academic papers are inconsistent, and research done by 

companies are conflicting and unclear in methodologies. This lack of research is 

probably due to the limited amount of public data that Airbnb makes available and the 

fact that it is a relatively new company.  

 My paper is most closely related to Zervas et al.’s working paper, “The Rise of 

the Sharing Economy: Estimating the Impact of Airbnb on the Hotel Industry”. They 

estimated that each additional 10% increase in Airbnb supply resulted in a 0.39% 

decrease in hotel revenue in Texas using a fixed effects model with hotel and time fixed 

effects and a difference- in-difference model. More specifically, they found that the 

causal impact on hotel revenue is in the 8-10% range, with lower-priced hotels and 

hotels not catering to business travelers being the most affected (Zervas et al., 1). 

 Similar results were found by Ytreberg, who studied the effect of Airbnb on the 

Norwegian hotel market. She estimated that a 10% increase in Airbnb supply decreases 

hotel revenue by 0.3% by using a fixed effects model and taking advantage of the 

variation in the timing of Airbnb establishment across the five cities (Ytreberg, iii). 

 However, Nesser’s research on the impact of Airbnb on hotels in Norway, 

Finland, and Sweden does not match Zervas’s research. He replicates their 

methodology to see how their results may change when he looks at different countries 
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(Neeser, 3). He concludes that there is no significant impact on the revenue per 

available hotel room, room occupancy rate, and the composition of hotel guests, but did 

contribute to a reduction in the average price of a room where Airbnb entered the most 

(Neeser, 11). This difference may be because he measures the impact on counties 

instead of metropolitan areas, so this greater area could bias his estimates. He also 

includes large rural areas, which may have skewed his results since Airbnb has a very 

limited presence there (Neeser, 7). 

 Airbnb’s effect on Chicago and San Francisco had varied results as well. Airbnb’s 

entrance into the lodging industry did not have a significant impact on hotel occupancy 

rates on San Francisco from 2008 to 2014, but the results suggest that the company’s 

rise may have had a marginally significant impact on hotel occupancy rates in Chicago 

during the same time period (Goree, 18). 

 Similar studies were done in other countries. Choi et al. finds that there is no 

significant impact of Airbnbs on the hotel industry in Korea, but Airbnb has a lower 

presence in Korea (Choi et al., 1). In Toronto, reducing the projected growth rate of 

Airbnb room was estimated to have a statistically insignificant impact on luxury, upper 

upscale, and economy class hotels, a statistically significant negative impact on upscale 

and upper midscale class hotels, and a statistically significant positive affect on 

Midscale class hotels, suggesting that the entrance of Airbnb has negatively affected 

Midscale class hotels (Mohamad, 59). 

 Reports written by professional analysts are perhaps even more conflicting. 

These are mostly conducted by private companies, so reports may be biased based on 

which industry these companies were hired by. Airbnb claims that 74% of Airbnb are 
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properties outside the main hotel districts, implying that they are not much of a threat to 

hotel revenue. They claim that Airbnb contributes $56 million in local spending and 

supports 430 jobs in San Francisco. Of the total guest spending, $12.7 million goes 

directly to local host households (Airbnb). Reports written on the hotel industry side 

claim that Airbnb is unfairly scaling, as they are subject to less regulation than hotels, so 

there have been much debate over how Airbnb should be regulated. HVS Consulting & 

Valuation, a leading hospitality consulting firm was commissioned by the Hotel 

Association to find that in New York city, Airbnb costs more than $226 million 

annually in lost tax revenues for local, state and federal governments, 2,800 jobs 

were lost (HVS Consulting & Valuation, 40). A more unbiased report is given by Str, a 

hotel market data company that found hotels were following their normal cyclical 

trajectory through July 2016, hovering at or just below the peak at a time when Airbnb 

listings outnumbered the world’s largest hotel company by nearly three units to one (, 

3). They admit that their report does not give substantial insight to any causal or 

correlational effects of Airbnb on hotels. 

Intuition may lead many to expect that Airbnb is competing with the hotel 

industry, so its strong growth rate would lead to a loss in hotel revenue. However, there 

is little empirical evidence or research on this topic, and among the existing literature, 

there are many conflicting findings. My hypothesis will follow this intuition, where the 

entrance of Airbnb causes hotel revenue to decrease in San Francisco. My research will 

add to these existing findings by using a methodology similar to Zervas et al. and ideally 

provide more clarity to Airbnb’s effects on the hotel industry. 
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3 Data 

3.1 Airbnb Data 

 Airbnb data is difficult to obtain, as Airbnb does not publically release data 

outside of information on listings that are currently available, so I rely on individuals that 

have scraped Airbnb’s website for listing data throughout time. 

This paper’s Airbnb data comes from two sources, Inside Airbnb and Tom Slee’s 

website. Inside Airbnb contains an independent set of tools and data that analyzes 

publically available information about a city’s Airbnb’s listings from Airbnb’s website. 

The data is collected nearly monthly, then verified, cleansed, analyzed and aggregated 

by the owner of Inside Airbnb. I used the website’s earliest monthly data from 

September 2015 until October 2017. I then used Tom Slee’s data, which also scraped 

publically available data from Airbnb’s website, to obtain earlier data that Inside Airbnb 

did not have. Tom Slee’s data scrapings of the Airbnb website are more sporadic and 

less detailed, but the advantage of using his data is that it goes back earlier in time. 

Inside Airbnb and Tom Slee’s websites use similar data collection methods so that the 

data are comparable. The number of listings is obtained by these two sources by 

scraping Airbnb’s website for listings available at the time and within 365 days, reported 

by these sources to be accurate to about 10%. I used his data for November 2013, May 

and August of 2014, and February and May of 2015.  

There are issues with the data to be aware of that may affect my analysis. The 

main issue with my Airbnb data is that it lacks substantial data from Airbnb’s earlier 

years: the monthly reports taken from Tom Slee’s website and Inside Airbnb do not start 

until 2013, years after Airbnb was first created, and some observations between 2013 
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and 2016 are missing too. As a result, the earliest data point shows that all the regions 

have some Airbnb listings available. My methodology details how I define Airbnb entry 

when this true entry time is not available. It is possible that Tom Slee and Airbnb use 

different methods to scrape the Airbnb data. Tom Slee’s data lacked zipcodes of each 

listings, so I corresponded each neighborhood name with a specific zipcode based on 

which zipcode took up the most space of the neighborhood (Appendix 3.1). These are 

rough groupings based off of which zipcode contained the most area of the 

neighborhood, since some neighborhoods contain multiple zipcodes. 

Overall summary statistics for Airbnb variables: 

 

 

3.2 Hotel Data 

Hotel data was obtained from STR, a hotel data company that collects 

performance data from over 58,000 hotels. The data is sent to STR from chain 

headquarters, management companies, owners, and directly from independent hotels. I 

received TREND data, which includes Supply/Demand/Revenue and 

ADR/OCC/RevPAR monthly data, from their SHARE center (Supporting Hotel- related 

Academic Research and Education). I requested for the data to be segmented by 

zipcodes. However, since some zipcodes did not contain enough hotels to run their 

analysis, they were grouped so that I received seven zipcodes or zipcode groups with 

their corresponding hotel data.  
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This hotel data was self-reported by hotels, so it is highly accurate. There is 

monthly data starting January 2011, years before we define Airbnb entry, until October 

2017. The participation rate of hotels was roughly 80% for San Francisco. However, the 

zipcodes are somewhat randomly grouped by Str, with some zipcodes randomly 

combined to others. This should not affect our overall results since these randomly 

attached zipcodes were combined with other zipcodes because they did not have that 

many hotel rooms to begin with. The seven zipcode groups are “94102”, “94103”, 

“94107, 94108”, “94109”, “94112, 94114, 94115, 94122”, “94123”, and “94129, 94133”. 

