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ABSTRACT 
The more high-quality users on a platform, the greater are the opportunities for 

transactions among users, thus, the stronger the platform’s performance will be. The platform 
literature has firmly established this relationship. However, it has become increasingly important 
for digital platforms, especially platforms in the sharing economy, to consider the role of the 
regulatory environment in shaping the conversion of user numbers into transactions. This study 
finds that the number of users positively correlates with the number of transactions completed on 
the platform, as long as the sharing economy is an unregulated market.  Once regulated, the same 
relationship remains positive but severely weakened. By focusing on complementors’ reactions 
to regulatory changes, this study finds that high-quality and highly performing complementors 
are less likely to comply with the law. Yet, the platform’s performance increases if the platform 
collaborates with policymakers to promote complementors’ compliance. By using a large sample 
of about 150,000 Airbnb hosts active in eight major U.S. cities and observed monthly for a 
period of seven years, this study finds that complementors noncompliant with the law remain on 
the platform but disengage from it, hence becoming less valuable to the platform performance. 
Therefore, after the regulatory change, a sharing economy platform can support its performance 
by focusing on compliant complementors instead, for example by promoting complementors 
compliance with the law. 
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INTRODUCTION 

Platforms spend most of their time developing strategies to attract and retain users more 

successfully than their competitors (Cennamo and Santalo, 2013; Rietveld and Schilling, 2020). 

Opposing the platforms’ efforts, regulations of the sharing economy that aim at containing the 

negative externalities these platforms produce (e.g., exacerbation of the housing affordability 

problem due to Airbnb, increased traffic congestion and pollution due to Uber and Lyft), often 

do so by reducing the number of users who can operate on the supply side of a sharing economy 

platform (Baron, 2018; Barron, Kung, and Proserpio, 2021; Chen, Wei, and Xie, 2022; Garud et 

al., 2022). This can only harm the platform performance, according to the platform literature. By 

reducing the number of complementors—i.e., users on the supply side of a platform (e.g., Airbnb 

hosts, Uber drivers) —consumers’ opportunities for transactions decrease, eventually reducing 

the number of transactions completed on the platform1 (Cennamo and Santalo, 2013; Rietveld 

and Schilling, 2020; Rochet and Tirole, 2006). This negative forecast explains why some sharing 

economy platforms promote complementors’ noncompliance with the law (e.g., by paying their 

fines).2 However, it fails to explain why the more complementors stay noncompliant in the 

sharing economy, the lower the performance of the sharing economy platform.  

Contrary to the expectations set by the platform literature, this study finds that a platform 

performance increases when sharing economy platforms incentivize complementors’ compliance 

with the new laws. These findings indicate that complementors’ attraction and retention is not a 

sufficient condition for digital platforms to sustain their performance following government 

regulations. To solve this paradox, this study asks: How do complementors’ perceptions of 

 
1 In this study, “platform” always refers to transaction platforms, hence excluding innovation platforms that are 
characterized by different performance dynamics (for a review see Baldwin and Clark, 2000).  
2 See the example of Uber in Paris (FR) after the ban of ride-hailing platforms 
(https://techcrunch.com/2015/06/10/when-an-uberpop-driver-gets-fined-in-paris-uber-pays-for-the-fine/). 
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regulatory uncertainty affect a platform performance? To answer this broad question, the study 

will exploit a change in regulation of the sharing economy market to observe the predictors and 

the effects of complementors’ heterogeneous reactions, and the effect of platform’s reactions to 

the same regulatory change. Thus, this study aim is to answer the following research questions: 

What predicts complementors reactions to the regulatory change? How do different 

complementors’ reactions affect the platform performance? What is the effect of different 

platform’s strategies to govern the new post-regulation environment on the platform 

performance?   

Multi-side platforms like Airbnb, Uber and Etsy—i.e., platforms that enable transactions 

between different groups of users, namely (in this paper) consumers (users on the demand side of 

the platform) and complementors (users on the supply side of the platform)—struggle with the 

need of getting different sides “on board” in large numbers (Armstrong, 2006; Boudreau and 

Hagiu, 2009; Seamans and Zhu, 2014). Most of the economics derived literature reframes this 

problem by asking which pricing structure maximizes platform’s profits while retaining users on 

the platform (e.g., Armstrong, 2006; Caillaud and Jullien, 2003; Rochet and Tirole, 2006). Most 

of the strategy literature addresses the same problem by identifying the governance tools that a 

platform can use to reduce users' searching costs, hence increasing their satisfaction with 

transactions fulfilled on the platform, in turn increasing their motivation to join the platform and 

keep transacting (e.g., Cennamo and Santalo, 2013; Hui et al., 2016a; Rietveld, Seamans, and 

Meggiorin, 2021).3   

In setting incentives and governance tools, platforms fulfill a regulatory role and act as 

the regulators of the marketspace (Boudreau and Hagiu, 2009), with their main goal being to 

 
3 For a review of the platform literature across disciplines see Rietveld and Schilling, 2020.  



   

 4 

enable and facilitate users transactions. For example, sharing economy platforms introduced 

rating systems and quality certifications to increase transparency over users quality in order to 

promote trust among users. By reducing the risk of malevolent behavior within the marketspace, 

platforms successfully increased platform adoption by users on both sides of the market (i.e., 

demand and supply side). Government regulations that constrain the supply of users (specifically 

of complementors), tamper with platforms ability to fulfill their regulatory role of the 

marketspace. Indeed, while platform constant effort is to attract new users, government efforts 

aim at limiting the number of complementors who can transact within the platform. To continue 

with the former example, while the platform invests resources to increase trust to promote 

platform adoption, government regulations reduce platform adoption (by users on both sides of 

the platform) by constraining complementors’ freedom to join the platform. Being subjected to 

opposing set of rules (those set by the government and those set by the platform), complementors 

are responsible for choosing how to react to these opposing pulls, and they end up disappointing 

both regulators in an attempt to compromise. For example, as we will see in this study, 

complementors may decide to join the platform (against government regulations) while also 

reducing their average engagement with the platform (against the platform governance efforts).  

Complementors need for compromise explains why complementor noncompliance 

translates into decreased platform performance. To stay on the platform, noncompliant 

complementors purposefully reduce their engagement with the platform, hence reducing the 

average frequency of transactions to avoid being caught by the government regulator and limit 

corresponding fines. Therefore, to sustain its performance after a regulatory change, the platform 

is forced to re-define the set of users that its attracts. The platform must move away from 

complementors who disengage from the platform to protect themselves from law enforcement 
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(i.e., noncompliant complementors) and must invest on the subset of complementors who are 

intensifying their participation in the market in reaction to the regulatory change—i.e., compliant 

complementors whose activity is now legitimized and supported by both regulators: the platform 

and the government. When the platform exploits its regulatory role to focus on the attraction and 

retention of complementors compliant with the law (e.g., by collaborating with the government 

to incentivize complementors’ compliance), it successfully substitutes the loss in transaction 

rates due to noncompliant complementors with increasing transaction rates by compliant 

complementors. In other words, platform’s performance increases even though the number of 

complementors decreases, as desired by the government regulator.  

This study uses Airbnb data, specifically, monthly data on all Airbnb listings (about 

150,000) in eight major U.S. cities, active at any point between November 2014 and February 

2020. Each of those cities regulated the short-term-rental market by requiring hosts (i.e., the 

complementors) to get a license from the city before renting their property on Airbnb. While 

minor variations exist across regulations, they all select out a subset of complementors from the 

market through their requirements (e.g., in certain cities, only primary residences can get a 

license, forcing hosts to remove their vacation homes from the platform). Comparing the 

performance effect of Airbnb strategies in different cities in reaction to similar regulatory 

changes, this study tests the effectiveness of different platform strategies in the post-regulation 

environment. The detailed data collected include listings data (i.e., geolocation and structural 

features of the property, textual description of the Airbnb listing), multiple performance 

measures tracked before and after the regulatory changes (e.g., revenues, price per night, booked 

nights), and longitudinal measures of complementors’ engagement with the platform (e.g., 

number of nights a listing is made available for booking). The study integrates this data with a 
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qualitative coding of the laws passed in each city and a detailed historical summary of the 

relationship (e.g., lawsuits, formal collaborations) between Airbnb and each city in the sample. 

Overall, the study makes a threefold contribution to the strategy literature. First, it 

contributes to the growing interdisciplinary literature on regulations of digital platforms (Van 

Alstyne et al., 2021; Baron, 2018; Bonina et al., 2021; Cennamo et al., 2022; Ozalp et al., 2022; 

Panova, 2021; Thatchenkery and Katila, n.d.), by identifying the predictors of complementors’ 

heterogeneous noncompliant behaviors and some of the conditions under which digital platforms 

are more likely to promote compliance among their complementors. In so doing, this study 

especially contributes to the literature on platform’s self-regulation (Berkowitz and Souchaud, 

2019; Cusumano, Gawer, and Yoffie, 2021a, 2021b; Sundararajan and Cohen, 2015) in that it 

describes how, by promoting complementors compliance, platforms can overcome the loss in 

performance due to noncompliant complementors, hence supporting the performance of the 

entire platform ecosystem. Second, contributing to the literature of firms heterogeneous reactions 

to institutional pressures (Bidwell et al., 2013; Dimaggio and Powell, 1983; Meyer and Rowan, 

1977; Oliver, 1991; Rigolini and Huse, 2021; Wang, Sun, and Liu, 2019), this study documents 

that firms noncompliance with government regulations is not a dummy variable (Oliver, 1991). 

Providers in the sharing economy adopt a combination of strategies to disguise their illegal 

activities and to reduce their susceptibility to law enforcement. In turn, providers heterogeneous 

reactions have different performance implications for the platform. Overall, this study invites 

scholars to progress our knowledge on firms strategic reactions to institutional pressures by 

differentiating among noncompliant behaviors to understand their different effects on the firm 

performance as well as on the performance of other firms in the market (either allies or 

competitors). Third, this study brings novel insights to the investigation of how regulatory 
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uncertainty affects firms behavior (Aragón-Correa, Marcus, and Vogel, 2020; Dutt and Joseph, 

2019; Engau and Hoffmann, 2009; Gao and McDonald, 2022; Hoffmann, Trautmann, and 

Hamprecht, 2009; Hoffmann, Trautmann, and Schneider, 2008; Milliken, 1987). In the presence 

of coopetitive dynamics among firms, like in a digital platform, complementors’ reactions to a 

regulatory change depends on the platform reaction to the same change, and vice versa. The 

investigation of this interdependence between members of digital platforms with different roles 

allows for a deeper understanding of how firm’s reactions to regulatory uncertainty depends not 

only on the firm’s internal cost-and-benefit analysis (Brown and Eckert, 2021; Clougherty and 

Grajek, 2014; Goto and Iizuka, 2016) but also on the reactions of the firm’s competitors and 

allies to the same regulatory change. Thus, this study findings might bring more insights to the 

literature investigating the emergence of illegal markets that require some levels of coordination 

between independent firms (Hoang, 2018; Vaughan, 1982, 1999). 

