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Abstract

This study investigates the agglomeration effect of Airbnb listings in New York City (NYC)

and answers two research questions: (a) Does agglomeration benefit or hurt the performance 

of individual Airbnb listings? (b) How does the effect of agglomeration vary by hosts 

regarding their operational experience (measured by their capacity and tenure on Airbnb)? A

series of econometric analyses using large-scale data of Airbnb in NYC reveal that

agglomeration positively affects the revenue performance of each Airbnb listing.

Additionally, such an effect is strengthened as host tenure spans but mitigated as host 

capacity expands, indicative of non-symmetric agglomeration effect across service providers. 

This research contributes an important but less researched perspective to the home-sharing 

literature. Managerial implications on leveraging agglomeration for improved revenue 

performance are provided to Airbnb and its hosts, as well as the hotel chains that want to 

combat negative impacts or have already entered the short-term residential rental 

market to compete head-to-head with Airbnb.

Keywords: Home sharing, Agglomeration, Airbnb, Host capacity, Host tenure, Revenue 

performance

1. Introduction

Location is an essential attribute of a lodging product and can significantly affect a 

Not only spatial location is one of the top 

2012), it has 



 

also become an industry standard that a hotel defines its competitive set based on the 

Although proximity in location 

for businesses providing similar services or products (i.e., homogenous suppliers) is often 

associated with competition and may hence hurt their revenue performance (Chung & 

Kalnins, 2001), economists also argue that agglomeration of homogenous suppliers may 

allow their businesses to profit the positive externalities in the market (Marshall, 1890). The 

entry of incumbents, for example, will increase the intensity of competitions (McCann & 

Vroom, 2010), but at the same time, homogenous suppliers located in the same neighborhood 

or market can gain substantial financial as well as operational benefits through heightened or 

spill-over demands (Lee & Jang, 2015) and strategic price positioning in the marketplace 

(Canina, Enz, & Harrison, 2005; Enz, Canina, & Liu, 2008; McCann & Vroom, 2010).  

Despite the debatable effects o

research about agglomeration of hotels has only received limited attention (Yang et al., 2014). 

Besides, Airbnb and the broader home-sharing businesses represent a new form of lodging 

products and add extra complexity to the debate. Founded in 2008, Airbnb is now the 

dominant cyber marketplace for home-sharing or short-term residential rental businesses (Xie 

and Mao, 2018). Even though Airbnb has recently received many critiques and even lawsuits, 

such as driving up the housing prices in the residential real estate market (Chen, Wei & Xie, 

2019; Horn & Merante, 2017), discriminating travelers of colors (Kwok & Xie, 2018), and 

creating political conflicts with cities and local communities (Davidson & Infranca, 2016; 

Rauch & Schleicher, 2015), the company, along with other platforms for short-term 

residential rentals, continues to experience phenomenal growth in the lodging sector (Kwok 

& Xie, 2019; Wu, Zeng, & Xie, 2017).     

Interestingly, Airbnb listings are often found agglomerated in popular locations such 

as tourist attractions and points of interest (Blal, Singal, & Templin, 2018; Heo & Blengini, 



 

2019; Wegmann & Jiao, 2017) because short-term residential rental businesses heavily rely 

on the nearby amenities in which the lodging facility offers (Davidson & Infranca, 2016). 

Meanwhile, Airbnb listings remain highly decentralized in operation and management by 

individual hosts rather than centralized corporate decision-makers (Kwok & Xie, 2019), 

allowing small entrepreneurs to realize sizable returns (Chark, 2019). Furthermore, some 

research has shown that Airbnb hosts (service providers) with more experience, either 

through operating multiple listings simultaneously or through running the home-sharing 

business for a more extended period, can be more efficient in manipulating the listing price 

for a better revenue performance than those with fewer experience (Gibbs et al., 2018a & 

2018b; Magno, Cassia, and Ugolini, 2018). The questions of whether agglomeration 

generates a positive impact on individual Airbnb listings and how such an agglomeration 

effect may vary across different types of hosts - with respect to their capacity and tenure - 

remain untapped in the existing literature.  

In this study, we aim to bridge the research gap by investigating the agglomeration 

effect in the home-sharing market. Through a review of the agglomeration theory and the 

relevant literature (e.g., Gutérrez et al., 2017; Yang, Luo, & Law 2014), we raised two 

research questions to guide our inquiry:  

RQ1: Would Airbnb listings benefit from agglomeration?  

RQ2: Would such an agglomeration effect vary by the s experience? 

That is, is the agglomeration effect uniform across the hosts managing one or more 

listings and the hosts with various length of tenure?  

We focus on the granular level markets of zip codes in NYC, the city with the most 

extensive presence of Airbnb in the U.S. Through quantifying the number of Airbnb listings 

in each zip code, we identify the level of Airbnb agglomeration. We further obtain unique 

data of the Airbnb  revenue performance and host characteristics to investigate the 



 

agglomeration effect and how host experience (capacity and tenure) moderates such an effect. 

We make a first attempt in the hospitality literature to empirically show that the advantages of 

proximity in location would surpass the drawbacks of competition among Airbnb listings 

agglomerated in a market. Practically, our findings shed light on the difference of Airbnb 

hosts in leveraging the agglomeration effect, providing actionable recommendations for the 

entrepreneurs as well as the hotel chains who just entered the home-sharing market to 

improve the financial performance.   

 

2. Relevant Literature 

2.1. The Agglomeration Theory  

The agglomeration effects have long been acknowledged by economists (Canina et 

al., 2005; Tsang & Yip, 2009). Firstly introduced by Marshall (1890), the agglomeration 

theory provides two explanations to illustrate why some competitors choose to co-locate in 

the same market, including production enhancements (Tsang & Yip, 2009) and increased 

demands (Canina et al., 2005). More recently, Yang et al. (2014) conducted a comprehensive 

retrospective analysis of the contemporary literature regarding hotel location; they concluded 

that relevant research was usually framed under four theoretical models, including tourist-

historic city model, mono-centric model, agglomeration model, and a multi-dimension model. 

Different from the other three models, the agglomeration model/theory allows researchers to 

evaluate both the negative and positive effects from agglomeration, and it can be used to 

analyze hotel locations in various scales, ranging from intra-metropolitan to inter-regional 

areas (Balaguer & Pernías, 2013; Yang et al., 2014). The agglomeration theory provides a 

strong theoretical foundation in explaining why lodging products usually agglomerate in 

certain geographic locations (Lee & Jang, 2015).  



