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Abstract

We study how the COVID-19 pandemic changed the valuation of amenities in
the prices of short-term rental listings in Mexico, a country that had few tourism
and mobility restrictions during the pandemic. Using data on the universe of
short-term rental listings in Mexico from 2018 to 2023, we estimate hedonic price
models and analyze how their coefficients changed for amenities associated with

a lower risk of COVID-19 infection and reduced face-to-face contact. Our results
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show that the valuation of remote work amenities, such as workspaces, open-
space amenities like beachfronts, and reduced-contact amenities, such as private
spaces, increased significantly during the pandemic. Some of these valuation
changes, such as those for workspaces and elevators, persist in the post-pandemic-
restrictions period. The results are consistent with both a changing taste for
certain amenities and a change in the demographic composition of short-term

rental consumers in Mexico.

1 Introduction

Few sectors experienced such significant disruptions during the COVID-19 pandemic
as the tourism sector. The closure of non-essential businesses and the restrictions on
national and international mobility sharply reduced the demand for tourism worldwide.
UNWTO (2020) estimates that by the end of 2020, international tourism arrivals were
down 74% compared to a year earlier.

Some tourism activity remained despite the significant restrictions. However, the na-
ture of tourism underwent a dramatic change. Short-term rental providers emphasized
cleanliness, open spaces, and flexible cancellation options to attract consumers (OECD,
2020). At the same time, consumers began to demand different tourism options and
chose different tourist destinations.

We study how the valuation of amenities in short-term tourism rentals changed
during and after the COVID-19 pandemic. Our analysis uses data from the universe of
Airbnb listings in Mexico —the largest short-term rental online platform. We show that
the valuation of amenities related to remote work, open spaces, and reduced probability
of contagion increased after 2020. The changes in the valuation of gyms, private pools,
and private living rooms were transitory, while those for workspaces, waterfronts, and
elevators persisted after pandemic restrictions ended.

Mexico did not restrict national or international air travel during the pandemic,
unlike other countries.® Land crossings through the Mexico-US border were restricted
to essential activities from March 2020 to November 2021. Arguably, due to these
differences in regulations, Mexico became an attractive destination for tourists during
the pandemic. In 2020, Mexico ranked as the third most visited country in the world,

receiving 24.3 million international tourists, whereas from 2017 to 2019, it had ranked

I The only requirement for air travel was an online health questionnaire. This requirement started
in June 2020 (Gobierno de México, 2020).
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To obtain amenity valuations, we estimate hedonic price models with the average
daily rate per listing as a dependent variable. We consider a wide array of listing
features as explanatory variables. These include the listing’s amenities, location, and
owner’s characteristics. The rich dataset enables us to control for neighborhood and
municipality-time fixed effects, thereby addressing the effects of unobservable features
at the neighborhood level and time-varying heterogeneity across municipalities. The
coefficient estimates are the marginal valuations for the amenities of Airbnb in the
sample (Black, 1999; Bayer et al., 2007). Our regressions explain approximately 80% of
the variance in the price of Airbnb listings. We evaluate the robustness of our hedonic
price estimates to gauge how strong selection on unobservables would need to be to
nullify our results. To address composition effects coming from changes in supply, we
also calculate valuation estimates using a sample of properties that remained listed
throughout the entire analysis period.

Our results show that the marginal valuation of several amenities changed substan-
tially during the pandemic. The valuation of access to a gym, a pool, or a jacuzzi
increased. These positive changes are consistent with a higher demand for open spaces
and amenities that were unavailable elsewhere due to business closures. However,
the higher implicit price for private access to these amenities was only temporary,
as businesses eventually reopened. We also find evidence of valuation change related to
contagion-avoidance behavior and an increased demand for properties in smaller build-
ings. Specifically, the valuation for having a private living room on the premises rose,
while the valuation for elevators declined. The change in the valuation for elevators
persisted during 2023.

The changes in valuation we find are heterogeneous between tourist and non-tourist
destinations. In touristic beach municipalities, the value of access to a gym and a water-
front increases the most. In non-touristic places, the hedonic coefficients for workspaces
and pools had larger positive changes. These results are consistent with people shifting
their workplaces from offices to getaways, either by the beach or away from city centers.

The change in hedonic coefficients may reflect changes in consumers’ taste for ameni-
ties, changes in consumer composition, or both. We provide descriptive evidence on

an increase in flight passenger arrivals to beaches relative to non-beach destinations,

2 The ranking is based on data from UNWTO (2025) from 2017 to 2020. To build the ranking,
we considered international tourist arrivals (overnight visitors), excluding same-day visitors and cruise
excursionists.



which may indicate either an increased utility valuation for beach listings or the entry
of consumers with different taste patterns in the tourism market. We also estimate
our models on a subsample of cities that are expected to receive fewer international
tourists due to travel warnings. While the valuation of gyms and waterfronts increased
in both travel-warning and non-travel-warning cities, the hedonic coefficients for laptop-
friendly spaces and elevators changed more in places that receive international travel,
indicating that the changed valuation for these amenities in the pandemic and post-
pandemic-restrictions periods is likely due to changes in the composition of international
tourists towards those interested in remote work.

Our work contributes to the literature on the determinants of prices for touristic
rentals such as hotel rooms and Airbnb properties. For hotel rooms, Chen and Roth-
schild (2010) study prices in Taipei using a hedonic pricing model similar to the one
presented in this paper. Cai et al. (2019) study the relationship between Airbnb prices
and the location of the rental properties, along with host features such as reputation
and listing flexibility. Lorde et al. (2019) use a hedonic pricing model to study nightly
Airbnb rates in 12 Caribbean countries. Wang and Nicolau (2017) study the prices
of Airbnb listings in 33 American and European cities. For Mexico, Lépez Tamayo
and Ramirez-Alvarez (2021) analyze the Airbnb market in Mexico City, emphasizing
the differences in prices offered by professional vs. non-professional hosts. Examining
the determinants of the prices of tourist short-term rentals is crucial for enhancing our
understanding of tourism and service inflation.

We emphasize how amenity valuations changed during the pandemic and whether
the arrival of SARS-CoV-2 induced temporary or permanent alterations in consumers’
valuations of amenities in the short-term house rental market in Mexico. The Mexican
case is particularly relevant due to the relatively mild restrictions on tourism in Mexico
compared to those in other countries. Other papers have examined these changes
in tourism and amenity valuation. Benitez-Aurioles (2024) shows decreased supply,
demand, and prices for Airbnb during the pandemic across several cities. Studies about
amenities are limited to more specific cases. Hidalgo et al. (2022) shows that the
valuation of listings with kitchens in Madrid increased during the pandemic, while the
valuation of larger properties decreased. Llaneza and Raya (2021) show how prices in
Airbnb listings dropped substantially during the pandemic in Barcelona. Other studies
focus on listing features instead of amenities. Lin and Chen (2021) argue that hotels
with scenic views and belonging to international chains experienced fewer income losses
than other hotels in Taiwan. Bode et al. (2021) show that the pandemic reduced the
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prices of entire homes on the Airbnb platform and that more experienced hosts did
not reduce their prices as much as other hosts. Filieri et al. (2023) examine whether
the preferences for entire homes in Airbnb changed during the pandemic in Italy. Ding
et al. (2025) show that guest reviews emphasized hygiene and flexibility during COVID,
and that these changes in review topics seemed to persist after the pandemic.

We also contribute to the recent urban economics literature on the impact of the
pandemic on the valuation of urban amenities and the changes in residential and work
locations (Gupta et al., 2022; Rosenthal et al., 2022; Brueckner et al., 2023; Delventhal
et al., 2022). Specifically, we demonstrate increases in the valuation of work-related
amenities in Airbnb rental properties, which may be attributed to the shift of workers
from offices to working from Airbnb locations.

The rest of the paper proceeds as follows. Section 2 describes the Airbnb listings
dataset we use and provides some facts about the Airbnb market in Mexico during the
pandemic. Section 3 describes the empirical strategy. Section 4 presents our results on
amenity valuation in Airbnb listings, before, during, and after pandemic restrictions.
Section 5 provides descriptive evidence of changes in tourist composition. Last, section

6 concludes.

2 Data and Descriptive Statistics

Airbnb data. We use monthly data on Airbnb listings in Mexico collected by AirDNA.
The data contains listing-level information on the number of reservations, availability,
prices, and characteristics of each Airbnb listing. We restrict our analysis to the period
from January 2018 to December 2023.3 The data covers 26,336 neighborhoods in 1,391
municipalities in the country.

Our outcome of interest is the monthly average daily rate (ADR) for each Airbnb
listing. The ADR is the total monthly income for a listing divided by the number of
occupied nights.* We convert all prices to Mexican pesos of August 2018.

The explanatory variables are a large set of listing characteristics. We list them
in Table 1. Following Faye (2021), Cai et al. (2019), Lopez Tamayo and Ramirez-

3 We restrict the beginning of the analysis period to 2018 to omit changes in valuation that may
be due to additional municipalities entering the dataset. Between 2015 and 2018, the sample of
municipalities expanded due to Airbnb’s rapid growth nationwide.

4 We exclude listings in the bottom and top 1% of the distribution of prices in each state to remove
outliers. The ADR figures include cleaning fees, if applicable. Airbnb hosts sometimes adjust prices
through cleaning fees instead of changing the listing price per night (Dogru et al., 2021).



Alvarez (2021), and Lorde et al. (2019), we classify them in four groups: intrinsic
attributes, convenience attributes, reputation attributes, and environmental variables.
Intrinsic attributes correspond to listing features, including listing amenities. Among
these amenities, there are dummy variables for the presence of a pool, a gym, or a
workspace, as well as kitchen amenities, shared spaces, and security features. We also
include the number of bedrooms and bathrooms in the property, as well as dummy
variables for listing types (e.g., private room, entire residence).

Convenience attributes include features that make reservations easier for customers,
such as low fees for additional guests, minimal security deposit amounts, and flexible
cancellation policies. Reputation attributes are listing and host characteristics associ-
ated with higher reliability. These include listing tenure and host ratings.® The last
set of attributes we include is those related to the listing’s location, such as its distance
to the center of the municipality, whether it is on a beach destination or not, and the
degree of competition it faces, as measured by the density of Airbnb listings in the
area.’

Tourism and the Airbnb market before and during the pandemic. Tourism
is one of the main economic activities in Mexico. It accounted for 8.6% of GDP in 2023
and 7.2% of salaried employment (INEGI, 2024). The country is among the ten most-
visited countries in the world (UNWTO, 2021). Airbnb is a large player in the tourism
market: since 2018, Airbnb has accounted for more than one-fifth of available rooms in
the country, including hotel rooms (Banco de México, 2021).

Although both hotel rooms and Airbnb reservations declined substantially at the
beginning of the pandemic, recovery in the Airbnb market was faster than in the hotel
room market. Banco de México (2021) estimates that reservations in hotels and Airbnb
in April 2020 were at 28% and 4% of their pre-pandemic levels. However, by March
2021, the Airbnb market had recovered to its pre-pandemic level, while hotel room
reservations were still at half the level of February 2020.

Figure 1 shows the evolution of Airbnb listings in Mexico during our study period.

We separate our analysis into three periods: the “pre-pandemic period” from January

5We classify the listings with missing values in the Superhost, Exact location, and Instantbook
dummy variables as not having the attribute. We also considered observations with missing values on
the “Extra people fee” and “Security deposit” variables as not charging these additional fees. We made
these substitutions after consulting with AirDNA to ensure we were not misinterpreting the data.

6 The beach municipalities are Acapulco, Campeche, Canciin, Cozumel, Huatulco, Isla Mujeres,
Ixtapa Zihuatanejo, La Paz, Loreto, Los Cabos, Manzanillo, Mazatlan, Nuevo Vallarta, Playa del
Carmen, Puerto Vallarta, Rosarito, Puerto Escondido, Tampico, Tulum, and Veracruz.



Table 1: Variables and Description

Category Variable Type Description
Dependent variable ADR Continuous Average daily rate. Includes cleaning fees
Entire home, private room, shared room Dummies Listing types
Single family home, multifamily home, Dummies Property types
villa, dorm or hostel, hotel or resort
Bedrooms Continuous Number of bedrooms
Bathrooms Continuous Number of bathrooms
Gym, cable, ac, hot water, workspace, Dummies Amenities offered in the listing

pool or jacuzzi, tv, wifi, garden or backyard,
patio or balcony, pets allowed, kitchen,
free parking, elevator, waterfront, breakfast,
Intrinsic attributes coffee machine, bbq area, doorman, crib,
host checkin, room shades, bathtub, toys,
gas detector, washing machine, dryer, oven,
bed linens, cooking basics, dishwasher, stove,
bedroom door lock, hot tub, refrigerator,
dishes, fire extinguisher, family friendly,
private living room, heating, high chair,
hair dryer, hangers, iron, private entrance,
smoke detector, extra pillows, first aid kit

Maximum guests Continuous Maximum number of guests allowed
Extra people fee Continuous Extra people fee chosen by the host
Security deposit Continuous Security deposit chosen by the host
Minimum stay Continuous Minimum nights of stay
Exact location Dummy Exact coordinates of the property are
shown on the platform
Convenience attributes Instant book Dummy The Property can be booked without
needing the host’s approval
Flexible-moderate, firm-strict, Dummies Cancellation policy chosen by the host is
superstrict, luxe policy Flexible or Moderate,

Firm or Strict,
Super Strict 30 or 60 Days,
or for Luxe stays

Seniority Continuous Length (in months) since the listing was
created on the platform
Num of photos Continuous Number of photos displayed on the platform
Num of reviews Continuous Number of listing reviews
Response rate Continuous Percentage of inquiries and requests
. . a host answers in a day
Reputation attributes Superhost Dummy The host has superhost status
Professional Dummy The host has two or more listings on the
platform
Overall rating Continuous Average guest rating of the overall
experience
Beach destination Dummy The property is located in a top beach
destination
Competition Continuous Number of listings in the same neighborhood
Environmental variables allowing the same maximum number of
guests
Dist centroid Continuous Distance (in km) between the property and

the municipality’s centroid calculated using
the Harversine formula

Pre-pandemic, pandemic and post-pandemic Dummies The reporting month is before, during
Pandemic variables or after the pandemic of COVID-19
Exited, entered, stable Dummies The listing is observed only before or after

the pandemic; or else, in both periods

Source: AirDNA, author’s classification.

2018 to February 2020, the “pandemic-restrictions” period from March 2020 to April
2022, and the “post-pandemic-restrictions” period from May 2022 to December 2023.7
Our sample includes 1,680,917 listings in the pre-pandemic period, 1,762,057 during the
pandemic and 1,844,180 listings in the post-pandemic-restrictions period. The impact

"We selected this start date for the post-pandemic-restrictions period as it was when Mexican
officials stopped posting the COVID-19 Traffic Light Monitoring System, implying that sanitary and
mobility restrictions were completely lifted country-wide (El Financiero, 2022).



of the pandemic on the number of listings is visible from its outset, but the recovery in

listings was swift.

Figure 1: Evolution of Airbnb listings in Mexico
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Source: AirDNA, author’s calculation. The first vertical line (red) is in March 2020. The second vertical line (blue) is in May 2022.

Table 2 shows descriptive statistics of selected features of the listings in the pre-
pandemic, pandemic-restrictions, and post-pandemic-restrictions periods.® The pan-
demic changed listing features associated with a reduced probability of contagion. For
example, the listings where the host personally helped the guest check in decreased
from 36% to 21.4%. At the same time, the percentage of listings with private entrances
increased by ten percentage points (p.p.). Entire residence rentals gained about 6%
of the market share in the pandemic, whereas private rooms in shared properties and
shared rooms saw a decrease in market share. This increased share contrasts with the
findings for Italy of Filieri et al. (2023), who do not find an increased preference for
entire homes during the pandemic in Italy. We also see an increase in host flexibility
during the pandemic restrictions period and afterwards, reflected in a fall in the share of
listings with strict cancellation policies and a decrease in the average security deposit.

