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Abstract

Because individual listing data for Airbnb typically are not publicly available, private companies have emerged to estimate the
performance of Airbnb listings. The implicit assumption of a growing number of academics, policymakers, and consultants
is that Airdna’s performance measures are directly comparable with those of STR. We argue that Airdna’s measures of
Occupancy, Average Daily Rate (ADR), and Revenue per Available Room (RevPAR) do not conform to industry standards
and exhibit significant bias. We expand available evidence by explicitly quantifying the sources and magnitude of the biases
for Airdna’s performance measures for Airbnb listings. Using Airdna’s individual listing data for Virginia between the first
quarter of 2015 and the 4th quarter of 2019, we find, on average, Airdna’s performance measures for Occupancy, ADR,

and RevPAR were biased upward by 60 percent, 78 percent, and 179 percent, respectively.
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Introduction

The remarkable growth of Airbnb over the previous decade
has generated a significant amount of interest from acade-
micians, policymakers, and the popular press. Whether and
under what conditions localities should legally allow short-
term rentals remains a matter of contentious debate; a
debate that often relies on data regarding the performance
of Airbnb properties. Detailed data from Airbnb regarding
property performance, however, are not readily available,!
creating an opportunity for private firms that harvest pub-
lic-facing data to estimate the performance of Airbnb list-
ings. Airdna is widely considered to be a leading purveyor
of Airbnb listing data and provides a valuable service to
those without direct access to Airbnb listing data. Questions,
however, remain about how Airdna calculates its measures
of Average Daily Rate (ADR), Occupancy, and Revenue per
Available Room (RevPAR), whether these measures con-
form to industry standard, and the extent of bias (if any)
(Agarwal et al., 2019).2

In this paper, we replicate and extend the literature with
regards to Airdna’s performance measures. We find, consis-
tent with the literature, that the use of booked listings (prop-
erties that are rented at least one night a month) instead of
available listings (properties that are active, available for
rent, and may or may not be rented during a given month)
inflates measures of occupancy and RevPAR. We extend
the literature by identifying and quantifying an additional

source of bias: the use of listings nights instead of listing
room nights. Airdna explicitly assumes that the number of
rooms in each Airbnb listing is equal to one and uses listing
nights to determine measures of occupancy, ADR, and
RevPAR. This assumption, however, is not supported by the
available evidence and introduces another source of bias.
Given a growing number of studies use Airdna data without
adjustment, this question is timely and pertinent to the
debate in the literature on the determinants and impacts of
short-term rentals.

We estimate the extent of these biases using data for
Virginia from the fourth quarter of 2014 to the fourth quar-
ter of 2019. We explicitly exclude data for 2020 due to the
impact of COVID-19 on the short-term rental industry in
the United States. We find Airdna’s performance measures
for Occupancy, ADR, and RevPAR were biased upward by
60%, 78%, and 179%, respectively, for Virginia for this
period. The magnitude of these biases is not trivial and ren-
ders a direct comparison of Airdna’s performance measures
with those of STR difficult without adjustment.
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Our purpose is not to cast aspersions on Airdna, a pri-
vate firm that provides a valuable service and can choose
to define its performance measures as it seems fit. We
applaud Airdna for its willingness to discuss with us its
data and the methodological foundations of its public-fac-
ing performance measures. However, we demonstrate that
an increasing number of analysts and decision makers
implicitly assume that Airdna’s performance measures are
directly comparable with those of STR. Given Airdna’s
dominant position in the Airbnb performance measure-
ment marketplace and recent expansion into providing
data on HomeAway listings, it is important that those
using these data understand that Airdna often defines vari-
ables in a manner inconsistent with definitions accepted
and used by respected sources such as STR.

The remainder of the paper is structured as follows. In the
next section, we briefly review the extant literature on the
use of Airdna data to examine the performance of Airbnb. In
the third section, we discuss the methodological differences
between Airdna’s and STR’s measures. We use Airdna data
for Virginia to illustrate the magnitude of the potential
biases. The concluding section places our findings in context
and offers suggestions on how to correct for these biases.