 

It was not until the 21st Century, however, that the agglomeration theory/model 

becomes a more commonly adopted framework in analyzing hotel locations (Yang et al., 

2014). Balaguer and Pernías (2013) as well as Tsang and Yip (2009), for example, used 

intra-metropolitan area. Specifically, Balaguer and Pernías (2013) identified the negative 

effects of clustering by location on hotel price in the market of Madrid, Spain, where higher 

density would lead to lower average daily rate (ADR) and less price dispersion of a hotel 

even though such impacts would become weaker on weekends. Tsang and Yip (2009) 

examined the agglomeration effects in Beijing, China and concluded that those high star-

ranking joint-venture hotels primarily contribute the benefits of the heightened demand while 

all hotels were able to gain such benefits from agglomeration. In another study by Marco-

Lajara, Claver-Cortés, and Ubeda-García (2014), agglomeration model was used in analyzing 

how the density of tourist companies (including hotels, restaurants, and cafés) at a tourist 

destination may affect the profitability of those hotels located in the same market, where a 

revealed.  

The above literature suggests that the agglomeration theory, being a relatively new 

framework in hotel location research, can provide researchers with a strong theoretical 

foundation and the flexibility in assessing either the positive or negative effects of the 

agglomeration in a market of various scales. Home-sharing listings, representing the possibly 

fastest growing sector in the lodging industry, may also be a great context to validate the 

agglomeration theory. The current research, however, tends to focus on the agglomeration 

effect in the hotel industry (e.g., Yang et al., 2014) and remains silent on whether such an 

effect applies to the home-sharing markets. The agglomeration effect of home sharing has not 



 

yet been reported in empirical studies in hospitality management, which motivates this 

research.    

2.2. Home-Sharing Services  

The collaborative trends among tourists, such as couch-surfing and home-swapping, 

are not new, but the advance of information technology has significantly accelerated the 

growth of home-sharing phenomenon (Forno & Garbibaldi, 2015). Home-sharing websites, 

for example, enable everyone with extra living space to run a home-sharing business as a 

lodging operator in the cyber marketplace (Xie & Kwok, 2017). Listings on home-sharing 

websites added a tremendous amount of supply to the lodging industry (Heo, 2016; Kwok & 

Xie, 2018). Today, Airbnb along has already had over five million unique listings in more 

than 81,000 cities and 191 countries (Airbnb, 2019). By comparison, Marriott International, 

and territories (Marriott, n.d.; Statista, 2018).  

Home-sharing business is perceived as the disruptive incumbents to the traditional 

lodging products (Guttentag & Smith, 2017; Kwok & Xie, 2018). It is not surprising to see 

research about the home-sharing phenomenon has sparked significant interest among 

researchers in recent years (Cheng, 2016). Current literature about home-sharing business has 

covered a wide range of topics, including but not limited to the following: home-sharing 

e.g., Blal, Signal, & Templin, 2018; 

Brochado, Troilo, & Shah, 2017; Fang et al., 2016; Heo, Blal, & Choi, 2019; Xie & Kwok, 

2017; Williams & Horodnic, 2017; Zervas et al., 2017), effects on the residential-rental 

markets (Chen, Wei & Xie, 2019; Horn & Merante, 2017), -

sharing products (e.g., Guttentag & Smith, 2017; Ju et al., 2019; Liang, Choi, & Joppe, 2018; 

Tussyadiah, 2016; Tussyadiah & Pesonen, 2016a & 2016b

attitudes/behaviors towards home-sharing products (e.g., Ert & Magen, 2016; Liang et al., 



 

2017; Mao & Lyu, 2017; Wu, Ma, & Xie, 2017; Xie, Kwok, & Wu, 2019; Yang et al., 2017), 

the pricing or booking strategies adopted by the hosts (e.g., Chark, 2019; Chen & Xia, 2017; 

Gibbs et al., 2018a & 2018b; Kwok & Xie, 2019; Magno et al., 2018; Oskam et al., 2018), 

and legal compliance issues of the key players in sharing economy (Davidson & Infranca, 

2016; Rauch & Schleicher, 2016).  

geographic dynamics with the convenience theory. Their analysis with the data from NYC, 

Los Angeles, and Chicago agreed to similar studies on the fact that Airbnb listings are often 

centered in popular locations such as tourist attractions and points of interest (Blal, Singal, & 

Templin, 2018; Heo & Blengini, 2019; Wegmann & Jiao, 2017). While they revealed some 

income) and Airbnb supply in one or more of the three cities being analyzed, they concluded 

Airbnb supply has no impact on rents for all three cities, contradicting to Chen, Wei, and Xie 

(2019) or Horn and Merante (2017). We take a different angle in this study by applying the 

agglomeration theory to analyze the possible effects of the clustering of home-sharing 

services on an s performance while also carefully controlling the possible 

impact from the characteristics of the neighborhoods, and more importantly the traditional 

lodging products  hotels, which directly compete with Airbnb in the same market. As what 

is followed, we introduced the hypotheses for statistical analysis through a review of the 

agglomeration theory and relevant literature about home sharing.  

 

3. Hypothesis Development 

3.1 Effects of Agglomeration on Home-Sharing Performance  

Companies selling similar products are pushed to locate far apart from one another 

due to the fear of direct competition (Baum & Haveman, 1997). The more commonalities 



 

these companies shared, the more intense the competition will become because very likely, 

they operate the business with similar resources and serve similar customers (Tsang & Yip, 

2009). Hence, proximity in location for homogeneous suppliers is often associated with direct 

competition and may hurt their revenue performance (Chung & Kalnins, 2001). Such 

competition may become even more significant in the service sector because consumers often 

want to purchase some specific services in a particular geographic location (Silva, 2016).    