Many of the changes induced by the sanitary crisis disappeared during the post-
pandemic-restrictions period. Airbnb suspended its relaxed cancellation policies, so
during this period, the share of properties with a strict or super-strict policy increased.

In Figure 2, we look at how the relative amenities supply among listings changed
after the pandemic. We focus on a group of amenities related to remote work, prefer-

ences for open space, and reduced contagion probabilities. We do not see sharp changes

8 Appendix Table A.1 shows descriptive statistics for the full set of features.



Table 2: Descriptive statistics: selected features

Pre- Pandemic Post- Diff Diff Diff
pandemic | restrictions pandemic
restrictions
Variable 1) (2) (3) (2)-(1) (3)-(2) (3)-(1)
ADR 1592.182 1576.598 1399.059 -15.585 -177.538 | -193.123
(1.440) (1.292) (1.060 ) [ 0.000 ] [ 0.000 ] [ 0.000 ]
Bedrooms 1.839 1.847 1.803 0.009 -0.044 -0.036
(10.001) (0.001) (10.001) [0.002 ] [0.000 ] [0.000 ]
Bathrooms 1.721 1.718 1.678 -0.003 -0.040 -0.043
(10.001) (0.001) (10.001) [ 0.000 ] [0.000 ] [0.000 ]
Gym 0.112 0.119 0.126 0.008 0.007 0.014
(10.000 ) (10.000) (10.000) [ 0.000 | [0.000 ] [0.000 ]
Laptop friendly 0.676 0.627 0.591 -0.049 -0.036 -0.085
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [0.000 ]
Pool or jacuzzi 0.383 0.399 0.394 0.016 -0.005 0.011
(10.000 ) (10.000) (10.000 ) [ 0.000 | [0.013] [0.000 ]
Elevator 0.174 0.146 0.164 -0.028 0.018 -0.010
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [ 0.000 ]
Waterfront 0.086 0.082 0.081 -0.003 -0.001 -0.004
(10.000 ) (10.000) (10.000) [ 0.000 ] [0.000 ] [ 0.000 ]
Private living room 0.031 0.033 0.009 0.002 -0.025 -0.022
(10.000 ) (10.000) (10.000) [ 0.000 ] [0.000 ] [0.000 ]
Host checkin 0.360 0.214 0.172 -0.146 -0.042 -0.188
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [ 0.000 ]
Private entrance 0.405 0.504 0.468 0.100 -0.037 0.063
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [ 0.000 ]
Beach destination 0.368 0.357 0.342 -0.011 -0.015 -0.026
(10.000 ) (10.000) (10.000 ) [ 0.000 | [0.000 ] [0.000 ]
Entire home 0.671 0.728 0.748 0.057 0.020 0.077
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [0.000 ]
Private room 0.322 0.268 0.248 -0.055 -0.019 -0.074
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [ 0.000 ]
Shared room 0.006 0.004 0.003 -0.002 -0.001 -0.003
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [ 0.000 ]
Security deposit 661.168 311.661 249.974 -349.507 -61.688 -411.195
(12.555) (1.461) (11.099) [ 0.000 ] [ 0.000 ] [0.000 ]
Single family home 0.340 0.314 0.277 -0.026 -0.037 -0.063
(10.000) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [0.000 ]
Multifamily home 0.518 0.530 0.545 0.012 0.015 0.028
(10.000 ) (0.000) (10.000) [ 0.000 ] [0.000 ] [0.000 ]
Villa 0.045 0.050 0.058 0.005 0.007 0.012
(10.000 ) (10.000) (10.000) [ 0.906 ] [0.000 ] [0.000 ]
Hostel 0.054 0.048 0.043 -0.006 -0.005 -0.011
(10.000) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [0.000 ]
Hotel or resort 0.041 0.056 0.061 0.015 0.005 0.020
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [0.000 ]
Flexiblemoderate 0.614 0.686 0.646 0.071 -0.040 0.032
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [0.000 ]
Firm-strict 0.378 0.308 0.351 -0.069 0.042 -0.027
(10.000 ) (0.000) (10.000) [ 0.000 ] [0.000 ] [0.000 ]
Superstrict 0.008 0.006 0.003 -0.002 -0.003 -0.005
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [ 0.000 ]
Stable 0.781 0.696 0.377 -0.085 -0.319 -0.404
(10.000 ) (10.000) (10.000 ) [ 0.000 ] [0.000 ] [ 0.000 ]

Source: AirDNA, author’s calculations. Columns Pre-pandemic, Pandemic restrictions, and Post-pandemic-restrictions report the means
in every period. The pre-pandemic period spans from January 2018 to February 2020; the pandemic period spans from March 2020 to April
2022; the post-pandemic-restrictions period spans from May 2022 to December 2023. Standard errors of the means are in parentheses.
Diff columns report the difference in means between the periods. The p-value for a test of equality of means across periods is reported in
brackets. The average daily rate and Security deposit variables are expressed in real Mexican pesos, using prices from July 2018.



in the relative availability of these selected amenities at the onset of the pandemic. By
the beginning of 2021, we observe a decrease in the share of listings with elevators. The
share of active listings with elevators decreased from 16.5% in January 2020 to 13.8%
in January 2021. By mid-2023, however, this share reverts to 2019 levels.

In contrast, we observe an increase in the availability of listings with gyms, which
rose from 11.1% of listings to 11.9% in the same period and continued to rise, reaching
13.1% by the end of 2023. Regarding the post-pandemic-restrictions period, we observe
a stable share of active listings offering most amenities, with two exceptions. There
is a sharp decrease in the share of listings with “laptop-friendly” spaces, because this
amenity was relabeled to “dedicated workspace” in January 2023. The “private living
room” amenity was delisted in 2023. We return to the implications of changes in relative

supply in section 4.

Figure 2: Share of active listings with selected amenities
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Source: AirDNA, author’s calculation. The first vertical line (red) is on March of 2020. The second vertical line (blue) is on May of 2022.

3 Empirical strategy

This section describes the hedonic price modeling strategy we employ to estimate the
valuation of amenities in Airbnb listings, both before and during the pandemic. We
estimate log-linear regressions to explain the average daily rate (ADR) using a rich

set of Airbnb amenities. Our detailed dataset enables us to use neighborhood and
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municipality-time fixed effects to mitigate potential omitted variable bias resulting from
neighborhood- and municipality-level unobservables.

Our regression specification is the following:

In Py = X7;,8 + yCompetitionj, + 6; + Tugj)e + 0r + €ije- (1)

Here, In P;;; is the log of the ADR for listing 7, located in neighborhood j at time
t. We observe these prices at a monthly frequency. The matrix X includes listing
characteristics. Competitionj; is the competition faced by each property, measured as
the number of Airbnb listings in the neighborhood with the same maximum number of
guests allowed.

We include three groups of fixed effects to account for possible bias arising from
omitted variables and unobservables. The parameters 6; are time fixed effects that
account for country-wide changes in Airbnb nightly prices. Another set of parameters,
Tn(j)t, Measures time-varying unobservables at the municipality level. They also capture
seasonal patterns in tourism demand (Juaneda et al., 2011): beach municipalities will
have higher demand and prices during the summer months.” The parameters 4; are
neighborhood fixed effects. The error term is the variable €;;;. We allow it to be
correlated across listings in the same neighborhood over time, so we cluster our standard
errors at the neighborhood level.

The coefficients § measure the marginal valuation of each amenity (Rosen, 1974;
Black, 1999; Bayer et al., 2007). By including fixed effects at the municipality-time
level, we only use variation in listing prices from listings within the same municipality to
estimate these marginal valuations #. Our identification assumption is that conditional
on these fixed effects plus the effects d;, the amenity variables X,;; are uncorrelated with
the error term. This assumption may be untenable if there are remaining unobservables
in equation (1), or if individuals sort across Airbnb listings (Bayer et al., 2007; Faye,
2021; Jang et al., 2021). We argue that our models have high explanatory power, so
any remaining unobservables are unlikely to change the coefficients by a large amount
(Oster, 2019).

We estimate equation (1) for the pre-pandemic, pandemic restrictions, and post-
pandemic-restrictions periods and separately for beach and non-beach municipalities.

To evaluate whether the marginal valuation changed during the pandemic and post-

9 These municipality-time effects Tn(j)t are not perfectly collinear with the country-wide time effects
0; because the set of municipalities in the sample changes in some months.
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pandemic periods, we test whether the coefficients /3 differ across these periods. We also
estimate equation (1) across quarters to see how the marginal valuation of amenities
evolves.

Changes in prices associated with an amenity may not be due to changes in the tastes
of tourists, but rather to shifts in the supply composition of Airbnb listings. Indeed,
Figure 1 shows that the number of listings changed substantially at the beginning of the
pandemic. Banco de México (2021) shows that the supply of listings changed during
the pandemic, with hosts offering more amenities related to cleaning and remote work.
Moreover, the relative supply of amenities such as gyms, elevators, and pools changed
during the pandemic, as shown in 2. To control for these supply composition changes, we
also estimate equation (1) on a sample of “stable” listings that appear on the platform
at least once before and during the pandemic restrictions period. While the valuation
of amenities in these listings may differ from the valuation of amenities in the overall
listing sample, the evolution of valuation over time allows us to examine changes in the

equilibrium price premium across listings while isolating changes in supply composition.

4 Results

This section shows our results about the changing valuation of amenities during the
pandemic restrictions and post-pandemic-restrictions periods from the estimation of
equation (1).1° First, we show estimates pooling all the observations within each period.
These estimates show that the valuation of amenities related to working from home,
access to open spaces, and reduced contact increased during the period of pandemic
restrictions. We also show quarter-by-quarter estimates, highlighting that the valuation
changes begin precisely at the start of the pandemic restrictions and appear to persist
during the recovery. Lastly, we show how the valuation changes differ between beach
and non-beach municipalities.

Pre-pandemic, pandemic restrictions, and post-pandemic-restrictions es-
timates. Table 3 shows estimates of the percentage contribution to the ADR, e® — 1
from estimates of 3 using equation (1) for the complete sample.!!

Column (1) from Table 3 shows that at the national level, five out of the six selected

10We use the R package “fixest” from Bergé (2018) for all the estimations.

1 The coefficients can also be interpreted as the change in nightly revenue for hosts whose properties
include the amenities, and thus understood as a change in the producer surplus for hosts with listings
that have each amenity keeping fixed costs constant.
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Table 3: Effect of amenities on log average daily rate of Airbnb listings: selected
amenities, national sample

Pre- Pandemic Post- Diff Diff Diff
pandemic  restrictions pandemic
Variable restrictions
1) (2) (3) (2)-(1) (3)-(2) (3)-(1)
Gym 5.814%** 8.074%** 5.542%%* 2.135%* -2.343%** -0.258
(1.265) (1.388) (11.486) [0.011 ] [0.004 ] [0.830]
Laptop friendly -2.038%** -0.849%* -1.285%** 1.213*** -0.439 0.769*
(0.408 ) (10.461) (10.302) [ 0.001 | [0.251] [0.087]
Pool or jacuzzi 35.214*%* 36.338*** 33.253*** 0.831 -2.263%** -1.451
(1.520) (1.289) (1.365) [0.276 ] [0.000 ] [0.181]
Elevator 18.634%** 15.133%** 10.667*** -2.951%FF% 3. 879¥¥*  _6.716%F*
(1.238) (1.081) (1.154) [ 0.006 ] [0.000 ] [ 0.000 ]
Waterfront 7.843%** 10.429%** 13.429%** 2.397%** 2. 717%** 5.180%**
(1.070) (1.044) (11.095) [ 0.000 | [0.000 ] [0.000 ]
Private living room? 0.725 1.856 2.697* 1.122 0.826 1.958
(1.096 ) (1.151) (1.512) [0.293 ] [0.370] [0.191]

Fit statistics

Observations 1,680,917 1,762,057 1,844,180
R? 0.80 0.80 0.79
Within R2 0.60 0.59 0.59
# of properties 254,509 273,729 295,993
# of neighborhoods 15,378 16,624 17,941
# of municipalities 1,185 1,133 1,183
# of periods 26 24 19
Fized effects

Neighborhood Yes Yes Yes
Month-year Yes Yes Yes
Municipality-month-year Yes Yes Yes

Source: AirDNA, author’s calculations. The numbers are estimated percentage contributions to the ADR of each amenity. “Pre-pandemic”
estimates are for January 2018 - February 2020. The “Pandemic restrictions” estimates are for March 2020 - April 2022. The “Post-
pandemic-restrictions” estimates are for May 2022 - December 2023. Standard errors clustered at the neighborhood level in parentheses.
“Diff” columns correspond to the difference in the coefficients between periods. The p-value for a test of whether these differences are zero
is reported in brackets. The omitted categories for listing type, property type, and cancellation policy are entire home, single-family home,
and flexible-moderate, respectively. *p<0.1; **p<0.05; ***p<0.01. T For Private living room, the “Post-pandemic-restrictions” estimates
are for May 2022 - December 2022.
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amenities had a statistically significant effect on the prices of Airbnb listings before the
pandemic. Listings with a gym or a pool were, respectively, 5.8% and 35.2% more
expensive than other listings. Elevators and access to a waterfront also positively af-
fected listing prices. On the other hand, the presence of a “laptop-friendly workspace”
had a slight negative impact on the listing price.!? This finding coincides with that of
Faye (2021) and may be due to consumers perceiving these listings as more cramped.
Another possible reason why the valuation for elevators decreased noticeably may be
a change in the demographic composition of visitors to Mexico. Using data from the
Survey of International Travelers Leaving the United States (U.S. Department of Com-
merce, National Travel and Tourism Office, 2025), we estimate that the mean age of
visitors from the United States to Mexico dropped from 46.5 years for both genders in
October 2019 to 41.5 years for women and 43.2 years for men in October 2021.
Amenity valuations during the pandemic-restrictions and post-pandemic-restrictions
periods appear in columns (2) and (3), respectively. We also show the differences in
valuation between periods. During the pandemic restrictions period, the value for
a workspace increased by around 1.2 p.p., consistent with an increasing demand for
listings for remote work. This increased hedonic coefficient for a workspace persisted in
the post-pandemic-restrictions period, possibly because some work-from-home schemes
remained in place after COVID-19. The valuation of waterfront properties during the
pandemic restrictions and post-pandemic-restrictions periods increased by 2.4 p.p. and
2.7 p.p., respectively. We also observe changes in amenity values consistent with the
expected increase in willingness to pay for reduced contact with other people. Since
gyms were closed at the beginning of the pandemic, and presumably because attending
a large gym may involve a risk of SARS-CoV-2 contagion, customers increased their
valuation for access to a gym. They also reduced their willingness to pay for listings with
elevators and increased it for those with private living rooms. The increased value of
gyms occurs despite an increase in relative availability, suggesting that this increase may
have stemmed from a supply reaction late in the pandemic, driven by larger demand.

In the post-pandemic-restrictions period, as large gyms eventually resumed activities

12 This amenity is frequently misunderstood among hosts and guests. The misunderstanding may
explain why Airbnb changed the term from “laptop-friendly workspace” to “dedicated workspace” in
recent years (Airbnb Community Center, 2021). According to Airbnb (2022), hosts offering a dedicated
workspace do not need to provide a separate room for it. However, they must provide a desk, access
to a power outlet, and a comfortable chair. Nevertheless, discussions about the interpretation of this
amenity remain common, as hosts do not always meet guests’ expectations of what constitutes a
dedicated workspace (Airbnb Community Center, 2020).
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and COVID-19 restrictions for businesses eased, the change in their hedonic coefficient
reverted.

Table 4 shows estimates separating the beach and non-beach municipalities. Columns
(4) to (9) show the valuation of amenities in beach municipalities and non-beach mu-
nicipalities. There is a higher perceived value for gyms and waterfronts in beach des-
tinations relative to non-beach destinations. For example, before the pandemic, access
to a gym was associated with a listing price 11.4% higher in beach destinations. In
contrast, it marginally reduced listing prices in non-beach municipalities.