A Brief Review of the Literature

Many of the previous analyses of the impact of Airbnb have
relied on user experience surveys (Guttentag & Smith,
2017), the scraping of Airbnb’s public-facing data at spe-
cific periods of time (Ert et al., 2016; Fang et al., 2016;
Zervas et al., 2015, 2017), or obtaining access to Airbnb’s
proprietary data (Farronato & Fradkin, 2018; Fradkin et al.,
2018). However, user experience surveys may not be repli-
cable because the surveys are sensitive to geographical
location and time period. Studies that utilize public-facing
data may be constrained in terms of their ability to track the
performance of properties across time. The results may also
not be replicable because public-facing Airbnb data changes
across time. Finally, while proprietary Airbnb data are obvi-
ously preferred, these data are not yet widely available and
thus cannot be replicated by researchers who do not have
access to Airbnb listing data.

A growing number of popular press articles, consulting
studies, and peer-reviewed manuscripts rely on Airdna
data to estimate Airbnb activities. Airdna data are used to
examine host characteristics, including noting differences
between Airbnb and couch surfing hosts (Jung et al.,
2016). Airdna data are also used to examine if obtaining
and maintaining reputable ratings is important for “super-
hosts” (Gunter, 2018). In London, Phoenix, and Sydney,
Airdna data (not surprisingly) suggest that the number of
listings is highly correlated with distance from the urban
core (Pettit et al., 2018). In these cases, Airdna data may

prove useful and reasonably reliable as these studies rely
on the characteristics or absolute number of listings rather
than the performance of listings.

Airdna data have been used to examine the development
of Airbnb in the United States and other countries, to include
Austria (Gunter & Onder, 2018), Canada (Sovani &
Jayawardena, 2017), France (Cui & Hu, 2018; Heo et al.,
2019), Hungary (Boros et al., 2018), Italy (Rubino &
Coscia, 2019), the Netherlands (Boswijk, 2017; Ioannides
et al., 2019), and South Africa (Visser et al., 2017), among
others. HVS (Hotel Evaluations and Appraisals) employed
Airdna data to estimate the impact of Airbnb on the New
York City lodging market and found that Airbnb poses a
significant threat to hoteliers’ revenues (HVS, 2015). CBRE
(Commercial Business Real Estate) found that Airbnb not
only is growing rapidly in major metropolitan areas, but
also concluded that in some localities, Airbnb ADR exceeds
hotel ADR (Lane & Woodworth, 2016).

A growing number of studies employ Airdna data to
investigate the impact of Airbnb on the traditional lodging
sector, long-term rentals, and employment, among others
(Dell et al., 2017; Destefanis et al., 2020; Gibbs et al., 2018;
Horn & Merante, 2017; Kwok & Xie, 2019; Mody et al.,
2017; Xie & Kwok, 2017; Xu et al., 2019). Increases in the
density of Airbnb rentals appear to place upward pressure
on rents in major French cities, although the authors used
booked listings instead of available listings as a measure of
supply (Ayouba et al., 2019). In Paris, Airbnb does not
appear to be in direct competition with traditional hotels,
although the authors explicitly assume that an entire place
listing is one room, regardless of the actual number of phys-
ical bedrooms (Heo et al., 2019). Airbnb listings appear to
affect ADR but not hotel occupancy (Dogru, Mody, et al.,
2020) and RevPAR (Dogru, Hanks, et al., 2020). Many of
these studies appears to use Airdna performance data with-
out adjustment.

Comparing Methodologies: When Is a
Listing a Listing?

