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Abstract

We find evidence of taste-based discrimination against rival affiliations in the online
market for rental accommodation. Airbnb hosts in college towns increase their listing
prices more than hotels on home football games against rival teams. By setting listing
prices too high as a result of their affiliation bias against rival fans, hosts experience
a 30% reduction in rental income. The overestimation of demand, the cost (inconve-
nience) of temporary relocation, and the likelihood of incurring damage cannot explain
the inverse relation between listing price increases and rental incomes that is limited
to games against rival teams. Instead, greater financial constraints are associated with
smaller listing price increases and higher rental incomes on rival games, suggesting that
taste-based discrimination is a luxury.
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1 Introduction

Our study involves Airbnb, an online marketplace for rental accommodation that enables
households to monetize their real estate assets. While aggregate Airbnb usage has been
shown to increase property prices and rents (Barron, Kung, Proserpio (2020), Horn and
Merante (2017), Sheppard and Udell (2018)), success as an individual Airbnb host requires
setting an appropriate listing price. One might think hosts set listing prices on Airbnb
to maximize rental income. However, compared to hotels that have geographically diverse
operations and established protocols for setting prices, the pricing decisions of Airbnb hosts
may be subject to an affiliation bias that is related to personal experience in a specific
geographical area.

Our first contribution is to document an affiliation bias in the online market for rental
accommodation. As this analysis benchmarks Airbnb hosts to hotels, our second contribution
is highlighting the ability of professional management to mitigate affiliation bias. Our third
contribution is demonstrating that financial constraints also mitigate affiliation bias. Our
fourth contribution is providing empirical support for the prediction that affiliation bias
reduces income in a competitive market (Becker, 1957).

Carlsson and Eriksson (2014) as well as Ahmed and Hammarstedt (2008) find evidence
of racial and gender discrimination in the rental market for accommodation, while Ahmed,
Andersson, and Hammarstedt (2008) do not find evidence of discrimination based on sexual
orientation. Furthermore, Ahmed, Andersson, and Hammarstedt (2010) report that discrim-
ination is not mitigated by having prospective tenants provide additional information. Thus,
learning is unlikely to reduce discrimination. Our empirical results also appear to arise from
taste-based preferences that cannot be mitigated by learning.

In contrast to racial and gender discrimination, few studies examine discrimination based
on affiliation. Furthermore, the relatively small literature on affiliation bias typically involves

third-party intermediares (Puig and Strezhev (2017)) and conflicts on interest arising from



economic incentives (Corwin, Larocquea, and Stegemoller (2017)). Affiliation bias in these
settings differs from our study of affiliation bias that arises from personal experience in a
specific geographical area, which has implications for political as well as religious affiliations.

Airbnb listings in college towns provide an ideal laboratory to identify affiliation bias
for several reasons. First, college football rivalries create a mutual disdain between rival
fans. Cikara, Botvinick, Fiske (2011) find that “us versus them” behavior spreads beyond
competitors to fans. Therefore, an affiliation bias against rival fans may be embedded into
Airbnb listing prices. Second, we can observe the same host’s listing price and rental income
on home games against rival teams and non-rival teams. Therefore, our empirical design
enables us to hold the host fixed and vary their affiliation bias toward fans of the visiting
team. Third, we can compare the price-setting behavior of Airbnb hosts to benchmark hotel
prices that better reflect demand. Overall, unlike typical deviations between utility and
wealth maximization due to risk aversion, we study the extent to which hosts are willing
compromise their income (wealth) due to a bias against rival affiliations. While our results
pertain to college affiliations, political affiliations also create a mutual disdain and are highly
correlated with geography. Thus, the implications of our findings are not limited to athletic
competitions.

Our data consist of 1,320 entire units on Airbnb in 26 college towns encompassing 236
games during the 2014 and 2015 football seasons. Entire units resemble hotel rooms, and
provide self-contained accommodations that physically separate guests from hosts. Thus,
rental transactions for these units typically do not involve any interaction or reciprocity be-
tween hosts and guests. Over 60% of the total rental income earned by Airbnb hosts during
the football season occurs on six home-game weekends (Friday and Saturday nights). We
create a rival indicator variable that equals one on home games against a “rival” visiting

1

team.! This list of rivals is obtained from the sports media (e.g., ESPN and Sports Illus-

LOur list of rivals parallels the within-conference rivals obtained from Sports Illustrated in Quintanar,
Deck, Reyes, and Sarangi (2015). However, their list excludes independent teams such as Notre Dame that



trated) and include well-known examples such as Florida-Florida State, Notre Dame-USC,
Ohio State-Michigan, and Alabama-LSU.

In the college towns we study, the Airbnb rental market is characterized by having a rel-
atively fixed supply of units during each football season. In particular, a high average listing
price is not associated with a larger or smaller number of Airbnb units being listed for rent.
Thus, fluctuations in the demand for accommodation induce fluctuations in Airbnb listing
prices but not the quantity of Airbnb units supplied. Consequently, the response of hosts to
variation in demand is limited to varying their respective listing price. Moreover, hosts are
limited to supplying indivisible units that are either booked at the listing price, generating a
rental income equal to this listing price, or are not booked and generate zero rental income.
Thus, a unit’s occupancy status (booked or unbooked) is a discrete binary variable that
determines whether or not a host receives their listing price as rental income. Our empiri-
cal tests focus on the interaction between unit-level listing prices and rental incomes since
occupancy status and rental income are both functions of price and not quantity.

After controlling for unit-level heterogeneity and the demand for accommodations, we find
that Airbnb hosts set higher listing prices on games against rival teams.? Nearly two thirds
of units have higher listing prices on games against rivals, with an average increase of 22%.
As listing prices reflect demand, we find a positive unconditional relation between listing
prices and rental incomes for individual units. More important, we find that the interaction
between unit-level listing prices and the rival indicator variable exerts a negative impact on
rental incomes. Consequently, listing price increases on games against rivals reduce rental
incomes. This inverse relation on games against rivals is confirmed after orthogonalizing
listing price increases to multiple demand proxies.

As an illustration, Florida State had home games in Tallahassee against Notre Dame

and the University of Florida during the 2014 college football season. For the home game

are not members of any conference.
2Unit fixed effects account for variation in the quality and average listing price of individual units.



against the fifth ranked team, Notre Dame, Airbnb units in Tallahassee were listed for an
average listing price of $201. Each unit was booked for this game, resulting in an average
rental income of $201. However, five weeks later, on the home game against the unranked
but rival University of Florida team, the average listing price in Tallahassee was increased
to $267 but an average rental income of only $67 materialized.® Across the full sample,
the following table summarizes the unit-level relation between changes in listing prices and

changes in rental incomes illustrated by the above example:

Comparison of Games Against Rivals Versus Top Ranked Non-Rivals

Change in Listing Price Change in Occupancy Change in Rental Income
Above 20% -36.27% -77.98%
10% to 20% -11.63% -36.53%
-5% to 10% 12.19% 9.23%

Consequently, compared to home games against a top 25 ranked non-rival visiting team,
an Airbnb host that increases their unit’s listing price by 20% or more on a home game
against a rival visiting team reduces their rental income by 78%.

Furthermore, across the full sample, for every dollar in rental income earned by Airbnb
hosts on games against highly ranked non-rival teams, only $0.71 is earned on games against
rivals. For comparison, hotels obtain $0.96 in revenue on games against rivals relative to
games against highly ranked non-rival teams. Figure 1 illustrates the listing price differences
for Airbnb units relative to hotel room prices on games against rivals. This figure also
illustrates that hotel prices increase more than Airbnb listing prices on homecoming, which
corresponds to a large influx of home team fans. Therefore, Airbnb hosts do not increase
their listing prices more than hotels on every home game, indicating that hosts do not
systematically overestimate the demand for accommodations. Placebo tests also confirm the

uniqueness of games against rivals since there is no inverse relation between listing price

3Individual Airbnb hosts can experience a larger loss than the average loss on rival games since each
unit’s occupancy is binary and zero rental income is the consequence of setting too high a listing price.



increases and rental incomes on homecoming games or home games against highly ranked
non-rival teams.*

A further analysis reveals that the financial constraints of hosts influence listing prices and
rental incomes. Each college town is divided into areas where residents are either financially
unconstrained or financially constrained based on their utilization of available credit. We find
that higher listing prices on games against rivals are concentrated in zip codes with financially
unconstrained hosts. On average, financially unconstrained hosts and financially constrained
hosts earn similar rental incomes; $189 and $187 per night, respectively, on games against
highly ranked non-rival visiting teams. However, on games against rivals, the average rental
income of financially unconstrained hosts declines by over 20% to $149, while the average
for financially constrained hosts is nearly unchanged at $183. This evidence indicates that
financial constraints reduce the impact of affiliation bias. Intuitively, animosity toward
rival affiliations is a luxury that financially constrained hosts cannot afford to incorporate
into their listing prices as additional evidence finds that competition ensures affiliation bias
reduces rental income.

In contrast to entire units, shared units on Airbnb have common facilities (bathroom,
kitchen, etc) and are suitable for visiting fans of the home team such as alumni. Thus, self-
selection in the real estate market (Longhofer and Peters (2005)) enables Airbnb hosts to
infer whether prospective guests are fans of the rival team or home team based on their choice
of an entire unit or shared unit, respectively. We find that both financially unconstrained
hosts and financially constrained hosts of shared units do not increase their listing prices on
games against rivals. This finding is consistent with rival visiting fans avoiding shared units
to avoid interacting with the local population.

We examine several alternative hypotheses for the high listing prices on games against

rivals. First, we find no evidence that high listing prices are needed to compensate hosts

4Although hosts without a booking may be more likely to attend a home game, this possibility cannot
explain the inverse relation between listing price increases and rental incomes that is unique to rival games.



for the cost (inconvenience) of having to vacate their Airbnb unit and temporarily relocate.
This compensation would apply to any booking, including those on away games. However,
as low listing prices on away games do not decrease the supply of Airbnb units, high listing
prices are not necessary to compensate hosts for having to temporarily relocate.> Second,
listing price variation across different weekends is difficult to reconcile with hosts having a
lottery preference. Instead, a lottery preference implies hosts consistently set a high listing
price and accept the low probability of their unit being booked. Third, the need to learn
about demand is incompatible with a host’s ability to lower their listing price anytime before
the game, while conditioning on information available from Airbnb regarding the occupancy
status and listing price of other units. Furthermore, both a lottery preference and learning
are difficult to reconcile with the inverse unit-level relation between listing price increases
and rental incomes being limited to games against rival teams. Fourth, we find no evidence
that games against rivals are associated with a higher cost of providing accommodation as
a result of greater damage. Airbnb hosts do not increase damage deposits on games against
rivals and Airbnb provides hosts with a million dollars in property insurance.® In addition,
Airbnb hosts are not more likely to block their unit from being rented on games against
rivals. Moreover, while financial constraints mitigate the impact of rival visiting teams on
listing prices, blocking by hosts is not sensitive to financial constraints. Moreover, providing
accommodations on home games against rival teams does not increase subsequent blocking
to facilitate repairs.

Overall, the ability of financial constraints to mitigate affiliation bias against rival fans is
consistent with taste-based preferences in a competitive market. However, the importance
of financial constraints to the relation between listing prices and rental incomes is difficult to
reconcile with alternative explanations based on higher expected damage, the overestimation

of demand, or the need for greater learning.

SIntuitively, the Airbnb units in our sample are unlikely to have full time occupants.
6The website www.airbnb.com/guarantee details the insurance provided by Airbnb to its hosts.



In terms of economic significance, the inability to obtain a booking on the Saturday
night of a home game against a rival team results in an average rental loss of $325.06 or
33.9% of the unit’s monthly mortgage payment. Similarly, the failure to obtain a booking
for both Friday and Saturday night results in a $662.37 loss, or 68.8% of the unit’s monthly
mortgage payment. The magnitude of this dollar-denominated loss parallels Agarwal, Ben-
David, and Yao (2017)’s finding that poor mortgage decisions cost hosts an average of $700
per refinancing. However, in contrast to these infrequent financial decisions, the failure to
obtain bookings on home games due to affiliation bias represents a recurring loss.

Our study contributes to the literature that studies the impact of competition on lend-
ing discrimination (Bartlett, Morse, Stanton, and Wallace (2019)). Although Airbnb hosts
with unique rental units have limited pricing power, Airbnb hosts operate in a competitive
market that has low search costs and low entry barriers. Consistent with the importance of
competition, Airbnb hosts who price discriminate suffer a loss of rental income.” Moreover,
taste-based price discrimination against specific affiliations is more subtle than discrimina-
tion based on ethnicity or gender (Lu and Munneke (2017), Ge, Knittel, MacKenzie, and
Zoepf (2016), Bertrand and Mullainathan (2004), King and Mieszkowski (1973)). Conse-
quently, affiliation bias may be more difficult to eradicate, especially if affiliation (location)
data becomes more available. In summary, our study motivates further research on the im-
plications of affiliation bias in real estate since our results likely generalize to other affiliations

correlated with geography such as political affiliations.