Interestingly, geographic agglomeration of homogeneous suppliers, where companies 

selling similar products choose to co-locate in proximately close to one another, turn out to be 

a common phenomenon in many industries because of the agglomeration effects created by 

firm co-location (Canina et al., 2005). According to the agglomeration theory (Marshall, 

1890), agglomeration can provide a wide range of benefits to companies. From the 

perspective of production and operation, clustering by location may help companies gain 

knowledge and resource spillover, as well as easier access to specialized labor and resources 

(Chung & Kalnins, 2001; Kalnins & Chung, 2004; McCann & Vroom, 2010). A good case in 

point is that many tech firms choose to co-locate in Silicon Valley and many financial firms 

are located in Manhattan. From the marketing perspective, the agglomeration effects are 

contributed primarily by the heightened and spill-over customer demands as well as the 

reduction in search costs for the consumers (Canina et al., 2005; Lee & Jang, 2015). For 

example, travelers may want to stay in a neighborhood with an abundance of alternatives, 

making it easy for them to pick the right option for their trip. Meanwhile, when a place is 

fully-booked, travelers can easily find a nearby alternative without starting over a new search 

in a less familiar neighborhood.  

Relevant research has reported both the negative and positive agglomeration effects of 

clustering for the lodging products (e.g., Balaguer &Pernías, 2013). For example, using the 

data from the tourist districts located in the Spanish Mediterranean Coast, Marco-Lajara et al. 



 

(2016) identified a U- e 

degree of agglomeration, where profits will decrease with more competition at the beginning 

but will go up after the agglomeration levels reach a certain point. When seasonal demands 

are put into considerations, however, Silva (2016) reported that agglomeration could have a 

the 74 cities in Spain. Likewise, Lee and Jang (2015) examined the effect of hotel 

agglomeration, such as the heightened demand and demand spillover, under the conditions of 

high vs. low market demand. Their analysis using the data from the Texas lodging market 

-per-available-room 

(RevPAR) performance are greater for hotels with similar attributes during the high seasons, 

but such positive effects appear to be greater for differentiated hotels during the low seasons. 

When researchers further examined the effects of clustering among different hotel segments 

(e.g., luxury, upper-upscale, and others), the positive agglomeration effects may vary 

depending on the segment where a hotel belongs (Canina, Enz, & Harrison, 2005; Enz, 

Canina, & Liu, 2008; Kalnins & Chung, 2004)   

Airbnb listings added a tremendous amount of supply to the lodging industry since its 

induction to the market (Kwok & Xie, 2018), especially in the metropolitan markets (Blal et 

al., 2018; Heo et al. 2019; Wegmann & Jiao, 2017). Empirical studies about the home-sharing 

economy have recognized the fact that Airbnb listings generally compete in the urban market 

and used the Airbnb sample from major metropolitan areas in their analyses (e.g., Gibbs et 

al., 2018b). There are also a couple of studies looking at  

(Coles et al., 2017; Gutérrez et al.,2017). Gutérrez et al. (2017), for example, compared the 

special patterns of hotels and Airbnb listings in Barcelona, Spain. They concluded that 

Airbnb listings co-located mainly in the areas with well-defined characteristics, such as the 

city center, places close to the tourist attractions, and the residential areas, whereas hotels 



 

mostly located in the offices and land that was dedicated for hospitality, leisure, and 

entertainment purposes. The possible agglomeration effect on home-sharing business has not 

yet been reported. We proposed the following hypothesis for statistical analysis:  

H1: The 

revenue per available night (RevPAN).  

3.2 Moderations of Host Experience (as in Host Capacity and Host Tenure) on the 

Agglomeration Effect  

-marketplace where people can 

rent out their underutilized accommodation space to other consumers/travelers in need, such 

as an extra bedroom or a sofa bed (Guttentag, 2015). It did not take long, however, for people 

to take advantage of the entrepreneurial opportunities offered by Airbnb. There are a growing 

number of hosts who are now managing more than one Airbnb listing as a full-time 

professional operator (Kwok & Xie, 2019). Multi-unit hosts - those who manage more than 

one Airbnb listing - can outperform the single-unit hosts (those who manage only one Airbnb 

listing) in a variety of ways. Wegmann and Jiao (2017), for example, analyzed the Airbnb 

data in five U.S. cities and reported that multi-unit hosts gained proportionally much higher 

revenues than single-unit hosts. As far as the listing price is concerned, the units managed by 

multi-unit hosts or the hosts with a longer tenure on Airbnb are also reported to have a higher 

price point than others (Magno, Cassia, & Ugolini, 2018). Gibbs et al. (2018b) argued that 

multi-unit hosts would be able to gain higher revenue than single-unit hosts by charging 

travelers a higher price because they were able to gain more experience through the 

operations of numerous listings, and they invested more efforts in the short-term rental 

business. Hoteliers and policymakers are hence highly recommended to distinguish the 

impacts from the multi- - -and-

(Kwok & Xie, 2019; Wegmann & Jiao, 2017).  



 

In reality, because multi-unit hosts are managing multiple listings at the same time, 

they are more likely to deal with more transactions than single-unit hosts do in a given period. 

Likewise, the hosts who have signed up to be a service provider on Airbnb for a more 

extended period are also more likely to deal with more transactions than those hosts who 

signed up recently. In a more general business setting, managers with longer tenure are 

usually found to have a deeper understanding of the operations and hence can identify more 

alternatives to solve new challenges (Schaltenbrand et al. 2018). Therefore, multi-unit hosts 

or hosts who have been running the short-term residential business on Airbnb for a more 

extended of time, as compared to the single-unit hosts or those hosts who recently enter the 

market respectively, will probably find it easier to acquire the skills and knowledge for 

smoother operations through their own operation experience, allowing them to take better 

advantages of the agglomeration benefits through co-location.  

According to the agglomeration theory, there are two types of benefits from 

agglomeration: production advantages and demand-based advantages (Canina et al. 2005). On 

the one hand, businesses may gain production enhancements through information/knowledge 

flows and exchanges within the agglomeration cluster (Tsang & Yip, 2009). On the other 

hand, the effect of agglomeration can be created through increased demand, lower search 

costs, and demand spillover (Lee & Jang, 2015). It is possible that hosts with more 

experience, either through being a multi-unit host or a host with a longer tenure on Airbnb, 

would have a better business sense in selecting the right location for a new listing, where they 

can fully utilize the agglomeration benefits while minimizing the negative impacts from the 

competitions created by co-location.   