Airbnb defines an active listing as a property that is listed on
Airbnb and appears during a property search. Airbnb explic-
itly states that property availability does not determine
whether a listing is active or not (Airbnb, 2021). We agree
with Airdna that numerous lapsed properties are listed on
Airbnb, that these properties are vestiges of attempts to rent
a property, and that these properties often are not actually
available for rent. Airdna examines whether an individual
property had at least one day available a month available to
guests for rent, if the Airbnb calendar for the property was
visible to potential renters, and whether the property owner
was accepting reservations (Airdna, 2020). Properties that
meet these categories are identified as available listings.
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Table 1.
Airdna Variables and Definitions.
Term Definition Variable
Active listing A property listing that appears during a search of Airbnb. —
Available listing An indicator whether an Airbnb property i was (a) available for AL,
guests to rent at least one day during the month j, (b) had
an Airbnb calendar that was visible to potential renters, and
(c) had an owner that was accepting reservations during the
month. Only available listings are included in the analysis.
Booked listing An indicator whether property i was available and booked for at BL,
least one night during month j.
Hotel comparable listing A property listing with one bedroom, typically an apartment, —
condominium, small home, or studio.
Rented nights Number of rental nights for property i for month j. RTN;,
Revenue Rental revenue for property i for month j. REV;
Rooms Number of rooms for property i for month j. RO.

For clarity, we present Airdna’s and our variables and defini-
tions in Tables 1 and 2, respectively.

From the set of available listings, Airdna estimates which
properties have at least one reserved night in a month
and classifies these properties as booked listings. Airdna
estimates the performance of listings based on booked, not
available, listings. This assumption explicitly constrains
Airbnb’s market supply to only those listings that have at
least one booking in a month. For example, if a listing is
blocked for 10 days for the month of June and is rented for
one day during the month, it is included in booked listings
for 20 days. However, if the same listing is not rented at all
during the month, it is simply excluded from Airdna’s mea-
sure of supply. Anecdotal evidence and prior experience
might support this argument but this assumption conflicts
with the widely accepted definition for availability for the
traditional lodging sector.

The number of booked listing nights is simply equal to
the number of nights that a property is booked for rental in
a month and is explicitly assumed to be independent of the
number of rooms in the listing.?> Obviously, if the listing is
for one bedroom (including shared, private rooms, studios,
and one-room homes) only, there is no distinction between
booked listing nights and booked listing room nights. On
the other hand, if the listing contains more than one bed-
room, then booked listing nights and booked listing room
nights are not equivalent.

Even if one were to ignore the potential bias introduced
through the use of booked listing nights instead of booked
listing room nights, there is another source of potential bias.
The industry standard for measuring market supply is the
number of available rooms in each period, regardless of
whether rooms were booked or unbooked during this time.
We argue that the measure comparable to the industry stan-
dard should be available listing room nights. Even if a list-
ing had one room, the use of booked listings would likely

understate the supply of rooms unless booked listings
equaled available listings.

Table 3 compares estimates of all available and booked
listings, excluding shared rooms,* in Virginia from the first
quarter of 2015 to the fourth quarter of 2019.° Of the 14,770
available listings in the fourth quarter of 2019 in the
Commonwealth, for example, Airdna determined that
12,822 available listings were booked and should be
included in the analysis. This methodological decision
reduced the supply of available listing nights in Virginia
from 383,813 to 336,836 for the fourth quarter of 2019. If
we examine available listing room nights, the difference
becomes even more apparent. Using Airdna’s approach, we
estimate that available listing room nights in the fourth
quarter of 2019 for Virginia were 697,733. On the other
hand, if we use the industry standard of including booked
and unbooked listings in the estimate of market supply,
there were 787,863 available listing room nights in this
period, a difference of 90,129 room nights.

A potential critique of our argument is that the booking
process of Airbnb is different than the traditional lodging
industry in that the owner must accept the reservation
request. If the owner rejects the request, then the listing is
available to be booked but is not truly available. It is entirely
possible that owners could forget to block dates in the reser-
vation calendar, change their minds upon receiving a reser-
vation request, or engage in outright discrimination and
reject the reservation. However, this would have to occur
thousands of times of year (or more) to explain the differ-
ence between available listings and booked listings if one
were to accept the arguments that booked listings constitute
amore appropriate measure of supply. Without more detailed
information from Airbnb on how many reservation requests
are made and then rejected by owners, we cannot answer the
question with complete certainty. We ask the reader to keep
this potential (though highly unlikely) caveat in mind.
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Table 2.

Calculated Variables and Definitions.