2 Data

Using the Airbnb platform, guests can book accommodations at the listing prices specified

by hosts on specific dates. Our analysis uses Airbnb information obtained from AIRDNA

" Airbnb hosts incur a high cost (zero rental income) when affiliation bias results in their unit being vacant
on a home game weekend.



(www.airdna.co), which specializes in collecting and processing Airbnb data. Our sample of
Airbnb units are located in college towns during the 2014 and 2015 college football seasons.
In this sample, Airbnb bookings are concentrated on home football games and typically
involve two nights of accommodation. The start of the sample period ensures an adequate
supply of Airbnb units in each college town, while the end of the sample period predates
listing price recommendations provided by Airbnb. Thus, our results are not influenced by
pricing algorithms that subsequently became available to Airbnb hosts.

Variation in listing prices during the football season is dramatic for Airbnb units located
in college towns since home games represent large anticipated demand increases for accom-
modations. We examine units whose listing price changes at least once during the football
season to ensure the Airbnb hosts in our sample are active. Requiring at least one price
change during the football season removes inactive hosts whose listing prices fail to account
for the difference between home games versus away games. Throughout the remainder of
the paper, all results pertain to units whose listing price changed at least once. This subset
comprises 39.2% of all units and produces qualitatively similar results as the full sample.
The average number of units per college town increases from 10 in 2014 to 45 in 2015 as
Airbnb increased in popularity. Initially, we focus on entire units that resemble large hotel
rooms with self-contained facilities. Entire units are appropriate for visitors who prefer being
physically separate from fans of the home team, although a later empirical test examines
shared units.

We examine the top 30 ranked college football programs for the 2014 and 2015 football
seasons. In alphabetical order, these teams include: Arizona State University, University of
Alabama, University of Arkansas, Auburn University, University of California-Los Angeles,
Clemson University, University of Florida, Florida State University, University of Georgia,
University of Iowa, University of Kentucky, Louisiana State University, University of Michi-
gan, Michigan State University, Mississippi State University, University of Nebraska, Univer-
sity of Notre Dame, Ohio State University, University of Oklahoma, University of Oregon,



Oregon State University, Stanford University, University of Southern California, University
of South Carolina, Texas Christian University, University of Tennessee, University of Texas,
Texas Tech University, University of Utah, and University of Wisconsin. This collection
of teams spans the entire United States. After dividing college towns into three regions
(South, Midwest, and West), unreported results indicate that our main results are similar
within each region. However, later reported results indicate that greater competition among
rental accommodation providers within a college town increases the financial repercussions
of affiliation bias.

To identify pairs of rival teams, we require at least 50 prior games between the two teams.
If a team does not have at least one home game against a rival, the team’s entire season is
eliminated from the sample. Our final sample consists for 236 unique home games, of which
42 games are against a rival. Appendix A contains a complete list of rivals. We identify
two determinants of a college football rivalry: rival teams have played each other for many
years and have a won-loss record near parity. As the first game between rivals often occurred
before long-distance travel was made convenient by interstate highways and aviation, rivals
are often located in the same state or contiguous states. However, our empirical results are
robust to controlling for the log distance between college football stadiums and to controlling
for teams in the same athletic conference.® This robustness is consistent with many visiting
fans being alumni who do not reside in the visiting team’s college town after graduation.

We limit our main analysis to college towns with fewer than 1,000 entire unit listings
on Airbnb per football season to exclude home games in urban areas such as Los Angeles
(teams excluded: USC, UCLA, Stanford, and Texas). We also restrict our sample of Airbnb
listings to units located within 15 miles of the stadium.

A unit-level Airbnb Listing Premium is calculated as the listing price on a specific game

8To clarify, there is little variation in stadium attendance across home games, although the composition
of home team versus visiting team fans may vary if, for example, lower ranked visiting teams have fewer fans
in attendance.
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minus the unit’s average listing price across all home games. A later robustness test computes
the Airbnb Listing Premium as a percentage deviation rather than a dollar-denominated de-
viation. However, prospective guests are more likely to be concerned with dollar-denominated
quantities than percentages since the former are posted on Airbnb. Our study also utilizes
average hotel prices, occupancy rates, and income from STR, formerly known as Smith Travel
Research, within a 15 mile radius of each college football stadium. A description of the ho-
tel data provided by STR is accessible from str.com, with specific information pertaining
to academic research accessible from str.com/training/academic-resources. Corgel, Liu, and
White (2015) among many other academic studies also use STR data on hotels.

A college town-level Hotel Premium is then computed as the average hotel price on a
specific game minus the average hotel price across all home games, with a later robustness
test also computing the Hotel Premium as a percentage deviation. The average number of
hotel rooms in a college town is 7,646 and the median number of rooms is 5,121. College
towns that receive more visitors throughout the year may have a larger supply of hotel
rooms, and therefore a more competitive market for rental accommodation. A later analysis
examines the impact of competition on both the listing prices and rental incomes of Airbnb

hosts.

3 Empirical Results

To illustrate our testable joint-hypothesis regarding unit-level listing price increases and
rental incomes, the absence of affiliation bias implies the host sets the listing price to maxi-

mize their unit’s rental income

Rental Income = Listing Price x Probability (Occupancy| Listing Price) . (1)
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For simplicity, assume occupancy is determined by the following decreasing linear function
Probability (Occupancy| Listing Price) =1 — o P

where @ > 0 defines the demand curve for accommodations. In our empirical estimation,
variation in « across home games is captured by hotel prices, team rankings, and game
characteristics. With P denoting the unit’s listing price, the maximization in Equation (1)
is equivalent to maximizing P X [1 —a P], which obtains its maximum at ;= by setting
P = i Observe that increased demand reflected in a lower « simultaneously increases
listing prices as well as occupancy. This dual impact of demand is captured by later results
in Table 3.

To incorporate affiliation bias against rival fans, let Pg = P + D denote a host’s listing
price on games against rivals. D differs from « along two dimensions. First, our empirical
implementation only allows D to be non-zero on games against rivals, while « can vary across
home games due to differences in demand. Second, in contrast to a, D can vary across hosts.
As bias against rival fans increase listing prices beyond levels justified by demand, rental
income is reduced to ﬁ — a D? on games against rivals.”

Overall, evidence that affiliation bias confound host financial decisions requires both
higher listing prices and lower rental incomes on games against rivals. This inverse relation

occurs when listing price increases induce a sufficiently large reduction in occupancy.

3.1 Summary Statistics

Table 1 reports the average number of units listed, listing price, rental income, listing pre-
mium, and occupancy rate on different home games for entire units listed on Airbnb. For

comparison, the average price, revenue, hotel premium, and occupancy rate of hotels are

9The constraint D < i prevents the host’s occupancy, and rental income, from being negative by

preventing the host from setting a listing price that is twice the amount justified by demand.
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also reported. The average Airbnb listing price of $277.06 across home games is highest on
games against rival visiting teams, which corresponds to the highest Airbnb listing premium
of $28.77 but a relatively low occupancy rate of 65.03%. Consequently, home games against
rival teams fail to generate the highest average rental income.

In contrast to Airbnb units, hotel prices on games against rivals are not at their highest.
Instead, hotel price increases are largest on games against top-ranked visiting teams (both
incoming rankings and pre-season rankings), whereas Airbnb hosts only marginally increase
their listing prices on games against top-ranked visiting teams. The occupancy rate of Airbnb
units and hotels are both highest for games against top-ranked visiting teams, suggesting
that these games are associated with the highest demand for accommodations.

Table 1 also reports that the supply of entire units listed on Airbnb is stable across both
home and away games. Consequently, lower rental income on games against rivals cannot be
attributed to an increased supply of Airbnb units. Moreover, the supply of Airbnb units does
not decrease on away games when listing prices are low. If hosts did require compensation for
the cost (inconvenience) of having to temporarily relocate, this compensation would apply
to all bookings. However, the stable supply of Airbnb units at low listing prices on away
games indicates that high listing prices are not necessary to compensate hosts for having to
temporarily relocate. Hosts can also block their unit from being rented on dates they intend
to occupy the unit. Blocking reflects demand by hosts for a unit, rather than the demand by
guests. While blocking lowers the supply of Airbnb units, games against rivals correspond
with the least amount of blocking. Instead, blocking is highest on homecoming.

In addition, the occupancy rate of hotel rooms is consistently below 100%, especially on
games against rivals. Therefore, Airbnb listing prices are set in an environment where hotel

rooms are available.!'® Competition from hotel rooms limits the pricing power of Airbnb

10Unreported results examine a subset of Airbnb units that accommodate between one and four adults,
which is comparable to a standard hotel room. As few Airbnb units accommodate more than four adults,
our results are similar for this “matched” subset.
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hosts and is examined in a later analysis.

To clarify, there are minor differences between the average rental income in Table 1 versus
the product of the average listing price and average occupancy rate. For example, the average
rental income of $176.36 on home games against rivals is slightly lower than the product of
the averages, $277.06 x 65.03% = $180.17. This minor difference is explained by slightly
less expensive units being rented on home games against rivals relative to the average listing

price.

3.2 Listing Price

We now verify the assumption underlying Equation (1) that occupancy, which determines
supply, is a function of price while price is independent of supply in our setting. While
ex-post sporting outcomes (Edmans, Garcia, and Norli (2007)) can affect sentiment, the
listing prices we study are set by hosts before the game. Specifically, the high average listing
premium on games against rivals in Table 1 motivates an analysis of listing premiums using

the following panel regression

Airbnb Listing Premium,;, = i Rival;; +v X; + €4, (2)

in which standard errors are clustered according to the home team. This specification in-
cludes unit fixed effects that control for the each unit’s quality, including its location (distance
to the stadium). Throughout our empirical tests, the constant term is not suppressed when
estimating panel regressions. However, this coefficient is not reported since the constant’s
interpretation in the presence of unit fixed effects is unclear.

The control variables that define X are proxies for demand. These proxies include an
indicator variable for games during prime time, which equals one if the game occurs after
S5pm local time, and an indicator variable for homecoming games. The rank of the home

team and the rank of the visiting team before the game are also included (specifically their
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respective natural log), along with an indicator variable for whether the opponent was ranked
among the top 25 college football teams before the season started. To complement distance,
a Same Conference indicator variable equals one if the home team and visiting team are in
the same athletic conference. Furthermore, to complement the price premium of hotels as a
proxy for demand on individual games, we include the occupancy of hotels. The number of
entire units listed on Airbnb accounts for the supply of Airbnb accommodation. A full list
of variable definitions is contained in Appendix B.

To clarify, a unit’s Airbnb Listing Premium varies across different home games. While
the inclusion of unit fixed effects also converts listing prices into a similar premium, our next
analysis has rental income as the dependent variable and conditions on the Airbnb Listing
Premium in order to examine the unit-level relation between listing price increases and rental
incomes. Nevertheless, a later robustness test replaces the price premium with unadjusted
listing prices as the dependent variable in Equation (2) and finds similar results.

The /3y coefficient for Rival in Equation (2) determines whether games against rivals are
associated with a larger listing premium after controlling for a multitude of demand proxies.
The positive f; coefficients in Panel A of Table 2 indicate that Airbnb hosts significantly
increase their listing prices on games against rivals. For example, the 19.497 coefficient (-
statistic of 4.431) in the last specification indicates that listing prices are higher on games
against rivals compared to the average home game, after accounting for demand.

The results in Panel A of Table 2 indicate that Airbnb listing prices co-move with hotel
prices as both respond to fluctuations in the demand for accommodations. In particular,
the coefficients for Hotel Premium are positive, while the coefficients for Hotel Occupancy
are negative. Thus, competition from hotels dampens the ability of Airbnb hosts to set
high listing prices. The negative coefficients for Prime Time Game are at odds with the
positive coefficients in Panel B of Table 2 for hotels. Intuitively, prime time games are
important, although the interpretation of this indicator variable’s coefficient is complicated

by its correlation with Hotel Premium, which is higher on prime time games according to
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our next analysis.

Hotel prices are unlikely to be influenced by affiliation bias due to governance mechanisms
that ensure their prices are profit maximizing. With hotel prices providing a proxy for
demand, we repeat the estimation of Equation (2) using Hotel Premium as the dependent
variable.!! Panel B of Table 2 reports that hotel prices are consistently higher on homecoming
games but not on games against rivals since the ; coefficient for Rival is only marginally
significant in a subset of specifications. Thus, games against rivals are not associated with
the highest demand across all home games.

In contrast to games against rivals, the positive coefficient for Homecoming signifies
higher demand for accommodations. The positive coefficients for Prime Time Game, Pre-
Season Top 25 Opponent, and Same Conference also signify that hotels increase prices due
to the greater willingness of fans to travel and attend the game. Note that the insignificant
coefficients for Homecoming, Pre-Season Top 25 Opponent, and Same Conference in Panel

A of Table 2 are consistent with these variables being correlated with Hotel Premium.