In fact, the differences between multi-unit and single-unit hosts as well as the 

differences between hosts with various tenure have also been reported in the literature. For 

example, multi-unit hosts (e.g., Gibbs, 2018b; Kwok & Xie, 2019) and hosts with longer 



 

tenure (Magno et al. 2018) can be more effective in manipulating the listing price for a better 

revenue performance than the counterparts. Aligned with our main hypothesis, we argue that 

the agglomeration effects on home-sharing business may also vary according to the host 

experience in terms of capacity (number of listings operated) and tenure (length of 

membership as an Airbnb host), proposing the following two hypotheses for statistical 

analysis:  

H2: RevPAN is larger for multi-

unit hosts than single-unit hosts.  

H3: RevPAN is larger for hosts 

with longer tenure than those with shorter tenure.  

Figure 1 presents the conceptual model from our literature review. The main effect 

and the moderation effects among the constructs of interests are labeled with the appropriate 

hypotheses. 

(Insert Figure 1 about here) 

 

4. The Data 

4.1. The Data and the Measures  

We examine the agglomeration effect of Airbnb and how it varies by host capacity 

and tenure while controlling the listing characteristics, the potential influence of hotels in the 

same neighborhood, and the neighborhood social demographics. Accordingly, we collected 

the following data from three sources:  

Performance of Airbnb Properties. We obtained data on the monthly performance of 

the entire Airbnb listings in 201 zip codes of the NYC from May 2015 to April 2016 (a total 

of 12 months) when legal restrictions had not yet been put on short-term residential rentals in 

NYC. NYC was selected because it is the top tourist destination in the U.S. The total number 



 

of travelers to NYC grew from 45.6 million in 2009 to 62.8 million in 2017, of which 1.6 

million guests stayed in an Airbnb listing in 2016 alone (Center for an Urban Future, 2018). 

The data provider is AirDNA, a third-party company that specializes in Airbnb data 

collection and market analysis. Even though several limitations have been reported regarding 

the investigations using the Airbnb data provided by AirDNA (Agarwal, Koch, & McNab, 

2018), especially when they are compared against the STR (Smith Travel Research) data that 

are widely used in the hotel industry, considering the fact that our primary research focus is 

how Airbnb listings affect other Airbnb list

neighborhood, such a dataset is the best source available for our analysis. We focus on 

Airbnb in NYC for two reasons. First, it is the largest metropolitan city, as well as the largest 

Airbnb market in the U.S. Second, our findings can join the emerging literature which 

examines Airbnb-related issues in NYC and provide additional evidence (e.g., Coles et al. 

2017).  

Our dependent variable is an Airbnb RevPAN, a similar measure that is 

widely used to 

variables of interest include listing agglomeration (NumList) and host experience (measured 

in Capacity and Tenure) that are centric to our research interest. Because the revenue 

performance of each Airbnb listing is likely influenced by its characteristics, we collect other 

control variables such as average listing price (ADR), the valence and volume of online 

traveler reviews (VolReview and ValReview), number of bedrooms (Bed), bathrooms (Bath), 

and online photos (Photo), and whether the listing is managed by a super host (Super).  

Hotels in the neighborhoods. According to Zervas et al. (2017), Airbnb is penetrating 

the lodging market where hotels and Airbnb are competing locally for guests. Therefore, we 

also account for the potential influence of hotel competition by controlling the number of 

hotel rooms in the neighborhood (HotelRoom), volume and valence of traveler reviews for 



 

hotels (HotelVolR and HotelValR), and the nightly rack rate of these hotels (HotelRack). 

These variables are sourced from Expedia, the major online travel agent for hotel bookings in 

the U.S.  

Social demographics of the neighborhoods. The social demographics of the 

neighborhoods where Airbnb listings are agglomerated may affect their performance too, and 

hence should be included in our estimation. We collected the neighborhood information from 

the American Community Surveys by the Census Bureau of the United States, including 

MedianAge, CollegeDegree, Unemployment, Population, NumHousehold, and 

MedianIncome. The rich set of control variables effectively mitigates the missing variable 

bias that may confound listing performance besides our focal variables of interest. Table 1 

presents the definitions and summary statistics of the variables discussed above.  

(Insert Table 1 about here)  

4.2 Descriptions of the Data  

Figure 2 presents the growth trajectories of the listings and the hosts in NYC. By the 

12th month of the study period (April 2016), the Airbnb supply reached 31,928, which 

represented an impressive 54.7% increase from May 2015. Even though on a slower pace of 

growth, the number of hosts had also increased from 16,743 to 24,902 over the study period. 

Figure 3 shows the level of listing agglomeration by zip code over the study period. The 

agglomeration of Airbnb listings seemed quite salient, with the average listings per zip code 

increasing from 915 to 1,422 in just 12 months.  

Table 2 presents the distribution of host capacity. Most hosts (80.6%) only managed 

one listing (vs. 19.4% multi-unit hosts). Table 3 shows the distribution of host tenure. A total 

of 67.7% hosts have a membership on Airbnb for a year or less (vs. 32.3% with longer 

tenure). Both tables show clear variations in host capacity and tenure, which is beneficial for 



 

our analysis. Because hosts with multiple units and longer tenure are not small portions of the 

host population, it is also evident that the issues of our research interest are nontrivial.  

(Insert Table 2 and Table 3 about here) 

Table 4 presents the correlation matrix of the independent variables. The results of 

correlation coefficients all below 0.8 suggest that our estimation is less likely to be biased due 

to the multi-collinearity concern.    

 (Insert Table 4 about here) 

 

5. Estimation Results 

We operated the analyses on a stepwise basis. We first estimated the baseline model 

with primary variables only. We then included the groups of control variables to expand the 

richness of information sequentially. Such a stepwise estimation was useful for two reasons. 

First, it showed the incremental power of our independent variables in explaining the listing 

performance. Second, the models with incrementally increased controls could serve as 

robustness checks for the baseline model. 

Table 5 presents the estimation results. In the baseline model, we estimated the effect 

of listing agglomeration, host experience/attributes, and their interactions. Column (1) 

suggests a significantly positive effect of agglomeration on the listing performance 

(0.127***). That is, for each 10% increase of Airbnb supply in the neighborhood, the 

RevPAN of a listing would increase by 1.27%, supporting H1. Additionally, we identified the 

dyadic effects of the host experience/attributes on listing performance. On the one hand, 

expanding the capacity of a host seems negatively influencing  RevPAN (-

0.025***), whereas the increase in host tenure will benefit a listing  RevPAN (0.005***).   