  

THEORETICAL BACKGROUNT 

Platform Dependence on its Users 

Digital platforms are“ ‘semi-regulated marketplaces’ that foster entrepreneurial action 

under the coordination and direction of the platform sponsor” (Jacobides, Cennamo, & Gawer, 

2018, p. 2258). It follows that the platform does not hierarchically control complementors, the 

users that serve its supply side. Instead, they collaborate with the platform to create and capture 

value. For example, in the sharing economy, users on the supply side (e.g., hosts in Airbnb, 

drivers in Uber) are not the platform’s employees: They are independent contractors who decide 

when and how to work with a platform.  
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A major challenge for any platform is to attract and retain users, both complementors 

(i.e., users on the supply side; a.k.a. providers) and end users (i.e., users on the demand side; 

a.k.a. consumers) (Corts and Lederman, 2009; Parker and Van Alstyne, 2005; Wareham, Fox, 

and Cano Giner, 2014). To increase the number of users and, hence, the opportunities for 

transactions, platforms must contemporaneously attract users on both the supply and demand 

sides of the market. Platforms fulfill this task by exploiting indirect network effects:4 the more 

complementors (or supply-side users) there are on one side of the platform, the more end users 

(or demand-side users) will also likely join the platform because they positively value the 

numerous opportunities for transactions (Boudreau and Jeppesen, 2015; Cennamo and Santaló, 

2019; Rietveld and Eggers, 2018). One particularly effective tool available to a platform for 

attracting users is its pricing structure, which can subsidize users on one side of the platform to 

motivate them to join, then extract most of the platform’s revenues from users on the opposite 

side (Armstrong, 2006; Jullien, 2005; Rochet and Tirole, 2006). Some of the non-pricing 

strategies that a platform can implement to encourage platform adoption (Dushnitsky, Piva, and 

Rossi-Lamastra, 2020; Williamson and De Meyer, 2012) are: creating trust among users through 

quality-based rating systems and quality certifications (Hui et al., 2016; Rietveld et al., 2021), 

placing thresholds on the level of accessibility (Hagiu, 2011), changing the scope of the offering 

it accommodates (Ye, Priem, and Alshwer, 2012) and bundling, i.e., offering combinations of 

products or services sold by the platform (Chao and Derdenger, 2013). 

Previous studies have found that heterogeneous motivations drive sharing economy 

platform adoption: e.g., economic motivations (e.g., opportunities for supplementing the main 

income), pro-environmental motivations (e.g., more efficient exploitation of existing resources), 

 
4 Also called network externalities. See for example: Adner and Kapoor, 2016; Gupta et al., 1999; Shapiro and 
Varian, 1998.  



   

 9 

and prosocial motivations (e.g., sharing of experiences among strangers) (Bellotti et al., 2015; 

Böcker and Meelen, 2017). More recent studies have explored regulatory uncertainty (reduction) 

as one of the drivers of sharing economy platform adoption. By regulating the previously 

unregulated sharing economy markets, policymakers confer legitimacy to the sharing economy, 

which has been shown to correlate with higher platform adoption (Uzunca and Borlenghi, 2019). 

However platform adoption rates change drastically depending on the type of user (Gerwe, Silva, 

and Castro, 2020). This preliminary evidence suggest that government laws tamper with 

platforms’ ability to attract and retain users (Barron et al., 2021; Gerwe et al., 2020; Koster, Van 

Ommeren, and Volkhausen, 2021). The current study contributes to this body of work by 

focusing on the heterogeneous behaviors that complementors, noncompliant with the law, adopt 

to remain on the platform, and the platform performance implications oof these behaviors. 

Regulating the Sharing Economy 

The sharing economy’s success in attracting users has resulted in many criticisms by 

stakeholders external to the platform. Competitors protest what they see as unfair competition 

and ask for new laws that force the sharing economy to follow the same safety standards the 

authorities impose on them,5 while citizens lament having to absorb the negative externalities 

that the sharing economy entering their cities creates and ask for restriction of its activities like 

increased traffic congestion due to the ride-hailing platforms (e.g., Uber and Lyft), and increased 

real estate prices due to short-term rental platforms (e.g., Airbnb and VRBO).6 Across the U.S., 

local governments have channeled these complaints, attempting to regulate the sharing economy 

 
5 E.g., https://www.nytimes.com/2017/04/16/technology/inside-the-hotel-industrys-plan-to-combat-airbnb.html 
6 E.g., https://www.washingtonpost.com/transportation/2019/08/06/uber-lyft-concede-they-play-role-traffic-
congestion-district-other-urban-areas/ 
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by either banning it completely or allowing only a subset of complementors to remain on the 

platform. This study focuses on the latter set of government regulations. 

Two features of the sharing economy make enforcement difficult for lawmakers. First, 

the average size of sharing economy complementors makes enforcement (by the government) 

very costly. Indeed, the sharing economy is prevalently populated by micro-businesses (a.k.a. 

“mom-and-pop” businesses)—i.e.,  individuals who use sharing economy platforms sporadically 

in order to supplement their main source of income. It is not cost-effective for government 

enforcement agencies to target these micro-business (Leshinsky and Schatz, 2018; Zale, 2016). 

Second, the platform has more information about a complementor’s activity in the platform 

compared to the government agency, who has access only to the complementor’s information 

available on its public profile (Boudreau and Hagiu, 2009). It follows that without the 

collaboration of the platform, the government agency will have limited information it can use to 

identify noncompliant complementors. Third, sharing economy platforms are not legally 

responsible for their complementors’ noncompliance with the law. In the few instances where 

policymakers have tried to hold platforms legally responsible for their complementors 

noncompliance with the law, platforms have brought the issue to court and (to the best of authors 

knowledge) successfully limited their legal responsibility over complementors noncompliance. 

Thus, digital platforms are not legally responsible for the law enforcement. Because the platform 

main objective is to facilitate transactions within the platform environment, the platform 

governance tools (e.g., quality-based rating system, quality certification, pricing structure) are set 

as to retain on the platform all high-quality users, regardless of their level of compliance with the 

government’s laws. The platform decision to help laws’ enforcement depends on whether 
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complementors’ noncompliance with the law changes (i.e., decreases) their contribution to the 

platform performance. 

Regulatory Noncompliance in the Sharing Economy 

The choice of compliance is the outcome of a costs-and-benefits analysis. Firms will be 

less likely to comply the higher costs of compliance (Brown and Eckert, 2021; Clougherty and 

Grajek, 2014; Goto and Iizuka, 2016) and the lower the sanctions (or the risk of sanctions) of not 

complying (Batikas, Claussen, and Peukert, 2019).  

The overwhelming tendency for policymakers is to regulate the sharing economy 

complementors rather than the sharing economy platforms (Chen et al., 2022; Gerwe et al., 

2020; Uzunca and Borlenghi, 2019). For example, many U.S. cities require Airbnb providers to 

obtain a license from the city before short-renting their property. While the sanctions are steep 

for the hosts, they may be completely missing for the Airbnb platform. Similarly, Uber drivers 

face steep fines if caught driving a consumer around the city of Paris (FR), but the Uber platform 

often faces no sanctions. Even where regulations pertain to child safety (rather than fair market 

competition, as in the previous two examples) they fail to regulate the platform’s behavior. In 

Etsy, where toymakers must obtain a safety certification for their toys before selling them to 

consumers, the sanctions concern Etsy artisans but ignore the role of the platform in the 

commercialization process.  

Without the collaboration of sharing economy platforms (either voluntary or coerced), 

government agencies face major challenges when enforcing the law. Indeed, having inferior 

information about complementors’ behavior on the platform compared to the platform’s, 

government agencies are in a disadvantaged regulatory position (Boudreau and Hagiu, 2009). As 

long as platforms are under no legal obligation to collaborate with government agencies, 
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platforms’ most popular strategy appears to be to avoid helping the regulator enforce the law 

(Baron, 2018). Thus, in many cases, it is up to the complementors to decide how to (not) comply 

with the sharing economy laws. 

Types of Noncompliance in the Sharing Economy 

It is possible to observe at least two noncompliance behaviors on sharing economy platforms. 

After a regulatory change, complementors who cannot (or don’t want to) comply with 

government regulations can simply remain on the platform without complying, or they can 

change their profile on the platform to disguise their noncompliance. One strategy to disguise a 

complementor’s identity is to cancel the existing profile (and any information associated with it) 

and re-enter the platform with a brand-new profile. Previous studies have found that 

complementors on digital platforms use re-entry strategically (Dellarocas, 2003, 2005; Friedman 

and Resnick, 2001; Zacharia, Moukas, and Maes, 2000): The ease of creating a new profile 

makes it easy for low-rated complementors to restart from scratch with a new profile on the same 

platform hoping to accumulate more positive reviews. I posit that complementors can 

strategically re-enter a platform also to avoid law enforcement: re-entry can be used to reduce 

their visibility to government agencies, hence decreasing the chances of incurring any 

punishments for their noncompliant behavior. First, re-entry allows complementors to separate 

their (noncompliant) behavior on the platform from repercussions in other domains (Friedman 

and Resnick, 2001). For example, real estate agents can change their profile to make their Airbnb 

activity look like a personal activity that they do parttime instead of a branch of their real estate 

agency. The re-entry behavior allows them to remove any reference to the real estate agency 

from both their public profile and from any review left by consumers. 
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Platforms fear and thwart re-entry by low-quality complementors because the presence of 

low-quality re-entry complementors reduces trust among users and discourages them from 

transacting within the platform (Dellarocas, 2003). However, it is unclear whether re-entry 

motivated by law enforcement avoidance is detrimental to platform performance. On the one 

hand, these complementors left the platform for reasons other than low quality; thus, they will 

likely maintain the same (satisfactory) quality level after they re-enter the platform. On the other 

hand, these complementors re-enter the platform to reduce their visibility to regulators and avoid 

fines. Their might change their competitive behavior on the platform above and beyond re-entry. 

Re-entry complementors, and noncompliant complementors more broadly, may change their 

competitive strategies to further avoid law enforcement. The effects on the platform performance 

of complementors strategic changes remain unclear. Henceforth, this study investigates what 

predicts a complementor’s likelihood of remaining on the platform, despite noncompliance with 

regulations, and further pursuing a re-entry strategy, as well as other changes in strategic 

behaviors that noncompliant complementors may pursue.  

 

HYPOTHESES 

Performance as a Driver of Noncompliant Behavior 

Noncompliance with government laws is an acknowledged phenomenon across many 

empirical settings (for some examples, see: Chang & Ehrlich, 1985; Crilly, Zollo, & Hansen, 

2012; Marion & Muehlegger, 2008; Viswanathan, 2018). While certain features of digital 

platforms make noncompliance more widespread in the sharing economy, the drivers of any 

complementor’s noncompliance choice are likely to remain the same—namely, complementors 
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that have more to lose by complying will more likely resist regulatory changes (Chang and 

Ehrlich, 1985; Meyer and Rowan, 1977; Oliver, 1991).  