Overall summary statistics for hotel variables: 

 

 

3.3 My Dataset 

I used R to compile and cleanse the data so that my dataset was organized by 

month and grouped by zipcode groups. I counted and sorted Tom Slee and Inside 

Airbnb’s data to utilize the raw data and organize information by month. The hotel data 

was already grouped by zipcodes and dates, so I sorted the Airbnb data into these 

groups, and merged the datasets. The variables and description of variables used can 

be found in Appendix 3.3.  
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Summary Statistics by zipcode: 

 

It can be seen from the table above that the mean values for listings, revmedlist, 

ADR, and RevPAR can vary greatly across different zipcode areas while the mean 

values for occupancy rates are more similar. This variation for listings, revmedlist, ADR, 

and RevPAR is unsurprising since some locations are demanded more heavily, so this 
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will be captured by zipcode fixed effects, detailed in the next section. Furthermore, the 

standard deviations for hotel variables ADR, occupancy rate and RevPAR are relatively 

closer to each other across different zipcodes but vary greatly for listings and 

revmedlist.  The impact of this difference in standard deviation on our analysis is 

undetermined at this moment.  
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4 Methodology 

4.1 DiD Model Overview 

The rate of Airbnb’s growth varies across geographic areas not just on an 

international or national level, but even on a regional level within San Francisco, as 

illustrated by Appendix 4.1. I make use of this observation by employing a difference in 

differences (DiD) approach cross seven different zipcode regions to estimate the impact 

of Airbnb’s increase in prevalence on hotel performance. This approach allows us to 

compare the difference in hotel performance before and after Airbnb enters a region 

with the difference in hotel performance in regions where Airbnb had not entered over 

the same period of time. We assume that unobserved factors that influence hotel 

performance affect outcomes among all regions, as zipcode groups are for example, 

close in proximity and are part of ubiquitous economic trends. Double differencing 

should mitigate the effect of these unobserved factors and reduce bias.  

 

DiD Model Specification 

  𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑧𝑧𝑧𝑧 = 𝛽𝛽0 + 𝛽𝛽1𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 + 𝛽𝛽2𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴 + 𝛿𝛿𝑧𝑧 + 𝛿𝛿𝑚𝑚+ 𝛿𝛿𝑦𝑦 + 𝜀𝜀𝑖𝑖𝑧𝑧  

  a) 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑧𝑧𝑧𝑧: Measure of hotel performance 

  b) 𝛽𝛽0: constant 

  c) 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧: Measure of Airbnb Prevalence 

  d) 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴 : 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 ∙ 𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐻𝐻𝐴𝐴           

  e) 𝛿𝛿𝑧𝑧: Region fixed effects  

  f) 𝛿𝛿𝑚𝑚, 𝛿𝛿𝑦𝑦: Time fixed effects  
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4.2 DiD Model Specification Explanation 

a) 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑧𝑧𝑧𝑧: Measure of Hotel Performance 

𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑚𝑚  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑅𝑅𝑚𝑚𝑅𝑅 𝑆𝑆𝑅𝑅𝑆𝑆𝑆𝑆

  

𝐴𝐴𝐻𝐻𝑅𝑅𝑅𝑅𝐴𝐴𝐴𝐴 =  𝑂𝑂𝑖𝑖𝑖𝑖𝑂𝑂𝑂𝑂𝑖𝑖𝐴𝐴𝑖𝑖𝑂𝑂 ∙ 𝐴𝐴𝐴𝐴𝐴𝐴  

𝑂𝑂𝑖𝑖𝑖𝑖𝑂𝑂𝑂𝑂𝑖𝑖𝐴𝐴𝑖𝑖𝑂𝑂 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑚𝑚𝑅𝑅 𝑆𝑆𝑅𝑅𝑆𝑆𝑆𝑆
𝑅𝑅𝑅𝑅𝑅𝑅𝑚𝑚𝑅𝑅 𝐴𝐴𝑅𝑅𝐴𝐴𝑖𝑖𝑆𝑆𝐴𝐴𝐴𝐴𝑆𝑆𝑅𝑅

  

ADR, Occupancy, RevPAR, as well as their growth rates, are used to measure hotel 

performance.  

ADR and RevPAR both pertain to hotel revenue. ADR is the measure of the average 

rate paid for rooms sold, calculated by dividing room revenue by rooms sold. Revenue 

per Available Room (RevPAR) is similar to ADR, but they differ because RevPAR is 

affected by the amount of unoccupied available rooms, while ADR shows only the 

average rate of rooms actually sold. RevPAR is calculated by dividing the total guest 

room revenue by the total number of available rooms.  

b) 𝛽𝛽0: Constant 

c) 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧: Measure of Airbnb Prevalence 

Listings and total revenue, as well as their growth rates, are used to measure Airbnb 

prevalence. Revmedlist acts as a proxy for total revenue and is created by multiplying 

the median price of the region and number of listings of the region. 𝛽𝛽1 estimates the 

change in magnitude of hotel performance as 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 increases by one, without taking 

into account the effect of unobservable factors common to all regions. 

d) 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻�𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴 : 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 ∙ 𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐻𝐻𝐴𝐴                   

  𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐻𝐻𝐴𝐴: 1 when the number of Airbnb listings is above a certain threshold, 0 

otherwise. 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴50 describes the 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴 variable when the threshold for the 
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𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐻𝐻𝐴𝐴 variable is above 50% of the maximum number of listings of that region. 

Likewise, 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 describes when the 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴 variable’s threshold is above 

85% of the max listings of that region. 𝐴𝐴�𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴50 and 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 were chosen to 

represent two different definitions of what it means for Airbnb to have entered. One 

defines entry as when the number of listings is above 50% of the maximum listings, the 

other being above 85% of the maximum listings. To understand why these percentages 

were picked, observe Figure 1. ADR of zipcode 94102 is shown for reference, but other 

hotel performance variables and zipcodes follow similar patterns. As mentioned, the 

earliest Airbnb data is missing, so there is not enough data to determine when the true 

initial entry of Airbnb was, or when the first Airbnb unit in each zipcode was listed. The 

number of Airbnb listings, however, for the first data points are very low compared to the 

final number of Airbnb listings, and rises quickly from the initial data points. Using 50% 

of maximum listings as an indicator is still early in Airbnb’s rise and allows us to see a 

difference in entry times. The 85% of max listings mark is when Airbnb starts to plateau 

and waver between 85% and 100%. Thus, we define initial entry time as when Airbnb is 

50% of the maximum listings or 85% when Airbnb has fully entered. The coefficient 

on 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴, 𝛽𝛽2, is the DiD estimator, which estimates the change in hotel 

performance in regions with Airbnb entry compared to regions without Airbnb entry. The 

interaction terms are rescaled to avoid precision errors by multiplying listings or 

revmedlist, specified in the Results section’s charts. 