Term Definition Variable
Available listing nights Number of nights property i was available for rent in ALN;

Available listing room nights
Booked listing nights
Booked listing room nights

Rented room nights

Airdna ADR

STR comparable ADR

Airdna occupancy

STR comparable occupancy

Airdna RevPAR

STR omparable RevPAR

month j.

Number of room nights that were available to rent for
property i in month j.

Number of booked nights for property i in month j, if
booked listing nights were one or more.

Number of booked room nights for property i in month
j, if booked listing nights were one or more.

Number of rented room nights for property i in month ji.

ADR, as defined by Airdna, is equal to the ratio of total
revenue to total rented nights for a given month.

STR comparable ADR is equal to the ratio of total
revenue to total rented room nights for a given month.

Occupancy, as defined by Airdna, equals the ratio of
total rented nights to total booked listing nights for a
given month.

STR comparable occupancy equals the ratio of total
rented room nights to total available listing room
nights for a given month.

RevPAR, as defined by Airdna, equals the ratio of total
revenue to total number of booked listing nights for a
given month.

STR comparable RevPAR equals the ratio of total
revenue to total available listing room nights for a given
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Note. ADR = Average Daily Rate; RevPAR = Revenue per Available Room.

Comparing Methodologies: ADR,
Occupancy, and RevPAR

Airdna estimates ADR as the ratio of total revenue to total
rented nights (Equation 1). We argue, however, that for
ADR for an Airbnb properties to conform to industry stan-
dard, it should be equal to the ratio of total revenue to total
rented room nights (Equation 2). These measures are only
equivalent if all properties have one room for the month in
question, otherwise Airdna’s ADR measure is biased
upward:

ADRY === — (1)

n

RTN..

i=1 v

" REV,
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Airdna estimates occupancy in each month as the ratio of
rented nights to total booked listing nights (Equation 3). As
with ADR, we argue that this measure does not conform to
the industry standard as STR defines occupancy as the ratio
of rooms sold (rented) to rooms available. We argue for
occupancy should be equal to the ratio of rented room nights
to available listing room nights (Equation 4). Airdna’s occu-
pancy measure only conforms to the industry standard if the
number of rooms are equal to one across all properties and
if the number of booked listing nights is to the number of
available listing nights:
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Table 3.
Average Quarterly Airbnb Listings in Virginia First Quarter 2015 to Fourth Quarter 2019.

Available Available Booked Booked Rented

Awvailable listing listing room Booked listing listing room Rented room

Quarter listings nights nights listings nights nights nights nights
Ql 2015 2,511 65,901 107,957 1,003 26,011 40,740 9,304 13,864
Q22015 3,081 72,968 119,760 1,715 40,517 64,044 17,399 25,540
Q32015 3,906 90,273 148,666 2,220 52,369 83,365 22,441 33,892
Q42015 4,305 106,638 179,825 2,443 60,303 102,108 22,420 35,463
Ql 2016 4,829 126,637 215,996 2,476 64,240 108,669 25,526 40,137
Q22016 5,806 148,373 263,248 4,098 105,654 189,038 49,090 82,897
Q32016 6,662 169,646 304,259 4,815 123,766 223,706 60,092 104,754
Q42016 7,285 192,086 341,594 5,006 133,151 240,709 56,595 98,054
Ql 2017 7,940 203,577 379,178 4,774 122,735 221,056 48,766 83,820
Q22017 9,215 236,921 468,615 6,844 177,168 346,412 86,780 159,983
Q32017 10,308 266,660 530,923 7,721 201,186 406,111 102,242 194,119
Q42017 10,734 286,630 567,007 7,542 201,267 384,601 89,928 163,671
Ql 2018 10,802 281,911 556,724 6,345 164,251 305,437 70,486 123,352
Q22018 11,936 308,295 623,241 9,228 241,098 475,840 124,223 232,771
Q32018 13,078 338,944 681,830 10,337 269,855 546,326 153,088 311,332
Q42018 13,139 349,617 688,063 10,152 271,487 543,599 131,649 263,116
Ql 2019 12,406 326,908 641,718 8,517 225,257 446,824 101,646 196,843
Q22019 14,388 376,892 757,859 12,006 318,678 646,587 175,396 348,166
Q32019 15,015 383,778 785,882 13,405 350,377 725,492 201,109 411,595
Q42019 14,770 383,813 787,863 12,822 336,836 697,733 155,685 306,549

Source. Airdna (2020) and authors’ calculations.