Sharing economy government regulations set requirements that force some 

complementors to exit the market.7 For example, short-term rental market laws across the United 

States often require Airbnb’s and VRBO’s hosts to only rent their primary residence, forcing 

hosts renting their second home to permanently exit the platform. Similarly, ride-hailing market 

laws across many major cities worldwide cap the number of Uber’s and Lyft’s vehicles that can 

operate within the city’s boundaries, forcing some drivers to stop offering rides to consumers. 

Complementors  resistance to market exit will be stronger, the greater the complementor’s 

performance is in the market (Harrigan, 1982; Hui et al., 2016; Pierce, 2009). Indeed, the 

stronger the complementor’s performance, the higher its cost of compliance will be (when 

compliance requires exit) and the greater its likelihood of not complying with government 

regulations (Brown and Eckert, 2021; Clougherty and Grajek, 2014; Goto and Iizuka, 2016). 

Therefore, the study’s first hypothesis serves as a baseline. It confirms that while 

noncompliance is more easily carried out in the sharing economy than in other empirical settings, 

compliance cost remains a strong predictor of noncompliance. Specifically, this study recognizes 

the highest compliance cost in the sharing economy to be the surrender of the entire income any 

complementor produces through the platform. Therefore, while higher performance leads to 

greater income for the complementor, it also increases the chances of noncompliance in the event 

of a regulatory change.  

Hypothesis (H1) (Baseline). The higher a complementor’s performance on the platform, 

the less likely it will be to exit. 

 
7 A boundary condition of this study is that the regulations allow the sharing economy to continue operating. 
Therefore, it excludes regulations that ban sharing economy platforms completely. 
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Importantly, if hypothesis one is confirmed in the context of a mediated market, it would 

indicate that high value platform complementors find ways to remain on the platform despite 

noncompliance. In other words, complementors that remain on the platform after the regulatory 

change, despite noncompliant with the law, are prevalently high-quality complementors. 

Therefore, it would be against the platform’s interests to exclude noncompliant complementors 

from the platform. This conclusion relies on the expectation that noncompliant complementors 

do not change their behavior on the platform after the regulatory change. I explore this 

expectation further in the next two hypotheses. 

Reputation as a Driver of Different Noncompliant Behaviors 

Higher performance increases a complementor’s chance of not exiting (permanently) the 

sharing economy platform, but they also increase the noncompliant complementor’s chances of 

being caught by the regulator. Indeed, the large number of small-size complementors in the 

sharing economy is one of the main challenges to law enforcement (Zale, 2016). Following 

efficiency logic, agencies tasked with law enforcement will focus their resources on large actors 

that “are statistically more likely to have violations” (Zale, 2016, p. 965) and (this study posits) 

are more likely to be spotted. In line with this cost-effective logic of enforcement agencies, the 

highest performing, hence most frequently transacting, complementors on sharing economy 

platforms are especially susceptible to law enforcement. 

To reduce their susceptibility to law enforcement, noncompliant complementors can take 

advantage of digital platforms’ idiosyncratic ease of erasing profiles and creating new ones: 

noncompliant complementors can delete their existing profile, to signal a permanent exit to law 

enforcement agencies, then re-enter the sharing economy platform under a new profile. 

Complementors can use re-entry strategically to separate their noncompliant behavior in the 
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sharing economy from their other businesses, thus avoiding repercussions (Friedman and 

Resnick, 2001). Re-entry also provides an opportunity for noncompliant complementors to 

remove any information (e.g., information included in past guest reviews) that may make them 

more easily identifiable by law enforcement agencies.  

While there are very few costs to creating a new profile on digital platforms, the costs of 

erasing existing profiles might be high. By erasing their profiles to then re-enter the market with 

a new profile, complementors reduce their susceptibility to law enforcement, but they also 

renounce the customer rating they had accrued on the platform over time. Most digital platforms 

rely on reputation systems to promote transactions among users: Reputation systems calculate 

the quality and reliability of any user (complementors and consumers), based on the history of 

the user’s (un)successful transactions. A complementor’s reputation increases both customers’ 

willingness to pay for the complementor’s products (Chatain and Mindruta, 2017) and the 

number of its future transactions (Hui et al. 2016). Thus, reputation is a resource that 

complementors exploit to capture more value on digital platforms. Specifically, the higher the 

reputation of a complementor on a platform, the higher its performance. Because customer rating 

is such an important resource on digital platforms (Bhattacharjee & Goel, 2005; Dellarocas, 

2003; Hui et al., 2016; Saeedi, 2019), top-rated complementors are unlikely to renounce it in 

order to reduce their susceptibility to law enforcement. Therefore, the second hypothesis of this 

study is that the higher the consumer rating of a (noncompliant) complementor, the less likely the 

(noncompliant) complementor will be to avoid law enforcement by re-entering the sharing 

economy platform.  

Hypothesis (H2). The higher a noncompliant complementor’s reputation on the 

platform, the less likely it will be to adopt a re-entry behavior. 
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Platform Strategy and the Reduction of Regulatory Uncertainty 

The first two hypotheses of this study argue that noncompliant complementors are 

predominantly high-performing complementors and have the potential to keep providing high 

quality services on the platform after the regulatory change. Moreover, anecdotal evidence 

indicates that they represent a large proportion of complementors in the sharing economy.8 

Therefore, by forcing them out of the market (i.e., by helping the regulator to enforce the law), 

sharing economy platforms would renounce to many high-performing complementors. The 

platform literature recommends against pushing these high-performing, yet noncompliant, 

complementors to exit the platform because it would hurt the platform performance (Binken and 

Stremersch, 2009; Cennamo and Santalo, 2013; Hagiu, 2011; Rietveld and Schilling, 2020; 

Rochet and Tirole, 2006). 

According to the platform literature, sharing economy platforms should retain current 

complementors and keep growing the size of their supply side (Cennamo and Santalo, 2013; 

Rietveld and Schilling, 2020; Rochet and Tirole, 2006), specifically by focusing on attracting 

and retaining high-quality complementors (Binken & Stremersch, 2009; Dellarocas, 2005; 

Hagiu, 2011; Hui et al., 2016). Anecdotal evidence shows that sharing economy platforms have 

multiple strategies for retaining high-quality complementors, despite complementors’ 

 
8 See, for example, articles on illegal Airbnb hosts in N.Y.C. 
(https://www.nytimes.com/2018/06/26/nyregion/illegal-airbnb-new-york-city-bill.html) and San Francisco 
(https://www.sfchronicle.com/business/article/SF-fines-Airbnb-landlords-2-25-million-for-13364513.php). Last 
retrieved on July 28, 2022. 
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noncompliance with the law. Platforms can avoid enforcing the law when not strictly required,9 

lobby against the most restrictive regulations,10 and even challenge the new law in court.11  

However, these strategies to resist regulatory changes increase regulatory uncertainty. 

Indeed, these resistance strategies make the outcome of the confrontation between the platform 

and the city more uncertain (Packard, Clark, and Kleinc, 2017), and may lead policymakers to 

amend their laws several times to effectively enforce the law (Dutt and Joseph, 2019).Therefore, 

noncompliant complementors can stay on the platform thanks also to the platform resistance to 

the regulatory change. However, the increased regulatory uncertainty due to platform’s 

resistance to the regulatory change pushes noncompliant complementors to adopt wait-and-see 

strategies (Hoffmann et al., 2009). Noncompliant complementors adopt strategies to avoid law 

enforcement by reducing the likelihood of being externally inspected and scrutinized (Oliver, 

1991)—for example, by re-entering the platform with a new profile12 (see Hypothesis 2) or by 

reducing the frequency of transactions they fulfill on the platform.  

As a previously unregulated market, sharing economy regulations provide formal 

approval of sharing economy activities, motivating more users to participate in it (Gerwe et al., 

2020; Uzunca and Borlenghi, 2019). Platforms’ strategies that delay the regulatory process 

inhibit the increase in user engagement that the legalization of a market could bring about. On 

the contrary, by embracing the new regulations and encouraging compliance among its 

complementors, sharing economy platforms can take advantage of the legalization of the market 

(Gerwe et al., 2020; Uzunca and Borlenghi, 2019), consolidating their competitive position 

 
9 See https://www.nytimes.com/2021/12/09/nyregion/nyc-illegal-airbnb-regulation.html (last retrieved July 28, 
2022). 
10 See https://www.ft.com/content/1afb3173-444a-47fa-99ec-554779dde236 (last retrieved July 28, 2022). 
11 See https://www.bostonglobe.com/business/2019/08/29/airbnb-settles-suit-with-boston-over-short-term-
rental-limits/aZorjDCynWdsRTtz5GWlRM/story.html (last retrieved July 28, 2022). 
12 See Hypothesis two of this study. 
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within the industry. Moreover, once legalized, sharing economy platforms will have an easier 

time attracting incumbents to transact within their platform, a successful strategy for platform 

growth (Hagiu, Jullien, and Wright, 2020). Overall, sharing economy platforms can increase 

their performance after regulatory changes by taking advantage of reduced regulatory 

uncertainty, namely by finding ways to support the regulatory change, collaborate with 

policymakers and incentivize complementors’ compliance. In other words, this study posits that 

higher regulatory uncertainty is detrimental to a platform performance. Digital platforms have an 

opportunity to use regulatory changes to decrease regulatory uncertainty by promoting 

complementors compliance with the law. Therefore, hypothesis three states that a sharing 

economy platform performance increases after a regulatory change is the platform collaborates 

with the government to promote complementors compliance with the law.  

Hypothesis (H3). Platform strategies that reduce regulatory uncertainty lead to an 

increase in platform performance, after the regulatory change. 

 

EMPIRICAL CONTEXT 

Airbnb and the U.S. Short-Term-Rental Market 

A vacation-rental online marketplace company, Airbnb was founded in 2008 in San 

Francisco and has since expanded its business across many cities worldwide. In 2022, Airbnb 

boasted “6M listings worldwide.”13 Airbnb is an archetypal example of a sharing economy 

platform. It enables peer-to-peer transactions by managing a digital market space where home 

suppliers (hosts) and end users (travelers) can meet and transact arrangements for lodging, 

primarily homestays. Like many other sharing economy platforms, Airbnb has experienced fast 

 
13 https://news.airbnb.com/about-us/ 
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growth while producing some negative externalities and has consequently been the target of 

multiple regulatory changes. This study focuses on Airbnb activities in the U.S. market, where 

regulatory changes happen almost exclusively at the municipality level14 and resemble each other 

in terms of content and the aim of the laws. 