During the pandemic restrictions period, the valuation of gyms increased by 2.6 p.p.
relative to before in beach municipalities, but it did not have a statistically significant
change in non-beach areas. Access to a pool or a jacuzzi became more valuable during
the pandemic in non-beach destinations, but not in beach destinations. This difference
between beach municipalities and the rest is consistent with an increase in the valuation
of open spaces in places where they were not widely available. The increased valuation
during the pandemic for pools and jacuzzis in places without tourist beaches showed the
same pattern as gyms in beach municipalities. As public or shared pools and jacuzzis
reopened and people gradually became more comfortable around others, the higher

perceived value for private pools and jacuzzis was not sustained.
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Table 4: Effect of amenities on log average daily rate of Airbnb listings: selected amenities, beach and non-beach munici-
palities

Beach Non-beach
Pre-pandemic Pandemic Post-pandemic Diff Diff Diff Pre-pandemic Pandemic Post-pandemic Diff Diff Diff
restrictions restrictions restrictions restrictions
Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
@-1) G- @0 ®-(1) (-6 (9
Gym 11.433%** 14.293%** 10.210%*** 2.567** -3.5T73%** -1.098 -1.221 -0.452 -0.099 0.778 0.354 1.136
(1.406 ) (1.815) (2.401) [ 0.039 ] [ 0.001 ] [ 0.553 ] (1.222) (1.267) (1.314) [0.427] [0.723] [0.416 ]
Laptop friendly -1.435%* -0.090 -0.809 1.365%** -0.719 0.636 -2.216%** -1.251%* -1.486*** 0.987** -0.238 0.747
(0.628) (0.754 ) (0.493) [ 0.007 ] [0.264 ] [0.363] (0.457) (0.494 ) (0.349 ) [ 0.020 ] [0.582] [0.149 ]
Pool or jacuzzi 37.267*** 37.312%%* 36.134%** 0.032 -0.858 -0.826 33.704%** 36.110%** 31.935%** 1.800%* -3.068%*** -1.323
(2.265) (1.517) (1.393) [0.979 ] [0.327 ] [0.645 ] (1.871) (1.855) (2.015) [0.019 ] [ 0.000 ] [0.225 ]
Elevator 20.436%** 14.736%*** 10.384*** -4.733%** -3.793%** -8.347%** 15.487*** 14.152%** 10.561*** -1.156 -3.145%%* -4.265%**
(1.910) (1.581) (1.659) [ 0.000 ] [ 0.000 ] [ 0.000 ] (1.031) (1.255) (1.255) [0.389 ] [ 0.000 ] [ 0.003 ]
‘Waterfront 8.740*** 11.906*** 14.056*** 2.912%** 1.921%** 4.889%** 6.543%*** T.TTORH* 12.226%** 1.160 4.126%** 5.334***
(1.227) (1.184) (1.199) [ 0.000 ] [ 0.002 ] [ 0.000 ] (1.855) (1.925) (1.971) [0.282] [ 0.000 ] [ 0.000 ]
Private living roomf 2.698 4.649%* 8.032%* 1.900 3.232 5.193 0.803 1.443 2.037 0.635 0.586 1.224
(2.907) (2.393) (13.470) [ 0.387 ] [0.151] [0.176 ] (1.131) (1.263) (1.590) [ 0.588 ] [ 0.540 ] [0.417]
Fit statistics
Observations 619,339 630,006 631,269 1,061,578 1,132,051 1,212,911
R2 0.78 0.77 0.77 0.78 0.79 0.78
Within R2 0.64 0.63 0.63 0.59 0.57 0.58
# of properties 95,864 99,919 105,697 158,645 173,810 190,296
# of neighborhoods 1,637 1,741 1,766 13,741 14,883 16,175
# of municipalities 20 20 20 1,165 1,113 1,163
# of periods 26 24 19 26 24 19
Fized effects
Neighborhood Yes Yes Yes Yes Yes Yes
Month-year Yes Yes Yes Yes Yes Yes
Municipality-month-year Yes Yes Yes Yes Yes Yes

Source: AirDNA, author’s calculations. The numbers are estimated percentage contributions to the ADR of each amenity. “Pre-pandemic” estimates are for January 2018 - February 2020.
The “Pandemic restrictions” estimates are for March 2020 - April 2022. The “Post-pandemic-restrictions” estimates are for May 2022 - December 2023. “Beach” estimates are for tourist beach
municipalities. “Non-Beach” estimates are for municipalities without tourist beaches. Standard errors clustered at the neighborhood level in parentheses. “Diff” columns correspond to the
difference in the coefficients between periods. The p-value for a test of whether these differences are zero is reported in brackets. The omitted categories for listing type, property type, and
cancellation policy are entire home, single-family home, and flexible-moderate, respectively. *p<0.1; **p<0.05; ***p<0.01. {For Private living room, the “Post-pandemic-restrictions” estimates
are for May 2022 - December 2022.



Quarterly estimates. Figure 3 shows results of estimating equation (1) separately
for every quarter. These calculations illustrate how the estimates of amenity valuations
change over time. For gyms, elevators, waterfronts, and private living rooms, the time
series of the estimated coefficients show a stable valuation in the pre-pandemic period
and a clear change in trend that coincides with the beginning of the pandemic. Evidence
for changes in the valuation trend for workspaces, pools, or jacuzzis is less clear than
for other amenities. However, there are clear differences in the averages between the
pandemic and pre-pandemic periods.

We also estimate quarterly specifications for beach and non-beach municipalities
in Appendix Figures A.1 and A.2. The heterogeneity in the time evolution of the
coefficients for beach and non-beach municipalities follows the patterns shown in Table
4. The changes in valuation for gyms and waterfronts in the pandemic are noteworthy
in beach municipalities but not evident in non-beach municipalities. Valuation for pools
and jacuzzis shows a trend change at the beginning of the pandemic, only for non-beach
places.

Robustness. We conduct two additional exercises to gauge the robustness of our
results.’® First, we re-estimate equation (1) on a sample of stable listings observed
at least once in the pre-pandemic period and once in the post-pandemic-restrictions
period. These estimates avoid valuation changes resulting from supply shifts caused
by the changing composition of Airbnb listings, particularly in the first months of the
pandemic. Appendix Table A.3, shows the full results for the complete and restricted
stable listings from the national sample, A.4 from the beach sample, and A.5 from the
non-beach sample. The changes in amenity valuations are similar across samples. These
results suggest that the changes in valuation we observe are not due to the change in
the percentage of listings that offer each amenity type during the pandemic.

We also estimate equation (1) on a restricted period starting in 2019, rather than
2018. We do this because Figure 3 shows that the time series of amenity valuations
does show lower levels for some amenities in 2018, raising concerns about trending

unobservables. Table A.2 in the Appendix shows that amenity valuations still exhibit

13 We acknowledge that changes in amenity coefficients could also be influenced by host profession-
alism. We ran separate regressions for Superhosts and non-Superhosts. Results indicate that most
amenities (elevator, private living room, and pool) show consistent patterns across host types. Laptop-
friendly shows no effect for Superhosts, potentially reflecting that its value is overshadowed by broader
indicators of host quality such as Superhost status itself. Gym valuation declined for Superhosts at
the start of the pandemic, probably due to actual gym closures communicated more transparently
by professional hosts. These results suggest that the changes in amenity coefficients are not likely
influenced by host quality.
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Figure 3: Effect of amenities on log average daily rate of Airbnb listings for selected
amenities. Quarterly estimates, national sample
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Source: AirDNA, author’s calculations. The points are percentage contribution estimates of 3-month windows analogs of equation (1). The
vertical bars are 95% confidence intervals. Standard errors clustered by neighborhood. The first vertical line (red) marks the beginning of
the pandemic. The second vertical line (blue) marks the beginning of the post-pandemic-restrictions period. For Private living room, the
“Post-pandemic-restrictions” estimates are for May 2022 - December 2022.
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statistically significant changes in this estimation with a more limited pre-pandemic
period.

Biases from unobservable selection. Because our hedonic price models estimate
the effects of several attributes on Airbnb prices without quasi-experimental variation,
a valid concern is that unobservables may be driving our results. To address this
issue, we follow Oster (2019) and calculate statistics indicative of how serious the bias
from unobservables needs to be to invalidate our results under a proportional selection
assumption.

In Table 5, we show coefficients from equation (1) without and with fixed effects
by neighborhood and municipality time, along with the R-squared values for both
regressions. We do this for the pre-pandemic and pandemic periods. Then, we calculate
the degree of selection in unobservables needed to drive these valuation coefficients to
0.14,15.

In the pre-pandemic period, for the valuation of gyms to be 0, unobservables would
need to bias the coefficient in the opposite direction as the bias accounted for by the
fixed effects, and would need to be almost twice as important as the unobservables cap-
tured by fixed effects. In the pandemic restrictions period, unobservables would need
to be nine times as important as observables in determining the variance of prices. In
the post-pandemic-restrictions period, they would need to be 1.5 times as important as
the unobservables to drive the valuation of gyms to zero. Our results for the valuation
of pools and elevators, particularly for beach municipalities, are also robust to unob-
servable selection. We also provide bounds on the coefficient estimates, assuming that
unobservables are as important as observables.

In the middle panel, we also show the degree of selection in unobservables needed for
the pandemic restrictions period, for coefficients equal to their pre-pandemic estimated
counterparts. This test is imperfect because the pre-pandemic coefficient estimates may
be biased themselves. Nevertheless, our findings for several of the amenities are robust.
At the national level, omitted time-varying unobservables would need to be about as
important as observables, or would need to change the direction of the bias, to rule out
changes in the valuation of gyms, workspaces, and elevators.

The bottom panel shows the degree of selection in unobservables required for the

14'We use the R package “robomit” from Schaub (2021) to compute the estimates. We exclude
private living rooms from this calculation because of the limited post-pandemic-restrictions period.

15 We use Oster’s approach R,,., = min (2.2R*, 1), where R* is the R-squared of the estimation with
fixed effects (Gonzdlez and Miguel, 2015).
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Table 5: Unobservable selection diagnostics

Variable No FE FE Sel. for coef=0 Bound Sel. for coef=Pre Sel. for coef=Pand
Pre-pandemic
National Gym 0.031* 0.057*** -1.89 0.142
Laptop friendly -0.052%** -0.021%** 0.336 0.054
Pool or jacuzzi 0.333%** 0.302%** 0.833 -0.702
Elevator 0.186%** 0.171%%* 1.519 0.111
Waterfront 0.202%** 0.076*** 0.253 -0.421
Private living room 0.024* 0.007 0.209 -0.035
R? 0.67 0.796
Beach Gym 0.095*** 0.108*** 98.939 0.15
Laptop friendly -0.022%* -0.014** 0.764 0.005
Pool or jacuzzi 0.303*** 0.317*%* 2.087 0.402
Elevator 0.157*** 0.186%*** -47.499 0.29
Waterfront 0.201%** 0.084*** 0.278 -0.328
Private living room 0.055%* 0.027 0.445 -0.037
R? 0.663 0.775
Non-beach Gym -0.038** -0.012 0.194 0.114
Laptop friendly -0.06%** -0.022%%* 0.28 0.084
Pool or jacuzzi 0.344*** 0.29%** 0.619 -3.066
Elevator 0.196*** 0.144%%* 0.728 -0.134
Waterfront 0.165*** 0.063*** 0.226 -0.762
Private living room 0.021 0.008 0.305 -0.026
R2 0.638 0.78
Pandemic restrictions
National Gym 0.058%** 0.078%** -9.1 0.14 -0.715
Laptop friendly -0.045%** -0.009* 0.135 0.078 -0.188
Pool or jacuzzi 0.372%** 0.31%** 0.691 -1.136 0.05
Elevator 0.158%** 0.141%%* 1.701 0.091 -1.396
‘Waterfront 0.235%** 0.099*** 0.325 -0.346 0.085
Private living room 0.029** 0.018 0.724 -0.009 0.471
R2 0.661 0.795
Beach Gym 0.13%** 0.134%** 5.654 0.145 -10.619
Laptop friendly -0.015 -0.001 0.035 0.03 -0.502
Pool or jacuzzi 0.317%** 0.317%%* 1.57 1.606
Elevator 0.101%** 0.137%%* -3.051 0.239 0.55
Waterfront 0.227%%* 0.112%** 0.389 -0.254 0.107
Private living room 0.077*** 0.045** 0.654 -0.027 0.278
R? 0.651 0.771
Non-beach Gym -0.023 -0.005 0.125 0.087 -0.224
Laptop friendly -0.053%** -0.013** 0.17 0.098 -0.137
Pool or jacuzzi 0.399%** 0.308%** 0.565 -1.844 0.069
Elevator 0.195%** 0.132%** 0.72 -0.098 -0.104
Waterfront 0.215%** 0.075%*** 0.224 -0.648 0.039
Private living room 0.026* 0.014 0.546 -0.017 0.26
R2 0.64 0.787
Post-pandemic-restrictions
National Gym 0.023 0.054%*** -1.408 0.131 0.046 0.386
Laptop friendly -0.047%%* -0.013*** 0.224 0.055 -0.14 0.079
Pool or jacuzzi 0.318%** 0.287*** 0.874 -0.342 -0.245 -0.438
Elevator 0.137%** 0.101%** 1.053 0.007 -1.675 -0.779
Waterfront 0.273%** 0.126%** 0.376 -0.373 0.166 0.091
R2 0.644 0.789
Beach Gym 0.083%** 0.097*** -10.481 0.132 0.374 1.047
Laptop friendly -0.04%** -0.008 0.132 0.057 -0.108 0.117
Pool or jacuzzi 0.297%** 0.308%** 1.914 0.372 0.278 0.287
Elevator 0.067*** 0.099*** -2.243 0.18 1.059 0.533
Waterfront 0.266%** 0.132%** 0.407 -0.282 0.161 0.067
R? 0.647 0.773
Non-beach Gym -0.019 -0.001 0.029 0.063 -0.386 -0.107
Laptop friendly -0.046*** -0.015%** 0.265 0.055 -0.145 0.045
Pool or jacuzzi 0.351%** 0.277*%* 0.644 -0.991 -0.081 -0.209
Elevator 0.1817%** 0.1%** 0.514 -0.164 -0.328 -0.233
Waterfront 0.27%** 0.115%** 0.278 -0.898 0.139 0.111
R? 0.632 0.782

Source: AirDNA, author’s calculations.

Column “No-FE” shows estimates from (1) without neighborhood and municipality-time fixed
effects. Column “FE” shows estimates including fixed effects. “Sel. for coef = 0” shows the degree of unobservable selection needed for the
true coefficient to be 0, assuming proportional selection. A value of 1 implies that unobservables need to be as important as observables
in determining the variance of the dependent variable. Column “Bound” shows the coefficient estimate assuming that unobservables are
as important as observables. The “Sel. for coef = Pre” column shows the degree of selection on unobservables needed for the pandemic
restrictions coefficients to be equal to their pre-pandemic estimates. The “Sel. for coef = Pand” column shows the degree of selection on
unobservables needed for the post-pandemic-restrictions coefficients to be equal to their pandemic estimates.
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post-pandemic-restrictions coefficients to equal their pre-pandemic and restrictions pe-
riod estimated counterparts. For amenities whose valuation reverted in the post-
pandemic-restrictions period, such as gyms, the selection in unobservables would have
to be as severe as accounted for by the observables for the coefficients to be equal to
their pre-pandemic values. For other amenities, however, the findings remain robust.
For example, time-varying unobservables would need to be more important than un-
observables or to change the direction of the bias accounted for by the fixed effects to

rule out changes in the valuation of pools and elevators at the national level.

5 Changing taste or changing tourist composition?

So far, we have shown that the valuation of remote work, open space, and reduced-
contagion-related amenities in Airbnb listings in Mexico changed during the pandemic.
Nevertheless, we cannot argue whether the changes in the hedonic coefficients stem
from changing tastes or a shift in the composition of tourists who search for short-term
rentals.