(Insert Table 5 about here) 



 

We further estimated if the positive effect of listing agglomeration would be 

moderated by host capacity and host tenure. Column (1) continues to show that the positive 

effect of agglomeration would decrease as a host manages more listings (-0.001**), 

contradicting to H2 even though still at a significant level. The results also indicate that hosts 

with longer tenure can further strengthen the positive effect of agglomeration on 

revenue performance, as shown in the moderation effect of host tenure (0.002***). The result 

supports H3. Table 6 summarizes the major findings of hypothesis testing.  

(Insert Table 6 about here) 

The R-square of the baseline model is 47.2%, indicating almost half of the variance in 

the listing performance can be explained by the agglomeration effect and host attributes. We 

continued with the control variables of listing characteristics in Column (2). The R-square 

showed a significant increase to 61.5%. We further added the competition controls of hotels 

into the estimation, the explanatory power of the model increased to 63.6%. It seems that, 

although hotels are documented to compete with Airbnb in the accommodation market 

(Zervas et al. 2017), its influence is yet to manifest itself. Finally, we considered the 

in Column (4) shows a 6% increase in R-square from Column (3) to 69.6%. It is evident that 

among all the controls, characteristics explain the majority of its revenue 

performance, followed by the neighborhood and hotel controls. 

 

6. Discussion

The sharing economy was born from the ideology where consumers share under-

utilized resources with their peers but has evolved into a business sector with multibillion 

market value (Chark, 2019). Startups in the sharing economy, such as Uber, Lyft, Airbnb, and 

Task Rabbit received enormous investments from venture capitals and other investment funds 



 

(Rauch & Schleicher, 2016). Unlike other segments of the sharing economy, such as Uber 

and Lyft in ride sharing, however, the growth of the home-sharing or short-term residential 

rental sector relies particularly on the location that is close to the amenities available in an 

urban setting (Davidson & Infranca, 2016). It is hence not surprising to see many Airbnb 

listings are co-located near to the city centers or tourist destinations (Coles et al., 2017; 

Gutérrez et al.,2017). Moreover, while the nature of the ride-sharing services provided by 

Uber and Lyft requires the service provider to move from one place to another, a desirable 

and fixed location has always been a critical factor for any type of lodging product because 

once a site a selected, it becomes extremely difficult for a developer to move a lodging 

facility to a different place (Yang, Wong, & Wang, 2012). Our special focus of this study is 

the assess the agglomeration effects among the Airbnb listings in NYC.       

With a focus on the granular level data in 201 zip codes of NYC, the city with the 

most extensive presence of Airbnb in the U.S., we successfully identified a significant 

, which possibly 

-over demands for room-sharing listings in the same neighborhood 

and agrees to H1 as well as the existing literature about hotel locations (e.g., Canina et al. 

2005; Enz et al., 2008 Lee & Jang, 2015). When we further examined how such an 

agglomeration effect varies according to host experience as measured in capacity and tenure, 

our analysis reveals some intriguing findings. For example, while the positive agglomeration 

effect seems to be strengthened under the influence of host tenure, agreeing to H3, host 

capacity turned out to negatively moderate such an agglomeration effect. This result 

contradicts to H2, which indicates that as the number of listings that a host manages 

will become stronger due to the additional experience that the host might gain through the 

operations of multiple units (vs. through operating one unit). It is plausible that when a host 



 

must dedicate his/her time and attention to multiple units on a day-to-day basis, it could 

become challenging for the host to maintain the same high quality of service across all 

listings being managed.   

Inspired by the agglomeration theory, which provides two conceptual explanations for 

co-location of the lodging products, we assessed the agglomeration effect for a new form of 

lodging product --- room-sharing listings. Our findings add new empirical evidence to two 

streams of literature, including location research in the lodging industry and the ever-growing 

research regarding the room-sharing business. For example, we made a first attempt in the 

hospitality literature to empirically show that the advantage of proximity in location would 

surpass the drawback of competitions among Airbnb listings.  

Practically, we highly recommend the webmasters of room-sharing websites, the 

entrepreneurs who are running a short-term residential business, as well as the big hotel 

chains (e.g., Hyatt and Marriott) that recently entered the short-term residential rental market 

to refer to our findings for critical business decisions regarding marketing and site/location 

selections. 

room-sharing website displays the alternative options to the travelers according to their 

searching/browsing history. The entrepreneurs who want to operate multiple units on a room-

sharing website must pay close attention to such an agglomeration of production 

enhancements and spill-

listings. We also encourage the hotel chains who have already gotten into the short-term 

residential rental market to use our analysis as a reference and see how they may take 

in the same neighborhood of their existing lodging products. Last but not least, the 

policymakers should treat multi-unit commercial hosts and single- -and-



 

differently (e.g., Kwok & Xie, 2019; Wegmann & Jiao, 2017). We echo their 

recommendations to the policymakers.  

This study is not without limitation. First, we chose NYC as a unique context to 

address our research inquiry. The findings can only speak on the agglomeration effect 

specific to the city and may not be generalized to other cities or regions that have experienced 

Airbnb growth. Despite its limitation on generalizability, future research on the 

agglomeration effect of Airbnb can use this study as a reference point. Second, we have 

diligently collected data from multiple sources to carefully control the possible causes of 

impacts on our model estimations. Nevertheless, there might be other variables  such as the 

number of tourist attractions in the city, the attractiveness of each tourism attraction and/or 

the convenience of travel (e.g., access to public transportation system)  which should be 

considered but not yet available in our analysis. We encourage future research endeavors to 

replicate our analysis with a richer dataset and over a longer time frame. Third, we study the 

agglomeration effect during a limited time frame (12 months). Although we observe 

sufficient variations in Airbnb property activities and the associated agglomeration effect, this 

type of study would certainly benefit from a longer length of observations to further validate 

the robustness of the results. Finally, we use zip codes-based neighborhoods in our analysis of 

the agglomeration effect. Alternatively, a neighborhood could also be defined by the size of 

areas (e.g., within one mile of each Airbnb listing). While we do not expect our estimated 

impacts will change dramatically if we expand or shrink the scope of a neighborhood, we 

appreciate that future researchers who have access to such data will conduct additional 

analyses as a complement to our study. Research that assesses similar research questions with 

different methodologies can often provide a more comprehensive understanding of the 

phenomenon (Kwok, 2012).     