Note. Shared rooms are not included in the analysis. Monthly estimates and estimates including shared rooms are available upon request.
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Finally, Airdna defines RevPAR as the ratio of total rev-
enue to total booked listing nights (Equation 5). We argue
that RevPAR should be the ratio of total revenue to total
available listing room nights and that our measure conforms
more closely to industry standard. As noted previously, the
exclusion of unbooked listings and the assumption that list-
ings only have one room understate market supply. For the
subset of properties with one room, this assumption may be
tenable, but for the majority of properties, this assumption
would appear to bias Airdna’s RevPAR measure upward:

" REV,
RevPAR? = :'—J (%)
" BLN;
REV,
RevPAR'N = L (6)
D ALNRO;

Table 4 provides a comparison of the performance
measures. We find that, on average, between the first
quarter of 2015 and the fourth quarter of 2019, occupancy
was biased upward by 59.9 percent, ADR was biased
upward by 78.2 percent, and RevPAR was biased upward
by 178.8 percent. Our argument is straightforward: to
compare the performance of Airbnb properties with tradi-
tional hotel properties, one must account for the varia-
tions in methodology.

Table 5 displays occupancy, ADR, and RevPAR for
Airbnb properties and hotels for Virginia from the first
quarter of 2015 through the fourth quarter of 2019. We pro-
vide Airdna’s and our estimates of Airbnb’s performance
for this period. A direct comparison of the performance
measures provided by STR and Airdna might lead one to
conclude that Airbnb listings outperform, on average, the
hotel industry with respect to ADR and RevPAR. Yet, we
have argued that these measures are not directly comparable
and may lead to a spurious conclusion regarding the perfor-
mance of Airbnb listings. When we account for the exclu-
sion of unbooked listings and account for the difference
between room nights and nights, we obtain estimates of
Airbnb performance that are directly comparable to the
STR measures. We find that the traditional lodging industry,
on average, outperformed Airbnb for Virginia for the sam-
ple period. Accounting for the significant upward bias pro-
duces a markedly different conclusion.
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Table 4.

Quarterly Performance Measures of Airbnb Properties in Virginia First Quarter 2015 to Fourth Quarter 2019.

Airdna STR comparable Estimated bias
Occupancy Occupancy ADR Occupancy RevPAR

Quarter ADR (%) RevPAR ADR (%) RevPAR (%) (%) (%)

QI 2015 $108.57 358 $38.84 $72.86 12.9 $9.37 49.0 178.2 314.6
Q22015 $114.96 42.9 $49.37 $78.34 21.3 $16.70 46.7 101.4 195.6
Q32015 $119.63 42.8 $51.24 $79.19 228 $18.05 511 87.9 183.8
Q42015 $126.62 372 $47.07 $80.00 19.7 $15.78 58.3 88.4 198.2
Ql 2016 $119.42 39.7 $47.45 $75.93 18.6 $14.11 57.3 113.8 236.3
Q22016 $143.61 46.5 $66.73 $85.03 31.5 $26.77 68.9 47.6 149.2
Q32016 $146.11 48.5 $70.93 $83.80 344 $28.85 743 41.0 145.9
Q42016 $140.83 42.5 $59.85 $81.26 28.7 $23.31 733 48.1 156.7
Ql 2017 $144.37 39.7 $57.36 $83.96 22.1 $18.56 720 79.7 209.1
Q22017 $163.38 49.0 $80.05 $88.60 34.1 $30.25 84.4 43.5 164.6
Q32017 $167.73 50.8 $85.28 $88.33 36.6 $32.31 89.9 39.0 164.0
Q42017 $149.00 44.7 $66.59 $81.91 28.9 $23.63 81.9 54.9 181.8
Ql 2018 $132.74 42.9 $56.98 $75.86 222 $16.81 75.0 93.8 239.1
Q22018 $163.18 515 $84.10 $87.09 373 $32.53 87.4 38.0 158.5
Q32018 $186.33 56.7 $105.73 $91.60 45.7 $41.84 103.4 242 152.7
Q42018 $180.12 48.5 $87.37 $90.13 382 $34.47 99.8 26.8 153.5
QI 2019 $162.69 45.1 $73.45 $84.07 30.7 $25.78 93.5 47.2 184.9
Q22019 $183.01 55.1 $100.76 $92.18 45.9 $42.36 98.5 19.8 137.9
Q32019 $193.29 574 $110.99 $94.46 524 $49.47 104.6 9.6 124.4
Q42019 $176.95 50.1 $88.56 $90.60 43.5 $39.42 95.3 15.0 124.7