3.3 Occupancy

Equation (1) assumes that the likelihood a unit is booked decreases with its listing price.
To verify this assumption, our next specification has an indicator variable equaling one if a

unit is booked and zero otherwise as the dependent variable

Occupancy,, = [ Airbnb Listing Premium, , + 3 Rival;;

+03 Airbnb Listing Premium;; x Rival;; +vX; + €+ . (3)

This specification includes the interaction between the Airbnb Listing Premium and the

Rival indicator variable. While a positive [3; coefficient is consistent with higher listing

1To clarify, hotel prices refer to transaction prices. An alternative demand benchmark based on hotel
listing prices produces identical findings.
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prices reflecting greater demand for accommodations, a negative (3 coefficient signifies that
a high listing premium on games against a rival team lowers the likelihood a unit is booked.
According to Table 3, the negative P3 coefficients indicate that listing price increases on
games against rivals reduce the likelihood of a booking.

A negative 5 coefficient for the Rival indicator variable would indicate that hosts dis-
criminate against rival fans by rejecting their attempted booking. However, the non-negative
[y coefficients are inconsistent with this form of discrimination. Indeed, as 95.5% of hosts
activate Airbnb’s Instant Book feature, guests can obtain immediate confirmation of their
booking without host intervention.'?

The positive coefficients for Hotel Premium and Hotel Occupancy indicate that the oc-
cupancy of Airbnb hosts increases with the demand for hotel accommodations. However,
in unreported results, hotel occupancy rates do not produce a negative By coefficient nor a
negative (3 coefficient.

Equation (3) conditions on the rival indicator function and the Airbnb Listing Premium,
with the latter also conditioning on the rival indicator function according to Equation (2). To
address this nested dependency, we orthogonalize the Airbnb Listing Premium with respect
to the demand proxies in X to create an Orthogonal Airbnb Listing Premium variable that
captures listing price fluctuations unrelated to demand.'® Consistent with Figure 1, the
average Orthogonal Airbnb Listing Premium is positive on home games against rivals and
negative on home games against non-rival visiting teams. We then modify Equation (3) by

estimating the following panel regression

Occupancy;, = [3; Orthogonal Airbnb Listing Premium, , + €, (4)

12Edelman, Luca, and Svirsky (2017) create fake guest Airbnb accounts and find that hosts are more likely
to reject prospective guests who are minorities. However, their empirical design does not examine the price
mechanism that is the basis of our study.

13The Orthogonal Airbnb Listing Premium variable is created using the ORTHOG command in STATA.
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separately for home games against rival visiting teams and non-rival visiting teams. Unit
fixed effects are included in both estimations. Unreported results confirm that the £; co-
efficient is negative (positive) on home games against rival (non-rival) teams. Therefore,
consistent with hosts having an affiliation bias against rival fans, listing price increases unre-
lated to demand are associated with a lower occupancy on home games against rival visiting
teams.

Overall, rental income is the product of a unit’s listing price and its discrete occupancy
status (booked or unbooked), which is decreasing with its listing price. As our analysis
of rental income pertains to single indivisible units, occupancy status and rental income
are both functions of the listing price set by the unit’s host and not the quantity of units

supplied.

3.4 Rental Income

Conditional on a unit being booked, the unit’s rental income equals its listing price. Without
a booking, rental income equals zero. Our next analysis examines the impact of unit-level

listing premiums on rental incomes using the following panel regression

Rental Income;; = [(; Airbnb Listing Premium, , + 8, Rival;

+ 05 Airbnb Listing Premium,;; x Rival;; +vX; + €4, (5)

with unit fixed effects. A negative 53 coefficient for the interaction variable (Airbnb Listing
Premium x Rival) signifies that listing price increases on games against rivals are inversely
related to rental income. Thus, a negative (3 coefficient is evidence that listing prices are
set too high on rival games. Conversely, the alternative hypothesis that listing prices are set
too low on non-rival games posits a positive f3 coefficient as listing price increases on rival

games are required to increase rental income.
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The positive (; coefficients in Table 4 are consistent with hosts earning higher rental
incomes by setting higher listing prices. This coefficient captures the positive relation be-
tween listing prices and demand. Similarly, we find a 0.526 correlation between hotel prices
and hotel occupancy that arises from their joint dependence on demand. To clarify, the (3
coefficient isolates the marginal impact of rival games on the rental income of hosts who
increase their listing price on these specific games, while the 3, coefficient captures the gen-
eral impact of listing price increases on host rental income on all other games. Thus, the
B3 coefficient is sufficient to determine whether listing price increases on rival games are too
high.

The following illustrative example clarifies the distinction between the 8, and 3 coeffi-
cients. Imagine an Airbnb host that typically lists her unit for $100 per night. There are
two home games in which she raises the listing price to $150; a rival game and a matched
non-rival game (for example a home game against a highly ranked non-rival visiting team).
The positive coefficient for Airbnb Listing Premium and negative coefficient for the Airbnb
Listing Premium x Rival interaction indicates that when she increases the listing price $50,
she is more likely to have a guest on the non-rival game relative to the rival game. This is
evidence that the listing price increase on the rival game is too high relative to the matched
non-rival game.

However, the insignificant §5 coefficients and negative (3 coefficients indicate that hosts
increase listing prices on games against rivals to levels that lower their respective rental
incomes. In the specification with all control variables, the [33 coefficient equals -0.272 (-
statistic of -2.101). This reduction in rental income is consistent with an affiliation bias
that confounds the listing prices set by hosts.!* The inverse relation between listing price

increases and rental incomes captured by the (3 coefficient is unlikely to be explained by

14 Although Equation (1) indicates that rental income is a quadratic function of a unit’s listing price,
unreported results confirm that our empirical results are robust to the inclusion of squared and cubed listing
premiums that capture this non-linearity.
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inexperience or a lack of information regarding demand since Airbnb hosts have months to
lower their listing price before the game. Furthermore, hosts can access both the occupancy
status and listing price of other Airbnb units in their area.

The economic significance of our results are comparable to those of Agarwal, Ben-David,
and Yao (2017). These authors find that poor mortgage decisions cost households approxi-
mately $700 per financing. Failure to secure a guest booking on a game against a rival due
to a high listing price translates into a similar dollar-denominated loss (over three nights).
However, this recurring loss would typically occur each year, while a mortgage refinancing
is less frequent. Furthermore, our results may underestimate the economic importance of
college football rivalries in the total population since “superfans” are unlikely to rent their

units on home games.'®

3.5 Additional Results

Several additional results using alternative econometric implementations confirm the impact
of rival games on the listing prices and rental incomes of Airbnb hosts. The first additional
result arises from jointly estimating Equations (2) and (5) using a Seemingly Unrelated
Regression (SUR) procedure to allow for correlated error terms. The results in Panel A of
Table 5 confirm our earlier results as the [, coefficient is positive and the f3 coefficient is
negative in the analysis of listing prices and rental incomes, respectively. Therefore, the
joint estimation of these coefficients does not alter our earlier conclusion that hosts increase
listing prices on games against rivals to levels that reduce their rental incomes.

The second additional result replaces the dollar-denominated Airbnb Listing Premium
and the dollar-denominated Hotel Premium with premiums that are expressed as percentage

deviations before re-estimating Equations (2) and (5). The results in Panel B of Table 5

15Across all Airbnb hosts with entire units, 11.75% block their unit from being rented on every home
game. These “superfans” may attend each home game, although their units do not have listing prices on
home games to analyze.
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confirm that Airbnb hosts increase listing prices on games against rivals to levels that reduce
their respective rental income. Therefore, we continue to find a positive [3; coefficient in
Equation (2) and a negative 33 coefficient in Equation (5) after expressing the Airbnb List-
ing Premium and Hotel Premium as percentage deviations (instead of dollar-denominated
deviations).

The third additional result replaces the Airbnb Listing Premium in Equation (2) with the
ratio of Airbnb listing prices to hotel prices. In particular, this ratio normalizes unit-level
Airbnb listing prices by the average hotel price in the same college town on the same date
to capture relative pricing. Game-specific premiums are then computed each weekend based
on time series variation in this ratio throughout the football season. The results in Panel
C of Table 5 confirm that the listing prices of Airbnb units increase more on games against
rivals than hotel prices, and these increases are suboptimal in terms of rental income.

The fourth additional result replaces the Airbnb Listing Premium in Equation (2) with
unadjusted Airbnb listing prices since unit-fixed effects ensure the dependent variable is
listing price deviations from the average listing price across all home game. However, the
p1 coefficient in Panel D of Table 5 equals 21.310 (t-statistic of 4.854). This coefficient’s
magnitude parallels its counterpart in Panel A of Table 2 for the Airbnb Listing Premium.
Thus, the impact of games against rivals on listing prices does not depend on whether this
impact is expressed as a dollar amount or percentage.

Overall, our main results regarding listing prices and rental incomes on home games

against rival teams are insensitive to alternative econometric implementations.

3.6 Residual Airbnb Listing Premium

To ensure our results are not driven by demand, we construct a unit-level Residual Listing
Premium by regressing the original Airbnb Listing Premium on the Hotel Premium of each

college town. This Residual Listing Premium is defined by the residual from this regression
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and captures listing price increases that are orthogonal to demand. Equations (2) and (5)
are then re-estimated using the Residual Listing Premium.

The results in Table 6 parallel our earlier results as the 3 coefficient for the interaction
between the Residual Listing Premium and the Rival indicator variable is negative. There-
fore, after controlling for demand using hotel prices, these results confirm that affiliation
bias offers the most likely explanation for the inverse unit-level relation between listing price

increases and rental incomes on games against rivals.

3.7 Placebo Tests for Demand

Homecoming games coincide with an influx of home team fans. As homecoming games
are associated with a high demand for accommodations and a friendly atmosphere, we re-
estimate Equation (5) after replacing the Rival indicator variable with the indicator variable
for Homecoming. Panel A of Table 7 reports insignificant (3 coefficients for the interaction
variable defined as Airbnb Listing Premium x Homecoming. Thus, there is no inverse unit-
level relation between listing price increases and rental incomes on homecoming games.

Games against highly ranked visiting teams that are not rivals are also associated with a
high demand for accommodations. Thus, our second placebo test replaces the Rival indicator
variable with an indicator variable for games against opponents that were ranked in the top
25 before the start of the college football season. Panel B of Table 7 reports insignificant 3
coefficients for games against top ranked teams.

Overall, our placebo tests indicate that Airbnb hosts do not set suboptimal listing prices
on homecoming games and games against top ranked opponents. Thus, Airbnb hosts do
not systematically overestimate demand. Instead, the inverse relation between listing price

increases and rental incomes is limited to games against rivals.
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3.8 Competition

We examine variation in competition across college towns using two metrics that capture the
supply of Airbnb units. The first metric is the ratio of Airbnb units to all accommodations,
defined as the number of Airbnb units divided by the number of Airbnb units plus the
number of hotel rooms, and the second is the total number of Airbnb units, including units
whose listing price does not change during the college football season. College towns with
high (low) competition in the online rental market for accommodation are above (below)
average for both these metrics.

In low-competition college towns, guests are price-takers and therefore accept higher
listing prices on games against rivals. Consequently, the relatively high occupancy rate
implies that the inverse unit-level relation between listing price increases and rental incomes
is not predicted for units in low-competition college towns. However, low-competition college
towns, by definition, have relatively few Airbnb units. Therefore, the small subset of units
located in low-competition college towns facilitates a quasi placebo test.

The results in Table 8 confirm the importance of competition. In particular, the inverse
relation between listing price increases and rental incomes that captures affiliation bias is
limited to high-competition college towns where guests are not price-takers and therefore
have the ability to avoid booking units whose hosts price discriminate on games against
rivals. In contrast, while hosts in low-competition college towns also increase their listing

prices on games against rivals, these increases are not suboptimal in terms of rental income.

3.9 Distance to Stadium

Although unit fixed effects are included in our empirical specifications, we estimate Equations
(2) and (5) separately for units whose distance from the stadium is within 15 miles, 10 miles,
5 miles, and 1 mile, respectively. These separate estimations determine whether the inverse

unit-level relation between listing price increases and rental incomes on games against rivals
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is sensitive to location. For example, hosts whose units are located closer to the stadium
may be more devout fans of the home team or more concerned about damage.

The results in Table 9 illustrate the robustness of our main finding with respect to the
location of Airbnb units. Specifically, the §; coefficients in Equation (2) are consistently
positive and the 3 coefficients are consistently negative in Equation (5) within each of the
four distance subsets. Therefore, the inverse unit-level relation between listing price increases

and rental incomes on games against rivals is insensitive to location.

4 Financial Constraints

Financial constraints can explain heterogeneity across the financial decisions of hosts (Camp-
bell, 2006). To examine the impact of financial constraints, we collect the average credit
utilization score of individual zip codes from Experian. The credit utilization score divides
outstanding credit card debt by the total available credit, with the availability of credit re-
flecting host income. Zip codes where the average credit utilization score is above a college
town’s median credit utilization score are classified as having financially constrained hosts,
while zip codes where the average credit utilization score is below this median are classified
as having financially unconstrained hosts.'6

A host’s credit utilization score is determined by its credit card debt, not mortgage
debt. Thus, financial constraints are not necessarily higher for hosts who utilize the tax
deductibility of mortgage interest. Indeed, the average credit utilization score in a zip code is
independent of the average mortgage payment. Zip-code level credit utilization scores range
from 15 to 37 percent. As our next analysis assumes that hosts have a credit utilization score
that parallels the average score near their Airbnb listing, we define professional hosts as those

with more than one unit listed on Airbnb since every Airbnb host is assigned a unique host

6Results are similar if the median credit utilization score across all zip codes is used to distinguish
financially constrained hosts from financially unconstrained hosts.
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identification number that is linked with each of their listings. Professionals comprise 13.7%
of hosts and are responsible for managing 25.5% of the listings in our sample. Professional
hosts likely have stronger incentives to maximize their rental income and may be more likely
to reside at a different location than their Airbnb unit.!'” Therefore, we remove 473 units
where the financial constraints of professional hosts are ambiguous and limit our next analysis
to non-professional hosts.