 



 

References 

Airbnb. Fast facts. Retrieved on November 29, 2018 from https://press.airbnb.com/fast-facts/  

Agarwal, V., Koch, J.V., and McNab, R.M. (2018). Differing Views of Lodging Reality: 

Airdna, STR, and Airbnb. Cornell Hospitality Quarterly, OnlineFirst. DOI: 

https://doi.org/10.1177/1938965518777218 

Balaguer, J., & Pernías, J.C. (2013). Relationship between spatial agglomeration and hotel 

prices. Evidence from business and tourism consumers. Tourism Management, 36, 

391-400. 

Baum, J. A., & Haveman, H.A. (1997). Love thy neighbor? Differentiation and 

agglomeration in the Manhattan hotel industry, 1898-1990. Administrative Science 

Quarterly, 304-338. 

ect on hotel sales growth. International 

Journal of Hospitality Management, 73, 85-92. 

Canina, L., Enz, C.A., & Harrison, J.S. (2005). Agglomeration effects and strategic 

orientations: Evidence from the US lodging industry. Academy of management 

journal, 48(4), 565-581. 

Center for an Urban Future (May, 2018). Destination New York. Retrieved on July 30, 2019 

via https://nycfuture.org/pdf/CUF_Destination_New_York.pdf 

Chark, R. (2019). Price Fairness in the Era of the Sharing Economy. Cornell Hospitality 

Quarterly, 60(3), 200-211. 

Chen, Y., & Xie, K, (2017). Consumer valuation of Airbnb listings: A hedonic price 

approach. International Journal of Contemporary Hospitality Management, 29(9), 

2405-2424. 



 

Chen, W., Wei, Z., & Xie, K. (2019). The Battle for Homes: How Does Home Sharing 

Disrupt Local Residential Markets? (June 2019). Available at SSRN: 

https://ssrn.com/abstract=3257521 or http://dx.doi.org/10.2139/ssrn.3257521 

Cheng, M. (2016). Sharing economy: A review and agenda for future research, International 

Journal of Hospitality Management, 57, 60-70. 

Chung, W., & Kalnins, A. (2001). Agglomeration effects and performance: A test of the 

Texas lodging industry. Strategic Management Journal, 22(10), 969-988. 

Coles, P. A., Egesdal, M., Ellen, I. G., Li, X., & Sundararajan, A. (2017). Airbnb usage 

across New York City neighborhoods: Geographic patterns and regulatory 

implications. Forthcoming, Cambridge Handbook on the Law of the Sharing 

Economy. 

Davidson, N. M., & Infranca, J. (2016). The sharing economy as an urban phenomenon. Yale 

Law & Policy Review, 34(2), 16-10. 

Enz, C. A., Canina, L., & Liu, Z. (2008). Competitive dynamics and pricing behavior in US 

hotels: the role of co location. Scandinavian Journal of Hospitality and Tourism, 8(3), 

230-250. 

Ert, E., Fleischer, A., & Magen, N. (2016). Trust and reputation in the sharing economy: The 

role of personal photos in Airbnb, Tourism Management, 55, 62-73. 

Fang, B., Ye, Q., & Law, R. (2016). Effect of sharing economy on tourism industry 

employment. Annals of Tourism Research, 57(1), 264-267. 

Forno, F., & Garibaldi, R. (2015). Sharing economy in travel and tourism: The case of home-

swapping in Italy. Journal of Quality Assurance in Hospitality & Tourism, 16(2), 202-

220. 



 

Gibbs, C., Guttentag, D., Gretzel, U., Morton, J., & Goodwill, A. (2018a). Pricing in the 

sharing economy: a hedonic pricing model to Airbnb listings. Journal of Travel and 

Tourism Marketing, 35(1), 46 56.  

Gibbs, C., Guttentag, D., Gretzel, U., Yao, L., & Morton, J. (2018b). Use of dynamic pricing 

strategies by Airbnb hosts. International Journal of Contemporary Hospitality 

Management, 30(1), 2 20. 

Gutiérrez, J., García-Palomares, J.C., Romanillos, G., & Salas-Olmedo, M.H. (2017). The 

eruption of Airbnb in tourist cities: Comparing spatial patterns of hotels and peer-to-

peer accommodation in Barcelona. Tourism Management, 62, 278-291. 

Guttentag, D. (2015). Airbnb: disruptive innovation and the rise of an informal tourism 

accommodation sector. Current issues in Tourism, 18(12), 1192-1217. 

Guttentag, D.A., & Smith, S.L. (2017). Assessing Airbnb as a disruptive innovation relative 

to hotels: Substitution and comparative performance expectations. International 

Journal of Hospitality Management, 64, 1-10. 

Heo, C. Y. (2016). Sharing economy and prospects in tourism research.  Annals of Tourism  

 Research, 58(1), 166-170. 

Heo, C. Y., Blal, I., & Choi, M. (2019). What is happening in Paris, Airbnb, hotels, and the  

 Parisian market: A case study. Tourism Management, 70, 78-88. 

Heo, C. Y, & Blengini, I. (2019). 

 presence. International Journal of Hospitality Management, 78, 47-49.  

Horn, K., & Merante, M. (2017). Is home sharing driving up rents? Evidence from Airbnb in 

Boston. Journal of Housing Economics, 38, 14-24. 

Ju, Y., Back, K. J., Choi, Y. & Lee, J. S. (2019). Exploring Airbnb service quality attributes  

 and their asymmetric effects on customer satisfaction. International Journal of 

 Hospitality Management, 77, 342-352. 



 

Kalnins, A., & Chung, W. (2004). Resource seeking agglomeration: a study of market entry 

in the lodging industry. Strategic Management Journal, 25(7), 689-699. 

Kwok, L. (2012). Exploratory-triangulation design in mixed methods studies: A case of 

criteria. Tourism and Hospitality Research, 12(3), 125-138. 

Kwok, L., & Xie, K.L. (2018). Buyer-seller similarity: Does it lead to a successful peer-to-

peer transaction of room-sharing services? International Journal of Contemporary 

Hospitality Management, 30(9), 2925-2944. 

Kwok, L., & Xie, K.L. (2019). Pricing strategies on Airbnb: Are multi-unit hosts revenue 

pros? International Journal of Hospitality Management. In-press. 

Liang, J. L., Chirs, H. C., & Joppe, M. (2018). Exploring the relationship between 

satisfaction, trust, and switching intention, repurchase intention in the context of 

Airbnb. International Journal of Hospitality Management, 69, 41-48.  

 of 

badge systems for peer-to-peer rental accommodations. Tourism Management, 60, 

454-465. 