Source. Airdna (2020) and authors’ calculations.

Note. Shared rooms are not included in the analysis. Monthly estimates and estimates including shared rooms are available upon request. Bias is the
ratio of Airdna’s performance measure to our adjusted performance measure. STR comparable measures of performance are defined in Table 2. ADR

= Average Daily Rate; RevPAR = Revenue per Available Room.

Concluding Thoughts

We acknowledge that Airdna and similar firms provide a
valuable service in the absence of publicly available data on
the operations of Airbnb. Academicians, policymakers, and
other interested parties must have information to assess
accurately the potential impact of Airbnb on traffic, noise,
tax collections, crime, hoteliers, neighborhood rents, and
other questions of interest. While other methods might be
employed to generate data, as it stands, Airdna and similar
firms provide valuable aggregated data on market condi-
tions that are readily accessible to interested parties.

In this paper, we have extended the literature regarding
the substantial bias in Airdna’s performance measures of
Airbnb listings. Our concern is that many who use Airdna’s
performance measures assume that these measures are
directly comparable to the widely accepted standard mea-
sures of hotelier performance. We have demonstrated that
these measures are, in fact, not directly comparable and
that, when one adjusts Airdna’s measures to adhere to stan-
dard definitions of occupancy, ADR, and RevPAR, these
performance measures are significantly lower than reported
by Airdna, especially for multi-room properties.

It is not our intent to discourage interested individuals
from using Airdna’s data because the firm provides a valu-
able service. Instead, we contend that Airdna should pro-
vide measures of performance that are directly comparable
to STR’s long established definitions and data. In the
interim, we strongly suggest that researchers and other
parties adjust Airdna’s data to account for the biases noted
in this paper. We conclude the use of booked listing nights
by Airdna rather than available listing room nights is the
primary channel through which the biases occur. Airdna
provides individual listing data that typically contain
information about the property type, number of bedrooms,
number of reservation days, number of days the property
was available for the month, and revenue generated. The
data also include information on available and booked list-
ings. Using these data along with the definitions in Table 2
demonstrates that our proposed adjustments are not only
feasible but also produce metrics that are directly compa-
rable with STR’s measures of ADR, Occupancy, and
RevPAR.

In conclusion, researchers, analysts, and decision makers
should take care to understand the properties of the Airdna
data. It is important to exclude, for example, inactive
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Table 5.
Comparison of Performance Measures for Hotels and Airbnb Properties in Virginia First Quarter 2015 to Fourth
Quarter 2019.
STR estimates for hotels Airdna estimates STR comparable estimates