  By including both interaction terms in the model, we can differentiate the effects on hotel 

performance between Airbnb’s initial entry of when its supply is 50-85% of the maximum 

number of listings and when its supply is over 85% of the maximum number of listings, 
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to see if there are differences in the effect of Airbnb on hotels when Airbnb has greater 

market penetration. To see why this is the case, let 𝐽𝐽50represent an interaction variable 

that represents an Airbnb performance metric when Airbnb supply is between 50-85% 

of the maximum supply.  

  𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑧𝑧𝑧𝑧 = 𝛽𝛽0 + 𝛽𝛽1𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 + 𝜆𝜆1𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴50 + 𝜆𝜆2𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 + 𝜀𝜀 

                  = 𝛽𝛽0 + 𝛽𝛽1𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 + 𝜆𝜆1(𝐽𝐽50 + 𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85) + 𝜆𝜆2𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 + 𝜀𝜀 

                  = 𝛽𝛽0 + 𝛽𝛽1𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 + 𝜆𝜆1𝐽𝐽50 + 𝜆𝜆1𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 + 𝜆𝜆2𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 + 𝜀𝜀 

               = 𝛽𝛽0 + 𝛽𝛽1𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 + 𝜆𝜆1𝐽𝐽50 + (𝜆𝜆1 + 𝜆𝜆2)𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 + 𝜀𝜀 

  The coefficient on interaction50, 𝜆𝜆1, estimates the effect of Airbnb growth on hotel 

performance when Airbnb has entered in this first period of having 50-85% of the 

maximum number of listings, and adding this to the coefficient on interaction85, (𝜆𝜆1 +

𝜆𝜆2), estimates the gross effect of Airbnb in the later period, when Airbnb penetration has 

more than 85% of the maximum number of listings. 

e) 𝛿𝛿𝑧𝑧: Zipcode fixed effects  

Zipcode fixed effects are included when observing the effect of Airbnb on performance 

variables to capture the different average values of the hotel performance variables 

among different locations as discussed at the end of 4.1. They are not included when 

observing the performance variables’ growth rates because different regions do not 

have differential trends in growth rates. This includes fixed effects for the seven 

zipcodes “94102”, “94103”, “94107, 94108”, “94109”, “94112, 94114, 94115, 94122”, 

“94123”, “94129, 94133”.  

f) 𝛿𝛿𝑚𝑚, 𝛿𝛿𝑦𝑦: Time fixed effects  

𝛿𝛿𝑚𝑚,  : monthly fixed effects, 𝛿𝛿𝑦𝑦: yearly fixed effects 
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In Figure 1, hotel seasonality is clearly visible. This comes as no surprise, as 

seasonality has been continually prominent in tourism. To account for this, I include 

monthly fixed effects: hotel performance consistently drops in winter months but peaks 

in the fall. Year fixed effects are used to absorb the common trend of consistent year to 

year growth. For regressions where I am examining the growth rate of hotel 

performance, I do not include any time effects because the seasonality or time trend is 

already removed from the data when the growth rate is derived. 

 

Figure 1 

ADR v. listings            ADR v. revmedlist
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growthrateADR v. listings                 growthrateADR v. revmedlist 

    

 

growthrateADR v growthraterev   growthrateADR v growthraterev 
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5 Results 

5.1 Hotel Revenue 

A list of the regressions ran are listed in the appendix. In the following tables, 

standard errors are in parentheses. *** indicates when the p-value is less than 0.01, ** 

indicates when p-value is less than 0.05, * indicates when p-value is less than 0.1. Each 

column is a separate regression, the numbers to the right of the variable names are the 

coefficients on each variable. Time and zipcode fixed effects are included in the 

regressions that estimate the effect of Airbnb on ADR and RevPAR, but not on ADR 

growth rate or RevPAR growth rate since there is no seasonality or common time trend 

for growth rates, as discussed in section 4.2. The appendix contains a list of the 

regressions ran in STATA. 

 

Estimating the effect of Airbnb listings on Hotel ADR 

Regression a b c d 
listings -0.0386 -71.2** 5.61 -67.1** 
  (7.81) (27.6) (12.1) (31.8) 
interaction50   64.36**   62.62** 
    (26.50)   (2.755) 
interaction85     -4.85 -1.85 
      (6.45) (6.53) 
Constant 257.0*** 257.2*** 257.2*** 257.3*** 
  (15.21) (15.27) (15.18) (15.29) 
          
Observations 189 189 189 189 
R-squared 0.901 0.905 0.902 0.905 
Time and zipcode fixed effects are included in the regression but omitted in the table above. Variables are rescaled 

by dividing listings by 1000. 

 

Estimating the effect of Airbnb listings on Hotel RevPAR 

Regression a b c d 
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listings -1.19 -69.2*** 5.08 -63.6** 
  (7.78) (26.5) (11.4) (30.2) 
interaction50   61.52**   59.12** 
    (25.99)   (26.92) 
interaction85     -5.37 -2.55 
      (5.83) (5.88) 
Constant 199.9*** 200.1*** 200.1*** 200.2*** 
  (11.64) (11.54) (11.58) (11.51) 
          
Observations 189 189 189 189 
R-squared 0.922 0.925 0.923 0.925 
Time and zipcode fixed effects are included in the regression but omitted in the table above. Variables are rescaled 

by dividing listings by 1000. 

 

              Regression a) shows a simple linear regression. As listings increases, there is 

a negative but not significant change in hotel performance in ADR or RevPAR. Once 

interaction50 is included in regression b), we find that there is a positive DiD estimator 

of 64.36 for ADR, and 61.52 for RevPAR, both statistically significant with a p-value of 

less than 0.05. The result here does not seem to make economic sense since this 

signifies that the entry of Airbnb actually increases hotel revenue. After carefully 

examining the data, I found that only 14 out of the 189 observations have a listings 

value of less than 50% of the maximum number of listings, and are thus not included in 

interaction50. Then, 175 (=189-14) of regression observations in interaction50 are the 

same as listings itself, causing co-linearity in this regression and perhaps leading to this 

non-sensible result.  

As Airbnb enters fully however, the opposite is apparent in regression c). The 

coefficients on interaction85 are negative, -4.85 for ADR and -5.37 for RevPAR. 

Although these coefficients are not as statistically significant, this seems to make more 

economic sense. Checking the number of non-zero observations in the interaction85 
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category, I found that the issue of collinearity from using the interaction50 variable was 

resolved because there were 132 observations that were non-zero for interaction85. 

This makes the regression in c) much more reliable than b). This may imply that during 

Airbnb’s initial entry, ADR and RevPAR increased more in areas with greater Airbnb 

presence, but as Airbnb fully enters so that it is above 85% of its maximum supply, 

areas with Airbnb presence no longer experienced this increase in ADR and RevPAR.  