Lee, S.K. (2015). Quality differentiation and conditional spatial price competition among 

hotels. Tourism Management, 46, 114-122. 

Lee, S.K., & Jang, S. (2015). Conditional agglomeration externalities in lodging 

markets. Journal of Hospitality & Tourism Research, 39(4), 540-559. 

Magno, F., Cassia, F., & Ugolini, M. M. (2018). Accommodation prices on Airbnb: effects of 

host experience and market demand. The TQM Journal, 30(5), 608-620. 

Mao, Z., & Lyu, J. (2017). Why travelers use Airbnb again? An integrative approach to 

understanding travell ase intention. International Journal of Contemporary 

Hospitality Management, 29(9), 2464-2482. 



 

Marco-Lajara, B., Claver-Cortés, E., & Úbeda-García, M. (2014). Business agglomeration in 

tourist districts and hotel performance. International Journal of Contemporary 

Hospitality Management, 26(8), 1312-1340. 

Marco-Lajara, B., Claver-Cortés, E., Úbeda-García, M., & del Carmen Zaragoza-Sáez, P. 

(2016). A dynamic analysis of the agglomeration and performance relationship. 

Journal of Business Research, 69(5), 1874-1879. 

Marriott (n.d.). About Us. Retrieved on November 29, 2018 from 

https://www.marriott.com/marriott/aboutmarriott.mi  

Marshall, M. (1890). Principles of Economics. London: Macmillan.  

McCann, B.T., & Vroom, G. (2010). Pricing response to entry and agglomeration 

effects. Strategic Management Journal, 31(3), 284-305. 

Oskam, J., van der Rest, J. P., & Telkamp, B. (2018). but at what 

price? Dynamic pricing behavior as an indicator of Airbnb host 

professionalization. Journal of Revenue and Pricing Management, 17(5), 311-328. 

Rainwater, B. (2018, February 6). The sharing economy needs to be better partners with 

cities. CityLab.com., retrieved on July 10, 2019 via 

https://www.citylab.com/equity/2018/02/the-sharing-economy-needs-to-be-better-

partners-with-cities/552626/ 

Rauch, D. E., & Schleicher, D. (2015). Like Uber, but for local government law: The future 

of local regulation of the sharing economy. Ohio State Law Journal, 76, 901. 

Schaltenbrand, B., Foerstl, K., Azadegan, A., & Lindeman, K. (2018). See what we want to 

see? The effects of managerial experience on corporate green investments. Journal of 

Business Ethics, 150(4), 1129-1150. 

 Silva, R. (2016). Competition and demand effects of geographic distance to rivals. The 

Service Industries Journal, 36(1-2), 37-57. 



 

Statista. (2018). Number of Marriott International Hotel Room Worldwide from 2009 to 

2017. Retrieved on November 29, 2018 from 

https://www.statista.com/statistics/247304/number-of-marriott-international-hotel-

rooms-worldwide/  

Tsang, E.W., & Yip, P. S. (2009). Competition, agglomeration, and performance of Beijing 

hotels. The Service Industries Journal, 29(2), 155-171. 

Tussyadiah, I. P. (2016). Factors of satisfaction and intention to use peer-to-peer 

accommodation. International Journal of Hospitality Management, 55, 70-80. 

Tussyadiah, I. P., & Pesonen, J. (2016). Impacts of peer-to-peer accommodation use on travel 

patterns. Journal of Travel Research, 55(8), 1022-1040.  

Tussyadiah, I. P., & Pesonen, J. (2018). Drivers and barriers of peer-to-peer accommodation 

stay an exploratory study with American and Finnish travelers. Current Issues in 

Tourism, 21(6), 703-720.  

Weggmann, J., & Jiao, J. (2017). Taming Airbnb: Toward guiding principles for local 

regulation of urban vacation rentals based on empirical results from five US cities. 

Land Use Policy, 69, 494-501.  

Williams, C. C., & Horodnic, I. A. (2017). Regulating the sharing economy to prevent the 

growth of the informal sector in the hospitality industry. International Journal of 

Contemporary Hospitality Management, 29(9), 2261-2278.  

Wu, J., Ma, P., & Xie, K. (2017). In sharing economy we trust: the effects of host attributes 

on short-term rental purchases. International Journal of Contemporary Hospitality 

Management, 29 (11), 2962-2976 

-

sharing platforms: The influence of motivations, perceived trust, and past experience. 

International Journal of Contemporary Hospitality Management, 29(10), 2688-2707.  



 

Xie, K. 

performance. International Journal of Hospitality Management, 67, 174-184. 

Xie, K.L., Kwok, L., & Wu, J. (2018). Are consumers loyal to home-sharing services? Impact 

International Journal of Contemporary 

Hospitality Management, 30(11), in press. 

Xie, K., & Mao, E. (2018). The impacts of quality and quantity attributes of Airbnb hosts on 

listing performance. International Journal of Contemporary Hospitality Management, 

29(9), 2240-2260.  

Yang, Y., Luo, H., & Law, R. (2014). Theoretical, empirical, and operational models in hotel 

location research. International Journal of Hospitality Management, 36, 209-220. 

Yang, Y., Wong, K. K., & Wang, T. (2012). How do hotels choose their location? Evidence 

from hotels in Beijing. International Journal of Hospitality Management, 31(3), 675-

685. 

Zhang, Z., & Chen, R. J. (2019). Assessing Airbnb logistics in cities: Geographic information 

system and convenience theory. Sustainability, 11(9), 2462. 

 

 

 
  



 

 
 

Table 1. Distribution of host capacity 
Number of listings Percent (%) 

Single-unit capacity 
1 listing 80.6 
Multi-unit capacity 
2 listings 12.7 
3-4 listings 4.9 
5-10 listings 1.6 
More than 10 listings 0.2 
Total 100 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 
Table 2. Distribution of host tenure 

Tenure (in month) Percent (%) 
Less than 1 year  
0 month 10.6 
1-6 months 40.2 
7-12 months  16.9 
More than a year  
13-24 months  17.2 
25-36 months  8.2 
37-48 months  4.4 
49-60 months  1.7 
61-72 months  0.6 
More than 72 months  0.2 
Total 100 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Table 3. Variable Definitions and Summary Statistics (Unit of Analysis: Listing Month) 
Variable Definition Mean Std. 