Equations (2) and (5) are re-estimated separately for financially constrained and finan-
cially unconstrained non-professional hosts. According to Table 10, financially unconstrained
hosts have larger listing premiums on games against rivals than financially constrained hosts.
In particular, according to Equation (2), the 51 coefficient for financially unconstrained hosts
is 25.378 and significant (¢-statistic of 3.823) compared to an insignificant 10.041 for finan-
cially constrained hosts. Thus, financially unconstrained hosts set higher listing price than
those set by financially constrained hosts on games against rivals.

Moreover, in terms of rental income, Table 10 indicates that among financially uncon-
strained hosts, the 3 coefficient in Equation (5) for the interaction between the Airbnb
Listing Premium and the Rival indicator variable equals -0.430 (t-statistic of -2.786). In
contrast, the 3 coefficient of 0.096 is insignificant among financially constrained hosts. A
chi-squared statistic of 4.96 and a Z-statistic of 2.87 confirm the statistically significant
difference between the f3 coefficients for financially unconstrained hosts and financially con-
strained hosts at the 1% significance level.

The following in-sample averages summarize the economic implications of financial con-
straints. The average rental income of financially unconstrained hosts is similar to finan-
cially constrained hosts on games against highly ranked non-rival teams; $189.42 compared
to $187.23, respectively. Thus, financial constraints do not affect the average rental in-

come of Airbnb hosts on games against non-rival teams. However, on games against rival

17This expectation parallels the finance literature where mispricings attributable to behavioral biases are
weaker for stocks with higher institutional investor ownership (lower retail investor ownership).
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teams, the average rental income of financially unconstrained hosts declines by over 20% to
$149.24, while the average rental income of financially constrained hosts is almost unchanged
at $182.56.

An additional analysis confirms that zip codes with higher average incomes have less
financially constrained hosts.'® After estimating Equation (5) separately for high income
and low income zip codes within each college town, an unreported robustness test finds a
negative (3 coefficient for high income zip codes and an insignificant (3 coefficient for low
income zip codes. Therefore, the inverse relation between listing price increases and rental
incomes on games against rivals is limited to high income zip codes. Intuitively, animosity
toward rival team affiliations is a luxury that low income hosts cannot afford to incorporate
into their financial decisions.

As the majority of guest ratings on Airbnb are favorable, accommodating rival fans once
or twice a year is unlikely to significantly lower a host’s average rating. Consequently, the
high listing premium on games against rivals is not compensation for the risk of receiving
a poor review. Moreover, if rival fans did systematically assign lower ratings to their host,
this risk would apply to all hosts. Therefore, the risk of being assigned a low rating by rival
fans cannot explain variation in the Airbnb Listing Premium across financial constraints.

Finally, financially unconstrained hosts may be more likely to attend important home
games. If financially unconstrained hosts are more likely to occupy their unit on these
games, then blocking is predicted to be higher for financially unconstrained hosts. However,
we find that blocking is insensitive to the financial constraints of hosts.?

Overall, financial constraints appear to reduce the impact of affiliation bias. This evidence

is difficult to reconcile with the over-estimation of demand and the ability of learning to

18In contrast to income and credit utilization, mortgage payments exhibit less variability across the zip
codes in a college town.

19Tn contrast to blocking, which essentially sets an infinite listing price, setting a high listing price on games
against rivals provides the host with an opportunity to obtain the satisfaction of “price-gouging” a rival fan
(despite lowering the host’s expected rental income). This satisfaction is consistent with an affiliation bias
against rival fans.
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mitigate affiliation bias since these alternative explanations require financially unconstrained
hosts, whose low credit card balances are presumably a signal of financial sophistication, to

be less sophisticated at setting listing prices.

4.1 Learning

Although Airbnb hosts have months to adjust the listing price of their unbooked units, and
have access to the listing prices of other units as well as their status (booked or unbooked),
we formally test the learning hypothesis by dividing the sample of Airbnb units in 2015, the
second year of our sample, into those that were previously listed in 2014 (early hosts) and
those that were not listed until 2015 (late hosts). The learning hypothesis associates early
hosts in 2014 with greater learning, and therefore improved price setting, compared to late
hosts.

Two caveats are relevant to this learning analysis; 1) learning is limited to a short time
horizon, 2) visiting teams in 2014 will differ from those in 2015. More important, as Airbnb
hosts intend to monetize existing real estate assets, the distinction between early and late
hosts may be complicated by early hosts having a greater need for Airbnb rental income due
to financial constraints instead of early hosts being more technologically savvy. Therefore,
we condition on financial constraints within the early versus late host subsets.

The results in Table 11 do not support the hypothesis that learning mitigates affiliation
bias. In particular, early financially unconstrained hosts have similar a (3 coefficient from
Equation (5) as late financially unconstrained hosts; -0.627 (¢-statistic of -2.074) versus -0.425
(t-statistic of -2.310), respectively. Thus, we do not find evidence that the inverse unit-level
relation between listing price increases and rental incomes is weaker for units listed in 2014
that are managed by early Airbnb hosts who have presumably learned more about the local
rental market for accommodations.

Overall, instead of learning, financial constraints in conjunction with competition provide
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a channel through which affiliation bias affects the online market for rental accommodations.
To clarify, inexperienced hosts setting prices in April for college football games later in
October have several months to learn that their listing price is too high. This within-season
learning is already accounted for by our original analysis that indicates affiliation bias is
not mitigated by such learning. Instead, affiliation bias appears to arise from a taste-based

preference that is impervious to learning.

4.2 Shared Units

Taste-based discrimination (Becker, 1957) can explain why Airbnb hosts are willing to accept
lower rental incomes on games against rivals. Longhofer and Peters (2005) connect taste-
based discrimination with self-selection in the real estate market. Motivated by this self-
selection, we extend our empirical analysis to examine shared units on Airbnb.

The physical separation from the local population offered by entire units is important
for visiting fans of the rival team but not for visiting fans of the home team. Thus, while
visiting fans of the rival team are expected to avoid shared units in favor of entire units,
shared units are suitable for visiting fans of the home team. Intuitively, although hosts cannot
discriminate against guests by denying their bookings due to the Instant Book feature, the
team affiliation of prospective guests can be inferred through their choice of either entire
units or shared units. Thus, we predict that hosts of shared units do not have an affiliation
bias against potential guests on games against rivals since these units are more likely to
appeal to fans of the home team.

To examine the difference between entire units and shared units on Airbnb, we re-estimate
Equation (2) for shared units. Table 12 reports that rival games are not associated with
higher listing prices for shared units, regardless of financial constraints. The insignificant
p1 coeflicient is consistent with shared units appealing to fans of the home team (alumni)

rather than fans of the rival team. Observe that shared units are as likely to have a finan-
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cially unconstrained host as a financially constrained host, and the insignificance of the S,

coefficient for shared units is not attributable to financial constraints.

5 Robustness of the Rival Designations

Any error in the classification of rival teams would weaken our empirical support for the
joint-hypothesis that listing prices are higher and rental incomes are lower on games against
rivals. Nevertheless, to ensure our classification of rival teams is capturing the mutual disdain
between rival fans, we compile data on disorderly conduct violations and ejections (incidents)
occurring at the stadium.?° Stadium incidents are available for a subset of colleges, typically
state-funded institutions, that provide these statistics. We then estimate a team fixed effects
model where the dependent variable is the number stadium incidents, and control for game
characteristics such as the opponent’s rank, home team’s rank, homecoming, and whether
the game began at 5pm or later (Prime Time Game).

In Table 13, our main variable of interest, Rival, has a positive coefficient of 15.607 (¢-
statistic of 2.390) in the full specification. Thus, consistent with the mutual disdain between
rival fans, there are more stadium incidents on games against rivals. In contrast, homecoming
games, which are typically associated with a friendly opponent, are not associated with more
stadium incidents as indicated by Homecoming’s coefficient being negative or insignificant.

The positive coefficient of the Prime Time Game indicator variable is consistent with
more important college football games eliciting stronger emotions. Similarly, higher ranked
opponents lead to more stadium incidents. In particular, the Pre-Season Top 25 Opponent
indicator variable has a positive coefficient, while Opponent’s Rank has a negative coefficient.
These coefficients are consistent with fans of higher ranked teams being more willing to travel

with the visiting team, thereby increasing the likelihood that opposing fans interact at the

20Rees and Schnepel (2009) report increased crime surrounding the location of college football games,
while Card and Dahl (2011) link unexpected losses in the National Football League to increased domestic
violence.
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stadium.

Although several game and visiting team characteristics influence the number of stadium
incidents, Table 2 reports that these characteristics do not increase Airbnb listing prices or
hotel prices. Therefore, incidents at the stadium where opposing fans interact do not imply
higher expected damage to hotel rooms or entire units on Airbnb that physically separate

visitors from the local population.

6 Expected Damage

Several results indicate that the inverse relation between unit-level listing price increases
and rental incomes on games against rivals does not result from a higher cost of providing
accommodations to rival fans. Indeed, hosts receive insurance from Airbnb, and Airbnb hosts
do not increase damage deposits on games against rivals. Airbnb hosts also rate guests, which
provides an incentive for Airbnb guests to act responsibly.

Moreover, while financial constraints can reduce the influence of an affiliation bias on
listing prices, the financial constraints of hosts are unlikely to influence their unit’s exposure
to damage. In particular, variation in Airbnb listing prices attributable to this host char-
acteristic is unlikely to capture variation in unit-level exposure to damage. Airbnb hosts
can also block their unit from being booked to prevent damage. However, Airbnb hosts are
not more likely to block their unit on games against rivals, and blocking is insensitive to
host financial constraints. Moreover, providing accommodation on home games against rival
teams does not lead to increased blocking in the subsequent week. This increase in blocking
would be needed to facilitate repairs if guests were more likely to damage units on games
against rivals.

The previous results for stadium incidents cannot explain the high listing prices on games
against rivals. Indeed, homecoming games are associated with high hotel prices but fewer

stadium incidents. Similarly, games against a higher ranked opponent have more stadium
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incidents but lower listing prices than games against rivals. Therefore, incidents that arise
from interactions between opposing fans at the stadium do not imply greater damage for
Airbnb units (and hotel rooms) that physically separate fans of the rival team from the local

population.

7 Conclusion

We find evidence that an affiliation bias against fans of a rival college team lead Airbnb host to
set listing prices that are too high. Specifically, listing price increases on games against rival
teams lower the rental incomes of Airbnb hosts. This inverse relation between listing price
increases and rental income is concentrated among financially unconstrained hosts. Thus,
financial constraints appear to reduce the impact of affiliation bias on household financial
decisions.

While our results are specific to rental accommodations in college towns, they highlight
an important issue in the rapidly expanding sharing economy. The prices set by hosts may
differ substantially from those set by corporations due to affiliation bias. Indeed, our results
identify the importance of professional management in “rationalizing” the sharing economy.

As the bias we study involve rival affiliations, our study sheds light on a subtle form of
discrimination that differs from discrimination based on ethnicity and gender. Moreover, in
the competitive market for short-term accommodation that is characterized by low search
costs and low barriers to entry, attempts to discriminate lead to losses rather than gains.

Thus, our results are consistent with Becker (1957).
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Figure 1: Difference in Listing Premium: Airbnb - Hotels

This figure illustrates the difference in the listing premium between Airbnb units and
hotel rooms. The Airbnb listing premium is computed at the unit level as the listing price
on a specific game, such as homecoming, minus the unit's average listing price across all
home games in the same season. The hotel listing premium is computed at the college

level as the average hotel price on a specific game minus the average hotel price across all
home games in the same season.
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Table 1: Summary Statistics

This table reports the average number of units in each college town listed on Airbnb as well as the average listing price, rental income, Airbnb listing premium, occupancy, and the
number of blocked units on games against rival and non-rival teams. The listing premium for Airbnb units is computed at the unit level as the listing price on a specific game minus the
average listing price for all home games during the season. Units blocked refers to units that hosts prevent from being booked. For comparison, the average price, revenue, hotel premium,
and occupancy rate of hotels are also reported. Hotel Premium is computed at the city level as the average hotel price minus the average hotel price for all home games during the
season. The Airbnb sample consists of entire units located in college towns whose listing price changes at least once during the football season. The average price, rental income, listing
premium, and occupancy rate are also reported for hotels within a fifteen mile radius of the football stadium. Rival teams are identified in Appendix A. Pre-Season Top 25 opponents
are teams classified as a top 25 football program at the start of the season by the Associated Press Poll. Incoming Top 25 Opponents are teams among the top 25 teams before the game.
Homecoming refers to games on homecoming weekend. Regular Home Games are those that do not involve homecoming, highly ranked visiting teams, or rival visiting teams.