With regression d) we can differentiate the effects of Airbnb between when its 

supply was between 50% and 85% of the maximum Airbnb listings and when its supply 

was above 85% of the maximum listings. The coefficient on interaction50 gives us the 

effect of Airbnb during this earlier period of time, and the sum of the coefficients on 

interaction85 and interaction50 gives the effect of Airbnb during the later period. If the 

coefficient on interaction85 is smaller than the coefficient on interaction50, then the 

results signify that as Airbnb penetration increases, hotel revenue lessens. The 

coefficient on interaction50 is 62.62 while the coefficient on interaction85 is -1.85 for 

ADR, and RevPAR’s interaction coefficients are 59.12 and -2.55, respectively. The 

coefficients on interaction50 are statistically significant with a p-value of less than 0.05, 

but those on interaction85 are not significant. Accounting for the rescaled variables, 

these coefficients can be interpreted as there being a 62.62
1000

= 0.06262 increase in ADR 

and a 59.12
1000

= 0.05912 increase in RevPAR for every one increase in Airbnb listings 

during this earlier period, but as Airbnb has greater penetration in San Francisco so that 

its supply is above 85% of its maximum listings, then there is no significant difference in 

effect of Airbnb compared to this earlier period. The negative coefficient on 

interaction85 implies that there may be a negative effect of Airbnb supply on hotel 
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revenue, but it is inconclusive since the coefficient is not significant. Therefore, no 

significant effect of Airbnb supply on hotel revenue is found but it is possible that there 

is a slight negative effect.  

 

Estimating the effect of Airbnb revenue (revmedlist) on Hotel ADR 

Regression e f g h 
interaction50   31.48**   31.26** 
    (12.33)   (12.68) 
interaction85     -1.618 -0.464 
      (3.724) (3.686) 
revmedlist -0.613 -35.8*** 0.870 -35.1** 
  (5.24) (13.3) (7.20) (15.3) 
Constant 256.7*** 256.9*** 256.6*** 256.8*** 
  (15.33) (15.48) (15.33) (15.50) 
          
Observations 189 189 189 189 
R-squared 0.901 0.905 0.901 0.905 
Time and zipcode fixed effects are included in the regression but omitted in the table above. Variables are rescaled 

by dividing listings by 105. 

 

Estimating the effect of Airbnb revenue (revmedlist) on Hotel RevPAR  

Regression e f g h 
interaction50   29.59**   29.02** 
    (12.04)   (12.31) 
interaction85     -2.235 -1.164 
      (3.360) (3.319) 
revmedlist -1.12 -34.2*** 0.927 -32.5** 
  (5.04) (12.3) (6.63) (13.9) 
Constant 199.7*** 199.8*** 199.5*** 199.7*** 
  (11.71) (11.64) (11.70) (11.65) 
          
Observations 189 189 189 189 
R-squared 0.922 0.925 0.922 0.925 
Time and zipcode fixed effects are included in the regression but omitted in the table above. Variables are rescaled 

by dividing listings by 105. 
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           Parallel analysis was conducted for estimating the effect of Airbnb total revenue 

on Hotel ADR. We find similar results, which is unsurprising since total revenue 

depends heavily on Airbnb supply. In regression f), similar to regression b), we find that 

there is once again a significant positive change of 31.48 ∙ 10−5 = 0.0003148 in the 

magnitude of ADR and 29.59 ∙ 10−5 = 0.0002959 in the magnitude of RevPAR for every 

one increase in listings in areas with Airbnb entry compared to areas with no entry. 

However, this must be taken cautiously as this presents the same collinearity problem 

found when observing the effect of Airbnb listings on hotel revenue. The DiD estimator 

from regression g) is insignificant but in the negative direction, with coefficients of -1.618 

and -2.235 for ADR and RevPAR, respectively. We can imply again that as Airbnb was 

first beginning to enter, ADR and RevPAR were still increasing in areas with Airbnb 

presence entered compared to areas where Airbnb had less presence, but as Airbnb 

fully enters and the revenue grows, areas with Airbnb presence no longer experienced 

this increase in revenue, so there is no significant effect of Airbnb revenue on hotel 

revenue but it is still possible that there is a negative effect.  

In regression h) the coefficient on interaction50 is 31.26 and interaction85 is 

0.454 for ADR, and 29.02 and -1.164, respectively, for RevPAR. There is a 31.26 ∙

10−5 = 0.0003126 increase in ADR and a 29.02 ∙ 10−5 = 0.0002902 increase in RevPAR 

for every one dollar increase in Airbnb revenue during the first time period. Airbnb is 

found to have the same effect on ADR in the later period as the earlier time period since 

the coefficient on interaction85 is not significant. However, the coefficient on 

interaction85 is negative, so it is possible that Airbnb could have a slight negative effect 

on hotel revenue. 
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5.2 Hotel Revenue Growth Rate 

Estimating the effect of Airbnb supply growth rate (growthratelistings) on Hotel ADR 

growth rate 

Regressions a b c d 
growthratelistings 0.215*** 0.215*** 0.213*** 0.205*** 
  (0.0334) (0.0338) (0.0333) (0.0347) 
interaction50   -1.734   16.31*** 
    (2.134)   (5.228) 
interaction85     -3.376 -17.68*** 
      (2.070) (4.924) 
Constant -0.0395*** -0.0281** -0.0188 -0.0382*** 
  (0.00907) (0.0134) (0.0130) (0.0133) 
          
Observations 91 91 91 91 
R-squared 0.331 0.337 0.358 0.415 
Variables are rescaled by dividing listings by 105. 

 

Estimating the effect of Airbnb supply growth rate (growthratelistings) growth rate on 

Hotel RevPAR growth rate 

Regressions a b c d 
growthratelistings 0.260*** 0.260*** 0.257*** 0.250*** 
  (0.0394) (0.0397) (0.0392) (0.0410) 
interaction50   -2.518   14.81** 
    (2.420)   (6.101) 
interaction85     -3.991 -16.99*** 
      (2.307) (5.739) 
Constant -0.0567*** -0.0402** -0.0322** -0.0499*** 
  (0.0103) (0.0160) (0.0149) (0.0157) 
          
Observations 91 91 91 91 
R-squared 0.354 0.364 0.382 0.416 
Variables are rescaled by dividing listings by 105. 

 

When examining the effect of listings growth rate on hotel revenue growth rate, 

we see that the coefficient on interaction50 is -1.734 for ADR growth rate and -2.518 for 
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RevPAR growth rate from regression b), and -3.376 for ADR growth rate and -3.991 for 

RevPAR growth rate on interaction85 from regression c), all of which are not significant 

but in the negative direction. This suggests a negative effect of an increase of growth 

rate of listings on hotel revenue growth rate. 

With regression d), we can differentiate the effects of Airbnb supply growth rate 

between when Airbnb supply is 50% to 85% of its maximum number of listings and 

when Airbnb was above 85% of its maximum listings. The coefficient on interaction50 

estimates the impact of Airbnb during its initial entry when Airbnb listings is between 

50% and 85% of its maximum number of listings, and the sum of the coefficients on 

interaction50 and interaction85 estimates this impact during the later time period when 

the number of Airbnb listings is over 85% of its maximum listings. The coefficient on 

interaction50 is 16.31 for ADR growth rate and 14.81 for RevPAR growth rate, while the 

coefficient on interaction85 is -17.68 for ADR growth rate and -16.99 for RevPAR 

growth rate, all of which are statistically significant with p-values of less than 0.01, and a 

p-value of less than 0.05 for the coefficient on interaction50 for RevPAR growth rate. As 

Airbnb growth rate increases by 100% during this initial period, hotel ADR growth rate is 

estimated to increase by 16.31 ∙ 10−5 = 0.0001631 = 0.01631% and hotel RevPAR 

growth rate is estimated to increase by 0.01481%. This may have the same collinearity 

issue, where observations in interaction50 are very limited. However, during the later 

period, this ADR growth rate is expected to decrease by 17.68 ∙ 10−5 = 0.0001768 =

0.01768%, so the net change in ADR growth rate is 0.01631% − 0.01768% =

−0.00137%. RevPAR growth rate is estimated to decrease by 0.01693%, so the net 

change in RevPAR growth rate is 0.01481% − 0.01691% = −0.00121%. We can then 
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estimate that as Airbnb has greater presence in San Francisco, hotel revenue growth 

rate slows down. 