Short-Term Rental (STR) Regulations across U.S. Cities  

This study focuses on eight major U.S. cities where Airbnb operates: Boston (MA), 

Chicago (IL), Los Angeles (CA), New Orleans (LA), Portland (OR), Santa Cruz (CA), Seattle 

(WA), and Washington D.C. Each of these cities had passed a law regulating the STR market 

(e.g., Airbnb, VRBO, Flipkey) during the time of the sample collection (October 2014–February 

2020) (see Table 1). The aim of the laws is to reduce the supply of Airbnb listings in the city, to 

address concerns pertaining to the negative effect of the STR market on housing affordability 

(Barron et al., 2021; Chen et al., 2022; Li, Kim, and Srinivasan, 2022). All cities in the sample 

implemented a licensing system that requires every single Airbnb listing to get a license number 

from the city and publish it on its Airbnb listing profile,15 to legally operate a short-term rental. 

The laws impose restrictions on multiple-listing dimensions—e.g., the maximum number of 

licenses that any host can hold, the maximum number of rooms that can be rented in any 

property, whether the renting of the entire place is allowed, whether the host must be present at 

the property during the guest’s stay, whether a city inspection is needed to get the license—and 

they specify the duration and cost of the license and the monetary fines for noncompliant listings 

(see Table 2 for a review of the content of STR laws across cities). These laws set heterogeneous 

requirements for the Airbnb platform, which experimented with different strategies across cities. 

 
14 The only exceptions are the states of Arizona (2017), Florida (2011), Idaho (2018), Indiana (2018), and Wisconsin 
(2017). There are no cities from these states included in the sample of this study. 
15 While not all cities have this requirement explicated in the law, Airbnb encourages all hosts to always publish 
their license number on their listing profile. 
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------------------------------------ 

Insert Tables 1 and 2 about here 

------------------------------------ 

Legal Requirements for STR Platforms and their Heterogeneous Reactions 

In four of the eight cities in the sample, STR laws do not pose any requirement for the 

STR platform. In those cities (i.e., Boston, Chicago, Portland, and Santa Cruz), STR laws 

regulate only the complementors (i.e., hosts on the Airbnb platform) without imposing any legal 

requirement on platform activities.16 Therefore, it is up to the complementor to decide if it is 

worth risking noncompliance and, if so, to identify a way to avoid law enforcement.  

The STR laws of the other four cities in the sample require Airbnb to submit hosts’ data 

to the city. New Orleans and Seattle accept aggregated data, while Los Angeles and Washington 

D.C. require hosts’ individual data. Airbnb generally opposes releasing hosts’ individual data to 

the city and has pursued legal actions against cities that attempted it in the past.17 Airbnb reached 

an agreement with Los Angeles to release host individual data only following a formal request 

from the Department of City Planning.  

Despite Airbnb’s long history of fighting STR laws in court,18 only three cities in the 

sample were sued by a digital platform over their STR law. Airbnb sued the city of Boston in 

 
16 Airbnb collects taxes for the cities of Los Angeles, New Orleans, Santa Cruz, Seattle, and Washington D.C.  
17 See for example the long legal battle of Airbnb against New York City (https://www.businessinsider.com/airbnb-
nyc-agree-to-end-their-fight-over-host-data-sharing-2020-6 ; last retrieved on July 26th 2022). 
18 See the legal battles of Airbnb against the cities of San Francisco (CA) and New York (NY). Since Airbnb’s funding, 
these two cities have been important markets for the platform and the first to regulate the short-term-rental 
market. New York first banned Airbnb in 2010, San Francisco banned Airbnb until February 2015. 



   

 22 

November 2018,19 while HomeAway sued the city of Portland in January 201720 and the city of 

Chicago in May 2017.21 These lawsuits increased uncertainty in the market. They not only 

delayed the date on which the law would take effect; they also made uncertain the outcome of 

the law, namely, whether it would remain the same, be amended, or be completely revoked (Dutt 

and Joseph, 2019; Milliken, 1987; Packard et al., 2017).  

Only one city successfully reduced the regulatory uncertainty with its STR law. New 

Orleans approved its first STR law in December 2016, requiring hosts to get a license from the 

city before renting their properties through Airbnb. While the law bans listings from its most 

tourist-attractive neighborhood (i.e., the French Quarter), it does not cap the number of listings or 

the number of rentable nights per year in any other area of the city. Airbnb agreed to collaborate 

with the city by implementing a registration system that helps hosts to apply for the license. 

Airbnb’s collaboration in applying for the license, together with the absence of lawsuits by any 

actor in the market (i.e., such Airbnb competitors as HomeAway, or Airbnb hosts) effectively 

reduces the regulatory uncertainty in the city.  

Overall, the requirements of the STR laws vary greatly across cities, the reactions of 

Airbnb and other STR platforms (e.g., HomeAway), and the reaction of hosts. In one city in the 

sample, regulatory uncertainty was at its lowest, thanks to the (well-advertised) collaboration of 

the Airbnb platform with the new STR law in New Orleans. Therefore, New Orleans is the city 

where this study expected to find a positive effect of the STR law on the platform’s performance 

 
19 See the court files: https://casetext.com/case/airbnb-inc-v-city-of-
bos?p=1&q=Airbnb%20&sort=relevance&tab=keyword&type=case&ssr=false&scrollTo=true (last retrieved on July 
26th 2022). 
20 See the court files: https://casetext.com/case/homeawaycom-inc-v-city-of-
portland?p=5&q=HomeAway%20chicago%20&sort=relevance&tab=keyword&type=case&ssr=false&scrollTo=true 
(last retrieved on July 26th 2022). 
21 See the Chicago Tribune article: https://www.chicagotribune.com/business/ct-biz-homeaway-settles-city-
lawsuit-20180614-story.html (last retrieved on July 26th 2022). 
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(see Hypothesis 3). On the other hand, three cities in the sample experience a legal fight between 

the city and a STR platform: Boston, Chicago, and Portland. Therefore, these three are the cities 

where this study expected especially high levels of regulatory uncertainty. This study exploits the 

high uncertainty levels in these cities to further corroborate the theoretical mechanism proposed.  

 

METHODS 

Data Sample 

For each city in the sample, this study collected longitudinal data about the complete 

population of Airbnb listings (and their hosts) from October 2014 to February 2020, by merging 

two data sources: InsideAirbnb and AirDNA. InsideAirbnb provides monthly screenshots of 

Airbnb listings in each city, including structural and textual data about the listing (e.g., 

geolocation, no. of bedrooms, type of property, name and description of the listing, transit 

information to main touristic attractions). AirDNA instead provides daily data (aggregated at the 

monthly level before the merge) about the performance of each listing over time (e.g., price per 

night, revenues, number of nights available, booked or blocked every month).  

Short-Term Rental Laws 

Each city in the sample approved its first regulation of the STR market within the period 

of data collection. Table 1 reports important dates for the regulatory process in each city: 

approval date, effective date, and date of first media mention.22 A review of the approved 

ordinances shows that regulations concerned features of the service provided (e.g., whether the 

entire property or only the primary residence of the host can be rented) and with the frequency of 

the service (e.g., limit to the number of properties that a complementor can offer on the platform 

 
22This table shows the first news media mention of an imminent regulation of the short-term-rental market for 
each city in the sample, using news media articles from the Factiva dataset.  
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or nights any property can be rented in one year). The ordinances also describe the compliance 

costs (the license application prices range from $25 to $200 and last between one and two years) 

and noncompliance sanctions (ranging between $300 and $500 per night rented without a 

license, up to a maximum of $60,000 a year). Table 2 provides a summary of the regulatory 

requirements across cities. 

Dependent Variables  

This study looks first at the drivers of noncompliant behavior by Airbnb hosts. Next, it 

investigates the performance implications for the platform depending on the platform’s strategies 

following the regulatory change.  

The dependent variable for the first two hypotheses of this study is the noncompliant 

behavior adopted by complementors (i.e., the hosts) in reaction to the regulatory change. Using 

the rich longitudinal data collected, this study tracks the behavior of heterogeneous 

complementors before and after the regulatory change. At the listing level, the study codes the 

reaction of the host to the regulatory change as “compliant” (the listing gets a license and it 

remains on the platform), “exit” (the listing complies with the laws by permanently exiting the 

platform), “noncompliant continuing stay” (the listing remains on the platform without re-

entering the platform nor getting a license), or “noncompliant re-entry” (the listing exits the 

platform around the time of the regulatory change and re-enters the platform shortly after, with a 

new listing ID but still without a license).  

Each listing in the sample is coded within one of these four categories (i.e., the four 

categories are mutually exclusive). First, if a listing gets a license at any point in time during the 

period of analysis, it is coded as “compliant.”23 Second, if a listing exits the platform 

 
23 This study allows the listing several months to get the license because anecdotal evidence indicates that cities’ 
licensing systems often took a long time to process STR license applications. 
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permanently (i.e., it never re-enters the platform for the entire period of analysis), it is coded as 

“exit.” Third, if a listing remains on the platform after the regulatory change without ever getting 

or applying for a license from the city, it is coded as “noncompliant continuing stay.” The major 

challenge is to code the noncompliant re-entry listings, which requires tracking noncompliant 

listings that re-entered the platform after the regulatory change (i.e., matching listings that exited 

the platform with listings that entered the platform shortly after). To accomplish this task, this 

study follows a data-driven approach and develops a matching algorithm that matches two 

listings (i.e., it codes a re-entry noncompliant behavior) only if the likelihood that the two listings 

are advertising the same property is very high.  

To be successfully matched, two listings had to be located in the same area (i.e., within 

500m (or 547 yards)), have identical structural features (i.e., same property type, identical 

number of bathrooms and bedrooms, same zip code) and highly similar textual descriptions of 

the listing (i.e., similar name of the listing, similar description of the property and summary of 

the proposed lodging experience, similar description of the space and of the transit to the main 

touristic attractions). To determine the similarity between two texts, the matching algorithm 

transforms the listings’ textual data into vectors of words and then calculates the cosine 

similarity between two vectors. Any two listings had to show a cosine similarity equal to or 

greater than 40 percent between their textual information, to be successfully matched.24 Any 

listing included in a successful match (either as exiting the platform or entering it shortly after) is 

coded as a “noncompliant re-entry.” (See Table 3 for summary statistics of the four type of 

complementors’ reactions to a regulatory change. See the Online Appendix for a detailed 

description of the three steps of the matching algorithm.)  

 
24 In its robustness tests, this study also uses data matched only if the cosine similarity between two vectors of 
texts is equal to or larger than 70 or 90 percent. 
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The first two hypotheses of this study look at the predictors of noncompliant behavior 

(i.e., noncompliant continuing stay and noncompliant re-entry). The third hypothesis investigates 

platform performance in cities where the platform collaborates on reducing the regulatory 

uncertainty. In line with the platform literature, this study measures platform performance as the 

total number of transactions taking place on the platform over time (Hagiu, 2011; Rietveld, 2018; 

Rochet and Tirole, 2006). Specifically, it uses the sum of nights booked on the Airbnb platform 

in any zip code for any given month. The higher the sum of nights booked through the platform, 

the higher the platform’s performance.   