Dev. 
Min Max 

Dependent Variable     
RevPAN Logarithm of the average revenue per available nights in a month1 (in US. 

Dollars)  
4.88 0.63 0.00 9.21 

Primary Independent Variables      
NumList Logarithm of the number of listings agglomerated in a zip code where the focal 

listing is located  
6.62 1.07 0.00 8.34 

Capacity Number of listings simultaneously managed by a host, including the focal 
listing 

2.17 3.59 1.00 77.00 

Tenure Number of months 
host 

20.34 15.69 0.00 94.00 

Control Variables (Listing Characteristics)      
ADR Average daily rate    65.95 118.89 0.00 10000.00 
VolReview Number of online guest reviews  18.81 33.41 0.00 478.00 
ValReview Average rating of online guest reviews, with values 1=Terrible, 2=Poor, 

3=Average, 4=Very good, and 5=Excellent 
4.58 0.46 1.00 5.00 

Bed Number of bedrooms    1.14 0.69 0.00 14.00 
Bath Number of bathrooms 1.12 0.40 0.00 15.50 
Photo Number of listing photos available on Airbnb  12.61 9.89 0.00 240.00 
Super Dummy variable indicating whether a host is recognized by Airbnb as a super 

host,2 with values of 1=Super host, 0=Otherwise 
1.08 0.28 1.00 2.00 

Control Variables (Hotel Characteristics)     
HotelRoom Logarithm of the number of hotel rooms in a zip code where the focal listing is 

located 
5.62 2.16 0.00 9.81 

HotelVolR Logarithm of the number of online guest reviews for the hotels in a zip code 
where the focal listing is located 

7.43 2.38 0.00 11.96 

HotelValR Average rating of online guest reviews for the hotels in a zip code where the 
focal listing is located, with values 1 = Terrible, 2 = Poor, 3 = Average, 4 = 
Very good, and 5 = Excellent 

3.85 0.45 0.00 5.00 

RoomRate  Logarithm of the average room rate of the hotels in a zip code where the focal 
listing is located 

5.42 0.45 4.37 7.28 

Control Variables (Neighbourhood Characteristics) 
MedianAge Median age of the population in a zip code where the focal listing is located 34.01 3.24 27.90 47.50 
CollegeDegree Percentage of population with a college degree and above in a zip code where 

the focal listing is located 
23.89 6.15 6.50 45.70 

Unemployment Unemployment rate in a zip code where the focal listing is located 8.00 3.54 1.30 17.60 
Population Population in a zip code where the focal listing is located (in thousands) 62.40 28.20 3.04 112.98 
NumHousehold Number of households in a zip code where the focal listing is located (in 

thousands) 
25.05 9.99 1.57 43.46 

MedianIncome Median income of households in a zip code where the focal listing is located 
(in thousands of dollars) 

70.32 28.66 23.76 234.96 

 

 

 

 

 

                                                 
1 Available nights in a month are the nights a host does not block a listing but makes it available for booking (no 
matter the listing ends up being booked or not).   
2 Super host is recognized by the Airbnb platform based on certain criteria in aspects of service quality. Source:  
https://www.airbnb.com/superhost 
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Table 5. Effect Estimations 

D.V.: RevPAN 
(1)  (2) (3) (4) 

Baseline  Robustness Checks 
Primary Variables      
NumList 0.127***  0.071*** 0.042*** 0.023*** 
 (0.000)  (0.000) (0.000) (0.000) 
Capacity -0.025***  -0.014*** -0.029*** -0.016*** 
 (0.000)  (0.000) (0.000) (0.000) 
Tenure 0.005***  0.003*** 0.001*** 0.002*** 
 (0.000)  (0.000) (0.010) (0.000) 
NumList × Capacity -0.001**  -0.001*** -0.001** -0.002*** 
 (0.015)  (0.000) (0.012) (0.000) 
NumList × Tenure 0.002***  0.002*** 0.001** 0.001** 
 (0.000)  (0.000) (0.020) (0.032) 
Controls (the Listing)       
ADR   0.004*** 0.003*** 0.003*** 
   (0.000) (0.000) (0.000) 
VolReview   0.001*** 0.001*** 0.001*** 
   (0.000) (0.000) (0.000) 
ValReview   0.032*** 0.038*** 0.066*** 
   (0.000) (0.000) (0.000) 
Bed   0.037*** 0.068*** 0.128*** 
   (0.000) (0.000) (0.000) 
Bath   -0.152*** -0.110*** -0.033*** 
   (0.000) (0.000) (0.000) 
Photo   0.003*** 0.004*** 0.005*** 
   (0.000) (0.000) (0.000) 
Super   0.003 0.019*** 0.031*** 
   (0.167) (0.000) (0.000) 
Controls (Hotels)      
HotelRoom    -0.003* -0.004 
    (0.082) (0.119) 
HotelVolR    0.044*** 0.006** 
    (0.000) (0.032) 
HotelValR    0.004 0.051*** 
    (0.112) (0.000) 
RoomRate    -0.132*** -0.005 
    (0.000) (0.480) 
Controls (Neighborhoods)      
MedianAge     -0.016*** 
     (0.000) 
CollegeDegree     0.001*** 
     (0.000) 
Unemployment     0.000 
     (0.742) 
Population     -0.004*** 
     (0.000) 
NumHousehold     0.014*** 
     (0.000) 
MedianIncome     0.001*** 
     (0.000) 
Constant 4.038***  3.776*** 2.938*** 2.368*** 
 (0.000)  (0.000) (0.000) (0.000) 
Observations 249,576  212,303 148,568 66,637 
R-squared 0.472  0.615 0.636 0.696 

 



 

Table 6. Summary of Hypothesis Testing 
Hypothesis Result 

H1 The level of agglomeration is positively associated with an Airbnb 
 

Supported  

H2 
larger for multi-unit hosts than single-unit hosts.  

Not Supported  

H3  is 
larger for hosts with a longer tenure than those with a shorter 
tenure.  

Supported 

 
  



 

 

Figure 1. A proposed model 
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Figure 2. Growth of listings and hosts in the NYC from May 2015 to April 2016

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



 

 
Figure 3. Average number of listings and hosts in a zip code from May 2015 to April 2016 

 
 

 
 

 