 

Estimating the effect of Airbnb supply (listings) on Hotel ADR growth rate 

Regressions e f g h 
interaction50   -29.00***   -20.03** 
    (8.463)   (8.614) 
interaction85     -12.86*** -12.35*** 
      (1.745) (1.713) 
listings -4.07** 25.4*** 7.56*** 27.4*** 
  (1.57) (8.84) (1.94) (8.84) 
Constant 0.0535*** 0.0477*** 0.0458*** 0.0421*** 
  (0.0124) (0.0126) (0.0119) (0.0121) 
          
Observations 189 189 189 189 
R-squared 0.036 0.058 0.158 0.168 
Variables are rescaled by dividing listings by 105. 

 

Estimating the effect of Airbnb supply (listings) on Hotel RevPAR growth rate 

Regressions e f g h 
interaction50   -40.02***   -30.30** 
    (14.41)   (14.56) 
interaction85     -14.17*** -13.38*** 
      (2.250) (2.187) 
listings -5.56*** 35.1** 7.25*** 37.3** 
  (1.94) (14.8) (2.59) (14.9) 
Constant 0.0517*** 0.0437*** 0.0432*** 0.0376** 
  (0.0155) (0.0158) (0.0151) (0.0153) 
          
Observations 189 189 189 189 
R-squared 0.046 0.075 0.148 0.165 
Variables are rescaled by dividing listings by 105. 

 

Examining the impact of listings on hotel revenue growth rates, we see that the 

coefficients on interaction50 and interaction85 are both negative in f) and g). The 

coefficient on interaction50 for regression f) is -29.00 for ADR growth rate and -40.02 for 
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RevPAR growth rate and are both statistically significant with a p-value of less than 

0.01. When Airbnb’s entry is defined to be when it’s number of listings is greater than 

50% of the maximum number of listings, then as listings increases by one, the growth 

rate slows by 29.00 ∙ 10−5 = 0.00029 = 0.00261% for ADR and 40.02 ∙ 10−5 =

0.0004002 = 0.04002% for RevPAR. So, the total impact of Airbnb’s increase in supply 

has resulted in a −0.029% ∙ 𝑧𝑧𝑅𝑅𝑧𝑧𝐴𝐴𝑆𝑆 𝑅𝑅𝑅𝑅𝑚𝑚𝐴𝐴𝑅𝑅𝑛𝑛 𝑅𝑅𝑜𝑜 𝑆𝑆𝑖𝑖𝑅𝑅𝑧𝑧𝑖𝑖𝑅𝑅𝑙𝑙𝑅𝑅
105

= −0.029% ∙ 9000
105

=  −0.00261%   

change in ADR growth rate compared to areas without Airbnb entry and a −0.04002% ∙

𝑧𝑧𝑅𝑅𝑧𝑧𝐴𝐴𝑆𝑆 𝑅𝑅𝑅𝑅𝑚𝑚𝐴𝐴𝑅𝑅𝑛𝑛 𝑅𝑅𝑜𝑜 𝑆𝑆𝑖𝑖𝑅𝑅𝑧𝑧𝑖𝑖𝑅𝑅𝑙𝑙𝑅𝑅
105

= −0.04002% ∙ 9000
105

=   −0.036018% change in RevPAR growth 

rate. The total number of listings is taken from the last observed total listings number in 

the dataset, or the number of listings in October, 8934 listings rounded upwards. 

Therefore, Airbnb supply may have a negative effect on hotel revenue growth rate.  

In regression h) we can differentiate the effects of Airbnb during its initial entry 

from when it is at 50-85% of its maximum listings and above 85% of its maximum 

listings. The coefficient on interaction50 is -20.03 and the coefficient on interaction85 is 

-12.35, both statistically significant with a p-value of less than 0.05 and 0.01, 

respectively. During Airbnb’s initial entry, hotel ADR growth rate changes by −20.03 ∙

10−5 = −0.0002003 = −0.02003% for every increase in one listing. After listings 

reaches 85%, there is a -.02003-.01235%=-.03238% change in Airbnb ADR growth rate 

for every one increase in listings. Similarly, for RevPAR growth rate the initial entry 

sparks a change of -0.03030%, then a −0.03030% − 0.01338% =  −0.04368 change in 

Airbnb RevPAR growth rate for every one increase in listings. Thus, as Airbnb has 

greater presence in San Francisco, hotel ADR growth rate slows down, but the amount 
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the growth rate slows down does not change significantly between when Airbnb has 

partially entered the market and after it has entered the market. 

 

Estimating the effect of Airbnb revenue growth rate on Hotel ADR growth rate 

Regressions a b c d 
interaction50   -1.090   10.47*** 
    (1.515)   (3.899) 
interaction85     -2.277 -11.22*** 
      (1.458) (3.585) 
growthraterev 0.187*** 0.189*** 0.188*** 0.175*** 
  (0.0302) (0.0320) (0.0324) (0.0365) 
Constant -0.0295*** -0.0172 -0.00548 -0.0290* 
  (0.00973) (0.0165) (0.0161) (0.0163) 
          
Observations 90 90 90 90 
R-squared 0.270 0.276 0.300 0.364 
Variables are rescaled by dividing listings by 107. 

 

Estimating the effect of Airbnb revenue on Hotel ADR growth rate 

  (13) (14) (15) (16) 
Regressions e f g h 
interaction50   -13.31***   -7.744* 
    (4.295)   (4.422) 
interaction85     -7.622*** -7.331*** 
      (1.081) (1.074) 
revmedlist -2.43** 0.111** 4.39*** 1.20*** 
  (1.03) (4.56) (1.26) (4.58) 
Constant 0.0546*** 0.0493*** 0.0469*** 0.0441*** 
  (0.0134) (0.0136) (0.0129) (0.0131) 
          
Observations 189 189 189 189 
R-squared 0.032 0.052 0.161 0.168 
Variables are rescaled by dividing listings by 107. 

 

Estimating the effect of Airbnb revenue growth rate on Hotel RevPAR growth rate 

Regressions a b c d 
interaction50   -1.598   9.070* 
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    (1.725)   (4.578) 
interaction85     -2.608 -10.36** 
      (1.621) (4.196) 
growthraterev 0.227*** 0.229*** 0.228*** 0.216*** 
  (0.0335) (0.0357) (0.0362) (0.0400) 
Constant -0.0454*** -0.0274 -0.0179 -0.0383* 
  (0.0108) (0.0194) (0.0181) (0.0194) 
          
Observations 90 90 90 90 
R-squared 0.292 0.301 0.321 0.356 
Variables are rescaled by dividing listings by 107. 