------------------------------------ 

Insert Table 3 about here 

------------------------------------ 

Independent Variables 

In the first hypothesis of this study, I predicted that a complementor’s choice of 

noncompliance following a regulatory change (compared to the choice of permanent exit) would 

depend on a complementor’s performance: the higher the performance of any listing managed on 

the platform, the more likely the complementor would be to keep the listing on the platform, 

even if it is against the law. Therefore, performance is measured at the listing level and coded 

using the listing’s monthly revenues over time (Hui et al., 2016; Rietveld, 2018; Yeon, Kim, 

Song, & Kim, 2020), calculated as the sum of booked nights times the price at which each night 

was booked. 

With the second hypothesis, the study looks at the effect of a listing reputation to predict 

the type of noncompliance behavior it will adopt after the regulatory change. In line with 

previous studies (Fradkin et al. 2021, Hui et al. 2016), the study measures reputation as the rating 
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of any listing on the platform, calculated by averaging the rating given by all consumers that had 

previously transacted with the listing. The rating ranges from 0 to 100, with 100 being the 

highest reputation score.  

Finally, the third hypothesis of the study looks at the performance implication of the 

platform’s strategies to reduce regulatory uncertainty. To this end, the study identifies one city in 

the sample where Airbnb collaborated with the city to minimize the regulatory uncertainty for its 

hosts: New Orleans. The study compares the performance outcomes of a regulatory change in 

New Orleans against cities that had not regulated the STR market for the entire period of 

analysis. The latter are unregulated cities that are comparable to the sample of regulated cities for 

their population and tourism rates.25 The unregulated cities used as a control group are Atlanta 

(GA), Bakersfield (CA), Dallas (TX), Flagstaff (AZ), Houston (TX), Miami (FL), San Diego 

(CA), and Tampa (FL). 

Data Overview 

In cities that regulated the STR market, the rates of noncompliance with the STR law 

range from 12 percent in Chicago to 98 percent in Santa Cruz (Figure 1). These include both 

listings that decided to re-enter the platform and listings that never complied with the law but 

remained on the platform. Figure 2 shows how the number of compliant and noncompliant 

listings changed over time: the noncompliant continuing stay listings remain the predominant 

group for the entire period of analysis when the eight cities that regulated the STR market are 

considered together. Re-entry listings are nearly absent before the approval of the law, but their 

presence on the platform becomes more significant starting a few months before the approval of 

 
25 Robustness checks will be run on a matched sample to increase the comparability of the regulated and the 
unregulated cities. 
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the law (probably due to announcements of the imminent law that urged some complementors to 

act instead of waiting for the law’s approval). 

Figure 3 plots the change in the number of new listings and listings that exited the 

platform over time. The x-axis represents the distance from the approval of the STR law in each 

city. The trends vary largely by city. For example, Boston and Los Angeles experience both high 

exit rates and low entry rates of listings after the law’s approval. On the other hand, the cities of 

Chicago, New Orleans, Seattle, and Portland show a sustained rate of new listings entering the 

platform. These graphs include re-entry listings; thus, they may overestimate both entry and exit 

rates. If I look at the total number of complementors on the platform before and after the 

regulatory change (i.e., in a sample of regulated cities only), I see that the number of 

complementors keeps increasing at similar rates after the regulatory change (Figure 4). 

Nevertheless, the rate of transactions that they fulfill on the platform sharply flattens after the 

regulatory change (Figure 5). This study argues that the change in transaction rates depends on 

the platform’s reaction to the regulatory change. Figure 6 shows that in cities where the platform 

cooperates with government agencies in enforcing the law, the rate of transactions increases after 

the regulatory change. On the contrary, in cities where the platform challenges the new law in 

court—hence, maintaining a high level of regulatory uncertainty in the city—the transaction rate 

drops (Figure 7). The raw data plotted here are in line with the theoretical argument of the paper. 

The next sessions will use econometric models to test the causality of the proposed relationship 

and to address a variety of endogeneity concerns. 

------------------------------------ 

Insert Figures 1, 2, 3, 4, 5, 6, and 7 about here 

------------------------------------ 
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Statistical Models 

For testing the first and second hypotheses, the study uses a nested logistic regression 

model. Under the nested logit model, the choices available to the complementor after the 

regulatory change are organized in nests. The complementor’s decision-making process is such 

that it first selects whether to comply with the regulation by exiting the platform (H1) and then, if 

it decides to stay on the platform despite noncompliance with the law, it selects the type of 

noncompliant behavior to adopt (H2). The nested logit model is preferred over the logit model 

when it is not possible to assume independence between two separate choices (Belderbos and 

Sleuwaegen, 2005; Jeong et al., 2020). In this case, it is not possible to assume independence 

between the choice to not comply and stay on the platform, and the choice of the specific 

noncompliant behavior to adopt.   

For the third hypothesis, the study uses a difference-in-differences model. The unit of 

analysis is at the zip code and month level. The difference-in-differences model takes the 

following functional form: 

𝑌!" = a+ 𝜂 + 𝛽#𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝐺𝑟𝑜𝑢𝑝! ∗ 	𝑅𝑒𝑔. 𝐶ℎ𝑎𝑛𝑔𝑒!" + 𝛽$𝑈𝑛𝑖𝑡𝑂𝑓𝐴𝑛𝑎𝑙𝑦𝑠𝑖𝑠𝐹𝐸𝑠!

+ 𝛽%𝑀𝑜𝑛𝑡ℎ	𝐹𝐸𝑠" + 𝜀!" 

where Yit is the outcome variable of platform performance; α is the constant term, h is a 

dummy for the post-regulatory change period, b1 is the vector of treated zip codes estimating the 

main effect of the platform pursuing a collaborative strategy with the city, b2 is the vector of zip 

code fixed effects, b3 is the vector of month fixed effects, and εit is the error term. Zip codes 

fixed effects control for any unobserved and time-invariant differences between the zip codes in 

the sample, and month fixed effects control for macroeconomic time-variant factors that affect 

all zip codes equally.  
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RESULTS 

Main Results 

Complementors’ Likelihood of Not Complying 

The first two hypotheses of this study investigate the drivers of complementors’ 

noncompliant behaviors. In the Airbnb empirical setting, the choice of not complying with the 

law occurs at the listings level. Thus, to test the first two hypotheses of this study, I looked at any 

listing likelihood of not being compliant with the law. Table 4 reports descriptive statistics and 

correlations, at the listing level, between all variables in the models testing the first two 

hypotheses of this study. All control variables behave as expected. However, revenue correlates 

negatively with the choice of not complying with regulations. On the other hand, as expected, 

reputation positively correlates with the choice of re-entry.  

I tested the first two hypotheses of this study using a nested logit model. I control for a 

potential selection bias for listing who do not comply with the new law. In line with the 

Heckman selection model, I calculate the Mill’s ration and use it as a control variable in the 

nested logit models. Model 1a of Table 5 predicts the likelihood of remaining on the platform 

after the regulatory change, despite being noncompliant. Any type of noncompliance (i.e., 

noncompliant continuing stay and noncompliant re-entry) is considered jointly here. The results 

support the first hypothesis of this study: the higher the revenues, the more likely any listing will 

stay on the platform instead of exiting it permanently (b = 0.0004, p < 0.010). A one-standard-

deviation increase in revenues increases by 145 percent the odds of choosing to stay on the 

platform after the regulatory change instead of permanently exit the market. 
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The second hypothesis of this study also finds support. Model 1b (Table 5) finds that a 

one-standard-deviation increase in the listing’s reputation decreases by 80 percent the odds of 

choosing to adopt a noncompliant re-entry behavior, instead of not complying by adopting a 

continuing stay behavior (b = -0.2161, p < 0.010). Overall, these results provide support to both 

Hypotheses one and two of this study. 

------------------------------------ 

Insert Tables 4 and 5 about here 

------------------------------------ 

Platform Performance After the Regulatory Change 

I tested the third hypothesis of this study using a difference-in-differences model. The 

treatment group is composed of zip codes in a low regulatory uncertainty environment (i.e., all 

zip codes in New Orleans. The control group is composed of zip codes in cities that have not 

regulated the short-term rental market for the entire period of analysis (i.e., Atlanta, Bakersfield, 

Dallas, Flagstaff, Houston, Miami, San Diego, and Tampa). Model 1 in Table 6 reports the 

results of an OLS regression. Models 2 to 8 progressively add fixed effects (Models 2-5), linear 

time trends (models 5-8) and restrict the sample to a matched sample created using coarsened 

exact matching (Models 7 and 8). The results are consistent across models. The results from 

Model 7 in Table 6 show that the count of nights booked through the Airbnb in the only city 

where Airbnb strategy aligns with the new STR law (i.e., New Orleans), increases by almost 700 

nights per zip code in the city after the regulatory change (b = 697.5, p < 0.010). Figure 8 

provides support to the necessary parallel trend conditions: the city of New Orleans does not 

appear to differ significantly from the unregulated cities in the control group before the 

regulatory change. 



   

 32 

------------------------------------ 

Insert Figure 8 and Table 6 about here 

------------------------------------ 

Mechanism Check  

This study argues that despite remaining on the platform, noncompliant listings 

contribute to the platform performance less than they did before the regulatory change. I test this 

proposed mechanism in two steps. First, I looked at the effect of a regulatory change on 

noncompliant providers’ engagement with the platform. Second, I looked at the effect of the 

presence of noncompliant listings on the platform performance (See Figures A1 and A2 in the 

appendix for a preview of the results and a visual inspection of the parallel trends assumption). 

Table 7, Model 1 reports the results of a difference-in-differences model (using the Callaway and 

Sant'Anna (2021) method to account for regulatory changes happening at different times across 

cities) with noncompliant listings (i.e., noncompliant continuing stay and noncompliant re-entry) 

as the treatment group and licensed listings as the control group. The dependent variable of 

interest is the number of nights per month any listing is made available for booking on the 

Airbnb platform. The more nights any host made its listings available for booking, the higher 

was the engagement of the host with the platform (i.e., the higher the host willingness to 

complete transactions within the Airbnb platform market). Table 7, Model 1 shows that after the 

regulatory change (law approval), noncompliant listings significantly decreased their 

participation in the platform market (b = -1.215, p < 0.010) compared with licensed listings. The 

decrease in engagement with the platform is even more pronounced for noncompliant re-entry 

listings. Table 7, Model 2 compares listings that adopted a noncompliant re-entry behavior 

(treatment group) with noncompliant continuing stay listings (control group). The model finds 
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that noncompliant re-entry listings participate on the platform less than noncompliant continuing 

stay listings after the regulatory change (b = -2.493, p < 0.010). The decrease in participation in 

the market translated into a decrease in the transactions fulfilled on the platform after the 

regulatory change. Models 3 and 4 (Table 7) show that after the regulatory change, noncompliant 

listings fulfill significantly fewer transactions than licensed listings (b = -0.956, p < 0.000), and 

noncompliant re-entry listings fulfill significantly fewer transactions than noncompliant 

continuing stay listings (b = -2.453, p < 0.010). 