Airbnb Number of Units  Listing Price ~ Rental Income  Airbnb Listing Premium  Occupancy Rate  Units Blocked
Rival 31 $277.06 $176.36 $28.77 65.03% 4.85
Pre-Season Top 25 Opponent (Non-Rival) 33 $259.57 $185.05 $7.06 68.01% 6.19
Incoming Top 25 Opponent (Non-Rival) 32 $260.55 $198.35 $8.87 69.15% 5.94
Homecoming (Non-Rival) 31 $247.13 $144.54 $2.90 65.06% 6.53
Regular Home Games 31 $249.85 $112.49 -$16.55 53.06% 5.10
Away Games 31 $201.68 $54.23 -$34.48 37.13% 5.85
Hotel Price Revenue Hotel Premium Occupancy Rate

Rival $160.17 $138.20 $13.51 83.72%

Pre-Season Top 25 Opponent (Non-Rival) $172.59 $154.97 $19.56 88.61%

Incoming Top 25 Opponent (Non-Rival) $162.73 $146.06 $16.18 88.48%

Homecoming (Non-Rival) $149.68 $131.87 $5.77 87.09%

Regular Home Games $136.68 $113.51 -$12.46 81.31%




Table 2: Listing Premium

Panel A reports the coefficients from the unit fixed effects panel regression in Equation (2). Airbnb Listing Premium is computed at the unit level as the listing price on a specific game
minus the average listing price for all home games during the season. Panel B reports the coefficients from the team fixed effects panel regression that has Hotel Premium as the dependent
variable. Hotel Premium is computed at the city level as the average hotel price minus the average hotel price for all home games during the season. The sample consists of entire units
on Airbnb and hotels located in college towns. Rival is an indicator variable that equals one if the home game is against a rival opponent, and zero otherwise. Opponent’s Rank is the
incoming rank of the opponent prior to the start of the game, and equals 50 if the team is unranked. Home Team’s Rank is the rank of the home team prior to the start of the game,
and equals 50 if the team is unranked. Prime Time Game is an indicator variable equal to one if the game occurs at 5pm or later, and zero otherwise. Pre-Season Top 25 Opponent is
an indicator variable equal to one if the incoming opponent was ranked a top 25 team on the Associated Press Poll at the start of the season, and zero otherwise. Homecoming is an
indicator variable equal to one if the game takes place on the homecoming weekend, and zero otherwise. Distance refers to the number of miles separating the location of the home team
and the visiting team. Same Conference is an indicator variable equal to one if the incoming opponent is in the same athletic conference as the home team. Hotel Occupancy refers to the
average hotel occupancy on a specific game. Appendix A contains the list of rival teams and Appendix B contains a description of each variable. t-statistics are reported in parentheses.
Standard errors are clustered at the team level. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Determinants of the Airbnb Listing Premium

Airbnb Listing Premium

Rival 38.350***  35.531**%*  35.450%**  34.866%** = 31.468***  33.725%**  Z7.6T1¥F*  36.184%*F*  23.758%** 22.410%**  19.497***
(3.487) (3.396) (3.417) (3.143) (3.600) (3.850) (3.678) (3.569) (5.486) (5.353) (4.431)
Opponent’s Rank -16.999 -16.248 -16.855 -11.100 -10.675 -11.481 -12.194 -8.539 -8.284 -7.498
(-1.647) (-1.532) (-1.582) (-1.282) (-1.146) (-1.230) (-1.308) (-1.172) (-1.138) (-1.011)
Home Team’s Rank -3.143 -3.036 -3.627 -3.926 -4.314 -5.302 -3.398 -3.688 -4.387
(-0.898) (-0.820) (-1.105) (-1.208) (-1.272) (-1.517) (-1.204) (-1.179) (-1.490)
Prime Time Game -5.426 -5.915 -5.229 -6.049 -5.561 -13.840%**  -12.327FF* 9 434%**
(-1.058) (-1.183) (-0.923) (-1.210) (-1.190) (-3.174) (-3.170) (-3.201)
Pre-Season Top Opponent 13.519 15.142 15.556 14.555 0.148 -1.784 -0.699
(1.062) (1.325) (1.466) (1.442) (0.025) (-0.348) (-0.146)
Homecoming 14.340%**  13.943%**  12.750*** -1.839 -3.264 1.450
(3.179) (3.433) (3.261) (-0.308) (-0.603) (0.351)
Distance 4.343 4.440 0.591 0.779 0.721
(1.183) (1.112) (0.324) (0.474) (0.419)
Number of Units 19.626** 14.279%* 13.649%* 12.139
(2.784) (2.069) (2.207) (1.694)
Hotel Premium 0.788%** 0.714%** 0.899%**
(4.151) (3.266) (3.203)
Same Conference 10.243 9.798
(1.157) (1.162)
Hotel Occupancy -0.723**
(-2.159)
Observations 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564
R-squared 0.028 0.039 0.039 0.040 0.043 0.046 0.047 0.051 0.083 0.085 0.088

Number of Unique Units 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320




Panel B: Determinants of the Hotel Premium

Rival

Opponent’s Rank

Home Team’s Rank
Pre-Season Top Opponent
Prime Time Game
Homecoming

Same Conference
Distance

Number of Units

R-squared
Observations

Hotel Premium

16.440%**
(3.299)

0.0539
236

10.031%
(1.874)
-11.974%%%
(-4.101)

0.1567
236

10.092%
(1.873)
-12.000%+*
(-4.073)
1.004
(0.951)

0.1580
236

7.466

(1.538)

-4.193

(-1.501)

1.117

(0.979)
22.546% %+
(5.686)

0.2433
236

7.697*
(1.728)
-4.606*
(-1.819)
1.320
(1.103)
19.489%**
(5.086)
9.916%%*
(3.411)

0.2724
236

9.393%*
(1.982)
-4.340%
(-1.655)
1.115
(0.960)
20.314%%*
(5.351)
9.868*+*
(3.515)
11.985%%*
(3.626)

0.2963
236

4.931
(1.060)
-4.397
(-1.577)
1.139
(1.001)
14.902%**
(4.355)
10.648%%*
(3.997)
7.004%*
(2.509)
15.209%%*
(4.356)

0.3575
236

6.985
(1.464)
-4.703
(-1.650)
1.254
(1.097)
14.967%%*
(4.526)
9.850%%*
(3.919)
7.074%*
(2.442)
15.176%%*
(4.395)
3.020
(1.585)
0.032
(0.047)

0.3650
236




This table reports the coefficients from the unit fixed effects panel regression in Equation (3). The dependent variable, Occupancy, is an indicator variable equal to one if a unit is booked
and zero if the unit is not booked. The sample consists of entire units on Airbnb located in college towns. Airbnb Listing Premium is computed at the unit level as the average listing
price on a specific game minus the average listing price for all home games during the season. Rival is an indicator variable that equals one if the home game is against a rival opponent,
and zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to the start of the game, and equals 50 if the team is unranked. Home Team’s Rank is the rank of the
home team prior to the start of the game, and equals 50 if the team is unranked. Prime Time Game is an indicator variable equal to one if the game occurs at 5pm or later, and zero
otherwise. Homecoming is an indicator variable equal to one if the game takes place on the homecoming weekend, and zero otherwise. Distance refers to the number of miles separating
the location of the home team and the visiting team. Same Conference is an indicator variable equal to one if the incoming opponent is in the same athletic conference as the home team.
Hotel Premium is computed at the city level as the average hotel price on a specific game minus the average hotel price for all home games during the season, while Hotel Occupancy
refers to the average hotel occupancy on a specific game. All continuous variables are standardized. t-statistics are reported in parentheses. Standard errors are clustered at the team

Table 3: Occupancy

level. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Listing Premium

Rival

Listing Premium x Rival
Opponent’s Rank

Home Team’s Rank
Prime Time Game
Pre-Season Top Opponent
Homecoming

Distance

Number of Units

Hotel Premium

Same Conference

Hotel Occupancy
Observations

R-squared
Number of Unique Units

Occupancy of Airbnb Units

0.032%#*
(4.369)
0.072%
(2.047)

-0.032%*
(-2.249)

6,564
0.011
1,320

0.026%**
(5.970)
0.057*
(1.944)

-0.030%*
(-2.742)

-0.103%**
(-2.800)

6,564
0.033
1,320

0.026%**
(5.848)
0.057*
(1.990)

-0.030%%*
(-2.871)

-0.100%*
(-2.413)
-0.012
(-0.309)

6,564
0.033
1,320

0.020%%*
(5.863)
0.066***
(2.858)
-0.037%%*
(-3.126)
-0.091%*
(-2.374)
-0.013
(-0.474)
0.075
(1.260)

6,564
0.041
1,320

0.026%%*
(5.577)
0.037*
(1.715)

-0.037%%*
(-3.995)

-0.041%*
(-2.397)
-0.018
(-0.990)

0.070
(1.385)
0.120%
(1.922)

6,564
0.054
1,320

0.022%%*
(4.277)
0.059%*
(2.580)

-0.031%%*
(-2.814)

-0.037
(-1.316)
-0.021*
(-1.736)
0.076%*
(2.626)

0.136%%*
(2.897)

0.139%%*
(2.882)

6,564
0.072
1,320

0.022%%*
(4.309)
0.070%*
(2.224)

-0.032%%*
(-3.225)

-0.040
(-1.524)
-0.022
(-1.591)
0.074%*
(2.186)

0.137%%*
(3.189)

0.138%**
(3.073)

0.013
(0.473)

6,564
0.072
1,320

0.021%#*
(4.059)
0.068**
(2.108)

-0.031 %%
(-3.216)

-0.041
(-1.551)
-0.024*
(-1.737)
0.075%*
(2.197)

0.136%%*
(3.182)

0.136%%*
(3.022)

0.013
(0.470)
0.031
(1.269)

6,564
0.073
1,320

0.006
(0.936)
-0.001
(-0.033)
-0.052%*
(-2.659)
-0.019
(-0.876)
-0.013
(-1.001)
0.020
(0.622)
0.043
(1.656)
0.042%*
(2.073)
-0.011
(-0.702)
-0.001
(-0.034)
0.005%**
(5.654)

6,564
0.151
1,320

0.004
(0.634)
-0.010
(-0.368)
-0.047%*
(-2.492)
-0.018
(-0.833)
-0.015
(-1.143)
0.029
(0.831)
0.031
(1.149)
0.033
(1.448)
-0.010
(-0.567)
-0.005
(-0.142)
0.005%**
(5.638)
0.065%*
(2.227)

6,564
0.154
1,320

0.005
(0.785)
0.006
(0.215)
-0.044%*
(-2.506)
-0.022
(-1.177)
-0.011
(-0.827)
0.012
(0.419)
0.025
(0.956)
0.005
(0.303)
-0.010
(-0.596)
0.004
(0.133)
0.004%%*
(4.760)
0.068**
(2.358)
0.004***
(5.066)

6,564
0.160
1,320




Table 4: Rental Income

This table reports the coefficients from the unit fixed effects panel regression in Equation (5) where the rental income of Airbnb units is the dependent variable. Airbnb Listing Premium
is computed at the unit level as the listing price on a specific game minus the average listing price for all home games during the season. Rival is an indicator variable that equals one
if the home game is against a rival opponent, and zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to the start of the game, and equals 50 if the team is
unranked. Home Team’s Rank is the rank of the home team prior to the start of the game, and equals 50 if the team is unranked. Prime Time Game is an indicator variable equal to
one if the game occurs at 5pm or later, and zero otherwise. Pre-Season Top 25 Opponent is an indicator variable equal to one if the incoming opponent was ranked a top 25 team on the
Associated Press Poll at the start of the season, and zero otherwise. Homecoming is an indicator variable equal to one if the game takes place on the homecoming weekend, and zero
otherwise. Distance refers to the number of miles separating the location of the home team and the visiting team. Same Conference is an indicator variable equal to one if the incoming
opponent is in the same athletic conference as the home team. Hotel Premium is computed at the city level as the average hotel price on a specific game minus the average hotel price for
all home games during the season, while Hotel Occupancy refers to the average hotel occupancy on a specific game. Appendix A contains the list of rival teams and Appendix B contains
a description of each variable. t-statistics are reported in parentheses. Standard errors are clustered at the team level. *, ** and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Airbnb Rental Income

Listing Premium 0.846*** 0.816%** 0.816*** 0.828*** 0.819%*** 0.810%*** 0.810%** 0.804*** 0.753%**  0.747F**  0.747F**
(11.212)  (14.510)  (14.358)  (14.535)  (16.408)  (14.756)  (14.787)  (15.028)  (14.255)  (14.644)  (14.495)

Rival 19.547 13.372 13.289 17.176* 7.417 11.197 15.330 13.492 -6.854 -9.483 -9.044
(1.698)  (1.283) (1.285) (1.852) (0.727) (1.098) (1.292) (1.091)  (-0.595)  (-0.718)  (-0.777)
Listing Premium x Rival -0.212%*%  _0.199%*%*  _0.201***  -0.233*%**  _(.233*¥* = _(.222%** -0.225%** -0.220** -0.289** -0.273%* -0.272%*
(-2.693)  (-3.178)  (-3.179)  (-3.559)  (-3.086)  (-2.885)  (-2.864)  (-2.690)  (-2.311)  (-2.128)  (-2.101)