 

Estimating the effect of Airbnb revenue on Hotel RevPAR growth rate 

Regressions e f g h 
interaction50   -18.10**   -12.07 
    (7.342)   (7.476) 
interaction85     -8.387*** -7.933*** 
      (1.375) (1.348) 
revmedlist -3.50*** 0.149* 4.01** 0.159** 
  (1.27) (7.63) (1.65) (7.69) 
Constant 0.0551*** 0.0479*** 0.0466*** 0.0423** 
  (0.0168) (0.0170) (0.0163) (0.0165) 
          
Observations 189 189 189 189 
R-squared 0.046 0.071 0.154 0.165 
Variables are rescaled by dividing listings by 107. 

 

Next, we observe the effect of Airbnb revenue on hotel revenue growth rates. 

The first table shows the effects of Airbnb revenue growth rate on hotel ADR growth 

rate. The coefficients on the interaction terms in the first table show that there is an 

estimated negative change in the magnitude in hotel revenue growth rate in areas with 

Airbnb entry compared to areas without Airbnb entry, but it is not significant. When both 

interaction terms are in the regression, we can conclude that there is a 10.47 ∙ 10−7 =

0.0001047% change in ADR growth rate and a 9.070 ∙ 10−7 = 0.00009070% increase in 

RevPAR growth rate during Airbnb’s initial entry and a decrease of 11.22 ∙ 10−7 =
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0.0001122% ADR growth rate and -10.36 ∙ 10−7 = −0.0001036% change in RevPAR 

growth rate. 

However, for every one increase in revmedlist, the growth rate of ADR is 

estimated to decrease by −13.31 ∙ 10−7 = 0.0001331% and the growth rate of RevPAR 

is estimated to decrease by −18.10 ∙ 10−7 = 0.0001810% when Airbnb’s entry is at the 

50% level, and −7.622 ∙ 10−7 = 0.00007622% for ADR growth rate, −8.387 ∙ 10−7 =

0.00008387%, for RevPAR growth rate, at the 85% level. Then the total impact of 

Airbnb revenue growth was −0.0001331% ∗ 𝑅𝑅𝑅𝑅𝑚𝑚𝐴𝐴𝑅𝑅𝑛𝑛 𝑅𝑅𝑜𝑜 𝑧𝑧𝑅𝑅𝑧𝑧𝐴𝐴𝑆𝑆 𝑆𝑆𝑖𝑖𝑅𝑅𝑧𝑧𝑖𝑖𝑅𝑅𝑙𝑙𝑅𝑅
107

= −0.0001331% ∗

9000
107

=  −1.1979% ∗ 10−7, and the growth rate of RevPAR is estimated to decrease by a 

total of −0.0007622% ∗ 9000
107

=  −6.8% ∗ 10−7.  

When both interaction terms are included in the regression then the results show 

that during the initial period when Airbnb supply is 50-85% of maximum listings, there 

was a decrease in hotel ADR growth rate by  −7.744 ∙ 10−7 = 0.00007744% and a 

decrease in hotel RevPAR growth rate by −12.07 ∙ 10−7 = −0.0001207%  , then a 

decrease of −7.331 ∙ 10−7 − 7.744 ∙ 10−7 = −0.000413% in ADR growth rate and a 

−12.07 ∙ 10−7 − 7.933 ∙ 10−7 = −0.00020003% change in RevPAR growth rate when 

Airbnb supply is above 85% of maximum listings. Hence there is a slight negative, 

significant effect of Airbnb total revenue on hotel revenue growth rates. 
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5.3 Occupancy 

Estimating the effect of Airbnb supply (listings) on hotel occupancy  

Regression a b c d 
listings 3.62 -43.2 14.6 -26.2 
  (12.9) (40.3) (14.8) (46.0) 
interaction50   42.34   35.10 
    (36.48)   (38.15) 
interaction85     -9.387 -7.708 
      (6.012) (6.508) 
Constant 78.25*** 78.26*** 78.29*** 78.29*** 
  (1.723) (1.689) (1.723) (1.694) 
          
Observations 189 189 189 189 
R-squared 0.907 0.908 0.908 0.909 
Time and zipcode fixed effects are included in the regression but omitted in the table above. Variables are rescaled 

by dividing listings by 104. 

 

Estimating the effect of Airbnb revenue on hotel occupancy  

Regression e f g h 
interaction50   24.91   30.32 
    (27.58)   (28.27) 
interaction85     -7.998 -9.261* 
      (5.838) (5.509) 
revmedlist 0.0237 -0.131 0.0678 -0.114 
  (0.0762) (0.0181) (0.0797) (0.188) 
Constant 78.26*** 78.29*** 78.25*** 78.28*** 
  (1.729) (1.685) (1.736) (1.680) 
          
Observations 189 189 189 189 
R-squared 0.907 0.908 0.908 0.909 
Time and zipcode fixed effects are included in the regression but omitted in the table above. Variables are rescaled 

by dividing listings by 104. 

 

Estimating the effect of Airbnb listings growth rate on hotel occupancy growth rate 

Regressions a b c d 
growthratelistings 0.0394*** 0.0394*** 0.0390*** 0.0396*** 
  (0.00961) (0.00945) (0.00956) (0.00978) 
interaction50   -8.109   -11.36 



 33 

    (5.385)   (16.41) 
interaction85     -6.779 3.181 
      (5.090) (15.37) 
Constant -0.0177*** -0.0124** -0.0136** -0.0122** 
  (0.00352) (0.00575) (0.00545) (0.00580) 
          
Observations 91 91 91 91 
R-squared 0.126 0.142 0.139 0.142 
Variables are rescaled by dividing listings by 104. 

 

Estimating the effect of Airbnb listings on hotel occupancy growth rate 

Regressions e f g h 
interaction50   -10.17   -9.276 
    (6.472)   (6.517) 
interaction85     -1.464 -1.225 
      (.9981) (.9950) 
listings -0.0144** 0.0889 -0.00112 0.0909 
  (5.93e-03) (0.0660) (0.0115) (0.0663) 
Constant -0.00319 -0.00523 -0.00407 -0.00579 
  (0.00488) (0.00499) (0.00497) (0.00506) 
          
Observations 189 189 189 189 
R-squared 0.033 0.053 0.044 0.061 
Variables are rescaled by dividing listings by 103. 

 

There is no significant effect of Airbnb supply or revenue found on hotel 

occupancy or occupancy growth rate. The coefficients on Interaction50 and 

interaction85 have conflicting directions and are insignificant as its p-values are greater 

than 0.1. There is also a negative relationship between Airbnb growth rate of listings 

and occupancy growth rates, but it is insignificant. This is matches Gorree’s analysis, 

where she used a difference in differences method with different controls and concluded 

that there is no effect of Airbnb on San Francisco hotels occupancy rate.  

 

 



 34 

6 Discussion 

My results show that as Airbnb was first beginning to enter, hotel revenue 

increased as a result of an increase in Airbnb listings or revenue in areas with Airbnb 

presence compared to areas without, but as Airbnb’s presence grew so that its supply 

matched or exceeded 85% of its total supply, areas with Airbnb presence no longer 

experienced this increase in ADR and RevPAR. With every one increase in Airbnb 

listings, there was a 0.06262 increase in ADR and a 0.05912 increase in RevPAR during 

this initial entry, but during the later period, its impact is more negative. For every dollar 

increase in Airbnb revenue, there was an estimated 0.0003126 increase in ADR and a 

0.0002902 increase in RevPAR during the initial time period but a more negative impact 

later. It is possible that there is a lagged effect of Airbnb on hotel revenue, as after 

Airbnb units are listed, they are rarely immediately booked. Guests typically book their 

Airbnbs for weeks or even months in advance. Furthermore, after listings become 

available, it could take time for people to discover Airbnb before adjusting their rental 

preferences and booking Airbnb as an alternative to hotels.  