To further corroborate the negative impact of noncompliant listings on the platform 

performance, Table 8 investigates the effect of different types of listings (i.e., noncompliant 

continuing stay in Model 1; noncompliant re-entry in Model 2, and licensed listings in Model 3) 

on platform performance. Models 1 and 2 show that the two types of noncompliant listings 

significantly decrease their (otherwise positive) contribution to the platform performance after 

the regulatory change. Specifically, after the regulatory change, noncompliant re-entry listings 

reduce the number of booked nights in a zip code by 24 nights on average (b = -23.77, p < 

0.010). Similarly, noncompliant continuing stay listings reduce the number of booked nights in a 

zip code by 2 nights on average (b = -2.4, p < 0.010). When looking at the average 

complementors’ engagement with the platform in a low regulatory uncertainty environment, we 

find that the average engagement of complementors with the platform significantly increases 

after the regulatory change. The difference-in-difference model in Table 9 shows an increase in 

the average engagement level for complementors in a low regulatory uncertainty environment 

(Model 5: b = 870.6, p < 0.05) compared to the engagement of complementors in unregulated 

cities. Overall, these results provide support to the theoretical argument of the study. 
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The previous results show evidence that noncompliant listings decrease their participation 

in the platform market after the regulatory change, thus decreasing platform performance. The 

third hypothesis of this study proposes that the platform can offset the loss in performance 

attributable to noncompliant listings by signaling support for the new STR law, hence reducing 

the regulatory uncertainty for the listings that remain active in the newly regulated market. The 

results reported in Table 6 provide support for hypotheses three: In the city where Airbnb 

collaborates with the new STR law, the performance of the platform increases after the 

regulatory change. I further corroborate these findings by looking at cities where the platform 

adopted the opposite strategy, challenging the new STR law and further increasing the regulatory 

uncertainty for its complementors. Table 10, Model 2 compares the count of booked nights for 

zip codes in the cities of Boston, Chicago, and Portland (treatment group) and the count of 

booked nights for zip codes in unregulated cities (control group). The cities of Boston, Chicago, 

and Portland have been identified as the ones with the highest levels of regulatory uncertainty 

because, in each of these three cities, the STR law was challenged in court by either Airbnb or 

one of its competitors (i.e., VRBO). The legal disputes took many months to resolve, leaving 

complementors uncertain about the future of the STR market in their city. The results of Model 2 

show that in these three cities, the number of transactions fulfilled within the platform decreases 

after a regulatory change (b = -515.27, p < 0.010). The cities where there has been a lawsuit 

between an STR platform, and the city (i.e., Boston, Chicago, and Portland) do not appear to 

differ significantly from the unregulated cities in the control group before the regulatory change, 

but the platform performance in those same cities worsen significantly after the regulatory 

change. Moreover, the monthly decrease in the count of booked nights in these three cities is 
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more pronounced than the average decrease in the count of booked nights for the full sample of 

regulated cities (Table 10, Model 1: b = -190.34, p < 0.010).  

Overall, these results further support the theoretical argument behind the third hypothesis 

of this study.  

------------------------------------ 

Insert Tables 7, 8, 9, and 10 about here 

------------------------------------ 

Robustness checks 

I want to address potential concerns regarding alternative explanations for the observed 

change in platform performance after the new law. To exclude the possibility that the control 

group (i.e., zip codes in unregulated cities) of the difference-in-difference model in hypothesis 

three is different from the treatment group (i.e., zip codes in New Orleans, a regulated city), I test 

the hypothesis with a different control group: i.e., zip codes in regulated cities other than New 

Orleans (i.e., Boston, Chicago, Los Angeles, Portland, Santa Cruz, Seattle, and Washington 

D.C.) (Table A6 Model 1, in the appendix). The results confirm a significant increase in platform 

performance in the low regulatory uncertainty environment compared to other regulated cities. 

Next, I want to exclude the possibility that the severity of the law is driving the platforms 

reactions. A review of the filed lawsuits indicates that a platform decision to fight the law in 

court depends on the enforcement responsibility imposed on the platform by the law rather than 

on the anticipated effects on platform performance.26 To empirically address this concern, I test 

the third hypothesis using as the control group regulated cities without any legal challenge to the 

 
26 See for example Airbnb In. v. City of Boston (https://casetext.com/case/airbnb-inc-v-city-of-
bos?p=1&q=Airbnb%20&sort=relevance&tab=keyword&type=case&ssr=false&scrollTo=true ; last retrieved on 
November 5, 2022) 
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new law (i.e., Los Angeles, Santa Cruz, Seattle, and Washington D.C.). The results remain 

supported (Table A6 Model 2, in the appendix).  Finally, I address concerns about the platform 

performance being driven by either a change in consumer demand (Table A5, in the appendix) or 

a change in the supply side of the platform (Table A7, in the appendix). The results of this 

analysis confirm support to the proposed theoretical mechanism of the study. 

I run additional tests to address potential concerns regarding the results’ sensitivity to the 

operationalization of the study’s main explanatory variables. First, I run the nested logit model 

using different operationalizations for the complementor’s performance (i.e., number of booked 

nights each month, occupancy rate) and reputation (i.e., top-rated listing, quality badge awarded 

to the host) (Table A1, in the appendix). The results remain consistent with the main findings of 

the study. Second, I test the third hypothesis using a different operationalization of the dependent 

variable (i.e., square-root of count of nights booked on the platform) (Table A4 Model 1, in the 

appendix) (Gonçalves and Ghosh, 2022) and different time windows for the difference-in-

differences model (i.e., six months, 24 months) (Table A4 Models 4 and 5, in the appendix). The 

results remain consistent.   

Finally, the main results of this study use the date of law approval to code the time of the 

regulatory change. Other important dates in any legislative process are the date of law 

introduction, when policymakers begin to discuss the possibility of regulating the short-term 

rental market, and the effective date, when the law comes into effect, and it starts being enforced. 

I test the third hypothesis again with difference-in-differences models using as the date of the 

regulatory change either the date of the law introduction (Table A4 Model 2, in the appendix) or 

the date of law effectiveness (Table A4 Model 3, in the appendix). Both models confirm an 
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increase in transaction rates after the regulatory change in the city with low regulatory 

uncertainty compared to unregulated cities. 

------------------------------------ 

Insert Tables A1 and A2 about here 

------------------------------------ 

Discussion and Conclusion 

In this paper, I study how regulatory changes tamper with sharing economy performance 

by changing complementors’ engagement with the platform. In so doing, I document 

heterogeneous reactions of complementors to the same regulatory change, contributing to a 

growing literature investigating users’ heterogeneity in platform markets (e.g., Koo and Eesley 

2020, Rietveld et al. 2021, Rietveld and Eggers 2018). In line with my expectations, I find that 

complementors who decide not to comply with the law can remain on the platform, but they 

disengage from it. This leads to a general decrease in transactions on the platform attributable to 

these complementors. Complementors’ reputation on the platform ahead of the regulatory change 

exacerbates these effects. Complementors who decided to not comply but have below-average 

consumer ratings on the platform take the regulatory change as an opportunity to re-enter the 

platform with a new profile. After the regulatory change, complementors who successfully 

comply with the law complete the most transactions within the platform environment. Thus, I 

argue that complementors’ change in behavior explains the change in platform performance after 

the regulatory change. Indeed, the platform has shown an increase in its performance after the 

regulation of its previously unregulated market if it helps the government to enforce the law. 

Instead, platform performance is at its lowest if it challenges the new law in court. I interpret 

these results to suggest that the platform can profit from a regulation of the unregulated market 



   

 38 

when it collaborates with the government to reduce the regulatory uncertainty for 

complementors. A reduction in regulatory uncertainty can motivate complementors who comply 

with the law to further invest in the platform. On the contrary, when the platform works to 

increase or maintain high levels of regulatory uncertainty (e.g., by challenging the new law in 

court), it fails to take advantage of compliant complementors’ willingness to invest and keeps 

relying heavily on noncompliant complementors who remain on the platform but disengage from 

it, reducing their contribution to platform performance. These results results generalize to digital 

platforms where complementors are the target of regulations (e.g., Uber, Lyft, Etsy, Turo, 

HeyJane, eBay).  

This study contributes to the recent interdisciplinary literature that investigates how to 

regulate digital platforms (Van Alstyne et al., 2021; Baron, 2018; Bonina et al., 2021; Cennamo 

et al., 2022; Ozalp et al., 2022; Panova, 2021; Thatchenkery and Katila, n.d.), and the sharing 

economy more specifically (Chu et al., 2021; Cui and Davis, 2022; Gerwe et al., 2020; Li et al., 

2022; Uzunca and Borlenghi, 2019; Yu et al., 2020). While much of this literature appears in law 

and policy journals (e.g., Gottlieb 2013, Kaplan and Nadler 2015, Koutsimpogiorgos et al. 2020, 

Miller 2016, Palombo 2015, Ranchordás 2015, Tiwana 2015, Zanatta and Kira 2018), this study 

shows that the platform literature and, more broadly, the strategy literature can bring important 

insights and significantly contribute to our understanding of how regulations may impact the 

sharing economy, specifically its viability and its value added for society (Van Alstyne et al., 

2021; Baron, 2018; Bonina et al., 2021; Cennamo et al., 2022; Ozalp et al., 2022; Panova, 2021; 

Thatchenkery and Katila, n.d.). This study shows that without accounting for the re-entry 

behavior of a subset of noncompliant complementors, studies investigating the effect of 

regulations on the sharing economy may overestimate both exit and entry rates due to the change 
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in regulations (e.g., Gerwe et al., 2020; Koster, van Ommeren, and Volkhausen, 2021; Uzunca 

and Borlenghi, 2019). Contributing to the platform’s self-regulation literature (Berkowitz and 

Souchaud, 2019; Cusumano et al., 2021a, 2021b; Sundararajan and Cohen, 2015), this study 

identifies some of the conditions under which the platform can increase its own performance 

while promoting complementors compliance with laws that constrain the supply side of the 

platform itself. Namely, when complementors noncompliance is associated with disengagement 

from the platform (despite remaining active complementors on the platform), the platform can 

better sustain its growth by switching its focus to only compliant complementors (e.g., by 

promoting compliance, by modifying the search algorithm to show compliant complementors 

first). This study shows that under these conditions, the platform performance increases despite a 

regulatory change that tampers with its supply of complementors. 