Opponent’s Rank -41.970%*  -40.614%*  -36.984** -20.049* -19.417* -20.243* -21.219* -14.766 -14.378 -14.503
(-2.493)  (-2.351)  (-2.186)  (-2.054)  (-1.723)  (-1.830)  (-1.880)  (-1.631)  (-1.649)  (-1.623)

Home Team’s Rank -5.715 -6.366 -8.148 -8.661 -9.066 -10.341 -7.070 -7.570 -7.454
(-0.998)  (-1.675)  (-1.458)  (-1.276)  (-1.431)  (-1.544)  (-1.097)  (-1.035)  (-1.024)

Prime Time 31.448%* 20.948%* 31.011%%*  30.190%**  30.754*** 14.519* 17.075* 16.614*
(2.309) (2.684) (3.555) (3.268) (3.256)  (1.884)  (1.850)  (2.025)

Pre-Season Top Opponent 40.155* 42.990%*  43.426%**  42.225%** 14.988 11.626* 11.453*
(1.984) (2.607) (2.839) (2.875)  (1.628)  (1.721)  (1.762)

Homecoming 24.352%* 23.947** 22.515%* -5.465 -7.879 -8.632
(2.412) (2.542) (2.391)  (-0.860)  (-1.047)  (-0.940)

Distance 4.433 4.565 -2.522 -2.216 -2.208
(0.725) (0.721)  (-0.625)  (-0.496)  (-0.494)

Number of Units 25.069%** 15.707* 14.701 14.940*
(3.754) (1.757)  (1.707)  (L.778)
Hotel Premium 1.542%%%  1.413%%*%  1.382%**
(4.691)  (4.990)  (4.442)

Same Conference 18.002 18.075
(1.072)  (1.058)

Hotel Occupancy 0.116
(0.228)

Observations 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564

R-squared 0.216 0.237 0.238 0.245 0.254 0.257 0.257 0.259 0.299 0.300 0.300

Number of Unique Units 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320




Table 5: Additional Results

This table reports the coefficients from three robustness tests that modify the unit fixed effects panel regressions in Equations (2) and (5). In Panel A, the results from a Seemingly
Unrelated Regression (SUR) that jointly estimates the two Equations are recorded. In Panel B, the Airbnb Listing Premium and the Hotel Premium are expressed as percentage deviations
from their respective benchmark rather than as dollar-denominated deviations. In Panel C, the Airbnb Listing Premium is replaced with the ratio of this premium normalized by the
Hotel Premium, which is computed at the city level as the average hotel price on a specific game minus the average hotel price for all home games during the season. In Panel D, the
Airbnb Listing Premium is replaced with the original unadjusted Airbnb listing prices as the dependent variable in Equation (2). The sample consists of entire units on Airbnb and hotels
located in college towns. Rival is an indicator variable that equals one if the home game is against a rival opponent, and zero otherwise. Opponent’s Rank is the incoming rank of the
opponent prior to the start of the game, and equals 50 if the team is unranked. Home Team’s Rank is the rank of the home team prior to the start of the game, and equals 50 if the team
is unranked. Prime Time Game is an indicator variable equal to one if the game occurs at 5pm or later, and zero otherwise. Pre-Season Top 25 Opponent is an indicator variable equal
to one if the incoming opponent was ranked a top 25 team on the Associated Press Poll at the start of the season, and zero otherwise. Homecoming is an indicator variable equal to one
if the game takes place on the homecoming weekend, and zero otherwise. Distance refers to the number of miles separating the location of the home team and the visiting team. Same
Conference is an indicator variable equal to one if the incoming opponent is in the same athletic conference as the home team. Hotel Occupancy refers to the average hotel occupancy
on a specific game. Appendix A contains the list of rival teams and Appendix B contains a description of each variable. t-statistics are reported in parentheses. Standard errors are
clustered at the team level. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: SUR Estimation Panel B: Percentage Premiums Panel C: Ratio of Airbnb to Hotel Premium Panel D: Listing Price
Listing Premium  Rental Income Listing Premium  Rental Income Ratio Premium Rental Income Unadjusted Listing Price
Premium 0.763*** 210.679*** 64.992%*
(33.613) (5.274) (2.765)
Rival 20.572%** 1.253 0.059%** 0.409 0.117%%* 18.347 21.310%***
(5.978) (0.231) (4.019) (0.034) (4.200) (1.058) (4.854)
Premium X Rival -0.228%** -114.356** -38.614%*
(-4.502) (-2.717) (-2.199)
Opponent’s Rank -12.487%** -20.144*** -0.006 -21.032%* -0.010 -27.889** -11.212
(-5.199) (-5.419) (-0.307) (-1.828) (-0.259) (-2.103) (-1.640)
Home Team’s Rank -0.842 -5.952% -0.014 -5.464 0.001 -9.534 -1.968
(-0.405) (-1.852) (-1.602) (-0.529) (0.066) (-0.762) (-0.455)
Same Conference 21.47T*** 37.707*** 0.040* 26.133 -0.032 57.670** 20.747**
(7.340) (8.295) (1.826) (1.068) (-0.651) (2.527) (2.501)
Prime Time Game 0.690 23.699*** -0.029** 20.132%* -0.089%*** 17.312% 1.198
(0.255) (5.643) (-2.606) (2.105) (-2.811) (1.726) (0.290)
Pre-Season Top Opponent 6.922%* 19.889%*** -0.001 16.850** -0.055* 23.344 6.416*
(2.217) (4.122) (-0.042) (2.109) (-1.840) (1.564) (2.002)
Homecoming -7.854%* -13.749%** 0.017 -10.492 0.048 -10.638 -9.454
(-2.324) (-2.629) (1.446) (-0.876) (1.289) (-0.841) (-1.396)
Distance -1.459 -0.545 -0.005 -0.948 -0.012 3.810 0.811
(-0.839) (-0.203) (-0.810) (-0.204) (-1.163) (0.561) (0.386)
Number of Units 14.235%** 20.996%** 0.040%* 18.811%** 0.053 29.734%** 41.576%**
(3.713) (3.541) (1.927) (2.230) (0.801) (3.083) (3.028)
Hotel Premium 0.696*** 0.332%** 0.421%* 151.867** 0.642%**
(12.169) (3.693) (2.528) (2.345) (4.000)
Hotel Occupancy -0.059 1.725%%* -0.003** 0.415 -0.016%** 3.201%** 0.072
(-0.427) (8.088) (-2.452) (0.405) (-7.720) (3.319) (0.362)
Observations 6,564 6,564 6,564 6,564 6,564 6,564 6,564
R-squared 0.085 0.628 0.114 0.213 0.112 0.161 0.094

Number of Unique Units 1,320 1,320 1,320 1,320 1,320 1,320 1,320




Table 6: Residual Listing Premium

This table reports the coefficients from the unit fixed effects panel regression where the rental income of Airbnb units is the
dependent variable. Residual Listing Premium is computed by regressing the Airbnb Listing Premium onto the Hotel Premium.
Airbnb Listing Premium is computed at the unit level as the listing price on a specific game minus the average listing price for
all home games during the season. Hotel Premium is computed at the city level as the average hotel price on a specific minus
the average hotel price for all home games during the season. Rival is an indicator variable that equals one if the home game
is against a rival opponent, and zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to the start of
the game, and equals 50 if the team is unranked. Home Team’s Rank is the rank of the home team prior to the start of the
game, and equals 50 if the team is unranked. Prime Time Game is an indicator variable equal to one if the game occurs at 5pm
or later, and zero otherwise. Pre-Season Top 25 Opponent is an indicator variable equal to one if the incoming opponent was
ranked a top 25 team on the Associated Press Poll at the start of the season, and zero otherwise. Homecoming is an indicator
variable equal to one if the game takes place on the homecoming weekend, and zero otherwise. Distance refers to the number
of miles separating the location of the home team and the visiting team. Same Conference is an indicator variable equal to
one if the incoming opponent is in the same athletic conference as the home team. Hotel Occupancy refers to the average
hotel occupancy on a specific game. Appendix A contains the list of rival teams and Appendix B contains a description of
each variable. t-statistics are reported in parentheses. Standard errors are clustered at the team level. * ** and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Airbnb Listing Premium Rental Income
Hotel Premium 0.891%**
(4.472)
Residual Listing Premium 0.822%**
(9.387)
Rival -13.529
(-1.103)
Residual Listing Premium x Rival -0.214**
(-2.031)
Opponent’s Rank -16.204
(-1.675)
Home Team’s Rank -6.120
(-0.818)
Prime Time Game 15.997*
(1.834)
Pre-Season Top Opponent 11.176
(1.694)
Homecoming -8.847
(-0.883)
Distance -2.961
(-0.619)
Number of Units 14.156
(1.617)
Hotel Premium 2.016%**
(5.365)
Same Conference 19.390
(1.107)
Hotel Occupancy 0.179
(0.333)
Observations 6,564 6,564
R-squared 0.061 0.283

Number of Unique Units 1,320 1,320




Table 7: Placebo Tests for Demand

This table reports the coefficients from a unit fixed effects panel regression in Equation 5 where the rental income of Airbnb units is the dependent variable. Panel A examines the
interaction variable involving Homecoming, while Panel B examines the interaction variable involving Pre-Season Top Opponent. Airbnb Listing Premium is computed at the unit level
as the listing price on a specific game minus the average listing price for all home games during the season. Homecoming is an indicator variable equal to one if the game takes place
on the homecoming weekend, and zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to the start of the game, and equals 50 if the team is unranked. Home
Team’s Rank is the rank of the home team prior to the start of the game, and equals 50 if the team is unranked. Pre-Season Top 25 Opponent is an indicator variable equal to one if the
incoming opponent was ranked a top 25 team on the Associated Press Poll at the start of the season, and zero otherwise. Prime Time Game is an indicator variable equal to one if the
game occurs at 5pm or later, and zero otherwise. Distance refers to the number of miles separating the location of the home team and the visiting team. Same Conference is an indicator
variable equal to one if the incoming opponent is in the same athletic conference as the home team. Hotel Premium is computed at the city level as the average hotel price on a specific
game minus the average hotel price for all home games during the season, while Hotel Occupancy refers to the average hotel occupancy on a specific game. Appendix A contains the list
of rival teams and Appendix B contains a description of each variable. t-statistics are reported in parentheses. Standard errors are clustered at the team level. *, ** and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Placebo Test on Homecoming

Rental Income

Listing Premium 0.643%** 0.642%** 0.646*** 0.625*** 0.625%*** 0.619%** 0.540%**  (0.537***  (.538***
(20.680)  (20.528)  (21.385)  (21.631)  (21.870)  (22.363)  (12.857)  (13.902)  (13.380)
Homecoming 17.918%* 18.110* 19.447* 27.070%* 26.964*** 25.536%* 1.152 -1.480 -3.518
(2.085) (1.975) (1.772) (2.716) (2.905) (2.755)  (0.170)  (-0.195)  (-0.407)
Listing Premium X Homecoming -0.183 -0.184 -0.160 -0.134 -0.134 -0.139 -0.096 -0.112 -0.115
(-1.168)  (-1.182)  (-1.056)  (-0.917)  (-0.911)  (-0.959)  (-0.682)  (-0.823)  (-0.844)
Opponent’s Rank -41.685%*  -40.423*%*  _37.499** -17.216 -17.287 -18.518 -13.734 -13.418 -13.632
(-2.446)  (-2.316)  (-2.242)  (-1.576)  (-1.611)  (-1.684)  (-1.418)  (-1.404)  (-1.417)
Home Team’s Rank -5.326 -5.922 -8.020 -8.067 -9.546 -6.366 -7.060 -6.775
(-1.223)  (-1.342)  (-1.163)  (-1.164)  (-1.361)  (-1.230)  (-1.216)  (-1.122)
Prime Time game 28.142%* 27.615%**  27.493%**  28.204%** 12.731* 16.171* 15.005**
(2.058) (3.034) (2.832) (2.848)  (1.815)  (2.006)  (2.129)
Pre-Season Top Opponent 46.770%**  46.903*%**  45,239%** 15.939 11.416 11.053
(2.914) (3.123) (3.148) (1.631)  (1.505)  (1.471)
Distance 0.443 1.085 -0.921 0.234 -0.004
(0.092) (0.215)  (-0.354)  (0.073)  (-0.001)
Number of Units 28.507*** 17.699* 16.173* 16.816**
(4.290) (1.961)  (1.908)  (2.105)
Hotel Premium 1.489%%*  1.318%%*  1.247*%*
(4.287)  (4.381)  (3.784)
Same Conference 22.732 23.019
(1.591)  (1.550)
Hotel Occupancy 0.283
(0.514)
Observations 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564
R-squared 0.188 0.189 0.196 0.210 0.210 0.213 0.257 0.260 0.260
Number of Unique Units 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320