Hotel revenue growth rate slows down with the entrance of Airbnb. It is estimated 

that there was a cumulative -.03238% change in ADR growth rate and a -0.04368% 

change in RevPAR growth rate because of the increase in listings, and a −1.1979% ∗

10−7 change in ADR growth rate and a −6.8% ∗ 10−7 change in RevPAR growth rate. 

There is no difference in hotel occupancy or hotel occupancy growth rate as 

Airbnb becomes more prevalent when comparing areas with Airbnb entry and areas 

without. This supports Gorree’s study, which concluded that there is no effect of Airbnb 

prevalence on hotel occupancy rates in San Francisco. 
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These results should be considered cautiously, as Airbnb data is very limited and 

there are constantly new regulations implemented since Airbnb is still such a quickly 

growing company. Only Airbnb data through October 2017 was incorporated into my 

analysis since a new regulation was passed in San Francisco that required all Airbnb 

hosts to register their units by January 2018 under stringent registration rules such as 

agreeing to pay hotel taxes and only rent out primary residences. This cut the number of 

listings from 8453 in in August 2017 to 4727 in February 2018 (Said, 1). The impact of 

Airbnb on hotel performance after this new regulation could be damped, leading to 

different results.  

Even the data that I did incorporate was less than ideal for this analysis as there 

were several missing data points, especially as Airbnb was just beginning to enter the 

market. This is perhaps why my results indicate that Airbnb’s initial entry actually led to 

an increase in hotel revenue. As mentioned, because there is so much missing data, 

only 14 out of the 189 observations have a listings value of less than 50% of the 

maximum number of listings, and are thus not included in interaction50. Then the 

remaining 175 observations in interaction50 are the same as listings itself, creating a 

collinearity problem that may lead to this skewed result that defies basic economic 

intuition that the entrance of a competing firm would increase the market’s supply and 

drive prices down. 

It would be interesting to conduct my analysis again when there is more data 

available and after Airbnb has stayed in the market for a longer time. Until then, there 

are a few extensions that may improve my model. A reasonable way to account for the 

data would be to replace missing Airbnb values before its supply is 50% of the 
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maximum number of listings with 0’s so that more data is utilized. Airbnb’s entry follows 

a pattern in each region where the supply suddenly increases, then plateaus. Before 

this sudden increase, it can be fair to treat the missing values as 0’s since the number 

of listings is so low to begin with. Furthermore, it would be beneficial to weigh Airbnb 

variables so that the Airbnb performance variables listings or revmedlist are divided by 

the maximum number of listings or revenue in each region, so that certain regions do 

not skew the results. My model uses the pure number of listings for each region but the 

mean and standard deviation for number of listings in each region vary drastically, so it 

would be helpful to account for this. 

In fact, if we run the following regressions, as an example:  

𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧𝑧𝑧 = 𝛽𝛽1𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴50 + 𝛽𝛽2𝐴𝐴𝐴𝐴𝐻𝐻𝐻𝐻𝐴𝐴𝑖𝑖𝑖𝑖𝐻𝐻𝐴𝐴𝐻𝐻𝐴𝐴85 + 𝛿𝛿𝑧𝑧 + 𝛿𝛿𝑚𝑚+ 𝛿𝛿𝑦𝑦 + 𝜀𝜀𝑖𝑖𝑧𝑧  

Where the interaction variables are created by replacing listings with AdjustedListings, a 

variable that weighs listings according to the zipcode and replaces missing early listings 

with 0, then we get different results that make more economic sense than our original 

results: 𝛽𝛽1 = −2.853,  𝛽𝛽2 = −17.560, where  𝛽𝛽2 is statistically significant and  𝛽𝛽1 is not. 

This shows that there may be a slight negative effect of Airbnb listings during its initial 

entry, whereas our original results showed a statistically significant positive effect on 

ADR from Airbnb listings.  
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7 Conclusion 

After using a differences in differences approach to determine the effect of Airbnb 

prevalence on hotel performance, my results suggest that there is an inconclusive, but 

perhaps slightly negative effect of Airbnb supply and revenue on hotel revenue. My 

analysis for Airbnb’s effect on ADR and RevPAR growth rates is clearer and has led me 

to conclude that there was a cumulative -0.03238% change in ADR growth rate and a     

-0.04368% change in RevPAR growth rate. There was no effect found on hotel 

occupancy rate and occupancy growth rate. 

My work helps provide empirical evidence to a topic that is heavily disputed and 

impacts hotels, travelers, and policy makers. My results suggest that Airbnb may help 

drive hotel prices down, benefiting travelers but hurting the hotel industry. Airbnb 

provides a comparable service to hotels but are not always subject to as stringent 

regulations, so policy makers must determine how to best regulate Airbnb. 

My analysis can be built upon and extended for future work. My data is limited in 

that it contains many missing observations and only has information for San Francisco. 

My model specification can be refined by weighting Airbnb variables by region, including 

more control variables, and accounting for missing observations through prediction. 

There is still much to be learned about this rapidly growing, new phenomenon and its 

impact on other people and industries. 
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Appendix 

3.1 Airbnb Data  

Some of the data had neighborhood names, but lacked corresponding zipcodes. This is 

the table I used to correspond neighborhoods to zipcodes. 

   Zipcode Neighborhood(s) 

94102 Downtown/Civic Center 

94103 South of Market 

94107 Potrero Hill 

94108 Chinatown 

94109 Russian Hill, Nob Hill 

94110 Bernal Heights, Mission 

94112 

Crocker Amazon, Outer Mission, Excelsior, 

Ocean View 

94114 Castro/Upper Market, Noe Valley 

94115 Pacific Heights, Western Addition 

94116 Parkside 

94117 Haight-Ashbury, Golden Gate Park 

94118 Inner Richmond, Presidio Heights 

94121 Outer Richmond, Sea Cliff 

94122 Inner Sunset, Outer Sunset 

94123 Marina 

94124 Bayview 

94127 West of Twin Peaks 

http://www.healthysf.org/bdi/outcomes/94102.htm
http://www.healthysf.org/bdi/outcomes/94103.htm
http://www.healthysf.org/bdi/outcomes/94107.htm
http://www.healthysf.org/bdi/outcomes/94108.htm
http://www.healthysf.org/bdi/outcomes/94109.htm
http://www.healthysf.org/bdi/outcomes/94110.htm
http://www.healthysf.org/bdi/outcomes/94112.htm
http://www.healthysf.org/bdi/outcomes/94114.htm
http://www.healthysf.org/bdi/outcomes/94115.htm
http://www.healthysf.org/bdi/outcomes/94116.htm
http://www.healthysf.org/bdi/outcomes/94117.htm
http://www.healthysf.org/bdi/outcomes/94118.htm
http://www.healthysf.org/bdi/outcomes/94121.htm
http://www.healthysf.org/bdi/outcomes/94122.htm
http://www.healthysf.org/bdi/outcomes/94123.htm
http://www.healthysf.org/bdi/outcomes/94124.htm
http://www.healthysf.org/bdi/outcomes/94127.htm
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94129 Presido 