This study contributes to the platform-ecosystem and multisided-markets literature in several 

ways. First, I extend recent literature that identifies heterogeneity of platform users as an 

important driver of platform performance (e.g., Koo and Eesley 2020, Rietveld et al. 2021, 

Rietveld and Eggers 2018). I demonstrate that different strategic reactions to the same regulatory 

change exist, and I identify some of their main drivers. I find that the highest performing 

complementors on the platform (i.e., those with the highest revenues) are less likely to 

permanently exit the platform, even if that means they will not comply with the law. Second, I 

extend the literature that investigates the strategic use by complementors of reputation and the 

ease of re-entry on digital platforms, to boost complementors’ performance (Dellarocas, 2005; 

Dini and Spagnolo, 2009; Resnick et al., 2006; Saeedi, 2019). I find that a subset of these 

noncompliant complementors will adopt a re-entry behavior presumably to reduce their visibility 

to the enforcement agency, reducing the likelihood of incurring a fine for their noncompliance 
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with the law. The complementor’s rating on the platform predicts its likelihood of re-entering the 

platform; top-rated complementors are less likely to avoid law enforcement by re-entering the 

platform and more likely to stay on the platform without ever exiting it. In this sense, I find that 

complementors who do not comply with the law are not just numerous, they are also high-quality 

and high-performing complementors on the platform. Third, contrary to the established finding 

in the platform literature that the more high-quality complementors there are on a platform, the 

higher the platform performance is (Cennamo and Santalo, 2013; Rietveld and Schilling, 2020; 

Rochet and Tirole, 2006), I find evidence that in a context of high regulatory uncertainty, 

platform strategies that discourage noncompliance with the law—at the risk of further alienating 

noncompliant complementors—lead to higher platform performance. Importantly for both 

platform scholars and practitioners, this study documents an inverse correlation between 

platform performance and regulatory uncertainty in the market. Platform performance increases 

when the platform works to reduce the regulatory uncertainty in the market, but it decreases if 

the platform works to increase or maintain high levels of regulatory uncertainty (e.g., by 

challenging the new law in court).  

I believe this study also has implications for the literature on non-market strategies as it 

considers the non-market interactions in which the platform engages with government agencies 

in its pursuit of economic rents. Specifically, it looks at the interdependence between the private 

and public sectors (Cabral et al., 2019; Kivleniece and Quelin, 2012; Luo and Kaul, 2019), by 

investigating the effect of regulatory actions taken in reaction to the sharing economy (an 

example of collective action with an additive intent) (Dorobantu, Kaul, & Zelner, 2017). I 

document the complex dynamics of actors in the sharing economy ecosystem. This study’s 

results show that the benefits associated with a reduction in regulatory uncertainty (especially for 
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the platform’s complementors) exceed the costs associated with the exclusion of a number of 

complementors from the ecosystem. I interpret these results to suggest that in the presence of 

platforms or ecosystems where actors with heterogeneous interests coexist (e.g., the 

complementors, the platform, the consumers, the citizens), the performance implications for the 

entire ecosystem are the results of a complex balance between the gains and losses of all the 

actors in the ecosystem. The practitioner recommendations that I derive from looking at the 

platform as interdependent on the public sector differ from the recommendations that I would 

derive from looking at the platform in isolation. Further research may investigate how this 

organizational form manages the toolkit of non-market strategies to the advantage of the entire 

ecosystem, instead of one of its components.   

 

There are several limitations to this study. First, I focus on one platform and I exploit 

differences in the platform performance across geographical areas (arguably good proxies for 

different markets), but I do not investigate the platform performance in relation to other 

competitors in the market (e.g., VRBO, hotels). While this empirical choice has the advantage of 

controlling for platforms’ heterogeneity, future research may look at platform performance 

compared to competitors. Specifically, a promising direction seems to be the investigation of 

markets in which two or more platforms work in opposite directions to either increase or 

decrease regulatory uncertainty. In those scenarios, the conditions under which the platform 

attempting to reduce regulatory uncertainty would be able to reap the benefits of such a strategy 

remain unclear. Second, this study goes to great lengths to code different types of behaviors 

noncompliant with the law. Nevertheless, data limitations make it impossible to identify all, and 

only, the listings strategically re-entering the platform in reaction to the regulatory change. While 
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this study is among the few to have access to fine data about different types of noncompliant 

behaviors, I invite further research to identify yet more nuanced and cleaner ways to code this 

behavior, as well as to identify other types of noncompliant behaviors for which the paper does 

not account.  

To conclude, one critical issue for any platform is to determine how complementors will 

react to platform environmental changes and predict how that will, in turn, affect the platform. 

This paper adds complexity to the problem by showing that especially in the sharing economy, 

platforms that operate in a regulatory environment that is constantly changing also must 

determine how complementors will interpret and respond to regulatory changes outside the 

platform environment. Future researchers may want to investigate how regulatory uncertainty 

affects heterogeneous complementors, and how platforms can implement governance tools to 

counterbalance the uncertainty of the external regulatory environment. 
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FIGURES AND TABLES 
 

 
 
 

  

  

  

  
Figure 1 - Reactions to regulatory change across cities 

Percent of listings per type of reaction to the regulatory change in each city. The graphs include he listings on the 
platform at any time on the two years preceding the approval of the STR law. 
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Figure 2 - Count of listings by reaction choice after regulatory change. 

Count of listings per month across the eight cities in the sample that underwent a regulatory change of the short-term 
rental market. The three lines represent the count of Licensed listings, Noncompliant continuing stay listings and 
Re-entry listings per month. The x-axis represents the distance (in months) from the approval of the STR in each 
city. 
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Figure 3 - Count of new listings entry and listings exit by city. 

Count of new listings entry and listings exit over time. The count of listings is done by city per each month before 
and after the STR law approval.  
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Figure 4 - Number of listings in regulated cities before and after the law approval.  

Time distance is measured in quarters. 
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Figure 5 - Number of transactions completed in regulated cities before and after the approval of the law.  

Time distance is measured in quarters. 
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Figure 6 - Number of transactions completed in New Orleans before and after the approval of the law.  

Time distance is measured in quarters. In New Orleans, Airbnb collaborates with the city to enforce the new short-
term rental law. In so doing, it contributes to the reduction in the regulatory uncertainty after the approval of the law. 
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Figure 7 - Number of transactions completed in Boston before and after the approval of the law. 

Time distance is measured in quarters. In Boston, Airbnb challenges the city’s new short-term rental law in court. In 
so doing, it further increases the regulatory uncertainty in the city after the approval of the law. 
 
 
  



   

 56 

 
 

Figure 8 - Difference-in-Difference model (New Orleans; zip code level). 

Event-time estimates for difference-in-differences model between the city of New Orleans, where the platform 
collaborates with the city in enforcing the law (treatment group) and unregulated cities (control group). The 
dependent variable is the number nights booked through Airbnb. The unit of observation is zip code-month level.  
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Table 1 - Laws’ dates. Date of first news media mention, approval date and effective date of the short-term rental 
market regulations by city. While some cities have amended their short-term rental law years after the first market 
regulation (i.e., Chicago in 2020; New Orleans in 2019) this study only investigates the law setting the passage from 
an unregulated to a regulated market. 
 

City Ordinance number First media reference Approval date Effective date 
Boston n/a 2017-10 2018-06 2019-01 
Chicago 4-6-0300 2016-05 2017-02 2017-02 
Los Angeles 185931 2018-04 2018-12 2019-07 
New Orleans 27204 2016-07 2016-12 2017-04 
Portland 33.207 2016-08 2017-04 2018-01 
Santa Cruz 2017-18 2017-07 2017-10 2018-05 
Seattle 125490 2017-10 2017-12 2018-01 
Washington DC 22-563 2017-02 2018-11 2019-10 
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Table 2 - Table 2. Law’s requirements for the complementor. Complementors requirements to get the short-term rental license as specified in each city 
ordinance. 
 

City 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12. 13. 14. 15. 
Boston yes yes yes no no 200 1 365 no no 300 n.s. yes 200 1 
Chicago yes no yes no yes n.s. 1 365 yes yes 1500 5000 yes n.s. 6 
Los Angeles yes no yes yes no 89 1 120 no no 500 n.s. yes 89 4 
New Orleans yes no no no yes 200 1 365 yes no n.s. n.s. yes 200 8 
Portland no yes yes no no n.s. 2 365 no no n.s. n.s. no n.s. 4 
Santa Cruz yes no no no no n.s. 1 365 no no 2500 n.s. yes n.s. 2 
Seattle yes no no yes no 75 1 365 yes no 500 500 no n.s. 4 
Washington DC yes yes yes no no n.s. 2 90 yes no 500 500 yes n.s. 3 
Note: n.s. “not specified” 

 
Column legend: 

1. Can rent entire place 
2. Host must be present during guest stay 
3. Host primary residence 
4. Tenant can obtain license 
5. Firm can obtain license 
6. Application fee entire place (USD) 
7. Duration license (year) 
8. Max no. of nights per year 
9. Property insurance needed 
10. City inspection needed 
11. Sanction (min) (USD) 
12. Sanction (max) (USD) 
13. Must publish license no. on platform 
14. License application fee 
15. No. of docs to file for license application 
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Table 3 – Cross-sectional sample overview. Frequencies of the four competitive strategies compared in this paper: exit, compliant, noncompliant re-entry, 
noncompliant continuing stay. 
 

Competitive strategy Definition Frequency Percent 
Exit The listing is outlawed by the change in regulation, and  

it remains compliant by exiting the platform. 
16,803 16.75 

Compliant The listing gets a license, as required by the new law, and  
remains on the platform. 

26,838 26.76 

Noncompliant re-entry The listing is removed from the platform around the time of  
the regulatory change and reintroduced on the platform shortly  
after with a new profile associated with it, yet without getting a license. 

3,844 3.83 

Noncompliant continuing stay The listing remains on the platform without any significant  
change to its profile and without getting a license. 

52,802 52.65 
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Table 4 - Descriptive statistics and correlation matrix of cross-sectional data (listing level). 
 

 Mean S.D. Min/Max 1. 2. 3. 4. 5. 6. 7. 8. 9. 
1. Revenue 1003.72 2234.72 0/69171 1         

2. Price 170.24 200.37 1/8753.92 0.259*** 1        

3. Cleaning fee 64.41 50.43 0/2720 0.288*** 0.452*** 1       

4. Instant 
booking 0.28 0.45 0/1 0.177*** -0.0141*** -0.0120** 1      

5. Reviews per 
month 1.97 2,18 0.01/268.98 0.137*** -0.0813*** -0.132*** 0.182*** 1     

6. Host response 
rate 93.38 14.08 0/100 0.120*** -0.0576*** -0.0277*** 0.115*** 0.128*** 1    

7. Rating 94.41 7.00 20/100 0.0657*** 0.0269*** 0.0117** -0.0412*** 0.0566*** 0.0753*** 1   

8. 
Noncompliant 
re-entry 

0.039 0.19 0/1 -0.0489*** -0.0313*** -0.0149*** 0.0355*** 0.0116** 0.00998** -0.0639*** 1  

9. 
Noncompliant 
continuing stay 

0.53 0.50 0/1 -0.121*** -0.0168*** 0.00528 -0.0915*** -0.0775*** -0.0701*** -0.0448*** 0.190*** 1 

Standard errors in parentheses. *** p<0.001, ** p<0.01, * p<0.05 
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Table 5 - Nested Logistic regressions with binary outcome for noncompliant behaviors. The dependent variable are: the complementor’s choice to adopt any 
behavior noncompliant with the law (i.e., continuing stay or re-entry) instead of exit the platform permanently (Model 1a); the complementor’s choice to adopt a 
noncompliant re-entry behavior (Model 1b) instead of a noncompliant continuing stay behavior. The independent variables to predict the adoption of any 
noncompliant behavior is Revenues (Model 1a). The independent variable to predict the adoption of a re-entry behavior is Reputation (Model 1b).  
 