There are several reasons to expect that the composition of Airbnb customers and
the characteristics of the average Airbnb consumer changed during the pandemic. First,
there is anecdotal evidence of increased tourism from the United States to Mexico be-
cause of the relatively lax COVID-19-associated restrictions (Glusac, 2021). Second,
the pandemic may have led to a different type of tourism, as infra-marginal and in-
frequent short-term property renters decided to do so to avoid contagion and mobility
restrictions in cities. For example, reports from Airbnb suggest that the customer base
changed from young people to entire families (Meyers, 2021). Third, as documented in
the urban economics literature (Rosenthal et al., 2022; Gupta et al., 2022), the pandemic
led to an increase in remote work, with remote workers taking advantage of short-term
rentals. Without repeated observations by individual, statistics on the demographic
characteristics of Airbnb customers, or explicit modeling of heterogeneous preferences,
we cannot disentangle the effect of changes in taste for the same consumer from the
effect of composition changes.

In Appendix B, we show some descriptive evidence about the composition of tourism
to major destination cities in Mexico. We show that there was a significant decline in
international tourism at the onset of the pandemic, but this drop was transitory, and,

therefore, any persistent change in hedonic coefficients is unlikely to have been driven
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by a change in the ratio of international to national tourists. However, the composition
of national and international tourism may have changed. We show that the share of
international arrivals to Mexico City is below its pre-pandemic level in the pandemic
restrictions and post-pandemic-restrictions periods.

To isolate changes in the composition of international travel, we re-estimate our
models, splitting our sample according to travel advisories issued by the U.S. Depart-
ment of State. We separate the sample into “Alert states”, which contain places with
“do not travel” advisories at any point during our analysis periods, and states with
lower warning levels (“reconsider travel”, “exercise normal precautions”, and “exercise
increased caution”). We argue that if taste changes led to changes in the hedonic coeffi-
cients and these are not just due to changes in customer composition, then the hedonic
coefficient changes should be present even in alert states that tend to receive fewer
international tourists.

Table 6 shows the results of these separate estimations. The results show heteroge-
neous patterns in the change of hedonic coefficients between travel-alert and non-travel-
alert states. For example, the increased valuation for laptop-friendly listings occurs
exclusively in the non-travel-alert states, and the difference in the valuation increase
between groups of states is statistically significant. This pattern of coefficients suggests
that some of the increased valuation for laptop-friendly spaces may have been due to
a change in the composition of international travelers. In contrast, in places without
travel alerts, the hedonic coefficient for pools dropped sharply in the post-pandemic-
restrictions period. These patterns may be consistent with newer international travelers
having additional willingness to pay for work-related-amenities in Airbnb listings com-

pared to pre-pandemic international travelers.
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Table 6: Effect of amenities on log average daily rate of Airbnb listings: selected amenities, states with travel alerts

States with travel alerts

States without travel alerts

Group difference

Pre-pandemic Pandemic Post-pandemic Diff Pre-pandemic Pandemic Post-pandemic Diff Diff
restrictions restrictions restrictions restrictions
Variable (1) (2) (3) (4) (3) (6) (7 (8) (9)
(3)-(1) (7)-(5) (8-4)
Gym 11.022%** 16.816%** 13.934%** 2.623 5.138%** 6.541%** 4.308%** -0.789 -3.412
(2.462) (2.664 ) (1.907) [0.158 ] (1.429) (1.546 ) (1.626) [0.542 ] [0.501 ]
Laptop friendly -0.130 -0.499 -1.514%** -1.387 -2.169*** -0.823 -1.230%** 0.960** 2.347x**
(0.878) (0.852) (0.540) [0.170 ] (0.440) (0.506 ) (0.334) [ 0.049 ] [ 0.003 ]
Pool or jacuzzi 30.505%** 31.301%** 30.625%** 0.092 35.560%** 36.920%** 33.463%** -1.547 -1.639%**
(2.844) (12.458) (2.253) [0.967 ] (1.557) (1.362) (1.462) [0.169 ] [ 0.000 ]
Elevator 22.648*** 19.694*** 16.271%** -5.199%*** 18.104*** 14.309%** 9.873%** -6.969%** -1.770%**
(3.529) (3.159) (2.611) [ 0.005 ] (1.293) (1.106 ) (1.210) [ 0.000 ] [ 0.000 ]
‘Waterfront 6.419*** 10.051%** 11.118%** 4.415%** 8.440*** 10.872%** 14.259%*** 5.367*** 0.952
(1.447) (1.358) (1.445) [ 0.001 ] (1.279) (1.279) (1.329) [ 0.000 ] [0.393]
Private living roomt 9.290** 5.203** 0.589 -7.961%* 0.345 1.521 2.821%* 2.468 10.429%*
(4.309) (2.611) (2.926) [ 0.037 ] (1.109) (1.213) (1.609) [0.117 ] [ 0.064 ]
Fit statistics
Observations 158,886 197,967 202,660 1,522,031 1,564,090 1,641,520
R? 0.81 0.82 0.83 0.79 0.79 0.78
Within R2 0.56 0.59 0.61 0.61 0.59 0.59
# of properties 25,770 30,926 33,489 228,739 242,803 262,504
# of neighborhoods 1,737 1,996 2,281 13,653 14,638 15,670
# of municipalities 131 122 127 1,060 1,016 1,059
# of periods 26 24 19 26 24 19
Fized effects
Neighborhood Yes Yes Yes Yes Yes Yes
Month-year Yes Yes Yes Yes Yes Yes
Municipality-month-year Yes Yes Yes Yes Yes Yes

Source: AirDNA, author’s calculations.

The numbers are estimated percentage contributions to the ADR of each amenity. “Pre-pandemic” estimates are for January 2018 - February 2020. The
“Pandemic restrictions” estimates are for March 2020 - April 2022. The “Post-pandemic-restrictions” estimates are for May 2022 - December 2023. “States with travel alerts” refer to states with a
“do not travel” travel advisory level from the U.S. Department of State at any point during the analysis period. These states are Colima, Guerrero, Michoacédn, Sinaloa, and Tamaulipas. Standard
errors clustered at the neighborhood level in parentheses. “Diff” columns correspond to the difference in the coefficients between periods. The p-value for a test of whether these differences are

zero is reported in brackets. *p<0.1; **p<0.05; ***p<0.01. 1 For Private living room, the “Post-pandemic-restrictions” estimates are for May 2022 - December 2022.



For other amenities, however, the valuation increases are similar across alert and
non-alert states. Both gyms and waterfronts exhibit similar changes in hedonic coeffi-
cients across the three analysis periods. So for these amenities, the valuation changes

may be linked to a change in tastes for all Airbnb customers.

6 Concluding remarks

We test if the valuation of amenities in Airbnb short-term rental listings changed in
Mexico during the COVID-19 pandemic and if these changes were transitory or perma-
nent. We demonstrate that certain amenities change valuation in patterns consistent
with potential effects of shifting preferences for open spaces, remote work, and close-
quarters contact. Specifically, we show that the valuation for gyms, waterfronts, pools,
workspaces, private living rooms, and elevators displays substantial changes. These
valuation changes are heterogeneous across beach and non-beach municipalities. While
some of the changes —such as those for elevators and private living rooms— persisted in
the post-pandemic period, others —such as those for open spaces— show signs of reverting
to their pre-pandemic levels.

Our results are consistent with a shift in the demand for amenities in tourist destina-
tions among Mexico’s average short-term rental consumer. While we cannot distinguish
between a change in the tastes of the same set of consumers and a change in consumer
composition, we present evidence suggesting that the changes in hedonic coefficients
for laptop-friendly properties and elevators stem from a changing traveler composition,
whereas the changes for gyms and waterfronts reflect changes in preferences. Either way,
the shifts in consumer behavior that we observe may have longer-run consequences in
the market for touristic rentals. An open question is whether these valuation changes
are present in other markets outside Mexico and whether the valuation of amenities in
permanent housing or traditional hotel rooms also experiences a permanent change.

Other research designs, such as the estimation of discrete choice models of con-
sumer behavior, as those in Berry et al. (1995); Bayer et al. (2007), are alternative
strategies for examining these changing valuations while imposing additional structure
on taste variation across consumers, allowing for richer conclusions regarding the effects

of sorting.
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Appendix

A Additional Figures and Tables

Table A.1: Descriptive Statistics: complete features

Pre-pandemic Pandemic Post-pandemic Diff SMD Diff SMD Diff SMD
restrictions restrictions

(1) (2) (3) (2)-(1) @-1) | 3)-(2 3)-2 | 3)-D) (3)-(1)

ADR 1592.1822 1576.5975 1399.0594 -15.5847 -0.0079 -177.5381 -0.0985 -193.1228 -0.1055
(1.4395) (1.2921) (1.0604) [0.0000] [0.0000] [0.0000]

Bedrooms 1.8387 1.8474 1.8029 0.0087 0.0059 -0.0445 -0.0314 -0.0359 -0.0251
(0.0011) (0.0010) (0.0009) [0.0020] [0.0000] [0.0000]

Bathrooms 1.7212 1.7181 1.6782 -0.0031 -0.0025 -0.0399 -0.0337 -0.0430 -0.0359
(0.0009) (0.0008) (0.0007) [0.0000] [0.0000] [0.0000]

Gym 0.1117 0.1194 0.1261 0.0077 0.0242 0.0067 0.0204 0.0144 0.0445
(0.0002) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Laptop friendly 0.6762 0.6272 0.5911 -0.0491 -0.1029 -0.0360 -0.0738 -0.0851 -0.1764
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Pool or jacuzzi 0.3832 0.3991 0.3942 0.0160 0.0328 -0.0049 -0.0100 0.0111 0.0227
(0.0003) (0.0003) (0.0003) [0.0000] [0.0126] [0.0000]

Tv 0.7595 0.7995 0.8448 0.0401 0.0968 0.0452 0.1185 0.0853 0.2150
(0.0003) (0.0003) (0.0002) [0.0000] [0.0000] [0.0000]

Wifi 0.9356 0.9326 0.9655 -0.0030 -0.0119 0.0329 0.1501 0.0299 0.1389
(0.0002) (0.0002) (0.0001) [0.0000] [0.0000] [0.0000]

Free parking 0.8201 0.8066 0.8214 -0.0135 -0.0346 0.0149 0.0382 0.0014 0.0035
(0.0003) (0.0003) (0.0002) [0.0000] [0.0000] [0.0000]

Elevator 0.1736 0.1458 0.1637 -0.0278 -0.0760 0.0179 0.0494 -0.0099 -0.0265
(0.0003) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

‘Waterfront 0.0855 0.0823 0.0811 -0.0033 -0.0117 -0.0011 -0.0042 -0.0044 -0.0159
(0.0002) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Breakfast 0.0699 0.0641 0.0393 -0.0059 -0.0234 -0.0248 -0.1123 -0.0307 -0.1358
(0.0002) (0.0002) (0.0001) [0.0000] [0.0000] [0.0000]

‘Washing machine 0.4602 0.4295 0.4302 -0.0306 -0.0616 0.0007 0.0014 -0.0299 -0.0602
(0.0004) (0.0003) (0.0003) [0.0000] [0.0030] [0.0000]

Patio or balcony 0.3329 0.3230 0.4974 -0.0099 -0.0211 0.1745 0.3544 0.1645 0.3335
(0.0003) (0.0003) (0.0003) [0.0023] [0.0000] [0.0000]

Garden or backyard 0.2431 0.2434 0.4809 0.0003 0.0007 0.2375 0.4934 0.2379 0.4933
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Kitchen 0.8645 0.8471 0.8489 -0.0174 -0.0495 0.0019 0.0052 -0.0156 -0.0444
(0.0002) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Private living room 0.0309 0.0333 0.0087 0.0024 0.0134 -0.0246 -0.1727 -0.0222 -0.1616
(0.0001) (0.0001) (0.0001) [0.0000] [0.0000] [0.0000]

Dryer 0.5974 0.5703 0.5927 -0.0271 -0.0550 0.0225 0.0455 -0.0046 -0.0095
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Coffee machine 0.4607 0.4285 0.6135 -0.0322 -0.0648 0.1850 0.3705 0.1528 0.3067
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Ac 0.5006 0.5366 0.5635 0.0360 0.0721 0.0269 0.0541 0.0629 0.1261
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Cable 0.3087 0.2253 0.1933 -0.0834 -0.1887 -0.0320 -0.0787 -0.1154 -0.2671
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Hot water 0.7413 0.6929 0.7738 -0.0484 -0.1074 0.0809 0.1832 0.0325 0.0760
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Heating 0.1548 0.1575 0.1838 0.0027 0.0076 0.0263 0.0698 0.0290 0.0773
(0.0003) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Hot tub 0.0004 0.0003 0.0001 -0.0001 -0.0052 -0.0002 -0.0133 -0.0003 -0.0182
(0.0000) (0.0000) (0.0000) [0.0000] [0.0000] [0.0000]

Family friendly 0.0020 0.0007 0.0003 -0.0013 -0.0358 -0.0004 -0.0194 -0.0018 -0.0524
(0.0000) (0.0000) (0.0000) [0.0000] [0.0000] [0.0000]

Doorman 0.1322 0.0949 0.1030 -0.0373 -0.1178 0.0081 0.0271 -0.0292 -0.0909
(0.0002) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Host checkin 0.3599 0.2139 0.1718 -0.1460 -0.3233 -0.0421 -0.1069 -0.1881 -0.4280
(0.0003) (0.0003) (0.0002) [0.0000] [0.0000] [0.0000]

Private entrance 0.4046 0.5044 0.4678 0.0999 0.2005 -0.0366 -0.0733 0.0632 0.1275
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]
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Table A.1: Descriptive Statistics: complete features (continued)

Pre-pandemic Pandemic Post-pandemic Diff SMD Diff SMD Diff SMD
restrictions restrictions

(1) (2) (3) (2)-(1) (2)-(1) (3)-(2) (3)-(2) (3)-(1) (3)-(1)

Bed linens 0.4266 0.4036 0.5813 -0.0230 -0.0467 0.1777 0.3555 0.1547 0.3095
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Bathtub 0.0174 0.0204 0.0562 0.0030 0.0220 0.0358 0.1858 0.0388 0.2039
(0.0001) (0.0001) (0.0001) [0.0000] [0.0000] [0.0000]

Gas detector 0.1569 0.1596 0.2130 0.0028 0.0075 0.0533 0.1368 0.0561 0.1441
(0.0003) (0.0002) (0.0003) [0.0000] [0.0000] [0.0000]

Toys 0.0453 0.0311 0.0427 -0.0142 -0.0740 0.0116 0.0614 -0.0026 -0.0125
(0.0001) (0.0001) (0.0001) [0.0000] [0.0000] [0.0000]

Cooking basics 0.4792 0.4648 0.6572 -0.0144 -0.0288 0.1924 0.3879 0.1780 0.3598
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Crib 0.0761 0.0605 0.1033 -0.0157 -0.0621 0.0429 0.1560 0.0272 0.0950
(0.0002) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Dishes and silverware 0.5369 0.5067 0.6972 -0.0303 -0.0606 0.1906 0.3897 0.1603 0.3304
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Dishwasher 0.0617 0.0570 0.0650 -0.0046 -0.0195 0.0079 0.0330 0.0033 0.0136
(0.0002) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Extra pillows 0.3126 0.2846 0.3879 -0.0279 -0.0611 0.1032 0.2183 0.0753 0.1576
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Fire extinguisher 0.3156 0.3251 0.3544 0.0095 0.0203 0.0293 0.0619 0.0388 0.0821
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Hair dryer 0.4945 0.4724 0.5117 -0.0221 -0.0442 0.0393 0.0786 0.0172 0.0344
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Hangers 0.8257 0.7968 0.7569 -0.0289 -0.0739 -0.0399 -0.0957 -0.0688 -0.1688
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

High chair 0.0284 0.0235 0.0433 -0.0049 -0.0311 0.0198 0.1098 0.0148 0.0795
(0.0001) (0.0001) (0.0001) [0.0000] [0.0000] [0.0000]

Iron 0.6681 0.6442 0.6709 -0.0239 -0.0503 0.0266 0.0562 0.0028 0.0059
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Bedroom door lock 0.2252 0.2049 0.1905 -0.0203 -0.0493 -0.0144 -0.0362 -0.0347 -0.0856
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Bbq area 0.1246 0.1161 0.2057 -0.0085 -0.0261 0.0896 0.2433 0.0811 0.2175
(0.0002) (0.0002) (0.0003) [0.0000] [0.0000] [0.0000]