Occupancy Occupancy Occupancy
Quarter (%) ADR RevPAR (%) ADR RevPAR (%) ADR RevPAR
QI 2015 524 $96.3 $50.5 35.8 $108.6 $38.8 12.8 $72.9 $9.4
Q22015 69.7 $110.7 $77.1 429 $115.0 $49.4 21.3 $78.3 $16.7
Q32015 68.7 $109.0 $74.9 429 $119.6 $51.3 228 $79.2 $18.1
Q42015 55.5 $100.3 $55.7 372 $126.6 $47.1 19.7 $80.0 $15.8
Ql 2016 54.3 $98.6 $53.5 39.7 $1194 $47.5 18.6 $75.9 $14.1
Q22016 71.1 $114.0 $81.0 46.5 $143.6 $66.7 315 $85.0 $26.8
Q32016 70.3 $112.0 $78.7 48.6 $146.1 $70.9 344 $83.8 $28.9
Q42016 57.9 $103.5 $60.0 425 $140.8 $59.9 28.7 $81.3 $23.3
Ql 2017 55.2 $103.6 $57.2 39.7 $144.4 $57.4 22.1 $84.0 $18.6
Q22017 71.9 $116.1 $83.5 49.0 $163.4 $80.0 34.1 $88.6 $30.3
Q32017 70.3 $113.1 $79.5 50.8 $167.7 $85.2 36.6 $88.3 $32.3
Q42017 58.0 $1054 $61.1 44.7 $149.0 $66.6 28.9 $81.9 $23.6
Ql 2018 56.2 $102.0 $57.3 429 $132.7 $57.0 222 $75.9 $16.8
Q22018 725 $1184 $85.9 51.5 $163.2 $84.1 373 $87.1 $32.5
Q32018 69.0 $113.8 $78.5 56.7 $186.3 $105.7 45.7 $91.6 $41.8
Q42018 59.3 $106.5 $63.2 485 $180.1 $87.3 38.2 $90.1 $34.5
Ql 2019 55.2 $103.0 $56.8 45.1 $162.7 $73.4 30.7 $84.0 $25.8
Q22019 71.9 $120.6 $86.7 55.0 $183.0 $100.7 45.9 $92.2 $42.4
Q32019 70.2 $116.0 $81.4 574 $1933 $111.0 524 $94.5 $49.5
Q42019 59.5 $108.4 $64.5 46.2 $173.8 $80.3 38.9 $88.3 $34.3

Source. Airdna (2021), STR (2021), and authors’ calculations.

Note. STR comparable measures of performance are defined in Table 2. ADR = Average Daily Rate; RevPAR = Revenue per Available Room.

listings from any analysis. Adjusting for methodological
differences is necessary to directly compare the perfor-
mance of Airbnb properties with the traditional lodging
industry. Using individual listing data to examine the per-
formance of Airbnb properties is highly recommended,
especially if one wishes to directly compare the perfor-
mance of traditional lodging firms and short-term rental
hosts.
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Notes

1. While Airbnb launched a public-facing Application
Programming Interface (API) in 2017, the API is currently

focused on expanding Airbnb’s platform beyond host-
managed listings instead of providing access to Airbnb’s
listing and reputation data. While a limited number of
researchers have gained access to samples of Airbnb’s data
(Farronato & Fradkin, 2018; Fradkin et al., 2018), others
have scraped data from Airbnb’s public-facing website
(Barron et al., 2018; Gibbs et al., 2017, 2018).
Methodological differences and assumptions can lead
to markedly dissimilar results and policy recommenda-
tions (Airdna, 2018; Bureau of the Budget, New York City
Comptroller, 2018). The Comptroller of New York City
argued that Airbnb listings contributed to a rise in apartment
rents. Airdna argued that the Comptroller failed to differen-
tiate between active and inactive listings, assumed that all
listings were equivalent to entire place rentals, and that if a
listing appeared once in a given year, it was available for rent
for the entire year.

Airdna now includes a statement to this effect in the data
extracts purchased by the authors.

We exclude shared rooms from the analysis as there is no
reasonable equivalent in the traditional lodging industry.

We employ data from Airdna and STR for the Commonwealth
of Virginia. We purchased individual listing data from Airdna
for the Commonwealth for the period of October 2014
through December 2019. The individual listing data contained
information about the type of property, number of bedrooms,
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number of reservations, number of reservation days, number
of days the property was available for the month, and revenue
generated. Airdna also provided a monthly summary report
providing information on various measures of performance
including Occupancy, ADR, and RevPAR. We also acquired
monthly data from STR. We gratefully acknowledge the
helpfulness of both organizations in responding to our ques-
tions about their methodologies. For brevity, we present our
analysis by quarter as the results are similar to analysis con-
ducted by month.
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