 Model 1a Model 1b 
 DV: 

Non-compliant 
DV: 

Re-entry 
Revenue 0.0004***  
 (0.0000)  
Reputation  -0.2309*** 
  (0.0477) 
Price -0.0002***  
 (0.0000)  

Cleaning fee -0.0004*  
 (0.0002)  

Instantly bookable -0.0555**  
 (0.0257)  

Reviews per month -0.1083***  
 (0.0068)  

Host response rate 0.0013*  
 (0.0007)  

Lambda (Mill’s ratio) -5.0708  
 (1.4202)  
N 291,144 
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 
  



   

 62 

Table 6 - Difference-in-differences models at the platform level for count of booked nights. The dependent variable for all models is count of booked nights 
by month and zip code. The control group for all models is composed of zip codes in cities that did not experience a regulatory change of the short-term rental 
market for the entire period of analysis. The treatment group of all models is composed of zip codes in a low regulatory uncertainty environment (i.e., zip codes 
in New Orleans). Model 1 is an OLS regression, Models 2 and 3 control for city and year fix effects respectively, Models 4 and 5 include city and year fixed 
effects with Model 5 adding a linear time trend (monthly); Model 6 includes zip code fixed effects and the linear time trend. Models 7 and 8 used a matched 
sample (Coarsened Exact Matching) where zip codes in the treatment and control group are matched based on the number of active listings, average nightly price 
and average number of days made available for booking as reported before the regulatory change. Time window is one year before and after the regulatory 
change.         
  

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 
 Treatment: Low regulatory uncertainty zip codes; Control: Zip codes in unregulated cities 
 Dependent variable: Count of booked nights 
Post regulatory change * Treated city 599.9*** 592.7*** 599.8*** 592.6*** 592.6*** 605.2** 697.5*** 617.9**  

(125.2) (123.1) (125.0) (122.8) (122.2) (253.9) (113.8) (258.7) 
Treated city 1,735*** 

 
1,735*** 

     
 

(169.2) 
 

(169.4) 
     

Post regulatory change (approval) 371.2** 378.4** 
   

-18.32 
 

-30.51  
(125.2) (123.1) 

   
(18.98) 

 
(20.80) 

Monthly time trend 
    

31.56** 34.59*** 31.72* 35.26***      
(12.29) (4.99) (14.50) (5.20) 

City FE No Yes No Yes Yes No Yes No 
Year FE No No Yes Yes Yes No Yes No 
Zip code FE No No No No No Yes No Yes 
Month FE No No No No No No No No 
Coarsened Exact Matching (CEM) No No No No No No Yes Yes 
Constant 529.9** 626.9*** 712.3** 812.8*** -20,750** -22,809*** -20,854* -23,257***  

(169.2) (57.02) (230.2) (3.436) (8,396) (3,405) (9,906) (3,546) 
Observations 8,151 8,151 8,151 8,151 8,151 8,151 7,860 7,860 
R-squared 0.069 0.156 0.069 0.156 0.159 0.835 0.161 0.835 
Clustered standard errors in parentheses (cluster at city level). *** p<0.01, ** p<0.05, * p<0.1 
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Table 7 - Mechanism check: Difference-in-differences models at the complementor’s product level. Dependent variables are Count of booked nights 
(Models 1 and 2) and Nights made available for booking (Models 3 and 4) per listing per month. Treatment groups are noncompliant re-entry listings (Models 1 
and 3), and all non-compliant listings (Models 2 and 4). Control groups are noncompliant continuing stay listings (Models 1 and 3), and Licensed listings 
(Models 2 and 4). All difference-in-differences models use the Callaway & Sant’Anna method (2021) to account for the staggered regulatory changes. 
 

 Model 1 Model 2 Model 3 Model 4 
 Treatment: Re-entry listings Treatment: All 

noncompliant listings Treatment: Re-entry listings Treatment: All 
noncompliant listings 

 Control: Continuing stay 
listings Control: Licensed listings Control: Continuing stay 

listings Control: Licensed listings 
 DV: Days available for booking DV: Count of booked nights 
Average treatment effect -2.493*** -1.215*** -2.453*** -0.956*** 
 (0.226) (0.065) (0.176) (0.050) 
New Orleans (treated) -1.840** -3.333*** -1.611*** -3.808*** 
 (0.768) (0.198) (0.579) (0.144) 
Chicago (treated) -0.584 -0.786*** -1.132 -4.289*** 
 (1.011) (0.256) (0.814) (0.151) 
Portland (treated) -0.637 -1.474*** -1.499 -1.284*** 
 (1.337) (0.248) (1.224) (0.187) 
Santa Cruz (treated) 7.277 -0.471 -1.507 0.551* 
 (4.762) (0.353) (3.747) (0.287) 
Seattle (treated) -2.800*** -1.334*** -1.457** -0.378*** 
 (0.767) (0.181) (0.645) (0.127) 
Boston (treated) -5.480*** -2.955*** -1.851*** -1.401*** 
 (0.613) (0.195) (0.521) (0.165) 
Washington DC 
(treated) -1.325** 0.591*** -0.945* 1.344*** 

 (0.667) (0.121) (0.534) (0.100) 
Los Angeles (treated) -2.451*** -1.759*** -3.252*** -1.887*** 
 (0.303) (0.093) (0.225) (0.070) 
N 2,531,836 3,750,468 2,531,836 3,750,468 
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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 Table 8 - Mechanism check: OLS models at the platform level for count of booked nights. The dependent variable is count of booked nights by month and 
zip code for all models. The models measure the effect of re-entry listings (Model 1), noncompliant listings continuing stay (Model 2), and licensed listings 
(Model 3) on the performance of the platform. The sample includes all cities that experienced a regulatory change during the period of analysis.        
 

  Model 1 Model 2 Model 3 
 DV: Number of booked nights by listing by month 
Post regulatory change (approval) -384.9*** -157.9*** -462.9*** 
 (86.71) (39.19) (71.16) 
Count of active listings 7.300*** 8.478*** 7.785*** 
 (0.349) (0.417) (0.225) 
Count of re-entry listings 25.43***   
 (7.129)   

Post regulatory change * Count of re-entry listings -23.77***   
 (5.138)   

Count of non-compliant not re-entry listings  0.340  
  (0.769)  

Post regulatory change * Count of non-compliant not re-entry listings  -2.420***  
  (0.352)  

Count of licensed listings   0.438 
   (0.780) 
Post regulatory change * Count of licensed listings   -0.520 
   (0.586) 
Constant -137.5* -207.9*** 28.05 
 (79.28) (53.98) (72.44) 
Observations 11,609 17,680 14,966 
R-squared 0.550 0.576 0.526 
Zip code & Month FE Yes Yes Yes 
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 9 – Mechanism check: Difference-in-differences models at the platform level for average engagement of 
the provider with the platform. The dependent variable is Average nights made available for bookings by listings 
in a zip code per any given month. The control group for all models is composed of cities that did not experience a 
regulation change of the short-term rental market for the entire period of analysis. The treatment group for all 
models is composed by zip codes in a low regulatory uncertainty environment (i.e., New Orleans). Time window is 
one year before and after the regulatory change.         
 

 Model 1 Model 2 Model 3 Model 4 Model 5 
 Treatment: Low regulatory uncertainty zip codes; Control: Zip codes in 

unregulated cities 
 Dependent variable: No. of nights made available for booking 
Post regulatory change * 
Treated city 888.9** 870.9** 888.7** 870.6** 870.6**  

(276.5) (281.8) (276.5) (281.8) (281.5) 
Treated city 4,853***  4,854*** 

  
 

(596.9)  (597.7) 
  

Post regulatory change 
(approval) 1,747*** 1,765*** 

   

 
(276.5) (281.8) 

   

Monthly time trend 
    

125.7***      
(32.45) 

City FE No Yes No Yes Yes 
Year FE No No Yes Yes Yes 
Zip code FE No No No No No 
Month FE No No No No No 
Coarsened Exact Matching No No No No No 
Constant 2,090*** 2,362*** 2,948*** 3,229*** -82,669***  

(596.9) (130.6) (684.3) (7.883) (22,163) 
Observations 8,151 8,151 8,151 8,151 8,151 
R-squared 0.058 0.136 0.059 0.136 0.141 
Clustered standard errors in parentheses (cluster at city level). *** p<0.01, ** p<0.05, * p<0.1 
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Table 10 - Mechanism check: Difference-in-differences models at the platform level for count of booked 
nights in all regulated cities or cities with a lawsuit. The dependent variable is count of booked nights by month 
and zip code for all models. The control group for all models is composed of unregulated cities (i.e., without STR 
law for the entire period of analysis). The treatment group is composed by all seven cities that underwent a 
regulatory change (Model 1), and the only three cities where a short-term rental platform (either Airbnb or its main 
competitor HomeAway) sued the city in court for its short-term rental law (i.e., Boston, Chicago, and Portland) 
(Model 2). All difference-in-differences models use the Callaway & Sant’Anna method (2021) to correctly model 
the regulatory changes happening at different times across treated cities.     
 

  Model 1 Model 2 
  Control group: unregulated cities 

  Treatment group: all 
regulated cities 

Treatment group: 
Boston, Chicago, and 

Portland 
  DV: Count of booked nights 
Date Average treatment effect -190.34* -515.27*** 
  (103.00) (102.34) 
2016 December Boston -1417.72***  
  (220.46)  

2017 February Portland -338.40**  
  (140.42)  

2017 April Chicago -85.78  
  (148.42)  

2017 October Los Angeles n/a  
    

2017 December Santa Cruz -746.85***  
  (175.44)  

2018 June Seattle -43.47  
  (140.86)  

2018 November Washington DC n/a  
    

2018 December New Orleans 171.57  
  (362.24)  

2017 January 
Portland - VRBO sues the city 

 -295.35** 
  (118.15) 
2017 May 

Chicago - VRBO sues the city 
 -248.96** 

  (106.71) 
2018 November 

Boston - Airbnb sues the city 
 -1886.91*** 

  (362.75) 
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 