Oven 0.3137 0.2626 0.3224 -0.0511 -0.1128 0.0598 0.1313 0.0087 0.0187
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Refrigerator 0.5399 0.4924 0.6626 -0.0475 -0.0951 0.1703 0.3449 0.1228 0.2510
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Room shades 0.1107 0.1379 0.3671 0.0272 0.0822 0.2292 0.5258 0.2563 0.5962
(0.0002) (0.0002) (0.0003) [0.0000] [0.0000] [0.0000]

Smoke detector 0.2376 0.2447 0.2937 0.0070 0.0165 0.0490 0.1104 0.0560 0.1267
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Stove 0.3788 0.3787 0.5461 -0.0001 -0.0001 0.1674 0.3357 0.1674 0.3355
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

First aid kit 0.4217 0.4142 0.4349 -0.0075 -0.0151 0.0206 0.0417 0.0132 0.0266
(0.0004) (0.0003) (0.0003) [0.0001] [0.0000] [0.0000]

Pets allowed 0.2110 0.2490 0.2796 0.0379 0.0901 0.0306 0.0694 0.0685 0.1589
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Beach destination 0.3685 0.3575 0.3423 -0.0109 -0.0227 -0.0152 -0.0320 -0.0261 -0.0547
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Entire home 0.6713 0.7280 0.7481 0.0567 0.1237 0.0202 0.0459 0.0768 0.1695
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Private room 0.3224 0.2677 0.2484 -0.0547 -0.1200 -0.0193 -0.0441 -0.0740 -0.1641
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Shared room 0.0062 0.0043 0.0034 -0.0019 -0.0268 -0.0009 -0.0141 -0.0028 -0.0408
(0.0001) (0.0000) (0.0000) [0.0000] [0.0000] [0.0000]

Seniority 16.8506 25.2593 31.3887 8.4086 0.4457 6.1294 0.2661 14.5380 0.6490
(0.0115) (0.0135) (0.0161) [0.0000] [0.0000] [0.0000]

Num of reviews 35.7662 33.5357 46.1353 -2.2305 -0.0480 12.5996 0.2257 10.3691 0.1875
(0.0327) (0.0313) (0.0402) [0.0000] [0.0000] [0.0000]

Maximum guests 4.6101 4.7222 4.6370 0.1120 0.0354 -0.0851 -0.0270 0.0269 0.0086
(0.0022) (0.0021) (0.0020) [0.0000] [0.0000] [0.0000]

Response rate 91.0850 94.4611 96.3409 3.3761 0.1669 1.8798 0.1243 5.2559 0.2794
(0.0166) (0.0112) (0.0085) [0.0000] [0.0000] [0.0000]

Superhost 0.3615 0.2737 0.2832 -0.0878 -0.1887 0.0095 0.0212 -0.0783 -0.1677
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Extra people fee 121.1384 61.4132 14.0647 -59.7251 -0.2473 -47.3485 -0.2901 -107.0737 -0.5269
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Table A.1: Descriptive Statistics: complete features (continued)

Pre-pandemic Pandemic Post-pandemic Diff SMD Diff SMD Diff SMD
restrictions restrictions

(1) (2) (3) (2)-(1) (2)-(1) (3)-(2) (3)-(2) (3)-(1) (3)-(1)
(0.1911) (0.1398) (0.0598) [0.0000] [0.0000] [0.0000]

Professional 0.7591 0.7878 0.7985 0.0287 0.0685 0.0108 0.0266 0.0394 0.0952
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Security deposit 661.1681 311.6615 249.9735 -349.5065 -0.1184 -61.6881 -0.0314 -411.1946 -0.1489
(2.5555) (1.4609) (1.0989) [0.0000] [0.0000] [0.0000]

Num of photos 21.9356 23.2122 25.0726 1.2766 0.0811 1.8604 0.1098 3.1370 0.1879
(0.0110) (0.0107) (0.0114) [0.0000] [0.0000] [0.0000]

Minimum stay 2.4842 2.1345 1.9894 -0.3496 -0.0376 -0.1452 -0.0209 -0.4948 -0.0566
(0.0077) (0.0050) (0.0041) [0.0000] [0.0000] [0.0000]

Overall rating 93.8276 94.1944 94.3694 0.3668 0.0431 0.1750 0.0210 0.5418 0.0655
(0.0061) (0.0057) (0.0052) [0.0000] [0.0000] [0.0000]

Exact location 0.2070 0.1857 0.2669 -0.0214 -0.0539 0.0813 0.1939 0.0599 0.1405
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Competition 62.8420 60.8486 83.8838 -1.9934 -0.0150 23.0352 0.1436 21.0417 0.1345
(0.0913) (0.0917) (0.1148) [0.0000] [0.0000] [0.0000]

Instantbook 0.5840 0.2503 0.5282 -0.3337 -0.6777 0.2780 0.5692 -0.0557 -0.1122
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Dist centroid 18.1628 18.6032 18.1387 0.4404 0.0144 -0.4646 -0.0154 -0.0241 -0.0008
(0.0221) (0.0202) (0.0192) [0.0000] [0.0000] [0.0000]

Single family home 0.3400 0.3135 0.2766 -0.0265 -0.0565 -0.0369 -0.0809 -0.0634 -0.1374
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Multifamily home 0.5177 0.5296 0.5452 0.0120 0.0240 0.0155 0.0312 0.0275 0.0552
(0.0004) (0.0003) (0.0003) [0.0000] [0.0000] [0.0001]

Villa 0.0452 0.0501 0.0575 0.0048 0.0226 0.0074 0.0330 0.0123 0.0554
(0.0001) (0.0001) (0.0001) [0.9060] [0.0000] [0.0000]

Hostel 0.0540 0.0476 0.0428 -0.0065 -0.0295 -0.0048 -0.0230 -0.0112 -0.0525
(0.0002) (0.0001) (0.0001) [0.0000] [0.0000] [0.0000]

Hotel or resort 0.0407 0.0555 0.0608 0.0147 0.0688 0.0054 0.0229 0.0201 0.0912
(0.0001) (0.0002) (0.0002) [0.0000] [0.0000] [0.0000]

Flexiblemoderate 0.6144 0.6859 0.6462 0.0715 0.1500 -0.0397 -0.0842 0.0318 0.0659
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Firm-strict 0.3775 0.3082 0.3506 -0.0693 -0.1460 0.0424 0.0901 -0.0269 -0.0559
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Superstrict 0.0082 0.0058 0.0032 -0.0024 -0.0283 -0.0026 -0.0390 -0.0050 -0.0666
(0.0001) (0.0001) (0.0000) [0.0000] [0.0000] [0.0000]

Luxe policy 0.0000 0.0001 0.0000 0.0001 0.0138 -0.0001 -0.0062 0.0000 0.0093
(0.0000) (0.0000) (0.0000) [0.0046] [0.0000] [0.0000]

Entered 0.0000 0.3039 0.6226 0.3039 0.8385 0.3187 0.6388 0.6226 1.3285
(0.0000) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Exited 0.2189 0.0000 0.0000 -0.2189 -0.7085 0.0000 NaN -0.2189 -0.7159
(0.0003) (0.0000) (0.0000) [0.0000] [ NaN] [0.0000]

Stable 0.7811 0.6961 0.3774 -0.0850 -0.1933 -0.3187 -0.6388 -0.4037 -0.8155
(0.0003) (0.0003) (0.0003) [0.0000] [0.0000] [0.0000]

Source: AirDNA, author’s calculations. Columns Pre-pandemic, Pandemic restrictions and post-pandemic-restrictions report the means
in every period. The pre-pandemic period goes from January 2018 to February 2020; the Pandemic period goes from March 2020 to April
2022; the Post-pandemic period goes from May 2022 to December 2023. Standard errors of the means are in parentheses. The Diff and
SMD columns report the difference and the standardized mean difference between the periods. The p-value for a test of equality of means
across periods is reported in brackets. The average daily rate, Security deposit, and extra person fee variables are in real Mexican pesos,
using prices from July 2018. Minimum stay variable is the number of nights.
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Figure A.1: Effect of amenities on log average daily rate of Airbnb listings for selected
amenities. Quarterly estimates, beach municipalities

(a) Gym (b) Laptop friendly

o

Contribution (%)
s
e
e

Contribution (%)

8 -2
-3
2018 2020 2022 2024 2018 2020 2022 2024
(c) Pool or jacuzzi (d) Elevator
i i 25 i i
1 1 1
1 1 1 1
1 1 1 1
40 | | 20 IIIIE i
= 1 1 = 1 1
= 1 ' S ! '
< . . < ! III .
g . . 8 . .
=3 1 1 3 1 1
2 1 1 215 I '
£ . : £ | IIII:
(&) 1 1 Q 1 1
i | i I I
| . | .
. . 10 . :
| | i T
32 1 1 1 1
2018 2020 2022 2024 2018 2020 2022 2024
(e) Waterfront (f) Private living room
175 | | H
1 1 1
1 1 1
1 _ I 1
1 ! 1
15.0 i II 10 i i
. . .
- . = . .
S | S . i
2 | I = | !
2 1 25 1 |
- 1 - 1 1
5 10.0 . I 5 ! !
S I . S : !
75 ; 0 4 ! !
! 1 1
! 1 1
! 1 1
2018 2020 2022 2024 2018 2020 2022

Source: AirDNA, author’s calculations. The points are coefficient estimates of a 3-month window analog of equation (1) on the sample of
beach municipalities. The vertical bars are 95% confidence intervals. Standard errors clustered by neighborhood. The omitted categories
for listing type, property type, and cancellation policy are entire home, single family home, and flexible-moderate, respectively. The first
vertical line (red) marks the beginning of the pandemic. The second vertical line (blue) marks the beginning of the post-pandemic period.
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Figure A.2: Effect of amenities on log average daily rate of Airbnb listings for selected
amenities. Quarterly estimates, non-beach municipalities
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Source: AirDNA, author’s calculations. The points are coefficient estimates of a 3-month window analog of equation (1) on the sample of
non-beach municipalities. The vertical bars are 95% confidence intervals. Standard errors clustered by neighborhood. The first vertical
line (red) marks the beginning of the pandemic. The second vertical line (blue) marks the beginning of the post-pandemic period.
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Figure A.3: Effect of amenities on log average daily rate of Airbnb listings for selected
amenities. Quarterly estimates, Multifamily home
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Source: AirDNA, author’s calculations. The points represent coefficient estimates of a 3-month window analog of equation (1) on the
sample of non-beach municipalities. The vertical bars are 95% confidence intervals. Standard errors clustered by neighborhood. The first
vertical line (red) marks the beginning of the pandemic. The second vertical line (blue) marks the beginning of the post-pandemic period.
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Figure A.4: Effect of amenities on log average daily rate of Airbnb listings for selected

amenities. Quarterly estimates, Single-family home
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Source: AirDNA, author’s calculations. The points are coefficient estimates of a 3-month window analog of equation (1) on the sample of
non-beach municipalities. The vertical bars are 95% confidence intervals. Standard errors clustered by neighborhood. The first vertical

line (red) marks the beginning of the pandemic. The second vertical line (blue) marks the beginning of the post-pandemic period.
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Table A.2: Effect of amenities on log average daily rate of Airbnb listings: selected
amenities, restricted Pre-pandemic period

(1) 2) 3)

Variable Pre- Pre- Pandemic Diff Diff
pandemic  pandemic  restrictions 2018 2019

2018 2019

Gym 5.814%** 5.501%** 8.074*** 2.135%* 2.439%**
(1.265) (1.286) (1.388) [0.011] [0.003 ]

Laptop friendly -2.038%** 1. 7T15%** -0.849* 1.213%*%* 0.881%**
(10.408 ) (0.411) (0.461) [0.001] [0.009 ]

Pool or jacuzzi 35.214%**%  35.107***  36.338%**  (.831 0.912
(1.520) (1.468) (1.289) [0.276 ] [0.156 ]

Elevator 18.634%**  18.543%** 15.133%%* -2.951%F* 9 Q77K
(1.238) (1.092) (1.081) [ 0.006 ] [0.002 ]

Waterfront 7.843%** 8.105%** 10.429%** 2.397*** 2.150%**
(1.070) (1.055) (1.044) [ 0.000 ] [0.001 ]

Private living room 0.725 0.882 1.856 1.122 0.965
(11.096 ) (1.105) (1.151) [0.293 ] [0.331]

Observations 1,680,917 1,089,350 1,762,057

R? 0.80 0.80 0.80

Within R2 0.60 0.60 0.59

# of properties 254,509 211,667 273,729

# of neighborhoods 15,378 14,527 16,624

# of municipalities 1,185 1,115 1,133

# of periods 26 14 24

Fized effects

Neighborhood Yes Yes Yes

Month-year Yes Yes Yes

Municipality-month-year Yes Yes Yes

Source: AirDNA, author’s calculations. The top panel shows OLS estimates of the 8 coefficients in equation (1) for selected amenities.
The bottom panel shows the percentage contribution to the ADR. “Pre-pandemic 2018” estimates are for January 2018 - February 2020.
“Pre-pandemic 2019” estimates are for January 2019 - February 2020. The “Pandemic restrictions” estimates are for March 2020 - April
2022. Standard errors clustered at the neighborhood level in parentheses. “Diff” columns correspond to the difference in the coefficients
between the pre-pandemic and the pandemic period. The p-value for a test of whether these differences are zero is reported in brackets.
The omitted categories for listing type, property type, and cancellation policy are entire home, single family home, and flexible-moderate,
respectively. *p<0.1; **p<0.05; ***p<0.01.
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Table A.3: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, national sample

Dependent Variable:

log(ADR)

Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: (1) (2) (3) (4) (5) (6)
Bedrooms 0.0254*** 0.0332%** 0.0410*** 0.0251%** 0.0301*** 0.0286***
(0.0046) (0.0049) (0.0062) (0.0053) (0.0041) (0.0060)
Bathrooms 0.0511%** 0.0643*** 0.0804*** 0.0550*** 0.0691*** 0.0837***
(0.0063) (0.0076) (0.0081) (0.0078) (0.0068) (0.0087)
Gym 0.0565™** 0.0776%** 0.0539*** 0.0547*** 0.0713*** 0.0738***
(0.0120) (0.0128) (0.0141) (0.0128) (0.0149) (0.0171)
Laptop-friendly -0.0206*** -0.0085™* -0.0129*** -0.0219*** -0.0086 -0.0144%**
(0.0042) (0.0046) (0.0031) (0.0051) (0.0058) (0.0052)
Pool_or_jacuzzi 0.3017%** 0.3100*** 0.2871%** 0.3001%*** 0.3055™** 0.2708***
(0.0112) (0.0095) (0.0102) (0.0117) (0.0111) (0.0126)
Tv 0.0774%** 0.0568*** 0.0650*** 0.0720*** 0.0501*** 0.0472%**
(0.0059) (0.0060) (0.0086) (0.0071) (0.0068) (0.0104)
Wifi -0.0282%** -0.0058 -0.0411*** -0.0286*** -0.0071 -0.0214
(0.0092) (0.0080) (0.0087) (0.0097) (0.0099) (0.0132)
Free_parking 0.0239™** 0.0252%** 0.0218*** 0.0238%** 0.0214™** 0.0102
(0.0059) (0.0069) (0.0064) (0.0067) (0.0078) (0.0098)
Elevator 0.1709*** 0.1409*** 0.1014*** 0.1635*** 0.1552%** 0.1355%**
(0.0104) (0.0094) (0.0104) (0.0109) (0.0107) (0.0138)
‘Waterfront 0.0755%** 0.0992%** 0.1260*** 0.0885*** 0.0959*** 0.1287***
(0.0099) (0.0095) (0.0097) (0.0101) (0.0102) (0.0117)
Breakfast 0.0780*** 0.0785%** 0.1346*** 0.0794*** 0.0727*** 0.1195%**
(0.0110) (0.0101) (0.0147) (0.0132) (0.0131) (0.0195)
‘Washing_machine 0.0215%** 0.0304*** 0.0291*** 0.0222%** 0.0281*** 0.0249***
(0.0067) (0.0064) (0.0069) (0.0067) (0.0068) (0.0077)
Patio_or_balcony 0.0296*** 0.0199*** 0.0312%** 0.0302*** 0.0197*** 0.0293***
(0.0047) (0.0052) (0.0039) (0.0056) (0.0063) (0.0064)
Garden_or_backyard -0.0013 0.0068 0.0142*** -0.0004 0.0059 0.0061
(0.0070) (0.0059) (0.0039) (0.0074) (0.0071) (0.0051)
Kitchen 0.0033 0.0158** 0.0213*** 0.0086 0.0113 0.0223**
(0.0077) (0.0075) (0.0068) (0.0083) (0.0090) (0.0096)
Private_living_room 0.0072 0.0184 -0.0011 0.0145 0.0293** 0.0118
(0.0109) (0.0113) (0.0132) (0.0128) (0.0140) (0.0151)
Dryer 0.0928*** 0.0779%** 0.0758™** 0.0942%** 0.0798*** 0.0684***
(0.0064) (0.0067) (0.0062) (0.0076) (0.0084) (0.0099)
Coffee_machine 0.0559™** 0.0427*** 0.0314*** 0.0568%** 0.0496*** 0.0432%**
(0.0059) (0.0066) (0.0051) (0.0068) (0.0081) (0.0080)
Ac 0.1451%** 0.1415%** 0.1527*** 0.1444%** 0.1340*** 0.1382%**
(0.0082) (0.0087) (0.0097) (0.0095) (0.0096) (0.0111)
Cable 0.0045 0.0002 -0.0064 0.0064 0.0020 0.0058
(0.0045) (0.0049) (0.0046) (0.0050) (0.0053) (0.0059)
Hot_water -0.0403*** -0.0399*** -0.0471%** -0.0478*** -0.0403*** -0.0501%**
(0.0046) (0.0048) (0.0048) (0.0054) (0.0058) (0.0078)
Heating 0.0402%** 0.0424%** 0.0232%** 0.0430*** 0.0476™** 0.0402%***
(0.0064) (0.0064) (0.0067) (0.0067) (0.0075) (0.0091)
Hot_tub 0.0570 0.1089** 0.1600** 0.0574 0.1031** 0.1174*
(0.0357) (0.0547) (0.0640) (0.0367) (0.0510) (0.0603)
Family_friendly -0.0397** -0.0953*** -0.0993 0.1127 -0.0757* -0.0131
(0.0193) (0.0356) (0.0613) (0.1119) (0.0439) (0.1001)
Doorman -0.0106 -0.0163* 0.0100 -0.0084 -0.0150 0.0057
(0.0072) (0.0088) (0.0084) (0.0083) (0.0093) (0.0107)
Host_checkin -0.0158*** -0.0060 -0.0003 -0.0119*** -0.0080 -0.0054
(0.0039) (0.0048) (0.0051) (0.0044) (0.0053) (0.0059)
Private_entrance 0.0134*** 0.0010 -0.0033 0.0134%** 0.0084** -0.0038
(0.0033) (0.0040) (0.0040) (0.0039) (0.0041) (0.0049)
Bed_linens -0.0141%** -0.0089 -0.0063 -0.0189*** -0.0153** -0.0183***
(0.0047) (0.0056) (0.0045) (0.0054) (0.0060) (0.0061)
Bathtub 0.0334%** 0.0343*** 0.0314*** 0.0302** 0.0394*** 0.0305***
(0.0117) (0.0102) (0.0059) (0.0127) (0.0142) (0.0094)
Gas_detector -0.0035 0.0084 -0.0054 0.0047 0.0140 0.0117
(0.0075) (0.0067) (0.0055) (0.0078) (0.0089) (0.0080)
Toys -0.0287*** -0.0300*** -0.0414*** -0.0304*** -0.0285** -0.0335™**
(0.0086) (0.0102) (0.0072) (0.0099) (0.0114) (0.0101)
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Table A.3: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, national sample (continued)

Dependent Variable: log(ADR)
Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: (1) (2) (3) (4) (5) (6)
Cooking_basics -0.0267*** -0.0186*** -0.0235%** -0.0273*** -0.0287*** -0.0326***
(0.0062) (0.0060) (0.0049) (0.0071) (0.0074) (0.0074)
Crib 0.0746*** 0.0588%** 0.0649*** 0.0747*** 0.0626™** 0.0719%**
(0.0095) (0.0102) (0.0102) (0.0097) (0.0106) (0.0102)
Dishes_and_silverware -0.0548*** -0.0483*** -0.0585*** -0.0573*** -0.0435*** -0.0575%**
(0.0063) (0.0059) (0.0053) (0.0071) (0.0076) (0.0078)
Dishwasher 0.0915*** 0.0916™** 0.1006™** 0.0990*** 0.0978%** 0.1049***
(0.0093) (0.0078) (0.0082) (0.0097) (0.0088) (0.0102)
Extra_pillows -0.0215*** -0.0199*** -0.0226™** -0.0213*** -0.0156™* -0.0093*
(0.0048) (0.0056) (0.0041) (0.0055) (0.0066) (0.0055)
Fire_extinguisher 0.0343*** 0.0301*** 0.0268™** 0.0336*** 0.0343*** 0.0366***
(0.0043) (0.0043) (0.0044) (0.0049) (0.0055) (0.0071)
Hair_dryer 0.0177%** 0.0335%** 0.0265*** 0.0174** 0.0367*** 0.0370***
(0.0066) (0.0061) (0.0059) (0.0076) (0.0076) (0.0094)
Hangers 0.0108** 0.0054 0.0100** 0.0149*** 0.0124** 0.0150**
(0.0049) (0.0047) (0.0044) (0.0055) (0.0056) (0.0072)
High_chair 0.0258 0.0282 0.0204** 0.0294 0.0354* 0.0364™*
(0.0166) (0.0179) (0.0091) (0.0180) (0.0194) (0.0146)
Iron -0.0095** -0.0204*** -0.0259*** -0.0128%** -0.0171%** -0.0198***
(0.0043) (0.0046) (0.0047) (0.0049) (0.0055) (0.0069)
Bedroom_door_lock -0.0967*** -0.1074%** -0.0820*** -0.1148*** -0.1136*** -0.1041***
(0.0080) (0.0080) (0.0079) (0.0097) (0.0106) (0.0143)
Bbg-area -0.0082 0.0081 0.0119** -0.0073 0.0033 0.0040
(0.0073) (0.0068) (0.0050) (0.0076) (0.0087) (0.0075)
Oven 0.0377*** 0.0363*** 0.0312%** 0.0364*** 0.0365™** 0.0307***
(0.0051) (0.0060) (0.0059) (0.0059) (0.0067) (0.0071)
Refrigerator -0.0594™** -0.0459*** -0.0223*** -0.0639*** -0.0539*** -0.0299***
(0.0060) (0.0052) (0.0041) (0.0070) (0.0072) (0.0063)
Room_shades -0.0012 -0.0019 -0.0011 -0.0025 -0.0052 -0.0149***
(0.0053) (0.0046) (0.0042) (0.0056) (0.0063) (0.0058)
Smoke_detector 0.0228*** 0.0364™** 0.0473%** 0.0208*** 0.0303*** 0.0283***
(0.0065) (0.0061) (0.0052) (0.0072) (0.0081) (0.0078)
Stove 0.0031 0.0100** -0.0107*** 0.0048 0.0112* -0.0110**
(0.0051) (0.0051) (0.0038) (0.0056) (0.0059) (0.0054)
First_aid_kit -0.0293*** -0.0228*** -0.0039 -0.0283*** -0.0241%** -0.0070
(0.0039) (0.0041) (0.0037) (0.0044) (0.0051) (0.0059)
Pets_allowed -0.0391%** -0.0259*** -0.0220*** -0.0324*** -0.0266™** -0.0116*
(0.0059) (0.0052) (0.0048) (0.0069) (0.0063) (0.0070)
Private_room -0.3813*** -0.3346*** -0.3170*** -0.3550%** -0.3386™** -0.3260%**
(0.0165) (0.0125) (0.0127) (0.0164) (0.0147) (0.0196)
Shared_room -1.045%** -0.9975%** -1.035%** -1.089*** -1.003*** -1.106***
(0.0382) (0.0375) (0.0422) (0.0457) (0.0433) (0.0946)
Seniority 0.0041%** 0.0029*** 0.0012*** 0.0038*** 0.0034*** 0.0014***
(0.0002) (0.0002) (0.0001) (0.0002) (0.0002) (0.0002)
Overall_rating 0.0032*** 0.0035™** 0.0038*** 0.0037*** 0.0044*** 0.0043***
(0.0002) (0.0002) (0.0002) (0.0003) (0.0003) (0.0003)
Num_of_reviews -0.0022*** -0.0021*** -0.0014*** -0.0023*** -0.0021*** -0.0014***
(0.0001) (0.00009) (0.00006) (0.0001) (0.00008) (0.00006)
Num_of_photos 0.0025*** 0.0025*** 0.0020*** 0.0022%** 0.0024*** 0.0019***
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
Response_rate -0.0003*** -0.0004*** -0.0005%** -0.0005*** -0.0005%** -0.0004***
(0.00008) (0.00007) (0.00009) (0.0001) (0.00008) (0.0001)
Superhost 0.0445*** 0.0185*** 0.0176*** 0.0350%** 0.0196*** 0.0168***
(0.0047) (0.0042) (0.0037) (0.0052) (0.0046) (0.0048)
Professional 0.0276™** -0.0039 -0.0123*** 0.0197*** 0.0015 0.0014
(0.0040) (0.0038) (0.0035) (0.0045) (0.0045) (0.0054)
Maximum_guests 0.0822%** 0.0791%** 0.0779*** 0.0822*** 0.0788%** 0.0791%**
(0.0020) (0.0017) (0.0019) (0.0025) (0.0020) (0.0026)
Extra_people_fee 0.00009*** 0.00009*** 0.00010*** 0.00009*** 0.00008*** 0.00010***
(0.000008) (0.00001) (0.00002) (0.000009) (0.00001) (0.00002)
Security_deposit 0.000002** 0.000002*** 0.000007*** 0.000003*** 0.000003*** 0.000007***
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Table A.3: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, national sample (continued)

Dependent Variable: log(ADR)
Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: (1) (2) (3) (4) (5) (6)
(0.0000008) (0.0000008) (0.000001) (0.0000007) (0.0000008) (0.000001)
Minimum_stay 0.0004 0.0002 -0.0002 0.0003 0.0001 -0.0004
(0.0004) (0.0002) (0.0002) (0.0004) (0.0003) (0.0003)
Exact_location -0.0080 0.0057 0.0092** -0.0079 -0.0019 0.0057
(0.0049) (0.0051) (0.0038) (0.0056) (0.0057) (0.0070)
Instantbook -0.0303*** -0.0437*** -0.0004 -0.0256™** -0.0457*** -0.0044
(0.0036) (0.0033) (0.0036) (0.0044) (0.0038) (0.0054)
Competition -0.0001*** -0.0001*** -0.0001** -0.0001** -0.00007** -0.00009**
(0.00004) (0.00003) (0.00004) (0.00005) (0.00003) (0.00004)
Dist_centroid 0.0130* 0.0118** 0.0055 0.0145™* 0.0152%** 0.0149***
(0.0068) (0.0056) (0.0050) (0.0057) (0.0057) (0.0051)
Multifamily_home -0.0835™** -0.0941%** -0.0728*** -0.0798*** -0.0990*** -0.1052***
(0.0073) (0.0085) (0.0084) (0.0076) (0.0087) (0.0113)
Villa 0.1218%** 0.1141%** 0.0732%** 0.1227%** 0.1113*** 0.1110***
(0.0180) (0.0140) (0.0108) (0.0201) (0.0151) (0.0155)
Hostel -0.0364*** -0.0620*** -0.0256** -0.0414*** -0.0662*** -0.0492%***
(0.0100) (0.0105) (0.0126) (0.0115) (0.0128) (0.0190)
Hotel_or_resort 0.1934*** 0.1735%** 0.2387*** 0.1814*** 0.1563*** 0.2196***
(0.0176) (0.0212) (0.0201) (0.0179) (0.0194) (0.0221)
Firm_strict 0.0423%** 0.0409*** 0.0326™** 0.0426*** 0.0468*** 0.0543%**
(0.0053) (0.0051) (0.0049) (0.0064) (0.0059) (0.0075)
Superstrict 0.3372%** 0.3039*** 0.3004*** 0.3380*** 0.3005*** 0.3255***
(0.0399) (0.0371) (0.0394) (0.0421) (0.0365) (0.0414)
Luxe_policy 1.239%** 1.0317%** 1.266™** 0.8330***
(0.1300) (0.1487) (0.1731) (0.1831)
Fized-effects
Neighborhood Yes Yes Yes Yes Yes Yes
reporting_date Yes Yes Yes Yes Yes Yes
reporting_date-cve_mun Yes Yes Yes Yes Yes Yes

Fit statistics

Observations 1,680,917 1,762,057 1,844,180 1,313,034 1,226,580 696,017
R? 0.79557 0.79524 0.78910 0.80655 0.80478 0.82043
Within R? 0.60333 0.58573 0.59169 0.60779 0.59195 0.60821

Clustered (Neighborhood) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table A.4: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, beach municipalities

Dependent Variable:

log(ADR)

Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: 1 ) 3) () () (6)
Bedrooms 0.0310** 0.0453%** 0.0607*** 0.0267 0.0438*** 0.0536™**
(0.0147) (0.0109) (0.0121) (0.0165) (0.0113) (0.0160)
Bathrooms 0.0912%** 0.1285%** 0.1350*** 0.0903*** 0.1295%** 0.1536***
(0.0152) (0.0092) (0.0090) (0.0181) (0.0106) (0.0110)
Gym 0.1083*** 0.1336*** 0.0972*** 0.1087*** 0.1356*** 0.1361***
(0.0126) (0.0159) (0.0218) (0.0132) (0.0153) (0.0186)
Laptop-friendly -0.0145** -0.0009 -0.0081 -0.0131* -0.0058 -0.0084
(0.0064) (0.0075) (0.0050) (0.0074) (0.0085) (0.0077)
Pool_or_jacuzzi 0.3168%** 0.3171%** 0.3085™** 0.3177*%** 0.3145*** 0.2841%**
(0.0165) (0.0111) (0.0102) (0.0170) (0.0134) (0.0139)
Tv 0.0599*** 0.0331*** 0.0179 0.0558*** 0.0337*** 0.0199
(0.0090) (0.0102) (0.0150) (0.0105) (0.0106) (0.0133)
Wifi -0.0376** 0.0031 -0.0172 -0.0420** -0.0067 -0.0106
(0.0172) (0.0135) (0.0143) (0.0175) (0.0162) (0.0209)
Free_parking -0.0018 0.0174 0.0146 0.0012 0.0130 -0.0020
(0.0101) (0.0148) (0.0137) (0.0103) (0.0153) (0.0155)
Elevator 0.1860™** 0.1375%** 0.0988*** 0.1755%** 0.1600™** 0.1434***
(0.0159) (0.0138) (0.0150) (0.0160) (0.0173) (0.0184)
‘Waterfront 0.0838*** 0.1125%** 0.1315%** 0.0973*** 0.1039*** 0.1366™**
(0.0113) (0.0106) (0.0105) (0.0112) (0.0113) (0.0133)
Breakfast 0.0668*** 0.0556*** 0.0956*** 0.0601*** 0.0541** 0.1003***
(0.0204) (0.0170) (0.0198) (0.0219) (0.0233) (0.0269)
‘Washing_machine 0.0537*** 0.0601*** 0.0591*** 0.0542*** 0.0559*** 0.0548***
(0.0097) (0.0081) (0.0111) (0.0093) (0.0092) (0.0104)
Patio_or_balcony 0.0309*** 0.0200%** 0.0269*** 0.0272%** 0.0188** 0.0238**
(0.0077) (0.0076) (0.0064) (0.0093) (0.0088) (0.0114)
Garden_or_backyard -0.0280*** -0.0127 -0.0008 -0.0259** -0.0125 -0.0118*
(0.0093) (0.0083) (0.0055) (0.0105) (0.0100) (0.0065)
Kitchen 0.0242 0.0308** 0.0423*** 0.0256 0.0207 0.0416™**
(0.0179) (0.0143) (0.0115) (0.0171) (0.0185) (0.0148)
Private_living_room 0.0266 0.0454™* 0.0484 0.0169 0.0523** 0.0334
(0.0283) (0.0229) (0.0301) (0.0324) (0.0255) (0.0322)
Dryer 0.0818*** 0.0748*** 0.0791*** 0.0848*** 0.0763*** 0.0753***
(0.0100) (0.0115) (0.0093) (0.0116) (0.0127) (0.0125)
Coffee_machine 0.0524*** 0.0265*** 0.0109 0.0516*** 0.0302%** 0.0162
(0.0082) (0.0092) (0.0092) (0.0097) (0.0110) (0.0126)
Ac 0.1458%** 0.1257%** 0.1340*** 0.1390*** 0.1236*** 0.1332%**
(0.0124) (0.0125) (0.0149) (0.0134) (0.0134) (0.0166)
Cable 0.0013 -0.0011 -0.0098 0.0011 0.0033 0.0079
(0.0068) (0.0076) (0.0069) (0.0077) (0.0082) (0.0089)
Hot_water -0.0328%** -0.0432%** -0.0541*** -0.0403*** -0.0415*** -0.0399***
(0.0062) (0.0068) (0.0063) (0.0068) (0.0085) (0.0111)
Heating 0.0211** 0.0233*** 0.0053 0.0224*** 0.0295*** 0.0168
(0.0084) (0.0084) (0.0101) (0.0086) (0.0091) (0.0106)
Hot_tub 0.1031** 0.1096™ 0.1630* 0.0834™* 0.1125** 0.1391*
(0.0429) (0.0620) (0.0889) (0.0424) (0.0530) (0.0723)
Family_friendly -0.0205 -0.0534 -0.1111* 0.3124™* -0.0284 -0.0635
(0.0263) (0.0451) (0.0613) (0.1326) (0.0610) (0.1032)
Doorman -0.0285** -0.0420™** -0.0166 -0.0273** -0.0327** -0.0198
(0.0120) (0.0156) (0.0124) (0.0134) (0.0154) (0.0160)
Host_checkin -0.0171%** -0.0015 0.0099 -0.0091 -0.0042 -0.0039
(0.0065) (0.0068) (0.0090) (0.0070) (0.0070) (0.0084)
Private_entrance 0.0092** -0.0033 -0.0086 0.0114** 0.0028 -0.0093
(0.0044) (0.0054) (0.0071) (0.0052) (0.0058) (0.0073)
Bed_linens -0.0084 -0.0100 -0.0150** -0.0129 -0.0159* -0.0237***
(0.0073) (0.0079) (0.0066) (0.0083) (0.0087) (0.0088)
Bathtub 0.0414** 0.0456*** 0.0424*** 0.0437** 0.0558%** 0.0479***
(0.0168) (0.0149) (0.0096) (0.0180) (0.0192) (0.0151)
Gas_detector -0.0241** -0.0010 -0.0091 -0.0192* -0.0051 -0.0061
(0.0098) (0.0088) (0.0083) (0.0102) (0.0121) (0.0109)
Toys -0.0429™** -0.0319** -0.0285*** -0.0484*** -0.0359** -0.0377**
(0.0120) (0.0153) (0.0105) (0.0127) (0.0173) (0.0155)
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Table A.4: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, beach municipalities (continued)

Dependent Variable:

log(ADR)

Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: (1) (2) (3) (4) (5) (6)
Cooking_basics -0.0286*** -0.0198* -0.0258*** -0.0323*** -0.0266** -0.0264**
(0.0099) (0.0105) (0.0086) (0.0112) (0.0120) (0.0115)
Crib 0.0559*** 0.0393*** 0.0285%** 0.0557*** 0.0454*** 0.0373***
(0.0090) (0.0124) (0.0098) (0.0095) (0.0119) (0.0090)
Dishes_and_silverware -0.0456*** -0.0383*** -0.0466*** -0.0448*** -0.0335*** -0.0352%**
(0.0103) (0.0100) (0.0097) (0.0105) (0.0125) (0.0120)
Dishwasher 0.0916*** 0.0991%** 0.1130*** 0.1021*** 0.0959*** 0.1024***
(0.0131) (0.0092) (0.0113) (0.0125) (0.0107) (0.0120)
Extra_pillows -0.0163** -0.0137 -0.0087* -0.0172** -0.0102 0.0004
(0.0071) (0.0084) (0.0052) (0.0084) (0.0101) (0.0085)
Fire_extinguisher 0.0250™** 0.0219*** 0.0288*** 0.0198*** 0.0245™** 0.0326™**
(0.0067) (0.0055) (0.0077) (0.0069) (0.0085) (0.0115)
Hair_dryer 0.0316™** 0.0441%** 0.0281%** 0.0285™** 0.0490™** 0.0444***
(0.0089) (0.0086) (0.0090) (0.0106) (0.0104) (0.0123)
Hangers 0.0145** 0.0030 0.0074 0.0114 0.0167** 0.0193*
(0.0064) (0.0069) (0.0078) (0.0073) (0.0078) (0.0106)
High_chair 0.0364* 0.0324 0.0144 0.0488** 0.0493** 0.0533***
(0.0213) (0.0228) (0.0156) (0.0234) (0.0217) (0.0193)
Iron -0.0197*** -0.0282%** -0.0242*** -0.0240*** -0.0295*** -0.0249**
(0.0069) (0.0074) (0.0086) (0.0075) (0.0087) (0.0104)
Bedroom_door_lock -0.1309*** -0.1262%** -0.0968*** -0.1472%** -0.1432%** -0.1222%**
(0.0158) (0.0163) (0.0177) (0.0169) (0.0222) (0.0265)
Bbg-area -0.0074 0.0098 0.0051 -0.0063 0.0024 0.0007
(0.0109) (0.0101) (0.0078) (0.0106) (0.0130) (0.0114)
Oven 0.0279*** 0.0305*** 0.0331%** 0.0326™** 0.0298*** 0.0241**
(0.0071) (0.0089) (0.0112) (0.0080) (0.0099) (0.0100)
Refrigerator -0.0641*** -0.0526™** -0.0272%** -0.0704*** -0.0584*** -0.0365***
(0.0086) (0.0082) (0.0069) (0.0106) (0.0112) (0.0098)
Room_shades -0.0065 -0.0070 -0.0062 -0.0016 -0.0060 -0.0087
(0.0078) (0.0070) (0.0061) (0.0076) (0.0097) (0.0085)
Smoke_detector 0.0208™ 0.0410*** 0.0532%** 0.0213* 0.0336™** 0.0309***
(0.0106) (0.0096) (0.0081) (0.0113) (0.0122) (0.0117)
Stove 0.0009 0.0146 -0.0173%** 0.0033 0.0165* -0.0265***
(0.0084) (0.0090) (0.0062) (0.0094) (0.0096) (0.0073)
First_aid_kit -0.0254*** -0.0229*** -0.0010 -0.0234*** -0.0218*** -0.0053
(0.0057) (0.0057) (0.0060) (0.0060) (0.0070) (0.0082)
Pets_allowed -0.0507*** -0.0398*** -0.0323*** -0.0465*** -0.0424*** -0.0182*
(0.0099) (0.0079) (0.0080) (0.0115) (0.0095) (0.0107)
Private_room -0.2170*** -0.2191%** -0.1951%** -0.1903*** -0.2079%** -0.1840***
(0.0203) (0.0177) (0.0206) (0.0208) (0.0206) (0.0300)
Shared_room -1.137%** -1.079*** -1.122%** -1.165%** -1.097*** -1.392%**
(0.0886) (0.0539) (0.0618) (0.0985) (0.0692) (0.1428)
Seniority 0.0046™** 0.0032*** 0.0015%** 0.0043*** 0.0037*** 0.0016***
(0.0002) (0.0002) (0.0001) (0.0002) (0.0003) (0.0002)
Overall_rating 0.0029™** 0.0033*** 0.0031*** 0.0034*** 0.0041*** 0.0031***
(0.0004) (0.0003) (0.0003) (0.0004) (0.0004) (0.0004)
Num_of_reviews -0.0029™** -0.0025™** -0.0017*** -0.0029*** -0.0025™** -0.0016™**
(0.0002) (0.0002) (0.0001) (0.0002) (0.0002) (0.0001)
Num_of_photos 0.0023*** 0.0021*** 0.0018*** 0.0020%** 0.0021*** 0.0015%**
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
Response_rate -0.0003*** -0.0006*** -0.0006*** -0.0004*** -0.0007*** -0.0005**
(0.00009) (0.0001) (0.0001) (0.0001) (0.0001) (0.0002)
Superhost 0.0417*** 0.0176** 0.0221%** 0.0328*** 0.0187** 0.0190***
(0.0077) (0.0077) (0.0066) (0.0085) (0.0082) (0.0070)
Professional 0.0134** -0.0143** -0.0169*** 0.0038 -0.0086 -0.0105
(0.0060) (0.0063) (0.0052) (0.0068) (0.0073) (0.0079)
Maximum_guests 0.0817*** 0.0696*** 0.0650™** 0.0822%** 0.0684*** 0.0582***
(0.0062) (0.0036) (0.0032) (0.0074) (0.0042) (0.0041)
Extra_people_fee 0.00007*** 0.00007*** 0.00008*** 0.00008*** 0.00007*** 0.00009***
(0.000010) (0.00001) (0.00002) (0.000010) (0.00001) (0.00002)
Security_deposit 0.0000010 0.000001 0.000007*** 0.000003** 0.000002 0.000007***
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Table A.4: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, beach municipalities (continued)

Dependent Variable: log(ADR)
Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: (1) (2) (3) (4) (5) (6)
(0.0000009) (0.000001) (0.000002) (0.000001) (0.000001) (0.000002)
Minimum_stay 0.0008*** 0.0006*** 0.0007*** 0.0006™** 0.0006™** 0.0002
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
Exact_location 0.0008 0.0054 0.0055 -0.0019 -0.0040 -0.0097
(0.0058) (0.0071) (0.0058) (0.0064) (0.0072) (0.0079)
Instantbook -0.0302*** -0.0554%** -0.0136™* -0.0278*** -0.0597*** -0.0186™*
(0.0061) (0.0064) (0.0054) (0.0067) (0.0067) (0.0078)
Competition -0.00006 -0.00005* -0.0001*** -0.00003 -0.00001 -0.0001***
(0.00004) (0.00003) (0.00002) (0.00005) (0.00003) (0.00003)
Dist_centroid 0.0341** 0.0377*** 0.0262** 0.0359*** 0.0401%** 0.0345%**
(0.0144) (0.0133) (0.0125) (0.0125) (0.0115) (0.0121)
Multifamily_home -0.0846™** -0.0886*** -0.0589*** -0.0909*** -0.1065*** -0.1082***
(0.0141) (0.0144) (0.0156) (0.0143) (0.0153) (0.0197)
Villa 0.1320%** 0.1261*** 0.0697*** 0.1406*** 0.1239*** 0.1154***
(0.0284) (0.0210) (0.0163) (0.0326) (0.0224) (0.0190)
Hostel -0.0641*** -0.0969*** -0.0655*** -0.0753%** -0.1125*** -0.0956***
(0.0199) (0.0209) (0.0212) (0.0240) (0.0246) (0.0330)
Hotel_or_resort 0.0844*** 0.1181%** 0.1930™** 0.0670** 0.0720** 0.1409***
(0.0263) (0.0313) (0.0305) (0.0264) (0.0294) (0.0339)
Firm_strict 0.0394*** 0.0317*** 0.0263*** 0.0340*** 0.0386™** 0.0455™**
(0.0089) (0.0079) (0.0083) (0.0107) (0.0096) (0.0114)
Superstrict 0.2837*** 0.2254%** 0.2420%** 0.2697*** 0.2193*** 0.2535™**
(0.0421) (0.0390) (0.0458) (0.0462) (0.0398) (0.0484)
Luxe_policy 1.012%** 0.8462*** 1.048%** 0.6430™**
(0.1277) (0.1413) (0.1699) (0.1717)
Fized-effects
Neighborhood Yes Yes Yes Yes Yes Yes
reporting_date Yes Yes Yes Yes Yes Yes
reporting_date-cve_mun Yes Yes Yes Yes Yes Yes
Fit statistics
Observations 619,339 630,006 631,269 481,527 445,509 250,356
R? 0.77459 0.77148 0.77280 0.78142 0.77839 0.80103
Within R2 0.63992 0.62967 0.63212 0.64190 0.63432 0.65846

Clustered (Neighborhood) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table A.5: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, non-beach municipalities

Dependent Variable:

log(ADR)

Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: <1) @) 3) () () (6)
Bedrooms 0.0189*** 0.0260*** 0.0326™** 0.0198*** 0.0228*** 0.0204***
(0.0033) (0.0047) (0.0060) (0.0038) (0.0037) (0.0053)
Bathrooms 0.0304*** 0.0358*** 0.0521*** 0.0354%** 0.0398*** 0.0472%**
(0.0055) (0.0069) (0.0075) (0.0068) (0.0066) (0.0088)
Gym -0.0123 -0.0045 -0.0010 -0.0176 -0.0230 -0.0153
(0.0124) (0.0127) (0.0132) (0.0148) (0.0172) (0.0198)
Laptop-friendly -0.0224%** -0.0126** -0.0150*** -0.0254*** -0.0091 -0.0174%**
(0.0047) (0.0050) (0.0035) (0.0059) (0.0066) (0.0059)
Pool_or_jacuzzi 0.2905*** 0.3083*** 0.2771%** 0.2907*** 0.2996™** 0.2612%**
(0.0140) (0.0136) (0.0153) (0.0152) (0.0156) (0.0180)
Tv 0.0825™** 0.0664™** 0.0819*** 0.0767*** 0.0572%** 0.0562***
(0.0072) (0.0065) (0.0084) (0.0086) (0.0080) (0.0128)
Wifi -0.0228** -0.0160* -0.0534*** -0.0201* -0.0125 -0.0306™*
(0.0100) (0.0091) (0.0101) (0.0112) (0.0116) (0.0152)
Free_parking 0.0349*** 0.0296*** 0.0266*** 0.0336*** 0.0273*** 0.0174
(0.0071) (0.0071) (0.0071) (0.0081) (0.0086) (0.0115)
Elevator 0.1440*** 0.1324*** 0.1004*** 0.1389*** 0.1368*** 0.1174***
(0.0089) (0.0110) (0.0114) (0.0101) (0.0110) (0.0177)
‘Waterfront 0.0634*** 0.0749*** 0.1153*** 0.0739*** 0.0859™** 0.1204***
(0.0174) (0.0179) (0.0176) (0.0181) (0.0181) (0.0177)
Breakfast 0.0870*** 0.0904*** 0.1544%** 0.0886™*** 0.0840*** 0.1317%**
(0.0119) (0.0114) (0.0168) (0.0154) (0.0146) (0.0239)
‘Washing_machine -0.0044 0.0045 0.0076 -0.0047 0.0025 -0.0020
(0.0060) (0.0066) (0.0062) (0.0069) (0.0081) (0.0093)
Patio_or_balcony 0.0329*** 0.0233*** 0.0348%** 0.0366*** 0.0248*** 0.0343***
(0.0053) (0.0065) (0.0044) (0.0063) (0.0079) (0.0067)
Garden_or_backyard 0.0238*** 0.0256™** 0.0277*** 0.0239*** 0.0252*** 0.0231***
(0.0063) (0.0057) (0.0043) (0.0070) (0.0077) (0.0066)
Kitchen -0.0026 0.0140 0.0152* 0.0065 0.0122 0.0141
(0.0073) (0.0086) (0.0081) (0.0089) (0.0101) (0.0118)
Private_living_room 0.0080 0.0143 -0.0051 0.0181 0.0276* 0.0148
(0.0112) (0.0124) (0.0140) (0.0135) (0.0159) (0.0163)
Dryer 0.0982*** 0.0759*** 0.0707*** 0.0985*** 0.0783*** 0.0613***
(0.0079) (0.0083) (0.0073) (0.0095) (0.0110) (0.0131)
Coffee_machine 0.0584*** 0.0539*** 0.0416*** 0.0610*** 0.0625™** 0.0587***
(0.0067) (0.0078) (0.0051) (0.0078) (0.0093) (0.0088)
Ac 0.1564%** 0.1551%** 0.1620*** 0.1570*** 0.1460*** 0.1426***
(0.0105) (0.0106) (0.0110) (0.0123) (0.0122) (0.0131)
Cable 0.0049 0.0016 -0.0029 0.0088 0.0013 0.0033
(0.0057) (0.0058) (0.0057) (0.0063) (0.0064) (0.0070)
Hot_water -0.0424*** -0.0362%** -0.0405*** -0.0508*** -0.0382%** -0.0540%**
(0.0062) (0.0061) (0.0064) (0.0076) (0.0075) (0.0100)
Heating 0.0391%** 0.0444*** 0.0283*** 0.0419*** 0.0467*** 0.0464***
(0.0078) (0.0082) (0.0084) (0.0084) (0.0101) (0.0120)
Hot_tub -0.0334 0.0781 0.0826 0.0080 0.0830 0.0530
(0.0627) (0.0797) (0.0632) (0.0539) (0.0842) (0.0828)
Family_friendly -0.1039™** -0.1117** -0.0989 -0.2116™ -0.1161* 0.0698
(0.0269) (0.0490) (0.0956) (0.1205) (0.0631) (0.1378)
Doorman 0.0004 0.0045 0.0247** 0.0027 -0.0007 0.0229*
(0.0071) (0.0085) (0.0102) (0.0081) (0.0095) (0.0119)
Host_checkin -0.0176™** -0.0126** -0.0095* -0.0170*** -0.0158** -0.0130*
(0.0045) (0.0059) (0.0054) (0.0053) (0.0069) (0.0075)
Private_entrance 0.0154*** 0.0026 0.0001 0.0135™* 0.0107* 0.0002
(0.0045) (0.0051) (0.0043) (0.0053) (0.0056) (0.0064)
Bed_linens -0.0140** -0.0074 -0.0006 -0.0180*** -0.0132* -0.0112
(0.0056) (0.0069) (0.0058) (0.0064) (0.0075) (0.0076)
Bathtub 0.0179 0.0173 0.0225*** 0.0117 0.0162 0.0188*
(0.0150) (0.0136) (0.0072) (0.0167) (0.0201) (0.0114)
Gas_detector 0.0098 0.0137 -0.0038 0.0187* 0.0264** 0.0259***
(0.0092) (0.0091) (0.0066) (0.0097) (0.0119) (0.0098)
Toys -0.0185* -0.0275™* -0.0464*** -0.0180 -0.0206 -0.0263**
(0.0112) (0.0123) (0.0090) (0.0129) (0.0135) (0.0119)
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Table A.5: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, non-beach municipalities (continued)

Dependent Variable:

log(ADR)

Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: (1) (2) (3) (4) (5) (6)
Cooking_basics -0.0249*** -0.0151%** -0.0211%** -0.0227*** -0.0267*** -0.0323***
(0.0077) (0.0062) (0.0052) (0.0088) (0.0092) (0.0085)
Crib 0.0988*** 0.0864*** 0.0959*** 0.0995*** 0.0879*** 0.1011%**
(0.0129) (0.0118) (0.0109) (0.0134) (0.0148) (0.0123)
Dishes_and_silverware -0.0563*** -0.0540*** -0.0646™** -0.0615*** -0.0481*** -0.0685***
(0.0077) (0.0067) (0.0058) (0.0088) (0.0090) (0.0093)
Dishwasher 0.0782%** 0.0652%** 0.0670™** 0.0831%*** 0.0828*** 0.0880%***
(0.0118) (0.0112) (0.0088) (0.0133) (0.0129) (0.0127)
Extra_pillows -0.0292%** -0.0276™** -0.0341%** -0.0289*** -0.0223%** -0.0197***
(0.0059) (0.0068) (0.0052) (0.0066) (0.0080) (0.0064)
Fire_extinguisher 0.0437*** 0.0380™** 0.0259™** 0.0460*** 0.0424™** 0.0402***
(0.0056) (0.0056) (0.0052) (0.0063) (0.0074) (0.0088)
Hair_dryer 0.0022 0.0240*** 0.0254™** 0.0037 0.0243*** 0.0288™*
(0.0076) (0.0079) (0.0070) (0.0090) (0.0094) (0.0113)
Hangers 0.0089 0.0056 0.0100** 0.0171** 0.0090 0.0092
(0.0064) (0.0056) (0.0051) (0.0073) (0.0071) (0.0087)
High_chair 0.0105 0.0183 0.0238*** 0.0069 0.0143 0.0205
(0.0223) (0.0238) (0.0076) (0.0255) (0.0310) (0.0160)
Iron -0.0016 -0.0134** -0.0257*** -0.0032 -0.0081 -0.0145*
(0.0054) (0.0056) (0.0050) (0.0062) (0.0070) (0.0081)
Bedroom_door_lock -0.0793*** -0.0960*** -0.0745%** -0.0966*** -0.0954*** -0.0894***
(0.0073) (0.0082) (0.0077) (0.0097) (0.0106) (0.0152)
Bbg-area -0.0069 0.0047 0.0145*** -0.0064 0.0026 0.0056
(0.0090) (0.0086) (0.0053) (0.0101) (0.0114) (0.0086)
Oven 0.0371%** 0.0323*** 0.0260*** 0.0332%** 0.0350™** 0.0326***
(0.0061) (0.0061) (0.0045) (0.0073) (0.0074) (0.0086)
Refrigerator -0.0579™** -0.0403*** -0.0142*** -0.0609*** -0.0517*** -0.0245***
(0.0074) (0.0065) (0.0049) (0.0086) (0.0093) (0.0080)
Room_shades 0.0025 0.0038 0.0034 -0.0029 -0.0020 -0.0159™*
(0.0064) (0.0059) (0.0053) (0.0076) (0.0079) (0.0072)
Smoke_detector 0.0221%** 0.0304*** 0.0403*** 0.0183** 0.0248** 0.0192**
(0.0074) (0.0075) (0.0062) (0.0085) (0.0099) (0.0091)
Stove 0.0049 0.0087 -0.0021 0.0058 0.0093 0.0048
(0.0060) (0.0057) (0.0045) (0.0067) (0.0070) (0.0068)
First_aid_kit -0.0282%** -0.0182%** 0.000002 -0.0284*** -0.0223*** -0.0053
(0.0047) (0.0054) (0.0041) (0.0058) (0.0069) (0.0075)
Pets_allowed -0.0279*** -0.0155** -0.0171%** -0.0201*** -0.0138* -0.0075
(0.0066) (0.0062) (0.0057) (0.0075) (0.0075) (0.0086)
Private_room -0.4516*** -0.3799%** -0.3601*** -0.4226*** -0.3906™** -0.3809***
(0.0126) (0.0126) (0.0119) (0.0133) (0.0150) (0.0199)
Shared_room -1.023*** -0.9553%** -0.9918%** -1.069*** -0.9628%** -0.9884%**
(0.0415) (0.0472) (0.0518) (0.0508) (0.0531) (0.1117)
Seniority 0.0038*** 0.0028*** 0.0010*** 0.0036™** 0.0034*** 0.0013***
(0.0002) (0.0002) (0.0001) (0.0003) (0.0002) (0.0003)
Overall_rating 0.0033*** 0.0035™** 0.0043*** 0.0039*** 0.0043*** 0.0054***
(0.0003) (0.0002) (0.0003) (0.0004) (0.0003) (0.0005)
Num_of_reviews -0.0020™** -0.0019™** -0.0013*** -0.0020*** -0.0019™** -0.0013***
(0.0001) (0.00009) (0.00007) (0.0001) (0.00008) (0.00006)
Num_of_photos 0.0026*** 0.0028*** 0.0020*** 0.0024*** 0.0027*** 0.0022%**
(0.0002) (0.0002) (0.0003) (0.0002) (0.0002) (0.0002)
Response_rate -0.0004*** -0.0003*** -0.0005*** -0.0005*** -0.0004*** -0.0004**
(0.0001) (0.00009) (0.0001) (0.0001) (0.00010) (0.0002)
Superhost 0.0450*** 0.0179*** 0.0138*** 0.0362%** 0.0196*** 0.0138**
(0.0056) (0.0048) (0.0040) (0.0062) (0.0054) (0.0060)
Professional 0.0348%** 0.0047 -0.0075* 0.0287*** 0.0102** 0.0142**
(0.0045) (0.0042) (0.0044) (0.0054) (0.0051) (0.0064)
Maximum_guests 0.0812%** 0.0815*** 0.0823*** 0.0814*** 0.0816™** 0.0861***
(0.0019) (0.0019) (0.0019) (0.0022) (0.0022) (0.0029)
Extra_people_fee 0.0001*** 0.0001*** 0.0001*** 0.0001%*** 0.0001*** 0.0001%***
(0.00001) (0.00002) (0.00003) (0.00002) (0.00002) (0.00002)
Security_deposit 0.000002*** 0.000002*** 0.000005*** 0.000002*** 0.000002** 0.000005***
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Table A.5: Effect of amenities on log average daily rate of Airbnb listings. All amenities,
all listings and stable listings, non-beach municipalities (continued)

Dependent Variable:

log(ADR)

Pre-pandemic Pandemic Post-pandemic Pre-pandemic Pandemic restrictions Post-pandemic
restrictions restrictions stables stables restrictions stables
Model: () ) 3) (4) ) )
(0.0000007) (0.0000009) (0.000001) (0.0000008) (0.0000010) (0.000001)
Minimum_stay -0.0006** -0.0005** -0.0008*** -0.0008** -0.0006** -0.0013***
(0.0002) (0.0002) (0.0002) (0.0003) (0.0003) (0.0003)
Exact_location -0.0113 0.0082 0.0138*** -0.0095 0.0011 0.0209**
(0.0074) (0.0072) (0.0048) (0.0084) (0.0081) (0.0096)
Instantbook -0.0265™** -0.0350™** 0.0085* -0.0207*** -0.0350*** 0.0113*
(0.0044) (0.0036) (0.0043) (0.0058) (0.0042) (0.0068)
Competition -0.0001** 0.00005 0.00006 -0.0002*** 0.00003 0.00007
(0.00005) (0.00007) (0.00005) (0.00006) (0.00006) (0.00006)
Dist_centroid -0.0120* -0.0117*** -0.0125%** -0.0116™ -0.0109** -0.0086
(0.0062) (0.0044) (0.0046) (0.0059) (0.0051) (0.0052)
Multifamily_home -0.0790™** -0.0919*** -0.0802*** -0.0716*** -0.0888*** -0.0983***
(0.0079) (0.0092) (0.0089) (0.0086) (0.0097) (0.0127)
Villa 0.0844*** 0.0774*** 0.0611*** 0.0791*** 0.0722*** 0.0715***
(0.0132) (0.0127) (0.0115) (0.0157) (0.0150) (0.0189)
Hostel -0.0360*** -0.0588*** -0.0228 -0.0402*** -0.0589*** -0.0437**
(0.0114) (0.0122) (0.0147) (0.0125) (0.0147) (0.0218)
Hotel_or_resort 0.2400™** 0.1918%** 0.2446™** 0.2243%** 0.1890™** 0.2419***
(0.0202) (0.0260) (0.0230) (0.0208) (0.0247) (0.0277)
Firm_strict 0.0425™** 0.0485™** 0.0365™** 0.0478%** 0.0538*** 0.0612%**
(0.0054) (0.0061) (0.0056) (0.0060) (0.0066) (0.0089)
Superstrict 0.3827%** 0.3439*** 0.3289*** 0.4183*** 0.3634™** 0.3452***
(0.0561) (0.0505) (0.0586) (0.0439) (0.0551) (0.0712)
Fized-effects
Neighborhood Yes Yes Yes Yes Yes Yes
reporting_date Yes Yes Yes Yes Yes Yes
reporting_date-cve_mun Yes Yes Yes Yes Yes Yes
Fit statistics
Observations 1,061,578 1,132,051 1,212,911 831,507 781,071 445,661
R? 0.78036 0.78687 0.78192 0.79474 0.79754 0.81648
Within R2 0.59277 0.57036 0.57966 0.59890 0.57755 0.59272
Clustered (Neighborhood) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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B Evidence on changing traveler composition during the pan-
demic

We provide some descriptive data on traveler composition in Figure B.5. We compile
data on flight arrivals by origin and destination from Mexico’s Trade and Transportation
Department.'® Panel (a) shows the ratio of international to national flight arrivals in
our period of analysis. Before the pandemic, about half of the passengers who landed
in Mexican airports came from abroad, and the other half came from flights within the
country. The share of international arriving passengers dropped sharply at the onset
of the pandemic in 2020. It recovered steadily throughout 2021, except for a brief drop
that coincided with a new surge in SARS-CoV-2 contagion. By August 2021, the share
of international passenger arrivals was close to pre-pandemic levels.

Suppose the changes in valuation that we document in section 4 were entirely due
to an increased share of international customers with different tastes. In that case, we
should see a reversal in the trends of the hedonic coefficients in Figure 3 as the share of
international passengers returns to pre-pandemic levels. Instead, we see that the trends
in the coefficients seem to be persistent, with the possible except those associated with
pools in Panel (c). It is possible, however, that the composition of international tourists
changed.

In Figure B.5, panel (b), we show that national and international passenger arrivals
increased in beach destinations relative to city destinations after the pandemic. The
changes persist by the end of our analysis period. This phenomenon would be consistent
with a change in consumers’ preferences for beach versus non-beach destinations or with
a shift in the composition of tourists: customers who did not travel previously may now
be traveling to beaches.

Figure B.6 examines whether there are composition changes in national and interna-
tional arrivals groups. The Figure shows seasonally-adjusted national and international
arrivals at the main airports in both beach and non-beach destinations. Panels (a) and
(b) show the share of national arrivals at main airports. During the pandemic, the
share of arrivals to Mexico City and other airports fell relative to the share arriving at
other destinations, such as Guadalajara or Monterrey. By the post-pandemic period,
this compositional change had reverted, but Tijuana had become a more important

destination. For beach destinations, there is little evidence of composition change in

16 We use data on passenger arrivals from commercial, charter, and private flights from Aeropuertos
y Servicios Auxiliares, an airport oversight entity affiliated with the Transportation and Commerce
Department.
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Figure B.5: Ratios of flight passenger arrivals by origin and destination

(a) Ratio of international to national arrivals (b) Beach arrivals/city arrivals, by origin
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Source: Aeropuertos y Servicios Auxiliares. The data includes all passenger arrivals in Mexico through commercial, charter, or private
flights. The first vertical line (red) is in March 2020. The second vertical line (blue) is in May 2022.

the post-pandemic period relative to the pre-pandemic period in Panel (b).

Panels (c¢) and (d) show international arrivals. The share of arrivals to Mexico City
decreased substantially during the pandemic restrictions period and remained depressed
relative to other non-beach destinations. Therefore, some of the valuation changes may
be due to the different preferences of these consumers traveling to other cities. Panel
(d), in contrast, shows that changes in composition of arrivals to beach destinations

have largely disappeared in the post-pandemic period.
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Figure B.6: Number of flight passenger arrivals to airports by origin and destination

(a) National Arrivals to Non-Beach Airports
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Data are seasonally adjusted. The data includes all passenger arrivals in Mexico through

commercial, charter or private flights. The first vertical line (red) is in March 2020. The second vertical line (blue) is in May of 2022.
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