Panel B: Placebo Test on Pre-Season Top Opponent

Rental Income

Listing Premium 0.588*** 0.590***  0.587***  (.574¥** 0.574%** 0.573***  (0.522%**  (0.506%**  0.506%**
(13.798)  (13.996)  (13.641)  (13.471)  (13.343)  (13.613)  (13.028) (12.476)  (12.419)
Pre-Season Top Opponent 42.608* 43.167* 42.390%*  46.612**¥*  46.598***  45.045%** 15.954 11.300 10.922
(1.782) (1.768) (2.089) (3.008) (3.218) (3.230) (1.669) (1.605) (1.576)
Listing Premium X Pre-Season Top Opponent 0.059 0.054 0.074 0.094 0.094 0.082 0.025 0.052 0.055
(0.611) (0.556) (0.660) (0.887) (0.877) (0.784) (0.220) (0.435) (0.455)
Opponent’s Rank -22.477F%  -20.686**  -18.044* -17.132 -17.125 -18.344%* -13.679 -13.310 -13.522
(-2.343)  (-2.187)  (-1.977)  (-1.607)  (-1.647)  (-1.717)  (-1.427)  (-1.417)  (-1.431)
Home Team’s Rank -6.583 -7.028 -7.637 -7.632 -9.123 -6.219 -6.802 -6.500
(-1.692)  (-1.329)  (-1.119) (-1.116) (-1.329)  (-1.221)  (-1.204)  (-1.103)
Prime Time Game 27.388%*  28.391%** 28.404** 29.026** 13.107* 16.845* 15.691*
(2.236) (2.899) (2.725) (2.758) (1.710) (1.857) (1.949)
Homecoming 27.458%**  27.469***  25.970*** 1.188 -1.247 -3.299
(2.852) (3.048) (2.881) (0.189) (-0.178) (-0.405)
Distance -0.045 0.607 -1.158 -0.086 -0.339
(-0.009) (0.117) (-0.428) (-0.026) (-0.101)
Number of Units 27.753***  17.426%* 15.667* 16.296*
(4.155) (1.986)  (1.858)  (2.049)
Hotel Premium 1.489%**  1.312%%*  1.239%**
(4.420) (4.615) (3.904)
Same Conference 23.153 23.473
(1.507) (1.470)
Hotel Occupancy 0.287
(0.512)
Observations 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564 6,564
R-squared 0.198 0.199 0.205 0.210 0.210 0.213 0.257 0.259 0.260

Number of Unique Units 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320 1,320




Table 8: Competition
This table reports the coefficients for the unit fixed effects panel regressions in Equations (2) and (5) after separating college towns into high versus low competition. This separation
is based on two criteria; the ratio of Airbnb units to all accommodations and the total number of Airbnb units, including units whose listing price is unchanged during football season.
Airbnb Listing Premium is computed at the unit level as the listing price on a specific game minus the average listing price for all home games during the season. Rival is an indicator
variable that equals one if the home game is against a rival opponent, and zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to the start of the game, and equals
50 if the team is unranked. Home Team’s Rank is the rank of the home team prior to the start of the game, and equals 50 if the team is unranked. Prime Time Game is an indicator
variable equal to one if the game occurs at 5pm or later, and zero otherwise. Pre-Season Top 25 Opponent is an indicator variable equal to one if the incoming opponent was ranked a
top 25 team on the Associated Press Poll at the start of the season, and zero otherwise. Homecoming is an indicator variable equal to one if the game takes place on the homecoming
weekend, and zero otherwise. Distance refers to the number of miles separating the location of the home team and the visiting team. Same Conference is an indicator variable equal to
one if the incoming opponent is in the same athletic conference as the home team. Hotel Premium is computed at the city level as the average hotel price on a specific game minus the
average hotel price for all home games during the season, while Hotel Occupancy refers to the average hotel occupancy on a specific game. Appendix A contains the list of rival teams
and Appendix B contains a description of each variable. t-statistics are reported in parentheses. Standard errors are clustered at the team level. *| ** and *** indicate significance at

the 10%, 5%, and 1% levels, respectively.

Panel A: Ratio of Airbnb Units / (Airbnb Units + Hotel Rooms)

Panel B: All Airbnb Units (including those with no listing price change)

Above Average (High Competition)
Listing Premium

Rental Income

Below Average (Low Competition)

Listing Premium  Rental Income

Above Average (High Competition)
Listing Premium

Rental Income

Below Average (Low Competition)

Listing Premium

Rental Income

Listing Premium 0.716%** 0.804*** 0.754%** 0.749***
(12.870) (6.097) (12.499) (5.252)
Rival 18.794%** -14.837 13.220* 3.052 15.369** -4.848 14.937 -4.334
(3.296) (-1.201) (2.008) (0.244) (2.548) (-0.628) (1.446) (-0.231)
Listing Premium x Rival -0.249** -0.315 -0.294%* -0.227
(-2.204) (-0.921) (-2.305) (-0.661)
Opponent’s Rank -7.326 -20.938 -7.785 -0.005 -4.747 -22.779 -11.175 0.193
(-0.695) (-1.607) (-1.223) (-0.001) (-0.518) (-1.562) (-1.374) (0.020)
Home Team’s Rank -9.153%** -7.070 16.333** -0.594 -7.455%* -10.160 14.001* -8.125
(-3.110) (-0.699) (2.666) (-0.067) (-2.577) (-1.190) (2.040) (-0.782)
Prime Time Game -14.048%** 14.431 8.628** 13.397 -14.356%** 12.665 11.934* 45.159%*
(-6.345) (1.617) (2.473) (0.591) (-4.743) (1.296) (1.860) (1.919)
Pre-Season Top Opponent -2.639 12.868 -5.051 -16.044 -1.230 9.691** -7.244 -4.422
(-0.574) (1.784) (-0.985) (-1.487) (-0.269) (2.821) (-0.939) (-0.333)
Homecoming -3.229 -8.266 5.053 -16.293 1.155 -4.767 4.445 -25.690
(-0.739) (-0.508) (0.897) (-1.131) (0.283) (-0.425) (0.500) (-1.588)
Distance 0.892 -6.481 0.425 5.618 -0.020 2.484 0.442 -14.129
(0.221) (-1.112) (0.121) (0.570) (-0.005) (0.427) (0.053) (-1.367)
Number of Units 30.390*** 14.453 -1.174 21.322%* 20.039 51.591** -0.465 12.824
(7.611) (1.057) (-0.394) (1.767) (1.768) (2.387) (-0.134) (0.776)
Hotel Premium 0.983%* 1.285** 0.816* 2.216%** 1.022** 1.204** 0.831%* 2.054%**
(3.099) (2.665) (1.959) (5.050) (3.045) (2.810) (2.018) (4.759)
Same Conference 14.849 23.912 6.365 6.139 17.065* 25.152 1.450 -3.815
(1.481) (0.807) (0.869) (0.557) (2.151) (1.024) (0.126) (-0.325)
Hotel Occupancy -0.720 0.277 -1.493%* -1.140 -0.929%* 0.116 -1.171%* -0.732
(-1.445) (0.335) (-2.387) (-1.585) (-1.884) (0.135) (-2.491) (-0.835)
Observations 4,792 4,792 1,772 1,772 5,105 5,105 1,459 1,459
R-squared 0.109 0.329 0.064 0.246 0.103 0.340 0.077 0.247
Number of Unique Units 1,081 1,081 404 404 1,135 1,135 401 401




Table 9: Distance from Stadium

This table reports the coefficients for the unit fixed effects panel regressions in Equations (2) and (5) where the sample consists of entire units on Airbnb located with a specific distance
(15 miles, 10 miles, 5 miles, and 1 mile) of the football stadium. Airbnb Listing Premium is computed at the unit level as the listing price on a specific game minus the average listing
price for all home games during the season. Rival is an indicator variable that equals one if the home game is against a rival opponent, and zero otherwise. Opponent’s Rank is the
incoming rank of the opponent prior to the start of the game, and equals 50 if the team is unranked. Home Team’s Rank is the rank of the home team prior to the start of the game,
and equals 50 if the team is unranked. Prime Time Game is an indicator variable equal to one if the game occurs at 5pm or later, and zero otherwise. Pre-Season Top 25 Opponent is
an indicator variable equal to one if the incoming opponent was ranked a top 25 team on the Associated Press Poll at the start of the season, and zero otherwise. Homecoming is an
indicator variable equal to one if the game takes place on the homecoming weekend, and zero otherwise. Distance refers to the number of miles separating the location of the home team
and the visiting team. Same Conference is an indicator variable equal to one if the incoming opponent is in the same athletic conference as the home team. Hotel Premium is computed
at the city level as the average hotel price on a specific game minus the average hotel price for all home games during the season, while Hotel Occupancy refers to the average hotel
occupancy on a specific game. Appendix A contains the list of rival teams and Appendix B contains a description of each variable. t-statistics are reported in parentheses. Standard
errors are clustered at the team level. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Airbnb Listing Premium Rental Income
15 miles 10 miles 5 miles 1 mile 15 miles 10 miles 5 miles 1 mile
Listing Premium 0.747F%*  (0.858%**  (0.922%** 1 .191%**
(14.495) (11.925) (8.886) (6.650)
Rival 19.497%%*  17.029%%*%  18.273**  25.470** -9.044 -9.439 -4.364 30.985
(4.431) (3.583) (2.672)  (2.392) (-0.777)  (-0.725)  (-0.349)  (1.275)
Listing Premium x Rival -0.272%%  -0.309%*  -0.393**  -0.621**
(-2.101) (-2.231) (-2.225) (-2.829)
Opponent’s Rank -7.498 -8.184 -4.648 -14.569 -14.503 -15.616 -14.614* 8.054
(-1.011) (-1.069) (-0.670) (-1.564) (-1.623) (-1.640) (-1.777) (0.707)
Home Team’s Rank -4.387 -4.839 -1.345 1.055 -7.454 -6.714 0.957 -7.151
(-1.490) (-1.473)  (-0.284)  (0.085) (-1.024)  (-0.894)  (0.214)  (-0.544)
Pre-Season Top Opponent -0.699 -0.165 0.724 -22.270* 11.453* 13.122* 3.600 1.772
(-0.146) (-0.031) (0.110) (-2.112) (1.762) (1.856) (0.480) (0.051)
Prime Time Game -9.434%** -7.223%* -1.099 -6.086 16.614* 15.392 10.649 37.699
(-3.201) (-2.246) (-0.298) (-0.601) (2.025) (1.638) (0.929) (1.376)
Homecoming 1.450 1.330 2.527 9.623 -8.632 -8.813 -6.959 -7.692
(0.351) (0.311) (0.452) (0.794) (-0.940) (-0.803) (-0.597) (-0.315)
Distance 0.721 0.161 -1.768 -4.300 -2.208 -2.660 2.215 16.445
(0.419) (0.078) (-0.750) (-0.781) (-0.494) (-0.530) (0.448) (1.781)
Number of Units 12.139 12.506* 5.947 17.689* 14.940%* 14.446 10.130 55.660
(1.694) (1.739) (1.096)  (1.930) (1.778)  (1.690)  (0.634)  (1.184)
Hotel Premium 0.899%** 0.882%** 0.905%** 1.612** 1.382%** 1.295%**  1.326***  2.083***
(3.203) (3.008) (2.965) (2.827) (4.442) (4.337) (5.082) (3.767)
Same Conference 9.798 10.144 10.960 6.871 18.075 21.592 15.750 -6.142
(1.162) (1.075) (0.940) (0.303) (1.058) (1.236) (1.436) (-0.303)
Hotel Occupancy -0.723%* -0.767%* -0.702* -1.714%* 0.116 0.345 0.182 0.930
(-2.159) (-2.269) (-1.894) (-2.374) (0.228) (0.621) (0.333) (0.697)
Observations 6,564 5,974 3,862 899 6,564 5,974 3,862 899
R-squared 0.088 0.086 0.104 0.089 0.300 0.292 0.292 0.367

Number of Unique Units 1,320 1,181 776 185 1,320 1,181 776 185




Table 10: Financial Constraints

This reports the coefficients from the unit fixed effects panel regressions in Equations (2) and (5) for non-professional hosts
that have only one unit listed on Airbnb. A low credit utilization score corresponds with financially unconstrained hosts, while
a high credit utilization score corresponds with financially constrained hosts. Airbnb Listing Premium is computed at the unit
level as the listing price on a specific game minus the average listing price for all home games during the season. Rival is an
indicator variable that equals one if the home game is against a rival opponent, and zero otherwise. Opponent’s Rank is the
incoming rank of the opponent prior to the start of the game, and equals 50 if the team is unranked. Home Team’s Rank is
the rank of the home team prior to the start of the game, and equals 50 if the team is unranked. Prime Time Game is an
indicator variable equal to one if the game occurs at 5pm or later, and zero otherwise. Pre-Season Top 25 Opponent is an
indicator variable equal to one if the incoming opponent was ranked a top 25 team on the Associated Press Poll at the start of
the season, and zero otherwise. Homecoming is an indicator variable equal to one if the game takes place on the homecoming
weekend, and zero otherwise. Distance refers to the number of miles separating the location of the home team and the visiting
team. Same Conference is an indicator variable equal to one if the incoming opponent is in the same athletic conference as the
home team. Hotel Premium is computed at the city level as the average hotel price on a specific game minus the average hotel
price for all home games during the season, while Hotel Occupancy refers to the average hotel occupancy on a specific game.
Appendix A contains the list of rival teams and Appendix B contains a description of each variable. t-statistics are reported
in parentheses. Standard errors are clustered at the team level. * ** and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.