94131 Diamond Heights, Glen Park, Twin Peaks 

94132 Lake Shore 

94133 North Beach, Financial District 

94134 Visitacion Valley/Sunnydale 

 

3.3 My Dataset  

The following describes the variables in my data set  

ADR and Average Price 

Date 

 Month 

 Year 

 Zipcode 

 Hotel Dummy variable for whether the row contains hotel data or not 

Occupancy (%) Occupancy of hotel 

ADR ($) 

Average Daily Revenue: average rental income per paid 

occupied room in a given time period 

RevPAR ($) Revenue per available room: ADR * RevPAR 

growthrateocc Year to year occupancy growth rate 

growthrateadr Year to year ADR growth rate 

growthrateRevPAR Year to year RevPAR growth rate 

Hotel Rooms 

Census Number of hotel rooms in region 

http://www.healthysf.org/bdi/outcomes/94131.htm
http://www.healthysf.org/bdi/outcomes/94132.htm
http://www.healthysf.org/bdi/outcomes/94133.htm
http://www.healthysf.org/bdi/outcomes/94134.htm
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% Participating Percent of hotels that give information to STR in region 

Sample Hotel 

Rooms Hotel Rooms* % Participating 

Listings Number of Airbnb listings available within 365 days 

Growthratelistings Year to year listings growthrate 

Accommodates Number of people Airbnb can accommodate 

Bedrooms Number of bedrooms Airbnb can accommodate 

Beds Number of beds Airbnb can accommodate 

AvgPrice Average price of listings in each region 

MedPrice Median price of listings in each region 

RevMedList MedPrice * Listings 

Growthraterev Year to year RevMedList growth rate  

 

 

4 Methodology 

Comparison by zipcode  

ADR v. listings 
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ADR v. revmedlist 
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ADR growth rate v. listings 
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ADR growth rate v. revmedlist  
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ADR growth rate v. growth rate revmedlist 
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ADR growth rate v. listings growth rate 
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5 Results 

5.1 Hotel Revenue 

i.zipcodenum are zipcode fixed effects, and i.month, i.year are time fixed effects. When 

listings or growthratelistings is a dependent variable, listings is used in the interaction 

variable. When revmedlist or growthraterev is a dependent variable, revmedlist is used 

in the interaction variable. 

Estimating the effect of Airbnb listings on Hotel ADR 

a) reg adr listings i.month i.year i.zipcodenum 

b) reg adr listings interaction50 i.month i.year i.zipcodenum 
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c) reg adr listings interaction85 i.month i.year i.zipcodenum 

d) reg adr listings interaction50 interaction85 i.month i.year i.zipcodenum 

Estimating the effect of Airbnb listings on Hotel RevPAR 

a) reg revpar listings i.month i.year i.zipcodenum 

b) reg revpar listings interaction50 i.month i.year i.zipcodenum 

c) reg revpar listings interaction85 i.month i.year i.zipcodenum 

d) reg revpar listings interaction50 interaction85 i.month i.year i.zipcodenum 

Estimating the effect of Airbnb revenue (revmedlist) on Hotel ADR 

e) reg adr revmedlist i.month i.year i.zipcodenum 

f) reg adr revmedlist interation50 i.month i.year i.zipcodenum 

g) reg adr revmedlist interation85 i.month i.year i.zipcodenum 

h) reg adr revmedlist interation50 interation85 i.month i.year i.zipcodenum 

Estimating the effect of Airbnb revenue (revmedlist) on Hotel RevPAR  

e) reg revpar revmedlist i.month i.year i.zipcodenum 

f) reg revpar revmedlist interation50 i.month i.year i.zipcodenum 

g) reg revpar revmedlist interation85 i.month i.year i.zipcodenum 

h) reg revpar revmedlist interation50 interation85 i.month i.year i.zipcodenum 

 

5.2 Hotel Revenue Growth Rate 

Estimating the effect of Airbnb supply growth rate (growthratelistings) on Hotel ADR 

growth rate 

a) reg growthrateadr growthratelistings  

b) reg growthrateadr growthratelistings interaction50 



 53 

c) reg growthrateadr growthratelistings interaction85  

d) reg growthrateadr growthratelistings interaction50 interaction85  

Estimating the effect of Airbnb supply growth rate (growthratelistings) on Hotel RevPAR 

growth rate 

a) reg growthraterevpar growthratelistings 

b) reg growthraterevpar growthratelistings interaction50 

c) reg growthraterevpar growthratelistings interaction85  

d) reg growthraterevpar growthratelistings interaction50 interaction85 

Estimating the effect of Airbnb supply (listings) on Hotel ADR growth rate 

e) reg growthrateadr listings 

f) reg growthrateadr listings interaction50 

g) reg growthrateadr listings interaction85  

h) reg growthrateadr listings interaction50 interaction85  

Estimating the effect of Airbnb revenue growthrate (listings) on Hotel ADR growth rate  

a) reg growthrateadr growthraterev 

b) reg growthrateadr growthraterev interaction50 

c) reg growthrateadr growthraterev interaction85  

d) reg growthrateadr growthraterev interaction50 interaction85  

e) reg growthrateadr revmedlist 

f) reg growthrateadr revmedlist interaction50 

g) reg growthrateadr revmedlist interaction85  

h) reg growthrateadr revmedlist interaction50 interaction85  
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Estimating the effect of Airbnb revenue growthrate (listings) on Hotel RevPAR growth 

rate  

a) reg growthraterevpar growthraterev 

b) reg growthraterevpar growthraterev interaction50 

c) reg growthraterevpar growthraterev interaction85  

d) reg growthraterevpar growthraterev interaction50 interaction85  

e) reg growthraterevpar revmedlist 

f) reg growthraterevpar revmedlist interaction50 

g) reg growthraterevpar revmedlist interaction85  

h) reg growthraterevpar revmedlist interaction50 interaction85  

 

5.3 Occupancy 

Estimating the effect of Airbnb supply (listings) on hotel occupancy  

a) reg occupancy listings i.month i.year i.zipcodenum 

b) reg occupancy listings interaction50 i.month i.year i.zipcodenum 

c) reg occupancy listings interaction85 i.month i.year i.zipcodenum 

d) reg occupancy listings interaction50 interaction85 i.month i.year i.zipcodenum 

Estimating the effect of Airbnb revenue on hotel occupancy  

e) reg occupancy revmedlist i.month i.year i.zipcodenum 

f) reg occupancy revmedlist interaction50 i.month i.year i.zipcodenum 

g) reg occupancy revmedlist interaction85 i.month i.year i.zipcodenum 

h) reg occupancy revmedlist interaction50 interaction85 i.month i.year 

i.zipcodenum 
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Estimating the effect of Airbnb listings on hotel occupancy growth rate 

a) reg growthrateocc growthratelistings  

b) reg growthrateocc growthratelistings interaction50 

c) reg growthrateocc growthratelistings interaction85  

d) reg growthrateocc growthratelistings interaction50 interaction85 

Estimating the effect of Airbnb listings on hotel occupancy growth rate 

e) reg growthrateocc listings  

f) reg growthrateocc listings interaction50  

g) reg growthrateocc listings interaction85 

h) reg growthrateocc listings interaction50 interaction85 
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