Financially Unconstrained Financially Constrained
Listing Premium  Rental Income Listing Premium  Rental Income

Listing Premium 0.540%*** 0.747%**
(6.153) (9.799)

Rival 25.378*** -8.87 10.041 -0.279
(3.823) (-0.732) (1.565) (-0.017)

Listing Premium x Rival -0.430** 0.096
(-2.786) (0.528)

Opponent’s Rank -3.477 -21.409 -8.853 -8.709
(-0.401) (-1.649) (-0.821) (-0.710)

Home Team’s Rank -4.68 -10.534 -9.417 -2.072
(-1.669) (-1.217) (-1.576) (-0.221)

Pre-Season Top Opponent 5.23 9.117 1.087 15.428
(0.719) (1.091) (0.191) (1.554)

Prime Time Game -10.762%** 13.888 -6.852 22.165
(-4.423) (1.179) (-0.741) (1.643)

Homecoming 1.318 -5.423 0.821 1.879
(0.257) (-0.446) (0.215) (0.203)

Same Conference 8.834 38.729 9.319 25.726*
(0.864) (1.594) (1.493) (1.813)

Distance 2.369 -7.174 -0.298 0.384
(0.897) (-1.129) (-0.094) (0.050)

Number of Units 11.250%* 13.233 11.962 14.99
(1.796) (1.656) (1.091) (0.941)

Hotel Premium 0.790* 1.297*** 0.786*** 1.090**
(1.821) (4.391) (3.486) (2.627)

Hotel Occupancy -0.563 0.088 -0.792%* 0.271
(-1.443) (0.160) (-2.171) (0.487)

Observations 2,576 2,576 2,444 2,444

R-squared 0.109 0.237 0.077 0.301

Number of Unique Units 512 512 494 494




Table 11: Learning

This table reports the coefficients from the unit fixed effects panel regressions in Equation (5) based on units in 2015. The sample
of units is divided into two categories; those that were first listed in 2014 (early hosts) versus those that were first listed in 2015
(late hosts). Units listed in 2014 are associated with greater learning than those listed in 2015. A low credit utilization score
corresponds with financially unconstrained hosts, while a high credit utilization score corresponds with financially constrained
hosts. Airbnb Listing Premium is computed at the unit level as the listing price on a specific game minus the average listing
price for all home games during the season. Rival is an indicator variable that equals one if the home game is against a rival
opponent, and zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to the start of the game, and equals
50 if the team is unranked. Home Team’s Rank is the rank of the home team prior to the start of the game, and equals 50 if
the team is unranked. Prime Time Game is an indicator variable equal to one if the game occurs at 5pm or later, and zero
otherwise. Pre-Season Top 25 Opponent is an indicator variable equal to one if the incoming opponent was ranked a top 25
team on the Associated Press Poll at the start of the season, and zero otherwise. Homecoming is an indicator variable equal to
one if the game takes place on the homecoming weekend, and zero otherwise. Distance refers to the number of miles separating
the location of the home team and the visiting team. Same Conference is an indicator variable equal to one if the incoming
opponent is in the same athletic conference as the home team. Hotel Premium is computed at the city level as the average
hotel price on a specific game minus the average hotel price for all home games during the season, while Hotel Occupancy refers
to the average hotel occupancy on a specific game. Appendix A contains the list of rival teams and Appendix B contains a
description of each variable. t-statistics are reported in parentheses. Standard errors are clustered at the team level. *, ** and
*** indicate significance at the 10%, 5%, and 1% levels, respectively.

Rental Income

High Learning (Early Hosts) Low Learning (Late Hosts)
Unconstrained  Constrained Unconstrained  Constrained
Listing Premium 0.685%** 0.824*** 0.663*** 0.846%**
(3.359) (8.591) (5.526) (8.671)
Rival 9.380 21.804 -6.589 4.539
(0.227) (0.613) (-0.702) (0.449)
Listing Premium x Rival -0.627** 0.085 -0.425%* 0.102
(-2.074) (0.614) (-2.310) (0.643)
Opponent’s Rank -15.133 -94.207* -23.538* 1.504
(-0.893) (-2.277) (-1.995) (0.092)
Home Team’s Rank -49.550** -24.780 -17.303* -16.149
(-3.049) (-0.894) (-1.921) (-1.685)
Prime Time -11.533 56.585 6.543 10.981
(-0.454) (1.601) (0.584) (0.997)
Pre-Season Top Opponent 75.666 15.940 -0.141 9.714
(1.817) (0.352) (-0.018) (1.309)
Homecoming -6.448 37.520 3.382 9.004
(-0.419) (1.179) (0.319) (0.729)
Distance -3.959 4.120 -6.287 -2.697
(-0.219) (0.190) (-1.054) (-0.396)
Number of Units 90.181 137.471 -11.706 -52.401
(1.202) (1.341) (-0.209) (-0.764)
Hotel Premium -0.884 -0.702 1.484%* 1.338%*
(-0.973) (-1.074) (4.192) (2.815)
Same Conference 105.868** 94.134** 23.644 12.146
(2.981) (3.192) (1.080) (1.247)
Hotel Occupancy 7.625%** 2.290 -1.186** -0.665
(3.287) (1.101) (-2.190) (-0.955)
Observations 220 184 2,172 2,012
R-squared 0.388 0.512 0.273 0.373

Number of Unique Units 35 29 475 449




Table 12: Listing Premium for Shared Units

This table reports the coefficients from the unit fixed effects panel regression for shared units listed on Airbnb whose listing
price changed at least once during the football season. For shared units, Airbnb Listing Premium is computed at the unit
level as the listing price on a specific game minus the average listing price for all home games during the season. A low
credit utilization score corresponds with financially unconstrained hosts, while a high credit utilization score corresponds with
financially constrained hosts. Rival is an indicator variable that equals one if the home game is against a rival opponent, and
zero otherwise. Homecoming is an indicator variable equal to one if the game takes place on the homecoming weekend, and
zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to the start of the game, and equals 50 if the
team is unranked. Home Team’s Rank is the rank of the home team prior to the start of the game, and equals 50 if the team is
unranked. Pre-Season Top 25 Opponent is an indicator variable equal to one if the incoming opponent was ranked a top 25 team
on the Associated Press Poll at the start of the season, and zero otherwise. Prime Time Game is an indicator variable equal
to one if the game occurs at 5pm or later, and zero otherwise. Distance refers to the number of miles separating the location
of the home team and the visiting team. Same Conference is an indicator variable equal to one if the incoming opponent is in
the same athletic conference as the home team. Hotel Premium is computed at the city level as the average hotel price on a
specific game minus the average hotel price for all home games during the season, while Hotel Occupancy refers to the average
hotel occupancy on a specific game. Appendix A contains the list of rival teams and Appendix B contains a description of
each variable. t-statistics are reported in parentheses. Standard errors are clustered at the team level. * ** and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Financially Unconstrained Financially Constrained
Rival -0.817 4.376
(-0.142) (1.628)
Opponent’s Rank 0.980 1.415
(0.341) (0.461)
Home Team’s Rank -1.106 0.883
(-0.410) (0.354)
Prime Time Game -2.656 -0.636
(-0.981) (-0.402)
Pre-Season Top Opponent 3.609 1.433
(1.217) (0.474)
Homecoming 1.656 0.572
(1.075) (0.331)
Distance -0.840 -0.024
(-1.253) (-0.015)
Same Conference -3.852 -2.715
(-1.158) (-0.744)
Hotel Premium 0.326%** 0.196
(3.216) (0.909)
Hotel Occupancy -0.274%* -0.082
(-2.010) (-0.360)
Number of Shared Units -1.361 0.294
(-0.504) (0.107)
Observations 972 958
R-squared 0.072 0.045

Number of Unique Units 202 200




Table 13: Stadium Incidents

This table reports the coefficients from a team fixed effects regression explaining the number of stadium incidents, defined as the
sum of disorderly conduct violations at the stadium and stadium ejections on each home game. Rival is an indicator variable
that equals one if the home game is against a rival opponent, and zero otherwise. Homecoming is an indicator variable equal to
one if the game takes place on the homecoming weekend, and zero otherwise. Prime Time Game is an indicator variable equal
to one if the game occurs at 5pm or later, and zero otherwise. Opponent’s Rank is the incoming rank of the opponent prior to
the start of the game, and equals 50 if the team is unranked. Home Team’s Rank is the rank of the home team prior to the
start of the game, and equals 50 if the team is unranked. Pre-Season Top 25 Opponent is an indicator variable equal to one if
the incoming opponent was ranked a top 25 team on the Associated Press Poll at the start of the season, and zero otherwise.
Same Conference is an indicator variable equal to one if the incoming opponent is in the same athletic conference as the home
team. Distance refers to the number of miles separating the location of the home team and the visiting team. Appendix A
contains the list of rival teams and Appendix B contains a description of each variable. t-statistics are reported in parentheses.
Standard errors are clustered at the team level. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Stadium Incidents

Rival 25.292%%*% 24 .009%**  24.401%*%*  18.974*** 17.801** 16.064**  15.607**
(3.491) (3.422) (3.486) (2.966) (2.789)  (2.675)  (2.390)
Homecoming -8.893** -7.943%* -7.443%%* -6.634%*%  -5.998** -6.478
(-2.308)  (-2.128)  (-2.263)  (-2.442)  (-2.244)  (-1.699)
Prime Time Game 21.746** 19.427** 18.886**  16.145**  16.281**
(2.872) (2.772) (2.877)  (2.749)  (2.779)
Opponent’s Rank -14.312*%*  -13.876**  -8.846**  -8.864**
(-2.543)  (-2.583)  (-2.155)  (-2.150)
Home Team’s Rank -6.764 -6.862 -6.902
(-1.371)  (-1.455)  (-1.489)
Pre-Season Top Opponent 15.638**  14.967**
(2.655)  (2.383)
Same Conference 1.529
(0.212)
Team Fixed Effects Yes Yes Yes Yes Yes Yes Yes
Observations 214 214 214 214 214 214 214

R-squared 0.506 0.512 0.563 0.613 0.621 0.637 0.637




Appendix A: List of Home Games Against Rivals

Home Team Opponent Year Home Team Opponent Year
South Carolina  Georgia 2014 South Carolina Clemson 2015
Georgia Georgia Tech 2014 Clemson Georgia Tech 2015
Florida State Florida 2014 Georgia South Carolina 2015
Florida LSU 2014 Florida State Miami 2015
Tennessee Kentucky 2014 Florida Florida State 2015
Kentucky Vanderbilt 2014 Alabama LSU 2015
Ohio State Michigan 2014 Auburn Alabama 2015
Towa Towa State 2014 Tennessee Vanderbilt 2015
Towa Wisconsin 2014 Mississippi State  LSU 2015
Wisconsin Minnesota 2014 Mississippi State  Alabama 2015
Nebraska Minnesota 2014 Kentucky Tennessee 2015
LSU Mississippi State 2014 Notre Dame USsC 2015
LSU Alabama 2014 Michigan Michigan State 2015
Arkansas LSU 2014 Michigan Ohio State 2015
Arkansas Ole Miss 2014 Michigan St. Indiana 2015
Oklahoma Oklahoma State 2014 Towa Minnesota 2015
TCU Texas Tech 2014 Wisconsin Towa 2015
Texas Tech Texas 2014 LSU Florida 2015
Oregon State Oregon 2014 LSU Arkansas 2015
Oregon Washington 2014 Texas Tech TCU 2015

Utah Colorado 2015

ASU Arizona 2015




Appendix B: Variable Description

Variable

Description

Rival

Airbnb Listing Premium
Prime Time Game
Homecoming

Opponent’s Rank (Log)
Home Team’s Rank (Log)
Pre-Season Top 25 Opponent

Number of Units (Log)
Hotel Premium
Financially Unconstrained
Financially Constrained
Professional Hosts
Distance (Log)

Same Conference

An indicator variable that equals one if the home game is against a rival opponent, and zero otherwise.

An Airbnb unit’s listing price on a specific game minus the average listing price for all home games in the same football season.
An indicator variable that equals one if the home game occurs at 5pm or later, and zero otherwise.

An indicator variable that equals one if the home game coincides with the homecoming weekend, and zero otherwise.

The visiting team’s ranking prior to the game. If the opponent is unranked, this rank is set to 50.

The home team’s ranking prior to the game. If the home team is unranked, this rank is set to 50.

An indicator variable that equals one if the opponent was ranked a top 25 team before the start of the season, and zero otherwise.
Pre-Season ranking is obtained from the AP Poll.

The number of entire units listed on Airbnb in a college town.

The average hotel price on a specific game minus the average hotel price across all home games in the same football season.

Units listed in a zip code whose average credit utilization score is below the median score of all zip codes in the college town.
Units listed in a zip code whose average credit utilization score is above the median score of all zip codes in the college town.
Professional Hosts have more than one property listed on Airbnb.

Distance is measured as the log number of miles between the location of the home team’s stadium and the location of the visiting team’s stadium.

An indicator variable that equals one if the opponent was in the same athletic conference as the home team.




